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About the Book

This book provides a comprehensive exploration of Deep Learning, covering core architectures,
modern advancements, and real-world applications. From Convolutional Neural Networks to
Explainable Al, the content bridges theoretical understanding with practical case studies, making
it an ideal resource for students, educators, and Al practitioners.

Key Highlights:

- Fundamentals of Neural Networks and Deep Learning architectures

- Advanced models: CNN, RNN, LSTM, GAN, and Transformers

- Transfer Learning, Reinforcement Learning, and Explainable Al

- Integration with emerging technologies such as 10T, Quantum Computing, and Blockchain

- Hands-on Projects: Image Classification, Text Generation, Chatbots, and Predictive Analytics

About the Author
Dr. Himanshu Sharma is an academician and researcher at I1ILM University, Greater Noida,

specializing in Artificial Intelligence, Machine Learning, and Data Science. His teaching and
research focus on bridging Al theory with industrial and academic applications.
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Preface

Deep Learning, a subset of Machine Learning, has revolutionized modern computing by enabling
machines to learn complex patterns from large datasets. This book provides a comprehensive guide
to the principles, architectures, applications, and practical implementations of deep learning,
making it suitable for students, researchers, and professionals. Each chapter includes detailed
explanations, examples, figures, tables, case studies, and practical code implementations to aid
understanding.
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Chapter 1
Introduction to Deep Learning

Definition and Overview of Deep Learning

Deep Learning is a subset of Machine Learning (ML) that uses artificial neural networks
(ANNSs) with multiple layers to model and learn complex patterns from large volumes of data.
Unlike traditional ML methods that rely on manual feature extraction, Deep Learning
automatically extracts hierarchical features from raw data, enabling high performance in tasks
like image recognition, natural language processing, and speech recognition.

Key characteristics of Deep Learning:

Learns from massive datasets.

Uses multiple layers (deep architectures) to extract features at various abstraction levels.
Capable of end-to-end learning, reducing the need for manual feature engineering.
Excels in unstructured data like images, text, and audio.

History and Evolution of Al, ML, and Deep Learning

The development of Al and its subfields has gone through several stages:

1. Artificial Intelligence (Al) (1950s — Present)

o Concept introduced by Alan Turing (1950) with the Turing Test.
o Early Al focused on symbolic reasoning and rule-based systems.
o Goal: Machines that can simulate human intelligence.

2. Machine Learning (ML) (1980s — Present)

o ML focuses on learning patterns from data rather than being explicitly
programmed.

o Techniques: supervised, unsupervised, and reinforcement learning.

o Used in predictive analytics, recommendation systems, and fraud detection.

3. Deep Learning (2000s — Present)

o Emerged due to the availability of big data and powerful GPUs.
o Uses deep neural networks with multiple layers for feature learning.
o Achieved breakthroughs in computer vision, speech recognition, and NLP.
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Differences between Al, ML, and Deep Learning:
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Example
Applications

Importance in Modern Computing
Deep Learning has become essential due to its ability to:
« Automate complex tasks that were previously done manually.

e Process unstructured data such as images, videos, and text.
« Improve decision-making in healthcare, finance, and autonomous systems.
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« Enable cutting-edge Al applications like self-driving cars, virtual assistants, and real-
time language translation.

References:
1. . Goodfellow, Y. Bengio, and A. Courville, Deep Learning, MIT Press, 2016.

2. S. Russell and P. Norvig, Artificial Intelligence: A Modern Approach, 4th Edition,
Pearson, 2021.
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Chapter 2
Mathematical Foundations

Deep Learning relies heavily on mathematical concepts to build and train neural networks
effectively. This chapter covers the key mathematical foundations necessary to understand and
implement deep learning models.

2.1 Linear Algebra

Linear algebra is essential for representing and manipulating data in the form of vectors,
matrices, and tensors, which are the primary data structures in deep learning.

