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Abstract—It is difcult to map many existing learning
algorithms onto biological networks becausethe former re-
quire a separate learning network. The computational basis
of biological cortical learning is still poorly understood. This
paper rigorously intr oducesa conceptcalled in-place learning.
With in-place learning, every networked neuron in-place is
responsiblefor the learning of its signal processingcharacter-
istics (e.g, ef cacies of synapses)within its connectednetwork
ervironment. There is no needfor a separatelearning network.
With this in-place hypothesis, consequently each neuron does
not have extra spaceto computeand store the secondand higher
order statistics (e.g, correlations) of its input bers. This work
rst provides a classi cation of learning algorithms. Then, it
shows that the two well-known in-place biological mechanisms,
the Hebbian rule and lateral inhibition, are suf cient to develop
orientation selectie cells, similar to those found in V1, from
inputs of natural images. Many other cells that have not
been fully understood have emerged as well. The presented
computational study of thesetwo in-place learning mechanisms
leads to a new concept — thesecells correspondto what are
called lobe components,which are high concentrationsin the
probability of the neuronal input space.Further analysis ex-
plains how every neuron canlearn ef ciently (i.e., near-optimal
ef ciency) by scheduling its plasticity while interacting with
other connectedneurons. A simple, in-place (Type-5) learning
algorithm is presented.The experimental results showved that
this simple biologically inspired algorithm is superior to some
well-known state-of-the-art ICA algorithms, thanks to its near-
optimal ef ciency.

|. INTRODUCTION

A classical study by Blakemore & Cooper 1970 [6]
reportedthatedgedetectorsarefar from beingtotally innate.
If kittens were raisedin an ernvironmentwith only vertical
edgespnly neuronghatrespondo verticalor nearlyvertical
edgeswere found in the primary visual cortex. Recently
experimentalstudieshave shavn how the cortex develops
throughinput-drivenself-olganizationjn a dynamicequilib-
rium with internal and external inputs (e.g., Merzenich et
al. 1983[24], Gilbert & Wiesel 1992[10]). Suchdynamic
developmentand adaptionoccurs from the prenatal stage
and continuesthroughoutinfangy, childhood,and adulthood
(e.g., Wang & Merzenich 1995 [25], Drafoi & Sur 2004
[9], Weng et al. [27]). Recently Hoso/a & Meister 2005
[12] reportedthatthe spatio-temporateceptve elds andthe
responsef retinal ganglioncells changeafter a few seconds
in a new ervironment.The changesare adaptve in that the
new receptve eld improvespredictive codingunderthe new
imagestatistics.

Orientationselectve cellsin the cortical areaV1 arewell
known [13], but the underlying learning mechanismghat
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govern their emegence(i.e., development)are still elusie.
Furthermore,complec cells and other cells in V1 that do
not exhibit a clear orientationare still poorly understoodn
termsof their functionsandtheir underlyinglearningmech-
anisms.Understandingortical Iter developmentalgorithms
is importantto addresgheseopenproblems.

The work for lter developmentreportedhereis funda-
mentally differentfrom hand-designedters suchas Gabor

Iters, becausethe lobe componentanalysis(LCA) lters
presentechere are automaticallygeneratedi.e., developed)
from signals.Unlike hand-designedters (e.g.,Gabor Iters)
which wastefully tile the entire input spacewhich is only
sparsely sensed,LCA only develops Iters to optimally
cover all the subpartsof input spacethat have beensensed.
Becauseof this “spectrum nding” property and its use of
biologicalmechanism$undin variouscortices L CA canbe
potentiallyusedto develop lters for ary cortical areasge.g.,
ary sensorymodalities (vision or audition) for their early,
intermediatepr later processing.

In orderto understandvhat the biological cortex detects,
how it representsinternally and how it develops feature
detectors this paperrigorously proposesa classi cation of
learningalgorithms,and introducesthe conceptof in-place
learning. Then, it introducesa biologically inspired nen
concept,called lobe componentsNext, it presentsa quasi-
optimally ef cient in-placelearningalgorithmthatlearnsthe
lobe componentsFinally, experimentalresultsare presented
in comparisonwith state-of-the-artCA algorithms.

