
Distance-basedClassificationof Structureswithin a Connec-
tionist Framework

Brijnesh J. Jain and Fritz Wysotzki
��

Methodsof Artificial Intelligence,ComputerScienceDepartment,Sekr. Fr 5–8, TechnicalUniversity Berlin,
Franklinstr. 28/29,D-10587Berlin, Germany, e-mail:

�
bjj,wysotzki� @cs.tu-berlin.de

Abstract. We presenta novel self-organizingclassificationnetwork for structuredobjects.The systemconsistsof
two layers,an upperlayer which servesasa classifieranda lower layerasa featureextractor. The classifieris an
inhibitory winner-take-all network whereeachunit correspondsto a uniqueclasswhile the lower layer consists
of Hopfield-stylenetworks solving the problemof finding maximumcommonpartsof the input structureandthe
particularprototypes.Theself-organizingarchitectureis ableto outperformtraditionalclassificationmodelsusing
a maximumselectorasa classifier. The improvementsarisefrom deactivating networks in the lower layer which
indicatelargedissimilaritiesbetweentheinput structureandthecorrespondingprototypes.
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1 Intr oduction

In many domainsanappropriateandpopularrepresen-
tation of structuredobjectsarelabeledgraphs([15]).
Distance-basedclassificationof graphsrequiresgraph
matchingproceduresto computethedistanceor simi-
larity of two graphs.

In generalgraphmatchingproblemsarewell-known
NP-completeproblems.Thusthe algorithmsareuse-
lessfor all but the smallestgraphs,sincethe execu-
tion timesof graphmatchingalgorithmsgrow expo-
nentiallywith thesizeof thegraphs.But in practiceit
is oftensufficient to find approximatesolutionswhich
are near the optimal solution as long as sometem-
poral conditionsare satisfied.Thereforemuch effort
hasbeendirectedtoward devising efficient heuristics
to find optimal or approximatesolutions for graph
matchingproblems.Among otherheuristicsartificial
neural networks have been proposedas a promis-
ing modelof computationfor solving a wide variety
of combinatorialproblemsincluding graphmatching
problems([6], [15], [16]).

A classificationmodel for structuredobjects using
neuralnetworks consistsof threeparts:a transducer,
a featureextractor, and a classifier. The transducer
sensesthe input graphsand constructssuitableneu-
ral networks for matchingthe input with the proto-
types. The featureextractor applies the neural net-
works to computethe proximitiesbetweenthe input
andtheparticularprototypegraph.Theclassifieruses

theproximity datato assignthe input graphto oneof
the finite numberof classesrepresentedby the cor-
respondingprototypes.The most commonand clas-
sical approachusesa maximumselectoras a classi-
fier ([14], [15]). The maximumselectorclassifierde-
terminesthe maximumvalue from a set of numeri-
cal input databy directly comparingthe valuesand
finally selectsthe classcorrespondingto the largest
value.The task of retrieving the most similar proto-
type is a basicproblemnot only in classification,but
alsoin patternrecognitionor case-basedreasoning.

In this paperwe replacethemaximumselectorclassi-
fier by aneuralnetwork in orderto investigateapurely
self-organizingclassification(SOC) architectureand
theself-organizationof coupledsubnets.Thusthisap-
proachis an emancipationfrom a homunculuswho
controlsthefeatureextractionprocessesandfinally se-
lectstheparticularclass.

One way to deal with the maximumselectionfrom
a setof inputswithin a connectionistframework are
winner-take-all (WTA) networks([3]). Theoperation
of thesenetworks is a modeof contrastadjustment
andpatternnormalizationwhereonly theunit with the
highestactivation fires andall otherunits in the net-
work areinhibitedaftersomesettingtime. An exam-
pleof acommoncompetitivearchitectureto selectthe
maximumor minimumfrom asetof datais MAXNET
([10]). Other techniquesto pick a maximumcan be
foundin ([3], [5], [9], [11]). In [12] themaximumse-
lection is generalizedto � -winners-take-all networks



which identify thelargest� of � realnumbers.Robust
WTA architectureswith evidential responsearecon-
sideredin ([7], [8]).

The overall architectureof the self-organizingclassi-
ficationnetwork consistsof anupperandlower layer
representingtheclassifierandthefeatureextractor, re-
spectively. TheWTA network in theupperlayerserves
asa decisionnetwhereeachunit representsoneclass.
Units which respondto a higher level conceptare
sometimescalledgrandmothercells1 ([1]). In orderto
responduniquely to the classof the input graphthe
grandmothercells areconnectedwith the subnetsof
thelower level featureextractor.

