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Lecture 6 
Naive Bayes II & Support vector machines I



.



Generative vs Discriminative learning algorithm

Logistic regression

.

Notation: P(A|B) refers to the conditional probability that event A occurs, given that 
event B has occurred.

Want to find a hypothesis which describes P(y|x)

Learning P(y|x) is an example of a discriminative learning algorithm.

x: feature (e.g. hours of studying)
y: label (e.g. passing or failing exam)

Generative learning algorithm: Learn P(x | y) and P(y).



Generative learning algorithm
.

Notation: P(A|B) refers to the conditional probability that event A occurs, given that 
event B has occurred.

Generative learning algorithm: Learn P(x | y) and P(y).

Bayes rule:

Use Bayes rule & Law of total probability:

Law of total probability:



Naive Bayes 
.

An example for a generative learning algorithm: Naive Bayes 

Example: Spam filter
• Feature: Email
• Label: Spam & No Spam



Naive Bayes assumption 
.

Naive Bayes assumption: 

The features are “conditionally independent” given the label.

conditionally independent
A and B are conditionally independent given C if and only 
if, given knowledge that C occurs, knowledge of whether 
A occurs provides no information on the likelihood of B 
occurring, and knowledge of whether B occurs provides 
no information on the likelihood of A occurring.



Naive Bayes assumption 
.

Naive Bayes assumption: 

The features are “conditionally independent” given the label.

Chain rule of probabilities:



Naive Bayes assumption 
.

Chain rule of probabilities:Naive Bayes assumption: 

By the naive Bayes assumption we obtain 

Our model is parametrized (the stuff we need to remember after training) by 



Naive Bayes classifier: Training
.

Indicator function



What to do with a new mail?
.

After training we have the following numbers: 



What to do with a new mail?
.

After training we have the following numbers: 

Alternative: Compare the y = 1 and y = 0 case.  



Naive Bayes classifier: Problem!
.

There is a simple to solve problem with the Naïve Bayes classifier described so far. 

Assume you get an email containing a word from the dictionary which never 
appear in the Trainings set. 



Naive Bayes classifier: Laplace/additive smoothing
.

To solve this problem, we will assume at least a small probability for any event.

Possible interpretation: We assume that each word appeared at least once in 
a spam and in a non spam email. 



Homework 2 (coming in the next days)
.

• In Homework 2 you should implement the Naïve Bayes 
algorithm to make a simple spam filter as described above.

• The template is still under construction.

• Will be posted on the homepage and announced in the discord.  



Support vector machines
.

Features:

Labels:



Support vector machines 
.

We can not separate these by a line!



Support vector machines: Kernel trick 
.

In 3-dimensions we can!



First some basics: Dot product & Hesse normal form
.

Geometric interpretation of the dot product



First some basics: Dot product & Hesse normal form
.

How to describe a hyperplane: Hesse normal form



.

Separate a training set by a hyperplane

Goal: Find a hyperplane which separates the training examples in 
the “best” possible way.



Separate a training set by a hyperplane
.

What would be a good hyperplane to separate these points?
How do we measure if it is good?



Functional margin of a hyperplane 
.

Big functional margin = good

… but..



Support vector machines: Optimal margin 
.

We will normalize the functional margin to 1 and will try to maximize the geometric margin.