Il. TYPES OF LEARNING ALGORITHMS

Consider a neuron which takes n inputs, x
(X1;X2; 5 X ). The synaptic weight for x; is w;, i =
1;2;:n, or write w = (wg;Wp; i Wy). The responsd
of a neuronhasbeenmodeledby | = g(w x), wheregis a
monotone nonlinear sigmoid function. The learning (adap-
tation) of the neuronis characterizedy the modi cation of
g andw usinginput vectorsx;, t = 1;2; ::.

To facilitate understandingf the natureof learningalgo-
rithms, we de ne ve typesof learningalgorithms:

Type-1batch: A batchlearningalgorithmL ; computesy
andw using a batchof vectorinputsB = fXy;X2;:::; Xp0,
whereb is the batchsize.

(g;w) = L1(B); 1)

wheretheargumentB on theright is theinput to thelearner
L, andtheright sideis its output. This learningalgorithm
needsto store an entire batch of input vectors B before
learning can take place. Since L; requiresthe additional
storageB, L1 must be realizedby a separatenetwork L 1



and thus, the learning of the (learning) network L; is an
openproblem.

Type-2 block-incrementat A type-2 learningalgorithm,
L., breaksa seriesof input vectorsinto blocks of certain
sizeb (b> 1) and computesupdatesncrementallybetween
blocks.Within eachblock, the processindy L , is in abatch
fashion.

Type-3 incrementat Each input vector must be used
immediatelyfor updatingthe learners memory(which must
not store all the input vectors) and then the input must
be discardedbeforereceving the next input. Type-3is the
extremecaseof Type-2in the sensethat block sizeb= 1.
A type-2 algorithm, such as Infomax, becomesa Type-3
algorithmby settingb = 1, but the performancewill further
suffer (seelnfomax performancewith b= 1000in Sec.Xl).

Type-4 covariance-free incrementat A Type-4 learning
algorithmL 4 is a Type-3algorithm,but furthermorejt is not
allowed to computethe 2nd or higher order statisticsof the
input x. In otherwords, the learners memoryM () cannot
contain the secondorder (e.g., correlation or covariance)
or higher order statisticsof x. The CCI PCA algorithm
[28] is a covariance-freencrementallearning algorithm for
computing principal componentsas the weight vectors of
neurons.

Type-5 in-place neuron learning: A Type-5 learning
algorithmL s is a Type-4 algorithm, but further the learner
Ls must be implementedby the signal processingneuron
N itself. A term“local learning” usedby someresearchers,
doesnot imply in-place.

For example,for a neuronN, its signal processomodel
hastwo parts, the synapticweight w(") and the sigmodal
function g, both updatedup to t. A type-5 learning
algorithmL s mustupdatethemusingthe previously updated
weightw( 1 andthe sigmoidalfunction g(t ¥, usingthe
currentinput x; while keepingits maturity indicatedby t:

)

After the adaptation,the computationof the responseis
realizedby the neuronN :

w99t = Ls(w® D39 it 1x):

®3)

An in-place learning algorithm must realize Ls and the
computationabove by the sameneuronN, for t = 1;2;:::.

yt = g(t)(w(t) Xt):

I1l. WHY IN-PLACE LEARNING

Principal componentsomputedfrom naturalimagescan
be used as the weight vectors of neurons.Some of the
principal componenthave a clear orientation,but their ori-
entationsarecrude(e.g.,exhibiting few directions)andtheir
supportis not localized(i.e., mostsynapsesave signi cant
magnitudes).

Higher order statistics(e.g., higherorder moments,kur-
tosis, etc) have beenusedin the IndependentComponent
Analysis (ICA) [7], [21], [15]. The ICA algorithmssearch,
from higherorderstatisticsof inputs,a setof Iters whosere-
sponsesrestatisticallyasindependenaspossible However,
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Fig. 1. Neuronswith lateralinhibitions. Hollow trianglesindicate
excitatory connections,and the solid trianglesindicate inhibitory
connections.

the publishedICA algorithms(e.g., the state-of-the-arbnes
[16], [4], [22], [19]) are Type-1and Type-2 algorithms.By
thesealgorithms,every learningneuronrequiresa dedicated,
separateneural network to handleits learning. However,
the existenceand learningof this separatdearningnetwork
haslargely beenleft unaddressedrhis overlooked obvious
problemneedgo beresohednotonly for ary neurallearning
algorithmto be biologically plausible,but moreimportantly
for understandinghe tightly associatedsignal processing
network.