As theSOCnetwork evolvesthesubnetsin thelower
layerprovideacurrentestimationof thesimilarity be-
tweentheinputgraphandthecorrespondingprototype
at any point of time. Thefeatureextractortransforms
and scalesthe estimationsto processiblevaluesand
feedsthemasan externalinput into the decisionnet.
During evolution the SOC network deactivatessub-
netswhichpresumablyascertainhighdissimilaritybe-
tweentheinputgraphandthecorrespondingprototype
in orderto improveperformanceby focusingona few
potentialclasses.In first experimentswecomparedthe
behavior andperformanceof self-organizingsystems
with classificationmodelsusingthe maximumselec-
tor.

Thepaperis organizedasfollows:Section2 is a brief
introductionin basicnotionsof graphtheory. Section
3 describestheSOCnetwork architecture.Firstexper-
imentsarediscussedin Section4. Finally, thelastsec-
tion summarizesthiscontributionandprovidesanout-
look for furtherresearch.

2 Basicgraph theory

A simplegraphwithout loopsandmultiple edgesis a
pair ���
	������� consistingof a finite set ������ of
nodesanda binary relation ������� ��� where ��� ����� �!"!$# �%'&)( # *%,+-�� # ��.%/& is the setof pairsof ele-
mentsof � . Theelements

!$# *%'&0+1� arecallededges.

A labeledgraph �2�3	4�56��78 � consistsof a finite set�9��-� of nodesandasetof binaryrelations�;:<+1�=78
( >@?BA<?DC ) calledthe A -th label classof � , suchthat

1. EF��G�3H �=IKJL�=MN�-�
2. ���O�-P 7QSR 8 �;:
3. 	 # *%T�U+V�=:XWY	S%Z # ��+V�;:

1Thetermgrandmothercell is basedon the folklore thatevery-
onehasa neuronthatfires if andonly if oneseeshis grandmother.
This view hasbecomelargely discreditedin biologicalcircles.Yet,
it is hardto deny thatsuchneuronsexists([1]).

4. � : JV[N\-��-�-H � : �B[N\

where [ \ �]� ! 	^%Z*%_�0(`%L+a�N& is thediagonalof �=� .
In a labeledgraph � all nodesandall edgesareas-
signedlabelsin suchawaythatthelabelsof thenodes
are different from the labelsof the edges.Relations�=Ib�c[ \ representnodelabelswhereasall other
relations�=M aredisjoint to [ \ andrepresentedgela-
bels.

An example for labeledgraphsare chemicalstruc-
tures.Nodesof a graphrepresentatomsandit edges
representbondsbetweenatoms.Nodeandedgelabels
specify the correspondingtype of atomsand bonds,
respectively. Missing bondsbetweenatomsarechar-
acterizedby distinguishededgelabelsdenotingtheir
nonexistence.

Any simplegraph �d�
	������� canbe consideredas
a labeledgraph �;ef�
	4�56�=�8 � with threelabels.As-
signall nodesto labelclass� 8

, all edgesto labelclass�@g andall missingedgesto labelclass�=� . A labeled
graph �h�i	�����=78 � is completelydescribedby its ad-
jacency matrix jlkK�h	4m Q n � with m Q]n �oA if 	 # �%T�U+L� : .
In thefollowing we considerall graphsto be labeled.
If we are not interestedin the specificlabelsbriefly
denotewith � theset �=78 of labelclasses.Furthermore� 8 � �p[N\ denotesthe setof all nodelabel classes,�@g=�q��� ��� thesetof all edgelabelclasses,and �=�@���� ��� thelabelclassof missingedges.

Let �h�i	������� bea labeledgraph.For eachnode
# +� thenumberof edges( !$# *%'&�+r� g ("%s+t��&u( is the

valencyof node
#
. If thevalency of all nodesis identi-

cal we call � regular. A subgraph vw��	��'xy��fx0�
of �z�{	�� k 6� k � is a graph with �|xz�Y� k and�@gx ��� � �}�x JK�@gk . A graph �~�z	4�56��� is called
complete, if �=���d� . A completesubgraph�c�3�
is calledcliqueof � . A maximumclique ���h� is a
clique with maximumnumberof nodes.An induced
subgraph vF�.	4�|x���fx;� of ����	4� k 6� k � is a sub-

graphwith � gx �q� � �}�x J�� gk .

Let j g ��	4m�gQ]n � and j � ��	4m��Q]n � betheadjacency ma-
trices of labeledgraphs � g ��	4� g �� g � and � � �	4� � 6� � � , respectively. An isomorphismof � g and � �
is a bijective mapping ����� gV� � � with m gQ]n ��m �� :where �-�F�<	 # � and AN�c�<	^%T� . A commonisomor-
phic subgraph �;e���	4�@e���=e�� of � g and � � is a
graphwhich is isomorphicto somesubgraphin � g
and in � � . A maximalcommonisomorphicinduced
subgraphof � g andin � � is calledjoint subgraphof� g and � � .



