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Abstract. We presenta novel self-oiganizingclassificatiometwork for structuredobjects.The systemconsistsof
two layers,an upperlayer which senesasa classifieranda lower layer asa featureextractor The classifieris an
inhibitory winnertake-all network whereeachunit correspondgo a uniqueclasswhile the lower layer consists
of Hopfield-stylenetworks solving the problemof finding maximumcommonpartsof the input structureandthe
particularprototypes.The self-oiganizingarchitecturds ableto outperformtraditional classificatiormodelsusing
a maximumselectoras a classifier The impravementsarisefrom deactvating networks in the lower layer which

indicatelarge dissimilaritiesbetweertheinput structureandthe correspondingrototypes.
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1 Intr oduction

In mary domainsanappropriateandpopularrepresen-
tation of structuredobjectsare labeledgraphs([15]).
Distance-basedlassificatiorof graphsrequiresgraph
matchingprocedure$o computethe distanceor simi-
larity of two graphs.

In generalgraphmatchingproblemsare well-known

NP-completeproblems.Thusthe algorithmsare use-
lessfor all but the smallestgraphs,sincethe execu-
tion times of graphmatchingalgorithmsgrow expo-

nentiallywith the sizeof thegraphs But in practiceit

is oftensufficientto find approximatesolutionswhich

are nearthe optimal solution as long as sometem-
poral conditionsare satisfied. Thereforemuch effort

hasbeendirectedtoward devising efficient heuristics
to find optimal or approximatesolutionsfor graph
matchingproblems.Among other heuristicsartificial

neural networks have been proposedas a promis-
ing model of computationfor solving a wide variety
of combinatorialproblemsincluding graphmatching
problems([6], [15], [16]).

A classificationmodel for structuredobjects using
neuralnetworks consistsof threeparts:a transducer
a feature extractor, and a classifier The transducer
senseghe input graphsand constructssuitableneu-
ral networks for matchingthe input with the proto-
types. The feature extractor appliesthe neural net-
works to computethe proximities betweenthe input
andthe particularprototypegraph.The classifieruses

the proximity datato assigntheinput graphto oneof
the finite numberof classesepresentedy the cor
respondingprototypes.The most commonand clas-
sical approachusesa maximumselectoras a classi-
fier ([14], [15]). The maximumselectorclassifierde-
terminesthe maximumvalue from a setof numeri-
cal input databy directly comparingthe valuesand
finally selectsthe classcorrespondingo the largest
value. The task of retrieving the most similar proto-
typeis a basicproblemnot only in classification but
alsoin patternrecognitionor case-baserkasoning.

In this papemwe replacethe maximumselectorclassi-
fier by aneuralnetwork in orderto investigateapurely
self-oganizing classification(SOC) architectureand
theself-omganizatiorof coupledsubnetsThusthis ap-
proachis an emancipationfrom a homunculuswho
controlsthefeatureextractionprocesseandfinally se-
lectsthe particularclass.

One way to deal with the maximum selectionfrom

a setof inputswithin a connectionistframework are
winnertake-all (WTA) networks ([3]). The operation
of thesenetworks is a mode of contrastadjustment
andpatternnormalizationwhereonly theunit with the
highestactivation fires and all otherunitsin the net-
work areinhibited after somesettingtime. An exam-
ple of acommoncompetitve architecturdo selecthe
maximumor minimumfrom asetof datais MAXNET

([10]). Othertechniguedo pick a maximumcan be
foundin ([3], [5], [9], [11]). In [12] the maximumse-
lection is generalizedo k-winners-tale-all networks



whichidentify thelargestk of n realnumbersRolust
WTA architecturewith evidential responseare con-
sideredn ([7], [8]).