The conceptof in-placelearningis basedon the following
hypothesis.Each neuronwith n synapticweights doesnot
have extra spacen itself to storecorrelationvaluesandother
higherorder momentsof its input. For example,the covari-
ancematrix of inputx requires(n+ 1)n=2 additionalstorage
units. A typical neuronin the brain hasaboutn = 1000
synapsesThe correlationsof thesen input bres requires
(n+ 1)n=2 = 500 500storageunits.A Purkinjecell typically
hasaboutn = 150, 000synapsesThe correlationof its input
vectorrequiresasmary as(n+ 1)n=2  1:125 10'° storage
units. It is unlikely that a neuronhasso mary storageunits
within its cell body. For example,thereis no evidencethat
the genesyesidingin the cell nucleus,recordandrecall all
correlationsof cellsinput bres.

Surprisingly by forcing the learning algorithm to be in-
place,we arrive at a deeperunderstandingf not only how
they learn, but alsotheir functions.

IV. LATERAL INHIBITION

Fig. 1 illustrateshow neighboringneuronssharethe same
vectorof inputsx andhow they areconnectedhroughlateral
inhibition from the outputof neighboringneurons.

Accordingto the abose model,theinput to thei-th neuron
in a layer consistsof two parts,the excitatory partx andthe
inhibitory part z:

z=gWw x h 2) (4)

wherew consistsof nonneyative weightsfor excitatoryinput
X, while h consistsof nonngjative weightsfor nonneative
inhibitory input z but its i-th components zero so that the
right sidedoesnot requirez;. For biological plausibility, we
assumehat all the componentsn x andz are nonneative.



The sourceof z is the responseof neighboringneuronsin
the samelayer

The nature of inhibition is indicatedby the minus sign
before h z in Eq. (4). In other words, the higher the
responsdrom neighboringneuronsthe wealer the response
is from this neuron. Vice versa, the higher the response
from this neuron,the more effectively this neuroninhibits
otherneighboringneurons Given an input vectorx., sucha
procesof lateralinhibition reachesan equilibrium quickly.

Therefore the neteffect of lateralinhibition is the sparsity
of the cortical responsefrom each given input x. Only
relatively few winners re. Many more neuronsdo not re
comparedo the casewithout lateralinhibition.

In the computation,we simulate the effect of lateral
inhibition to allow only top-k winnersto re, wherek is
a positive number

V. THE HEBBIAN RULE

The Hebbianrule [8], [11] is well known andit hasmary
forms. The basicform of the Hebbianrule is expressedas
W Efvxg;

g ©)

where , is a time constant(or stepsize) that controlsthe
rate at which the weightw changeqd8], andthe operatorE
denotesexpectation(i.e., average)over obsenationsx and
V=W X.
In generl, the Hebbianrule meansthat the learn-
ing rate of a neuon is closely related to the
product of its current responseand the current
input, althoughthe relation is typically nonlinear
Plugv = w x into Eq. (5), we get
dw
Y odt
The above expressiongivesrise to the needto computethe
correlationmatrix of x in mary learningalgorithms resulting
in Type-1and Type-2 algorithmsin unsupervisedearning.
In supervisedearning,differentforms of the Hebbianrule
can be derived from different error functionsf (w), using
the gradientof the objectve function with respectto the
weight vector w. Considerthe error function as the height
of a naturalterrain. Gradientat positionw is the direction
along which the objective function increasesthe quickest
(i.e., the uphill direction). To reducethe objective function,
the weight vectorw shouldbe modi ed alongthe opposite
direction of the gradient. Methodsof this type are simple
and mathematicallyintuitive. However, gradientis a local
characteristicof the error function. Although the current
positionw during a gradient-basedearchis a consequence
of previous iterative search steps, the gradient does not
consider the history of the past search.Becauseof this
limitation, it does not provide ary information about the
optimal plasticity of w. For example,it doesnot tell what
the learningrate for w shouldbe.
Althoughthe methodcanbe extendedto supervisedearn-
ing, this paperdealswith unsupervisedearningonly.

= Ef(w Xx)xg:

Fig. 2. The samplespaceof a zero-meanwhite randomvectory
in 2-D spacecanbeillustratedby a circle. Eachmark + indicates
a randomsampleof y. The distribution is partitionedinto ¢ = 3
(symmetric)lobe regionsR;, i = 1;2; 3, whereR; is represented
by the lobe component(vector)v;.

