The Beginner's Mind ¢

Machine
Learning

Have you ever wondered how Netflix knows what you want to watch next? Or how your

phone understands voice commands? The answer lies in Machine Learning (ML) : A

powerful way machines learn patterns from data.

But ML can feel like a black box full of math and mystery. This guide is different. We'll

explain ML using real-world stories, and zero jargon.
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What is Artificial Intelligence?

Al aims to make machines intelligent, mimicking human capabilities across various domains, such as:

(Hello) Natural = Computer « Decision Recommenda
g' i’ Language @ Vision % Systems tion Systems
VJ Processing Systems Autonomous Predictive

Machines interpreting visual systems making systems
understanding information. informed choices. suggesting
and generating content or
human language. products.

Al is the overarching goal.

Machine Learning is one powerful way to get there.

Nikhil & Mitali



What is Machine
Learning?

Machine Learning (ML) is a way to teach machines using examples
instead of instructions. Instead of telling a machine all the rules, we
show it data and it figures out the patterns on its own.

For example: Instead of explicitly programming "All cars are red and have 4 wheels," we
show the machine hundreds of labeled car images. It then learns to recognize what a

"Car" truly looks like, even with different colors or designs.

Machine Learning is one of the most
important tools for building intelligent
systems today.
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How Do Machines
Learn?

Feed Data Make Predictions
Toys marked "Car" or "Not Car" Sort new toys using what it learned
S O X
Learn Patterns

From toy size, shape, color, etc.

Like teaching a child by showing
examples, not by writing rules.
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Types of Machine Learning

Just like there are different ways to teach a child, there are different approaches to machine learning:

Supervised Learning Unsupervised Learning Reinforcement Learning  Self-Supervised Learning
Learn from labeled toys Find toy groups without labels Robot gets rewards for sortingtoys ~ Learn by guessing missing toy parts
correctly

Let's explore each type in detail.
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Supervised Learning

Imagine teaching a child to identify different toys. You show them a toy car and say "Thisis a car,"
then a toy truck and say "This is a truck." That's Supervised Learning : machines learn from labeled

examples.
1. Feed Data 3. Make Predictions
Show the machine many examples, like Now, when shown a new, unlabeled toy,
pictures of toys clearly labeled "car" or "not the machine can confidently say if it's a
cal "car" or not.

S O X4

2. Learn Patterns

The machine analyzes these labeled
examples to find common features that
distinguish a car from other toys.
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Unsupervised Learning

Imagine giving a child a big box of mixed toys - cars, blocks, and dolls, but you don't tell them what
each toy is. Instead, you ask them to sort them into groups that make sense. That's Unsupervised
Learning: finding hidden patterns and grouping the data without any labels or prior instructions.

1. Feed Data 3. Make Predictions
Show the machine many examples, like a When given new, unlabeled toys, the
big pile of different kinds of toys without machine places them into the groups it has
any labels. discovered based on their features.

S O X

2. Learn Patterns

The machine identifies similarities (e.g., all
red toys, all square toys) and organizes
them into groups.
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Reinforcement Learning

Imagine a robot trying to play a game but without any explicit instructions. Instead, it learns by trial
and error, receiving "rewards" for good moves and "penalties" for bad ones. That's Reinforcement

Learning: learn through feedback and consequences, aiming to maximize the rewards.

1. Feed Data 3. Make Predictions
The robot tries different ways to sort or Over many tries, the robot refines its
classify toys, like guessing where each toy strategy to consistently choose actions that
belongs. lead to the most rewards.

S O X

2. Learn Patterns

It learns which actions getit a "reward" (a
positive signal) and which lead to a
"penalty" (a negative signal).
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Self-Supervised Learning

Imagine giving a child a toy with a missing arm but you don't tell what's missing and instead they
learn to figure it out by looking at the rest of the toy. That's Self-Supervised Learning: machines learn
by creating their own learning tasks from the data itself, like filling in the blanks.

1. Feed Data 3. Make Predictions
Show the machine many examples of toys, Now, when given new incomplete toys, the
but with parts of the information machine accurately completes them using
intentionally hidden or missing. the patterns it discovered.

S O

X4

2. Learn Patterns

The machine tries to reconstruct the
missing parts based on the existing

information.
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ML Algorithms

Just as a carpenter has different tools for different jobs, Machine Learning uses various "algorithms" to solve different problems. Each of the Machine

Learning techniques has many different algorithms and next we will explore some of the most common Supervised and Unsupervised ML algorithms.

What are ML algorithms? Why different algorithms?
Think of ML Algorithms as specialized "toy sorters." Each one has a unique Just like you wouldn't use a car sorter for blocks, different problems need
strategy or set of rules to learn patterns from toy data and then sort or different algorithms. Some are great at predicting, others at grouping, and
identify new toys. some at finding subtle connections.
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Supervised Machine Learning
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Linear Regression

Imagine you're rolling toy cars down a ramp and want to predict how far a new car will roll just
by knowing its size. Linear Regression helps us do exactly that!