Key concepts:
e Vectors: Represent data points, features, or weights.
o Matrices: Store datasets, weight matrices, and transformation operations.

e Tensors: Multi-dimensional arrays for handling high-dimensional data.
o Matrix operations: Addition, multiplication, transpose, inverse, and dot product.

2.2 Probability & Statistics

Understanding probability and statistics is crucial for interpreting predictions and optimizing
models.

Key concepts:
o Distributions: Gaussian, Bernoulli, and uniform distributions.
« Bayes Theorem: Calculates conditional probabilities.

o Expectation and Variance: Measure central tendency and spread.
« Random variables: Represent uncertainty in predictions.

2.3 Calculus
Calculus is used for optimizing neural networks via gradient-based methods.
Key concepts:

« Derivatives: Measure rate of change; used in backpropagation.

« Partial derivatives: Handle functions with multiple variables.

o Gradient: Vector of partial derivatives; points in the direction of steepest ascent.
e Chain rule: Used in backpropagation for computing derivatives layer by layer.
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2.4 Optimization Techniques
Optimization algorithms minimize the loss function to improve model performance.
Key techniques:

o Gradient Descent: Iteratively updates weights using the gradient.

e Stochastic Gradient Descent (SGD): Uses random batches for faster updates.

« Momentum: Accelerates gradient descent by considering past gradients.
e Adam Optimizer: Adaptive method combining momentum and RMSProp.

Figure 2.1: Gradient Descent Visualization

2.5 Example Code: Gradient Descent Implementation in Python

import numpy as np

# Loss function: y = x"2
def loss(x):
return x**2

# Gradient of the loss function
def gradient(x):
return 2*x

# Gradient Descent parameters
x =10 # Initial value
learning_rate = 0.1

epochs = 20

for i in range(epochs):
grad = gradient(x)
X =X - learning_rate * grad
print(fEpoch {i+1}: x={x}, loss={loss(x)}")

References:

10
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1. . Goodfellow, Y. Bengio, and A. Courville, Deep Learning, MIT Press, 2016.
2. S. Russell and P. Norvig, Artificial Intelligence: A Modern Approach, 4th Edition,

Pearson, 2021.
3. Wikimedia Commons, "Gradient Descent Visualization,” 2023. [Online]. Available:

https://commons.wikimedia.org
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Chapter 3

Neural Networks Basics

Neural networks are the core building blocks of deep learning. They consist of interconnected
nodes (neurons) that mimic the human brain’s learning process.

3.1 Perceptrons and Multilayer Perceptrons (MLPs)
e Perceptron: Simplest neural network unit; performs a linear combination of inputs

followed by an activation function.

e Multilayer Perceptrons (MLPs): Consist of input, hidden, and output layers; capable of
learning non-linear functions.

Figure 3.1: Simple Perceptron vs MLP Perceptron vs MLP Source: Wikimedia Commons [1]

3.2 Activation Functions

Activation functions introduce non-linearity to the network, enabling it to learn complex

patterns.
Function Formula Advantages Limitations
Sigmoid ((x) = 1(1+e"{x}) Smooth, probabilistic Vanishing gradient
output
RelLU (f(x) = max(0,x)) Fast, sparsity Dying neurons
Tanh gtea”'}(?}):) @ Zero-centered Vanishing gradient

3.3 Forward and Backpropagation

e Forward Pass: Computes output by passing inputs through each layer.
e Backpropagation: Updates weights using the gradient of the loss function with respect

to each weight.

e Loss Functions: Measure prediction error; common types include Mean Squared Error
(MSE) and Cross-Entropy.