VI. LoBE COMPONENTS

Atick and coworkers[1], [2] proposedthat early sensory
processinglecorrelatesnputs.Wenget al. [28] proposedan
in-placealgorithmthat developsa network that whitensthe
input. A whitened output vector has a unit variance(i.e.,
“enemgy”) for every line andall zerointerline correlations.
Therefore,we can assumethat prior processinghas been
done so that its output vectory is white. From now on,
we assumethat the input is y. In the visual pathway, the
early cortical processingloesnot totally whiten the signals,
but they are weakly correlated.The samplespaceof a k-
dimensionalwhite (i.e., componentdave unit varianceand
they are pairwise uncorrelated)nput randomvectory can
be illustrated by a k-dimensionalhypersphereas shovn in
Fig. 2.

A concentrationof the probability density of the input
spaceis calledalobe,which mayhaveits own ner structure
(e.g., sublobes).The shapeof a lobe can be of ary type,
dependingon the distribution, not necessarilylik e the petals
in Fig. 2. If we assumethat x and x are equally likely
(e.g.,a patchof skin will have the equal chanceof feeling
the onsetand the offset of a press),the distribution is then
symmetricaboutthe origin.

Given a limited cortical resourcec cells fully connected
to input y, the developing cells divide the samplespaceY
into ¢ mutually nonoverlappingregions,called lobe regions

Y=Ri[ Ro[ [ Re; (6)

(where[ denotesthe union of two spaces)as illustrated
in Fig. 2. Eachregion R; is representedy a single unit
featurevectorv;, calledthe lobe componentGiven aninput

1But this is not necessarilytrue in generaland, consequentlynonsym-
metric lobescan be de ned.



y, mary cells,notonly v;, will respondvhosepatternforms
apopulationrepresentationf y. This partitionideais similar
to Kohonensé Self Organizing Maps (SOM) [20], or more
generally vector quantization.

The next issueis how neuronscomputethe lobe regions
without a supervisof(i.e., by in-placemechanisms)Suppose
that a unit vector (neuron)v; represents lobe region R;.
If y belongsto R;, y can be approximatedby v; as the
projectionontov;:y ¢ = (y V;)v;. Supposehe neuron
vi minimizes the mean squareerror EKky  ¢k? of this
representationvheny belongsto R;.

From the theory of principal componentanalysis(PCA)
(e.g.,see[17]), we know that the bestsolution of column
vector v; is the principal componentof the conditional
covariancematrix y;;, conditionedon y belongingto R;.
Thatis v; satises j;1Vi = y;iVj.

Replacing y;; by the estimatedsamplecovariancematrix
of columnvectory, we have

X

y@y ()~ vi =
t=1
We canseethatthe bestlobe componentectorv;, scaledby
“enemy estimate”eigervalue .1, canbe estimatedby the
average of the input vectory (t) weightedby the linearized
(without g) responsey(t) v; wheneer y(t) belongsto
Ri. This averageexpressionis very importantin guiding
the adaptationof v; in the optimal statisticalef ciency as
explainedbelow.

In orderto minimize the chanceof false extremaand to
optimize the speedto reachthe desiredfeaturesolution, we
use a conceptin statistics called efciency. Supposethat
there are two estimators ; and », for vector parameter
(i.e., synapse®r featurevector) = ( 1;::; k), which are
basedon the samesetof obsenationsS = fx1;X2; 1 Xn 0.
If the expected squareerror of ; is smaller than that
of , (i.e., Ek 1 k2 < Ek » k?), the estimator

1 is more statistically ef cient than ,. Given the same
obsenations,amongall possible estimators,the optimally
efcient estimatorhasthe smallestpossibleerror.

For in-placedevelopmentgachneurondoesnot have extra
spacdo storeall thetrainingsampleg (t). Insteadjt usests
physiologicalmechanismso updatesynapsesncrementally
If thei-th neuronv;(t 1) attimet 1 hasalreadybeen
computedusingprevioust 1inputsy(1);y(2);::;y(t 1),
theneuroncanbeupdatednto v; (t) usingthecurrentsample
de ned from y(t) as:

_y(@) vit 1)
Xt = m)’(t)- ®)

Then Eq. (7) statesthat the lobe componentvector is
estimatecby the average:

X
avi o =7y wye: @

t=1

1 X
Vi — Xt:

n t=1
Statisticalestimationtheory revealsthat for mary distri-
butions (e.g., Gaussianand exponential distributions), the

