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[ Abstract] Through using sparse Bayesian inference thought, a Feature Selection Probabilistic Classification Vector
Machine ( FPCVM) is designed which can learn optimal classifier and automatically select the most relevant feature
subset. FPCVM is an extension of Probabilistic Classification Vector Machine (PCVM) , which improves the performance
of PCVM on high dimension datasets. It uses zero-mean Gaussian distribution as priori to introduce sparseness both in
kernel functions and feature space ;these priors are preformed as regularization items in the likelihood function to acquire
more generalized model. Experimental results on high dimension datasets and low dimension datasets show that the
algorithm has better classification and feature selection.
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1. [w,b,0] = initialize (initParameter) ;

2. Vector = determine_usefull_vector(w) ;
3. fori = 1 to maxltes do
4. ® = Kernel(X,Y,0);

5. [w""b"™" ] = model_parameter_update { ®,w,b,
Y, vector}
6. 9"" = kernel _parameter _update (X, Y, 0, w™",

new
b"™" ,vector) ;
7. vector™" = determine_usefull_vector( w™") ;

8. if max(abs(w™" —w)) < threshold then
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9. break;
10. end
11. end
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