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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-organizesits minicolumnar
receptve elds (RFs) such that the input is hierarchically
subdivided into increasingly ner classeslf input supepositions
are used for training, the systemis able to nd an appropriate
classi cation of the input and a suitable representationof input
supermositions. Together with fast reaction times the model
satis es major requirementsof biological information processing
and distinguishesitself from other suggestednodelsof continuous
value processingin biological neural networks.

|. INTRODUCTION

In recentyears neural network modeling has focusedon
neural dynamics with spiking neuronsas integral part. A
numberof new spike basedhetworks have shovn to overcome
a severe de cit of most classicalarti cial neural networks
(ANNs) namely neurophysiologicallyimplausible computa-
tion times. Other recently suggestecheural network models
are motivatedby neurophysiologicand neuroanatomicaih-
vestigationswhich led to increasingly detailed descriptions
of small scale neuralinterconnectionstructuresoften called
microcircuits In the neocorte small scale neural modules
called minicolumnsand macocolumnsare actively discussed
(see,e.qg., [1], [2]). Minicolumns consistof a collection of
the order of 100 neuronsand, themseles, combineto what
is calleda macrocolumnThe ndings motivateda numberof
ANNs which modelthesemodulesin more or lessdetail.

In [3] a model of the cortical macrocolumnwas presented
which combinesthe spiking characterof neuronswith a
columnbasednterconnectiorstructureandincorporatedack-
groundoscillationin thegammafrequeng rangeasanintegral
part. With Hebbiantype synapticplasticity of afferent bers
the modelwas shavn to self-oiganizeits minicolumnarRFs
to becomean especiallysuitabledecisionunit (seealso [4])
for the presentednput patterns.The systemhasprovento be
able to group input patternsinto classesof mutually similar
patternsand it could appropriatelylearn to representbasic
featuresof the patternsThe latter wasdemonstratedsingthe
barsbenchmarktest[5]. Input patternsusedso far consisted
of two dimensionablack-and-whiteor grey-level imagescon-
vertedinto spike patternsof a two-dimensionahrray of input
neurons.In this paperwe apply the macrocolumnmodel to
the problemof dataclustering.Input patternspresentedo the

systemare encoding dimensionalinput vectorsof a given
databaseRF self-oiganizationresultsin a classi cationof the
input patternsand thus in a subdvision of the databasénto
differentclasseslf the databasesontainsclustersof mutually
neighboringinput vectors,the classi cation inducedby self-
organizationwill be shavn to separateheseclusters.

Il. DYNAMICS OF THE MODEL
A. Place Codingof Continuousvariables

Therearevariousapproachesfo modelthe representationf
continuousvariablesin neuralnetworks. The differentcoding
schemesrange from spike ratesof single neurons,time to

rst spike, fractionsof spikingneuronsn a neuronpopulation

to temperaturescale and place coding (see,e.g., [6] for an
overview). In our model we use a neural place code. In a
linearly orderedsetof neuronsthe position of the mostactive
neuronds representinghevalueof theinput. As neuronmodel
we usea discretemodelwith refractiontime:

1)
if

where if (2)
is a Bernoulli sequencewith probability
and . The neuron

is active only if, rst, is equalto one and, second,if

the neuronwasnot active thetime-stepbefore.The probability

determineghe activity probability of the neuron.To place
codea continuousvariable with a linearly ordered
setof  neuronsof theabove typewe de ne the probabilities
asfollows:

®3)
(4)

The neuralencodingis illustratedin Fig.1. De nitions (3) and
(4) resultin a setof active neuronswhich are symmetrically
groupedaroundthe center andwhoseactiity probabilities
decreasen a Gaussianmanner The equationstranslatethe
continuousnput to actiities of neuronsat discretepositions
. To equallytreatall input valuesin the neuronscover
the extendedintenal . The rst equationin (3) sets
the probabilities  suchthat the actualactiity probabilities
of the neuronsaregivenby . The maximal possibleactivity



is —. Note, thatequationq3) and(4) modelthe encodingof a
stimulusby a populationof broadly tuned neuronswhich is
a commonandactively discusseancodingin experimentand
theory(see,e.qg.,[7] for furtherreading).ln Fig.1 the activity

time steps

Fig. 1. Encodingof a continuousnumber using the parameters

, , and input neuronsA Gaussiarfunction setsthe
actvity probabilitiesof the neuronsat positions  to . A typical resulting
spike patternis shavn in the lower part of the image.Every secondline of
pixels visualizesthe actvity of the  neurons(black lines wereinsertedfor
visualizationpurposes)A black pixel marksan inactve neuronand a white
pixel an active one.

of a setof input neuronsis displayedfor an input
value . To estimatethe activity probability of a single
neuronseveral time stepsare necessaryNote, however, that
during eachtime stepthe neuralactvity of the whole set of
neuronsis accuratelyrepresentinghe input. The more input
neuronstherearethe more accuratds the representation.