9)

samplemeanis the mostef cient estimatorof the population
mean.This follows directly from Theorem4.1, p. 429-430
of Lehmann[23], which statesthat under some regularity

conditionssatis ed by mostdistributions (suchas Gaussian
andexponentialdistributions),the maximumlik elihood esti-

mator (MLE) " of the parametewector is asymptotically
efcient, in the sensethat its asymptoticcovariancematrix

is the Cranér-Rao information bound(the lower bound)for

all unbiasedestimatorsyia corvergencein probability to a

normal distribution:

" )" Nfol () *=ng (10)

in whichthe Fisherinformationmatrix| ( ) isghecovariance
matrix of the scorevector @@(@Xl; e @@%Xk; ) andf (x; )
is the probability density of randomvector x if the true
parametervalue is  (see, e.g., Lehmann [23], p. 428).
The matrix |1 () ! is calledinformation boundsinceunder
someregularity constraintsarny unbiasedestimator€ of the
parametervector satisescov(® ) 1 () L=n (see,
e.g.,Lehmann23], p.428or Wengetal. [26], pp. 203-204F.

Sincein mary casesthe MLE of the populationmeanis
the samplemean,we estimatethe mean of vectorx by
the samplemean.Thus, we estimatean independent/ector

1V; by the samplemeanin Eg. (9), wherex; is a “random
obsenation”.

VIl. FOR NONSTATIONARY PROCESSES

Although the conditions on the distribution of x; are
mild, x; dependson the currently estimatedv;. That is,
the obsenationsof x; arefrom a nonstationaryprocessin
general,the ernvironmentsof a developing systemchange
over time. Therefore,the sensoryinput processis a non-
stationaryprocesstoo. We usethe amnesicmeantechnique
belonv which gradually“forgets” old “obsenations” (which
use bad x; whent is small) while keepingthe estimator
guasi-optimallyef cient.

The meanin Eq. (9) is a batch method.For incremental
estimation,we usewhat is called an amnesicmean[28].

+
xo=t1 © 1t Oe vy ¥ © : (t)Xt (11)
where (t) is theamnesidunctiondependingnt. If 0,
the above givesthe straightincrementalmean. The way to
computea meanincrementallyis not new but the way to
usethe amnesicfunction of n is new for computinga mean

incrementally
8
<0 if t t1;
(t)y=. ct t)=tz t1) fta<t ¢t (12)
ot (t ty)=r if to < t;

in which, e.g.,c = 2;r = 1000Q As can be seenabove,

(t) hasthreeintervals.Whent is small, straightincremental
averagels computedThen, (t) change$rom 0to 2 linearly
in thesecondntenval. Finally, t entersthethird sectionwhere

2For two real symmetricmatricesA and B of the samesize, A B
meansthatA B is nonn@atie de nite.



(t) increasesat a rate of about1=r, meaningthe second
weight (1 + (t))=t in Eq. (11) approaches constantl=r,
to slowly tracethe slowly changingdistribution.

VIII. EFFICIENCY OF THE AMNESIC MEAN

We considerwhetherthe amnesicmeanis an unbiased
estimator Fromtherecursve de nition of theamnesianean
in Eq. (11), we can seethat the amnesicmeanx(n) is a
weightedsum of the involved datax;:

x(n) = wi(n)x;
t=1
wherew; (n) is the weight of dataitem x; which entered
attimet n in the amnesicmeanx(n). It canbe proven
usinginductionon n that the weight w;(n) is given by the
following expression:
ISEONMEN I S ()

Wi (n) = (13)

j=t+1 J
Since all the multiplicative factorsabove are non-nejative,
we have wg(n) 0, t = 1;2;::;n. Using the induction on
n, it can be proven that all the weightsw;(n) sumto one
foranyn 1

w(n) = 1:
t=1

(14)

(Whenn = 1, we requirethat (1) = 0.) Supposethat
the samplesx; areindependenthandidentically distributed
(i.i.d.) with the samedistribution as a randomvariable x.
Then,the amnesicmeanis an unbiasedestimatorof Ex:
X
E Wt(n)Xt =
t=1

