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Abstract

Anumberofadaptivemethodscapableofcopingwithstructureddata

haveemergedrecently.Untilrecently,itwasdiÆculttocomparetheper-

formanceofthesemethodsastherearenouniversallyacceptedbenchmark

problems.Asaresult,wehavedevelopedamethodologytogeneratea

benchmarkproblemsuÆcientlyexibletopermitthesimulationofawide

rangeofstructureddatalearningproblems,suÆcientlyfasttogeneratea

setofpatternsinareasonabletime,andsuÆcientlysmalltoalloweasy

accesstoneededdata.Thebenchmarkdescribedinthispaperisanarti-

�ciallearningtaskconsistingofimagesthatfeatureobjectsbuiltthrough

rulesexpressedbyanattributedplexgrammar.Thereareanumberof

advantagesinutilizingthismethodology.First,itcanbewellde�nedby

usinganattributedplexgrammar.Thereisnoneedfortheprovisionofa

hugedatasetofimagesassetsfortrainingandtestingcanquicklybepro-

ducedthroughagivengrammar.Butmostimportantly,thisbenchmark

encapsulatessomeofthetypicalproblemsencounteredindataprocess-

ingofstructuredinformation.Thispaperillustratesthismethodologyby

meansofatraÆcpolicemanproblem.Thepatternsareusedtogenerate

data-treesasinputsforatypicaladaptivelearningalgorithm.Preliminary

testsshowthatsomeofthesenewlyemergedadaptivelearningalgorithms

performverywellcomparedtoconventionalmethods.

1Introduction

Currently,thereisnouniversallyacceptedbenchmarkproblemstovalidateand
verifylearningalgorithmsfordatastructuresbasedonneuralnetworkconcepts
proposedrecentlybyanumberofresearchworkers.Thislackofabenchmark
problemhampersthegrowinginterestandfurtherdevelopmentsinthisarea.
Asoneoftheapplicationsofstructureddatarepresentationisimageprocessing,
thereisconsiderableappealindevisingabenchmarkproblembasedonimage
recognition.However,aninherentproblemwithimagerecognitionbenchmark
isthediÆcultiesinvolvedingeneratingasetofimages,aswellasinthepossible
largeamountofdatastoragerequired.
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Inthispaper,wewilldescribeageneralmethodologywhichcanbeutilizedin
thegenerationofimagerecognitionbenchmarkproblems,whichcanbeusedto
validateandverifylearningalgorithmsfordatastructures.Thismethodologyis
basedontheconceptofrepresentingdatastructuresusingwhatisknownasan
attributedplexlanguage,usinganattributedplexgrammar.Theadvantagesof
usingsuchamethodologyarethat(1)itallowseasygenerationofalargenumber
ofimagerecognitionproblems,withverywellde�nedparameters;(2)itrequires
relativelysmallmemorystorage;and(3)itcapturessomeoftheproblemswhich
facethetasksofadaptiveprocessingofdatastructures.Inordertoillustrate
thismethodology,wewilluseanarti�ciallearningtask,viz.,atraÆcpoliceman,
andtoshowhowitcanbeappliedreadily.

ThetraÆcpolicemanbenchmarkisanarti�ciallearningtaskcomposedof
imagesrepresentingpolicemenwhilegivingdirectionstothetraÆc.Policemen
arecomposedofblocksofdi�erentshape,size,andcolor

1
whichareproperly

combinedbymeansofrulesexpressedusinganattributedplexgrammar.Some
conceptscanbede�nedintheworldofthetraÆcpolicemenaimedatempha-
sizingeithersomefeaturesofthepatternsoratrecognizinganaction.

Somelearningtasksandexperimentalresultsarepresentedinsection4and
section5.Thesoftwareforgeneratingimagesfromanattributedplexgrammar
polgenisintroducedinsection3.2andthede�nitionofthepolicemanbench-
markisgiveninsection3.1.Thefollowingsectiongivesaquickoverviewofthe
variousgrammarsused.Itisshownthatattributedplexgrammarsareparticu-
larlyusefulforinterconnectingandassigningpropertiestographicalobjects.

