
LearningSynapticClustersfor NonlinearDendritic
Processing

MichaelW Spratling
�
andGillian M Hayes

Departmentof Artificial Intelligence,
Universityof Edinburgh,

5 ForrestHill, Edinburgh.EH12QL. UK.

Abstract

Nonlineardendriticprocessingappearsto be a featureof biological neuronsand
would alsobe of usein many applicationsof artificial neuralnetworks. This paper
presentsa modelof aninitially standardlinearnodewhichusesunsupervisedlearning
to find clustersof inputswithin whichinactivity atonesynapsecanoccludetheactivity
at theothersynapses.

Keywords: Dendriticprocessing,Higher-orderneurons,Invariance,Unsupervisedlearn-
ing.

Thispaperhasnotbeensubmittedelsewherein identicalor similar form, norwill it be
duringthefirst threemonthsafterits submissionto NeuralProcessingLetters.

�
Author for correspondenceandproofing;telephone:(+44) 1316503079,fax: (+44) 1316506899,email:

mikes@dai.ed.ac.uk

1



LearningSynapticClusters 2

LearningSynapticClustersfor NonlinearDendritic
Processing

Abstract

Nonlineardendriticprocessingappearsto be a featureof biological neuronsand
would alsobe of usein many applicationsof artificial neuralnetworks. This paper
presentsa modelof aninitially standardlinearnodewhichusesunsupervisedlearning
to find clustersof inputswithin whichinactivity atonesynapsecanoccludetheactivity
at theothersynapses.

Keywords: Dendriticprocessing,Higher-orderneurons,Invariance,Unsupervisedlearn-
ing.

1 Introduction

Certainapplicationsof artificial neuralnetworks require more powerful computational
mechanismsthanthe standardlinear thresholdunit. In addition,the responseproperties
of biologicalneuronsdisplaynonlinearities,hence,higher-orderunitsarealsorequiredto
modelsuchcells.For example:� To form a topologicalmapof egocentricspace(to guidereachingmovements)for a

robotwith movable‘eyes’and‘neck’ anodewithin themapwouldneedto respond,
exclusively, to all combinationsof gazedirectionandneckrotationwhichbring fix-
ationto thesamepoint in space.Cells in theparietalareaof theneocortex respond
to a preferredretinal locationbut aremodulated,multiplicatively, by eye andhead
position[1].� To form aninvariantrepresentation(e.g. of anobjectundervisual transformations)
requiresthatsetsof input patternsbeassociatedtogetherwhile beingdistinguished
from other, possiblyover-lapping,patterns.Cells in the inferotemporalareaof the
neocortex areselective to theform of visualstimulusbut insensitive to locationand
scaleof theimage[2].

Thereis evidenceto suggestthat informationprocessingtakesplacein the dendritic
treesof biologicalneurons(see[3] for a review). Local thresholdingof thesummedinput
from clustersof excitatorysynapseswithin thedendritictreecouldaccountfor themulti-
plicative responsesof cells [4, 5]. A singlesuchunit is thusaspowerful asa multilayer
network of linearthresholdunits,andtheoutputsof many nonlinearunitscanbecombined
togetherto actasa larger, ‘virtual’, nonlinearunit [5].

1.1 Sigma-Pi Units

Theprincipalmodelof a nonlinearneuronis thesigma-piunit (figure1(a)), in which the
outputactivation( � ) is calculatedastheweightedsumof theproductsof independentsets,
or clusters,of inputvalues( ��� ) [6, 5]:

��� 	
�
��� ���� � ������������ �"!$#$% �&��'(*)
Hebbianlearning,betweenthe cluster’s productandthe unit’s (required)output,canbe
usedto find appropriatevaluesfor thesynapticweights(

�
) [5, 7]. Theinputswhich form
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Figure1: Models of nonlinear neurons. (a) A sigma-pineuron.(b) A clusteronneuron.
(c) Theproposedmodel.

a clusterneedto bepredefined:eitherall clustersaredefinedto bethesamesize,in which
caseall combinationsof + inputsareused(this is unsatisfactoryastheappropriatecluster
sizemaynotbeknown before-hand,normayall therequiredclustersbeof thesamesize);
alternatively all combinationsof ,-+ inputsareused(which is computationallyinhibitive,
dueto thenumberof clustersrequired,if thenumberof inputsor themaximumclustersize
is large). Evenusingthemoretractablefirst approachthenumberof parametersrequired
caneasilybeunreasonablylarge(e.g. for a nodeto representall clustersof size5 from a
total of 50 inputswould requireover ./)1032406587 synapses).Noiseis alsoa problemdueto
the input valuesbeingmultiplied together, so thatnoisein a singleinput valuewill affect
theactivationof theentirecluster.

