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K-means Clustering

1.Choose N centers

2.Assign paths to nearest

3.Compute centers

4.Assess

5.Write “codebook”
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Example: speech frame cla

•256 pt DFT, 128 spec vals, take log

•Use K-means, find 64 centers, mak

•Assign each spectrum to a codebo

co-occurences with phoneme labe
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•Gaussian mixtures

•Neural networks
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Gaussian Mixtures

p x ωk j = 1,( )

p x ωk( )

p x ωk j =,(

∑

x

cMc1

p x ωk( ) p j x ωk,( )
j 1=

M

∑ p j ωk( )
j 1=

M

∑= =

   

cj

cj prob x originated from distj=



EE 2

N.M 10.9

 STATISTICAL PATTERN RECOGNITION

tion
nd-Maximize)

meters

unknown

imize E
25D

ORGAN / B.GOLD LECTURE 10

LECTURE ON

Expectation Maximiza
(Also sometimes called Estimate-a

•Potentially quite general

•Cannot analytically determine para

•E step: Conditional Expectation of 

variable given what is known

•M step: Choose parameters to max
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Let k be hidden variables

x be observed

θ be params

θold old params
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Gaussian Mixture
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EM Summary
•Choose parametric form

•Choose initial values

•Compute posterior estimates for hi

•Choose parameters to maximize ex

density (observed, hidden)

•Assess goodness of fit

•Good enough          StopYes
o
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