
MACHINE LEARNING  

Unit-4 

Important Q & A 

1) Explain about Dimensionality ReducƟon and its methods? What are 
advantages & disadvantages?  

Ans) Dimensionality reducƟon is a technique used to reduce the number of features in a 
dataset while retaining as much of the important informaƟon as possible. In other words, it 
is a process of transforming high-dimensional data into a lower-dimensional space that sƟll 
preserves the essence of the original data. 

Dimensionality reducƟon can help to miƟgate these problems by reducing the complexity of 
the model and improving its generalizaƟon performance. There are two main approaches to 
dimensionality reducƟon: feature selecƟon and feature extracƟon. 

Feature SelecƟon: 
Feature selecƟon involves selecƟng a subset of the original features that are most relevant 
to the problem at hand. The goal is to reduce the dimensionality of the dataset while 
retaining the most important features. There are several methods for feature selecƟon, 
including filter methods, wrapper methods, and embedded methods. Filter methods rank 
the features based on their relevance to the target variable, wrapper methods use the 
model performance as the criteria for selecƟng features, and embedded methods combine 
feature selecƟon with the model training process. 

Feature ExtracƟon: 
Feature extracƟon involves creaƟng new features by combining or transforming the original 
features. The goal is to create a set of features that captures the essence of the original data 
in a lower-dimensional space. There are several methods for feature extracƟon, including 
principal component analysis (PCA), linear discriminant analysis (LDA), and t-distributed 
stochasƟc neighbor embedding (t-SNE). PCA is a popular technique that projects the original 
features onto a lower-dimensional space while preserving as much of the variance as 
possible. 

Why is Dimensionality ReducƟon important in Machine Learning and PredicƟve Modeling? 

An intuiƟve example of dimensionality reducƟon can be discussed through a simple e-mail 
classificaƟon problem, where we need to classify whether the e-mail is spam or not. This can 
involve a large number of features, such as whether or not the e-mail has a generic Ɵtle, the 
content of the e-mail, whether the e-mail uses a template, etc. However, some of these 
features may overlap. In another condiƟon, a classificaƟon problem that relies on both 
humidity and rainfall can be collapsed into just one underlying feature, since both of the 
aforemenƟoned are correlated to a high degree. Hence, we can reduce the number of 
features in such problems. A 3-D classificaƟon problem can be hard to visualize, whereas a 2-
D one can be mapped to a simple 2-dimensional space, and a 1-D problem to a simple line. 



The below figure illustrates this concept, where a 3-D feature space is split into two 2-D 
feature spaces, and later, if found to be correlated, the number of features can be reduced 
even further. 

  

Components of Dimensionality ReducƟon 

There are two components of dimensionality reducƟon: 

 Feature selecƟon: In this, we try to find a subset of the original set of variables, or 
features, to get a smaller subset which can be used to model the problem. It usually 
involves three ways: 

1. Filter 

2. Wrapper 

3. Embedded 

 Feature extracƟon: This reduces the data in a high dimensional space to a lower 
dimension space, i.e. a space with lesser no. of dimensions. 

Methods of Dimensionality ReducƟon 

The various methods used for dimensionality reducƟon include: 

 Principal Component Analysis (PCA) 

 Linear Discriminant Analysis (LDA) 

 Generalized Discriminant Analysis (GDA) 

Dimensionality reducƟon may be both linear and non-linear, depending upon the method 
used. The prime linear method, called Principal Component Analysis, or PCA, is discussed 
below. 

Principal Component Analysis 

This method was introduced by Karl Pearson. It works on the condiƟon that while the data in 
a higher dimensional space is mapped to data in a lower dimension space, the variance of 
the data in the lower dimensional space should be maximum. 



 

It involves the following steps: 

 Construct the covariance matrix of the data. 

 Compute the eigenvectors of this matrix. 

 Eigenvectors corresponding to the largest eigenvalues are used to reconstruct a large 
fracƟon of variance of the original data. 

Hence, we are leŌ with a lesser number of eigenvectors, and there might have been some 
data loss in the process. But, the most important variances should be retained by the 
remaining eigenvectors.  

Advantages of Dimensionality ReducƟon 

 It helps in data compression, and hence reduced storage space. 

 It reduces computaƟon Ɵme. 

 It also helps remove redundant features, if any. 