To overcometheseproblemsindividual clusterscanbe representedas‘productunits’
which can learn arbitrary polynomial functionsvia gradientdescent[8]. Eachproduct
unit, thus,learnswhich inputsarerelevantto theclusterit represents.However, it is then
necessaryto usea multilayernetwork of bothsummingandproductunitsaswell asusing
supervisedlearning,andnoiseremainsaproblem.

1.2 Clusteron Units

Theclusteron(figure1(b))is amorebiologicallyinspiredattempttomodeldendriticcluster
sensitivity [9, 3]. Theoutputof a unit is calculatedas:

�9� 	
�
�:� �� � � � � �
;=<
� ���?>&< � � � ��'( )
Thecontribution of a synapse@ is thusaffectedby the activity of neighbouringsynapses
(within radius + of @ ) on theone-dimensionaldendrite.A ‘cluster’ is thusdefineddiffer-
ently in this case.In contrastto sigma-piunits,whereeachsetof inputshave a synaptic
weight, in theclusteroneachinput hasa synapticweightandtheterm‘cluster’ is usedto
refer to thoseinputswhich canaffect theactivationreceivedby a particularsynapse.All
clustersareof a constant,predefined,sizeandhencesuffer from thesameproblemsasa
sigma-piunit with thesamerestriction(seeabove),with theadditionalproblemthat false
clustersareformed(e.g. in figure1(b), having clusteredsynapses1 and6 andsynapses6
and2, synapses1 and2 will alsobein acluster, whetheror not this is justifiedby theinput
data).Noisein oneinputwill affectthecontributionsof all theothersynapsesin thecluster
sothattheeffectof noiseis almostasstrongasin asigma-piunit. Moreover, becausethere
is nowayof isolatingaclusterfrom theactivationsof othersynapsesin theneighbourhood
thereis crosstalkandthe clusteronis inherentlymuchmorenoisy. The effect of neigh-
bouringsynapsesis not conjunctive, andrestrictingthe dendriteto one-dimensionlimits
thenumberof clustersany onesynapsecanparticipatein.

Clusteringis determinedby the orderingof the synapsesalong the dendrite,and is
formedby randomlyswappingthepositionsof thosesynapsesthathavebeenleastinvolved
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in firing theunit; this is little betterthanrandomsearch.Theapparenthugereductionin the
numberof parametersin comparisonto asigma-piunit (e.g. anodewith 50inputsrequires
just 50 synapses)is dueto theclusteringof theinputsnot beingexplicitly representedand
is paidfor in thesearchtimerequiredbeforeclustersareformed.Theprobabilityof finding
thecorrectclustersbecomessmallvery rapidlywith problemsize(e.g. theprobabilitythat
within any randomorderingof 50 synapsesa specificclusterof 5 inputsis presentis less
than .A)B.C2D065 >�E

).

2 Implementation

The drawbacksof the sigma-piunit, discussedabove, areall practicalissues. It is too
computationallyexpensive to implementa unit with all possibleclusters,while usinga
moretractablesubsetof clustersrequiresa priori knowledgeandpresumesclusterswill
be of the samesize. (Sincethe clusteronwasdesignedto explore the effectsof cluster
sensitivity in modelsof thedendritictreesof biologicalneuronsit doesnot considerthese
practicalissues,andsuffers from similar limitations.) A solutionwould be to learn the
clustering,assumingthat the learningprocedureitself wastractable. A minimum setof
clusterscouldthenbefoundandthesizeof eachclustercouldbeindependent.

We introducea modelof dendriticcomputationwhich learnsclustering(figure 1(c)).
In thismodelany synapse( F ) mayform, partof, a clusterwith any othersynapse(@ ). The
degreeto whichbotharein thesameclusteris designatedby G � � (the‘clusterweight’). The
definitionof ‘cluster’ usedhereis similar to thatusedin theclusteron;eachinput hasan
individualsynapticweightandotherinputsin theclustercanaffect theactivationreceived
by that synapse.The definition differs in that the setof inputs which form a clusteris
determinedby the strengthof the clusterweightsratherthanby neighbourhood.For an
individual synapse,@ , all otherinputs, F , which canaffect theactivationat synapse@ are
its cluster, thesewill be inputsfor which theclusterweight G � �IH*J (seebelow, where J
is a constantthreshold).The clusterweightsdefineglobal pairwiseinteractionsbetween
synapses,however the input at synapse@ can be affectedby all other inputs for whichG � � HKJ sothattheclustercanbeany size.