The overall architectureof the self-organizingclassi-
fication network consistsof anupperandlower layer
representingheclassifierandthefeatureextractor, re-

spectvely. TheWTA networkin theupperayersenes
asadecisionnetwhereeachunit representsneclass.
Units which respondto a higher level conceptare
sometimesalledgrandmothecells' ([1]). In orderto

responduniquelyto the classof the input graphthe
grandmotheircells are connectedwith the subnetsof

thelower level featureextractor

As the SOCnetwork evolvesthe subnetsn thelower
layerprovide a currentestimationof the similarity be-
tweentheinputgraphandthecorrespondingrototype
atary point of time. The featureextractortransforms
and scalesthe estimationsto processiblevaluesand
feedsthemasan externalinput into the decisionnet.
During evolution the SOC network deactvatessub-
netswhich presumabhascertairhighdissimilaritybe-
tweentheinputgraphandthecorrespondingrototype
in orderto improve performancédy focusingon a few
potentialclassesln first experimentsve comparedhe
behaior andperformanceof self-oiganizingsystems
with classificationmodelsusingthe maximumselec-
tor.

The paperis organizedasfollows: Section?2 is a brief
introductionin basicnotionsof graphtheory Section
3 describeshe SOCnetwork architectureFirstexper
imentsarediscussedh Sectiord. Finally, thelastsec-
tion summarizeshis contributionandprovidesanout-
look for furtherresearch.

2 Basicgraph theory

A simplegraphwithoutloopsandmultiple edgeds a
pair G = (V, E) consistingof a finite setV # § of
nodesanda binaryrelation E C V1 whereV{? :=
{{i,j} | i, € V, i # j} isthesetof pairsof ele-
mentsof V. Theelementdi, j} € E arecallededges

A labeledgraph G = (V, E}) consistsof afinite set
V # 0 of nodesandasetof binaryrelationsE! € EF
(0 <1 < L) calledthel-th label classof G, suchthat

l.m#n => E"NE"=
2. V2=JL E

3. (i,j) € E' & (j,i) € E!

1Thetermgrandmothecell is basedon the folklore thatevery-
onehasa neuronthatfiresif andonly if oneseeshis grandmother
This view hasbecomdargely discreditedn biologicalcircles.Yet,
it is hardto dery thatsuchneuronsxists([1]).

4. E'NAy #0 = E'CAy

whereAy := {(j,7) | j € V'} is thediagonalof V2.
In alabeledgraphG all nodesandall edgesare as-
signedabelsin suchawaythatthelabelsof thenodes
are differentfrom the labelsof the edges.Relations
E™ C Ay represennodelabelswhereasall other
relationsE™ aredisjointto Ay andrepresenedgela-
bels.

An example for labeledgraphsare chemical struc-
tures.Nodesof a graphrepresenaitomsandit edges
represenbondsbetweeratoms Nodeandedgelabels
specify the correspondingype of atomsand bonds,
respectiely. Missing bondsbetweenatomsare char

acterizedby distinguishededgelabelsdenotingtheir

noneistence.

Any simplegraphG = (V, E) canbe consideredas
alabeledgraphG’' = (V, E2) with threelabels.As-
signall nodedo labelclassE?, all edgedo labelclass
E! andall missingedgedo labelclassE?. A labeled
graphG = (V, E}') is completelydescribedy its ad-
jaceny matrix Ag = (e;;) with e;; = Lif (i, ) € E'.

In thefollowing we considerall graphsto be labeled.
If we are not interestedn the specificlabelsbriefly
denotewith E thesetE!" of labelclassesFurthermore
EY := Ay denoteghe setof all nodelabel classes,
E' C VI thesetof all edgelabelclassesand E? C
V12l thelabel classof missingedges.

LetG = (V, E) bealabeledgraph.For eachnodei €
V thenumberof edged{i,j} € E' | j € V}|isthe
valencyof nodes. If thevaleng of all nodess identi-
cal we call G regular. A subgaph H = (Vg, Eg)
of G = (Vg, Eg) is a graphwith Vg C Vg and
E}y C VE] N E5. A graphG = (V,E) is called
completeif E? = (. A completesubgraphC C G
is calledclique of G. A maximunxliqueC C G isa
cligue with maximumnumberof nodes.An induced
subgaphH = (Vg, Eg) of G = (Vg, Eg) is asub-
graphwith B, = V2 n EL.