 Improved VisualizaƟon: High dimensional data is difficult to visualize, and 
dimensionality reducƟon techniques can help in visualizing the data in 2D or 3D, 
which can help in beƩer understanding and analysis. 

 Feature ExtracƟon: Dimensionality reducƟon can help in extracƟng important 
features from high dimensional data, which can be useful in feature selecƟon for 
machine learning models. 

Disadvantages of Dimensionality ReducƟon 

 It may lead to some amount of data loss. 

 PCA tends to find linear correlaƟons between variables, which is someƟmes 
undesirable. 

 PCA fails in cases where mean and covariance are not enough to define datasets. 

Important points: 

 Dimensionality reducƟon is the process of reducing the number of features in a 
dataset while retaining as much informaƟon as possible. 
This can be done to reduce the complexity of a model, improve the performance of a 
learning algorithm, or make it easier to visualize the data. 



 Techniques for dimensionality reducƟon include: principal component analysis (PCA), 
singular value decomposiƟon (SVD), and linear discriminant analysis (LDA). 

 Each technique projects the data onto a lower-dimensional space while preserving 
important informaƟon. 

 Dimensionality reducƟon is performed during pre-processing stage before building a 
model to improve the performance 

 It is important to note that dimensionality reducƟon can also discard useful 
informaƟon, so care must be taken when applying these techniques. 

2) Discuss about Linear Discriminant Analysis (LDA)? 

Ans) Linear Discriminant Analysis (LDA), also known as Normal Discriminant Analysis or 
Discriminant FuncƟon Analysis, is a dimensionality reducƟon technique primarily uƟlized 
in supervised classificaƟon problems. It facilitates the modeling of disƟncƟons between 
groups, effecƟvely separaƟng two or more classes. LDA operates by projecƟng features from 
a higher-dimensional space into a lower-dimensional one. In machine learning, LDA serves 
as a supervised learning algorithm specifically designed for classificaƟon tasks, aiming to 
idenƟfy a linear combinaƟon of features that opƟmally segregates classes within a dataset. 

For example, we have two classes and we need to separate them efficiently. Classes can 
have mulƟple features. Using only a single feature to classify them may result in some 
overlapping as shown in the below figure. So, we will keep on increasing the number of 
features for proper classificaƟon.  

 

 AssumpƟons of LDA 

LDA assumes that the data has a Gaussian distribuƟon and that the covariance matrices of 
the different classes are equal. It also assumes that the data is linearly separable, meaning 
that a linear decision boundary can accurately classify the different classes. 

Suppose we have two sets of data points belonging to two different classes that we want to 
classify. As shown in the given 2D graph, when the data points are ploƩed on the 2D plane, 
there’s no straight line that can separate the two classes of data points completely. Hence, in 
this case, LDA (Linear Discriminant Analysis) is used which reduces the 2D graph into a 1D 
graph in order to maximize the separability between the two classes.  
  

 



Linearly Separable Dataset 

 
Here, Linear Discriminant Analysis uses both axes (X and Y) to create a new axis and projects 
data onto a new axis in a way to maximize the separaƟon of the two categories and hence, 
reduces the 2D graph into a 1D graph.  

Two criteria are used by LDA to create a new axis:  

1. Maximize the distance between the means of the two classes. 

2. Minimize the variaƟon within each class. 

 

The perpendicular distance between the line and points 

 
In the above graph, it can be seen that a new axis (in red) is generated and ploƩed in the 2D 
graph such that it maximizes the distance between the means of the two classes and 
minimizes the variaƟon within each class. In simple terms, this newly generated axis 
increases the separaƟon between the data points of the two classes. AŌer generaƟng this 
new axis using the above-menƟoned criteria, all the data points of the classes are ploƩed on 
this new axis and are shown in the figure given below.  
  

 

 But Linear Discriminant Analysis fails when the mean of the distribuƟons are shared, as it 
becomes impossible for LDA to find a new axis that makes both classes linearly separable. In 
such cases, we use non-linear discriminant analysis. 

 

3) What is Independent Component Analysis? Explain with example. 

Ans) Independent Component Analysis (ICA) is a staƟsƟcal and computaƟonal technique 
used in machine learning to separate a mulƟvariate signal into its independent non-Gaussian 
components. The goal of ICA is to find a linear transformaƟon of the data such that the 
transformed data is as close to being staƟsƟcally independent as possible. 



