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Kurzfassung v

Kurzfassung

Software-Wiederverwendungbescḧaftigt sich mit der Umsetzungder einfachenIdee,
dasses kostensparenderund qualiẗatssteigender ist, bereitsexistierende,hochwertige
Software-Komponentenbei der EntwicklungoderWartungeinesSystemszu benutzen,
stattdieseneuzu entwickeln. Eine wichtige Voraussetzungfür erfolgreicheSoftware-
Wiederverwendungist dierichtigeAuswahlvonpassendenKomponenten.Dabeimüssen
ausder Vielzahl von existierendenKomponentendiejenigenbestimmtwerden,die die
ben̈otigte Funktionaliẗat zur Verfügungstellen. Dies musseinfachund schnellmöglich
sein, denn wenn die Suchenach Komponentenmehr kostet, als derenNeuentwick-
lung, wird Software-Wiederverwendungad absurdumgef̈uhrt. Die meistenAnsätze
für Software-Retrieval, demWiederfindenvon Softwarein Komponenten-Bibliotheken,
basierenauf einer textuellen Beschreibung von Komponenteneigenschaften. Texte in
naẗurlicher Sprachesind dem erstenAnscheinnacheinfach zu verstehen,ihre präzise
Interpretationhängt jedochsehrstark vom Kontext desBeschreibers,bzw. desLesers
ab. Weiterskanndie Beschreibung, die eineAbstraktionder Komponenteist, nicht al-
le Aspektebeinhalten,die einenzukünftigenLeserinteressierenkönnten.Dadurchwird
dasAuffinden erschwert. Nebenbeiist die Erzeugungvon treffendenBeschreibungen
aufwändigundzeitintensiv.

DieseDissertationbescḧaftigt sich (1) mit der automatischenErzeugungvon Soft-
ware-Beschreibungen,die nicht auf naẗurlich-sprachlichen Textenaufbauenund (2) mit
Software-RetrievalsaufderBasisderin (1)entwickeltenBeschreibungen.Diegenerierten
Beschreibungensindwiederumkeinenaẗurlich-sprachlichenTexte,sonderneinfachefor-
maleKonstrukte:Entscheidungsb̈aume,endlicheAutomatenundGrammatiken.Dadiese
eineexaktdefinierteSemantikhaben,entf̈allt dieInterpretationdurcheinenmenschlichen
Leser. VonzentralerBedeutungfür denin derArbeit vorgestelltenAnsatzsindTestdaten,
weil diesedastats̈achlicheVerhalteneinerKomponente,wennauchnurausschnittsweise,
unverfälschtwiderspiegeln.

Die Verwendungvon TestdatenalsAusgangspunktfür die BeschreibungdesVerhal-
tensvonKomponentenmachtderenEinteilungin dieGruppenderzustandslosenundzu-
standstragendenKomponentennotwendig,wasauchzwei unterschiedlicheGruppenvon
Analyseverfahrenbedingt.Für dasersteVerfahrenwerdenSignaturenvon zustandslosen
Komponentengeneralisiertund Komponentenmit gleichartigenSignaturenzu Partitio-
neneinerSoftware-Bibliothekzusammengefasst.Mittels Testdatenwird danachfür jede
PartitioneinEntscheidungsbaumgeneriert,deralsBrowsing-StrukturzumAuffindenvon
Komponentendient. Im zweitenVerfahrenbeschreibenendlicheAutomatenbzw. Gram-
matiken,dieausTestdatenabgeleitetwurden,zustandstragendeKomponenten.Wird eine
Komponentein einerBibliothek aufgefunden,kannmandurchendlicheAutomatenund
Grammatikenfeststellen,obdasgeforderteVerhaltentats̈achlichgezeigtwird.
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Beidein dieserArbeit vorgestelltenVerfahrensgruppenuntersẗutzendie Verwaltung
einerSoftware-BibliothekunderleichterndasAuffindenvon Komponenten.Da sievon
Testdatenausgehen,sindsieidealeErweiterungenvonSoftware-Retrieval-Verfahrenund
dasnichtnurdann,wenntextbasierendeVerfahrenbereitsanihreGrenzenstoßen.
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Abstract

Softwarereuseis basedon thesimpleidea,thatit is moreeconomicandevenquality
improving to make useof provencomponentsinsteadof reinventingthemwhenbuilding
or maintaininga system.An importantprerequisitefor successfulsoftwarereuseis the
choiceof themostsuitablecomponents.Thosewhich provide therequiredfunctionality
have to befilteredoutof amultitudeof existingcomponents.Thisprocessmustbesimple
andquick, becauseif thesearchfor componentsweremoreexpensive thanthedevelop-
mentof new ones,softwarereusewould not make any senseat all. Most approachesfor
softwareretrieval arebasedon a textual descriptionof the componentsṕroperties.At
first sight, texts written in naturallanguageareeasyto understand,but when it comes
to preciseinterpretationsone becomesawareof the gapsbetweenthe writer´s and the
reader´scontexts. Furthermore,a description,which is an abstractionof a component,
cannotexpressall the informationa future readermight be interestedin, which renders
thesearchdifficult. In addition,theproductionof detaileddescriptionsis costlyandtime
consuming.

This thesisdeals(1) with theautomaticgenerationvon softwaredescriptionswhich
arenot basedon texts written in naturallanguageand(2) with softwareretrieval which
dependson thedescriptionsdevelopedin (1). In contrastto naturallanguagetexts, these
descriptionsarestraight,formal constructswhich aredecisiontrees,finite stateautomata
andgrammars.Dueto their well definedformal semanticsan interpretationby a human
readeris not neededany longer. In our approachtestdatadealswith the problemin a
very efficient way. Althoughtestdatado generallynot reveala completespectrumof a
component´sbehavior, they specifyasignificantandgenuinepartof it.

As testdataareemployedfor generatingdescriptionsof thebehavior of components,
thetwo groupsof statelessandstate-bearingcomponentsneedto beintroduced.Thisen-
tails thenecessityto developtwo differentanalysistechniques.Within thefirst technique
signaturesof statelesscomponentsaregeneralizedandcomponentswith similar signa-
turesaregatheredin thesamepartitionof a softwarerepository. On thebasisof testdata
decisiontreesarethengeneratedfor eachpartition,which serve asbrowsing structures
to locatecomponents.Thesecondtechniquedealswith state-bearingcomponents.Here,
finite stateautomataandgrammars,which areinferredfrom testdata,arebeingusedas
descriptions.Whena componentis locatedin a repositorywith the help of finite state
automataandgrammarsit canbeverifiedwhetheracomponentbehavesasspecified.

Both techniquesdevelopedin this thesissupportthe administrationof a software
repositoryandhelp to locatecomponents.Startingfrom testdata,they representsub-
stantialimprovementsto softwareretrieval approaches– evenwhentext basedtechniques
have alreadyarrivedat their limits.
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1
Intr oduction

1.1 Motiv ation

Softwarereuseis basedon thesimpleideathat it would bebetterto make useof
existing largebuilding blocksin theprocessof building a new systeminsteadof
reinventingall thesmallandtiny solutionswhichhavebeenreinventedathousand
timesbefore.Whatis undoubtedlybestpracticein all otherfieldsof engineering
now, astonishinglyenough,hasnotbecomestateof theart in softwareengineering
yet. Nevertheless,the level of softwarereusehasbeenincreasedtremendously:
Programmersusecompilers,whoseknowledgeaboutformal languagedesignis
reused;they usemathematicallibrariesandwidget repositories,aswell asdata
baseswhereall thefunctionalityneededto ensurepersistence,security, multi-user
accessibilityto datais beingreused.Onahigh level, productlinesareestablished
to reuseall theassetswhich solve similar problemsfor a domain.Alreadythese
examplesdemonstrate,thatit is not thateasyto distinguishexactlybetweenreuse
anduse.Whatwasexplicitly reusein formerdaysbecamepartof theevery-day
life, aprocesswhich indicatesasuccessfulassimilationof reuse.

But despitethisprogress,thesituationis notassatisfyingasit couldbe.Sothe
questionarises,why it is sohardto accessall thevaluableassetswhich arebuilt
with somucheffort, which aretestedfor high quality andwhich areannealedby
theiremploymentin a runningsystem?

Therearemany reasonsfor thatwhichwill bediscussedin detailin chapter3.
However, themainreasonfor this slow evolution of softwarereuselies in thein-
herentnatureof software,which cannotbe capturedin termsof a materialized
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2 Introduction

entity. Althoughsoftwareoriginatesin the physicalworld, asits bits andbytes,
locatedon a harddisk, canbe identified like characteristicfingerprintsundera
microscope,thephysicaldimensionis themostunimportantonefor softwareen-
gineers.Whatcannotbematerialized,however, is theconceptandtheknowledge
embeddedin software,aswell astheeffectsit causesin therealworld. Only when
executed,somepartsof thisconceptsdemonstrateeffects;beit asachangein the
balanceof a bankaccountafterdepositinganamount,or asa determinationof a
point’s locationin a three-dimensionalspace.But suchbehavioral snapshotspro-
videonly with averysmallinsightinto thespectrumof asoftware’sbehavior. The
way in which this softwareactuallyreactsunderdifferentcircumstancescannot
be inferredcompletelyfrom examplesasit is impossibleto grasptheentiretyof
thebehavior of softwareon thebasisof somefew instances.

Dueto theimmaterialnatureof softwareit isnoteasyto describeits essentials,
which hasmany consequencesfor reuse. A softwareengineerwho produceda
reusablecomponentusuallyis notaspecialistin describingit; andaprogrammer,
who wantsto build a new system,is not a specialistin interpretinga description.
To illustratethis by a metaphor:Imaginea personwriting a newsletteraboutthe
dangerof drinkingalcoholwhoneedsaclip art to stressthispoint. Thewriter en-
visagesapictureof a threateningbeastlurking for its prey whichshouldrepresent
ahiddenmenace.Thereis adatabasewith thousandsof clip artsavailable.Now,
how shouldthewriter specifyhis/herneeds,sincetheartistmostlikely described
thepicturesin generaltermswith little regardto associative meanings?May be
a querycontainingkeywordslike “animal, dangerous,hidden” leadsto a result,
maybethewriter hasto scanthrougha largesetof candidatepicturesretrievedby
thequery. It couldalsobethat thewriter missespictureswhich would fit her/his
needsmuchbetter, e.g.aswordof damocles.

This thesisdealswith the challengeof producingdescriptionsfor reusable
componentsandof supportinga reuserto locatecomponentsin a repositoryon
thebasisof thesedescriptions.If thesedescriptions

wereobtainedautomatically,

couldbeinterpretednon-ambiguously,

wouldguideasearcherin thetaskof locatingacomponentin a library, and

wouldsupportorganizingacomponentlibrary for effective retrieval,

aheavy burdenwouldbetakenoff thesoftwareengineersproducingcomponents,
theprogrammersreusingthem,andthelibrariansadministeringthem.Theresults
presentedin thiswork areastepinto thisdirection.
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The main ideaof this thesisis representedby the following sequenceof ac-
tivities: (1) Observingcomponents,(2) reorganizingthemwith respectto theob-
servedbehavior and(3) abstractingfrom theconcretebehavior to amorecompact
and thus more understandableform. But how can invisible activities possibly
be observed? The problemcanbe solvedby applyingmethodssimilar to those
usedby physicists,whohave to monitortherapidmovementsof particlessmaller
thanatoms.Thesemovementsin spacearenot observabledirectly. Hence,cloud
chambersarebeingusedin which not the particlesthemselves,but their move-
mentsbecomevisible throughtheir “contrails”. In thisway, physicistsareableto
reasonaboutpropertiesof theparticlesby analyzingtheir tracesin thefog. In the
realmof softwarethe equivalentof suchvisualizedtracesis testdata. Testdata
indirectly revealscomponentsby includinginformationaboutsequencesof input
andtheresultingoutputsof components.In thatway, testdatacanberegardsas
anobservableaspectof theexecutionof softwarecomponents.

Testdatapartially representsthebehavioral spectrumof a component.In this
work theknowledgehiddenin testdatais exploitedfor producingdescriptionsby
usingtechniquesfrom the field of datamining. Theclassof this descriptionsis
calledextensionaldescriptions. Due to the differentpropertiesof their testdata
wehave to distinguishbetweentwo typesof reusablecomponents,

state-lesscomponents,and

state-bearingand/orcomplex components.

State-lesscomponentsdemonstratebehavior which is deterministicfor a sin-
gle testcase,in sofar asa componentalwayscomputesoneandthesameoutput
for aparticularinput. Therefore,ameaningfulsetof testcases(whichmusthavea
certainlevel of quality) is hasbeenanalyzed;its input-outputtransformationsare
appliedasthebasisto producecharacteristicdescriptions.In thiswayabrowsing
structurefor componentsis beingestablished.Themethoddevelopedfor analyz-
ing state-lesscomponentsis calledSBS, shortfor staticbehaviorsampling.

The repositoryin which SBS is usedfor establishingaccessstructuresis or-
ganizedaccordingto theinterfacesof components.Interfaces,whichwe general-
ize assignatures,independentof implementation,hold importantinformationas
well. This informationis usedfor (1) dividing the repositoryof reusablecom-
ponentsinto meaningfulpartitionsand(2) for establishingrelationsof different
typesbetweencomponents.For this purpose,a methodcalledgeneralizedsigna-
turematching(GSM) is introduced,whichextendssignaturematchingtechniques
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known from theliterature.GSM is applicablefor bothstate-lessandstate-bearing
components.In thiswork it is usedfor organizinga SBS basedrepository.

State-bearingand/orcomplex componentsdonotcomputethesameoutputon
thesameinput,which is dueto internalstatesmaintained.In orderto establishan
approachsimilar to SBS, theinput-outputtransformationsareabstractedby ana-
lyzing theorder, in whichdifferentkindsof transformationsareperformed.These
differencesarecondensatedby developingindexing methods.Hence,sequences
of method-namesprovide with the informationneededto generatedescriptions.
Two differentmethodsfor producingsuccinctdescriptions,which arecalledab-
stractedbehaviorsampling(ABS), are introduced. Due to the particularityof
ABS theabstractionmaynot containenoughinformation,which would not pose
a problemsincethesearchermaystepbackto a moreconcreterepresentationas
providedwith SBS.

Extensional Description

Signature Matching

SBS SBA

GsM

Repository

Figure1.1: Theretrieval process

In figure1.1 thecooperationof thetechniquesin thetaskof locatingcompo-
nentsin a repositoryis depictedon a very high level. The processis organized
into two layers:a signaturematchinglayerandanextensionaldescriptionlayer.
Eachactivity, shown asellipsein figure1.1,helpsto restrictthenumberof there-
trievedcandidatecomponentsuntil thesearchergetsthemostpromisingreusable
components.

A similar approachis pursuit in the thesisof Bouchachia[32]. Here,soft-
waremanuals(man-pages)areanalyzedandrepresentationsaregeneratedwhich
aredrasticallyshortenedby applyingvariousneural-nettechniques.Theaffinity
to our work is due to the aim to (1) generatecomponentrepresentationsauto-
matically and to (2) establisha stratifiedapproach.The resultsof both works
complementoneanotherandcanbeseenastoolsstartingfrom differentground,
but aimingat thesametarget.
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1.2 Organization of this work

Chapter2 provideswith a detailedreflectionaboutthe dimensionsof software
reuseaswell assomedefinitions. We discussa specificsoftwaredevelopment
processmodelwhich advancesthe possibilitiesof softwarereuse.Furthermore,
thenotionof “reusablecomponent”is examinedin thischapter.

Theconsequencesof ambiguouscomponentdescriptionsarerevealedin chap-
ter 3. We identify importantfacetsof this problemanddiscusschallengeswhich
will beaddressedin detailin this thesis.

Chapter4 presentstherelevantapproachesfor softwareretrieval publishedin
theliteraturewhichlargelyagreesthatsoftwarecanbeconsideredeitheraspecific
form of document,a mathematicalmodel,or a formalstructure.Accordingly, the
methodsusedfor solving the softwaredescriptionandretrieval problem(which
aretwo sidesof thecoin)differ substantially. Two methodsareidentifiedasbeing
promising,extensionaldescriptionsandsignaturematching.

The ideaof signaturematchingis elaboratedin chapter5. After discussing
thebasicconceptsof typesandsignatures,aspecificrepresentation,thesignature
graph,is presented.Basedon this graph,varioussignaturerelationsareworked
out; someof whicharenotknown in theliteraturesofar. We will discussagraph
transformationwhich is calledflattening. A graphtransformedin thiswayallows
amorepragmaticandconcept-basedsearchfor signatures.

ThestaticbehaviorsamplingmethodSBS, presentedin chapter6, is founded
on extensionaldescriptionsand usesthe techniquesdevelopedin chapter5 for
pre-orderingstate-lesscomponentsof a repository. We will discussthestructure
of a SBS-basedrepositoryandthepreconditionsfor selectingtestdatato beused
ascomponents’descriptions.Thesedescriptionsareanalyzedby a decisiontree
algorithmandthusabrowsingstructureis established.

Chapter7 illustrateshow the ideasdevelopedin the previouschaptercanbe
appliedto state-bearingcomponentsaswell. Thereweadaptedtwo differenttech-
niquesaccordingto our needsto producedescriptionsfor reusablecomponents.
Wecall thesemethodsabstractedbehaviorsamplingmethods,ABS.

In chapter8 the work concludeswith a discussionof the benefitsanddraw-
backsof our approach. Furthermore,future work is identified and somefinal
remarksaregiven.
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Reuse Context

2.1 Reuse economics

In the mid 60ies,software began to develop from an art (or craftsmanship)to
a profession. It was pushedaheadby the questfor bettercontrol of software
costs,quality andtime to developea system.Thebirthplaceof thetermsoftware
engineering, which subsumesthis thinking, is seenat the 1968NATO Confer-
ence[160, 112] in Garmisch,Germany. There,the main focuswason finding
waysto fight thesoftware crisis. Along with this crisis,which evolveddueto the
risein capabilityandtheavailability of considerablycheapercomputers[170], the
following issuesbecameevident:

Therangeof computableproblemswasbroadenedwhich led to morecomplex
andlargerprograms.

More andmoreenterprizeswereableto afford computersanddemandednew
programsto solve theirproblems.

Theseeffects led to projectswhich could not be finishedin time (if ever),
aswell asto softwareprogramswith functionaldeficiencieswhich werehardto
maintain. Up to that time, the bestpracticesto developsoftwarerenderedmore
andmoreinfeasible.As a solutionto thesoftwarecrisisMcIlroy [138] proposed
theideaof highly standardizedsoftwarebuilding blocksasakey to industriallike
softwaremassproduction.Givena largerepositoryof suchcomponents,together
with automatedtechniquesfor customizingthesecomponentsto the developer’s
needs,the developerratherasked the question“Which componentshall I use?”

7
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than “Which componentshall I build?”1. This idea of reusingsoftwareassets
waspersuasiveenoughfor theresearchcommunityto adoptedit atonce.Surpris-
ingly, thesoftwarecrisis is still anongoingchallenge[85] andreuseis still seen
asthetechniquewith thehighestpotentialto improvesoftwaredevelopmentcon-
siderably. At his keynotetalk at the STARS conferenceheld at TysonsCorner,
Virginia, USA in 1991,Barry Boehmstatedthreemajor approachesto increase
theeffectivenessof softwaredevelopment[93]:

1 Youmaywork fasterby usingbettertools,

2 you may work smarterby developingbetterprocessesfor softwaredevelop-
ment,or

3 youmayavoid work by increasingreuse.

Accordingto Boehmthelargestcontributionto costsaving amongthesethree
topicsis expectedthroughreuse.In figure2.1onecansee,that in thenearfuture
the potentialimprovementin costsavings obtainedby bettertools or improved
processesarenot significant.Only in reusingexisting artifactsit is expectedthat
costscanbe saved dramatically. This view is sharedby many otherauthorsas
well [91, 72].

1992 1994 1996 1998 2000 2002 2004 2006 2008

Reuse

Process
Tools

Total

Figure 2.1: Expectedcost savings by applying different software engineering
techniques([93, p 17])

1Someauthorsseethedawn of reusealreadyin 1958whentheFORTRAN II compilerallowed
to compile subroutinesseparatelyand to generatedomainspecificpackages,e.g. for scientific
computing[12, 60].
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What is reuseafter all? The idea is a very simpleoneand in the literature
of softwareengineeringonecanfind a varietyof definitions.In his reusesurvey,
Kruegerstates,that

“ ����� software reuseis using existing software artifacts during the
constructionof a new softwaresystem” [122,p 133]

whereasReiferdefinessoftwarereuseas

“ ����� theprocessof implementingor updatingsoftwaresystemsusing
existingsoftwareassets.” [195]

The definition of Reifer, which is very similar to the one publishedby the
US Departmentof DefenseSoftwareReuseInitiative [62], stressesthepoint that
reusedoesnot happensolelywhennew systemsarebuilt, but alsowhenexisting
systemsareupdatedandmaintained.In this work, this is our view ontosoftware
reuse,too.

Bothdefinitionsdonotlimit thesoftwareartifactsto sourcecodeonly. Indeed,
thehigherthelevel of abstractionof artifactsis (designs,testcases,specifications,
requirementdocuments,����� ), the larger arethe expectedbenefitsfrom reusing
it [162, 88]. Consideringthe whole effort to developa system,Boehm[31] es-
timatedthat the effort to designcomesto 29 %, andthe effort to conducttests
amountsto 23%. As aconsequence,reusingartifactsfrom theearlyphasesof the
softwarelife cycle leadsto significanteconomicimprovements,sinceall depen-
dentwork productsof reusedartifactsdoalreadyexist.

In the remainderof this work, we refer to the notionof softwareartifactsas
assets, whenanentity of thewholespectrumof reusablesoftwareproductsfrom
any of the phasesof the softwarelife cycle is dealtwith. Only whenreferring
to thelevel of implementation(sourcecode,executablebinaries)we usetheterm
components.

2.2 Reuse Expectations

Whatarethe expectationsassociatedwith reuse?Therearethreemain reasons,
why theeffort to build andmaintainareuseprocessshouldpayoff [153,17, 131]
andhelpto deliversoftwarewhich is lesscostly:
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Quality.

Sincethe assetsfor reusearebuilt for many differentapplications,their quality
mustbeoutstandingandthereforethey mustbemostcarefullyexamined.Addi-
tionally, reusableassetmay incorporatedomainknowledgewhich is not known
by theuserof theassetin its entirety. Theuserdoesnotneedto beinformedabout
detailsof thedomain.In thisway, majorpitfallscanbeavoidedwhichcouldcome
to existenceby re-inventingsolutions.As anexample,thereadermaythink of a
reusablefinancialanalysiscomponent,wheretheknowledgeaboutsummarizing
detailsis built in. Theprogrammerreusingthisanalysistool only needsto plug it
into anew systemwithouthaving to know aboutthealgorithmsbuilt into it.

Reusethereforeleadsto a significantreduceddefectdensityfor the whole
product. The increasein quality is dueto an increasein reliability, consistency,
manageability, andstandardization.

Productivity.

Dueto thefactthatanassetdoesnot neednot bebuilt from scratchbut hasto be
incorporatedinto theproductonly, theproductivity is higherby reusingthanby
reinventing.Productivity is oftenconsidereda functionof softwaresize,suchas
thenumberof linesof codedeliveredor thenumberof function-pointsdelivered.
The increasein productivity is dueto thehighercapacityof programmers,since
lesseffort goesinto documentationandtesting,andthe maintainabilityis being
simplified.

Timeto market.

By saving time throughincorporatingexistingassetsinto asoftwaresystem,time
to market canbereduceddrastically, too.

2.3 Reuse process

Reusemayoccurin two differentstyles,systematicand/oropportunisticreuse:

Systematicreuse: This is alsocalledinstitutionalizedreuseandit is thestyleof
softwaredevelopment,in which the inclusionof reusableproductsdur-
ing all stagesof softwaredevelopment(requirements,analysis,design,
implementation,test)is anintegralpartof thedevelopmentprocess.
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Opportunistic reuse: This style happensin an ad hoc-manner. During the
softwaredevelopment,individualsrecognizepatternswithin their work
whichoccurredalreadyin formerprojects.Suchpatternscanrangefrom
productslike analysisdocuments,algorithms,to subroutinesor whole
subsystems.Accordingto their individualknowledge,thesepersonsthen
incorporateassetsinto thecurrentproduct.

Both stylesof reuseadoptionareimportant.Opportunisticreusegivesthedevel-
opersa certaindegreeof freedomandhastheadvantageof beingeasyto imple-
mentinto a repositoryof reusableassets.Studieshave shown, that theexistence
of a repositoryis akey factorfor promotingreuse[130]. However, thesefindings
arenotsharedby otherstudies.FrakesandFox havefoundthatthemereexistence
of asoftwarerepositorydoesnot influencethelevel of reusein anenterprise[75].
Providing technicalinfrastructurealoneis insufficientfor a longtermsuccess,be-
causethenthedevelopershaveto carrythemainresponsibilityfor initiating reuse.
If a developerdoesnot know aboutpreviouswork, only in slowly gatheringex-
periencewill his level of reuseadoptionrise. This is not effective. On theother
hand,thedevelopersshouldnot beresponsiblefor providing reusableassetsand
for pushingon a developmentprojectat thesametime. Fromcognitive psychol-
ogyweknow thatthepressureto provideageneralsolutionfor aspecificproblem
is too high for developers[125, 126] andthat they cannotsolve the problemby
themselves. In addition,the tensionbetweenscarcedevelopmentresourcesand
long termbenefitsoftenleadsto aneglectof theactuallong termgoal[228].

Effective systematicreuseneedsa well definedway to generateassetsandto
usethem.Therefore,definedprocessesfor

1 developmentfor reuseand

2 developmentwith reuse[100]

mustbeestablished.Suchprocesses,which aredifferentfrom thatof a “conven-
tional” softwaredevelopmentprocess,shouldbeadaptedto thespecialneedsof a
reusecentricparadigm.Thefollowing assumptionsarespecificfor reusecentered
development[18]:

Software development,especiallywhen having reusein mind, needsto be
viewed as an “experimental”discipline. In order to enableorganizationsto
learnfrom eachdevelopmentprojectandincrementallyimprovetheirability to
engineerqualityproducts,anevolutionarymodelis needed.
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To anticipatethe specificitiesof differentdevelopmentprojects,a singlesoft-
waredevelopmentapproachcannotbeassumedfor all of them.

