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Introduction

Imagine a world where Al wins elections and takes decisions for you. You might think
that it’s still in fiction. However, it is not. Recently, Victor Miller ran as a mayoral
candidate for Cheyenne, Wyoming, and planned to govern the city with the help of an
Al-based bot called Virtual Integrated Citizen (VIC). The world is constantly changing
with the emergence of Large Language Models (LLMs), and it might feel overwhelming
to learn everything about a technology which is evolving at such a fast pace.

As a beginner, it can be difficult to understand the technical jargon, complex
architecture, and sheer size of these models. Playing around new Al-based tools is fun,
but how can you build a tool of your own? How can the businesses harness the power of
this technology to build and deploy a real-world application? What is the other side of
the technology that extends beyond the technicalities of these models?

This book is your guide in understanding different ways in which Large Language
Models, like GPT, BERT, Claude, LLaMA, etc., can be utilized for building something
useful. It takes you on a journey starting from very basic, like understanding the basic
models in NLP, to complex techniques, like PEFT, RAG, Prompt Engineering, etc.
Throughout the book, you will find several examples and code snippets which will help
you appreciate the state-of-the-art NLP models. Whether you're a student trying to get
hold of the new technology, a data scientist transitioning to the field of NLP, or simply
someone who is inquisitive about Large Language Models (LLMs), this book will build
your concepts and equip you with the knowledge required to start building your own
applications using LLMs.

So, if you've ever wondered how to make AI work for you or how to bring your
innovative ideas to life using the power of language models, you're in the right place.
Let’s embark on this journey together and unlock the potential of LLMs, one step
at a time.
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CHAPTER 1

Introduction to Large
Language Models

Language is a part of our organism and no less complicated than it.

—Ludwig Wittgenstein

The world of Artificial Intelligence is evolving very quickly, and the things that were
true only in fiction are now becoming reality. Today, we have Large Language Models
(LLMs) like GPT, LLaMA, Gemini, Claude, etc., which can generate text fluently in
multiple languages and have an ability to converse like humans. Not only can these
models generate text but also create code, perform data analytics, and demonstrate
multimodality. It seems like the tech giants have got a golden egg laying goose, and
everyone else is busy collecting these eggs to make a fortune.

The field of Al is undergoing a paradigm shift. With the data becoming readily
available in huge quantities, the idea of building a model, which is applicable to a lot of
tasks and is not task-centric, is becoming feasible. Such models are called foundation
models. A Large Language Model is a type of foundation model which is trained on a
vast amount of data to solve a variety of NLP tasks. There is also a common notion in
society that Generative Al, or GenAl, is the same as LLMs; however, it is not. Generative
Al is a field of Al which is used to create content, be it any format - text, images, videos,
or music - but an LLM is a model which majorly generates text, hence falls under the
category of Generative Al The interest for this technology has surged up significantly
after 2022. Generative Al is popular, but LLM still beats it in popularity as depicted in
Figure 1-1.

© Bhawna Singh 2024
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Figure 1-1. Trend of LLM and GenAl in the last 10 years

In this chapter, you will build your foundation by learning about NLP, data
preprocessing, different language models, and, finally, applications of LLMs.

Understanding NLP

Have you ever noticed Google’s ability to predict the next word when you are on its
search engine looking for something? Or did Gmail’s accurate auto-completion catch
your attention? If yes, then you have witnessed an LLM at work. To understand what an
LLM is, you need to first know about Natural Language Processing, or NLP. In simple
terms, the branch of AI that makes computers capable of understanding the human
language in both written and spoken forms is called NLP. It is challenging because of
the nature of the language. For example, the word “fire” can convey different meanings
when used in different contexts.

Sentence 1: There was a fire in the forest.

Sentence 2: The actor fired her gun into the air. There was firing at
the border.

Sentence 3: She was fired from her job.

All three sentences use the word fire, but each sentence brings out a different
meaning, indicating ambiguity. This is just a single characteristic of language, but there
are several others like sarcasm, emojis, acronyms, etc., which a computer is expected
to learn. But before I dig into model building, you should first know common NLP tasks
that the current models are good at solving:
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1. Text classification: This task deals with categorization of the text
into one or more predefined classes. For example, classifying the
news articles into already existing categories like {political, sports,

finance, technology, entertainment}.

2. Sentiment analysis: The goal of this NLP task is to understand
and classify the emotion expressed in the text into “positive,”
“negative,” or “neutral.” This is an important use case as it helps
in understanding the satisfaction levels by analyzing customer

reviews.
For example:
Review: “I like ice-cream”
Sentiment: Positive
3. Question answering: This task requires the model answering the
questions based on a reference text.
For example:

Reference text: Martin went to school at 7 AM. He studied Math,
English, and History throughout the day. John is Martin’s best
friend, and they both study in 8" grade.

