
Lesson 3

Few Classification Techniques
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Given a dataset D = { x1, x2 x3 … xn } and set of class labels C = { c1 c2 c3 … ck }, 
the task of classification to devise a mapping function f : D -> C.
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{2 ?H}

Pr(CAR| 4,H) = 100%

Pr(CAR| 2,H) =  100%

Pr(BIKE| 4,L) = 100%

Pr(BIKE| 2,L) = 100%

Pr(CAR| 4,L) = 0%

Pr(BIKE|4,H) = 0%
Pr(CAR| 2,L) =  0%

Pr(BIKE| 2,H) = 0%

𝑃𝑟 𝑐𝑖 𝑥 , ∀𝑐𝑖𝜖𝐶

𝒄𝒍𝒂𝒔𝒔 = arg max
𝑐𝑖

Pr(𝑐𝑖|𝑥)
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{2 ?H}

Pr(CAR| 4,H) = 100%

Pr(CAR| 2,H) =  100%

Pr(BIKE| 4,L) = 100%

Pr(BIKE| 2,L) = 100%

Pr(CAR| 4,L) = 0%

Pr(BIKE|4,H) = 0%
Pr(CAR| 2,L) =  0%

Pr(BIKE| 2,H) = 0%

𝑃𝑟 𝑐𝑖 𝑥 , ∀𝑐𝑖𝜖𝐶

𝑃𝑟 𝐶𝐴𝑅 )

𝑃𝑟 𝐶𝐴𝑅 {2,𝐻}) = 1

𝒄𝒍𝒂𝒔𝒔 = arg max
𝑐𝑖

Pr(𝑐𝑖|𝑥)

𝑃𝑟 𝐵𝐼𝐾𝐸 {2, 𝐻}) = 0

𝒄𝒍𝒂𝒔𝒔 = CAR
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Pr 4, 𝐻 𝐶𝐴𝑅 Pr(𝐶𝐴𝑅)

Pr( 4, 𝐻 )

=
0.75 × 0.5

0.375
= 1
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If k (the number of classes) is small,
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If k (the number of classes) is small,

estimating likelihood Pr 𝑤1, 𝑤2,𝑤3…𝑤𝑘 𝑐𝑖 is feasible.
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Pr(𝑐𝑖|𝑥) = Pr 𝑐𝑖 {𝑤1, 𝑤2, 𝑤3…𝑤𝑘}) =
Pr 𝑤1, 𝑤2,𝑤3…𝑤𝑘 𝑐𝑖 Pr(𝑐𝑖)

Pr( 𝑤1, 𝑤2, 𝑤3…𝑤𝑘 )

However, if k (the number of classes) is very large,

estimating likelihood Pr 𝑤1, 𝑤2,𝑤3…𝑤𝑘 𝑐𝑖 is a very expensive task over

a large dataset.
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Pr 𝑤1, 𝑤2,𝑤3…𝑤𝑘 𝑐𝑖 = Pr 𝑤1 𝑤2, 𝑤3 , … , 𝑤3, 𝑐𝑖 . 𝑃𝑟 𝑤2 𝑤3, 𝑤4 , … , 𝑤3, 𝑐𝑖 … . 𝑃𝑟 𝑤𝑘 𝑐𝑖
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Pr(𝑐𝑖|𝑥) = Pr 𝑐𝑖 {𝑤1, 𝑤2, 𝑤3…𝑤𝑘}) =
Pr 𝑤1, 𝑤2,𝑤3…𝑤𝑘 𝑐𝑖 Pr(𝑐𝑖)

Pr( 𝑤1, 𝑤2, 𝑤3…𝑤𝑘 )

To simplify the estimation, we make an assumption

• The features are conditionally independent.
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Pr(𝑐𝑖|𝑥) = Pr 𝑐𝑖 {𝑤1, 𝑤2, 𝑤3…𝑤𝑘}) =
Pr 𝑤1, 𝑤2,𝑤3…𝑤𝑘 𝑐𝑖 Pr(𝑐𝑖)

Pr( 𝑤1, 𝑤2, 𝑤3…𝑤𝑘 )

To simplify the estimation, we make an assumption

• The features are conditionally independent.

Pr 𝑤1, 𝑤2,𝑤3…𝑤𝑘 𝑐𝑖 = Pr 𝑤1 𝑤2, 𝑤3 , … , 𝑤3, 𝑐𝑖 . 𝑃𝑟 𝑤2 𝑤3, 𝑤4 , … , 𝑤3, 𝑐𝑖 … . 𝑃𝑟 𝑤𝑘 𝑐𝑖
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Pr(𝑐𝑖|𝑥) = Pr 𝑐𝑖 {𝑤1, 𝑤2, 𝑤3…𝑤𝑘}) =
Pr 𝑤1, 𝑤2,𝑤3…𝑤𝑘 𝑐𝑖 Pr(𝑐𝑖)

Pr( 𝑤1, 𝑤2, 𝑤3…𝑤𝑘 )

To simplify the estimation, we make an assumption

• The features are conditionally independent.

