
 

 

 



 



Module 1 

Q1(a) What is Deep Learning? Write a program to demonstrate a deep neural network 

for classification 

Deep Learning is a subfield of machine learning that uses multi-layered artificial neural 

networks to automatically learn hierarchical feature representations from data. 

Key characteristics 

 Multiple hidden layers 

 Automatic feature learning 

 Trained using backpropagation and gradient descent 

Simple Python Program (DNN for Classification) 

import tensorflow as tf 

from tensorflow.keras.models import Sequential 

from tensorflow.keras.layers import Dense 

 

model = Sequential([ 

    Dense(64, activation='relu', input_shape=(20,)), 

    Dense(32, activation='relu'), 

    Dense(1, activation='sigmoid') 

]) 

 

model.compile(optimizer='adam', 

              loss='binary_crossentropy', 

              metrics=['accuracy']) 

 

model.summary() 

 

Q1(b) Challenges in optimization during training deep neural networks 

Initial drawbacks of deep learning included slow training and lack of computational 

power, making other methods like kernel approaches more favorable. 

 

The revival of deep learning was driven by advances in GPU computing and access to 

large labeled datasets. 

 

Training deep networks is still complex due to the large number of parameters and the 

difficulty of optimizing stacked nonlinear layers. 

 

Researchers have improved training through: 

 Better optimizers 

 Smarter initialization 

 Advanced activation functions 

 Skip connections 



Data dependency remains a limitation—deep learning requires large datasets, which are 

not available in all domains. 

Limited flexibility: Deep models excel at single tasks, but struggle with multitasking and 

require retraining even for similar problems. 

There is an ongoing need to develop more adaptable, data-efficient, and general-purpose 

deep learning models. 

Data dependency remains a limitation—deep learning requires large datasets, which are 

not available in all domains. 

Limited flexibility: Deep models excel at single tasks, but struggle with multitasking and 

require retraining even for similar problems 

There is an ongoing need to develop more adaptable, data-efficient, and general-purpose 

deep learning models. 

 

Q1(c) Explain Maximum Likelihood Estimation (MLE) and mini-batch size factors 

 



 

 

Q2(a) Differentiate Conventional ML vs Deep Learning 

Aspect Conventional ML Deep Learning 

Feature extraction Manual Automatic 

Data requirement Small Large 

Model depth Shallow Deep 

Performance Limited High 

Figure compares traditional machine learning approach based on handcrafted features to deep 

learning approach based on hierarchical representation learning.  

 The word “deep” refers to learning successive layers of increasingly meaningful 

representations of input data. 

 The number of layers used to model the data determines the depth of the model. 

Current deep learning often involves learning tens or even hundreds of successive 

layers of representation from the training data automatically. 

The conventional approaches to machine learning often focus on learning only one or 

two layers of representations of data; such approaches are often categorized as 

shallow learning. 

 



 

 

Some of the aspects that helped in the evolution of deep networks are listed below: 

 Improved computational resources for processing massive amounts of data and 

training much larger models. 

 

 

 Automatic feature extraction. 

The learning mechanisms used by deep learning models are in no way comparable to the 

human brain, but can be described as a mathematical framework for learning representations 

from data. 

 



Q2(b) Surrogate loss function and Early stopping 

Sometimes, the loss function we actually care about (say classification error) is not one that 

can be optimized efficiently. For example, exactly minimizing expected 0-1 loss is typically 

intractable (exponential in the input dimension), even for a linear classifier (Marcotte and 

Savard, 1992). In such situations, one typically optimizes a surrogate loss function instead, 

which acts as a proxy but has advantages. For example, the negative log-likelihood of the 

correct class is typically used as a surrogate for the 0-1 loss. The negative log-likelihood 

allows the model to estimate the conditional probability of the classes, given the input, and if 

the model can do that well, then it can pick the classes that yield the least classification error 

in expectation. 