B. Neural Dynamicsof the Macrocolumn

To representa vector with  different vector entriesin

the interval , , we encodethe entriesusing
differentsetsof  linearly orderedneurons.Eachsetwe

take to representhe entry asdescribedaborve. The
neurons(1), which encodethe vectors , can now
sene as input neuronsof a neural network model of the
cortical macrocolumn.The modelis thoroughly discussedn
[3] andwe will only give the basicdynamicequations.

The macrocolumnmodel consistsof  minicolumnsof
randomly interconnectedexcitatory neurons  (seeFig.2).
The neuronmodelis similar to (1) but insteadof a Bernoulli
sequencé¢he input from otherneuronsdetermineghe activity:

(5)
(6)
)

is the overall actvity of
of minicolumn

Here
minicolumn

. The neuron

o
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Fig. 2. Sketch of a macrocolumnwith its continuousnumberencoding
input neurons.A dimensionalinput vector is translatednto spike
patternsof neurons(the grey levels of the neuronsindicate
actvity probabilities).The neuronssene asinput neuronsfor a macrocolumn
of minicolumns. A minicolumnarneuronreceves synapses
from internal neuronsand afferentsfrom the input neurons.Only the
RF of minicolumn , which is specializedo input vectorssimilarto ,
is displayed.Inhibition is visualizedsymbolically

is active at time if it recevesenough
input from neuronsactive attime step andif it wasnotactive
thetime stepbefore.To activatethe neuronthe input hasto be
largerthana threshold which consistsof a usualconstant
threshold  with Gaussiarthresholdnoise andatime
dependingfunction , Which indirectly modelsinhibition
betweenthe minicolumns.The randominterconnection
within aminicolumnis generatedvith theboundaryconditions
that, rst, eachneuronrecevesa numberof synapsewith
synapticweight - and, second that the probability of a
synapseso originatefrom a speci ¢ neuronof theminicolumn
is constant(see Fig.2). The gain factor of inhibition
changesin a saw tooth oscillation with initialization phase
(see[3] for details):
if
if ®
where is the remainderof division by the
oscillation's period length . During one period, which will
be called -cycle from now one, the systemis forced to
switch off minicolumnswith comparablyweak input. This
processwhich beginsanev for each -cycle, canbe described
in terms of structural instability. For a detailed discussion



of dynamics(5) to (8) togetherwith stability analysisand
bifurcationdiagramswe refer to [3].

The afferent bers couple the minicolumn
neurons totheexternalinputneurons ( for external).
The bers are subjectto Hebbiantype synapticplasticity of
the form:

(9)

If : (10)
- (11)
where — is the macrocolumnactiity

and is a for each triple different Bernoulli
sequencewith probability and .
The normalization condition (11) ensuresthat each neuron
receves at all times exactly synapsedrom input neurons
(compare Fig.2). With condition synaptic
plasticity is only enabledif the macrocolumnactiity
falls belov a constantor dynamic threshold , l.e., after
someminicolumnsare switchedoff. Neural dynamics(5) to
(8) togetherwith synaptic plasticity (9) to (11) resultsin
self-organization of minicolumnar RFs. If is coupled
to the minicolumn actities in a particular way, RF
self-omanizationis hierarchical,i.e., the RFs rst specialize
to coarseclassesof similar input spike patternsand re ne
afterwards.

In this paperwe usethe dynamicsas describedn [8]
andonly give the basicformulas:

(12)
(13)

(14)
(15)

- or

where marks the ends of the -
cycles. can be interpretedas a kind of reciprocal RF
differentiationpressureDynamics(13)to (15) leadsto a
which decreasestartingfrom an initial value - until
it stabilizesaround ( is the macrocolumractivity
at ).