No a priori assumptionsare madeabout the requiredclusteringand so all cluster
weightsareinitially zero( G � � �L5NMA@�OPF ). In thisconditionit is necessarythatthenodeact
asa standardlinearneuron.As clustersarelearntthereshouldbea transitionto nonlinear
behaviourwith thedegreeof nonlinearityincreasingin proportionto theclusterweight(i.e.
as G � � increasestheconfidencethatsynapseF is partof a clusterwith synapse@ increases
andthevalueof ��� shouldhave increasingeffecton theinputat synapse@ ). An activation
functionwhichsatisfiestheserequirementsis:

��� 	
�
�:� � � +RQ S4T � �VU JG �W� O ��X U JG � X OY)Z)Y) � �?>[�\U JG �
] �?>=� O^� � O � �
;��VU JG �
] �
;:� OZ)Y)Y) � 	 U JG � 	 _ )
Suchanodewill actasalinearunit until G � � HKJ for someconnection.Oncethiscondition
hasbeenreachedthe input to synapse@ canbe reducedby low activity in ��� or ‘turned
off ’ if input ��� is inactive. In all othersituationstheactivationof thenodeis simply the
weightedsumof theinputvalues.

In theworsecase(when G � �`�a0bM=Fdc4G?e"f&gZhji6k � ) theeffect of noiseis asbadasfor a
sigma-piunit. However, theclusterweightsaregenerallysmall,sothatonly muchreduced
valuesof �&� will affecttheactivationof synapse@ . Thusinputnoiseonany onesourcewill
only affect theactivationat thatsynapseandnot theactivationreceivedby othersynapses
in theclusterresultingin muchsmallereffecton theoutputactivation.

While it would appearthat therearea largenumberof clusterweightsto belearntthe
numberof parametersrequiredis muchlessthanfor a sigma-piunit (e.g. with 50 inputsa
noderequires50 synapsesplus2450clusterweights)with theaddedbenefitthatthereare
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no restrictionsonclustersize.However, becauseeachsynapsehasonly oneclusterweight
vector, it can only participatein a single cluster. To representpatternsthat requirean
input to participatein multiple clusters,a ‘virtual’ unit consistingof multiple, competing,
nodescanbeused.Theindividualnodeswithin avirtual unit useunsupervisedcompetitive
learningto divide theproblembetweenthem.

Theexplicit representationof clustersallows themto beformedwithoutsearch.Since
inputslikely to bepartof thesameclusterwill befrequentlycoactivetheclusteringweights
( G ) andthesynapticweights(

�
) arelearntsimultaneously(bothsetsof weightshave zero

strengthinitially): l � � �nmIeokApo�/q
rbe"kApo� � ql G � � �Km�steokApo�/q
rbe"kApo� � q
rbeokAp"� � q?)
Synapticweight changeis a function of the pre- and post-synapticactivity at that syn-
apse.Clusterweightchangeis a functionof thepost-synapticactivity andthepre-synaptic

activity atbothsynapsesconnectedby thatclusterweight. eokApouAqV� pYv wv >[� qxzy v wv >=� y , this is qualit-

atively similar to eokAp"u{q|�}p~u3�n�uAq , where �u is theaverageof thepastactivity of u . Hence,
this learningrule is a variantof the covariancerule but constrainednot to allow positive
weightincreaseswhenbothpre-andpost-synapticactivitiesarebelow threshold( r is mul-
tiplication wheneitheror both termsarepositive andgiveszerootherwise).For synaptic
weightchangesthevalueof �6� �� ��06� is constrainedto bepositive,whilefor clusterweight
learningit canbeeitherpositiveor negative. Hence,clusterweightscandecreasesaswell
asincreaseresultingin the formationof clusterweightsbeingmoreconservative thanthe
formation of synapticweights. In addition, G for any synapsewhich haszero synaptic
weight (i.e.

� � ��5 ) is resetso that G � �d��5RM[F . Thus,clusterweightsaresmallerthan
synapticweightsandonly inputswhich form strongsynapticweightscan form clusters
with otherinputs. This preventsfalseclustersbeingfoundandallows thenodeto realign
its receptivefield if theinputdistributionchanges.

