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Thank you for choosing this book and becoming part of the growing
community of developers, engineers, researchers, and innovators
shaping the future of Generative Al with Python.

By investing your time in learning generative Al, you are entering one
of the most revolutionary eras in technology — where intelligent
systems can create text, images, audio, code, video, and entirely new
digital experiences.

This book was written with one goal in mind: to help you understand,
build, and deploy real-world Al applications using Python and modern
Al technologies.
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FOUNDATIONS OF GENERATIVE Al

INTRODUCTION TO GENERATIVE Al

WHAT IS GENERATIVE Al?

T (Za) [

—

put®

Text >Images Au&io Video
B e A A
\ J \ = N0 )

Code 3D Objects Music Simulations

Generative Al refers to a class of artificial intelligence systems capable of creating
new content rather than simply analyzing or classifying existing data. These systems
learn patterns, structures, relationships, and representations from massive datasets
and then generate outputs that resemble human-created content.

Unlike traditional software, which follows explicit rules written by developers,
generative Al systems learn statistically from examples.

Generative Al can produce:

e Text

e Images

e Audio

e Video

e Code

e 3D objects
e Music

e Simulations
Examples include:

e Al chatbots
e Image generators
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e Al coding assistants
e Voice cloning systems
e Video generation platforms

Modern generative Al is largely powered by deep neural networks, especially
Transformer architectures.

THE EVOLUTION OF ARTIFICIAL INTELLIGENCE

Al has evolved through several major eras.

RULE-BASED SYSTEMS
Early Al systems relied on hardcoded logic:

if temperature > 38:
print("Patient may have fever")

These systems worked only for narrow scenarios and lacked adaptability.

MACHINE LEARNING ERA

Machine learning introduced statistical learning from data.

Instead of explicitly programming rules, developers trained models using
examples.

Example:

model.fit(X_train, y_train)

The system learned patterns automatically.

DEEP LEARNING REVOLUTION

Deep learning introduced neural networks with many layers capable of
learning highly complex representations.

Breakthroughs occurred due to:
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e large datasets

e  GPU acceleration

e Improved algorithms
e Cloud computing

Deep learning enabled:

e Image recognition
e Speech recognition
e Natural language processing

THE TRANSFORMER ERA

& A < N

GPT Claude Gemini Llama

Transformers changed Al dramatically.

|4

Mistral

Instead of processing data sequentially like older recurrent networks,
Transformers process relationships between tokens simultaneously using

attention mechanisms.
This enabled:

e  Massive scalability

e  Better language understanding
e Long-context reasoning

e Large Language Models (LLMs)

Popular models include:

e GPT

e (Claude
e Gemini
e Llama

e  Mistral
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GENERATIVE Al VS TRADITIONAL Al

Traditional Al typically focuses on:

e  C(lassification

e Prediction

e Detection

e Decision-making

Examples:

e Spam detection
e  Fraud detection
e Recommendation systems

Generative Al focuses on creating new outputs.

Traditional Al

Generative Al

Predicts labels

Creates content

Detects patterns

Produces new data

Classification

Generation

Discriminative models

Generative models

Example:

Traditional Al:

"This email is spam"

Generative Al:

"Write a professional email reply"

CORE CONCEPTS BEHIND GENERATIVE Al
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Understanding generative Al requires understanding several foundational
concepts.

TOKENS

A TOKEN CAN BE:

W) & 9 #

A word Part of a word Punctuation Symbols

EXAMPLE

“Artificial Intelligence is amazing”

¥ ¥ v

1. WORD-LEVEL TOKENS 2. SUBWORD TOKENS 3. CHARACTER-LEVEL TOKENS
(More common) (Very small)

Artificial || Intelligence | is ‘amazing Art || ##ificial || Intelligence  is A ‘r t‘ i ‘ fllillc ‘ i H alll
‘ amaz ‘ ##ing

Each word is a token Words can be split into
smaller parts (subwords) Each character is a token

Al models process text as tokens rather than words.
A token may represent:

e Aword
e Part of a word
e  Punctuation

e  Symbols
Example:

"Artificial Intelligence is amazing"

May become:

["Artificial"™, "Intelligence", "is", "amazing"]

Or even smaller fragments.

Tokenization allows efficient numerical processing.
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EMBEDDINGS

Word Vector (Dim = 4)

king [ 0.21, -0.44, 0.88, 0.37 ]
queen [ 0.19, -0.40, 0.91, 0.35]

man [ 0.22, -0.41, 0.87, 0.33 ]
woman [ 0.18, -0.45, 0.90, 0.36 ]

Embeddings are numerical vector representations of data.

Words with similar meanings have similar vector representations.

king » [0.21, -0.44, 0.88, ...]

queen » [0.19, -0.40, 0.91, ...]

Embeddings power:

e Semantic search

e Recommendation systems
e  Retrieval systems

e  Similarity matching

NEURAL NETWORKS

Neural networks are mathematical systems inspired loosely by the human
brain.

A neural network consists of layers of interconnected nodes.

Basic flow:
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These systems learn by adjusting weights during training.

ATTENTION MECHANISMS

~ The —— 002 -
= cat — 0,03
sat — 002
Query - on — 0.01
¢#) T the |— o002 || Soutet
[ mat | — 065 SN
because —» 0,05 (Weighted
was —> 010 Sum)
soft —> 008
T )— 6-.02

Attention allows models to focus on relevant parts of input.
Example:
In the sentence:

"The cat sat on the mat because it was soft."

The model learns that “it” refers to “mat.”

Attention is the foundation of modern LLMs.
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HOW GENERATIVE MODELS WORK

Generative models learn probability distributions from training data.
Simplified idea:

Given previous words, predict the next word.

Example:
Input:

"The sky is"

Prediction probabilities:

blue - 80%
green — 2%
falling - 1%

The model repeatedly predicts the next token until a complete response is
generated.

This process is called autoregressive generation.

TYPES OF GENERATIVE Al MODELS

Several architectures exist in modern generative Al.

LARGE LANGUAGE MODELS (LLMS)
& 0 A

LLMs generate and understand text.
Applications:

e  Chatbots
e Coding assistants

Page 76| 528



e  Writing tools
e  Research systems

Examples:
o GPT
e Llama
e (Claude

DIFFUSION MODELS

oDG

Diffusion models generate images by gradually removing noise.
Applications:

e Alart

e Image editing

e Inpainting

e Design generation

Examples:

e  Stable Diffusion
e Midjourney
e DALLE

GANS (GENERATIVE ADVERSARIAL NETWORKS)

Generator Discriminator

/ 3 ;\

oG — @b

4 g
Real / Fake

GANs consist of two competing networks:
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e Generator
e  Discriminator

The generator creates fake data.
The discriminator tries to detect fake outputs.

GANs were revolutionary for image generation before diffusion models
became dominant.

VARIATIONAL AUTOENCODERS (VAES)

Input Output

Latent
Space

VAEs compress data into latent representations and reconstruct outputs from
them.

Applications:

e Compression
e  Representation learning
e Image synthesis

REAL-WORLD APPLICATIONS OF GENERATIVE Al

Generative Al is transforming industries globally.

SOFTWARE DEVELOPMENT

Al systems now assist developers by:
e  Writing code
e  Explaining bugs

e Generating tests
e  Refactoring applications

Example tools:
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e  GitHub Copilot
e  Cursor
e Al coding agents

HEALTHCARE

Applications include:

e  Drug discovery

e Medical imaging

e  C(Clinical documentation
e Personalized medicine

FINANCE

Al assists with:

e  Risk analysis

e Financial reporting

e  Fraud detection

e  Customer support automation

EDUCATION

Al enables:

e  Personalized tutoring

e Adaptive learning

e Automated grading

e  Educational content generation

MEDIA AND ENTERTAINMENT

Applications include:

e Al-generated music
e Video generation
e  Script writing
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e Game content generation

UNDERSTANDING LARGE LANGUAGE MODELS

Large Language Models are trained on enormous datasets containing books,
articles, code, websites, and documents.

Training involves predicting missing or next tokens repeatedly across trillions
of examples.

The model gradually learns:

e Grammar

e Reasoning patterns
e Facts

e  Coding syntax

e language structure

LLMs do not “understand” like humans.
They statistically model relationships between tokens.

Yet at scale, surprisingly advanced capabilities emerge.

TRAINING VS INFERENCE

Generative Al systems operate in two major phases.

TRAINING

Bcs

Training is the learning phase.
The model:

e  Processes massive datasets
e  (Calculates prediction errors
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e Updates neural weights
e Improves accuracy over time

Training requires enormous compute resources.

INFERENCE
Inference is the usage phase.

The trained model generates outputs for users.

Example:

response = model.generate("Explain quantum computing")

Inference is significantly cheaper than training but still computationally

intensive for large models.

HALLUCINATIONS AND LIMITATIONS

Generative Al systems are powerful but imperfect.
Common limitations include:

e Hallucinations

e Bias

e Incorrect reasoning
e Qutdated knowledge
e  Context limitations

Example hallucination:

An Al confidently invents fake citations or nonexistent APIs.

Why hallucinations happen:
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The model predicts statistically plausible outputs, not guaranteed truth.

ETHICS AND RESPONSIBLE Al

Generative Al introduces major ethical considerations.

BIAS

Models may inherit biases from training data.

PRIVACY

Training data may contain sensitive information.

MISINFORMATION

Al can generate convincing fake content.

COPYRIGHT CONCERNS

Generated outputs may resemble copyrighted materials.

JOB DISPLACEMENT

Automation may disrupt industries and professions.
Responsible Al development requires:

e Transparency

e Human oversight
o Safety systems

e  Ethical regulation

THE FUTURE OF GENERATIVE Al

The future of generative Al is rapidly evolving.
Emerging trends include:

e  Autonomous Al agents
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e Multimodal systems

e  Real-time reasoning

e Alrobotics

e  Personalized Al assistants
e Al operating systems

Future systems may:

e Use tools autonomously
e Maintain long-term memory
e Collaborate with humans

o Perform complex workflows

Generative Al is becoming a foundational computing paradigm similar to the
internet or smartphones.

WHY PYTHON DOMINATES Al DEVELOPMENT

Python became the dominant Al language because of:

e Simplicity

e Massive ecosystem
e Research adoption
e Excellent libraries

e Community support

Popular Al libraries include:

Library Purpose

PyTorch Deep learning
TensorFlow Machine learning
Transformers LLM tooling
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NumPy Numerical computing
Pandas Data processing
Scikit-learn Classical ML

Python enables rapid experimentation and production deployment.

YOUR JOURNEY AHEAD

In this book, you will learn how to:

Build Al applications with Python
Work with LLMs

Create Al agents

Use embeddings and vector databases
Build RAG systems

Fine-tune models

Deploy production Al systems

PYTHON FOR Al DEVELOPMENT

WHY PYTHON BECAME THE LANGUAGE OF Al

Python dominates artificial intelligence and machine learning because it
combines simplicity, readability, and an enormous ecosystem of scientific

libraries

Al development requires:

Rapid experimentation
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e Mathematical computation

e Data processing

e  Visualization

e  GPU acceleration

e Integration with research tools

Python excels in all of these areas.

ADVANTAGES OF PYTHON FOR Al

SIMPLE SYNTAX

Python allows developers to focus on logic instead of language complexity.

Example:

numbers

[1, 2, 3, 4]
squared = [n * n for n in numbers]

print(squared)
# [1, 4, 9, 16]

The syntax is clean and easy to understand.

MASSIVE ECOSYSTEM

Python has thousands of Al-related libraries.

Key ecosystems include:

Category Libraries
Machine Learning Scikit-learn
Deep Learning PyTorch, TensorFlow

85 | 528



NLP Transformers, spaCy
Data Processing Pandas

Numerical Computing NumPy
Visualization Matplotlib

Al Agents LangChain, CrewAl
Vector Databases FAISS, ChromaDB

STRONG RESEARCH COMMUNITY

Most Al research papers release Python implementations.
This creates:

e  Faster innovation

e Open-source collaboration
e Shared tooling

e  Faster learning

GPU AND SCIENTIFIC COMPUTING SUPPORT

Python integrates with optimized low-level libraries written in:

e (C
o C++
e CUDA

This enables high-performance Al workloads while keeping developer
experience simple.

INSTALLING PYTHON

Before building Al systems, you need a proper Python environment.
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DOWNLOADING PYTHON

The official Python website is:

Recommended version:

Python 3.11+

VERIFY INSTALLATION

Open a terminal and run:
python --version

Or:

python3 --version
Example output:

C:\Users\pc>python ——version
Python 3.12.3

UNDERSTANDING PYTHON ENVIRONMENTS

Al projects often require different package versions.

Virtual environments isolate dependencies per project.

Without environments:

e Libraries may conflict
e Projects may break
e Version management becomes difficult

CREATING A VIRTUAL ENVIRONMENT
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Create a project folder:

mkdir generative-ai-project
cd generative-ai-project
Create a virtual environment:

python -m venv venv

C:\Users\pc\generative-ai-project>python —-m venv venv

ACTIVATING THE ENVIRONMENT

WINDOWS

venv\Scripts\activate

C:\Users\pc\generative-ai-project>venv\Scripts\activate

MACOS/LINUX

source venv/bin/activate

Activated environments usually show:

(venv)

(venv) C:\Users\pc\generative-ai-project>|

in the terminal.

