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Abstract

We studyself-oiganizationof receptve elds (RFs)of corticalminicolumns.Input
drivenself-olganizationis inducedby Hebbiansynapticplasticity of afferent bers
to model minicolumnsbasedon spiking neuronsand backgroundoscillations. If
input in the form of spike patternsis presentediuring learning,the RFs of mini-
columnshierarchicallyspecializeto increasinglysmall groupsof similar RFsin a
seriesof nestedgroupsubdvisions. In a numberof experimentswe show thatthe
systemnds clustersof similar spike patternsthatit is capableof evenly cover the
inputspacaf theinputis continuouslydistributed,andthatit extractsbasicfeatures
from input consistingof superpositionsf spike patterns With a continuousrversion
of the barstestwe, furthermore,demonstratehe systems ability to evenly cover
the spaceof extractedbasicinputfeatures.The hierarchicahatureandits e xibility
with respecto input distinguisheshe presentedype of self-olganizationfrom oth-
ersincluding similar but non-hierarchicaself-olganizationasdiscussedn (L kicke
andvon der Malshurg, 2004). The capabilitiesof the presentedystemmatchcru-
cial propertiesof the plasticity of cortical RFsandwe suggestt asa modelfor their
hierarchicaformation.

Keywords: CerebralCortex, Self-Oiganization,ColumnarOrganization,Synaptic
Plasticity Unsupervised.earning,CorticalMaps
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1 Intr oduction

Self-oganizationis believedto play a centralrole in the developmentof the cen-
tral nenous systemof highervertebrates.The mostprominentexampleis proba-
bly the ontogenesi®f ber projectionsystemsand especiallythe developmentof

retinotectaimaps(H Busslerandvon der Malshurg, 1983). Otherexamplesof self-
organizationdealwith structuresn the barrel eld of therodentcortex or with the
formation of oculardominanceand orientationcolumns(seeErwin et al., 1995;
Swindale, 1996; von der Malshurg, 2003, for overviewns). The idea that self-
organizationis alsoresponsibldor the formation of interconnectiorstructuresin

advancedevelsof corticaldevelopmenthasbecomancreasinglypopularin thelast
decadesand gave birth to abstractneuralnetwork modelsbasedon input driven
self-oganizatione.g.(von der Malshurg, 1985;Kohonen,1995; Fritzke, 1995). In

recentyearsthe developmentof intra-corticalconnectionscould be monitoredin

more and more detail especiallyin primary sensoryareas. In the primary visual
cortex, e.g.,interconnectiondetweenorientationcolumnswere shovn to develop
hierarchicallyfrom coarselyspecializedo increasingly ne tunedRFs (Callavay
andKatz,1990;Chapmaretal., 1996).

In this papermwe discussa self-oiganizationprocessvhich re ects the hierarchi-
cal natureof RF formation. The modelis basedon a systempresentedn (L kicke
andvon derMalshurg, 2004)andintegratesfundamentabspect®f neuralinforma-
tion processinguchasHebbiantype synapticplasticity, columnarinterconnection
structure spikingneuronsandbackgroundscillation. In a numberof experiments
we investigatehe systems abilitiesto form appropriateRFsfor very differenttypes
of input. Thetype of self-olganization hereby differsfrom otherneuralmodelsby
its hierarchicalapproachandby its high e xibility with respecto theinput.

In Sec2 we shortly de ne anddiscussthe neuraldynamicsof a modelmacro-
column.In Sec.3 we de ne thedynamicsof Hebbianplasticity of afferent bers to
the macrocolumranddiscusshe emeqging self-olganization.In Sec4 the system
is appliedto differenttypesof inputandin Sec5 we discusghe systemsrelationto
neurosciencandcomparat with otherunsupervisedieuralmodels.

2 Neural Dynamicsof a Model Macrocolumn

Our systemis basedon a modelof the corticalmacrocolumror segregate(Favorov
andDiamond,1990).Macrocolumnsanbeidenti ed bothanatomicallyandphysi-
ologically (Favorov andDiamond,1990;ElstonandRosa 2000;Lubke etal., 2000)
andare shown to processstimuli from the samesourcesuchasan areaof the vi-
sual eld or apatchof athebodysurface(Favorov andWhitsel,1988;Favorov and
Diamond,1990). The macrocolumrconsistsof a numberof minicolumng which
presentthe smallestneuralmodulesand consistof several tensup to a few hun-
dredneurongPetersandYilmaz, 1993)(seeMountcastle,1997; Buxhoaredenand
Casanwa, 2002, for overviens andJones2000, for acritical discussion).

1sometimeslsocalledmicrocolumns
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In this sectionwe considerthe dynamicsof amodelmacrocolumrwithout Heb-
bianplasticity. This partof thedynamicds essentiallthe sameastheonepresented
in (L lEcke andvon der Malshurg, 2004),exceptof two technicallyimportantdiffer-
encesFirst, intermediatespike ratesof input neurongseebelow) canencodegrey-
level insteadof only black-and-whitenputimagesand, secondthe systemcanbe
operatedvith a variablenumberof input neuronsand,hence yvariablesizeof input
images.

Themacrocolumns modeledasa collectionof disjunctminicolumns.Themini-
columnswetaketo consistof acollectionof — excitatoryneuronsAs neuronrmodel
we usea McCulloch-Pittsneuronwith refractiontime:

(1)

where is the function, for and for
The neuron of minicolumn is active at time

if it recevesenoughinput from neuronsactive at time step andif it wasnot
active the time stepbefore. To activate the neuronthe input hasto be larger than
a threshold which consistsof a usualconstantthreshold  with Gaussian
thresholdnoise andatime dependingunction which indirectly models
inhibition betweerthe minicolumns:

(2)
®3)

In (3) — is the over-all activity? of minicolumn . All excita-
tory neuronsaremodeledin this way and possesshe sameconstanthresholdand
a thresholdnoisewith the samevariance. A neuronreceves excitation from two
sources:First, from otherexcitatory neuronsof the sameminicolumn,andsecond
from neuronsoutsidethe macrocolumndenoted . Theinterconnectiorwithin a
minicolumn( ) we take to be x ed andrandom. The randomnesss generated
with theboundaryconditionsthateachneuronrecevesanumberof synapsesvith
synapticweight - andthat the probability of a synapsedo originatefrom a
speci ¢ neuronof the minicolumnis constant.The afferentsfrom externalneurons

canchangdn time but we requirethata neuronreceves synapsesf weight

— from externalneurons. The ratio betweenthe numberof externalandthe
numberof internalconnection

(4)

is takento be signi cantly smallerthanonewhich meanghatthe internalinput of
anactive minicolumnis on averagesigni cantly largerthanthe externalinput.

