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Unsupervised MFA clustering
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Unsupervised dataUnsupervised data
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Unsupervised daUnsupervised datata
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Gaussian mixturesGaussian mixtures

Assumption: 
unsupervised data 
are sampled from
Gaussian mixtures
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X={x[t]}t
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Gaussian Gaussian pdfpdf
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Weight sum of Gaussian Weight sum of Gaussian pdfspdfs
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Fitting Gaussian mixturesFitting Gaussian mixtures
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Objective functionObjective function
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E stepE step
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M stepM step

Solve 
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1. Set each vik near zero randomly, 
set yk near the mean of all xi

2. Fix beta to one
3. E step: determine all vik using eq (E1-2)
4. M step: use eq (M1) to update all yk

use eq(M2) to update matrix A
5. If the halting condition holds, halt
6. Go to step 3

EM methodEM method
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ExerciseExercise

Derive updating rules for the M step
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Annealed EMAnnealed EM
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Free energyFree energy

•• Combination of mean energy and negative Combination of mean energy and negative 
entropyentropy
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Randomization Randomization 

•• Boltzmann assumptionBoltzmann assumption
–– is regarded as a random vectoris regarded as a random vector

•• Free energyFree energy

))E(exp(-)Pr( δδ β∝

)(1)E(F δδ H
β

−=

δ



Adavanced Numerical Computation 2008, 
AM NDHU 25

{ }

divergence )Leiberg(KL-Kullback
on  based  Derived

])[(1-)][E(

)(1)E(F

∑≈

−=

t
tHt

H

δδ

δδ

β

β



Adavanced Numerical Computation 2008, 
AM NDHU 26

{ }

∑ ∑

∑∑

∑

−

+=

≈

t j
j

t
k

k
k

t
t

tu

tutv

Ht

])[exp(ln1

][][)E(

1-)][E(F

β
β

β

v

δ



Adavanced Numerical Computation 2008, 
AM NDHU 27

∑
=

∂
∂

−=

∀=
∂
∂

=
∂
∂

j
j

k
k

k
k

kk

tu

tutv

tv
tu

tk
tutv

])[exp(

])[exp(][

,
][
)E(][

,,0
][

F,0
][

F

β

β

v

Mean field equationMean field equation



Adavanced Numerical Computation 2008, 
AM NDHU 28

Free energyFree energy
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Saddle pointSaddle point
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Updating rulesUpdating rules
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ExerciseExercise

•• Implement unsupervised MFA learning for data Implement unsupervised MFA learning for data 
clusteringclustering
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Data setData set
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Data setData set