Goal @

Predict a specific value (like
distance rolled) by finding a

simple straight-line relationship {%
Methodology

It finds the single "best fit" straight
line that runs through all your data

between different pieces of data
(like car size).

points, showing the general trend.
Example OAD This line is then used for
Based on your previous rolls, the predictions.
model learns that "Bigger toy cars

generally roll further down the
ramp." It then uses this rule to
guess how far a new car will go.
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SMALL TOYS

Logistic Regression

Now, imagine you want to sort your toys into just two groups: those that 'fit in the small box'

and those that are 'too big for the small box'. Logistic Regression helps us make these kinds of

"yes/no" or "either/or" decisions!

Goal

Categorize things into one of two
groups (like yes/no, true/false, or
fit/don't fit).

Example

Predict if a new toy will 'fit in the
box' or be 'too big for the box'
based on its size and the model's

learned curve.

@

Methodology

It uses a special S-shaped curve
(called a logistic curve) to decide
where to draw the line between

the two categories.
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Support Vector Machine

Imagine you have a pile of toy cars and toy planes, and you want to draw a line on the floor to
separate them. Support Vector Machine (SVM) doesn't just draw any line; it finds the best possible
line that creates the widest "street" or gap between the two groups of toys. This "street" acts like a

safety buffer, making the separation super clear!

Goal

To create the widest possible "street"
between different groups of data
points, making their separation as
clear as possible.

Example

Like creating the widest possible
path between your toy cars and toy
planes, ensuring no toy accidentally

crosses into the wrong zone.

e
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Methodology

It finds the optimal dividing line
(called a hyperplane) that maximizes
the distance to the nearest data
points of each class, known as
"support vectors".
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NcA R A, T Decision Trees
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Goal @

To classify or predict an outcome by
following a logical path of simple,

sequential questions based on the
A : . ot} Methodology
ata.
It builds a tree-like structure where
each internal "node" is a question,
B 1 7 each "branch" is an answer, and each
Rape oo "leaf" (end point) is the final
Sort toys by asking: "ls it soft?" classification or decision.

(Yes/No) If yes, "Does it have
wheels?" (Yes/No). This process

continues until the toy is categorized.
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Random Forest

Improved version of Decision Trees. Imagine you have not just one, but a whole "forest" of toy-
sorting Decision Trees. Instead of relying on a single tree, you let them all sort the toys, and then you
combine their individual answers to make a super-reliable final decision!

Goal @

Make much better and more accurate
decisions by combining the

"opinions" of many different
Decision Trees. @ MethOdOIOgy
It builds many individual Decision
Trees, each trained on a slightly
A different subset of the data. Their
ERampie oo individual predictions are then
Like asking multiple friends how to "voted" on to get the final outcome.

sort your toys, then taking the most
common answer among them for the
best classification.
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Gradient Boosting Machine

Improved version of Decision Trees. Imagine you have a team of toy sorters, and each one learns from the

mistakes of the previous sorter, making the overall sorting process better and better. That's how Gradient
Boosting Machine works!

In Bitt's ding tree
tree misstbes. 4

Goal @

To continuously improve predictions by
building a strong model from many
weaker ones, learning from their errors.

& Methodology

It builds a sequence of Decision Trees,

where each new tree focuses on

correcting the errors made by the

am A

Example o previous trees, gradually reducing the
Fix |loy sortile & Like having toy sorters who learn from overall prediction error.
trree mistakes ? ; -

— N each other's mistakes: the first one

sorts, the next one corrects the first's
errors, and so on, until all toys are

. k) “+ F‘tﬂl mistal
. -

mistak%

perfectly sorted.
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K-Means Clustering

Imagine you have a big pile of mixed-up toys, and you want to sort them into groups of similar toys
without knowing exactly what groups you have beforehand. K-Means Clustering is like a super-smart
sorting helper that can do this automatically!

Goal @)

Group similar things together
automatically without any predefined

categories. oy Methodology

It picks a few "group leaders"
(centroids) and then assigns every item
to the nearest leader. It then moves the

| w.“.jsf":z,'

Example <o leaders to the center of their new

4F
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groups and repeats until the groups are
stable.

L

Like toys finding their "friend groups"
based on how similar they are. First,

I‘Y‘ ' ¢

some toys volunteer to be group

"‘

leaders, then all other toys join the
leader they look most like. The leaders
then adjust their positions to be truly in
the middle of their new friends.

Nikhil & Mitali




Principal Component
Analysis (PCA)

Imagine you have a complex 3D toy, but you can only take a flat photo of it. How would you take that photo to
show the most important details without making it look squished or confusing? Principal Component Analysis
(PCA) helps us do just that with data: it finds the best flat 'picture' of complicated information!

Goal @
To simplify complex data by finding the

most important features, like turning a 3D

object into its best 2D view. |
== Methodology

(no)
x_rg} J

Itidentifies the "directions" (principal
components) in the data that capture the
i most variation, then projects the data onto

Example
Like finding the perfect angle to

&

these new, most informative dimensions.

photograph your 3D toy, ensuring the
picture captures its most distinguishing

features without losing important details.
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Your Al Journey Begins!

We've journeyed through the core concepts of Machine Learning, and explored several powerful algorithms from
supervised to unsupervised learning. This guide provides a foundation for understanding how machines learn and make

decisions.

The field of Al is vast and ever-evolving. This is just the beginning of your exploration into its fascinating world. Keep
learning, experimenting, and discovering the incredible potential of intelligent systems!
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