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Preface

The field of artificial intelligence (AI) is advancing rapidly, and nowhere is
this more evident than in natural language processing (NLP). From virtual
assistants and chatbots to translation systems and search engines, NLP plays
a central role in how machines understand and generate human language. This
book, Natural Language Processing: Classical to Modern, is written to provide
a clear, focused, and practical introduction to the core concepts and tools that
underpin this exciting area.

My journey began with a degree in Applied Mathematics over twenty years
ago. Early in my career, I worked as a statistical data analyst on various
software projects. Over time, I transitioned into data mining and then into
data science. Along the way, I discovered how essential a strong foundation
in linguistic theory, algorithms, and statistical reasoning is—particularly for
building effective NLP systems.

This realization inspired me to create this book as a compact and ap-
proachable guide. Each chapter is designed to be concise—usually under five
pages—and structured to explain key ideas with clarity, supported by real-
world examples and connections to practical NLP tasks and tools. Rather than
offering exhaustive technical detail, the focus is on relevance, intuition, and
applicability.

You are free to use, share, and adapt any part of this book. If it proves
helpful to you, a citation is appreciated but not required. This book is provided
freely to support your learning and progress in the evolving world of natural
language processing.

Saman Siadati
October 2021
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Chapter 1

Introduction to Natural Language
Processing

1.1 What is NLP?

Natural Language Processing (NLP) is a branch of artificial intelligence that
enables computers to understand, interpret, and generate human language. Un-
like structured data, natural language is highly unstructured, ambiguous, and
context-dependent, which makes processing it a complex task. NLP lies at the
intersection of computer science, linguistics, and machine learning.

The goal of NLP is to bridge the gap between human communication and
machine understanding. This involves tasks such as understanding meaning,
generating language, translating between languages, summarizing content, and
answering questions. NLP applications can be found in virtual assistants, chat-
bots, translation tools, and social media monitoring platforms.

NLP involves both syntactic and semantic analysis. Syntax refers to the
grammatical structure of a sentence, while semantics refers to its meaning.
NLP models must be capable of understanding both to perform tasks like text
classification or sentiment analysis effectively.

The development of NLP has evolved significantly over the past few decades.
Early techniques relied heavily on handcrafted rules and linguistic expertise.
These rule-based systems were limited in scalability and adaptability. As data
availability and computing power increased, machine learning approaches began
to dominate the field.

Machine learning allowed systems to learn from data rather than rely on
fixed rules. Supervised learning models were used for tasks like part-of-speech
tagging and named entity recognition. Statistical methods, such as Hidden
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CHAPTER 1. INTRODUCTION TO NATURAL LANGUAGE PROCESSING

Markov Models (HMMs) and Conditional Random Fields (CRFs), also gained
popularity.

More recently, deep learning techniques have transformed NLP. These mod-
els, particularly recurrent neural networks and transformers, have enabled sys-
tems to capture complex patterns in text data. Pretrained language models
such as BERT and GPT have set new benchmarks in various NLP tasks.

Despite these advancements, NLP still faces many challenges. Language is
inherently ambiguous and context-sensitive. The same word can have multiple
meanings depending on context, and different languages may express the same
idea in vastly different ways. Understanding idioms, sarcasm, and cultural
references also remains difficult for machines.

Ethical considerations are also central to modern NLP. Language models
can inadvertently perpetuate biases present in the training data. It’s crucial for
practitioners to be aware of these issues and incorporate fairness, accountability,
and transparency into their systems.

In summary, NLP is a vibrant and rapidly evolving field with widespread
applications. From simple rule-based systems to sophisticated neural networks,
NLP continues to push the boundaries of what machines can do with language.
Understanding its foundations is key to leveraging its power effectively.

This chapter introduces key concepts and terminology that will recur through-
out the book. By the end of this chapter, readers will have a solid understand-
ing of what NLP is, why it matters, and how it fits within the broader field of
artificial intelligence.

1.2 History and Evolution of NLP

The history of NLP dates back to the 1950s, when early attempts focused on
machine translation between English and Russian. Researchers believed that
automatic translation would be solved quickly, but the problem turned out to
be much more complex. Language nuances and lack of computational resources
hindered early progress.

During the 1960s and 1970s, rule-based systems dominated NLP research.
These systems relied on linguistic rules crafted by experts. While effective
for well-defined tasks, they were brittle and failed when faced with language
variation or ambiguity. The famous ELIZA chatbot from this era simulated
human conversation using pattern matching.
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In the 1980s, statistical methods began to gain traction. These approaches
treated language as a probabilistic system and leveraged large corpora to cal-
culate word frequencies and co-occurrence statistics. Techniques like N-gram
models allowed for simple language modeling and prediction.

The 1990s saw the rise of supervised machine learning in NLP. Algorithms
such as decision trees, support vector machines, and naive Bayes classifiers were
used for text classification, sentiment analysis, and spam detection. Annotated
datasets like the Penn Treebank played a critical role in enabling this transition.

The early 2000s introduced sequence labeling techniques such as Hidden
Markov Models and Conditional Random Fields. These methods enabled better
modeling of word dependencies and context, improving tasks like part-of-speech
tagging and named entity recognition.

With the rise of deep learning in the 2010s, NLP underwent a signifi-
cant transformation. Recurrent Neural Networks (RNNs) and Long Short-Term
Memory (LSTM) networks enabled models to capture long-range dependencies
in text. These architectures outperformed traditional models in many NLP
tasks.

The development of attention mechanisms and the transformer architecture
marked a turning point. Transformers allowed for parallel processing of text
and captured dependencies between distant words effectively. This led to the
creation of pretrained models like BERT, GPT, and T5, which significantly
improved performance across a wide range of NLP benchmarks.

Transfer learning became the new paradigm in NLP. Instead of training
models from scratch, developers could fine-tune pretrained models on specific
tasks using relatively small datasets. This democratized NLP and made state-
of-the-art capabilities accessible to more practitioners.

As of today, NLP is a cornerstone of AI, powering applications such as
intelligent search, automatic summarization, conversational agents, and more.
The field continues to evolve with research into multilingual models, zero-shot
learning, and multimodal understanding.

Understanding the historical progression of NLP helps appreciate the cur-
rent techniques and their limitations. It also highlights the importance of in-
terdisciplinary collaboration between linguists, computer scientists, and domain
experts.
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1.3 Applications of NLP in the Real World

Natural Language Processing is deeply integrated into everyday technologies,
often in ways we take for granted. One of the most visible applications is the
use of virtual assistants like Siri, Alexa, and Google Assistant. These systems
use NLP to understand voice commands and generate appropriate responses.

Search engines also rely heavily on NLP. When users type queries into
Google or Bing, the system parses the query, interprets intent, and retrieves
the most relevant results. Features like autocomplete, spell correction, and
question answering are powered by sophisticated NLP models.

Machine translation is another well-known application. Services like Google
Translate use neural machine translation systems to convert text from one lan-
guage to another. These models are trained on massive parallel corpora and
leverage sequence-to-sequence architectures with attention.

Text classification plays a crucial role in spam detection, sentiment anal-
ysis, and topic modeling. Email services filter out unwanted messages using
classifiers, while businesses use sentiment analysis tools to gauge public opinion
from social media posts and customer reviews.

NLP is also used extensively in healthcare. Clinical text mining enables
the extraction of medical conditions, treatments, and outcomes from patient
records. This facilitates data analysis, diagnosis support, and epidemiological
research.

In the legal domain, NLP aids in document summarization, contract analy-
sis, and legal research. These tasks involve extracting relevant clauses, detecting
obligations, and retrieving precedent cases, thereby reducing manual effort and
increasing efficiency.

Education platforms use NLP for automated essay scoring, grammar cor-
rection, and personalized feedback. Tools like Grammarly and Hemingway
Editor provide real-time suggestions to enhance writing quality.

Finance and customer service also benefit from NLP. Chatbots handle com-
mon customer queries, freeing up human agents for more complex issues. Fi-
nancial institutions use NLP to analyze news feeds, detect fraud, and monitor
compliance.

In journalism, NLP assists in fact-checking, summarizing news articles, and
generating reports. Content recommendation engines suggest relevant articles
to users based on their reading patterns and interests.
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Overall, the applications of NLP span across industries, showcasing its
versatility and impact. As models become more accurate and efficient, the scope
of NLP applications will continue to expand, enabling machines to understand
and interact with human language more naturally.

Summary

In this chapter, we introduced the field of Natural Language Processing (NLP),
which enables machines to understand, interpret, and generate human lan-
guage. We explored its interdisciplinary nature, touching on computer science,
linguistics, and artificial intelligence.

We examined the historical progression of NLP, from early rule-based sys-
tems to modern deep learning approaches. Milestones such as statistical mod-
eling, supervised learning, and neural networks were highlighted, along with
transformative architectures like transformers and pretrained models such as
BERT and GPT.

Additionally, we discussed the real-world applications of NLP, including
virtual assistants, search engines, machine translation, sentiment analysis, and
healthcare informatics. These examples demonstrate the widespread impact
and practical utility of NLP across domains.

The chapter emphasized the importance of both syntactic and semantic
understanding in NLP systems and introduced key challenges such as ambiguity,
context sensitivity, and bias in language data.

We also laid the groundwork for understanding how NLP systems are built
by discussing fundamental components like text preprocessing, linguistic anal-
ysis, and machine learning pipelines.

This foundational chapter sets the stage for deeper exploration into clas-
sical techniques like tokenization and TF-IDF, as well as modern methods in-
volving deep learning and transformers, which will be explored in the following
chapters.

Review Questions

1. What is Natural Language Processing and why is it important?

2. Describe the major historical phases of NLP development.
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3. What are the differences between rule-based systems and machine learning
approaches in NLP?

4. Explain the significance of syntax and semantics in understanding natural
language.

5. What are some real-world applications of NLP? Provide at least three
examples.

6. How have deep learning and pretrained language models transformed NLP?

7. What are the challenges faced by NLP systems in handling human lan-
guage?

8. Why is ambiguity a central problem in NLP?

9. How does NLP intersect with other fields such as linguistics and AI?

10. Describe at least two ethical concerns in modern NLP systems.
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Chapter 2

Text Cleaning and Tokenization

2.1 Text Cleaning

Text cleaning is the essential first step in any Natural Language Processing
(NLP) pipeline. Raw text data is often messy, inconsistent, and filled with
noise such as punctuation, HTML tags, or special characters. Effective cleaning
ensures the data is suitable for analysis or modeling. Before tokenization or
vectorization, this preprocessing stage removes irrelevant content and reduces
variation in the dataset.

The goal of cleaning is not to alter the meaning of the text but to remove
artifacts that might confuse algorithms. For example, “I love NLP!!!” and “I love
NLP.” have the same semantic content but could be interpreted differently if the
exclamation marks are not normalized. Similarly, converting text to lowercase
helps reduce the vocabulary size, as “Apple” and “apple” would otherwise be
treated as different tokens.

Common cleaning operations include lowercasing, removing punctuation,
eliminating stop words, and correcting misspellings. These tasks can be per-
formed using tools like regular expressions, string methods in Python, or li-
braries such as NLTK and spaCy. This stage also includes expanding con-
tractions—turning "don’t" into "do not"—which makes syntactic parsing and
semantic analysis more reliable.

Depending on the use case, text cleaning might include stemming or lemma-
tization. Stemming involves cutting words to their root form (e.g., “running” to
“run”), which can reduce noise. Lemmatization, a more linguistically accurate
approach, maps words to their base dictionary form, considering part-of-speech
and context.

Stop word removal is another common practice. Stop words are frequently

19



CHAPTER 2. TEXT CLEANING AND TOKENIZATION

occurring words like "and", "the", or "is" that typically carry little seman-
tic meaning. Removing them can help focus on the more meaningful terms.
However, this step should be used with care, especially in tasks like sentiment
analysis, where even stop words can carry emotional cues.

In some domains like social media or chatbots, cleaning might involve
handling emojis, URLs, or mentions (@username). These elements can either
be removed or retained depending on whether they provide valuable context.
For example, emojis might be relevant in sentiment classification.

Raw Text Cleaned Text
"I LOVE NLP!!! Visit
http://nlp.com"

"i love nlp"

" What’s up??? #fun " "what is up"

Figure 2.1: Examples of raw vs. cleaned text.