Let A; = (ej;) and A, = (e3;) betheadjaceny ma-
trices of labeledgraphsG, = (V1,FE;) andG, =
(Va, E»), respectiely. An isomorphisnof G; andG,
is a bijective mapping¢ : Vi — V; with e}j = e,
wherek = ¢(i) andl = ¢(j). A commonisomor
phic subgaph G' = (V',E') of G; and G- is a
graphwhich is isomorphicto somesubgraphin G
andin G,. A maximalcommonisomorphicinduced
subgraphof G; andin G4 is calledjoint subgaph of
G, andGs.



3 The SOC model

The SOCnetwork consistsof two interconnecteday-
ers. A subordinatedlower) layer which senesas a
featureextractorandasuperordinate{upper)layeras
a classifier Thelower layer extractspossiblyrelevant
informationfrom theinputgraph.Theuppendayerpro-
cesseshisinformationto assigrtheinputgraphto one
of afinite numberof classesln thefollowing we first
introducebothlayersseparatelyThereaftemwve assem-
ble themto a completenetwork.

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

The computationof graphdistancesand similarities
requiresthe computatiorof partialmappingsetween
graphs.The taskto find the bestpartial mappingbe-

tweentwo graphswherethe quality of the mappingis

estimatedn termsof a problemdependenbbjective

functionis calledgraphmatching.

We regard graph matchingas a superordinatecon-
ceptof four classe®f partialgraphmappings{GM;)
graphisomorphism,(GM,) subgraphisomorphism,
(GM3) maximum common subgraphisomorphism,
and(GM,) maximumcommoninducedsubgrapliso-
morphism.(GM;) and(G M) areappliedasaquery
engineto comparea given patternagainstpre-stored
structuredatabasesuchaschemicalstructureandpro-
tein data bank, inferencerule knowledge base,etc.
(G Ms3) and(G M,) is frequentlyusedto identify com-
monstructureof the objects.

To illustrate the operationof a SOC modelit is suf-
ficient to restrict oursehes to one graph matching
problem.For corveniencewe focus on the problem
(GM,) of finding the maximumcommonisomorphic
inducedsubgraph(briefly: joint subgraph)f two la-
beledgraphsz; andG,.

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 enegy function. Thus
to solve graphmatchingproblemsusing neural net-
works,onemustcasttheseproblemsnto anoptimiza-
tion problem.The generalapproachas proposedby
HopfieldandTank([4]) mapstheobjective functionof
the optimizationproblemthat needsto be minimized
to a suitablenetwork enegy function, while the con-
straintsof the problemareincludedaspenaltyterms.

Following this methodwe first constructthe associa-
tion graph A(G1,G2) of G; andG». This mapsthe
graphmatchingproblemto the optimizationproblem
of finding a maximumcliquein A(G:,G2), sincethe
maximumcliquesin A(G1,G») arein 1-1 correspon-

denceto thejoint subgraphsf G, andG.,.

Definition 3.1 Let Gy = (V4, E1) and G2 = (Vx, E»)
be labeledgraphswith adjacencymatricesA; = (ej;)
and A; = (ej;), respectivelyThenthe simplegraph
A(Gl, Gz) = (V, E) with

V={(@i,j) e i x Vo | ej; = €3;}
B={{(,5), (0} € VI [i # k,j #Leh = 4 }

is calledtheassociatiorgraphof G; andGs.

The nodesof the associatiorgraphare pairsof nodes
i € V4 andj € V, which belongto the samela-
bel class.Similarly, two nodesin A(G1,G>) arecon-
nectedwith an edgeif andonly if the corresponding
edgesin the graphsG; andG> have identicallabels.
Note, thatthe associatiorgraphis a well-known aux-
iliary structurefor solving graphmatchingproblems
(seee.q.[2]).

Next wetransformtheassociatiomraphA (G, G2) to
a Hopfield network model. The dynamicsof the net-
work describesa mechanismhat seeksa minimum
of an enegy function £, suchthat the solutionsof
themaximumclique problemcorrespondo theglobal
minimaof £.