2The inhibition hasto be understoodas beingimplementedby a systemof inhibitory neurons
ratherthanby a singleone. A larger numberof inhibitory neuronscanbe expectedto averageover
incomingactiity andto distributeinhibition suchthat(3) is approximated.

3Notethatdueto therequiredooundaryconditions is independenof and
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The externalneurons  areessentiallyof the sametype asthe neuronsof the

macrocolumnj.e., they areeitherinactive or actie, , andthey are
refractoryfor onetime stepafterthey have spiked. The externalneurongranslate
an input vector into spike rates. A neuron  hasa probability of

- to beactve. The dimensionalvectorof all afferent bers to neuron ,

, Will becalledthereceptve eld (RF) of the neuronandthe
sumof the RF vectorsof all neuronsof aminicolumn will becalledthe RF of the
minicolumn, (seeFig.1B,C).In Fig. 1A asketchof amacrocolumn
with minicolumnsis displayed. The input neuronsare arrangedn a two
dimensionakrraybecauseave will usetwo dimensionalgrey-level imagesasinput
vectorsto conveniently display simulationresults. Note, however, that the set of
input neurongs notequippedvith any neighborhoodelationshipandcantherefore
bearrangedn anarbitrarymanner

~/ 2

() inhibition

Figurel: A Sketchof amacrocolumrwith minicolumns parameters :

, and , connectedo externalneurons. The inhibition is sym-
bolically sketched.Therandomlyinitialized RF,  , of minicolumn is fully
displayedvherea®RFs and arenot. Lineswithin theinputlayerareonly dis-
playedfor visualizationpurposesB Two dimensionavisualizationof theRF of one
neuronin minicolumn asgrey-level image.C Two dimensionalisualization
of  asgrey-levelimage.

The differenceequationsystem(1) togetherwith (2) and(3) de nesthe neural
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actvity dynamicsof the macrocolumn.Although analyticalpredictionsof the be-
havior of this highly non-linearsystemseemdif cult, it could be shovn in (L Ecke
andvon der Malshurg, 2004)that, for a large classof parametersthe global and
essentiapropertiesof the systemcanbe derived analyticallyby meansof stability
analysisandbifurcationtheory*. We operatethe systemby oscillatingtheinhibitory
gainfactoP in (3):

(5)

where is the lengthof aninitialization phaseand theremainder
of division by the oscillation's periodlength . During onesaw toothlike period,
whichwill becalled -cyclefrom now one,the systemis forcedto switch off mini-
columnswith comparablyweakinput. This processwhich begins anev for each
-cycle, canbe describedn termsof structuralinstability and we refer to (L Eicke
etal.,2002)and(L kicke andvon der Malshurg, 2004),for furtherdetail® .

3 Self-Organizing Receptive Fields

Theafferent bers which couplethe neurondynamics(1) to externalinputin
the form of spike patternswe take to be subjectto synapticplasticity The change
of anafferent ber, , Is describedy a Hebbiantype

dynamicswith normalization:

If : (6)

- ()

Here is the over-all actwity in the macrocolumn, — , and

is adynamicalthreshold. is theprobabilitythat isincreasedy —

if neuron  res in thetime-stepproceedinghe ring of inputneuron . isa
for each triple differentBernoullisequencevith probability

4For theanalysiswe ®rst replacedynamics(1) by a dynamicswhich approximatelydescribeshe
minicolumnactiities . Theapproximationis possiblebecausef suf®ciently high actity rates
in active minicolumnsnearto bifurcationpoints. With a subsequergtability analysisthe stationary
points,which areactuallyobsenedin directly simulating(1), canbe computed.Becausef a small

(4) input mediatedby afferent®bersis thantreatedasperturbatiorof theinternaldynamics.

Sseee.g.,(KBrneretal., 1999)for adiscussiorof a possibleorigin of suchanoscillation

5Note, that the systembehaes qualitatively similar alsofor refractiontimeslarger thanin (1).
The main differencesarethat minicolumnactiities arelower anddueto a largerimpactof thresh-
old noisehysteresids lesspronouncedi.e., activation of anin the same -cycle alreadyswitched
off minicolumnis moreprobable.Crucialfor the functioningof the systemis the non-lineardeacti-
vation of minicolumnswith weakinputinducedby aninterplay betweerrefraction,excitation, and
inhibition, which canalsobe expectedrom a systembasedn continuousheuronmodels.
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and . Theparameter is the synapticgrowth factor If the afferent ber

is increasedor a givenneuron , onerandomlychosen(non-zero) ber
is removedin orderto ful Il the normalizationcondition(7). The maindifference
to a usualHebbianlearningrule is the condition which hasto be
ful lled in orderto enablesynapticmodi cation. If the conditionis not satis ed,
theafferentconnectiongemainunchangedT heconditionensureshatmodi cation
is only allowedfor statesof low macrocolumnaactvity which arepredominantn
theendof a -cycle. Only than,after whatwe will call the minicolumnselection
processthe macrocolumnaactuity is re ecting propertiesof theinput.

Equations(6) and (7) representn abstractformulation of synapticplasticity,
whichis suitablefor thetime-discreteneuronmodel. More realisticformsof synap-
tic plasticity would have to be basedon continuousneuronmodelsanddifferential
equationdor synapticmodi cation. An interplay betweenlong-termpotentiation
(LTP) and long-termdepression(LTD) suchas spike-timing dependenplasticity
(STDP) canbe imaginedto implementrenormalizationsimilar to (7) and a plas-
ticity similar to (6) including an approximationof condition . Action
potentials(spikes)in minicolumnswhich remainactive for higherinhibition have
anincreasedorobability to proceedspikes of input neuronsbecausdhe incoming
spikes musthave positively contributedto keepthe columnactie. In the caseof
low inhibition LTD candominatebecauseof in this caselesscorrelatedring of
minicolumnandinput neurongseeFeldman,2000, for the predominancef LTD
for uncorrelatedspikes). Synapticscalingprocesse¢see,e.g.,Abbott andNelson,
2000;Turrigianoetal., 1998)withoutor in combinationwith LTP andLTD canalso
be consideredor implementing(6) and (7). The in our model essentiakequire-
mentfor synapticplasticity to resultin discriminatingRFsis the predominancef
LTP for low levelsof macrocolumnaactvity. Equationg6) and(7) with condition,

, canin this respectbe regardedas an abstractand simple dynamical

descriptionsatisfyingthis requirement.