Python Example: Basic Text Cleaning

1 import re
2

3 def clean_text(text):
4 text = text.lower() # Lowercase
5 text = re.sub(r"http\S+", "", text) # Remove URLs
6 text = re.sub(r"[^a-z\s]", "", text) # Remove punctuation

and emojis
7 text = re.sub(r"\s+", " ", text).strip() # Normalize

whitespace
8 return text
9

10 sample = "NLP is AWESOME !!! "
11 print("Cleaned:", clean_text(sample))

Whitespace normalization is also critical. Multiple spaces, tabs, and new-
lines can distort token boundaries. Stripping extra whitespace ensures consis-
tent input for downstream processes. This also helps avoid accidental duplica-
tion in token frequency counts.

Another aspect of text cleaning is dealing with non-standard language,
such as slang, abbreviations, and typos. Machine learning models trained on
formal corpora might fail to interpret these variations. Cleaning or mapping
such terms to standardized language can improve model generalization.
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Advanced cleaning may involve language detection and filtering. For mul-
tilingual corpora, identifying and separating languages ensures appropriate lin-
guistic tools are used. Libraries like langdetect and fastText help automate this
process.

Python Example: Stopword Removal with NLTK

1 import nltk
2 from nltk.corpus import stopwords
3 nltk.download("stopwords")
4

5 def remove_stopwords(text):
6 stop_words = set(stopwords.words("english"))
7 words = text.split ()
8 return " ".join([w for w in words if w not in stop_words ])
9

10 text = "this is an example showing off stop word removal"
11 print("After Stopword Removal:", remove_stopwords(text))

In summary, text cleaning is a customizable and essential stage tailored to
the specific goals of an NLP task. The cleaner the input, the more robust the
downstream processing and modeling. Careful consideration during this phase
reduces noise, improves accuracy, and lays the foundation for effective NLP
applications.

2.2 Tokenization

Tokenization is the process of splitting raw text into smaller units, or “tokens,”
that can be words, phrases, subwords, or characters. It is a core step in NLP
pipelines that enables algorithms to process language incrementally. Tokens are
the base units upon which all further linguistic or statistical analysis depends.

Type Example Tokens
Word ["Natural", "Language", "Processing"]

Subword ["Natur", "##al", "Lang", "##uage"]
Character ["N", "a", "t", "u", "r", "a", "l"]

Figure 2.2: Different types of tokenization

Word-level tokenization splits sentences into individual words using whites-
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pace and punctuation as delimiters. For instance, the sentence “NLP is fun!”
becomes the tokens [“NLP”, “is”, “fun”, “!”]. While simple, this method may
misinterpret contractions or possessives unless carefully designed.

Subword tokenization is widely used in modern NLP models such as BERT
and GPT. It breaks words into meaningful subunits, allowing for better han-
dling of rare or unknown words. For example, “unhappiness” might be broken
into [“un”, “happi”, “ness”]. Byte Pair Encoding (BPE) and WordPiece are pop-
ular algorithms for subword tokenization.

Character-level tokenization, as the name suggests, treats each character
as a token. While less common for traditional models, it is useful for languages
without whitespace (e.g., Chinese) or tasks that benefit from fine-grained rep-
resentation such as spelling correction.

Sentence tokenization, or sentence segmentation, splits a paragraph into
sentences using punctuation marks like periods, question marks, and excla-
mation points. Libraries such as spaCy and NLTK handle complexities like
abbreviations, decimal numbers, or ellipses that can confuse naive rules.

One of the main challenges in tokenization is dealing with language ambi-
guities. For example, “U.S.” should be treated as one token, not split into “U”
and “S”. Proper tokenizers use rule-based, statistical, or learned methods to
address these issues. Pretrained models often come with their own tokenizers
tuned to their training data.

Python Example: Word Tokenization

1 import nltk
2 nltk.download("punkt")
3 from nltk.tokenize import word_tokenize
4

5 text = "Natural Language Processing (NLP) is fun!"
6 tokens = word_tokenize(text)
7 print("Word Tokens:", tokens)

Whitespace-based tokenization is fast but naive. It fails when multiple
spaces, tabs, or newlines are used inconsistently. More advanced methods nor-
malize whitespace and handle edge cases more gracefully. These tokenizers are
often available as built-in functions in NLP libraries.

In many cases, tokenization is coupled with tagging, such as assigning

22



Natural Language Processing: Classical to Modern

part-of-speech labels to each token. This adds context to the tokens and helps
models understand grammatical roles. Tokenizers integrated with spaCy, for
instance, support tagging and named entity recognition out-of-the-box.

Python Example: Subword Tokenization with BERT Tokenizer

1 from transformers import BertTokenizer
2

3 tokenizer = BertTokenizer.from_pretrained("bert -base -uncased")
4 tokens = tokenizer.tokenize("unbelievably awesome")
5 print("Subword Tokens:", tokens)

Another important consideration is multilingual tokenization. Different
languages require different rules. Tokenization strategies for Chinese, Arabic,
or Hindi are vastly different from English. Modern multilingual models often
use a shared vocabulary with subword units to address these challenges.

Tokenization also plays a significant role in search engines and text re-
trieval. For indexing and searching, the way a string is tokenized affects search
relevance and ranking. Query understanding, spell correction, and autocom-
plete systems all depend on effective tokenization.

Overall, tokenization is the gateway to NLP. Choosing the right tokeniza-
tion method depends on the language, task, and model being used. Whether
you’re building a chatbot or training a language model, proper tokenization is
critical to success.

Summary

In this chapter, we explored the foundational steps of preparing text for Natural
Language Processing: text cleaning and tokenization. These steps are often the
first in any NLP pipeline and dramatically impact the quality of downstream
analysis and modeling.

Text cleaning ensures that irrelevant, inconsistent, or noisy elements are
removed from the raw text. Techniques such as lowercasing, stop word removal,
punctuation cleaning, and whitespace normalization were discussed in detail.
We also looked at domain-specific cleaning, such as handling emojis or URLs,
especially in informal or social text.
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We then discussed tokenization, the process of converting cleaned text
into smaller units called tokens. We explored word, subword, character, and
sentence tokenization techniques and examined their trade-offs. Subword tok-
enization methods like Byte Pair Encoding are especially important in modern
deep learning models.

We highlighted the challenges of tokenization, including ambiguity, mul-
tilingual text, and domain-specific rules. Specialized tools and libraries such
as spaCy and NLTK were recommended for implementing robust tokenization
pipelines.

Together, these two stages form the preprocessing backbone of NLP sys-
tems. A well-cleaned and tokenized dataset enables accurate tagging, classi-
fication, and modeling. These steps are prerequisites for feature extraction
methods such as Bag-of-Words and Word Embeddings, which we will cover in
the next chapters.

Review Questions

1. Why is text cleaning important before applying NLP algorithms?

2. List and explain three common text cleaning operations.

3. What is the difference between stemming and lemmatization?

4. What are stop words, and when might you choose to keep them?

5. What is tokenization, and why is it necessary?

6. Compare word-level, subword, and character-level tokenization.

7. What challenges are associated with sentence tokenization?

8. How do modern NLP models handle tokenization differently than tradi-
tional ones?

9. What are some tools or libraries used for text cleaning and tokenization?

10. How does tokenization impact tasks like text classification or sentiment
analysis?
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Chapter 3

Linguistic Fundamentals

3.1 Phonology and Morphology

Phonology is the study of the sound systems of languages. It focuses on the
organization of sounds and how they function in particular languages. For
example, English distinguishes between the sounds /p/ and /b/, which can
differentiate words like "pat" and "bat".

Morphology, on the other hand, deals with the structure of words and the
rules for word formation. A morpheme is the smallest unit of meaning, such as
“un-”, “happy”, or “-ness”. Words like "unhappiness" are composed of multiple
morphemes: “un” (a prefix), “happy” (a root), and “ness” (a suffix).

Morphemes are classified as free or bound. Free morphemes can stand
alone (e.g., "book"), while bound morphemes must be attached to other mor-
phemes (e.g., "-s", "-ing"). This distinction helps in building stemming and
lemmatization algorithms in NLP.

Understanding morphology is essential in text normalization, as it enables
algorithms to reduce words to their root forms. For example, stemming would
reduce “running”, “ran”, and “runs” to “run”.

Languages vary in morphological richness. English is relatively analytic
(few inflections), while languages like Finnish or Turkish are highly inflectional.
This impacts tokenization and parsing strategies in multilingual NLP systems.

Phonology and morphology also affect speech recognition systems. Misiden-
tifying phonemes due to accent or noise can alter transcription and downstream
tasks.

In NLP, morphological analysis can be rule-based or data-driven. Modern
NLP tools like spaCy and Stanza use pretrained models to perform morpholog-
ical tagging.
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Applications include voice assistants that need to map spoken phonemes
to words, or autocorrect systems that understand word morphology to suggest
accurate alternatives.

Python Example: Simple Morpheme Splitting

1 def naive_split(word):
2 prefixes = [’un’, ’re’, ’in’]
3 suffixes = [’ing’, ’ed’, ’ness’]
4 for p in prefixes:
5 if word.startswith(p):
6 root = word[len(p):]
7 for s in suffixes:
8 if root.endswith(s):
9 return (p, root[:-len(s)], s)

10 return (word ,)
11 print(naive_split("unhappiness"))

3.2 Syntax and Sentence Structure

Syntax refers to the rules that govern the arrangement of words in sentences.
It determines how different parts of speech (nouns, verbs, adjectives) interact
to convey meaning. For example, in English, a basic syntactic structure is
Subject-Verb-Object (SVO), as in “The cat chased the mouse.”

Syntax trees or parse trees visually represent the syntactic structure of a
sentence. These trees are used to analyze grammatical correctness and extract
relations between words.

Syntactic analysis can be shallow (chunking) or deep (full parsing). Shallow
parsing identifies noun and verb phrases, while full parsing creates complete
syntactic structures.

Syntactic ambiguity occurs when a sentence has multiple valid parses. For
example, “I saw the man with the telescope” can mean different things depend-
ing on the parse.

Context-Free Grammars (CFGs) are often used to model syntax. They
define production rules for how sentences can be formed from words and phrases.

In modern NLP, probabilistic parsers and neural parsers are used for syn-
tactic analysis. These parsers can disambiguate structure using data-driven
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approaches.
Dependency parsing identifies syntactic relationships between words in

terms of head-dependent pairs, unlike constituency parsing which builds phrase
structure trees.

Python Example: POS and Dependency Parsing with spaCy

1 import spacy
2 nlp = spacy.load("en_core_web_sm")
3 doc = nlp("The quick brown fox jumps over the lazy dog.")
4 for token in doc:
5 print(f"{token.text} -> {token.dep_} -> {token.head.text}"

)

Syntactic structure is important for many downstream tasks such as ma-
chine translation, question answering, and summarization.

3.3 Semantics and Word Meaning

Semantics is the study of meaning in language. It deals with how words and
sentences convey meaning and how this meaning can be represented computa-
tionally.

Lexical semantics focuses on the meanings of individual words. For exam-
ple, synonyms like “happy” and “joyful” or antonyms like “hot” and “cold” are
studied under lexical semantics.

Compositional semantics explores how meanings of individual words com-
bine to form sentence meanings. For example, “John loves Mary” has a different
meaning than “Mary loves John” due to word order.

Semantic roles such as agent, patient, and instrument help to assign roles to
entities in a sentence. These are useful in information extraction and question
answering.

Word sense disambiguation (WSD) is a key problem in semantics. The
word “bank” can mean a financial institution or the side of a river, depending
on context.

Ontologies and knowledge bases like WordNet help in semantic analysis.
They provide hierarchical and relational information about word meanings.
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Vector space models and neural embeddings like Word2Vec or BERT cap-
ture semantic similarity between words in high-dimensional spaces.

Python Example: Word Similarity with spaCy

1 import spacy
2 nlp = spacy.load("en_core_web_md")
3 doc1 = nlp("king")
4 doc2 = nlp("queen")
5 print("Similarity:", doc1.similarity(doc2))

Semantic information helps improve tasks like sentiment analysis, para-
phrase detection, and natural language inference.

3.4 Pragmatics and Discourse

Pragmatics deals with how context influences the interpretation of meaning. It
includes aspects like speaker intent, conversational implicature, and politeness.

For example, the phrase “Can you pass the salt?” is interpreted as a request,
not a literal question about capability. This is an example of indirect speech
act.

Deixis refers to context-dependent expressions such as “this”, “that”, “here”,
or “you”. These require additional information to be interpreted correctly.

Discourse analysis looks at language beyond the sentence level. It focuses
on coherence and cohesion in conversations or texts.

Coreference resolution is a key task in discourse processing. It identifies
expressions that refer to the same entity, such as “Alice went home. She was
tired.”

Topic segmentation and discourse parsing help in dividing texts into mean-
ingful sections and analyzing the structure of narratives.