The network modelconsistsof afully interconnected
systemof n unitswheren is thenumber|V| of nodes
in A(G1, G>). Thestrengthof theconnectiorbetween
units andunit j is determinedy the synapticweight
w;j = wj;. Theinternalstatex;(t) of eachunit ¢ at
time ¢ is equivalentto the weightedsumof the exter-
nal statesof all connectingunits. The external state
f(z;(t)) of eachunit i is determinedby a nonlinear
transferfunction f which is boundedbelow by 0 and
above by 1. The network algorithmis completelyde-
fined by thefollowing systemof equations:

zi(t+1) = (1L - d)zi(t) + Y wif(z;(t) (1)
JFi

whered € [0, 1] describeghe self-inhibition of the
units. The algorithmthusproceedsasfollows. An in-
putvectoris imposednthenetwork asits initial state.
Findinga maximumcliquethenproceeddy updating
theinternalstatez(¢ + 1) in accordancevith the up-
daterule (1). Theupdatingprocedures repeatedintil
the network reaches stablestatewhich corresponds
to acliqueof A(G1,G2). Thecliquesizecanberead
out by countingthe numberof active units, i.e. the
numberof unitswith activationz; (t) > 1.

To computesolutionsfor the maximumclique prob-
lem appropriateveightsmustbe selectedo mapthe
correspondingbjective function to the enegy func-
tion of thenetwork. In generatheweightsareadjusted



accordingo thefollowing rule:

Wis = wg >0
Ul —wr <0

for all units 42,7 € V. Connectionswith positive

weight wg (negative weight wy) are called excita-

tory (inhibitory) connectionslnhibitory connections
restraininconsistenhypothesesndthereforearere-

sponsibleto ensurefeasibility of the solution.On the

otherhand,excitatory connectedunits mutually rein-

forcethe possiblehypotheses.

if (¢,j) € E
otherwise

Many variationsof the Hopfield network have been
proposedfor ensuringfeasibility and improving the
solution quality through escapefrom local minima
of the enegy function ([16]). For our purposeswe
chooseas a representatie model a variant of the al-
gorithm from ([18]), sinceit is simpleandit hasnot
only beenappliedto classicaloptimizationproblems,
but alsoto practicalclassificatiorandknowledgedis-
coverytasksin chemistry([14], [15]). Thus,we make
the following designdecisions:The transferfunction
f isthepiecaviselinearlimiter function

1 : ifz>1
fl@) =X =z if x€]0,1] @)
0 : ifz<o0

with an upperand lower saturationpoint. The self-
inhibition d is setto zero, suchthat eachunit i has
a self-excitation of w;; = 1. A corvergenceanalysis
of this network modelis givenin [13].

3.2 Upper layer: the decisionnet

In distance-basedlassificationproblemsa classifier
assignsaninput patternto the classfor which the cor-

respondingdiscriminantis largest.Here the discrim-
inant functionsare a given proximity measureThus
the classdecisionboils down to selectthe maximum
valueof a setof data.

Several differentneuralnetworks canperformthe se-
lection of a maximumvalue from a setof inputs. A
common architectureare inhibitory WTA networks
which we will employ asa self-omganizingclassifier
To this endlet N be the numberof distinct classes
Ci,...,Cn. Thenetwork consistsof N mutuallyin-
hibitory connectedunits, suchthateachunit uniquely
represents class.The network evolvesaccordingto
theupdaterule

yilt+1) = (1= d)y:(t) —w Y _y;(t) + Lit) (3)
J#i

wherey; (t) is theactivationof uniti, —w < 0 repre-
sentghejoint inhibitory strengthof the synapseson-
nectingary pair of units,d > 0 is the self-inhibition

and I;(t) an externalinput. The function f is either
the piecavise linearlimiter transferfunction asgiven
in (2) or asemi-lineartransferfunction

[0 : fory <6
f(y)—{ Kk(y —6) fory > 6 )

wherex > 0 is thegainof f. In contrastto the lim-
iter function(2) theuppersaturatiorimit is missingin
thesemi-lineatransferfunction(4). In caseof thelim-
iter function (2) its lower and uppersaturationlimits
boundthe dynamicsof the net. Similarly, underspe-
cific conditionsthe non-divergenceof networks with
non-saturatingemi-lineartransferfunctionsis estab-
lished([17]).

