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Foreword

In the age of information, language plays a central role in
how we communicate, interact, and access knowledge.
Natural Language Processing (NLP) lies at the heart of this
digital transformation, bridging human language and
machine intelligence. This book is a comprehensive guide to
the principles, techniques, and applications of NLP, written
for students, researchers, and practitioners across
disciplines.

Organized into four parts, the book begins with foundational
concepts such as syntax, semantics, grammar, and text
preprocessing. It then explores core techniques like word
embeddings, classification, sequence modeling, and
transformers. Practical applications including machine
translation, summarization, sentiment analysis, and
conversational agents are discussed in detail. The final part
addresses advanced topics such as multilingual models,
ethical concerns, and emerging trends like prompt
engineering and multimodal NLP.

Our goal is to provide a clear and structured learning path,
blending theory with real-world use cases. Each chapter
builds progressively to offer a deep yet accessible
understanding of the field. As NLP continues to evolve, we
hope this book serves as a trusted companion for exploring
the rich and dynamic world of language technologies..

Dr.A.Bharathi
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Preface

Natural Language Processing (NLP) has emerged as a
transformative field at the intersection of linguistics, computer
science, and artificial intelligence, enabling machines to
understand, interpret, and generate human language. This
book provides a comprehensive and structured introduction
to NLP, designed for students, researchers, and
professionals seeking to grasp both foundational concepts
and cutting-edge developments. It is divided into four parts:
Foundations of NLP, Core Techniques and Algorithms, NLP
Applications, and Advanced Topics and Ethics. Each chapter
builds progressively, covering essential topics such as
language modeling, word embeddings, transformers, and
deep learning, along with practical applications including
sentiment analysis, machine translation, chatbots, and
information retrieval. Special attention is given to ethical
concerns, multilingual NLP, and emerging trends such as
prompt engineering and multimodal systems. The book
emphasizes clarity, real-world relevance, and hands-on
understanding through examples and use cases. Whether
you are new to NLP or seeking to deepen your expertise, this
book aims to be a valuable guide through the evolving
landscape of language technologies. We hope it inspires
curiosity and innovation in the journey of exploring human
language through machines.

Dr.A.Bharathi, Dr.T.Kamalakkannan, Mrs. J. Anciline Jenifer , Mrs Praveela K.,M.E
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1. Foundations of Natural
Language Processing (NLP)

Natural Language Processing (NLP) is a branch of artificial
intelligence (Al) that aims at creating machines capable of
processing, understanding, and generating human language.
NLP largely borrows from linguistics, computer science, and
machine learning to create a bridge between computer
comprehension and human language. Some of the basic
tasks of NLP are tokenization, part-of-speech tagging,
syntactic parsing, and semantic analysis, which are the
building blocks for more advanced applications like machine
translation, sentiment analysis, and information retrieval.

One of the most critical areas of NLP, perhaps, is the
representation of language in computational terms. These
are anything from vector space representations, word
embeddings like Word2Vec or GloVe, to more recently,
contextual embeddings from transformer-based models like
BERT and GPT. They capture meaning and word
relationship as a function of the co-occurrence of words in
large corpora so that models can learn the nuance of
language. Since language is context-dependent and vague,
the job of building proper representations is tricky but a
fundamental challenge in NLP.

The area has grown at a tremendous pace with
breakthroughs in deep learning and access to big data. The
current best NLP systems use pre-trained neural models and
networks to execute tasks. But numerous challenges remain
like understanding idioms, low-resource languages
management, and maintaining ethical usage (e.g., avoidance

13
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of biased answers). NLP will continue to evolve while its
applications will be more deeply embedded into daily tools
and technology, changing the way human and machine
communication occurs

1.1 Introduction to Natural Language Processing
(NLP)

Natural Language Processing (NLP) is the study of how
computers can process and respond to human (natural)
language. It's the practice of creating algorithms and systems
that enable computers to comprehend and make sense of
language in a beneficial and useful manner. NLP's long-term
vision is to enable computers to read, understand, create,
and respond to human language as a human would. It is
applied across a variety of applications like Siri and Alexa
virtual assistants and language translation programs and
Chabot's.

NLP borrows from a variety of fields, including linguistics,
computer science, and artificial intelligence. It includes tasks
like splitting text into separate items (tokenization),
determining the part of speech of words in sentences (part-
of-speech tagging), analyzing sentence structure (parsing),
and determining meaning from context (semantic analysis).
These basic methods are used to construct more
sophisticated systems capable of summarizing text,
answering questions, translating language, and even
detecting emotions in text.

With advancements in machine learning and big data, NLP
has increased manifold in recent times. BERT, GPT, and
other transformer models have transformed how machines
perceive and process language, generating more
contextually accurate and appropriate results. With all these
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advancements, NLP falls behind in understanding ambiguity,
slang, and dialectic difference. As it all unfolds, it keeps
making technology a better conversationalist and language
undertaker.

15
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1.1.1 What is NLP?

NLP stands for Natural Language Processing it's a field of
artificial intelligence that focuses on how computers can
understand, interpret, and generate human language.
Computers can comprehend and interpret human language
thanks to natural language processing, or NLP. Natural
language in its unstructured form (writing, voice, etc.) poses
a special problem, even though computers are excellent at
processing structured data, like spreadsheets or databases.
NLP is a crucial component of contemporary Al systems
because it closes this gap by enabling machines to process
and comprehend human languages. In simpler terms: NLP
helps machines "read," "listen to," and even "talk" in human
language. Some key tasks in NLP include:

Text classification — like spam detection in emails
Sentiment analysis — figuring out if a text is positive,
negative, or neutral

Machine translation — like Google Translate

Chabot’s and virtual assistants — like Siri, Alexa, or
ChatGPT

Speech recognition — converting spoken words into text
(e.g., voice typing)

The key tasks in NLP are shown figure 1.1
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Text
Classification

Sppech Sentiment
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Figure 1.1 Key tasks in NLP

Text classification: Text classification in Natural Language
Processing (NLP) is the process of automatically assigning
categories or labels to text. It helps in organizing, filtering,
and analyzing large volumes of unstructured data. Common
applications include spam detection, sentiment analysis,
topic labeling, and language detection. Machine learning
algorithms like Naive Bayes, Support Vector Machines, and
deep learning models are often used for building text
classifiers.

Sentiment analysis: Sentiment analysis is a key task in
Natural Language Processing (NLP) that involves
determining the emotional tone behind a piece of text. It
helps machines understand whether the expressed opinion
in a sentence is positive, negative, or neutral. This technique
is widely used in customer feedback analysis, social media
monitoring, product reviews, and brand reputation
management. Tools powered by sentiment analysis can scan
thousands of comments or tweets to to quickly gauge public
sentiment.

17
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Machine translation: Machine translation is a branch of
Natural Language Processing (NLP) that deals with
automatically translating text or speech from one language to
another. Machine  translation facilitates real-time
communication beyond language barriers and is widely
utilized in applications such as Google Translate and
language subtitles. Deep learning models, particularly neural
machine translation (NMT), are used in contemporary
systems to generate more accurate and natural translations
by learning context, grammar, and semantics.

Chabot's and virtual assistants: Chabot's and virtual
assistants are NLP applications aimed at replicating human
conversation. They can parse user questions, return
responses, and even undertake actions such as appointment
scheduling or FAQs. Siri, Alexa, Google Assistant, and
support robots on websites are all common ones. All of them
apply NLP tools such as intent recognition, entity extraction,
and dialogue management in order to have contextual and
useful interactions.

Speech recognition: Speech recognition is a critical field of
Natural Language Processing (NLP) where spoken words
are translated to written text. It enables machines to interpret
and process human speech, thus facilitating functionalities
such as voice commands, voice assistants, and auto
transcription.  Automatic Speech Recognition (ASR)
technologies utilize acoustic models, language models, and
deep learning to decode speech accurately in real-time, even
from noisy conditions or varying accents.

1.1.2 History and Evolution of NLP

The history and development of Natural Language
Processing (NLP) is an interesting one that has unfolded

18
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over many decades with many developments and
achievements in machine learning (ML), artificial intelligence
(Al), and computational linguistics. The following is the brief
history

Early Foundations (1950s - 1960s) .

Alan Turing and the Turing Test (1950): NLP began with
Alan Turing's famous paper, "Computing Machinery and
Intelligence," in which he proposed the Turing Test as a test
for deciding whether a machine was capable of simulating
intelligent behavior. Turing's work established the basis of
human-computer interaction, and Turing's "thinking
machines" hypothesis influenced the creation of NLP.

Machine Translation (1950s - 1960s): NLP's earliest
successful applications were in machine translation (MT),
i.e., constructing systems to translate language
automatically. The Georgetown-IBM Experiment (1954)
demonstrated that machine translation was possible,
although early computers could translate word for word and
enjoyed generating average output because they had no
contextual knowledge. The oradmap for NLPis shown in
figure 1.2

Early Foundations

1950s -
1960s,

The Era of Deep Tfall;?;g:;?zc} . the

Learning B Model
2000s- 018 oces
2010s )

presen
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Figure 1.2 Evolution of NLP
Rule-Based Approaches (1960s - 1980s)

Transformational Syntax and Grammar (1960s): Noam
Chomsky's generative syntax and grammar and deep
structure theory highly influenced NLP. The scientists began
to engage in the formulation of grammar rules to define
language structure, and parsing based on syntax was one of
the major concerns of early NLP.

The ELIZA Program (1966): Joseph Weizenbaum developed
ELIZA, an early chatbot that was able to simulate a
conversation with a human. It used simple pattern matching
and substitution processes to simulate human language,
most notably simulating the role of a Rogerian
psychotherapist, "DOCTOR."

Early Al and Expert Systems (1970s - 1980s): The era
witnessed the emergence of expert systems that were
developed on the basis of decision rules given careful
consideration. The systems could perform tasks like medical
diagnosis or legal deduction but were rigid and could not be
modified for other applications.

Statistical Methods and the Advent of Machine Learning
(1990s)

Statistical NLP (1990s): The 1990s witnessed a shift from
rule-based to statistical methods, which relied heavily on
large text corpora and mathematically based models to
identify patterns in language. Instead of hand-coded rules,
NLP researchers began employing machine learning
algorithms to identify patterns in data.
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-Based Approaches: Large corpora (a huge collection of
written or spoken language) were available, and researchers
could train statistical models from actual language data.
Sources in corpora became the training data for the model of
the Brown Corpus (1960s) and the Penn Treebank (1990s).

Hidden Markov Models (HMMs) and Part-of-Speech
Tagging: Part-of-speech tagging and speech recognition
applications employed HMMs to label a part-of-speech tag
(noun, verb, etc.) on each word of a sentence.

Speech Recognition: Statistical models were used by early
speech recognition systems to convert words spoken into
text, significantly advancing voice recognition technology.

The Era of Deep Learning (2000s - 2010s)

Neural Networks: Deep learning, which is a subset of
machine learning, was gaining popularity during the 2000s
and 2010s. Deep neural networks (DNNs) and recurrent
neural networks (RNNs), particularly long short-term memory
(LSTM) networks, were applied in NLP tasks like machine
translation, sentiment analysis, and text generation.

Word Embeddings (2013): NLP was transformed by the
advent of word embeddings, i.e., Google Word2Vec model in
2013. Word2Vec and other models such as GloVe (Global
Vectors for Word Representation) projected words onto high-
dimensional spaces that preserved the semantic similarity
between words.

Sequences-to- Sequences Models (2014): Sequence-to-
sequence models suggested for tasks such as machine
translation and summarization revolutionized the NLP scene.
Sequence-to-sequence models were RNN-based and could
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take in sequences of words. and output matching
sequences. in a different. language or. in some other space.

Transformers and. the Explosion of Pretrained Models (2018
- Present)

Transformers (2017): The breakthrough of the transformer
model in the "Attention is All You Need" paper by Vaswani et
al. in 2017 was the turning point for NLP. The Transformer
model was built upon self-attention mechanisms, and this
helped the models process input data better and identify
long-range text dependencies.

BERT (2018): Google's BERT was the initial significant
transformer advance to NLP to report state-of-the-art results
on a wide range of NLP tasks. Pretraining BERT in massive
text datasets followed by fine-tuning on a specific task
became NLP standard.

GPT and Other Large Language Models: OpenAl's GPT-2
(2019) and GPT-3 (2020) models demonstrated the power of
large-scale language models trained on vast amounts of text
data. These models could generate human-like text and
perform tasks like question-answering, translation, and
summarization without task-specific training data. GPT-3,
with 175 billion parameters, showcased remarkable
language understanding and generation abilities.

Multimodal Models (2020s): Others of the latest advances in
NLP are multimodal models that combine text, images, and
even audio for end-to-end understanding. CLIP and DALL-E
from OpenAl are models that combine language and vision,
meaning that one can now have capabilities like text-to-
image translation. Future Trends and Areas of Work
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Few-shot and Zero-shot Learning: Ability of the big language
models to carry out tasks with little task-specific training data
is one of the features of the present NLP. Few-shot as well
as zero-shot learning processes are being utilized widely
more broadly.

NLP Bias and Ethics: As their size and impact grow, so too
do their ethical concerns regarding model prediction bias,
fairness, transparency, and accountability. Individuals are
examining methods for reducing bias in Al models.

Conversational and Interactive Al: NLP innovation is fueling
the creation of increasingly sophisticated conversational Al
technologies, ranging from customer support Al, chatbots,
and virtual assistants to all underpinned by language
understanding and generation innovation.

1.1.3 Applications in the Real World

Natural Language Processing (NLP) has found wide-ranging
applications in the real world, transforming industries and
creating powerful tools for various sectors. Here's an
overview of some of the key applications of NLP are shown
in figure 1.3
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Figure 1.3 NLP real world applications
Search Engines

Search Optimization: NLP facilitates search engines like
Google to understand and interpret search queries based on
natural language. Semantic, context, and intent analysis of
the queries by NLP algorithms provide more accurate
results. For example, BERT allows Google to better
understand multi-word search queries.

Voice Search: Voice search is based on NLP, where
customers can interact with search engines orally (e.g., "Hey
Google, today's weather, please?")..

Customer Service

Virtual Assistants and Chatbots: NLP is employed
extensively to create virtual assistants and chatbots (e.g.,
Siri, Alexa, Google Assistant). NLP is employed by the apps
to process spoken or written commands, respond to them,
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and perform actions such as setting reminders, answering
queries, or operating devices.

Chatbots or Automated Customer Support: All companies
employ NLP-powered chatbots or automated customer care
tools. The systems can answer repetitive questions,
troubleshoot, or escalate more complex issues to human
agents.

Sentiment Analysis

Social Media Monitoring: NLP is applied for sentiment
analysis of social media sites such as Twitter, Facebook, etc.
Sentiment analysis is used by companies to monitor public
sentiment on products, services, or companies and shape
marketing activities and identify issues.

Product Reviews: The majority of businesses utilize NLP to
scan customer reviews on Yelp or Amazon. Sentiment
analysis helps businesses understand whether customers
are content, locate negative and positive remarks, and make
changes to products or services.

Machine Translation

Google Translate: NLP powers machine translation software
that translates text from one language to another without
needing manual intervention. Such programs have come a
long way with the capacity to understand context rather than
translating word for word.

Multilingual Communication: NLP-driven translation software
facilitates easier real-time communication for individuals who
communicate in different languages, facilitating international
business, international travel, and diplomatic communication.

Speech Recognition
25
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Voice Assistants and Transcription: NLP facilitates speech
recognition technology that drives voice assistants, virtual
conferencing, and ftranscription software (e.g., Otter.ai,
Dragon NaturallySpeaking). These applications interpret
spoken language into text, and it makes documentation,
communication, and accessibility easier.

Hands-Free Commands: The majority of devices such as
smartphones, smart home assistants, and even vehicles
employ NLP-based voice command for hands-free operation.
For instance, requesting a smart home assistant to "Turn off
lights" to effect the said change.

Text Summarization

Content Aggregation: Through NLP, it becomes possible to
shorten lengthy pieces of writing or news articles in a manner
that results in concise summaries without omitting essential
points. It is applied in news-aggregating software,
summarizing legal documents, and academic research.

Email Summaries: Email clients such as Gmail apply NLP to
automatically summarize lengthy email exchanges, saving
the users time.

Healthcare

o Medical Record Analysis: NLP is used to derive
actionable information from unstructured medical
records, allowing physicians to analyze heaps of
clinical text.

e Clinical Decision Support: NLP models read patient
records and literature to allow physicians to diagnose
disease, recommend treatment, and forecast patient
outcomes.
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e Doctor Voice-to-Text: NLP is also employed in doctor
voice-to-text programs, translating dictations into
patient files, thus streamlining the work flow.

Content Moderation

Social Networking Sites: NLP algorithms by Facebook,
Instagram, and Twitter tag objectionable material such as
hate speech, violence, or nudity. Offensive material can
automatically be eliminated with the help of NLP-based
filters.

News Websites and Boards: NLP-based content moderation
identifies spam, propaganda news, and abusive messages
so websites become secure and friendly.

Legal and Compliance

Contract Analysis: NLP helps law firms and companies with
the legal document review of contracts, legal documents,
and compliance documents. NLP scans automatically major
clauses, commitments, or exposures, speeding up the review
process.

eDiscovery: In legal searches, NLP is used in eDiscovery to
categorize and analyze vast quantities of legal documents,
emails, and text to find related information for cases.

Regulatory Compliance: NLP enables organizations to
achieve regulatory compliance because it recognizes and
separates terms of compliance found in compliance reports.

Education

Language learning applications, Duolibo and Babbel, employ
NLP to facilitate learning languages by processing vocal and
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text inputs to instantly provide corrections in grammar,
vocabulary, and pronunciation.

Automated Grading: Automated essay grader and marking
systems employ the NLP technology to help lecturers mark
assignments within minutes consistently.

Intelligent Tutoring Systems: NLP-powered intelligent
tutoring systems are able to converse with students in a
natural manner and provide explanations and solving
assistance in domains like mathematics, science, and
languages.

Financial Sector

Fraud Detection: NLP is used to monitor customer
interactions, emails, and financial transactions so that fraud
or suspicious activity can be identified. Customer service
interaction behavior, for example, can be utilized for fraud
detection.

Financial News Analysis: NLP applications enable financial
news, earnings releases, and market data to be processed
and analyzed to assist traders and analysts in making correct
analysis and trading decisions.

Human Resources and Recruitment

Resume Screening: NLP enables resumes to be screened
and applications for hiring automated by pulling out the
essential information and job listings to compare against
employees. It streamlines hiring and improves decision-
making.

Sentiment Analysis of Employees: Companies are using NLP
to gain insights from reviews, questionnaires, and comments
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of employees to learn about job satisfaction and problems
regarding the employees' workplace.

Personalized Suggestions

e E-commerce: NLP is applied on Amazon and similar
shopping websites to give product suggestions based on
surfing, search history, and ratings of customers. It
reminds us of customers' preferences and alters
shopping as a result.

e .Content Streaming: Netflix, Spotify, etc., use NLP to
recommend a movie, series, or music to the viewers on
their own choice based on viewers' own history of
watching.

Intelligent Writing Assistance

Grammarly: Grammarly, etc., utilize NLP to read through the
text in order to locate grammar, spelling, and style errors and
provide the writer with directions on how to fix them. Such
applications enable writers to write more efficiently and
professionally.

Text Predictions and Autocorrecting: NLP is utilized in text
prediction applications and phone autocorrect to enable the
user to write well and properly.

Autonomous Systems

Self-Driving Cars: NLP allows self-driving cars to hear and
react to voice commands and sentences for human-car
automation.

Robotic Process Automation (RPA): NLP is used on robot
systems that perform activities such as reading from a
document or human interaction via voice or chat.

1.2 Linguistic Essentials for NLP
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Natural Language Processing (NLP) originates from linguistic
principles. A knowledge of morphology, syntax, and
semantics is crucial to the creation of effective NLP systems
that can process and comprehend natural language
effectively.

All NLP processes have their foundation on these linguistic
principles. Whether it is tokenization and part-of-speech
tagging or parsing and semantic analysis, linguistic
sensitivity improves the accuracy and effectiveness of NLP
processes overall.

NLP linguistic requirements involve knowledge of syntax,
semantics, and pragmatics that form the foundation for
making computers interpret and read human language.
Concepts like morphology, which investigates word structure,
and phonetics, which addresses speech sounds, also find a
direct application in NLP. Linguistic building blocks are basic
to tokenization, part-of-speech tagging, and parsing
operations.

Syntax: Syntax is interested in sentence structure rules and
word order. Word structures need to be identified by NLP
systems to create meaningful and properly structured
sentences.

Semantics: Semantics is interested in word, phrase, and
sentence meaning. Semantic analysis is the foundation for
NLP to understand word-meaning relationships.

Pragmatics: Pragmatics addresses the use of context for
language purpose, including speaker meaning and social
convention. NLP must acquire how language is used across
contexts in order to accurately identify meaning.
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Morphology: Morphology examines the way words are
formed from their components, e.g., prefixes, suffixes, and
roots. This enables NLP systems to interpret variation and
word relations.

Phonetics: Phonetics is the scientific study of speech sound
and articulation. Less text-based NLP relevant, phonetics is
engaged with speech-to-text applications nonetheless.