3 The SOC model

TheSOCnetwork consistsof two interconnectedlay-
ers. A subordinated(lower) layer which serves as a
featureextractorandasuperordinated(upper)layeras
a classifier. Thelower layerextractspossiblyrelevant
informationfrom theinputgraph.Theupperlayerpro-
cessesthisinformationto assigntheinputgraphto one
of a finite numberof classes.In thefollowing we first
introducebothlayersseparately. Thereafterweassem-
ble themto a completenetwork.

3.1 Lower layer: graph matching using the Hop-
field network model

The computationof graphdistancesand similarities
requiresthecomputationof partialmappingsbetween
graphs.The taskto find the bestpartial mappingbe-
tweentwo graphswherethequality of themappingis
estimatedin termsof a problemdependentobjective
functionis calledgraphmatching.

We regard graph matchingas a superordinatecon-
ceptof four classesof partialgraphmappings:	4�=� g �
graph isomorphism, 	��=� � � subgraphisomorphism,	��=����� maximum common subgraphisomorphism,
and 	4�=�r�$� maximumcommoninducedsubgraphiso-
morphism.	��=� g � and 	4�=� � � areappliedasa query
engineto comparea given patternagainstpre-stored
structuredatabase,suchaschemicalstructureandpro-
tein data bank, inferencerule knowledge base,etc.	��=� � � and 	4�=� � � is frequentlyusedto identify com-
monstructuresof theobjects.

To illustrate the operationof a SOCmodel it is suf-
ficient to restrict ourselves to one graph matching
problem.For conveniencewe focus on the problem	��=� � � of finding themaximumcommonisomorphic
inducedsubgraph(briefly: joint subgraph)of two la-
beledgraphs� g and � � .

The Hopfield network is known to be useful as a
modelof computationfor solving optimizationprob-
lems where the network is expectedto find a con-
figurationwhich minimizesan energy function.Thus
to solve graphmatchingproblemsusing neuralnet-
works,onemustcasttheseproblemsinto anoptimiza-
tion problem.The generalapproachas proposedby
HopfieldandTank([4]) mapstheobjectivefunctionof
the optimizationproblemthatneedsto be minimized
to a suitablenetwork energy function,while the con-
straintsof theproblemareincludedaspenaltyterms.

Following this methodwe first constructthe associa-
tion graph j@	�� g 6� � � of � g and � � . This mapsthe
graphmatchingproblemto the optimizationproblem
of finding a maximumcliquein j@	�� g 6� � � , sincethe
maximumcliquesin j@	�� g 6� � � arein 1-1 correspon-

denceto thejoint subgraphsof � g and � � .

Definition 3.1 Let �l�0�.���|���}����� and ���=�.���u������� �
belabeledgraphswith adjacencymatrices¡f�¢�B�¤£ �¥ ¦ �
and ¡U�§���¤£ �¥ ¦ � , respectively. Thenthe simplegraph¡l���l���������¨�o���¨�}�O� with���D©|	 # �%T�U+s� g«ª � � (`m gQSQ �om �n¬nT�K�B® ! 	 # �%T��$	4�¯�A4� &;+1� � ��� ( # ��q�¯�%1��GA�6m gQ � �qm �n :�°
is calledtheassociationgraphof � g and � � .

Thenodesof theassociationgrapharepairsof nodes# +p� g and %±+p� � which belong to the samela-
bel class.Similarly, two nodesin j@	�� g 6� � � arecon-
nectedwith an edgeif andonly if the corresponding
edgesin the graphs� g and � � have identical labels.
Note,that theassociationgraphis a well-known aux-
iliary structurefor solving graphmatchingproblems
(seee.g.[2]).

Next wetransformtheassociationgraphj�	4� g �� � � to
a Hopfield network model.The dynamicsof the net-
work describesa mechanismthat seeksa minimum
of an energy function ² , such that the solutionsof
themaximumcliqueproblemcorrespondto theglobal
minimaof ² .

