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Introduction to Machine Learning
Instructor: Prof. Ganesh Ramakrishnan
Lecture 2 - Supervised vs. Unsupervised Learning
and Method of Least Squares



Supervised vs Unsupervised

Task: Given a basket of fresh fruits, you are asked to identify the
type of each fruit in the basket
Eg: apple, banana, cherry, grape

Case: 1
e Observations: Size (parametrised using length, breadth,
etc.), Shape, Colorl we\jhb, A“W\}a, Vb\u.mci Se
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Supervised vs Unsupervised

Task: Given a basket of fresh fruits, you are asked to identify the
type of each fruit in the basket

Eg: apple, banana, cherry, grape

Case: 1

e Observations: Size (parametrised using length, breadth,
etc.), Shape Color. - ..

o ruits in the basket along W|th thelr labels

e Goal: Develop ab|||ty to aSS|gn labels to new frwts based on

observations made on them m \abels
o Supervised Learning: Achieve the Goal by learning from
Train data
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@ Given no label on each fruit, could you organize the basket by

clubbing together fruits of the same type?

o E.g.:: Group together fruits that exhibit similar shape or color
@ Groupings on the basis of color:
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Case 2:

@ Given no label on each fruit, could you organize the basket by
clubbing together fruits of the same type?

o E.g.:: Group together fruits that exhibit similar shape or color

@ Groupings on the basis of color:

e Red Color Group: Apples and cheery
o Green Color Group: Bananas and grapes

@ Groupings on the basis of size:



Case 2:
@ Given no label on each fruit, could you organize the basket by
clubbing together fruits of the same type?
o E.g.:: Group together fruits that exhibit similar shape or color
Groupings on the basis of color:

)
E e Red Color Group: Apples and cheery
~- g o Green Color Group: Bananas and grapes
&

(]
-8 & @ Groupings on the basis of size: ¥ ahons
é‘é e Red color and big size: Apple (‘I:\C:C)d OE:.:;“Z\G_

» S e Red color and small size: Cheery doste

<] o Green color and big Size: Banana S‘\

3%’ e Green color and small Size: Grapes K

@ This is unsupervised learnin / \

ln cose Ynewe 1s amby m% (ca: ""3 \arm&sma

L, You can faclov Wn ~move Obsexvatons f"""n.j"
4 Y(bba\m\\s\\"— mc.r-n‘\::‘.,

Ly Yo can AM\O; “medds £



n fFae.\"
Lenc&\f

wen Suya'r\hsca lcamg Co \3

M athabule
rovo suth oo tastz

L, Move ¢>\c>.5ex\lar\'\tm$‘<Mwe labaled

L Bobabilishic m™moddls ojf

newtant; / cevtanty

|- Pt (orange.) R (svange)




Key Difference between Supervised and Unsupervised

Learning
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@ Supervised learning = Observed output is specified in the
sample

@ Unsupervised learning = Desired output is unobserved
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Three Canonical Learning Settings

1 Regression - Supervised
o Estimate parameters, E.g. least square fit
-
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2 Classification - Supervised (Student blgd ' ML
o Estimate class, E.g. handwritten digit classificationcp < ose
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Three Canonical Learning Settings (contd.)

3 Unsupervised Learning - Model the data Y
o clustering (“ﬂl\a\nr_ cdoh Aont 1‘3-\5')
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Supervised Learning: More formally

Functions F Training Data

f:X=>Y {(xX.y)eXxVY}
s exoviPle \ndest

Supervised Learning

Functions F Training Data
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@ Machine Learning in General ‘\.\
o Supervised Learning «*
o Unsupervised Learning A X @5 \t
e Applications and examples
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@ Canonical Learning Problems \Dq'kca& K
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