These theories are the fundamental prerequisites for creating
NLP systems that can process, interpret, and create human
language correctly. For example, IBM defines that NLP
allows computers to recognize, understand, and produce text
and speech. Figure 1.4 shows the linguistic essentials

| 5
E Phonology *E All sounds
v R
E
L S
S Morphology | Word formation
oy
F Syntax Structure of clauses E
and sentences i
L .
A
N ===
G Semantics ! Meaning of various
U : kinds
L —
A
G "
E | Pragmatics | Language use
1

Figure 1.4 Linguistic Essentials in NLP
1.21 Syntax: Analyzing Sentence Structure and
Relationships

Focuses on the rules and principles governing the structure
of sentences in a language, including the arrangement of
words, phrases, and clauses
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Represents syntactic structures using parse trees that show
the hierarchical relationships between sentence elements
(noun phrases, verb phrases) or dependency graphs that
depict word-to-word connections

Examines concepts like constituency, the idea that words
combine to form larger units (the black cat — noun phrase),
and recursion, the ability to embed phrases within others (the
cat that chased the mouse — recursive noun phrase)

Applies syntactic knowledge to NLP tasks such as grammar
checking, sentiment analysis that determines the emotional
tone of a text, and information extraction that identifies key
entities and relationships in a document

What is Syntax in Linguistics?

Syntax is the set of rules that govern how words are
combined to form phrases and sentences in a language

It answers:

What is the correct word order?

What is the grammatical structure of a sentence?

How do different parts of speech relate to each other?
The Significance of Syntax in NLP

Knowing syntax aids machines in NLP:

Find any grammatical mistakes

Parse sentence constructions

Recognize the relationships and meaning of sentences

Create writing that is grammatically correct.
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Table 1.1 shows the key concepts in NLP

Table 1.1 Key Syntax Concepts Used in NLP

. NLP
Concept Description ..
Application
Identifying Helps in
Part-of-Speech | words as nouns, | sentence analysis,
(POS) Tagging verbs, adjectives, | information
etc. extraction
Analyzing Machine
. grammatical translation,
Parsing .
structure  of  a | question
sentence answering
Dividing
. sentences into )
Constituency Text generation,
nested sub-phrases ..
Grammar summarization
(e.g., noun phrase,
verb phrase)
Understandin )
& Relation
Dependency how words .
extraction,
Grammar depend on each
. knowledge graphs
other in a sentence
Rules for
arranging  words Grammar
Word Order correctly (like | correction,
Subject-Verb- sentence generat
Object in English)
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Example
Sentence: "The cat sat on the mat."
POS Tags:

The (Determiner)

Cat (Noun)

Sat (Verb)

On (Preposition)

The (Determiner)

Mat (Noun)

Dependency Parse:

"sat" is the root (main verb)

"cat" is the subject (nsubj of sat)
"on" is a preposition modifying "sat"
"mat" is the object of the preposition

NLP models use these relationships to understand meaning
and context.

NLP Tasks that rely on synatax are as follows
Grammar correction (e.g., Grammarly)

Chatbots and conversational Al (sentence structure
understanding)
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Machine Translation (maintaining sentence structure across
languages)

Information extraction (finding subjects, actions, and objects)
Summarization and Text Generation
1.2.2 Semantics: Interpreting Meaning in Language

Semantic analysis refers to a process of understanding
natural language (text) by extracting insightful information
such as context, emotions, and sentiments from unstructured
data. It gives computers and systems the ability to
understand, interpret, and derive meanings from sentences,
paragraphs, reports, registers, files, or any document of a
similar kind.

Semantic analysis analyzes the grammatical format of
sentences, including the arrangement of words, phrases, and
clauses, to determine relationships between independent
terms in a specific context. This is a crucial task of natural
language processing (NLP) systems. It is also a key
component of several machine learning tools available today,
such as search engines, chatbots, and text analysis
software.

The semantic analysis process begins by studying and
analyzing the dictionary definitions and meanings of
individual words also referred to as lexical semantics.
Following this, the relationship between words in a sentence
is examined to provide clear understanding of the context.

When fueled by NLP and ML, systems of semantic analysis
tend to achieve human-level accuracy. Several companies
rely heavily on semantic analysis-driven tools that
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automatically draw valuable data from unstructured data
such as emails, client reports, and customer reviews.

Key Concepts in Semantic Analysis:
Word Sense Disambiguation (WSD):
Figuring out which meaning of a word is used in a sentence

Example: “bank” could mean a financial institution or the side
of ariver.

Named Entity Recognition (NER):

Identifying and categorizing names of people, places,
organizations, etc.

Semantic Role Labeling (SRL):
Understanding who did what to whom, when, where, etc

“‘John gave Mary a book.” — John is the giver, Mary is the
receiver, and book is the thing given.

Lexical Semantics: Deals with the meaning of words and the
relationships  between them (synonyms, antonyms,
hyponyms, etc.)

Distributional Semantics: Based on the idea that words
appearing in similar contexts tend to have similar meanings.
This underlies word embeddings like Word2Vec, GloVe, and
transformer models.

Semantic Similarity & Textual Entailment: Measuring how
similar two texts are in meaning or whether one logically
follows from the other.

Some important elements of semantic analysis are as follows
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Hyponymy: It may be defined as the relationship between a
generic term and instances of that generic term. Here the
generic term is called hypernym and its instances are called
hyponyms. For example, the word color is hypernym and the
color blue, yellow etc. are hyponyms.

Homonymy:lt may be defined as the words having same
spelling or same form but having different and unrelated
meaning. For example, the word Bat is a homonymy word
because bat can be an implement to hit a ball or bat is a
nocturnal flying mammal also.

Polysemy: Polysemy is a Greek word, which means many
signs. It is a word or phrase with different but related sense.
In other words, we can say that polysemy has the same
spelling but different and related meaning. For example, the
word bank is a polysemy word having the following meanings

1.2.3 Pragmatics

The study of pragmatics examines how context influences
meaning, including how statements are perceived in various
contexts. The pragmatic analysis deals with word knowledge
outside of texts and queries, which is comprehension. The
many components of language that require real-world
knowledge are derived from the pragmatic analysis that
focuses on what was described and is reinterpreted by what
it truly meant.

Pragmatic analysis deals with word knowledge outside of
texts and queries, which is comprehension. The many
components of language that require real-world knowledge
are derived from the pragmatic analysis that focuses on what
was described and is reinterpreted by what it truly meant. It
discusses the entire communicative and social content and
how interpretation is impacted by it. It entails removing the
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context from which language is meaningfully used. In this
approach, what was stated is constantly the major focus and
what was meant is constantly the secondary focus. Using a
set of guidelines that characterize cooperative dialogues,
aids users in discovering the intended outcome. For
instance, "shut the window?" should be taken as a request
rather than an order. Table 1.2 shows the differences
between pragmatics and Semantics

1.2 Pragmatics Vs Semantics

Criteria | Semantics Pragmatics
The word semantics
comes from the
Greek word same,
which means to sigh. | Pragmatics
Another  significant | understands the
Definition area .conne.cted_ _to Iangugge's
theoretical linguistics | meaning but
is semantics. It all | keeps the
comes down to | context in mind.
understanding  how
language terms are
meant.
Focus Meaning Use of Language
Since pragmatics
Since it deals with | deals with
Scope only the meaning, | aspects beyond
narrow. text, the scope is
broad.
Meaning of an Context independent Context
utterance Dependent
Governed by General Rules Principles
Example The conditions under | The speaker's
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which the proposition
stated by a sentence
is true are the subject

statement that "It
is quite cold"
means that the

of semantics. The | temperature is

term "truth conditions" | low (semantic
refers to these. If and | approach),

only if the red cup is | among other
actually on the table, | things. The
the statement "The | speaker may
red cup is on the | have included

table" is True. the phrase "it is
quite cold" as a
linked sentence
because they
wanted to turn on
the blower. A
pragmatic could
also like to

consider this.

1.2.4 Morphology

Morphology, a core component of linguistics, is essential in
NLP as it focuses on the internal structure of words and how
they are formed through morphemes—the smallest units of
meaning. By analyzing word formation processes like
inflection (e.g., "walk" — "walked") and derivation (e.g.,
"happy" — "happiness"), NLP systems can better handle
tasks like lemmatization, stemming, and part-of-speech
tagging. Morphological analysis becomes especially crucial
in morphologically rich languages where a single word can
convey complex meanings. Understanding morphology
enables NLP models to normalize word forms, enhance text
understanding, and improve performance in applications like
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machine translation, information retrieval, and sentiment
analysis.

Natural Language Processing (NLP) is one of the most
rapidly growing areas of research. The findings of
Morphological Analysis and Morphological Generation might
be considered highly relevant in most Natural Language
Processing applications. Because morphological analysis is
a technique for recognising a word, the result can be
employed at a later stage. With this in mind, this study
explains how morphological analysis and generation may be
demonstrated as critical components of several Natural
Language Processing domains such as spell checkers and
machine translation.

Morphological analysis is a field of linguistics that studies the
structure of words. It identifies how a word is produced
through the use of morphemes. A morpheme is a basic unit
of the English language. The morpheme is the smallest
element of a word that has grammatical function and
meaning. Free morpheme and bound morpheme are the two
types of morphemes. A single free morpheme can become a
complete word. For instance, a bus, a bicycle, and so forth. A
bound morpheme, on the other hand, cannot stand alone
and must be joined to a free morpheme to produce a word.
ing, un, and other bound morphemes are examples.

Inflectional Morphology and Derivational Morphology are the
two types of morphology. Both of these types have their own
significance in various areas related to the Natural Language
Processing.

Morphological analyzer : In inflected languages, words are
formed through morphological processes such as affixation.
For example, by adding the suffix ‘-s’ to the verb ‘to dance’,
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we form the third person singular ‘dances’. A morphological
analyzer assigns the attributes of a given word by evaluating
what morphological processes the form has undergone.If you
give it the word ‘bailaré’ in Spanish, it will tell you it is the first
person, singular, simple future, indicative form of the verb
‘bailar’.

Morphological Parsing. It is the process of determining the
morphenes from which a given word is constructed.
Morphenes are the smallest meaningful words which cannot
be divided further. Morphenes can be stem or afix. Stem are
the root word whereas afix can be prefix, suffix or infix. For
example-

Unsuccessfull — un success ful
(prefix) (stem) (suffix)

Order of words also decides the morphological parser. To
design a morphological parser we require three things-
lexicon, morphptactics and orthographic rules. The types of
morphology includes the following

Inflectional Morphology: modification of a word to express
different grammatical categories.Inflectional morphology is
the study of processes, including affixation and vowel
change, that distinguish word forms in certain grammatical
categories..Inflectional morphology consists of at least five
categories, provided in the following excerpt from Language
Typology and Syntactic Description: Grammatical Categories
and the Lexicon. As the text will explain, derivational
morphology cannot be so easily categorized because
derivation isn’'t as predictable as inflection.Examples- cats,
men etc.
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Derivational Morphology: defined as morphology that creates
new lexemes, either by changing the syntactic category (part
of speech) of a base or by adding substantial,
nongrammatical meaning or both. On the one hand,
derivation may be distinguished from inflectional morphology,
which typically does not change category but rather modifies
lexemes to fit into various syntactic contexts; inflection
typically expresses distinctions like number, case, tense,
aspect, person, among others. On the other hand, derivation
may be distinguished from compounding, which also creates
new lexemes, but by combining two or more bases rather
than by affixation, reduplication, subtraction, or internal
modification of various sorts. Although the distinctions are
generally useful, in practice applying them is not always
easy. The approaches to morphology are as follows

Morpheme Based Morphology : In these words are analyzed
as arrangements of morphemes.Word-based morphology is
(usually) a word-and-paradigm approach. The theory takes
paradigms as a central notion. Instead of stating rules to
combine morphemes into word forms or to generate word
forms from stems, word-based morphology states
generalizations that hold between the forms of inflectional
paradigms.

Lexeme Based Morphology: Lexeme-based morphology
usually takes what it is called an “item-and process”
approach. Instead of analyzing a word form as a set of
morphemes arranged in sequence , a word form is said to be
the result of applying rules that alter a word-form or steam in
order to produce a new one.

Word based Morphology : Word-based morphology is usually
a word-and -paradigm approach. Instead of stating rules to
combine morphemes into word forms.
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1.2.5 Phonetics

NLP to effectively leverage phonetics, understanding the
fundamentals of speech sounds, their production, and their
role in language is crucial. This includes grasping the
concepts of phonemes, allophones, and the International
Phonetic Alphabet (IPA). Phonetics, which focuses on the
physical properties of speech sounds, complements
phonology, which studies how sounds are organized into
meaningful units, and is foundational for tasks like speech
recognition and text-to-speech conversion.

Phonetics, the study of speech sounds, plays a foundational
role in NLP tasks involving spoken language, such as
speech recognition, synthesis, and speaker identification. It
deals with how sounds are produced (articulatory phonetics),
transmitted (acoustic phonetics), and perceived (auditory
phonetics). In NLP, phonetic knowledge helps systems
recognize and differentiate sounds, map spoken input to text,
and generate natural-sounding speech. Features like
intonation, stress, and rhythm also contribute to
understanding emotion, intent, and meaning in spoken
dialogue. By integrating phonetic principles, NLP models can
more accurately process and interpret human speech across
diverse languages and accents. Some of the key concepts
in Phonetics are as follows

Phoneme: The smallest unit of sound that distinguishes
meaning in a language (e.g., /p/ in "pen" vs. /b/ in "ben").

Allophone: Variations of a phoneme that don't change

meaning (e.g., the difference in how "p" is pronounced at the
beginning of "pen" vs. "stop").
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International Phonetic Alphabet (IPA): A standardized
system for representing sounds across all languages, crucial
for precise transcription and comparison.

Speech Production: Understanding how the vocal organs
(mouth, tongue, throat, etc.) produce different sounds is
essential.

Vowels vs. Consonants: Vowels are produced with relatively
open vocal tract, while consonants involve constriction or
closure

Phonological Rules: Rules that govern how sounds combine
and change in a language (e.g., the pronunciation of "-s"
depending on the preceding sound).

Meaningful Units: Phonology studies how sounds are
organized into morphemes (smallest units of meaning) and
words.

1.2.6 Grammar formalisms

Linguistic essentials crucial for NLP in grammar formalisms
include morphology, syntax, semantics, and pragmatics.
These areas provide the necessary foundation for machines
to understand, generate, and derive meaning from human
language. Grammar formalisms, like context-free grammars
or tree grammars, are then used to represent and process
this linguistic information.

Grammar formalisms provide frameworks to describe the
structure and rules of a language, enabling the analysis and
generation of grammatically correct sentences. Context-free
grammars (CFGs) use a set of production rules to define the
structure of a language
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Each rule specifies how a non-terminal symbol can be
replaced by a sequence of terminal and/or non-terminal
symbols

CFGs are represented using the Backus-Naur Form (BNF) or
Extended Backus-Naur Form (EBNF), which are notation
systems for describing the production rules

CFGs are widely used in programming languages and
natural language processing tasks

Dependency Grammars and Other Formalisms

Dependency grammars focus on the relationships between
words in a sentence, rather than the hierarchical structure of
constituents. Each word in a sentence is connected to its
head (or parent) word, forming a dependency tree that
represents the syntactic structure of the sentence
Dependency grammars are well-suited for languages with
free worrd order and are commonly used in tasks (semantic
role labeling, machine translation) Other grammar
formalisms include tree-adjoining grammars (TAGS),
combinatory categorial grammars (CCGs), and head-driven
phrase structure grammars (HPSGs) Each formalism has its
own strengths and limitations in modeling language
structure. TAGs introduce the concept of auxiliary trees that
can be inserted into the derived trees, allowing for the
representation of complex linguistic phenomena. CCGs use
a small set of combinatory rules to combine syntactic
categories, providing a more flexible and compositional
approach to parsing

Linguistic Essentials: Grammar Formalism Style

Phonology and Morphology
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<Phonology> ::= Sound patterns of language
<Morphology> ::= <Morpheme> | <Morphological Rules>
<Morpheme> ::= {prefix, root, suffix, infix, circumfix}
<Morphological_Rules> ::= Derivation | Inflection

<Derivation> ::= word class change (e.g., "happy" —
"happiness")

<Inflection> ::= grammatical feature change (e.g., "talk" —
"talked")

Lexicon and Part-of-Speech (POS)
<Lexicon> ::= Set of known words with attributes

<POS_Tags> ::= {Noun, Verb, Adjective, Adverb, Pronoun,
Determiner, Preposition, Conjunction, Interjection}

Syntax
<Syntax> ::= Rules for sentence structure

<Grammar_Formalism> ::= CFG | PCFG | HPSG | LFG |
TAG | CCG | UD

<CFG> ::= Context-Free Grammar

<PCFG> := Probabilistc CFG (extends CFG with
probabilities)

<HPSG> ::= Head-driven Phrase Structure Grammar
<LFG> ::= Lexical Functional Grammar

<TAG> ::= Tree Adjoining Grammar
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<CCG> ::= Combinatory Categorial Grammar

<UD> ::= Universal Dependencies

<Sentence> ::= <NP> <VP>

<NP> ::= <Det> <Noun> | <Pronoun>

<VP> ::= <Verb> <NP> | <Verb> <PP>

<PP> ::= <Preposition> <NP>

Semantics

<Semantics> ::= Meaning representation of sentences

<Semantic_Form> n= Logical_Form | AMR |
Frame_Semantics | Lambda_Calculus

<Named_Entities> ::= {PERSON, ORG, LOC, DATE, ...}

<Compositional_Semantics> ::= Meaning is built from parts
via rules

Pragmatics and Discourse

<Pragmatics> ::= Contextual language understanding
<Discourse> ::= Coherence across sentences
<Coreference> ::= Linking pronouns to referents
<Speech_Acts> ::= {assertion, question, command}

<Discourse_Structure> := RST (Rhetorical Structure
Theory), PDTB (Penn Discourse TreeBank)

Dependency Grammar (Used in Modern NLP)
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<Dependency_Relation> := Relation between head and
dependent words

<Universal_Dependencies> ::= Standardized set of relations
<Example> ::= nsubj(dog, barked), root(ROOT, barked)
Strengths and Limitations of Different Formalisms

Different grammar formalisms have their own strengths and
limitations in modeling language structure and supporting
various NLP tasks

Context-free grammars (CFGs) are well-suited for modeling
the hierarchical structure of sentences and are commonly
used in tasks (syntax-based machine translation, grammar
checking). However, CFGs have limitations in capturing long-
distance dependencies and may struggle with ambiguous or
complex sentences

Dependency grammars are effective in representing the
relationships between words and are useful for tasks
(semantic role labeling, information extraction, language
understanding)

Dependency grammars are particularly advantageous for
languages with free word order, as they do not rely on a fixed
phrase structure

However, dependency grammars may not capture all the
nuances of constituent structure and may require additional
processing for certain tasks

1.3 Text Preprocessing in NLP

Natural Language Processing (NLP) has seen tremendous
growth and development, becoming an integral part of
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various applications, from chatbots to sentiment analysis.
One of the foundational steps in NLP is text preprocessing,
which involves cleaning and preparing raw text data for
further analysis or model training. Proper text preprocessing
can significantly impact the performance and accuracy of
NLP models. This article will delve into the essential steps
involved in text preprocessing for NLP tasks.

What is text processing?

The automated analysis of electronic text is referred to as
text processing. This makes it possible for machine learning
models to obtain structured textual input for analysis, text
manipulation, or text generation. One of the most popular
jobs in machine learning applications, including spam
filtering, sentiment analysis, language translation, and many
more, is text processing.

NLP Text Preprocessing | Fundamental Procedures for
Preprocessing Textual Data

Text preprocessing is a crucial step in Natural Language
Processing (NLP) that involves cleaning and transforming
raw text data into a format suitable for analysis and machine
learning models. This process is vital for enhancing the
performance and accuracy of NLP tasks.

One key reason for text preprocessing is to remove noise
and irrelevant information from the text, such as special
characters, punctuation, and stop words. This helps in
reducing the dimensionality of the data and improves the
efficiency of subsequent analysis. Additionally, text
normalization techniques, such as stemming and
lemmatization, ensure that words are represented in their
base or root form, reducing redundancy and enhancing the
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consistency of the dataset. The major text processing
components are shown in figure 1.5

For example, consider the sentence: "The quick brown foxes
are jumping over the lazy dogs." After preprocessing, it might
become: "quick brown fox jump lazy dog." This simplification
facilitates better feature extraction and enables NLP models
to focus on the essential linguistic elements. Moreover, text
preprocessing addresses issues like :

Lowercase letters.

Removing HTML tags.

Removing URLs.

Removing punctuation.

Chat Words Treatment.

Spelling Correction.

Removing stop words

Handling Emoji’s

Tokenization

Stemming

Lemmatization

Tokenization Text Removal

Text Processing

Pos Tagging Stemming

Lemmatization

Figure 1.5 Components of Text Processing

1.3.1 Tokenization
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Tokenization, a core process in Natural Language
Processing (NLP), involves breaking down text into smaller
units called tokens. These tokens can be words, sentences,
characters, or even subworlds, depending on the specific
application and chosen technique. This process is essential
for enabling computers to understand and process human
language by making it manageable and structured for
analysis. Figure 1.6 shows the tokenization process.

Tokenization

Natural Language Processing

| l J

[ 'Natural', 'Language’, 'Processing' ]

Figure 1.6 Process of tokenization
The types of tokenization are as follows

Word Tokenization: The most common method, where text is
split into individual words based on spaces and punctuation.
For example, "The quick brown fox jumps over the lazy dog."
would be tokenized into ["The", "quick", "brown", "fox",
"jumps", "over", "the", "lazy", "dog."

Sentence Tokenization: Splitting the text into individual
sentences. This is useful for tasks like text summarization
where understanding the structure of sentences is important.

Character Tokenization: Each character in the text is treated
as a token. This can be helpful for languages with complex
character structures or for tasks where character-level
analysis is needed.
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Subword Tokenization: Breaks down words into smaller
meaningful units, such as prefixes, suffixes, or even
character n-grams. This is particularly useful for handling
rare or compound words and can improve performance in
languages with rich morphological structures.

Whitespace Tokenization: A simple method where text is
split based on whitespace characters (spaces, tabs,
newlines).