Thenetwork modelconsistsof a fully interconnected
systemof � unitswhere � is thenumber ( �§( of nodes
in j�	�� g 6� � � . Thestrengthof theconnectionbetween
unit

#
andunit % is determinedby thesynapticweight³ Q]n � ³ n6Q . The internalstate ´ Q 	�µ�� of eachunit

#
at

time µ is equivalentto theweightedsumof theexter-
nal statesof all connectingunits. The external state¶ 	¤´ Q 	�µ���� of eachunit

#
is determinedby a nonlinear

transferfunction
¶

which is boundedbelow by 0 and
above by 1. Thenetwork algorithmis completelyde-
finedby thefollowing systemof equations:´ Q 	¤µ¨·o¸����i	�¸�¹aºT�¬´ Q 	�µ��»·D¼n�½R¨Q ³ Q n ¶ 	¤´ n 	¤µ��6� (1)

where º�+3¾ >/�¸À¿ describesthe self-inhibition of the
units.Thealgorithmthusproceedsasfollows.An in-
putvectoris imposedonthenetwork asits initial state.
Findingamaximumcliquethenproceedsby updating
the internalstateÁ�	¤µÂ·-¸$� in accordancewith theup-
daterule (1). Theupdatingprocedureis repeateduntil
the network reachesa stablestatewhich corresponds
to a cliqueof j�	4� g �� � � . Thecliquesizecanberead
out by counting the numberof active units, i.e. the
numberof unitswith activation ´ Q 	¤µ���Ã-¸ .

To computesolutionsfor the maximumclique prob-
lem appropriateweightsmustbe selectedto mapthe
correspondingobjective function to the energy func-
tion of thenetwork. In generaltheweightsareadjusted



accordingto thefollowing rule:³UÄÆÅ ��Ç ³�ÈBÉ > � if 	¤Ê$�ËÌ�U+V�¹ ³�Í=Î > � otherwise

for all units Ê$�Ë~+b� . Connectionswith positive
weight ³ È (negative weight ³�Í ) are called excita-
tory (inhibitory) connections.Inhibitory connections
restraininconsistenthypothesesandthereforearere-
sponsibleto ensurefeasibility of the solution.On the
otherhand,excitatoryconnectedunits mutually rein-
forcethepossiblehypotheses.

Many variationsof the Hopfield network have been
proposedfor ensuringfeasibility and improving the
solution quality through escapefrom local minima
of the energy function ([16]). For our purposeswe
chooseasa representative modela variantof the al-
gorithm from ([18]), sinceit is simpleandit hasnot
only beenappliedto classicaloptimizationproblems,
but alsoto practicalclassificationandknowledgedis-
covery tasksin chemistry([14], [15]). Thus,we make
the following designdecisions:The transferfunction¶

is thepiecewiselinearlimiter function¶ 	¤´X���ÐÏÑ Ò ¸Ó� if ´1ÃÔ¸´ � if ´1+L¿�>/�¸�¾> � if ´1?B> (2)

with an upperand lower saturationpoint. The self-
inhibition º is set to zero,suchthat eachunit

#
has

a self-excitationof ³ Ä�Ä ��¸ . A convergenceanalysis
of this network modelis givenin [13].

3.2 Upper layer: the decisionnet

In distance-basedclassificationproblemsa classifier
assignsaninput patternto theclassfor which thecor-
respondingdiscriminantis largest.Here the discrim-
inant functionsarea given proximity measure.Thus
the classdecisionboils down to selectthe maximum
valueof a setof data.

Severaldifferentneuralnetworkscanperformthese-
lection of a maximumvalue from a set of inputs.A
commonarchitectureare inhibitory WTA networks
which we will employ asa self-organizingclassifier.
To this end let Õ be the numberof distinct classes� g �Ö�Ö�ÖÀ��U× . Thenetwork consistsof Õ mutually in-
hibitory connectedunits,suchthateachunit uniquely
representsa class.The network evolvesaccordingto
theupdateruleØ Q 	¤µ»·G¸$���h	�¸�¹aºT� Ø Q 	�µ��¢¹ ³ ¼ n�½R¨Q Ø n 	�µ��»·KÙ Q 	�µ�� (3)

where Ø Q 	¤µ�� is theactivationof unit
#
, ¹ ³.Î > repre-

sentsthejoint inhibitory strengthof thesynapsescon-
nectingany pair of units, º É > is the self-inhibition

and Ù Q 	¤µ�� an external input. The function
¶

is either
thepiecewise linear limiter transferfunctionasgiven
in (2) or a semi-lineartransferfunction¶ 	 Ø ��� Ç > � for Ø§ÎDÚÛ 	 Ø ¹ Ú �Ü� for Ø Ã Ú (4)

where ÛoÉ > is the gain of
¶

. In contrastto the lim-
iter function(2) theuppersaturationlimit is missingin
thesemi-lineartransferfunction(4). In caseof thelim-
iter function (2) its lower anduppersaturationlimits
boundthe dynamicsof the net.Similarly, underspe-
cific conditionsthe non-divergenceof networks with
non-saturatingsemi-lineartransferfunctionsis estab-
lished([17]).