3.4 Example Code: Simple Neural Network in Python (NumPy)

import numpy as np

def sigmoid(x):

return 1/ (1 + np.exp(-x))

inputs = np.array([0.5, 0.3, 0.2])
weights = np.array([0.4, 0.7, 0.2])

bias=10.1

12
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output = sigmoid(np.dot(inputs, weights) + bias)
print('Output:', output)

3.5 Example Code: Training a Small MLP with Keras

from tensorflow.keras.models import Sequential
from tensorflow.keras.layers import Dense

# Build MLP model

model = Sequential([
Dense(8, activation="relu’, input_shape=(3,)),
Dense(1, activation='sigmoid’)

D

model.compile(optimizer='adam’, loss='binary_crossentropy', metrics=['accuracy'])
model.summary()

References:

1. Wikimedia Commons, “Artificial Neural Network Diagram,” 2023. [Online]. Available:

https://commons.wikimedia.org
2. 1. Goodfellow, Y. Bengio, and A. Courville, Deep Learning, MIT Press, 2016.
3. F. Chollet, Deep Learning with Python, 2nd Edition, Manning Publications, 2021.
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Chapter 4
Deep Learning Architectures

Deep learning architectures are designed to handle various types of data and tasks. This chapter
introduces the most widely used architectures: CNNs, RNNs, LSTMs, and GANS.

4.1 Convolutional Neural Networks (CNNSs)

e CNNs are primarily used for image and video processing.

o Key components: Convolutional layers, pooling layers, and fully connected layers.
« Convolution: Extracts features using filters.

e Pooling: Reduces dimensionality while retaining important information.

Figure 4.1: CNN Architecture Example

Feature maps

Convolutions Subsampling Convolutions Subsampling Fully connected
Source: Wikimedia Commons [1]

Example Code 4.1: Simple CNN in Keras

from tensorflow.keras.models import Sequential
from tensorflow.keras.layers import Conv2D, MaxPooling2D, Flatten, Dense

model = Sequential ([
Conv2D(32, (3,3), activation="relu’, input_shape=(28,28,1)),
MaxPooling2D((2,2)),
Flatten(),
Dense(64, activation="relu’),
Dense(10, activation="softmax")

D

model.summary()

14
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4.2 Recurrent Neural Networks (RNNS)

e RNNs are designed for sequential data such as time series and text.
o They maintain a hidden state that captures information from previous steps.

Figure 4.2: RNN Architecture

Source: Wikimedia Commons [1]
4.3 Long Short-Term Memory Networks (LSTMs)

e LSTMs address the vanishing gradient problem in RNNSs.
« Components: Cell state, input gate, forget gate, output gate.

o Effective for tasks like language modeling, translation, and text generation.

Figure 4.3: LSTM Cell Architecture

Source: Wikimedia Commons [1]

Example Code 4.2: LSTM in Keras

from tensorflow.keras.models import Sequential
from tensorflow.keras.layers import LSTM, Dense, Embedding

model = Sequential([
Embedding(input_dim=5000, output_dim=64),
LSTM(128),
Dense(1, activation="sigmoid")

D

model.compile(optimizer="adam’, loss="binary_crossentropy', metrics=['accuracy'])
model.summary()

4.4 Generative Adversarial Networks (GANS)

e GANs consist of two neural networks: Generator and Discriminator.
e The generator creates fake data; the discriminator evaluates its authenticity.
« Applications: image synthesis, style transfer, data augmentation.

Example Code 4.3: Basic GAN Structure in Python

from tensorflow.keras.models import Sequential
from tensorflow.keras.layers import Dense, LeakyRelL.U

# Generator

generator = Sequential([
Dense(128, input_dim=100),
LeakyReLU(0.2),

15
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Dense(784, activation="tanh")

D

# Discriminator

discriminator = Sequential([
Dense(128, input_dim=784),
LeakyReLU(0.2),
Dense(1, activation="sigmoid’)

D

References:

1. Wikimedia Commons, "CNN, RNN, LSTM Architecture Images,” 2023. [Online].
Available: https://commons.wikimedia.org

2. 1. Goodfellow, Y. Bengio, and A. Courville, Deep Learning, MIT Press, 2016.

