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EM for ICA: Model and Cost

B Model: Mean Field ICA [Hgjen-Sgrensen et al. 2002]
Linear mixing and gaussian noise

xX; = As; + 1y
n, ~N(0,X), s;~p(s¢v), 8={A 3 v}

m Cost function
Lower bound on log likelihood

B(#,¢) < L(6) = Inp(Data|d), B(8,¢) = / q(S|¢) In
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EM for ICA: Optimization

B Expectation Maximization (EM) B Easy Gradient Recipe
[Dempster et al., 1977] “Gradients for the cost of EM steps”

[Neal and Hinton, 1993] [Olsson et al., 2005]
[Salakhutdinov et al., 2003]

E-step: ¢ = maxg B(6, ') . : .
- function [L, %5
M-step: 6 = maxg B(6', ¢)

1 Find ¢" such that “:‘i &= 0

® Adaptive Overrelaxed EM Calculate £ = B(0, ¢")
(Adap EM) 3 Calculate 'r—"é — %uﬁ o")
[Salakhutdinov and Roweis, 2003] :

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

Important difference:

B EM is maximizing the bound

B Easy Gradient Recipe is
maximizing the true log
likelihood

Cost function values

8 9.  Parametere ——*
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Numerical Example I

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

Opt. Method Iterations
=\ 729
Adap EM 16

Easy Gradient 25
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Numerical Example II

e Mean Field ICA
e Noise variance 0.01
e 300 random 2x2 mixing matrices

Opt. Method 0-50 50-100 100+
Iterations Iterations Iterations

EM 0% 2%
Adap EM 14%,

Easy Gradient
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Analysis: The Low Noise Limit

B EM for ICA [Bermond et al. 1999, Petersen and Winther 2005]
Update of e.g. mixing matrix A

‘L‘L'” +1 = *'LX'.r;- + O | LT::;1 |
B Variational Bayes EM for ICA [Petersen et al. 2005]

Update of hyperparameters (moments)
of the mixing matrix distribution

(A1 X (S} [(SST) + 237 = (A), +O(r?

Var(A),.1 = — 0+ 0O r2)

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

m 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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