To trainthe macrocolummetwork we randomlychooseaninput pattern  from
a given databasend presentt in the form of input neuronspike patternsfor the
durationof one -cycle. If learningstartswith randomlyinitialized RFs, the se-
lectionprocessiuringa -cycle rst randomlydeactvatesa subsebf minicolumns
by spontaneousymmetrybreakings.If in this way the macrocolumractiity
fallsbelow thethreshold |, theRFsof theremainingactive minicolumnsspecial-
ize to a certaindegreeto the presentednput pattern.If in alater -cycle a similar
input patternis shavn, theseminicolumnsare morelikely to remainactive again
andto further specialize. The RF specializatiorrepresentstherefore the positve
feed-bacKoop of the self-oiganizationprocesswvhich ampli es small uctuations
in thebeginningof learning. Togethemwith the competitionof the RFsmediatedby
theminicolumnselectionprocessthe RFstendto specializeto differentpatternsof
the input database A crucialrole is playedby the threshold . If s relatively
high, e.g., -, the minicolumnarRFs startto modify alreadyin the middle of the
selectionprocessandlarge groupsof minicolumnstendto form similar RFs. If
is relatively small, the RFs avoid specializingfor the sameinput patterns. If we
startlearningwith large whichis graduallydecreasedhe minicolumnsrst form
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large groupswith mutuallysimilar RFs,i.e., RFsof minicolumnsof the samegroup
aremore similar to eachotherthanto RFsof othergroups. If getssmaller the
RFsof a groupspecializeto differentsub-pattern®f the input patternsthey have
alreadybeenspecializedo. Thethreshold canthereforebe interpretedasa kind
of reciprocaldifferentiationpressure.

is only updatedat time steps at the end of each

-cycle. For atime-dependindunction letus rst de ne theaverageoverthelast
-cycles:

— (8)

At the beginning of learning,the systemstartswith large -, which

is subsequentlylecreasetly the dynamics:

9)
(10)
where and arescalarparameterand aretime-steps
which alwaysmarkthe endof a -cycle (with period ). Only atthesetime steps
and areupdated. The function is an averageover the leastactive
minicolumns(seebelow). For smallandpositve , is monotonouslydecreased
until it stabilizesaroundthe time averageof . The velocity with which

thethreshold decreaseandhencethevelocity thedifferentiationof RFsincreases
is controlledby which itself is dependenbn the minicolumnactvity averagesat
the endof the past -cycles. Thetime dependent slows down the differentiation
processf someminicolumnsarerepeatedlyguiescenin the minicolumnselection
processand startto ceasetheir RF specialization. For a small numberof mini-

columns in (10) canbethe usualminimum,for arbitrary it hasturned

out, however, thatthe averageover all minicolumnactvities smallerthana quarter
of themacrocolumractiity givesbetterresults:

- or (11)

— (12)

Hebbianplasticity (6) and (7) togetherwith time-dependingand self-controlled
differentiationpressurg9) and(10) resultsin hierarchicakelf-oiganizationof mini-
columnarRFs. An exampleis shovn in Fig.2. Whensynapticmodi cation starts
the RFsaremodi ed andfall into two groupsafter 10 to 50 -cycles. Groupone,
consistingof RFs  and , specializego patternsof the upperleft cornerand

"We demand asboundaryconditionin orderto prevent from increasingduringthe
®rst updates.
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Figure2: A The vedifferentinput patternsof thedatabaseB Outlinesof theinput

patterns.C Modi cation of the RFsof a macrocolumnwith minicolumns.
D RFsof amacrocolumrwith minicolumnsafter -cycles.E RFsof a
macrocolumrwith minicolumnsafter -cycles.

grouptwo, consistingppf RFs , ,and , specializeso thepatternof thelower

right corner(in Fig.2C the RFsareappropriatelyordered).In the interval between
50and200 -cyclesRFs and aresensitve to differentmixturesof patterns

and andRFs , ,and aresensitveto differentmixturesof patterns

, and . During this learningperiodthe RFsarerepeatedlychangingbetween
sensitvities to differentmixturesof patternsof their groupbut never to mixturesof
patternsof differentgroups.Fromabout200 -cyclesonthe RFsstartto specialize
to oneof the patternstheir groupis sensitve to. and  specializeto patterns

and ,respectrely,and and specializdo and .RF specializes
somevhatslowerto pattern becaus®f the overlapwith patterns and (see
Fig.2C). Fromabout400 -cycleson, all RFshave specializedor aninput pattern
andtheir degreeof specializationsurtherincreases$o a nal valuethereafter

If thereare fewer minicolumnsthaninput patterns,the RFsstill fall into two
groupsandspecializeto oneor a superpositiorof two or moreinput patternsafter
wards(seeFig. 2D). If therearemoreminicolumnsthaninput patternsavailable,two
or more RFsspecializeto the sameinput patternor occasionallyto superpositions
of two patterng(seeFig.2E). Note, thata macrocolumnwith morethan ve mini-
columnsusuallyneeddongerthan1000 -cyclesto fully specializats RFs. In the
experimentof Fig.2C with minicolumns,the casemay occurthatthreeRFs
specializeo theupperleft cornerpatternsuchthatthereareonly two RFsavailable
for thelowerright. A surplusof minicolumnscanthereforebe of advantage.
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Hierarchicalself-oiganizationis also possiblewith small andconstant . The
RFswould take alongertime to fully differentiatein this case.However, a suitable
constant would still resultin hierarchicalself-oganizationwhich is in general
superiorto non-hierarchicalFurther aconstant would notrequireatime average
over minicolumnarandmacrocolumnaactuities (see(10)).

Possiblebiological mechanismdor a changeof anda changeof the thres-
hold for synapticplasticity might be modulationsn theef ciency of AMPA- and
NMDA-mediatedforms of glutamategic synaptictransmissior{Watt et al., 2000).
As discussedn (AbbottandNelson,2000),neuronsscaledown NMDA currentsin
responseo enhancedctity, whichin turncanmalke it moredif cult to evoke LTP
andeasiettoinduceLTD. In our modelthehierarchicaformationof RFsessentially
requiresathreshold whichslowly decreasem time. Flexibility andlearningtime
aresigni cantly enhancedf the changeof is appropriatelycoupledto mini- and
macrocolumnaactvity. Equationg9) to (12) represenbnepossibilityto realizea
well-working suchcouplingbut it can,of coursepnly beregardedasanabstractnd
maybemoreor lessexactapproximatiorof the dynamicswhichis really atwork in
corticalneurons.

