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Optimal hyper plane
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Optimal hyper plane

Predict the New Data Item

Support Vector Machine
• “Support Vector Machine” (SVM) is a 

supervised machine learning algorithm which 
can be used for both classification or 
regression challenges

• perform classification by finding the hyper-
plane that differentiate the two classes very 
well
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Identify the right hyper-plane 
(Scenario-3)

• Some of you may have 
selected the hyper-
plane B as it has higher 
margin compared to A
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Can we classify two 
classes (Scenario-4)

• outlier for star class
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Find the hyper-plane to segregate to classes 
(Scenario-5)

• SVM can solve this 
problem. Easily! It 
solves this problem by 
introducing additional 
feature. 

18

kernel trick.
• Here, we will add a new feature 𝑧 = 𝑥ଶ + 𝑦ଶ.

• All values for z would be positive always 

because z is the squared sum of both x and y

• In the original plot, red circles appear close to 

the origin of x and y axes, leading to lower 

value of z and star relatively away from the 

origin result to higher value of z.

19

K Nearest Neighbour
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Nearest Neighbor Classifiers

• Basic idea:
• If it walks like a duck, quacks like a duck, then it’s probably a duck

Training 
Records

Test 
Record

Compute 
Distance

Choose k of the 
“nearest” records

Basic Idea

• k-NN classification rule is to assign to a test sample the 

majority category label of its k nearest training samples

• In practice, k is usually chosen to be odd, so as to avoid ties

• The k = 1 rule is generally called the nearest-neighbor 

classification rule

Definition of Nearest Neighbor

X X X

(a) 1-nearest neighbor (b) 2-nearest neighbor (c) 3-nearest neighbor

K-nearest neighbors of a record x are data points 
that have the k smallest distance to x

Distance-weighted k-NN
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General Kernel functions like Parzen Windows may be considered 
Instead of inverse distance.
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Predicting Continuous Values
Replace

by: 

• Note: unweighted corresponds to wi=1 for all i

å

å

=

==
k

i
i

k

i
ii

w

xfw

qf

1

1

)(

)(ˆ

å
=Î

=
k

i
ii

Vv
xfvwqf

1

))(,(maxarg)(ˆ d

Nearest-Neighbor Classifiers: Issues

– The value of k, the number of nearest neighbors to retrieve

– Choice of Distance Metric to compute distance between records

– Computational complexity

– Size of training set

– Dimension of data

Value of K

• Choosing the value of k:
• If k is too small, sensitive to noise points
• If k is too large, neighborhood may include points from other 

classes

Rule of thumb:
K = sqrt(N)
N: number of training points

Distance Metrics
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Naïve Bayes

Naïve Bayes

30

• Bayes classification

Difficulty: learning the joint probability                  

• Naïve Bayes classification
– Making the assumption that all input attributes are independent

– MAP classification rule
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Naïve Bayes
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• Naïve Bayes Algorithm (for discrete input attributes)
– Learning Phase: Given a training set S, 

Output: conditional probability tables; for             elements

– Test Phase: Given an unknown instance                    , 

Look up tables to assign the label c* to X’ if
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Example
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• Example: Play Tennis
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Example
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• Learning Phase

Play=NoPlay=YesOutlook

3/52/9Sunny

0/54/9Overcast

2/53/9Rain

Play=NoPlay=YesTemperature

2/52/9Hot

2/54/9Mild

1/53/9Cool

Play=NoPlay=YesHumidity

4/53/9High

1/56/9Normal

Play=NoPlay=YesWind

3/53/9Strong

2/56/9Weak

P(Play=Yes) = 9/14 P(Play=No) = 5/14

Example

34

• Test Phase
– Given a new instance, 

x’=(Outlook=Sunny, Temperature=Cool, Humidity=High, Wind=Strong)
– Look up tables

– MAP rule

P(Outlook=Sunny|Play=No) = 3/5
P(Temperature=Cool|Play==No) = 1/5
P(Huminity=High|Play=No) = 4/5
P(Wind=Strong|Play=No) = 3/5
P(Play=No) = 5/14

P(Outlook=Sunny|Play=Yes) = 2/9
P(Temperature=Cool|Play=Yes) = 3/9
P(Huminity=High|Play=Yes) = 3/9
P(Wind=Strong|Play=Yes) = 3/9
P(Play=Yes) = 9/14

P(Yes|x’): [P(Sunny|Yes)P(Cool|Yes)P(High|Yes)P(Strong|Yes)]P(Play=Yes) = 0.0053
P(No|x’): [P(Sunny|No) P(Cool|No)P(High|No)P(Strong|No)]P(Play=No) = 0.0206

Given the fact P(Yes|x’) < P(No|x’), we label x’ to be “No”.

Decision Trees

Intro AI Decision Trees 35

Outline

• Decision Tree Representations

• ID3 and C4.5 learning algorithms (Quinlan 1986)

• CART learning algorithm (Breiman et al. 1985)

• Entropy, Information Gain

• Overfitting

Intro AI Decision Trees 36
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Training Data Example: 

Goal is to Predict When This Player Will Play Tennis?

Intro AI Decision Trees 37

Intro AI Decision Trees 38

Intro AI Decision Trees 39

Intro AI Decision Trees 40
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Intro AI Decision Trees 41

Learning Algorithm for Decision 
Trees

Intro AI Decision Trees 42
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What happens if features are not binary? What about regression?

Choosing the Best Attribute

Intro AI Decision Trees 43

- Many different frameworks for choosing BEST have been 
proposed! 
- We will look at Entropy Gain.

Number +
and – examples
before and after 

a split.

A1 and A2 are “attributes” (i.e. features or inputs).

Entropy

Intro AI Decision Trees 44
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Intro AI Decision Trees 45

Entropy is like a measure of impurity…

Entropy

Intro AI Decision Trees 46

Intro AI Decision Trees 47

Information Gain

Intro AI Decision Trees 48
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Intro AI Decision Trees 49

Intro AI Decision Trees 50

Intro AI Decision Trees 51

Training Example

Intro AI Decision Trees 52
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Selecting the Next Attribute

Intro AI Decision Trees 53

Intro AI Decision Trees 54


