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Abstract

We studyself-organizationof receptive �elds (RFs)of corticalminicolumns.Input
drivenself-organizationis inducedby Hebbiansynapticplasticityof afferent�bers
to modelminicolumnsbasedon spiking neuronsandbackgroundoscillations. If
input in the form of spike patternsis presentedduring learning,the RFsof mini-
columnshierarchicallyspecializeto increasinglysmall groupsof similar RFsin a
seriesof nestedgroupsubdivisions. In a numberof experimentswe show that the
system�nds clustersof similar spike patterns,that it is capableof evenly cover the
inputspaceif theinput is continuouslydistributed,andthatit extractsbasicfeatures
from inputconsistingof superpositionsof spikepatterns.With acontinuousversion
of the barstestwe, furthermore,demonstratethe system's ability to evenly cover
thespaceof extractedbasicinput features.Thehierarchicalnatureandits �e xibility
with respectto input distinguishesthepresentedtypeof self-organizationfrom oth-
ersincluding similar but non-hierarchicalself-organizationasdiscussedin (LÈucke
andvon derMalsburg, 2004). Thecapabilitiesof thepresentedsystemmatchcru-
cial propertiesof theplasticityof corticalRFsandwesuggestit asamodelfor their
hierarchicalformation.
Keywords: CerebralCortex, Self-Organization,ColumnarOrganization,Synaptic
Plasticity, UnsupervisedLearning,CorticalMaps
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1 Intr oduction

Self-organizationis believed to play a centralrole in the developmentof the cen-
tral nervoussystemof highervertebrates.The mostprominentexampleis proba-
bly the ontogenesisof �ber projectionsystemsandespeciallythe developmentof
retinotectalmaps(HÈausslerandvon derMalsburg, 1983). Otherexamplesof self-
organizationdealwith structuresin thebarrel�eld of therodentcortex or with the
formation of ocular dominanceand orientationcolumns(seeErwin et al., 1995;
Swindale,1996; von der Malsburg, 2003, for overviews). The idea that self-
organizationis also responsiblefor the formationof interconnectionstructuresin
advancedlevelsof corticaldevelopmenthasbecomeincreasinglypopularin thelast
decadesand gave birth to abstractneuralnetwork modelsbasedon input driven
self-organization,e.g.(von derMalsburg, 1985;Kohonen,1995;Fritzke, 1995). In
recentyearsthe developmentof intra-corticalconnectionscould be monitoredin
more andmore detail especiallyin primary sensoryareas. In the primary visual
cortex, e.g.,interconnectionsbetweenorientationcolumnswereshown to develop
hierarchicallyfrom coarselyspecializedto increasingly�ne tunedRFs(Callaway
andKatz,1990;Chapmanetal., 1996).

In thispaperwediscussaself-organizationprocesswhich re�ects thehierarchi-
cal natureof RF formation. The model is basedon a systempresentedin (LÈucke
andvon derMalsburg, 2004)andintegratesfundamentalaspectsof neuralinforma-
tion processingsuchasHebbiantypesynapticplasticity, columnarinterconnection
structure,spikingneurons,andbackgroundoscillation.In a numberof experiments
we investigatethesystem'sabilitiesto form appropriateRFsfor verydifferenttypes
of input. Thetypeof self-organization,hereby, differsfrom otherneuralmodelsby
its hierarchicalapproachandby its high �e xibility with respectto theinput.

In Sec.2 we shortlyde�ne anddiscusstheneuraldynamicsof a modelmacro-
column.In Sec.3 we de�ne thedynamicsof Hebbianplasticityof afferent�bers to
themacrocolumnanddiscusstheemerging self-organization.In Sec.4 thesystem
is appliedto differenttypesof inputandin Sec.5 wediscussthesystem'srelationto
neuroscienceandcompareit with otherunsupervisedneuralmodels.

2 Neural Dynamicsof a Model Macrocolumn

Our systemis basedon a modelof thecorticalmacrocolumnor segregate(Favorov
andDiamond,1990).Macrocolumnscanbeidenti�ed bothanatomicallyandphysi-
ologically(Favorov andDiamond,1990;ElstonandRosa,2000;Lubkeetal.,2000)
andareshown to processstimuli from the samesourcesuchasan areaof the vi-
sual�eld or a patchof a thebodysurface(Favorov andWhitsel,1988;Favorov and
Diamond,1990). The macrocolumnconsistsof a numberof minicolumns1 which
presentthe smallestneuralmodulesandconsistof several tensup to a few hun-
dredneurons(PetersandYilmaz,1993)(seeMountcastle,1997;Buxhoevedenand
Casanova,2002, for overviewsandJones,2000, for acritical discussion).

1sometimesalsocalledmicrocolumns
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In this sectionweconsiderthedynamicsof amodelmacrocolumnwithoutHeb-
bianplasticity. Thispartof thedynamicsis essentiallythesameastheonepresented
in (LÈucke andvon derMalsburg, 2004),exceptof two technicallyimportantdiffer-
ences:First, intermediatespike ratesof inputneurons(seebelow) canencodegrey-
level insteadof only black-and-whiteinput imagesand,second,thesystemcanbe
operatedwith a variablenumberof input neuronsand,hence,variablesizeof input
images.

Themacrocolumnis modeledasacollectionof disjunctminicolumns.Themini-
columnswetaketo consistof acollectionof � excitatoryneurons.As neuronmodel
weuseaMcCulloch-Pittsneuronwith refractiontime:
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�:����� is theover-all activity2 of minicolumn � . All excita-
tory neuronsaremodeledin this way andpossessthesameconstantthresholdand
a thresholdnoisewith the samevariance. A neuronreceivesexcitation from two
sources:First, from otherexcitatoryneuronsof thesameminicolumn,andsecond
from neuronsoutsidethemacrocolumn,denoted�

�

� . The interconnectionwithin a
minicolumn(

�

�

�	� ) we take to be �x ed andrandom. The randomnessis generated
with theboundaryconditionsthateachneuronreceivesanumberof � synapseswith
synapticweight �
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and that the probability of a synapsesto originatefrom a
speci�c neuronof theminicolumnis constant.Theafferentsfrom externalneurons
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�	�)� canchangein timebut we requirethataneuronreceives � synapsesof weight
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from externalneurons.The ratio betweenthe numberof externalandthe
numberof internalconnections3,
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is taken to besigni�cantly smallerthanonewhich meansthat the internalinput of
anactiveminicolumnis onaveragesigni�cantly largerthantheexternalinput.

2The inhibition hasto be understoodasbeing implementedby a systemof inhibitory neurons
ratherthanby a singleone. A largernumberof inhibitory neuronscanbeexpectedto averageover
incomingactivity andto distributeinhibition suchthat(3) is approximated.