The heart of ICA lies in the principle of staƟsƟcal independence. ICA idenƟfy components 
within mixed signals that are staƟsƟcally independent of each other. 

StaƟsƟcal Independence Concept: 

It is a probability theory that if two random variables X and Y are staƟsƟcally independent. 
The joint probability distribuƟon of the pair is equal to the product of their 
individual probability distribuƟons, which means that knowing the outcome of one variable 
does not change the probability of the other outcome. 

 

Or  

 

AssumpƟons in ICA 

1. The first assumpƟon asserts that the source signals (original signals) are staƟsƟcally 
independent of each other. 

2. The second assumpƟon is that each source signal exhibits non-Gaussian 
distribuƟons. 

Advantages of Independent Component Analysis (ICA): 

 ICA is a powerful tool for separaƟng mixed signals into their independent 
components. This is useful in a variety of applicaƟons, such as signal processing, 
image analysis, and data compression. 

 ICA is a non-parametric approach, which means that it does not require assumpƟons 
about the underlying probability distribuƟon of the data. 

 ICA is an unsupervised learning technique, which means that it can be applied to 
data without the need for labeled examples. This makes it useful in situaƟons where 
labeled data is not available. 

 ICA can be used for feature extracƟon, which means that it can idenƟfy important 
features in the data that can be used for other tasks, such as classificaƟon. 

Disadvantages of Independent Component Analysis (ICA): 

 ICA assumes that the underlying sources are non-Gaussian, which may not always be 
true. If the underlying sources are Gaussian, ICA may not be effecƟve. 

 ICA assumes that the sources are mixed linearly, which may not always be the case. If 
the sources are mixed nonlinearly, ICA may not be effecƟve. 

 ICA can be computaƟonally expensive, especially for large datasets. This can make it 
difficult to apply ICA to real-world problems. 

 ICA can suffer from convergence issues, which means that it may not always be able 
to find a soluƟon. This can be a problem for complex datasets with many sources. 



Cocktail Party Problem 

Consider Cocktail Party Problem or Blind Source SeparaƟon problem to understand the 
problem which is solved by independent component analysis. 

Problem: To extract independent sources’ signals from a mixed signal composed of the 
signals from those sources. 

Given: Mixed signal from five different independent sources.  

Aim: To decompose the mixed signal into independent sources: 

 Source 1 

 Source 2 

 Source 3 

 Source 4 

 Source 5 

SoluƟon: Independent Component Analysis 

 

Here, there is a party going into a room full of people. There is ‘n’ number of speakers in that 
room, and they are speaking simultaneously at the party. In the same room, there are also 
‘n’ microphones placed at different distances from the speakers, which are recording ‘n’ 
speakers’ voice signals. Hence, the number of speakers is equal to the number of 
microphones in the room. 

Now, using these microphones’ recordings, we want to separate all the ‘n’ speakers’ voice 
signals in the room, given that each microphone recorded the voice signals coming from 
each speaker of different intensity due to the difference in distances between them. 

Decomposing the mixed signal of each microphone’s recording into an independent source’s 
speech signal can be done by using the machine learning technique, independent 
component analysis. 

 

where, X1, X2, …, Xn are the original signals present in the mixed signal and Y1, Y2, …, Yn are 
the new features and are independent components that are independent of each other. 



 

4) What is Locally Linear Embedding? Explain Locally Linear Embedding (LLE) 
algorithm. 

Ans) Locally Linear Embedding, or LLE, is an unsupervised method that aims to preserve the 
fundamental geometric properƟes of the underlying nonlinear feature structure while 
converƟng data from its original high-dimensional space into a lower-dimensional 
representaƟon. LLE funcƟons in mulƟple crucial steps: 

o First, in order to capture these local associaƟons, it builds a nearest neighbors graph. 

o Then, when expressing a point as a linear combinaƟon of its neighbors, it opƟmizes 
weight values for each data point with the goal of minimizing the reconstrucƟon 
error. 

o The intensity of connecƟons between points is reflected in this weight matrix. 

o The eigenvectors of a matrix obtained from the weight matrix are then found via LLE 
in order to compute a lower dimensional representaƟon of the data. 

o These eigenvectors represent the most important direcƟons in the condensed space. 

o The user can specify the output space's desired dimensionality, and LLE chooses the 
top eigenvectors in accordance. 

