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Unit I: Introduction

History of Deep Learning:
The earliest roots of deep learning can be traced back to the 1940s with the
development of the McCulloch-Pitts neuron. This was a simplified model of a
brain cell that could only be turned on or off.  
In the 1950s and 1960s, researchers developed the perceptron, which was a
single-layer neural network that could learn to classify simple patterns. The
perceptron was limited in its capacity to learn complex patterns, and it fell out
of favor in the 1970s.  
In the 1980s, researchers developed the backpropagation algorithm, which
allowed for the training of multilayer neural networks. This led to a resurgence
of interest in neural networks, but they still faced challenges in scaling to
complex problems.  
In the 2000s, deep learning began to achieve state-of-the-art results on a
variety of tasks, such as image recognition and speech recognition. This was
due in part to the availability of large datasets and powerful computing
hardware.  
In the 2010s, deep learning has continued to achieve impressive results, and it
is now being used in a wide variety of applications, such as self-driving cars and
medical diagnosis.  
In the future, deep learning is expected to continue to play an important role in
the development of artificial intelligence.  

McCulloch-Pitts Neuron: This was the first artificial neural network model. It is a simple
mathematical model of a biological neuron.
Multilayer Perceptrons (MLPs): MLPs are artificial neural networks with multiple layers.
They can be used to approximate any continuous function.



Deep Learning Exam Short Notes

EasyExamNotes.com Deep Learning Exam Short Notes

Representation Power of MLPs
Sigmoid Neurons: These are a type of artificial neuron that uses a sigmoid
function as its activation function. Sigmoid functions are used to introduce
nonlinearity into artificial neural networks.

Feed Forward Neural Networks: These are the simplest type of artificial neural
network. They are called feedforward because information flows in one direction, from
the input layer to the output layer.

Backpropagation: This algorithm is used to train MLPs. It is a key enabler of
deep learning.
Weight Initialization Methods: The choice of weight initialization method can
have a significant impact on the performance of a deep learning model.
Batch Normalization: This is a technique for improving the performance of deep
learning models by normalizing the activations of the hidden units.

Representation Learning: This is a type of machine learning that learns a
representation of the data that is more useful for the task at hand.
GPU Implementation: Deep learning models can be implemented on GPUs to
accelerate the training process.
Decomposition: This is a technique for breaking down a matrix into a product of
simpler matrices.

PCA: This is a dimensionality reduction technique that finds a low-dimensional
representation of the data that captures most of the variance.
SVD: This is a matrix factorization technique that decomposes a matrix into a
product of three matrices.
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Unit II: Deep Feedforward Neural Networks

Gradient Descent (GD): Gradient descent (GD) is an iterative optimization algorithm
used to find the minimum of a function. The algorithm starts with an initial guess for
the minimum and then repeatedly updates the guess by moving in the direction of the
negative gradient. The algorithm terminates when the gradient is zero or when a
stopping criterion is met.

Batch GD: This is the most basic form of gradient descent. It computes the
gradient of the cost function using the entire training set.
Stochastic GD: This variant of gradient descent computes the gradient of the
cost function using a single training example.
Mini-batch GD: This variant of gradient descent computes the gradient of the
cost function using a small batch of training examples.
Momentum-based GD: This variant of gradient descent adds a momentum term
to the update rule. This helps to accelerate the convergence of the algorithm.
Nesterov accelerated GD: This variant of gradient descent is a modification of
the momentum-based GD algorithm. It uses a nesterov momentum term to
further accelerate the convergence of the algorithm.
Adagrad: This variant of gradient descent adapts the learning rate for each
parameter. This can help to improve the performance of the algorithm on
problems with sparse gradients.
RMSProp: This variant of gradient descent is similar to Adagrad, but it uses a
different update rule for the learning rate.
Adam: This variant of gradient descent combines the ideas of momentum-based
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GD and RMSProp. It is a popular choice for many deep learning problems.
Autoencoders (AEs): An autoencoder (AE) is a neural network that is trained to copy its
input to its output. The network consists of two parts: an encoder and a decoder. The
encoder maps the input to a hidden representation, and the decoder maps the hidden
representation back to the original input.

Regularization in AEs
Denoising AEs: These autoencoders are trained to reconstruct a clean
input from a noisy input.
Sparse AEs: These autoencoders are trained to have a sparse hidden
representation.
Contractive AEs: These autoencoders are trained to have a hidden
representation that is robust to small changes in the input.

Variational AEs: These autoencoders are trained to have a hidden
representation that is similar to a prior distribution.
AEs Relationship with PCA and SVD: Autoencoders can be viewed as a
generalization of principal component analysis (PCA) and singular value
decomposition (SVD). PCA and SVD are linear dimensionality reduction
techniques, while autoencoders can be used for both linear and nonlinear
dimensionality reduction.

Dataset Augmentation: Dataset augmentation is a technique for artificially increasing
the size of a training dataset by creating modified versions of existing training
examples. This can help to improve the performance of the model by reducing
overfitting.
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Unit III: Convolutional Neural Networks (CNNs)

Introduction to CNNs and Architectures
Introduction to CNNs:

Convolutional Neural Networks (CNNs) are specialized neural networks designed
for data with a known grid-like topology, such as images and time-series data.
They are particularly adept at exploiting the spatial or temporal relationships
between data points in a grid to learn meaningful features. CNNs have achieved
remarkable success in practical applications, especially in computer vision.  