Benefits of Tokenization:

Enables machine learning models to process text: By
breaking down text into tokens, machine learning algorithms
can learn patterns and relationships in the data.

Simplifies NLP tasks: Tokenization facilitates tasks like
sentiment analysis, text summarization, machine translation,
and more.

Provides a foundation for further analysis: Tokens can be
used for tasks like part-of-speech tagging, stemming, and
lemmatization.

Challenges of Tokenization:

Handling ambiguous words and phrases: The same word
can have different meanings in different contexts, making it
challenging to determine the correct tokenization.

Dealing with different languages: Tokenization rules can vary
significantly across languages, requiring specialized
tokenizers for each.

Finding the right granularity: Determining the optimal level of
detail for tokenization (e.g., words vs. subwords) can be
challenging.
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Tools and Libraries for Tokenization:

NLTK (Natural Language Toolkit): A popular Python library
with various tokenization methods.

spaCy: Another powerful Python library with advanced NLP
capabilities, including tokenization.

TensorFlow Tokenizer: A tool within the TensorFlow
ecosystem for tokenizing text data.

SentencePiece: A library for creating custom subword
tokenizers.

Keras Tokenizer: Provides a tokenizer class for text data in
Keras.

Tokenization is a crucial preprocessing step in NLP that
converts raw text into a format that can be easily processed
by machine learning models. By breaking down text into
manageable units, it enables various NLP tasks and provides
a foundation for further analysis.

1.3.2 Normalization of Text in NLP

Natural Language Processing is one of the hottest topics of
artificial intelligence right now. The concept of a computer
understanding and reacting to human language is extremely
fascinating. There are a plethora of algorithms and
techniques in NLP that we have to apply in order to build a
good machine-learning model. One of the most important
subfields of NLP is text normalization. This is a cornerstone
technique for NLP processes dealing with text data.

Each word has a lot of variations in the form of tenses,
superlatives, and many more. These variations increase the
complexity of the data and are difficult for the machine
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learning model to train them. Text normalization reduces this
complexity by reducing the text data into a predefined
standard, hence improving the efficiency of the model. Any
word or a token is made up of two things: The base form
(Morpheme) and an inflectional form like the prefix or the
suffix. Text normalization reduces the word to its base form
by removing the inflectional part. There are two main
approaches toward text normalization in NLP: Stemming and
Normalization.

Common Text Normalization Techniques:

Lowercasing:Convert all characters to lowercase to ensure
uniformity.

Example: "Apple" — "apple"

Removing Punctuation: Eliminates punctuation marks that
may not be relevant for some tasks.

Example: "Hello, world!" — "Hello world"

Tokenization : Splitting text into individual tokens (words,
subwords, or characters).

Example: "l love NLP" — ["I", "love", "NLP"]

Stemming: Reducing words to their root form using heuristic
rules.

Example: "running", "runner" — "run"

Benefits of Text Normalization:
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Reduced Data Complexity: By reducing variations in text,
normalization simplifies the data and makes it easier for
models to learn patterns.

Reduced data complexity in NLP means minimizing variation
in text to make processing easier.

Text normalization helps by standardizing word forms (e.g.,
"Running" — "run").cThis leads to a smaller, cleaner
vocabulary and reduces computational load.

Simpler input boosts model performance and training
efficiency.

Improved Accuracy: Consistent and clean text can lead to
more accurate results in NLP tasks.

Better Generalization: Normalized data can help models
generalize better to unseen data.

1.3.3 Stop words.

Words like “um,” “like,” and “you know” are filler words that
carry little information. When it comes to programming
natural language processing (NLP) models and doing data
retrieval, computers need to be told not to include these
words. These uninformative words that don't add substance
are called stop words. Some of the stop words are shown in
figure 1.7

Stop words can make it more challenging to extract
meaningful information from your data. A common approach
for those working in machine intelligence is to create a stop
words list. Identifying stop words in advance typically makes
it easier for the model to decrease the “noise.” The NLP can
ignore these uninformative words and, as a result, move
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more quickly through larger, more diverse amounts of data to
realize insights.

Stop Words

- a - of - on

o 1 « for - with
- the - at - from
- in - to

Figure 1.7 stopwords
Stop words are common words (e.g., “the,” “is,” “and”) that

are often removed during NLP tasks as they don’t carry
significant meaning. The purpose of the Stop words are to
remove and simplify text and focus on the more informative
words, improving the efficiency and accuracy of NLP tasks
like text classification, sentiment analysis, and information
retrieval.

Examples:

Common stop words include articles (a, an, the),
prepositions (in, on, at), pronouns (he, she, it), and
conjunctions (and, but, or).

NLP libraries like NLTK, SpaCy, and Gensim provide tools to
identify and remove stop words.

1.3.4 Stemming, Lemmatization and Parsing

(i) Stemming is a text normalization technique in Natural
Language Processing (NLP) where words are reduced to
their base or root form. The idea is to strip suffixes (or
sometimes prefixes) from a word to get its stem, which might
not always be a valid word in the language.

For example:
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running, runs, ran — run
happiness, happily — happi
flies, flying — fli

Stemming helps in

e Reducing the dimensionality of text data (fewer
unique words)
e Improving the efficiency of search engines
e Grouping related words together in text classification,
information retrieval, and sentiment analysis
The various stemming approaches are as follows

Porter Stemmer: The Porter Stemmer is one of the most
widely used and foundational stemming algorithms in Natural
Language Processing. Developed by Martin Porter in 1980, it
is a rule-based algorithm that applies a sequence of
conditional rules to iteratively strip common suffixes from
words. Its primary goal is to reduce inflected or derived
words to their base or root form, though the resulting stem is
not always a valid word in English. Despite this limitation, the
Porter Stemmer remains popular due to its simplicity,
efficiency, and effectiveness in tasks like information retrieval
and text mining.

Lancaster Stemmer: The Lancaster Stemmer, also known as
the Paice-Husk Stemmer, is a more aggressive stemming
algorithm compared to the Porter Stemmer. It employs an
iterative, rule-based approach that quickly removes word
endings to produce very short stems. This high level of
aggressiveness can lead to over-stemming, where unrelated
words are reduced to the same root, potentially affecting the
accuracy of text analysis. However, its simplicity and speed
make it suitable for applications where performance is
prioritized over precision.
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Snowball Stemmer: The Snowball Stemmer, often referred to
as the Porter2 Stemmer, is an enhanced and more flexible
version of the original Porter algorithm. Developed by Martin
Porter as well, it improves upon the limitations of its
predecessor by offering a cleaner and more consistent rule
set. Additionally, the Snowball Stemmer supports multiple
languages, making it highly adaptable for international text
processing. Its balance between stemming aggressiveness
and accuracy makes it a preferred choice for modern NLP
applications where both performance and linguistic precision
are essential.

(ii) Lemmatization :Lemmatization is a text normalization
technique in Natural Language Processing (NLP) where
words are reduced to their base or dictionary form, known as
a lemma. Unlike stemming, which often chops off word
endings indiscriminately, lemmatization uses vocabulary and
morphological analysis to accurately return the proper root
word.

For example:
running, ran — run
better — good
flies — fly

Lemmatization considers the context and part of speech
(POS) of a word, which allows it to tionhandle irregular forms
and derive more meaningful base forms. Table 1.3 provides
the differences between stemming and Lemmatization

Table 1.3 Stemming Vs Lemmatization
Aspect Stemming Lemmatization
Method Rule-based Vocabulary +
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suffix removal morphological
analysis
Root form (may | Base word
Output not be a valid | (lemma) found in
word) dictionary
Considers No Yes
context
Example flies — fli flies — fly
Speed Faster Slower
Accuracy Lower Higher

(iii) Part-of-Speech (POS) Tagging: POS tagging is the
process of labeling each word in a sentence with its
corresponding part of speech like noun, verb, adjective,

adverb, etc. It

helps NLP systems understand

grammatical structure of a sentence and the role each word
plays. For example consider the sentence: "The quick brown
fox jumps over the lazy dog."

POS Tagged:
The (Determiner)
quick (Adjective)
brown (Adjective)
fox (Noun)

jumps (Verb)
over (Preposition)
the (Determiner)
lazy (Adjective)

dog (Noun)
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Common POS Taggers:
NLTK POS Tagger
spaCy

Stanford POS Tagger

Parsing is the process of analyzing the grammatical
structure of a sentence to identify its syntactic structure
according to a formal grammar. It builds a parse tree (or
syntax tree) that represents how words in a sentence relate
to each other. The parsing is important for the following
reasons

Enables understanding of sentence structure

Helps in tasks like machine translation, information
extraction, question answering

Supports deeper semantic analysis
The types of parsing are as follows
Constituency Parsing (Phrase Structure Parsing)

Breaks a sentence into sub-phrases or constituents (noun
phrases, verb phrases)

Dependency Parsing

Focuses on the relationship between words and how they
depend on each other

For example: consider the Sentence: "The cat sat on the mat."

Dependency Parse Example
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sat is the root

cat is the subject (nsubj) of sat
on is a preposition modifying sat
mat is the object of on

Popular Parsers:

spaCy Dependency Parser
Stanford CoreNLP Parser
Berkeley Parser

NLTK parsers

1.4 Language Models

A Language Model, or LM, is an NLP module which gives
probabilities to sequences of words in a language. That
means it estimates how likely a word sequence is, or it is
able to predict the next word in a sentence given the
preceding words. Language models allow computers to read,
write, and respond to human language in coherent and
meaningful ways.

Language models play an important role in making different
Natural Language Processing (NLP) tasks possible by
making computers capable of generating and understanding
human language. Language models predict and enhance the
written word sequence from speech in speech recognition,
improving accuracy in terms of context relative to
surrounding words. They assist in machine translation to
generate grammatically correct and semantically correct
translations by finding the most common word sequences
that just so frequently occur most in the target language.
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Language models lie at the basis upon which virtual
assistants and chatbots develop based to grasp their users'
queries, keep the conversation flow as seamless as possible,
and generate  well-sounding, relevant-to-the-context
answers. Similarly, in text summarization, language models
enable compression of huge quantities of text into brief yet
impactful summaries and maintain essential information and
coherence. Finally, in uses such as story generation, content
generation, or code completion, language models produce
context-appropriate, fluent text from input prompts or context
provided upfront. In all of these applications, a language
model's syntactic, semantic understanding ability, and
context are critical to creating productive, human-like
language interaction.

1.4.1 N-gram Models

An N-gram model is a type of statistical language model
used in Natural Language Processing (NLP) to predict the
next word in a sequence based on the previous N-1 words. It
works by analyzing the probabilities of word sequences
(called N-grams) from a given text corpus. An N-gram is
simply a contiguous sequence of N words.

Types of N-grams:

Unigram (1-gram): A unigram is the simplest form of an N-
gram, representing individual words in a text sequence. In a
unigram model, each word's probability is considered
independently of its surrounding words. This means the
model assumes that the occurrence of a word does not
depend on any other word in the sentence. For example, in
the sentence "I am happy", the unigrams would be "I", "am",
and "happy". Although unigram models are easy to build and
require minimal computational resources, they ignore word
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order and contextual relationships, making them less
effective for tasks where context matters.

Bigram (2-gram): A bigram consists of two consecutive
words in a text. In a bigram model, the probability of a word
depends on the word that immediately precedes it. This
allows the model to capture some degree of contextual
information and word sequence patterns. For example, in the
sentence "l am happy", the bigrams would be "l am" and "am
happy". Bigram models are widely used in applications like
predictive text and speech recognition because they can
model simple dependencies between adjacent words.
However, they still have limitations in capturing relationships
that span beyond one word.

Trigram (3-gram): A trigram is a sequence of three
consecutive words in a text. In a trigram model, the
probability of a word depends on the two words that come
before it. This provides a more refined understanding of word
sequences and contextual dependencies than unigrams and
bigrams. For example, in the sentence "I am happy", the
trigram would be "I am happy". Trigram models can better
capture natural language patterns and are particularly useful
in improving the fluency of generated text. However, they
require more data to accurately estimate probabilities and
can face issues with data sparsity as the value of N
increases.

N-gram models are foundational statistical models in NLP
that predict words based on preceding words by learning
from word sequence frequencies in a text. Though limited in
handling context beyond a few words, they paved the way for
more advanced models like RNNs, LSTMs, and
transformers.
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1.4.2 Smoothing Techniques

Smoothing techniques in Natural Language Processing
(NLP) are algorithms used to address the problem of zero
probabilities in language models, and specifically in N-gram
models. When the model is presented with a word sequence
(N-gram) that it was not exposed to during training, its
probability is approximated as zero that can have a decisive
effect on tasks like text generation, machine translation, or
speech recognition.

Smoothing tweaks probability estimates so that unobserved
events continue to have some small, non-zero probability
assigned, rendering the model stronger and generalize more
effectively.

Additive Smoothing (Laplace/Lidstone Smoothing): This is
the most trivial smoothing technique where a fixed number is
added to every observed N-gram count. For Laplace
smoothing, 1 is added so that no probabilities will ever
actually reach zero, even for unobserved N-grams. Lidstone
smoothing is the more general situation where a small
positive number (e.g., 0.1 or 0.01) is added instead. The
method is easy to use but has the side effect of too much
flattening of probability distributions when the vocabulary
size is huge

Good-Turing Smoothing: Good-Turing smoothing transfers
the estimated probabilities by shifting part of the probability
mass from high-frequency events to unseen or low-
frequency events. It achieves this by considering how often
events with a given frequency occur and shifting probabilities
appropriately. Good-Turing smoothing is very effective with
sparse data and is widely applied in situations where rare
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events are likely to be of high importance, such as language
models and text categorization.

Kneser-Ney Smoothing: One of the optimal smoothing
techniques for N-gram language models, Kneser-Ney
smoothing discounts not just frequency counts but also the
probability of a word to appear in new contexts. It enhances
probability estimation by considering both the frequency at
which words appear in different contexts and the frequency
of the contexts themselves. The method provides enhanced
performance, especially in those applications where large
and varied corpuses are available, i.e., speech recognition
and machine translation.

Backoff: Backoff is a technique by which the model attempts
to back off to a simpler-order N-gram model in case of a
higher complex-order N-gram with zero or low probability.
For instance, in the case of a trigram out-of-vocabulary word,
the model falls back to a bigram or unigram model. The
technique ensures that the model will always fallback to
simpler probability estimates whenever more advanced ones
are not present.

Interpolation: Interpolation is a fusion of the probabilities of
different N-gram models (e.g., unigram, bigram, trigram) with
weighted coefficients applied to them. In contrast to the
choice between models as in backoff, interpolation blends
them, generally producing improved balanced and precise
estimates. Interpolation is specifically beneficial in case of
inconsistent structures of text when relying on one level of N-
gram may be limiting.

1.4.3 Neural Language Models

Neural Language Models (NLMs) are advanced language
models that use neural networks to predict the probability of
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word sequences and generate natural language text. Unlike
traditional statistical models like N-gram models that rely on
word frequency and limited context, NLMs learn complex
patterns, relationships, and dependencies from large text
corpora using continuous word representations known as
word embeddings.

Neural language models convert words into dense vectors
using embeddings (like Word2Vec or GloVe) and pass them
through one or more neural network layers to capture
semantic and syntactic information. They predict the
likelihood of the next word in a sentence based on the
context provided by the preceding words. The types of
NLMss are as follows

Feedforward Neural Network Language Models (FNNLM):
One of the earliest types, where a fixed-size context window
is used to predict the next word. It's limited because it can’t
capture dependencies beyond the fixed window size.

Recurrent Neural Network Language Models (RNNLM):
RNNs introduced the ability to process sequences of
arbitrary length by maintaining a hidden state that captures
information about all previous words in a sentence. However,
standard RNNs struggle with long-range dependencies due
to vanishing gradient problems.

Long Short-Term Memory Networks (LSTMs): LSTMs are
an improved form of RNNs designed to handle long-distance
dependencies more effectively by using memory cells and
gates to control the flow of information over time. This makes
them much better for modeling language where context from
earlier in a sentence affects later words.
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Transformer-based Language Models: The most recent and
powerful category of NLMs. Transformers use self-attention
mechanisms to process entire sequences at once, capturing
long-range dependencies and contextual relationships
efficiently. Popular models like BERT, GPT, and RoBERTa
are based on this architecture.
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2. Core Techniques and
Algorithms

2.1 Word Embedding’s and Representation

In Natural Language Processing (NLP), we require some
form of representing text (words, phrases, sentences) in a
machine-readable form.

Word Representation: It's a method of representing words in
numbers or vector formats. There are quite a range of word
representations:

One-hot encoding: Represent a word by a vector with a 1 in
one position and 0 somewhere else. Simple, but
meaningless.

Word frequency-based vectors (Bag of Words, TF-IDF):
Encode texts in terms of the frequency of the occurrence of
individual words. In no way stores word meaning and order.

Distributed representations: Encode words in terms of sparse
vectors in some high-dimensional but discrete vector space
where semantically related words map to nearby regions.
And there is where word embeddings fit.

Word Embeddings: A form of distributed word representation
wherein words are denoted as high-dimensional real-valued
vectors, trained in a manner that the context words that have
similar senses will have similar vectors. The key properties of
the word embeddings are as follows
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Semantic similarity: "King" and "Queen" will have proximity
vector representations.

Dimensionality reduction: Usually 50-300 dimensions, in
contrast to one-hot vectors with as many as vocabulary size.

Captures contextual sense through co-occurrence with
context words.

Basic Word Embedding Techniques:

e Word2Vec (Google): Employs a shallow neural
network to predict context words (Skip-gram) or
predict a word given its context (CBOW).

e GloVe (Global Vectors for Word Representation):
Represents local window sliding context as well as
global word co-occurrence statistics.

e FastText (Facebook): Expands Word2Vec by
employing words as a bag of character n-grams,
useful for sparse words and misspelling.

e ELMo and BERT: Contextual word embeddings that
represent a word with different representations in a
sentence based on context.

2.1.1 Word2Vec, GloVec

Word2Vec is an algorithm created by Google researchers
(Tomas Mikolov et al., 2013) that transforms words into
dense, continuous, fixed-size vectors — such that words with
similar meanings or used in similar contexts are close
together in a high-dimensional space. Word2Vec comes in
two architectures:

CBOW (Continuous Bag of Words)

e Predicts the target word from its neighboring context
words.

e Faster and works better for small datasets.
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Example:

Sentence: “The cat sat on the mat.”
Predict: "sat" given context window = 2:
“The”,“cat”,“on”,“the™The”, “cat”, “on”,
“the™The”,“cat”,“on”,“the”

Skip-Gram

Predicts the context words from a single target word.
Works better for larger datasets and captures rare
word representations better.

‘.l.lﬁ‘.‘.ltltl

Figure 2.1 Workflow of CBOW/Skip-Gram

Example:
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Given "sat" — predict “The”,“cat”,“on”,“the™The”, “cat”, “on”,
“the”“The"’“Cat”,“on”’“the”

For either CBOW or Skip-Gram:
Input: A one-hot encoded vector for a word.

Hidden Layer: No activation function (just linear projection to
a lower dimension space).

Output Layer: Softmax activation function to predict
probabilities of context words (or target word for CBOW).

Loss Function: Cross-entropy loss (typically optimized via
Negative Sampling or Hierarchical Softmax to make training
scalable). The figure depicts the functioning of CBOWY/skip
gram

2.1.2 FastText

FastText is an enhanced word embedding model
proposed by Facebook’s Al Research (FAIR) in 2016. While
Word2Vec treats each word as an atomic entity, FastText
represents words as a collection of subword (character
n-gram) embeddings. Natural language is morphologically
rich meaning words often share common roots, prefixes,
and suffixes (e.g., play, playing, played).

FastText captures this by representing words through their
subword units, allowing it to:

Better handle rare and out-of-vocabulary (OOV) words.
Encode morphological information into word vectors.
The working process of FastText is as follows

Input Representation: Subword N-grams
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Instead of mapping a word to a single one-hot vector,
FastText breaks each word into several overlapping
character n-grams. Each n-gram is assigned a vector, and a
word'’s final representation is the sum (or average) of its n-
gram vectors.

For example:
The word play with 3-gram would be:

<pl, pla, lay, ay>
FastText also includes the entire word as a special n-gram.

Hidden Layer: Linear Projection (No Activation): Similar to
Word2Vec, FastText uses a linear projection layer but
instead of one-hot word vectors, the input is now a set of
subword vectors.

Output Layer: Softmax or Negative Sampling
As in Word2Vec:

The model predicts context words (Skip-Gram) or predicts a
target word from its context (CBOW).

FastText computes scores for all possible words using the
inner product between the hidden layer output and word
vectors for all context words.

Loss Function: Cross-Entropy (Optimized via Negative
Sampling): Given computational limitations for large
vocabularies:

Negative Sampling is used to approximate the softmax
efficiently.

Or optionally, Hierarchical Softmax.
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21.3 ContextualWordEmbeddings(ELMo,BERT)

Uses the cross-entropy loss to measure how well the
predicted probability distribution aligns with the actual target.
Two of the most famous contextual word embedding models
are:

ELMo (Embeddings from Language Models): ELMo
(Embeddings from Language Models), proposed by Peters et
al. in 2018, is a type of contextual word embedding model
that generates dynamic word representations based on the
context in which a word appears. Its architecture is built on a
multi-layer bidirectional LSTM, trained on a language
modeling task. Unlike traditional word embeddings that
assign a single, fixed vector to each word, ELMo creates
word embeddings as a function of the internal states of a
deep bidirectional language model, capturing both syntax
and semantics from the surrounding text. This means the
same word can have different vector representations
depending on the sentence it appears in, allowing the model
to handle polysemy and contextual nuances effectively. For
example consider below

"He went to the bank to deposit money."
"The fisherman sat on the bank of the river."

In ELMo, the word bank will have different embeddings in
these two sentences.