PACKAGE MANAGEMENT WITH PIP

Python packages are installed using pip.
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INSTALLING PACKAGES

Example:

pip install numpy

Collecting numpy
Downloading numpy-2.U4.6-cp312-cp312-win_amd6ld.whl.metadata (6.6 kB)
Downloading numpy-2.4.6-cp312-cp312-win_amd6d.whl (12.3 MB)

Installing collected packages: numpy
Successfully installed numpy-2.4.6

[ 1 A new release of pip is available:
[ 1 To update, run:

Install multiple packages:

pip install numpy pandas matplotlib

Requirement already satisfied: numpy in c:\users\pc\generative-ai-project\venv\lib\site-packages (2.4.6)
Collecting pandas

Downloading pandas-3.8.3-cp312-cp312-win_amdél.whl.metadata (19 kB)
Collecting matplotlib

Downloading matplotlib-3.10.9-cp312-cp312-win_amdéd.whl.metadata (52 kB)

eta

Collecting python-dateutil>=2.8.2 (from pandas)

Using cached python_dateutil-2.9.0.post@-py2.py3-none-any.whl.metadata (8.4 kB)
Collecting tzdata (from pandas)

Downloading tzdata-2026.2-py2.py3-none-any.whl.metadata (1.4 kB)
Collecting contourpy>=1.8.1 (from matplotlib)

Using cached contourpy-1.3.3-cp312-cp312-win_amd6l.whl.metadata (5.5 kB)
Collecting cycler>=0.10 (from matplotlib)

Using cached cycler-0.12.1-py3-none-any.whl.metadata (3.8 kB)
Collecting fonttools>=}.22.0 (from matplotlib)

Downloading fonttools-il.63.8-cp312-cp312-win_amd6l.whl.metadata (121 kB)

eta

Collecting kiwisolver>=1.3.1 (from matplotlib)

Downloading kiwisolver-1.5.8-cp312-cp312-win_amd6l.whl.metadata (5.2 kB)
Collecting packaging>=20.8 (from matplotlib)

Downloading packaging-26.2-py3-none-any.whl.metadata (3.5 kB)
Collecting pillow>=8 (from matplotlib)

Downloading pillow-12.2.8-cp312-cp312-win_amd6l.whl.metadata (9.8 kB)
Collecting pyparsing>=3 (from matplotlib)

Using cached pyparsing-3.3.2-py3-none-any.whl.metadata (5.8 kB)
Collecting six>=1.5 (from python-dateutil>=2.8.2->pandas)

Using cached six-1.17.@-py2.py3-none-any.whl.metadata (1.7 kB)
Downloading pandas-3.0.3-cp312-cp312-win_amd64.whl (9.8 MB)

CHECKING INSTALLED PACKAGES

pip list
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Package Version

contourpy
cycler
fonttools
kiwisolver
matplotlib
numpy
packaging
pandas
pillow

pip
pyparsing
python-dateutil
six

tzdata

MEMWMREWMNMNRMNMWEEGDHE

SAVING DEPENDENCIES

pip freeze > requirements.txt

This creates:

numpy==2.0.0

pandas==2.2.0

INSTALLING FROM REQUIREMENTS.TXT

pip install -r requirements.txt

This ensures reproducible environments.

ESSENTIAL PYTHON LIBRARIES FOR Al

Modern Al development depends heavily on libraries.

NUMPY — NUMERICAL COMPUTING

NumPy provides fast numerical arrays and matrix operations.
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Install:

pip install numpy

Example:

import numpy as np
array = np.array([1, 2, 3])
print(array * 2)

Output:

#[2 4 6]

WHY NUMPY MATTERS

Deep learning frameworks internally rely heavily on tensor operations similar
to NumPy arrays.

NumPy provides:

e  Fast vectorized computation
e Matrix operations

e Linear algebra

e Random number generation

PANDAS — DATA PROCESSING

Pandas simplifies structured data manipulation.

Install:
pip install pandas

Example:

import pandas as pd
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data = {
"name": ["Alice", "Bob"],
"age": [25, 30]

df = pd.DataFrame(data)

print(df)

Output:

name age
P Alice 25

1 Bob 380

COMMON PANDAS USE CASES

e (CSV processing

e Dataset cleaning

e  Feature engineering

e Data analysis

e Al dataset preparation

MATPLOTLIB — VISUALIZATION

Matplotlib creates charts and visualizations.

Install:

pip install matplotlib

Example:

import matplotlib.pyplot as plt
x = [1, 2, 3]
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y = [2, 4, 8]
plt.plot(x, y)

plt.show()

B_

2u
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100 1.25 1.50 L75 2.00 2.25 2.50 2.75 3.00

Visualization is critical for:

e Debugging models
e Understanding data
e Evaluating performance

SCIKIT-LEARN — MACHINE LEARNING

Scikit-learn provides classical ML algorithms.

Install:

pip install scikit-learn
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Example:

from sklearn.linear_model import LinearRegression
import numpy as np

++
>
I

input features
expected outputs

+
<
1]

X = np.array([
[1],
[2],
[31,
[4],
[5]

y = np.array([2, 4, 6, 8, 10])
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prediction = model.predict([[6]])

print("Prediction for x = 6:")
print(prediction)

print("\nModel Details:")

print("Slope (Coefficient):")
print(model.coef )

print("\nIntercept:")
print(model.intercept_)

new_values = np.array([
(61,
[71,
[8]

D

predictions = model.predict(new_values)

print("\nMultiple Predictions:")

for x, pred in zip(new_values, predictions):

print(f"x = {x[0]} » y = {pred}")
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Prediction for x = 6:
[12.]

Model Details:
Slope (Coefficient)
[2.]

Intercept:
8.0

Multiple Predictions:
6 +»y=12.0
7>y =14.0
8 ~»y=16.0

Scikit-learn is excellent for:

e Regression

e Classification

e Clustering

e Data preprocessing

PYTORCH — DEEP LEARNING

PyTorch is one of the most popular deep learning frameworks.

Install:

pip install torch

Collecting torch

Downloading torch-2.12.0-cp312-cp312-win_amdé6d.whl.metadata (31 kB)
Collecting filelock (from torch)

Downloading filelock-3.29.8-py3-none-any.whl.metadata (2.8 kB)
Collecting typing-extensions>=4.10.0 (from torch)

Using cached typing_extensions-i.15.8-py3-none-any.whl.metadata (3.3 kB)
Collecting setuptools<g82 (from torch)

Downloading setuptools-81.0.0-py3-none-any.whl.metadata (6.6 kB)
Collecting sympy>=1.13.3 (from torch)

Downloading sympy-1.14.8-py3-none-any.whl.metadata (12 kB)
Collecting networkx>=2.5.1 (from torch)

Downloading networkx-3.6.1-py3-none-any.whl.metadata (6.8 kB)
Collecting jinja2 (from torch)

Using cached jinja2-3.1.6-py3-none-any.whl.metadata (2.9 kB)
Collecting fsspec>=08.8.5 (from torch)

Downloading fsspec-2026.U4.0-py3-none-any.whl.metadata (10 kB)
Collecting mpmath<l.d,>=1.1.8 (from sympy>=1.13.3->torch)

Downloading mpmath-1.3.8-py3-none-any.whl.metadata (8.6 kB)
Collecting MarkupSafe>=2.0 (from jinja2->torch)

Using cached markupsafe-3.8.3-cp312-cp312-win_amd6l.whl.metadata (2.8 kB)
Downloading torch-2.12.0-cp312-cp312-win_amd6U.whl (123.0 MB)

eta
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Example:

import torch
tensor = torch.tensor([1, 2, 3])

print(tensor)

tensor([1, 2, 31)

PyTorch powers:

e LLMs

e Transformers

e Diffusion models

e Al research systems

TRANSFORMERS LIBRARY

The Transformers library provides access to pretrained Al models.

Install:

pip install Transformers

ollecting transformers
Downloading transformers—5.9.8-py3-none-any.whl.metadata (33 kB)
ollecting huggingface-hub<2.0,>=1.5.8 (from transformers)
Downloading huggingface_hub-1.16.1-py3-none-any.whl.metadata (14 kB)
Requirement already satisfied: numpy>=1.17 in c:\users\pc\generative-ai-project\vs

Requirement already satisfied: packaging>=20.0 in c:\users\pc\generative-ai-projed
rmers) (26.2)
ollecting pyyaml>=5.1 (from transformers)

Using cached pyyaml-6.0.3-cp312-cp312-win_amd6d.whl.metadata (2.4 kB)

ollecting regex>=2025.10.22 (from transformers)
Downloading regex-2026.5.9-cp312-cp312-win_amd6l.whl.metadata (41 kB)
eta

ollecting tokenizers<=0.23.0,>=0.22.0 (from transformers)

Downloading tokenizers—0.22.2-cp39-abi3-win_amd6l.whl.metadata (7.4 kB)
ollecting typer (from transformers)

Downloading typer—8.25.1-py3-none-any.whl.metadata (15 kB)
ollecting safetensors>=0.4.3 (from transformers)

Downloading safetensors-0.7.8-cp38-abi3-win_amd6u.whl.metadata (4.2 kB)
ollecting tqdm>=4.27 (from transformers)
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Example:

from transformers import pipeline
generator = pipeline("text-generation")
result = generator("Artificial intelligence is")

print(result)

This enables instant access to:

e Language models

e Translation systems
e Summarization

e Question answering

USING JUPYTER NOTEBOOKS

—_—
jupyter
o

Jupyter Notebooks are interactive coding environments widely used in Al
research.

Install:

pip install notebook

Run:

jupyter notebook

This opens a browser interface for interactive development.
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WHY JUPYTER IS IMPORTANT

Jupyter allows:

e Running code cell-by-cell

e  Mixing code with explanations
e Visualizing outputs instantly

e Experimenting rapidly

Example notebook workflow:

# Load dataset
# Train model
# Visualize results

# Adjust parameters

UNDERSTANDING GPU ACCELERATION

Al workloads require enormous computation.

GPUs accelerate matrix operations massively compared to CPUs.

CPU VS GPU

Optimized for:

e  Sequential tasks
e  General-purpose workloads

GPU
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Optimized for:

e  Parallel computation
e Tensor operations
e Deep learning training

WHY Al USES GPUS

Neural networks involve millions or billions of mathematical operations.
GPUs process these operations simultaneously.
This dramatically speeds up:

e Training
e Inference
e Embedding generation

INSTALLING PYTORCH WITH GPU SUPPORT

The official installation guide is available at:

Example CUDA installation:

pip install torch torchvision torchaudio --index-url
https://download.pytorch.org/whl/cul2l

VERIFY GPU AVAILABILITY

Example:

import torch

Page 100 | 528


https://pytorch.org/?utm_source=chatgpt.com

print(torch.cuda.is_available())

Output:

True

WRITING YOUR FIRST Al PROGRAM

Let’s create a simple text generation script.

Install dependencies:

pip install transformers torch

Create:
from transformers import pipeline
generator = pipeline(

"text-generation”,
model="gpt2"

response = generator(
"Python is the best language for AI because",
max_length=50

print(response[0]["generated_text"])

This downloads a pretrained model and generates text.

UNDERSTANDING Al WORKFLOWS

A typical Al workflow looks like this:
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Collect Data
!
Clean Data
!
Train Model
!
Evaluate Results
!
Deploy Application
!
Monitor Performance

Python supports every stage of this pipeline.

PROJECT STRUCTURE FOR Al APPLICATIONS

Organized projects are easier to maintain.

Example structure:

"
H
I
T
N
o
[
o
Q
it
~

data/

models/
notebooks/

src/

tests/
requirements.txt
README . md

[TTTTTT

WHY STRUCTURE MATTERS

Good organization improves:

e Scalability

e Collaboration
e Testing

e Deployment

e Maintenance
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WORKING WITH APIS IN PYTHON

Modern Al applications frequently use APIs.

Example using requests:

pip install requests

Example code:

import requests

response = requests.get(
"https://api.example.com/data"

print(response.json())

APIs are heavily used for:

e Alinference

e Cloud Al services
e Vector databases
e Al agents

ENVIRONMENT VARIABLES AND SECRETS

Never hardcode API keys.

Bad practice:

API_KEY = "secret-key"

Better:

import os

api_key = os.getenv("API_KEY")
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Environment variables improve security.

USING DOTENV

Install:

pip install python-dotenv
Create:

.env

Example:
OPENAI_API_KEY=your_key_ here

Load:

from dotenv import load_dotenv
import os

load_dotenv()

api_key = os.getenv("OPENAI_API KEY")

ERROR HANDLING IN PYTHON

Al systems must handle failures gracefully.

Example:

try:
result = 10 / ©

except ZeroDivisionError:
print("Cannot divide by zero")

Important for:
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e APl failures

e Model errors

e Rate limits

e Missing files

PYTHON IDES FOR Al DEVELOPMENT

Popular development environments include:

IDE

Purpose

Visual Studio Code

General Al development

PyCharm

Advanced Python projects

Jupyter Notebook

Research and experimentation

BEST PRACTICES FOR Al DEVELOPMENT

KEEP ENVIRONMENTS ISOLATED

Use virtual environments for every project.

USE VERSION CONTROL

Install Git:

Track changes consistently.

WRITE MODULAR CODE

Avoid giant scripts.

Prefer:

utils.py
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models.py

train.py

LOG EVERYTHING

Al systems are difficult to debug without logging.

Example:

import logging
logging.basicConfig(level=1logging.INFO)

logging.info("Training started")

DOCUMENT YOUR EXPERIMENTS

Track:

e Hyperparameters
e Dataset versions
e Model accuracy
e  Failures

COMMON BEGINNER MISTAKES

INSTALLING PACKAGES GLOBALLY

This causes dependency conflicts.

Use virtual environments instead.

IGNORING GPU COMPATIBILITY

Some packages require matching CUDA versions.

HARDCODING SECRETS
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Never expose API keys publicly.

USING MASSIVE MODELS TOO EARLY

Start with smaller models before scaling.

PREPARING FOR DEEP LEARNING

You now understand:

e  Python environments
o Al libraries

e  GPU acceleration

e  Project organization
e Al workflows

MACHINE LEARNING FUNDAMENTALS

WHAT IS MACHINE LEARNING?