Dialogue systems need to incorporate pragmatic knowledge to respond ap-
propriately to user intent. This involves modeling conversational context and
tracking entities.

Pragmatics is especially important in sentiment detection, sarcasm recog-
nition, and understanding social nuances in language.

Tools like Hugging Face Transformers or AllenNLP provide models that
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incorporate contextual embeddings, which improve discourse-level understand-
ing.

3.5 Part-of-Speech Tagging (POS)

Part-of-Speech tagging is the process of assigning grammatical categories (noun,
verb, adjective, etc.) to words in a sentence.

POS tags help disambiguate words that serve multiple grammatical func-
tions. For example, “book” can be a noun or a verb.

Traditional POS tagging methods include rule-based taggers and statistical
models like Hidden Markov Models (HMMs). These rely on handcrafted rules
or transition probabilities.

Modern POS taggers use neural networks and transfer learning. Pretrained
models like BERT improve tagging accuracy by leveraging context.

POS tagging improves performance in downstream tasks such as parsing,
named entity recognition, and text-to-speech systems.

Python Example: POS Tagging with spaCy

1 import spacy
2 nlp = spacy.load("en_core_web_sm")
3 doc = nlp("Apple is looking at buying a startup in the UK.")
4 for token in doc:
5 print(f"{token.text} -> {token.pos_}")

POS tags vary in granularity. Universal POS tags provide a coarse set of
labels, while Penn Treebank tags offer a more detailed taxonomy.

Ambiguity is a challenge in POS tagging. Contextual models help resolve
such ambiguities by using surrounding words as cues.

Summary

This chapter introduced the core linguistic components essential for NLP. We
explored phonology and morphology to understand how words are formed, fol-
lowed by syntax and sentence structure, which form the grammar of language.
Semantics gave us insight into meaning, while pragmatics and discourse helped
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us analyze how context affects interpretation. Finally, we covered POS tagging,
a foundational task that supports many advanced applications.

Review Questions

1. What is the difference between a morpheme and a phoneme?

2. How does syntax differ from semantics in natural language?

3. Give an example of syntactic ambiguity in a sentence.

4. What are the main challenges in semantic analysis?

5. How do modern NLP systems perform part-of-speech tagging?

6. Define coreference resolution and give an example.

7. What is the role of WordNet in semantic analysis?

8. Describe the difference between dependency and constituency parsing.

9. How do discourse and pragmatics influence language understanding?

10. What are the limitations of rule-based POS tagging systems?
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Chapter 4

Classical Text Representations

4.1 Bag-of-Words (BoW)

The Bag-of-Words (BoW) model is one of the simplest and most commonly
used techniques in natural language processing (NLP) for text representation.
It involves representing a document as a multiset of its words, disregarding
grammar and word order but keeping multiplicity.

In a BoW model, the vocabulary is first built by collecting all unique
words from the corpus. Each document is then represented as a vector of word
counts. For instance, if the vocabulary consists of 1,000 unique words, each
document will be a 1,000-dimensional vector where each entry corresponds to
the frequency of a particular word.

One major advantage of the BoW approach is its simplicity and effective-
ness in many basic NLP tasks such as spam filtering and topic classification.
Despite its lack of sophistication, BoW can capture enough signal to perform
surprisingly well with the right preprocessing and modeling.

However, BoW treats all words as independent, ignoring the syntax and
semantics of language. It cannot differentiate between synonyms or understand
the context in which words are used. For example, "I love NLP" and "NLP is
loved by me" have different vector representations even though their meanings
are similar.

BoW representations are sparse because each document contains only a
small fraction of the words in the full vocabulary. This sparsity can be mitigated
using dimensionality reduction techniques such as PCA or LSA.

In practice, BoW is often used in conjunction with stopword removal, stem-
ming, and lowercasing to reduce noise and improve model performance. These
steps ensure that frequent but uninformative words (like “the” or “is”) do not
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dominate the vector representation.
Another limitation is that BoW gives equal importance to all terms, regard-

less of their informativeness. This is where improvements like TF-IDF come
into play, weighing words based on their frequency and rarity across documents.

BoW is computationally inexpensive to implement and interpret. It pro-
vides a solid starting point for many introductory NLP tasks, especially in
environments where simplicity and explainability are preferred over sophistica-
tion.

Here is a simple Python example of BoW vectorization using ‘CountVec-
torizer‘:

Python Example: Bag-of-Words with scikit-learn

1 from sklearn.feature_extraction.text import CountVectorizer
2

3 docs = ["NLP is amazing", "I love NLP", "NLP is fun and
educational"]

4 vectorizer = CountVectorizer ()
5 X = vectorizer.fit_transform(docs)
6

7 print("Vocabulary:", vectorizer.vocabulary_)
8 print("BoW Matrix :\n", X.toarray ())

4.2 Term Frequency-Inverse Document Frequency (TF-
IDF)

TF-IDF stands for Term Frequency-Inverse Document Frequency, a statistical
measure that evaluates how important a word is to a document in a collection or
corpus. Unlike BoW, TF-IDF assigns weights to words based on their frequency
and rarity.

The term frequency (TF) refers to how often a term appears in a document.
The inverse document frequency (IDF) component down-weights terms that are
common across many documents. Together, they balance the term importance
in individual documents versus the whole corpus.

Mathematically, TF is usually the raw count or normalized frequency of a
term in a document. IDF is calculated as the logarithm of the inverse fraction
of documents containing the term, making rare terms more influential.
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TF-IDF is particularly effective in information retrieval tasks such as docu-
ment ranking and search engine optimization. It helps emphasize unique words
that are more informative in distinguishing one document from another.

TF-IDF vectors are usually more informative and less sparse than BoW
vectors. They reduce the impact of stopwords and emphasize keywords that
are more relevant for classification and clustering.

A drawback of TF-IDF is that it still ignores word order and semantic
relationships. Like BoW, it treats terms as independent features, which can be
limiting in more complex NLP tasks.

Despite these limitations, TF-IDF remains widely used in practice due to
its simplicity and effectiveness. It often serves as a strong baseline or feature
set in machine learning pipelines.

TF-IDF can be computed using scikit-learn’s ‘TfidfVectorizer‘. The tool
handles normalization and IDF weighting automatically, making it easy to in-
tegrate into NLP applications.

Here’s an example of applying TF-IDF to a set of documents:

Python Example: TF-IDF Vectorization

1 from sklearn.feature_extraction.text import TfidfVectorizer
2

3 docs = ["NLP is amazing", "I love NLP", "NLP is fun and
educational"]

4 vectorizer = TfidfVectorizer ()
5 X = vectorizer.fit_transform(docs)
6

7 print("TF-IDF Vocabulary:", vectorizer.vocabulary_)
8 print("TF-IDF Matrix :\n", X.toarray ())

TF-IDF values are often used as input features for downstream classifiers
such as logistic regression, SVMs, or neural networks in various NLP tasks.

4.3 Limitations of Classical Representations

While BoW and TF-IDF provide straightforward methods to convert text into
numerical vectors, they have several notable limitations that can restrict their
use in modern NLP applications.
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First, both methods ignore the order of words. This is problematic because
word order carries essential meaning. For instance, "The dog chased the cat"
and "The cat chased the dog" will be treated similarly, though their meanings
differ.

Second, neither approach accounts for the semantics of words. Synonyms
like “happy” and “joyful” are treated as entirely different features, leading to
fragmentation in the feature space and poor generalization.

Third, classical representations produce sparse vectors, especially with
large vocabularies. This sparsity leads to higher memory usage and compu-
tational costs, which can be problematic for large-scale systems.

Additionally, BoW and TF-IDF struggle with capturing polysemy—when
a word has multiple meanings depending on the context. The word “bank” in
“river bank” and “investment bank” will be treated identically.

These models also require extensive preprocessing such as stemming, lemma-
tization, and stopword removal to be effective. Without such preprocessing, the
resulting vectors are often noisy and redundant.

Another issue is the fixed vocabulary. New or rare words not seen during
training are excluded from the feature space, causing information loss. This is
known as the out-of-vocabulary (OOV) problem.

Due to these limitations, classical models perform poorly on more nuanced
tasks such as machine translation, question answering, or summarization that
require deeper linguistic understanding.

In recent years, classical representations have largely been replaced or sup-
plemented by dense vector models such as Word2Vec, GloVe, and transformers-
based embeddings that provide richer semantic understanding.

Despite their limitations, classical methods are still valuable in certain
domains where simplicity, interpretability, and computational efficiency are
paramount.

Understanding these traditional methods provides a solid foundation for
grasping the more complex and nuanced methods used in modern NLP pipelines.

Summary

In this chapter, we explored classical methods for representing textual data in
numerical form. The Bag-of-Words (BoW) model represents text by counting
the occurrences of each word in a fixed vocabulary, while ignoring grammar and
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word order. Though simple, it can be effective for many tasks when combined
with preprocessing techniques.

We then examined Term Frequency-Inverse Document Frequency (TF-
IDF), which extends BoW by weighing words based on their rarity across doc-
uments. TF-IDF improves document representation by reducing the influence
of common words and amplifying informative ones.

However, both BoW and TF-IDF have limitations, such as ignoring word
order and semantics, and producing sparse vectors. These drawbacks motivate
the use of more advanced methods like word embeddings and contextual models,
which are covered in subsequent chapters.

Understanding BoW and TF-IDF is essential for building a strong foun-
dation in NLP. These classical representations are still useful in many practical
applications and serve as valuable baselines for more complex models.

Review Questions

1. What is the main idea behind the Bag-of-Words model?

2. How does the TF-IDF representation improve upon the BoW model?

3. What are some preprocessing steps commonly used with classical text
representations?

4. Why are classical representations considered sparse?

5. What does the inverse document frequency (IDF) component capture?

6. In what types of NLP tasks can BoW and TF-IDF still be useful?

7. How do BoW and TF-IDF handle synonymy and polysemy?

8. What is the out-of-vocabulary (OOV) problem and how does it affect these
models?

9. Why is word order important in text representation?

10. What limitations of classical models motivated the shift to modern vector
representations?
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Chapter 5

Language Modeling: Classical
Techniques

5.1 Introduction to Language Modeling

Language modeling is a fundamental task in Natural Language Processing
(NLP) that involves predicting the next word in a sequence based on previ-
ous words. At its core, a language model assigns a probability to a sequence of
words, which is critical for many applications like speech recognition, machine
translation, and text generation.

In the classical setting, language models are based on probabilistic meth-
ods such as N-gram models, which simplify the problem by using the Markov
assumption. This assumption allows the model to estimate the likelihood of a
word based on a fixed number of preceding words.

The primary goal of a language model is to calculate the joint probability
of a sequence of tokens. For example, the probability of the sequence "The cat
sat on the mat" is computed as the product of conditional probabilities of each
word given the previous ones.

Language models are trained on large corpora to learn these statistical
patterns. They rely on observed frequencies in the training data to estimate
the probabilities of different word sequences.

In addition to basic N-gram models, smoothing techniques are essential
to address the problem of zero probabilities for unseen word sequences. Without
smoothing, an N-gram model might assign a probability of zero to perfectly
valid but previously unseen phrases.

Other enhancements to language models include back-off and interpo-
lation, which further help in generalizing from observed data and handling
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sparse datasets.
Even though modern NLP has shifted towards neural language models

and transformers, classical language modeling remains a crucial concept for
understanding more complex systems.

Understanding classical language modeling helps in appreciating the evo-
lution of NLP models and provides a baseline for comparison with neural ap-
proaches.

Let’s now explore the building blocks of these models, beginning with N-
grams.

5.2 N-gram Language Models

An N-gram is a contiguous sequence of n items from a given sample of text
or speech. In language modeling, an N-gram refers to a sequence of n words,
and the N-gram model uses the frequency of these sequences to predict future
words.

The simplest model is the unigram model, which considers each word in-
dependently. A bigram model considers a word and its immediately preceding
word, while a trigram model considers the two preceding words.

Formally, a bigram model estimates the probability of a word wn given the
previous word wn−1 as:

P (wn|wn−1) =
count(wn−1, wn)

count(wn−1)

As n increases, the model captures more context but also suffers more
from data sparsity, making higher-order N-grams less practical without large
datasets or additional techniques.

N-gram models are straightforward to implement and serve as strong base-
lines for many language tasks, especially when interpretability and simplic-
ity are required.
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Python Example: Trigram Language Model

1 from collections import defaultdict
2

3 def build_trigram_model(text):
4 model = defaultdict(lambda: defaultdict(int))
5 tokens = text.split()
6 for i in range(len(tokens) -2):
7 prefix = (tokens[i], tokens[i+1])
8 model[prefix ][ tokens[i+2]] += 1
9 return model

10

11 sample_text = "I love NLP and I love learning new things in
NLP"

12 model = build_trigram_model(sample_text)
13 print(model[("I", "love")])

Despite their limitations, N-gram models have been effective in practical
systems like speech recognition and predictive keyboards.

