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Abstract— We study clustering, i.e., unsupervised data classi-
�cation, by a model of the cortical macrocolumn. Continuous
valued input vectors are encoded using a population place
code. The macrocolumn model self-organizes its minicolumnar
receptive �elds (RFs) such that the input is hierarchically
subdivided into increasingly �ner classes.If input superpositions
are used for training, the systemis able to �nd an appropriate
classi�cation of the input and a suitable representationof input
superpositions. Together with fast reaction times the model
satis�es major requirementsof biological information processing
and distinguishesitself fr om other suggestedmodelsof continuous
value processingin biological neural networks.

I . INTRODUCTION

In recentyears neural network modeling has focusedon
neural dynamics with spiking neuronsas integral part. A
numberof new spike basednetworkshave shown to overcome
a severe de�cit of most classicalarti�cial neural networks
(ANNs) namely neurophysiologicallyimplausible computa-
tion times. Other recently suggestedneural network models
aremotivatedby neurophysiologicalandneuroanatomicalin-
vestigationswhich led to increasinglydetailed descriptions
of small scaleneural interconnectionstructuresoften called
microcircuits. In the neocortex small scale neural modules
called minicolumnsand macrocolumnsare actively discussed
(see,e.g., [1], [2]). Minicolumns consistof a collection of
the order of 100 neuronsand, themselves, combineto what
is calleda macrocolumn.The �ndings motivateda numberof
ANNs which model thesemodulesin moreor lessdetail.

In [3] a model of the cortical macrocolumnwas presented
which combines the spiking characterof neurons with a
columnbasedinterconnectionstructureandincorporatesback-
groundoscillationin thegammafrequency rangeasanintegral
part. With Hebbiantype synapticplasticity of afferent �bers
the model was shown to self-organizeits minicolumnarRFs
to becomean especiallysuitabledecisionunit (seealso [4])
for the presentedinput patterns.The systemhasproven to be
able to group input patternsinto classesof mutually similar
patternsand it could appropriatelylearn to representbasic
featuresof thepatterns.The latterwasdemonstratedusingthe
barsbenchmarktest [5]. Input patternsusedso far consisted
of two dimensionalblack-and-whiteor grey-level imagescon-
vertedinto spike patternsof a two-dimensionalarrayof input
neurons.In this paperwe apply the macrocolumnmodel to
the problemof dataclustering.Input patternspresentedto the

systemare encoding � dimensionalinput vectorsof a given
database.RF self-organizationresultsin a classi�cationof the
input patternsand thus in a subdivision of the databaseinto
differentclasses.If the databasecontainsclustersof mutually
neighboringinput vectors,the classi�cation inducedby self-
organizationwill be shown to separatetheseclusters.

I I . DYNAMICS OF THE MODEL

A. PlaceCodingof ContinuousVariables

Therearevariousapproachesto modeltherepresentationof
continuousvariablesin neuralnetworks.The differentcoding
schemesrange from spike rates of single neurons,time to
�rst spike, fractionsof spikingneuronsin a neuronpopulation
to temperaturescaleand place coding (see,e.g., [6] for an
overview). In our model we use a neural place code. In a
linearly orderedsetof neuronsthepositionof the mostactive
neuronsis representingthevalueof theinput.As neuronmodel
we usea discretemodelwith refractiontime:
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Theneuralencodingis illustratedin Fig.1. De�nitions (3) and
(4) result in a set of active neuronswhich are symmetrically
groupedaroundthe center # and whoseactivity probabilities
decreasein a Gaussianmanner. The equationstranslatethe
continuousinput # to activities of neuronsat discretepositions
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�bZB . The �rst equationin (3) sets
the probabilities �

� suchthat the actualactivity probabilities
of the neuronsaregiven by J

� . The maximalpossibleactivity
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L . Note, thatequations(3) and(4) modeltheencodingof a
stimulusby a populationof broadly tunedneurons,which is
a commonandactively discussedencodingin experimentand
theory(see,e.g.,[7] for further reading).In Fig.1 the activity
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Fig. 1. Encodingof a continuousnumber ����� ������� using the parameters
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�'��� input neurons.A Gaussianfunctionsetsthe
activity probabilitiesof theneuronsat positions�)( to �+* . A typical resulting
spike patternis shown in the lower part of the image.Every secondline of
pixels visualizesthe activity of the & neurons(black lines wereinsertedfor
visualizationpurposes).A black pixel marksan inactive neuronanda white
pixel an active one.
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. To estimatetheactivity probabilityof a single
neuronseveral time stepsare necessary. Note, however, that
during eachtime stepthe neuralactivity of the whole set of
neuronsis accuratelyrepresentingthe input. The more input
neuronsthereare the moreaccurateis the representation.