The aim of this network is to discriminatethe com-
ponentsof an input vector The input vector may be
fed in eitherby an externalinput layer into the deci-
sionnetor by initializing the units of the decisionnet
accordingly

In generala WTA netfor maximumselectionis de-

signedto signal the particular unit to selectwhere
information aboutthe evidencein the decisionmade
is missing. This information would be usefulto ar

rangefor ambiguousdecisionsand therebyimprove

theclassificatiorperformancef thenetwork. Further

moreWTA networksarenotrobustto failure of single
unitsor noisydata.lf aunitor its connectindinks are
damagedperformanceas impairedor faulty and the

network behaesunreliable.In classificationtasksor

prototypedetection,failure of one WTA unit means
lossof thewhole class.Provided thatthe externalin-

put is constantboth dravbackscan be removed by

incorporatingdistributedredundang anddifferentiat-
ing unitsinto the network. Theseextensiondeadto a

systemwhichis not only robustagainstfailure of sin-

gle unitsbut alsoefficiently sharpenshefocuson the

givenproblemin termsof afastergenerateéndmore
accuratevidentialrespons€[7], [8]).

3.3 The SOC network model

We have so far beenconcernedwith the particular

building blocks of the SOC network model, namely

the featureextractorin the lower layer and the clas-

sifier in the upperlayer. In this sectionwe assemble
bothcomponent$y linking themtogethetto asystem
of coupledsubnets.

Let G beaninput graphand P, ..., Py be N pro-
totypegraphsof classCy, ..., Cy, respectiely. Fig-
ure 1 shows the architectureof a SOC network for a
3-classproblem(N = 3). ThelowerlayerhasN sub-
netssSi, ..., Sy. EachsubnetS; computeghe com-
monjoint subgraptof input G andthe k-th prototype
Py,. Theupperlayercontainsa WTA network with N



mutuallyinhibitory connectedinitswhereunit & rep-
resentsclassCy. EachsubnetS;, of the lower layer
is coupledwith unit k& of the top level network. The
links interconnectinghe devicesof bothlayersrepre-
sentthe externalinputs I (¢) in (3) fed into the deci-
sionnet.

deci si on net

e

subnet Sl subnet 82 subnet S3
pr ot ot ypes
Py Py P3

i nput graph

7

G
Figurel Architectureof a SOCnetwork.

The SOCnetwork is completelydescribedy thefol-
lowing systemof equations

ye(t+1) = (1—dye(t) - waj(t) + Ii(t)
7k

L(t+1) = F(W,a"(t))

sft+1) = (1-daft)+ ) wyfh(t)

i

whereyy,(¢) is theactivationof the k-th unitin thede-
cision netandz¥ (t) is the activation of the ¢-th unit
in the k-th subnetSy,. The first andthe lastequation
correspondo theupdaterules(3) and(1) of theupper
andlower layer, respectiely. The externalinput I, (t)
is a function F' of the currentstatez”(t) of the sub-
netS; andthesubneitself whichis representedy its
weight matrix Wj,. The evolution procesf the net-
work terminatesvhenonly oneunit firesandall other
unitsareinhibited.

Oneiterationstepof the SOCnetwork modelsimulta-
neouslyupdateghe subnetsn thelower layer. A cur-
rentsimilarity valueof the updatedstateof the subnet

is extractedandsentasan externalinput to the corre-
spondingunitin theupperayer. Thecurrentsimilarity

value reflectsthe similarity of the underlyinggraphs
at eachiterationstepwith respecto a givendistance
or similarity measureFinally, usingthe externalinput

the systemupdateghe unitsin theupperlayer.

TheSOCnetwork inhibitsrespons¢éendenciesf sub-
netswhich seemto drift to statescorrespondingo

dissimilaritiesof the graphsto compare.lf the acti-

vationof a complex unit & declinesto zerothe subnet
Sy, is deactvatedprematurely Theideais to focuson

promisingsubnetsvhich tendto revealhigh similarity

betweenthe graphsto compareandto neglect super

fluouscomputation®f matchingdissimilargraphs.

