
 
Today’s Discussion

 

Review from last time (Sect. 2.1, 2.4)

 

• Bayesian decision theory

• Discriminant functions

 

Normal density: (Sect. 2.5, 2.6)

 

• Normal density function

• Discriminant functions for normal densities

 

Maximum lik elihood estimation: (Sect. 3.1, 3.2)

 
Review fr om last time

 

• Assume knowledge of  and  for all classes.

•

 

Bayes Optimal Classifier

 

:

Decide  if ,  where,
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Discriminant functions

 

Thr ee choices:

#1: 

#2: 

#3: 

Bayes Decision Rule:

Decide  if , 
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Two-categor y case

 

Let:

Bayes Optimal Classifier (

 

Dichotomizer

 

):

Decide  if ; else decide .
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Normal (Gaussian) density

 

One-dimensional (univariate) density:

 = mean

 = variance

 = standard deviation

Let’ s confirm integrals in 

 

Mathematica
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Univ ariate density

 
Multiv ariate normal density

 

 = mean vector

 = 

covariance matrix (symmetric, )

 = dimension

 (alternate notation)
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Multiv ariate density  example



 
Discriminant functions f or normal density
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Case 1: 

 

Equal, uniform covariance matrices:
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Discriminant function (Case 1)

 

 => linear discriminant function

, 
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Examples (Case 1)



 
Examples (Case 1)

 
Examples (Case 1)

 
Non-equal prior s (Case 1)

 
Non-equal prior s (Case 1)



 
Non-equal prior s (Case 1)

 

Case 2: 

 

Equal covariance matrices:
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Discriminant function (Case 2)

 

 => linear discriminant function
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Examples (Case 2)



 
Examples (Case 2)

 

Case 3:  = arbitrar y

 

Arbitrary co variance matrices:
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Discriminant function (Case 3)

 

Quadratic discriminant function:
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Case 3 examples

 

disconnected
region



 
Case 3 examples (2d)

 
Case 3 examples (2d)

 
Case 3 examples (2d)

 
Case 3 examples (3d)



 
Case 3 examples (3d)

 
Case 3 examples (3d)

 
Case 3 examples (3d)

 
Case 3 examples (3d)



 
Case 3 examples (3d)

 
Case 3 examples (3d)

 
Case 3 examples (3d)

 
Case 3 examples (3d)



 
Case 3 examples (3d)

 
Multiple regions

 
Example of decision boundar y deriv ation

 

Two normal-distributed classes: ,  (equal priors)
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Example of decision boundar y deriv ation

 

 (parabola)
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Example of decision boundar y deriv ation

 

Other derivations: 

 

Mathematica
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