3Notethatdueto therequiredboundaryconditions= is independentof > and ?
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The externalneurons� �

� areessentiallyof the sametypeastheneuronsof the
macrocolumn,i.e., they areeither inactive or active, � �

� �����

# %

�

-

�

* , andthey are
refractoryfor onetime stepafter they have spiked. The externalneuronstranslate
an input vector
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� hasa probability of
�

�




� to be active. The
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� , will becalledthe receptive �eld (RF) of theneuronandthe
sumof theRF vectorsof all neuronsof aminicolumn � will becalledtheRF of the
minicolumn,
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�

� (seeFig.1B,C).In Fig.1A a sketchof a macrocolumn
with

�


�� minicolumnsis displayed. The input neuronsare arrangedin a two
dimensionalarraybecausewe will usetwo dimensionalgrey-level imagesasinput
vectorsto convenientlydisplaysimulationresults. Note, however, that the setof
inputneuronsis notequippedwith any neighborhoodrelationshipandcantherefore
bearrangedin anarbitrarymanner.

Figure1: A Sketchof a macrocolumnwith
�


�� minicolumns,parameters�


	� ,
�



� , and �


	� , connectedto
�


���
 externalneurons.The inhibition is sym-
bolically sketched.Therandomlyinitialized RF,

�

�

�

, of minicolumn �


 � is fully
displayedwhereasRFs

�

���

and
�

�

�

arenot. Lineswithin theinput layerareonly dis-
playedfor visualizationpurposes.B Two dimensionalvisualizationof theRFof one
neuronin minicolumn �


 � asgrey-level image.C Two dimensionalvisualization
of

�

�

�

asgrey-level image.

Thedifferenceequationsystem(1) togetherwith (2) and(3) de�nes theneural
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activity dynamicsof the macrocolumn.Although analyticalpredictionsof the be-
havior of this highly non-linearsystemseemdif�cult, it couldbeshown in (LÈucke
andvon der Malsburg, 2004) that, for a large classof parameters,the global and
essentialpropertiesof thesystemcanbederivedanalyticallyby meansof stability
analysisandbifurcationtheory4. Weoperatethesystemby oscillatingtheinhibitory
gainfactor5 & in (3):
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where
�

 #�� �

is the lengthof an initialization phaseand
�
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 � �

.����

�

� theremainder
of division by theoscillation's periodlength

�

. During onesaw tooth like period,
which will becalled & -cyclefrom now one,thesystemis forcedto switchoff mini-
columnswith comparablyweakinput. This process,which begins anew for each

& -cycle, canbe describedin termsof structuralinstability andwe refer to (LÈucke
etal., 2002)and(LÈuckeandvon derMalsburg, 2004),for furtherdetails6 .

3 Self-OrganizingReceptiveFields

Theafferent�bers �
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�

�	� � which coupletheneurondynamics(1) to externalinput in
the form of spike patternswe take to besubjectto synapticplasticity. The change
of anafferent�ber, �
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4For theanalysiswe®rst replacedynamics(1) by a dynamicswhichapproximatelydescribesthe
minicolumnactivities (�) . The approximationis possiblebecauseof suf®ciently high activity rates
in active minicolumnsnearto bifurcationpoints. With a subsequentstability analysisthestationary
points,which areactuallyobservedin directly simulating(1), canbecomputed.Becauseof a small

= (4) input mediatedby afferent®bersis thantreatedasperturbationof theinternaldynamics.
5see,e.g.,(K Èorneret al., 1999)for adiscussionof a possibleorigin of suchanoscillation
6Note, that the systembehavesqualitatively similar alsofor refractiontimeslarger thanin (1).

Themaindifferencesarethatminicolumnactivities arelower anddueto a larger impactof thresh-
old noisehysteresisis lesspronounced,i.e., activation of an in the same* -cycle alreadyswitched
off minicolumnis moreprobable.Crucial for thefunctioningof thesystemis thenon-lineardeacti-
vationof minicolumnswith weakinput inducedby an interplaybetweenrefraction,excitation,and
inhibition, whichcanalsobeexpectedfrom a systembasedoncontinuousneuronmodels.
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and '

�

�

�
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9

. Theparameter
9

is thesynapticgrowth factor. If theafferent�ber
�

�

�	� is increasedfor a givenneuron� �

� , onerandomlychosen(non-zero)�ber
�

�

�#���

is removed in orderto ful�ll thenormalizationcondition(7). The maindifference
to a usualHebbianlearningrule is the condition

�

����� �

)

����� which hasto be
ful�lled in order to enablesynapticmodi�cation. If the conditionis not satis�ed,
theafferentconnectionsremainunchanged.Theconditionensuresthatmodi�cation
is only allowedfor statesof low macrocolumnaractivity which arepredominantin
the endof a & -cycle. Only than,after what we will call the minicolumnselection
process, themacrocolumnaractivity is re�ecting propertiesof theinput.

Equations(6) and (7) representan abstractformulation of synapticplasticity,
which is suitablefor thetime-discreteneuronmodel.More realisticformsof synap-
tic plasticitywould have to bebasedon continuousneuronmodelsanddifferential
equationsfor synapticmodi�cation. An interplaybetweenlong-termpotentiation
(LTP) and long-termdepression(LTD) suchas spike-timing dependentplasticity
(STDP)canbe imaginedto implementrenormalizationsimilar to (7) anda plas-
ticity similar to (6) including an approximationof condition

�

����� �

)

����� . Action
potentials(spikes) in minicolumnswhich remainactive for higher inhibition have
an increasedprobability to proceedspikesof input neuronsbecausethe incoming
spikesmusthave positively contributedto keepthe columnactive. In the caseof
low inhibition LTD candominatebecauseof in this caselesscorrelated�ring of
minicolumnandinput neurons(seeFeldman,2000, for thepredominanceof LTD
for uncorrelatedspikes). Synapticscalingprocesses(see,e.g.,Abbott andNelson,
2000;Turrigianoetal.,1998)withoutor in combinationwith LTPandLTD canalso
be consideredfor implementing(6) and (7). The in our modelessentialrequire-
mentfor synapticplasticity to result in discriminatingRFsis the predominanceof
LTPfor low levelsof macrocolumnaractivity. Equations(6) and(7) with condition,

�

�������

)

����� , canin this respectbe regardedasan abstractandsimpledynamical
descriptionsatisfyingthis requirement.