4 Experiments

Patterns to  of Fig.2A representery simpleinput. In this sectionwe investi-
gatethesystenbehaior for differentkindsof morecomplexinput. In thefollowing,
all inputvectorsarevisualizedastwo dimensionapatterndgn orderto corveniently
display the vectorsas well asthe RFsof minicolumnsastwo dimensionalgrey-
level images.For all experimentsve usea setof parametersvhich hasshovn to be
e xible andto resultin a goodperformancen differenttests.We will referto this
setof parametersasthe standad setof parametes. Note that the standardset of
parametersvasalsousedin the experimentof Fig. 2.

A macrocolumrwith neurongerminicolumnandasetof  external
neuronss used.Eachneuronreceves synapsefrom pre-synapticeuronof
thesameminicolumnand — extramacrocolumnasynapsesvhere
is the averagenumberof afferent bers originatingfrom an externalneuron. The
ratio betweerexternalandinternalneuralinput (4) is setto which means
thattheinternalinputto aneuronis for anactive minicolumnon averagemorethan
twice aslarge asthe externalone. The synapticstrengthof the afferents —is
determinedy theabove parameters, n ——. Thevaluesfor and arechosen
to reproducesettingsof earlierexperimentgcomparel. kicke andvon derMalshurg,
2004)for . Theneurons'constanthresholds - andtheGaussian
thresholdnoise hasa varianceof :

The oscillation of the inhibitory gain factor is determinedby ,

, , , and . For the Hebbianplasticity we
usethe parameters , - : , and .
Thetime averagein (8) is computedover the last -cycles. Note thatall
parameterareindependendf the numberof minicolumns .
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4.1 Input with Hierarchical Similarity Structure

In this sectionhierarchicallystructuredinput is presentedi.e., the input contains
a hierarchyof groupsof input patternswhich membersare more similar to each
otherthanto patternsof othergroups. Using arti cial datain Sec4.1.1andhand-
writtendigitsin Sec4.1.2,we shaw thathierarchicakelf-oganizatiorappropriately
learnsto representheinputin the casethatmuchlessRFsthaninput patternsxist.

Furthermoreywe comparehierarchicabndnon-hierarchicalearningin this section.

4.1.1 Articial Data

Let us considera generalizedexperimentof the onein Fig.2. As inputon a layer
of 16 16inputneuronsveusea? 7 squareat24 differentpositions.Thesquares
arelocatedat all possiblepositionswithin thegrey regionin Fig.3B. In Fig. 3C RF
self-oganizations shawvn for afferent bers which aresubjectto Hebbianplasticity
de ned by equationg6) to (12). As in Fig.2Cthe RFs rst specializecoarselyand
subsequentlye ne to a nal specializatiordegree.In the experimentof Fig. 3 there
aremoreinput patternghanRFs,however. The RFs,therefore specializesuchthat
they neverthelesgan,up to a high-degree distinguishbetweerthedifferentinputs.

In contrasto Fig.3C non-hierarchicaRF self-oganizations shovn in Fig.3D.
Dynamicsandparametersf thesimulationin Fig. 3D areidenticalto theonesof the
simulationin Fig.3C exceptthatthe dynamical in (6) is replacedy a constant
one, -. It canbe seenthat someRFsvery quickly specializeto speci c
input patternsbut thatthe majority of RFsremainsunspecializedOnly after some
time a formerly unspecializedRF specializedo somepatternand competeswith
similar RFsthereafter Even after or -cyclestherepresentatiors
farfrom beingasaccurateasafter20000r 20000 -cyclesin thehierarchicalkase.

The principle advantageof the hierarchicaldynamicsis thatit, rst, induces
competitionbetweerlargegroupsof RFsandonly afterwardsincreasesompetition
within specializedgroups. This ensureghat RFscompetewith othersimilar RFs
whereasn the non-hierarchicatlynamicsunspecializedRFscompetewith special-
ized RFs(seeFig.3D), which makesdifferentiationqualitatvely worseandcauses
amuchlongerlearningtime.

For the simulationof Fig. 3D we chosethevalueof whichwasusedin (L Eicke
andvon der Malshurg, 2004). For smallervaluesof constant RFsspecializein
the above experimenteven slower thanin Fig.3D. For alargervalueof the RFs
specializefasterbut the systems ability to discriminatebetweencorrelatedinput
patternsdecreasesEvenif we adjustthe valueof the constant to the above ex-
perimentin orderto receve the bestpossiblecompromisebetweenvelocity of RF
specializatioranddiscriminationstrengthwe canneitherqualitatvely nor quantita-
tively reproduceheresultsof hierarchicakelf-oiganization.

Thedifferencedetweerhierarchicalandnon-hierarchicalearningbecomedess
pregnantif theinput patternscover alargerfractionof theinputlayeror if thenum-
berof minicolumnsis smaller With larger numbersof minicolumnsthe superiority
of hierarchicakelf-oiganizationfurtherincreaseshowever.
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Figure3: A Five of the 24 possibleinput patterns.B lllustration of possibleinputs.

The squarecanbeatary positionwithin thegrey region. C Hierarchicalself-

organizationof minicolumnarRFs. D Non-hierarchicakelf-oiganizationof
minicolumnarRFs.