 

 



Module 2 

Q3(a) Convolution layer and CNN layers 

Convolutional Neural Network also known as ConvNet or CNN is a deep learning technique 

that consists of multiple numbers of layers. ConvNets are inspired by the biological visual 

cortex. The visual cortex has small regions of cells that are sensitive to specific regions of the 

visual field. Different neurons in the brain respond to different features. For example, certain 

neurons fire only in the presence of lines of a certain orientation, some neurons fire when 

exposed to vertical edges and some when shown horizontal or diagonal edges. This idea of 

certain neurons having a specific task is the basis behind ConvNets. ConvNets have shown 

excellent performance on several applications such as  image classification, object detection, 

speech recognition, natural language process-ng, and medical image analysis. Convolutional 

neural networks are powering core of computer vision that has many applications which 

include self-driving cars, robotics, and treatments for the visually impaired. The main concept 

of ConvNets is to obtain local features from input (usually an image) at higher layers and 

combine them into  more complex features at the lower layers. However, due to its 

multilayered architecture, it is computationally exorbitant and training such networks on a 

large dataset  

Convolution Layer: Convolution layer is the core building block of a convolutional neural 

network which uses convolution operation (represented by *) in place of general matrix 

multiplication. Its parameters consist of a set of learnable filters also known as kernels. The 

main task of the convolutional layer is to detect features found within local regions of the 

input image that are common throughout the dataset and mapping their appearance to a 

feature map. A feature map is obtained for each filter in the layer by repeated application of 

the filter across subregions of the complete image, i.e., convolving 

 



the filter with the input image, adding a bias term, and then applying an activation function. 

The input area on which a filter is applied is called local receptive field. The size of the 

receptive field is same as the size of the filter.  

 

Figure 2.5 shows how a filter (T-shaped) is convolved with the input to get the feature map. 

Feature map is obtained after adding a bias term and then applying a nonlinear function to the 

output of the convolution operation. The purpose of nonlinearity function is to introduce 

nonlinearity in the ConvNet model, and there are a number of nonlinearity functions available 

which are briefly explained in the next section. Filters/Kernels The weights in each 

convolutional layer specify the convolution filters and there may be multiple filters in each 

convolutional layer. Every filter contains some feature like edge, corner, etc. and during 

forward pass, each filter is slid ac oss the width and height of the input generating feature 

map of that filter. Hyperparameters Convolutional neural network architecture has many 

hyperparameters that are used to control the behavior of the model. Some of these 

hyperparameters control the size 

 

Basics of Supervised Deep Learning of the output while some are used to tune the running 

time and memory cost of the model. The four important hyperparameters in the convolution 

layer of the ConvNet are given below: 

Example 

a. Filter Size: Filters can be of any size greater than 2 × 2 and less than the size of the input 

but the conventional size varies from 11 × 11 to 3 × 3. The size of a filter is independent of 

the size of input.  

b. Number of Filters: There can be any reasonable number of filters. AlexNet used 96 filters 

of size 11 × 11 in the first convolution layer. VGGNet used 96 filters of size 7 × 7, and 

another variant of VGGNet used 64 filters of size 11 × 11 in first convolution layer. 

c. Stride: It is the number of pixels to move at a time to define the local receptive field for a 

filter. Stride of one means to move across and down a single pixel. The value of stride should 

not be too small or too large. Too small stride will lead to heavily overlapping receptive 

fields and too large value will overlap less and the resulting output volume will have smaller 

dimensions spatially. 

d. Zero Padding: This hyperparameter describes the number of pixels to pad the input image 

with zeros. Zero padding is used to control the spatial size of the output volume. Each filter in 

the convolution layer produces a feature map of size ([A − K + 2P]/S) + 1 where A is the 



input volume size, K is the size of the filter, P is the number of padding applied and S is the 

stride. Suppose the input image has size 128 × 128, and 

5 filters of size 5 × 5 are applied, with single stride and zero padding, i.e., A  128, F  5, P  0 

and S  1. The number of feature maps produced will be equal to the number of filters applied, 

i.e., 5 and the size of each feature map will be ([128 – 5 + 0]/1) + 1  124. Therefore, the 

output volume will be 124 × 124 × 5. 

