MACHINE LEARNING

Unit-1

Important Q & A

1) what are the important objectives of machine learning and issues in machine

learning?

Ans) Important Objectives of Machine Learning

1.

Automation: To develop models that can perform tasks without human intervention.
Think of self-driving cars or speech recognition systems.

Prediction: ML models aim to predict outcomes based on historical data. For
example, predicting stock prices or customer behavior.

Pattern Recognition: Identifying patterns and structures in data that might not be
obvious. This is used in image and speech recognition.

Optimization: Improving processes and outcomes by finding the most efficient
methods. ML models help in optimizing supply chains, manufacturing processes, etc.

Personalization: Tailoring experiences to individual users. Recommendation systems
for movies, shopping, and social media rely on ML.

Issues in Machine Learning

1.

Data Quality and Quantity: ML models require large amounts of high-quality data.
Incomplete, noisy, or biased data can lead to poor model performance.

Overfitting and Underfitting: Overfitting happens when a model learns the training
data too well, including noise, and doesn’t perform well on new data. Underfitting is
when a model is too simple to capture the underlying pattern of the data.

Interpretability: Some ML models, especially deep learning models, are often seen as
"black boxes." Understanding why they make certain decisions can be challenging.

Ethical Concerns: Issues like privacy, fairness, and transparency are crucial. ML
models can unintentionally perpetuate biases present in the training data.

Resource Intensive: Training complex models can be computationally expensive and
time-consuming. This requires significant hardware resources.

Security: Adversarial attacks can manipulate input data to deceive ML models.
Ensuring the robustness of models against such attacks is critical.

2) Discuss about Candidate Elimination Algorithm with example?

Ans) The candidate elimination algorithm incrementally builds the version space given a hypothesis
space H and a set E of examples. The examples are added one by one; each example possibly shrinks
the version space by removing the hypotheses that are inconsistent with the example. The candidate



elimination algorithm does this by updating the general and specific boundary for each new
example.

e You can consider this as an extended form of the Find-S algorithm.

Consider both positive and negative examples.

Actually, positive examples are used here as the Find-S algorithm (Basically they are
generalizing from the specification).

o While the negative example is specified in the generalizing form.
Terms Used:

e Concept learning: Concept learning is basically the learning task of the machine
(Learn by Train data)

e General Hypothesis: Not Specifying features to learn the machine.

o G={Y /7. } Number of attributes

¢ Specific Hypothesis: Specifying features to learn machine (Specific feature)
o S={pi’/pi’/pi’...}: The number of pi depends on a number of attributes.

e \Version Space: It is an intermediate of general hypothesis and Specific hypothesis. It
not only just writes one hypothesis but a set of all possible hypotheses based on
training data-set.

Algorithm:
Stepl: Load Data set
Step2: Initialize General Hypothesis and Specific Hypothesis.
Step3: For each training example
Step4: If example is positive example
if attribute_value == hypothesis_value:
Do nothing
else:
replace attribute value with '?' (Basically generalizing it)
Step5: If example is Negative example
Make generalize hypothesis more specific.
Example:

Consider the dataset given below:



Sky Temperature Humid Wind Water Forest Output

sunny warm normal strong warm same yes
sunny warm high strong warm same yes

rainy cold high strong warm change no
sunny warm high strong cool change yes

Algorithmic steps:
Initially : G =[[?,?,72,2,2,?],[?,7,2,?2,2,°],[7,°°7°°°72°7],
[?,2,272727°,[2°27272727?],[272727%727]

S = [Null, Null, Null, Null, Null, Null]

For instance 1 : <'sunny','warm’,'normal’,'strong’,'warm ','same'> and positive output.
Gl=G

S1 = ['sunny','warm’,'normal’,'strong','warm ','same’]

For instance 2 : <'sunny','warm’,'high’,'strong','warm ','same'> and positive output.
G2=G

S2 = ['sunny','warm’,?,'strong','warm ','same’]

For instance 3 : <'rainy','cold','high’,'strong','warm ','change'> and negative output.
G3 =[['sunny', ?,?,?,?,7?],[?, 'warm',?,?,?,7],[?,°?,?,?2,?2,7],
[2,2,2,2727°2,[2,72727272°7,[?77?°77 same']

S3=S2
For instance 4 : <'sunny','warm’,'high’,'strong’,'cool','change'> and positive output.
G4=G3

S4 = ['sunny','warm’,?,'strong’, ?, ?]

At last, by synchronizing the G4 and S4 algorithm produce the output.



Output :
G=[['sunny', ?,?,?,?7?],[? 'warm', ?,?,?,?]]

S=['sunny','warm',?,'strong’, ?, ?]