BERT (Bidirectional Encoder Representations from
Transformers), proposed by Devlin et al. in 2018, is a
powerful contextual word embedding model that leverages
Transformer encoder blocks. BERT distinguishes itself by
considering both the left and right context of a word
simultaneously through a masked language modeling (MLM)
task. This bidirectional approach allows each word's

73



Cloud Computing: Concepts and Techniques

representation to be deeply contextualized, influenced by all
other words in the sentence, rather than just its neighboring
words. As a result, like ELMo, each word gets a different
embedding depending on the context in which it appears.
BERT is more powerful than ELMo due to the Transformer’s
attention mechanism, a deeper architecture, and additional
pretraining tasks, such as MLM and Next Sentence
Prediction, which allow the model to learn richer contextual
information and better handle complex language tasks.

2.2 Text Classification and Clustering

Text Classification and Text Clustering are the two
essential techniques in Natural Language Processing (NLP),
both dealing with organizing and understanding text data.

Text classification refers to the task of assigning predefined
labels or categories to text data. It is a supervised learning
problem where the model is trained on a labeled dataset
(i.e., texts with known categories) and learns to predict the
category for unseen text. Some of the common use cases
are as follows

Sentiment Analysis: Classifying text into categories such as
positive, negative, or neutral sentiment.

Spam Detection: Categorizing emails as spam or non-
spam.

Topic Categorization: Assigning articles to topics such as
sports, politics, or technology.

Document Categorization: Sorting documents by
predefined labels (e.g., legal, medical, etc.).

The text classification process are as follows
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Training Data: A labeled dataset with text samples and their
corresponding categories.

Features: Text features, such as bag-of-words (BoW), TF-
IDF, or embeddings like word2vec, ELMo, or BERT.

Model: Algorithms like logistic regression, Naive Bayes,
Support Vector Machines (SVM), or neural networks (like
BERT for text classification).

Output: The model predicts a category for a given input text.
Example:

Input: "l love this phone! It's amazing."

Output: Positive sentiment.

Text Clustering

Text clustering, on the other hand, is an unsupervised
learning task that aims to group a set of texts into clusters or
groups based on similarity without using predefined labels.
The goal is to discover inherent structures or patterns in the
data. The common use cases are as follows

Document Clustering: Grouping similar documents
together, such as news articles or research papers, based on
content.

Topic Modeling: Identifying latent topics in a large corpus of
text (e.g., LDA for topic modeling).

Customer Feedback Analysis: Grouping customer
feedback or reviews to find common themes.

Information Retrieval: Clustering search results to group
relevant items together.

75



Cloud Computing: Concepts and Techniques

The working process of clustering are as follows
Unlabeled Data: Text data without any category or label.
Features: Text features like BoW, TF-IDF, or embeddings.

Model: Algorithms like K-means, DBSCAN, hierarchical
clustering, or advanced methods like Latent Dirichlet
Allocation (LDA) for topic discovery.

Output: The model groups texts into clusters where similar
texts are placed together based on their content.

Example:

Input: A set of news articles on different topics (sports,
politics, entertainment).

Output: The model may cluster articles into three groups:
one for sports, one for politics, and one for entertainment,
even though no prior labels were given.

Table 2.1 lists the differences between text classification and
clustering

Table 2.1 Text Classification vs text Clustering

Text .
Feature Classification Text Clustering
Learning Supe.rwsed Unsupervised
Tvpe (requires labeled (no labels)
yp data)
Assign Discover natural
predefined groups or
Goal . :
categories to | patterns in the
text data
Input Data Labeled text with | Unlabeled text
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categories
Category or | Groups or
Output label for each | clusters of
text similar texts
Ir_eoggrlzggion K-means,
Algorithms Naive Bayes, DBSCAN’
Hierarchical
SVM, Neural .
Clustering, LDA
networks

Both techniques are fundamental for organizing and
analyzing large text datasets, but they serve different
purposes classification focuses on labeled outcomes, while
clustering identifies natural groupings within the data.

2.2.1 Naive Bayes, SVM, Logistic Regression

() Naive Bayes, Support Vector Machines (SVM), and
Logistic Regression are three popular algorithms in machine
learning, particularly for text classification tasks. Each has its
strengths and weaknesses, and the choice of which to use
often depends on the specific nature of the problem.

Naive Bayes: It is a probabilistic classifier based on applying
Bayes' Theorem with strong (naive) independence
assumptions between the features.

The key concepts of Naive Bayes algorithm are as follows

Bayes' Theorem: It calculates the probability of a class given
the features in the document.

Assumption: Naive Bayes assumes that all features (words,
in the case of text classification) are independent given the
class, which is a simplifying assumption that often works well
despite being unrealistic in practice.
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Types of Naive Bayes Models:

Multinomial Naive Bayes: Suitable for discrete features, like
word counts in text classification.

Gaussian Naive Bayes: Suitable for continuous data,
assuming a Gaussian distribution.

Advantages:
Simple and fast, especially for large datasets.

Works well for text classification tasks, such as spam
detection or sentiment analysis.

Performs well even with relatively small amounts of training
data.

Disadvantages:

The independence assumption rarely holds in practice (e.g.,
in text, words often depend on each other).

Less accurate than more sophisticated models like SVM or
Logistic Regression in some cases.

Example Use Case:

Spam email classification where words in an email (like
n "

"win", "free", "money") are considered independent, and the
goal is to predict whether the email is spam or not.

(ii) Support Vector Machine (SVM)

Support Vector Machine (SVM) is a supervised learning
algorithm that works well for both classification and
regression tasks, but is particularly powerful for binary
classification problems. The key concepts are as follows
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Linear SVM: SVM tries to find a hyperplane that best
separates the data into different classes. For text, it maps
documents to a higher-dimensional space (via the kernel
trick) and finds a hyperplane that maximizes the margin
between the classes.

Non-linear SVM: For complex boundaries, SVM uses
kernels (like the RBF kernel) to map data to a higher-
dimensional space where a linear hyperplane can be found.

Advantages:

Very effective in high-dimensional spaces (e.g., text data
with many features/words).

Works well with both linearly separable and non-linearly
separable data.

Its robust to overfitting, especially in high-dimensional
spaces.

Disadvantages:

SVMs can be memory-intensive, especially for large
datasets.

The choice of the kernel and tuning of hyperparameters can
be challenging.

Training can be slow on very large datasets.
Example Use Case:

Sentiment analysis where the goal is to classify movie
reviews as positive or negative, given a large vocabulary of
words.
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(iii) Logistic Regression

Logistic Regression is a linear model used for binary
classification, though it can be extended to multi-class
problems. It models the probability that a given input belongs
to a certain class. The key conspts are as follows

Logistic Function (Sigmoid): The output of the logistic
regression model is transformed through the sigmoid
function, which maps the prediction to a probability (between
0 and 1).

Decision Boundary: Logistic Regression classifies data
based on a decision boundary (where the probability is 0.5).

Advantages:

o Simple and interpretable.

e Computationally efficient.

o Works well when the relationship between the features
and the class label is approximately linear.

Disadvantages:

e Assumes a linear relationship between features and the
log-odds of the class, which may not hold in complex
data.

e May not perform well on highly non-linear data unless
interactions between features are explicitly modeled.

Example Use Case:

Classifying emails as either spam or non-spam based on
words in the email, where the relationship between word
frequencies and the likelihood of spam is linear. Table 2.2
lists the differences between Naive Bayes, SVM and logistic
regression
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Table 2.2 Naive Bayes Vs SVM Vs Logistic Regression

_ Logistic
Feature Naive Bayes | SVM Regression
Probabilistic | Maximum Linear
Type / Bayes’ | Margin / Linear | (Sigmoid
Theorem (or non-linear) | function)
Linear
Features Tries to find a relationship
Assumption are hyperplane to between
P independent yperp features and
S . separate
given the the log-odds
classes
class of the
outcome
Text Text e Binary
s classification, s
classificatio especiall classificatio
Use Case n (spam, .p y n, can be
. high-
sentiment . . extended to
analysis) dimensional multi-class
y data
Easy to
Simple, fast, E.ffectlve for !mplement,
high- interpretable
works well | . .
Strengths dimensional , works well
for small .
data, robust to | with linearly
data "
overfitting separable
data
Weaknesse | Strong Memory- Assumes
S independen | intensive, linearity,
ce tuning may not
assumption | hyperparamete | work  well
(often rs can be hard | with
unrealistic) complex
decision
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boundaries
. Excellent  for
Good with | . Good for
high- .
Performanc | small or| . . linearly
. dimensional
e medium separable
and complex
datasets problems
datasets

2.2.2 K-Means and Hierarchical Clustering

Both K-Means and Hierarchical Clustering are popular
clustering algorithms used for unsupervised learning, where
the goal is to group data points based on similarity. While
both algorithms are used for similar purposes, they operate
in fundamentally different ways.

K-Means Clustering

K-Means is a partitional clustering algorithm that divides the
data into K clusters based on similarity. The key concepts
are as follows

K. The number of clusters is predefined (you need to specify
K).

Centroids: Each cluster is represented by its centroid, which
is the mean of all points in the cluster.

Assignment Step: Each data point is assigned to the nearest
centroid based on distance (usually Euclidean distance).

Update Step: After assignment, the centroids
recalculated based on the new cluster assignments.

are

Iteration: This process (assignment + update) repeats until
the algorithm converges (i.e., centroids no longer change
significantly).
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Advantages:

Scalability: K-Means is computationally efficient and scales
well with large datasets.

Simplicity: The algorithm is simple and easy to implement.
Speed: It converges quickly, especially with large datasets.
Disadvantages:

Choosing K: The number of clusters K must be specified in
advance, and finding the optimal K can be tricky (methods
like the Elbow Method help).

Assumes spherical clusters: K-Means assumes that clusters
are spherical and roughly the same size. It may perform
poorly when clusters have different shapes or densities.

Sensitive to initial centroids: The algorithm can converge
to local minima depending on the initialization of the
centroids.

Example Use Case:

Customer segmentation based on purchasing behavior,
where the goal is to group customers into K distinct clusters
for targeted marketing.

Hierarchical Clustering

Hierarchical Clustering creates a tree-like structure of
nested clusters, which can be represented as a
dendrogram. The key concepts in hierarchical clustering
are as follows
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Agglomerative (Bottom-Up): This is the most common
type, where each point starts as its own cluster, and clusters
are merged iteratively based on proximity until a stopping
condition is met (e.g., when all points are in one cluster).

Divisive (Top-Down): This is the reverse of agglomerative,
where all points start in a single cluster, and the cluster is
split iteratively.

Linkage Criteria: Determines how distances between
clusters are calculated. Common linkage methods include:

Single Linkage: Minimum distance between points in each
cluster.

Complete Linkage: Maximum distance between points in
each cluster.

Average Linkage: Average distance between all points in
the clusters.

Ward’s Linkage: Minimizes the variance within each cluster.

Dendrogram: A tree diagram that shows the levels at which
clusters were merged or split.

Advantages:

No need to pre-specify K: You don’'t need to specify the
number of clusters in advance.

Flexibility: Can handle non-spherical shapes and clusters
with different densities.

Dendrogram visualization: Provides a clear hierarchical
view of how clusters relate to one another.

Disadvantages:
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Computational Complexity: Hierarchical clustering is more
computationally expensive than K-Means, especially for
large datasets (it has time complexity of O(n3)O(n*3)O(n3) in
the worst case).

Scalability: 1t doesn't scale well to very large datasets
(though optimized versions like BIRCH exist).

Sensitivity to noise and outliers: It can be sensitive to outliers
and noise, leading to misleading results.

Example Use Case:

Organizing documents or research papers into hierarchical
categories based on content similarity, where there is no
prior knowledge of the number of topics. Table 2.3 lists the
key differences between K-Means Clustering and
Hierarchical Clustering

Table 2.3 K-Means Clustering Vs Hierarchical Clustering

Feature K-Means Hierarchical
Clustering Clustering
Hierarchical
Partitional Clustering
Type . . -
Clustering (Agglomerative/Divi
sive)
Predefined No (clusters can be
Yes (must .
Number  of specify K) determined from
Clusters (K) pectty the dendrogram)
High (works
. well with | Low (not scalable to
Scalability
large very large datasets)
datasets)
Cluster Spherical No assumption
Shape and similar in | about cluster shape
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Assumption size or size
O(n2)O(n"*2) | O(n3)O(n*3)O(n3)
0O(n2) for | (for agglomerative)

Computation | each or

al Complexity | iteration, but | O(n2)O(n*2)O(n2)
faster  than | for optimized
hierarchical versions

Output

K clusters,
each with a
centroid

Dendrogram or tree
structure, where
clusters are merged
iteratively

Sensitivity to

Sensitive to

o o Not sensitive to
Initial initial initial conditions
Conditions centroids

Large-scale Data with

data with | hierarchical or
Ideal Use

well- nested structures,
Cases i

separated or where you don’t

clusters know K in advance

2.2.3 Deep Learning for Classification

Deep learning is a subset of machine learning based on
artificial neural networks with multiple hidden layers
(hence "deep"). In classification tasks, deep learning models
learn to map input data to predefined categories or labels by
progressively extracting high-level features through multiple
layers.

In a deep learning classification system, the process begins
by accepting raw input data in its original form. This could be
an image represented as pixel values, a piece of text
converted into word embeddings or token |IDs, or
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numerical/tabular data organized in rows and columns.
Before feeding it into the model, this data is usually
preprocessed such as normalization for images,
tokenization for text, or scaling for numerical values to make
it suitable for the model to learn from. The working process
of DL based classification is described as follows

Passing Data Through Multiple Hidden Layers: Once the
data enters the model, it moves through several hidden
layers of neurons. Each of these layers performs
mathematical operations (like matrix multiplications followed
by activation functions such as ReLU or Tanh) to transform
the input into increasingly abstract and complex
representations. The first few layers typically learn simple
patterns or features (like edges in an image or word
associations in text), while deeper layers capture higher-level
structures and relationships relevant to the classification
task.

Outputting a Probability Distribution:After processing through
the hidden layers, the final output layer of the model
generates a probability distribution over the possible classes.
In binary classification, this might be a single value between
0 and 1, often using a Sigmoid activation function. In multi-
class classification problems, a Softmax activation function is
commonly used, producing a set of probability values for
each class, with all probabilities adding up to 1. These
probabilities represent the model’'s confidence in each
possible class for the given input.

Selecting the Final Prediction: The class with the highest
predicted probability is chosen as the model's output in the
last stage; this is regarded as the model's forecast for the
input data.. For example, if a Softmax layer outputs
probabilities like [0.1, 0.7, 0.2] for three possible classes, the
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model selects the second class (with 0.7 probability) as its
prediction. This predicted class can then be compared
against the actual label during training to calculate errors and
adjust the model’s parameters through backpropagation and
optimization. The general architecture of DL based
classification is shown in figure 2.2

Hidden Layers(with

Input Layer activations like ReLU)

Output Layer

Figure 2.2 Architecture of DL based Classification

Some of the poular DL models for Classification are as
follows:

Feedforward Neural Networks (FNN / MLP)
Also called Multi-Layer Perceptrons (MLP).

Consist of an input layer, one or more hidden layers, and an
output layer.

Best for structured/tabular data or simple text/image
classification problems.

Convolutional Neural Networks (CNN)
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Designed specifically for image classification but also used
in text and video.

Uses convolutional layers to automatically detect spatial
patterns.

Examples:

¢ ImageNet classification
e Face recognition
o Medical image analysis
Recurrent Neural Networks (RNN) and LSTM/GR : Best for

sequential data like text, time series, or speech.

LSTM (Long Short-Term Memory) and GRU (Gated
Recurrent Unit) solve RNN’s vanishing gradient problem.

Examples:

e Sentiment classification

e Speech emotion recognition

¢ DNA sequence classification
Transformer-based Models (like BERT, GPT)

Use self-attention mechanisms to capture context in both
directions.

Examples:
e Spam detection

o Topic classification
¢ Intent detection in chatbots

2.3 Transformers and Pretrained Models
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Transformers are a modern deep learning architecture
introduced by Vaswani et al. (2017) in the paper “Attention
is All You Need”. Unlike traditional sequence models like
RNNs and LSTMs that process data sequentially,
Transformers rely entirely on a mechanism called self-
attention to capture relationships between all elements in a
sequence, regardless of their positions. This allows them to
process sequences in parallel, making them highly efficient
and effective for handling long-range dependencies in data.
In NLP, Transformers have revolutionized tasks like machine
translation, text classification, summarization, and question
answering due to their scalability and ability to model context
from both directions (left and right) simultaneously. The
working process of the transformers are as follows

At a high level, a Transformer consists of encoder and
decoder stacks (though some models like BERT use only
encoders, and models like GPT use only decoders). The
core component is the self-attention mechanism, which
allows the model to weigh the importance of different words
in a sentence when encoding or generating a word’s
representation. For example, in the sentence “The cat sat on
the mat”, the word “cat” might have a strong relationship with
“sat’, and the Transformer can capture that relationship
directly, regardless of their positions in the sequence.

Pretrained Models in NLP

Pretrained models in NLP are Transformer-based models
trained on large-scale text corpora to learn general language
patterns and representations before being fine-tuned for
specific tasks. Instead of training a model from scratch,
researchers and developers can use these pretrained
models and adapt them to their tasks with relatively little

90



A.Bharathi

labeled data. This approach has dramatically improved the
efficiency and performance of NLP systems.

Popular Pretrained Transformer Models:

BERT (Bidirectional Encoder Representations from
Transformers)

Introduced by Devlin et al. (2018), BERT reads text in both
directions using masked language modeling and next
sentence prediction tasks. It's widely used for tasks like
sentiment analysis, entity recognition, and question
answering.

GPT (Generative Pretrained Transformer)

Developed by OpenAl, GPT wuses a decoder-only
Transformer architecture and is trained to predict the next
word in a sequence. It excels in natural text generation tasks,
like story writing and chatbot systems.

RoBERTa, XLNet, T5, and DistilBERT

These are enhanced or optimized versions of Transformer-
based architectures, improving on training strategies,
scalability, and task performance.

2.3.1 Transformer Architecture

The Transformer architecture, introduced by Vaswani et al.
in 2017’s “Attention is All You Need”, is a deep learning
model designed specifically for handling sequential data like
text without relying on recurrence (as in RNNs/LSTMs).
Instead, it uses a mechanism called self-attention to model
relationships between elements of a sequence, regardless of
their distance from one another. This design makes it highly
parallelizable and effective for capturing complex
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dependencies in data. The core components of transformers
includes the following

The Transformer is made up of an Encoder-Decoder
structure, although many models (like BERT and GPT) use
just one of these. Here’s a breakdown of each part:

Encoder: The encoder’s job is to take an input sequence
and encode it into a set of continuous representations
containing contextual information for each input element.
Each encoder block contains:

Multi-Head Self-Attention Mechanism:

Allows each word to attend to all other words in the input,
capturing relationships regardless of position.

Add & Norm:

A residual connection (skip connection) followed by layer
normalization to stabilize and speed up training.

Position-wise Feed-Forward Network:

A fully connected network applied to each position separately
and identically.

Positional Encoding:

Since Transformers have no inherent order awareness,
positional encodings are added to input embeddings to inject
information about token positions.

There are typically multiple identical encoder blocks stacked
on top of each other.
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Decoder: The decoder generates output sequences based
on the encoder’s representations and previously generated
outputs. Each decoder block contains:

Masked Multi-Head Self-Attention:

Ensures that each position can only attend to earlier
positions in the output sequence (for tasks like translation or
text generation).

Multi-Head Attention over Encoder Output:

Allows the decoder to focus on relevant parts of the
encoder’s output when generating each token.

Add & Norm and Feed-Forward Network:

Same as in the encoder, ensuring stability and capacity for
nonlinear transformations.

Multiple decoder blocks are also stacked together.

Self-Attention Mechanism: At the heart of the Transformer is
self-attention, which determines how much focus each word
should give to other words in the sequence when generating
an output representation. The key components in self-
attention are as follows:

Query (Q), Key (K), and Value (V) matrices derived from
input embeddings.

Compute attention scores by multiplying Q and K, then
scaling and applying a softmax.

Use these scores to weight the V values and compute the
final output representation.
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Multi-Head Attention runs multiple self-attention operations
in parallel, allowing the model to capture different types of
relationships.

2.3.2 BERT, GPT, T5, RoBERTa

BERT (Bidirectional Encoder Representations from
Transformers): Introduced by Devlin et al. in 2018, BERT is a
groundbreaking Transformer-based model that reads text in
both directions (left-to-right and right-to-left) to deeply
capture the context of each word within a sentence. It's
trained using two tasks: Masked Language Modeling (MLM),
where random words are masked and the model predicts
them, and Next Sentence Prediction (NSP), which teaches
the model relationships between sentences. BERT's
bidirectional nature allows it to generate rich, context-
sensitive word representations, making it highly effective for
tasks like question answering, sentiment analysis, and
named entity recognition.

GPT (Generative Pretrained Transformer): Developed by
OpenAl, GPT is a decoder-only Transformer architecture
trained to predict the next word in a sequence, making it
inherently unidirectional (left-to-right). It's pretrained on large
amounts of text using a language modeling objective and
then fine-tuned for specific tasks. GPT excels in text
generation, story writing, code generation, and
conversational Al due to its ability to produce coherent,
fluent, and contextually appropriate text. Successive
versions, like GPT-2, GPT-3, and GPT-4, have dramatically
increased in scale and capability.
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T5 (Text-To-Text Transfer Transformer): Introduced by
Google Research, T5 reframes every NLP task into a text-to-
text format, meaning both inputs and outputs are treated as
text strings. For example, for a translation task, the input
could be “translate English to French: Hello” and the output
“‘Bonjour”. T5 uses a full Transformer encoder-decoder
architecture and is pretrained on a massive text corpus with
multiple objectives converted into this unified format. Its
versatility allows it to handle a wide range of tasks, including
classification, summarization, translation, and question
answering, within a single, consistent framework.