3. F. Chollet, Deep Learning with Python, 2nd Edition, Manning Publications, 2021
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Chapter 5

Deep Learning Tools & Frameworks

Deep learning frameworks provide the tools necessary to design, train, and deploy neural
networks efficiently. This chapter covers popular frameworks and practical usage examples.

5.1 TensorFlow

o Developed by Google Brain, TensorFlow is a widely-used open-source library for deep
learning.

e Supports building models using high-level APIs like Keras and low-level operations.

o Compatible with CPUs, GPUs, and TPUs.

Example Code 5.1: Simple TensorFlow Neural Network

import tensorflow as tf
from tensorflow.keras.models import Sequential
from tensorflow.keras.layers import Dense

# Build a simple MLP model

model = Sequential([
Dense(8, activation="relu', input_shape=(3,)),
Dense(1, activation="sigmoid")

D

model.compile(optimizer="adam’, loss="binary_crossentropy', metrics=['accuracy'])
model.summary()

5.2 PyTorch

o Developed by Facebook, PyTorch is known for dynamic computation graphs and ease
of debugging.
« Popular in research and production due to flexibility and strong community support.

Example Code 5.2: Simple PyTorch Neural Network

import torch
import torch.nn as nn
import torch.optim as optim

# Define a simple MLP
class SimpleNN(nn.Module):
def __init__(self):
super(SimpleNN, self).__init__ ()
self.fc1 = nn.Linear(3, 8)
self.fc2 = nn.Linear(8, 1)

def forward(self, x):

17
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x = torch.relu(self.fc1(x))
X = torch.sigmoid(self.fc2(x))
return x

model = SimpleNN()

optimizer = optim.Adam(model.parameters(), 1r=0.01)
criterion = nn.BCELoss()

print(model)

5.3 Keras

o Keras is a high-level API built on top of TensorFlow for rapid prototyping.
o Provides simple interfaces for defining, compiling, and training models.

Example Code 5.3: Using Keras for Image Classification

from tensorflow.keras.datasets import mnist
from tensorflow.keras.models import Sequential
from tensorflow.keras.layers import Flatten, Dense

# Load dataset
(x_train, y_train), (x_test, y_test) = mnist.load_data()

# Build model

model = Sequential ([
Flatten(input_shape=(28,28)),
Dense(128, activation='"relu’),
Dense(10, activation="softmax")

D

model.compile(optimizer="adam’, loss="sparse_categorical_crossentropy', metrics=['accuracy'])
model.fit(x_train, y_train, epochs=5, batch_size=32, validation_data=(x_test, y_tes

18
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Chapter 6
Applications of Deep Learning

Deep Learning has become a cornerstone technology across multiple domains due to its ability to
process large, complex datasets and automatically extract features. Below are the key
applications:

6.1 Computer Vision

Deep learning techniques, particularly Convolutional Neural Networks (CNNS), are widely used
for image-related tasks:

o Image Classification: Assigning labels to images (e.g., cat vs. dog).

o Object Detection: Locating and identifying objects within images (e.g., autonomous car
detecting pedestrians).

« Image Segmentation: Dividing an image into regions for detailed analysis.

Example: Classifying images using CNN on the CIFAR-10 dataset.

from tensorflow.keras.datasets import cifarl0
from tensorflow.keras.models import Sequential
from tensorflow.keras.layers import Conv2D, MaxPooling2D, Flatten, Dense

(x_train, y_train), (x_test, y_test) = cifar10.load_data()

model = Sequential([
Conv2D(32, (3,3), activation="relu’, input_shape=(32,32,3)),
MaxPooling2D((2,2)),
Flatten(),
Dense(64, activation="relu"),
Dense(10, activation="softmax")

D

model.compile(optimizer="adam’, loss="sparse_categorical_crossentropy', metrics=['accuracy'])
model.fit(x_train, y_train, epochs=5, validation_data=(x_test, y_test))

6.2 Natural Language Processing (NLP)
Deep Learning enables understanding and processing human language:

o Text Classification: Categorizing text into topics or sentiments.
e Sentiment Analysis: Detecting opinions or emotions in text.