Softwaredevelopmentapproachesneedto be customizableto reusecentered
projectrequirementsandcharacteristics.

Thesereasonsprevent theapplicationof a standardprocessandin the litera-
ture, differentreuseprocessmodelsareproposed.The modelpresentedhereis
orientedtowardsthesuggestionsof Reifer [195]. It is similar to themodelspro-
posedby Hochm̈uller andMittermeir [102] or Mambella[135] in theway that it
reflectstheintentionto makereuseanintegralpartof softwaredevelopmentwith-
out radicallychangingthe organizationvery well. This evolutionaryidearaises
thechancefor thesuccessof a reuseinitiative [101].

Themodelof Reiferconsistsof threeprocesses.DomainEngineeringaimsat
generatingreusableassets,applicationengineeringservesfor developingsoftware
onthebasisof reusableassets,whereasassetmanagementsupportsbothprocesses
by administeringthereuselibrary.

Developmentfor Reuse– DomainEngineering.

Theprocessof developmentfor reusehastheaimto organizethewayof building
high quality assetswhich areeasyto incorporateinto a new softwaresystem.In
the literaturethis processis calleddomainengineeringaswell [91, 205]. A do-
mainis adistinctapplicationareathatcanbesupportedby aclassof systemswith
similar requirementsandcapabilities[114]. Examplesfor domainsareavionic
controlcentersor humanresourcemanagementsystems.Componentsdeveloped
by domainengineeringhasto beusefulfor awidespectrumof systemwithin ado-
main. In general,domainengineeringhasa broadermeaningthan“development
for reuse”,sincethefocusis not restrictedto componentsonly (on theimplemen-
tation level) but is alsoon designandanalysisdocuments.An importanttaskis
thedevelopmentof a valid ontologyfor thatdomain.Furthermore,within a firm,
more thanonesuchprocessescould be established,dependingon the different
domainsthisfirm developssoftwarefor.

Domainengineeringsubsumesall activitieswhicharenecessaryto understand
the major conceptsof an area. Reifer suggeststhreemain activities, Domain
preparation, Domain Analysis, and AssetGeneration. Similar processmodels
for domainengineeringcanbefoundin [137, 102].

Domainpreparationrefersto theprocessof determiningthescopeandbound-
ariesof a domainin orderto definethe major functionsandcapabilitieswithin,
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to determinewhat functionsandcapabilitiesareexcludedfrom it, and to iden-
tify existing interactionswith externaldomains.Synonymsfor the termdomain
preparationaredomainboundaryanalysisanddomaindefinition.

Thenotionof domainanalysiswasfirst usedby Neighborswho definesit as
“ theactivityof identifyingtheobjectsandoperationsof a classof similar systems
in a particular problemdomain” [161]. Accordingto the US NationalInstitute
for StandardsandTechnology(NIST), domainanalysisis definedas[114] “ the
analysisof software systemswithin a domainto discover commonalitiesanddif-
ferencesamongthem.” Neighbors´sdefinitiondiffersfrom NIST’s in thewaythat
NIST emphasizestheanalysisof softwaresystemswithin adomain.Wethink that
adomainexistsindependentlyfrom softwaresystemsandthereforewepreferthe
formerone.

Due to its inherentabstractnature,the areaof domainanalysisis very com-
plex anddifferentapproachesfor conductingdomainanalysisaresuggestedin the
literature. They rangefrom top-down commonalityanalysisto bottom-upsyn-
thesis,whereprojectinformationis gatheredandabstractedwhichrevealsfailures
andsuccesses[94, 132]. If thereaderis interestedin furtherdetails,we suggest
thework of ArangoandDiaz [6, 5] asstartingpoints.

The resultof domainanalysisis a domainmodel, which comprisesrequire-
mentsgatheredin this way. A domainmodel representsa domainanddepicts
objectsandrelationships,functionsandbehaviors. Themodelidentifiesgeneric
requirementsor commonalities,aswell asdifferencesin the problemsin a do-
main[133,page170].

Assetgenerationis theprocessof building reusablehighqualityartifactswith
respectto givenstandards.This doesnot mean,that they mustbebuilt in house.
Any acquisitionof assetsis possible,rangingfrom buying commercial-of-the-
shelfcomponents(COTS) [30] to scavengingpartsof legacy systemswhichhave
beenprovento beof highqualityby longstandingoperationaluse[182,216,41].

Developmentwith Reuse– ApplicationEngineering.

Developmentwith reuseis theprocessof building softwarewith anexplicit em-
phasison incorporatingvaluableassets.Themoregeneralnotionof application
engineeringindicatesthat this developmentprocessguidestheproductionof ap-
plicationsoftwarein a disciplinedway. This is thestandardprocesswhich soft-
waredevelopersusein orderto developor maintainsoftwaresystems.Herethree
mainactivities canbe identified,RequirementsAnalysis, Software Development,
andOperationsandMaintenance.
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AssetManagement.

Applicationanddomainengineeringcannotoperateindependentlyof eachother.
Thedemandfor analyzinga domainis normallydrivenby theneedfor anappli-
cationwithin a domain. On the otherhand,softwaredevelopersusethe results
of thedomainengineeringeffort by accessingthedomainmodelandthereuseli-
brary. Theassetmanagementis responsiblefor varioustasksin thatenvironment.
Importantaspectsare

library management: effort planing, requesthandling,demandanalyzing,ac-
cesscontrol,financialcontrol,

library population: negotiationwith suppliers,classification,qualification,cat-
alogingassets,andupdatinglibrary holdings(which is a consequenceof
purchasinganasset),

library operations: configurationmanagement,identifying troublesomeassets,
measurements,usersupport,information,planingof training,

library maintenance: maintenanceplaning,assetmaintenance,andlibrary rein-
dexing (which canbeperformedperiodicallybasedon queryprofilesor
afterapopulationstep),library interfaceadaption.

The cooperationbetweenthesethreesoftwaredevelopmentprocessesis de-
pictedin figure2.2. Thehigh level activities arerepresentedasellipses.Rectan-
glesrepresentknowledgebases,which areconstructedandutilized by activities.
Thediverserelationshipsamongactivities andbetweenactivities andknowledge
basesareshown asarrows2. Dueto thetwo orthogonal(but not independent)de-
velopmentprocesses,whicharesupportedby assetmanagement,Reifercallsthis

2Jacobson,et.al[108] defineda processmodelwith threeprocesses:

Application Family Engineering. All activities for designingandimplementinga functionalar-
chitectureaccordingto a family of applicationsor a productline. This architectureis the
basisfor furthersoftwareproductdevelopment.

ComponentSystemEngineering. The setof activities for developingreusableassets.A pre-
requisitefor doing so is ananalysisof the requirementsandtheir variability throughthe
differentapplicationsof a family or productline.

Application SystemEngineering. The set of activities which build applicationsbasedon the
commonarchitectureby usingexistingassets

Thisview is verycloseto theproposalof Reifer, in sofarasthefirst two activitiesof Jacobsonand
hisco-authorscoincidewith Reifer´sdefinitionof domainengineeringactivities. ApplicationSys-
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Figure2.2: Reuseorientedsoftwaredevelopment(Source:Reifer[195]).

processmodeltwo-life-cyclesoftware process. Domainengineeringandapplica-
tion engineeringareconductedin parallel.

2.4 Reuse Challeng es

2.4.1 Organizational Issues

Althoughthesoftwareindustryknowsaboutthepotentialbenefitsfrom practicing
reuse,thecommunityis notquitesureaboutthepromisedgainsyet [29, 74]. This
is dueto thefactthatsoftwarereuseis notonly a technicalproblem,but hasto be

temsEngineeringin Jacobsonsensecanbeseenassimilar to theapplicationengineeringdefined
by Reifer.
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consideredon theorganizationallevel, too. Only whenconsideringbothaspects,
a longtermsuccesscanbeachieved[159]. If a reuseprogramdoesnotclarify the
following issues,it will mostlikely fail:

Adequateinvestment.

Reusedoesnot comefor free. Themanagementmustinvestin acquiring,build-
ing, maintainingandupgradingreusetechnology. Additionally, the continuous
trainingeffort for all developersinvolvedmustbepartof thecalculation.

Reusegroup.

In orderto gatherexpertiseaspecializedreusegroupor domainengineeringgroup
mustbeestablished.In thehierarchyof theorganization,thisgroupis onthesame
level with any otherdevelopmentteam.It is responsiblefor all reuseactivitiesand
formsa platformacrossall otherprojectgroups.It shouldcreatea foundationof
sharedsoftwarebeforeany otherdevelopmentshouldbegin [179].

Reuseincentiveprogram.

Developersmustbe rewardedfor successfullyapplyingreusetechnologiesand
adequatereportingandmeasurementschemesmustbeenacted.If themainpro-
ductivity measurefor thedevelopersis a countof sourcelines,this measurewill
certainlydeterdeveloperfrom reuse,sinceanincreasein thenumberof reusedas-
setsdecreasesthesourceline perdeveloperproductivity. Therefore,it is essential
to establisha rewardsystemwhich is comprehensibleandfair [23, 22].

Standardsincentiveprogram.

Not only theincorporationof existingassetsmustberewarded,but alsotheextra
effort, which is taken to understandandapply standards,suchasarchitectures.
All this wasnormallyaccountedto theproject’s budgetandhasthereforeusually
beendroppedunderpressure.

Longtermreusestrategy.

Within a narrowly viewed project,systematicreuseis unlikely to withstandthe
everydaypressurefor long. Considerationof reusemust be (1) acrossrelated
systems(vertical domains)and(2) additionallyshouldallow for generalization
acrossunrelatedsystems(horizontaldomains). Herethe productline approach
triesto achieve themaximumbenefitby takingbothaspectsinto account[20].
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Retardedreturnof investment

Reuseinitiativesneedalot of resourceswhichpayoff only laterin futureprojects.
Thecostof it mustbesharedby all ongoingprojects.Thebenefitof a reusepro-
grammaynot contributeto theeconomicalsuccessof theearly-adopterprojects.
Thismayleadto resistanceagainstadditionalexpenditure.

2.4.2 Technical Issues

Theseorganizationalissuesarevery important,althoughtherearestill technical
challengesbeingunsolved. The rapid changesin softwaredevelopmentcauses
thebelief that the main technicalproblemshave beensolved[179]; someof the
“solved” problems,however, havebeenrevitalized.

As a softwaredevelopmentplatform, the internettakesa centerstagein all
thesechanges [80, 136]. More andmoreprojectsareglobally distributedand
coordinatedvia the internet. This leadsto the effect that peoplewith different
backgroundsanddifferentmothertongueswork on thesameproject,demanding
thesameunderstandingof whatis goingon.

On the other hand,componentsthemselvesmay be distributedall over the
world. This leadsto the needfor a new way of representingand deploying
them[24], becausecertainassumptionsnecessaryfor understandingthecompo-
nents(language,organizationalandculturalcontext) cannotbeguaranteedto face
up to everysituation.

Due to the bidirectionalnatureof reuse,technicalchallengesarisein both
aspects,domainengineeringandapplicationengineering.

Domain Engineering and Asset Management

The main objective of domainengineeringis to build a domainmodel and to
generatereusableassets.Whereasthe domainmodelservesas a repositoryof
corerequirements,whichholdsfor many applicationsin agivendomain,thereuse
library holdsreusablepartsfor adomain,specifiedthroughinformationsfrom the
domainmodel. A partof the taskof domainengineeringis thereforeto identify
andprovidereusableitems.AssetManagementis responsiblefor consideringthe
following technicalquestionsbasedon theresultsof domainengineering.
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Verification

is partof thequality assuranceprocess.It is the taskof determiningwhetheror
not an assetfulfills establishedrequirements[183]. The requirementsaregiven
by thedomainmodel. Furthermore,they musthave a certainpotentialfor being
reusedin theapplicationdomain.

Description

is the taskof assigninga cognitive characterizationto anassetwhich allows for
representingthemeaningof it withoutdisplayingall its details.Theproblemhere
is to keepthebalancebetweenincludingall importantaspectsof theassetwithout
overloadingthedescriptionwith unimportantfacts.

Assetorganization

is the taskof generatingand maintaininga meta-structurewhich describesthe
relationsbetweenthe assets. The purposeof this meta-structureis to support
effectivesearchingin asoftwarelibrary.

Application Engineering and Asset Management

Whereasdomainengineeringis concernedwith gatheringinformation abouta
certainfield of operation,applicationengineeringis thedisciplineof developing
softwareproductswith respectto thedomain.This view of developmenttries to
emphasizethesystematicapproachto reuse,becausethestartingpoint of devel-
opmentis basedon the foundationof the domainmodel. The interfaceto asset
managementthenpertainsthefollowing aspects:

Searching

Theprocessof assetmanagementis in duty for providing the informationabout
reusableartifactsduringthewholelife cycleof softwaredevelopment.Duringre-
quirementsanalysistheanalystusesinformationfrom thedomainmodelaswell
as from the software library. This indicatesthat a pure top-down approachto
softwaredevelopmentby emphasizingsystematicreuseis not possible,sinceex-
isting knowledgeaboutthedomainmayrestrictthesearchspacefor theanalyst.
Thesearchfor anassetproviding thefunctionalitywantedmaybeperformedby
browsingthecontentof thelibrary aswell. Here,aclearguidancefor thesearcher
is important.
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Furthermore,a situationmight arisewherethe analystrecognizesa missing
or wronglydefinedelementin thedomainmodel.Then,he/sheis responsiblefor
triggeringa new domainengineeringprocessfor reflectingthe new situation(a
bottomupsituation).

Themainpurposeof assetmanagementis to provide reusableassetsin tight
interactionwith applicationengineering.Searchingfor an assetwhich provides
a solutionto her/hisrequirements,thesoftwaredeveloper, expresseshis/herneed
in sucha way that theretrieval systemof thereuselibrary is ableto understand.
Thisquerycaneitherbeexpressedin thesameframework of descriptionin which
theassetsareindexed,or it canbeconceptuallycloserto thedeveloper’s way of
thinking. In addition,the candidatesobtainedby a retrieval processhave to be
presentedto thesoftwaredeveloperin anunderstandableform.

Verification

After selectingassets,theseartifactsmustbe verified to make surethat the re-
trieved assetscomply with the query’s specification.If this cannotbe achieved
at full certainty, at leastthedegreeof trustworthinessin this compliancemustbe
high. A significantpartof theverificationprocessis alreadybeingperformedby
thesearchprocessitself. Anyhow, theobtainedassetshave to befurtheranalyzed
verycarefullywith regardto thefunctionalitybeingsearchedfor.

Incorporation

After identifying andverifying an asset,the questionarises:how canthis asset
beincorporatedinto theproduct?If theprovidedfunctionalityof theassetmeets
therequirementscompletely, nofunctionalmodificationis necessaryandtheasset
canbeusedasa black box (verbatim,“as is”)3. If therequirementsaremetonly
partially, modificationshave to beperformed.Suchassetshave to undergoa rigid
quality assuranceactivity. This way of reuseis known as leveraged,adaptive,
portingor whiteboxreusein theliterature[72].

2.5 What is a component?
In thecontext of the two-cycledsoftwaredevelopmentprocessdescribedin sec-
tion 2.3,this thesisis locatedwithin thetechnicalpartof assetmanagement.The

3If a componentshouldbe integratedinto a systemas black box, the retrieval mechanism
shouldnot dependon interiorsof them. This demandsplug-in compatibilitybetweenqueryand
component[69, 11]. Seetheglossaryfor details.
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focusis on theprocessof reusingacertaintypeof asset,namelythecomponents.

Thegeneralpurposeof a componentis its integrationinto a softwaresystem.
It is aspecializedform of anasset(thegeneralterm)whichis producedduringthe
implementationphaseof eitherthedomainengineeringprocess(assetgeneration)
or the applicationengineeringprocess(software development)4. Although the
termcomponentis oftendirectly associatedwith theobjectorientatedparadigm
(which supportsthe building of modularsystemwell), componentsneednot be
objects[220, p 30ff].

Thereis no totally accepteddefinitionof thetermcomponent[36]. TheNIST
reuseglossary[114] definesa componentin a very generalway as one of the
parts,eitherhardwareor software,thatmake up a system.This definition is too
broadto virtually includeall of theartifactsof adevelopmentprocess,suchastest
cases,sourcecodeor parameterfiles. This leadsto theconclusionthattheNIST’s
notionof a componentis equivalentto thetermassetasbeingusedin this work.
Additionally, the term componenthasnot only beendevelopedwith regard to
reuse,but alsofor supportingtheevolutionof a system.A highly componentized
systemis easierto maintain,sincethelocalizationof its partshasbeensimplified
andtheimpactof changesareeasierto analyze,which is dueto thewell defined
interfaces.

2.5.1 Components as functional entities

In [104], Hopkinsdiscussesseveraldefinitionsof components.His usefulconclu-
sionis that

“a softwarecomponentisaphysicalpackagingof executablesoftware
with awell definedandpublishedinterface.”

Hopkinsfocuseson thephysicalmanifestationof anexecutableobject(not in
thestrict senseof theobjectorientedparadigm).A componentmustcomplywith
acomponentmodel.Componentmodelsprovidetheinfrastructurefor thecorrect
implementationof components,communicationbetweenthemanddistributionof
them. Examplesfor componentmodelsaretheCommonObjectRequestBroker
(CORBA), definedby theObjectManagementGroup,theDistributedComponent

4A componentgeneratedthiswaymustcomplywith acomponentvalidationprocess,whichis
typically conductedin domainengineering.Therefore,a application-engineering-generatedcom-
ponentis mostoftenfed into thedomainpreparationprocessstepof domainengineering.
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ObjectModel(DCOM) from Microsoft,andtheEnterpriseJavaBeans(EJB)from
SunMicrosystems[121,209]. A verysimilardefinitioncanbefoundin thebook
of Szyperski[220], whosaysthat“softwarecomponentsarebinaryunitsof inde-
pendentproduction,acquisition,anddeploymentthat interact to form a (part of
a) functioningsystem.” In addition,this definitionstressesthe executability, the
closeness(at leastvia theuseasbinarypackages)andtheaccessibilityvia inter-
facesof components.Additionally, it hasbeenstressedthat componentsdo not
haveaper-seexistencebut form abuilding blockof largersystems.

A setof definitionsfor componentsis provided by Brown et. al. in [37] as
well. The authorscollecteddefinitionscommonin researchand practice. Al-
thoughfocusingon differentaspects,they stressthe importanceof an interface
specification. The knowledgeaboutthe structureandfunctionality of a compo-
nentmaybeaccessibleor not,but theinterfacemustbedefinedexplicitly, which
includesa completelist of theservicesprovidedandhow to accessthem,generic
dependenciesor possibleerrorconditions.Therefore,animportantfinding of the
authorsis thatcomponentsareinseparablefrom architecture.In accordancewith
the initial statementof the currentsection,Brown andhis co-authorsclaim that
objectorientationis neitheranecessarynorasufficientpreconditionfor realizing
components.However, objecttechnologymakesthe taskto implementcompo-
nentseasierdueto packages,interfacedefinitionsandgenericity. It is therefore
oftendirectly associatedwith componenttechnology. Dueto their rigid interface
specification,componentshave clearly definedaccesspoints,which is an prop-
erty enablingits reusability. However, componentsassuchdo not automatically
make a reusablebuilding block (a factwhich is truefor objectorientatedclasses
aswell).

2.5.2 Components as abstraction vehic les

The term componentis importantin the field of software architectures, too. In
general,softwarearchitecturesareameansto capturetheoverallstructurallayout
of asystemonahighlevel,accompaniedwith principlesandguidelinesgoverning
thesystem’s designandevolution [49]. Certainstylesfor layingout a systemare
identified,suchaspipe-and-filterstructures,layers,event-basedcommunication
structures,client-server, or object-orientatedinteraction[82]. Thebasicbuilding
elementsfor establishingarchitecturesarecomponentsandconnectors.

A component(dependingonthearchitecturalstyle,synonymsfor components
arefilter, object,process)is understoodasa functional(domain)entity linkedto
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othercomponentsby connectors.Connectorsareinterpretedas“uses”or “passes-
data-to”[19] relations.Architecturalcomponents,dependingonthearchitecture’s
style,mainly serve asa meansto separateconcernsandto abstractfrom thesub-
systemswhich wererepresentedby them. Oneof themainpurposesof architec-
turesis toprovidethedesignerwith guidelinesto reducethecomplexity of thetask
of assemblingcomponents.Componentsin thatsensearelargegrainsubsystems
andthearchitecturedescribestheir interactionin thatspecificcontext. Hence,no
completedescriptionof the component’s behavior is provided andpresentedin
the interfacedescription.But completebehavioral descriptionsareessentialfor
makingcomponentsreusable!An architecturalcomponentis thusnot reusable
per-se.

This conclusionwasdrawn in [81] aswell, wheretheauthorsdescribeobsta-
clesto be overcomeby naively putting architecturalcomponentstogether. The
main observation turnedout to be that their components(COTS e.g. an object
orienteddatabasesystem,a framework for building graphicaleditors,etc.),which
weregenerallyreusable,assumetoo muchcontext in the form of infrastructure,
integration,andinvocation,sothattheconsequentlyintroducedmutualdependen-
ciescouldnotberesolved.

Up to now, noneof theviews of componentsprimarily stressestheaspectsof
reusability. Thisview is discussedin thefollowing section.

2.5.3 Components as reusab le building blocks
BertrandMeyer [143] focuseson the(re)useof softwarecomponentsanddefines
themasprogrammingelementswith thefollowing properties:

Elementsmaybeusedby otherprogramelements(clients),and
Clientsandtheirauthorsdonotneedto beknown to theelement’sauthors.

The first property excludes software, which builds a completeand self-
containedsystem.As anexample,a wordprocessor, whenusedby a persondoes
nothavecomponentproperty, but if it is built into ahumanresourcemanagement
systemfor enteringreports,the term componentis usedcorrectly. The sameis
true for embeddedsoftware,which cannotbeconsidereda component.A piece
of softwaredirectly controllinghardwareis too specificasto beusedin another
context withouthaving beensubstantiallymodified.

Thesecondpropertyexcludesa simplesubroutinecall, which canbeseenas
reusingfunctionality;but dueto its ad-hocproperty, sucha routineis not consid-
ereda component.A componentshouldhave the potentialto be usedby other
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programmersaswell whichcanonly bethecaseif its interfaceandenvironment-
dependenciesareverywell designedanddocumented.

In Meyer’s opinion,componentsmaybefunctions,modules,objects,or clus-
ters of objects; they may either appearin the form of a sourcecodeor in an
executablestate.Assetsfrom therequirementsphaseor analysisphase,testdocu-
mentsandtestcasesarenotreferedto ascomponents,sincetheseproductscannot
beusedby clientsdirectly. Componentsarebuilding blocksproviding important
functionalitiesfor asystem.A “true” componentis usableby softwaredevelopers
who build new systemswhich arenot foreseenby thecomponent’s author. This
purposeshiftsthetermcomponentto thefield of reuseagain.

A four dimensionalclassificationframework

Meyerclassifiescomponentsaccordingto thefour facetsof softwareprocess, ab-
straction, integration, andaccessibility. Although he speaksof objectoriented
components,hisclassificationis notbasedon theobjectorientedpropertiesandit
is alsosuitablefor theimperativeparadigm.Here,thecharacteristicsof thefacets
areprovided:

The software processfacetdeterminesin which phaseof a softwareprocess
thecomponentcanbeused.This rangesfrom theanalysisphaseto thedesign
andthe implementationphase.Pleasenote,thatMeyer doesnot considertest
casesascomponents,whichexcludessubsequentphasesof thesoftwaredevel-
opmentprocessfrom his framework. Furthermore,this facetexplicitly stresses
componentswhicharenot programmingelements!

The level of abstraction describesthe componentaccordingto its degreeof
generality. Differentviews areconsidered,which arefunctionalabstractions,
groupsof relatedelements, dataabstractions, frameworks, or systemabstrac-
tions. A functionalabstractionsis the representationof a self-containedfunc-
tionality representedby subroutinesor functionswhich areknown from tradi-
tional softwarelibraries.A groupingis a setof gatheredandarbitrarily related
elements.Dataabstractionsmay be datacapsulesin imperative languagesor
classesin objectorientedlanguages,coveringa dataentity. A higherlevel of
abstractionis achievedthroughframeworks,whichhaveto beusedaccordingto
asetof rules.Thehighestlevel of abstractionis achievedby theuseof coarse-
grainedbinarycomponents.Dueto thematurityof objectorientatedtechnology
they areavailableon thebasisof COM, CORBA, or JavaBeansarchitectures.
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The level of integration refersto the point in time whena componentis inte-
gratedinto a softwaresystem5. Meyer identifiesthreedifferentpointsin time:
staticexecutionrefersto theintegrationduringcompiletime or link time (they
arenot changeablewithout a recompile),replaceablecomponentsarealsoin-
tegratedduring compileor link time, but with a certaindynamicvariability,
anddynamiccomponents, which areintegratedduringtheexecutiontime of a
system.

The level of accessibilityderivesfrom the form in which the componentsare
availableto thedevelopers.Here,threedifferentmodescanbeidentified:Ac-
cessthroughinterfacedescriptions,whereno sourceis available. Sourcecode
accessonly, wherethe developerhasto understandthe codein detail in or-
der to determineits functionality. Informationhiding is given,whenaccessis
providedthroughtheinterfaceandadditionallythesourcecodeis availablefor
inspection,discussionandcorrection.A compressedview of theclassification
schemais shown in table2.1.