RoBERTa (A Robustly Optimized BERT Pretraining
Approach): RoBERTa, developed by Facebook Al, is an
improved version of BERT that tweaks its pretraining
strategy for better performance. It removes the Next
Sentence Prediction (NSP) task, increases the training data
size, trains for longer, and uses larger batches and learning
rates. By optimizing these hyperparameters and training
protocols, RoBERTa achieves better accuracy and
generalization across several NLP benchmarks while
maintaining BERT’s underlying encoder-based architecture.
Its particularly known for its strong results in text
classification and understanding tasks.

2.3.3 Transfer Learning and Fine Tuning

Transfer learning is a technique where a model trained on
one task or dataset is reused as the starting point for a
different but related task. In NLP, this often involves
pretraining large Transformer-based models (like BERT or
GPT) on massive text corpora to learn general language
patterns, word relationships, and contextual representations.
These pretrained models already understand grammar,
syntax, and semantic relationships, which can then be
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adapted to a new, more specific task (like sentiment
analysis, text classification, or named entity recognition)
using much less labeled data than training a model from
scratch would require. Transfer learning has become a
standard approach in modern NLP, dramatically improving
both efficiency and accuracy.

Fine-tuning is the process of taking a pretrained model and
slightly adjusting its parameters on a specific downstream
task using task-specific labeled data. During fine-tuning, the
model's weights initially set during pretraining are updated
to optimize performance for the new task while retaining the
general language knowledge it has already learned. For
example, you might fine-tune a pretrained BERT model on a
dataset of movie reviews to perform sentiment analysis. This
process is usually much faster and requires less data than
full model training, as the model already has a strong
foundation in understanding natural language.
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3. NLP Applications

31 Information Retrieval and Extraction

Information Retrieval (IR) is a mechanism for getting useful
information from unstructured or semi-structured groups of
data based on user query or input. IR is document or data
set searching and sorting to generate the most suitable
replies to the user. IR systems are ubiquitous in web search
engines, where keywords of user queries are matched
against stored information in indexes to deliver related
documents. The quality of an IR system is normally
measured using measures like precision and recall, and
scoring functions like term frequency-inverse document
frequency (TF-IDF) or BM25 used to rank the responses.
The aim is to eliminate as much rubbish information as can
be removed and extract as much worthwhile information as
can be obtained.

Information Extraction (IE) refers to computerized processing
for acquiring structured information from unstructured text. It
is the process of assigning tags to certain types of
information like names, dates, locations, relationships, or
events in a document.IE structures text in a form that
enhances its readability and understandability by machines.
Among the most effective methods that are employed in IE
are Named Entity Recognition (NER), which is a method that
identifies organizations and individuals; Relation Extraction,
which identifies relations between entities; and Event
Extraction, which identifies actions and events. |IE is used in
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applications like building knowledge graphs, summarization,
or semantic search.

3.1.1 Search Engines and Ranking

Search Engines are computer programs to fetch useful
information from large data stores, i.e., the internet or huge
document repositories, in response to search queries. They
operate by crawling and indexing information so that users
can fetch information pertaining to their needs in an efficient
manner. The main task of search engine is ranking
algorithms, which decide the order of results. Ranking is
performed considering numerous factors including keyword
relevance, page rank, content quality, user behavior, and
personalization in some instances. TF-IDF, BM25,
PageRank, and machine learning algorithms crawl and rank
documents to rank most informative and accurate results.To
enhance user satisfaction and accuracy of search results, a
search engine's capacity to rank useful content higher is a
significant factor in its capacity to rank useful content. An
elementary real-world example that demonstrates how
search engine ranking operates is as follows

User Query
"Best Italian restaurants in New York"
Step-by-Step Ranking Breakdown:

Query Analysis: It processes the query to determine key
words: "ltalian restaurants" and "New York."

Document Retrieval: It scans its index for pages that have
references to New York Italian restaurants.
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Ranking Factors : The search engine computes a relevance
score for each document based on factors such as

Keyword Matching: Is the page referencing "ltalian
restaurant" and "New York"?

Content Quality: Are reviews or descriptions quality and good
ones?

Authority Signals: Is the page more authoritative (e.g.,
NYTimes or Yelp is more authoritative)?

User Behavior: Is everyone generally clicking and remaining
on this result if they're searching for the same kind of
searches?

Freshness: Is it fresh (e.g., newest opening hours or newest
reviews)?

Local Context: Is the user in New York or the local area?
(Used for personalization ranking)

Final Ranked List: The results are ordered in decreasing
order of their relevance scores, and the best result is usually
the best rated or most clicked Italian restaurant page of New
York.

3.1.2 Named Entity Recognition (NER)

Named Entity Recognition (NER) is a significant Natural
Language Processing (NLP) task that involves the
identification and categorization of named entities in text into
some pre-defined categories such as persons, organizations,
locations, dates, quantities, etc. For example, in the
sentence "Apple Inc. was established by Steve Jobs in
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California in 1976," a NER system would tag "Apple Inc." as
an organization, "Steve Jobs" as a person, "California" as a
location, and "1976" as a year. NER has applications in
many fields like information extraction, question answering,
and content categorization. It is used to convert unstructured
text into structured data, which is more convenient for
computers to understand and process human language.

A sample sentence with Named Entity Recognition (NER)
tags showing how entities are identified and tagged:

Original Sentence:

"Barack Obama was born in Hawaii on August 4, 1961, and
was the 44th President of the United States."

NER-Tagged Output:
Barack Obama — PERSON
Hawaii — LOCATION
August 4, 1961 — DATE
44th — ORDINAL

President — TITLE (in some models treated as a position
or role depending on the model)

United States — LOCATION or GPE (Geo-Political Entity)

NER models usually employ BIO tagging (Beginning, Inside,
Outside) internally, which is represented in table 3.1

Table 3.1 Tokens and Tags
Token Tag
Barack B-PERSON
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Obama I-PERSON
was O

born O

in 0]

Hawaii B-LOCATION
on O

August B-DATE

4 I-DATE

, I-DATE

1961 I-DATE

3.1.3 Relation and Event Extraction

Relation Extraction is the identification and tagging of
semantic relations between entities in text. Having found
entities like people, organizations, and locations (through
Named Entity Recognition), Relation Extraction identifies
how they are related to one another. For example, in the
sentence "Elon Musk is CEO of Tesla,” the entity "Elon
Musk" and "Tesla" are related through the "CEO-of" or
"works-for" relation. This is critical in constructing knowledge
graphs, auto-filling databases, and feeding question
answering systems with contextual relation understanding.

Event Extraction, on the other hand, is concerned with the
identification of events or actions described within a specific
text and their extraction of main components such as actor
(who), action (what), target (to whom/what), and time
(when).For instance, in the sentence below

"Amazon acquired Whole Foods in 2017,"

such as an event extraction tool would report the type of
event as "Acquisition" with agent Amazon, target Whole
Foods, and time 2017.
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Event extraction can be applied to aggregate news, detect
trends, or compare historical and current data.

For Example: "Google bought Fitbit in 2019 for $2.1 billion."

Named Entities: Google (ORG), Fitbit (ORG), $2.1 billion
(MONEY), 2019 (DATE)

Relation Extraction is given by
(Google, acquired, Fitbit)
(Deal-value, $2.1 billion)
Event Extraction is given by
Aquisition Event: Acquisition
Actor: Google
Target: Fitbit
Amount: $2.1 billion
Date: 2019
3.2 Machine Translation

Machine Translation (MT) is the computerized process of
converting written words or spoken words from a source
language to a target language using software applications. It
attempts to preserve the meaning and grammatical structure
of the original content in the target language, as well as its
context. Modern MT systems are powered by advanced
artificial intelligence, primarily neural networks, that have
brought accuracy in translations to a substantial level. The
models like Google Translate or DeepL use neural machine
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translation (NMT) models, which learn to translate from large
bilingual corpora. MT enables cross-lingual communication
by making information readily available in other languages
for people around the globe. Idioms, context, tone, and
domain-specific terms are few of the issues with MT. The
key component of MT are as follows:

Encoder: The encoder processes the input sentence (e.g.,
French) and converts it to a dense representation, a context
vector, or so-called. This is normally done by means of
RNNs, GRUs, LSTMs, or even more recently using
Transformers. For examples " Je suis étudiant” — converted
to a sequence of vectors representing the meaning of each
individual word and also the sentence itself.

Attention Mechanism: As opposed to inserting the entire
input into a single fixed-size vector (lossy), attention allows
the decoder to attend to different parts of the input while
translating. It computes each word's relative contribution to
each word to translate.

Decoder: The decoder emits the translated sentence (e.g., in
English) word-by-word based on the context vector and
attention weights. It generates the upcoming word based on
the current output word and the highlighted context.

3. Example:
Input Sentence (French):

"Je suis étudiant."
Step-by-step translation:

Encoder converts this to vector representations.
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Attention enables the decoder to focus on "étudiant" while
translating "student,” and on "Je" while translating "I."

Decoder output: "l am a student."
3.2.1 Rule-Based vs. Statistical vs. Neural MT

Rule-Based Machine Translation (RBMT) Rule-Based MT
relies on pre-defined linguistic rules and dictionaries to
translate. It uses explicit grammatical rules for the target and
source languages to analyze sentence structure and syntax.

Working Process:

The system first analyzes the grammar and syntax of the
source language (parsing) followed by transformation rules
application to generate a grammatically correct translation in
the target language.

It contains:
Lexical databases: Converting words into their translations.

Syntactic rules: Defining how words can be combined into
sentences.

Semantic rules: Comprehending sentence meaning and
removing ambiguities.

Advantages:
Very accurate for well-specified language pairs.
Easy to interpret.

Disadvantages:
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Needs extensive hand-rule creation, which is time-
consuming.

Hard to scale up to many languages or support varying
sentence structures.

Statistical Machine Translation (SMT) : Statistical MT
depends on statistical models for making translation choices
from big bilingual corpora (parallel text) rather than hard-
wired linguistic rules. The machine learns translation
capacity by analyzing patterns and probabilities in the
corpora. The working process is as follows

Training Phase: The system learns on a large corpus of
sentence pairs of the target and source language. It learns
what words or phrases are translated into what words or
phrases.

Decoding Phase: During translation time, the system
translates the most likely translation by considering word
alignment, sentence structure, and other statistical
likelihoods learned during training.

Key Methods:

Phrase-based Translation: Breaks sentences into smaller
phrases to translate.

Word-based Translation: Translates word for word, taking
into account word frequency and alignment.

Advantages:
More scalable than RBMT (can be trained on large datasets).
Can translate languages with less strict grammar rules.

Disadvantages:
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Less fluent translations, as it doesn't have a complete
understanding of context.

Needs huge, good-quality bilingual corpora, possibly not
available for all languages.

Neural Machine Translation (NMT): NMT uses deep
learning, in particular neural networks, to learn the translation
from example data directly in the absence of linguistic rules.
The state-of-the-art architecture for NMT is usually the
encoder-decoder model enhanced with the attention
mechanism or with Transformers. The working process is as
follows

The encoder reads the entire sentence in the source
language and encodes it into a high-dimensional vector
representation (a dense continuous vector).

The decoder generates the translated sentence word by
word from this vector, having an attention mechanism that
can attend to the appropriate parts of the source sentence
for each word being translated.

Advantages

Creates smooth and contextually appropriate translations,
especially for complex sentences.

Scalable, flexible to a multitude of languages, and rule
creation is not hand-based.

Very efficient at low-resource languages, especially with lots
of data available.

Weaknesses:

Requires gigantic parallel data and computer resources.
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Still still struggles with long-distance dependencies and
idiomatic expressions, but much less than SMT.

Table 3.2 provides the comparison between rule based,
statistical and neural MT

Table 3.2 Rule based vs statistical vs Neural MT

Feature Rule-Based | Statistical Neural MT
MT (RBMT) | MT (SMT) (NMT)
Linguistic | Statistical | DS
Core learning
rules and | models from
Method L . (neural
dictionaries | corpora
networks)
Large
. Manual rules | Large parallel
Training .
and bilingual corpora and
Data - .
dictionaries | corpora neural
models
ngh. , for Moderate, High,
specific contextually
Accuracy depends on
language . accurate
. data quality .
pairs translations
Limited  to | MOr® Highly
. e scalable, but | scalable
Scalability specific
) needs large | across
pairs
data languages
Handling Resolves Resolves Resolves
Ambiguity using using using
predefined probabilistic | learned
rules models patterns
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from data
Highl
Requires Can be ad% ’Elable
Adaptability | manual adapted with | . P
. . with data
intervention | new data
updates
Resolves
Resolves Resolves .
. . . using
Handling using using
. . A learned
Ambiguity predefined probabilistic
patterns
rules models
from data

3.2.2 Transformer-based Translation Systems

Transformer models have revolutionized machine translation
and natural language processing (NLP) since they can
handle long-range dependencies in text more effectively than
past models like RNNs and LSTMs. Transformer
architecture, introduced by Vaswani et al. in 2017 in the
paper "Attention is All You Need", has since become the
foundation for the majority of state-of-the-art systems for
translation like Google Translate, DeeplL, and Marian NMT.

Transformer Architecture: The Transformer model relies
entirely on self-attention mechanisms to handle input data,
as opposed to previous recurrent layer-based models (e.g.,
LSTMs or GRUs). The use of the attention mechanism
allows for handling the whole sentence at once, instead of
word by word, which results in better parallelization and long-
range dependencies. The Transformer consists of two
primary parts:
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Encoder: Transforms the input sequence (e.g., source
language sentence) into a sequence of vectors denoting the
meaning of the input.

Decoder: Takes the vectors and generates the translated
output (e.g., target language sentence).

The encoder and decoder consist of a number of layers,
each consisting of two subcomponents:

Self-Attention Layer: Helps the model focus on different parts
of the sentence, assigning weights to the importance of each
word in relation to others.

Feed-Forward Neural Network: A simple neural network that
processes the information from the attention layer.

Self-Attention Mechanism: Self-attention enables the model
to weigh how important every word in a sentence is
compared to all others. The model can learn in the sentence
"The cat sat on the mat," that "cat" is more closely related to
"sat" than "the," and "mat" to "sat." This is crucial in
translation, where context can change what a word means,
and the model needs to be aware of these relationships well.

Scaled Dot-Product Attention: The operation computes
attention weights between words through a dot product of
query, key, and value vectors. The attention weights are
used to scale the contribution of each word in the sentence.

Positional Encoding: Because Transformers do not naturally
know about the word order (compared to sequential models
such as RNNSs), the input vectors are supplemented with
positional encodings to capture word position information in
the sequence. The position encodings are added to the input
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embeddings so that word order can be conveyed and so that
sequence information is maintained.

3.2.3 Evaluation Metrics (BLEU, METEOR)

In the context of Natural Language Processing (NLP),
especially for tasks like machine translation or text
generation, evaluation metrics like BLEU and METEOR are
used to measure the quality of the generated text by
comparing it with reference texts.

BLEU (Bilingual Evaluation Understudy)

One of the best-known automatic machine translation quality
metrics, BLEU estimates the precision of n-grams (word
strings) in the ftranslated text compared to a reference
collection of texts. Its value range is between 0 and 1,
where 1 is if the translated sentence is the same as the
reference sentence.

Main Features:

-gram precision: BLEU calculates precision at unigrams (1
word), bigrams (2 words), trigrams (3 words), etc.

Brevity Penalty: There is a penalty for when the output is
shorter than the reference so that very short translations,
while technically more accurate, are not fully informative.

Limitations: BLEU does not consider synonyms or n-gram
order flexibility. BLEU also does not consider semantic
meaning, thereby sometimes giving high scores to
syntactically incorrect sentences with corresponding n-grams

METEOR (Metric for Evaluation of Translation with Explicit
ORdering)
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METEOR is intended to address some of the limitations of
BLEU by taking into account synonyms, stemming (reducing
words to their base form), and word order. Score Range: 0 to
1, where 1 means that the generated and reference texts are
the same.

Key Features:

Synonymy: METEOR takes into account synonyms (e.g.,
"happy" vs. "joyful").

Stemming: It takes into account all various forms of a word
(e.g., "running" and "run").

Word order: METEOR has more focus on word order and
penalizes word-order discrepancies more than BLEU.

Match types: Yes, it does score exact matches, stem
matches, synonym matches, and even paraphrase matches.

Limitations: Similar to BLEU, it also is still not entirely
meaning-expressive and even doesn't have higher semantic
relations among words.

Both are extremely common, but both have their restrictions.
Both are often mixed or utilized together with human intuition
in an attempt to produce more accurate outcomes.

3.3 Text Summarization

Text Summarization is an NLP task that involves a concise
and coherent summary of a longer text with its vital
information and meaning intact. It's usually used in news
summarization, document summarization, research work,
etc.There are two major approaches: extractive and
abstractive
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Extractive Summarization produces a summary by the
process of selection and extraction of relevant sentences or
phrases from the input text, directly from the input text itself,
instead of producing new text. It normally ranks the
sentences based on relevance following parameters like
term frequency, sentence position, and word co-occurrence,
and employs the highest-ranking sentences for
summarization. The most widely utilized models and
algorithms for extractive summarization are TextRank (a
graph model), LSA (Latent Semantic Analysis), and
LexRank. The best advantage of extractive summarization is
that it is grammatically correct since it includes the text's
original sentences. One major disadvantage is that the
summary produced may be meaningless or not coherent
among the sentences it has been sourced from, and thus
potentially less readable or coherent than an abstractive
summary.

Abstractive Summarization works by generating new
sentences to convey the main points of a written document,
which paraphrase or restate text from the original work.
Abstractive summarization uses strong neural networks and
language models to read the context and paraphrase.
Sequence-to-Sequence models with  attention, and
Transformer-based models like BART, T5, and GPT are
some of the popular abstractive summarization models. The
primary strength of abstractive summarization is that it
produces more natural-sounding, human-like summaries that
can rephrase complex ideas. However, it is more
computationally intensive and can be prone to factually
incorrect information, especially when the model produces
non-identical-similarity text to the input.

Evaluation Metrics for Summarization
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ROUGE (Recall-Oriented Understudy for Gisting Evaluation):

Measures overlap of n-grams between generated and
reference summaries.

Common variants: ROUGE-N (unigrams, bigrams), ROUGE-
L (longest common subsequence).

BLEU, METEOR: Sometimes used, though less common
than ROUGE for summarization.

3.3.1 Extractive vs. Abstractive Methods

Extractive Summarization is a method that finds and picks
the most significant sentences or phrases of the original text
to produce a summary. It does not rewrite or paraphrase the
content but extracts as-it-is based on parameters such as
keyword frequency, sentence position, or similarity to other
sentences.TextRank and LexRank are well-known
algorithms for this technique. While it gives precision at the
sentence level in using new sentences, it can also give a
summary poor in harmony or flow between ideas where lots
of background information is omitted.

Abstractive Summarization, on the other hand, produces new
sentences that express the meaning of the source text.It tries
to generate summaries as close to human writing as
possible, paraphrasing, summarizing, or rewriting text at
times. Abstractive summarization relies heavily on state-of-
the-art deep learning architectures such as Transformers
(e.g., BART, T5, GPT) over big corpora. While it is more
natural and contextually aware in its response, it can be fact-
vulnerable and requires greater computational capacity to
train and run efficiently. Table 3.3 provides the differences
between the extractive and abstractive summarization.
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Table 3.3 Extractive Vs Abstractive summarization

Aspect Extractive Abstractive
Generates From existing New sentences
sentences
Flexibility Rigid Flexible and
creative
High grammatical | Risk  of factual
Accuracy . . .
accuracy inconsistencies
. Higher (needs
Complexity Lower :
deep learning)

3.3.2 Encoder-Decoder Models

Encoder-Decoder Models are a foundational architecture
used in many abstractive text summarization systems. They
follow a sequence-to-sequence (Seq2Seq) framework,
originally designed for tasks like machine translation, and
later adapted for summarization and other NLP tasks. The
working of Encoder-Decoder Models are as follows

e Encoder

o Takes the input text (e.g., an article or paragraph).

e Converts it into a fixed-length vector or a series of

context-rich representations.

e Captures the semantic meaning of the input.
Decoder:

e Uses the encoder's output to generate the summary
word-by-word.

e Often includes an attention mechanism, allowing the
decoder to focus on specific parts of the input text at
each step.

Key Components

e Recurrent Models: Early encoder-decoder models
used LSTMs or GRUs.
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Attention Mechanism: Allows the decoder to "look at"
different parts of the input text dynamically, improving
context understanding.

Transformer Models: Replaced RNN-based
architectures with self-attention, leading to models
like BART, T5, and PEGASUS.

Table 3.4 lists some of the popular Encoder-Decoder Models
for Summarization

Table 3.4 Encoder-Decoder models for summarization

Model Description

Combines a bidirectional encoder (like
BERT) with an autoregressive
decoder (like GPT). Pretrained on

BART corrupting documents and
reconstructing them, making it strong
at summarization.

Stands for “Text-to-Text Transfer

5 Transformer.” Treats every task

(including summarization) as a text
generation problem.

PEGASU | gap-sentence generation objective,
S

Specifically designed for
summarization. Pretrained using a

where important sentences are
masked and the model learns to
predict them.

Advantages of Encoder-Decoder Models in Summarization

3.3.3

Generate fluent, natural-sounding summaries.

Can paraphrase and reorganize ideas.

Support fine-tuning for domain-specific
summarization tasks (e.g., legal, medical).