Crucialfor the performanceof a SOCnetwork is the
choiceof theweightw of inhibitory connectionsn the
upperlayerandtheexternalinput. Theinhibition w of
the decisionnet controlsthe selectionpressureHigh
inhibition resultsin early decisionswhile low inhibi-
tion correspondso low selectionpressureandthere-
fore to a longerdecisionmaking. The externalinput
compriseghecurrentsimilarity valueandanattention
parameterTheattentionparametecontrolsthesignif-
icanceof the currentsimilarity valuein the decision
making.

In the following we introducea possiblechoiceof an
externalinput basedn the Zelinkadistance

d(G1,Gs) = max {|Vil, |[Va]} — |V

whereG; = (V;, E;) aretwo graphs(i = 1,2) and
U = (Wy,Ey) is ajoint subgraphof G; and G..
The Zelinka distancedetweertheinputgraphG and
the prototypesP;, P,, and P; givenin Figure 1 are
d(G,P) = 0,d(G, P,) = 3,andd(G, P3) = 1, re-
spectvely. Thuswe expectthatthe SOC network as-
signs@ to classC; asindicatedby thedarkestunitin
theupperlayer.

In orderto obtainacurrentsimilarity valuewe mapthe
Zelinkadistanced to the total connectve intensity of
thesubnetsn thelowerlayer. Let Ay, := A(G, P;) =
(Vk, Ex) be the associationgraph of input graphG
andthe k-th prototype P,. Thenthe total connectve
intensitywy (¢) of subnetSy, is definedas

%@:%

PREAORSHORED S 10

(4.3)€Ex (4.3)EEn

wherethe scalingfactor1/2 is includedto counteach
edgeonce.The first term sumsthe activationsof ad-
jacentunits for eachexcitatory connection.The sec-
ondterm s a penaltyterm which imposesa penalty
pfj (t) > 0 for each inhibitory edge connecting
units with positive activationsz} (¢), 2%(t) > 0. The



penaltyis amonotonouslyncreasingunctionof ¢ (see
Sectiord). Theintentionto introduceapenaltytermis

to considenly feasiblesolutionsof thegraphmatch-
ing procedureThusin a stablestatethe penaltyterm

is zeroandthetotal connectveintensityis the number
of edge=f thecliquefoundby subnetSy.

Note, thatby constructionof the subnetarchitectures
in the lower layer the numberof excitatory edgeshe-
tween active units is maximal if and only if these
units constitutea maximumclique. Thoughit would
be morenaturalto consideractive unitsonly, theclass
decisionis susceptibleo deceptiondy meanof large
total activations of particular subnetscontainingal-
ternative hypothesesThereforethe currentsimilarity
valuestake the specifictype of connectiondbetween
active unitsinto account.

Usingthetotal connectve intensity the externalinput
I1,(t) is expressedy

®)

() = f (“42)
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where0 < 7x(t) < 1 is anattentionparameterthe
function f is thelimiter functionasdefinedin (2),and
i = ([Vi|*> — |Vk])/2 is the numberof edgesof a
completegraphwith |V;| nodes.

The attention parametery,(t) controls the signifi-
canceof the currentstateof subnetS;, with regard
to the classificationtask. Thereforev,(¢) shouldbe
monotonouslhyincreasingwith increasingtime ¢. The
connectveintensitywy, (t) is normalizedby py, to take
the different sizesof the prototype graphsinto ac-
count.If the penaltytermin wy(t) is too small, dur-
ing evolution of Sy, theintensitywy,(¢t) canexceedthe
maximumfeasiblevalue y. To this endthe normal-
izedconnectve intensityis boundedby f.

4 Experiments

For testingthebehavior of aself-organizingclassifica-
tion network we usedtwo testseriesof graphsasde-
pictedin Figure 2 and3 asrepresentatie prototypes
of simplemulti-classproblems.

Thefirst testseriescontainsall possiblecubic graphs
with eightnodes,i.e. all regular graphswith valeng
three and order eight. The secondseriesconsistsof
four simplegraphsof differentsizewith maximumva-
lengy three.

Parameter settings: Throughoutthis paragraphwe
exceptionallydrop the classindex & runningfrom 1
to N. TothisendletG = (Vg, Eg) beaninputgraph
andP = (Vp, Ep) beaprototype With S we denote
thesubnetmatchingG andP.