B. Neural Dynamicsof the Macrocolumn

To representa vector /
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take to representthe entryasdescribedabove. The 3
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serve as input neuronsof a neural network model of the
cortical macrocolumn.The model is thoroughlydiscussedin
[3] andwe will only give the basicdynamicequations.

The macrocolumnmodel consistsof 4 minicolumnsof 5

randomly interconnectedexcitatory neurons �
6
� (seeFig.2).

The neuronmodel is similar to (1) but insteadof a Bernoulli
sequencethe input from otherneuronsdeterminestheactivity:
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Fig. 2. Sketch of a macrocolumnwith its continuousnumber encoding
input neurons.A {
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activity probabilities).Theneuronsserve asinput neuronsfor a macrocolumn
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from internal neuronsand …
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is displayed.Inhibition is visualizedsymbolically.
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thetime stepbefore.To activatetheneuronthe input hasto be
larger thana threshold;
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within aminicolumnis generatedwith theboundaryconditions
that, �rst, eachneuronreceivesa numberof ˆ synapseswith
synapticweight ‰
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and,second,that the probability of a
synapsesto originatefrom a speci�c neuronof theminicolumn
is constant(see Fig.2). The gain factor of inhibition V`�	� �
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� is the remainderof division by the
oscillation's period length

B

. During one period, which will
be called V -cycle from now one, the system is forced to
switch off minicolumns with comparablyweak input. This
process,which beginsanew for eachV -cycle,canbedescribed
in terms of structural instability. For a detailed discussion



of dynamics(5) to (8) togetherwith stability analysisand
bifurcationdiagramswe refer to [3].
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The normalizationcondition (11) ensuresthat each neuron
receives at all times exactly � synapsesfrom input neurons
(compare Fig.2). With condition �

�	� � • � �	� � synaptic
plasticity is only enabledif the macrocolumnactivity �

�	� �

falls below a constantor dynamic threshold � ��� � , i.e., after
someminicolumnsare switchedoff. Neural dynamics(5) to
(8) together with synaptic plasticity (9) to (11) results in
self-organizationof minicolumnar RFs. If � �	� � is coupled
to the minicolumn activities J

6

��� � in a particular way, RF
self-organizationis hierarchical,i.e., the RFs �rst specialize
to coarseclassesof similar input spike patternsand re�ne
afterwards.

In this paperwe usethe � ��� � dynamicsasdescribedin [8]
andonly give the basicformulas:
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marks the ends of the V -
cycles. � �
� � can be interpretedas a kind of reciprocal RF
differentiationpressure.Dynamics(13) to (15) leadsto a � ��� �
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I I I . HIERARCHICAL CLUSTERING

A. BasicBehaviorand Visualization

We apply the above described system to the problem
of unsuperviseddata classi�cation. Given a databaseof D-
dimensionalvectors /
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0 ?
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1 we want to group the data

into classesof mutuallysimilar vectors.We operatethesystem

asdescribedin Sec.IIwith parametersgiven in the Appendix.
During eachV -cycle we presenta vector /
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, which is randomly
chosenfrom the database,i.e., we computethe values �

� in
(1) with a randomlychosen /

0

onceat the beginning of each
V -cycle. After starting with randominitialization of afferent
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� the minicolumnarRFsspecializein the courseof
self-organization.The system�rst tries to subdivide the data
vectorsinto coarsesubclassesandtries to �nd an increasingly
�ner subdivision as time proceeds.If a vector /
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is presented
to the system, it reacts by switching off the minicolumns
with least suitableRFs. For a given vector /
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this processis
not deterministicdue to the Bernoulli sequencein (1) and
neural thresholdnoise in (7). To quantify the responseof
the systemto a given input vector /
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we, therefore,use the
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� is equal to one if always one and the sameminicol-
umn remainsactive.

F

�

/

0

� is smaller than one if more than
one minicolumn remainsactive or if the minicolumnswhich
remainactive aredifferent from V -cycle to V -cycle.