o Algorithm for Locally Linear Embedding 
o There are multiple steps in the LLE algorithm: 
o Neighborhood Selection: LLE finds the k-nearest neighbors of each data point in the high-

dimensional space. Because LLE implies that a linear combination of its neighbors can 
accurately represent every data point, this stage is essential. 

o Weight Matrix Construction: To express each data point as a linear combination of its 
neighbors, LLE computes a set of weights for it. In order to minimize the reconstruction 
error, these weights are chosen. These weights are frequently determined by linear 
regression. 

o Global Structure Preservation: LLE looks for a lower-dimensional representation of the 
data that best maintains the local linear relationships after building the weight matrix. It 
accomplishes this by looking for a set of coordinates that minimize a cost function for each 
data point in the lower-dimensional space. The ability of each data point to be adequately 
represented by its neighbors is assessed by this cost function. 

o Output Embedding: LLE offers the final lower-dimensional representation of the data 
when the optimization process is finished. While lowering the dimensionality of the data, 
this representation preserves its fundamental structure. 

5) What is Isomap? Explain its Applications? 

Ans) Isomap 

The Isomap algorithm, sometimes known as isometric mapping, is one of the first 
methods for manifold learning. One way to think of isomap is as a continuation of kernel 



PCA or multidimensional scaling (MDS). Isomap looks for a lower-dimensional embedding 
that preserves all point-to-point geodesic distances. The object Isomap can be used to 
perform isomap. 

In machine learning and data analysis, the nonlinear dimensionality reduction method, 
known as "isomap" or isometric mapping, is employed. Its main application is in the 
visualization and comprehension of high-dimensional data in lower-dimensional 
environments, which can aid in exposing the data's underlying structures or patterns. 
When working with data that displays intricate, nonlinear relationships, isomap is quite 
helpful. 

Finding a lower-dimensional representation of the data while keeping the pairwise 
geodesic distances between data points near to 100% is the basic notion underlying 
Isomap. Distances that account for the inherent geometry of the data and take into 
consideration potential nonlinear correlations are known as geometric distances. 

This is a brief explanation of how Isomap functions: 

o Construct a neighborhood graph: Create a neighborhood graph by locating the closest 
neighbors of each data point in the high-dimensional space. Usually, graph methods 
like Dijkstra's algorithm are used for this. 

o Insert the information into a two-dimensional space: To determine a lower-
dimensional representation of the data that best maintains the pairwise geodesic 
distances, apply techniques such as multidimensional scaling (MDS). 

Certainly, the following points will provide more specific details regarding Isomap: 

o Building a Neighbourhood Graph: Building a neighborhood graph is the first step in 
the Isomap process. This graph shows the connectedness between data points in the 
high-dimensional space. Usually, a fixed distance threshold or a fixed number of 
nearest neighbors for each data point is used to do this. The number of neighbors or 
the distance criterion that is selected can affect the Isomap findings. 

o Geodesic Distance Computation: Isomap computes the geodesic distances between 
data points after building the neighborhood graph. Geodesic distances are the 
shortest pathways along the graph's edges, accounting for the particular routes that 
reduce distances when traversing the graph. Particularly for nonlinear data, the 
geodesic distances offer a more precise indicator of similarity between data points 
than conventional Euclidean distances. 

o MDS Embedding: After calculating the geodesic distances, Isomap embeds the data 
into a lower-dimensional space using a method known as Multidimensional Scaling 
(MDS). The goal of MDS is to arrange data points in a lower-dimensional space so that 
the calculated geodesic distances and their pairwise distances closely match. As a 
result, the data's inherent structure is preserved in a lower-dimensional 
representation of the data where points that were near together in the high-
dimensional space stay close. 

o Option for Dimensionality: The dimensionality of the lower-dimensional space that 
the data will be embedded into can be chosen. When more dimensions are required 



for the analysis, higher dimensions can also be used. For visualization reasons, 
common options are 2D or 3D: 

Applications: 

Applications for isomap are numerous and include pattern detection, image analysis, and 
high-dimensional data visualization. 

o Visualization: To visualize high-dimensional data in a lower-dimensional space and 
facilitate the identification of clusters, patterns, or trends, isomap is frequently 
employed. 

o Data compression: By reducing the dimensionality of data while preserving crucial 
structural information, isomaps can be utilized to compress data. 

o Feature Engineering: By pinpointing the most crucial dimensions in the lower-
dimensional realm, the isomap can assist in feature selection. 

o Pattern Recognition: By converting the data into a more appropriate representation, 
isomap can be utilized in machine learning tasks like clustering and classification. 