Ex(n) wi (n)EXxq

t=1

X

wi(n)Ex = Ex:
t=1
Let cov(x) denotethe covariancematrix of x. The expected
meansquareerror of the amnesicmeanx(n) is
|

wi(n) cov(x) = c(n)cov(x);
t=1

wherewe de ned the error coefcient:

cov(x(n)) = (15)

c(n)=  w(n):
t=1
When (t) = 0 for all n, the error coefcient becomes
c¢(n) = 1=n and Eq. (15) returnsto the expectedsquare
error of the regular samplemean:

cov(x(n)) = %co\/(x): (16)

It is thenexpectedthat the amnesicmeanfor a stationary
processwill not have the sameefciency as the straight
sample mean for a stationary process.Fig. 3 shows the
error coefcient ¢(n) for three different amnesicfunctions

t) 2, (t) 1and (t) 0. The smallerthe error

— mt° 2
- - mp° 1y
-- my°o

Error coefficient
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=
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Fig.3. Theerrorcoefcients ¢(n) for amnesianeanswith different
amnesicfunctions (t).

coefcient, the smallerthe expectedsquareerror, but also
thereis less capability to adaptto a changingdistribution.
The threecasesshavn in Fig. 3 indicatethatwhenn > 10,
the amnesicmeanwith (t) 1 increasedabout50% (for
the samen) from that for 0 andwith (t) 2t
increasedabout100%.

FromFig. 3 we canseethata constanfpositive (t) is not
bestwhent is small. The multi-sectionalamnesicfunction

(t) in Eq. (12) performsstraight averagefor small t to
reducethe error coefcient for earlierestimatesandwhent
is very large, theamnesidunctionchangeswith t to trackthe
slowly changingdistribution. Therefore,the multi-sectional
amnesicfunction (t) is more suited for practical signals
with unknonvn nonstationarystatistics.It is appropriateto
note that the exact optimality of the multisectionalamnesic
function is unlikely under an unknonvn nonstationarypro-
cess(not i.i.d.), unlessan assumptionof certain types of
nonstationaryprocessis imposed,which is not, however,
necessarilftrue in reality.

Therefore,eachneuroncan use the amnesicmeantech-
nique (i.e., time-varying plasticity), which gradually “for-
gets”old “obsenations”(whichuse“bad” x; whent is small)
while keeping the estimator reasonablyefcient (quasi-
optimally efcient) for a nonstationaryprocess,as shovn
in Eq. 11. The amnesidunction (t) representshe “critical
window” of neuronalplasticity imbeddedin the geneticand
physiologicalmechanisnof a neuron.

®

IX. IN-PLACE LEARNING ALGORITHM

We modelthe developmeniadaptationpf anareaof corti-
cal cells(e.g.,acorticalcolumn)connectedy a commonin-
putcolumnvectory by thefollowing CandidCovariance-free
IncrementalL.obe ComponentAnalysis(CCI LCA) (Type-5)
algorithm, which incrementallyupdatesc such cells (neu-
rons) representecby the column vectorsv{"; v v
from input samplesy (1);y(2);::: of dimensionk without
computingthe k  k covariancematrix of y. The length of



theestimatedy;, its eigervalue,is the varianceof projections
of the vectorsy (t) ontov;. The quasi-optimallyef cient, in-
placeCCI LCA algorithmis asfollows:

1) Sequentiallyinitialize c cellsusing rst ¢ obsenations:
vt(c) = y(t) and set cell-updateage n(t) = 1, for
t=1,2:cC

2) Fort=c+ 1;c+ 2;:::, do

a) Computethe (linear)responséor all neuronsfor
alliwthl i c

Loy vt Y
=
kv® Yk

Notethatwe have alsouseda nonlinearsigmoidal
function but the resultis similar.

b) Simulatinglateral inhibition, decidethe winner:
j = amgmax; i cfj zijg, usingjzjj asthebelong-
ingnessof y(t) to R;.

c) Updateonly the winner neurony; usingits tem-
porally scheduledplasticity:

(t 1

= wav{t P+ wazgy (0);

Vi

wherethe scheduledplasticity is determinedby
its two age-dependemnteights:

_n@) 1 (mG)y., _ 1+ (d).
n@) ’ nG)
withwi+w, 1. Updatethe numberof hits (cell

age)n(j) only for thewinner:n(j) n(j)+ 1
d) All other neuronskeep their ages and weight

unchangedforall 1 i c i 6 j,v" =
vt D

I

The neuron winning mechanismcorrespondsto the well
known mechanisntalledlateralinhibition (see,e.g.,Kandel
etal. [18] p. 4623). The winner updatingrule is a computer
simulationof the Hebbianrule (see,e.g.,Kandelet al. [18]
p.1262). Assumingthe plasticity schedulingby w; andw;
are realizedby the geneticand physiologic mechanismf
the cell, this algorithmis in-place.