Evaluation Challenges
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Evaluating text summarization systems, especially
abstractive summarization, is plagued with challenges that
go beyond simple accuracy metrics. The main evaluation
challenges are as follows:

Lack of a Single "Correct” Summary: One of the significant
challenges in testing text summarization is that very often
there isn't one unique answer. Several different summaries
might pick out differing portions of the source text on grounds
of context or user specification. This gives the flexibility a
computer metric will struggle to acquire an accurate count of
a produced summary when differing from the reference,
though every bit as correct or informative Most traditional
scores like ROUGE and BLEU are surface-feature based to
a significant extent, employing features like n-gram overlaps.
These scores favor literal copy of the reference summary but
not paraphrased material or synonyms. High-quality
summaries that use different words can thus receive lower
scores even though they preserve the intended meaning.

Factual Consistency: Abstractive summarization models,
especially those based on neural networks, are capable of
generating text that is fluent but factually incorrect
hallucination. Current evaluation metrics will not pick up
these errors, so summaries might rank highly with containing
misleading or false information that is not in the original text.

Lack of Coherence and Fluency Metrics: Whereas surface-
level measurements can measure the overlap of content,
they will not evaluate writing quality in an effective summary.
Coherence (logical sentence-by-sentence development) and
fluency (grammar and readability) are critical in usability but
regularly overlooked in automation. Thus, summaries that
feel awkward or disconnected can still earn high marks so
long as they contain the appropriate words.
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Reference Bias: Reference summaries by humans are
personal and also usually follow the author's prerogative for
what is most important information. Grading frameworks
relying on comparison of generated summaries against a
hard reference will penalize perfectly accurate answers
simply because they express identical concepts in dissimilar
words or put different paramount points forward.

Domain Sensitivity: In technical domains like legal, medical,
or technical writing, summaries require domain knowledge to
be accurate and useful. Measurement standards that do not
rely on domain knowledge are prone to not measuring the
quality of summaries in such domains, failing to capture
subtleties a domain expert would catch.

Human Evaluation is Costly: Although human evaluation is
the gold standard for assessing summary
quality—considering aspects like informativeness,
coherence, fluency, and factual accuracy—it is expensive
and time-consuming. Scaling human evaluations to large
datasets or frequent model updates is impractical, making it
necessary to rely on imperfect automated metrics.

34 Question Answering and Chatbots

Question Answering (QA) is a Natural Language Processing
(NLP) special task where exact answers are retrieved or
generated for responses to user questions. QA systems
attempt to comprehend natural language questions and
provide exact, usually short, answers by information
extraction from structured databases, documents, or
unstructured text (e.g., Wikipedia articles). There are various
forms of QA systems: closed-domain QA is specialized in
particular domains (e.g., medical or legal), whereas open-
domain QA deals with general knowledge on diverse topics.
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QA systems may be extractive (extracting answers from a
passage directly) or abstractive (producing answers based
on text comprehension).

Chatbots, however, are more chatty Al and are designed to
mimic human conversation. Chatbots can be used to engage
in casual conversation, assist with customer service,
schedule appointments, or act as virtual assistants. Chatbots
can be rule-based and respond based on predefined scripts,
whereas others use machine learning and large language
models to create context-sensitive responses. In contrast to
point-answer-seeking QA systems, which are more focused
on conversation context, user response, and sequential
understanding in hundreds of interactions, contemporary
chatbots integrate QA technologies for answering
straightforward factual questions into a conversation.. Table
3.5 provides the difference between QA and Chatbots.

Table 3.5 QA vs. Chatbots

o Question
Criteria Answering (QA) Chatbots
. Provide accurate Maintain a
Primary e coherent,
answers to specific | . :
Goal ) interactive
questions .
conversation
Open-ended
Input Type D|rect., factual prompts,
questions greetings,
requests, eftc.
Response , Conversational,
Concise, factual
Style context-aware
Examples | Search engines, Customer
QA over service bots,

118



A.Bharathi

documents, virtual booking agents,
assistants chat Als
Information Rule-based
Technique | retrieval, logic, NLP,
s Used extractive/abstracti | Transformer-
ve models based models
More flexible
Complexit | High precision but requires
y required context
management

3.41 Rule-based QA Systems

Rule-based Question Answering (QA) systems are among
the earliest approaches to building QA functionality. These
systems rely on predefined rules, patterns, and templates to
understand questions and retrieve corresponding answers
from a structured knowledge base or a fixed corpus.The
working of rule based QA is as follows.

Rule-based QA systems operate by:

Parsing the user’s question using manually crafted rules
(e.g., regular expressions or grammar-based parsing).

Identifying key entities and intent in the question.

Matching the query to a prewritten template or accessing a
database using a fixed schema.

Retrieving or generating the answer using deterministic logic
(e.g., “If the question is ‘What is X?’ then return the definition
of X from the dictionary”).

Key Features
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Deterministic: Produces predictable and repeatable
responses.

Domain-specific: Typically tailored to a narrow field (e.g., a
medical QA system with a medical database).

Fast and efficient: Low computational cost compared to
modern ML models.

No training data needed: Relies on handcrafted logic instead
of machine learning.

Advantages
High accuracy in restricted, well-understood domains.
Full control over behavior, avoiding unexpected outputs.

Works well with structured data (e.g., SQL databases, rule-
based knowledge graphs).

Limitations

Brittle and inflexible: Fails when user input deviates from
expected formats.

Hard to scale: Creating and maintaining rules for all possible
question types is labor-intensive.

No learning: Cannot adapt or improve from new data or
interactions.

For example, the user input is : “What is the capital of
Japan?”’

Rule Match: Pattern “What is the capital of [Country]?”
System Action: Look up “Japan” in database.
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Answer: “Tokyo.”

Rule-based QA systems are still used in enterprise settings,
where the domain is tightly controlled and high precision is
necessary. However, they are increasingly being combined
with ML-based methods for more flexibility.

3.4.2 Open-Domain QA with BERT/GPT

Open-Domain Question Answering (QA) with models like
BERT and GPT represents a major advancement in enabling
machines to answer fact-based questions across any
topic—not just within a predefined domain. Open-Domain QA
systems are designed to answer questions without being
limited to a specific field, like medicine or law. They typically
rely on large unstructured text corpora (e.g., Wikipedia) and
are expected to retrieve or generate answers using general
knowledge.

BERT-based QA (Extractive QA)

Architecture: BERT (Bidirectional Encoder Representations
from Transformers) is a contextual encoder.

Approach: Given a question and a passage, BERT is fine-
tuned to predict the start and end positions of the answer
span within the passage.

Pipeline:
A retriever (like BM25 or DPR) finds relevant documents.

BERT serves as a reader, extracting the answer from those
documents.

Use Case: Precise fact retrieval when source text is known
or retrievable.
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Example:
Question: "Who developed the theory of relativity?"

BERT extracts: "Albert Einstein" (from a Wikipedia
paragraph).

GPT-based QA (Abstractive QA)

Architecture: GPT (Generative Pre-trained Transformer) is a
decoder-only language model.

Approach: GPT generates answers from scratch based on its
internal knowledge or augmented input (like retrieved text).

Capabilities:
Generates fluent, human-like responses.
Can handle conversational, multi-turn QA.

Optionally enhanced using tools like Retrieval-Augmented
Generation (RAG).

Use Case: Creative or complex queries, or when
summarizing or rephrasing answers is helpful.

Example:
Question: "What's the significance of the theory of relativity?"

GPT generates: "It revolutionized our understanding of
space, time, and gravity by introducing the idea that time and
space are relative and linked through spacetime. Table 3.6
lists the differences between BERT and GPT.

Table 3.6 BERT vs. GPT for Open-Domain QA

Feature BERT GPT |
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. Abstractive
Extractive (selects
Answer Type (generates new
from context)
text)
Can answer
Input Needs relevant . .
using internal
Dependency context/document
knowledge
Long-form,
Factual, short g .
Best For conversational
answers
answers
o Limited without | May hallucinate
Limitations .
retriever context facts

3.4.3 Designing Conversational Agents

Designing Conversational Agents (CAs), also known as
chatbots or virtual assistants, involves creating systems
that can interact with users in natural, human-like dialogue.
These agents range from simple rule-based bots to
advanced Al-driven systems that can handle complex, multi-
turn conversations.

3.4.4 Key Design Considerations for Conversational
Agents

User Intent Recognition
Goal: Understand the purpose behind the user's input.

Approach: Use Natural Language Understanding (NLU) to
classify user intent and extract key entities (e.g., dates,
places, products).

Tools: Predefined intents (for rule-based agents), machine
learning models (for Al-driven agents), and frameworks like
Rasa NLU, Dialogflow, or BERT-based models.

Dialogue Management
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Goal: Keep track of the conversation flow, maintaining
context across turns.

Approach: Maintain state tracking and context history to
manage ongoing conversations and understand references
to previous inputs.

Tools: Stateful or stateless dialogue managers, such as
Markov models, reinforcement learning, or deep learning
models like Transformers.

Response Generation

Goal: Generate coherent, contextually appropriate
responses.

Approach: Can either be template-based (rule-based) or
dynamic (generated by Al models).

Template-based: Predefined responses are used, often
relying on slot-filling (e.g., “Your booking is confirmed for
[date]”).

Al-driven: Uses NLG (Natural Language Generation) models
like GPT to generate more natural, flexible responses.

Tools: Sequence-to-sequence models (e.g., GPT, T5),
retrieval-based models, hybrid systems combining both.

Personalization and Adaptability

Goal: Make the agent more effective by tailoring its
responses to individual users.

Approach: Store user preferences, history, and data to
improve future interactions and provide relevant content
(e.g., personalized recommendations).

124



A.Bharathi

Tools: User profiles, machine learning models for behavior
prediction, personalization frameworks.

Multimodal Capabilities

Goal: Provide a richer user experience by incorporating
multiple input/output modalities (e.g., text, voice, images, and
actions).

Approach: Integrate speech recognition and synthesis, visual
input processing, or even actions such as booking
appointments.

Tools: Speech-to-text (STT) and text-to-speech (TTS)
models, image recognition models, API integration for
external systems.

Fallback and Error Handling

Goal: Provide graceful handling of unrecognized input or
errors.

Approach: Have fallback responses like "I'm sorry, | didn’t
understand that" and a mechanism for escalating issues to a
human if necessary.

Tools: Contextual fallback policies, error prediction
algorithms, manual escalation options.

3.4.5 Architecture of a Conversational Agent

Input Layer: The input layer is responsible for managing user
input as voice or text. The input that comes, when subjected
to pre-processing tasks like tokenizing, normalization, and
parsing of language, serves to partition input into
manageable form easily processable and ready to be
thoroughly studied. Plain language recognition and noise
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removal of voice inputs can also be assumed under this
layer.

Understanding Layer (Natural Language Understanding -
NLU):It is the layer which tries to understand the user's intent
and collect useful data. It maintains intent classification,
wherein the system decides what the user is trying to
accomplish (for example, booking an air ticket or seeking
weather information) and entity recognition, wherein the
system collects some data points around the intent (for
example, date, destination, or city). This is where the input
must generate meaning and contextually appropriate
responses.

Dialogue Management Layer: The system controls the
conversation flow by keeping the conversation context and
state. The system keeps track of interactions and makes
sure that the response is personalized according to the
conversation history context. This information is utilized by
the dialogue manager in determining what would be the next
action or inquiry to preserve goal-orientedness and
coherence of talk.

Response Generation Layer (Natural Language Generation -
NLG): This is the layer that builds human-like responses
from the system's interpretation of the input and dialogue
state. The responses can be built with pre-defined templates
for formal responses or more interactive, generative models
such as GPT for informal, conversational responses. The
aim is to build responses that are engaging and relevant to
the user.

Action Layer (Optional):: Anytime the system is required to
undertake an action, there will be an action layer that gets
called. It will do back-end actions such as query to database,
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API request, send email, or transactions (reserve ticket or
obtain the weather). It bridges the chatbot to third-party APls
for performing user requests outside conversation.

3.4.6 Types of Conversational Agents

Rule-Based Agents: Rule-based agents operate by running
pre-defined rules, business processes or decision trees.
They are trained to respond to provided user input according
to pre-defined patterns or keywords. They are simple to
implement and highly effective at running repetitive and
highly structured tasks such as simple customer care
inquiries, FAQs, or form filling. But they are not adaptable
enough to learn context or react to novel user input, so they
are ill-suited to dynamic or open-ended conversation. They
are not scalable, as more functionality will usually be manual
rule changes. The figure shows the types of conversational
agents. Figure 3.1 shows the types of conversational agents.

Rule
Based
l
Types of
Conversational
Agents
e N

Hybrid AL
Systems powered

Figure 3.1 Types of conversational Agents
Al-powered Agents: Machine learning and NLP approaches
are adopted by Al agents in order to decode user input and
react in due course dynamically. Unstructured and complex
language can be processed as well as can react according to
different forms of conversation context. This is higher than
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that in rule-based ones because of such capability. Such an
agent best suits where a contextual demand is present, for
example, automation of helpdesks or voice assistants. Al
models can also generate wrong or misplaced responses
(so-called hallucinations), especially when operating in open-
domain or ambiguous conditions.

Hybrid Systems: Hybrid chat systems use a combination of
rule-based and Al-based approaches to attempt a balance
between effectiveness and intelligence. Design in such a
manner allows systems to handle trivial, predictable
questions through rules and reserve Al models for tricky,
context-specific discussions. An illustration would be a hybrid
chatbot using a rules-based system to handle normal
requests like password recovery or order status and routing
to an Al model for more complex support requests. Through
the integration of the two systems' strengths, hybrid systems
are able to offer improved and adaptive performance and
alleviating the weakness of one system in its usage.

3.4.6 Challenges in Designing Conversational Agents
Ambiguity and Misunderstanding:

Users often provide vague or ambiguous inputs, making it
hard for the agent to understand their intent.

Maintaining Context:

In multi-turn conversations, it's crucial to track context (e.g.,
references to past messages), but this can become complex,
especially with long dialogues.

Handling Unexpected Inputs:

User inputs can be out of scope, ambiguous, or nonsensical.
A robust fallback mechanism is required.
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Scalability:

As the range of topics or users grows, the conversational
agent needs to scale both in terms of handling complexity
and storing user-specific information.

User Satisfaction:

Providing a seamless, natural, and satisfying experience can
be challenging, particularly when users expect high-level
interactions.

Tools and Frameworks for Designing Conversational Agents

Rasa: An open-source framework for building conversational
Al that offers tools for NLU, dialogue management, and
custom action handling.

Dialogflow: A Google Cloud service for building
conversational interfaces, especially focused on integrations
with Google services.

Microsoft Bot Framework: A comprehensive framework for
building and deploying bots across multiple channels.

GPT-based systems: For advanced response generation and
conversational handling in an open-domain context.

3.5 Sentiment Analysis

Sentiment Analysis and Opinion Mining are key
techniques in Natural Language Processing (NLP) that
involve extracting and understanding people's emotions,
opinions, and attitudes from text data. These methods are
particularly useful in areas such as social media monitoring,
customer feedback analysis, and market research.
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Sentiment analysis refers to the process of determining the
emotional tone behind a body of text, which can be used to
gain an understanding of the sentiments expressed within it.
The goal is to classify the sentiment of the text as positive,
negative, or neutral.

3.5.1 Application Areas:

Social Media Monitoring: Sentiment analysis is employed for
serious social media monitoring of platforms such as Twitter,
Facebook, and Instagram. Based on the analysis of public
user-generated content such as tweets, posts, and
comments, businesses can access real-time public
sentiment regarding products, services, events, or social
issues. Businesses can spot issues before they occur, track
campaign outcomes, and react promptly to consumer
sentiment. Social sentiment analysis is particularly crucial
during product launches or PR crises because it helps
companies respond in real-time to the mood of the public.

Customer Feedback: Companies prefer collecting feedback
through product reviews, support conversations, and
questionnaires. Sentiment analysis helps them classify such
feedback as positive, negative, or neutral, providing a more
structured view of customer satisfaction. Through customer
emotion pattern detection, businesses can see where they
need to get better, what is liked, and how to make the user
experience better overall. Automated classification proves
useful when handling numerous feedbacks so that there can
be quicker and more wise decisions.

Brand Monitoring: Sentiment analysis helps businesses to
evaluate how the brand is perceived within the market in
brand monitoring. By monitoring web mentions, news
coverage, and forums, companies can gauge the general
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sentiment about their brand. This helps marketing and public
relations teams establish reputation risk, monitor promotion
campaign success, and understand brand positioning
relative to rivals. Continuous mood monitoring also helps in
the creation of long-term communication and branding plans
so that brand perception is aligned with business goals.

Media Monitoring: Sentiment analysis is used for deep
analysis of social media platforms like Twitter, Facebook,
and Instagram. By the sentiment analysis of end-user
postings like tweets, posts, and comments, organizations
can gain in-real-time opinions from the general public about
a product, a service, an event, or social movements.
Organizations can pick up emerging trends, monitor
campaigns, and respond instantly to opinion from customers.
Social media sentiment analysis is especially useful when
there are product launches or public relations breakdowns as
it allows companies to make immediate adjustments
according to the sentiments of the masses.

3.5.2 Types of Sentiment:

Binary Sentiment: Binary sentiment classification is the most
basic form of sentiment analysis, where text data is
categorized into two binary sentiment categories—most
commonly positive or negative. Such a categorization is
generally used where a straightforward sentiment distinction
is all that is required, like whether product reviews or tweets
are negative or positive. Binary classification models are
easier to train and understand but may oversimplify complex
emotions, losing the neutrals or the blended ones.

Multi-class Sentiment: Multi-class sentiment analysis takes a
lead from binary classification to include additional classes of
sentiments such as neutral or mixed. It provides a closer
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approximation to the emotional tone in a piece of text. An
example is the case of product review that is not either
exclusively positive or exclusively negative but might express
an imbalanced or a neutral viewpoint. Multi-class
classification is particularly useful in sentiment analysis of
social media posts, customer feedback, or survey answers
where more detail is needed to properly measure the
sentiment.

Fine-grained sentiment analysis is a more detailed one in the
sense that it classifies the level or intensity of sentiment. The
typical ones are very positive, positive, neutral, negative, and
very negative. Companies are then not only able to observe
if comments are positive or negative, but also to what extent.
It is especially useful for use cases like movie or product
reviews, where readers are more likely to register all levels of
excitement or frustration. But sophisticated analysis requires
more advanced models and labeled data to properly interpret
them.

3.5.3 Techniques Used:

Lexicon-based sentiment analysis is based on dictionaries or
lexicons that are in place to map words to pre-defined
sentiment values, i.e., positive, negative, or neutral. Well-
known lexicons like AFINN, SentiWordNet, and VADER have
large collections of sentiment-carrying words and their
strength ratings. The process is a matter of scanning text for
the words and computing an overall sentiment score based
on their presence and strength. Lexicon-based methods are
simple, sequential, need no tagged training data and hence
are perfectly matched for fast processing. They are not
context-resistant, sarcasm-resistant, and jargon-resistant,
however.
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Machine learning-based sentiment analysis is statistical or
neural model training from labeled data for predicting text
sentiment. Older models such as Naive Bayes and Support
Vector Machines (SVM) are feature-based, and their features
such as n-grams or TF-IDF values are designed by hand.
Later models such as Long Short-Term Memory (LSTM)
networks and transformer-based models such as BERT learn
contextualized representations of text so that they can
capture more profound linguistic phenomena. These
approaches are generally more accurate and flexible than
lexicon-based but are computationally costly and need
humongous annotated corpora and computational resources
for training and tuning. Hybrid Approaches

Hybrid sentiment analysis approaches combine the
advantages of lexicon-based and machine learning-based
approaches to offer better overall performance. For the
example, lexicon features can be incorporated as extra
inputs to machine learning algorithms, or lexicon scores as
prior information to pre-bias predictions. This incorporation
enables improved sentiment recognition, particularly where
evidence is low quality or the text conveys subtle or
conflicting emotional cues. Hybrid models achieve a
compromise between interpretability and prediction
capability, and thus are suitable to most real-world
applications.

3. 6 Opinion Mining

Opinion mining, also referred to as opinion extraction, is a
broader concept that goes beyond sentiment analysis to
focus on identifying subjective information. While sentiment
analysis categorizes emotions or attitudes (positive,
negative, neutral), opinion mining aims to extract specific
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opinions, views, and judgments expressed by people in the
text. The key aspects of opinion mining are as follows

Aspect-based Opinion Mining: Extracting opinions about
specific features or aspects of a product or service (e.g., a
smartphone review might include opinions about the battery
life, camera quality, and user interface).

Targeted Sentiment: Instead of just classifying overall
sentiment, opinion mining aims to associate sentiments with
particular aspects or entities (e.g., "The camera is great" vs.
"The battery drains quickly").

3.6.1 Applications:

Product and Service Reviews : Aspect-based sentiment
analysis is widely used in user review analysis to determine
the opinions on specific aspects or attributes of a product or
service. For example, users can have positive sentiment on
the camera and negative sentiment on battery life when
reviewing a phone. Through the sentiment decomposition at
the aspect level, firms are able to get high-grained
information on what individuals like or dislike, and the door
opens to specific improvement and more effective
advertisement.

Market Research: Aspect-based consumer sentiment
analysis helps firms discover customers' sentiment and want
for particular product features. Such perceptive remarks aid
product innovation, absent needs identification, and new
feature adoption testing. With the implementation of aspect-
level sentiments on a large dataset, firms can make sense of
trends and patterns driving design and competitiveness.

Political Opinion Mining: Aspect-based sentiment analysis is
also useful in the political domain for opinion mining of

134



A.Bharathi

politicians, parties, and policies from sources such as social
media, blogs, and news websites. For instance, it can
separate the public perception of a leader's ability to
communicate from their economic policies. This type of
analysis allows for more accurate tracking of public opinion
so that political analysts, campaign workers, and the media
are better able to gauge subtle opinions of different
demographic groups.