6) What is Least Square Method ? Explain with Mathematically solved Example 

Ans) Least Square method is a fundamental mathematical technique widely used in data 
analysis, statistics, and regression modeling to identify the best-fitting curve or line for a 
given set of data points. This method ensures that the overall error is reduced, providing a 
highly accurate model for predicting future data trends. 

In statistics, when the data can be represented on a cartesian plane by using the independent 
and dependent variable as the x and y coordinates, it is called scatter data. This data might 
not be useful in making interpretations or predicting the values of the dependent variable for 
the independent variable. So, we try to get an equation of a line that fits best to the given 
data points with the help of the Least Square Method.  

What is the Least Square Method? 

Least Square Method is used to derive a generalized linear equation between two variables. 
when the value of the dependent and independent variable is represented as the x and y 
coordinates in a 2D cartesian coordinate system. Initially, known values are marked on a plot. 
The plot obtained at this point is called a scatter plot. 

Then, we try to represent all the marked points as a straight line or a linear equation. The 
equation of such a line is obtained with the help of the Least Square method. This is done to 
get the value of the dependent variable for an independent variable for which the value was 
initially unknown. This helps us to make predictions for the value of dependent variable. 

Least Square Method Definition 



Least Squares method is a statistical technique used to find the equation of best-fitting curve 
or line to a set of data points by minimizing the sum of the squared differences between the 
observed values and the values predicted by the model. 

This method aims at minimizing the sum of squares of deviations as much as possible. The 
line obtained from such a method is called a regression line or line of best fit. 

 

Formula for Least Square Method 

Least Square Method formula is used to find the best-fitting line through a set of data points. For 
a simple linear regression, which is a line of the form y=mx+c, where y is the dependent 
variable, x is the independent variable, a is the slope of the line, and b is the y-intercept, the 
formulas to calculate the slope (m) and intercept (c) of the line are derived from the following 
equations: 

1. Slope (m) Formula: m = n(∑xy)−(∑x)(∑y) / n(∑x2)−(∑x)2 

2. Intercept (c) Formula: c = (∑y)−a(∑x) / n 

Where: 

 n is the number of data points, 

 ∑xy is the sum of the product of each pair of x and y values, 

 ∑x is the sum of all x values, 

 ∑y is the sum of all y values, 

 ∑x2 is the sum of the squares of x values. 

The steps to find the line of best fit by using the least square method is discussed below: 

 Step 1: Denote the independent variable values as xi and the dependent ones as yi. 

 Step 2: Calculate the average values of xi and yi as X and Y. 



 Step 3: Presume the equation of the line of best fit as y = mx + c, where m is the slope of 
the line and c represents the intercept of the line on the Y-axis. 

 Step 4: The slope m can be calculated from the following formula: 

m = [Σ (X – xi)×(Y – yi)] / Σ(X – xi)2 

 Step 5: The intercept c is calculated from the following formula: 

c = Y – mX 

Least Square Method Solved Examples 

Problem 1: Find the line of best fit for the following data points using the Least Square method: 
(x,y) = (1,3), (2,4), (4,8), (6,10), (8,15). 

Solution: 

Here, we have x as the independent variable and y as the dependent variable. First, we calculate 
the means of x and y values denoted by X and Y respectively. 

X = (1+2+4+6+8)/5 = 4.2 

Y = (3+4+8+10+15)/5 = 8 

xi yi X – xi Y – yi (X-xi)*(Y-yi) (X – xi)2 

1 
3 
  3.2 

5 
  

16 
  

10.24 
  

2 4 
2.2 
  

4 
  

8.8 
  

4.84 
  

4 8 0.2 
0 
  

0 
  

0.04 
  

6 10 -1.8 
-2 
  

3.6 
  

3.24 
  

8 15 -3.8 
-7 
  

26.6 
  

14.44 
  

Sum (Σ)   0 0 55 32.8 

The slope of the line of best fit can be calculated from the formula as follows: 

m = (Σ (X – xi)*(Y – yi)) /Σ(X – xi)2 

m = 55/32.8 = 1.68 (rounded upto 2 decimal places) 



Now, the intercept will be calculated from the formula as follows: 

c = Y – mX 

c = 8 – 1.68*4.2 = 0.94 

Thus, the equation of the line of best fit becomes, y = 1.68x + 0.94. 