19
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e Machine Translation: Translating text between languages (e.g., Google Translate).

Example: Simple LSTM-based sentiment analysis.

from tensorflow.keras.models import Sequential
from tensorflow.keras.layers import Embedding, LSTM, Dense

model = Sequential ([
Embedding(input_dim=5000, output_dim=64),
LSTM(128),
Dense(1, activation="sigmoid")

D

model.compile(optimizer="adam’, loss="binary_crossentropy', metrics=['accuracy'])

6.3 Speech Recognition
Deep Learning models convert spoken language into text:
o Applications include virtual assistants (Siri, Alexa), transcription services, and voice-

controlled devices.
e Techniques: RNNs, LSTMs, and Transformer-based architectures.

6.4 Healthcare
Deep Learning assists in diagnosis, prediction, and analysis:
o Disease Prediction: Predicting conditions like diabetes or cancer from patient data.

e Medical Imaging: Detecting tumors, anomalies, or fractures from X-rays, MRI, or CT
scans.

6.5 Finance
Deep Learning helps analyze complex financial data:

o Fraud Detection: Identifying fraudulent transactions in real-time.
e Stock Prediction: Forecasting stock market trends using time-series data.

6.6 Autonomous Systems

Deep Learning powers autonomous technologies:

20
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Self-Driving Cars: Detecting lanes, traffic signals, pedestrians, and obstacles.
Drones and Robotics: Navigation, object recognition, and control tasks.

Figure 6.1: Deep Learning Applications Across Domains

References:

1. Wikimedia Commons, "Deep Learning Applications Diagram,” 2023. [Online].
Available: https://commons.wikimedia.org
2.

I. Goodfellow, Y. Bengio, and A. Courville, Deep Learning, MIT Press, 2016.

3. F. Chollet, Deep Learning with Python, 2nd Edition, Manning Publications, 2021.
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Chapter 7
Advanced Topics

Deep Learning has matured into a versatile technology, and several advanced techniques extend
its capabilities beyond traditional neural networks. This chapter explores Transfer Learning,
Reinforcement Learning, and Explainable Al (XAl).

7.1 Transfer Learning

Transfer Learning leverages a pre-trained model on a large dataset and applies it to a new but
related task, reducing training time and improving performance when data is limited.

Example Scenarios:

o Using ImageNet-trained CNNSs (like ResNet, VGG) for medical image classification.
o Fine-tuning a pre-trained BERT model for sentiment analysis or question answering in
NLP.

Example Code: Transfer Learning with Keras

from tensorflow.keras.applications import VGG16

from tensorflow.keras.models import Sequential

from tensorflow.keras.layers import Dense, Flatten

from tensorflow.keras.preprocessing.image import ImageDataGenerator

# Load pre-trained VGG16 model without top layers
base_model = VGG16(weights="imagenet’, include_top=False, input_shape=(224,224,3))

# Freeze base model layers
for layer in base_model.layers:
layer.trainable = False

# Build new classifier on top
model = Sequential ([
base_model,
Flatten(),
Dense(256, activation="relu’),
Dense(10, activation="softmax")

D

model.compile(optimizer="adam’, loss="categorical_crossentropy', metrics=['accuracy'])

22
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7.2 Reinforcement Learning with Deep Networks

Reinforcement Learning (RL) involves learning optimal actions through trial-and-error
interactions with an environment. When combined with deep neural networks, it is called Deep
Reinforcement Learning (DRL).

Key Components:

e Agent: Learner/decision maker.

e Environment: World in which the agent operates.
o Reward: Feedback signal to guide learning.

e Policy: Strategy to decide actions.

Example Applications:

o Self-driving cars navigating streets.
o Game playing (AlphaGo, Dota 2 Al).
e Robotic control and automation.