To train themacrocolumnnetwork werandomlychooseaninputpattern
�




from
a given databaseandpresentit in the form of input neuronspike patternsfor the
durationof one & -cycle. If learningstartswith randomlyinitialized RFs, the se-
lectionprocessduringa & -cycle �rst randomlydeactivatesa subsetof minicolumns
by spontaneoussymmetrybreakings.If in this way themacrocolumnactivity

�

�����

fallsbelow thethreshold)

����� , theRFsof theremainingactiveminicolumnsspecial-
ize to a certaindegreeto thepresentedinput pattern.If in a later & -cycle a similar
input patternis shown, theseminicolumnsaremore likely to remainactive again
andto further specialize.The RF specializationrepresents,therefore,the positive
feed-backloop of the self-organizationprocesswhich ampli�es small �uctuations
in thebeginningof learning.Togetherwith thecompetitionof theRFsmediatedby
theminicolumnselectionprocess,theRFstendto specializeto differentpatternsof
the input database.A crucial role is playedby the threshold) . If ) is relatively
high, e.g.,

�

� , the minicolumnarRFs start to 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 ) which is graduallydecreased,theminicolumns�rst form
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largegroupswith mutuallysimilarRFs,i.e.,RFsof minicolumnsof thesamegroup
aremoresimilar to eachother thanto RFsof othergroups. If ) getssmaller, the
RFsof a groupspecializeto differentsub-patternsof the input patternsthey have
alreadybeenspecializedto. Thethreshold) canthereforebe interpretedasa kind
of reciprocaldifferentiationpressure.

) is only updatedat time steps�

# %

�

�&�

-

�

�

�&�

-('('(' * at the endof each
& -cycle. For a time-dependingfunction

�

let us�rst de�ne theaverageover thelast
!

& -cycles:
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At thebeginningof learning,thesystemstartswith large ) , )

� � � 
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is subsequentlydecreasedby thedynamics7:
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where *,+ and /0+ arescalarparametersand �

# %

�

���

-

�

�

���

-('('(' * aretime-steps
which alwaysmark theendof a & -cycle (with period

�

). Only at thesetime steps
) and

8

areupdated.The function .	��
��

�

%

'(')' * is an averageover the leastactive
minicolumns(seebelow). For small andpositive

8

, ) is monotonouslydecreased
until it stabilizesaroundthe time averageof �

* +

�

�

�

��� . The velocity with which
thethreshold) decreasesandhencethevelocity thedifferentiationof RFsincreases
is controlledby

8

which itself is dependenton theminicolumnactivity averagesat
theendof thepast & -cycles. The time dependent

8

slows down thedifferentiation
processif someminicolumnsarerepeatedlyquiescentin theminicolumnselection
processand start to ceasetheir RF specialization. For a small numberof mini-
columns.���
��

�

%

'('(' * in (10) canbetheusualminimum,for arbitrary
�

it hasturned
out, however, that theaverageover all minicolumnactivities smallerthana quarter
of themacrocolumnactivity
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� givesbetterresults:
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(12)

Hebbianplasticity (6) and (7) togetherwith time-dependingand self-controlled
differentiationpressure(9) and(10)resultsin hierarchicalself-organizationof mini-
columnarRFs. An exampleis shown in Fig.2. Whensynapticmodi�cation starts
the RFsaremodi�ed andfall into two groupsafter10 to 50 & -cycles. Groupone,
consistingof RFs

�

�

�

and
�

���

, specializesto patternsof the upperleft cornerand

7We demand$&%('*),+-$�. asboundaryconditionin orderto prevent $ from increasingduringthe
®rst updates.
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Figure2: A The� vedifferentinputpatternsof thedatabase.B Outlinesof theinput
patterns.C Modi�cation of the RFsof a macrocolumnwith

�


 
 minicolumns.
D RFsof a macrocolumnwith

�


 � minicolumnsafter � � � �

& -cycles.E RFsof a
macrocolumnwith

�


�� minicolumnsafter � � � �

& -cycles.

grouptwo,consistingof RFs
�

�

�

,
�

�

�

, and
�

�

�

, specializesto thepatternsof thelower
right corner(in Fig.2C theRFsareappropriatelyordered).In the interval between
50 and200 & -cyclesRFs

�

�

�

and
�

���

aresensitive to differentmixturesof patterns
�




�

and
�


 �

andRFs
�

�

�

,
�

�

�

, and
�

�

�

aresensitiveto differentmixturesof patterns
�




�

,
�




�

, and
�




�

. During this learningperiodthe RFsarerepeatedlychangingbetween
sensitivities to differentmixturesof patternsof their groupbut never to mixturesof
patternsof differentgroups.Fromabout200 & -cycleson theRFsstartto specialize
to oneof the patternstheir groupis sensitive to.

�

�

�

and
�

�
�

specializeto patterns
�




�

and
�



�

, respectively, and
�

�

�

and
�

�

�

specializeto
�




�

and
�




�

. RF
�

�

�

specializes
somewhatslower to pattern

�




�

becauseof theoverlapwith patterns
�




�

and
�




�

(see
Fig.2C).Fromabout400 & -cycleson, all RFshave specializedfor an input pattern
andtheirdegreeof specializationsfurtherincreasesto a �nal valuethereafter.

If thereare fewer minicolumnsthan input patterns,the RFsstill fall into two
groupsandspecializeto oneor a superpositionof two or moreinput patternsafter-
wards(seeFig.2D). If therearemoreminicolumnsthaninputpatternsavailable,two
or moreRFsspecializeto thesameinput patternor occasionallyto superpositions
of two patterns(seeFig.2E). Note, thata macrocolumnwith morethan� ve mini-
columnsusuallyneedslongerthan1000 & -cyclesto fully specializeits RFs. In the
experimentof Fig.2C with

�


 
 minicolumns,thecasemayoccurthat threeRFs
specializeto theupperleft cornerpatternssuchthatthereareonly two RFsavailable
for thelower right. A surplusof minicolumnscanthereforebeof advantage.
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Hierarchicalself-organizationis alsopossiblewith small andconstant
8

. The
RFswould take a longertime to fully differentiatein this case.However, a suitable
constant

8

would still result in hierarchicalself-organizationwhich is in general
superiorto non-hierarchical.Further, a constant

8

would not requirea timeaverage
overminicolumnarandmacrocolumnaractivities (see(10)).

Possiblebiological mechanismsfor a changeof
8

and a changeof the thres-
hold for synapticplasticity ) might bemodulationsin theef�ciency of AMPA- and
NMDA-mediatedformsof glutamatergic synaptictransmission(Watt et al., 2000).
As discussedin (Abbott andNelson,2000),neuronsscaledown NMDA currentsin
responseto enhancedactivity, which in turncanmake it moredif�cult to evokeLTP
andeasierto induceLTD. In ourmodelthehierarchicalformationof RFsessentially
requiresa threshold) whichslowly decreasesin time. Flexibility andlearningtime
aresigni�cantly enhancedif thechangeof ) is appropriatelycoupledto mini- and
macrocolumnaractivity. Equations(9) to (12) representonepossibility to realizea
well-workingsuchcouplingbut it can,of course,only beregardedasanabstractand
maybemoreor lessexactapproximationof thedynamicswhich is really at work in
corticalneurons.