For a �

�G? dimensionaldatabaseof 300datapointscluster
separationis shown in Fig.3. After randominitialization of
minicolumnarRFs the system's behavior is unspeci�c, which
is re�ected by relatively uniformly distributedvaluesof

F

�

/

0

� .
After 25 V -cyclesthesystem's reactionsbecomemorespeci�c,
which is indicatedby highervaluesof

F

�

/

0

� in the vicinity of
the input datapoints.After 50 V -cycles a �rst subdivision of
theinput datais clearlyvisible. If a datapoint of theclusterin
the lower part of the imageis presented,thereis onespeci�c
minicolumnactivatedwith a probability of virtually �

)6) H

. A
presentationof a data point in the upper half of the image
resultsin an activation of oneof the otherminicolumnsor in
bothof them.From200to 500 V -cyclesthesystemsubdivides
thedatapointsin theupperhalf into two classes.After 500 V -
cyclesRF specializationfurther increasesup to a �nal degree
after 1000to 5000 V -cycles.

After the systemhas reachedits �nal degree of RF spe-
cialization, it can be usedas a classi�er for data points of
the databaseor for other data points of the sametype. A
data point is classi�ed by the minicolumn or minicolumns
which remainactive in the endof a V -cycle if /

0

is presented.
If a data point of the upper right cluster is presented,the
systemreacts,in the courseof a V -cycle, by �rst switching
off the minicolumn which correspondsto the lower cluster
andsubsequentlyswitchesoff the minicolumncorresponding
to theupperleft cluster. If a datapoint is presentedwhich lies
in betweentheuppertwo clusters,thesystemswitchesoff the
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�'�����N�'��� input vectors |
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	 . For eachrasterpoint the system's
reactionwasmeasuredfor 50 � -cycles.

minicolumncorrespondingto the lower clusterandleavesthe
other two minicolumnsactive1. This shows that classi�cation
like learningis hierarchicalin natureandthatthevalues

F
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/

0

�

for a datapoint /

0

containinformationaboutdecisionreliability
as well as information aboutthe location of /

0

relative to the
clusters.

B. Clusteringof More Complex Data

In the experiment of Fig.3 the system separatedthree
clusterswith aboutthesamenumberof datapointswhichwere
distributed in an approximatelyGaussianmanner. In Fig.4A
the classi�cation of a databasewith very unequalnumbers
of data points per cluster with non-Gaussiandistribution is
shown. Class 5, e.g., contains about 200 data points (see
Fig.4A) whereasclass1 containsmerelyabout20.
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Fig. 4. Unsupervisedclusteringwith a macrocolumnof •
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minicolumns.
The separationis visualizedin the sameway as in Fig.3 using the function
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. A Clusterseparationafter 10000 � -cycles if during each � -cycle one
single data point was shown. B Cluster separationafter 10000 � -cycles if
during a � -cycle superpositions(���
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$�# � ) of datapointswereshown.

If for the databaseof Fig.4A a macrocolumnwith 4

�

,

minicolumnsis used,thesystemtries to �nd threeappropriate
classes(a numberof classesmuchlesssuitable).If morethan

4

� E minicolumnsare used,the systemtries to �nd more
classes.The numberof differentclassesthat are�nally found
dependson the dataitself. If moreminicolumnsareavailable
than clusters exist, the system specializesmore than one
minicolumnarRF to the samecluster. Thus,the minicolumns
which correspondto the samecluster remainsimultaneously
active if a datapoint of the cluster is presented.Subsequent
stagesof neural information processingbasedon population
activity correlationwould, therefore,automaticallymerge all
minicolumnscorrespondingto the samecluster.

C. Data Point Superpositions

In the experimentsabove one input vectorper V -cycle was
presentedduring the learning phase.If a databaseis given,
thereis no reasonto presentdifferent datapoints simultane-
ously. For a biological neural network the situation is quite

1To visualizethis behavior we would have to displaythe functions
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aswell which is not donedueto the restrictionof the manuscript's size.



different, however, becausethere is no absolutecontrol over
the input data.If the input neuronsof the biological system
encodesensorydata, it usually consistsof superpositionsof
stimulationsfrom differentsources.A biologicalnetwork must
thereforebe able to cope with data point and, hence,spike
patternsuperpositions.To accountfor sucha situationwe train
our systemwith datapoint superpositions.Given a database
of
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data points we �rst randomly choosea set of data
points 2
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4 . For
conveniencewe do not useempty input vectorsfor learning.

In the experiment of Fig.4B we used the samenetwork
and the samedatabaseas for the experimentof Fig.4A but
with spike patternsgeneratedaccordingto (17) with J J �G?