CNN Terminologies
Convolution: A specialized linear operation that extracts features from local
regions (patches) of the input data by performing dot products with a smaller
grid of learnable parameters called a kernel or filter.  
ReLU Activation Function: A piecewise linear function that introduces
nonlinearity into the network while mitigating the vanishing gradient problem. It
is often used after the convolution operation.  
Stride: The sampling interval at which the kernel moves across the input data. A
larger stride results in downsampling the output and increasing the receptive
field of the features.  
Padding: Adding extra values (usually zeros) around the borders of the input
data to control the output size and ensure that all input data points are equally
represented in the model.  
Pooling: An operation that replaces the output of the network at a certain
location with a summary statistic of the nearby outputs, such as the maximum
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(max pooling) or average value.
Convolution Operations and Kernels

Convolution Operation: The core operation in a CNN, involving many
applications of convolution in parallel to extract multiple features at various
spatial or temporal locations.  
Convolutional Kernels: 3-D or 4-D tensors of learnable parameters that are
convolved with the input data to extract features. The depth of the kernel
matches the depth of the input layer, while its spatial dimensions are typically
much smaller.  

Types of Layers:
Convolutional Layer: Performs multiple convolutions in parallel to produce a set
of linear activations.  
Pooling Layer: Modifies the output of the convolutional layer by replacing it with
summary statistics of nearby outputs, introducing invariance to small
translations.  
Fully Connected Layer: In some CNN architectures, fully connected layers are
used after the convolutional and pooling layers to perform the final classification
or regression task.  

Visualizing CNNs:
Techniques for visualizing and interpreting the learned features and filters in a
CNN, such as visualizing intermediate activations, filter response patterns, and
class activation heatmaps.

CNN Examples
LeNet: One of the earliest CNNs, containing two convolutional layers, two
pooling layers, and three fully connected layers.  
AlexNet: A deeper CNN architecture that introduced several key innovations,
such as the use of ReLU activation and dropout for regularization.  
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ZF-Net: A variant of AlexNet with improved accuracy by changing
hyperparameter choices and filter sizes.  
VGGNet: Emphasized increased depth with smaller filter sizes and introduced
the concept of using 1×1 convolutions.  
GoogLeNet: Introduced the Inception module, a subgraph of layers with parallel
convolutional branches, and used average pooling to reduce the parameter
footprint.  
ResNet: Addressed the vanishing gradient problem and representational
bottlenecks in deep networks by using skip connections, enabling the training of
much deeper networks.  
RCNN: A CNN architecture for object detection in images, combining region
proposals with convolutional neural networks.

Deep Dream: An image modification technique that leverages the representations
learned by CNNs to generate dream-like psychedelic images.  
Deep Art: A technique that uses neural networks to transfer the style of one image to
another, creating artistic renditions of photographs.  
Regularization: echniques for preventing overfitting in CNNs, such as:

Dropout: Randomly dropping out (setting to zero) a number of output features
of a layer during training.  
Drop Connect: A variant of dropout where individual connections (weights) are
randomly dropped instead of units.  
Unit Pruning: Removing entire units from the network based on their weights or
activations.
Stochastic Pooling: A randomized pooling method for building ensembles of
convolutional networks.
Artificial Data: Using data augmentation techniques to generate additional
training data by randomly transforming existing samples.  
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Injecting Noise: Adding noise to the input data, hidden units, or weights to
improve robustness and prevent overfitting.  
Early Stopping: Terminating the training process early when the validation error
starts increasing.  
Limit Number of Parameters: Using smaller networks or architectural constraints
to reduce the model’s capacity.
Weight Decay: Adding a penalty to the loss function to encourage smaller
weights and prevent overfitting.

Unit IV: Recurrent Neural Networks (RNNs)

Introduction to RNNs and Architectures
Introduction to RNNs

Recurrent Neural Networks (RNNs) are a powerful type of neural network
designed for processing sequential data. Unlike feedforward networks, RNNs
have connections that allow information to persist, making them capable of
handling sequences of arbitrary length. RNNs have achieved remarkable
success in various applications, including natural language processing, speech
recognition, and time series analysis.

Backpropagation Through Time (BPTT): A modified version of the backpropagation
algorithm used to train RNNs. It takes into account the temporal dependencies
between the elements of the sequence.  

Vanishing and Exploding Gradients: A challenge in training deep neural
networks, including RNNs, where gradients can become extremely small or
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large during backpropagation, hindering the learning process.  
Truncated BPTT: A technique used to address the computational cost of BPTT by
considering only a fixed-size window of previous time steps during
backpropagation.