4 Experiments

Patterns
�




�

to
�




�

of Fig.2A representvery simpleinput. In this sectionwe investi-
gatethesystembehavior for differentkindsof morecomplex input. In thefollowing,
all input vectorsarevisualizedastwo dimensionalpatternsin orderto conveniently
display the vectorsas well as the RFs of minicolumnsas two dimensionalgrey-
level images.For all experimentsweuseasetof parameterswhichhasshown to be
�e xible andto resultin a goodperformancein differenttests.We will refer to this
setof parametersasthe standard setof parameters. Note that the standardsetof
parameterswasalsousedin theexperimentof Fig.2.

A macrocolumnwith �


&� � � neuronsperminicolumnanda setof
�

external
neuronsis used.Eachneuronreceives �


 � 
 synapsesfrom pre-synapticneuronsof
thesameminicolumnand �




�

�

���

extramacrocolumnarsynapseswhere
���


 �

'

� �

is the averagenumberof afferent �bers originatingfrom an externalneuron. The
ratio betweenexternalandinternalneuralinput (4) is setto �


 �

'��

� which means
thattheinternalinput to aneuronis for anactiveminicolumnon averagemorethan
twice aslarge asthe externalone. The synapticstrengthof theafferents

�

�



<

;

is
determinedby theaboveparameters,�




;

�

�

�

�
	 . Thevaluesfor � and
���

arechosen
to reproducesettingsof earlierexperiments(compareLÈuckeandvon derMalsburg,
2004)for

�


 �
������� . Theneurons'constantthresholdis
� �




�

;

andtheGaussian
thresholdnoise

�����! #"%$

hasavarianceof ���

���! #"%$

�

�


 �

'

� � .
The oscillation of the inhibitory gain factor & is determinedby &

 #�� �


 �

'

� ,
&

�

���


 �

'


 , &

�

���


 �

'

� ,
�

 #�� �


 � , and
�


 � 
 . For the Hebbianplasticity we
usethe parameters

9


 �

'

��� , )

�




�

� ,
8

�


 �

'

� � , *,+


 �

'

� 
 , and /0+


 �

'

� 
 .
The time averagein (8) is computedover the last ! 
 � � �

& -cycles. Note thatall
parametersareindependentof thenumberof minicolumns

�

.



HierarchicalSelf-Organizationof MinicolumnarReceptiveFields 12

4.1 Input with Hierar chical Similarity Structure

In this sectionhierarchicallystructuredinput is presented,i.e., the input contains
a hierarchyof groupsof input patternswhich membersare more similar to each
otherthanto patternsof othergroups.Usingarti�cial datain Sec.4.1.1andhand-
writtendigitsin Sec.4.1.2,weshow thathierarchicalself-organizationappropriately
learnsto representtheinput in thecasethatmuchlessRFsthaninputpatternsexist.
Furthermore,wecomparehierarchicalandnon-hierarchicallearningin this section.

4.1.1 Arti�cial Data

Let us considera generalizedexperimentof the onein Fig.2. As input on a layer
of 16 � 16 input neuronswe usea 7 � 7 squareat 24 differentpositions.Thesquares
arelocatedat all possiblepositionswithin thegrey region in Fig.3B. In Fig.3C RF
self-organizationis shown for afferent�bers whicharesubjectto Hebbianplasticity
de�ned by equations(6) to (12). As in Fig.2C theRFs�rst specializecoarselyand
subsequentlyre�ne to a �nal specializationdegree.In theexperimentof Fig.3 there
aremoreinput patternsthanRFs,however. TheRFs,therefore,specializesuchthat
they neverthelesscan,up to a high-degree,distinguishbetweenthedifferentinputs.

In contrastto Fig.3Cnon-hierarchicalRFself-organizationis shown in Fig.3D.
Dynamicsandparametersof thesimulationin Fig.3D areidenticalto theonesof the
simulationin Fig.3Cexceptthatthedynamical)

����� in (6) is replacedby a constant
one, )


!�

'


�


�

7 . It canbe seenthat someRFsvery quickly specializeto speci�c
input patternsbut that themajority of RFsremainsunspecialized.Only aftersome
time a formerly unspecializedRF specializesto somepatternand competeswith
similar RFsthereafter. Evenafter � � � �

�

or � � � �

�

& -cyclestherepresentationis
far from beingasaccurateasafter2000or 20000 & -cyclesin thehierarchicalcase.

The principle advantageof the hierarchicaldynamicsis that it, �rst, induces
competitionbetweenlargegroupsof RFsandonly afterwardsincreasescompetition
within specializedgroups. This ensuresthat RFscompetewith othersimilar RFs
whereasin thenon-hierarchicaldynamicsunspecializedRFscompetewith special-
izedRFs(seeFig.3D), which makesdifferentiationqualitatively worseandcauses
amuchlongerlearningtime.

For thesimulationof Fig.3D wechosethevalueof ) whichwasusedin (LÈucke
andvon der Malsburg, 2004). For smallervaluesof constant) RFsspecializein
theabove experimentevenslower thanin Fig.3D. For a larger valueof ) theRFs
specializefasterbut the system's ability to discriminatebetweencorrelatedinput
patternsdecreases.Even if we adjustthe valueof the constant) to the above ex-
perimentin orderto receive the bestpossiblecompromisebetweenvelocity of RF
specializationanddiscriminationstrength,wecanneitherqualitatively norquantita-
tively reproducetheresultsof hierarchicalself-organization.

Thedifferencesbetweenhierarchicalandnon-hierarchicallearningbecomeless
pregnantif theinputpatternscovera largerfractionof theinput layeror if thenum-
berof minicolumnsis smaller. With largernumbersof minicolumnsthesuperiority
of hierarchicalself-organizationfurtherincreases,however.
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Figure3: A Five of the24 possibleinput patterns.B Illustrationof possibleinputs.
The � � � squarecanbeatany positionwithin thegrey region. C Hierarchicalself-
organizationof

�


 � � minicolumnarRFs.D Non-hierarchicalself-organizationof
�


 � � minicolumnarRFs.