.

)

.
Althoughthemajorityof inputsconsistsof datapoint superpo-
sitions the �nal classi�cation of the databaseis qualitatively
the sameas for non-superimposedinput. If the network is
trainedwith input vectorsuperpositions,the classboundaries
becomeless sharpand the systemneedslonger to build up
appropriateclasses(it needsabout 2800 V -cycles compared
to about1200 V -cycles for non-superimposeddata).Learning
time increasesif JHJ getslarger and for the databaseof Fig.4
clusteringwithin 10000 V -cyclesstartsto fail for J J -

,

.

)

.

D. Higher DimensionalData

So far we studied clustering of databaseswith two-
dimensionalinput vectors /

0

. The systemcan, of course,be
appliedto dataconsistingof any vectorsof �nite dimension.
The most popularhigher dimensionaldatabasefor clustering
is probablyFisher's iris database[9]. It consistsof 150 input
vectorsof dimensionality�
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. The input vectors /
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The vectors /
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can now be used as input vectors for a
systemwith � D
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input neurons.Learningof a system
with 4
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minicolumns with parametersas given in the
Appendix results in self-organizationof minicolumnarRFs.
The systemwas trained for 10000 V -cycles. After 5000 V -
cycles the learningrate � was linearly decreasedto zero for
other 5000 V -cycles2. If an input vector /
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is presentedafter
learning, it is assignedto the classwith maximal A

6

�

/

0

� (or
likewise

F

6

�

/

0

� ). The resultingclassi�cation of the database

2Note that an automaticstoppingcriterion basedon the varianceof �

�
�
�

,
�

�

�

���
�

�

�

�

�
�
��� �

	

�

, producedapproximatelythe sameresults.

can subsequentlybe comparedwith the actual labels of
the data points and the percentageof correct classi�cations
can be computed.In 100 simulationsthe system's correct-
classi�cation ratehada meanvalueof 90.6%� 1.7%andwas
always larger than 87.3%. In Tab. I percentagesof correct
classi�cationsarealsogivenfor otherunsupervisedmethods3.
Our systemcanalsobe trainedwith datapoint superpositions

TABLE I

COMPARISON OF IRIS DATABASE CLASSIFICATIONS

Method CorrectClassifications

SOM 85.33% � 0.1%

k-Means 88.6% � 0.1%

Macrocolumn 90.6% � 1.7%

Spiking RBF 92.6% � 0.9%

(17) of theiris database.Evenfor relatively high superposition
factorsJHJ it reachesgoodclassi�cation results(90.6%� 1.8%
correct classi�cations for JHJ � ?

.

)

and 89.6%� 2.2% for
JoJ��

,

.

)

). For values JHJ>-

,

.

)

the systemin somecases
fails to �nd appropriateclassi�cationswithin 10000 V -cycles.
For low superpositionratesthe system,surprisingly, reaches
even betterresultsthan in the caseof no superposition(e.g.,
90.9%� 1.6% for J

J
� �

.

E )4. With the same experimental
setup the system remains applicable also for databasesof
much higher dimension.For the �

���

,

dimensionalwine-
recognitiondatabase5 self-organizationwithout superposition
resultsin ���

.

?

H

�

-

.

,

H

correctclassi�cations6.
The results of this paragraphshow that classi�cation on

the basis of minicolumn RF self-organization works well
also for higher-dimensionalnaturaldataand is, furthermore,
competitive to otherunsupervisedclassi�cation systems.

IV. DISCUSSION

We have seenhow minicolumnarRF self-organizationof
a model macrocolumncan successfullybe applied to clus-
tering. The clusteringprocedureis fuzzy7 and hierarchical-
a combinationwhich, in itself, distinguishesthe systemfrom
thevastmajorityof clusteringtechniques(compare[11]). Ona
linearprocessorsimulationtime for onenetwork updatescales
only linearly with thenumberof minicolumns 4 andthe input
spacedimensionality, �

�

� 4

� (see[3]), i.e., thesystemremains
applicableto very high-dimensionaldata,which representsan

3The data in Tab. I is taken from [10] where SOM was run with three
outputneuronsandk-Meanswassetto •

! ‚

. SOM andk-Meansresultscan
probablybe improved with parametertuning. Spiking RBF reachesthe best
classi®cationratebut fails in clusteringin aboutoneof ten simulations.