Example Concept Code: (Q-learning with neural network approximation)

import numpy as np

import tensorflow as tf

from tensorflow.keras.models import Sequential
from tensorflow.keras.layers import Dense

# Define Q-network

model = Sequential ([
Dense(24, input_dim=4, activation="relu’),
Dense(24, activation="relu’),
Dense(2, activation="linear") # two possible actions

D

model.compile(optimizer="adam’, loss="mse")

7.3 Explainable Al (XAl) and Ethics in Deep Learning

As deep learning models grow in complexity, interpretability and ethical considerations
become crucial.

Explainable Al (XAl):
e Methods to understand and interpret model decisions.
« Examples: LIME, SHAP, attention visualization.

o Enables trust, accountability, and debugging of Al systems.

Ethical Considerations:

23
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e Bias & Fairness: Models must avoid discrimination based on race, gender, or socio-
economic status.

e Privacy: Sensitive data (e.g., medical records) must be protected.

e Transparency: Decisions must be understandable to users and regulators.

Figure 7.1: XAl Conceptual Diagram

Source: Wikimedia Commons [1]

References:

1. Wikimedia Commons, "Explainable Al Diagram,” 2023. [Online]. Available:
https://commons.wikimedia.org

I. Goodfellow, Y. Bengio, and A. Courville, Deep Learning, MIT Press, 2016.

F. Chollet, Deep Learning with Python, 2nd Edition, Manning Publications, 2021.
R. Sutton and A. Barto, Reinforcement Learning: An Introduction, 2nd Edition, MIT
Press, 2018.
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Chapter 8
Challenges and Future Directions

Despite the tremendous success of Deep Learning, several challenges remain that affect its

adoption and performance. This chapter discusses current challenges and emerging directions for

future research.

8.1 Computational Requirements

Deep Learning models, especially deep neural networks, require significant computational
resources:

e GPUs and TPUs: High parallelism enables faster training of large models.

e Memory constraints: Large models require substantial RAM/VRAM.

e Energy consumption: Training deep networks can be costly and environmentally
impactful.

Emerging solutions: Model compression, quantization, and distributed training frameworks.

8.2 Data Limitations

Deep Learning models rely on large, high-quality datasets. Challenges include:
o Data scarcity: Small datasets reduce model performance.
o Imbalanced datasets: Unequal class representation affects predictions.

o Data noise and quality issues: Poor-quality data leads to inaccurate models.

Mitigation techniques: Data augmentation, synthetic data generation, and transfer learning.

8.3 Interpretability, Bias, and Robustness

e Interpretability: Deep models are often considered “black boxes,” making decision
explanations difficult.

« Bias: Models may reflect biases in training data, leading to unfair outcomes.

e Robustness: Vulnerability to adversarial attacks can cause incorrect predictions.

Approaches to improvement: Explainable Al (XAl), fairness-aware algorithms, and robust
training methods.
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8.4 Emerging Technology Integration
Integration of Deep Learning with other emerging technologies is shaping future applications:

e Internet of Things (I0T): Real-time data from sensors enables predictive maintenance
and smart systems.

e Quantum Computing: Potential to accelerate training of complex neural networks.

o Blockchain: Enhances security, transparency, and decentralized data sharing in Al
applications.

Example Scenario: 10T devices collect medical data, which is analyzed using Deep Learning
models deployed on a blockchain-enabled secure platform.

References:

I. Goodfellow, Y. Bengio, and A. Courville, Deep Learning, MIT Press, 2016.

F. Chollet, Deep Learning with Python, 2nd Edition, Manning Publications, 2021.
R. Sutton and A. Barto, Reinforcement Learning: An Introduction, 2nd Edition, MIT
Press, 2018.

S. Russell and P. Norvig, Artificial Intelligence: A Modern Approach, 4th Edition,
Pearson, 2021.
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Chapter 9
Practical Projects & Case Studies

Hands-on projects are essential to consolidate understanding of Deep Learning concepts. This
chapter provides practical examples across different domains.