Insteadof updatingonly the top-1 neuron,using biologi-
cally more accuraté'soft winners” wheremultiple top (e.g.,
top-k) winnersupdate we have obtainedsimilar results.

This in-place algorithm is simple. Given each k-
dimensionalnputy, thetime compleity for updatingc cells
andcomputingall theresponse$or eachy is merelyO(ck).
With t inputs,thetotal time complexity is O(ckt). The space
compleity is only O(ck).

Further thesespaceand time compleities are also the
lowest possibleones,sincec cells needto be computedand
eachvectorhask synapses.

From the discussedneaningof lobe componentsye can
infer that LCA is ICA for superGaussians.Naturalimages
are mostly superGaussian.

3SuperGaussiarhasa positive kurtosis(see,e.g.,[5], p. 388).

X. TOPOGRAPHIC MAPS

In theabove CCI LCA algorithm,we assumehatneurons
in the samelayer are mutually related only through their
synaptic weights. However, biological neuronsare located
physically along a two-dimensionalsheet (cortical sheet).
An importantconceptof the biological cortex, which is also
of greatimportanceto arti cial networks, is self-oganized
modularity neuronsthat representsimilar concepts(e.qg.,
humanfaces)arelocatednearbywithin the cortex. The mod-
ularity property enablescertain conceptualgeneralizations
through nearby connectionssince nearbyneuronsrepresent
conceptuallysimilar concepts.

In theabove CCI LCA algorithm,neuronsarerelatedonly
by their synapticweights. Each neuron can be physically
locatedin ary place.Next, we assumeadditionally that the
neuronsresidein a 2-D surface (e.g., the 2-D cortex), to
enableself-omganizationwithin the 2-D surfaceresultingin
what is called a topographicmap. In a topographicmap,
neuronsthat representsimilar featuresare near The CCI
LCA algorithm can be slightly modi ed so that not only
the winner updatesits synapticweights,but alsoits 3 3
neighborswhich resultsin the topographicLCA mapto be
shavn in the experimentalsection. Although SOM and its
publishedvariantsdoes develop feature maps,they do not
have the conceptof lobe componentsn high-dimensional
distribution, quasi-irvarianceand quasi-optimalef ciency.

XI|. EXPERIMENTAL RESULTS

We rst presentcomparisonf the CCl LCA algorithm
with otherICA algorithmsfor a high-dimensionalCA prob-
lem, which shavs the power of the statisticalnearoptimal
efciency of the CCI LCA algorithm. Then,we shav what
kinds of featuresthe CCI LCA algorithm developedfrom
naturalimages.

A. Comparisonwith other ICA algorithms

The 100-D datawassyntheticallygeneratedrom aniden-
tically independentlydistributed Laplacianrandomnumber
generatarThe mixing matrix was choserrandomlyandwas
non-degenerateThisis anICA problemwith superGaussian
distribution. As explained, LCA gives independentompo-
nentsfor superGaussianwhen c is equalto the numberof
independentomponents.

We selectedtwo state-of-the-ariCA algorithms: Type-
2 ExtendedBell-Sejnavski (extended Infomax) [22] with
block size 1000andthe Type-1FastICA[16]. Although this
is nota fair comparisonsincenormally our Type-5algorithm
(like CCI LCA) should not be expectedto out-performa
Type-1or Type-2 algorithm, we comparedthem arnyway to
understandhe power.

In orderto shov moredetailedaspectof CCI LCA, three
variationshave beentested."LCA with x ed m” (m stands
for the amnesicfunction (t)) and “LCA with dynamic
m” usea x ed and time-varying (t), respectiely. “LCA
eliminating cells” dynamically deletescells whose hitting
rateis smallerthan3/4 of the averagehitting rate.As shavn
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Fig. 4. Comparisonamong(Type-2) Extendedinfomax, (Type-1)
FastiICAandthreevariantsof the proposedlype-5CCI LCA algo-
rithms from 100-D identically independentlydistributed Laplacian
source.

in Fig. 4, all of thethreeType-5LCA algorithmscorverged
very quickly, fasterthaneventhe Type-1FastICA.The Type-
2 ExtendedIinfomax algorithm needsmary more samples,
therefore,it did not get closeto the desiredresults.