2Grammars

Commoncontextfreegrammars[6]andpopularnotationsareappliedthrough-
outthisdocumentandforthecreationofthebenchmark.Thesegrammarsare
capableofmodelingstructuralpropertiesofpatterns.However,theyhavedif-
�cultiesinrepresentingquantitativeinformationsuchasthesizeofanobject,
texturalparametersofregions,ororientation.Thuswedecidedtouseattribute
grammars[2]asasolutiontothisproblem.Theapproachistoallowassign-
mentsofspeci�cattributestoterminalsymbolstodescribeandinheritsizeand
colorofobjects.Forthepolicemenbenchmarkweextendthisgrammarbythe
de�nitionofglobalandlocalattributes.Globalattributesarevisibleinallpro-
ductionswhereaslocalattributesareonlyvisiblewithinoneproduction.Local
attributestoanobjectAoverrideitsglobalattributes.EachobjectAhasat
leastoneglobalattributenamelyitsdefaultvalue.

Sofar,theonlypossiblerelationbetweensymbolsinastringproducedby
acontextfreegrammaristheconcatenationrelation.Thisschemaisveryre-
strictedifhigherdimensionalpatternsaretobedescribed.Amoree�ective
approachistoincorporaterelationsintostringrepresentationswhicharemore
generalthanconcatenation.Theplexgrammar,asintroducedbyFederin1971

1
Thesearecommonlyknownasprimitives.
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[3],introducesobjectswithanarbitrarynumberofattachmentpointsforjoining
othersymbols,thusallowingverygeneralmeansofinterconnectionofprimitive
objectsintocomplexobjects.Anobjectofthistypeiscalledannattaching-

pointentity(NAPE)withNAPE2V,whereVisthevocabularyofthelanguage,
containingboththeterminalsetT,andnonterminalsetN.Theabilitytoin-
terconnectobjectsarbitrarilyisparticularlyusefulforthisbenchmarkandis
appliedextensively.

Plexgrammarsarequitepowerfulandgeneralinnature.Theycombine
thepowerofstring{,tree{,andweb{grammars[4]assub{cases.However,a
drawbackisthatplex-productionscouldbequitecryptic.Furthermore,illegal
productionsareeasilyintroducedbutmightbediÆculttodetect.Forthisreason
methodsforsimplifyingandnormalizingplex-grammarshavebeensuggested[5]

3Thepolicemenworld

TheworldthatweconsiderconsistsofatraÆcpolicemanstandingonapedestal.
Thepolicemaniscomposedofblocksofdi�erentshape,color,andsize.The
shapeoftheblocksisprede�ned;color
andsizearevariable.Thepoliceman
isinacertainstatedependingonhow
theblocksareassembledormodi�ed.
Forexample,ifthepolicemanfeatures
araisedsignortworaisedarmsthenhis
stateis\stop",twoloweredarmsmeans
\go",oneraisedleftarmwithoutasign
implies\prepareforstop".Otherstates
canalsobede�ned.States,forexam-
ple,thatrelyonthesizeorcolorofbody
parts.

Image1:AtraÆcpoliceman

3.1Syntacticde�nition

Thepolicemanworldcannicelybedescribedbymeansofanattributedplex
grammarwhereapolicemancanbecomposedofthefollowingprimitiveobjects:

N=fhat;face;mbody;arm;hand;sign;skirt;leg;pedestalg:

Interconnectionsbetweenprimitivesarewellde�nedthroughaplexgrammar
thatalsoassignsmodifyingattributestoitsprimitiveobjects.Theresultare
imagessimilartotheoneshowninimage1.Astructuraldecompositionof
theseimagesisgivenin�gure1.Itreectstheparsingtreeasproducedbythe
grammar.
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Figure1:StructuraldecompositionofatraÆcpoliceman

Everyterminalsymbolisrepresentedbyagraphicalobjectinformofapixmap
�le.Itcanbeaugmentedwithasetofattributes.Validattributesassignacolor
orascalingfactortoeachobject.Oneofthemainbene�tsofchoosingpixmap
dataasterminalNAPEsisthatthereisnorestrictiontousejustsimpleblocks
aselementsforthepolicemangrammar.Theycouldalsocontainimagesofreal
worldobjectssuchasofafaceofaperson.

3.2CreatingPolicemen

Policemenarecreatedbyutilizingagrammarasmentionedinpreviouschapters.
Theresultisacollectionofdistinctimagesofequalresolutionfeaturingpolice-
menstandingonapedestal.Aninterpreterhasbeendevelopedthatacceptsan
attributedplexgrammarasaninputscript�leaswellascertaincommandline
optionstocontrolthenumberofpolicemenimagesproducedorthedesiredres-
olutionforeachimage.Theinterpreterpolgen(shortforpolicemengenerator)
createsanarbitrarynumberofpolicemenimagesfromagivenscript�le.It
containsalargerangeofimagemanipulationfunctionsaswellasmethodsfor
syntaxcheckingonthegrammar,andaninterpreterforproducingimages.