3 Results

As a simpleexample(appliedto a continuous,realvalued,input distribution)considerthe
problemof learningto represent(usingonenode)pointsalongtheleadingdiagonalof the
unit squareof the 2-dimensionalplane. Eachof the two coordinatesof the input space
wererepresentedby a populationcodedarrayproviding inputsto the node(figure 2(a)).
Within eachof thesearraysthecoordinateof a datapoint wasrepresentedby a Gaussian
activity distribution centredon thecoordinatevalue.Trainingdataconsistedof uniformly
distributedrandomlyselectedpointsalongthediagonal.Sincethis trainingdataspansthe
entire rangeof eachcoordinateall synapticweightsbecomeequallystrong,and hence,
without using any dendritic interaction(by keeping G � � ��5-M/@8OWF ) the noderesponds,
after training, equally to any point within the unit square(figure 2(b)). However, when
the learningof clusterweightsis allowedthey areformedbetweensynapsesrepresenting
correspondingcoordinatevalues(figure 2(d)). Hence,a nodeusingdendritic interaction
respondsto testdataalongthe leadingdiagonalonly (figure2(c)). Similar resultscanbe
generatedfor learningto representarbitrarycurves. Figure3(a) shows the responseof a
nodetrainedto representthecircumferenceof aquadrantof acircle. To representtheentire
circumferenceof a circle would requirea synapserepresentinga particularx-coordinate
(or y-coordinate)to form clusterswith inputs representingtwo distinct y-coordinate(x-
coordinate)values. As mentionedabove, sinceeachsynapsehasonly a single cluster
weightvectorit canonly takepartin asinglecluster, but theoutputof multiple,competing,
nodescanactasa largervirtual unit. Figures3(b)and3(c)show theresponseof two nodes
whichcompeteto representthecircumferenceof acircle. It canbeseenthateachnodehas
cometo representdiagonallyoppositequadrantsof the circle, whereeachsynapseneed
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only take part in a singlecluster. Thesumof thesetwo responsesrepresentstheresponse
of a virtual unit composedof thesetwo nodesandis shown in figure3(d).
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Figure2: Learning to represent points along the leading diagonal of a 2-dimensional
input space. (a)Trainingdataconsistedof two populationcodedinputarrays,representing
x- andy-coordinateson the 2d plane. This datawassuppliedto the nodesuchthat the
first 80 synapsesreceived the populationcodedrepresentationof the x-coordinate,and
the second80 synapsesreceived the y-coordinatevalue. Input activationsrepresenting
two pointsalongthe diagonalareshown (eachin a differentline style). (b) and(c) The
responseof the nodeafter training. The strengthof the responseof the nodewhich is
causedby input datarepresentingpointsacrossthe unit square,is shown for (b) a linear
node,and, (c) a nonlinearnode. (d) The clusterweightsthat have beenlearnt for four
synapses(clusterweightsfor eachsynapsearein adifferentline style).Thehorizontalline
showsthethreshold( J ).
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Figure3: Learning to represent points along a curved line of a 2-dimensional input
space. Eachfigure shows the responseof a nonlinearnodeafter training. The strength
of the responseof the nodewhich is causedby input datarepresentingpointsacrossthe
unit squareis shown. (a) For a singlenodetrainedwith dataalongthecircumferenceof a
quadrantof a circle of radius1 andcentreat theorigin. (b) and(c) Theresponseof two,
competingnodes,trainedwith dataalongthecircumferenceof a circle. (d) Thesumof the
responsesin (b) and(c) representingtheresponseof thevirtual nonlinearunit composedof
thesetwo nodes.