Machine learning is a branch of artificial intelligence that enables computers
to learn patterns from data without being explicitly programmed with fixed
rules.

Traditional programming follows this model:

Rules + Data — Answers

Machine learning reverses the process:

Data + Answers — Learned Rules

Instead of manually writing logic, we train models to discover patterns
automatically.

WHY MACHINE LEARNING MATTERS
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Machine learning powers many modern systems:

e Recommendation engines
e Search ranking

e  Fraud detection

e |Image recognition

e Speech recognition

e Al assistants

e Self-driving vehicles

e  Generative Al systems

Machine learning enables systems to improve as more data becomes
available.

TYPES OF MACHINE LEARNING

Machine learning is generally divided into three major categories.

SUPERVISED LEARNING
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In supervised learning, models learn from labeled data.
Each example contains:

e Input
e Correct output

Example:
Input Output
Email text Spam
House features Price
Image Cat

The model learns mappings between inputs and outputs.

EXAMPLE WORKFLOW

Workflow
o=
=] B, ‘1
= _’ .l.l.l.
TrainingData  Leam  Predict New

Patterns Outputs

COMMON SUPERVISED LEARNING TASKS

CLASSIFICATION

Predict categories.
Examples:

e Spam vs not spam
e  Fraud vs legitimate
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e Positive vs negative sentiment

REGRESSION

Predict numerical values.
Examples:

e House prices
e  Stock predictions
e Temperature forecasting

SIMPLE EXAMPLE WITH SCIKIT-LEARN

from sklearn.linear_model import LinearRegression
import numpy as np

X
y

np.array([[1], [2], [3], [41])
np.array([2, 4, 6, 8])

model = LinearRegression()
model.fit(X, y)

prediction = model.predict([[5]])
print(prediction)

Output:

[10.]

The model learned the relationship:
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Unsupervised learning works with unlabeled data.
The model tries to discover hidden patterns automatically.
Example tasks:

e  (Clustering
e Dimensionality reduction

e Anomaly detection

CLUSTERING EXAMPLE

Suppose you have customer purchasing data.

The model may automatically group customers into segments:

e High spenders
e  Budget buyers
e Qccasional shoppers

No labels are provided beforehand.
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K-MEANS CLUSTERING EXAMPLE
from sklearn.cluster import KMeans
import numpy as np

X = np.array([
[1, 2],
[1, 4],
[5, 81,
[8, 8]

D

kmeans = KMeans(n_clusters=2)
kmeans.fit(X)
print(kmeans.labels )

#[0011]

REINFORCEMENT LEARNING
Reinforcement learning involves agents learning through interaction with
environments.

The agent:

e Takes actions
e  Receives rewards
e Learns strategies over time

Example applications:

e  Robotics

e GameAl

e Autonomous systems
e Al agents
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REINFORCEMENT LEARNING LOOP

al» Action
ﬁ
Reward
+
New State

UNDERSTANDING DATA

Data is the foundation of machine learning.

Without quality data, models perform poorly.

FEATURES AND LABELS

FEATURES

Input variables used for prediction.

Example:
House Size Bedrooms
1200 3
Features:

e House Size
e Bedrooms

LABELS

Expected outputs.
In the example:

Price
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is the label.

STRUCTURED VS UNSTRUCTURED DATA

STRUCTURED DATA

Organized into rows and columns.
Examples:

e Databases
e (CSVfiles
e  Excel spreadsheets

UNSTRUCTURED DATA

No fixed structure.

Examples:
e Images
e Audio
e Video

e Documents
e Natural language

Generative Al primarily works with unstructured data.

DATA PREPROCESSING

Raw data is often messy.

Machine learning requires preprocessing.

COMMON PREPROCESSING STEPS

e Removing missing values
e Normalization
e Scaling
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e Encoding categorical values
e Removing duplicates
e  Tokenization (for text)

EXAMPLE WITH PANDAS
import pandas as pd

df = pd.read_csv("data.csv")
df = df.dropna()
print(df.head())

TRAINING AND TESTING DATA

80% Training 20% Testing |
(Learn Patterns) (Evaluate)

20%

Machine learning models must generalize to unseen data.

We split datasets into:

Dataset Purpose

Training Set Learn patterns

Test Set Evaluate performance
Typical split:

80% Training
20% Testing
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EXAMPLE
from sklearn.model selection import train_test split

X_train, X_test, y_train, y test = train_test_split(
X,

Y
test size=0.2

WHAT IS A MODEL?

y
m = slope
b = intercept

A model is a mathematical function that learns relationships from data.
Example:

A linear regression model attempts to fit a line.

and =mx +b

Where:
e m=slope
e b=intercept

The model adjusts these values during training.

UNDERSTANDING NEURAL NETWORKS
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Neural networks are the foundation of modern Al.

A neural network contains layers of connected nodes called neurons.

BASIC NEURAL NETWORK STRUCTURE

Input Hidden Output
Layer Layers Layer

Each neuron performs mathematical transformations.

SIMPLIFIED NEURON EQUATION
and = F(wx + b)

Where:

e x=input
e w=weight
e b=bhias

e  ['=activation function

WEIGHTS AND BIASES

Weights determine importance.
Bias shifts outputs.

Training adjusts weights and biases to reduce errors.

ACTIVATION FUNCTIONS

Activation functions introduce nonlinearity.
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Common functions:

Function Purpose

RelLU Fast training
Sigmoid Probabilities
Tanh Centered outputs

RELU FUNCTION

f(z)=max(0,z)

ReLU is widely used in deep learning.

FORWARD PROPAGATION

Forward propagation is the process of passing inputs through the network to
generate predictions.

Flow:

Input — Calculations — Prediction

Each layer transforms the data progressively.

LOSS FUNCTIONS

Loss functions measure prediction error.
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The goal of training is minimizing loss.

EXAMPLE — MEAN SQUARED ERROR

MSE = £ 3" (andy, — anidy,)

Where:
e andy,= actual value
e andy,= predicted value

Smaller loss means better predictions.

2

GRADIENT DESCENT

Gradient descent is the optimization algorithm used to improve models.

The model adjusts parameters gradually to reduce loss.

CORE IDEA

Find the minimum error

UPDATE RULE
Where:

e andy,= actual value

e andy,= predicted value

Smaller loss means better predictions.

GRADIENT DESCENT

\‘
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Gradient descent is the optimization algorithm used to improve models.

The model adjusts parameters gradually to reduce loss.

ORE IDEA

Find the minimum error

UPDATE RULE

Where:

e w=weight
e 7n=learningrate
e L=loss

LEARNING RATE

The learning rate controls how large parameter updates are.

TOO SMALL

Training becomes slow.

OO LARGE

Training becomes unstable.

BALANCED LEARNING RATE

Produces stable convergence.

Typical values:
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0.1
0.01
0.001

BACKPROPAGATION

Backpropagation calculates how much each parameter contributed to errors.

The network propagates gradients backward through layers.

Flow:

Prediction e Calculate Error R . Compute Gradients

Backpropagation is essential for deep learning.

e Update Weights

EPOCHS AND BATCHES

EPOCH

One complete pass through the dataset.

BATCH

A smaller subset of data processed at once.

MINI-BATCH TRAINING

Modern training usually uses mini-batches.
Example:

Dataset = 10,000 samples
Batch Size = 32

The model updates weight every 32 samples.

OVERFITTING VS UNDERFITTING
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Balancing generalization is critical.

OVERFITTING

The model memorizes training data.
Symptoms:

e  Excellent training accuracy
e  Poor real-world performance

UNDERFITTING

The model fails to learn patterns.
Symptoms:

e  Poor training performance
e  Poor testing performance

IDEAL GENERALIZATION

The model learns meaningful patterns without memorization.

PREVENTING OVERFITTING
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Common techniques:

e More data

e Regularization

e Dropout

e Early stopping

e Data augmentation

DROPOUT

Randomly disables neurons during training.

This improves robustness.

EVALUATION METRICS

Metrics measure model performance.

ACCURACY

Used for classification.

Ceitherrrandct PranddYoctYoeitherns
Teitherttol PranddYoctYoeitherns

TOccorrtocand =

PRECISION AND RECALL

Important for imbalanced datasets.

PRECISION

TP

PrandcYosYoeith =0
randcYosYoeithern TP T FP

RECALL

TP

R =
andctoll TP+ FN
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F1 SCORE

Balances precision and recall.

PrandcYosYoeithern - Randctoll

Fl1=2 PrandcYosYoeithern + Randctoll

DEEP LEARNING

Deep learning refers to neural networks with many layers.
Deep models automatically learn hierarchical representations.

Example:

Pixels —+ Edges — Shapes — Objects

HE e

WHY DEEP LEARNING WORKS

Deep networks excel because they can learn highly abstract features
automatically.

This enabled breakthroughs in:

e Computer vision
e NLP

e Speech Al

e Generative Al

GPUS AND PARALLEL COMPUTING
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Deep learning requires huge computation.
GPUs accelerate:

e Matrix multiplication
e Tensor operations
e Neural network training

Without GPUs, modern Al would be impractical.

INTRODUCTION TO TENSORS

Tensors are multidimensional arrays used in deep learning.

Examples:
Tensor Type Dimensions
Scalar 0D
Vector 1D
Matrix 2D
Tensor 3D+

PYTORCH TENSOR EXAMPLE
import torch

tensor = torch.tensor([
(1, 2],
[3, 4]

D
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print(tensor)

MACHINE LEARNING WORKFLOW

A complete ML workflow typically includes:

¢ A 0 - b (s,
£-4-8-¢0-4-
2 "N r1e f\ S
Deploy  Monitor

Collect Clean Feature Train Evaluate

Data Data  Engineering Model Model Model Performance

COMMON MACHINE LEARNING CHALLENGES

INSUFFICIENT DATA

Small datasets reduce generalization.

BIASED DATA

Models inherit dataset biases.

DATA DRIFT

Real-world data changes over time.

COMPUTATIONAL COSTS

Training large models is expensive.

INTERPRETABILITY

Deep models are often difficult to explain.

FROM MACHINE LEARNING TO GENERATIVE Al

Traditional ML focuses primarily on prediction.
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Generative Al extends machine learning into content creation.

Instead of predicting labels only, generative models produce:

e Text

e Images
e Audio
e Video
e Code

This shift required:

e Massive datasets

e Transformer architectures
o  GPU scaling

e Advanced optimization

SUMMARY

In this chapter, you learned:

e  Core machine learning concepts

e Supervised and unsupervised learning
e Neural networks

e Loss functions

e Gradient descent

e  Backpropagation

e  Evaluation metrics

e Deep learning fundamentals

DEEP LEARNING ESSENTIALS

DEEP LEARNING WITH PYTORCH

INTRODUCTION TO PYTORCH

PyTorch is one of the most popular deep learning frameworks in the world.
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0N

Meta

Developed by Meta, PyTorch became the dominant framework for:

e Alresearch

e large Language Models
e Computer vision

e  Generative Al

e Deep learning experimentation

Modern Al systems such as GPT-style architectures, diffusion models, and
many open-source LLMs are built using PyTorch.

WHY PYTORCH BECAME SO POPULAR

PyTorch gained massive adoption because it provides:

Feature

Benefit

Dynamic computation graphs

Easier debugging

Pythonic syntax

Beginner friendly

GPU acceleration

Fast training

Research flexibility

Rapid experimentation

Large ecosystem

Strong community support

PyTorch feels natural to Python developers.

INSTALLING PYTORCH

The official installation guide is available at:
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https://pytorch.org/?utm_source=chatgpt.com

CPU INSTALLATION

pip install torch torchvision torchaudio

GPU INSTALLATION

Example CUDA installation:

pip install torch torchvision torchaudio --index-url
https://download.pytorch.org/whl/cul2l

VERIFYING THE INSTALLATION

Create a file:

import torch

print(torch.__version_ )

Example output:

2.3.0

CHECKING GPU AVAILABILITY
import torch

print(torch.cuda.is_available())

Output:

True

UNDERSTANDING TENSORS
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Scalar  Vector Matrix Tensor
(oD) (1D) (2D)

® 23

Tensors are the foundation of PyTorch.

A tensor is a multidimensional array optimized for mathematical computation.

TENSOR DIMENSIONS

Type Dimensions
Scalar oD

Vector 1D

Matrix 2D

Tensor 3D+

CREATING TENSORS
import torch

tensor = torch.tensor([1, 2, 3])

print(tensor)

Output:

tensor([1, 2, 3])

MATRIX TENSOR EXAMPLE
matrix = torch.tensor([
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[1, 2],
[3, 4]

D

print(matrix)

TENSOR OPERATIONS

PyTorch supports efficient tensor mathematics.

ADDITION

torch.tensor([1, 2])
torch.tensor([3, 4])

a
b

print(a + b)

Output:

tensor([4, 6])

MULTIPLICATION
print(a * b)
Output:

tensor([3, 8])

MATRIX MULTIPLICATION
x = torch.tensor([

[1, 2]

1

y = torch.tensor([
[31,
[4]
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D

print(torch.matmul(x, y))

This performs:

o]

TENSOR SHAPES

Understanding tensor dimensions is critical in deep learning.

SHAPE EXAMPLE

tensor = torch.tensor([
[1, 2, 3],
[4, 5, 6]

D

print(tensor.shape)

Output:
torch.Size([2, 3])

Meaning:

e 2rows
e 3 columns

GPU TENSORS

PyTorch tensors can run on GPUs.
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MOVING TENSORS TO GPU

CPU
Slow

device = "cuda"

tensor = torch.tensor([1, 2, 3]).to(device)

print(tensor)

GPU acceleration dramatically improves performance.

AUTOMATIC DIFFERENTIATION (AUTOGRAD)

X y 2
(requires_grad=True)

<
"
x

| y.backward() |

Autograd is one of PyTorch's most powerful features.

gl
x

=4

It automatically computes gradients for neural networks.