5.3 Smoothing Techniques

Smoothing is a technique used to adjust the probability estimates for N-grams
that may not appear in the training data. Without smoothing, unseen N-grams
receive a zero probability, which can lead to incorrect predictions.

The most basic method is Add-one (Laplace) smoothing, which adds
one to every count, ensuring that every possible N-gram has at least a non-zero
probability.

Another popular method is Good-Turing smoothing, which redistributes
the probability mass from observed to unseen events based on their frequency.

Kneser-Ney smoothing is one of the most effective and sophisticated
smoothing methods. It improves probability estimates by adjusting not just
the counts but also how likely words are to appear in novel contexts.
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Python Example: Add-One Smoothing

1 from collections import Counter
2

3 def add_one_smoothing(corpus):
4 tokens = corpus.split()
5 vocab = set(tokens)
6 unigram_counts = Counter(tokens)
7 total = sum(unigram_counts.values ())
8 smoothed_probs = {word: (unigram_counts[word] + 1) / (

total + len(vocab))
9 for word in vocab}

10 return smoothed_probs
11

12 corpus = "the cat sat on the mat"
13 print(add_one_smoothing(corpus))

Smoothing plays a critical role in ensuring that language models can handle
a wide variety of text inputs and avoid brittle behavior.

5.4 Back-off and Interpolation

Back-off is a strategy that falls back to lower-order N-grams when higher-order
N-grams are not found in the training data. For instance, if a trigram is not
observed, the model will back off to the corresponding bigram or unigram.

In interpolation, rather than backing off completely, the model combines
probabilities from different N-gram levels using weighted sums. This helps
distribute probability mass more effectively across the model.

Both back-off and interpolation improve robustness and generalization,
especially when working with limited or noisy datasets.

42



Natural Language Processing: Classical to Modern

Python Example: Linear Interpolation

1 def interpolate_probs(unigram , bigram , trigram , lambda1 =0.1,
lambda2 =0.3, lambda3 =0.6):

2 def prob(w1, w2, w3):
3 p1 = unigram.get(w3, 0)
4 p2 = bigram.get((w2, w3), 0)
5 p3 = trigram.get((w1, w2, w3), 0)
6 return lambda1 * p1 + lambda2 * p2 + lambda3 * p3
7 return prob

These strategies have been widely adopted in language modeling toolkits
and are a staple in many older NLP systems.

5.5 Limitations and Extensions

Despite their simplicity and effectiveness, classical language models like N-gram
suffer from several key limitations. Chief among them is the curse of dimen-
sionality: as n increases, the number of possible N-grams grows exponentially.

This makes storing and computing probabilities for high-order N-grams
impractical without aggressive pruning or approximation strategies.

Another limitation is the lack of semantic understanding. N-gram
models rely purely on frequency counts and cannot understand relationships
between words like synonyms or grammatical structure.

However, extensions such as class-based N-grams and cache models
were developed to overcome some of these issues, though they still fall short of
the capabilities of modern neural language models.

The simplicity of N-grams also prevents them from effectively modeling
long-range dependencies, which are important in capturing context in longer
sentences or documents.

Despite these limitations, N-gram models continue to be valuable in real-
world applications, especially where interpretability, speed, and simplicity
are critical.

In the next chapter, we will examine how these limitations are addressed
through neural language modeling techniques like Word2Vec and re-
current neural networks (RNNs).
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Summary

In this chapter, we introduced classical language modeling techniques with a
focus on N-gram models, smoothing methods, and back-off strategies. N-gram
models form the basis of many early NLP systems and are useful for under-
standing the statistical structure of text.

We discussed how smoothing techniques like Laplace and Kneser-Ney
help address the issue of data sparsity by assigning non-zero probabilities to
unseen N-grams. Additionally, back-off and interpolation techniques were
explored to improve the model’s ability to generalize.

Despite their simplicity, N-gram models have been foundational in the field
of NLP and continue to be used in applications where speed and interpretability
are prioritized.

Review Questions

1. What is the Markov assumption in language modeling?

2. How does an N-gram model estimate the probability of a word?

3. Why is smoothing necessary in language modeling?

4. Compare Add-One and Kneser-Ney smoothing techniques.

5. What is the difference between back-off and interpolation?

6. Why do high-order N-grams suffer from data sparsity?

7. What are the limitations of N-gram models?

8. In what scenarios might classical language models still be preferred?

9. How can class-based N-gram models extend traditional N-grams?

10. What motivates the shift from N-gram models to neural approaches?
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Chapter 6

Word Embeddings

6.1 Introduction to Word Embeddings

Word embeddings are vector representations of words in a continuous space
where semantically similar words are mapped to nearby points. Unlike earlier
methods like one-hot encoding, which result in sparse and high-dimensional vec-
tors, embeddings capture semantic relationships in a compact form. This shift
from discrete to distributed representation has revolutionized natural language
processing (NLP).

Traditional text representations, such as Bag-of-Words (BoW) and TF-
IDF, do not capture the meaning of words or their relationships. Word embed-
dings, however, are based on the distributional hypothesis: words appearing in
similar contexts tend to have similar meanings. This principle allows embed-
dings to encode deep linguistic properties.

One key advantage of embeddings is their ability to generalize. For in-
stance, even if a model hasn’t seen the word “astronaut” during training, it
can infer its meaning if similar words like “cosmonaut” or “spaceman” are well-
represented.

Embeddings also enable arithmetic operations that reflect linguistic rela-
tionships. The classic example is:

vec(”king”)− vec(”man”) + vec(”woman”) ≈ vec(”queen”)
These properties have made word embeddings foundational for downstream

tasks such as machine translation, sentiment analysis, and question answering.
This chapter explores the development and types of word embeddings,

focusing on Word2Vec, GloVe, FastText, and the distinction between static
and contextual embeddings.

Understanding embeddings sets the stage for more advanced architectures
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like BERT and GPT, which build on the idea of representing language in con-
tinuous vector spaces.

In the next sections, we delve into how these embeddings are constructed
and their real-world implications.

6.2 Word2Vec

Word2Vec is a family of neural network models introduced by Mikolov et al.
(2013) to learn word embeddings from large corpora. It comes in two main
variants: Continuous Bag-of-Words (CBOW) and Skip-Gram.

CBOW predicts a word given its surrounding context, while Skip-Gram
predicts the surrounding context given a target word. Both use shallow neural
networks to map words into a low-dimensional continuous vector space.

The architecture comprises an input layer, a hidden layer without activa-
tion, and an output layer using softmax. Training is performed using negative
sampling or hierarchical softmax for efficiency.

Word2Vec learns embeddings by adjusting weights such that similar words
in context have closer vectors. This captures semantic and syntactic similarities
effectively.

For example, in a sentence like “The cat sat on the mat,” Word2Vec learns
that “cat” and “dog” often appear in similar contexts like “sat on the mat,”
making their vectors close.

A major strength of Word2Vec is its efficiency. It can be trained on billions
of words in just hours, and the embeddings it produces often outperform more
complex models on benchmark tasks.

Despite its simplicity, Word2Vec represents a paradigm shift from sparse to
dense vector spaces, enabling arithmetic operations and analogical reasoning.

However, it has limitations. Being a static model, each word has a single
vector regardless of context. For example, “bank” in “river bank” and “bank
loan” will be represented identically.

In practice, Word2Vec embeddings are often used as pre-trained features
for other models, especially in resource-constrained settings.
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6.3 GloVe

GloVe (Global Vectors for Word Representation) is an unsupervised learning
algorithm developed by researchers at Stanford (Pennington et al., 2014) that
constructs embeddings by aggregating global word-word co-occurrence statistics
from a corpus.

Unlike Word2Vec, which relies on local context windows, GloVe creates a
global co-occurrence matrix and trains word vectors to capture ratios of word
co-occurrence probabilities.

The model constructs a matrix X where each element Xij represents how
often word j appears in the context of word i. The objective is to find word
vectors such that their dot product approximates log(Xij).

The resulting optimization problem is weighted least squares, balancing
frequent and rare co-occurrences while minimizing reconstruction error.

GloVe embeddings outperform Word2Vec on some semantic tasks due to
their use of global statistics. For example, GloVe can better capture relation-
ships like "man is to king as woman is to queen."

Because GloVe is a count-based model, it can be trained efficiently using
matrix factorization techniques, especially when the corpus is pre-processed.

It is particularly effective when trained on large corpora such as Wikipedia
or Common Crawl, producing embeddings with rich semantic meaning.

GloVe also suffers from the same limitation as Word2Vec: static embed-
dings. Words with multiple meanings receive only one vector representation.

In summary, GloVe complements Word2Vec by incorporating both global
and local context statistics to yield powerful word embeddings.

6.4 FastText

FastText, developed by Facebook AI Research, extends Word2Vec by represent-
ing words as bags of character n-grams. This enables it to generate embeddings
for rare or unseen words based on subword information.

For instance, the word “playing” is represented by its character n-grams
like “pla,” “lay,” “ayi,” and “ing.” This captures internal morphological structure,
making it useful for morphologically rich languages.

The architecture is similar to Skip-Gram but the model learns vectors for
character n-grams, which are then averaged to form the word embedding.
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This approach improves performance on tasks involving rare words, domain-
specific vocabulary, or agglutinative languages like Turkish or Finnish.

One key advantage is its ability to handle out-of-vocabulary (OOV) words.
Since embeddings are composed from character n-grams, even unseen words
can be represented meaningfully.

FastText has been shown to outperform Word2Vec and GloVe in various
low-resource settings and across multiple languages.

It also improves coverage and accuracy for morphologically complex tasks
such as named entity recognition and part-of-speech tagging.

Despite its advantages, FastText remains a static embedding model. It
does not change word vectors based on sentence context.

Nonetheless, FastText provides a practical balance between performance
and linguistic robustness.

6.5 Contextual vs. Static Embeddings

The key limitation of Word2Vec, GloVe, and FastText is that they produce
static embeddings: each word has a fixed vector regardless of context.

Contextual embeddings solve this problem by assigning different vectors
to the same word based on its usage in different contexts.

For instance, in BERT or ELMo, the word “bass” has different embeddings
in “He played the bass guitar” and “He caught a bass.”

Contextual embeddings are typically generated using deep neural networks
like LSTMs or Transformers, which encode entire sequences of text.

This enables richer understanding of polysemy (multiple meanings), syn-
tax, and semantics at the sentence or paragraph level.

The transition from static to contextual embeddings marks a significant
leap in NLP capabilities. Models can now reason about context and relation-
ships more accurately.

However, contextual models are more computationally intensive and re-
quire larger datasets and more resources to train.

Static embeddings still have practical value due to their simplicity and
efficiency, especially in lightweight or embedded NLP applications.

In practice, contextual models like BERT often fine-tune pre-trained em-
beddings for specific downstream tasks.

Combining static and contextual approaches can yield robust solutions—e.g.,
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initializing BERT with FastText vectors or combining GloVe with ELMo for
better performance.

Summary

This chapter explored the evolution of word embeddings from simple static
representations to complex contextual ones. Beginning with Word2Vec and its
prediction-based learning of word vectors, we examined how embeddings enable
arithmetic, analogy, and improved text understanding.

We then introduced GloVe, which incorporates global co-occurrence statis-
tics to generate word vectors with rich semantics. FastText expanded on this
by adding character-level information, allowing better handling of rare and
morphologically complex words.

Finally, we distinguished between static embeddings and their contextual
counterparts, emphasizing the importance of context in meaning. This dis-
tinction sets the stage for models like BERT, GPT, and other transformers
discussed in future chapters.

Word embeddings remain a cornerstone of modern NLP, bridging the gap
between human language and machine understanding.

Review Questions

1. What are word embeddings, and why are they important in NLP?

2. Describe the difference between CBOW and Skip-Gram models in Word2Vec.

3. How does GloVe differ from Word2Vec in constructing embeddings?

4. What advantages does FastText offer over traditional word embedding
models?

5. What is the difference between static and contextual word embeddings?
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Chapter 7

Deep Learning for Natural Language
Processing

7.1 Introduction to Neural Networks for NLP

Deep learning has significantly transformed the field of Natural Language
Processing (NLP), enabling models to learn representations of language from
vast amounts of data with minimal human intervention. Traditional machine
learning models often required carefully engineered features. In contrast,
neural networks learn these features automatically, allowing for more scalable
and accurate solutions.