7) What is a Genetic Algorithm? What are its operators & Uses? 

Ans) Before understanding the Genetic algorithm, let's first understand basic terminologies to 
better understand this algorithm: 

o Population: Population is the subset of all possible or probable solutions, which can solve 
the given problem. 

o Chromosomes: A chromosome is one of the solutions in the population for the given 
problem, and the collection of gene generate a chromosome. 

o Gene: A chromosome is divided into a different gene, or it is an element of the 
chromosome. 

o Allele: Allele is the value provided to the gene within a particular chromosome. 
o Fitness Function: The fitness function is used to determine the individual's fitness level in 

the population. It means the ability of an individual to compete with other individuals. In 
every iteration, individuals are evaluated based on their fitness function. 

o Genetic Operators: In a genetic algorithm, the best individual mate to regenerate 
offspring better than parents. Here genetic operators play a role in changing the genetic 
composition of the next generation. 

o Selection 

After calculating the fitness of every existent in the population, a selection process is used to 
determine which of the individualities in the population will get to reproduce and produce the 
seed that will form the coming generation. 

Types of selection styles available 

o Roulette wheel selection 
o Event selection 
o Rank- grounded selection 

So, now we can define a genetic algorithm as a heuristic search algorithm to solve optimization 
problems. It is a subset of evolutionary algorithms, which is used in computing. A genetic 
algorithm uses genetic and natural selection concepts to solve optimization problems. 

How Genetic Algorithm Work? 

The genetic algorithm works on the evolutionary generational cycle to generate high-quality 
solutions. These algorithms use different operations that either enhance or replace the 
population to give an improved fit solution. 



It basically involves five phases to solve the complex optimization problems, which are given as 
below: 

o Initialization 
o Fitness Assignment 
o Selection 
o Reproduction 
o Termination 

1. Initialization 

The process of a genetic algorithm starts by generating the set of individuals, which is called 
population. Here each individual is the solution for the given problem. An individual contains or 
is characterized by a set of parameters called Genes. Genes are combined into a string and 
generate chromosomes, which is the solution to the problem. One of the most popular techniques 
for initialization is the use of random binary strings. 

 

2. Fitness Assignment 

Fitness function is used to determine how fit an individual is? It means the ability of an individual 
to compete with other individuals. In every iteration, individuals are evaluated based on their 
fitness function. The fitness function provides a fitness score to each individual. This score further 
determines the probability of being selected for reproduction. The high the fitness score, the 
more chances of getting selected for reproduction. 

3. Selection 

The selection phase involves the selection of individuals for the reproduction of offspring. All the 
selected individuals are then arranged in a pair of two to increase reproduction. Then these 
individuals transfer their genes to the next generation. 

There are three types of Selection methods available, which are: 

o Roulette wheel selection 
o Tournament selection 
o Rank-based selection 

4. Reproduction 



After the selection process, the creation of a child occurs in the reproduction step. In this step, 
the genetic algorithm uses two variation operators that are applied to the parent population 

Operators of Genetic Algorithms 

Once the initial generation is created, the algorithm evolves the generation using following 
operators –  
1) Selection Operator: The idea is to give preference to the individuals with good fitness scores 
and allow them to pass their genes to successive generations.  
2) Crossover Operator: This represents mating between individuals. Two individuals are selected 
using selection operator and crossover sites are chosen randomly. Then the genes at these 
crossover sites are exchanged thus creating a completely new individual (offspring). For example 
–  

 

3) Mutation Operator: The key idea is to insert random genes in offspring to maintain the 
diversity in the population to avoid premature convergence. For example –  
  

 

The whole algorithm can be summarized as –   
1) Randomly initialize populations p 
2) Determine fitness of population 
3) Until convergence repeat: 
      a) Select parents from population 
      b) Crossover and generate new population 
      c) Perform mutation on new population 
      d) Calculate fitness for new population 
5. Termination 

After the reproduction phase, a stopping criterion is applied as a base for termination. The 
algorithm terminates after the threshold fitness solution is reached. It will identify the final 
solution as the best solution in the population. 

General Workflow of a Simple Genetic Algorithm 



 

Why use Genetic Algorithms  

 They are Robust 

 Provide optimisation over large space state. 