The aim of this network is to discriminatethe com-
ponentsof an input vector. The input vectormay be
fed in eitherby an external input layer into the deci-
sionnetor by initializing theunitsof thedecisionnet
accordingly.

In generala WTA net for maximumselectionis de-
signed to signal the particular unit to selectwhere
informationaboutthe evidencein the decisionmade
is missing.This information would be useful to ar-
rangefor ambiguousdecisionsand therebyimprove
theclassificationperformanceof thenetwork.Further-
moreWTA networksarenot robustto failureof single
unitsor noisydata.If aunit or its connectinglinks are
damaged,performanceis impairedor faulty and the
network behavesunreliable.In classificationtasksor
prototypedetection,failure of one WTA unit means
lossof thewholeclass.Providedthat the externalin-
put is constantboth drawbackscan be removed by
incorporatingdistributedredundancy anddifferentiat-
ing units into thenetwork. Theseextensionsleadto a
systemwhich is not only robustagainstfailureof sin-
gle unitsbut alsoefficiently sharpensthefocuson the
givenproblemin termsof a fastergeneratedandmore
accurateevidentialresponse([7], [8]).

3.3 The SOC network model

We have so far beenconcernedwith the particular
building blocks of the SOC network model,namely
the featureextractor in the lower layer and the clas-
sifier in the upperlayer. In this sectionwe assemble
bothcomponentsby linking themtogetherto asystem
of coupledsubnets.

Let � be an input graphand Ý g �Ö�Ö�Ö��ÝÂ× be Õ pro-
totypegraphsof class � g �Ö�Ö�Ö� �U× , respectively. Fig-
ure 1 shows the architectureof a SOCnetwork for aÞ
-classproblem( Õß� Þ

). Thelower layerhasÕ sub-
nets à g �Ö�Ö�Ö� àÌ× . Eachsubnetà � computesthe com-
monjoint subgraphof input � andthe � -th prototypeÝ � . Theupperlayercontainsa WTA network with Õ



mutually inhibitory connectedunitswhereunit � rep-
resentsclass � � . Eachsubnet à � of the lower layer
is coupledwith unit � of the top level network. The
links interconnectingthedevicesof bothlayersrepre-
senttheexternalinputs Ù � 	�µ�� in (3) fed into thedeci-
sionnet.

subnet Ssubnet Ssubnet S

31
P

I

P

2

1
I
3

2
P

I

decision net

G

prototypes

input graph

31

1
2

3

2

Figure1 Architectureof a SOCnetwork.

TheSOCnetwork is completelydescribedby thefol-
lowing systemof equationsØ � 	¤µ»·G¸$�z� 	�¸f¹rº_� Ø � 	¤µ��á¹ ³ ¼n�½R � Ø n 	�µ��»·�Ù � 	¤µ��Ù � 	¤µ»·G¸$�z� âN	}ã � �Á � 	¤µ��6�´ �Ä 	¤µ»·G¸$�z� 	�¸f¹rº_�}´ �Ä 	�µ��»·,¼Å ½R Ä ³�ÄÆÅ ¶ 	�´ �Å 	�µ����
whereØ � 	¤µ�� is theactivationof the � -th unit in thede-
cision net and ´ �Ä 	�µ�� is the activation of the Ê -th unit
in the � -th subnetà � . The first andthe last equation
correspondto theupdaterules(3) and(1) of theupper
andlower layer, respectively. Theexternalinput Ù � 	¤µ��
is a function â of the currentstate Á � 	�µ�� of the sub-
net à � andthesubnetitself which is representedby its
weight matrix ã � . The evolution processof the net-
work terminateswhenonly oneunit firesandall other
unitsareinhibited.

Oneiterationstepof theSOCnetwork modelsimulta-
neouslyupdatesthesubnetsin thelower layer. A cur-
rentsimilarity valueof theupdatedstateof thesubnet

is extractedandsentasanexternalinput to thecorre-
spondingunit in theupperlayer. Thecurrentsimilarity
valuereflectsthe similarity of the underlyinggraphs
at eachiterationstepwith respectto a givendistance
or similarity measure.Finally, usingtheexternalinput
thesystemupdatestheunitsin theupperlayer.

TheSOCnetwork inhibitsresponsetendenciesof sub-
nets which seemto drift to statescorrespondingto
dissimilaritiesof the graphsto compare.If the acti-
vationof a complex unit � declinesto zerothesubnetà � is deactivatedprematurely. Theideais to focuson
promisingsubnetswhich tendto revealhighsimilarity
betweenthe graphsto compareandto neglect super-
fluouscomputationsof matchingdissimilargraphs.