Facets
Process Abstraction Integration Accessibility
analysis functional static interfaceonly
design grouping replaceable sourceonly
implementation data dynamic informationhiding

framework
system

Table2.1: A four-dimensionalcomponentclassificationframework [143]

A threedimensionalclassificationframework

A muchsimplerframework is presentedby Thomason[221]. He placescompo-
nentsinto a threedimensionalclassificationspacewith thedimensionsdefinedas
distribution, modularity, andindependenceof platformor language. A software
componentcanbelocateddueto theabsenceof acertainfeature(0)or its presence
(1). In thatsense,a monolithicsystemis rated[0,0,0],sinceit is non-distributed,

5Meyer refersto this strataas level of execution, which in our opinion is a misleadingterm,
sincenot the executionitself but the point in time when a componentis addedto a system’s
functionalityis of interest.
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non-modularanddependenton a certainplatform. A CORBA componentis dis-
tributed. However, the implementationis oftenplatformdependent,leadingto a
rating of [1,1,0]. The binary scalecanbe extendedto a discreteor continuous
one.However, thenthesemanticsfor a ratinghave to bedefinedcarefully, which
makesthisextensionratherdifficult.

To summarizethe discussionaboutthe natureof componentsit canbe said,
that therearea varietyof opinionsanddefinitionsin literature,dependingon the
startingpoint and goal of the authors. Hence,not all assetsdeclaredas com-
ponentsarereusable.In this work, a componentis considereda productof the
implementationphaseof the softwarelifecycle which canbe directly usedasa
building block to beintegratedin morethanonesoftwaresystems.

2.6 Summar y

In this chapterthemainmotivationbehindinvestigatingsoftwarereusehasbeen
discussed.We identified organizationaland managerial challengesas well as
technical ones. Although the demandfor reusablebuilding blockswasalready
realizeda long time ago,many issuesremainopen.An importantfinding is, that
reusedoesnot happenperse: It mustbeembeddedinto thewholesoftwarede-
velopmentorganization. We stressedthe importanceof differentiatingbetween
developmentwith reuse(applicationengineering) anddevelopmentfor reuse(do-
main engineering) andhighlightedaspectsto make it clear, that theseprocesses
arenot independentof eachother. Thechaptercloseswith adiscussionaboutthe
natureof a reusablecomponent.

The next sectionfocuseson problemsand challengeswhich arisefrom the
two-cycled softwareprocessmodelpresentedin this chapter. Thesechallenges
leadto themainquestionsthiswork dealswith.
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3
Problem Description

3.1 Cognitive diff erences in asset descriptions

In ourwork wefocusonthesupportof componentreuse.In general,theexistence
of areuselibrary is akey factorto successfor componentreuse.This library must
bepopulatedby assets,which areusefulfor theapplicationengineer. Without a
library of valuableassets,componentreusecannottakeplace.

Fromthedomainengineer’s point of view, a reuselibrary is theplace,where
therepositorymanagerputsin a generatedasset.Fromtheapplicationengineer’s
perspective,thereuselibrary is theplace,from whichhe/shegetsbuilding blocks
for thecurrentdevelopmentin progress.Both groupsof engineerscanwork in-
dependentlywithoutaffectingeachother. Thereareno formal rules,whichguide
developersin producingassetdescriptionsandtheabstractionhierarchyanappli-
cationengineeris building (in his mind) doesnot necessarilyreflectthedomain
engineer’s perspective. Furthermore,asit is clearlyobservablein many libraries,
anidenticalconceptis oftenrepresentedin substantiallydifferentways[8]. As an
example,considerthehierarchicalclassificationof collectioncomponentsin the
repositoriesof theobjectorienteddevelopmentsystemsof SMALLTALK andEIF-
FEL: They arecompletelydifferent. Figure3.1 on thefollowing pageshows the
VisualWorksSmalltalk’s collectionhierarchyin contrastto the ISE EiffelBase’s
collection([8, page9]). Althoughbothhierarchiesclassifythesameabstractdata
typeconceptwithin thesamedomain,their structureis designedvery differently.
Not eventheabstractdatatype’s namesareidenticallyandonly basicstructures
canbemappedto eachothereasily(althoughit is ratherunlikely, thatthey really

27
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behave identically).
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Figure3.1: Abstractionvariantsin componentlibraries

This leadsto the situation,that the componentsin the library aredescribed
differently. This differencemight pertainto thestructure,the interface,thecon-
straintson input andoutput,performanceneeds,or the behavior of the compo-
nents.Therefore,thedomainengineermaynot anticipatetheexpectationsof the
applicationengineer, leadingto a conceptualmismatchin judging the compo-
nent’s placein the conceptualspaceof the applicationengineer. The following
quotationof Reiferperfectlydescribesthis problemof anuser(applicationengi-
neer)searchingfor anasset.Heclaimsthat

“ ����� usersmusthavesomewayto judge theworthof theassets.You
mustmake sure that theassetsavailableprovidethecapabilitiesthat
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your users both needand want. Finally, you mustmake it easyfor
potentialusers to findandaccessthingsof value.” [195, page9]

Dueto thevirtual natureof software,understandingit is in any caseacomplex
task[66]. This work is concernedwith closingthe gapbetweenthe behavior of
a componentandthedescriptiona searcher(user, applicationengineer)produces
to epitomizethis behavior for a successfulsearch. The next sectiondiscusses
in detail theaspectscausingthesedifferencesbetweenanasset’s description,its
behavior anda queryfor it.

3.2 Challeng es due to conceptual mismatc hes

This sectionis concernedwith the identificationof specificaspectsof thediver-
gencein theview of domainandapplicationengineers.Thediscussionleadsinto
anumberof challengesadesignerof ansoftwareretrieval systemmustovercome
to establishsuccessfulassetmanagement.Theorderin which thechallengesare
presenteddoesnot imply any weighting,sincethepriority dependsonthespecific
context of thesoftwaredevelopment.

3.2.1 Seamless suppor t for systematic reuse

In the reusecentricprocessmodelfor systematicreuse,presentedin section2.3
on page10, bothprocessescanbearchitecturedindependently. For example,the
domainengineeringprocessmay be iterative which emphasizesrapid prototyp-
ing [165], whereasthe applicationengineeringprocessmay adhereto a spiral
model[28] to reducerisks.As a consequence,theview on thepurposeof a com-
ponentis differentaswell. To generatereusableassetsa domainengineermust
anticipatefuture needs:Hence,she/heis interestedin generatingor acquiring
reusableassetswhichare[109,page118]

general(to beusablein avarietyof applications),

canonical(to enhanceunderstandabilityby standardizedformats),

variableandcustomizable(to easeintegrationandadaption).

Application engineerson the otherhandare interestedin specificsolutions
within theapplicationdomain.Theassetsthey needmust

provide thesolutionfor therequiredneed,
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behavecorrectly, and

runefficiently on thecurrentplatform.

Describinga componentmeansto producean epitomeof its characteristics.
What a “characteristic”featurereally is, dependson the focusof the describer.
Hence,it is very likely thedescriptionof thecharacteristicsof a certaincompo-
nentdifferssubstantially, if producedby thedomainengineeror by theapplication
engineer. Asaconsequence,althoughacomponentisavailableandthoroughlyde-
scribed,theapplicationengineerperforminga searchmight missa suitablepiece
of software.
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Figure3.2: Theproblemcontext of thiswork

In figure3.2 the problemspaceof this work is placedwithin the two-cycled
softwaredevelopmentprocessof Reifer (presentedin section2.3). It is located
within its technicalpart,theassetmanagement,andconcentratesonaspectsof or-
ganizingthereuselibrary, servicepreparationandlibrary management.Although
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domainengineeringandapplicationengineeringarelogically separated,bothrest
uponthe samepremises:the meaningof the component’s descriptionsmustbe
interpretedin exactly the sameway. This doesnot imply that both groupsmust
understandtheentiretyof adescription,sincetheir focalpointsaredivergent.

Furthermore,thisunderstandinghasto beindependentfrom technicalandcul-
turalcircumstances.Thedescriptionof theassetssuchobtainedhave to fulfill the
following requirements:

Thedomainengineershouldbeableto obtainor generatethedescriptioneasily.

Theapplicationengineermustbeableto understandthedescriptionwithoutthe
needfor extensivetraining.

Theintegrationof thesearchmethodbasedon thedescriptioninto theworking
environmentof theapplicationengineermustbeseamless.
Thelibrarianshouldbeableto producedescriptionsin isolationwhosequality
is equivalentto descriptionsproducedby domainengineers.
Theadministrationof thedescriptionmustbeeffectiveandmaintenanceof the
reuselibrary shouldnotbehamperedby thedescriptiontechnique.

Theserequirementsoriginatefrom a commongroundwhichcanbesubsumedby
thefollowing challenge:

Challenge1: How canpeopleworking in thecontext of decoupledsoftwarede-
velopmentprocessesgeneratecomponentdescriptionswhich are inter-
pretedin completelyidenticalways?

3.2.2 Suppor t for oppor tunistic reuse
Opportunisticreuse(or ad hoc reuse)is the style of integratingassetsinto new
productswithoutanexplicit emphasisonareuseprocess.Here,theresponsibility
to reuseis solelyin thehandsof theapplicationengineer. In opportunisticreuse,
the main tasksof the reuserafter determiningthe needfor a componentis to
locateit within the library andto verify, whetherthe componentreally satisfies
the requirements.At a panelon the stateof the practicein software reuseat
the1991InternationalConferenceonSoftwareEngineering,Matsumotoreported
thatalthoughmostoftenthenumberof assetsin adomainspecificlibrary doesnot
exceedafew hundredcomponents,applicationengineersonly useasmallfraction
of themwithout trying to exploretherestof thelibrary [74] for furtherbenefits.

In [229], the authorsrecognizethat basedon the experiencewith a certain
softwarelibrary, applicationengineersaccessits contentin threemodes:
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1 Reuse-by-memory, wherethe developerknows by previous experiencefrom
theexistenceof acomponent.Thiscomponentis reusedveryoften,evenwith-
out thesupportof asoftwarelibrary.

2 Reuse-by-recall, whereapplicationengineersvaguelyknow aboutthe exis-
tenceof a componentwithout rememberingdetails. Here,successis deter-
minedby aneffective retrieval mechanism.

3 Reuse-by-anticipation, whereapplicationengineersonly anticipatethe exis-
tenceof a component.In this case,the availability of a softwarelibrary mo-
tivatesthe search.Consequently, if a componentproviding the functionality
searchedfor cannotbefoundwithin shorttime, theapplicationengineergives
up.

Whereasthefirst two accessmodesareinherentto opportunisticreuse,the third
modeis the key to bridge the gapbetweenopportunisticandsystematicreuse.
Here,thekey to successis to convincetheapplicationengineers,that indeedthe
searchfor a componentin thelibrary is effective,andthatthereuseprocessdoes
not interruptthe development.A seamlessintegrationof reuseprocesses,espe-
cially thesearchandbrowseactivities, into thedevelopmentprocessis important.
JamesNeighborsstates,thatoneof themainhindrancesin usingreusetechnolo-
gies(libraries)is to understandtheasset’sabstraction[162,page8]. Hesaysthat

“ ����� if we could provide a schemewhere someof this burden (of
usingthe library) were shiftedback to the author/abstractor thenit
wouldhavea significantimpact.”

To do so, the developermustbe supportedby reuse-centeredsoftwaredevelop-
menttools[229, 230, 231,39, 106, 38,100].

An otherimportantfindingis, thatveryoftenthedeveloperis notableto spec-
ify therequirementsfor a componentexactly. This uncertaintycanbedealtwith
by applyingtwo approaches:

1 Thematchingmechanismallows fuzzy querymatching[111, 57, 198], where
the distancebetweenquery representationand assetrepresentationis com-
puted.

2 The software library systemitself is usedas a interrogationtool. This can
be accomplishedby browsing the library and in doing so, offering decision
support[68, 180, 87].
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Theissuesraisedheredealwith thequestionof makingreuse“natural” to the
applicationengineerin suchawaythatshe/heneednot think aboutreuse,because
it is partof theeverydaylife. This leadsusto thenext challenge:

Challenge2: How canasearchtechniquesupportanapplicationengineerin such
away thatshe/hedoesn’t needextensivetrainingto accesstherepository
effectively?

3.2.3 Maintainance and Search Suppor t

Whena domainengineerprovidesthe library with anasset,her/hismain taskis
alreadyaccomplishedatthispoint in time. Thedomainengineeris notaspecialist
in producingpreciseandnon-ambiguousdescriptionof theasset’s behavior. This
is thetaskof a specializedagent,the librarian,which might bea trainedhuman,
or a softwareagent.Basedon theunderstandingof the librarianandtheadmin-
istrationneeds(indexing andmaintainingthelibrary) anabstractionis generated,
which shouldrepresentthemostimportantandmostsignificantdetailsaboutthe
assetin understandableform. Supportingadministrativeneedsandproviding cor-
rectabstractionsaregoals,whicharepotentialtrade-offs!

On the otherhand,the applicationengineer(thedeveloper)is a specialistin
understandingapplicationdomainproblemsandto solvethemin providingatech-
nical solutionto it. Whentheapplicationengineersearchesfor anasset,although
not beingspecializedin it, she/hehasto generatea representative abstractionof
thesolutionto formulatea queryaswell.

The difficulty of providing the correctabstractionstemsfrom the different
views onto componentsandtheir purpose.Theseviews aredifferent,sincethe
processfor domainengineeringandapplicationengineeringsareorthogonalto
eachother, which is expressively depictedin theprocessoverview of section2.3.
In figure3.3on thenext pagetheproblemof differentabstractions,appliedfrom
differentviewpointsis shown, aview whichwasalreadydiscussedin [155]1.

A queryleadsto the taskof matchingtwo kindsof representations.Thefirst
oneis theabstractionof theassetresidingin thesoftwarelibrary, thesecondone
is the abstractionof a solutionof a specificapplicationengineer’s development
problem. The question,if the solution itself is conceptualcorrectis important

1A verysimilarview ontotheproblemof queryformalizationandclassifyingreusablecompo-
nentscanbefoundin thework of Albrechtsen[3] aswell.
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Figure3.3: Differentconceptabstractionsin componentretrieval [155]

(thearrow from the problemto the solutionin thedeveloper’s problemspacein
figure3.3), but it is not discussedit this work. However, it is worth to mention,
that the designof a solutionand to develop a representationof it brings more
uncertaintyto theoverallabstractionprocess.

A matchingwithin the queryspaceis performedon the basisof the respec-
tive abstractionrepresentations.What is really intendedis not a representation
match,but aconceptualmatch,introducingtheneedfor aflexible queryingmech-
anism[70]. Therefore,thenext challengeswhichmustbesolved,is thefollowing

Challenge3: How canadescriberbesupportedin producingastabledescription
whichallows

to index andmaintaina library without losingthedescription’sexpres-
siveness(concept)and

to performeffectivesearchesin thequeryspace?

3.2.4 Obtaining descriptions automaticall y
Domainengineersknow veryexactlywhatfunctionalitytheimplementedcompo-
nentperforms,hence,othermembersof thesamedevelopmentteammaydescribe
thesamefunctionalitydifferently. This is dueto differentlanguagecapabilities,
differentconcerns,differentvantagepoints,or theeffort spentto producethede-
scription.
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E.g., considerthe following statementsdescribinga procedureperforminga
bubblesort.

“This is a bubble sort algorithm that repeatedlyscansadjacent pairs of
items in an array segment from one location (front) to another (end). It
interchanges those items that are found to be out of order. The array
capacity[1 .. num_of_rooms] is sorted in ascendingorder by re-
peatedlyplacingthemaximumtowardstheendof thescannedsegment.” [15]

Thefollowing quotationis takenfrom a textbookfor standardalgorithms[208,
p100]: “An elementarysortingmethod6�6�6 isbubblesort: keeppassingthrough
the file, exchangingadjacentelements,if necessary;whenno exchangesare
requiredonsomepass,thefile is sorted.”

Sincethespecificpropertyof bubblesort is its badtime complexity, this could
bepartof adescriptionaswell: “Timecomplexity 798:�;=< is achievedbyrepeat-
edlyexchangingadjacentitemsuntil thearray is sorted.”

It is noteasyto recognizethatthesestatementsaredescribingthesamealgorithm
andit is impossibleto verify whetherthesuchpresentedfunctionalityis identical.
A sort of standardizationfor componentdescriptionsshouldhelp to smoothen
individualdifferences.

On theotherhand,documentationis a labourintensive task. A developerof
a pieceof softwareis no documentationspecialist.Then,writing thedescription
is consideredannoying notcreativeandthequalityof theresultmightsuffer from
that. Therefore,ananalysisautomaticallyautomaticallyto producesomesortof
descriptionswouldunburdendevelopersanddocumentationspecialists.

Both reasonsmentionedhereleadto thefollowing

Challenge4: How cancomponentdescriptionswhichpreciselyreflecttheirfunc-
tionality begeneratedautomatically?

3.2.5 Considering globall y distrib uted software develop-
ment

When software is developedin one location, the diversificationof specialized
teamsregardingdomainengineeringandapplicationengineeringcanbecompen-
satedbecauseof thevicinity of thesegroups.For a largeenterprise,developing
softwarecaninvolveseveralorganizationsandmany teamsat differentlocations,
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who almostnever meetphysically. Nevertheless,they must shareinformation
and exchangecomponentsacrossdifferent environmentsand networks. Soft-
wareengineeringover the internetbecomesa commonway of developingsoft-
ware[98, 80,136, 176]. As a consequence,teamsarenot only locally dispersed,
but they work in different technicalandcultural contexts. This leadsto differ-
entstylesof a component’sdescription,dependingon education,localhabitsand
languageabilities.

Theinternetassoftwaredevelopingplatformplaysafurtherrolein thecontext
of thiswork. Vendorsoffer componentsworldwidein a largenumberassolutions
for specificproblems[225]. With an vastamountof (even specialized)compo-
nentseasilyavailableover the internet[207], therole of a precisedescriptionof
thecomponent’s behavior playsan importantrole. This is evenmoreimportant,
if the componentcanbe judgedon the basisof its documentationonly without
giving thepotentialreusertheopportunityto takea look at its sourcecode.

Thequestionsraisedhereleadusto

Challenge5: How can it be ensured,that a component’s descriptiononly de-
pendson its functionality, regardlessthedescriber’s personal,social,and
culturalcontext?

3.2.6 Preventing effects of natural langua ge ambiguities

Most techniquesfor describingthebehavior of anassetarebasedon naturallan-
guage.Naturallanguageis inherentlyambiguous[15] dueto the lack of a rigid
formal foundationof the semantics.If a componentis not abstractedon a well-
definedbasis,thedescriptioncanoftenbeasdifficult to understandasthesource
codeof the componentitself. Therebythe cognitive distanceis increased[122,
page148]. This is thenext challenge:

Challenge6: How can a componentbe describednon-ambiguouslyin a way
which is naturalfor softwaredevelopers?

3.2.7 Dominance of precision

In informationretrieval two importantmeasuresfor theperformanceof a search
basedon thejudgmentof usersarecommon[204, 13]:
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Precision is theratioof retrieveddocumentswhicharerelevantto thedocuments
whichhasbeenretrieved.It is definedas

Precision> Numberof relevantitemsretrievedby thesearch
Totalnumberof itemsretrievedby thesearch

6
Recall is theratioof relevantdocumentsretrieveddocumentsto therelevantdoc-

umentsexisting in thedocumentbasis.It is definedas

Recall > Numberof relevantitemsretrievedby thesearch
Total numberof relevantitemsin thesearchspace

6
Theaccuracy of thesemeasuresdependson theknowledgeaboutthenumber

of relevant itemsin the retrievedcandidatesetandaboutthenumberof relevant
itemsexisting in the softwarelibrary. Themajority of the softwareretrieval ap-
proachesdiscussedin the literatureup to now are stressingthe importanceof
recall [147]. This is justified if only a small numberof candidatecomponents
is available in the library. With the situationdescribedabove, wherean abun-
danceof componentsis given,high recall is not important. Nowadayssoftware
is availablevia the internetanda very large numberof componentswhich are
developedsomewherein the world [80, 207,225] offer similar functionality. In
suchsituationsprecisionbecomesmuchmore importantthanrecall [155]. If a
applicationengineerretrievesa smallnumberof high quality componentswhich
fit hisneeds,she/hedoesnotbothermuchaboutcomponentsmissedin thesearch.
Theimportantquestionthenis to verify, whetherthecandidateset’s components
areworthwhileto beexaminedfurther, which leadsusto thefollowing challenge:

Challenge7: How canareuserverify quickly, whethercomponentsbehavein an
unexpectedway?

3.3 Summar y

Thecurrentchapterdealtwith thetechnicalaspectof componentdescriptionand
componentretrieval. We identifiedvariousconceptualchallengesto besolvedby
a retrieval technique.All of themcanbe attributedto the problemof correctly
describingreusablecomponentsandinterpretingthesedescriptions.Furthermore,
requirementsareidentified,which hasto bemet,if a retrieval solutionshouldbe
successful.



38 Problem Description

In thenext chapterwe discussalreadyexisting softwareretrieval approaches
andinvestigateto whichextendthey providesolutionsfor theidentifiedchallenges
andwheredo they not help.

We tacklethechallengesenumeratedherein thesections6 and7, wherenew
methodsfor automaticallygeneratingcomponentdescriptionareproposed.How
eachchallengeis solvedin detailby thismethodsis discussedin section8.



4
Related Work

In this chaptera shortoverview of componentretrieval techniquesis presented
andtheir conceptsandadvantagesresp.drawbacksarediscussed.This not at all
a completesurvey, becausewe do look only on methodswhich allow for classi-
fication andretrieval andwhich arerelatedto the problemcontext of this work
(presentedin section3).

If oneis interestedin a morecompletesurvey on componentretrieval tech-
niques,thepapersof FrakesandGandel[76], Krueger[122] andMili et.al. [147]
arerecommendedasgoodstartingpoints.

4.1 Information Retrie val

Informationretrieval (IR) is concernedwith matchingtheneedsof asearcher(for-
mulatedasquery)againstabaseof documents[13, 214]. Thismatchis performed
by an information retrieval system. Due to the post world war II evolution of
computersandtheaccompaniedtremendousgrowing of thenumberof electronic
documents,informationretrieval systemsareof raisingimportanceandthey use
sophisticatedmechanismto gain high recall andprecision. The growing of the
internetis a further main driver of this trend. Nevertheless,the origin of these
systemsarein thetechniqueslibrariansof conventionalbooksareusing. Librar-
ianshave beenobligedto carryout bibliographicsearchesmanually. They were
supportedby meanslike cardcataloguesor standardizeduniversalclassification
schemeslike theDewey DecimalClassification[67]. Thus,informationretrieval
focuseson informationembodiedastexts.

39
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IR is basedontwo mainactivities. Thefirst oneis theindexingactivity, which
dealswith thetaskof computinga representationof thedocumentsaswell asthe
requests.Thesecondoneis the retrieval activity which is concernedwith exam-
ining the documentsandcomputingthe relationto itemsexpressedasa search
query. But how thesetwo activities aredistributedbetweenthe time of entering
documentsinto therepositoryandthetime enteringqueries,resp.how thesearch
activity is performed,differssubstantiallyfrom approachto approach.

If oneseesreusablecomponentsstoredin a software repositoryin analogy
to documentsstoredin a library, the glanceto the field of informationretrieval
is quiteself-evident. Thenext sectiondescribesinformationretrieval techniques
whichareappliedto retrieve reusablecomponents.Unfortunately, softwarecom-
ponentsarenot texts andasa result this analogydoesnot hold exactly1. Infor-
mationretrieval techniquesdo not suit theneedsof a componentretrieval system
completely[147].

4.1.1 Concepts

In thissectionbasictechnicalconceptsfor componentretrieval basedon informa-
tion retrieval arepresentedanddiscussed.It is importantto state,thattheretrieval
techniquesimplementedin many softwarelibrary systemsarea combinationof
differentaspectsdiscussedhere. Furthermore,the categoriespresentedarenot
orthogonal.Theperformanceof a retrieval systemmightbeenhancedin combin-
ing them,if suitable.For example,booleanqueryingcanbeappliedto an open
descriptionspaceor a setof limited keywordsaswell.

Boolean Querying

Booleanqueriesare characterizedby clear and simple semantics.Due to that
they arevery commonin retrieval systems.For componentretrieval, thestarting
point is anabstractionof componentsin theform of naturallanguagetexts. This
canbeanabstract,thedocumentation,thepuresourcecodeor any thereof.The
main ideais to operateon a setof abstractionsof components(hereaftercalled
index documentsor for short,documents)andanalyzetheoccurrenceof wordsin
them.Theresultof suchoperationsis anunorderedsetof candidatecomponents.

1In additionto their applicationin thestandardfield, IR methodscanbesuccessfullyapplied
to domainswhich arenot basedon text. E.g.,dueto thewell understoodstructuresof chemical
formulasor geneticcodes,very efficient retrieval systemsfor themcanbe built. Nevertheless,
softwaredoesnot revealthisexactrigidity renderingthedesignof IRsdifficult for thispurpose.
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In general,thecomponentdescriptionsarebroken into stringsof words,without
consideringstopwords. Stopwordsaretermsof insignificantmeaning,because
they occurtoo often in documents(articles,prepositions,etc.). A word is con-
tainedin adocument,if its stringis containedin it. In thebasicapproachdifferent
formsor spellingsof thesameword areconsideredasdifferentitems. In a more
advancedapproachsynonymsor flection forms (so calledtermsof a word2) are
consideredaswell. Thesetof termsoccurringin adocumentrepresentthisdocu-
mentin theretrieval space.Every elementof this setis usedasindex term in the
retrieval system.Normally, index termsareorganizedasinvertedlists [89], where
for every termthesetof documentsis stored,in which this termoccurs.

A simplequeryfor setof documentscontaininga termis performedby locat-
ing it in theinvertedlist andpresentingthesetof associateddocuments.Complex
queriesareconstructedby combiningsimplequeries( ? , @ ) in sucha way that
they areconnectedwith thebooleanoperatorsA , B or C . This is realizedby com-
puting ?DAE@ as ?DFE@ , ?DBE@ as ?DGE@ and CH? as IKJL? , where I is the
setcontainingall documents.Furtherrefinementscanbeachievedby introducing
relationaloperatorsfor numericalterms(e.g. M or N ) or positionaloperatorse.g.
for stringstheoperatorsNEARor WITHIN.

