
Nonlinear regression 
Linear-in-the-parameters model: 

Nonlinear transformation of the input data x   φ(x) .  
 
                     nonlinear  

   x                transform                     φ(x) 
 
N-dimensional                       M-dimensional   N  M  ? 

Input space                     Feature space 

Nonlinear regression in the input space  linear regression in the feature space. 
Everything is valid but X should be replaced by  

 
 
Regularized LS regression 
 
 
ML and Bayesian solutions too 
Important questions:  
- How to select the φ(x) basis functions?  
- How many basis functions (M) should be used?  
- How to select the basis function parameters (hyperparameters) ? 
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Nonlinear regression 
Basis functions: Gaussian, spline, B-spline, wavelet, … 
Parameters of basis functions:  
e.g. for Gaussian centre point (ci) and width () 
the number of basis functions (M)  
Possible solutions:  
       - all training points (input vectors) 
       - clustering, centre points of the clusters (k-means, Kohonen, centre of Voronoi regions) 
       - OLS 
 
 

  



Nonlinear regression 

Kernel methods ( adifferent representation of the modeling problem) 
A simple kernel representation (starting from the LS solution) 
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separating curve separating sheet separating line 

Input space                               feature space                                 kernel space 

x                                                     (x)                                              K(x,xi)= T(x) (xi)             

Kernel trick  

Nonlinear regression 



Nonlinear regression 
SVM (support vector machines) 
More natural to start with the linear classification version! 
A simple linear classification task: 
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SVM classification 
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Lagrangian: 



  

      

SVM classification 
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How to solve Q(): Quadratic programming (Q.P.) 



SVM classification 

Using slacking variables 
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SVM classification 
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Nonlinear version 
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Linear 

 
Polynomial 
(with degree d 

 
 
Gauss (RBF) 

 
 
And many others 

 
 
e.g spline, tanh,  
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Typical kernel functions 

SVM (kernel methods) 
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General properties of the kernel functions 
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SVM regression 
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Nonlinear regression 
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Nonlinear regression 
SVM regression 



Nonlinear regression 
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Nonlinear regression 
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Nonlinear regression 

SVM variants: LS-SVM: seeking of conditional extremum using Lagrange multipliers 
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