Crucial for the performanceof a SOCnetwork is the
choiceof theweight ³ of inhibitory connectionsin the
upperlayerandtheexternalinput.Theinhibition ³ of
the decisionnet controlsthe selectionpressure.High
inhibition resultsin early decisionswhile low inhibi-
tion correspondsto low selectionpressureandthere-
fore to a longerdecisionmaking.The external input
comprisesthecurrentsimilarity valueandanattention
parameter. Theattentionparametercontrolsthesignif-
icanceof the currentsimilarity value in the decision
making.

In thefollowing we introducea possiblechoiceof an
externalinput basedon theZelinkadistanceº|	4� g �� � �5�oä�å�æ ! ( � g (ç$( � � ( &f¹B( �¯è�(
where � Q �c	4� Q �� Q � are two graphs 	 # �F¸" é"� andê �z	��Xè�6�lè�� is a joint subgraphof � g and � � .
TheZelinkadistancesbetweentheinput graph � and
the prototypesÝ g �Ý � , and Ý<� given in Figure 1 areºX	���6Ý g �=�.> , ºX	����Ý � �;� Þ

, and ºX	���6Ý<���=�3¸ , re-
spectively. Thuswe expectthat the SOCnetwork as-
signs � to class� g asindicatedby thedarkestunit in
theupperlayer.

In orderto obtainacurrentsimilarity valuewemapthe
Zelinkadistanceº to the total connective intensityof
thesubnetsin thelower layer. Let j � �]�qj�	4��6Ý � ���	4� � �� � � be the associationgraphof input graph �
andthe � -th prototype Ý � . Thenthe total connective
intensity ë � 	¤µ�� of subnetà � is definedas

ë � 	¤µ���� ¸éoìí ¼î Ä�ï Å$ð*ñ"ÈÌò ´ �Ä 	�µ��»·�´ �Å 	�µ���¹ ¼î Ä¬ï Å$ð�óñ"ÈÌò_ô �Ä^Å 	¤µ��}õö
wherethescalingfactor ¸`÷�é is includedto counteach
edgeonce.The first term sumsthe activationsof ad-
jacentunits for eachexcitatory connection.The sec-
ond term is a penaltyterm which imposesa penaltyô �Ä�Å 	�µ���Ã > for each inhibitory edge connecting
units with positive activations ´ �Ä 	�µ���6´ �Å 	�µ�� É > . The



penaltyis amonotonouslyincreasingfunctionof µ (see
Section4).Theintentionto introduceapenaltytermis
to consideronly feasiblesolutionsof thegraphmatch-
ing procedure.Thusin a stablestatethepenaltyterm
is zeroandthetotalconnectiveintensityis thenumber
of edgesof thecliquefoundby subnetà � .

Note, thatby constructionof the subnetarchitectures
in the lower layer thenumberof excitatoryedgesbe-
tween active units is maximal if and only if these
units constitutea maximumclique. Thoughit would
bemorenaturalto consideractiveunitsonly, theclass
decisionis susceptibleto deceptionsby meansof large
total activationsof particular subnetscontainingal-
ternative hypotheses.Thereforethe currentsimilarity
valuestake the specifictype of connectionsbetween
activeunitsinto account.

Usingthetotal connective intensity, theexternalinputÙ � 	�µ�� is expressedbyÙ � 	¤µ����Dø � 	¤µ�� ¶)ù ë � 	�µ��ú �9û (5)

where >D?±ø � 	�µ��L?�¸ is an attentionparameter, the
function

¶
is thelimiter functionasdefinedin (2), andú � � �ü	�( � � ( �;¹h( � � ( �6÷"é is the numberof edgesof a

completegraphwith ( � � ( nodes.

The attention parameterø � 	¤µ�� controls the signifi-
canceof the currentstateof subnet à � with regard
to the classificationtask. Therefore ø � 	¤µ�� shouldbe
monotonouslyincreasingwith increasingtime µ . The
connectiveintensity ë � 	¤µ�� is normalizedby ú � to take
the different sizesof the prototypegraphsinto ac-
count.If the penaltyterm in ë � 	¤µ�� is too small, dur-
ing evolution of à � theintensity ë � 	¤µ�� canexceedthe
maximumfeasiblevalue ú � . To this endthe normal-
izedconnective intensityis boundedby

¶
.

4 Experiments

For testingthebehavior of aself-organizingclassifica-
tion network we usedtwo testseriesof graphsasde-
pictedin Figure2 and3 asrepresentative prototypes
of simplemulti-classproblems.

Thefirst testseriescontainsall possiblecubicgraphs
with eight nodes,i.e. all regular graphswith valency
threeand order eight. The secondseriesconsistsof
four simplegraphsof differentsizewith maximumva-
lency three.