Q3(b) Activation Functions 

 

 

 



Q4(a) Convolution operation with example 

 

 



 

 

Q4(b) Evolution of CNNs 

LeNet: The first practical convolution-based architecture was LeNet which used 

backpropagation for training the network. LeNet was designed to classify handwritten digits 

(MNIST), and it was adopted to read large numbers of handwritten checks in the United 

States. Unfortunately, the approach did not get much success as it did not scale well to larger 

problems. The main reasons for this limitation were as follows: 

a. Small labeled datasets. 

b. Slow computers. 

c. Use of wrong nonlinearity (activation) function. 

The use of appropriate activation function in a neural network has huge impact on the final 

performance. Any deep neural network that uses a nonlinear activation function like sigmoid 

or tanh and is trained using backpropagation suffers from vanishing gradient. Vanishing 

gradient is a problem found in training the neural networks with gradient-based training 

methods. Vanishing gradient makes it hard to train and tune the parameters of the top layers 

in a neural network. The problem worsens as the total number of layers in the network 

increases. 

 

AlexNet: The first breakthrough came in 2012 when the convolutional model which was 

named AlexNet significantly outperformed all other conventional methods in ImageNet 



Large-Scale Visual Recognition Competition (ILSVRC) 2012 that  featured the ImageNet 

dataset. The AlexNet brought down classification error rate from 26 to 15%, a significant 

improvement at that time. AlexNet was  simple but much more efficient than LeNet. The 

improvements to overcome the above mentioned problems were due to the following reasons: 

 

a. Large labeled image database (ImageNet), which contained around 15 million 

labeled images from a total of over 22,000 categories, was used. 

b. The model was trained on high-speed GTX 580 GPUs for 5 to 6 days. 

c. ReLU (Rectified Linear Unit) f (x)  max(x, 0) activation function was used.  

 

This  activation function is several times faster than the conventional activation functions like 

sigmoid and tanh. The ReLU activation function does not experience the vanishing gradient 

problem. 

 

AlexNet consists of five convolutional layers, three pooling layers, three fully connected 

layers, and a 1000-way softmax classifier.  

 

ZFNet: In 2013, an improved version of CNN architecture called ZFNet was introduced. 

ZFNet reduced the filter size in the first layer from 11 × 11 to 7 × 7 and  used a stride of 2 

instead of 4 which resulted in more distinctive features and fewer  

 



 

Module 3 

Q5(a) CNN architecture with mathematical operations 

 



 

 

Q5(b) AlexNet architecture 

 



 

 

 

 

 

 

 

 



Q6(a) LeNet-5 feature map transformation (32×32 input) 

 



 

Q6(b) Gradient Descent Variants 



 
 

Mini-batch Gradient Descent Mini-batch gradient descent also known as mini-batch SGD is a 

combination of both standard gradient descent and SGD techniques. Mini-batch SGD divides 

the entire training set into mini-batches of n training examples and performs the updating of 

parameter values for each mini-batch. This type of gradient descent technique takes 

advantage of both standard gradient descent and SGD techniques, and is commonly used 

optimization technique in deep learning. 

 

 



 

Module 4 

Q7(a) Unfolding RNN 

 

Recurrent networks that produce an output at each time step and have recurrent 

connections between hidden units, illustrated in figure  



• Recurrent networks that produce an output at each time step and have recurrent 

connections only from the output at one time step to the hidden units at the next time 

step,  

• Recurrent networks with recurrent connections between hidden units, that read an 

entire sequence and then produce a single output,  

 

Q7(b) LSTM and GRU 

 

 



Q8(a) Three parameter transformations in RNN 

1. Input-to-Hidden Transformation 

Transforms the current input into the hidden state space. 