Natural langua ge based analysis

Stemming.

Although booleanquerymechanismsarevery efficient, many mismatchesmay
occur. This is dueto thefact, that thetechniquerestson naturallanguageterms.
Obviously, the possiblydifferentforms of wordscauseproblems.A major im-
provementis to reduceindex termsto their radicalwords(a processnamedstem-
ming), for exampleby eliminatingplural forms.

For ahighly regularlanguage,patternbasedstemmingrendersveryeffective.
To do so, a setof rulesanda setof exceptionsto them,automaticallyreduces
termsto their stems.Sucha rule for Englishstemmingmay be “IES” O “Y”,
whicheliminatesmany plural forms.

If a languageis subjectto ahighdegreeof irregularities(e.g.German),pattern
basedstemmingon the basisof charactersubstitutionis not effective. In such

2Thisapproachcanbeseenastheinversionof stemmingwhichis presentedin thenext section.
Thenotiontermis normallynotusedin thatsensein linguistics,however, asbooleanqueryinghas
its backgroundin logics,theterminologycomesfrom there.
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cases,a lexiconbasedapproachis moreadequate,wheretermsarelookedup in a
dictionary. Althoughlexiconbasedsystemsencounterdifficultieswith homonyms
andsynonyms and aremorecostly thanpatternbasedstemmingsystems,they
performbetter.

Keyword restriction.

In thesimplenaturallanguagebasedapproachvirtually any termof it is element
of thedescriptionspace(minusstopwords)canbeassignedto documents,If the
domainof theapplicationis stableandno futureextensionsareanticipated,this
large andopenspacecanbe reducedto a narrow setof keywords. This setof
keywordsis fixedandthedescriptionandthequerytermsmustbeselectedfrom
it only.

Keywordsenablea simple descriptionof an asset. However, the reduction
to a muchsimplerdescriptorbaseis a domainabstractionprocess,wheresome
ability to expressinformationis lost. Thepersonassigningkeywordsto anassetis
limited in describingtheparticularitiesof thecomponent.Theconsequenceof this
maybea inadequateor incompleteassignmentor (to overcomethe restrictions)
assignedkeywordswhichdonothit thetargetdirectly. Bothresultin amisleading
abstractionof thecomponent,hamperingasuccessfulsearchfor it.

Classification.

Classificationis the processof structuringitemsaccordingto a formal schema.
The resultingschema(alsocalledclassification)reflectsonepossibleview onto
the setof items. As this reflectsthe orderingof physicalitemsvery well, clas-
sificationis the primary indexing methodfor booksin a library. The main idea
is to structurea setof itemshierarchicallyinto subsets,whereeachlevel of the
hierarchyrepresentsa certaingranularityof generalization.Due to thenatureof
items,this is noeasytask.LungandUrbanstate,thatthemajorproblemwith the
hierarchicalclassificationschemes(on high level or low level) is their inflexibil-
ity [133, 171]. Hence,if all subsetsaredisjunct,theclassificationcanbeeasily
performedandleadsto a mono-hierarchicalstructure.But if it is possiblefor an
item to be memberof more thanoneclass,the classificationresultsin a poly-
hierarchicalstructure.Henninger[96] remarked,thatevenin well understoodand
ostensiblenaturallylooking domainslike biological taxonomies,morethanone
classificationstructureis necessaryto satisfyall needsfor researchersin natural
sciences.
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On the basisof a classificationtheprocessof searchingis performedmostly
in browsing the hierarchyfor matchingcomponents.This is effective whenthe
viewpoint of theclassificationis conceptuallynearto thesearcher. For example,
if theclassificationof softwarecomponentsis basedon theviewpoint of locality
of production(continent,country, enterprise,department)a searchfor a certain
functionalitycannotbesupported.On theotherhand,if this searchis performed
to judgelegal implications,theproposedclassificationschemamightbethemost
effectiveone.

Thesaurus.

A thesaurusis astructuredcollectionof naturallanguageitemsandtheirrelations.
Relationsareof differenttypes:

broaderto statethatanitem is moregeneralthananotherone;

narrower, if anitem is thespecializationof anotherone;

synonym, if two itemsaresemanticallyequal;

related, if two itemsaresemanticallynear;

antonym, if anitem is hastheoppositemeaningof anotheritem.

Complex collectionsof itemsbasedonsimilar relationsaresometimescalledon-
tologies.

In thethesaurusbasedapproacha well definedsubsetof wordsof a thesaurus
is chosenascontrolled vocabulary. Itemsof this vocabulary serve asdescriptors
for componentsandonly they areallowedto characterizecomponents.Dueto the
underlyingthesaurusfurtherwordsarelinkedto thedescriptorsautomatically. If
a searcherenterssearchterms,thesetermsarematchedagainstdescriptors.The
searchermayrelaxthequeriesby allowing broader, narrower terms,or synonyms
searchedfor, a techniquewhich is calledqueryexpansion.

Vector space model

Besidebooleansearchthevectorspacemodelis themostimportantinformation
retrieval technique.For this approachdocumentsarerepresentedby descriptive
vectors. On the basisof thesevectorsthe similarity or the differencebetween
documentscan be computedeasily [202]. Starting from a set of documentsI >QPSRUT=V�6�6�6WVXRZY\[ anda setof index terms ]^>QP`_aT=V�6�6�6�Vb_dce[ every documentRZf is describedby its documentvector gSfh> ikjlfnm=V�6�6�6oVajlfqpsr . Eachentry in the
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vectorlist is calledaweight, jlfutwvyx describingtheimportanceof anentryin the
vectorfor a document.Thereexist many variantsfor thecomputationof weights,
dependingonlocalor globaltermfrequencies[213,201]. As anexampleconsider
anindex termvectorof theform _z>{i ACID, abstract,Ada, 6�6�6 , class,6�6�6 , cyclic r .
A descriptionfor anAda component| with objectorientedfeaturesmaybethen
expressedas |}>~i��U6��UVX�U6��UV��Z6��UV�6�6�6�VX�e6q�eV�6�6�6�Va�U6��Zr .

To query the documentbase,the searcherhasto definea queryvector ��>ik��T=V�6�6�6WVb��csr from x c . To performa matchbetweenthequery � anda document
vector g , thesimilarity is calculated,���ex cy� x c O x . Thereis roomfor much
improvementin the vectorspacemodel. First, is is very likely that mostof the
weightsof documentvectorsare0, sincenormallythesetof index termsis very
numerouswhich leadsto vectorswith a largenumberof dimensions.To avoid a
large list with mostof its entriesto be zero,the invertedlist technique[89] can
beappliedhere,too. Eachdescriptorentry is storedasanindex key. In addition
to the componentstheir weightsarestoredas index entries,too. In that way a
searchresultcanberankedaccordingto therelevanceof theretrievedcomponent.
Furtherrefinementsfor improving the efficiency of indexing structurescan be
foundin [13, 89].

4.1.2 Information retrie val reuse systems

Most commercialcomponentretrieval systemsarebasedon oneor a combina-
tion of many different informationretrieval techniques.RubenPrieto-Dìaz de-
velopedthe facetedclassificationschemafor reusableassets,which canbeseen
asa combinationof thevectorspacemodel,classificationandkeyword descrip-
tion [184,185, 187]. A facetedclassificationschemamayconsistof severalfacets
andeachfacetmayhave several terms.Facetsthemselvescanbegroupedto ob-
tain a betteroverview. In table4.1 a simpleschemawith threefacetsfor Unix
componentsis given.

To classifya component,from eachfaceta term is selectedwhich describes
thecomponent’spropertybest.E.g.,thevector i locate,character, directoryr may
bea goodchoicefor describingtheconceptof thecommandfind . It is not pos-
sible to describea componentwith morethanonevectors(single-entrylibrary).
To supporttheuserandpermita certainflexibility the facetedretrieval might be
enhancedthrougha thesaurussystem.

In thesystemdescribedby Prieto-Díaz,whenaquerydoesnotresultin asatis-
fying answer, aqueryexpansionis performedondemandof thesearcher. Theaim
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action object datastructure
get file-names buffer
put identifiers tree
update line-number table
append character file
check number archive
detect expression directory
locate entry
search declaration
evaluate line-number
compare pattern
make
build
start

Table4.1: A simplefacetedschemafor Unix components(takenfrom [187])

hereis not to enlargetherestrictedsearchspace,but to searchfor similar compo-
nentsif the querydoesnot result in a directhit. Similar componentsarecandi-
datesfor whitebox reuse.For example,if a query i substitute, backspacer returns
no hit, a queryexpansionmayensueto alternatives,suchas i substitute, quotesr ,i substitute, blankr , i substitute, digit r , i substitute, tabr , or i substitute, characterr .
Eachretrieved componentmust be analyzedfurther for a potentialadaptionto
fulfill therequiredneed.Prieto-Dìaz improveshis approachby introducingcon-
ceptualdistancegraphsprovidingmeansfor measuringsimilaritiesamongfaceted
terms.A conceptualdistancegraphis a hierarchicalgraphwith verticesdefining
conceptsandweightededgesrelatingsuchconcepts.Conceptualdistancegraphs
supportqueryexpansionsthroughdistancemeasuresfor termsaswell.

A similar approachis implementedin the systemdevelopedin the ESPRIT
projectREBOOT (ReuseBasedon Object-OrientedTechniques)[113, 210]. The
projectwasaimedat thedevelopmentof anintegratedsetof methodsandtoolsto
supportre-engineeringandreuseon thewholespectrumfrom organizationaland
managerialaspectsup to technicalaspects.Thetechnicalnucleusis a repository
systemwith a facetedclassificationschemewith thefour facets,abstraction, op-
erations, operateson, anddependencies. Thecomponentsin theREBOOT system
areclassifiedwithin the facetswhich areextendedwith a simplethesauruswith
specializationandsynonym relations.Therelationsareweighted(socalledterm
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space) andthe weightsareusedfor computingthe proximity of termsto allow
fuzzy retrieval. The retrieval processis basedon the sizeof functionality. The
main taskis up to the librarianwho hasto build functionaldescriptionfrom the
componentsdeliveredby theapplicationprogrammers.Additionally, thesearcher
neednot usethe classificationbasedretrieval system,but mayusean integrated
softwaretool, thenavigator, to browsethelibrary insteadof searching.

4.1.3 Evaluation

Fromtheviewpointof searchspace,informationretrieval methodsfor component
retrieval systemscanbedifferentiatedinto two classes:

1 The searchspacecan be completelyunrestricted,which is the casewith
booleansearch. Here, the documentsare matchedagainstarbitrary strings
enteredby thesearcher. Thisapproachis successful,if thesearcheris awareof
this opensearchspaceandthereexistsa commonunderstandingon the con-
sistency of the searchspace.Sucha commongroundis given if the domain
vocabulary doesnot offer many variantsfor terms,e.g.in thecaseof mathe-
maticalfunctions. If this assumptiondoesnot hold, the risk of an unprecise
descriptiondueto theambiguousvocabulary is high. Theeffectivenessof in-
dexing andsearchingthendependson thejudgmentof thepersonperforming
thesetasksandnoton theunderlyingtechnique.

2 Thesecondclassbuildsaverynarrow searchspacebyofferingonlyarestricted
vocabulary, resp.mappingtermsof the searchqueryautomaticallyto sucha
vocabulary. Thus,it is meantto avoid the inherentambiguityof naturallan-
guage.However, sincetheintentionof a searchercannotbeanticipated,vari-
oustuningoptionfor thequerymechanismmustbeprovided,suchasbroad-
eningor narrowing the query. Dependingon that tuningwhich basedon the
understandingof theterms,theresultof suchqueriesmaydiffer substantially.

The combinationof both approachesis attemptedin the facetedclassifi-
cation. Dependingon new requirementsnew term canbe addedto a facetif
they donotconflictwith existingdescriptions.Thiscomeswith disadvantages.
Dueto thesingleentryconceptof thefacetedscheme,it is sometimeshardto
find thecorrectplacein it to describea componentandthenoftena new term
is added. If this new term is not chosenvery carefully, the facetedscheme
becomesambiguous.Theuser(indexer andsearcher)needsa very clearun-
derstandingof thesignificanceof thefacetdimensionsandtheirvalues.In the
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literature,onecanfind variousopinionsaboutthesuperiorityof oneapproach
over theotherone[148].

In thecontext of globalandorganizationaldistributeddevelopmentprocessesde-
scribedin section3 neitherthe first nor thesecondoptionoffersanentirelysat-
isfying solution. Both approachesreston naturallanguageandsuffer therefore
from the missingrigidity of descriptions.Obviously, softwarecanbe described
by naturallanguage,but this is only one(oftenpartial)meansto graspthepurpose
of software(which is, afterall, theutilization of knowledge[7] by executingit).
In usingnaturallanguageasbasis,many importantfeaturesof software,suchas
exceptionscannotbedescribedin aclearandunderstandableform, althoughsuch
featuresdemonstratecharacteristicbehavior. If a searchfor componentsbased
on naturallanguageis performed,thequality of the resultin termsof recalland
precisioncannotbeassessed:

Recallcannotbe assessed,dueto the variousmeaningsof descriptors,which
hamperstheexactinterpretationof relevance.Ontheotherhand,many descrip-
torsfor componentscanbemissed,sincewithout theevaluationof all existing
itemsin theretrieval base,nocalculationcanbeperformed.

Precisioncannotbe assessed,dueto the vaguenessof the abstracts.Neither
an exclusionof a componentfrom the candidateset canbe claimed,nor an
inclusioncanbedemanded.

Obviously, theseargumentsarevalid for mostof the techniquespresentedin
thecurrentchapter. But asinformationretrieval basedreusesystemsexplicitly try
to formalizethe relevancecriterion, we want to stressthe relevanceproblemat
thispoint.

4.2 Kno wledg e Based Methods

4.2.1 Concepts
Knowledgerepresentationmethodsseemto be adequatefor describingreusable
software components.This can be attributed to two useful propertiesof these
methods,representationaladequacyandheuristicpower[76, 77]:

Representationaladequacy refersto the expressivenessof the representation.
Key word lists, for example,have little representationaladequacy, since
therearenosyntacticof semanticrelationshipsbetweenthekeywords.
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Heuristic power refersto thelevel of logical inference,thedescriptionrepresen-
tationcanoffer.

The benefitclaimedfor knowledgebasedmethodsis their ability to express
differentrelationshipsbetweencomponents[58]. Thishelpsto gainamoreholis-
tic understandingof thecomponentin contrastto informationretrieval methods.

Semantic nets.

A specialform of a semanticnet is appliedin AIRS[169]. The coreof the AI-
basedReuseSystemis built on top of a numericalcase-basedreasoner. It usesa
setof heuristicestimatorsasdistancemeasurebetweencomponents.Thedescrip-
tion aboutcomponentsis storedasa setof features(similar to the vectorspace
modeldescribedin section4.1.1on page43) andit is administeredin a knowl-
edgebase.Basedon suchdistances,estimatesaboutsimilaritiesof components
canbecomputed.Theauthorssuggesttwo comparatorfunctionsfor thatpurpose,
subsumptionandcloseness.

A component� subsumessomeothercomponents�wTd����� � , if it is directly real-
izablefrom themwithouthaving to modify any ��f . Thiscanberealizedby either
aggregation( � is theaggregationof �wTd����� � ) or inheritance( � is thespecialization
of any ��f )3. Subsumptionrelationsbetweencomponentsarerepresentedasdi-
rectedacyclic graph.Eachcomponentrendersasverticein thegraph,andanedge
indicatesthatthesourceverticesubsumesthedestinationvertice.Theweightsof
theedgesareestimatesof theeffort neededto obtainthesubsumer. Subsumption
graphsestimate,how easyit is to applyblackboxreusewith givencomponents.

A component� is closeto anothercomponentI , if it canberealizedby mod-
ifying I slightly. In generalit is not possibleto judgetheeffort for suchmodifi-
cationsautomatically, andasaconsequencethevalueof theclosenesscomparator
dependsonthequalityof theestimation.To supportthis task,theauthorspropose
a socalledfeaturegraphwhich is a representationof featurepropertieswithin a
certaindomain. As anexample,for a featureprogramminglanguage, the termsP Assembler, Pascal,Lisp[ aregiven.Thenanexpert,basedonher/hisknowledge
andintuition, estimatese.g.the distancefrom Assemblerto Pascalwith 10, and

3In general,subsumptionis moreoftenassociatedwith thenotionof inheritancethancomposi-
tion. Although,in thedefinitionpresentedin [169], theauthorsdo not prohibitaggregations.The
term inheritanceshouldnot confusethe reader. Here,no semanticsof objectorientedprogram-
ming languagesis meant,but therestrictedform of specializationrelations,commonin logics.
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from Pascalto Lisp with 5. TheclosenessrelationbetweenLisp andAssembler
wasnot estimatedby theexpert. Here,therelationclosenessestimatestheeffort
of transforminga program,written in Assemblerto Pascal. This informationis
thenrepresentedin a featuregraph.

Basedon comparatorsrepresentedasgraphs,distancesbetweencomponents
are computedand matchingswith different thresholdsas matchingcriteria are
possible.

A well known methodfor knowledgerepresentationis thesemantic(or asso-
ciative) net. Semanticnetsareattractive, becausethey mimic thehumanway of
associatingdifferentconcepts.As a structurea semanticnet is a directedcyclic
graphwith verticesrepresentingconceptsandedgesrepresentingrelationshipsbe-
tweenconcepts.It is simpleto expressknowledgewith suchgraphs,becausethe
semanticsis basedonthenames(andthereforetheinterpretation)of relationships.
TheCodeFinder tool of Henninger[95, 94] is basedonweightedassociativenets
to handlecomponentretrieval in environmentswhereinconsistentandincomplete
indexing mustbeexpected.Theweightsarecalculatedby the inversedocument
frequency, wherelessfrequenttermsareconsideredmorediscriminatingthanof-
tenoccurringones.Additionally, semanticnetsareattractivefor domainengineers
for depictingcomplex ontologies[6].

Frames.

CodeFinder is only oneof two tools developedby Henningerto supportreuse.
Thesecondone,calledPeel (ParseandExtractEmacsLisp) is anknowledgeac-
quisitionprogramfor automaticallyanalyzingsourcetext to extractLisp function
for theEmacseditor[96]. Theinformationgatheredis representedin KANDOR, a
knowledgerepresentationlanguagesbasedonframes[58]. A frameisadatastruc-
ture with slotsandfillers, on which inferencecaneasilybe performed.Frames
may be linked to otherframesby the ako (a kind of) relation,which expresses
conceptualneighborhood.Slotsmay be filled with scalarvaluesor with other
framesaswell. A basicpropertyof framesis inheritance4. In sucha way, after
specifyingthate.g.SelectionSort ISA sort theframe

SelectionSort
reference : sedgewick, robert (1993), page 96
complexity : O(N log N)

4Becauseof theinheritancepropertyframesareoftenconsideredasanobjectorientedknowl-
edgerepresentationmethod[64]
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might containfollowing informationin its expandedform (dependingon the
shapeof framesort ):

SelectionSort
reference : sedgewick, robert (1993), page 96
complexity : O(N log N)
ako : algorithm
operation : ordering
operands : data objects

The knowledgerepresentationlanguageKANDOR is the form of representa-
tion usedby Devanbu etal. for theirdomainanalysistool LaSSIE(LargeSoftware
SystemInformationEnvironment)[59] aswell. They systemwasin usefor help-
ing applicationengineersin understandinglargesoftwaresystems(overa million
linesof Ccode).LaSSIEis built uponalargeknowledgebase,asemanticretrieval
algorithm,anaturallanguageparserandabrowsinginterface.

Neural nets.

Neuralnetsarea flexible tool for differentclassificationtasksand they canbe
adoptedfor reorganizingsoftwarelibrariesaswell. Merkl et. al. [139,140,141]
useKohonen’s self organizingfeaturemap(SOM) [119] to detectclustersof re-
lating componentsin a software library. A SOM is a two dimensionalgrid of
neuronswhereall adjacentneuronsareconnected.Thecomponentsaredescribed
by input vectors(seethesectionon thevectorspacemodelon page43 for more
details). During the trainingphaseof the SOM a vastamountof vectorsis pre-
sentedto iterativelyadaptneighborhoodrelations.Eachvectoris mappedto every
neuron.Theneuronwith theoutputnearestto theinputvectoris thewinningone,
becauseit representsthe softwarecomponent(expressedas the currentvector)
best. The input connectionsof the winning neuronaswell asall adjacentneu-
ron input connectionsareadaptedto reflectthecurrentvector. In sucha way, the
library is representedasa two dimensionalgrid andrelatedcomponentsappear
nearbyon thatgrid. A queryto thesoftwarelibrary is expressedasvectorandthe
neuralnet determinesthe winning neuronfor that query. This unit neednot be
mappedto a componentin the library directly. But at leasttheadjacentneurons
mayholdcomponents,whichpartly fulfill thesearchersneeds.

A similarapproachis followedin thework of [33, 34]. Here,theinherentam-
biguity of naturallanguageis positively exploitedto smoothenthedifferencesof
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concepts.In contrastto othersoftwareretrieval techniquesthesystempresented
tries to getat leasta rudimentaryunderstandingof theconceptsdescribed.This
processis called“shallow conceptcomprehension”.Basedon featuresselected
from thedescriptionsby applyingsystemicfunctionalgrammartheory, a combi-
nationof hierarchicalfuzzysetsis built. Theseform theknowledgebaseonwhich
a cascadeof two neuralnetworks (basedon fuzzy adaptive reasoningtechnique
andfuzzyassociativememories)operates.Thesystemsrepresentstheknowledge
baseasfuzzyclustersandsupportsfuzzy retrieval.

4.2.2 Evaluation

Knowledgebasedsoftware repositorysystemsas presentedabove can be very
powerful in their domain. However, onemain disadvantageis that creatingthe
knowledgebasefor arealworldproblemisverylaborintensivemakingtheknowl-
edgeacquisitionprocesscostly [76]. In the casesof a semi-automaticlearning
process,suchastheunsupervisedlearningof neuralnets,thesituationseemsto
be better. However, the training intensity hampersan efficient applicationfor
real world problems,becauseany maintenanceoperationin the knowledgebase
needsa full (re)trainingof thenetto reflectthenew situationcorrectly. As a con-
sequence,knowledgebasedapproachesarerestrictedto stableandvery narrow
applicationdomains[6].

Furthermore,semanticnetsbaseon formal groundandareneverthelessvery
flexible for representingknowledge. This flexibility is dueto the useof natural
languagefor expressingbasicconcepts.This demandsa clearguidanceto build
and interpret them. For example,AIRS demandsthe correctestimationsof a
domainexpert for closenessandsubsumptionrelations. Ironically, no clearse-
manticsfor suchaninterpretationis given,leadingto thesamechallengeswhich
informationretrieval methodsin generalarefacing(Whichwasalreadydiscussed
in section4.1.3). This makes an standardinferenceprocessfor semanticnets
impossible.

The SOM approachrevealsthe disadvantage,that dependingon the initial
randomdistribution on weights,theclassificationof thesamesetof components
might differ substantiallywhenit is repeated.This is a severedrawback,if the
library hasto bemaintained.Furthermore,thecriterionon which the classifica-
tion is basedis randomlychosen. Additionally, the training itself is time con-
suming,sincemany thousandtraining iterationsmustbe performedto generate
clusters[139]. Similar to the knowledgebasedretrieval mechanismdiscussed
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previously maintenanceis difficult. The sameargumentshold for the fuzzy set
basedapproach.

4.3 Hyper text based Methods

4.3.1 Concept

A hypertext representsa non-linearform of documents.Basicbuilding blocks
for hypertexts are links and nodes. Nodesare associatedwith a unit of infor-
mationandcanbeof differenttypes,dependingon variouscriteriae.g.theclass
of datastored(plain text, graphics,audio,video,executableprogram)or domain
objectrepresented(customeraccount,balancesheet,reservation)5. Links repre-
senta non-symmetricrelationbetweennodesleadingto a directedgraph.Within
nodesonecandefineanchors,which serve assourceor targetof links. Usersare
ableto move througha hypertext documentby following links embeddedin the
document,anactivity which is calledbrowsing[157, 164].

Hypertextsarewell suitedto representthecomplex relationshipsbetweenand
within softwarecomponents.Browsingsupportsapplicationdevelopersto learn
aboutthe contentsof a software library. An exampleis the javadoc tool, a
programcomingwith theJava developmentenvironment6. It allows to generate
automaticallya hypertext documentfrom the objectstructuresanddocumenta-
tionsfoundin java sourcecode.Thedescriptionis rathersimple,becauseit does
not allow to definedifferentviews to thesoftwarecomponentsor anhierarchical
structureotherthanthe class’ inheritancestructureor objectassociations.Soft-
waredevelopmentenvironmentswith emphasison reusebasedon the hypertext
conceptarepresentedin [78, 106]. Here,thestructuringmechanismof hypertexts
is usedto presentto theusera guidedtour leadingto theassetsof therepository.
Biggerstaff exploredtheuseof hypertext to aid largescalereuse[76]. Basedon
the experiencegatheredin building a multitaskingwindow managerhe claimed
that hypertext representationsaid primarily in understandinga systemwithout
providing theability to supportcomponentretrieval directly.

5This is thereasonwhy nowadaysthetermhypermediais moreadequateto describethis form
of informationorganization

6Java and javadoc are trademarksof SunMicrosystems,Inc. More informationabout
javadoc canbefoundat http://java.sun.com/j2se/javadoc/ index .html , cur-
rentAugust,2001
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4.3.2 Evaluation

Two aspectshampertheacceptanceof hypertext guidedsoftwarerepositorysys-
tems. First, usersare not willing to spendthe extra effort for learninga new
system.A userworking with hypertext tendsto get lost in the informationspace
without strictly definedpaths.Theguidedtour approachis not easilyintegrable
into the day-by-daywork environmentof developers[56] becauseit demandsa
knowledgeaboutthe intentionof the repositorydeveloper. Second,the perfor-
mancefor suchasystemin termsof thetimespentfrom startingthesearchto the
point in time whena result is available,is ratherpoor [106]. Both factsleadto
a strongresistanceof developersto usehypertext basedretrieval systemsexten-
sively, whenthis is theonly way to accesstherepository.