As a secondexample(appliedto a discontinuous,binaryvalued,input space)consider
the problemof trying to distinguish(using a single layer of two nodes)horizontaland
vertical lineson an8 by 8 grid. Learningis unsupervisedwith the two nodescompeting
to representinputs. Sincethereis no overlapbetweenlines of the sameorientationan
extra constraintis requiredto causethemto be classifiedtogether. Onesuchconstraint
is to increasethe probability that contiguousinputs are of the sameorientation(figure
4(a)), and to usea learningrule that biases(‘sensitises’)the previously active nodeto
remainactive. Althougha similar methodhaspreviously beenproposedasa mechanism
for learninginvarianceto inputtranslations[10] it wasusedwith (two layersof) linearunits
in whichcaseit is only possibleto learninvariancesif thereis nooverlapbetweenpatterns
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Figure4: Learning to represent horizontal and vertical lines. Two nodesreceive input
from an 8 by 8 arrayof binary inputs. (a) Training dataconsistsof oneonly of the 16
possiblehorizontalor vertical lines beingactive at any onetime with shortsequencesof
lines at the sameorientation(a new, random,orientationis chosenwith probability 0.25
at eachiteration). The strengthsof the synapticweightsconnectinggrid points to each
nodeareillustratedby squaresproportionalin sizeto the weight. Similarly, the strength
of the(mean)activationof eachnodeonpresentationof eachinputpatternis illustratedby
squaresproportionalin sizeto this activation. For (b) linearnodeswith sensitisation,(c)
nonlinearnodeswithoutsensitisation,and,(d) nonlinearnodeswith sensitisation.

[11] and the nodewill incorrectly respondif the input consistsof partial patternsfrom
differenttranslationalpositions.Hence,sucha method,with linearunits,couldnot solve
the horizontal/vertical lines problem. Instead,the competitionbetweenthe nodescauses
themto dividetheweightarrayarbitrarilysothateachrepresentssomehorizontalandsome
vertical lines (figure 4(b)). A similarly arbitrarydivision of the input spacealsooccurs
whendendriticinteractionis usedbut withoutsensitisationof thecompetition(figure4(c)).
Sincebothsetsof linesactivateall pointsin thegrid a noderepresentinghorizontallines
would have equalweightsto all inputs,anda noderepresentingvertical lineswould have
a similar weight array. Thus, the weight spacealonecannot be usedto distinguishthe
line’s orientation. However, usingdendriticinteractiontogetherwith sensitisationnodes
canlearnto exclusively representeitherverticalor horizontallines(figure4(d)),bothnodes
learnsimilarweightarrays,but theclusterweightsdistinguishbetweenline orientations.

Usingsupervisedlearning(asopposedto unsupervisedlearning,asusedabove) neur-
onswhich learnsynapticclusterscanbe appliedto learningany nonlinearfunction that
othernonlinearnodesor multilayernetworksof linearthresholdunitscanbeappliedto. In
caseswheremultipleunitsactasavirtual unit, supervisionspecifiestherequiredoutputof
thevirtual unit, ratherthantheoutputsof individualnodes,andthenodeswithin thevirtual
unit compete(asin unsupervisedlearning)to dividetheproblembetweenthem.A standard
problemis to detecttheparity of a binary input vector. Sincethesynapticweightsin this
modelareconstrainednotto benegative,it is necessaryto useanencodingof theinputvec-
tor containingeachbit andits complement(suchanencodingwould berequiredto solve
this problemby any otherneuralnetwork with thesamerestrictionon synapticweights).
Thetwo bit parityproblem(or XOR problem)canbesolvedusingasinglenonlinearnode.
A linear unit, trainedin the sameway, is unableto fully solve this problem. The mean
response,after training,for nodestrainedon this problemis shown in table1. Two linear
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unitsarestill unableto solvetheXOR problems,while two nonlinearunits(actingasavir-
tual unit) producea goodsolution(table2). For parity problemsinvolving morebits each
input needsto form a part of morethanonecluster, so that solutionscanonly be found
usingmultiple nodesactingasa largervirtual unit. Hence,usingoneunit, eitherlinearor
nonlinear, fails to solvethe3 bit parityproblem(table3, theresultsfor linearandnonlinear
nodesareidenticalastheconflictingrequirementsfor theclusterweightsin thenonlinear
casecauseall clusterweightsto remainbelow J ). Theresponseof two competingnodesto
patternsof threebitsareshown in table4, togetherwith thesummedresponserepresenting
theactivationof thevirtual nodeformedby thesetwo nodes.It canbeseenthata virtual
unit of two nonlinearnodeshasbegunto solve theproblem,while a virtual unit of linear
unitsfails.

inputpattern parity responseof onenonlinearunit responseof onelinearunit
0 0 0 0.0 0.0134
0 1 1 0.0133 0.0133
1 0 1 0.0135 0.0135
1 1 0 0.0 0.0134

Table1: Learning XOR problem with one node. Thefirst two columnsgive the input
patterns.Thelasttwo columnsgivethemeanmeanoutputresponsesof nodesaftertraining.
Thefourthcolumnis theresponseof anonlinearnode.Thefifth columnis theresponseof
a linearnode.