Mathematical Representation 

WxhxtW_{xh} x_tWxhxt  

Where: 

 xtx_txt: input at time step ttt 

 WxhW_{xh}Wxh: input-to-hidden weight matrix 

Explanation 

 Maps input features to hidden units 

 Captures information from the current observation 

 Helps encode raw input into a latent representation 

Example 

In speech recognition, this transformation converts the current audio frame into a hidden 

representation. 

2. Hidden-to-Hidden (Recurrent) Transformation 

Incorporates past information by transforming the previous hidden state. 

Mathematical Representation 

Whhht−1W_{hh} h_{t-1}Whhht−1  

Where: 

 ht−1h_{t-1}ht−1: hidden state at previous time step 

 WhhW_{hh}Whh: recurrent weight matrix 

Explanation 

 Enables memory in RNNs 

 Models temporal dependencies 

 Same weights reused across all time steps 

 Main reason RNNs can process sequences 

Significance 

 Responsible for sequence modeling 

 Can cause vanishing or exploding gradients during training 



3. Hidden-to-Output Transformation 

Transforms the hidden state into the network output. 

Mathematical Representation 

WhyhtW_{hy} h_tWhyht  

Where: 

 hth_tht: current hidden state 

 WhyW_{hy}Why: hidden-to-output weight matrix 

Explanation 

 Maps internal representation to output space 

 Followed by activation functions such as: 

o Softmax (classification) 

o Linear (regression) 

Example 

In language modeling, this layer predicts the next word in the sequence. 

 

Q8(b) Bidirectional RNN 

 

 



 

Module 5 

Q9(a) Reinforcement Learning with example 

Reinforcement Learning is a type of machine learning in which an agent learns to make 

decisions by interacting with an environment, taking actions, and receiving rewards or 

penalties. 

The objective of the agent is to learn an optimal policy that maximizes the cumulative 

reward over time. 

Key Components of Reinforcement Learning 

1. Agent – Learner or decision maker 

2. Environment – External system the agent interacts with 

3. State (S) – Current situation of the agent 

4. Action (A) – Choices available to the agent 

5. Reward (R) – Feedback signal from the environment 

6. Policy (π) – Strategy that maps states to actions 

7. Value Function – Expected cumulative reward 

8. Episode – Sequence of states, actions, and rewards until termination 

Reinforcement Learning Process 

1. Agent observes the current state StS_tSt 

2. Agent selects an action AtA_tAt based on policy π\piπ 

3. Environment returns reward RtR_tRt and next state St+1S_{t+1}St+1 

4. Agent updates its policy to improve future rewards 

5. Process repeats until goal is achieved 

 



Mathematical Objective 

The goal is to maximize the expected return: 

Gt=∑k=0∞γkRt+k+1G_t = \sum_{k=0}^{\infty} \gamma^k R_{t+k+1}Gt=k=0∑∞γkRt+k+1  

Where: 

 γ\gammaγ = discount factor ( 0≤γ≤10 \le \gamma \le 10≤γ≤1 ) 

 

Q9(b) Traditional RL vs Deep RL 

Aspect Traditional RL Deep RL 

State space Small Large 

Representation Tabular Neural networks 

Example Tic-Tac-Toe Chess, Go 

 

Q10(a) Mouse learning maze problem 

Example 1: Reinforcement Learning in a Maze (Mouse and Cheese Problem) 

Problem Description 

A mouse must find cheese in a maze. 

RL Formulation 

RL Element Description 

Agent Mouse 

Environment Maze 

States Mouse positions 

Actions Move up, down, left, right 

Reward +10 for cheese, −1 per step 

Policy Path selection strategy 

Learning Behavior 

 Initially, the mouse explores randomly 

 Receives positive reward on reaching cheese 

 Over time, it learns the shortest path to maximize reward 
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