Artificial Neural Networks (ANNs) consist of layers of interconnected
nodes or neurons. Each neuron processes input through a weighted sum followed
by an activation function. For NLP, neural networks are used for tasks like
classification, sequence labeling, machine translation, and more.

The simplest network is the feedforward neural network, where input is
passed through hidden layers to produce an output. However, this architecture
is limited for sequential data like text because it doesn’t capture word order or
context.

To handle sequences, specialized architectures like Recurrent Neural
Networks (RNNs) were introduced. They process inputs sequentially and
maintain internal states that capture temporal dependencies, making them
more suited for language tasks.

Training neural networks for NLP typically involves representing words
as dense vectors (embeddings), feeding them through the network, and
optimizing a loss function using gradient descent and backpropagation.
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Python Example: Simple Feedforward Neural Network for Text Classifi-
cation

1 import torch
2 import torch.nn as nn
3

4 class FFNN(nn.Module):
5 def __init__(self , input_size , hidden_size , output_size):
6 super(FFNN , self).__init__ ()
7 self.fc1 = nn.Linear(input_size , hidden_size)
8 self.relu = nn.ReLU()
9 self.fc2 = nn.Linear(hidden_size , output_size)

10

11 def forward(self , x):
12 out = self.fc1(x)
13 out = self.relu(out)
14 out = self.fc2(out)
15 return out

7.2 Recurrent Neural Networks (RNNs)

Recurrent Neural Networks (RNNs) are designed to model sequential
data, making them a natural fit for NLP tasks such as language modeling, ma-
chine translation, and speech recognition. Unlike feedforward networks, RNNs
have loops allowing information to persist across time steps.

At each time step, the RNN takes an input and the previous hidden state
to produce a new hidden state. This hidden state captures information from
previous time steps, giving RNNs a form of memory.

However, RNNs struggle with long-term dependencies due to vanish-
ing or exploding gradients during training. This makes it hard for them to
retain information across long sequences.

Despite their limitations, RNNs laid the foundation for more advanced
architectures and are still used in lightweight applications where context spans
are short.
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Python Example: Basic RNN Cell

1 import torch
2 import torch.nn as nn
3

4 rnn = nn.RNN(input_size =10, hidden_size =20, num_layers =1,
batch_first=True)

5 x = torch.randn(5, 3, 10) # batch of 5 sequences , each of
length 3 with 10 features

6 h0 = torch.zeros(1, 5, 20) # initial hidden state
7 output , hn = rnn(x, h0)

7.3 Long Short-Term Memory (LSTM)

Long Short-Term Memory (LSTM) networks were introduced to solve
the vanishing gradient problem in RNNs. They achieve this by incorporating
gating mechanisms that regulate the flow of information.

An LSTM unit consists of a cell, an input gate, an output gate, and a
forget gate. These gates control how much information from the input and
past states is used and retained.

LSTMs are better at capturing long-range dependencies and are widely
used in various NLP applications, including text generation, sentiment analysis,
and machine translation.

Their success is due to their ability to selectively remember or forget
information, making them more flexible than vanilla RNNs.

Python Example: LSTM Cell

1 import torch
2 import torch.nn as nn
3

4 lstm = nn.LSTM(input_size =10, hidden_size =20, num_layers =1,
batch_first=True)

5 x = torch.randn(5, 3, 10)
6 h0 = torch.zeros(1, 5, 20)
7 c0 = torch.zeros(1, 5, 20)
8 output , (hn, cn) = lstm(x, (h0, c0))
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7.4 Gated Recurrent Units (GRU)

Gated Recurrent Units (GRUs) are a simplified version of LSTMs that
combine the forget and input gates into a single update gate. This reduction
in complexity often results in faster training and fewer parameters.

GRUs have been shown to perform comparably to LSTMs on many tasks,
especially when data is limited or when computational resources are constrained.

Like LSTMs, GRUs can capture long-term dependencies better than stan-
dard RNNs and are effective in various NLP tasks.

Their relative simplicity makes them a popular choice in scenarios where
training speed and efficiency are crucial.

Python Example: GRU Cell

1 import torch
2 import torch.nn as nn
3

4 gru = nn.GRU(input_size =10, hidden_size =20, num_layers =1,
batch_first=True)

5 x = torch.randn(5, 3, 10)
6 h0 = torch.zeros(1, 5, 20)
7 output , hn = gru(x, h0)

7.5 Introduction to Transformers

Transformers represent a breakthrough in NLP by allowing models to process
entire sequences simultaneously using attention mechanisms, rather than
processing them step by step as in RNNs.

The key idea behind the transformer is the self-attention mechanism,
which enables the model to focus on different parts of the input sequence when
encoding a word. This allows it to capture long-range dependencies more effec-
tively than RNNs or LSTMs.

A transformer model consists of an encoder and a decoder, each made up
of layers that include self-attention and feedforward components. The encoder
processes the input sequence into a set of representations, and the decoder
generates the output sequence.

Transformers are the foundation of state-of-the-art models like BERT,
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GPT, and T5, which have set new performance records in a variety of NLP
benchmarks.

Unlike RNNs, transformers do not require sequential processing, which
allows for better parallelization and faster training.

Python Example: Self-Attention Mechanism with PyTorch

1 import torch
2 import torch.nn.functional as F
3

4 def scaled_dot_product_attention(query , key , value):
5 scores = torch.matmul(query , key.transpose(-2, -1)) /

query.size(-1)**0.5
6 weights = F.softmax(scores , dim=-1)
7 return torch.matmul(weights , value)
8

9 # Dummy input: batch=1, heads=1, seq_len=3, dim=4
10 query = torch.randn(1, 1, 3, 4)
11 key = torch.randn(1, 1, 3, 4)
12 value = torch.randn(1, 1, 3, 4)
13 output = scaled_dot_product_attention(query , key , value)

Summary

In this chapter, we explored how deep learning techniques have revolution-
ized natural language processing (NLP). We began by understanding the
basic structure of neural networks and how they are adapted for language tasks.
Recurrent Neural Networks (RNNs) were introduced as the first step to-
ward handling sequences, followed by Long Short-Term Memory (LSTM)
and Gated Recurrent Unit (GRU) networks that overcame the limitations
of standard RNNs in capturing long-range dependencies.

We then discussed how transformers emerged as a game-changing archi-
tecture by removing recurrence and leveraging attention mechanisms to process
entire sequences in parallel. This approach led to models like BERT and GPT
that power many current state-of-the-art NLP applications. Throughout the
chapter, we demonstrated these concepts with code examples and highlighted
their real-world use in tasks like sentiment analysis, machine translation, and
text classification.
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Review Questions

1. What are the main challenges of using traditional neural networks for
natural language data?

2. How do RNNs differ from feedforward neural networks in terms of structure
and application?

3. What problem does the LSTM architecture solve compared to standard
RNNs?

4. How does the GRU differ from the LSTM in terms of structure and gating
mechanisms?

5. What are the key limitations of RNN-based models in handling long se-
quences?

6. Describe how attention mechanisms improve sequence modeling.

7. What is the core idea behind the transformer architecture?

8. Explain how positional encoding helps transformers deal with sequence
order.

9. Give one real-world application for RNNs and one for transformers in NLP.

10. Why are transformers more scalable than RNNs for large text corpora?
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Chapter 8

Text Classification and Sentiment
Analysis

8.1 Introduction to Text Classification

Text classification is one of the most fundamental tasks in Natural Language
Processing (NLP). It involves categorizing text into predefined classes or labels.
Applications of text classification include spam detection, topic labeling, news
categorization, and sentiment analysis. In this chapter, we explore the tech-
niques and models used for classifying text, beginning from traditional methods
to deep learning-based approaches.

Text classification typically requires preprocessing steps such as tokeniza-
tion, stop word removal, and vectorization. After preprocessing, the data is
fed into a machine learning or deep learning model that learns to assign the
correct class label. Supervised learning techniques are most commonly used in
this context, as they require labeled training data.

In the past, methods like Naive Bayes, Support Vector Machines (SVM),
and decision trees were popular for text classification tasks. These models,
when combined with feature engineering techniques such as TF-IDF and n-
grams, provided robust baselines.

With the advent of deep learning, neural network-based methods have sig-
nificantly improved performance. These include feedforward neural networks,
convolutional neural networks (CNNs), recurrent neural networks (RNNs), and
more recently, transformer-based models.

Text classification can be either binary or multi-class. Binary classification
involves distinguishing between two classes (e.g., spam vs. non-spam), while
multi-class classification involves more than two categories (e.g., news topics).
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Evaluation metrics commonly used include accuracy, precision, recall, F1-
score, and confusion matrices. These metrics provide insights into the model’s
performance and help identify areas for improvement.

Modern NLP libraries such as Hugging Face Transformers, TensorFlow,
and PyTorch provide easy-to-use APIs for building state-of-the-art text classi-
fiers. These tools facilitate rapid experimentation and deployment.

As we move forward, we will explore various architectures and techniques,
including feature extraction methods, sentiment analysis, and real-world appli-
cations of text classification.

8.2 Sentiment Analysis

Sentiment analysis, also known as opinion mining, is a specialized form of text
classification that focuses on identifying the sentiment or emotional tone of
a piece of text. It is widely used in applications such as customer feedback
analysis, social media monitoring, and product reviews.

At its core, sentiment analysis involves classifying text into categories such
as positive, negative, or neutral. More fine-grained sentiment classification can
involve identifying emotions like happiness, anger, sadness, or fear.

Traditional approaches to sentiment analysis rely on lexicons—predefined
lists of positive and negative words. These methods calculate sentiment scores
based on word occurrences, but they often struggle with context and sarcasm.

Machine learning approaches treat sentiment analysis as a classification
task. Models are trained on labeled datasets where each sentence or document
is annotated with a sentiment label. Common datasets include the IMDb movie
reviews, Yelp reviews, and Twitter datasets.

Deep learning has significantly advanced the field of sentiment analysis.
RNNs, LSTMs, and GRUs are effective for understanding sequential data and
capturing long-term dependencies. CNNs are also used to detect sentiment-
relevant patterns in short texts.

Transformer-based models like BERT have further pushed the boundaries.
These models use attention mechanisms to understand context and have shown
superior performance across various sentiment analysis benchmarks.

Sentiment analysis can also be domain-specific. Words that express senti-
ment in one domain (e.g., movies) might not have the same effect in another
(e.g., finance). Hence, domain adaptation and fine-tuning pretrained models
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are important considerations.
In addition to classification, sentiment analysis can include aspect-based

sentiment analysis, where the sentiment associated with specific aspects or fea-
tures of a product is identified.

Python Example: Sentiment Analysis using Hugging Face Transformers

1 from transformers import pipeline
2 classifier = pipeline("sentiment -analysis")
3 result = classifier("I really enjoyed the new Batman movie!")
4 print(result)

In this example, the Hugging Face ‘pipeline‘ is used to perform sentiment
analysis on a sample text using a pretrained BERT model.

Summary

In this chapter, we explored the foundations and advanced techniques for text
classification and sentiment analysis. From traditional methods like Naive
Bayes and SVM to advanced neural network models and transformers, the
field has evolved rapidly. Sentiment analysis stands out as a specialized and
impactful application, enabling machines to understand human emotions from
text.

Review Questions

1. What are the key differences between binary and multi-class text classifi-
cation?

2. How do TF-IDF and word embeddings differ in representing text data?

3. Describe the role of attention in transformer-based models.

4. What are some challenges specific to sentiment analysis?

5. How can domain-specific sentiment analysis improve model performance?
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Chapter 9

Entity Linking and Resolution

9.1 Introduction

Named Entity Disambiguation (NED) and Coreference Resolution are funda-
mental tasks in Natural Language Processing (NLP) that enhance the under-
standing of entities and their relationships within text. These tasks are essential
for applications like information extraction, question answering, and text sum-
marization. NED focuses on linking named entities to their correct entries in
a knowledge base, while coreference resolution deals with determining when
different expressions refer to the same entity.

In natural language, ambiguity often arises due to multiple entities sharing
the same name (e.g., "Apple" the company vs. "apple" the fruit) or due to
pronouns and nominal phrases referring back to previous mentions. Resolving
these ambiguities is critical for enabling machines to understand context and
maintain coherence in text.

This chapter explores the concepts, methodologies, and models used in
NED and coreference resolution, supported by examples, challenges, and mod-
ern deep learning approaches.

9.2 Named Entity Disambiguation (NED)

NED is the task of linking mentions of named entities in text to their corre-
sponding entities in a structured knowledge base (e.g., linking "Paris" to the
city in France or the mythological figure). It involves three main steps: mention
detection, candidate generation, and candidate ranking.