WHY GRADIENTS MATTER

Training neural networks requires optimization using gradient descent.
PyTorch calculates gradients automatically.
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ENABLING GRADIENT TRACKING

x = torch.tensor(
2.0,
requires_grad=True

)
y = x ¥* 2
print(y)

This computes:

and = x

BACKPROPAGATION EXAMPLE

y.backward()

print(x.grad)
Output:
tensor(4.)

Because:

d (p2) =
- x*) =2z
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Gradient becomes:

4

BUILDING YOUR FIRST NEURAL NETWORK

Hidden

PyTorch provides modules for constructing neural networks.

IMPORTING NEURAL NETWORK MODULES

import torch.nn as nn

SIMPLE NEURAL NETWORK

model = nn.Sequential(
nn.Linear(2, 4),
nn.RelLU(),
nn.Linear(4, 1)

print(model)

ARCHITECTURE EXPLANATION

Input Layer: 2 neurons
Hidden Layer: 4 neurons
Output Layer: 1 neuron
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UNDERSTANDING LINEAR LAYERS

A linear layer performs:
and =W x+b

Where:

e W=weights
e x=inputs
e b=bhias

EXAMPLE
layer = nn.Linear(3, 2)

x = torch.tensor([
[1.0, 2.0, 3.0]
D)

output = layer(x)

print(output

ACTIVATION FUNCTIONS

Activation functions introduce nonlinearity.

Without them, neural networks behave like simple linear models.

RELU ACTIVATION

Most commonly used activation:
f(z)=max (0,z)
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EXAMPLE
relu = nn.ReLU()

x = torch.tensor([-1.0, 0.0, 2.0])
print(relu(x))

Output:

tensor([0., 0., 2.])

FORWARD PASS

The forward pass computes predictions.

EXAMPLE

x = torch.tensor([
[1.0, 2.0]

D

prediction = model(x)
print(prediction)

Flow:

-~

Linear 7\L.> RelLU " Output |
L Layer / Activation | | Prediction‘

()

LOSS FUNCTIONS

Loss functions measure prediction error.
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MEAN SQUARED ERROR

Common for regression:
_ 1 ~ 72
MSE = =% (and — and)
Using MSE in PyTorch:
loss_fn = nn.MSELoss()

prediction = torch.tensor([2.5])
target = torch.tensor([3.0])

loss = loss_fn(prediction, target)

print(loss)

OPTIMIZERS

Optimizers update neural network weights.

STOCHASTIC GRADIENT DESCENT (SGD)
PyTorch example:

optimizer = torch.optim.SGD(
model.parameters(),
lr=0.01

)
Update rule:

w=w-nVL

THE TRAINING LOOP

Training neural networks involves repeated optimization.
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CORE TRAINING STEPS

Compute Loss

( s

LBackpro:agationj

[ Update Weights |

EXAMPLE TRAINING LOOP
for epoch in range(100):

prediction = model(X)

loss = loss_fn(prediction, y)
optimizer.zero_grad()
loss.backward()
optimizer.step()

print(loss.item())

UNDERSTANDING EPOCHS

An epoch represents one full pass through the dataset.

Example:

Dataset = 1000 samples
Epochs = 10

The model sees all samples 10 times.
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UNDERSTANDING BATCHES

Datasets are processed in smaller chunks called batches.

WHY BATCHES MATTER
Benefits:
e  Faster GPU utilization

e Reduced memory usage
e  More stable training

EXAMPLE

Batch Size = 32

The model processes 32 samples at once.

DATASET AND DATALOADER

s =z 7 )
Dataset \

L (1000 samples) J E “E
v &

Dataloader )
‘ \\ (batch_size=32) J w
Batch 1 Batch2 | ., | BatchN
(32) J (32) (32)

PyTorch provides tools for efficient data loading.

suiacray

CREATING A DATASET

from torch.utils.data import TensorDataset
dataset = TensorDataset(X, y)

CREATING A DATALOADER
from torch.utils.data import Dataloader
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loader = Dataloader(
dataset,
batch_size=32,
shuffle=True

TRAINING WITH DATALOADER
Example:

for batch_X, batch_y in loader:
prediction = model(batch_X)
loss = loss_fn(
prediction,
batch_y
optimizer.zero_grad()

loss.backward()

optimizer.step()

SAVING MODELS

Trained models can be saved.

SAVE WEIGHTS

torch.save(
model.state dict(),
"model.pth"
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LOAD WEIGHTS

model.load state dict(
torch.load("model.pth")

USING GPUS FOR TRAINING
Move models to GPU:

device = "cuda"

model.to(device)
Move tensors:

X = X.to(device)
y = y.to(device)

BUILDING A COMPLETE REGRESSION MODEL

Full example:

import torch
import torch.nn as nn

X = torch.tensor([
[1.0],
[2.0],
[3.0]

D

y = torch.tensor([
[2.0],
[4.0],
[6.0]

1)

model = nn.Linear(1, 1)
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loss fn = nn.MSELoss()

optimizer = torch.optim.SGD(
model.parameters(),
lr=0.01

for epoch in range(1000):
prediction = model(X)
loss = loss_fn(prediction, y)
optimizer.zero_grad()
loss.backward()
optimizer.step()

print(model.weight)
print(model.bias)

The model learns approximately:

CLASSIFICATION EXAMPLE
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Binary classification predicts categories.

SIGMOID OUTPUT

o(z) = =

For probabilities:

BINARY CLASSIFICATION LAYER

model = nn.Sequential(
nn.Linear(10, 1),
nn.Sigmoid()

UNDERSTANDING MODEL PARAMETERS

Inspect weights:

for param in model.parameters():
print(param)

Parameters are learned during training.

COMMON DEEP LEARNING PROBLEMS

VANISHING GRADIENTS

Gradients become too small.

EXPLODING GRADIENTS

Gradients become too large.

VERFITTING

Model memorizes training data.

UNDERFITTING
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Model fails to learn patterns.

TECHNIQUES TO IMPROVE TRAINING

Common improvements:

Better architectures
Learning rate tuning
Batch normalization

e Dropout
e More data

e  Better optimizers

PYTORCH ECOSYSTEM

PyTorch has a huge ecosystem.

Popular libraries:

Library Purpose
TorchVision Computer vision
TorchAudio Audio Al
TorchText NLP

Transformers LLMs

Lightning Simplified training

PYTORCH VS TENSORFLOW

PyTorch

TensorFlow

Research-focused

Enterprise-focused
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Dynamic graphs

Static + dynamic

Easier debugging

Strong deployment tools

Pythonic syntax

Larger production ecosystem

Today, PyTorch dominates Al research and generative Al development.

SUMMARY

In this chapter, you learned:

e  PyTorch fundamentals

e Tensors

e  GPU acceleration

e Automatic differentiation
e Neural networks

e  Forward propagation

e Loss functions

e  Optimizers

e Training loops

e  Model saving/loading

TRANSFORMERS ARCHITECTURE

INTRODUCTION TO TRANSFORMERS

Transformers are the foundation of modern generative Al.

Nearly every major Al breakthrough in recent years is built on Transformer

architectures, including:

e  GPT models

e Claude
e Gemini
e Llama

e  Mistral

e Stable diffusion text encoders
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e Modern Al agents

The Transformer architecture revolutionized artificial intelligence by enabling
models to process and understand massive amounts of data efficiently.

THE PROBLEM WITH OLDER NEURAL NETWORKS

Before Transformers, most sequence-based Al systems used:

e  Recurrent Neural Networks (RNNs)
e Long Short-Term Memory Networks (LSTMs)

These models processed information sequentially.
Example:

Word 1 - Word 2 - Word 3 - Word 4

This caused several major limitations.

PROBLEMS WITH SEQUENTIAL PROCESSING

SLOW TRAINING

Words had to be processed one at a time.

LIMITED LONG-TERM MEMORY

Older models struggled with long contexts.
Example:

The first word in a 1000-word paragraph

became difficult to remember.

POOR PARALLELIZATION

GPUs work best with parallel computation.
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Sequential processing limited GPU efficiency.

THE TRANSFORMER BREAKTHROUGH

In 2017, researchers at Google Research published the paper:
Attention Is All You Need

This introduced the Transformer architecture.

The key innovation was:

Attention Mechanisms

Instead of processing words sequentially, Transformers process relationships
between all words simultaneously.

HIGH-LEVEL TRANSFORMER ARCHITECTURE

A Transformer consists of:

\/ *++ Input Tokens \

V== g J

| B embeddings

' /\y Positional Encoding

S
Transformer Layers

(Encoder / Decoder)

3e

L'l[fﬁ Output Predictions

\

Each Transformer layer contains:

e Self-attention
e Feedforward neural networks
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e Residual connections
e layer normalization

TOKENS AND TOKENIZATION

Transform | ers are  powerful

SN

- 15496 478 525 16085

Transformers do not process raw text directly.

Text is first converted into tokens.

EXAMPLE

Sentence:

"Transformers are powerful"

May become:

["Transform", "ers", "are", "powerful"]

Each token receives a numerical ID.

WHY TOKENIZATION MATTERS

Tokenization enables:

e Numerical computation
e Vocabulary compression
e Efficient learning

e  Multilingual support

EMBEDDINGS
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Embedding Matrix

a0fb0aB8aC0000o
Lt«; DD LN | 5
50,000 | OO OOO@AO 1000
tokens 1000 L?[,,_' JUJE) L
10 |
10
768 :
dimensions

Matrix shape: 50,000 x 768

Tokens are converted into vectors called embeddings.
Embeddings represent semantic meaning numerically.
Example:

"king" - [0.25,

-0.12, 0.91, ...]

Words with similar meanings have similar embeddings.

EMBEDDING MATRIX

A Transformer stores embeddings in a large matrix.
If vocabulary size is:

50,000 tokens

and embedding dimension is:

768

then the embedding matrix shape becomes:

50,000 x 768

POSITIONAL ENCODING
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Positional
Input Embedd
put ing Encoding Representation
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"Ql'-&+ \_//‘\/_ | |
NEM R

Transformers process tokens in parallel.
Because of this, they need a way to understand word order.
Example:

"Dogs chase cats"

VA

"Cats chase dogs"

contain the same words but different meanings.

POSITIONAL ENCODING SOLUTION

Positional encoding adds location information to embeddings.
The model learns:

e  First token

e Second token

e  Third token

e  Relative positions

SIMPLIFIED REPRESENTATION

Input Embedding + Positional Encoding
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UNDERSTANDING ATTENTION

The) caS ) (sat) on| (the) (mat) (because)

o+ was) soft

Attention is the core innovation of Transformers.
The model learns:

Which words are important to other words

EXAMPLE

Sentence:

"The cat sat on the mat because it was soft"

The word:

"it"

should attend strongly to:

"mat"

Attention allows this relationship to be learned.

SELF-ATTENTION MECHANISM

Self-attention means:

Tokens attend to other tokens in the same sentence

Every token compares itself with every other token.
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QUERY, KEY, AND VALUE

Self-attention uses three vectors:

Vector Purpose

Query (Q) What am | looking for?

Key (K) What information do | contain?
Value (V) Actual information

Each token generates:

e Query vector
e  Key vector
e  Value vector

ATTENTION SCORE

Attention determines relevance between tokens.

Simplified attention equation:

Attention(Q, K, V) = softmax (%) 4

This is one of the most important equations in modern Al.

BREAKING DOWN THE EQUATION

STEP 1 — SIMILARITY CALCULATION

OKT

Measures how related tokens are.
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STEP 2 — SCALING
Vdk

Prevents extremely large values.

STEP 3 — SOFTMAX

Converts scores into probabilities.

STEP 4 — WEIGHTED VALUES

The model combines important information.

MULTI-HEAD ATTENTION

Transformers use multiple attention mechanisms simultaneously.

This allows the model to learn different relationships.

EXAMPLE

One attention head may focus on:
e Grammar

Another may focus on:
e Context

Another may focus on:

e Semantic meaning

CONCEPTUAL VIEW
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@ Head 1
Focus on grammar ~ )

N Focus on context 2> Output

' Head 3 B
©‘ Focus on meaning — o [

.
.
.

FEEDFORWARD NEURAL NETWORKS

After attention, outputs pass through feedforward neural networks.
These layers help:

e Learn complex patterns
e Transform representations
e Increase expressiveness

SIMPLIFIED FEEDFORWARD EQUATION

RESIDUAL CONNECTIONS

Deep networks are difficult to train.

Residual connections help gradients flow effectively.
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RESIDUAL FORMULA

Output = Layer(x) + x

This preserves information from earlier layers.

LAYER NORMALIZATION

Layer normalization stabilizes training.
Benefits:

e  Faster convergence
e More stable gradients

e Improved learning

TRANSFORMER ENCODER

The encoder processes input text and builds contextual understanding.
Encoder architecture:

Builds context representation

from input.
| SofAttenton |
; ¥ "
Feedforward Network J
¥

F&Eput Representation }

Encoders are commonly used in:
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e BERT
e Embedding models
e  (lassification systems

TRANSFORMER DECODER

The decoder generates outputs token-by-token.
Decoder architecture includes:

e Self-attention
e (Cross-attention
e Feedforward layers

DECODER FLOW

Generates output one token
at a time,

| Masked Self-Attention
¥

Cross-Attention

—

Decoders power:

e GPT models
e Chatbots
e Text generation systems

ENCODER-DECODER TRANSFORMERS

Some models use both encoders and decoders.
Examples:

e Translation systems
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e  Summarization models

EXAMPLE WORKFLOW

CAUSAL MASKING

Prevents the model from seeing
future tokens.

