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What is MISEP? How doesit perform nonlinear | CA/BSS?

MISEP is an extension of INFOMAX to nonlinear | CA/BSS
But How?

+ Wewish to use mutual information (M) as the dependence measure to e minimized.
o INFOMAX minimizesthe mutual information, but

» itislimited to linea ICA,

+ it neads apriori knowledge of the sources' distributions (at least approximately).
+ We shal extend INFOMAX intwo dredions.

+ Extendingit to norinea ICA.

» Using adaptive estimation d the comporents distributions.

o Thisresultsin an extension d INFOMAX, that we cdl MISEP.
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S— sourcevedor
0 — Oobservation vedor

y — vedor of estimated componrents

F —mixture (linea or nonlinea)

G — ICA system (linea or norinea)
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Mutual infor mation as a dependence measure

O)—— :
1 > Y1 0 - Oobservations

y; - estimated comporents

O,— > Y

Mutual infor mation:
o 1(Y)= Z H(,)-H(Y) — sumof margina entropies minusjoint entropy
i
o 1(Y) isaso the Kullbadk-Leibler divergence between |‘| py (%) andthe true distribution py (Y).
i

+ I(y) isnonnegative, and is zero orly if the Y. are independent from one another. It is a good
measure of the dependenceof the ;.
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Expressang the mutual infor mation as output entropy

Yi

Yz

>

Y,

>

v,

+ Themutual informationis hard to minimizediredly. But...

+ If the transformations ; are invertible, the mutual informationis not affeaed: 1(Z) =1(Y).

o If ; isthe awmulative probability function d Y, then Z; is uniformly distributed in [0,1], and

H(Z|)=O

I(Y) = 1(2) = $HEZ)-H(@)

= —H(2)

+ Maximizingthe output entropy isequivalent to minimizing | (Y).
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How do we find the aumulative functions?

Yo

+ INFOMAX (Bell & Sgnowski, 95) — Cumulative functions known a priori (at least
approximately).

+ MISEP — Estimate the CPFs adaptively, by maximum entropy.
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Estimating the awumulative functions (continued)

Yi

O)—» y Y, — 4
G

O)—» Y2 y Y, —» L

I(Y):ZH(Zi)_H(Z) H(Z):ZH(Zi)_I(Y)

+ If the distributions of the Y, comporents were kept fixed, maximizing the H(Z) would be
equivalent to maximizing ead of the marginal entropies...

s ... bu at the end d training (at convergence) the Y; are fixed!

+ If ead of the outputs Z; isbounced in [0]], it will become uniform in that interval, and ead
will bethe CPFof Y, asdesired.

+ ; will haveto be mnstrained to be an increasing function.
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Estimating the awumulative functions (continued)

Yi

O)—» > ¢'1 —» Z;

Y,

0O)—» » Y, — 4

By maximizing the output entropy we will :

+ adapt the output MLPsto yield the CPFs of the Y;;

+ minimizethe mutual information | (Y).

The output MLPs are restricted to yield monaonicaly increasing functions, bounded to [0,1].
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Maximizing the output entropy

H(Z)=H(O) +{logdetJ|)

with J =Z—CZ) (Jacohbian of the transformation).

H (O) isfixed. We need to maximize (logdetJ ).

But how dowe do that?
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Network that computesJ:

0—»

Y:

\Z

W,

W,

—>7

—> J

The upper part of the figure is the separating retwork. The lower part computes the Jacobian.

The lower part isesentially alineaized version d the upper part. Itsinpu is the identity matrix.
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M aximi zation of the entropy (continued)

+ We have to badkpropagate throughthe lower network (and throughthe shaded arrows, into the
upper network).

+ Inpu to the badkpropagation retwork:

dlogdetJ|
0J

— (.J —1)T
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Examples

1. Linear ICA

Two supergaussans
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A supergausdan and a subgaussan
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Nonlinear | CA, two supergaussans
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Two subgaussans
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Nonlinear mixture of two speed signals

(listen to the demo)

Mixture:

o =5 +a(s,)’
0, =5+ a(31)2

Signal to interference ratios:
Mixture: 9.1 dB
Separated: 16.9 dB

Improvement. 7.8 dB
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Problem

L ear ning is often slower than one would exped
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Separation after 350 epochs. Improves very sowly over the next 600 epochs

Why can't the system "spread"” the high-density region into the low-density one?

Possble caise: The units of the MLP are nonlocd. Moving a unit to improve apart of the space

would harm some other part of the space

LuisB. Almeida—ICA 2003
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Solution

Uselocal units (e.g. Radial Basis Function units)

RBF units

74 TN

Nonlinea ICA block

OO0

« Thedired conredionsyield alinea mapping, which isthen modified by the RBF units.

« The RBF units centersare trained by K-means. Radiuses are coomputed by a ssmple heuristic.

« Only the output weights are trained by the gradient of the objedive function.

LuisB. Almeida—ICA 2003
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But more recent results

(which didn't make it into this paper)

+ The spedal advantage of RBFs may be due more to initi ali zation than to locdity.

+ MLPs with hidden unts initialized "crisxrossng' the whole observation space have shown
leaning speeds comparable to those of RBFs.

+ MLPs dont usually need explicit regularizaion, but RBFs do — and the anourt of regularization
hasto be adjusted by handin eadt case.

+ Download the most recent preprint (seelast page).
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Conclusions

» Extenson d INFOMAX
o |CA performed by minimizing the mutual information d the extraded comporents.

o Estimation d the independent comporents and d their distributions performed by asingle

network, with asingle objedive function.
« Can handle awide variety of comporents distributions.
» Ableto perform linea and norinea ICA and norinea source separation.

* Networksof locd unitsyield better performance

» But this may have more to dowith agoodinitiali zation than with the locd units
(seepreprint of new paper submitted to Signal Processng)
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A related iIsaue

Is nonlinear source searation really possble?

+ Purely blind norlinea source separationis an ill -posed problem.
It has an infinite number of solutions, nat trivially related to ore another.

+ But we often solveill -posed problems (e.g. the training d multi player perceptrons).
+ What we nedal is me extrainformation, that is often avail able (e.g. smoathness.

+ We can then use regularizaionto find an esentially unique solution.

o In ou MLP-based examples, the regularizaion inherent to the MLP sufficed.

+ Inthe RBF-based examples we nealed explicit regularization—weight decay.

+ Butin all our test cases we were ableto perform nonlinear source separation.
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Christian Jutten's counter-example

(NIPS2002workshop)

| dentity mapping (uniform) Twisted mapping (still uniform)
ERESEEEEmEE
INENE .
ESSEEENY T
HH A
HH
Thisisthe smoothest possble mapping Thisisless snoath...

A smoathing regularizer would seled the first mapping, and nd the second ore.
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Most recent and most comprehensive preprint

Luis B. Almeida, "MISEP — Linea and Nonlinea ICA Based onMutua Information’, submitted to

Sgnal Processing, spedal issie on | CA.

Download at http://neural.inesc-id.pt/~lba/papers/ AlmeidaSi gProc2003 pdf

Probably also already avail able & the COGPRINTS archive, http://cogprints.ecs.soton.acuk/
(seach for 'MISEP inthetitle)

MATLAB - compatibletoadkit

http://neural .inesc-id.pt/~Ibal/icamitoobox.html
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