 Unlike traditional AI, they do not break on slight change in input or presence of noise 

Application of Genetic Algorithms 

Genetic algorithms have many applications, some of them are –  

 Recurrent Neural Network 

 Mutation testing 

 Code breaking 

 Filtering and signal processing 

 Learning fuzzy rule base etc 

8) Explain about Reinforcement learning? What are its applications and 
advantages & disadvantages?  



Ans) Reinforcement Learning: An Overview 

Reinforcement Learning (RL) is a branch of machine learning focused on making decisions to 
maximize cumulative rewards in a given situation. Unlike supervised learning, which relies on 
a training dataset with predefined answers, RL involves learning through experience. In RL, an 
agent learns to achieve a goal in an uncertain, potentially complex environment by 
performing actions and receiving feedback through rewards or penalties. 

Key Concepts of Reinforcement Learning 

 Agent: The learner or decision-maker. 

 Environment: Everything the agent interacts with. 

 State: A specific situation in which the agent finds itself. 

 Action: All possible moves the agent can make. 

 Reward: Feedback from the environment based on the action taken. 

How Reinforcement Learning Works 

RL operates on the principle of learning optimal behavior through trial and error. The agent takes 
actions within the environment, receives rewards or penalties, and adjusts its behavior to 
maximize the cumulative reward. This learning process is characterized by the following elements: 

 Policy: A strategy used by the agent to determine the next action based on the current 
state. 

 Reward Function: A function that provides a scalar feedback signal based on the state and 
action. 

 Value Function: A function that estimates the expected cumulative reward from a given 
state. 

 Model of the Environment: A representation of the environment that helps in planning 
by predicting future states and rewards. 

Types of Reinforcement:  
1. Positive: Positive Reinforcement is defined as when an event, occurs due to a 

particular behavior, increases the strength and the frequency of the behavior. 
In other words, it has a positive effect on behavior.  
Advantages of reinforcement learning are:  
 

 Maximizes Performance 
 Sustain Change for a long period of time 
 Too much Reinforcement can lead to an overload of states which 

can diminish the results 



2. Negative: Negative Reinforcement is defined as strengthening of behavior 
because a negative condition is stopped or avoided.  
Advantages of reinforcement learning:  
 

 Increases Behavior 
 Provide defiance to a minimum standard of performance 
 It Only provides enough to meet up the minimum behavior 

Elements of Reinforcement Learning 
i) Policy: Defines the agent’s behavior at a given time. 
ii) Reward Function: Defines the goal of the RL problem by providing feedback. 
iii) Value Function: Estimates long-term rewards from a state. 
iv) Model of the Environment: Helps in predicting future states and rewards for planning. 
Application of Reinforcement Learnings  

i) Robotics: Automating tasks in structured environments like manufacturing. 

ii) Game Playing: Developing strategies in complex games like chess. 

iii) Industrial Control: Real-time adjustments in operations like refinery controls. 

iv) Personalized Training Systems: Customizing instruction based on individual needs. 

Advantages and Disadvantages of Reinforcement Learning 

Advantages: 

1. Reinforcement learning can be used to solve very complex problems that cannot be solved by 
conventional techniques. 

2. The model can correct the errors that occurred during the training process.  

3. In RL, training data is obtained via the direct interaction of the agent with the environment 

Disadvantages: 

1. Reinforcement learning is not preferable to use for solving simple problems. 

2. Reinforcement learning needs a lot of data and a lot of computation 

3. Reinforcement learning is highly dependent on the quality of the reward function. If the reward 
function is poorly designed, the agent may not learn the desired behavior 

 

9) Explain Getting Lost Example? 

Ans) Getting Lost Example:  



 "getting lost" example using reinforcement learning to understand how an agent learns  

to navigate an environment, avoid pitfalls, and reach its goal.   

 We can imagine a scenario where an agent (like a robot) is placed in a maze and needs  

to find its way to the exit.  

Scenario: Robot Navigating a Maze  

1. Environment:  

o The maze consists of a grid with walls, open spaces, and an exit.  

o The robot starts at a random position and must find the exit.  

2. State:  

o The current position of the robot in the maze, represented by coordinates (x,  

y).  

3. Actions:  

o The robot can move up, down, left, or right.  

4. Rewards:  

o Positive reward for reaching the exit.  

o Negative reward for hitting a wall. 

 

 