Pr 𝑤1, 𝑤2,𝑤3…𝑤𝑘 𝑐𝑖 ~ Pr 𝑤1 𝑐𝑖 . 𝑃𝑟 𝑤2 𝑐𝑖 … . 𝑃𝑟 𝑤𝑘 𝑐𝑖 = ෑ

𝑗=1

𝑘

Pr(𝑤𝑗|𝑐𝑖)

Pr 𝑤1, 𝑤2,𝑤3…𝑤𝑘 𝑐𝑖 = Pr 𝑤1 𝑤2, 𝑤3 , … , 𝑤3, 𝑐𝑖 . 𝑃𝑟 𝑤2 𝑤3, 𝑤4 , … , 𝑤3, 𝑐𝑖 … . 𝑃𝑟 𝑤𝑘 𝑐𝑖Bayesian:

Naïve Bayes:
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Pr(𝑐𝑖|𝑥) = Pr 𝑐𝑖 {𝑤1, 𝑤2, 𝑤3…𝑤𝑘}) =
Pr 𝑤1, 𝑤2,𝑤3…𝑤𝑘 𝑐𝑖 Pr(𝑐𝑖)

Pr( 𝑤1, 𝑤2, 𝑤3…𝑤𝑘 )

~ෑ

𝑗=1

𝑘

Pr(𝑤𝑗|𝑐𝑖) Pr(𝑐𝑖)
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Pr(𝑐𝑖|𝑥) = Pr 𝑐𝑖 {𝑤1, 𝑤2, 𝑤3…𝑤𝑘}) =
Pr 𝑤1, 𝑤2,𝑤3…𝑤𝑘 𝑐𝑖 Pr(𝑐𝑖)

Pr( 𝑤1, 𝑤2, 𝑤3…𝑤𝑘 )

~ෑ

𝑗=1

𝑘

Pr(𝑤𝑗|𝑐𝑖) Pr(𝑐𝑖)
#Wheel

4

4

4

2

2

2

Class Label

CAR

CAR

CAR

BIKE

BIKE

BIKE

4

2

BIKE

CAR

Height

H

H

H

L

L

L

L

H

Pr 𝐶𝐴𝑅 {4, 𝐻}) = Pr(4|𝐶𝐴𝑅) × Pr(𝐻|𝐶𝐴𝑅) × Pr(𝐶𝐴𝑅)

= 0.75 × 1 × 0.5 = 0.375

Pr 𝐵𝐼𝐾𝐸 {4, 𝐻}) = Pr(4|𝐵𝐼𝐾𝐸) × Pr(𝐻|𝐵𝐼𝐾𝐸) × Pr(𝐵𝐼𝐾𝐸)

= 0.25 × 0 × 0.5 = 0
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Pr(𝑐𝑖|𝑥) = Pr 𝑐𝑖 {𝑤1, 𝑤2, 𝑤3…𝑤𝑘}) =
Pr 𝑤1, 𝑤2,𝑤3…𝑤𝑘 𝑐𝑖 Pr(𝑐𝑖)

Pr( 𝑤1, 𝑤2, 𝑤3…𝑤𝑘 )

~ෑ

𝑗=1

𝑘

Pr(𝑤𝑗|𝑐𝑖) Pr(𝑐𝑖)
#Wheel

4

4

4

2

2

2

Class Label

CAR

CAR

CAR

BIKE

BIKE

BIKE

4

2

BIKE

CAR

Height

H

H

H

L

L

L

L

H

Pr 𝐶𝐴𝑅 {4, 𝐻}) = Pr(4|𝐶𝐴𝑅) × Pr(𝐻|𝐶𝐴𝑅) × Pr(𝐶𝐴𝑅)

= 0.75 × 1 × 0.5 = 0.375

Pr 𝐵𝐼𝐾𝐸 {4, 𝐻}) = Pr(4|𝐵𝐼𝐾𝐸) × Pr(𝐻|𝐵𝐼𝐾𝐸) × Pr(𝐵𝐼𝐾𝐸)

= 0.25 × 0 × 0.5 = 0



Pr 𝑤1, 𝑤2,𝑤3…𝑤𝑘 𝑐𝑖 ~ Pr 𝑤1 𝑐𝑖 . 𝑃𝑟 𝑤2 𝑐𝑖 … . 𝑃𝑟 𝑤𝑘 𝑐𝑖 = ෑ

𝑗=1

𝑘

Pr(𝑤𝑗|𝑐𝑖)

What is one of the estimate in the likelihood is zero?

Pr 𝐶𝐴𝑅 {4,𝑴}) = Pr(4|𝐶𝐴𝑅) × Pr(𝑀|𝐶𝐴𝑅) × Pr(𝐶𝐴𝑅)

= 0.75 × 0 × 0.5 = 0



Pr 𝑤1, 𝑤2,𝑤3…𝑤𝑘 𝑐𝑖 ~ Pr 𝑤1 𝑐𝑖 . 𝑃𝑟 𝑤2 𝑐𝑖 … . 𝑃𝑟 𝑤𝑘 𝑐𝑖 = ෑ

𝑗=1

𝑘

Pr(𝑤𝑗|𝑐𝑖)

What is one of the estimate in the likelihood is zero?

Pr 𝐶𝐴𝑅 {4,𝑴}) = Pr(4|𝐶𝐴𝑅) × Pr(𝑀|𝐶𝐴𝑅) × Pr(𝐶𝐴𝑅)

= 0.75 × 0 × 0.5 = 0



In some of the machine learning tools, you may find

• Naïve Bayes with Gaussian

• Naïve Bayes with Multinomial
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In some of the machine learning tools, you may find

• Naïve Bayes with Multinomial


