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Today: Models for 
supervised learning

• (Mostly) linear models 

• Focus on classification 

1. Non-Probabilistic Models 

• Nearest Neighbor (k-NN), Support Vector Machines 
(SVMs) 

2. Probabilistic Models 

• Naive Bayes
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Supervised learning
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• 1-NN 
Instance classified 
according to its nearest 
neighbor

xi�

xj

i� = arg min
i

dist(xi, xj)

yj = yi�
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x1

x2 • K-NN 
Instance classified 
according to the majority 
of its K nearest neighborsxj

k = 5 (assumption)

i = arg sorti dist(xi, xj)

yj = majority(i:5)
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x1

x2

• weighted-NN 
Instance classified 
according to all 
neighbors. The 
contribution of each 
neighbor is weighted by 
its distance.



Linear Classification
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Linear Classification

x1

x2

y(x) = w!x+w0



Linear Classification

x1

x2

y(x) = w!x+w0

(w�x+w0) > 0 =�
(w�x+w0) < 0 =�

w

−w0
‖ w ‖

Decision
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ɵ(ɴ)
||ɯ||

<latexit sha1_base64="ihOVAqpLy4tE75lsua+/Uh+6Xw0="></latexit>
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x1

x2 ŷ = sign(w!x)

ɵ(ɴ)
||ɯ||
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x1

x2

Margin

The objective is to find the separating boundary that maximizes the margin

ɵ(ɴ)
||ɯ||

<latexit sha1_base64="ihOVAqpLy4tE75lsua+/Uh+6Xw0="></latexit>



Probabilistic Models 
for Classification



x Model y

P(y = k|x)x Probabilistic  
Model

yDecision  
Rule

Probabilistic  
Modelling

Non-Probabilistic  
Modelling

Probabilistic Models separate  
Decision and Inference
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Probabilistic Modelling
1. Posit a model: P( X, Y ) 

• How the data is generated 

2. Parametrize the distributions: P( X, Y | Parameters ) 

3. Set the objective (e.g., MLE)  

4. Learn the parameters of the model: 

• E.g., Naive Bayes: learn the parameters of the class 
conditional P( X | Y ) and of the prior P( Y ) 

5. Use the model (e.g., for predictions)
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{Often  
inteertwinned