4.1.2 Hand-Written Digits

We now investigateRF self-oiganizationfor a databasef input patterns consist-
ing of the hand-writtendigits zero,one,andseven. The databaseisedis the freely
available subsetMINIST® of the NIST databaselt consistsof 60000 large
grey-level images.For the experimentwe only usedthe digits zero,one,andseven
(seeFig.4A for someexamples) We have choserthis databecausdt, rst, consists
of two-dimensionapatternsandis thereforeeasily displayable second,t is com-
monly accessibleand,third, it canbe expectedto containa hierarchyof subclasses
of mutuallysimilar patternsin Fig.4B RF self-olganizations displayedor a setof
inputneuronsanda macrocolumrwith standardsetof parameterand

8MNIST databasef hand-writtendigits, NEC, yann.lecun.coméedb/mnist/
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A Input patterns

107207100007/

Figure4: A Subsef input patternsof the hand-writtendigits zero,one,andseven
of the MNIST database B RF modi cation of a macrocolumnwith mini-
columnsif input of the form asdisplayedin A is presentedC RFsof a macrocol-
umnwith minicolumnsafter 5000 -cycles. D RFsof a macrocolumrwith
minicolumnsafter 5000 -cycles. E RFsof a macrocolumrwith
minicolumnsandnon-hierarchicatlynamicswith - after5000 -cycles.
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minicolumns.From0Oto 100 -cyclestherandomlyinitialized RFsspecialize
to the region wherethe input neuronsare mostactve. SomeRFs coarselyshowv
preferenceso stimuli in the form of verticalbars,e.g., and , andothersare
rathersensitve to circular stimuli, e.g., . Duringthe rst 100 -cyclesthe RFs
areratherunstableandcanfrequentlychangebetweenvariouskindsof input pattern
mixtures. In the periodfrom 100to 500 -cyclesthe RF changeis still high but
steadilydecreaseantil, afterabout500 -cycles,two groupsof RFshave formed.
Groupl,consistingof , , ,and ,issensitvetozero-typepatternsvhereas
group?2 is sensitve to oneandseven-typeinputsor mixturesof them. The groups
remainstablein the senseghatno RF of onegroupwill changesuchthatit becomes
sensitve to a patternof the other group. From 500 to 1000 -cyclesthe RFs of
eachgroupfurther specializeto sub-patternsf their input type. Thisis especially
obviousfor group2where and form asubgroupspecializedo one-typepat-
ternsand and formasubgroupspecializedo seven-typepatterns From 1000
to 5000 -cyclesthe specializatiorcontinuesandthe formedsubgroupsiecayinto
subgroupshemseles. After 5000 -cycleseachRFis sensitve to a differentchar
acteristictype of input patternse.g.,RFs and  arebothsensitve to one-type
inputbut israthersensitveto thesubtypeof verticallineswhereas is sensitve
to diagonalpatternsof hand-writtenones.

Note,thatthe courseof self-olganizationis only sensitve to the overlapof input
patternsand that thereis no neighborhoodelationshipbetweenthe input pixels.
The experimentwould producethe sameresultsif all input pixels were permuted.
Inducedby theoverlap,aneighborhoodelationshiponly existsbetweerthe patterns
themselesandasthey aretwo-dimensionain nature hierarchicakelf-oiganization
is re ecting thisrelationship.

If we applyamacrocolumrwith lessminicolumnsto thedata,the nal subdvi-
sionis notas ne, seeFig.4Cfor , andif therearemoreminicolumnsavailable,
the subdvisionis ner, seeFig.4D for . For the systemmostoften
specializedour, two, andtwo RFsto patternsof type zero,one,andseven,respec-
tively. Sometimest specializedhreeRFsto seven-typeinput but usuallyonly two
for one-typenput.

For comparison,the RFs of non-hierarchicalself-oiganizationwith constant

- are shown after -cyclesin Fig.4E. After or
-cyclesthe numberof specializedRFsincreasedut the representatiomoesnot
reachtheaccurag aswith hierarchicakelf-oganizationafter5000 -cycles.

We have seerthathierarchicaRF self-oiganizatiorworkswell evenfor strongly
varying patterns.The RFsform classeof patternsoy hierarchicallydecayinginto
increasinglysmallergroups.Althoughthegroupssolelyform onthebasisof pattern
overlapthey represenaibstraction®f typical hand-writteninstance®f the different
digits®. The overlap similarity relationshipis independenbf ary n-dimensional
spacestructuresuchthat the systemcan during learning be expectedto become
sensitve to signi cant classef more generalthreeor n-dimensionainput or of
inputwith muchmorecomple topologicalstructure.

%Digit recognitionsystemsare generallyusing more invariant input representationsf hand-
written digits, of course.
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4.2 The Continuous Bars Test

In Sec4.1hierarchicaRF self-oiganizatiorfoundanaccurateepresentatiofor the

input patternsalthoughmary moreinput patternsexistedthanRFswereavailable.

The RFsspecializedo patternswhich are,in the senseof patternoverlap,located,
e.g.,at aboutequidistanfpositionsof the subspacef the input spacein which the

patternsoccur(comparerig. 3C). In this sectionwe will presentclassof inputpat-

ternswhich canonly be accuratelyrepresented the systemextractsbasicfeatures
from theinputandusedistributedneuralcodingfor patternrepresentation.

4.2.1 Overlapping Vertical Bars

Letus rst moresystematicallystudytheability of thesystemto accuratelyepresent
thesubspacef trainingpatterns On a setof inputneuronsvetake an
input vectorto consistof exactly oneverticalfour pixel wide bar (seeFig.5A). We
usecyclic boundaryconditionssuchthattherearel6 differentsuchinputs. Notethat
asimilarexperimentwithoutcyclic boundaryconditionswasdiscussedh (Spratling,
1999). In Fig.6 RF self-oiganizationfor the sameinput databaseés visualizedin

A Input patterns

B -cycles

10

100

1000

Figure5: A 10 randomlychoseninput patternsof vertical four pixel wide bars.
B RF modi cation of a macrocolumrwith minicolumnsif input of the form
asdisplayedn A is presented.

anotherway. The sensitvity of a RF is displayedas an arrov whoseorientation
correspondso the meanx-axis pixel positionof barsthe RF is sensitve to,

— , andthe length of the arrov correspondso the degreeof specializatiof.

Both visualizationsshowv thatthe RFsrapidly cover the input patternspacewithin

the rst 50 -cycles. After 50 -cyclesthe input spaceis ratherunevenly covered,
however, andthereareRFsspecializedor thesameregion. From50to 500 -cycles
the specializatiordegreeincreasesintil theinput patternspaces evenly coveredby
the RFs,a propertywhich is especiallywell obsenablein Fig.6. For a numberof

minicolumnssmalleror larger than RF self-oiganizationis similar andthe
spaceof input patterngs, respectrely, moresparselyor moredenselycovered.

100 meansno barand1 meansexactly onebaris preferred.
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Figure6: Visualizationof RF specializatiorfor a macrocolumnwith mini-
columnsif input of the type asin Fig.5A is presented.Eacharronv corresponds
to a RE An arron's anglecorrespondgo the meanx-axis position of the vertical
RF, — . An arrow's lengthis zeroif no baris preferredandone (the cir-
clesradii) if exactly onebaris preferred.The RFsof onemacrocolumrduringone
simulationaredisplayedafter10,50,and500 -cycles.