Key challenges in NED include:
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• Ambiguity: A single mention may refer to multiple entities.

• Context dependency: Disambiguation requires understanding the sur-
rounding text.

• Knowledge base limitations: Not all entities may be present or well-
defined.

Early NED systems relied on rule-based heuristics and similarity metrics.
Modern systems leverage embeddings, neural networks, and graph-based mod-
els.

Python Example: Simple Entity Linking with spaCy

1 import spacy
2 nlp = spacy.load("en_core_web_sm")
3 doc = nlp("Apple is looking at buying a UK startup")
4 for ent in doc.ents:
5 print(ent.text , ent.label_)

9.3 Coreference Resolution

Coreference resolution aims to identify expressions that refer to the same real-
world entity. These expressions can be pronouns, noun phrases, or proper
nouns. For instance, in the sentence "Mary went to the store. She bought
milk.", "She" refers to "Mary".

Coreference resolution systems often use syntactic and semantic features
to determine links. Traditional methods include rule-based approaches and
machine learning classifiers. Recent advances use deep learning with contextual
embeddings.

68



Natural Language Processing: Classical to Modern

Python Example: Coreference with NeuralCoref

1 import spacy
2 import neuralcoref
3 nlp = spacy.load("en_core_web_sm")
4 neuralcoref.add_to_pipe(nlp)
5 doc = nlp("Angela lives in Boston. She loves the city.")
6 print(doc._.coref_clusters)

9.4 Deep Learning Approaches

Recent models apply BERT-based architectures and attention mechanisms to
resolve coreference and disambiguation. These models utilize contextual infor-
mation better than traditional methods.

For NED, deep learning models rank candidates using entity and context
embeddings. Some use knowledge graph embeddings to capture entity relation-
ships. For coreference resolution, span-based models consider all possible spans
and use attention layers to score potential antecedents.

9.5 Applications in NLP

NED and coreference resolution power applications such as:

• Question answering: Clarifying entities and references improves accu-
racy.

• Chatbots: Maintaining conversational context across multiple turns.

• Information retrieval: Linking mentions to correct documents or records.

• Summarization: Ensuring coherent references throughout the summary.

9.6 Challenges and Future Directions

Challenges include:

• Limited annotated data: High-quality coreference and NED datasets
are scarce.
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• Domain adaptation: Models trained on news data may not perform
well in biomedical or legal domains.

• Cross-lingual generalization: Extending NED and coreference systems
to low-resource languages.

Future research may involve:

• Integrating large language models with knowledge bases.

• Using few-shot learning for domain adaptation.

• Developing multilingual and multimodal coreference systems.

Summary

In this chapter, we explored Named Entity Disambiguation and Coreference
Resolution—two crucial NLP tasks that help machines understand entities and
their relationships in context. From early rule-based approaches to modern deep
learning models, these tasks continue to evolve. Their applications span a wide
range of domains, making them essential components of intelligent systems.

Review Questions

1. What are the primary goals of Named Entity Disambiguation and Coref-
erence Resolution?

2. Describe the main challenges involved in NED.

3. How do traditional coreference resolution methods differ from deep learn-
ing approaches?

4. What are common applications of these two tasks?

5. How does contextual information assist in resolving coreference links?
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Chapter 10

Machine Translation Basics

10.1 Rule-Based and Statistical
Machine Translation (SMT)

Machine Translation (MT) is the process of automatically translating text from
one language to another. Early methods relied on manually crafted rules
and dictionaries. These systems, known as Rule-Based Machine Translation
(RBMT), operated by parsing input sentences using grammar rules and apply-
ing word-to-word or phrase-based translation with syntactic adjustments.

Rule-based systems work well in constrained domains but require extensive
linguistic knowledge and manual labor. They are brittle to exceptions and hard
to scale across multiple language pairs due to the complexity of maintaining
consistent grammar rules.

To overcome the limitations of RBMT, Statistical Machine Translation
(SMT) emerged in the 1990s. SMT uses statistical models to learn translations
from large bilingual corpora. The foundational idea is that translations can be
modeled probabilistically: given a source sentence, the system selects the most
probable target sentence.

SMT relies on components like language models (for target language flu-
ency), translation models (for source-target mapping), and alignment models
(to link words between languages). Phrase-based SMT improved over word-
based approaches by capturing multi-word units.

Despite advances, SMT struggles with long-range dependencies, idioms,
and maintaining fluency across sentence boundaries. These challenges moti-
vated the shift toward neural approaches.

73



CHAPTER 10. MACHINE TRANSLATION BASICS

Python Example: Phrase-Based SMT Example (Conceptual Pseudocode)

1 source = "je suis fatigue" # avoid accented characters to
prevent LaTeX encoding issues

2 phrase_table = {
3 "je suis": "I am",
4 "fatigue": "tired"
5 }
6 translation = " ".join([ phrase_table.get(p, p) for p in source

.split()])
7 print(translation) # Output: "I am tired"

10.2 Introduction to Neural Machine Translation (NMT)

Neural Machine Translation (NMT) represents a major leap in translation qual-
ity. Unlike SMT, which separates modeling into distinct components, NMT uses
a single neural network trained end-to-end to translate entire sentences. This
allows for better handling of context, fluency, and semantics.

NMT is typically implemented using an encoder-decoder architecture. The
encoder processes the input sentence into a context-rich vector representation,
and the decoder generates the output sentence word-by-word based on this con-
text. Initially, NMT models used RNNs or LSTMs for encoding and decoding.

The attention mechanism was later introduced to improve NMT perfor-
mance by allowing the decoder to focus on different parts of the input during
translation. This addressed issues with long sequences and significantly im-
proved translation quality.

More recently, transformer-based NMT systems have become state-of-the-
art. These models use self-attention instead of recurrence, allowing for faster
training and better parallelization.

NMT requires large amounts of parallel data and computational resources
but has surpassed SMT in both accuracy and fluency across many language
pairs.
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Python Example: Simple Seq2Seq NMT Model Using PyTorch

1 import torch
2 import torch.nn as nn
3

4 class Encoder(nn.Module):
5 def __init__(self , input_dim , emb_dim , hidden_dim):
6 super().__init__ ()
7 self.embedding = nn.Embedding(input_dim , emb_dim)
8 self.rnn = nn.GRU(emb_dim , hidden_dim)
9

10 def forward(self , src):
11 embedded = self.embedding(src)
12 outputs , hidden = self.rnn(embedded)
13 return hidden
14

15 class Decoder(nn.Module):
16 def __init__(self , output_dim , emb_dim , hidden_dim):
17 super().__init__ ()
18 self.embedding = nn.Embedding(output_dim , emb_dim)
19 self.rnn = nn.GRU(emb_dim , hidden_dim)
20 self.fc_out = nn.Linear(hidden_dim , output_dim)
21

22 def forward(self , input , hidden):
23 embedded = self.embedding(input).unsqueeze (0)
24 output , hidden = self.rnn(embedded , hidden)
25 prediction = self.fc_out(output.squeeze (0))
26 return prediction , hidden

Summary

This chapter introduced the evolution of machine translation technologies. Rule-
based systems rely on human-crafted grammar and dictionaries but are labor-
intensive and rigid. Statistical approaches improved scalability by learning
translation probabilities from data, yet they struggled with fluency and con-
text.

Neural Machine Translation revolutionized the field by providing an end-to-
end approach that leverages deep learning. With encoder-decoder frameworks
and attention mechanisms, NMT achieves state-of-the-art results. The transi-
tion to transformer architectures further improved speed and accuracy, making
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modern MT systems more robust and widely used in real-world applications.

Review Questions

1. What are the main limitations of rule-based machine translation?

2. How does SMT model the translation process?

3. What is the advantage of using phrases instead of individual words in
SMT?

4. Explain the encoder-decoder structure in NMT.

5. How does the attention mechanism improve NMT models?

6. What are the differences between SMT and NMT?

7. Why are transformer models better suited for large-scale translation tasks?
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Chapter 11

Evaluation Metrics for NLP

11.1 Introduction

Evaluating natural language processing (NLP) systems is essential to under-
standing their effectiveness and reliability. Because language is inherently am-
biguous and flexible, evaluating NLP models requires both quantitative and
sometimes qualitative methods. In this chapter, we focus on key automatic
evaluation metrics used to assess NLP tasks like translation, summarization,
classification, and information extraction.

Some of the most commonly used metrics include BLEU and ROUGE
(for generation tasks), as well as accuracy, precision, recall, and F1 score (for
classification and extraction tasks). Each metric captures different aspects of
performance, so choosing the right one depends on the specific NLP task.

11.2 BLEU: Bilingual Evaluation Understudy

BLEU is a precision-based metric commonly used for evaluating machine trans-
lation. It compares the n-grams (contiguous word sequences) in the generated
translation with those in one or more reference translations.

The BLEU score is calculated as follows:

• Count the number of matching n-grams between the candidate and refer-
ence.

• Compute precision for each n-gram size (typically up to 4).

• Apply a brevity penalty if the candidate translation is too short.
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Python Example: BLEU Score with NLTK

1 from nltk.translate.bleu_score import sentence_bleu
2 reference = [[’this’, ’is’, ’a’, ’test’]]
3 candidate = [’this’, ’is’, ’test’]
4 score = sentence_bleu(reference , candidate)
5 print(f"BLEU score: {score :.4f}")

BLEU works best for tasks with a fixed output like translation, but can be
insensitive to synonyms or paraphrases.

11.3 ROUGE: Recall-Oriented Understudy for Gisting
Evaluation

ROUGE is widely used for evaluating summarization tasks. It measures the
overlap between the generated summary and reference summaries in terms of
n-grams, longest common subsequence, or skip-bigrams.

Common ROUGE variants include:

• ROUGE-N: Overlap of n-grams.

• ROUGE-L: Longest common subsequence.

• ROUGE-S: Skip-bigram.

Python Example: ROUGE Score with rouge-score Library

1 from rouge_score import rouge_scorer
2 scorer = rouge_scorer.RougeScorer ([’rouge1 ’, ’rougeL ’],

use_stemmer=True)
3 scores = scorer.score("The cat was found under the bed.",
4 "The cat was under the bed.")
5 print(scores)

ROUGE emphasizes recall, which is important for summarization where
coverage of reference content is critical.
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11.4 Accuracy

Accuracy is the simplest metric and is defined as the ratio of correct predictions
to the total number of predictions.

Accuracy =
Correct Predictions
Total Predictions

This metric is useful for balanced classification problems but can be mis-
leading in imbalanced datasets.

11.5 Precision, Recall, and F1 Score

For classification tasks, especially those involving imbalanced classes, precision,
recall, and F1 score are more informative than accuracy.

Precision measures how many selected items are relevant:

Precision =
True Positives

True Positives + False Positives

Recall measures how many relevant items are selected:

Recall =
True Positives

True Positives + False Negatives

F1 Score is the harmonic mean of precision and recall:

F1 = 2× Precision × Recall
Precision + Recall
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Python Example: Precision, Recall, F1 with sklearn

1 from sklearn.metrics import precision_score , recall_score ,
f1_score

2

3 y_true = [1, 0, 1, 1, 0, 1]
4 y_pred = [1, 0, 1, 0, 0, 1]
5

6 precision = precision_score(y_true , y_pred)
7 recall = recall_score(y_true , y_pred)
8 f1 = f1_score(y_true , y_pred)
9

10 print("Precision:", precision)
11 print("Recall:", recall)
12 print("F1 Score:", f1)

These metrics are especially useful for information retrieval, named entity
recognition, and sentiment classification.

Summary

In this chapter, we explored essential evaluation metrics for NLP. BLEU and
ROUGE are prominent in generation tasks such as translation and summariza-
tion. For classification tasks, metrics like accuracy, precision, recall, and F1
score provide a more detailed picture of performance, especially under class im-
balance. Understanding these metrics is crucial for interpreting and improving
NLP models.

Review Questions

1. What does the BLEU score measure, and what are its limitations?

2. How is ROUGE different from BLEU in its evaluation approach?

3. When is accuracy a poor evaluation metric?

4. Define and explain the importance of precision, recall, and F1 score.

5. Why might recall be prioritized over precision in some NLP tasks?
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Chapter 12

NLP Tools and Libraries

12.1 Introduction

Natural Language Processing has advanced rapidly thanks in large part to the
development of powerful open-source libraries. These tools abstract many com-
plexities of NLP and make tasks such as tokenization, named entity recognition
(NER), part-of-speech (POS) tagging, and machine translation accessible to
both beginners and researchers. This chapter explores some of the most widely
used NLP libraries: NLTK, spaCy, StanfordNLP (now Stanza), and Hugging
Face Transformers.