I1l. HIERARCHICAL CLUSTERING

A. BasicBehaviorand Visualization

We apply the above described system to the problem
of unsuperviseddata classi cation. Given a databaseof D-
dimensionalvectors we want to group the data
into classe®f mutually similar vectors We operatethe system

asdescribedn Sec.llwith parametergivenin the Appendix.
During each -cycle we presentavector , whichis randomly
chosenfrom the databasei.e., we computethe values in
(1) with a randomlychosen onceat the beginning of each
-cycle. After startingwith randominitialization of afferent
bers the minicolumnarRFsspecializein the courseof
self-omanization.The system rst tries to subdvide the data
vectorsinto coarsesubclasseandtriesto nd anincreasingly
ner subdvision astime proceedslf a vector is presented
to the system,it reactsby switching off the minicolumns
with leastsuitableRFs. For a given vector this processis
not deterministicdue to the Bernoulli sequencen (1) and
neural threshold noise in (7). To quantify the responseof
the systemto a given input vector we, therefore,use the

probabilities that minicolumn is active at the end of
a -cycleif input is presentedlf is presentediuringeach
of -cycles, can be estimatedby countingthe times

that minicolumn remainedactive, — (we use

andalsodenotethe estimationby ). To visualize

clusterseparatiorby RF self-oiganizationwe de ne the scalar
functions:

(16)

is equalto one if always one and the sameminicol-
umn remainsactie. is smallerthan one if more than
one minicolumn remainsactive or if the minicolumnswhich
remainactive are differentfrom -cycleto -cycle.

Fora dimensionatatabasef 300 datapointscluster
separationis shavn in Fig.3. After randominitialization of
minicolumnarRFsthe systems behavior is unspeci ¢, which
is re ected by relatively uniformly distributedvaluesof
After 25 -cyclesthe systemsreactiondoecomemorespeci c,
which is indicatedby highervaluesof in the vicinity of
the input datapoints. After 50 -cyclesa rst subdvision of
theinput datais clearlyvisible. If a datapoint of the clusterin
the lower part of the imageis presentedthereis one speci ¢
minicolumn activatedwith a probability of virtually A
presentatiorof a data point in the upper half of the image
resultsin an activation of one of the other minicolumnsor in
both of them.From200to 500 -cyclesthe systemsubdvides
the datapointsin the upperhalf into two classesAfter 500 -
cyclesRF specializatiorfurther increasesip to a nal degree
after 1000to 5000 -cycles.

After the systemhasreachedits 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 theendof a -cycleif is presented.
If a data point of the upperright clusteris presentedthe
systemreacts,in the courseof a -cycle, by rst switching
off the minicolumn which correspondgo the lower cluster
and subsequenthgwitchesoff the minicolumn corresponding
to the upperleft cluster If a datapointis presentedvhich lies
in betweerthe uppertwo clusters the systemswitchesoff the



1,
0 1
0 -cycles 200
25 500
50 1000
100 5000

Fig. 3. Unsupervisealusteringwith a macrocolumrof minicolumns.
Minicolumnar RF self-oiganizationis visualized using the scalar function
is a point of the two dimensionalintenal

and is anindicatorof thereliability of the systems reaction.Thecrosses

mark the datapoints usedas input for the simulation.To generatean image

after a given learning time the valuesof  are estimatedon a raster of
input vectors . For eachrasterpoint the systems

reactionwas measuredor 50 -cycles.

minicolumn correspondindo the lower clusterandleavesthe
othertwo minicolumnsactivel. This shawvs that classi cation
like learningis hierarchicain natureandthatthevalues

for adatapoint containinformationaboutdecisionreliability
aswell asinformation aboutthe locationof relative to the
clusters.

B. Clusteringof More Complex Data

In the experiment of Fig.3 the system separatedthree
clusterswith aboutthe samenumberof datapointswhichwere
distributed in an approximatelyGaussiamrmanner In Fig.4A
the classi cation of a databasewith very unequalnumbers
of data points per cluster with non-Gaussiardistribution is
shawvn. Class 5, e.g., contains about 200 data points (see
Fig.4A) whereasclass1 containsmerely about20.

A B

10000 -cycles 10000 -cycles

Fig. 4. Unsupervisectlusteringwith a macrocolumrof minicolumns.
The separatioris visualizedin the sameway asin Fig.3 usingthe function
. A Clusterseparatiorafter 10000 -cyclesif during each -cycle one
single data point was shavn. B Cluster separationafter 10000 -cycles if
duringa -cycle superpositiong ) of datapointswere shavn.