The experimentshaws that even if the input doesnot containany prominent
classe®f mutuallysimilar patternsthe systemorganizests RFssuchthattheinput
patternscan be processe@ppropriately The RFsorganizein a one-dimensional
fashionj.e.,eachRF hasexactlytwo nearesheighborswvith respecto RF similarity.
The RFscanthereforebe displayedlike in Fig.6. Note that the one-dimensional
natureof the RF self-oganizations solelyinducedby the one-dimensionabverlap
relationbetweerthebars.Theoverlapinterrelationsf theinput patternghemseles
inducethedimensionalityor, moregeneralthetopologyof the RF self-oiganization
muchlik e the distanceinterrelationof a metric spacegivesrise to its topology If
theinputof a arrayof inputneuronsdoesnot consistof all possiblevertical
barsbut of all possiblesquaref a certainsize,e.g. , the RFsevenly covera
two dimensionabpacé! afterlearning.

4.2.2 The Continuous Bars Test

We now combinethesocalledbarstest(FBldiak, 1990)andthe abose demonstrated
ability to representontinuousbarsto what we will call the continuousbars test
Theinput patternsve useconsistof superpositionsf horizontalandverticalbarsof
awidth of four pixels. Onaninputarrayof neuronswith cyclic boundary
conditionsa total of differentbarscanoccur Eachbarwe take to appear
in aninputimagewith probability  (seeFig.7A for someexampleswith -).
In Fig. 7B RF self-olganizationis shown for barswith - and
minicolumns. In the time from 0 to 500 -cyclesthe RFsarenot very stableand
their degreeof specializations very low. During learningthey becomemore and
more stable,however, andfrom about500 -cycleson their specializationrdegree
increasesntil a nal RF con gurationis establishedsomevhenbetweer?2000and

Hatwo dimensionatorusfor cyclic boundaryconditions
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A Input patterns
B -cycles
500
1000
2000
5000
C
D
E

Figure7: A 20 randomlychoseninput patternsof a barstestwith 8 barsandcon-
tinuouslyvaryingbarpositions.B RF modi cations of amacrocolumrwith
minicolumnsif input of the form asdisplayedn A is presentedC RFsof a macro-
columnwith minicolumnsafter5000 -cycles.D RFsof amacrocolumrwith
minicolumnsafter 5000 -cycles. E RFsof a macrocolumrwith
minicolumnsandnon-hierarchicalearningafter5000 -cycles.

5000 -cycles.In all simulationswith this inputand the x-axis positionsof

the vertical RFsandthe y-axis positionsof the horizontalRFswereevenly spaced
after5000 -cycles(seeFig.8 for anexample).Notethatthesystems stableagainst
variousperturbation®f thebarstest's parametersuchasnoise barwidth variations

or variationsof . A macrocolumnwith minicolumnswith an array of
input neuronsandstandardsetof parametersisually corvergesfor
a continuousbarstestwith barsand - to a nal RF specialization

within the rst 2000 -cycles.If oneRF specialize$o a superpositiorof horizontal
andvertical barslike  in Fig.7B, the systemneedsup to about3000 -cycles.
Note thatit is not possibleto determinea time after which the systemhasfound
arepresentationf all bars. For othernumbersof minicolumns,seeFig.7C,D for
and , the outcomeof the experimentis the samej.e., half of the RFs
evenly coverthespaceof verticalbarsandthe otherhalf the spaceof horizonalbars.
Occasionallyhowever, the numbersof verticalandhorizontalRFsdiffer by a small

number
In Fig. 7E theRFsof non-hierarchicaself-oiganizatiorareshovn for -
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Figure8: Visualizationof RF specializatiorfor a macrocolumrwith mini-
columnsafter 5000 -cyclesif input of the type asin Fig.7A is presented.Each
arrowv correspondso aRF An arraw in theleft-hand-sid€lhs) diagramcorresponds
to a vertical RF andan arrows in the right-hand-sidgrhs) diagramcorrespondso
a horizontalRFE. An angleof anarrow in thelhs diagramcorrespondso the x-axis
positionof averticalRF, — , andtheangleof anarraw in therhsdiagram
correspondso the y-axis positionof a horizontalRF, — . An arron's
lengthis zeroif no baris preferredandone (the circlesradii) if exactly onebaris
preferred.

after 5000 -cycles. As canbe obsenred, the systemdoesnot useall its RFsto
representhe spaceof input patternswhich leadsto a lessaccurateepresentation
thanin the hierarchicakase.

4.2.3 The ClassicalBars Test

The systemcan, of course,also be appliedto the classicalbarstestand we will
shortyput forward someresultsin orderto be ableto comparehierarchicaRF self-
organizatiorwith non-hierarchicadndwith resultsof othersuggestegdystemsThe
input dataof the barstestconsistof patternsof superpositionsf disjuncthorizontal
anddisjunctvertical bars. In aninput pattern( pixel in this case)eachbar
occurswith thesameprobability (here -) andall barsareof equalsize(four
pixel width in our case).

On rst sight, hierarchicalself-oiganizationdoesnot promiseto be superiorto
non-hierarchicaself-oiganizationn thisexperimentecause¢heinputdoesnotcon-
tain a hierarchyof similarity classes.However, in all experimentalsettingsthe hi-
erarchicalapproachshavs a shorterlearningtime and smallervariationsbetween
simulations. For barsand minicolumnsthereis a 50% probability
thatthesystemhasfoundall barsafterabout650 -cycles.After about500 -cycles
thereis a 20% probability and after 800 we have a probability of about80% that
all barsarerepresentedwe used100 simulationsfor the measurements)A non-
hierarchicakystemwith constant - needdongerfor learning(about1000
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A Input patterns

bars

Hierarchical
4 Non-Hierarchical

0 1000 2000 3000 -cycles

Figure9: A 20 randomlychoseninput patternsof a barstestwith 8 bars. B Hier-
archicalandnon-hierarchicalearningof bars. The plots showv self-oiganizationin
the courseof a barstestwith minicolumnsand bars. A baris taken
to be represented a minicolumnremainsactive in at leastnine of ten -cyclesif
thebaris shovn. Thenumberof representetarsis measureat differenttime steps
(every5 -cyclesbefore500 -cycles,every 10 between500and1000,andevery
20 after 1000 -cycles)andthe averagenumberof representedbarsis computed
using 200 simulations. The black graphshaws hierarchicallearningandthe grey
graphshows non-hierarchicalearningwith —. Left limits of theerrorbars
shawv the learningtime afterwhich thereis a 20% probability that 3, 4, 5, 6, and7
barsarerepresentedespectrely. Rightlimits showv thetime afterwhichthereis an
80% probability. Black error barsbelongto hierarchicallearningandgrey barsto
non-hierarchical.
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-cyclesfor a50% probabilitythatall barsarerepresentedndrequiresabout2400
-cyclesto nd all barswith a probability of 80%.

