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Outline
EM for ICA: Model, Cost and Optimization

Numerical Example I & II

Analysis of low noise limit (EM and VB-EM)

Conclusions
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EM for ICA: Model and Cost
Model: Mean Field ICA [Højen-Sørensen et al. 2002]
Linear mixing and gaussian noise

Cost function
Lower bound on log likelihood
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EM for ICA: Optimization
Expectation Maximization (EM)
[Dempster et al., 1977]
[Neal and Hinton, 1993]

Adaptive Overrelaxed EM 
(Adap EM)
[Salakhutdinov and Roweis, 2003]

Easy Gradient Recipe
”Gradients for the cost of EM steps”
[Olsson et al., 2005]
[Salakhutdinov et al., 2003]

Gradient based optimizers
e.g. UCMINF (BFGS w line search)
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EM for ICA: Bound and log likelihood
Important difference: 

EM is maximizing the bound

Easy Gradient Recipe is 
maximizing the true log 
likelihood 
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Numerical Example I

25Easy Gradient

16Adap EM

729EM

IterationsOpt. Method

• Mean Field ICA
• Noise variance 0.01
• A 2x2 mixing matrix



Kaare Brandt Petersen 7

Informatics and Mathematical Modeling / ISP Group

Numerical Example II

0%7%93%Easy Gradient

39%47%14%Adap EM

98%2%0%EM

100+
Iterations

50-100
Iterations

0-50 
Iterations

Opt. Method

• Mean Field ICA
• Noise variance 0.01 
• 300 random 2x2 mixing matrices
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Analysis: The Low Noise Limit
EM for ICA [Bermond et al. 1999, Petersen and Winther 2005]

Update of e.g. mixing matrix A

Variational Bayes EM for ICA [Petersen et al. 2005]

Update of hyperparameters (moments) 
of the mixing matrix distribution

where r² = 1/<1/s²> is the order parameter
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Conclusions
EM is very slow 

(Variational Bayes EM is also 
slow in the low noise limit)

Nice alternatives:
- Adaptive Overrelaxed EM
- Easy Gradient Recipe
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