3.6.2 Techniques

Aspect Extraction: Aspect extraction is the first method to
aspect-based sentiment analysis, and it refers to the
identification of some entities, attributes, or features within a
specific comment. For example, in the sentence "The battery
life of this phone is great," the aspect is "battery life." This is
an important step because it enables the system to
determine which part of the product or service is being rated,
laying the groundwork for particular sentiment classification.
Aspect extraction techniques range from rule-based
techniques to more advanced NLP techniques such as part-
of-speech tagging, dependency parsing, and named entity
recognition.

Sentiment Classification per Aspect: After features are
extracted, then the sentiment expressed for each of them
afterward must be ascertained. The sentiment for "battery
life" in the example is clear as positive. This can be positive,
negative, or neutral and it is carried out independently for
each and every one of the features that have been extracted.
Aspect-specific sentiment analysis yields a more specific
output than simple sentiment analysis since a single review
may reflect many sentiments across various aspects of a
product or service.
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Deep Learning Models : In an effort to enhance the
performance of aspect extraction and sentiment prediction,
deep neural models such as the Long Short-Term Memory
(LSTM) network and transformer-based models such as
BERT are employed nearly exclusively. These models are
probable to learn about semantics and language context as
opposed to other techniques. In particular, BERT has proven
extremely valuable in establishing how sentiments and
sentiment aspects co-occur because it has the ability to
encode bidirectional context. Such models could perhaps be
learned end-to-end or in multi-task learning manner to
enable learning the features at once and predicting the
sentiment, creating more scalable and strong solutions.
Table provides the differences between Sentiment analysis
and opinion mining. Table 3.7 provides the differences
between Sentiment analysis and Opinion mining.

Table 3.7 Sentiment Analysis vs Opinion Mining

Sentiment - -
Feature Analysis Opinion Mining
Identifies the | Identifies specific
overall sentiment | opinions about
Focus o . e
(positive, particular entities
negative, neutral) | or aspects
E
Single sentiment xtracted aspec?ts
or targets with
Output label for the . .
. their associated
entire text .
sentiments
Generally high- | More  detailed,
. with specific
Granularity level, overall
) aspects and
sentiment o
opinions
Example “ love the | “The camera
camera quality of | quality is great,
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this phone” — | but the battery is
Positive poor” — Aspect:
sentiment Camera

(positive), Aspect:
Battery (negative)

Challenges in Sentiment Analysis and Opinion Mining

Sarcasm and Irony:ldentifying sarcastic statements can be
difficult, as the sentiment expressed is often the opposite of
the words used.

Context Sensitivity: Sentiment can change depending on the
context, especially for words with multiple meanings (e.g.,
“I'm feeling sick” vs. “This movie is sick!”).

Ambiguity: Opinions can be vague or mixed, making
classification difficult (e.g., "The service was okay, but not
great").

Aspect ldentification: In opinion mining, correctly identifying
relevant aspects or entities in a review can be challenging,
especially for more complex sentences or informal language.

3.6.3 Lexicon-based vs. Machine Learning Methods

When it comes to Sentiment Analysis and Opinion Mining,
there are two primary approaches: Lexicon-based methods
and Machine Learning (ML) methods. Each has its strengths
and weaknesses, and the choice between them often
depends on the nature of the data, the complexity of the
task, and the resources available

Lexicon-based Methods

Lexicon-based approaches utilize pre-existing pre-compiled
word dictionaries(or lexicons) and their corresponding
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sentiment scores. Lexicons are usually a set of words along
with sentiment ratings to indicate if a word is positive,
negative, or neutral. The working process of lexicon based
method is as follows

Lexicon Construction: Constructing the lexicon is the initial
process of lexicon-based sentiment analysis. A sentiment
lexicon is basically a collection of words where every word
has a sentiment score that states whether the word is
positive, negative, or neutral in sentiment. A sentiment
lexicon can be used with tools available easily such as
AFINN, VADER, or SentiWordNet or developed specifically
as per the requirements of a project. At the time of custom
development, experts either give manual scores or utilize
data-driven methods to arrive at scores by annotating the
dataset. Such lexicon's quality and completeness have clear
implications on accuracy levels of sentiment analysis
outputs.

Word Sentiment Scoring: After the preparation of the lexicon
comes word sentiment scoring. During this process, each
input word is requested to refer against the sentiment lexicon
and arrive at respective scores per word. For example, if
"happy" has a score of +2 and "sad" a score of -2, these are
the emotional directions that each word carries. If a word that
is not known appears in the text, it is usually dropped or
given a neutral score. This quantifies the qualitative aspects
of text into numeric sentiment scores that can be computed
mathematically.

Aggregation:: After adding sentiment scores for each word in
the text, the final step is aggregation. In this case, all the
individual sentiment scores for each word are then summed
up in an effort to discover the overall sentiment of the text as
a whole. This typically includes summing up or averaging

138



A.Bharathi

scores. For example, a sentence comprising words scored
+2, -1, and +1 will have an aggregate score of +2 and
constitute a broadly positive sentiment. The other algorithms
have words scored as per their value or rank. An aggregate
score calculated overall provides a single figure representing
the affective tone of the content within the text.

Key Features:

e No Training Data Needed: Lexicon-based methods don't
employ labeled training data needed, and thus are
beneficial if such data doesn't exist.

o Cost-Effectiveness and Ease: They are simple to deploy
and computationally inexpensive.

e Transparency: Sentiment reasoning is transparent as it is
word- and lexicon-based directly.

e Advantages:

e Ease of Use: They are simple to deploy and quick.

e Low Resource Utilization: No annotation sets of sizes
that have high resource consumptions, nor computation.

e Interpretability: It is easy to back-trace the output to
specific words and sentiment.

o Weaknesses:

e Context Sensitivity: They are weaker with regard to
handling contextual niceties (e.g., sarcasm, negation, or
domain-specific slang).

e Limited Vocabulary: Vocabularies can miss essential
domain-specific vocabulary and colloquialism.

o Ambiguity: Multi-meaning words (e.g., "sick" meaning
"cool" in one context and "ill" in another) are difficult.

¢ Time-Consuming to Scale: It is time-consuming to create
lexicons manually over a given set of domains.

Machine Learning Methods: Machine Learning (ML)
methods use data-driven approaches to classify sentiment
based on patterns learned from labeled data. Instead of
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relying on predefined lexicons, ML models are trained on
examples of text labeled with sentiment information.

Data Collection: The first machine learning-based sentiment
analysis process is data collection. It involves collecting a
large volume of labeled text samples, whereby each text
sample is labeled relative to a sentiment tag, i.e., say,
positive, negative, or neutral. Standard examples are reviews
for movies, product reviews, or social media comments.
Standard datasets used include IMDB reviews or Twitter
sentiment datasets. Dataset size and diversity are extremely
crucial as they have a direct impact on whether the model
catches good patterns or not. Evenness in the dataset is
significant so that the model learns efficiently to distinguish
among different classes of sentiment at the time of training.

Feature Extraction: All the attributes regarding important
sections of the text are pulled at this stage and represented
in a numeric format to be input into a machine learning
system.Typical features include word frequencies, term
frequency-inverse document frequency scores, n-grams
(sequences of contiguous words), or lexicon-based
sentiment scores. All these features enable the model to
recognize trends within textual data. For instance, multiple
instances of such words as "excellent" or "terrible" being
repeated at frequent levels can both be positive and
negative. Selected feature accuracy significantly helps in
predicting the overall model of sentiment.

Model Training: After feature extraction, the second task is
model training. In such cases, the machine learning
algorithm such as Naive Bayes, Support Vector Machine
(SVM), Logistic Regression, or Deep Learning algorithms
such as LSTM networks is used to train the patterns of the
labeled data. The model analyzes the correspondence
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between the features and their associated sentiment labels
and continuously refines its internal parameters for
minimizing prediction errors. By iterative learning, the model
gains the ability to mark new text with learned patterns. The
algorithm is selected depending on the complexity of the text,
the size of the dataset, and the required accuracy for the
task of sentiment analysis.

Prediction: The last step is to employ the trained model to
make predictions of the sentiment of new, unseen text data.
With the new text, the model will go through feature
extraction processes as in training. It then, using the patterns
and relationship learned in training, makes the prediction of
the text as positive, negative, or neutral sentiment. The
forecast could be a basic class label or a confidence score
probability. This allows organizations, researchers, and
developers to automatically detect customer sentiment on
customer reviews, social media messages, or customer
opinions in real-time. Table 3.8 provides the differences
between lexicon based ML methods.

Key Features:

Data-driven: ML models improve with more training data,
and they can automatically learn complex patterns from text.

Adaptability: They can be adapted to different domains
(e.g., product reviews, social media posts, etc.) without
needing manual lexicons.

Context Awareness: Advanced models, like deep learning
approaches, can capture contextual dependencies in text.

Advantages:
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Contextual Understanding: ML models can handle complex
scenarios like negation, irony, and sarcasm better than
lexicon-based methods.

Domain Flexibility: ML models can be retrained or fine-tuned
for specific domains, allowing for better performance on
specialized tasks.

Scalability: Once trained, ML models can be easily scaled to
handle large amounts of data.

Improved Accuracy: With the right data and model, ML
methods often outperform lexicon-based methods in
accuracy, especially for complex or nuanced text.

Disadvantages:

Requires Training Data: ML models need large labeled
datasets to train effectively, which can be costly and time-
consuming to collect.

Computational Resources: Training ML models (especially
deep learning models) requires significant computational
power.

Black Box: Some ML models, particularly deep learning, can
be difficult to interpret and understand, making the reasoning
behind predictions less transparent.

Example ML Models:

Naive Bayes: A probabilistic classifier that assumes
independence between words.

Support Vector Machines (SVM): A supervised learning
algorithm that finds the best hyperplane to separate data into
classes.
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(Long Short-Term Memory):
architecture for sequence prediction that can capture long-

range dependencies in text.

BERT

(Bidirectional

Encoder

Representations
Transformers): A transformer-based model that can be fine-

A deep

tuned for various NLP tasks, including sentiment analysis

Table 3.8 Lexicon-based vs. Machine Learning Methods

. Machine
Lexicon-based .
Feature Methods Learning
Methods
Rule-based, Data-driven,
using predefined | learning from
Approach sentiment labeled
dictionaries examples

Training Data
Requirement

No training data
needed

Requires large
labeled

datasets
Limited to
predefined Highly flexible,
. lexicons; can be

Flexibility struggles with | adapted to any
domain-specific domain
terms
Poor at

: Can learn
understanding complex

Context context and P

e s patterns  and

Sensitivity nuance

handle context
(sarcasm,
. better
negation)

Scalability Hard to scale to | Scales easily
new domains | by  retraining
without manual | models  with
updates more data
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. Higher,

. Low, as it uses )
Computational . especially for
Complexit predefined rules deep learnin

plexity and dictionaries P g
models
High (easy to Lower.
(especially
. understand why a | .
Interpretability i with  complex
sentiment was .
o models like
classified) .
deep learning)
Higher,
particularly
: when large
Lower, especially
labeled
Accuracy on nuanced or
complex text datasets and
P sophisticated
models are
used
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4. Advanced Topics and
Ethics

41 Multilingual NLP and Cross-lingual Models

Multilingual NLP and Cross-lingual Models both allow NLP
systems to serve multiple languages, but they vary in
approach and scope to a degree. his is aimed at creating
NLP systems that can process multiple languages at the
same time. These models are trained on multiple languages
or are capable of toggling between languages for various
tasks such as translation, sentiment analysis, or named
entity recognition.

Examples: mBERT (Multilingual BERT) and XLM-R (XLM-
RoBERTa)

Cross-lingual NLP is all about knowledge transfer from one
language to another. For instance, learning a model with
English and using it on Swabhili or Hindi with little to no further
training in the latter languages.

Examples: Zero-shot learning, Few-shot learning and Cross-
lingual word embeddings

4.1.1 Multilingual BERT and XLM

Multilingual BERT (mBERT) is a version of the BERT

(Bidirectional Encoder Representations from Transformers)

model developed by Google, trained on text from multiple

languages at once. The regular BERT models are trained on

English, mBERT is trained on the Wikipedia text of 104
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different languages using a shared WordPiece vocabulary of
110k tokens. The step by step process in the working of
mMBERT is shown in figure 4.1

Input Representation (Tokenization) : When you enter a
sentence into mBERT, the first thing that happens is
tokenization.

Tokenization and Subword Splitting: mBERT uses a method
called WordPiece tokenization, where words are broken
down into smaller subword units (tokens). This helps mMBERT
handle rare words or out-of-vocabulary words by breaking
them down into known subwords. For Example:

"happiness" would be split into ['happi', 'ness']
"unhappiness" would be split into ['un’, 'happi’, 'ness’]

In this manner, even if a word does not belong to the
vocabulary, mBERT would be capable of splitting it into
subwords that it is familiar with. The tokenizer assigns every
subword token a unique identifier (an integer) from the
shared vocabulary of most languages.

Sentence Example : Imagine typing in a sentence like:
"l am learning machine translation."
mMBERT would split it up as:
[l 'am’, 'learn’, '##ing', 'machine’, 'trans', ‘##lation’]

Notice how some tokens were broken up into segments:
"learning" was split into "learn" and "##ing", and "translation"
was split into "trans" and "##lation".
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(ii) Transformer Architecture: The second process is token
processing using the Transformer architecture, specifically
the encoder part of the Transformer model. The following is
how the Transformer works:

Attention Mechanism (Self-Attention): Self-attention is the
core building component of the Transformer. Through self-
attention, the model gets to see all the tokens of a sentence
simultaneously (as opposed to left-to-right or right-to-left) and
determine the degree of attention each token needs to
accord to each other token.

Input Representation(Tokenization)

Transformer Architecture

Masked Language Modeling

Fine tuning

Multi-lingual Context

Figure 4.1 mBERT process

More directly, if the sentence is:

"l am learning machine translation.
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The token "learning" can look at "machine" to understand

that it is part of a technological context and can look at
"translation" as well to understand its meaning within a
context.

Bidirectional Context: mBERT looks at the sentence
bidirectionally, i.e., looks at the left and right context of a
token. For example, in the phrase "I am learning machine
translation," mBERT not only recognizes the words before
"learning” (e.g., "l am"), but also recognizes the words after it
(e.g., "machine"” and "translation"). This gives mBERT a
better contextualized idea of the token's meaning, not based
on words that come earlier. Bidirectionality is one of the
special features of BERT when compared to old models like
RNNs (Recurrent Neural Networks), which process words
sequentially.

(iii) Masked Language Modeling (MLM) and Next Sentence
Prediction (NSP): In training time, mBERT is trained on two
tasks to acquire language well:

Masked Language Modeling (MLM): MLM is a pretraining
exercise in which random words within the input sentence
are masked (replaced with a special token [MASK]) and the
task of the model is to predict the masked words given the
context around them. For example, given the sentence:

"l am [MASK] machine translation."

mBERT would try to predict that [MASK] would have to be
"learning" given the context of words around it ("I am" and
"machine translation").

Next Sentence Prediction (NSP): The NSP task helps
mBERT to understand the relationship between two
sentences. Two sentences are input to the model, and it has
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to predict if the second sentence is logically dependent on
the first sentence.

Example:
Sentence 1: "l am learning NLP."
Sentence 2: "It is an exciting field."

MBERT predicts if Sentence 2 logically follows Sentence 1
(Yes, in this example).

(iv)  Fine-Tuning on Specific Tasks: Once you have
pretrained mBERT on the above tasks, you can fine-tune it
on particular downstream tasks, for instance,

Named Entity Recognition (NER)
Sentiment Analysis

Machine Translation

Text Classification

During fine-tuning, mBERT is trained on labeled data (for
instance, a sentiment classification dataset) and learns to
use its language understanding for that task.

(v) Multilingual Context: The major distinction between
BERT and Multilingual BERT is that mBERT is trained on
multiple-language text. But when the mBERT is analyzing a
sentence, the model does not actually know what language
the sentence is written in. Instead, it applies its vocabulary
that is shared (across languages) and tokenizes and
processes, and because it has learned language patterns
from multiple languages, it can tap into that and use this to
better learn the sentence even if it's in a language that it's
never seen before. For example:
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An English sentence can be tokenized and processed with a
Spanish or Japanese sentence using the same model
without needing another model for every language.

Pros

Handles over 100 languages

No need for separate models per language

Enables zero-shot and few-shot transfer between languages
Cons:

Not language-specific optimized

Some languages with less data perform worse

WordPiece tokenization might split words awkwardly in
some scripts

4.1.2 XLM

XLM-R (XLM-RoBERTa) is a transformer-based model
designed for multilingual natural language processing (NLP).
It builds upon ROBERTa, which is a robust version of BERT,
but extends the concept to handle a wide variety of
languages.

XLM-R is trained on 100+ languages, which is a larger
number than many multilingual models like mBERT (which
supports 104 languages but with a different training process).

It is trained using a cross-lingual masked language model
(XLM) objective, which enables it to perform tasks across
various languages.
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Unlike mBERT, which uses a shared WordPiece vocabulary
across languages, XLM-R uses a RoBERTa-style training
methodology, focusing on maximizing the amount of data for
each language, which allows it to learn better cross-lingual
representations.

Input Representation (Tokenization): XLM-R uses a byte pair
encoding (BPE) tokenizer, similar to the one used in
RoBERTa. BPE helps break down words into smaller
subwords, allowing the model to handle rare and out-of-
vocabulary words across languages.

For example:
"happiness" might be split into [‘happi', 'ness']
"unhappiness" might be split into ['un’, 'happi’, 'ness']

This subword tokenization works for different languages,
even ones that aren't closely related.

Self-Attention and Cross-lingual Context: The model uses
self-attention to process all tokens in the sentence
simultaneously and learn how each token relates to others.
The attention mechanism can capture context in both
directions (left-to-right and right-to-left), which is important for
understanding the meaning of words based on surrounding
context.

Training Objective (MLM):

During pretraining, random words are masked, and the
model learns to predict the masked tokens using context
from both directions.

This allows XLM-R to generate context-aware
representations, useful for a wide range of NLP tasks.

151



Cloud Computing: Concepts and Techniques

Key Advantages of XLM-R:

Multilingual Support: Can handle over 100 languages without
needing separate models for each one.

Improved Accuracy: Due to larger and more diverse training
data, it outperforms mBERT on many multilingual NLP tasks.

Cross-lingual Transfer: Its cross-lingual representations allow
it to generalize better across languages, making it a strong
choice for multilingual tasks like translation and cross-lingual
information retrieval.

4.1.3 Zero-shot Learning

Zero-shot learning is when a model can perform a task on a
class, label, or language it did not see during training. In
NLP: train a model on English sentiment analysis, then ask it
to classify sentiment in Swahili or German without it having
seen any examples in those languages during training. How
zero-shot learning is done is as follows.

Multilingual NLP zero-shot learning is realized through the
leverage of general language understanding gained through
prolonged pretraining on diverse, huge multilingual datasets
by models like mBERT and GPT-4. While pretraining, the
model learns grammar, syntax, semantics, and context
relation patterns across different languages without focusing
on specific tasks. When faced with a novel task in a
language it may not have explicitly examined while fine-
tuning, the model uses natural language prompts or task
descriptions to ground what it is being asked to do. These
prompts help the model by specifying the task in the input
itself, so it can infer the form and behavior of the desired
output based on its experience with a wide variety of
instructions in advance. Furthermore, the use of cross-lingual

152



A.Bharathi

embedding spaces plays a crucial role in this process as
they embed semantically similar words and sentences
across languages into a shared vector space. That means
that words with the same meaning, such as "dog" in English
and "chien" in French, are near each other in the model's
internal representation so that it can generalize information
between languages. Through the synergy of these skills, the
model can perform a task like translation, classification, or
sentiment analysis in a new language without any task-
specific training data in the new language.

Example:
Text (French) Sentime
nt
Ce film est incroyable ! Positive

The applications of zero shot learning are shown in figure 4.2
Cross-lingual Question Answering (QA)

Zero-shot Cross-lingual Question Answering allows a model
trained to answer questions in one language, such as
English, to answer questions in a different language without
any additional fine-tuning on that target language. This is
made possible by the model’s multilingual pretraining, which
equips it with an understanding of the structure and
semantics of multiple languages. For example, a model
trained to answer fact-based questions in English can be
prompted with a question in Spanish or Hindi, and — through
its shared cross-lingual embedding space — it can locate
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and interpret relevant information in the target language text
to generate an accurate answer. This approach is especially
valuable for low-resource languages, where labeled QA
datasets are scarce or unavailable.

Zero-shot
Translation
Cross -
lingual QA
Zero-shot
Text
Classification

Figure 4.2 Applications of Zero-shot Learning

Zero-shot Text Classification in New Domains/Languages

In zero-shot text classification, a model categorizes texts into
predefined labels without having seen labeled examples for
those specific classes, domains, or languages during
training. For instance, a model trained to classify customer
reviews in English as positive or negative can be directly
applied to classify product feedback in Japanese or Arabic
without any labeled examples from those languages. This is
achieved by formulating the classification task through
descriptive prompts or task instructions and relying on the
model’s multilingual pretraining to understand both the
prompt and the text. Zero-shot classification is widely used in
multilingual content moderation, social media monitoring,
and business analytics, especially where labeled data for
every possible language or topic is impractical to obtain.
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Zero-shot Translation

Zero-shot translation refers to a machine translation system’s
ability to translate between a pair of languages without
having seen direct parallel data for that language pair during
training. For example, a model might be trained to translate
between English-French and English-German, and then
asked to translate directly from French to German without
ever having been trained on that pair. Thanks to its shared
multilingual representation space, the model can infer the
relationship between the source and target languages via
their respective associations with English and general
language patterns learned during training. Zero-shot
translation is particularly useful for supporting low-resource
languages and rare language pairs where direct parallel
corpora are unavailable, extending the reach of machine
translation systems to more diverse linguistic communities.