9.1 Image Classification using CNN

Objective: Classify images into predefined categories using Convolutional Neural Networks
(CNN).

Example: CIFAR-10 Image Classification

from tensorflow.keras.datasets import cifarl0
from tensorflow.keras.models import Sequential
from tensorflow.keras.layers import Conv2D, MaxPooling2D, Flatten, Dense

# Load dataset
(x_train, y_train), (x_test, y_test) = cifar10.load_data()

# Build CNN model
model = Sequential([
Conv2D(32, (3,3), activation="relu’, input_shape=(32,32,3)),
MaxPooling2D((2,2)),
Flatten(),
Dense(64, activation="relu"),
Dense(10, activation="softmax")

D

model.compile(optimizer="adam’, loss="sparse_categorical_crossentropy', metrics=['accuracy'])
model.fit(x_train, y_train, epochs=5, validation_data=(x_test, y_test))

9.2 Text Generation using LSTM

Objective: Generate new text sequences by learning patterns from existing text using LSTM
networks.

Example: Character-level Text Generation

from tensorflow.keras.models import Sequential
from tensorflow.keras.layers import LSTM, Dense, Embedding

model = Sequential ([
Embedding(input_dim=5000, output_dim=64),
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LSTM(128),
Dense(5000, activation="softmax’)

D

model.compile(optimizer="adam’, loss="sparse_categorical_crossentropy")

9.3 Chatbot Implementation

Objective: Build an interactive chatbot capable of responding to user queries using Deep
Learning models.

Example: Simple intent-based chatbot using LSTM

from tensorflow.keras.models import Sequential
from tensorflow.keras.layers import LSTM, Dense, Embedding

model = Sequential ([
Embedding(input_dim=10000, output_dim=128),
LSTM(256),
Dense(10, activation="softmax’) # number of intents

D

model.compile(optimizer="adam’, loss='categorical_crossentropy', metrics=['accuracy'])

9.4 Predictive Analytics using Deep Learning Models

Objective: Predict outcomes or trends from structured data using deep learning regression
models.

Example: Predicting house prices

import numpy as np
from tensorflow.keras.models import Sequential
from tensorflow.keras.layers import Dense

# Sample dataset
X =np.random.rand(100, 5) # 5 features
y = np.random.rand(100, 1)

# Build regression model

model = Sequential ([
Dense(64, activation="relu’, input_shape=(5,)),
Dense(32, activation="relu’),
Dense(1) # output for regression

D

model.compile(optimizer="adam’, loss="mse")
model.fit(X, y, epochs=50, batch_size=10)
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References:

F. Chollet, Deep Learning with Python, 2nd Edition, Manning Publications, 2021.
I. Goodfellow, Y. Bengio, and A. Courville, Deep Learning, MIT Press, 2016.
TensorFlow Documentation, https://www.tensorflow.org/docs

PyTorch Documentation, https://pytorch.org/docs/stable/index.html

el N =

29



This book provides a comprehensive exploration of Deep
Learning, covering core architectures, modern advancements,
and real-world applications. From Convolutional Neural Networks
to Explainable Al, the content bridges theoretical understanding
with practical case studies, making it an ideal resource for
students, educators, and Al practitioners.

Key Highlights: )

« Fundamentals of Neural Networks and Deep Learning
architectures

Advanced models: CNN, RNN, LSTM, GAN, and
Transformers ) _

Transfer Learning, Reinforcement Learning, and
Explainable Al _ _

Integration with emerging technologies such as loT,
Quantum Computing, and Blockchain

Hands-on Projects: Image Classification, Text
Generation, Chatbots, and Predictive Analytics

About the Author:

Dr. Himanshu Sharma is an academician and researcher
at IILM University, Greater Noida, specializing in Artificial
Intelligence, Machine Learning, and Data Science. His
teaching and research focus on bridging Al theory with
industrial and academic applications.