Question: Who is Martin’s best friend and which class he studies?
Answer: John is Martin’s best friend and he studies in 8" grade.

4. Part of speech (POS) tagging: A sentence consists of multiple
words, each representing a syntactic category. POS tagging
aims to classify different words in a sentence into grammatical
categories, like noun, verb, adjective, etc. You can read more
about these categories here.! This framework has been created
by an open community of over 500 contributors called Universal
Dependencies, or UD, for a consistent grammar annotation.

For example: Sun rises in the east.

Sun - noun

"https://universaldependencies.org/u/pos
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Rises - verb

In - preposition
the - determiner
East - noun

5. Named entity recognition (NER): NER deals with the identification
of named entities (people, organizations, location, date, time,
monetary values, etc.) in the sentence.

For example: Riya is traveling to Prague on Saturday.

In this sentence, Riya is a person, Prague is a location,
and Saturday is a time expression.

6. Text summarization: As the name indicates, this task aims
at creating a summary of the given text. There are two types
of summarization - extractive and abstractive. Extractive
summarization is composition using the existing sentences
from the original text, while abstractive summarization requires
generation of new sentences that may not be present in the
original text but still capture the essence of the text.

7. Machine translation: This task deals with translation of one
language into another. This allows an effortless communication
among people, irrespective of the language they know. With the
advancements in NLP, machine translation has become an easier
problem than it used to be.

Now that you have understood the basics of NLP, let’s move to text preprocessing.
Before building an NLP model, you need to clean the data and make it ready for
modeling. Although text preprocessing majorly depends on the type of data you are
dealing with and the model, there are a few standard steps that are common to text
preprocessing. The next section will cover the details of these steps.

Text Preprocessing

In this section, you will learn about the standard process of cleaning the textual data.
As the saying goes, “garbage in is garbage out.” The data in real life is messy, and using
the raw data in its actual form can lead to unwanted results. To avoid such a situation,

4
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data scientists spend a lot of time cleaning the data and making it ready for model
building. So, how can you clean the textual data? Let's understand while coding. For this
problem, we will consider the public IMDB dataset for movie reviews. This is a dataset
for binary sentiment classification containing 50,000 reviews and two columns; the first
one contains the review, and the second one contains the label for the review, which can
be either positive or negative. The data is gathered from Kaggle, and you can access it
here.? Once the data has been downloaded, then you can start with text preprocessing,
but before that, let’s look at all the libraries and their versions, which you will require to
implement the code snippets here.

Python 3.11.3
contractions 0.1.73
emoji 2.8.0
matplotlib 3.7.1
nltk 3.7
numpy 1.26.2
pandas 1.5.3
seaborn 0.12.2
session_info 1.0.0
sklearn 1.2.2
wordcloud 1.9.3

The first step is to import the necessary libraries as demonstrated in the code snippet
mentioned below.

Step 1: Import necessary libraries

import pandas as pd # For data manipulation and analysis

import numpy as np # For numerical operations

import seaborn as sns # For data visualization

from nltk.stem import WordNetLemmatizer # For lemmatization of words
from nltk import tokenize, ngrams # For tokenization and n-grams
generation

from nltk.corpus import stopwords # For stopwords

import re # Regular expressions for text cleaning

2https://www.kaggle.com/datasets/lakshmi25npathi/imdb-dataset-of-50k-movie-reviews
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import matplotlib.pyplot as plt # For creating visualizations
from sklearn.feature extraction.text import CountVectorizer

# For converting text data to numerical format

import contraction # For expanding contracted form of words
from wordcloud import WordCloud # For generating word clouds
import emoji # For emoji analysis

import string # For string related operations

from nltk.stem.snowball import SnowballStemmer # For performing
stemming

from nltk.corpus import wordnet # WordNet is a lexical database
of English

Once the libraries have been imported, the next step is to load the data file, which is
done using the Python package called pandas. To view the first ten rows of the dataset,
you can use the head function as shown in the snippet below.

Step 2: Load the CSV file

movie re = pd.read csv('IMDB Dataset.csv')
movie re.head(10)

Once the data has been loaded, the first ten rows will look something like the rows

depicted in Figure 1-2.