3) Discuss about Finding a Maximally Specific Hypothesis (Find S algorithm) with example?

Ans) Introduction :

The find-S algorithm is a basic concept learning algorithm in machine learning. The find-S algorithm
finds the most specific hypothesis that fits all the positive examples. We have to note here that the
algorithm considers only those positive training example. The find-S algorithm starts with the most
specific hypothesis and generalizes this hypothesis each time it fails to classify an observed positive
training data. Hence, the Find-S algorithm moves from the most specific hypothesis to the most
general hypothesis.

Important Representation :

1. ?indicates that any value is acceptable for the attribute.

2. specify a single required value ( e.g., Cold ) for the attribute.

3. «indicates that no value is acceptable.

4. The most general hypothesis is represented by: {?,?,?,?,?,?

5. The most specific hypothesis is represented by: {¢®, @, @, @, @, ¢}

Steps Involved In Find-S :

1. Start with the most specific hypothesis.
h={p, ¢, 9, 9, ¢, p}

2. Take the next example and if it is negative, then no changes occur to the hypothesis.

3. Ifthe example is positive and we find that our initial hypothesis is too specific then
we update our current hypothesis to a general condition.

4. Keep repeating the above steps till all the training examples are complete.

5. After we have completed all the training examples we will have the final hypothesis
when can use to classify the new examples.

Example :

Consider the following data set having the data about which particular seeds are poisonous.



EXAMPLE | COLOR TOUGHNESS APPEARANCE | POISONOUS

GREEN HARD WRINKELD
2o GREEN HARD YES SMOOTH NO
3. BROWN SOFT NO WRINKLED NO
4, ORANGE HARD NO WRINKLED YES
5. GREEN SOFT YES SMOOTH YES
6. GREEN HARD YES WRINKLED YES
s ORANGE HARD NO WRINKLED YES
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ATTRIBUTES ON WHICH THE CONCEPT DEPENDS ON CONCEPT

First, we consider the hypothesis to be a more specific hypothesis. Hence, our hypothesis
would be :

h={p, ¢, @, 9, @, p}

Consider example 1 :

The data in example 1is { GREEN, HARD, NO, WRINKLED }. We see that our initial hypothesis
is more specific and we have to generalize it for this example. Hence, the hypothesis
becomes :

h = { GREEN, HARD, NO, WRINKLED }

Consider example 2 :

Here we see that this example has a negative outcome. Hence we neglect this example and
our hypothesis remains the same.

h = { GREEN, HARD, NO, WRINKLED }

Consider example 3 :

Here we see that this example has a negative outcome. Hence we neglect this example and
our hypothesis remains the same.

h = { GREEN, HARD, NO, WRINKLED }

Consider example 4 :

The data present in example 4 is { ORANGE, HARD, NO, WRINKLED }. We compare every
single attribute with the initial data and if any mismatch is found we replace that particular
attribute with a general case (” ?” ). After doing the process the hypothesis becomes :

h ={?, HARD, NO, WRINKLED }



Consider example 5 :
The data present in example 5 is { GREEN, SOFT, YES, SMOOTH }. We compare every single
attribute with the initial data and if any mismatch is found we replace that particular

attribute with a general case (7 ?” ). After doing the process the hypothesis becomes :
h={?72727?

Since we have reached a point where all the attributes in our hypothesis have the general
condition, example 6 and example 7 would result in the same hypothesizes with all general
attributes.

h={?72727?}

*r *r

Hence, for the given data the final hypothesis would be :
Final Hyposthesis: h={?,?2,?,?}

Algorithm :

1. Initialize h to the most specific hypothesisin H
2. For each positive training instance x
For each attribute constraint a, in h
If the constraint a, is satisfied by x
Then do nothing
Else replace a, in h by the next more general constraint that is satisfied by x

3. Output hypothesis h

4) Discuss about Version Spaces algorithm with example?

Ans) The Version Space algorithm is a method in machine learning used to find all hypotheses that
are consistent with the given training examples. It's particularly useful in the context of concept
learning, where the goal is to find a general concept description that fits the data.