4.4 Formal Specification based Methods

Toovercomethevaguenessof descriptionmethodsbasedonnaturallanguagecon-
ceptstheresearchcommunityalsolooksonmoreformalmethodsto supportexact
content-orientedaccessto softwarerepositories.Theideais thesameasit is in in-
formationretrieval basedapproachesto componentretrieval: to describesoftware
componentsandretrieve them.As a meansfor descriptiona formal specification
is chosen.A formal specificationis a languageusingmathematicalnotationto
describethebehavior of asoftwarecomponent.Oftenthewayhowsuchfunction-
ality canbeachievedis not mentionedin detail,thespecificationonly formulates
what hasto be performed. It is mathematical,henceno speculationaboutthe
meaningof phrasesin wordedproseis needed[217].

4.4.1 Concept

Either a formal specificationsof a componentis generatedby the provider of
the componentor the componentis analyzedautomaticallyto derive a formal
structurefrom it’s codestructure. This specificationof its relevant partsserves
thereafterasan index for the component.Specificationsmay be relatedto each
otherby matchingor refinementrelationsexpressedby a logic formula. In such
a way a hierarchicalindex canbe established,e.g. in the form of a refinement
lattice [149]. A hierarchicalorderingof componentsmakesa greatdifferenceto
theflat indexing structuresof informationretrieval basedsystem.In sucha way
a conceptualview to the library allows to stepwiserestrict the searchspaceby
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refiningtheindex specificationaccordingto theindex hierarchyandthesearcher’s
demands.

Specificationbasedretrieval allows formal specificationsassearchkeys and
retrievesall componentsfrom a library whoseindicessatisfya given matchre-
lation with respectto the key [68]. Specificationmatchingcanbe usedto aid a
searcherin browsinga softwarelibrary systematically, becauseformal specifica-
tionsallow to establishrelationshipsamongthem.

In the literaturea varietyof componentretrieval techniquesbasedon formal
methodsis proposed. Jenand Cheng[110] presenta methodbasedon order-
sortedpredicatelogic (OSPL). In their systemcomponentscanbe searchedin
exact, relaxed or logical modes. In [48], ChenandChengspecifycomponents
with Larch,a model-theoreticalspecificationlanguage.They definea generality
relationwhich explicitly capturesthe semanticobligationsfor an existing com-
ponentto satisfya requirement.This relationcanbeusedto evaluateandselect
automaticallyreusablecomponents.Thistechniqueisprototypicallyimplemented
andusesaLarchtheoremprover (LP) to performthesearchtask.

A similar approachis presentedin thework of Atkinsonet al. [9, 10], where
the authorsdefinea meta-modelfor componentretrieval using the � specifica-
tion language.The behavior of a componentis describedasan invariantof the
sequenceof outputvalues. Following the ideasof [149], a lattice of behaviors
togetherwith operationson thatlattice,is defined.Thesearcherthenspecifiesthe
desiredbehavior asapredicateonthesequenceof outputs.In suchwayexactand
relaxedmatchesareperformed.

Not directlyaimedattheimprovementof reusability, but atautomaticallygen-
eratingdocumentationfor codecomponentsis theapproachpresentedin [15]. The
authorsfocuson loop analysis,wherea formal specificationis generatedsemi-
automaticallyby utilizing user-suppliedformal loop annotations.Their tool veri-
fiesthesetrial specifications,thusbuilding a completespecificationin a stepwise
abstractionprocess.Thesuchgainedknowledgeis formalizedas“plan” whichal-
lowsthedetectionof stereotypedcodepatterns.Theseformalspecificationscould
betheinput to formalspecificationbasedretrieval techniques.

Representative for formal specificationmethods,in thenext sectionthe rela-
tionalspecificationbasedapproachis presented.
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Relational specification

In [149] Mili et. al. specify the functional requirementsof a programby defin-
ing relationsbetweendataelements.Dataelementsaredefinedin the program
space� andareexpressedasvariables.Therelationof aspecificationcontainsall
input-outputpairswhich representstheprogram’s behavior. This allows specify-
ing deterministicandindeterministicbehavior aswell. Indeterminismis described
by assigningmorethanoneoutputsto aninput. Sincein mostcasestheprogram
spaceis too largeto enumerateall input-outputpairsexplicitly, therelationscan
bestatedimplicitly by predicatesdefinedon � .

To illustrate the principle, let the programspacehold a variable of type
real, ��>�x . Then, for the input value � and the output value ��� the relation��� >�Pe8k��VX���q<���������A�����; >¡�s[ definesa squareroot function. To enablea hier-
archicalindexing structureon theserelations,anorderingbetweenthemhasto be
defined.It basesona metarelationrefinement, which is a relationon relations.A
relation

�
is a refinementof a relation

� � , if it containsmorespecificationinfor-
mation. If a relation

� T¢>£Pe8k�ZV=� � <`�u�¤�¥�¢A�� ��; >¦�\A§� � N¡�e[ for non-negative
squarerootsof theargumentis defined,

� T is a refinementof
���

, sinceit is more
specificthan

���
. Basedon therefinement,componentsin a library areorganized

accordingto therefinementlattice.Retrieval is performedin specifyingaqueryin
theform of a relation.A theoremprover thenlocatesthecomponentsby proving
thatthespecificationof a library componentfulfills therequirementsspecifiedin
thequery.

Kotschnig[120] developeda prototypelibrary of relationalspecifications.In
hissystemimplementedin PROLOG hedifferentiatesbetweeninterfaceandfunc-
tionality which helpsto organizethesoftwarelibrary andsupportsretrieval. On
thebasisof relationalspecifications,Mili [146]developedaspecificationmodelof
generalizedspecifications.This modelandthesoftwarenormalizationtheoryde-
velopedby Mittermeir[151, 152], wasusedby Stopper[218] to describeamethod
to normalizeobjectsfor gettingreusablebuilding blocks. Here,applicationdo-
mainobjectsarenormalizedto raisethelevel of generalityandto transformthem
to aapplicationindependentreusableform. Softwarenormalization(functionnor-
malizationandprocessnormalization)aim to provide thedomainengineerwith a
setof rulesto judgethereusabilityqualityof components.Softwarenormalforms
follow thenormalformsof normalizationtheoryknown from databasedesign.

Suchsystemscanbe improvedwith respectto recall by allowing variations
in the matchinggranularitywith exact or approximatematches[111]. In [211],
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Sneltinget.al.describedthesoftwareengineeringsystemNORA /HAMMR, which
restsontheformalspecificationsof thecomponentsin its repository. They identi-
fied onemainhindrancefor successfulreusebasedon deductive inferencewhich
isstatedasFourthReuseTruismbyKruger[122]: “Youmustfind it fasterthanyou
canrebuild it!” Snelting’sapproachusesfilters appliedduringthedeductionpro-
cessto representintermediateresultsif they aresufficiently precise[211]. In their
subsequentwork they spedup theretrieval processby parallelizingthededuction
taskin refining their filters andusingdifferentautomatictheoremprovers[11].
Furthermore,Fischer[68] suggestedto shift thetime consumingtaskof theorem
proving completelyfrom theretrieval phaseto theindexing phase.In suchaway,
a browsingstructureis built, which canbenavigatedby a searcherwithout being
in dangerto loseher/hispatience.

4.4.2 Evaluation

Formal specificationsare basedon rigid mathematicaltheoriesexpressedin a
mathematicallanguage.Suchlanguagesarenotfamiliarto themajorityof practic-
ing softwareengineers.If thestandarddescriptionfor componentsin thesoftware
process(domainandapplicationprocess)is not a formal one,engineersmustbe
trainedto let themhandleformal specifications.If this is only to enableindexing
andunderstandingof reusablecomponentsthiseffort is wasted.Not evenasemi-
automaticapproach([15]) helps,sinceherethebaseannotationsmustbeprovided
asformal specification.Clearly, they aretiny, but for every loop taskexceeding
trivial work, suchspecificationsbecomequickly cumbersome.

Ontheotherhand,if thetaskof specifyingthecomponent’sbehavior remains
with the software librarian, the burdenof producingformal specificationsfor
queryingthe repositoryremainsat the applicationdeveloper. As we demanded
in section3 aschallenge2, a componentretrieval methodhasto beintuitive and
mustfit reasonablywell into the working processof softwaredevelopers. De-
scriptionsexpressedasformalspecificationcannotsolvethischallenge.

Let us suppose,the specificationlanguageis familiar to softwareengineers.
Thena queryis expressedaspartial specificationandthe retrieval is performed
by proving for all thecomponents’specifications,whetherthey partiallyfulfill the
requirements.This taskis very time consumingandindeeda bottleneckfor an
interactivesearchprocess.Althoughsomesuggestionsfor optimizinginteractive
theoremproving or cachingthisstep[206] areproposed,asfar asweknow, there
arenopromisingsolutionson theirway.
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Oneimportantargumentagainstformal specificationassoftwaredescription
comesfrom Leavensand Ruby [128]. Formal specificationscaptureonly one
facetof componentbehavior, its function.But therearemany otherfacets,which
might interestanapplicationengineer, suchastime or spacecomplexity, security
issues,aliasing,etc.Thisrestrictiontoonedimension(thatof functionalbehavior)
maybehinderingsuccessfulspecificationbasedcomponentdescriptionsseverely.
A retrieval mechanismshouldallow to specifyandexploit informationwhich is
orthogonalto themainfocusof thespecifier.

4.5 Signature Matching

Up to this point, all descriptiontechniquespresentedreston additionalinforma-
tion addedto thecomponents.This informationis providedeitherby thedevel-
oper, the librarian, or by someanalysisperformedon supplementarymaterials.
Thetechniquespresentedin currentandthefollowing sectionsdo not needaddi-
tionalknowledge.They exploit inherentpropertiesof thecomponentsdirectly.

4.5.1 Concept

Signaturematchingusesthestructureof the interfaceof a componentasbuilt-in
informationfor indexing softwarelibraries. This is donewithout taking the de-
tour to naturallanguage.Althoughmostof thework describedin this sectionis
concernedwith handlingsignaturesof simplecomponents,suchassinglefunc-
tionswith in-, out-, andin-out parameters,morecomplex onescanbeaddressed
aswell. Suchcomponentscanbeobjectsor moduleswith internaldatastructures
andpublic methods.Handlingcomplex componentsis performedby extending
thebasicprinciples.How this canbeperformedis discussedin section5 in more
detail.

Mostly the conceptsof signaturematchingaredemonstratedwith functional
languages[232, 233]. Functionallanguageseasethe taskof signaturehandling
dueto their relaxed typing system. Albeit, as it is shown in the work of [211,
206,50] functionalsignaturematchingis transferableto stronglytypedimperative
languagesaswell.

A signature is animplementationindependentrepresentationeitherof thetype
expressionof a datastructureof a function,or of a module’s interface. Seesec-
tion5.1.1for adetaileddefinitionof thenotionof type.A module’sinterfaceholds
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a setof functionsand/ordatatypes. Signaturesareusuallystaticallycheckable.
As anexample,look at thefollowing C-function:

int randomNumber (int from, int to)

The signatureof this function is generatedin determiningthe datatypeson
the input side,on the outputside,andthe datatypesof variablesusedas input
andoutputparameters.If a parameterof a functionhasthepassingmodein-out,
this datatypeappearson bothsidesof thesignaturespecification.Thefollowing
signatureis a representationof thepreviouslypresentedC-function:

¨�© :�R�ªS«¬¯®°«±=² ¨ >³O 8Z´aµd¶ Y¸· fqc�¹dV ¹ ¶ · f�c�¹º<�8�µd» c�¼ ¶ YH½¿¾=YÁÀÃÂ µ · f�c�¹º<
Zaremski and Wing [232] define a signature match as a func-

tion with the signature QuerySignature � MatchPredicate �
ComponentLibrary O ResultSet . Givena query, expressedas(partial)
target signaturefor the searchedcomponent,anda matchpredicatedefiningthe
type of matchanda componentlibrary, the signaturematchingprocessreturns
a setof matchingcandidates.The authorsdiscussdifferent levels of matching,
establishedby differentmatchingpredicates.

A furthermechanismfor queryrefinementis thento seta lower or anupper
boundfor datatypesin the type lattice. For doingso,a searchermay formulate
a queryby specifyinga subtypeor supertypematchingpredicate[222, 156]. As
anexample,considerthesearchfor a function Ä , demandinganintegerasinput.
If the searcherrestrictsthe searchto ÄÅ� int O Æ (where Æ is an arbitrarytype
variable),a function ÄÅ� real O Æ cannotbe found,althoughit may be a good
candidate(at leastfor white-boxreuse).Therefore,asinput parameter, a super-
type designatoris assigned,determiningall supertypesof int in the signatures
of candidatecomponentsasvalid inputs. Thematchingalgorithmis basedon a
recursive executionof renaming,substituting,permutingor uncurrying(disinte-
grationof structuralelements)stepsto locatematchingsignaturesin thelibrary.

Sincesignaturesareanimplementationindependentview ontotypes,they can
besortedaccordingto their sub-andsupertyperelations.This orderinglattice is
usedasaprimaryindexingstructurefor asoftwarelibrary. In suchaway, amatch-
ing processfor signatureswith different rigidity rangingfrom exact to relaxed
matchcanbesupportedefficiently. Similarapproachesarediscussedin [47, 129].



Signature Matching 59

Novak [166, 167] describesa further applicationof signaturematchingfor
supportingreusein theareaof functionallanguages.In his applicationdevelop-
mentsystembasedon the GL ISP compiler, different isomorphicviews on data
typescanbeestablished.Theintegrity of views is establishedby addingrulesto
views. Thus, the reuseof genericdatatypesfor applicationsis eased,because
theapplicationengineerdoesnot have to considerthedetailsof a mappingfrom
the genericto the concreteandspecializeddatatype. As an exampleconsider
angenericdatastructurecircle with a radius field. If anapplicationengi-
neerhasto dealwith “pizza” anddiameter, s/hecanusethecircle datatypeto
storethedataaboutthediameterwithout consideringthe internaldatastructures
andconversionrules. This is possible,becausethesystemoffersanappropriate
view with readandwrite permissionsfor theapplicationprogrammer. Dueto an
integrity rule for the establishedview, the conversionfrom diameterto radiusis
performedautomatically. Suchviews canbe introducedby the applicationpro-
grammer, too, to enableadditionalflexibility .

Another approachbasedon signaturematchingis presentedby Luqi and
Guo[134]. Here,theauthorsdescribereusablecomponentsbycomputingaprofile
from thecomponentssignaturesto identify themuniquely. A profile is asequence
of integersgeneratedby countingthe numberof signaturetypes,the cardinality
of relatedtype groupsandunrelatedtype groups,anda flag (0 or 1), which in-
dicatesan“in” or “out” parameter. This sequenceof integersis thebasisfor an
efficient indexing structure. Also here,performingpartial or exact (herecalled
full) matchesis possible.

4.5.2 Evaluation
It is obvious,thatsignaturematchmaynot leadto thecomponentwhich is really
searchedfor: many componentsin thelibrary couldsharethesamesignature.For
example,in the standardANSI C math library 31 out of 47 functionshave the
signaturedouble O double[233]. Thus,in searchingthefunctionalitybehindthe
signatureandwith a largesetof componentsin the candidateset,this setneeds
furtherrefinement.Signaturesdescribeonly a very narrow structuralaspectof a
reusablecomponent.

Although signaturematchingbaseson a formal andrigid description,many
morequestionsconcerningthe interpretationof thequerysemanticsarise: How
canoptionalparametersbehandled?Whataboutpolymorphicparameters,where
the type is definedasto begenericandthereforeis not known exactly until run-
time?Whatif thesearcherdoesnotknow abouttheorderingof parameters,since
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somesignaturematchingapproachesdependon positioninginformation?What,
if not all parametersareknown? To subsume,formality doesnot help in such
cases,wherethis tool workson unstableground7. Most of suchquestionscanbe
handledin makingvariousdesigndecisionfor thematchingalgorithm.Anyhow,
aheavy burdenis left to thesearcherin determininghow to optimizethequerying
mechanism.This bringsa lot of uncertainty, counterbalancingthebenefits.Nev-
ertheless,signaturematchingisafirst steptowardsainterpretation-free,automatic
softwareclassificationmethod.Wewill discussourextensiontowardsgeneralized
signaturematchingin thesection5.

4.6 Extensional Descriptor s

4.6.1 Concept

PodgurskiandPiercein [174, 175] presenta techniqueto retrieve components
from alibrary by usingdirectly themainpropertyof softwarewhichdistinguishes
it from other knowledgesources,its executability. They namedthis technique
behaviorsampling. A componentlibrary usingbehavior samplingcontainssoft-
ware,which canbe executedwithin the library environmentautomatically. The
retrieval processrestsuponsignaturematchingandis performedin two steps:

1 The searcherspecifiesa target interfacesignaturewith datatypesfor all in-
put andoutputparameters.This signatureis seenaspartialdescriptionof the
searchedfunctionality(seesection4.5 resp.section5 for a moredetaileddis-
cussionon signaturematchingaswell). Parametersneednot be namedand
theorderingof parametersneednot beknown. Theretrieval mechanismthen
searchesfor componentsconformingto the interfacesignatureand collects
matchingcomponentsfor a candidateset.If genericroutinesareencountered,
a mappingfrom the concretetarget interfacesignatureto the candidaterou-
tine’ssignatureis computed,if possible.

2 Thesearcherspecifiestherequiredbehavior of thecomponentby providing a
sampleof inputsandthecorrespondingcorrectoutputs.In basicbehavior sam-
pling, anoperationalinputdistributionbasedontheinputvalue’s frequency of
a real-world usesupportsthesearch.All componentsof thecandidatesetare
executedon the specifiedinputsandthe resultscomputedin sucha way are

7This factis expressedveryclearlyby JohnvonNeumann:“There is nosensein beingprecise
whenyoudon’t knowwhatyouare talkingabout.”(cited accordingto Jackson[107, page290])
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matchedagainsttherequiredoutputs.Exactmatchesindicate(partially)fitting
components,whereasa mismatchleadsto the eliminationof the component
from thecandidateset.PodgurskiandPierceconductedexperiments,in which
they observed that in mostcasesonly 4 samplessuffice to identify correctly
a componentin a library of 252 routines. In worst case,the searcherhasto
generate12sampledescriptorsfor successfullylocatingacomponent[175].

Componentretrieval by behavior samplingleadsto a high precision(with re-
spectto the querysample),becauseonly componentsin conformancewith the
samplearekept in the candidateset. Partial or relaxed matchesarenot consid-
ered. Thequeryitself is formulateddirectly in the context of the problemto be
solved,thusit needsno interpretation.If recallis takeninto account,thesituation
differs.Dueto thefactthatsignaturematchingis anessentialpartof theretrieval
process,thequeryresultdependsheavily on thecorrectformulationof thetarget
signature.

4.6.2 Evaluation

Executionaldescriptionaccordingto behavior samplingis very helpful for com-
ponentretrieval,becauseit restsonaninherentpropertyof software:executability
which is renderedby transformationof data.Unfortunately, someaspectshamper
theapplicationof this techniquein practice:

Rigid signature matc hing

Thefirst stepof behavior samplingprocessis signaturematching.As Podgurski
andPiercealreadynoticed,componentswith identicalfunctionalitymayoperate
on very differentdatastructures.As an example,the readermight considerthe
datatypeset , which might berepresentedasbit vector, linkedlist, tree,or hash
table. If a searcherdoesnot know aboutthe domainengineersimplementation
preferences,she/hemustdefinethe wholevarietyof implementationvariantsas
partof thequeryin the target interfacesignature.Albeit, thesearchercannotbe
sure,if thereexistsanimplementationusinganunconventionalandthereforenot
targeteddatastructuresfor representinga set. Theauthorsthensuggestto spec-
ify both the target signatureandthe componentsignatureasabstractdatatype.
An abstractdatatype hidesimplementationdetailsanddefinessignaturedetails
asgenericoperationson data. In sucha way, the set propertiesareexpressed
on the basisof its sorts(type names)ordered set, element, key andbooleanby
specificoperations.E.g., the operationnewset returnsan emptynew setand
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insert(S,X) takesanelementx andputsit into a setS. For a completespec-
ification nine operationsare required. How this abstractdatatype is linked to
concreteimplementationsmustbespecifiedfor all implementationin orderto per-
form componentexecutionsautomatically(similar to the ideasof view integrity
of [166,167]). To ensureacorrectmappingfrom abstracttypesto concretetypes
is at leasta cumbersometask.

Abstractdatatypeshelp to handleimplementationvariants,but to correctly
specifysignaturesandto mapthemto the implementationsis laborious. Addi-
tionally, to determineif a datastructureis indeeda correctimplementationof a
concepts(e.g.set)or embodiesadifferentconcept,is alsotroublesome.Eitherthe
domainengineeror thelibrariancouldperformthis task.Both have to beexperts
in formulatingabstractdatatypes.Furthermore,if not all parametersareknown
to thesearcher, heuristicsmustbeembodiedin theretrieval mechanismto handle
suchvaguenesses.

Low recall

Anothercritique is expressedby Hall [92]. First, he addressesthe drawbackof
low recall, becauseothercomponentswith differentsignaturesmay be relevant
to solve a programmingproblem,too. He extendsbehavior samplingto a gen-
eralizedbehavior-basedretrieval (GBR). His techniquedoesnot considercom-
ponentsonly, but whole programsbuilt from reusablecomponents.According
to Hall, this shouldimprove thedegreeof recall,sincein additionto a focuson
smallroutines,ahigherlevelof problemsolvingis reachedby retrievingprograms
incorporatingrelevantsubroutines.

On the otherhand,retrieving whole programscanleadto a small degreeof
precision,sincenot all partsof the offered functionality might be useful for a
searcher. Furthermore,if the programitself doesnot offer the desiredbehavior
exactly, it cannotbeusedas-isandonly white-box-reuseis a alternative in these
cases.However, whethertheprogramreally canbedisassembledto getthecom-
ponentsandif thesecomponentsbehavecorrectlyoutof theprogram’scontext, is
anotherquestion.

Side effect treatment

Hall criticizesthatwith behavior samplingcomponentsgeneratingsideeffectsare
hardto handle.For example,if acomponentfor file deletionis sought,theexecu-
tion environmentmustknow how to restorethefile aftereachcandidatecompo-
nent’s execution.This is hardto automatefor a generalenvironment,becauseall
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occurringsideeffectsmustbepredictedcorrectly. GBR solvesthis in executing
not thecodeitself, but a side-effect-freefunctionalmodelof it. To provide such
a modelfor eachcomponentof therepositoryis thetaskof thedomainengineer
or thelibrarian.Hall doesnot discusstheproblemhow to verify if thefunctional
modelis indeedcapturingthewholerangeof thebehavior of thecode.

Operational profile focus

The operationalinput distribution usedto selectinput valuesservesto generate
characteristictuples. The assumptionhereis, that frequentvaluesfor searcher
representtypical behavior within theapplicationdomainandin thatway is easy
to handle. But Podgurski,PierceandHall alreadyrecognized,that a randomly
choseninput sequenceperformsequallywell comparedto any othersequence.
We think, that a searcher(asan applicationdomainexpert) finds boundaryval-
uesmorehelpful andsignificantandtheoutputon seldom,but remarkableinput
hasmore characteristicpower than frequentinput-outputtuples. For example,
considera functionperforminga translocationcomputationon two-dimensional
structuresonadrawing sheet.Here,a frequentoperationis a translocationwithin
theboundariesof thedrawing sheet.But morecharacteristicandimportantis the
resultof thecomputation,if thestructureismovedovertheedgeof thesheet.Such
rareeventsaremorecharacteristicand,therefore,moreimportantto thesearcher
thananumberof furtherinner-sheetmovementsof thestructure.

Output determination

How doesa searcherspecifyfunctionswith sampledescriptors,if the output is
not know, resp.cannotbe determinedwith reasonableeffort? Then,the search
cannotbe performed. In addition,considera requirement,that the structureof
the concreteoutput is not important,only side effects of the computationsare
important.Thismaybethecase,if onesearchesfor aparsercomponent.How the
resultingabstractsyntaxtreeis representedis indeedof minor interest,if only the
parsingitself is correct.In suchcases,retrieval shouldbepossibleanyhow.

User interactivity

Formalmethodswerealreadycriticizedbecauseof their insufficientperformance
and the resultingunsatisfyinginteractive searchprogress. The sameargument
holdsfor behavior samplingandgeneralizedbehavior-basedretrieval. Not only
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the executionof all candidatecomponentsandthe outputmatchingis time con-
suming.Theprecedentphaseof signaturematchingis time consuming,too. All
of thesefactorstogetherinhibit aninteractivequery-answercycle.

Repositor y maintenance

Eachqueryto therepositorymayactivateany component.Eachcomponentthere-
fore mustbeimmediatelyexecutedon thepresentedinput to keepresponsetime
low. In the original work of PodgurskiandPiercethis rendersnot ineffective,
sincethe granularityof the functionsadministeredwas ratheruniform and the
numberof functionswaslow. In a productive environmentthe situationsis dif-
ferent.For any componentthereanexecutionenvironmentmustbeprovided. In
theworstcasetheexecutionenvironment’ssystemarchitecturemightbedifferent
from theonegivenfor therepositorysystem.This technicalcontext canchange
(operatingsystemor hardwaremigration),andany changeleadsto ainconvenient
verificationprocessto ensuretheexecutabilityfor eachcomponentunderthenew
circumstances.Thisprocesshasto berepeatedfor all partitionsin therepository.
Therefore,theeffort to maintaina directexecutionof all reusablecomponentsis
high,sincea library of reusablecomponentsis a long-terminvestment.