4Notethatfor eachresultweconsidered100simulationsandthatthesystem
for � ���

‚

# � and in the caseof no superpositionalways found a clustering
within 10000 � -cycles.

5seewww.ics.uci.edu/˜mlearn/for the database
6From a seriesof 100 simulations10 with automaticallyidentified RF

doubleassignmentswereremoved.
7Thefunctions

� � �

|

} �

canbeusedto assignclassmembershipprobabilities
to a datapoint.



interestingfeature if consideringthat hierarchicalclustering
methodsusuallyscaleat leastquadratically.

Fromtheneuroscienti�cpoint of view hierarchicallearning
and learning from input superpositionsrepresenttwo major
systemproperties.Hierarchicallearningenablesthesystemto
coarselyclassifya giveninput alreadyin an intermediatestate
of learning(compareFig.3). Suchan ability seemsplausible
and necessaryfor neural modulesin the cortex. First, high-
level learning is a gradual processin which an individual
is able to coarselybut appropriatelyreactto external stimuli
alreadyin intermediatelearningphases.Second,a coarseto
�ne specializationof neuronRFs is directly observable,e.g.,
in theprimaryvisualcortex (seefor instance[12]). Theability
of the presentedsystemto learn from input superpositionsis
rare among systemsapplicableto clustering (see,however,
[13]). If a databaseis given, it does not seemplausible to
presentseveral data points simultaneously. For a biological
informationprocessingsystemthe databaseis the organism's
environmentrepresentedby spike patternsof sensorneurons.
Suchspike patternsarenaturallyconsistingof superpositions
of patternswhich belong to different sourcesin the outside
world. In simultaneouslypresentingdatapointsof a database
we simulated superpositionsof sensory input and showed
that the macrocolumnsystemneverthelesslearnsappropriate
classi�cations.Further neuroscienti�cally relevant properties
of the macrocolumnmodel are robustnessagainst various
perturbationsand lesions, its sparseinterconnectionmatrix,
and its fast reaction times which are on the order of 10ms
[3]. Capabilitiesof the model have their limitations, e.g., in
a �x ed numberof minicolumns 4 which setsa limit for the
maximalnumberof classeswhich canbe found.Additionally,
theprobabilitythataclusteris representedby two or moreRFs
increasesfor large 4 . By measuringthe correlationsbetween
minicolumn activities while iterating throughthe datapoints
suchmultiple representationscanbe identi�ed, however. This
approachalsooffersa way to classifymoreelongatedclusters.
A discussionof identi�cation of high minicolumn activity
correlationsand its possibleneuronalimplementationwould
go beyond the scopeof this paper, however.

Thesizeof aclustercanvaryoversomeordersof magnitude
but a limitation exists with respectto the volumeof the input
spacewhich is assignedto one class.Due to a �x ed width
of the Gaussianrepresentation(3) parameterizedby � there
exists a �nite minimal sizeof the input spacevolumeof one
class. Cluster size limitations could be accountedfor with
other coding schemes(compare,e.g., [10]) but with respect,
e.g., to sensorydata natural limitations of cluster size and
clusterspacingusuallyexist.

To representa � dimensionalinput vector the useof a �

dimensionalarray of neuronsand the usageof an Euclidean
likemetriccouldbeconsidered,aswell. For generaldatabases,
e.g., the iris database,it is questionable,however, whether
an Euclideandistancemeasurerepresentsa goodchoice(see
[11] for a discussionof different distances).For the iris and
winedatabasesandfor thetwo-dimensionaldatabasesof Fig.3
and Fig.4 the input vector encodingas used in our system

producesappropriateresults.The separateencodingof each
vector entry (comparealso [10]) has the advantagesthat,
�rst, the required number of input neurons 3 only scales
linearly with dimension � and, second,a separateencoding
can directly handleincompleteinput vectorsby just leaving
the correspondingsetof neuronsinactive.

We have seenthat minicolumnarRF self-organizationcan
successfullybe appliedto the problemof clustering.It forms
suitableclassesfor differentarti�cial databasesandis compet-
itive to other systems,e.g., in the benchmarktask of the iris
databaseclassi�cation.The macrocolumnmodel,hereby, dis-
tinguishesitself by combiningimportantandessentialabilities
requiredfrom biological informationprocessingsystems:The
input processingis robust againstperturbationsand lesions,
the reactiontimesarefast,the systemlearnshierarchical,and
it is able to learn from datapoint superpositions.

APPENDIX

For all simulationsin this paperwe useda network with
the following setof parameters(seetext for meaning):
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