In Fig.9B RF specializatiorfor barsand minicolumnsfor hier-
archicalandnon-hierarchica( -) learningis plotted. As canbe seenthe
learningtime averageof both systemss comparableuntil aboutsix barsare rep-
resented.The non-hierarchicabystemsubsequentlypeedson averagea very long
time to representhe remainingbars(seeSpratlingandJohnson2002,for a similar
effect). For othernumbersof barsor minicolumns(including perturbationsuchas
noiseof barwidth variations)the qualitative differencesbetweenhierarchicaland
non-hierarchicalearningarethe sameandin all testsettingshierarchicallearning
hasshawvn to be superiorto non-hierarchicalearning.

The classicalbarstesthasbecomea benchmarkestfor featureextractingsys-
temssinceit wasintroducedin (FBldiak, 1990). In the classicalbarstest mini-
columnarRF self-olganizationwas shovn to be highly competitve to other sug-
gestedsystemgle.g. FiBldiak, 1990; Dayanand Zemel, 1995; Hinton et al., 1995;
Hinton andGhahramanil997;CharlesandFyfe, 1998;Hochreiterand Schmidhu-
ber, 1999; O'Reilly, 2001; Spratlingand Johnson2002)and, furthermore proved
to be especiallyrobust with respectto various perturbation. Although hierarchi-
cal self-olganizationis moresuitablefor datawith hierarchicalsimilarity structure
(see,e.g.,Fig.4B), it wasshavn in the experimentof Fig.9 thatit alsoimproves
performancen the classicalbarstest. Learningtime is reducedsigni cantly, e.g.,
for minicolumnshierarchicallearningneededabout650 -cyclest? to nd
all barswhile the systemdescribedn (L Eicke andvon der Malshurg, 2004)
needechbout1150 -cycles®. For hierarchicalearningneedecabout4800

-cycles* to nd barswhereaghe non-hierarchicasystemin (L Ecke and
von derMalshurg, 2004)neededabout9100 -cycles™®. Thesedifferencesarecom-
parablysigni cant for othernumbersof minicolumnsandbarsandunderdifferent
perturbations.

5 Discussion

Activity dependenHebbianplasticity (6)-(10) coupledto dynamicsof spikingneu-
ronsbasedon columnarorganizationandbackgroundscillationwasshawn to re-
sultin hierarchicakelf-oiganizatiorof minicolumnarRFs. Self-olganizatiorappro-
priately adaptedhe minicolumnsensitvities to the patternsof differentdatabases.
Hereby the databasean containnestedsimilarity classesasin experiments4.1.1
and4.1.2,continuouslyoverlappingpatternsasin Exp.4.2.1,superpositionsf pat-
terns (Exp.4.2.3), or superpositionsof continuously overlapping patterns(see
Exp.4.2.2) The experimentsfurther showv that hierarchicallearningis function-
ally advantageouso non-hierarchicalearningaspresentedn (L kicke andvon der

2time afterwhich the barsarefoundin 50%of 100 consideredimulations
Blessthanabout500 -cyclesin 20%andlessthan2400in 80% of thecases
4essthanabout3100in 20%of the casesandless8400in 80%of thecases
151essthan3700in 20%of the casesandless18500in 80% of thecases
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Malshurg, 2004). Hierarchicalself-oganizationdevelopsstrongerdiscriminating
RFs, usesall RFsto representhe input, andis fasterthan non-hierarchicakelf-
organization. The superiorityof the hierarchicalapproachs especiallysigni cant
for larger numbergabout ) of minicolumns,which further supportshe ne-
cessityof an hierarchicalapproachf we consideran estimationof about80 mini-
columnsper macrocolumng.g.,in primary cortical areas(Favorov and Diamond,
1990;Mountcastle1997).

The ability of the hierarchicalsystemto adaptits neuronsensitvities suchthat
theinputpatterrspacas uniformly coveredis similarto theability of self-oilganizing
maps(SOMs) (Kohonen,1990; Kohonen,1995)to appropriatelycover a spaceof
input data. However, SOMs requirea prede neddistancemeasurefor the input
spaceaswell asa prede neddimensionalityof the SOM outputspace. The here
presentedystemformsanappropriateaopologicalrepresentationf theinputspace
solelyonthebasisof input patternoverlap.It can,thereforealsoprocessnputdata
whosetopologyis not equivalentto the one of an n-dimensionaEuclideanspace.
Thus, the systemis rathercomparableo a Growing NeuralGas® (GNG) (Fritzke,
1995)with respectoits topological e xibility . Note,however, thatalsofor the GNG
aprede neddistancaneasurdetweerpointsof theinputspaceas usedwhereasour
systemusesoverlapof extendedpatterns.

A secondandmoresigni cant differencebetweerthesystemherepresenteénd
SOMsor GNGsis the ability of our systemto learnfrom patternsuperpositions
andto extractthe basicconstituent®f the patternsaswasdemonstrateth the bars
test. Furthermorethe neuralarchitectureof our columnbasedsystemwith spiking
neurongs quitedifferentfrom theoneof SOMsor GNGsandwereferto (L Eicke and
von der Malshurg, 2004)for a discussiorof functionalandneuroscienti caspects
of the macrocolumnaneuraldynamics. A systemwhich was appliedto feature
extractionandto inputlike theonein Exp.4.2.1wasdescribedn (Spratling,1999).
In contrasto our systemthecomputationatinitsof thatnetwork hadto be explicitly
one-dimensionallynterconnectedh orderto solve thetaskof Exp.4.2.1.