4.1.2 Hand-Written Digits

We now investigateRF self-organizationfor a databaseof input patterns
�




consist-
ing of thehand-writtendigits zero,one,andseven. Thedatabaseusedis thefreely
availablesubsetMNIST8 of theNIST database.It consistsof 60000 � � � � � large
grey-level images.For theexperimentwe only usedthedigits zero,one,andseven
(seeFig.4A for someexamples).Wehavechosenthisdatabecauseit, �rst, consists
of two-dimensionalpatternsandis thereforeeasilydisplayable,second,it is com-
monly accessible,and,third, it canbeexpectedto containa hierarchyof subclasses
of mutuallysimilarpatterns.In Fig.4B RFself-organizationis displayedfor asetof

�


�� � � � � inputneuronsandamacrocolumnwith standardsetof parametersand

8MNIST databaseof hand-writtendigits,NEC,yann.lecun.com/exdb/mnist/
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Figure4: A Subsetof input patternsof thehand-writtendigits zero,one,andseven
of the MNIST database.B RF modi�cation of a macrocolumnwith

�


 � mini-
columnsif input of the form asdisplayedin A is presented.C RFsof a macrocol-
umnwith

�




� minicolumnsafter5000 & -cycles. D RFsof a macrocolumnwith
�


 � � minicolumnsafter 5000 & -cycles. E RFsof a macrocolumnwith
�


 � �

minicolumnsandnon-hierarchicaldynamicswith )


 �

'


�


�

7 after5000 & -cycles.
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�


 � minicolumns.From0 to 100 & -cyclestherandomlyinitializedRFsspecialize
to the region wherethe input neuronsare mostactive. SomeRFscoarselyshow
preferencesto stimuli in the form of vertical bars,e.g.,

�

�

�

and
�

�

�

, andothersare
rathersensitive to circular stimuli, e.g.,

�

�

�

. During the �rst 100 & -cyclesthe RFs
areratherunstableandcanfrequentlychangebetweenvariouskindsof inputpattern
mixtures. In the period from 100 to 500 & -cycles the RF changeis still high but
steadilydecreasesuntil, afterabout500 & -cycles,two groupsof RFshave formed.
Group1, consistingof

�

�

�

,
�

�

�

,
�

�

�

, and
�

�

�

, is sensitiveto zero-typepatternswhereas
group2 is sensitive to oneandseven-typeinputsor mixturesof them. Thegroups
remainstablein thesensethatno RF of onegroupwill changesuchthatit becomes
sensitive to a patternof the other group. From 500 to 1000 & -cycles the RFs of
eachgroupfurther specializeto sub-patternsof their input type. This is especially
obviousfor group2 where

�

���

and
�

�

�

form a subgroupspecializedto one-typepat-
ternsand

�

�

�

and
�

�

�

form asubgroupspecializedto seven-typepatterns.From1000
to 5000 & -cyclesthespecializationcontinuesandthe formedsubgroupsdecayinto
subgroupsthemselves.After 5000 & -cycleseachRF is sensitive to a differentchar-
acteristictypeof input patterns,e.g.,RFs

�

� �

and
�

�

�

arebothsensitive to one-type
inputbut

�

�

�

is rathersensitiveto thesubtypeof verticallineswhereas
�

� �

is sensitive
to diagonalpatternsof hand-writtenones.

Note,thatthecourseof self-organizationis only sensitiveto theoverlapof input
patternsand that thereis no neighborhoodrelationshipbetweenthe input pixels.
The experimentwould producethe sameresultsif all input pixelswerepermuted.
Inducedby theoverlap,aneighborhoodrelationshiponly existsbetweenthepatterns
themselvesandasthey aretwo-dimensionalin nature,hierarchicalself-organization
is re�ecting this relationship.

If weapplyamacrocolumnwith lessminicolumnsto thedata,the�nal subdivi-
sionis notas�ne, seeFig.4Cfor

�




� , andif therearemoreminicolumnsavailable,
the subdivision is �ner, seeFig.4D for

�


 � � . For
�


 � the systemmostoften
specializedfour, two, andtwo RFsto patternsof typezero,one,andseven,respec-
tively. Sometimesit specializedthreeRFsto seven-typeinput but usuallyonly two
for one-typeinput.

For comparison,the RFs of non-hierarchicalself-organizationwith constant
)


 �

'


�


�

7 are shown after 
 � � �

& -cycles in Fig.4E. After 
 � � �

�

or 
 � �(�

�

& -cycles the numberof specializedRFs increasesbut the representationdoesnot
reachtheaccuracy aswith hierarchicalself-organizationafter5000 & -cycles.

WehaveseenthathierarchicalRFself-organizationworkswell evenfor strongly
varyingpatterns.TheRFsform classesof patternsby hierarchicallydecayinginto
increasinglysmallergroups.Althoughthegroupssolelyform onthebasisof pattern
overlapthey representabstractionsof typicalhand-writteninstancesof thedifferent
digits9. The overlap similarity relationshipis independentof any n-dimensional
spacestructuresuchthat the systemcan during learningbe expectedto become
sensitive to signi�cant classesof moregeneralthreeor n-dimensionalinput or of
inputwith muchmorecomplex topologicalstructure.

9Digit recognitionsystemsare generallyusing more invariant input representationsof hand-
writtendigits,of course.
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4.2 The ContinuousBars Test

In Sec.4.1hierarchicalRFself-organizationfoundanaccuraterepresentationfor the
input patternsalthoughmany moreinput patternsexistedthanRFswereavailable.
TheRFsspecializedto patternswhich are,in thesenseof patternoverlap,located,
e.g.,at aboutequidistantpositionsof thesubspaceof the input spacein which the
patternsoccur(compareFig.3C).In thissectionwewill presentaclassof inputpat-
ternswhich canonly beaccuratelyrepresentedif thesystemextractsbasicfeatures
from theinputandusesdistributedneuralcodingfor patternrepresentation.

4.2.1 Overlapping Vertical Bars

Letus�rst moresystematicallystudytheability of thesystemtoaccuratelyrepresent
thesubspaceof trainingpatterns.Onasetof

�


 ��� � ��� inputneuronswetakean
input vectorto consistof exactly oneverticalfour pixel wide bar(seeFig.5A). We
usecyclic boundaryconditionssuchthatthereare16differentsuchinputs.Notethat
asimilarexperimentwithoutcyclic boundaryconditionswasdiscussedin (Spratling,
1999). In Fig.6 RF self-organizationfor thesameinput databaseis visualizedin

�

�

�

�

�

�

�

�

�

�

�

�

�

�
�

�

�

�

�

�
�

�

�
�

B

A Input patterns

10

100

1000

* -cycles

Figure 5: A 10 randomlychoseninput patternsof vertical four pixel wide bars.
B RF modi�cation of a macrocolumnwith

�


 � minicolumnsif input of theform
asdisplayedin A is presented.

anotherway. The sensitivity of a RF is displayedasan arrow whoseorientation
correspondsto the meanx-axis pixel positionof barsthe RF is sensitive to,

�




�

�
�

� � �

�

, andthe lengthof the arrow correspondsto the degreeof specialization10.
Both visualizationsshow that the RFsrapidly cover the input patternspacewithin
the �rst 50 & -cycles. After 50 & -cyclesthe input spaceis ratherunevenly covered,
however, andthereareRFsspecializedfor thesameregion. From50to 500 & -cycles
thespecializationdegreeincreasesuntil theinputpatternspaceis evenlycoveredby
theRFs,a propertywhich is especiallywell observablein Fig.6. For a numberof
minicolumnssmalleror larger than

�


 � RF self-organizationis similar andthe
spaceof inputpatternsis, respectively, moresparselyor moredenselycovered.