If for the databaseof Fig.4A a macrocolumnwith
minicolumnsis used the systemtriesto nd threeappropriate
classeqa numberof classesnuchlesssuitable).If morethan

minicolumnsare used,the systemtries to nd more
classesThe numberof differentclasseghatare nally found
dependon the dataitself. If more minicolumnsare available
than clusters exist, the system specializesmore than one
minicolumnarRF to the samecluster Thus,the minicolumns
which correspondo the sameclusterremain simultaneously
active if a datapoint of the clusteris presentedSubsequent
stagesof neuralinformation processingbasedon population
activity correlationwould, therefore,automaticallymeige all
minicolumnscorrespondingo the samecluster

C. Data Point Superpositions

In the experimentsabove oneinput vectorper -cycle was
presentedduring the learning phase.If a databasds given,
thereis no reasonto presentdifferent data points simultane-
ously For a biological neural network the situationis quite

1To visualizethis behaior we would have to displaythe functions
aswell which is not donedueto the restrictionof the manuscrips size.



different, however, becausehereis no absolutecontrol over
the input data.If the input neuronsof the biological system
encodesensorydata, it usually consistsof superpositionf
stimulationsfrom differentsourcesA biologicalnetwork must
thereforebe able to cope with data point and, hence,spike
patternsuperpositionsTo accountfor sucha situationwe train
our systemwith datapoint superpositionsGiven a database
of  data points we rst randomly choosea set of data
points and subsequentlycomputethe actiity
probability, , of the th neuronof the neuronsetof vector
entry :

(17)
where  with is a data point and is
given in (3). is (for each and different) Bernoulli
sequence&vith probability — and —. For
corveniencewe do not useempty input vectorsfor learning.
In the experimentof Fig.4B we usedthe samenetwork
and the samedatabaseas for the experimentof Fig.4A but
with spike patterngyeneratecccordingto (17) with
Althoughthe majority of inputsconsistsf datapoint superpo-
sitionsthe nal classi cation of the databasds qualitatvely
the sameas for non-superimposedhput. If the network is
trainedwith input vector superpositionsthe classboundaries
becomeless sharpand the systemneedslonger to build up
appropriateclasses(it needsabout2800 -cycles compared
to about1200 -cyclesfor non-superimposedata).Learning
time increasesf  getslarger andfor the databasef Fig.4
clusteringwithin 10000 -cycles startsto fail for

D. Higher DimensionalData

So far we studied clustering of databaseswith two-
dimensionalinput vectors . The systemcan, of course,be
appliedto dataconsistingof ary vectorsof nite dimension.
The most popularhigher dimensionaldatabasdor clustering
is probablyFishers iris databasg9]. It consistsof 150 input
vectorsof dimensionality . Theinputvectors  (where

and ) arenot restrictedto the interval
suchthatthey have to be rescaled:

(18)

(19)
The vectors  can now be used as input vectors for a
systemwith input neurons.Learningof a system
with minicolumns with parametersas given in the
Appendix resultsin self-oganizationof minicolumnar RFs.
The systemwas trained for 10000 -cycles. After 5000 -
cyclesthe learningrate was linearly decreasedo zero for
other 5000 -cycleg. If aninput vector is presentedafter

learning, it is assignedo the classwith maximal (or
likewise ). The resulting classi 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$ correct-
classi cationrate had a meanvalueof 90.6% 1.7%andwas
always larger than 87.3%. In Tah| percentage®f correct
classi cationsarealsogivenfor otherunsupervisednethods.
Our systemcanalsobe trainedwith datapoint superpositions

TABLE |
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 databaseEvenfor relatively high superposition
factors it reachegyood classi cationresults(90.6% 1.8%
correct classi cations for and 89.6% 2.2% for

). For values the systemin some cases
failsto nd appropriateclassi cationswithin 10000 -cycles.
For low superpositiorratesthe system,surprisingly reaches
even betterresultsthanin the caseof no superpositione.g.,
90.9% 1.6% for )*. With the same experimental
setup the systemremains applicable also for databaseof
much higher dimension.For the dimensionalwine-
recognitiondatabase self-oganizationwithout superposition
resultsin correctclassi cation$.

The results of this paragraphshav that classi cation on
the basis of minicolumn RF self-oganization works well
also for higherdimensionalnaturaldataand is, furthermore,
competitive to other unsupervisealassi cation systems.

IV. DISCUSSION

We have seenhow minicolumnarRF self-oiganizationof
a model macrocolumncan successfullybe applied to clus-
tering. The clusteringprocedureis fuzzy’ and hierarchical-
a combinationwhich, in itself, distinguisheghe systemfrom
thevastmajority of clusteringtechniqguegcomparg11]). Ona
linear processosimulationtime for onenetwork updatescales
only linearly with the numberof minicolumns andtheinput
spacalimensionality (se€3)]), i.e.,thesystenremains
applicableto very high-dimensionatiata,which representan

3The datain Tahl is taken from [10] where SOM was run with three
outputneuronsandk-Meanswas setto . SOM andk-Meansresultscan
probablybe improved with parametettuning. Spiking RBF reacheghe best
classi®catiornrate but fails in clusteringin aboutone of ten simulations.