—%— Cannot Attend

Generative models must not see future tokens during training.
Example:

When predicting:

"world"

in:

"Hello world"

the model should only see:
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"Hello"

MASKING SOLUTION

Transformers use causal masks to hide future tokens.

This enables autoregressive generation.

AUTOREGRESSIVE GENERATION

Modern LLMs generate text one token at a time.

Process:
Generate text one token at a time.
S— ‘—§1£!§}i—§ {-*— ) =b
i/
Predict Append
Prompt Next T Token Repeat
Example: “The sky is” = = 9 & ---
EXAMPLE
Prompt:
"The sky is"
Predictions:
blue - 80%

green - 2%
falling - 1%

The model selects a token and continues.

CONTEXT WINDOWS
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Transformers process text within context windows.

Examples:
Model Context Window
Early GPT Models 2K tokens
Modern LLMs 128K+ tokens

Larger contexts allow:

e Long conversations
e large documents
e  Better reasoning

5.20 SCALING TRANSFORMERS

S-X->0-> &

More Larger
Data Parameters Compute Context

Transformer performance improves dramatically with scale.
Scaling involves:

e More data

e More parameters

e More compute

e Llarger context windows

EMERGENT CAPABILITIES

At scale, surprising abilities emerge:

e Reasoning
e Coding
e Translation
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e Tooluse
e Problem solving

These behaviors were not explicitly programmed.

TRAINING TRANSFORMERS

Transformer training requires enormous resources.

Training involves:

Trillions of iterations!
Inpat Tokens
Predict Next Token ==
Calculote Loss
Backpropogation

Update Parameters

®-&-@-®-

—

This process repeats frillions of times.

TRANSFORMER PARAMETERS

Parameters are learned weights inside the model.

Examples:
Model Parameters
Small Models Millions
GPT-3 175 Billion
Modern Frontier Models Trillions (estimated)

More parameters generally increase capability.
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FINE-TUNING TRANSFORMERS

Pretrained Transformers can be specialized using fine-tuning.

Applications:
e  Medical Al
e Legal Al

e Coding assistants
e  Customer support bots

FINE-TUNING WORKFLOW

Custom
Knowledge Base

-
ol o N
% @ Pre - training =——>p Fine - Tuning =) | T
&1L e
S

Pre - Trained LLM Fine - Tuned LLM
Raw Text Data

ATTENTION COMPLEXITY PROBLEM

Self-attention compares every token with every other token.
Complexity grows quadratically.
0(n?)

Large contexts become computationally expensive.

OPTIMIZING TRANSFORMERS

Modern research improves efficiency using:
e  Sparse attention

Page 162|528



e  Flash attention

e Quantization

e  Mixture of Experts (MoE)
e Memory optimizations

TRANSFORMERS BEYOND TEXT

Transformers are now used in:

e Images
e Audio

e Video

e Robotics
e Biology

e Scientific research

VISION TRANSFORMERS (VITS)

Transformers can process images by treating image patches as tokens.

AUDIO TRANSFORMERS
Used for:
e  Speech recognition

e  Music generation
e Voice synthesis

WHY TRANSFORMERS CHANGED Al FOREVER

Transformers succeeded because they combine:

e  Parallel computation

e Long-context understanding
e Massive scalability

e  Flexible architectures

e  Emergent capabilities
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They enabled:

e LLMs

e  ChatGPT-style systems
e Modern Al assistants
e Multimodal Al

Transformers became the universal architecture of modern Al.

BUILDING A TINY ATTENTION EXAMPLE IN PYTORCH

Simplified example:

import torch
import torch.nn.functional as F

Q = torch.rand(2, 3)
K = torch.rand(2, 3)
V = torch.rand(2, 3)

scores = torch.matmul(Q, K.T)
weights = F.softmax(scores, dim=-1)
output = torch.matmul(weights, V)
print(output)

This demonstrates basic attention computation.

SUMMARY
In this chapter, you learned:
e  Why Transformers replaced older architectures

e Tokenization and embeddings
e  Positional encoding
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e  Self-attention

e Query, Key, and Value vectors
e  Multi-head attention

e Encoders and decoders

e Autoregressive generation

e  Context windows

e Transformer scaling

NATURAL LANGUAGE PROCESSING FUNDAMENTALS

INTRODUCTION TO NATURAL LANGUAGE PROCESSING

Natural Language Processing (NLP) is the field of artificial intelligence
focused on enabling computers to understand, process, interpret, and
generate human language.

NLP combines concepts from:

e Computer science
e  Machine learning
e Linguistics

e Deep learning

e  Statistics

Modern Al assistants, translation systems, and Large Language Models are
built on NLP foundations.

WHY NLP MATTERS

Human language is extremely complex.

People use:
e Ambiguity
e Context
e Slang

e  Sarcasm
e  Grammar variations
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e  Cultural references

NLP allows machines to interpret these patterns.

REAL-WORLD NLP APPLICATIONS

APPLICATION EXAMPLE

CHATBOTS Al ASSISTANTS
TRANSLATION LANGUAGE CONVERSION
SEARCH ENGINES SEMANTIC RETRIEVAL
SENTIMENT ANALYSIS CUSTOMER FEEDBACK
SPEECH RECOGNITION VOICE ASSISTANTS

SPAM DETECTION EMAIL FILTERING
SUMMARIZATION Al-GENERATED SUMMARIES
CODE GENERATION Al PROGRAMMING TOOLS

THE NLP PIPELINE

Traditional NLP systems often follow this pipeline:

Text R Clean f——  Tokens |—» Features ——»  Model e Output

Modern Transformer systems automate many of these steps internally.

TEXT PREPROCESSING

Raw text is often noisy and inconsistent.
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Preprocessing improves data quality.

COMMON PREPROCESSING STEPS

e Lowercasing

e Removing punctuation
e  Removing stopwords
e Stemming

e lLemmatization

e Removing HTML

e Handling emojis

e Unicode normalization

LOWERCASING

Example:

"HELLO World"

becomes:

"hello world"

REMOVING PUNCTUATION

Example:

"Hello!!!™"

becomes:

"Hello"

STOPWORDS

Stopwords are very common words:
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e the

e s
e and
e a

Traditional NLP often removed them to reduce noise.

Modern LLMs usually keep them because context matters.

TOKENIZATION

Tokenization splits text into smaller units called tokens.

This is one of the most important NLP concepts.

WORD TOKENIZATION

Sentence:

"ATI is transforming the world"

Tokens:

["ATI", "is", "transforming", "the", "world"]

SUBWORD TOKENIZATION

Modern LLMs often split words into smaller fragments.
Example:

"unbelievable"

may become:

["un", "believ", "able"}

Subword tokenization improves handling of rare words.
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VOCABULARY AND TOKEN IDS

Each token receives a numerical identifier.

Example:
Token ID
hello 1024
world 2048

The model processes IDs rather than raw text.

TEXT ENCODING

Text must be converted into numerical representations.

Transformers use embeddings for this purpose.

EMBEDDING EXAMPLE
"cat" - [0.24, -0.11, 0.93, ...]

Words with similar meanings have similar embeddings.

SEMANTIC RELATIONSHIPS

Embeddings can capture relationships like:

king - man + woman = queen

This became one of the most famous discoveries in NLP.

WORD EMBEDDINGS

Word embeddings map words into vector spaces.
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Popular embedding approaches include:

e Word2Vec
e GloVe
e  FastText

e Transformer embeddings

WORD2VEC

Word2Vec learns embeddings by predicting nearby words.

EXAMPLE

Sentence:

"The dog chased the ball"

The model learns relationships between:

e dog
e chased
e Dall

CONTEXTUAL EMBEDDINGS

Older embeddings gave one vector per word.
Modern Transformers generate context-aware embeddings.
Example:

"pank"

can mean:

e financial institution
e river bank

Transformers determine meaning using surrounding context.
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SENTENCE EMBEDDINGS

Entire sentences can also be represented as vectors.

Applications:

e Semantic search

e Recommendation systems
e RAG systems

e Document similarity

EXAMPLE

Similar sentences generate similar embeddings.

"I love AI"

and

"Artificial intelligence is amazing"

may appear close in vector space.

TEXT CLASSIFICATION

Text classification predicts categories from text.

EXAMPLES
INPUT OUTPUT
EMAIL SPAM
REVIEW POSITIVE
NEWS ARTICLE SPORTS
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EXAMPLE USING TRANSFORMERS
from transformers import pipeline

classifier = pipeline(
"sentiment-analysis™

result = classifier(
"This book is amazing!"

print(result)

Possible output:

[{'label': '"POSITIVE', 'score': 0.99}]

SENTIMENT ANALYSIS

Sentiment analysis determines emotional tone.

COMMON SENTIMENT CATEGORIES

e  Positive
e Negative
e Neutral

APPLICATIONS

e Social media monitoring
e  Product reviews

e  Customer feedback

e  Brand analysis

NAMED ENTITY RECOGNITION (NER)
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NER identifies important entities in text.

EXAMPLE

Sentence:

"Elon Musk founded SpaceX"

Entities:
Entity Type
Elon Musk Person
SpaceX Organization

APPLICATIONS

Information extraction
Search systems
Document analysis

Al assistants

PART-OF-SPEECH TAGGING

POS tagging identifies grammatical roles.

Example:
Word POS
dog noun
runs verb
quickly adverb

Traditional NLP relied heavily on grammatical analysis.
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LEMMATIZATION AND STEMMING

These techniques normalize words.

STEMMING

Cuts words into simplified forms.
Example:

running - run

Sometimes results are imperfect.

LEMMATIZATION

Uses linguistic rules for cleaner normalization.
Example:

better - good

Lemmatization is more accurate than stemming.

SEQUENCE MODELS

Language is sequential.

Models must understand order and context.

EARLIER NLP MODELS

Before Transformers:

e RNNs
e [STMs
e GRUs

These struggled with long contexts.
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TRANSFORMER REVOLUTION

Transformers enabled:

e Parallel processing
e Long-range dependencies
e Massive scaling

Modern NLP is now Transformer-dominated.

6.16 LANGUAGE MODELING

Language modeling predicts the next token in a sequence.
Example:
Input:

"The sky is"

Prediction probabilities:

blue - 80%
green — 3%
falling - 1%

This simple objective powers modern LLMs.

PROBABILITY IN NLP

Language models estimate token probabilities.
Simplified objective:

P(w; | wy,wy, ..., We_q)
Meaning:

Probability of next word given previous words
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6.18 SEQUENCE-TO-SEQUENCE MODELS

Seq2Seq models convert one sequence into another.
Applications:

e Translation
e  Summarization
e Speech recognition

EXAMPLE

English — Spanish

Input:

"Hello"

Output:

"Hola"

6.19 MACHINE TRANSLATION

Machine translation became dramatically better with Transformers.

EXAMPLE

translator = pipeline(
"translation_en_to_es"

result = translator(
"Artificial intelligence is powerful"

print(result)
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TEXT SUMMARIZATION

Summarization condenses long documents into shorter versions.
Applications:

e News summaries
e  Research papers
e Meeting notes

e Al assistants

TYPES OF SUMMARIZATION

EXTRACTIVE

Selects important sentences.

ABSTRACTIVE

Generates entirely new summaries.

Modern LLMs perform abstractive summarization.

6.21 QUESTION ANSWERING SYSTEMS

Question-answering models retrieve or generate answers.

EXAMPLE

Context:

"Paris is the capital of France."

Question:

"What is the capital of France?"

Answer:
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"Paris"

CHATBOTS AND CONVERSATIONAL Al

Conversational systems combine multiple NLP capabilities:

e Context understanding
e Memory

e Intent recognition

e lLanguage generation

e Dialogue management

Modern Al assistants are advanced NLP systems powered by Transformers.

NLP CHALLENGES

Human language contains many difficulties.

AMBIGUITY

Example:

"I saw her duck"

Could mean:

e Her bird
e Shelowered her head

SARCASM

Example:

"Great, another bug in production.”

Literal meaning differs from actual meaning.
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MULTILINGUAL COMPLEXITY

Languages differ in:

e Grammar

e  Structure

e  Vocabulary

e Context rules

BIAS IN LANGUAGE MODELS

Models may inherit biases from training data.

Responsible NLP requires careful evaluation.

NLP LIBRARIES IN PYTHON

Python has powerful NLP ecosystems.

POPULAR NLP LIBRARIES

Library Purpose

spaCy NLP pipelines

NLTK Educational NLP
Transformers LLMs and Transformers
Sentence Transformers Sentence embeddings

6.25 EXAMPLE WITH SPACY

Install:

pip install spacy
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Download model:

python -m spacy download en core web sm

Example:

import spacy

nlp = spacy.load("en_core_web_sm")
doc = nlp(

"Apple is building AI systems."
)

for token in doc:
print(token.text, token.pos_)

HUGGING FACE ECOSYSTEM

Hugging Face created one of the most important NLP ecosystems.
The ecosystem provides:

e  Pretrained models
o  Tokenizers

e Datasets

e Embedding systems
e  Fine-tuning tools

Official website:

MODERN NLP AND GENERATIVE Al

Modern NLP evolved from:

Rules I P{ Statistics Deep — Transformers — Generative
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Large Language Models represent the convergence of NLP and large-scale
deep learning.

THE FUTURE OF NLP

Future NLP systems will improve:

e Reasoning

e  Multimodal understanding
e  Real-time interaction

e Long-context memory

e  Autonomous tool use

NLP is evolving into general-purpose language intelligence.

SUMMARY

In this chapter, you learned:

e  Core NLP concepts

e Tokenization

e  Embeddings

e Text preprocessing

e Sentiment analysis

e Named Entity Recognition
e Language modeling

e  Machine translation

e  Conversational Al

e Modern NLP libraries

LARGE LANGUAGE MODELS (LLMS)

UNDERSTANDING LARGE LANGUAGE MODELS

INTRODUCTION TO LARGE LANGUAGE MODELS
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Large Language Models (LLMs) are advanced neural networks trained on
massive amounts of text data to understand and generate human language.