4.7 Summar y

In thischapterwepresentedimportanttechniquesfor componentretrieval andwe
discussedthemespeciallywith respectto therequirementsdiscussedin chapter3.
Among all of them,we seea combinationof signaturematchingwith behavior
samplingasa trustworthy groundto work on. However, bothtechniquesdemon-
stratesomedisadvantageswhich must be considered.Hence,in the following
chapter5 we discussa generalizedapproachto signaturematchingandin chap-
ter 6 we usethis generalizedsignaturematchingtechniquefor improving behav-
ior sampling.Theapproachenablesusto describeandretrieve componentsbuilt
upontheproceduralparadigm.Chapter7 dealswith theextensionof theideasof
interpretation-freedescriptions(andretrieval basedon them)to handlecomplex
andstate-bearingcomponentsaswell. Thus, the developedtechniqueis useful
for generatingdescriptionsfor object-orientedcomponents,which arethe main
representativeof reusablecomponents.



5
Multile vel Generaliz ed Signature
Matching

In theprevioussection4.6 we discussedanextensionaldescriptionapproachfor
componentretrieval. Several aspectshamperinga successfulapplicationof this
methodwereidentified.Oneof themis therigidity of formalsignaturematching.
Therefore,in thecurrentsectionwediscussamoregeneralapproachof signature
matchingasa first steptowardsimproved behavior basedfunction description.
Themainaimof generalizedsignaturematchingis to improverecall,asprecision
is raisedin theretrieval stepslateron.

Thechapteris organizedasfollows. In section5.1onthenext pagewediscuss
thenotionof typesandsignaturesonagenerallevel. Basedonthisweintroducea
syntaxfor therepresentationof signatures,thesignaturegrammar, in section5.2
on page73. Thesignaturegrammarservesasa commongroundfor representing
type informationobtainedfrom “real” programs.How to obtainthemis briefly
discussedthere,too. Signaturesrepresentedin thegrammararethentransformed
to anintermediatesignaturegraph, which is introducedin section5.3. Signature
graphsarean intuitive representationof type structuresandareusedfor calcu-
lating variousrelationsbetweentypes,e.g.,nameequalityor subtyperelations.
In this way, a searchercanbuild flexible queries.Our aim is to enableretrieval
with high recallon thebasisof a formal andrigid descriptionof components.If
thesearcher’s focusis on thestructuralaspectsof thecomponentsreflectedin the
signature,thengeneralizedsignaturematchingachieveshighprecisionaswell. A
furtherpositiveaspectof describingcomponentson thebasisof signaturesis the
potentialto computethemautomaticallywithouttheneedfor humanintervention.

65
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5.1 Signatures and types

Signaturesdescribethe interfacestructureof componentsimplementedastypes,
functions,or modules. The aim of the descriptionis to characterizea compo-
nent implementation-independently. Componentsdescribedin that way canbe
soughtin a repositorywhich is built on descriptionsof thesametype. However,
to successfullymatchsignatures,thetechniquemustprovideenoughflexibility to
expressvaguerequirementstoo. Thesearerequirementswhichmaynotbeknown
in detail,or might not be importantfor thesearcher. Matchingflexibility allows
to

distinguishbetweensignaturesof datatypes,functionsandmodules,

ignoreorderingof parametersin signatures,

neglectthenamesof signaturesor labelswithin their structure,

generalizeor specializeinformationaboutstructures,

matchstructuralsimilaritiesbetweenquerysignatureandcandidatesignature
with varyinggranularity.

If suchdegreesof freedomareprovided, a searchercanbuild a querywith
thedetail she/heis ableor willing to specify. In thecaseof missinginformation
theretrieval mechanismneverthelessshouldcollectcomponentswith a signature
“close” to thequery. In thisway, recallis improvedby meansof queryrelaxation
andof queryexpansion.

Modulesplayaspecialrole in thiscontext. They areconsideredasameansto
groupa(semantically)coherentsetsof typesor setsof functionswhicharerefered
to by a name.Sincemodulesarebuilt upontypesandfunction,we discusstheir
signatureaspectsfirst. Thetransformationof modulesis only asmall,furtherstep.

5.1.1 Types

Typesevolved in the theoryof programminglanguagesto help reasoningabout
differentconceptsof data(which all areimplementedasbit stringsof fixedsize
in memory). In programminglanguagehistory, the initial universeof datawas
unorganizedin the way that every conceptwasrepresentedasbit string,be it a
character, a number, a reference,a structure,or a program. But sucha uniform
representationis inconvenientandunsafeto handle,sinceoperationsperformed
on numbersandcharactersmight differ substantially. The meaningof the data
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is inferedby determiningthe correspondingexternalconcept. If the conceptof
a bit string is identifiedwrongly, the resultof an operationcould be disastrous.
To avoid dangerousad-hocinference,techniquesweredevelopedto structurethe
dataandto helprepresentingexternalconceptsbetter. Theresultof this structur-
ing processis typeddata.Dependingonits purposeresp.programmingparadigm,
thestructuringprocessis performeddifferently. However, seenfrom a historical
perspective the directionof eachpurposeis always the same:Startingfrom an
untypeduniverse,moreandmorestrongertypesare introducedto organizethe
domain[45]. The term strong indicatesrestrictionswhich areimposedby con-
straintson the domain. As a consequence,a type _ is strongerthana type � , if
thecardinalityof its_ ’s setof elementsis smallerthanthecardinalityof � ’ setof
elements.

This top-down view is onepossibleapproachto datatypes. The otherone
setsa focus on the constructive approach,wherestartingfrom axiomaticbase
constructsmore andmorecomplex typesarebuilt. This bottom-upstrategy is
pursuit in this chapter. However, the top-down andthe bottom-upview aretwo
sidesof acoin,andbothaspectsareconsideredin thischapter.

A possiblerealizationof datatypingis theutilizationof settheoryto subdivide
a domain.In settheoryeverythingis seeneitherasanelement,a setof elements,
and/orothersets.Mathematiciansusesetsto organizeextremelyrichandcomplex
structures.Theuseof settheoryfor structuringdomainsreflectstheideaof types
assetsof values.In contrast,in the Ç -calculuseverything,beginningfrom num-
bers,datastructures,or evenbit strings,is consideredasa function. In this work
we follow the exampleof ZaremskiandWing [232] who organizedatatypesas
setsof functions,thusapplyingaspectsof setsandfunctionsin a bottom-upway.
Their ideasareadaptedto ourneedsfor generalizedsignaturematching.

Typesarebuilt by applyingtype operatorsto zeroor morearguments,or by
referencingto alreadydefinedtypesvia typevariables.Sincewe do not let users
definetheirown typeoperators,weencounterafirstordertypesystem[45]. As an
initial step,typeoperatorsaredefinedto beusedastools for constructingtypes.
Dependingon the arity of their operators,basetypesandcomplex typesmay be
distinguished.

Basetypesarebuilt from operatorswhichdonotdemandoperandlists. There
doesnot exist a predefinedbasetype operatorin orderto definebasetypeslike
e.g.int or char . To definebasetypeswe take thenameof thetypeitself for a
0-aryoperator. In our work thesemanticsof basetypesis not consideredfurther;
theonly oneexceptionis thereasoningaboutsubtyperelations(seesection5.4.1
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for details).There,to enablesubtypechecking,for eachbasetypea-priorisubtype
relationmustbedefinedin advance.

Definition 5.1. – BaseTypeOperator Æ�À
A basetypeoperator Æ�À is auniquename.

With basetypesasbuilding blockscomplex typesaresynthesizedwith theaid
of complex typeoperators. Complex typeoperatorsarebuilt by applyingan : -ary
operatorÆ�È , with :É�Ê� , wherethetypeoperatorvariableÆ�È is instantiatedwith an
elementfrom the set P � VXGËVXOÌ[ . A complex type operatordemandsoneor two
operandlists.

Definition 5.2. – Complex TypeOperator Æ�È
A complex typeoperator Æ�È is elementof P � V=GlV=OÌ[ , where

the length Í of the operandlist of the operators� is greaterzero,ÍÎ�Ï� ,
the length Í of the operandlist of the operatorsG is greaterone,ÍÎ�ÊÐ ,
theoperatorO demandstwo operandlistsof length ÍÁ�Ñ� .

The crossproductoperator � is definedwith an operandlist containingat
leastoneparameter. In this work, in contrastto the definitionsof Zaremskiand
Wing [232], we prohibit unlabeledelementsin theoperandlist. Therefore,cross
productsarenotequivalenttoaCartesianproductin settheory, sincetheelements’
labelsrestrictthesetto asubsetof theCartesianproduct(leadingto mathematical
relations).The � -operatorasdefinedhereis equivalentto therecord constructor
(or labeledCartesianproduct)of CardelliandWegner[45, p 487]. Crossproduct
operatorsarean integral part of mostmodernprogramminglanguages,e.g. the
RECORDconstructorin Modula-2,Modula-3or Pascal,or thestruct definition
in C.

A typeunion operator G (or variant record type operator[44]) is known in
C andModula-2aswell. It is an : -ary disjoint union of typeswhich represent
alternative structuresat run-time. To prohibit emptyalternatives,a union type
operatormusthave at leasttwo alternatives(two operands).The structureof a
variant recorddependson the evaluationof an associatedcondition. Sincewe
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focus on structuralaspectsonly, this semanticsin not discussedfurther in this
work.

The functionspaceoperator O is meantto constructfunctionalcoherenten-
tities, similar to thePROCEDURE- or FUNCTION-constructorsin Modula. It de-
mandstwo operandlists; onefor theinputspecification,onefor theoutputspeci-
fication.Only thisoperatoris allowedto haveemptylists. Theseoperandlistsare
consideredinternallyasunnamedcrossproducts. Consequently, crossproducts
derivatedfrom input lists arealwaysdefinedimplicitly. To keepthe information
aboutthe positionof individual elementsin the parameterlists, eachelementof
theoperandlist getsanindex. Obviously, thistransitionstrategy mayleadto cross
productswith only oneoperand,whentheinput (output)list containsthatnumber
of parameters.If an emptyparameterlist is declared,which is not allowed for
crossproducts,a referenceto thebasetypevoid is introduced.

If a function returnsan anonymousvalueasresult,we label this valuewith
the metasymbol ˜out andplaceit asparameterinto the out-list. An example
for an emptyoperandlist is the ANSI C function int rand(void) , which
generatesa pseudo-randomnumberwithout gettingan input. For furtherdetails
on thesemanticsof typeoperators,theinterestedreaderis referredto thework of
CardelliandWegner[45].

With baseandcomplex typeoperatorswe now have all elementsavailableto
defineformally theconceptof a type.

Definition 5.3. – Type Ò
A type Ò is eitheratypevariableor atypeoperation.A typeoperation
is theapplicationof atypeoperatorÆ to zero,oneor twooperandlists.
A basetype is built by applyinga basetypeoperatorÆ�À . A complex
typeis built by applyingacomplex typeoperatorÆ�È .

In theremainderof this work, we do not distinguishbetweentheoperatorsÆ�À
and Æ�È , unlessit is necessaryto doso.A typenameis astringto whichtyperefers
to a type;formally : © «²Ó��>DÒ . Sucha typewhich hasa nameis calleda named
type.

Now theoperandsof typeoperatorsmustbedefined.Operandsarepackedinto
sequences.For a sequence,to eachelementa positive wholenumberis assigned
whichservesastheelement’s index. Accordingto Diller [61, page97] asequenceÔ

is a finite functionfrom thenon-negative wholenumbersto anelementset
Ô
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whosedomainconsistsof the numbersbetween1 andthe numberof elements,�`²�� ÔÖÕ P�Ä���×ÌO Ô ��R�ª�«¯Ä¤>{�s6Ø6�Ù�Ä�[ . In thisway, theorderingof theelements
in thesequenceis maintainedandasaconsequence,elementsfrom

Ô
mayoccur

repeatedly. However, we do not allow morethanoneidenticaloperandlabelon
thesamelevel in anoperandlist.

A operandsis a pair consistingof a labelanda type. It might beconsidered
asa locally definedvariablewithin the scopeof its operandlist. Labelsserve
asselectorsfor accessingtheoperandsinformation. A scopedefinestheareaof
accessibilityto labelswhich areaccessibleat the level of a operandlist or at the
level of sublistscontainedin its list. A label’s scopeis overridden,if anidentical
labelis assignedto a declarationin a sublist.Thefollowing definitionformalizes
thepreviousparagraphs.

Definition 5.4. – Operandlist of typeoperator
An operandlist Ú of a typeoperatorÆ�È is a list 8kÚHTÛVXÚ ; V�6�6�6bÚ���< . Each
operandÚ¿f ( �ÝÜßÞLÜKà ) is anelementof the form áãâ ·�ä â , where Íåf is
calledthe labelof type ÒÎf . Thelist Ú maybeempty.

Thereare two ways to declaretypesof operands.They might be declared
explicitly or implicitly. Every baseandnamedcomplex type is a explicit type.
Implicit typesoccurwithin operandlists only; they modelconceptualsubstruc-
turesin theoperandlist. Wecall themunnamedtypesaswell.

A type is definedrecursively, if it is referencedby namefrom within its
operandlists (direct recursion)or from a type which is usedin its operandlists
(indirectrecursion).Only namedtypesmightbedefinedrecursively.

The following examplesof typesshouldclarify the pointsraisedso far. We
presentthetypesin pseudo-code,but it is notdifficult to establishamappingfrom
existing imperativeprogramminglanguagesto signaturedefinitions.

Example5.1. VariousTypes æ
base: ¨ ² © Í

The type “ ¨ ² © Í ” is built from an operatorwithout operandlist. Please
note,thatonly syntaxis definedbut nosemantics.
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complex: � 8�ç · µ Â » á Véè · µ Â » á <
Thistypeis constructedby applyingthecrossproductoperator, obtaining
a recordstructure.Theoperandlist containstwo operands,ê and ë , both
of typereal. This typeis well defined,but it cannotbeaccesseddirectly,
dueto amissingnamefor referencingit.

named: ìhª�Þ�:°_l��> � 8�ç · µ Â » á Víè · µ Â » á <
Thetypenamed“ ì¢ªSÞk:î_ ” is a recordstructurewhich is explicitly named
andthereforeaccessiblewithin its definedscope.

unnamed: ìh² ¨ �`ªS:ï��> � 8 c » YÁÂ ·sð ¹ µ fqc�ñ�V ç · � 8 ð ¹ µ ÂkÂk¹ ·sð ¹ µ fqc�ñ�V ÈÃfq¹ è ·sð ¹ µ fqc�ñÛ<ò ó�ô õ
implicit type

<
Thesecondoperandof thecrossproductoperatorof “ ì¢² ¨ ��ª�: ” is anun-
namedstructurerepresentingtheconceptof anaddress.Thissubstructure
is implicitly defined.

anonymousreturn value: ConsideraPascal-like function
FUNCTION HShift (source:Point, dist:real) : Point;
(horizontalshift) for computinganew horizontalpositionof apoint. The
typeof this functionis:ö �ø÷ùÞdÄ°_��q>³O 8 ð ¶ ¾ µ ÈÂ ·Sú ¶ fqc�¹ûV ¼üf

ð ¹ » c�ÈÂ · µ Â » á <�8Zý ¶ ¾=¹ ·�ú ¶ fqc�¹º<
The complex type “ ì¢ª�Þ�:î_ ” togetherwith a distancevalue for relocat-
ing this point horizontally are provided for the input to the function
“
ö �ø÷ùÞdÄí_ ”. Theresultof thecomputationreturnedto thecalleris labeled

with the themeta-designator̃out . We do not usethe function’s name
to label the output variable(as it is the casee.g. in Pascal),since, in
contrastto thefunctionalprogrammingparadigm,weconsidertheoutput
of thefunctionasadifferentconceptthanthefunctionitself.

þ
Thetypestructurespresentedin this chapterareanabstractionfrom concrete

typesimplementedin a programminglanguage.To distinguishimplementation
dependenttypes from their abstractionwe use the notion “signature”. In the
remainderof this work, we usethe term “type” to refer to the elementson the
implementationlevel and“signature”to referto elementsontheabstractionlevel.
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5.1.2 Modules

Basetypesarefirst classcitizensof programminglanguagesand,therefore,acces-
sible in every compilationunit. If a programmerimplementsuserdefinedtypes
within a compilationunit, they areaccessiblewithin their scopeandthereneed
not beanaccesspathto them. However, if typesshouldbeaccessiblefor clients
(whichareotherprogramsor components),theconceptof asignatureasaninter-
facedescriptionsplaysanimportantrole. Suchseparateunitsarecalledmodules.
Modulesgrouptypes(datatypesandfunctiontypes)andprovide a client with a
nameto accessthem. This view is in accordancewith the approachof Zarem-
ski andWing who considera moduleasa coherentcombinationof types[232].
Examplesof modulesareinterfacedescriptionsof objectsin Java , interfacesof
MODULA-3modules,or packagesandabstractdatatypesin Ada.

Definition 5.5. – Typeof a module
The type ÿ of a moduleis a namedsetof the typesdeclaredin the
module.

A module’s signatureis a namedset of the signaturesof typesdeclaredin
its interface. Throughthis interfacethe accessto its elementsis enabled.With
the help of modulesthe analysisof identically namedtypesdeclaredin differ-
ent modulesis possible. If a signaturedeclaredin a modulemustbe accessed,
it is necessaryto specify the accesspath to it. We chosea commonrepresen-
tation for pathnavigation, namelythe separationof pathelementsby a dot. In
that way, it is specifiedhow to accesselementsof of a module’s signature(e.g.
module.type ).

In continuingtheexample5.1from page70thedatatypePoint usedfor stor-
ing two-dimensionalpointstogetherwith therelocationfunctionHShift might
beseparatedfrom themainprogramanddeclaredin aseparatemoduleTDPoint ,
which is specifiedby thefollowing interface:

INTERFACE TDPoint =
Point = RECORD

x : real;
y : real;

END Point;
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FUNCTION HShift (source : Point,
distance : real) : real;

...
END TDPoint.

5.2 Signature definition

5.2.1 Signature grammar

To treatdifferentprogramminglanguagesweneedanintermediaterepresentation
of signatures.The signaturegrammarshown in figure 5.1 on the next pageis
a type expressionsublanguagefor a first order type system,similar to the type
constructoperatorsof imperativeprogramminglanguages1. Theissuesdiscussed
in theprevioussectionsarereflectedin its structure.

The transformationof type declarationsexpressedin terms of an impera-
tiveprogramminglanguageinto implementationindependentsignaturedefinitions
conformingwith thesignaturegrammaris straightforward. However, the trans-
formationrulesmustbedefinedfor eachprogramminglanguageindividually. In
thefollowing sectionwegivesomehintsfor this transformationprocessfor those
spots,wheredifficultiesmightoccur.

1Thegrammaris expressedin ExtendedBackusNaurForm(EBNF),whichis ametalanguage
for definingformal languages.EBNF’s building elementsarerulesandthreedifferenttypesof
symbols. Rulesarebuilt like an equation.On the left handsidethe nameof the rule is given,
followedby theassignmentsymbol“ ::= ”. This nameis a non-terminalsymbol. Thebodyof a
rule is on theright handsideof theassignment.Thesymbolsaregroupedinto

1 metasymbols,whichareusedto build thestructureof thetargetlanguage.
The parenthesissymbols“ ( ” and“ ) ” groupdefinitions. The metasymbol“ | ” expresses

alternatives.Definition left or right to it areequivalentalternatives.Thebracketsymbols“ [ ”,
and“ ] ” defineazero-or-onealternativedeclaration.Braces(“ � ”, “ � ”) denoteiterations,which
mayneverappearor whichmayappearwith anarbitraryfrequency.

2 Terminalsymbolsaregiven“as is” in theform of e.g.’a’ .

3 Non-terminalsymbolsarenamesof rulesandappearat the left handsideof an assignment.
They mayoccurin thebodyof a ruleaswell for referencingrulesto build complex structures.

EBNFin thepresentedform is redundantdueto unnecessarymetasymbols,becauseit is possi-
ble to expressany definitionrecursively by usingalternatives(“ | ”) only. However, a richersetof
constructingelementsmakea muchshorterandamuchmorereadabledeclarationpossible.
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Declaration ::= Module | Types.
Module ::= ’MOD’ SigName ’=’ Types.
Types ::= TypeDec {’;’ TypeDec}’.’.
TypDec ::= TypeName [’=’ TypeBody].
TypeBody ::= FunOp | CrossOp | UnionOp.
FunOp ::= ’->’ ’(’ TypeOperandList ’)’

’(’ TypeOperandList ’)’.
CrossOp ::= ’X’ ’(’ TypeOperandList ’)’.
UnionOp ::= ’U’ ’(’ TypeOperandList ’)’.
TypeOperandList ::= TypeOperand {’,’ TypeOperand}.
TypeOperand ::= Label ’/’ (TypeName | TypeBody).
TypeName ::= [ModuleName’.’]Label.
ModuleName ::= Label.
SigName ::= Label.
Label ::= char{char|digit}.
digit ::= ’0’|’1’|...|’9’.
char ::= ’a’|’b’|...|’z’|’A’|’B’|..|’Z’ .

Figure5.1: A signatureexpressionsub-language
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5.2.2 Hints for transf orming types to signatures

References

Referencesto atypewithin thescopeof adeclarationareestablishedby providing
thenameof thereferenceddatatype.Sinceweonly wantto maintainits structure,
a recursively definedtype suchasa linked list, is transformedby replacingthe
pointerto the structureby thenameof the referedtype. We arewell awarethat
this may leadto an infinite recursive definition. This problemwill be takencare
of in thematchingprocesslateron. Seeexample5.2on thefollowing pagefor a
transformationof thelinkedlist PList .

Arra ys

Many programminglanguagesprovide with arrayswhich areintendedto group
elements.In thatway, arraysaresimilar to recordtypes,but, in contrastto them,
theelementshavetobehomogeneous(they havetobeof thesametype).Thismay
not be true for records.A further particularityof arraysis the index associated
with eachelement.This index permitstheaddressingof eachelementdirectly.

Thesignatureexpressionsublanguagepresentedin 5.1on theprecedingpage
doesnot provide with a declarationfor arrays. This motivated,that arraysmay
be expressedby othersignaturestructureswhich will besufficient for matching
purposes.With this in mind, arraysmaybeconsideredasimplicitly linkedlists.
Then,theinformationaboutthelengthof theoriginalarrayand,furthermore,the
positionof its elementsgetslost. However, for matchingpurposespositioninfor-
mationmight be importantand,therefore,we transformarray typesto records,
whereeachelementof anarrayis representedasa field of a record.In thatway,
the focusis seton the data(andnot the metastructureneededto administerit).
In orderto maintaintheindex informationat leastpartially, afterthetransforma-
tion, the labelsof recordfields containindex information. For this purposethe
metasymbol˜i is concatenatedwith theindex. As previously mentioned,index
informationis maintainedpartially only. This is dueto the fact, that the infor-
mationaboutmulti-dimensionalityis lostwhenarraysaretransformedto records.
Dimensionsareflattenedby sequentiallyenumeratingarrayelements.This effect
is shown in example5.2on thefollowing page,wherethetwo-dimensionalityof
thearrayof pointsPArr cannotbeinferredfrom its signaturependant.
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Functions

For functionalentitiesthe informationaboutdifferentpassingmodesof parame-
tersis important. In this work we differentiateonly coarselybetweenIN, OUT
and INOUT modes,without consideringparticularitieslike call-by-value, call-
by-name,copy-restore,or call-by-referencepassingmodes[2]. They arenot of
primaryinterestwhenit comesto signaturematching.

IN-parametersindicatea valuewhich is passedto a functionalentity andit
occurson the left handside(in the first operandlist) of a function’s type. The
indicatorfor valuespassedto thecallerof a functionareOUT-parameters,which
arespecifiedontheright handside(in secondoperandlist). If valuesarepassedin
INOUT mode,thenamesof parametersareplacedon the left andtheright hand
sideaswell. Functionsdeclaredwith emptyparameterlists result in empty in-
and/orout-lists(whichareadministeredasrecordscontaininga void-type).

Example5.2. Transformationof declarationsto signatures æ
Considerthefollowingdefinitionsof typesfor storingtwo-dimensionalpoints,de-
finedin a Pascal-likepseudocode.TherecordtypePoint holdsthecoordinates
of a two dimensionalpoint. The linked list PList administersa setof points.
PArr is implementedasa two-dimensionalarraywhichelementsarepoints.Fur-
thermore,two functionalentitiesaredeclared:theprocedureHMoveintendedfor
shiftingagivenpointhorizontallyl unitsalongthex-axisandthefunctionDist
computingthedistanceof thepositionof theenteredpoint from theorigin of the
coordinatesystem.

INTERFACE TDPoint;

Point = RECORD
x : real;
y : real;

END Point;

PList = RECORD
p : Point;
next : POINTER TO PList;

END PList;
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PArr = ARRAY [0..1] [1.2] OF Point;

PROCHMove (IN l:real, INOUT p:Point);

FUN Dist (IN p:Point) : real;

END TDPoint.

Thesetypedefinitionsaretransformedaccordingto thedefinitionsof thesig-
naturegrammar(figure5.1 on page74) with respectto the transformationhints
discussedin thissection.

Module TDPoint =
real;
Point = X (x/real, y/real);
PList = X (p/Point, next/PList);
PArr = X (˜i1/Point, ˜i2/Point,

˜i3/Point, ˜i4/Point);
HMove = -> (l/real, p/Point) (p/Point);
Dist = -> (p/Point) (˜out/real). þ
Although the basetype real is not declaredin the implementation,it must

bepresenton thesignaturelevel. Wegivepriority to anexplicit definitionof base
typesthanhaving themasfirst-classcitizenson thesignaturelevel, becausethis
provideswith theflexibility to dealwith amultitudeof implementationlanguages.
A basetypeon thesignaturelevel is definedby its nameonly; no typeoperatoris
involved.Thisstyleis ashortcutdefinitionindeed,sincethenameof theoperator
is thenameof thetypeitself aswell.