Gated Recurrent Units (GRUs): A simplified variant of the LSTM that combines the
forget and input gates into a single update gate, reducing the computational cost while
maintaining comparable performance.  
Long Short-Term Memory (LSTMs): A type of RNN architecture specifically designed to
address the vanishing gradient problem. LSTMs have a more complex structure than
simple RNNs, with a memory cell and gating mechanisms that control the flow of
information.
Solving the Vanishing Gradient Problem with LSTMs: LSTMs address the vanishing
gradient problem by introducing a memory cell that can store information for long
periods and gating mechanisms that regulate the flow of information into and out of
the memory cell. This allows LSTMs to learn long-term dependencies more effectively
than simple RNNs.
Encoding and Decoding in RNNs:

Encoding: The process of converting an input sequence into a fixed-size vector
representation that captures the essential information of the sequence.  
Decoding: The process of generating an output sequence from a fixed-size
vector representation, typically conditioned on some context or input.

Attention Mechanism: Attention mechanisms allow RNNs to focus on specific parts of
the input sequence that are most relevant to the current output. This improves the
performance of RNNs, especially on long sequences.

Attention over Images: Attention mechanisms can be used to focus on specific
regions of an image, improving the performance of image captioning and other
computer vision tasks.  
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Hierarchical Attention: Attention mechanisms can be applied hierarchically,
allowing the model to focus on different levels of detail in the input sequence.

Directed Graphical Models: RNNs can be represented as directed graphical models,
where nodes represent the hidden states at different time steps, and edges represent
the temporal dependencies between them.  
Applications of Deep RNNs

Image Processing: RNNs can be used for image captioning, image generation,
and other image processing tasks.  
Natural Language Processing: RNNs are widely used for various natural
language processing tasks, including machine translation, sentiment analysis,
and text summarization.  
Speech Recognition: RNNs are used to process the sequential nature of speech
signals, improving the accuracy of speech recognition systems.  
Video Analytics: RNNs can be used to analyze video sequences for tasks such as
action recognition, object tracking, and video summarization.  

Unit V: Deep Generative Models

Restricted Boltzmann Machines (RBMs): A restricted Boltzmann machine (RBM) is a
type of neural network that can be used to learn a probability distribution over a set of
inputs. RBMs are generative models, which means that they can be used to generate
new samples from the learned probability distribution. RBMs are also unsupervised
learning models, which means that they can be trained without the need for labeled
data.
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Gibbs Sampling for Training RBMs: Gibbs sampling is a type of Markov chain
Monte Carlo (MCMC) algorithm that can be used to train RBMs. Gibbs sampling
is an iterative algorithm that starts with an initial guess for the model
parameters and then repeatedly updates the guess by sampling from the
conditional distribution of each variable given the current values of the other
variables. The algorithm terminates when the model parameters have
converged to a stationary distribution.

Deep Belief Networks: A deep belief network (DBN) is a type of deep neural network
that is composed of multiple layers of RBMs. DBNs can be used to learn a hierarchical
representation of the data, in which the features learned by the lower layers are used
to represent the features learned by the higher layers. DBNs can be trained using a
greedy layer-wise algorithm, in which each layer is trained in isolation using the
outputs of the previous layer as input.
Markov Networks: A Markov network is a type of probabilistic graphical model that can
be used to represent the joint distribution of a set of random variables. Markov
networks are undirected graphical models, which means that the edges in the graph
do not have a direction. Markov networks are also known as Markov random fields.
Markov Chains: A Markov chain is a type of stochastic process that can be used to
model the evolution of a system over time. Markov chains are characterized by the
fact that the probability of the system being in a particular state at a particular time
depends only on the state of the system at the previous time. Markov chains are also
known as Markov processes.
Autoregressive Models: An autoregressive model is a type of time series model that
can be used to predict the future values of a time series based on its past values.
Autoregressive models are characterized by the fact that the current value of the time
series is a linear combination of its past values plus a random error term.

NADE and MADE: NADE (Neural Autoregressive Density Estimator) and MADE
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(Masked Autoencoder for Distribution Estimation) are two types of neural
network architectures that can be used to learn a probability distribution over a
set of inputs. NADE and MADE are generative models, which means that they
can be used to generate new samples from the learned probability distribution.
NADE and MADE are also unsupervised learning models, which means that they
can be trained without the need for labeled data.
PixelRNN: PixelRNN is a type of neural network architecture that can be used to
generate images. PixelRNN is a generative model, which means that it can be
used to generate new images from the learned probability distribution. PixelRNN
is also an unsupervised learning model, which means that it can be trained
without the need for labeled data.

Generative Adversarial Networks (GANs): A generative adversarial network (GAN) is a
type of neural network that can be used to learn a probability distribution over a set of
inputs. GANs are generative models, which means that they can be used to generate
new samples from the learned probability distribution. GANs are also unsupervised
learning models, which means that they can be trained without the need for labeled
data.
Applications of Deep Learning:

Object detection: Deep learning models can be used to detect objects in images
and videos.
Speech/image recognition: Deep learning models can be used to recognize
speech and images.
Video analysis: Deep learning models can be used to analyze videos for tasks
such as action recognition and object tracking.
Natural language processing (NLP): Deep learning models can be used for
various NLP tasks, such as machine translation, sentiment analysis, and text
summarization.
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Medical science: Deep learning models can be used for various medical science
tasks, such as medical image analysis and disease diagnosis.
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