Each of these libraries has its own strengths. NLTK is designed for learn-
ing and prototyping, spaCy is built for production and speed, Stanza (formerly
StanfordNLP) focuses on multilingual and syntactically-rich analysis, and Hug-
ging Face Transformers provide cutting-edge pretrained models. Understanding
these tools enables you to pick the right one for the right use case.

We will explore the primary capabilities of each, walk through installa-
tion and usage, and provide examples of common NLP workflows using these
libraries. These tools significantly reduce the need for building models from
scratch, enabling faster experimentation and deployment.

12.2 NLTK (Natural Language Toolkit)

NLTK is one of the oldest and most well-known Python libraries for NLP.
Designed primarily for educational purposes, it includes a vast suite of libraries
for tasks like tokenization, stemming, lemmatization, POS tagging, parsing,
and more.
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It is highly modular, with datasets and models available for download via
its corpus module. While not optimized for industrial-scale processing, it’s an
excellent library for exploring NLP fundamentals.

Python Example: Basic NLTK Usage

1 import nltk
2 nltk.download(’punkt ’)
3 from nltk.tokenize import word_tokenize
4

5 text = "Natural Language Processing with NLTK is easy to learn
."

6 tokens = word_tokenize(text)
7 print(tokens)

NLTK also includes corpora like Gutenberg and Brown, and tools for work-
ing with regular expressions, n-grams, and probability distributions. However,
its reliance on external downloads and relatively slow performance limits its use
in real-time applications.

12.3 spaCy

spaCy is a modern NLP library focused on fast and production-ready pipelines.
Written in Cython, it is much faster than NLTK and comes with pretrained
models for multiple languages. It is well-suited for named entity recognition,
POS tagging, dependency parsing, and more.

spaCy uses ‘Doc‘ objects as the base container for processed text, allowing
easy access to linguistic annotations such as tokens, entities, and syntactic
dependencies.
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Python Example: Named Entity Recognition with spaCy

1 import spacy
2 nlp = spacy.load("en_core_web_sm")
3

4 doc = nlp("Apple was founded by Steve Jobs in California.")
5 for ent in doc.ents:
6 print(ent.text , ent.label_)

The simplicity of spaCy’s API makes it attractive for developers and re-
searchers alike. It is also highly extensible, allowing for the integration of
custom components into its pipeline.

12.4 StanfordNLP (Stanza)

StanfordNLP, now rebranded as Stanza, is a library developed by the Stan-
ford NLP Group. It focuses on high-accuracy models trained on the Universal
Dependencies dataset, supporting over 60 languages.

Stanza relies on PyTorch as its backend and supports advanced NLP tasks
like dependency parsing, POS tagging, and lemmatization with pretrained neu-
ral models.

Python Example: POS Tagging with Stanza

1 import stanza
2 stanza.download(’en’)
3 nlp = stanza.Pipeline(’en’)
4

5 doc = nlp("Barack Obama was born in Hawaii.")
6 for sentence in doc.sentences:
7 for word in sentence.words:
8 print(word.text , word.pos)

Stanza models are computationally more intensive but provide state-of-
the-art accuracy. This makes it suitable for academic research and multilingual
applications requiring deeper linguistic analysis.
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12.5 Hugging Face Transformers

The Hugging Face Transformers library provides access to pretrained trans-
former models such as BERT, GPT, RoBERTa, and T5. It supports over 100
languages and includes both encoder-based (e.g., BERT) and decoder-based
(e.g., GPT) architectures.

Transformers from Hugging Face can be used for various tasks, includ-
ing text classification, named entity recognition, question answering, and text
generation.

Python Example: Sentiment Analysis with Transformers

1 from transformers import pipeline
2

3 classifier = pipeline("sentiment -analysis")
4 result = classifier("I love using Hugging Face models!")
5 print(result)

The library supports TensorFlow and PyTorch and integrates easily with
datasets through the ‘datasets‘ module. It is widely used in research and in-
dustry for fine-tuning powerful models on custom tasks.

12.6 Comparison and Use Cases

Each of these tools serves a different audience and use case. NLTK is ideal for
teaching and experimentation, spaCy for production NLP pipelines, Stanza for
research-focused multilingual models, and Transformers for leveraging state-of-
the-art deep learning.

For example, a lightweight text classification task on English news articles
might use spaCy for speed and efficiency. A complex multilingual parsing task
might require Stanza. For cutting-edge tasks like zero-shot classification or
question answering, Transformers are the best option.

Combining these tools can also be powerful. One might use spaCy for
preprocessing and Transformers for deep semantic modeling. Knowing when
and how to use each library can significantly boost productivity and model
performance.
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Summary

This chapter introduced four major NLP libraries—NLTK, spaCy, Stanza, and
Hugging Face Transformers. Each tool offers unique capabilities for different
tasks, user levels, and use cases. While NLTK remains a staple for education,
spaCy excels in production. Stanza provides deep linguistic analysis, and Hug-
ging Face Transformers deliver the latest in pretrained deep learning models.

Mastery of these libraries empowers NLP practitioners to move from theory
to implementation efficiently. They form the backbone of most modern NLP
systems.

Review Questions

1. What are the primary differences between NLTK and spaCy?

2. When would you prefer using Stanza over spaCy?

3. Describe a use case where Hugging Face Transformers are more appropriate
than traditional models.

4. How does the pipeline abstraction in spaCy help with modular NLP de-
sign?

5. Write a code snippet using Stanza to extract named entities from a text.
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Chapter 13

Building End-to-End NLP Pipelines

13.1 Introduction

An end-to-end NLP pipeline involves a sequence of interconnected steps to
transform raw text into structured outputs. These pipelines are essential for
building practical applications like chatbots, sentiment analyzers, search en-
gines, and question-answering systems. This chapter explains how to build such
pipelines by combining preprocessing, modeling, and postprocessing stages.

End-to-end NLP systems are modular by design. They typically include
data ingestion, text cleaning, tokenization, feature extraction, model inference,
and output formatting. Each module should be reusable and adaptable, allow-
ing developers to improve individual components without affecting the whole
system.

We will explore how to design, implement, and optimize complete NLP
workflows. We’ll use Python libraries such as spaCy and Hugging Face Trans-
formers to demonstrate real-world pipelines, making them easier to deploy and
maintain.

13.2 Preprocessing: Cleaning and Normalizing Text

Preprocessing is a crucial first step in any NLP pipeline. It ensures that the
input text is clean, consistent, and properly formatted before modeling. Pre-
processing typically includes:

• Lowercasing

• Removing punctuation, stop words, and special characters
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• Tokenization and lemmatization

• Handling misspellings or contractions

These steps reduce noise and improve the quality of features used in the
model.

Python Example: Text Preprocessing with spaCy

1 import spacy
2 nlp = spacy.load("en_core_web_sm")
3

4 text = "Here’s an example: Cleaning and normalizing are
essential for NLP!"

5 doc = nlp(text.lower())
6

7 tokens = [token.lemma_ for token in doc if not token.is_punct
and not token.is_stop]

8 print(tokens)

Good preprocessing balances thorough cleaning with preserving informa-
tion. Over-cleaning may remove meaningful words or patterns, while under-
cleaning leaves irrelevant noise that misguides the model.

13.3 Modeling: Inference and Prediction

Once the text is preprocessed, the core of the pipeline applies a model for a spe-
cific task such as sentiment analysis, classification, or question answering. This
step transforms clean text into predicted outputs using traditional or neural
models.

Pretrained models like BERT or GPT can be used directly or fine-tuned
for specific applications. These models require tokenization compatible with
their architecture, often handled through specialized tokenizers.
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Python Example: Sentiment Prediction with Hugging Face

1 from transformers import pipeline
2

3 classifier = pipeline("sentiment -analysis")
4 result = classifier("I absolutely love using NLP pipelines!")
5 print(result)

Depending on the use case, this modeling step might include multiple sub-
models or auxiliary classifiers. For instance, in information retrieval, you may
combine keyword extraction and relevance ranking.

13.4 Postprocessing: Formatting and Interpretation

Postprocessing refers to the actions taken after prediction to interpret, clean, or
format the results for final consumption by users or systems. Examples include:

• Converting class labels into human-readable categories

• Aggregating predictions across sentences

• Visualizing results in charts or user interfaces

• Mapping outputs to a database or knowledge graph

For example, in named entity recognition (NER), we may convert spans of
tokens back to their original text and tag them with labels.

Python Example: Entity Formatting with spaCy

1 doc = nlp("Elon Musk founded SpaceX in 2002.")
2

3 for ent in doc.ents:
4 print(f"Entity: {ent.text}, Type: {ent.label_}")

This stage is especially important for applications where interpretability
or user feedback is crucial. It allows the model’s predictions to be integrated
into larger systems.
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13.5 Combining Components into a Unified Pipeline

Building an NLP pipeline means combining the above stages into a unified,
reusable function or class. This promotes consistency, reduces errors, and sim-
plifies testing. Tools like spaCy and Hugging Face provide ways to encapsulate
pipelines.

Below is an example pipeline that processes input, performs sentiment
analysis, and formats the output.

Python Example: Full Pipeline for Sentiment Analysis

1 from transformers import pipeline
2 import spacy
3

4 nlp_spacy = spacy.load("en_core_web_sm")
5 classifier = pipeline("sentiment -analysis")
6

7 def process_text(text):
8 doc = nlp_spacy(text.lower())
9 tokens = [token.lemma_ for token in doc if not token.

is_stop and not token.is_punct]
10 cleaned_text = " ".join(tokens)
11 result = classifier(cleaned_text)
12 return result
13

14 output = process_text("I really enjoy working with spaCy and
Transformers!")

15 print(output)

A well-designed pipeline separates preprocessing, inference, and output
handling. This modularity enables easy upgrades (e.g., switching out models
or preprocessing tools) and better maintainability.

13.6 Design Considerations and Best Practices

When constructing NLP pipelines, several design considerations should be kept
in mind:

• Modularity: Break the pipeline into cleanly separated components.

• Scalability: Ensure each stage can handle growing data sizes.
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• Error Handling: Include checks and fallbacks for missing data or failed
predictions.

• Logging: Record pipeline steps for debugging and analysis.

• Benchmarking: Profile each module to identify bottlenecks.

Tools such as Apache Airflow or MLFlow can help manage and monitor
pipelines in production environments. For large-scale systems, it may be bene-
ficial to serialize outputs and cache intermediate stages.

Summary

In this chapter, we explored how to build end-to-end NLP pipelines. We began
with text preprocessing, moved through modeling with modern libraries, and
concluded with postprocessing and output formatting. Modular pipeline design
enables reuse, scalability, and clarity in implementation.

Modern tools like spaCy and Hugging Face Transformers simplify pipeline
development, letting you focus on problem-solving instead of low-level mechan-
ics. Combining these with good software design practices leads to robust and
maintainable NLP systems.

Review Questions

1. What are the three major components of an NLP pipeline?

2. Why is preprocessing important, and what are common preprocessing
steps?

3. How can postprocessing help improve the interpretability of model out-
puts?

4. Write a simple NLP pipeline that classifies sentiment and returns human-
readable output.

5. Discuss advantages of separating pipeline components into modular func-
tions.
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Chapter 14

Advanced Topics and Emerging Trends

14.1 Introduction

As natural language processing (NLP) continues to evolve, new methodologies
and concerns reshape the field. Two of the most significant areas are the use
of transfer learning via large pretrained models and the increasing focus on
explainability and ethics in NLP. In this chapter, we explore how these trends
impact modern NLP systems and their design.

Transfer learning has transformed NLP by enabling practitioners to lever-
age powerful models like BERT and GPT, which are trained on vast amounts of
data. Meanwhile, explainability and ethics highlight the importance of trans-
parency, fairness, and responsible AI development.

14.2 Transfer Learning and Pretrained Language Models

14.2.1 Concept of Transfer Learning

Transfer learning refers to the process where a model trained on one task or
domain is reused as the starting point for a model on a different but related
task. In NLP, this means adapting large language models, pretrained on massive
corpora, to specific downstream tasks.

Advantages of transfer learning include:

• Faster convergence during training

• Improved performance on tasks with limited labeled data

• Reduced need for task-specific architecture engineering
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14.2.2 Fine-Tuning Pretrained Models (BERT, GPT)

Fine-tuning involves training a pretrained model on a specific task with labeled
data while adjusting its weights slightly. Libraries like Hugging Face Trans-
formers simplify this process.