100 meansnobarand1 meansexactlyonebaris preferred.
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Figure6: Visualizationof RF specializationfor a macrocolumnwith
�


 � mini-
columnsif input of the type as in Fig.5A is presented.Eacharrow corresponds
to a RF. An arrow's anglecorrespondsto the meanx-axis positionof the vertical
RF,

�




�

� �

� � �

�

. An arrow's lengthis zeroif no bar is preferredandone(thecir-
clesradii) if exactly onebaris preferred.TheRFsof onemacrocolumnduringone
simulationaredisplayedafter10,50,and500 & -cycles.

The experimentshows that even if the input doesnot containany prominent
classesof mutuallysimilarpatterns,thesystemorganizesits RFssuchthattheinput
patternscan be processedappropriately. The RFs organizein a one-dimensional
fashion,i.e.,eachRFhasexactlytwonearestneighborswith respectto RFsimilarity.
The RFscanthereforebe displayedlike in Fig.6. Note that the one-dimensional
natureof theRF self-organizationis solelyinducedby theone-dimensionaloverlap
relationbetweenthebars.Theoverlapinterrelationsof theinputpatternsthemselves
inducethedimensionalityor, moregeneral,thetopologyof theRFself-organization
muchlike the distanceinterrelationof a metric spacegivesrise to its topology. If
theinputof a ��� � ��� arrayof inputneuronsdoesnotconsistof all possiblevertical
barsbut of all possiblesquaresof a certainsize,e.g. �

�

� , theRFsevenly cover a
two dimensionalspace11 afterlearning.

4.2.2 The ContinuousBars Test

Wenow combinethesocalledbarstest(FÈoldiák,1990)andtheabovedemonstrated
ability to representcontinuousbarsto what we will call the continuousbars test.
Theinputpatternsweuseconsistof superpositionsof horizontalandverticalbarsof
a width of four pixels. On an input arrayof ��� � ��� neuronswith cyclic boundary
conditionsa total of /


 � � differentbarscanoccur. Eachbar we take to appear
in aninput imagewith probability �

�

(seeFig.7A for someexampleswith �

�




��

).
In Fig.7B RF self-organizationis shown for /


 � � barswith �

�




��

and
�


 � �

minicolumns. In the time from 0 to 500 & -cyclesthe RFsarenot very stableand
their degreeof specializationis very low. During learningthey becomemoreand
morestable,however, andfrom about500 & -cycleson their specializationdegree
increasesuntil a �nal RF con�guration is establishedsomewhenbetween2000and

11a two dimensionaltorusfor cyclic boundaryconditions
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Figure7: A 20 randomlychoseninput patternsof a barstestwith 8 barsandcon-
tinuouslyvaryingbarpositions.B RF modi�cationsof amacrocolumnwith

�


 � �

minicolumnsif input of theform asdisplayedin A is presented.C RFsof a macro-
columnwith

�


 � minicolumnsafter5000 & -cycles.D RFsof amacrocolumnwith
�


 � � minicolumnsafter 5000 & -cycles. E RFsof a macrocolumnwith
�


 � �

minicolumnsandnon-hierarchicallearningafter5000 & -cycles.

5000 & -cycles. In all simulationswith this input and
�


 �(� thex-axispositionsof
theverticalRFsandthey-axispositionsof thehorizontalRFswereevenly spaced
after5000 & -cycles(seeFig.8 for anexample).Notethatthesystemis stableagainst
variousperturbationsof thebarstest'sparameterssuchasnoise,barwidth variations
or variationsof �

�

. A macrocolumnwith
�


 � � minicolumnswith an arrayof
�


 ��� � ��� input neuronsandstandardsetof parametersusuallyconvergesfor
a continuousbarstestwith /


 ��� barsand �

�




�
�

to a �nal RF specialization
within the�rst 2000 & -cycles.If oneRF specializesto asuperpositionof horizontal
andvertical barslike

�

�

�

in Fig.7B, the systemneedsup to about3000 & -cycles.
Note that it is not possibleto determinea time after which the systemhasfound
a representationof all bars. For othernumbersof minicolumns,seeFig.7C,D for

�


 � and
�


 � � , theoutcomeof theexperimentis thesame,i.e., half of theRFs
evenlycover thespaceof verticalbarsandtheotherhalf thespaceof horizonalbars.
Occasionally, however, thenumbersof verticalandhorizontalRFsdiffer by a small
number.

In Fig.7EtheRFsof non-hierarchicalself-organizationareshown for )


 �

'


�


�

7
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Figure8: Visualizationof RF specializationfor a macrocolumnwith
�


 � � mini-
columnsafter 5000 & -cycles if input of the type as in Fig.7A is presented.Each
arrow correspondsto aRF. An arrow in theleft-hand-side(lhs)diagramcorresponds
to a verticalRF andan arrows in the right-hand-side(rhs) diagramcorrespondsto
a horizontalRF. An angleof anarrow in the lhs diagramcorrespondsto thex-axis
positionof averticalRF,

��� $�� �




�

�
�

� � �

�

, andtheangleof anarrow in therhsdiagram
correspondsto they-axispositionof a horizontalRF,

���
 ��	� �


 


�
�

� � �

�

. An arrow's
lengthis zeroif no bar is preferredandone(thecirclesradii) if exactly onebar is
preferred.

after 5000 & -cycles. As can be observed, the systemdoesnot useall its RFs to
representthe spaceof input patterns,which leadsto a lessaccuraterepresentation
thanin thehierarchicalcase.

4.2.3 The ClassicalBars Test

The systemcan, of course,also be appliedto the classicalbarstest and we will
shortyput forwardsomeresultsin orderto beableto comparehierarchicalRF self-
organizationwith non-hierarchicalandwith resultsof othersuggestedsystems.The
inputdataof thebarstestconsistof patternsof superpositionsof disjuncthorizontal
anddisjunctverticalbars. In an input pattern( ��� � ��� pixel in this case)eachbar
occurswith thesameprobability �

�

(here�

�




��

) andall barsareof equalsize(four
pixel width in ourcase).