“Notethatfor eachresultwe considered 00simulationsandthatthesystem
for andin the caseof no superpositioralways found a clustering
within 10000 -cycles.

5seewwwics.uci.edu/"mlearnfor the database

SFrom a seriesof 100 simulations10 with automaticallyidentified RF
doubleassignmentsvere remaoved.

“Thefunctions canbe usedto assignclassmembershigprobabilities
to a datapoint.



interestingfeatureif consideringthat hierarchicalclustering
methodsusually scaleat leastquadratically

Fromthe neuroscienti cpoint of view hierarchicallearning
and learning from input superpositiongepresentwo major
systempropertiesHierarchicallearningenableghe systemto
coarselyclassifya giveninput alreadyin anintermediatestate
of learning(compareFig.3). Suchan ability seemsplausible
and necessaryfor neuralmodulesin the cortex. First, high-
level learning is a gradual processin which an individual
is ableto coarselybut appropriatelyreactto external stimuli
alreadyin intermediatelearning phasesSecond,a coarseto
ne specializationof neuronRFsis directly obsenable, e.g.,
in the primaryvisual cortex (seefor instancd12]). The ability
of the presentedsystemto learn from input superpositionss
rare among systemsapplicableto clustering (see, however,
[13]). If a databasds given, it doesnot seemplausibleto
presentseveral data points simultaneously For a biological
information processingsystemthe databasés the organisms
ervironmentrepresentedby spike patternsof sensomeurons.
Suchspike patternsare naturally consistingof superpositions
of patternswhich belongto different sourcesin the outside
world. In simultaneouslypresentingdatapoints of a database
we simulated superpositionsof sensoryinput and shaved
that the macrocolumnsystemneverthelesdearnsappropriate
classi cations. Further neuroscienti cally relevant properties
of the macrocolumnmodel are robustnessagainst various
perturbationsand lesions, its sparseinterconnectionmatrix,
and its fast reactiontimes which are on the order of 10ms
[3]. Capabilitiesof the model have their limitations, e.g., in
a x ed numberof minicolumns which setsa limit for the
maximalnumberof classeavhich canbe found. Additionally,
theprobabilitythata clusteris representely two or moreRFs
increasedor large . By measuringthe correlationsbetween
minicolumn actities while iterating throughthe datapoints
suchmultiple representationsanbe identi ed, however. This
approaclalsooffersaway to classifymoreelongatectlusters.
A discussionof identi cation of high minicolumn actiity
correlationsand its possibleneuronalimplementationwould
go beyond the scopeof this paper howvever.

Thesizeof aclustercanvary over someordersof magnitude
but a limitation exists with respecto the volume of the input
spacewhich is assignedio one class.Due to a x ed width
of the Gaussiarrepresentatior{3) parameterizedy there
existsa nite minimal size of the input spacevolume of one
class. Cluster size limitations could be accountedfor with
other coding schemeqcompare,e.g.,[10]) but with respect,
e.g., to sensorydata natural limitations of cluster size and
clusterspacingusually exist.

To representa  dimensionalinput vectorthe useof a
dimensionalarray of neuronsand the usageof an Euclidean

like metriccouldbe consideredaswell. For generaldatabases,

e.g., the iris databasejt is questionablehowever, whether
an Euclideandistancemeasuraepresents& good choice (see
[11] for a discussionof differentdistances)For the iris and
wine databaseandfor thetwo-dimensionatiatabasesf Fig.3
and Fig.4 the input vector encodingas usedin our system

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

We have seenthat minicolumnarRF self-omganizationcan
successfullybe appliedto the problemof clustering.It forms
suitableclassesor differentarti cial databaseandis compet-
itive to other systemse.g.,in the benchmarktask of the iris
databaselassi cation. The macrocolummmodel, hereby dis-
tinguishedtself by combiningimportantandessentiahbilities
requiredfrom biological information processingsystemsThe
input processingis robust againstperturbationsand lesions,
the reactiontimesare fast, the systemlearnshierarchical,and
it is ableto learnfrom datapoint superpositions.

APPENDIX

For all simulationsin this paperwe useda network with
the following setof parametergseetext for meaning):

-, with : , ,
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