Parameter settings: Throughoutthis paragraphwe
exceptionallydrop the classindex � running from ¸
to Õ . To thisendlet �i�i	4�|kf6�Ok5� beaninputgraph
and Ý���	��'ýf6�fý5� bea prototype.With à we denote
thesubnetmatching� and Ý .

The generalparametersettingfor a subnet à in the

graph 2 graph 3

graph 5graph 4

graph 1

Figure2 Testseries1: Cubicgraphsof order8

lower feature extraction layer follows a theoretical
analysisgiven in [13]. For the excitatory weight we
set ³�È � éþuÿ�� È�� þuÿ�� Í · þ/ÿ�� È
where

þuÿ�� È (
þuÿ�� Í ) is themaximumvalency of anunit

with respectto its excitatory (inhibitory) edges.For
the inhibitory weightswe definea deterministican-
nealingscheduleto improvethesolutionqualityandto
guaranteefeasibility. Startingwith a small value � �³ È ÷�ºZm��u�Í theinhibitory weightis adaptedin eachiter-
ationstepaccordingto therule ³�Í 	¤µ"·�¸$��� ³�Í 	�µ��"·�� .
In orderto arriveatastablestatewheretheoutputvec-
tor

¶ 	4Á�	¤µ��6� lies in a cornerof theunit hypercube,in-
stableequilibriumspointsin theinterior of thehyper-
cube,which correspondto ambiguities,are resolved
by imposingnoiseon thecorrespondingunits.

Thefollowing parametersettingsarechosenheuristi-
cally within considerationsof plausibility. The exter-
nal input is givenby (5) with attentionparameterøá	¤µ���� ¶aù �
	�� éO( àf( � � � 	����

� µ û (6)

where � I Q M � ä���� ! ( �|kO(ç$( �'ýl(]& and � 	���� �äNå`æ ! ( �|kO( �( �|ýf( & are the minimum and maximum
numberof nodesof � andÝ . Thevalue ( àf( is thenum-
ber of units of subnetà and

¶
is the limiter function

as definedin (2). The limiter function
¶

boundsthe
activationto a limited capacity. Thefirst terminside

¶
bringstheattentioninto sharperfocusfor smallersub-
netswith similar sizeof the graphs.In order to syn-
chronizethe attentionamongall subnetsin the lower
layerwe incorporatethesize ( àf( of thesubnetinto ø .

Thepenaltyis definedby

ô Ä�Å 	�µ����.Ç µw� if ´ Ä � ´ Å É > and ³ ÄSÅ � ³�Í> � otherwise

Finally, theselectivepressureexpressedby theweight³ of theinhibitory connectionsin theupperclassifier
layeris setto ³ � �h¸`÷u	4Õ2¹D¸$� .
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Figure3 Testseries2: Graphsof max.valency 3

Implementation: Thegraphsin bothtestseriesserve
asprototypegraphs.Thusin the first casewe have a�
-classproblemandin thesecondcasea � -classprob-

lem.For thefirst testseriesweperformfiveandfor the
secondtestseriesfour runsof theSOCnetwork, such
that in the

#
-th run the

#
-th prototypegraphis alsothe

inputgraph.

To evaluatethe performanceof a SOC network we
also considerthe samearchitectureusing the maxi-
mumselectorclassifierin theupperlayer insteadof a
self-organizingcompetitivedecisionnetwork. In con-
trast to the purely self-organizingsystemall subnets
evolveuntil they arrivein astablestate.Thenthemax-
imum selectorclassifiestheinput graph.

Results:Again � isassignedto theclassindex running
from ¸ to Õ . Let µ g ï � denotethenumberof iterations
of subnetà � until deactivationor termination.Unit �
in thedecisionnetwork deactivatesà � if theactivationØ � 	�µ�� of the � -th unit equalszero.Furthermorelet µ � ï �
be the numberof iterationsuntil à � attainsstability.
Note,thatalways µ g ï � ?Gµ � ï � andequalityholdsif à �
is stablewhile unit � in thedecisionnetis still active.
For

# + ! ¸Z�éu&
�µ Q � ¸Õ ×¼� R g µ Q ï �

denotesthe averagenumber of iterations averaged
over all Õ subnetsà � . Since µ g ï � ?9µ � ï � we are in-
terestedin the total amountof iterations [ we save
usinga self-organizingclassifierinsteadof the maxi-
mumselector. Thedifference[ is givenby[ � ×¼� R g µ � ï � ¹aµ g ï �
With � � �µ g ÷ �µ � we denotethepercentageof the total
amountof iterationsusinga SOCnetwork in relation
to theclassicalapproachusinga maximumselector.

