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coefficients of expansion or projec�on Determinants 

 Eigenvalues and Eigenvectors 

 
Variance 

Covariance 
Decomposi�on of Σ 

 
Gaussian Distribu�on 

 
Linear Transforma�ons  

 Whitening Transforma�on  

 
average probability error   

 
Condi�onal Risk 

The overall risk   

 
Discriminants 

Discriminant (Mul�variate Gaussian) 

 Case 1 Discriminants 
 

Case 2 Discriminants 

 

Case 3 Discriminants 

 

Error Bounds   
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MAP for MultV Gaussian Unknown θ=μ 

 

BE 

 BE:  UniV Gaussian, Unknown θ=μ, Known σ and p(μ) 

 
BE: MultV Gaussian, Unknown θ=μ, Known Σ and p(μ) 

Recursive Bayes Learning 
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