Therecursivedeclarationof thelist of pointsPList establishedby thepointer
next , hasto beconvertedinto arecursivesignaturedeclaration.Theinformation
that a pointer referencewas originally the declaredis not maintained. This is
not considera lossof importantinformation,becausefor matchingpurposesthe
conceptbeyondthetechnicalimplementationis muchmoreinteresting.

The INOUT parameterp in the parameterlist of function HMove occursin
bothoperatorlistsof its signatureequivalent.Finally, theparameter̃out placed
in thesecondparameterlist of thesignatureof functionDist is theresultof the
transformationof ananonymousreturnvalue.
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5.3 Signature graphs

5.3.1 Basics

To compareefficiently signaturesandasbasisfor establishingsignaturerelations
we mapthesignatureinformationof typesinto a graph.A signaturegraph � >8��ÓV��L< is a directedgraphwith a setof directededges� anda setof vertices� .
We refer to thesesetsas ��8��h< and � 8��h< aswell. An elementg v�� is either
a type operator(including basetypes)or an uniqueroot node. Root nodesare
“entry points” of typeswithin a certainscope,from whereeachnamedtype is
immediatelyaccessible.Either the signaturesareaccessiblevia the scopeof a
moduleor via the scopeof a main program. In the first case,the accessvertice
is labeledwith the nameof the module,in the secondone, the label is named
“ root ”.

Eachnamedsignatureis connecteddirectly to theaccessnode.All othersig-
naturesareunnamedandimplicitly declared.However, to simplify thegraphrep-
resentation,basetypes,althoughnamed,arenot directly connectedto theaccess
node.They areshown in thegraphasdoublecircles.

An edge²hv�� is apairof vertices8gSf�Vag�t�< wheretheleft verticegSf is thesource
andtheright vertice g�t thetargetof ² . Thesetof directededges� representsthe
declarationrelationsfor eachsignature.Edgesmay have propertieswhich hold
informationaboutlabelsandthepositioninformationof operandsof crossproduct
operators.

Function operator transf ormation

As shortlymentionedin section5.1.1,theinputandoutputlists of functiontypes
aretransformedto crossproductswhich arerepresentedadequatelyin thegraph.
Thecrossproductservingasinput structureis designatedwith themeta-symbol
˜I , the outputstructurewith ˜O , respectively. In the caseof an empty input-
and/oroutput list a graphrepresentationwould leadto an emptycrossproduct
structure,whichis notallowedaccordingtodefinition5.2onpage68. In thegraph
sucha list leadsto a unarycrossproduct,containingtheonly operandwhich has
thetypevoid .

Example5.3. Signaturegraphof example5.2onpage76 æ
This exampleis a continuationof the transformationexample5.2 on page76.
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In figure 5.2 the signaturegraphof the structuresof the moduleTDPoint is
given. The root nodeis depictedasa box andnamedwith the module’s name
“TDPoint ”.

Theroot is linkedto thecrossproductPoint which containstwo elements,
x andy . Both elementsaredefinedasbasetype real . Thenumbersin square
brackets indicatethe positionof the recordcomponentsin the original operand
list. The recursive definition via the pointernext referringback to PList is
shown asreflexiveedgenext [2] .

Theinput andoutputlists of thefunctionDist andof theprocedureHMove
arecrossproducts,labeledwith themeta-symbols̃I designatingtheinput, resp.
˜O specifyingthe output. Dist takesonly oneinput, which is a variablep of
type Point . The returnvalueof the function is a crossproduct(with the label
˜O asselector)havingonlyoneoperand,whichis labeledwith themetadesignator
˜out .

ThearrayPArr is transformedto a recordstructureandpotentiallystoresthe
sameamountof dataas the original does. However, the informationaboutthe
two dimensionsinitially specifiedon the implementationlevel is not presentin
the graph,althoughall homogeneousandsequentiallyindexedelementsof type
Point arecontainedin thesignaturegraph.

TDPoint

X

PList

X

Point

->

Dist

X

PArr->

HMove

next [2]

p [1]

real

y [2] x [1]

X

p [1]

X

p [2]

l [1]

X

~out [1]

X

p [1]

~I~O

~i1 [1]~i2 [2] ~i3 [3] ~i4 [4]

~I ~O

Figure5.2: Thecompletesignaturegraphof moduleTDPoint

	



80 Multilevel Generalized Signature Matching

Union operator transf ormation

A specialcaseis a type 
 constructedby theunion(or variant)operator( � ). Each
elementin theoperandlist is a possibleimplementationalternative for 
 , but for
aspecificvariableof type 
 only onealternative is valid atacertainpoint in time.
However, for thepurposeof determiningtyperelationships(whichis astaticanal-
ysis) all possiblevariantsmustbe considered.This makes sensefor matching
purposesaswell, sincea searcherlooks for onepossibleinstantiationof her/his
demand.A uniontypeis meantto changeits shapedynamicallyandto fit thede-
mandexpressedin thequery. After thequery’s signatureis matchedsuccessfully
with oneof thealternatives,any otheralternative is not interestinganymore(only
theunionspecificityshouldbeindicated).Hence,all variantsof a � -typehave to
beanalyzedandaretransformedto the graph. In the signaturegrapha union is
denotedby an operatornode’ � ’ with all its possiblevarianttypesassuccessor
nodes.In contrastto theprocessof thetransformationof crossproducttypes,the
initial orderingof the operandsneednot be maintained,becauseall alternatives
areequalchoices.The initial orderdoesnot provide any additionalinformation.
The specificsemanticsof a variant type mustbe consideredin all analysisand
matchingsteps.Thetransformationof anunionsignatureto its counterpartrepre-
sentedasgraphis demonstratedin example5.4:

Example5.4. Representinga uniontypein thesignaturegraph �
Let 
 be a union type with the following signature
������������������� �� �! �#"

$
. In the

graphthe signature
 is transformedto an operatornode’U’ with its two alter-
nativesas immediatesuccessornodes(figure 5.3 on the facingpage). If e.g.a
subtyperelationto anothersignature% is calculated,bothvariants’a’ and’b’ have
to becheckedagainstthestructureof % for validatingthis property. If indeedone
outof thesealternativeshasthesubtypeproperty, theunionitself thenis asubtype
of % . A detailedexamplefor subtypematchingis presentedonpage93.

	

Similar graphscalled tgraphs, arediscussedby Katzenelsonet al. [115]. In
their work, theauthorsconstructanordereddirectedgraphfrom typedefinitions
to supporttypematchingfor differentmodulesat link time. Verticesof a tgraph
containnameinformation,typeoperands,andrecordlabels.Edgesarenotlabeled
andall informationaboutlabels,typenamesandtypeoperatorsmustbederived
fromthevertice’sdesignator. Additionally, theedgesleavingaverticeareordered.
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Figure5.3: Transformationof anuniontype

Theaccesspoint & to a tgraph is determinedby theuser, who specifiesthe type
to beanalyzed.All typesinducedby & thenareaddedto thegraph.Theintention
of theauthorsis to computea polynomialrepresentationfor efficiently matching
typeson a hashingschemathus obtained. This schemais basedon irrational
numbers(whicharecalledmagicnumbers)representingeachtypegraphuniquely.

Thematchingof tgraphsbasedon their magicnumberequivalentis claimed
to bevery efficient,asit is basedon comparisonoperationin thehashingscheme
representingthe tgraph. The differenceto the approachpresentedin this work
is dueto the fact that we establishdifferentsignaturerelationsandadditionally
allow matchingrelaxationsby graphtransformations(discussedin the following
sections).In contrastto Katzenelson’s approachwe maymatchpartsof typesas
well (andallow differentmatchingcriteria),sincewe do not packtheir signature
informationinto oneindivisiblerepresentation.

5.3.2 Signature graphs spanning diff erent modules

Modulesdefinethescopefor thetypesimplementedin it. On thesignaturelevel,
eachmoduleaswell asthemainprogramserveasanentrypointfor accessingtheir
constructs,a factwhich is reflectedin signaturegraphs.If anelementis defined
which type is importedfrom anothermodule,we have to keepthe information,
how to incorporatethis referenceinto asignaturegraph.

We do so by referringto the signaturegraphof the modulevia the external
accesspoint by merging thetwo graphsin sucha way thata graphhasmorethan
oneentrypoints.Theideais depictedin thefollowing example.
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Example5.5. Accessingexternallydefinedtypes �
The declarationof the recordLocation is placedin the main program. It is
intendedto containdataof a two dimensionalmap. One dataelementof the
recordis the positionof the locationposition , administeredby the structure
Point which is importedfrom the moduleTDPoint declaredin example5.2
onpage76.

PROGRAMMap
...
IMPORT TDPoint;

...
Location =

RECORD
position : TDPoint.Point;
name : string;

END Location;
...

END Map.

Theresultingsignaturegraph(figure5.4onthefacingpage)containsthestruc-
turesdeclaredin themainprogramMap, whichareaccessiblevia theroot node
of the graph. Thesignaturesinferedfrom the typesof the moduleTDPoint in
example5.2 aremerged into the graph. We do not show the intermediatestep
of translatingthe implementationdependentdeclarationsof theprogramMap to
signatures.Theaccessnodeto TDPoint ’stypesis shown in thegraph.It enables
thecorrectderivationof theirnamingscheme(accesspath). 	

5.4 Signature relations

5.4.1 Strata of signature relations

In this sectionwe discussrelationswhich canbeestablishedbetweensignatures.
Onthebasisof suchsignaturerelationsvarious“distances”canbeformulated.We
usesignaturegraphsasbasisfor comparingstructuralanddesignativeproperties.
In general,two differentaspectsareimportantfor thecomparison:
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Figure5.4: Mergingsignaturegraphsof differentmodules

1 The first aspectis concernedwith the designationof signaturesand their
substructures.Many programminglanguagesbasetheir type systemon the
uniquenessof names.Althoughthiseasesthetaskof checkingfor compatibil-
ity, in many casesthisapproachis too restrictive.

2 Thesecondaspecttakestheinternalstructureof typesinto account.

Bothaspectsareimportantanddependingonasearcher’srequirements,they must
berespected.Someof thesignaturerelationsherepresentedarebasedon rather
pragmaticideas,a pragmaticwhich stemsfrom the aim to supportcomponent
reusebest.Applicationengineersoftensearchfor domainrelatedaspects,without
consideringthe technicaland theoreticalbackgroundin detail at that moment.
Therefore,subtypematching(basedonasoundtheory)oftenleadsto unexpected
resultswhich areconsideredto becounterintuitive to a “naive” searcher. In this
work we supporta moreholistic view to signaturematching,respectingsound
theoryandheuristicstructuralmatchingaswell.
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All algorithms presentedin the subsequentsectionsare implementedin
SETL2 and are listed in appendixB. SETL2 is a high level generalpurpose
programminglanguagebasedon the theoryof finite sets[212]. Due to this set-
orientationit is very convenientto prototypethe ideasdevelopedin this thesis
without having to dealwith too muchimplementationdetails. SETL2 offersall
primitivesfor developingunderstandableandmodularprograms,includingexis-
tentialanduniversalquantifiers,modulesandinterfaces.Its syntaxis similar to
theoneof Ada.

Let % and
 betwo signatures,with %')(�*,+-* , where(�* is thetypeoperator, and
+-* is theoperandlist � *�. �0/21 . � *43 �0/21 3 �6565657� *98 ��/21 8 $ of % . Thesignature
:�(,;<+=; is
built from a typeoperator(,; andaoperandlist +=;>?� ;6. ��/0@ . � ;A3 �0/0@ 3 �6565657� ;�B �0/0@ B $ .
Weuse % and
 for demonstratingtyperelations.

Name equality relation

Thefirst relation,nameequality, is concernedwith thenamesof typesandit is the
simplestoneto check.E.g.nameequalityis usedin theMODULA-2compilerto
checkfor typeequality. Two typesarenameequal,if bothhavetheidenticalstring
asdesignator. In the signaturegraph,we candeterminenameequalitybetween
two types % and
 , if they aredirectly reachablefrom anaccessnodein thegraph
andtheedgesfrom thenodeto thetypeoperatorarelabeledequally.

Definition 5.6. – NameEquality( >� )
A type % is nameequalto a type 
 (symbolically %C'�D
 ), if % and 

areidentifiedby thesamestring.

We canseeimmediatelythat thenameequalityrelationis reflexive andsym-
metric. It is transitiveaswell, which resultsin anequivalencerelation.

Sincethe basisfor checkingnameequalityis the signaturegraph,the check
for it is to comparelabelsof edgesleaving an accessnode. Hence,only named
signaturescanbein anameequivalencerelation,asunnamedonesarenotdirectly
reachablefrom anaccessnode.

Obviously, edgesfrom thesameaccessnode(definingthescopeof a module
or a mainprogram)cannever have thesameidentifierasname:It is not possible
to declaredifferenttypeshaving thesamenamewithin onemoduleor program.
On theotherhand,signaturesdefinedin differentmodulesmayhave indeedthe
samename.Nameequalityplaysanimportantroleduringmatchingof signatures,
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becausemodulenames(asprimarydesignators)arenotconsideredon thehighest
level in amatchingprocess.

Example5.6. NameEquality �
In a moduleA a signatureE7F�GIHKJL M>��NO���������QPO�0RTS �  

$
is given. This signatureis

nameequalto E7F�GUHVJLXW �0YZ�< �! �#"
$ �0[O���L�\� $ declaredin a moduleB, which is sym-

bolically expressedas E]F0GIH'>�DE]F0GIH . 	

Subtype relation

In general,a type % is a subtypeof a type 
 , if andonly if all elements(values)
which arein % arein 
 , too. Themainmotivationfor subtypingis to determine,
if a type % canbe substitutedby 
 , without changinginvariantswhich hold for
a type % . This processis called substitutionor subsumption[83]. Due to the
propertyof substitutability, whendesigninganalgorithmfor signaturematching
which shouldallow inexactmatchesaswell, the soundtheoryof subtypingis a
primarycandidateto beconsideredfor matching.

In theliterature,subtypesaredefineddifferentlyand,consequently, theinfer-
enceof subtyperelationshipis discusseddifferentlyaswell. As alreadystatedin
section5.1.1this is attributedto they way how to look at datatypes. Whendis-
cussingsubtyping,we mustbewell awareof thefactthattwo orthogonaldimen-
sionsmustbeconsidered.Thefirst dimensionis orientedtowardsthe top-down
view, wherethedomainis consideredto bea setwhich mustbepartitionizedac-
cordingto constraintswith theaim to sharepropertiesbetweentypes.This view
is discussedin theliteratureassubclassing(seealsothediscussiononcovariance
onpage89). Theseconddimensionpursuestheideaof aconstructive,bottom-up
approach,wheretypesarebuilt up from simplebuilding blocksto getmoreand
morecomplex constructs.Heresubtypingdealsmainly with thequestionof sub-
stitutability, i.e. to determine,whetheror not a supertypevariablemaybesafely
substitutedby asubtypevariable.Thisinferenceproblemis discussedin thiswork
ascontravariancesubtypingstartingwith page89,too.

The following partsof this sectionsreflectthis discussion.We startwith the
simplestform of structuringtypesby usingsettheory, wherethesubtyperelation
is definedon the subsetpropertyof its homogeneousdataelements.The next
sectionextendstheseideas,but considersinhomogeneousdataelements,record
structures,aswell. Themostcomplex form of subtypingis given,whendefining
datatypesasfunctions.This is thetopicof thelastpartof thissection.
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Typesassetof values

Theideaof subtypingevolvedfrom settheoryasbasisfor organizingtheuniverse
of data.An elementis saidto havea type, if it is a memberof theset. Sincean
elementmay be memberof morethanoneset,it canhave morethanonetypes
either. Theuniverseof datacanbestructuredaccordingthesubsetrelationwhich
hold within this universe. Suchvariousrelationsaremodeledasa lattice. The
top elementof the type lattice is the type ^ which is the setcontainingall data
of themodeleduniverse.Thebottom _ of thelatticecontainstheelementof the
smallesttype. In mostcases_ complieswith theemptyset[45, p 490].

If oneseestypesasa meanto organizeotherwisehomomorphicdatavalues,
settheoryis anappropriatemeanto structuresuchvalues.We thencanrefinethe
statementaboutsubtypesgivenabove: A type % is a subtypeof type 
 if f % is a
subsetof 
 ( %a`b
 ) in the type lattice [44, 45]. This providesus with a simple
way to determinesubtypesfor subrangetypeswheretheinternalstructureof the
elementsdoesnot playa role.

Definition 5.7. – Subrangesubtype( c7J )
If % and
 aretypes,% is asubrangesubtypeof 
 , symbolically %�c]Jd
 ,
if %e`f
 .

Subrangesubtypesaredefinedon the propertiesof basetypes. A statement
aboutsubrangesubtypingis valid only, if we cancomparethevaluesof types.In
oursignaturegrammar, theextensionalsemanticsof basetypescannotbeconsid-
ered. Consequently, in the signaturegraphwe cannotfind subrangesubtypesin
thegraph’s structuredirectly. Subrangesubtypeinformation,suchas g4Eihjc7J0&0HlkIm
(every elementof g4Eih is memberof theset &0HlkUm ), is domainknowledgeandmust
beavailableapriori. For thepurposeof theformalismdevelopedhere,thisknowl-
edgeis maintainedby theset %<%ln :

Definition 5.8. – Subsetspecificationfor basetypes
A subsetspecificationfor basetypes%<%ln is asetof pairs �oh����,h9p $ , where
h�� and h9p arebasetypesandevery elementof h�� is anelementof h9p as
well.
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Example5.7. Subrangesubtype �
Givenarethe types %qsrIt��6565657��tluwv and 
xyr�uz�6565�57�6tlu{uUv . Then,sinceevery
elementof % is anelementof theset 
 , thepair �4%{�4
 $ is enteredinto theset %<%<n .
Now �4%{�4
 $X| %<%ln?} %~`�
 holds,andtherefore,thesubrangesubtyperelation
%�c7J�
 holds,too.

	

The following algorithm isAprioriSubT checks,if two types % and n
(which have to be basetypes)aresubrange-subtype-related%�c7J<
 , an informa-
tion which is providedglobally via theset %<%ln . It returns’true’, if a pair is found
in %<%ln whichspecifiesthis relation.

Algorithm 5.1.

FUNCTION isAprioriSubT( ��% , ��
 ) : BOOLEAN;
BEGIN

RETURN ���oh��A�,h�� $�| %<%lne�<h��j�%��qh���x
 ;
END isAprioriSubT;

Typesasstructures

Recordsignaturesareformedby the M -operatorandcombinelabeledfields. It
is easyto establisha “natural” subtypingrelationbetweenrecords,similar to the
ideaof objectorientedspecialization:Givena record
 , a subtype% of 
 canbe
constructedby addingfields to % or weakening(subtyping)the existing compo-
nenttypesof % [52, 44], e.g.asupertype’sfield is a &0HlkUm andthesubtype’sfield is
g4Eih . Sincelabelsareselectors,recordfieldsareuniquelyidentifiedby their labels.
Thus,subtypescontainat leastthesamefieldsandlabelsastheir supertypes,but
mayhavemore.Refinementsof subtypesareallowed,in thewaythatoperandsof
thesubtyperecordhavea (sub)typeof its associatedsupertypeoperand(although
bothmusthave equallabels). We do not assumeany fixedorderin the operand
list (nevertheless,this informationis maintainedin thesignaturegraph).Theas-
sociationbetweensuper- andsubtypeoperandsis establishedvia the operands’
labels.

In thatway, arecordstructuremightbesubtypeof many supertypes,namelyof
all thosetypeswhich havestructuralfewer fields.However, this compliesideally
with ourview ontothesubset-supersetconceptasbasisfor typetheory.
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Definition 5.9. – Structural subtyping
Let % be a record %  M�+-* with +-* 
� ��. ��/21 . � �63 ��/21 3 ��56565�� �l� �0/21 � �656565�� ��B �0/21 B $ and 
  M�+i; . The
operandlist +=; haslength � . Then % is a structuralsubtypeof 
 ,
%�c7J,
 , if ���0��� �0/0@ �

$ ��� ��� �0/21 � $ � ��*O��c]J6�]; � �VEzp����� .

On thefirst sight, it seems“unnatural” thata subtyperecordmayhave more
fields thanits supertype(s).However, to think of a typeasrestrictionson theset
of all elementshelps.Eachrecordwith E fields is a (canbeusedas)recordwith
E���� fields, leadingto � unusedfields. This is not possiblevice versa! That
meansthatthecardinalityof thesetof EV��� recordsis larger(or equal)thanthe
setwith E records,sinceevery recordwith E fields is a recordwith EV��� fields,
but a E��)� -field recordis not a E -field record(for �¡ ¢t ). In thatsense,every
setwith E -field recordsis a subsetof a correspondingsetof E£�¤� -field records.
Wherever a supertypevariableexists,a subtypevariablemay exist too [44] and
the datastoredin the supertypecanbe storedin the subtypestructureaswell,
whereasthedatastoredin asubtypecannotbestoredin asupertypevariablein all
cases.

Thealgorithm5.2 determines,whetherthe type % is a structuralsubtypeof 

or not. If % is a subtype,isCrossSubT returnstrue andfalseotherwise.For
eachelementF�
{; in theoperandlist of the(assumed)supertype
 , thereis exactly
oneappropriateequallynamedelementF¥
=* in the operandlist of % , which is a
subtypeof F�
=* . Theauxiliary function label returnsthelabelof anoperand.

Algorithm 5.2.

FUNCTION isCrossSubT( �VM�F¥
=mZ* , ��M�F�
�m�; ) : BOOLEAN;
BEGIN

RETURN
�qF�
2; | F¥
=m�;'�i�¦F¥
=* | F¥
=mZ*>��mTkIn�Hlm#��F¥
=* $ �mTkIn�Hlm#��F¥
2; $ �£F�
�*§c7JlF¥
2; ;

END isCrossSubT;
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Typesasfunctions

In the caseof the function spaceoperator W , determiningsubtyperelationsis
moredifficult. A subtypecanexist anywherein a program,whereits supertype
is. Thispropertymusthold for functionsaswell. Thuswepursuethegoalof type
safetyin thesenseof signaturesubstitutability. In theobjectorientatedparadigm,
subtypingmayserve anotherpurpose,too. Subtypingcanbeusedasa modeling
tool to expressspecializedbehavior of a type. This is doneby addingelements
to a typewhichnarrows thesubtype’sdomain,anactivity called“specialization”.
If subtypingis usedin that way, it may violate substitutability. This problemis
well known in the type theoryof objectorientation,hence,therethe distinction
betweensubtypingthroughinheritanceor specializationis pursuedfiercely[52].
However, this discussionis not restrictedto objectorientation,althoughdueto
its paradigmof programmingby specialization,it is importantto make it clear,
which kind of subtypingis used.Two differentviews on functionsubtypingcan
beidentifiedin literature[46, 43]:

1 If specializationis theaimof subtyping,wehavecovariantfunctionsubtyping.
Covariant function subtypingis an intuitive way of modeling,sincefor the
functionwhichis aspecializedsubtype,only specializedinputandspecialized
outputtypesareallowed.Covariantsubtypingis implementede.g.in theEiffel
programminglanguage[142]or in the ¨'� objectorienteddatabasesystem[14].
Formally, thecovariancefor two signatures% and
 is definedasfollows:

If %��=c7J�
z� and %6©jc7J,
Q© then �9W ��%6� $ ��%l© $,$ c7Jª��W �«
Q� $ �¬
�© $,$ , for short %�c7J,
�5
Thefunction % is acovariantsubtypeof 
 , if theinputtypeof % is asubtype

of 
 ’s input. Theoutputtypeof % mustbeasubtypeof 
 ’soutputaswell.

2 Contravariantfunctionsubtypingontheotherhandfocusesonsubstitutability
throughtypesafety. To allow substitution,theinputof asubtypefunctionmust
bebroader(a supertype)thantheinput of thesupertypefunction. Theoutput
side(secondoperatorlist of thefunctionspaceoperator)mustbecovariantly,
thesubtype’soutputis narrower thanthesupertype’sone2.

Thediscussionabouthow to definefunctionsubtypingisveryvivid in thefield
of objectorienteddevelopmentsystems. In objectorientation,function refine-
mentfor subclassesis thecommonway to changefunctionalitywhendeveloping

2Castagna[46] suggeststhe term “co-contravariance”for this form of functionalsubtyping,
becausethe input is a contravariant,whereasthe outputis a covariantsubtype.In practice,this
termwasneverestablished.
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or maintaininga system.In our context of proceduralfunctions,we do not focus
on specializationandfunction refinementfor polymorphlysubstitutedvariables
is not our primarygoal3. We want to establishsubtyperelationssimilar to sub-
rangesubtypingbetweenfunctions.As aconsequence,wehaveto definefunction
subtypingcontravariantly:

Definition 5.10. – Functionsubtyping(Contravariancerule) ( c7J )
Given is a function %VXW + �* + ©* anda function 
�XW + �; + ©; . Then
%�c7J,
 , if + �; c7J6+ �* and + ©* c]Jl+ ©; .

Theoperandlists + �; �¥+ ©; �¥+ � * and + ©* of thefunctionswhich mustbecompared
are M -signatures.Therefore,theparameterlistsarecheckedfor structuralsubtyp-
ing relations(definedin 5.9onpage88). In theremainderof thiswork contravari-
antsubtypingis meant,whentalkingaboutfunctionalsubtypingrefinement.

Example5.8. Functionsubtyping �
Let kInA%:XW �0YZ���L�\� $ �{ ©4®�� ���L�\� $ bea function for computingtheabsolutevalueof
an integer and %6g4E¯�W � Y �< �! �#"

$ �  ©4®�� �� �! �#"
$

be the standardtrigonometric %6g4E]H
function. Thebasetypeintegeris defineda priori assubtypeof real, g4E°hjc]J�&0HlkIm .
Consequently, kInA% mustnotbeasubtypeof %6g4E , asits bothlists, inputandoutput,
arerefinedcovariantly. Hence,thereexistsno subtyperelationbetweenkInA% and
%6g4E or viceversa.This,atafirst glance,seemsindeedto beratherunintuitiv.

