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Statistical Pattern Recognition

Many sources of variability in speech signal
Much left over after deterministic factors
Powerful statistical math

More general way of handling discrimination
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Statistical Discrimination Functions

Minimum Error Classifier and Bayes Rule
eGaussian Classifiers

Discrete Densities

*Mixture Gaussians

Neural Networks
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Random Variables

Continuous Discrete

temperature energy at 500Hz (temp< 70F) or (temp= 70F)
energy< 60 dBSPL at 500Hz

[L.p(x)dx = 1 >p(x) =1
P(X) A

[.P(x y)dxdy = 1

_ p(xY)
() = B »

p(y|®) = RXY)

p(x) @
\
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P(X y) = p(X|y)p(y)

P(x y) = p(y[X)p(X)

_ P(Xy)p(y)
p(X)

p(YIX)
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likelihood
¥

p(wi|X) = p(X|0.).)p(0.),) <« Class prior

/ pP(X)

a posteriori probability

MAP Decision Rule

choosda such that

p(w|x) >p(w|x) O j#I
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X observed random variable

® ((<isK) 1

p(wi[x) >p(w[x) D (#1)

2 - class case :

E p(ow,|X) if (xO w,)

plerrorx) = O p(0,]x) If (XU w,)

p(error) = [p(error, x)dx = [p(erronx)p(x)d(x)
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_ P(X{w)p(w)
p(X)

p(wi|X)

p(@]X) _ PO)P(®) _
p(w|x) P(Xw)p(w)

1

P(X|w) S p(w)
p(X|w) p(w)

logp(X|w) + logp(w)
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pP(X) = Zp(x, W) = Zp(x|0~)i)p(0~)i)

P(X|w)

p(wi|x)
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FIGURE Z.0i. Hypothetical class-comnditional probability density funciions.

PROBABILITY

BRIGHTHRESES — X

FIGURE 2.2. A posteriori probabilities for Ploc,d = Fy Pllongd =
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How to Approximate Bayes Classifier

eParametric form with single pass estimation
Discretize, count co-occurences
elterative training (gaussian mixtures, neural nets)

Kernel estimation
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(X=H)'S (X— W)
Mahalanobis distance

logp(x|w) = K, +K;+MD
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Special Cases
If :
5 = o’l
(all features have the same variance, no correlation)
then a function to minimize is :
D(x) = X=Bl® _150p(w
(x) = PoEL ~logp(w)
or
D'.(x) = |[x—w|? ifall p(w) are equal
Minimum distance classifier !
N /

N.MORGAN / B.GOLD LECTURE 9 9.15



EE 225D

LECTURE ON STATISTICAL PATTERN RECOGNITION

-

N

Minimum distance classifiers, using Euclidean

~

distance, are only optimum if (assuming Gaussian)

eEqual priors
eUncorrelated Features

If priors are unknown, a reasonable guess Is

minimum distance with Mahalanobis distance.
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4 = & 4l covariance matrices are equal

setting
D.(X) = ZM?(x, m) ~logp(w)
or
M2(x, m) = (x—m)"& (x—m)
= X'gX—2xgm+mgm

indeg of | Indep of X

N /

N.MORGAN /B.GOLD LECTURE 9 9.17




EE 225D LECTURE ON STATISTICAL PATTERN RECOGNITION

4 )

D:@(X) = —w'X+ W,

where

and

Wio %mTé_lm_ |ng(W.)

Linear Classifier !

(Hyperplane decision boundry)
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General Gaussian Case

4 arbitrary

Di(X) = X"WX+ WX+ W,

Quadratic Classifier
Gaussians are completely specified by 1st and 2nd order statistics.

|s this enough ?
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s e 4 UNSUPERVISED LEARMING AMND CLUSTERING

FHEFLIRE &.7. Faidm scis having desdical s=cond-arder sinlistics
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