Key Concepts of Version Space Algorithm

1. Hypothesis: A hypothesis is a specific instance of a model that describes a possible
concept.

2. Version Space (VS): The version space is the set of all hypotheses that are consistent
with the training examples.

3. General-to-Specific Ordering: Hypotheses can be ordered from most general to most
specific.

Algorithm Steps

1. Initialization:



o Start with the most general hypothesis (G) which covers all instances.
o Start with the most specific hypothesis (S) which covers no instances.
2. Training Example Evaluation:
o For each positive example:
» Generalize the specific hypotheses (S) to include the example.
= Remove from G any hypotheses that do not include the example.
o For each negative example:
= Specialize the general hypotheses (G) to exclude the example.
= Remove from S any hypotheses that include the example.
Example

Let's consider a simple concept learning problem: identifying whether a day is suitable for
playing tennis based on weather conditions. The attributes are:

1. Outlook: sunny, overcast, rain
2. Temperature: hot, mild, cool
3. Humidity: high, normal
4. Wind: strong, weak

Training Examples:

Day1: (sunny, hot, high, weak) -> No

Day2: (sunny, hot, high, strong) -> No

Day3: (overcast, hot, high, weak) -> Yes

Day4: (rain, mild, high, weak) -> Yes

Day5: (rain, cool, normal, weak) -> Yes

Initial Hypotheses:
e Most Specific (S): [®, &, d, ¢] (no instance)
e Most General (G): [?, ?, ?, ?] (all instances)
Processing Training Examples:
1. Dayl (negative example):

o Update S: No change ([, &, d, d])



o Update G: Remove hypotheses inconsistent with Dayl (sunny, hot, high,
weak). This example removes [sunny, ?, ?, ?], [?, hot, ?, ?], [?, ?, high, ?], [?, ?,
?, weak]

2. Day2 (negative example):
o Update S: No change ([, $, ], ¢])

o Update G: Remove hypotheses inconsistent with Day2 (sunny, hot, high,
strong). This example removes [sunny, ?, ?, ?], [?, hot, ?, ?], [?, ?, high, ?], [?,
?,?, strong]

3. Day3 (positive example):
o Update S: [overcast, hot, high, weak]

o Update G: Remove inconsistent hypotheses from S ([overcast, hot, high,
weak])

4. Day4 (positive example):
o Update S: [overcast, ?, high, weak]
o Update G: No change

5. Day5 (positive example):
o Update S: [overcast, ?, ?, weak]
o Update G: No change

Final Hypotheses:
¢ Most Specific (S): [overcast, ?, ?, weak]
e Most General (G): [?, ?, ?, weak]

Thus, the Version Space algorithm helps to refine and find the hypotheses that fit the data.
It's particularly useful in understanding how different examples shape the learning process.

5) Difference between Supervised, Unsupervised learning and Reinforcement learning?

Supervised vs Unsupervised vs Reinforcement =1 =
Input
Data With Data Without States
Labels Labels Actions
Error Supervised Unsupervised Reinforcement Rewards
o Learning Learning Learning &
GRS sy l l l Evaluations <L
Mapping Classes Action
Output

Ans)



Introduction to Supervised Learning

Supervised learning is akin to learning with a teacher. In this paradigm, the algorithmis
trained on a labeled dataset, which means that each training example is paired with an
output label. The goal is for the model to learn a mapping from inputs to outputs so that it
can predict the output for new, unseen inputs.

Key Characteristics:

¢ Labeled Data: Supervised learning requires a dataset where the input data is labeled
with the correct output. This allows the model to learn by comparing its predictions
with the actual outcomes and adjusting accordingly.

¢ Types of Problems: It is primarily used for classification and regression problems.
Classification involves predicting discrete labels (e.g., spam or not spam), while
regression involves predicting continuous values (e.g., house prices).

¢ Algorithms: Common algorithms include linear regression, logistic regression,
support vector machines (SVM), decision trees, and neural networks.

Types of Supervised Learning

e Classification: The model predicts a categorical label. For example, detecting if an
email is spam or not.

e Regression: The model predicts continuous output. For example, predicting house
prices based on historical data.

Advantages and Disadvantages of Supervised Learning
Advantages of Supervised Learning:

¢ High Accuracy: Because the model is trained on labeled data, it can achieve high
predictive accuracy for specific tasks.

¢ Interpretability: Since the model is trained with known output, it is easier to
understand how predictions are made.

Disadvantages of Supervised Learning:
o Data Labeling Requirement: Acquiring labeled data is time-consuming and costly.

¢ Overfitting: Models may memorize training data and fail to generalize well on unseen
data.

What is Unsupervised Learning?

The Unsupervised learning deals with the data that has no labeled outcomes. The model is
tasked with the identifying patterns, structures or relationships within the dataset. Since
there are no labels, the model doesn’t receive direct feedback or guidance on what the
correct output should be.

Key Characteristics



¢ Unlabeled Data: The model works with data that has no predefined labels. It tries to
find hidden structures or groupings in the data.

¢ Types of Problems: Commonly used for clustering and association tasks. Clustering
involves grouping similar data points together, while association involves discovering
interesting relations between variables.

e Algorithms: Popular algorithms include K-means clustering, hierarchical clustering,
principal component analysis (PCA), and autoencoders.