Out[6]:

review sentiment
0 One of the other reviewers has mentioned that ... positive
1 A wonderful little production. <br /><br />The... positive
2 | thought this was a wonderful way to spend ti... positive
3 Basically there's a family where a little boy ... negative
4 Petter Mattei's "Love in the Time of Money" is... positive
5 Probably my all-time favorite movie, a story o... positive
6 | sure would like to see a resurrection of a u... positive
7 This show was an amazing, fresh & innovative i... negative
8 Encouraged by the positive comments about this... negative
9 If you like original gut wrenching laughter yo... positive

Figure 1-2. Top 10 rows of the dataset
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Step 3: Dealing with lowercase

As mentioned earlier, the preprocessing steps are use case specific. If you are dealing
with POS tagging or sentiment analysis (where uppercase might depict anger), you might
prefer to skip the lowercase. However, it is generally a good practice to convert uppercase
to lowercase to maintain consistency in the text. This implies that the words “Lion,”
“LiOn,” “LION,” and “lion” will be treated in a similar manner. This step will generate a
new column, “review_transformed,” which will contain the text after all transformations.
Observe how the first word of each sentence is now in the lowercase in Figure 1-3.

movie re["review transformed"] = movie re["review"].str.lower()
movie re.head(5)

Out[12]:
review sentiment review_transformed
0 One of the other reviewers has mentioned that ... positive one of the other reviewers has mentioned that ...
1 A wonderful little production. <br /><br />The... positive a wonderful little production. <br /><br />the...
2 | thought this was a wonderful way to spend ti... positive i thought this was a wonderful way to spend ti...
3 Basically there's a family where a little boy ... negative basically there's a family where a little boy ...
4  Petter Mattei's "Love in the Time of Money" is... positive petter mattei's "love in the time of money" is...

Figure 1-3. Output after converting to lowercase

Step 4: Dealing with URLs

Often, people like to mention some URLSs or links of the website while writing online
reviews; therefore, it is important to determine if there are any URLs in the data so that
they can be replaced with empty strings as they carry no semantic information. The
following piece of code uses regex, or regular expression, to extract URLs and forms a
new column populated with the URLs identified in each row. It further replaces the URLs
with an empty string.

pattern = r'(https://\S+www\.\S+)"

movie re['urls'] = movie re['review transformed'].str.extract(pattern)
movie re['review transformed']=movie re['review transformed'].str.
replace(pattern, "', regex=True)

You should get 115 unique values of URLs after running the code. Here are a few
values from the data represented in Figure 1-4.
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In [5]: movie_re['urls']l.unique()

Out[5]: array([nan, 'www.cei.org.', 'www.invocus.net)', 'www.softfordigging.com',

'www.petitiononline.com/19784444/petition.html’,

'www. comingsoon.net/films.php?id=36310', 'www.residenthazard.com)',
www.zonadvd.com', ‘www.nixflix.com', 'www.abc.net.au/chaser.',
www. lovetrapmovie.com', 'www.thepetitionsite.com',
www.petitiononline.com/gh1215/petition.html’,

'www. johntopping.com/harvey%20perr/war%s20widow/war_widow.html',
www.mediasickness.com', 'www.imdb.com/title/tt0073891/"',

www. imdb.com/title/tt0363163/<br', 'www.poffysmoviemania.com)',
'www.gutenberg.org/ebooks/18137', 'www.reell3.org)',
'www.cinemablend.com/feature.php?id=209"',
www.youtube.com/watch?v=rmb4-hyet_y"',
www.dvdbeaver.com/film/dvdcompare2/kingofmasks.htm<br',
'www.helium.com/items/1433421-sydney-white-review',

www. imdb.com/title/tt0962736/awards’',

Figure 1-4. Unique URLSs present in the data

Step 5: Dealing with the HTML tags

Your data might contain HTML tags, which represent information about font,
style, etc. This information may not be relevant to the model; therefore, you can get
rid of it too, making your data cleaner. Figure 1-5 shows an example from the data
before removal of HTML tags, and Figure 1-6 shows the same example after removal of
HTML tags.

html pattern = re.compile(r'<.*?>")

movie re['review transformed']=movie re['review transformed'].str.
replace(html_pattern, ' ', regex=True)

movie re['review transformed'][0]

: movie_rel'review_transformed'] [0]
: "one of the other reviewers has mentioned that after watching just 1 oz episode you'll be hooked. they are right, a

s this is exactly what happened with mej<br /><br />fhe first thing that struck me about oz was its brutality and u
nflinching scenes of violence, which se A Figr Fom the word go. trust me, this is not a show for the faint hear

Figure 1-5. Before removing HTML tags

movie_re['review_transformed'] [0]

s this is exactly what happened with the first thing that struck me about oz was its brutality and unflinching
scenes of violence, which set in rig rom the word go. trust me, this is not a show for the faint hearted or timi

"one of the other reviewers has mentthat after watching just 1 oz episode you'll be hooked. they are right, a

Figure 1-6. After removing HTML tags
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Step 6: Expanding the contractions

In the English language, two words are often combined to form a shortened version,
which generally utilizes apostrophe ('), for example, won’t (will not), I've (I have), she’ll
(she will), what’s (what is), etc. Expansion of these words will make analysis easier and
will ensure that the text produced after tokenization (discussed in the next section) is
more meaningful. The following code utilizes a Pytho