On �rst sight,hierarchicalself-organizationdoesnot promiseto be superiorto
non-hierarchicalself-organizationin thisexperimentbecausetheinputdoesnotcon-
tain a hierarchyof similarity classes.However, in all experimentalsettingsthehi-
erarchicalapproachshows a shorterlearningtime andsmallervariationsbetween
simulations.For /


 � barsand
�


 �(� minicolumnsthereis a 50% probability
thatthesystemhasfoundall barsafterabout650 & -cycles.After about500 & -cycles
thereis a 20% probability andafter 800 we have a probability of about80% that
all barsarerepresented(we used100 simulationsfor the measurements).A non-
hierarchicalsystemwith constant)


 �

'


 


�

7 needslongerfor learning(about1000
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Figure9: A 20 randomlychoseninput patternsof a barstestwith 8 bars. B Hier-
archicalandnon-hierarchicallearningof bars.Theplotsshow self-organizationin
thecourseof a barstestwith

�


!� � minicolumnsand /


 � bars. A bar is taken
to be representedif a minicolumnremainsactive in at leastnineof ten & -cyclesif
thebaris shown. Thenumberof representedbarsis measuredatdifferenttimesteps
(every 5 & -cyclesbefore500 & -cycles,every 10 between500 and1000,andevery
20 after 1000 & -cycles)and the averagenumberof representedbarsis computed
using200 simulations. The black graphshows hierarchicallearningandthe grey
graphshowsnon-hierarchicallearningwith )


 �

'


�


�

7 . Left limits of theerrorbars
show the learningtime afterwhich thereis a 20%probability that3, 4, 5, 6, and7
barsarerepresented,respectively. Right limits show thetimeafterwhich thereis an
80% probability. Black errorbarsbelongto hierarchicallearningandgrey barsto
non-hierarchical.
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& -cyclesfor a50%probabilitythatall barsarerepresented)andrequiresabout2400
& -cyclesto �nd all barswith aprobabilityof 80%.

In Fig.9B RF specializationfor /


 � barsand
�


 � � minicolumnsfor hier-
archicalandnon-hierarchical( )


 �

'


�


�

7 ) learningis plotted. As canbeseen,the
learningtime averageof both systemsis comparableuntil aboutsix barsarerep-
resented.The non-hierarchicalsystemsubsequentlyneedson averagea very long
time to representtheremainingbars(seeSpratlingandJohnson,2002,for a similar
effect). For othernumbersof barsor minicolumns(includingperturbationssuchas
noiseof bar width variations)the qualitative differencesbetweenhierarchicaland
non-hierarchicallearningarethe sameandin all testsettingshierarchicallearning
hasshown to besuperiorto non-hierarchicallearning.

The classicalbarstesthasbecomea benchmarktestfor featureextractingsys-
temssince it was introducedin (FÈoldiák, 1990). In the classicalbarstest mini-
columnarRF self-organizationwas shown to be highly competitive to othersug-
gestedsystems(e.g. FÈoldiák, 1990;DayanandZemel,1995;Hinton et al., 1995;
Hinton andGhahramani,1997;CharlesandFyfe, 1998;HochreiterandSchmidhu-
ber, 1999;O'Reilly, 2001;SpratlingandJohnson,2002)and,furthermore,proved
to be especiallyrobust with respectto variousperturbation. Although hierarchi-
cal self-organizationis moresuitablefor datawith hierarchicalsimilarity structure
(see,e.g.,Fig.4B), it wasshown in the experimentof Fig.9 that it also improves
performancein the classicalbarstest. Learningtime is reducedsigni�cantly, e.g.,
for

�


 � � minicolumnshierarchicallearningneededabout650 & -cycles12 to �nd
all /


 � barswhile the systemdescribedin (LÈucke andvon der Malsburg, 2004)
neededabout1150 & -cycles13. For

�


 � � hierarchicallearningneededabout4800
& -cycles14 to �nd /


 ��� barswhereasthe non-hierarchicalsystemin (LÈucke and
von derMalsburg, 2004)neededabout9100 & -cycles15. Thesedifferencesarecom-
parablysigni�cant for othernumbersof minicolumnsandbarsandunderdifferent
perturbations.

5 Discussion

Activity dependentHebbianplasticity(6)-(10)coupledto dynamicsof spikingneu-
ronsbasedon columnarorganizationandbackgroundoscillationwasshown to re-
sult in hierarchicalself-organizationof minicolumnarRFs.Self-organizationappro-
priatelyadaptedtheminicolumnsensitivities to thepatternsof differentdatabases.
Hereby, the databasecancontainnestedsimilarity classesasin experiments4.1.1
and4.1.2,continuouslyoverlappingpatternsasin Exp.4.2.1,superpositionsof pat-
terns (Exp.4.2.3), or superpositionsof continuously overlapping patterns(see
Exp.4.2.2). The experimentsfurther show that hierarchicallearningis function-
ally advantageousto non-hierarchicallearningaspresentedin (LÈucke andvon der

12time afterwhich thebarsarefoundin 50%of 100consideredsimulations
13lessthanabout500 * -cyclesin 20%andlessthan2400in 80%of thecases
14lessthanabout3100in 20%of thecasesandless8400in 80%of thecases
15lessthan3700in 20%of thecasesandless18500in 80%of thecases
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Malsburg, 2004). Hierarchicalself-organizationdevelopsstrongerdiscriminating
RFs, usesall RFs to representthe input, and is fasterthan non-hierarchicalself-
organization.The superiorityof the hierarchicalapproachis especiallysigni�cant
for largernumbers(about

�

" � � ) of minicolumns,which furthersupportsthene-
cessityof an hierarchicalapproachif we consideran estimationof about80 mini-
columnsper macrocolumn,e.g., in primary cortical areas(Favorov andDiamond,
1990;Mountcastle,1997).

Theability of thehierarchicalsystemto adaptits neuronsensitivities suchthat
theinputpatternspaceisuniformlycoveredis similarto theability of self-organizing
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
presentedsystemformsanappropriatetopologicalrepresentationof theinputspace
solelyon thebasisof inputpatternoverlap.It can,therefore,alsoprocessinputdata
whosetopologyis not equivalentto the oneof an n-dimensionalEuclideanspace.
Thus,thesystemis rathercomparableto a Growing NeuralGas16 (GNG) (Fritzke,
1995)with respectto its topological�e xibility . Note,however, thatalsofor theGNG
aprede�neddistancemeasurebetweenpointsof theinputspaceis usedwhereasour
systemusesoverlapof extendedpatterns.

A secondandmoresigni�cant differencebetweenthesystemherepresentedand
SOMs or GNGs is the ability of our systemto learn from patternsuperpositions
andto extract thebasicconstituentsof thepatternsaswasdemonstratedin thebars
test.Furthermore,theneuralarchitectureof our columnbasedsystemwith spiking
neuronsis quitedifferentfrom theoneof SOMsor GNGsandwereferto (LÈuckeand
von der Malsburg, 2004)for a discussionof functionalandneuroscienti�caspects
of the macrocolumnarneuraldynamics. A systemwhich was appliedto feature
extractionandto input like theonein Exp.4.2.1wasdescribedin (Spratling,1999).
In contrastto oursystem,thecomputationalunitsof thatnetwork hadto beexplicitly
one-dimensionallyinterconnectedin orderto solve thetaskof Exp.4.2.1.