Types of Unsupervised Learning

¢ Clustering: Identifies groups of similar data points. Examples include K-Means and
Hierarchical Clustering.

e Association: Finds relationships between variables in a dataset. Market basket
analysis is a common use case, where retailers discover products that are frequently
bought together.

Advantages and Disadvantages of Unsupervised Learning
Advantages of Unsupervised Learning

e No Labeled Data Required: It works without the need for labeled data, making it
suitable for exploratory analysis.

o Discover Hidden Patterns: It is used for discovering patterns or structures that may
not be immediately apparent in the data.

Disadvantages of Unsupervised Learning

e Less Accurate: The lack of labels makes it harder to validate model accuracy
compared to supervised learning.

¢ Interpretability Issues: Results are often more difficult to interpret thanin
supervised learning since there is no ground truth for validation.

What is Reinforcement Learning?

The Reinforcement learning (RL) is an interactive type of machine learning where an agent
learns to make decisions by the interacting with its environment. The agent takes actions
and receives rewards or penalties based on its performance with the aim of maximizing the
cumulative rewards over time.

Key Characteristics:

¢ Interaction with Environment: The agent learns by taking actions in an environment
to maximize cumulative reward over time.

¢ No Labeled Data Required: Unlike supervised learning, RL does not require labeled
input/output pairs but learns from feedback received from its actions.



e Algorithms: Includes Q-learning, SARSA (State-Action-Reward-State-Action), and
Deep Q Networks (DQN).

Types of Reinforcement Learning

¢ Model-Free RL: The agent learns directly from experiences by interacting with the
environment.

e Model-Based RL: The agent builds a model of the environment and uses it to plan
actions and predict outcomes.

Advantages and Disadvantages of Reinforcement Learning
Advantages of Reinforcement Learning
e Autonomy: The agent learns autonomously by exploring the environment.

o Adaptability: The agent can adapt to new environments or situations over time,
continuously improving its performance.

Disadvantages of Reinforcement Learning

o Complexity: Requires a large amount of data and computation, as well as precise
tuning of rewards and penalties.

¢ Unstable Training: The learning process can be unstable, with the agent sometimes
converging to suboptimal behaviors.

Comparison Table

Criteria

Definition

Type of data

Type of
problems

Supervision

Algorithms

Aim

Application

Supervised ML

Learns by using labelled data

Labelled data

Regression and classification

Extra supervision

Linear Regression, Logistic
Regression, SVM, KNN etc.

Calculate outcomes

Risk Evaluation, Forecast Sales

Unsupervised ML

Trained using unlabelled data
without any guidance.

Unlabelled data

Association and Clustering

No supervision

K — Means,
C — Means, Apriori

Discover underlying patterns

Recommendation System,
Anomaly Detection

Reinforcement ML

Works on interacting with
the environment

No — predefined data

Exploitation or Exploration

No supervision

Q — Learning,
SARSA

Learn a series of action

Self Driving Cars, Gaming,
Healthcare



5) The Brain and the Neuron

Hidden Layers

Input Layer Output Layer

Ans)
The Brain in Machine Learning

In machine learning, especially in the context of deep learning, the brain is represented by a
structure called an Artificial Neural Network (ANN). Just like the human brain is made up of
neurons, ANNs are composed of artificial neurons. These networks can learn and make
decisions in a way that somewhat mimics the human brain.

Neurons in Machine Learning

1. Neuron (Perceptron): The basic unit of a neural network. Each neuron receives input,
processes it, and generates an output. The simplest model of a neuron is called a
perceptron.

2. Structure:
o Input Layer: Takes in the input features.

o Hidden Layers: Intermediate layers between the input and output layers.
These layers perform computations and extract features.

o Output Layer: Provides the final output.
3. Function:

o Weights: Each input to a neuron is associated with a weight. These weights
are adjusted during training to minimize error.

o Activation Function: Determines if a neuron should be activated or not based
on the weighted sum of inputs. Common activation functions include
sigmoid, tanh, and RelLU (Rectified Linear Unit).

Example of a Simple Neural Network

Imagine we want to teach a neural network to recognize handwritten digits (0-9):



1. Input Layer: Each pixel of the image is an input to the network.

2. Hidden Layers: Layers of neurons that process the image, identifying patterns such as
edges and shapes.

3. Output Layer: The network outputs a probability for each digit (0-9), and the highest
probability is chosen as the predicted digit.

Biological vs. Artificial Neurons

¢ Biological Neurons: Neurons in the human brain communicate through electrical and
chemical signals. They are complex and have numerous dendrites to receive signals.

¢ Artificial Neurons: Simplified mathematical models inspired by biological neurons.
They use simple weighted sums and activation functions to process inputs.
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