Therearevariousunsupervisedystemsableto nd clustersof mutually similar
or neighboringinput. If theinput datais continuouslydistributed over a manifold
with or without well-de ned dimensionality SOMsand GNGsare,respectiely, a
popularchoiceto appropriatelyrepresenthe data. Again othersystemshave suc-
cessfullybeenappliedto the barstest,e.g. (FBldiak, 1990;DayanandZemel,1995;
Hintonetal., 1995;HintonandGhahramanil997;CharlesandFyfe, 1998;Hochre-
iter andSchmidhuberl999;0'Reilly, 2001;SpratlingandJohnson2002),andthus
demonstratedheir ability for distributed neuralcoding. The hierarchicaltype of
self-oganizationpresentedn this paperresults,for Exp.4.1.2,in a naturalnested
seriesof RF subdvisionsandin a high discriminationability dueto competitionbe-
tweenalreadysimilar RFs. For continuouslyoverlappinginput patternsgt resultsin
RFswhichevenlycoverthecorrespondingnputspace And, thoughit is notobvious
on rst sight, it alsodecreasekarningtime in the classicalbarstest. Hierarchical
self-oganizatiordistinguisheshe systemfrom the majority of otherespeciallyneu-

16a furtherdevelopmenif SOMs
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ronalsystemsvhichcanbeappliedto theoneor otherinputtype. Only for clustering
in the eld of datamining hierarchicalpproachearefrequentlyused.

The systempresentedn this paperwas, with one setof parametersnot only
successfullyappliedto all differentinput typesjust discussedut, furthermore,is
ableto processnput consistingof mixturesof the differenttypes. In Exp.4.2.2
the systems RFsformedtwo groups,one specializedo horizontalandonegroup
specializedo vertical bars. Simultaneouslyeachgroup's RFsorganizedsuchthat
they evenly coveredthe spacerepresentedly their group(seeFig.8). In beingable
to pasghecontinuougorm of thebarstestthesystenoffersunequaleapportunities
especiallyif comparedo otherarti cial neuralnetworks.

In this paperwe consideredself-omganizationof afferentsto a singlemodelmacro-
column.In theneocort&, however, anumberontheorderof, coarsely  mutually
interconnectednacrocolumnss estimatedMountcastle, 1997). In alarge number
of experimentsthe interconnectiorstructurebetweenthe macrocolumnsr rather
betweerthe minicolumnswereinvestigatedseee.g.(Rathjenetal., 2002)for are-
centstudyin thevisual cortex. Theinterconnectionsverefoundto changen time
(Callavay andKatz, 1990;Chapmaret al., 1996)andto re ect the diversity of the
ervironmentin which the subjectgrewn up, e.g.(Schmidtet al., 1997). The statis-
tical prevalenceof collinearcontoursin real world images(seee.qg.Kr ger 1998;
Kaschubeet al., 2001),for instance|s re ected by the prevalenceof interconnec-
tionsbetweercorrespondingrientationsensitve columnsin thevisual cortex (see,
e.g.,Schmidtetal., 1997). In the primaryvisual cortex the interconnectionsanbe
showvn to beunspeci cat rst, i.e., no specializatiorto speci ¢ columns,which is
measuredsia the clusteringof horizontalinterconnectionspccursduring the rst
postnatadaysor weeks(Ruthazerand Stryker, 1996; Chapmaret al., 1996). The
interconnection®nly graduallyspecializeto form interconnection®etweerorien-
tation tunedcolumns. They rst form coarselyclusteredinterconnectionsvhich
graduallyre ne in time. The re nementcanherebybe shavn to be the result of
synapticplasticity ratherthancell deathandto be input dependen{Ruthazerand
Stryker, 1996; Chapmaret al., 1996). Although the interconnectiorstructureand
its developmentis beststudiedin primary sensoryareasthe samemechanismsre
believedto underlyhorizontalinterconnectiororganizationin all corticalareas.

For theintercolumnaconnectionso beableto specializeio appropriateellsan
input-driven organizationprinciple canbe assumedvhich haspropertiessimilar to
the type of self-olganizationpresentedere. In networks of macrocolumnsierar
chical self-oiganizationof minicolumnarRFshasthe advantageto graduallystruc-
turethe network from coarseto ne. In non-hierarchicatelf-oganizationa newly
(andformerly poorly) specializedRF would causeotherinter-macrocolumnacon-
nectionsto reoilganizein orderto considerthenev RE Reoganizationis muchless
ef cient thanre nementinducedby hierarchicalearning,however. Furthermorea
coarseo ne processs notonly obseredneuroanatomicallyput is alsoconsistent
with our view of high level learning.

The RFsof biological minicolumnsof a macrocolumrhave to differentiateto
appropriatelyrepreseninput which canbe expectedto consistof superposition®f
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spike patternswith continuousoverlaps. E.g., orientationcolumnsin the primary
visual cortex are sensitve to basicconstituentf naturalimageswhich are often
mathematicahbstractedisingGaborwavelet- Iters (JonesandPalmer 1987). An-
otherexamplearecolumnsin MT 1’ which aresensitieto differentdirectionsof mo-
tion (Albright etal., 1984). The biological columnsequidistantlycover the spaceof
all possibleorientationsandall possibledirectionsof motion, respectrely. Natural
input consist,e.qg.,in the caseof orientationcolumns,of superposition®f stimuli
for differentorientationswhich almostcertainlylie in betweenof the represented
orientations. This is, however, the situationwhich was studiedin the continuous
barstestin which hierarchicalself-olganizationhasshavn to resultin appropriate
RFs. A moredetailedanalysise.g.,of naturalimageprocessingywould go beyond
the scopeof this paperespeciallyif consideringadvancedpreprocessingvhich is
alreadydonebeforethe opticalnere bers connecto corticalneurons.

Our systemmodelsself-oiganizationof RFsof a single cortical macrocolumn
(Favorov andDiamond,1990;Mountcastle 1997)andis thereforenotdirectly com-
parableto large scale models (Baxter and Dow, 1989; Obermayeret al., 1990;
Tanaka,1990; Niebur and Wbrgibtter, 1993; Miller, 1994; Bednaret al., 2002;
Prodehl et al., 2003,andothers)which intendto studymap creationmainly in the
visual cortex (seeErwin etal., 1995; Swindale,1996, for overviews). We rather
suggeshierarchicalself-oganizationas an underlyingmechanisnwhich canlead
to structuredhfferentconnectiongswell asto structurednnercorticalconnections.
In this contet, the presentedsynapticplasticity hasproven to adaptminicolum-
nar RFsto variouskinds of inputsin a for patternrepresentatioespeciallysuitable
and comparedo othersystemsextraordinarily e xible manner Hierarchicalself-
organizationmatchegpropertiesrequiredfrom the plasticity of biological RFsand
is in particularmodelingtheir hierarchicaformation.
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