LLMs are the foundation behind:

e Al chatbots

e Coding assistants

e Al search engines

e  Autonomous agents

e Document analysis systems
e Al copilots

e Multimodal Al systems

Modern LLMs can:

e Answer questions

e Write essays

e Generate code

e Translate languages

e Summarize documents
e  Solve reasoning tasks
e Use external tools

These capabilities emerged primarily from scaling Transformer architectures.

WHAT MAKES AN LLM “LARGE”

The term “large” refers to several dimensions:

Dimension

Meaning

Parameters

Billions/trillions of weights

Training Data

Massive internet-scale datasets

Compute Power

Thousands of GPUs

Context Windows

Large token processing capacity
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Examples:

Model Approximate Parameters
GPT-2 1.5B
GPT-3 175B
Llama 3 70B+

Modern Frontier Models Hundreds of billions to trillions (estimated)

7.3 THE CORE OBJECTIVE OF LLMS

At their core, most LLMs are trained using one simple objective:

Predict the next token

Example:
Input:

"The sky is"

Predictions:

blue - 82%
green — 2%
falling - 1%

The model repeatedly predicts the next token to generate coherent text.

TOKENS AND CONTEXT WINDOWS

LLMs do not process full words directly.

They process tokens.
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EXAMPLE TOKENIZATION

Sentence:

"Artificial intelligence is powerful"

May become:

["Artificial”™, " intelligence", " is",

Each token maps to a numerical ID.

" powerful"]

CONTEXT WINDOWS

LLMs can only process a limited number of tokens at once.

Examples:
Model Generation Context Window
Early GPT Models 2K tokens
Modern Systems 128K+ tokens

Larger context windows enable:

e Long conversations

e Document analysis

e Codebase understanding
e RAG systems

TRANSFORMER FOUNDATIONS

LLMs are primarily based on Transformer architectures.

Core Transformer components include:

e  Embeddings
e  Self-attention
e  Feedforward layers
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e Positional encoding
e Layer normalization

The most important mechanism is attention.

ATTENTION AND LANGUAGE UNDERSTANDING

Attention allows models to determine relationships between tokens.
Example:

"The dog chased the ball because it was fast"

The model learns that:

"j_t"

likely refers to:

"dog"

Attention enables contextual understanding.

SELF-ATTENTION EQUATION

) QK"
Attention(Q,K,V) = softmax %4

Jax

This equation powers modern Al systems.

PARAMETERS AND LEARNING

Parameters are the learned weights inside the neural network.

Training adjusts parameters gradually to reduce prediction error.

SIMPLIFIED TRAINING GOAL

Minimize Prediction Error
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The larger the model, the more patterns it can potentially learn.

TRAINING DATA FOR LLMS

LLMs are trained on enormous datasets.
Typical sources include:

e Books

e  Websites

e Code repositories
e Academic papers
e Documentation
e Forums

e  Conversations

The model statistically learns language patterns from this data.

PRETRAINING

Pretraining is the first major phase of LLM development.
During pretraining, the model learns:

e Grammar

e Facts

e Reasoning patterns
e Coding syntax

e Llanguage structure

PRETRAINING OBJECTIVE

Example:
Input:

"The capital of France is"
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Target:

"Paris"

This process repeats trillions of times.

TRAINING PIPELINE OF LLMS

Modern LLM training pipelines are extremely complex.

Typical pipeline:

‘ Data 4% Clean 4.{ Train H Align H Ship ‘

FINE-TUNING

After pretraining, models are specialized through fine-tuning.
Fine-tuning adapts models for:

e Chat assistants

e Coding

e Legal analysis

e  Medical Al

e  Customer support

EXAMPLE FINE-TUNING DATA

User: Explain Python lists
Assistant: Python lists are mutable collections...

The model learns conversational behavior.

INSTRUCTION TUNING

Instruction tuning teaches models to follow human instructions.
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Example prompts:

"Summarize this article"
"Translate to Spanish"
"Write Python code"

Instruction tuning transformed raw LLMs into useful assistants.

REINFORCEMENT LEARNING FROM HUMAN FEEDBACK (RLHF)

RLHF improves model alignment with human preferences.

Process:

Improved ChatGPT
responses

Human rates: A= B B Train Reward Model R PPO Update s

Humans rank outputs based on:

o Helpfulness
e  Accuracy

o Safety

e Clarity

EMERGENT ABILITIES

One of the most surprising discoveries in Al is emergence.
As models scale, unexpected capabilities appear.
Examples:

e Reasoning

e Coding

e Translation

e Tool usage

e Planning

e Multi-step problem solving
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These abilities were not explicitly programmed.

7.15 SCALING LAWS

Researchers discovered predictable scaling behavior.
Performance generally improves with:

e More parameters
e More data
e More compute

Simplified relationship:

Bigger models + More data + More compute
= Better performance

Scaling laws heavily influenced modern Al development.

INFERENCE
Inference is the process of generating outputs using trained models.
Example:

response = model.generate (
"Explain quantum computing"

Inference involves:

e Token prediction

e Sampling

e Decoding strategies

e Attention computation

SAMPLING AND DECODING

LLMs do not always select the most probable token.
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Different decoding strategies affect output behavior.

GREEDY DECODING

Always selects highest-probability token.

Problem:

e  Repetitive outputs

TEMPERATURE

Temperature controls randomness.
Low temperature:

More deterministic

High temperature:

More creative

TEMPERATURE SCALING

P =

Where:

e T=temperature

7.17.3 TOP-K SAMPLING

Limits predictions to top-k tokens.
Example:

Top 50 most likely tokens
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TOP-P SAMPLING

Selects tokens whose cumulative probability exceeds threshold p.

Example:

Widely used in modern LLM systems.

HALLUCINATIONS

Hallucinations occur when LLMs generate false information confidently.
Example:

e  Fake citations
o Nonexistent APIs
e Incorrect facts

WHY HALLUCINATIONS HAPPEN

LLMs optimize for:

Statistically plausible text

not guaranteed truth.

7.19 LIMITATIONS OF LLMS

Despite impressive abilities, LLMs have important limitations.

COMMON LIMITATIONS

e Hallucinations

e Bias

e Context limitations
e Reasoning failures
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e  QOutdated knowledge
e High computational cost

CONTEXT RETENTION

LLMs do not possess persistent human memory by default.
Conversation memory exists only within context windows.
When context exceeds limits:

e Olderinformation is forgotten
e Performance may degrade

RETRIEVAL-AUGMENTED GENERATION (RAG)

RAG improves LLMs using external knowledge retrieval.

Workflow:

User Query R Retrieve Documents e Inject Context e Generate Response

RAG reduces hallucinations significantly.

EMBEDDINGS IN LLM SYSTEMS

Embeddings convert text into vectors.
Applications:

e Semantic search

e Vector databases

e RAG pipelines

e  Similarity matching

EMBEDDING SIMILARITY
Similar texts produce nearby vectors.
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Example:

"AI is amazing"

and

"Artificial intelligence is incredible"

may appear close in vector space.

QUANTIZATION

LLMs are extremely large.

Quantization reduces memory usage.

EXAMPLE

Instead of:

32-bit precision

use:

8-bit or 4-bit precision

Benefits:

e  Smaller models
e  Faster inference

e Lower hardware requirements

FINE-TUNING VS PROMPT ENGINEERING

Fine-Tuning Prompt Engineering

Changes model weights Changes instructions
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Expensive Cheap

Permanent adaptation Temporary behavior

Requires training data No retraining needed

Both approaches are important in production Al systems.

OPEN-SOURCE VS CLOSED MODELS

OPEN-SOURCE MODELS
Examples:
e Llama

e  Mistral
e Gemma

Benefits:

e Self-hosting
e  Customization
e Transparency

CLOSED MODELS

Examples:

e GPT models

e C(Claude
e Gemini
Benefits:

e  Frontier performance
e Managed infrastructure
e  Enterprise tooling
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MULTIMODAL LLMS

Modern LLMs increasingly process multiple modalities:

e Text

e Images
e Audio
e Video

Multimodal systems combine language reasoning with visual and auditory
understanding.

Al AGENTS AND TOOL USE

Modern LLMs can interact with tools.
Examples:

e Web search
e Code execution
e Database queries

e  File manipulation

This enables autonomous Al workflows.

MIXTURE OF EXPERTS (MOE)

MoE architectures activate only parts of the model for each task.
Benefits:

e  Better scaling
e Reduced compute costs
e Improved efficiency

Modern frontier models increasingly use MoE techniques.

TRAINING COSTS OF FRONTIER MODELS
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Training state-of-the-art LLMs may require:

e Thousands of GPUs

e Months of computation

e Massive energy usage

e Hundreds of millions of dollars

Frontier Al development is one of the most computationally expensive

activities in technology.

SAFETY AND ALIGNMENT

LLMs require alignment techniques to ensure safe behavior.

Safety efforts include:

e RLHF

e  Constitutional Al

e  Moderation systems
e Redteaming

e  Guardrails

Alignment remains one of the biggest challenges in Al research.

THE FUTURE OF LLMS

Future LLMs will likely feature:

e  Better reasoning

e Long-term memory

e Autonomous planning

e Real-time learning

e Improved multimodal understanding
e Advanced tool usage

LLMs are evolving from text generators into general-purpose cognitive

systems.
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SIMPLE LLM EXAMPLE WITH TRANSFORMERS

Example using the Transformers library:
from transformers import pipeline
generator = pipeline(

"text-generation”,
model="gpt2"

response = generator(
"Artificial intelligence will",
max_length=50

print(response[0]["generated_text"])

This demonstrates basic autoregressive generation.

SUMMARY

In this chapter, you learned:

e  What Large Language Models are
e How LLMs are trained

e Tokens and context windows
e  Transformer foundations

e  Pretraining and fine-tuning

e  RLHF and alignment

e Inference and sampling

e Hallucinations and limitations
e RAG systems

e Multimodal Al

e Al agents and tool use

WORKING WITH OPENAI APIS IN PYTHON
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INTRODUCTION TO Al APIS

Modern Al applications are commonly built using APIs.

An API (Application Programming Interface) allows developers to interact
with Al models programmatically.

Instead of training massive models from scratch, developers can access
powerful pretrained Al systems through cloud APls.

This enables developers to build:

e Chatbots

e Al assistants

e Code generators

e Al agents

e Image generation systems
e Voice applications

e Document analysis tools

with only a few lines of Python.

WHAT IS THE OPENAI API?

The provides access to advanced generative Al models
through HTTP APlIs and official SDKs.

The platform supports:

e Text generation

e Chat models

e Image generation
e Embeddings

e  Speech systems

e  Function calling

e  Structured outputs
e  Multimodal Al
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CREATING AN OPENAI ACCOUNT
To use the API:

Create an account
Generate an APl key
Configure billing
Install the Python SDK

i A

API keys authenticate requests securely.

INSTALLING THE OPENAI PYTHON SDK
Install the official SDK:

pip install openai

Verify installation:

import openai

print("SDK installed")

APl KEYS AND ENVIRONMENT VARIABLES

Never hardcode API keys directly into source code.

Bad practice:

API KEY = "sk—-xXXxxXxxx"

USING ENVIRONMENT VARIABLES

Create a:

.env

file:
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OPENAI API KEY=your api key here

Install dotenv:

pip install python-dotenv

Load environment variables:

from dotenv import load dotenv
import os

load_dotenv()
api_key = os.getenv("OPENAI_API_KEY")

This improves security significantly.

INITIALIZING THE OPENAI CLIENT

Basic setup:

from openai import OpenAIl
from dotenv import load_dotenv
import os

load_dotenv()

client = OpenAI(
api_key=o0s.getenv("OPENAI_API_KEY")

The client handles communication with the API.

YOUR FIRST APl REQUEST

Simple chat completion example:
from openai import OpenAl
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client = OpenAI()

response = client.chat.completions.create(
model="gpt-4.1-mini",
messages=|[
{
"role": "user",
"content": "Explain machine learning'

print(response.choices[0].message.content)

This sends a prompt and receives generated text.

UNDERSTANDING CHAT MESSAGES

Chat models use structured message arrays.

ROLES
Role Purpose
system Instructions for behavior
user User input
assistant Al responses
EXAMPLE
messages = [
{

"role": "system",
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"content”: "You are a helpful tutor.’

s
{

"role": "user",

"content": "Explain neural networks"
}

The system message strongly influences model behavior.

SYSTEM PROMPTS

System prompts define personality, tone, and constraints.
Example:

{
"role": "system",
"content" : mmn

You are an expert Python teacher.

Explain concepts simply.

System prompts are critical in production Al systems.

MULTI-TURN CONVERSATIONS

Conversation history is passed through message arrays.

Example:

messages = [

{

"role": "user",

"content": "What is Python?"
¥
{
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"role": "assistant",

"content": "Python is a programming language."
¥
{

"role": "user",

"content": "Why is it popular for AI?"
}

The model uses previous messages as context.

MODEL SELECTION

Different models provide different tradeoffs.

Examples:
Model Type Strength
Smaller models Speed and lower cost
Larger models Better reasoning
Multimodal models Image + text understanding

Model selection depends on:

e Cost
e latency
e Quality

e Context size
e Task complexity

CONTROLLING OUTPUT WITH TEMPERATURE

Temperature controls randomness.

Low temperature:

Page 203|528



More deterministic

High temperature:

More creative

EXAMPLE

response = client.chat.completions.create(
model="gpt-4.1-mini",
temperature=0.7,
messages=|[

{
"role": "user",
"content": "Write a poem about AI"
}
]
)
MAX TOKENS

max_tokens limits response length.