The generalparametersettingfor a subnetS in the

<

graph 3

graph 1 graph 2

graph 4 graph 5

Figure2 Testseriesl: Cubicgraphsof order8

lower feature extraction layer follows a theoretical
analysisgivenin [13]. For the excitatory weight we

set
2

- degy - deg; +degg

WE

wheredeg, (deg;) is themaximumvaleng of anunit
with respectto its excitatory (inhibitory) edges.For
the inhibitory weightswe define a deterministican-
nealingscheduléo improvethesolutionqualityandto
guarantedeasibility. Startingwith a smallvaluec =
wg /deg? theinhibitory weightis adaptedn eachiter-
ationstepaccordingo therulew(t+1) = wy(t) +c.
In orderto arrive ata stablestatewheretheoutputvec-
tor f(x(t)) liesin a cornerof the unit hypercubein-
stableequilibriumspointsin theinterior of the hyper
cube,which correspondo ambiguities,are resolhed
by imposingnoiseon the correspondinginits.

Thefollowing parametesettingsare choserheuristi-
cally within consideration®f plausibility. The exter-
nalinputis givenby (5) with attentionparameter

Vmin
0 =1 (ggme—t) ®
where vy, = min{|Vg|,|Vp|} and vmax =
max{|Vg|, |Vp|} are the minimum and maximum
numberof nodesof G andP. Thevalue|S| isthenum-
ber of units of subnetS and f is the limiter function
asdefinedin (2). The limiter function f boundsthe
activationto alimited capacity Thefirst terminside f
bringstheattentioninto sharpefocusfor smallersub-
netswith similar size of the graphs.In orderto syn-
chronizethe attentionamongall subnetsn the lower
layerwe incorporatethesize|S| of thesubnetnto .

The penaltyis definedby

_ t if.’Ei-iL‘j>03.nd’wij=’wI
pij(t) = { 0 : otherwise

Finally, theselectie pressurexpressedy theweight
w of theinhibitory connectionsn the upperclassifier
layeris settow := 1/(N — 1).
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graph 1 graph 2 graph 3 graph 4

Figure3 Testserie2: Graphsof max.valeny 3

Implementation: Thegraphsin bothtestseriessene
asprototypegraphs.Thusin the first casewe have a
5-classproblemandin thesecondcasea4-classprob-
lem. For thefirst testserieawve performfive andfor the
secondestseriesfour runsof the SOCnetwork, such
thatin thei-th runthei-th prototypegraphis alsothe
inputgraph.

To evaluatethe performanceof a SOC network we
also considerthe samearchitectureusing the maxi-
mum selectorclassifierin the upperlayerinsteadof a
self-omganizingcompetitive decisionnetwork. In con-
trastto the purely self-organizingsystemall subnets
evolveuntil they arrivein astablestate Thenthemax-
imum selectorclassifiegheinputgraph.

Results:Againk is assignedo theclassindex running
from1to V. Let ¢, 5, denotethe numberof iterations
of subnetS;, until deactvationor termination.Unit &

in thedecisionnetwork deactvatesS;, if theactivation
yr (t) of thek-th unit equalszero.Furthermordet ¢;

be the numberof iterationsuntil S; attainsstability.

Note, thatalwayst; ; < to  andequalityholdsif Sy

is stablewhile unit £ in thedecisionnetis still active.
Fori € {1,2}

| N
i = N;tz’,k

denotesthe averagenumber of iterations averaged
over all N subnetsS;,. Sincet; ; < to; we arein-
terestedn the total amountof iterationsA we save
usinga self-omganizingclassifierinsteadof the maxi-
mumselector ThedifferenceA is givenby

N
A= th,k —tik
k=1

With » = t; /t2 we denotethe percentagef the total
amountof iterationsusinga SOCnetwork in relation
to the classicalapproachusinga maximumselector

Table1 and2 summarizehe resultsof a selectedest
cyclefor bothtestseriesEachrow in thetablesshavs
theinput graph Py, the activation of the winning unit
yk (t1) in thedecisionnet,theaveragenumberof itera-
tionsof all subnetd,, theaveragenumberof iterations
12, thedifferenceA, andthe percentage of expenses
usinga SOCnetwork.