Table1 and2 summarizetheresultsof a selectedtest
cycle for bothtestseries.Eachrow in thetablesshows
the input graph Ý � , theactivationof thewinning unitØ � 	�µ g � in thedecisionnet,theaveragenumberof itera-
tionsof all subnets

�µ g , theaveragenumberof iterations�µ � , thedifference[ , andthepercentage� of expenses
usingaSOCnetwork.

In all runsthesubnetsfoundamaximumcliqueof iso-
morphicgraphsandin mostcasesthey werecapableof

finding a joint subgraph.Only in a few casesapprox-
imate solutionswere found. Neverthelessin all runs
theSOCnetwork correctlyclassifiedtheinputgraphs.

Testseries1: Although all prototypegraphshave the
samenumberof nodes,thesamenumberof edges,and
the samevalency sequencethe behavior of the SOC
network is noticeablyvarying. In the best casethe
SOCnetwork saves ����� and in the worst caseé">��
iterationsin comparisonto themaximumselectorap-
proach.

� � �"! � � #! � #! � $ %& � ')( *�+ +-,/.-,0( ' 1�'�+0')( 2 ,43
20*�5 ')( 6 *& � ')( 5
2 2 ,/'�3)( . 5),76
5)( 5 2�'),81�. ')( +�6&:9 ')( 5�6 2�3),76�( ' 50'�+�6�( 2 ,/*0*�3�5 ')( 6
.&:; ')( .0+ 1�*�6
1-( 6 3
*�'05)( 5 301�3�+ ')( 1�3&=< ')( 503 5010*�2-( . .�6�606�( 2 .�6 * , ')( .0'
Table1 Resultsof testseries1

Test series2: Most noticeablyis the negligible im-
provementof theSOCnetwork comparedto themax-
imum selectorclassifierif the input is Ý � . This ob-
servation is opposedto the efficient performanceof
theSOCnetwork in all othercases.In theaveragethe
SOCnetwork requiresonly é->?� of thecomputational
effort requiredby themaximumselectorclassifier.

� � �"!���� #!6� #!}� $ %& � ')( 6
' 6 2�'-( ' ,0,430+-( * +�'03�6 ')( +
*& � ')( 6
' 2�5
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+ 2�+),�( ' 102�2-( + ,43050* ')( +
2
Table2 Resultsof testseries2

Discussion:Of course,an experimentalinvestigation
on just two testseriesdoesnot allow generalconclu-
sions.Ratherwe intend to provide an impressionof
theSOCnetwork ona smallsetof testcases.

Theresultsin Table1 and2 show thataSOCnetwork
is capableto outperformthe traditionalclassification
approachusing the maximumselectorclassifier. But
further testrunsrevealthat theSOCnetwork behaves
unreliablein the sense,that it is not robust against
misclassificationslike the maximumselectorclassi-
fier. Eventhoughthesubnetsfind a joint subgraphthe
SOCnetwork may assignthe input graphto a wrong
class.The reasonis that during evolution to a final
statethe intensityaswell as the connective intensity
of individualsubnetsnoticeablyexceedtheintensities
of theothersubnetsfor a short-time.This mayleadto
deceptionsandfinally to wrong classdecisionsif the



attentionparameterandtheselectionpressurearenot
chosenappropriately. Anotherproblemis to adjustthe
attentionparametersin orderto synchronizethestates
of thesubnetsin thefeatureextractorlayer.

5 Conclusion

In this contribution we presenteda self-organizing
classificationnetwork for structuredobjects.Thenet-
work consistsof a featureextractorlayeranda classi-
fier layer which areinterconnectedin a feed-forward
manner. ThefeatureextractorcontainsHopfield-style
networks to comparethe input graphwith the proto-
typesandtheclassifieris aninhibitory WTA network.
Thisarchitectureleadsto freedomfrom ahomunculus
who controlsandobservesthe evolving subnetsuntil
they all arrive in a stablestateandthenfinally selects
theparticularclass.

In contrastto classificationmodelsusing the max-
imum selectorclassifiera self-organizingclassifica-
tion modeltakestransientstatesduring the matching
processinto account.This approachfavorsmatchings
which promisehigher similarity betweenthe under-
lying structuresand deactivatessubnetswhich tend
to indicatehigh dissimilarities.Altogetherthis strat-
egy outperformsthe maximumselectorclassifierand
significantlyreducestheeffort. The improvedperfor-
manceof the SOC network is achieved by suffering
lossesin the reliability with respectto correctclass
decisions.

Further researchcomprisesa theoreticalanalysisof
the dynamicsof the SOCnetwork. Within a theoret-
ical foundationappropriateparametersettingsandes-
timationsfor the attentionandthe selectionpressure
maybederivedto reducetherateof misclassifications
andto furtherimproveperformance.
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