Example:

response = client.chat.completions.create(
model="gpt-4.1-mini",
max_tokens=100,
messages=|[
{
"role": "user",
"content": "Explain transformers"

)

This helps control:
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e Cost
e latency
e  QOutput size

STREAMING RESPONSES

Streaming allows tokens to arrive progressively.
Benefits:

e Faster perceived responses
e  Real-time chat interfaces
e  Better UX

STREAMING EXAMPLE

stream = client.chat.completions.create(
model="gpt-4.1-mini",
messages=|[

{
"role": "user",
"content": "Explain AI"
}
1,
stream=True
)
for chunk in stream:
print(
chunk.choices[0@].delta.content,
end=""
)

Streaming is widely used in chat applications.

JSON AND STRUCTURED OUTPUTS
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Al applications often require structured responses.

EXAMPLE PROMPT

Return the answer as valid JSON.

EXAMPLE

response = client.chat.completions.create(
model="gpt-4.1-mini",

messages=|[
"role": "user",
Ilcontentll : mmomn

Return a JSON object with:
name, age, skills

print(response.choices[0].message.content)

Structured outputs improve automation reliability.

FUNCTION CALLING

Function calling allows models to invoke tools programmatically.

This is foundational for Al agents.

WHY FUNCTION CALLING MATTERS

Without tools, models can only generate text.

With tools, models can:
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e Search the web

e Query databases

e Send emails

e Execute code

e  Retrieve documents

EXAMPLE TOOL DEFINITION
tools = [
{
"type": "function",
"function": {
"name": "get_weather",
"description"”: "Get weather information",
"parameters": {
"type": "object",
"properties": {
"city": {
"type": "string"

}s

"required": ["city"]

CALLING THE TOOL

response = client.chat.completions.create(
model="gpt-4.1-mini",
messages=|[

{

"role": "user",
"content": "What's the weather in Tokyo?"
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Is

tools=tools

The model decides whether to invoke functions.

EMBEDDINGS API

Embeddings convert text into vectors.
Applications:

e Semantic search

e RAG systems

e Recommendation engines
e  Similarity matching

EMBEDDING EXAMPLE

response = client.embeddings.create(
model="text-embedding-3-small",
input="Artificial intelligence"

embedding = response.data[@].embedding

print(len(embedding))

Embeddings are essential for modern Al architectures.

BUILDING SEMANTIC SEARCH

Semantic search uses embeddings to compare meaning instead of exact
keywords.

Workflow:
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‘ Text H Numbers —b{ Compare }—» Find ‘

This powers:

e Alsearch
e RAG systems
e  Enterprise knowledge bases

IMAGE GENERATION APIS

OpenAl APIs can generate images from text prompts.

Applications:
e  Marketing
e Design

e Game assets
e  Storytelling
e  Prototyping

EXAMPLE

response = client.images.generate(
model="gpt-image-1",
prompt="A futuristic AI city"

print(response.data[9].url)

VISION CAPABILITIES

Modern multimodal models can process images.
Applications:

e OCR
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e Image understanding
e Document analysis
e Visual question answering

EXAMPLE

response = client.chat.completions.create(
model="gpt-4.1-mini",
messages=|[

{
"role": "user",
"content": [
{
"type": "text",
"text": "Describe this image"
}
]
}
]
)
SPEECH APIS

Speech systems enable:

e  Speech-to-text
e Text-to-speech
e Voice assistants

EXAMPLE USE CASES

e Al phone systems

e Voice assistants

e Accessibility tools

e Real-time transcription
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ERROR HANDLING

Production Al systems must handle failures gracefully.

COMMON ERRORS

Error Cause

Rate limits Too many requests
Authentication errors Invalid API keys
Timeout errors Slow responses
Invalid requests Bad parameters

EXAMPLE ERROR HANDLING
try:

response = client.chat.completions.create(
model="gpt-4.1-mini",
messages=|
{
"role": "user",
"content": "Hello"

except Exception as e:
print(e)

RATE LIMITS AND RETRIES
APIls enforce rate limits.
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Applications should implement retries.

RETRY EXAMPLE
import time

for attempt in range(3):

try:
response = client.chat.completions.create(
model="gpt-4.1-mini",
messages=[
{
"role": "user",
"content": "Explain AI"

break

except Exception:
time.sleep(2)

BUILDING A SIMPLE CLI CHATBOT

Example chatbot:

from openai import OpenAIl
client = OpenAI()
while True:

user_input = input("You: ")
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if user_input == "exit":
break

response = client.chat.completions.create(
model="gpt-4.1-mini",
messages=|

{
"role": "user",
"content": user_input
}
]
)
print(
"AI:",
response.choices[0].message.content
)

COST OPTIMIZATION

Al APIs cost money based on token usage.
Optimization strategies include:

e  Smaller models

e  Shorter prompts
e Context trimming
e Caching

e Embedding reuse

Efficient prompting reduces operational costs.

SECURITY BEST PRACTICES

NEVER EXPOSE API KEYS
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Avoid committing secrets to Git repositories.

USE ENVIRONMENT VARIABLES

Store secrets securely.

VALIDATE USER INPUT

Prevent abuse and injection attacks.

MONITOR USAGE

Track costs and suspicious activity.

BUILDING PRODUCTION Al APPLICATIONS

Production systems require more than simple prompts.

Important concerns include:

e Llogging

e  Monitoring

e  Retry systems

e Rate limiting

e Prompt management
e Caching

e  Security

e  Observability

Al APPLICATION ARCHITECTURE

Typical architecture:

Ul — Server

>

OpenAl

— Answer

Larger systems may add:
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e Vector databases
e Queues

e Al agents

e RAG pipelines

ASYNC APl REQUESTS

Python async improves scalability.

Example:

import asyncio
from openai import AsyncOpenAIl

client = AsyncOpenAI()
async def main():
response = await client.chat.completions.create(
model="gpt-4.1-mini",

messages=|[

{

"role": "user",
"content": "Explain async programming"

print(response.choices[0].message.content)

asyncio.run(main())

Async becomes important in high-scale systems.

THE FUTURE OF Al APIS
Al APIs are evolving rapidly toward:
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e Autonomous agents

e  Real-time multimodal systems
e Long-term memory

e Tool orchestration

e Computer-use systems

e  Personalized assistants

Developers increasingly build Al-native applications instead of traditional
software alone.

SUMMARY

In this chapter, you learned:

e How Al APIs work

e Installing and configuring the OpenAl SDK
e  Chat completions

e  Message structures

e  Streaming responses

e  Function calling

e Embeddings

e Image generation

e Vision and speech APIs

e  Error handling

e  Production best practices

PROMPT ENGINEERING

INTRODUCTION TO PROMPT ENGINEERING

Prompt Engineering is the practice of designing inputs that guide Al models
toward producing accurate, useful, and reliable outputs.

A prompt is the instruction given to an Al model.
Example:
"Explain neural networks simply"
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The quality of the prompt strongly affects the quality of the output.

Prompt engineering became one of the most important skills in modern Al
development.

WHY PROMPT ENGINEERING MATTERS

Large Language Models are highly capable but sensitive to instructions.
Small prompt changes can dramatically affect:

e Accuracy

e Style

e  Structure
o Creativity
e Safety

e  Reliability

Good prompts reduce:

e Hallucinations

e Ambiguous responses
e  Formatting issues

e Incorrect outputs

THE ANATOMY OF A PROMPT

A prompt typically contains:

Component Purpose

Instructions What the model should do
Context Background information
Examples Demonstrations
Constraints Rules and limitations
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Output format Desired structure

EXAMPLE

You are a cybersecurity expert.
Explain SQL injection simply.
Use bullet points.

Limit the answer to 200 words.

This prompt provides:

e Role
e Task
e Style

e  Constraints

ZERO-SHOT PROMPTING

Zero-shot prompting gives instructions without examples.

EXAMPLE

Translate this sentence into Spanish:

"Artificial intelligence is powerful."

The model solves the task directly.

FEW-SHOT PROMPTING

Few-shot prompting includes demonstrations.

This improves consistency and accuracy.
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EXAMPLE

English: Hello
Spanish: Hola

English: Thank you
Spanish: Gracias

English: Good morning
Spanish:

The model learns from patterns.

CHAIN-OF-THOUGHT PROMPTING

Chain-of-thought prompting encourages step-by-step reasoning.

This improves performance on complex tasks.

EXAMPLE

Solve this problem step by step.

Models often reason more effectively when intermediate steps are
encouraged.

WHY REASONING HELPS

Complex tasks require intermediate thinking.

Examples:
e Math
e logic

e Planning
e  Multi-step analysis

Reasoning allows the model to break problems into smaller pieces.
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STRUCTURED PROMPTING

Structured prompts improve reliability.

EXAMPLE TEMPLATE

Task:
Summarize the article.

Requirements:

- Maximum 5 bullet points
- Include key findings

- Use simple language

Article:
[ARTICLE TEXT]

Structured prompts reduce ambiguity.

ROLE PROMPTING

Role prompting assigns expertise or behavior.

EXAMPLE
You are a senior Python architect.
or

You are a legal advisor specializing in contracts.

Role prompting affects:

e Tone
e  Vocabulary
e Depth
e  Perspective
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INSTRUCTION HIERARCHY

Models prioritize instructions hierarchically.

Typical priority:
System Instructions e Developer Instructions H User Instructions

Clear instruction design is critical in production Al systems.

PROMPT DELIMITERS

Delimiters separate instructions from data.

Common delimiters:

#H#
<xml>

EXAMPLE

Summarize the following text:

mwriwn

Artificial intelligence is transforming industries...

wuan

Delimiters reduce confusion.

OUTPUT FORMATTING

Prompt engineering often controls response formatting.

JSON OUTPUT EXAMPLE
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Return the result as valid JSON.

MARKDOWN EXAMPLE

Format the answer using markdown headings.

Structured outputs improve automation workflows.

PROMPT LENGTH AND CONTEXT

More context can improve results.
However:

e Longer prompts cost more
e  Excessive context may reduce relevance
e Context windows are limited

Prompt optimization balances quality and efficiency.

CONTEXT INJECTION

Providing relevant information improves responses.

EXAMPLE

Use the following documentation to answer the question.

This technique powers:

e RAG systems
e Al copilots
e  Enterprise assistants

RETRIEVAL-AUGMENTED PROMPTING

RAG systems inject retrieved documents into prompts.
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Workflow:

User Query = Retrieve Documents e Inject Context

This reduces hallucinations significantly.

Generate Response

HALLUCINATION REDUCTION

Prompt engineering helps reduce hallucinations.

EFFECTIVE TECHNIQUES

e  Ask for citations

e Restrict sources

e UseRAG

e Request uncertainty disclosure
e Require step-by-step reasoning

EXAMPLE

If you are uncertain, explicitly say so.

PROMPT INJECTION ATTACKS

Al systems can be manipulated through malicious prompts.

Example:

Ignore previous instructions.

Prompt injection is a major security concern in Al systems.

DEFENDING AGAINST PROMPT INJECTION

Defense strategies include:

e Input validation
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e Sandboxing

e Tool restrictions

e  System prompt protection
e Output filtering

Secure prompt design is essential in production systems.

TEMPERATURE AND CREATIVITY

Temperature affects randomness.
Low temperature:

More factual and deterministic

High temperature:

More creative and varied

TEMPERATURE FORMULA
eZi/T

= Z o?/T
J
Where:

e T=temperature

TOP-P AND TOP-K SAMPLING

Sampling strategies affect token selection.

TOP-K

Selects among top-k tokens.

TOP-P

Selects tokens within cumulative probability threshold.
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Example:

Modern Al systems often combine:

e Temperature
e Top-p
e  Frequency penalties

PROMPT CHAINING

Complex workflows can be split into multiple prompts.

Example:

Research | »> Summarization r > Formatting

Prompt chaining improves modularity and reliability.

> Final Report

MULTI-STEP PROMPTING

Instead of asking for everything at once:
Bad:

Write an entire business plan.

Better:

1. Analyze the market

2. Define customer segments

3. Create pricing strategy

4. Build financial projections
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Breaking tasks into stages improves quality.

SELF-CONSISTENCY PROMPTING

Models generate multiple reasoning paths and compare them.

This improves reasoning accuracy.

CONCEPT

Generate: A=340+68,

"What's 24 x 177 — — Compare: All give 408 s Select: 408

B=240+168, C=20x17+4x17

Used heavily in advanced reasoning systems.

REACT PROMPTING

ReAct combines:

e Reasoning
e Acting

The model reasons about what tool to use next.

EXAMPLE WORKFLOW

Question |  Reasoning |  Tool Usage ———=  (Observation

ReAct is foundational for Al agents.

B Final Answer

TOOL-AWARE PROMPTING

Modern prompts often describe available tools.

Example:
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You can use:
- Web search
- Calculator
- Database query

This enables intelligent tool orchestration.

PROMPT TEMPLATES

Production systems rarely use raw prompts.

Instead, they use reusable templates.

EXAMPLE

template = """
You are an expert tutor.

Topic:
{topic}

Difficulty:
{difficulty}

Explain clearly.

Templates improve consistency and maintainability.

DYNAMIC PROMPT GENERATION

Al systems may generate prompts automatically.
Applications:

e Al agents
e  Workflow orchestration
e Autonomous systems
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Prompts themselves can become machine-generated.

EVALUATING PROMPT QUALITY

Prompt evaluation measures:

e Accuracy
e Consistency

e Cost
e latency
o Safety

e Hallucination rate

Evaluation is critical for production Al.

COMMON PROMPT ENGINEERING MISTAKES

AMBIGUOUS INSTRUCTIONS
Bad:

"Explain AI"

Better:

"Explain AI to beginners in under 200 words."

MISSING CONSTRAINTS

Without constraints, outputs may become inconsistent.

OVERLY LONG PROMPTS

Too much irrelevant context can reduce quality.