In all runsthe subnetfounda maximumcliqueof iso-
morphicgraphsandin mostcaseshey werecapableof

finding a joint subgraphOnly in a few casesapprox-
imate solutionswere found. Neverthelessn all runs
the SOCnetwork correctlyclassifiedheinputgraphs.

Testseries1: Although all prototypegraphshave the
samenumberof nodesthesamenumberof edgesand
the samevaleny sequencehe behaior of the SOC
network is noticeablyvarying. In the best casethe
SOC network saves 66% andin the worst case20%
iterationsin comparisorto the maximumselectorap-
proach.

Yk (t1) t1 to A r
P 0.53 3181.0 7030.2 19256 0.45
P, 0.62 2109.8 6146.6 20178 0.34
P 0.64 2914.0 6034.2 15596 0.48
Py 0.83 7547.4  9506.6 9793 0.79

Ps 0.69 6752.8 8444.2 8451  0.80

Tablel Resultsof testseriesl

Test series2: Most noticeablyis the negligible im-

provementof the SOCnetwork comparedo the max-
imum selectorclassifierif the input is P,. This ob-

senation is opposedto the efficient performanceof

the SOCnetwork in all othercasesin the averagethe
SOCnetwork requiresonly 29% of the computational
effort requiredby the maximumselectorclassifier

Yk (tl) t1 ta A r
P 0.40 420.0 1193.5 3094 0.35
P, 0.40 2672.5 2909.0 946  0.92
P 0.48 130.0 611.5 1926 0.21
Py 0.43 231.0 722.3 1965 0.32

Table2 Resultsof testseries?

Discussion:Of course,an experimentalinvestigation
on just two testseriesdoesnot allow generalconclu-
sions.Ratherwe intendto provide an impressionof

the SOCnetwork onasmallsetof testcases.

Theresultsin Tablel and2 shav thata SOCnetwork
is capableto outperformthe traditional classification
approachusing the maximumselectorclassifier But
furthertestrunsrevealthatthe SOCnetwork behaves
unreliablein the sensethat it is not robust against
misclassificationdik e the maximum selectorclassi-
fier. Eventhoughthe subnetdind a joint subgraphhe
SOCnetwork may assignthe input graphto a wrong
class.The reasonis that during evolution to a final
statethe intensity aswell asthe connectve intensity
of individual subnetsoticeablyexceedtheintensities
of the othersubnetdor a short-time.This mayleadto
deceptionsandfinally to wrong classdecisionsf the



attentionparameteandthe selectionpressurearenot
choserappropriatelyAnotherproblemis to adjustthe
attentionparameteré orderto synchronizeéhe states
of thesubnetsn thefeatureextractorlayer.

5 Conclusion

In this contribution we presenteda self-omganizing
classificatiometwork for structuredobjects.The net-
work consistf afeatureextractorlayerandaclassi-
fier layer which areinterconnectedn a feed-forward
manner The featureextractorcontainsHopfield-style
networks to comparethe input graphwith the proto-
typesandtheclassifieris aninhibitory WTA network.
Thisarchitecturdeadsto freedomfrom ahomunculus
who controlsand obsenesthe evolving subnetauntil
they all arrive in a stablestateandthenfinally selects
theparticularclass.

In contrastto classificationmodels using the max-

imum selectorclassifiera self-oiganizing classifica-
tion modeltakestransientstatesduring the matching
processnto account.This approactfavors matchings
which promisehigher similarity betweenthe under

lying structuresand deactvatessubnetswhich tend
to indicate high dissimilarities.Altogetherthis strat-
egy outperformsthe maximumselectorclassifierand
significantlyreduceghe effort. The improved perfor

manceof the SOC network is achieved by suffering

lossesin the reliability with respectto correctclass
decisions.

Furtherresearchcomprisesa theoreticalanalysisof
the dynamicsof the SOC network. Within a theoret-
ical foundationappropriatgparametesettingsandes-
timationsfor the attentionand the selectionpressure
maybederivedto reducetherateof misclassifications
andto furtherimprove performance.
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