4.1.4 Few Shot Learning

Few-shot learning is when a model can generalize to a new
task or language after seeing a small number of labeled
examples (typically 1-100).

In NLP: A model trained on English summarization is fine-
tuned with just 20 example summaries in Indonesian before
being able to summarize new Indonesian texts. The working
of few shot learning is as follows

Few-shot learning in NLP typically operates in one of two
ways. The first is through prompt-based learning, where the
model is provided with a task description and a few labeled
examples directly within the prompt itself a technique
popularized by large language models like GPT-3. For
example, a prompt might read: “Translate to German: ‘I love
Al.” followed by the model’s expected output: “Ich liebe KI.”
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After providing a few such examples, the model uses the
patterns it has observed to generate outputs for new, unseen
inputs. The second approach involves small supervised fine-
tuning, where a pretrained model is further trained on a small
labeled dataset specific to the target task or language. This
involves adjusting the model’'s parameters using a limited
number of annotated examples, enabling it to quickly adapt
to new domains, languages, or labels while preserving the
general knowledge it acquired during large-scale pretraining.
Both strategies make it possible to efficiently extend NLP
systems to low-resource settings and specialized tasks
without the need for extensive new datasets.

Example:

Show the model 5 English-to-Urdu translations, then ask it to
translate new English sentences into Urdu.

The applications of few shot learning are shown in figure 4.3

Low resource Language
Translation

Named Entity
Recognition

Fine-tuning for New Text
Classification Labels

Figure 4.3 Applications of Few-shot Learning

Low-resource Language Translation
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Few-shot learning plays a critical role in low-resource
language translation, where large parallel corpora are
unavailable for many of the world’s languages. In this setting,
a multilingual model pretrained on high-resource languages
can be adapted to translate low-resource languages using
only a handful of translation examples. By exposing the
model to a small number of sentence pairs — sometimes as
few as 50 to 100 — it can learn specific translation patterns
and vocabulary unique to the target language. This makes it
possible to extend translation services to underrepresented
languages, preserving linguistic diversity and enabling more
inclusive communication technology, even in regions with
limited annotated data.

Named Entity Recognition (NER) in Niche Domains

In specialized fields like medicine, law, or scientific research,
general-purpose NER models often struggle because they
lack familiarity with domain-specific terminology. Few-shot
learning offers a practical solution by allowing a model to
recognize entities unique to a niche domain after being
shown a small set of annotated examples. For instance, a
biomedical NER model might be fine-tuned using just a few
dozen labeled sentences to accurately detect gene names,
drug names, or disease terms. This approach is highly
efficient for domains where collecting large, labeled datasets
is costly or impractical and helps deploy accurate entity
recognition systems in specialized professional
environments.

Fine-tuning for New Text Classification Labels

Few-shot fine-tuning is widely used when expanding an
existing text classification system to include new categories
without retraining from scratch. For example, a sentiment
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classifier originally designed to categorize reviews as
positive or negative can be extended to include a 'neutral'
category by fine-tuning it on a small number of labeled
examples for the new label. Similarly, content moderation
systems can add labels like ‘misinformation’ or ‘hate speech’
by training the model with a limited set of annotated posts.
This flexibility reduces the need for large-scale data
collection and enables rapid adaptation to evolving
classification needs in dynamic environments such as social
media or news platforms.

4.2 Ethical NLP and Bias in Language Models

Ethical NLP and Bias in Language Models are basic
concerns of natural language processing (NLP) in this
century that entail social and ethical concerns regarding Al
systems. Let us now define the terms to know why and how
they matter to language models. Ethical NLP is the practice
of designing and deploying NLP systems in a fair, ethically
sound, and socially compliant manner. It encompasses such
values as:

Equity: To prevent the language models from generating
discriminatory, toxic, or biased answers based on sensitive
attributes such as race, gender, age, or other social ones.

Transparency: Honesty and transparency regarding the
resources, methodologies, and algorithms employed in
training models.

Citizens should be made aware of how and why they are
being decided upon, especially in those highly sensitive
areas of employment, medical care, and the justice system.

Accountability: Holding businesses and developers
accountable for what their models produce, especially when
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their models are implemented in actual applications that
influence human life.

Privacy: Ensuring data used in model training don't infringe
on users' privacy or disclose sensitive information without
intent.

Language model bias can be described as the unwanted and
negative tendencies, which might occur because of biased
training data or design. Language models such as GPT,
BERT, or mBERT are trained on humongous datasets, which
in return have been web-scraped. The training data may be
human biases—racism, sexism, stereotypes, etc.—which the
models learn and replicate.

4.2.1 Algorithmic Bias and Fairness

Algorithmic Bias and Fairness are very critical topics in the
field of artificial intelligence (Al) and machine learning (ML).
Bias and fairness are instances where algorithms, for
example, used in natural language processing (NLP),
computer vision, or predictive modeling, make predictions or
judgments that systematically favor particular groups over
others.

Algorithmic Bias

Algorithmic bias is unfairness that is discriminatory and
systematic and can be displayed when an algorithm
produces output that is prejudiced or carrying human bias.
Biases can be introduced at various stages during the
creation of a machine learning model, from data collection to
algorithm design, and can result in negative outcomes. Bias
may emerge in various ways:
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Data bias: Data for training the model has biased or
unrepresentative data.

Model bias: The construction of the algorithm results in
certain outcomes in favor of certain groups.

Prejudice bias: The algorithm incorporates societal or cultural
prejudices that exist in the training data.

Algorithmic bias occurs when a model makes decisions or
predictions that, in a disproportionate manner, advantage or
disadvantage particular individuals or groups. Such biases
can be racial, gender, socio-economic, etc.

The types of Algorithmic Bias are shown in figure 4.4

Representation
\bis/
Label bias
Data bias \/
Algorithmic

\~_/ Sampling | Bias Measurement

Figure 4.4 Types of Algorithmic Bias

a. Data Bias: It is the most prevalent source of algorithmic
bias. It happens when the training data used to train the
model does not represent the population or environment
where the model will be used. Biased training data can result
in biased or unjustified results. The examples of data bias
includes the following

Sampling Bias: When the data on which the training data is
biased in representing certain groups over-represent and

160



A.Bharathi

under-represent others. For instance, a facial recognition
system trained mainly on images of light-skinned faces will
perform poorly on dark-skinned faces.

Label Bias: When the data labels are biased. For instance, if
the crime history used to train predictive policing models is
biased in reports or coding of the crimes, then the model
might enact such biases in its predictions.

b. Representation Bias

Representation bias occurs when some groups or attributes
are represented poorly or misrepresented in the data, so that
the algorithm creates biased results when used for
underrepresented groups.

Example: A model of medical diagnosis trained mostly on
data from one ethnicity will be less precise for other
ethnicities since the model wasn't trained with a varied range
of data.

c. Measurement Bias

Measurement bias is induced when the mechanism by which
we measure or take data creates bias. It might be due to
errors in the process of taking data, i.e., either faulty
equipment or human judgment bias.

Example: Suppose there is an algorithm that forecasts the
performance of students based on the test scores which
reflect structural imbalance in education. The model will
provide biased forecasts.

d. Algorithmic Bias (Model Bias)

This is where bias is introduced or magnified via the model
design or the process of learning itself. Even if the data itself
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is unbiased, the manner by which the algorithm converts that
data can result in biased outcomes.

Example: When a credit scoring model skews certain
features (like zip codes, which correlate with racial or
economic attributes), it can result in biased outcomes against
particular groups.

Fairness in Algorithms

Fairness for algorithms is the practice of ensuring that
machine learning models decide or predict in a manner that
is fair and doesn't systematically favor or disadvantage any
particular group. Fairness is about making sure that
outcomes are fair and that the models don't propagate
discrimination or inequality. There are a number of definitions
and methods for fairness, each with its pros and cons: Some
of the fairness in algorithms are shown in figure 4.5

a. Group Fairness

Group fairness is interested in making sure that the model's
predictions are balanced among various demographic
groups, for example, race, gender, or age. The examples of
Group Fairness measures are as follows

Demographic Parity: The chance of a positive outcome must
be equal among various groups. For example, a recruitment
algorithm must hire men and women equally regardless of
the gender of the applicants.

Equalized Odds: A model must have equal false positive and
false negative rates for groups. For instance, in a predictive
policing model, it must not disproportionately target one
ethnic group with more false positives (incorrectly predicting
that an individual will commit a crime).
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Individual

Group Fairness in Counterfactual
Algorithms

Awareness

Figure 4.5 Fairness in Algorithms
b. Individual Fairness
Individual fairness is the idea that similar individuals should
be treated similarly. That is, two individuals who are similar
(with respect to relevant attributes) should have similar
results from the model. For example

If two candidates for a job are similarly qualified but one is
hired and the other is not, the model can be biased unless
the decision-making process is carefully checked for
consistency.

c. Counterfactual Fairness

Counterfactual fairness is a concept of fairness that asserts
that one's choice should not be based on characteristics that
are legally protected or socially sensitive (e.g., race, gender,
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etc.). If one's outcome would be the same in a counterfactual
world (where one is of a different demographic group), then
the choice is fair. For example:

If an applicant's probability of being hired would have been
identical irrespective of whether they were of the male
gender or female gender, then the decision process may be
deemed to be counterfactually fair.

d. Awareness-based Fairness

This process is centered around applying information on the
group membership of individuals in a way that fosters
fairness. It tries to eliminate prejudice by making certain that
decisions are taken contextually with regard to the protected
attributes.

4.2.2 Privacy Concerns and Data Security
Key Privacy Concerns:
Unintended Memorization

Large language models (like GPT or BERT) can
unintentionally memorize parts of their training data,
including names, phone numbers, passwords, or medical
details and potentially leak them when prompted.

Data Ownership and Consent

Often, data is scraped from the web without explicit user
consent. This raises ethical and legal issues about whether
individuals have control over how their information is used.

Inference Attacks
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Even without direct access to training data, attackers might
exploit a trained model to infer sensitive attributes (e.g.,
predicting someone's religion, political views, or medical
condition from seemingly innocuous data).

Model Misuse

If a model can generate realistic personal data (like fake
medical records or identities), it can be misused for fraud,
phishing, or spreading misinformation.

Sensitive Applications

NLP systems used in healthcare, legal, finance, or personal
communication (e.g., chatbots, voice assistants) regularly
process highly sensitive information. Any breach here can
have serious consequences.

Data Security in Al

Data security refers to protecting the data used to train, test,
and deploy Al models from unauthorized access, breaches,
or leaks. The core Data Security Issues are as follows

Data Breaches

Unauthorized access to Al training datasets, especially those
containing personal or confidential information.

Model Theft (Model Extraction)

Attackers can copy or steal a deployed model by querying it
repeatedly and reconstructing its parameters.

Data Poisoning Attacks
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Malicious actors may inject corrupt or biased data into a
training dataset to influence a model’s behavior maliciously.

Adversarial Attacks

Carefully crafted inputs designed to fool an Al system (like
causing a spam filter to miss spam or a translation system to
output harmful content).

4.2.3 Explainability and Interpretability in NLP

In Natural Language Processing (NLP), ability refers to the
capacity of a model to comprehend, analyze, process, and
generate human language to perform a range of tasks. It
encompasses basic capabilities such as syntax and
semantic knowledge, and sophisticated capabilities such as
reasoning, context sensitivity, and multilingual processing.
For instance, an NLP model of high capability can classify
text, identify sentiment, translate, respond to questions,
summarize text, and even dialogue. The current best-of-the-
line models such as BERT, XLM-R, and GPT are
demonstrating world-class capability by performing more
than a single task simultaneously without being trained
specially for each of the tasks. They are tested on
benchmark tasks and corpora such as GLUE, SuperGLUE,
and SQuAD to determine how good they are at generating
language, understanding, reasoning, and multilinguality. The
higher the quality of a model, the more effective and natural
it will be able to execute when shown actual scenarios in the
form of human language.

NLP interpretability is the extent to which people can
understand and describe a language model and how it
comes to conclusions. Since the models of today's NLP, i.e.,
the deep learning models like BERT or GPT, are usually
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intricate and function as "black boxes," interpretability allows
developers, researchers, and end-users to understand the
internal functioning of the model and decision-making
patterns. It is figuring out what parts of an input string (e.g.,
specific words or word n-grams) caused a model to produce,
or figuring out how abstractions in a model such as attention
mechanisms place relative weight on specific words while
processing. Good interpretability must be provided in building
trust, uncovering bias, debugging, and carrying over fairness
to Al systems, particularly where use is on the table in
extremely sensitive domains like medicine, finance, or the
justice system.

4.3 Trends and Future Directions in NLP

Natural Language Processing (NLP) is evolving rapidly, with
new trends shaping its future capabilities and uses. Among
the notable trends is the constant improvement of big,
multilingual, and general-purpose language models like GPT,
XLM-R, and mBERT that are capable of executing a wide
range of tasks with minimal fine-tuning. Another important
trend is the focus on ethical Al and fairness, where issues of
bias, transparency, and explainability in language models are
being addressed. Multimodal NLP, or the combination of text
with images, audio, or video, is being understood for more
human-like understanding and dialogue. Low-resource and
domain-specific NLP models are also being embraced at a
growing pace, spreading the reach of languages
technologies to underrepresented languages as well as
special domains like healthcare and law. Additionally,
privacy-preserving techniques like federated learning and
differential privacy are now also being integrated into NLP
systems to protect user data. With progress in NLP, we can
expect greater emphasis on reasoning, common sense
reasoning, and everyday conversation systems, and
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accordingly, Al-driven communication will get more natural,
ethical, and contextual.

4.3.1 Prompt Engineering and In-Context Learning

Prompt engineering is a rapidly expanding method within the
domain of Natural Language Processing (NLP) that
comprises the strategic framing of the input provided to large
language models (LLMs) to nudge them toward the
generation of more precise, relevant, or original outputs.
Because contemporary pre-trained language models such as
GPT, PalLM, or Claude are trained to forecast the next word
or sequence in response to an input prompt, how the input is
framed and structured can significantly impact the
performance of the model. Prompt engineering exploits this
richness by framing the input in such a way that it clearly
states the task, gives context, and inspires the appropriate
form of response.

For instance, rather than just asking a model "Translate this
sentence," prompt engineering may entail stating the
language pair, offering an example format, or inserting
constraints such as "Translate the following English sentence
into formal French." In turn, prompts can be formatted as
instructions, queries, or dialogue excerpts to inform the
behavior of the model. This method has become particularly
significant following the emergence of strong, general-
purpose models that can conduct numerous tasks without
training for individual tasks.

Prompt engineering allows models to be tuned for various
applications including summarization, sentiment analysis,
code writing, or question answering without modifying the
original model. It has been useful in situations where it is not
feasible or too expensive to retrain a model. Developers and
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researchers can optimize model outputs, regulate tone,
handle content safety, and enhance accuracy in a flexible yet
efficient manner through careful experimentation with prompt
formatting, wording, and context.

In-context learning is an amazing capability of modern large
language models (LLMs) whereby the model can learn to
perform a novel task having been shown examples of the
task explicitly in the input prompt, without additional fine-
tuning or retraining. Unlike traditional machine learning
methods where models are trained directly on labeled data
for each task, in-context learning leverages the pre-existing
knowledge of the model and learns how to adapt to new
instructions or patterns from examples in real-time at
inference.

In practice, an input of interest is presented to the model
through a prompt containing a few example pairs — "few-
shot learning" — which show how the input of interest
corresponds to some desired output. For instance, to teach a
model to convert temperatures, a prompt might have:

"0°C = 32°F, 100°C = 212°F, 20°C = ?"

The model, having learned the pattern from the context,
makes the correct prediction based on these in-prompt
demonstrations.

This is facilitated by the extensive pretraining of language
models on an abundance of data, enabling them to
generalize instructions and patterns from a few examples. In-
context learning also lends itself to "zero-shot" tasks,
whereby the model can perform some activities with only
natural language instructions even without examples as a
result of its prior knowledge. The advantage of in-context
learning is its efficiency and flexibility — users are able to
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adapt the behavior of a single, general-purpose model to a
set of tasks by simply changing the prompt content, without
extra model updates. This has led it to become a core
technique in modern NLP applications.

4.3.2 Multimodal NLP (Text+Image+Speech)

Multimodal NLP is a new area of artificial intelligence that
addresses the combination and processing of data from
multiple forms of data, such as text, images, and voice, to
create more human-like, context-dependent Al. Compared to
isolated textual data, multimodal models integrate language
skills with images and sound to process more
comprehensive and nuanced information, simulating how
people experience the world through various senses.

For instance, when human beings watch a video or have a
conversation, they don't solely rely on words; they interpret
body language, voice tone, and visual scene in an attempt to
fully understand the message. Multimodal NLP seeks to
replicate this through the creation of systems that can, for
instance, caption images, caption video, translate visual
content into text, or answer questions about images and
audio clips.

A few of the most common applications of multimodal NLP
include virtual assistants, social media moderation, video
summarization, visual question answering (VQA), and
customer service bots that can take both voice and text
input. Some of the recent models that are particularly built to
operate on multiple modalities include CLIP from OpenAl,
PaLM-E from Google, and ImageBind from Meta.
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The most difficult task in multimodal NLP is to integrate and
coordinate different data types text, images, and speech
into one homogenous representation. Future multimodal
systems, with continued research, will be more interactive,
context-aware, and human-like in their reasoning power,
allowing applications of Al in the fields of healthcare,
education, entertainment, and accessibility to the disabled.

4.3.3 NLP in Healthcare, Law, and Education
NLP in Healthcare

Natural Language Processing (NLP) is transforming
healthcare by enabling systems to extract, analyze, and
interpret valuable information from unstructured medical
texts such as clinical notes, discharge summaries, radiology
reports, and electronic health records (EHRs). By automating
tasks like patient data extraction, disease classification, and
medical coding, NLP helps improve the accuracy and
efficiency of healthcare delivery. Applications include clinical
decision support systems, automated report generation, drug
discovery, and patient risk prediction. NLP also supports
virtual health assistants and chatbots that can answer patient
queries or triage symptoms. With growing emphasis on
privacy and data security, healthcare-focused NLP systems
often incorporate de-identification techniques to protect
patient identities while processing sensitive data.

NLP in Law

In the legal domain, NLP plays a crucial role in managing
large volumes of legal documents, contracts, case laws, and
court rulings. It is used for tasks such as legal document
summarization, contract analysis, e-discovery, and
precedent identification. NLP-powered tools assist lawyers
and researchers by automatically extracting relevant clauses,
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highlighting risks in contracts, and predicting case outcomes
based on historical data. These systems also enhance
access to justice by powering legal chatbots and online
dispute resolution platforms that help non-experts navigate
legal procedures. Ensuring fairness, explainability, and bias
mitigation is particularly important in legal NLP applications
due to the high stakes of legal decision-making.

NLP in Education

In education, NLP is being applied to personalize learning
experiences, automate administrative tasks, and enhance
educational content accessibility. Al-powered language
models can grade essays, detect plagiarism, provide
grammar and style suggestions, and summarize academic
articles. Virtual teaching assistants and chatbots support
students by answering questions and offering study
recommendations. NLP also aids in developing intelligent
tutoring systems that adapt content based on student
progress and learning patterns. Additionally, it plays a key
role in language learning applications by offering real-time
feedback on pronunciation, grammar, and vocabulary. As
education becomes increasingly digital, NLP is enhancing
both teaching methods and learner engagement.

4.3.4 Heuristic Fused Feature Framework

The Heuristic Fused Feature Framework is a concept used
in machine learning and natural language processing (NLP)
for combining multiple features or sources of information to
improve the performance of a model. It typically involves
integrating different types of features (e.g., lexical, syntactic,
semantic, or even multimodal features like text, images, or
speech) in a way that enhances the model’s ability to make
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accurate predictions or classifications. The working of
heuristic fused feature framework is as follows

Heuristic Rules for Feature Selection:

Heuristic methods rely on predefined rules or domain
knowledge to select and combine features. These rules
might be based on human intuition, empirical observations,
or expert knowledge. For instance, in NLP, a heuristic might
suggest that a certain keyword (e.g., “heart disease”) is more
important in predicting a medical diagnosis than a less
relevant word. The model uses these rules to prioritize
features that are more likely to be meaningful in the specific
task.

Feature Fusion:

Feature fusion refers to the process of combining multiple
features into a single representation or input. In many cases,
individual features alone are insufficient to fully capture the
complexity of the task at hand. For example, a sentiment
analysis model may benefit from fusing lexical features (e.g.,
individual words) with syntactic features (e.g., sentence
structure) to better understand the sentiment expressed in a
sentence. Heuristic fusion typically combines features in a
way that maximizes performance while minimizing noise
from irrelevant or redundant data.

Multimodal Fusion:

In cases, where multimodal data is involved (such as
combining text with images or speech), the framework can
combine features from different modalities. For example, an
image captioning system might combine visual features from
a convolutional neural network (CNN) with textual features
from a recurrent neural network (RNN) or Transformer-based
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model. The heuristic rules might specify how to weight and
merge these features, such as giving more importance to
textual context in cases where the image is ambiguous.

Task-Specific Optimization:

The framework is typically fine-tuned for a specific task (e.g.,
text classification, sentiment analysis, object detection) by
adjusting the feature fusion strategy and heuristics to
optimize the model’s performance. This allows for more
accurate and robust predictions than using any single feature
in isolation.

Benefits:

Improved performance: By combining multiple features, the
model is more likely to capture relevant patterns and
nuances.

Domain-specific flexibility: Heuristic rules can be tailored to
specific industries (e.g., healthcare, law, finance), improving
the model's understanding of domain-specific nuances.

Robustness: Fusing multiple features can make the model
more resilient to noise or missing data in one of the feature
sources.
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