Therearevariousunsupervisedsystemsableto �nd clustersof mutuallysimilar
or neighboringinput. If the input datais continuouslydistributedover a manifold
with or without well-de�ned dimensionality, SOMsandGNGsare,respectively, a
popularchoiceto appropriatelyrepresentthe data. Again othersystemshave suc-
cessfullybeenappliedto thebarstest,e.g.(FÈoldiák,1990;DayanandZemel,1995;
Hintonetal.,1995;HintonandGhahramani,1997;CharlesandFyfe,1998;Hochre-
iter andSchmidhuber, 1999;O'Reilly, 2001;SpratlingandJohnson,2002),andthus
demonstratedtheir ability for distributedneuralcoding. The hierarchicaltype of
self-organizationpresentedin this paperresults,for Exp.4.1.2,in a naturalnested
seriesof RFsubdivisionsandin ahighdiscriminationability dueto competitionbe-
tweenalreadysimilar RFs.For continuouslyoverlappinginput patternsit resultsin
RFswhichevenlycoverthecorrespondinginputspace.And, thoughit is notobvious
on �rst sight, it alsodecreaseslearningtime in theclassicalbarstest. Hierarchical
self-organizationdistinguishesthesystemfrom themajorityof otherespeciallyneu-

16a furtherdevelopmentof SOMs
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ronalsystemswhichcanbeappliedto theoneor otherinputtype.Only for clustering
in the�eld of datamininghierarchicalapproachesarefrequentlyused.

The systempresentedin this paperwas,with oneset of parameters,not only
successfullyappliedto all different input typesjust discussedbut, furthermore,is
able to processinput consistingof mixturesof the different types. In Exp.4.2.2
the system's RFsformedtwo groups,onespecializedto horizontalandonegroup
specializedto verticalbars. Simultaneously, eachgroup's RFsorganizedsuchthat
they evenly coveredthespacerepresentedby their group(seeFig.8). In beingable
topassthecontinuousformof thebarstestthesystemoffersunequaledopportunities
especiallyif comparedto otherarti�cial neuralnetworks.

In this paperwe consideredself-organizationof afferentsto a singlemodelmacro-
column.In theneocortex, however, anumberontheorderof, coarsely, � �

�

mutually
interconnectedmacrocolumnsis estimated(Mountcastle,1997). In a largenumber
of experiments,the interconnectionstructurebetweenthe macrocolumnsor rather
betweentheminicolumnswereinvestigated,seee.g.(Rathjenet al., 2002)for a re-
centstudyin thevisualcortex. Theinterconnectionswerefoundto changein time
(Callaway andKatz, 1990;Chapmanet al., 1996)andto re�ect thediversityof the
environmentin which the subjectgrew up, e.g.(Schmidtet al., 1997). The statis-
tical prevalenceof collinearcontoursin real world images(seee.g.KrÈuger, 1998;
Kaschubeet al., 2001),for instance,is re�ected by the prevalenceof interconnec-
tionsbetweencorrespondingorientationsensitivecolumnsin thevisualcortex (see,
e.g.,Schmidtet al., 1997). In theprimaryvisualcortex theinterconnectionscanbe
shown to beunspeci�c at �rst, i.e., no specializationto speci�c columns,which is
measuredvia the clusteringof horizontalinterconnections,occursduring the �rst
postnataldaysor weeks(RuthazerandStryker, 1996;Chapmanet al., 1996). The
interconnectionsonly graduallyspecializeto form interconnectionsbetweenorien-
tation tunedcolumns. They �rst form coarselyclusteredinterconnectionswhich
graduallyre�ne in time. The re�nement canherebybe shown to be the resultof
synapticplasticity ratherthancell deathandto be input dependent(Ruthazerand
Stryker, 1996;Chapmanet al., 1996). Although the interconnectionstructureand
its developmentis beststudiedin primary sensoryareasthesamemechanismsare
believedto underlyhorizontalinterconnectionorganizationin all corticalareas.

For theintercolumnarconnectionsto beableto specializeto appropriatecellsan
input-drivenorganizationprinciplecanbeassumedwhich haspropertiessimilar to
the typeof self-organizationpresentedhere. In networksof macrocolumnshierar-
chicalself-organizationof minicolumnarRFshastheadvantageto graduallystruc-
ture thenetwork from coarseto �ne. In non-hierarchicalself-organizationa newly
(andformerly poorly) specializedRF would causeotherinter-macrocolumnarcon-
nectionsto reorganizein orderto considerthenew RF. Reorganizationis muchless
ef�cient thanre�nementinducedby hierarchicallearning,however. Furthermore,a
coarseto �ne processis not only observedneuroanatomicallybut is alsoconsistent
with ourview of high level learning.

The RFsof biological minicolumnsof a macrocolumnhave to differentiateto
appropriatelyrepresentinput which canbeexpectedto consistof superpositionsof
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spike patternswith continuousoverlaps. E.g., orientationcolumnsin the primary
visual cortex aresensitive to basicconstituentsof naturalimageswhich areoften
mathematicalabstractedusingGaborwavelet-�lters (JonesandPalmer, 1987).An-
otherexamplearecolumnsin MT17 whicharesensitiveto differentdirectionsof mo-
tion (Albright etal., 1984).Thebiologicalcolumnsequidistantlycover thespaceof
all possibleorientationsandall possibledirectionsof motion,respectively. Natural
input consist,e.g., in the caseof orientationcolumns,of superpositionsof stimuli
for differentorientationswhich almostcertainly lie in betweenof the represented
orientations. This is, however, the situationwhich wasstudiedin the continuous
barstest in which hierarchicalself-organizationhasshown to resultin appropriate
RFs. A moredetailedanalysis,e.g.,of naturalimageprocessing,would go beyond
the scopeof this paperespeciallyif consideringadvancedpreprocessingwhich is
alreadydonebeforetheopticalnerve �bers connectto corticalneurons.

Our systemmodelsself-organizationof RFsof a singlecortical macrocolumn
(Favorov andDiamond,1990;Mountcastle,1997)andis thereforenotdirectlycom-
parableto large scalemodels(Baxter and Dow, 1989; Obermayeret al., 1990;
Tanaka,1990; Niebur and WÈorgÈotter, 1993; Miller, 1994; Bednaret al., 2002;
ProdÈohl et al., 2003,andothers)which intendto studymapcreationmainly in the
visual cortex (seeErwin et al., 1995;Swindale,1996, for overviews). We rather
suggesthierarchicalself-organizationasan underlyingmechanismwhich canlead
to structuredafferentconnectionsaswell asto structuredinner-corticalconnections.
In this context, the presentedsynapticplasticity hasproven to adaptminicolum-
narRFsto variouskindsof inputsin a for patternrepresentationespeciallysuitable
andcomparedto othersystemsextraordinarily �e xible manner. Hierarchicalself-
organizationmatchespropertiesrequiredfrom the plasticityof biological RFsand
is in particularmodelingtheirhierarchicalformation.
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