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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 classification

256 pt DF

, 128 spec vals, take log power

Use K-means, find 64 centers, make table

~

*Assign each spectrum to a codebook entry, count

co-occurences with phoneme labels, get probs
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Estimators requiring iterati ve training
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eGaussian mixtures

Neural networks
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Gaussian Mixtures
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Expectation Maximization
(Also sometimes called Estimate-and-Maximize

| ~4
N’

*Potentially quite general

«Cannot analytically determine parameters
E step: Conditional Expectation of unknown
variable given what is known

M step: Choose parameters to maximize E
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Let k be hidden variables
X be observed
0 be params

0.« old params

E{logp(k x0)} = ;p(kl X Ba4)l0g[ p(k, X 0)]

= 3 P(K| X 8)log[ p(K| x 8) p(x|6)]
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Q(6, 6,) = gp(k| X Bo0)l0g[ P(K| (X 6))]

Sumstol
* 50460 Loglp(0)

. Indep. of k

Q(Beig, Bia) = ZP(K| X, B010)109[ P(K| X B014)] +10gP(X|B01a)

diff = logp(x|0) —logp(X|6..)

P(K| % B.1)
p(k| % 6)

-3 p(K| % Bua)log

- /

N.MORGAN /B.GOLD LECTURE 10 10.12




EE 225D LECTURE ON STATISTICAL PATTERN RECOGNITION

Gaussian Mixture

p(x(8) = 5 p(x k) = 5 p(K|8)p(x|k )

Log Joint Density
logp(x, k|8) = log[p(k|6)p(x|k 6)]

Q=3 5 P(K % 0,009 p(k/8)p(x K, O)]

= 3 3 p(K|%, B,.)logp(k|6)

> Y P(K| %, B.4)logp(x|k, 6)

k=1n=1
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EM Summary

noose parametric form

noose Initial values

~

~eCompute posterior estimates for hidden variables

*Choose parameters to maximize expectation of join

density (observed, hidden)

*Assess goodness of fit

- -cc)Bood enoughYe—S» Stop
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