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Hebb’'s Postulate

When an axon of a cell A is near
enough to excite a cell B and
repeatedly or persistently takes
part in firing it, some growth
process or metabolic change
takes place in one or both cells
such that A’s efficiency as one of
the cells firing B, is increased.



Hebbian Learning

Vi = 2 Wik,
j
Awl.j =1X,),
Therefore

Ale = nszwikxk = UZWikxkxj
k k



The Negative Feedback Network

‘Feedforward: Vi = Z va X WV,
J=1
Feedback €, =X, — Z 14

Weight Update: AW = 776 3%



Exploratory Projection
Pursuit

Exploratory Projection Pursuit (EPP) 1s a statistical method for
solving the difficult problem of 1dentifying structure in high
dimensional data.

Define an “index” that measures the interestingness of a
projection.

Interesting directions are those which are as non-Gaussian as
possible.

Kurtotic Dis. Vs.
Gaussian Dis.




1he KFirst LPFP network (199))
The Higher Moments Algorithm

N
s = Z Wl.jxj
j=1
M
e, =X, —z ijsk
k=1
Vi = f(Si)

AWU = nre;



Which Function ?

® To maximise kurtosis, use f(y)=y*
®* To maximise skewness, use f(y)=y?
® To minimise kurtosis, use f(y)=tanh(y)

® To maximise kurtosis, use f(y)=y-tanh(y)
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Fignre 1: Left: covergence of 67 experiments towards the optimal (kur-
toticidirection with {3 = %" . The graph shows the mean vahie of the cosine of
the anpgle between the network weights and the optimal weight at each iteraticn
and one standard deviation either side of the mean. Right: convergence of the
best G4 experiments.
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Fignre 2: Left: convergence of 100 experiments towards the optimal {knrtotic)
direction. The graph show=s the mean value of the cosine of the angle between
the network weights and the optimal weight at each iteraticm and one standard
deviation either side of the mean. Right: convergence of the best 50 experiments.
These graphs show resnlts when n=ing, fly) = y — bozk(y).



Application to Linear ICA

Most natural signals are kurtotic.

Mixtures of such signals are more
Gaussian than the individual signals.

Therefore a search for kurtosis is a search
for independent components.

Mark Girolami’'s PhD (1998)



The pdf of the residuals

Let the residual after feedback have probability density
function:

1

p(e) =—exp(-[e[")

A general cost function associated with this network as:

J=—-logp(e)=e|” +K

Therefore performing gradient descent on J we have:
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Maximum Likellhood HOebbian Learning

(2001)
dfi d S
e F : _ .
eedforwar y. = Z VVij X, \v/l
=1
e Feedback: M
e, =X, =D Wy,

* Weight Update: B : -1
AW, = n.yi.szgn(ej)| e, |”

Emilio Corchado’s PhD(2002)



Minimum Likelihood Hebbian Learning
(anti-hebbian rule)

Ao O e

— ~ _ p—1 . T
W Be oW y(ple|” sign(e))

We are aiming to minimise the likelihood of the
residual.

We are thus using our learning rules to make the
residuals as unlikely as possible (determined by the p
parameter).



Experiments Using an
Astronomical Data set
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Fig. Projection of the asteroid data
set onto the first two Principal
Components.

Emilio Corchado’s PhD (2002)

Fig. Projection of the asteroid data
onto the filters found by Maximum
Likelihood Hebbian Learning with
p=0.5



Independent Component Analysis
Extraction of a signal from a mixture

* 5 subgaussian artificially generated signals randomly mixed.
Their kurtosis values were -0.9845, -0.9638, -0.9769, -0.9795
and -0.9673 respectively. We used 40,000 samples, a learning

rate of 0.0001 with p=4.
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Real Speech Signals

« 3 speakers, linearly mixed.

AW =1.Y, Szgn( )

« W*V*A= 0.017 -0.005 -1.000
1.001 -0.009 0.016
0.012 1.000 -0.002



Comparing and Mixing
the two EPP methods
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The left figure shows the convergence of the higher moments EPP
algorithm.

The right one shows the convergence of the Maximum Likelihood

EPP aloaritht 11 tertme nf the Aot nradiict tao the 1deal caliition



Fignre G: Convergence of the algorithm using the combimed learning mile.
Left:bimoddal data. Right: leptolurtaic data
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Figure €: Histogram of samples of skewed dstribation.



A Different ICA Problem

» Darryl Charles PhD (1999)



Rectification

+ At the weight change stage, if a weight
becomes negative, set it to 0.

OR

At the feedforward stage, if an output is
negative, set it to zero.

» Related to factor analysis



The Minimum Overcomplete Basis

« Addition of noise to the outputs
forces identification of MOB.




Conclusion

‘Feedforward: Vi = Z va X WV,
J=1
Feedback €, =X, — Z 14

Weight Update: AW = 776 3%



