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A separating hyperplane (w, b) for a two dimensional training set  

  
  
  
  
  
  
  
  
  
  



Rosenblatt's Perceptron 
  

  
  
  
  

ِDual Representation 
  

  
  



  
  

  
The Perceptron Algorithm (dual form)  

  
  

Limitation of LLMs 
  

Linear classifiers cannot deal with 
o Non-linearly separable data 
o Noisy data 

Also this formulation only deals with vectorial data 
 
 
 



Non Linear Classifiers 
o One solution: creating a net of simple linear 

Classifiers (neurons): Neural Networks 
 

o Other solution: map data into a richer feature 
space including non-linear features, then use a 
linear classifier 

 
Learning in the Feature Space 

 
o Map data into a feature space where they are 

Linearly separable 

 
 

 
Problem with Feature Space  

o Working in high dimensional feature spaces 
solves the problem of expressing complex 
functions 

o BUT: There is a computational problem 
(working  with very large vectors) 

 



Kernel Representation  
  

  

  
 
 
Comments  

  
1. The representation as a square matrix does not depend on the 

nature of the objects to be analyzed. They can be images, 
molecules, or sequences, and the representation of a data set is 
always a real-valued square matrix. This suggests that an algorithm 
developed to process such a matrix can analyze images as well as 
molecules or sequences, as long as valid functions k can be 
defined. 

 
2. The size of the matrix used to represent a dataset of n objects is 

always n * n, whatever the nature or the complexity of the objects. 
For example, a set of ten tissues, each characterized by thousands 
of gene expression levels, is represented by a 10*10 matrix, 
whatever the number of genes. 

 



3. There are many cases where comparing objects is an easier task 
than finding an explicit representation for each object that a given 
algorithm can process. As an example, many data analysis 
algorithms, such as least squares regression or neural networks, 
require an explicit representation of each object x as a vector 

 
 
Gram Matrix 

  

 
 

Kernels as Inner Products 

 
 
 
 

 
 



 
 

 

 

 
 