Thenumberofdi�erentpolicemen
2
iscontrolledthroughthegrammar.The

numberdependsdirectlyonthenumberofattributesstatedaswellasonthe
numberofproductionsforeachnonterminal.

3.3GraphicalRepresentation

Numerousimagepreprocessingandfeatureextractiontechniqueshavebeende-
velopedtoreducethedimensionalityforfeaturevectors.However,thesemeth-
odsmostlylackinaneÆcientrepresentationofcorrelateddataastheoutput
isgenerallyafeaturevectorof�xedorvariablelength.Graphicalrepresenta-
tionsontheotherhandareveryinformativeaswecanseeintheexamplegiven
in�gure2.Itshowsatreerepresentationofapolicemanimage.Nodesrep-
resentpartsofthepoliceman.Theyarelinkedbyarrowsindicatingtheterm

2
Theterm`di�erentpolicemen'denotestopolicemenproducedbydi�erentparameters.

Theremaybeinstanceswhereidenticalpolicemenareproducedfromdi�erentparametersor

productions.
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\connectedwith".Therootcanbechosenarbitrarily.Sucharepresentation
notonlyutilizesmethodsforfeatureextractionasdescribedbeforebutalso
preservescorrelationbetweenextractedfeatures.
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Figure2:Graphicalrepresentation

Afurtheradvantage:Treerepresentationsovercomeproblemswithmissingor
wronglyextractedfeaturesmoreeasily.Forexample,ifanalgorithmhadfailedto
extractahandofthepolicemanthenthetreerepresentationwouldstillprovide
greatsimilaritiestothecorrectpattern.Ontheotherhand,atreerepresentation
canbelesssensitivetoscaleandrotation.Inthegivenexample,thetreewould
bethesameforpolicemanwithasmallbodyorforbigpolicemen.

ThetraÆcpolicemanbenchmarkisjustanexampleofthisgeneralmethod-
ologyofusingattributedplexgrammartogenerateawholeclassofimages,
suitableforvalidatinglearningalgorithmsforstructureddata.Forexample,one
couldimagineusingtheattributedplexgrammartodescribetheclassofprob-
lemsinQuantitativeStructurePropertyRelationship(QSPR)andQuantitative
StructureActivityRelationship(QSAR)inmolecularchemistry[1].

4Learningtasks

Alargevarietyoflearningtaskscanbeconceivedinthepolicemanworld.Tasks
thatcanbedesignedarbitrarilydiÆcultoreasy.Herearesomeexamples:

�Policemenwiththehatofthesameshape,color,size,...

�Detectstatessuchasthestate\stop"foraraisedsignortworaisedarms.

�Typesofpolicemene.g.tall,medium,small,fat,slim.

�Policemenwithmissingelementse.g.nohatorwithonelegonly.

�Policemengeneratedbydi�erentgrammars.

�Anycombinationoftheformer.
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Tasksareconsideredtobeeasylearningtaskswhenstructuralinformationdoes
notaddanyadditionalusefulinformationtothegivenproblem.Thus,�nding
allpatternsfromagivensetofpolicementhatfeaturearaisedleftarmisaneasy
learningtask.Moreinterestingistosolvethedisjunction-conjunctionproblem.
E.g.�ndpolicemenwearingeitheraredortriangularHat,haveamissingleft
arm,anddonotwearlongpants.

5SomeResults

Experimentsindicatethatlearningalgorithms,suchastheonedescribedin[7],
independentfromarchitectureandupdatingmethod,areabletobetrained
successfullyonthisbenchmark.Oneasylearningtasks(e.g.whenclassesare
linearlyseparable)alltestedsystemsarecapabletoperformat100%recognition
rate.Adi�erencecouldbeobservedinthetimeneededforeachindividual
networktoconverge.CommonMLPnetworksrequiredabouthalfasmany
iterationsasmethodsacceptingstructuredinputs(suchasBPTS[7])toreach
anerror-leveloflessthan1%.Also,MLPnetworksutilizedabout30timesless
CPU-power.LeastdemandingintermsofCPUconsumptionwasLVQevensoit
commonlyrequiredabout10timesmoreiterationsthanMLPnetworks.These
�gureschangedramaticallywhenstructuredinformationisrequiredtosolvea
givenproblem.Often,methodsacceptingstructuredinformationstillproduce
reasonableresultswhileothermethodsfail.However,thiscomesattheexpense
ofmoreCPU-timeperiteration.
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