LACK OF EXAMPLES

Few-shot prompting often improves reliability.
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PROMPT ENGINEERING FOR CODING

Coding prompts benefit from:

e Clear requirements

e Input/output examples
e  Constraints

e Edgecases

EXAMPLE

Write a Python function that:
- Removes duplicates

- Preserves order

- Has O(n) complexity

Specificity improves code quality dramatically.

PROMPT ENGINEERING FOR RAG SYSTEMS

RAG prompts often include:

e  Retrieved context

e Source attribution

e (Citation rules

e Hallucination restrictions

EXAMPLE

Answer ONLY using the provided documents.

This improves factual grounding.

PROMPT ENGINEERING FOR Al AGENTS

Agent prompts define:

e Goals
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e Available tools

e  Constraints

e  Planning behavior
e Memory handling

Agents rely heavily on prompt quality.

SYSTEM PROMPT DESIGN

System prompts define high-level behavior.
Example:

You are a professional AI research assistant.

Always:

- cite sources

- avoid speculation

- explain uncertainty

System prompts strongly shape Al behavior.

THE FUTURE OF PROMPT ENGINEERING

Prompt engineering continues evolving toward:

e  Autonomous prompt optimization
e Self-improving agents

e  Structured reasoning systems

e  Multimodal prompting

e Long-context orchestration

As Al systems become more capable, prompting becomes increasingly
strategic.

PROMPT ENGINEERING EXAMPLE IN PYTHON

Example using the OpenAl Python Library:
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from openai import OpenAIl

client = OpenAI()

prompt =
You are an expert Python teacher.

Explain decorators simply.

Include:

- definition

- example

- real-world use case

response = client.chat.completions.create(
model="gpt-4.1-mini",
temperature=0.3,

messages=|[
{
"role": "user",
"content": prompt
}
]
)
print(
response.choices[0].message.content
)

This demonstrates structured prompting.

SUMMARY

In this chapter, you learned:

e  What prompt engineering is
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e  Zero-shot and few-shot prompting
e Chain-of-thought reasoning

e Role prompting

e  Structured prompting

e  Prompt injection attacks

e Hallucination reduction

e  Prompt chaining

e ReAct prompting

e Tool-aware prompting

e  Prompt templates

e  Prompt evaluation

EMBEDDINGS AND VECTOR DATABASES

INTRODUCTION TO EMBEDDINGS

Embeddings are numerical vector representations of data.

They allow Al systems to transform:

o Text

e Images
e Audio
e Code

e Documents
into mathematical vectors that capture semantic meaning.

Embeddings are one of the most important foundations of modern generative
Al systems.

WHY EMBEDDINGS MATTER

Traditional software relies on exact matching.
Example:

"Car"
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does not match:

"automobile"

even though both words have similar meaning.

Embeddings solve this problem by representing semantic similarity
mathematically.

SEMANTIC MEANING IN VECTOR SPACE

Embeddings place semantically similar items close together in high-
dimensional space.

Example:
king
queen

prince
princess

appear near each other in vector space.

Unrelated concepts appear farther apart.

UNDERSTANDING VECTORS

A vector is a list of numbers.
Example embedding:

(0.12, -0.88, 0.45, 0.91, ...]

Modern embeddings often contain:

e 384 dimensions
e 768 dimensions
e 1536 dimensions 3072+ dimensions

Higher dimensions can capture richer semantic information.
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EMBEDDING MODELS

Embedding models are neural networks trained to encode meaning.

Popular embedding providers include:

e OpenAl
e Cohere
e Google
e  Mistral Al

10.6 EMBEDDING SIMILARITY

The key idea behind embeddings is similarity comparison.

Semantically similar vectors should be mathematically close.

EXAMPLE

Sentence A:

"Artificial intelligence is powerful"

Sentence B:

"ATI is transforming industries"

These embeddings should appear close together.

COSINE SIMILARITY

One of the most common similarity metrics is cosine similarity.

It measures the angle between vectors.

COSINE SIMILARITY FORMULA
A-B

cos O = B
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Where:

e  A=first vector
e B=second vector

INTERPRETATION

SCORE MEANING

1.0 EXTREMELY SIMILAR
0.0 UNRELATED

-1.0 OPPOSITE DIRECTION

EUCLIDEAN DISTANCE

Another similarity metric is Euclidean distance.

It measures straight-line distance between vectors.

FORMULA
n
dAaB) = > (4B
i=1

Smaller distance indicates greater similarity.

DOT PRODUCT SIMILARITY

Some systems use dot product similarity.

FORMULA
n
AB:Z AiBi
i=1
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Dot products are computationally efficient for large-scale search systems.

GENERATING EMBEDDINGS WITH PYTHON
Example using the OpenAl Python Library:

from openai import OpenAIl

client = OpenAI()

response = client.embeddings.create(
model="text-embedding-3-small",
input="Artificial intelligence"

embedding = response.data[@].embedding

print(len(embedding))

The output is a high-dimensional vector.

EMBEDDING DIMENSIONS

Embedding size varies by model.

Examples:
Model Dimensions
Small embedding models 384-768
Medium models 1024-1536
Large models 3072+

Larger embeddings may capture more semantic detail.
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WHAT ARE VECTOR DATABASES?

Vector databases store and search embeddings efficiently.

Traditional databases search exact values.

Vector databases search semantic similarity.

WHY TRADITIONAL DATABASES ARE NOT ENOUGH

Relational databases are optimized for:

e  Exact matching
e  Structured queries
e Transactions

They are not optimized for:

"Find semantically similar content"

Vector databases solve this challenge.

CORE FEATURES OF VECTOR DATABASES

Vector databases provide:

e Vector storage

e  Similarity search

e Metadata filtering
e  Fast retrieval

e Scalability

These capabilities are critical for Al systems.

POPULAR VECTOR DATABASES

Database Type
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Pinecone Managed cloud
Weaviate Open-source
Milvus High-scale
Chroma Lightweight

FAISS Local vector search

VECTOR SEARCH WORKFLOW

Typical workflow:

Text e Vector e DB e Search e Results

10.17 BUILDING SEMANTIC SEARCH

Semantic search retrieves information based on meaning instead of exact
keywords.

TRADITIONAL SEARCH
Query:

"Car"

may fail to find:

"automobile"

SEMANTIC SEARCH

Embeddings understand semantic similarity.

This dramatically improves retrieval quality.
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EXAMPLE SEMANTIC SEARCH PIPELINE

h 4

Question - e Embed - e Search Answer

This powers modern Al search systems.

VECTOR INDEXING

Searching billions of vectors directly is computationally expensive.

Vector databases use indexing algorithms for efficiency.

COMMON INDEXING ALGORITHMS

Algorithm Purpose

HNSW Approximate nearest neighbors
IVF Cluster-based search

PQ Compression

Approximate search dramatically improves speed.

NEAREST NEIGHBOR SEARCH
Goal:

Find vectors closest to the query vector

This is called nearest neighbor search.

K-NEAREST NEIGHBORS (KNN)

Example:

Return top 5 most similar vectors
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APPROXIMATE NEAREST NEIGHBOR (ANN)

Exact search becomes too slow at scale.

ANN algorithms trade slight accuracy loss for massive speed improvements.

ANN powers:

e Al search engines
e Recommendation systems
e RAG systems

METADATA FILTERING

Vector databases often support metadata.

Example metadata:

{
"author": "Alice",
"year": 2025,
"category": "AI"

}

This enables hybrid filtering.

EXAMPLE QUERY

Find AI documents from 2025

combined with semantic similarity.

RETRIEVAL-AUGMENTED GENERATION (RAG)

RAG combines LLMs with external retrieval systems.

This is one of the most important Al architectures today.
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WHY RAG MATTERS

LLMs have limitations:

e Hallucinations
e  QOutdated knowledge
e  Context limitations

RAG improves factual grounding.

RAG WORKFLOW

Question ——»  Embed ——#  Search ——»  Context — LM

|

Answer

CHUNKING DOCUMENTS

Large documents are split into chunks before embedding.
Example chunk size:

500-1000 tokens

Chunking improves retrieval precision.

10.25 EMBEDDING CHUNK STRATEGIES
Common strategies:

e  Fixed-size chunks

e Sliding windows

e  Semantic chunking
e  Paragraph chunking

Good chunking significantly improves RAG quality.

HYBRID SEARCH
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Hybrid search combines:

e  Semantic search
e Keyword search

Benefits:

e  Better precision
e  Better recall
e  More robust retrieval

Many production systems use hybrid approaches.

RERANKING

Initial retrieval may return imperfect results.
Reranking models reorder retrieved documents by relevance.

Workflow:

Retrieve Top 20 ‘ -{ Cross-encoder reranker »  Top 3 most relevant

Reranking improves search quality significantly.

EMBEDDINGS BEYOND TEXT

Embeddings are not limited to text.
Applications include:

e Image embeddings
e Audio embeddings
e Video embeddings
e Code embeddings

Multimodal embeddings enable cross-modal search.
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IMAGE EMBEDDINGS

Image embeddings allow:

e Similar image search
e Reverse image search
e Visual recommendations

Al systems can compare image meaning mathematically.

CODE EMBEDDINGS

Code embeddings represent programming semantics.
Applications:

e Code search

e  Bug detection

e Al coding assistants
e  Repository analysis

MEMORY SYSTEMS FOR Al AGENTS

Embeddings enable long-term memory in Al agents.

Workflow:

Retrieve Relevant

Conversation ———#  Generate Embedding ~* tore in Vector DB " S ———

This creates persistent semantic memory.

EMBEDDING COMPRESSION

Large embedding collections consume substantial storage.
Optimization techniques include:

e (Quantization

Page 243|528



e Dimensionality reduction
e  Compression indexing

Efficient storage becomes critical at scale.

CHALLENGES WITH EMBEDDINGS

SEMANTIC DRIFT

Meaning changes over time.

RETRIEVAL ERRORS

Similarity may not always imply relevance.

LARGE STORAGE REQUIREMENTS

Millions of vectors require significant infrastructure.

LATENCY

Fast retrieval is essential for real-time Al systems.

SECURITY AND PRIVACY CONSIDERATIONS

Embeddings may encode sensitive information.
Security concerns include:

e Data leakage
e Unauthorized retrieval
e Sensitive document exposure

Production systems require:

e  Encryption
e Access control
e  Monitoring
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EXAMPLE USING CHROMADB

Install:

pip install chromadb

Example:

import chromadb
client = chromadb.Client()

collection = client.create_collection(
name="documents"

collection.add(
documents=[
"Artificial intelligence is transforming
industries."

1,
ids=["doc1"]

results = collection.query(
query texts=[
"How is AI changing business?"

1

n_results=1
)
print(results)

This demonstrates semantic retrieval.

FAISS EXAMPLE
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Install:

pip install faiss-cpu

Example:

import faiss
import numpy as np

dimension = 128
index = faiss.IndexFlatL2(dimension)
vectors = np.random.random(

(1000, dimension)
).astype('float32")
index.add(vectors)
query = np.random.random(

(1, dimension)

).astype('float32")

distances, indices = index.search(

query,

5
)
print(indices)

FAISS is widely used for local vector search.

EMBEDDINGS IN MODERN Al SYSTEMS

Embeddings power:
e  RAG pipelines
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e Recommendation engines
e Al memory

e Semantic search

e Al copilots

e  Enterprise Al assistants

They are foundational infrastructure for modern Al applications.

THE FUTURE OF VECTOR DATABASES

Future systems will likely feature:

e  Multimodal vector search

e Real-time memory systems

e Distributed semantic retrieval
e  Al-native databases

e Autonomous retrieval agents

Vector databases are becoming core infrastructure for Al-native software.

SUMMARY

In this chapter, you learned:

e What embeddings are
e  Semantic vector representations
e Cosine similarity

e Vector databases

e Semantic search

e ANN indexing

e RAG architectures

e  Chunking strategies

e  Hybrid search

e  Reranking

e Al memory systems

BUILDING Al APPLICATIONS
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RETRIEVAL-AUGMENTED GENERATION (RAG)

INTRODUCTION TO RETRIEVAL-AUGMENTED GENERATION

Retrieval-Augmented Generation (RAG) is an Al architecture that combines:

e Large Language Models (LLMs)
e  External knowledge retrieval

Instead of relying only on the model’s internal knowledge, RAG systems
retrieve relevant information dynamically before generating responses.

RAG became one of the most important architectures in modern Al
applications.

WHY RAG EXISTS

LLMs have important limitations:

e Hallucinations

e  Qutdated knowledge

e Limited context windows

e Lack of private company knowledge
e No persistent memory by default

RAG addresses these problems using external retrieval systems.

CORE IDEA BEHIND RAG

Instead of asking the model to answer from memory:

Question — LLM — Response

RAG adds retrieval:
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Standard LLM

" —al
Q LLM A
W
RAG
Search ——  Context
This significantly improves factual accuracy.
HIGH-LEVEL RAG ARCHITECTURE
Typical RAG architecture:
Online oFfline
Query Docs
: !
Search Chumnks
x L]
Prampt VECTOrs
' !
AN DB

This architecture powers many enterprise Al systems.

COMPONENTS OF A RAG SYSTEM

A RAG pipeline usually contains:
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Component Purpose

Document Loader Load data

Chunker Split documents
Embedding Model Generate vectors
Vector Database Store embeddings
Retriever Find relevant chunks
LLM Generate responses

Each component affects system quality.

DOCUMENT INGESTION

RAG systems begin by ingesting data.
Possible sources:

e PDFs

e Websites

e Databases

e Documentation
e Emails

o  Wikis

e Code repositories

DOCUMENT CHUNKING

Large documents are split into smaller chunks.

WHY CHUNKING MATTERS

LLMs cannot efficiently process huge documents directly.

Chunking improves:
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