Python Example: Fine-tuning BERT for Text Classification

1 from transformers import BertTokenizer ,
BertForSequenceClassification , Trainer , TrainingArguments

2 from datasets import load_dataset
3

4 tokenizer = BertTokenizer.from_pretrained("bert -base -uncased")
5 dataset = load_dataset("imdb", split="train [:1%]")
6

7 def preprocess(examples):
8 return tokenizer(examples["text"], truncation=True ,

padding=True)
9

10 dataset = dataset.map(preprocess , batched=True)
11 model = BertForSequenceClassification.from_pretrained("bert -

base -uncased")
12

13 training_args = TrainingArguments(output_dir="./ results",
num_train_epochs =1, per_device_train_batch_size =8)

14 trainer = Trainer(model=model , args=training_args ,
train_dataset=dataset)

15

16 trainer.train()

This example illustrates how few lines of code can launch fine-tuning for
sentiment classification using a pretrained BERT model.

14.3 Explainability in NLP Models

Modern NLP models, especially large transformers, often function as black
boxes. Explainability efforts aim to make these models’ decisions interpretable
for users and developers. Methods for NLP explainability include:

• Attention visualization: Understanding which tokens the model fo-
cused on.
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• Saliency maps: Highlighting input features most influential in the pre-
diction.

• LIME / SHAP: Model-agnostic tools for explaining predictions locally.

Python Example: Visualizing Attention Weights

1 from transformers import BertTokenizer , BertModel
2 import torch
3

4 tokenizer = BertTokenizer.from_pretrained("bert -base -uncased")
5 model = BertModel.from_pretrained("bert -base -uncased",

output_attentions=True)
6

7 inputs = tokenizer("Explainability matters in NLP.",
return_tensors="pt")

8 outputs = model (** inputs)
9 attentions = outputs.attentions # List of attention matrices

10

11 print(f"Number of layers with attention: {len(attentions)}")
12 print(f"Shape of attention matrix for first layer: {attentions

[0]. shape}")

Such visualizations can help in understanding what parts of the input the
model relies on for its decisions.

14.4 Ethics in NLP

The growing adoption of NLP systems in sensitive domains (e.g., hiring, legal,
healthcare) raises important ethical concerns:

• Bias and fairness: Large models may encode and perpetuate harmful
biases present in their training data.

• Privacy: Models trained on massive datasets might inadvertently mem-
orize and leak private information.

• Misuse: Powerful language models can be exploited for disinformation,
spam, or other malicious purposes.

Developers should adopt mitigation strategies:
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• Evaluate models for bias using benchmark datasets.

• Apply differential privacy techniques where appropriate.

• Include human oversight in high-stakes applications.

14.5 Emerging Trends

Several promising trends are shaping the future of NLP:

• Multimodal models: Combining text with vision, audio, and other
modalities.

• Instruction tuning: Training models to follow human instructions bet-
ter.

• Continual learning: Developing models that can update their knowledge
without catastrophic forgetting.

• Smaller, efficient models: Research focuses on creating compact models
with transformer-like performance for edge devices.

These directions promise to make NLP more capable, accessible, and re-
sponsible.

Summary

This chapter highlighted some of the most important advanced topics and
emerging trends in NLP. We explored how transfer learning and fine-tuning
enable state-of-the-art performance with minimal task-specific data. We also
discussed the significance of model explainability and ethics, emphasizing the
importance of transparency and fairness as NLP technologies continue to ex-
pand into real-world applications.

Review Questions

1. What is transfer learning, and why is it valuable in NLP?

2. How does fine-tuning differ from training a model from scratch?
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3. Give examples of methods for explaining transformer model predictions.

4. What ethical challenges are associated with large language models?

5. Describe one emerging trend in NLP and its potential impact.
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Glossary

Natural Language Processing (NLP): A field of artificial intelligence that
focuses on the interaction between computers and human (natural) lan-
guages, enabling machines to understand, interpret, and generate lan-
guage.

Syntax: The set of rules that define the structure and order of words in sen-
tences.

Semantics: The aspect of language concerned with meaning and interpreta-
tion of words and sentences.

Rule-Based System: An early approach to NLP that used hand-crafted lin-
guistic rules to process and analyze language.

Machine Learning (ML): A method of data analysis that enables computers
to learn patterns and make predictions based on data.

Statistical NLP: Techniques that rely on probabilistic models and large cor-
pora to understand and generate language.

Hidden Markov Model (HMM): A statistical model used for sequence la-
beling tasks like part-of-speech tagging in NLP.

Conditional Random Field (CRF): A probabilistic framework used for seg-
menting and labeling sequence data.

Deep Learning: A subset of machine learning that uses neural networks with
many layers to learn complex representations.
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Transformer: A deep learning architecture based on self-attention mecha-
nisms, which processes entire sequences in parallel. It is the foundation of
models like BERT and GPT.

Pretrained Language Model: A model trained on large text corpora and
fine-tuned on specific NLP tasks, enabling transfer learning.

Transfer Learning: A technique where a model trained on one task is reused
and fine-tuned for a different but related task.

Virtual Assistant: Software agents like Siri or Alexa that use NLP to under-
stand and respond to user queries.

Machine Translation: The task of automatically translating text from one
language to another using computational methods.

Sentiment Analysis: An NLP technique used to determine the emotional
tone or opinion expressed in a piece of text.

Ambiguity: A challenge in NLP where words or phrases can have multiple
meanings depending on context.

Corpus (plural: Corpora): A large and structured set of texts used for
training or evaluating NLP models.

Tokenization: The process of splitting text into smaller units such as words,
phrases, or symbols for analysis.

Phonology: The study of the sound systems of languages and how they are
used in speech.

Morphology: The study of word structure, including roots, prefixes, and suf-
fixes.

Morpheme: The smallest meaningful unit in a language.

Deixis: Context-dependent expressions that require situational information to
be understood (e.g., "this", "that").

Coreference Resolution: The task of finding all expressions that refer to the
same entity in a text.
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Pragmatics: The study of how context influences the interpretation of mean-
ing in language.

Discourse: Language use beyond individual sentences, including coherence
and conversational structure.

Lexical Semantics: A subfield of semantics concerned with the meaning of
words and the relationships among them.

Compositional Semantics: The principle that the meaning of a sentence
derives from the meanings of its parts and their syntactic combination.

Word Sense Disambiguation (WSD): The process of identifying the cor-
rect meaning of a word in context.

Semantic Role Labeling (SRL): Identifying the roles words play in a sen-
tence (e.g., who did what to whom).

Dependency Parsing: A syntactic parsing method that establishes relation-
ships between "head" words and words dependent on them.

Constituency Parsing: A parsing method that breaks sentences into nested
phrases or constituents.

POS Tagging: The task of labeling each word in a text with its part of speech
(e.g., noun, verb).

Bag-of-Words (BoW): A classical method of representing text as vectors
based on word occurrence counts within a document, ignoring grammar
and word order.

Document Frequency (DF): The number of documents in a corpus that
contain a specific term. Used in computing the IDF score in TF-IDF.

Feature Vector: A numerical representation of an object—in NLP, a docu-
ment or sentence—used as input to machine learning models.

Inverse Document Frequency (IDF): A weighting factor used in TF-IDF
that reduces the influence of terms that occur frequently in many docu-
ments.
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One-Hot Encoding: A sparse representation of text where each word is rep-
resented as a binary vector with a single ’1’ indicating the word’s index in
the vocabulary.

Sparse Representation: A data format where most vector elements are zero.
Common in text representations like BoW and TF-IDF.

Term Frequency (TF): The number of times a term appears in a document,
often normalized to account for document length.

Term Frequency-Inverse Document Frequency (TF-IDF): A classical rep-
resentation technique that scores terms based on their frequency in a doc-
ument and their rarity across a corpus.

Vector Space Model (VSM): An algebraic model for representing text doc-
uments as vectors in a multi-dimensional space, often used in information
retrieval.

Vocabulary: The complete set of unique tokens (words or terms) used in a
corpus for building feature representations.

Language Model: A probabilistic model that assigns a likelihood to sequences
of words, commonly used in applications like text generation and speech
recognition.

N-gram: A contiguous sequence of n items (usually words) from a given text.
Common N-gram types include unigrams, bigrams, and trigrams.

N-gram Model: A statistical language model that predicts a word based on
the previous n− 1 words using the Markov assumption.

Markov Assumption: The assumption that the probability of a word de-
pends only on a fixed number of preceding words.

Smoothing: A technique used to adjust probability estimates in language
models to avoid assigning zero probability to unseen word sequences.

Add-One (Laplace) Smoothing: A simple smoothing method that adds one
to every word count to prevent zero probabilities.
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Good-Turing Smoothing: A smoothing technique that reallocates some prob-
ability mass from seen to unseen events based on the frequency of frequen-
cies.

Kneser-Ney Smoothing: An advanced smoothing method that adjusts for
both frequency and the diversity of contexts in which words appear.

Back-off: A strategy in language modeling where the model falls back to lower-
order N-grams if higher-order N-grams are not found in training data.

Interpolation: A method that combines higher and lower-order N-gram prob-
abilities using weighted averages instead of relying solely on one.

Data Sparsity: A problem in language modeling where many valid word se-
quences are missing from the training data, leading to poor generalization.

Class-Based N-gram: An extension of the N-gram model that groups words
into classes (e.g., parts of speech) to reduce sparsity and improve general-
ization.

Cache Model: A language model that uses recently seen words to adjust the
probability of upcoming words, helping to capture short-term dependen-
cies.

Recurrent Neural Network (RNN): A type of neural network designed to
process sequential data by maintaining a hidden state that captures past
information.

Long Short-Term Memory (LSTM): An RNN variant that introduces gates
to control information flow, addressing the vanishing gradient problem and
enabling learning of long-term dependencies.

Gated Recurrent Unit (GRU): A simplified variant of LSTM with fewer
gates, offering efficient training and comparable performance in sequence
modeling.

Vanishing Gradient Problem: A challenge in training deep or recurrent
networks where gradients become too small to update weights effectively,
impairing learning of long-term dependencies.
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Attention Mechanism: A neural network technique that dynamically weighs
the importance of different parts of the input sequence, allowing the model
to focus on relevant context.

Positional Encoding: A method to incorporate sequence order into trans-
former models by adding positional information to input embeddings.

BERT (Bidirectional Encoder Representations from Transformers):
A pretrained transformer model designed to capture context from both di-
rections in a sentence.

GPT (Generative Pretrained Transformer): A transformer-based language
model trained to predict the next word in a sequence, commonly used in
generative NLP tasks.

BLEU (Bilingual Evaluation Understudy): An automatic evaluation met-
ric for machine translation that compares machine-generated translations
with one or more reference translations using n-gram overlap and brevity
penalty.

ROUGE (Recall-Oriented Understudy for Gisting Evaluation): A set
of metrics for evaluating automatic summarization and machine transla-
tion by comparing overlapping units such as n-grams, word sequences, and
word pairs between the generated and reference texts.

Precision: The fraction of relevant instances among the retrieved instances.
In NLP classification tasks, it measures how many predicted positive cases
are actually correct.

Recall: The fraction of relevant instances that were retrieved. It measures how
well a model identifies all relevant cases.

F1 Score: The harmonic mean of precision and recall. It balances the two
metrics to provide a single measure of a model’s accuracy on classification
tasks.

Accuracy: The ratio of correctly predicted instances (both positives and neg-
atives) to the total number of instances.

Evaluation Metric: A quantitative measure used to assess the performance of
an NLP model on a given task, helping guide development and comparison.
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Confusion Matrix: A tabular representation showing the number of correct
and incorrect predictions made by a classifier compared to the actual val-
ues.

Classification Task: An NLP task where the goal is to assign predefined cat-
egories to text (e.g., spam detection, sentiment analysis).

True Positive (TP): A case where the model correctly predicts the positive
class.

False Positive (FP): A case where the model incorrectly predicts the positive
class for a negative example.

True Negative (TN): A case where the model correctly predicts the negative
class.

False Negative (FN): A case where the model fails to predict the positive
class for a positive example.

Micro-Averaging: An averaging method for multi-class or multi-label classi-
fication that computes metrics globally by counting total true positives,
false negatives, and false positives.

Macro-Averaging: An averaging method that computes metrics independently
for each class and then takes the average, treating all classes equally.

Weighted-Averaging: An averaging method that takes into account the sup-
port (number of true instances) for each class when computing the average
metric.

Token-Level Evaluation: Evaluation metrics computed at the word or to-
ken level, often used in tasks like machine translation or named entity
recognition.

Sentence-Level Evaluation: Metrics that assess correctness at the sentence
level, typically used in tasks such as summarization or translation quality
assessment.
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