It wassomevhatsurprising thatthenew Type-5CCI LCA
algorithm,operatingunderthe mostrestrictive condition,out-
performsthe state-of-the-arfType-2 and Type-1 ICA algo-
rithms by a remarkablywide magin for high-dimensional
ICA problems. Conceptually this is mainly due to the
biologically motivatedconceptualizatiomf lobe components
for estimationof distribution andthe avoidanceof the much
restrictve requirementf independencerurther mathemat-
ically, the estimationof lobe componentsavoids directly
solving computationallyexpensve eigen-systemequations
and hasnearoptimal statisticalef ciency.

B. Featuesand receptive elds from natural images

In the computersimulation,the CCI LCA algorithm re-
ceived 500,0000f 16 16-pixel image patchesthat were
randomly taken from thirteen natural images (available
from http://www.cis.hut. /projects/ica/imageica/)The input
is whitened(asrequiredby ICA) to generatavhitenedinput
vectory to the CCI LCA algorithm. The developedfeature
detectors,combining whitening and lobe componentsare
shawn in Fig. 5.

An important result is apparentwhen we examinedthe
synaptic weights of eachneuronshavn as image patches
in Fig. 5(a). They clearly shoved localized patterns,mary
of which resemblethe orientation selectioncells reported
by Hubel & Wieseland others.This occurredwhile the CCI
LCA developmentaprogramdid notincorporateary speci ¢
mechanisnfor orientationselection.This resultpromptedus
to make a hypothesis: A major principle of cortical cells
is to approximate statistical distrib ution.

Another importantresultis that the CCI LCA algorithm
not only learned synaptic weights to develop orientation

W OWL T D e
= A

0 100 200 300

(b)

Fig. 5. Lobe componentsfrom natural images. (a) The lobe
componentsievelopedby in-placeCCI LCA from naturalimages,
orderedby the numberof hits in decreasingrder (b) The numbers
of hits of the correspondindobe componentsn (a).

selectve cells but also mary other cells that cannot be
explained by orientation sensitvity. This showvs that the
algorithm has a potential to be applied to later cortical
processingo dealwith more comple features.

Further it also learned receptve elds automatically:
the receptve eld of eachneuron,one that correspondgo
non-zeroweights,is automaticallynarroved (localized)from
initially over-grown synapticconnectionsThis is consistent
to a well known developmental processin neuroscience
called synapseelimination[3].

Fig. 5(b) showvs how mary timeseachlobe componentvas
the “winner.” Most componentshave roughly a similar rate
of hits, exceptrelatively few of the leftmost (top) onesand
rightmost(tailing) ones.

Theresultscorrespondo in a deepbiologicalimplication:
The two well-known in-place neural mechanismsdevelop
cortical cells that representhigh concentrationsof input
probability density which should be the lobe components



Fig. 6. TopographicCCI LCA mapdevelopedfrom naturalimages,
which shavs the self-olganizationof featuredetectorsalongthe 2-D
cortical surface.

discoveredhere.

C. Topagraphic maps

The useof 3 3 updatesgeneratedhe topographicmap
in the previous experiment shovn in Fig. 6. As shown,
the featuredetectorsthat are developedare similar, but not
exactly the sameasthosein Fig. 5(a).However, nearbycells
detectsimilar featuresresultingin a mapthatresembleghe
“spinwheel” structurefound in V1 [14], [9].

XIl. CONCLUSIONS

Consideringthe wide-spreadresenceof the two in-place
mechanismgHebbianlearningandlateralinhibition) in early
and later cortical regions, the implications of the result
here have a potentially high impact. It suggestsan array
of future studiesfor cortical regions basedon the in-place
learning framework: Do the cerebral cortices develop to
representhe statisticaldistribution of their input signalsas
the result here suggests?s it really true that cortical cells
detectindependentomponentsas somemodelssuggested?
The result here statesno. From the engineeringpoint of
view, it is of greatimportancethat the two well-known
biologicalin-placemechanismsdebbianlearningandlateral
inhibition, enablecells to develop quasi-optimallyef cient
lobe componentsasresource-limitednternal representation
of concentratiorpointsin high dimensionalprobability den-
sity of sensoryinputs. The surprisinglyfast corvergenceof
CCI LCA comparedto the state-of-the-ariCA algorithms
demonstratedhe high power of this quasi-optimality
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