inputpattern parity responseof two nonlinearunits responseof two linearunits
0 0 0 0.0 0.0 0.0 0.0099 0.0083 0.0182
0 1 1 0.0 0.0224 0.0224 0.0 0.0245 0.0245
1 0 1 0.0230 0.0 0.0230 0.0242 0.0 0.0242
1 1 0 0.0 0.0 0.0 0.0089 0.0094 0.0183

Table2: Learning XOR problem with two nodes. Thefirst two columnsgive theinput
patterns.Thelastsix columnsgive themeanoutputresponsesof nodesaftertraining.The
fourthandfifth columnsaretheresponsesof two nonlinearnodes,andthesixth columnis
thesummedresponseof thesetwo nodes.Theseventhandeighthcolumnsaretheresponses
of two linearnodes,andtheninthcolumnis thesummedresponseof thesetwo nodes.

inputpattern parity responseof onenonlinearunit responseof onelinearunit
0 0 0 0 0.0581 0.0581
0 0 1 1 0.0588 0.0588
0 1 0 1 0.0582 0.0582
0 1 1 0 0.0583 0.0583
1 0 0 1 0.0584 0.0584
1 0 1 0 0.0591 0.0591
1 1 0 0 0.0584 0.0584
1 1 1 1 0.0587 0.0587

Table3: Learning the 3 bit parity problem with one node. Thefirst threecolumnsgive
the input patterns.The last two columnsgive the meanoutput responsesof nodesafter
training. Thefifth columnis theresponsesof a nonlinearnodes.Thesixth columnis the
responsesof a linearnode.
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inputpattern parity responseof two nonlinearunits responseof two linearunits
0 0 0 0 0.0019 0.0407 0.0425 0.0 0.0710 0.0710
0 0 1 1 0.0 0.0732 0.0732 0.0 0.0718 0.0718
0 1 0 1 0.0 0.0719 0.0719 0.0 0.0708 0.0708
0 1 1 0 0.0059 0.0374 0.0433 0.0040 0.0646 0.0686
1 0 0 1 0.0716 0.0 0.0716 0.0705 0.0 0.0705
1 0 1 0 0.0407 0.0022 0.0429 0.0709 0.0 0.0709
1 1 0 0 0.0407 0.0019 0.0425 0.0708 0.0 0.0708
1 1 1 1 0.0721 0.0 0.0721 0.0711 0.0 0.0711

Table4: Learning the 3 bit parity problem with two nodes. The first threecolumns
givetheinputpatterns.Thelastsix columnsgivethemeanoutputresponsesof nodesafter
training. The fifth andsixth columnsarethe responsesof two nonlinearnodes,andthe
seventhcolumnis thesummedresponseof thesetwo nodes.Theeighthandninthcolumns
are the responsesof two linear nodes,and the tenthcolumnis the summedresponseof
thesetwo nodes.

4 Conclusions

This papersuggeststhat learningclustersof inputs, for nonlineardendritic processing,
providesa solution to someof the practicallimitations of other models. The resulting
neuronsareno morepowerful thanothermodelswith nonlinearinput functions(nor more
powerful thana multilayernetwork of linear thresholdunits). However, this methoddoes
have theadvantageof beingmoretractablethanotherimplementationsof nonlinearneur-
ons. It providesunsupervised,and efficient, learningof dendritic clusters,without the
prespecificationof clustersize;allowing clustersto beof independentandarbitrarysize.
Falseclustersarenot formed.Inactivesynapsescanblocktheactivity of all othersynapses
in thecluster, but otherwiseclusteringhasnoeffecton theactivity. Thisallowsthemethod
to work with populationcodedinputs,andmakesit relatively insensitive to noisein the
inputvalues.

While thespatialorderingof thesynapseswithin thedendritictreemaybecritical for
a biological neuron,it doesnot meanthat an artificial neuronmustalsousethe ordering
of the synapsesto representclustering. Instead,we have used‘weights’ to representthe
degreeof clusteringbetweensynapses.All senseof locality is thuslost, andthis model
doesnot attemptto representlocal interactionswithin a fixeddendritictree. In this sense
it is not a biologically plausiblemodelof nonlineardendriticprocessing.However, for
thestaticorderingof thesynapseson a dendritictreeto be formedit mustbe learnt. The
clusteringweightsof this modelmight thereforebeinterpretedasrepresentingthemutual
attractionof axonsinnervatinga3-dimensionaldendritictree.
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