In contrast,considerthefunction ±]mTF0F<& determiningthelargestintegerwhich
is smallerasa givenreal number, ±°m9F�F<&�XW �0Yo�� ²! �#"

$ �{ ©4®�� �<�L��� $ . Now the input
signaturesareanalyzed:kInA% getsanintegerasinput, ±]mTF0F<& a real. Since %6g4E gets
a realnumberandweknow that &0HlkImic]J6&�HlkIm , theinput typeof thefunction ±]mTF0F<&
is in both casesa supertype.On the outputsidethe situationis reverted: ±]mTF0F<&
computesan g4Eih (thesameis truefor kInA% ), %6g4E a &0HlkUm , whichestablishesasubtype
relationfor theoutputtypeof ±°m9F�F<& with theoutputtypesof bothotherfunctions.
As result,weseethat ±]mTF�F�&>c7J<%6g4E and ±]mTF0F<&'c7J6kUnA% .

In figure5.5 on thenext pagethesignaturegraphof the kInA% , %6g�E7H and ±]mTF0F<&
functions is shown. The information about the existing subtyperelationsfor
namedtypesis denotedwith bold arcs. If % is a subtypeof 
 a directedbold
arcfrom 
 to % is drawn, named“Subtype”.

	

3However, typesubstitutabilitywhichis easedby polymorphismis importantin thesucceeding
stepsof thereuseprocess,wherethesearcherwantsto exploit thecomponentswith aminimumof
effort.
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Figure5.5: FunctionalsubtyperelationsbetweenkIn\% , %6g4E , ±]mTF0F<&

The algorithm 5.3 implementsthe definition of function subtyping in a
straightforwardmanner. Input to thealgorithmaretwo functionsignatures% and

 . It returns’true’, if the subtyperelationbetweenits parameters% and 
 holds,
symbolically %�c7Jd
 and’f alse’otherwise.

Algorithm 5.3.

FUNCTION isFuncSubT( �wW �Tg4Ew
Q³=h#* $ �9F�³2
�³�h#* $ ,
W �Tg4Ew
Q³=hT; $ ��F<³�ho
�³�hT; $ ) : BOOLEAN;

BEGIN
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RETURN g�Ew
�³�hT;�c7J6g�Ew
�³�h#*��£F<³�ho
�³�h#*�c7J<F<³�ho
�³�hT;
END isFuncSubT;

Typesasunions

A union signature% is a subtypeof a type 
 if both areconstructedwith a � -
operatorandadditionally, if thesubtypepropertyholdsin thefollowingway: each
operandof the supertype
 hasto be mappedto any operandof the subtype’s
% operandlist suchthat for this mappingthe subtypepropertyis valid aswell.
Therefore,the ideathat wherever a supertypevariableexists,a subtypevariable
may exist aswell, is valid for all runtimeinstancesof 
 , becausetherealways
existsa variationof % , that is a subtypeof thecurrentruntimeshapeof union 
 4.
Thealgorithm5.4simplychecks,if suchapairof operandsof % and
 exists:

Algorithm 5.4.

FUNCTION isUnionSubT( �e�´F�
=mµ* , �ª��F¥
=m�; ) : BOOLEAN;
BEGIN

RETURN
�qF�
2; | F¥
=m�;'�¶F¥
=* | F¥
=mZ*·�0mTkIn�Hlmd�9F�
�* $ �mTkIn�Hlmd�9F�
{; $ �VF�
�*§c7J<F¥
2; ;

END isUnionSubT;

Thesmall differenceto algorithm5.2 (checkingstructuralsubtypeproperty)
is thefact,thathereit is not demandedto obtaina 1:1 mappingto theextentthat
for eachelementof thesupertypeoneandonly onesubtypeelementmustexist.
However, this differenceis academic,becausedueto theuniquenessat thesame
level of theoperands’labels(theselectorproperty),in any caseonly onemapping
pair canbeestablished.A unionsubtypingis depictedin thefollowing example,
wheretwo typeshavesubtypeproperty.

4Thereadermight notethat this doesnot imply thatat any point in time a substitutionof ¸ is
possible,sincetheshapeof ¹ maybefixedafter thefirst valueassignments.We ratherstressthe
pointof potentialsubstitutability, asthestructureis meantto bematchedin its staticform andnot
duringrun-time.
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Example5.9. Unionsubtyping �
Given are two union types, %Kº�����������������»�< �! �#" �

R ���L�\� $ and 
�º���������������=� �� �! �#"
$
.

Sincebothof 
 ’soperandsk and n aresupertypesof % ’soperandsk and n , thetype
% is a subtypeof 
 . In contrast,although
 ’s operandsk and n aresubtypesof % ’s
operandswith thesamenameaswell, 
 cannot bea subtypeof % . This is dueto
thefact,thattheoperandnamed¼ is nosupertypeof any of 
 ’s operands(thereis
nooperandlabeled¼ in 
 ’s operandlist).

	

Thecompletesubtypealgorithm

The algorithm5.5 on the following pagecomputesthe generalsubtyperelation
betweentwo signatures% and 
 for any typeoperator. It is definedasinfix predi-
catedemandingtwo signaturesasinputandreturnsabooleanvalue.Thefirst step
of the algorithm is performedto prevent infinite recursion,which may happen
whenrecursive definitionsareencountered.Considerthe signaturesdepictedin
figure5.6,where% is asubtypeof 
 and
 is asubtypeof % . Any datarepresented
in type % mayberepresentedin 
 (andvice versa).In thatcase,thealgorithm5.2
would checkrecursively theoperandlist of both typesendlessly. Therefore,the
informationabouttypeswhich arealreadyanalyzedis kept,which is performed
by thefollowing function:

isAlreadyChecked( % , 
 ) is a predicatewhich determines,if its input
signatures( % , 
 ) were alreadyanalyzedso far. By eachcall to the subtype
algorithm theseparametersare addedto the set (if the pair was not already
memberof theset)and’true’ is returned.If theparameterswerememberof the
setbefore,thepredicatereturns’f alse’.

In this way, thealgorithmperformsrecursive subtypecheckingsimilar to the
techniqueof anone-stepfix point expansionusedto unfold recursivesubtypesin
staticpointeranalysis[171].

With thefollowingstepnameequalityis checked.In thecasethatnameequal-
ity holdsbetweentwo signatures,it is known that % mustbeasubtypeof 
 , %½c7J²
 .
This is dueto thefact thatwithin thescopeof onesignaturegraphall namesare
unique5. Otherwise,thetypeoperatorsof % and
 aredetermined,ataskperformed

5Nameequivalenceis possiblefor typesdefinedin differentmodulesonly. For subtypecheck-
ing, identicallynamedtypesdeclaredin differentmodulesaremadeuniqueby takinginto consid-
erationtheaccesspathsto a signaturevia theroot nodeof thesignaturegraph.This is performed
duringthetype-to-signaturetransformationprocess.
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Figure5.6: Recursivemutualsubtypes(from [115])

by theauxiliary functionTypeOpOf . In thecasethat % and 
 areconstructedby
differenttypeoperatorsa subtyperelationdo not exist andthealgorithmreturns
FALSE. Thenext stepdealswith the selectionandexecutionof the appropriate
specializedsubtypecalculation,dependingonthetypeoperatorsof thesignatures.
Thesubtypealgorithmis appliedrecursively to theinputstructures.

Algorithm 5.5.

INFIX FUNCTION c7J ( �ª% , �·
 ) : BOOLEAN;
BEGIN
IF isAlreadyChecked( % , 
 ) THEN

RETURNTRUE;
ELSE

IF % = 
 THEN
RETURNTRUE;

ELSEIF TypeOpOf( % ) = TypeOpOf( 
 ) THEN
IF TypeOpOf( % ) = "BASETYPE" THEN

RETURNisAprioriSubT( % , 
 );
ELSEIF TypeOpOF( % ) = M THEN

RETURNisCrossSubT( % , 
 );
ELSEIF TypeOpOF( % ) = W THEN
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RETURNisFuncSubT( % , 
 );
ELSEIF TypeOpOF( % ) = � THEN

RETURNisUnionSubT( % , 
 );
ELSE

RETURNFALSE;
END IF;

ELSE
RETURNFALSE;

END IF;
END IF;

END c7J ;

Thesubtyperelationis reflexive, sinceany type is subtypeof itself, andit is
transitive. It is neithersymmetricnor antisymmetric(which wasdemonstrated
alreadyin example5.8onpage90).

Constitutive equality

Subtypematching is a powerful techniqueto establishrelationshipsbetween
types. However, it is often the casethat the searcherdoesnot look for substi-
tutablesubtypes,but hassomedomainspecific“closeness”relationshipin mind,
an ideawhich might but mustnot hold for subtyping. E.g., let % and 
 be two
records,whosestructureis shown assignaturegraphin figure5.7. Neither % is a
subtypeof 
 , norviceversa,althoughbothareconceptuallysimilar to eachother,
dueto thefactthatthenumberof elementsis thesameandthey referto thesame
basetypes. But the labelsand the orderof the operandlist’s elementsarenot
identical. If thereuserwantsto find components,which areconceptuallynearto
aquery, thenamesof signaturesandthelabelsof signatureoperandsmightnotbe
interesting.In suchcases,for thesearcherwantacomponentwhosestructure(re-
gardlessof names)fulfill the requirements.Therefore,we introducea similarity
relationcalledconstitutiveequality.

Whencheckingconstitutive equality, namesandinternal labelsof signature
areignored.Thestructureof thesignaturesto becomparedmustbecongruentand
thebasesignatureshave to beequalaswell. Additionally, theorderof signature
operandsin aoperandlist is neglected.If comparedsignaturesarefunctions,both
input- andoutput lists mustbe checked for constitutive equality. For any other
signatureoperator, a bijective mappingfrom eachoperandto an operandof the
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Figure5.7: Two constitutiveequalsignatures

comparedsignature’soperandlist mustexistsandthesuchmappedsignaturesare
constitutiveequal,too:

Definition 5.11. – Constitutiveequality( 'R )
A type %D�(�*#+�* is constitutively equalto a type 
:�(,;<+=; , (symboli-
cally %''R=
 ), if theoperatorof % is equalto theoperatorof 
 , (6*j)(,; ,
and

(�* is abasetypeoperator, or

if (�*�XW then,since +-* is structuredas + � * + ©* and +i; as + �; + ©; , the
property+ � * DR�+ �; and + ©* 'R�+ ©; holds,or

if (�* | riM�����v then +=;  ; . �0/ @ . �656565�� ;#� �0/ @ � �656565]� ; B ��/ @ B
and there exists a permutation ¾ of +-* with
¾¶� *�. �0/21 . �65�5657� *µ� ��/21 � �656565�� � 1 �0/21 B $ such that �§*µ� 'R �°;#� for¿ Àt{�65�565���E .

Constitutiveequalityis anequivalencerelation,sinceall necessaryprecondi-
tions(reflexivity, symmetry, transitivity) hold.

Theimplementation(seeappendixB.3for its source)is ratherstraightforward.
ThealgorithmareConstitutiveEqual demandstwo signatures,% and 
 as
input andreturns“true” if they areconstitutively equal. If thesesignatureswere
alreadycheckedsofar (determinedby thepredicateisAlreadyChecked(s,
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p) ), it is known, thata cyclic definitionoccurredandup to thatpoint no consti-
tutive inequalitywasdetected.In sucha casethe algorithmreturnsthe boolean
value“true”. For efficiency reasonsnameequalityis checkedaswell, if thesig-
naturegraphdoesnot spanmodules.In thatcase,identicalnamesaresetequalto
identicalsignatures,sincenames(labelsfrom accessnodesto typeoperators)are
uniquewithin thescopeof asignaturegraph.

If theoperatorsof theinputsignaturesarenot thesame,noconstitutiveequal-
ity canbeestablished.Otherwise,thealgorithmreactsdependingon theoperator
type:

If basetypesareencountered,sincethen % and
 mustbedifferent,they cannot
beconstitutiveequal;thealgorithmreturns“f alse”.

Whenfunctionsareencountered,the input lists andthe outputlist of % and 

have to bevalidatedin detail.

For any othertypeoperator, their operandlists areanalyzed:for eachelement
of % ’s operandlist exactly oneconstitutively equalcounterpartin 
 ’s operand
list mustexist.

We usethe following auxiliary functionsto simplify the designof the algo-
rithm:

getOperator( % ) computestheoperatortypeof % .
getOperandList( % ) returns the list of operands of the sig-
nature % . One further remark on the semantics of the con-
struct getOperandList( % )(" Á I") : The result of the function
getOperandList( % ) is a set of pairs, whose first element, the label,
is unique.Thus,this setspecifiesa function.Whencalling this functionwith a
labelasinput, thetypereferencedby this labelin theoperandlist is returned.

isBaseType( % ) returns“true”, if its input % is a basetype.

Algorithm 5.6.

FUNCTION areConstitutiveEqual( �D% , �>
 );
BEGIN

IF isAlreadyChecked( % , 
 ) THEN
RETURNTRUE;

ELSE
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IF % = 
 THEN
RETURNTRUE;

ELSEIF getOperator( % )=getOperator( 
 ) THEN
IF isBaseType( % ) THEN

RETURNFALSE; --diff. base types are never c.e.
ELSEIF getOperator( % ) = W THEN

RETURN
areConstitutiveEqual(

getOperandList( % )(" Á I"),
getOperandList( 
 )(" Á I"))

�
areConstitutiveEqual(

getOperandList( % )(" Á O"),
getOperandList( 
 )(" Á O"))

ELSE -- check X or U
IF #getOperandList( % )= #getOperandList( 
 ) THEN

RETURN
�ih#* | getOperandList( % )
�ÂhT; |

getOperandList( 
 ) �
areConstitutiveEqual( h#* , hT; );

ELSE -- #getOperandList(s) Ã #getOperandList(p)
RETURNFALSE;

END IF;
END IF; -- isBaseType(s)

ELSE
RETURNFALSE; -- different type operators

END IF; -- s  p
END IF; -- (s, p)

|
isAlreadyChecked

END areConstitutiveEqual;

Structural equality

A strongerconceptualrelationshipbetweensignaturesof typesholds,whenthe
order of operandsis consideredas well. However, labelsof operandsare not
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regardedyet.6. This typerelationis calledstructural equalitywhich is anequiva-
lencerelation,too.

Definition 5.12. – Structural equality( D* )
A type %')(�*,+-* is structuralequalto 
�)(d;<+i; , if theoperatorof % is
equalto theoperatorof 
 , (�*j�(d; , and

(�* is abasetypeoperator.
if (�*j�W thentheproperty+ � * D*�+ �; and + ©* D*�+ ©; holds.

if (6* | riM��¥��v then ÄC+-*XÅÄC+i; and � * � �0/21 �
| +-*d� ; � ��/0@ �

| +=;��
��* � X*��]; � , with g�Ætj56565#E .

We do not show analgorithmfor computingstructuralequalityhere,asit is
nearly identical to algorithm5.6 on page97. Thereis only oneexception: the
elementin the operandlist of hT; which is mappedto its counterpartin % is not
arbitrarilychosen,sinceit hasto beon thesamepositionin theoperandlist.

Exact equality

Exactequality is the strongestrelationshipbetweentwo signaturesandit holds,
wheneverydetail,beginningfrom typenameto typeoperators,operandlists,and
operandlabelsis identicalin bothsignaturescompared:

Definition 5.13. – Exactequality( '! )
A type %fÇ(6*#+�* is exact equalto 
È�(�*#+�* , if %fD*e
 holdsand
�7%�� | +�*j�0
z� | +i;É��%6�]K
Q� .

All signaturerelationspresentedin this sectionmay be usedas a basisfor
reasoningaboutstructuralor domainrelatedpropertiesof signaturesof compo-
nents.Nevertheless,althoughsignaturesandrelationsholdingbetweenthemcan
bederivedautomatically, thestructuresthemselfmaycontainspecificinformation
aboutdesigndecisions.Suchdecisionsdeterminetheshapeof datastructuresto a
greatextent.Withoutknowing thedesignrationale,apersonsearchingfor astruc-
ture is not in the positionto determineits shape,althoughthe conceptsoughtis
known exactly. Hence,wepresentanapproachto weakenstructuraldetailswhich
arenot mandatoryfor storingall thedatain thenext section.Thepurposeof this
taskis to raisethelevel of recallby focusingon theconcept.

6An otherrelationmightchecktheequalityof labelswithoutconsideringtheorderof operands.
Thisneednotbeintroduced,sinceit is analyzedduringsubtyperelationchecking
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5.4.2 Flattening signatures to simplify matc hing

Signature structure vs. signature concept

In general,whensearchingfor acomponentit is notpossibleto considerall struc-
turalandsemanticalvariationswhich mightbevalid manifestationsof a concept.
For example,if a componentdealingwith customerrecordsÊ is sought,many
structuralvariationscanbepossiblerealizations.Thecustomersaddressmightbe
implementedas

inseparablepartof therecord:
( Ê�ÅM>� � � � ! ��Ël�« ²�L��Ì6� *T�« �!4!9� �0Ë<�« ²����Ì<� Ro�L� [ ��Ël�« ²�L�\Ì<�656565 $ ),
internalsubstructure:( Ê�ÅM>� � � � ! ��Ël�« ²�L��Ì6�2M>� *T�« �!4!9� �0Ë<�« ²����Ì<� Ro�L� [ ��Ël�« ²�L�\Ì<�656565 $,$ ), or

predefined address signature: Ê  M·� � � � ! �0Ë<�« ²����Ìl� �#Í  �0Î Í#Í  �!4*4*
$
, withÏ GUG2&0H<%<%>ÅM·� *9�« �!�!�� ��Ël�« ²�L��Ì<� Ro�L� [O�0Ë<�« ²����Ì<�6565�5 $ .

Many otherrealizationsareimaginableaswell. Whensearching,theconcept(and
its data)is theimportantaspect;whereasthemeta-structuresreflectingtheimple-
mentationarenot of primaryinterest.Structuralcomplexity, which is not needed
to capturetheconcept,is dueto themodularizationof underlyingconcepts.Mod-
ularizationis bestpracticein softwaredevelopmentto separateconcerns,but it
introducesadditionallyimplementationvariations.Thesevariationsmayhamper
searchingsubstantially. As a consequence,to easethetaskof searching,theleast
commondivisor for representingdatais its unstructured,“flat” representation.

Therefore,the option to flatten structuresto reducevariationsis available.
Flatteningis a “vertical” reductionof theof thesignaturegraph’s complexity by
reducingsomepathsfrom theaccessnodeto thebasetypes.Thebaseideais to
analyzeasignature’soperandlist andmergecompatibleoperatorswith thesigna-
ture’soperator. Thus,flatteningis asimplifiedform of typeuncurrying[222, 223]
known from the field of functionalprogramminglanguageanalysis.Any signa-
turerelationoperationpresentedin thiswork canbeappliedto flattenedsignatures
aswell. However, thesearchermustbeaware,that(structuralbased)relationses-
tablishedbetweentwo unflattenedsignature,might not hold for their flattened
counterparts.

Flatteningcanbeperformedonly for crossproductandtypeunionoperators.
Obviously, it is notapplicablefor functions,becausethedifferentsemanticsof its
two operandlists would get lost then. If the input list itself is a function,raising
it to the level of its “parent” operatorwould eliminatethe evidenceof the list’s
purposeasinput.
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Following requirementshave to berespectedduringflattening:

1 Direct recursionsmustbemaintained,

2 indirectrecursionsmustbetransformedcorrectly, and

3 all datastoredby the initial structuremustbemaintainedby the transformed
structureaswell.

Many edgesin a signaturegraphvanishafter flatteningthe graph. To verify
theresultandto easythe taskof explainingtheorigin of a path,the information
of thesourceof anedgemustbekept. We introducethepathsymbol“>” which
is usedto reconstructtheorigin of anedgeby iteratively concatenatingthelabels
andthe pathsymbol. E.g. if a pathexists containingconsecutive edgeslabeled
“a”, “b” and“c”, theresultingedgeis labeledas“a>b>c”. In thatwaythegenesis
of mergededgesis stored.Thenext exampledepictstheidea.

Example5.10. Flatteninga simplestructure �
Considerthefollowing signaturedefinitions.Thegraphrepresentationof thesig-
naturesisgivenin figure5.8(a)onthenext page.Thetaskis to computeaflattened
versionof signature¾ .

¾ÈÅM·� � ��Ð�� � �QÑUÒ�Ó«Ô�Õ7Ö $
× ØM>� S ���L���²� � ������� $

¾ is built upontwo operands,k and n . Theoperandlist of ¾ containsrefer-
encesto

×
andto anunnamedstructure M·��Í«�0Ð $ . Due to therecordstructureof

bothoperators,it is allowedto flatten ¾ . In theresultingstructure,
×

’s successor
verticesandthe structure M·� Í �0Ð $ ’s successorverticesarenow directsuccessors
of ¾ . Thepathfrom ¾ to thebasesignature“int” via theedges“a[1]” and“h[1]”
mustnot containthe signatureoperatorof

×
anymore,which musthold for all

pathsfrom ¾ to thebasetypeaswell “int”.

The resultof the flatteningprocessis given in figure 5.8(b). It containsall
pathsof thesourcegraphfrom its root to its basewhich allows to storethesame
amountof data.Theorigin of mergedpathsis encodedin thelabels.In thatway,
the label “a[1]>h[1]” is the mergedrepresentationof the original path“a[1]” to
“h[1]”.
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The flattening algorithm in detail

The algorithm 5.7 computesthe flattenedversion of a signature. Input is a
signatureidentifier curType and the signaturegraph Û . As usual, the graphis
representedas a set of vertices Ü��TÛ $ and a set Ý~�TÛ $ holding pairs of vertices
�4±=�,h $�| Ý~�TÛ $ which representsall edgesin Û . Theprocessingcanbedividedinto
two mainsteps:

1 Determiningthemergeabilityof theoperandlist. Mergeabilityis given,if

thecurrentsignatureis anunionor a record,

theoperatorof thecurrentsignatureandtheoperatorsof theoperandlist’s
signaturesaretheidentical,and

a direct recursionbetweenthe currentlevel andthe operandlist doesnot
exists.

2 If theseconditionshold, the current type is linked to all successorsof the
mergeablesignaturesin its operandlists. In that way, an intermediatelevel
in thegraphis eliminated.The links from thecurrenttypeto theelementsin
its operandlistsareeliminated.

Also here,auxiliary functionsaredefinedto simplify the presentationof the
algorithm.Thesearethefunctions

getTypeName( h ) providing with the string representationof the signature
h ’sname,

isReferenced( Þ ) checkingif a vertice Þ is referedto from somewherein
thegraph,and

isChanged( Û ) checkingif thegraphÛ hasbeenrestructuredaftertheprevi-
ouslyperformedanalysisstep.

Providedwith theparametervaluecurType, thealgorithmanalyzeseverysub-
structureanddescendsdeeperinto thegraphstepby step.Thistop-downapproach
is chosenbecausethe directedgraphstructurecanbe traversedmuchmoreeffi-
cientlyby startingfrom theroot thento collectbasetypesandsearchin abottom-
updirection.

The first loop iteratesover all elementsin the operandlist of the signature.
If operandsare mergeablewith the currentvertice, all childs (operands)of an
mergeableoperandarere-linkeddirectly to thecurrentvertice.Theedgefrom the
verticeto theoperandis deletedafterwards.Whentheoperandis not referenced
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anymore, it canbe eliminated,too. In that way, we get rid of all intermediate
mergeableverticesfrom apath H��Q�´H¥p��´H N by eliminating H¥p , whichfinally leads
to aflattenedgraph.

In thenext stepit is determinedhow a changeof thegraph’s structure,which
is reportedby thefunction isChanged , mustbehandled.If it wasrestructured
duringthepreviousbreadthfirst analysisof operands,theflatteningprocessmust
startagainbeginningwith theroot node,becausea verticewhich is closerto the
root might have becomemergeable.If thegraphwasnot changed,thealgorithm
recursively descendsdeeperinto thestructureby retrieving theoperandlist of the
currentverticeandappliestheflatteningalgorithmto all elementsof theoperand
list. Thealgorithmstops,afterhaving encountereda basetype.

To avoid infinite iterationsinducedby a recursive signatures,a list of already
visitedverticeshasto bemaintained.Verticeswhich arecontainedin thatlist are
notanalyzedfurther.

Algorithm 5.7.

FUNCTION flatten( � curType, ��Û );
BEGIN

visitedlist := visitedlist � r curType v ;
FOR �9H0�A�¥H6� $�| getOperandList( curType) LOOP

IF getOperator( H6� ) | riM��¥��vÆ�
getOperator( H6� ) = getOperator( curType) �
getTypeName( H6� ) Ã getTypeName( curType)

THEN
FOR %<H |

getOperandList( H6� ) LOOP
E( Û ) := E( Û ) � ( curType, %lH6� );

END LOOP;
E( Û ) := E( Û ) - ( curType, H6� );
IF ß isReferenced( H6� ) THEN

V( Û ) := V( Û ) - H6� ;
END IF;

END IF;
END LOOP;

IF isChanged( Û ) THEN
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Û := flatten( h , Û );
ELSE

FOR %lH |
getOperandList( curType) LOOP

IF ß��4%lH6� | visitedList) �
ß (isBaseType(getOperator( %lH6� ))) �
%lH6�àÃ curType

THEN
Û := flatten( %lH6� , Û );

END IF;
END LOOP;

END IF;
RETURNg;

END flatten;

The algorithm doesnot show in detail how the renamingof merged paths
is done. Renamingis performedto track the genesisof an edge. Due to this
relabeling(thus,makingedgenamesuniquein a graph)the accidentaldeletion
of two edges,which were labeledidentically in the original signaturegraph,is
avoided.

Theorderof operandsof theresultingsignatureis determinedby thebreadth
first approachof thealgorithm.Dueto this particularitytheinitial orderis main-
tained. It may be reconstructedby scanninglabelsfrom left to right. E.g., the
label j[2]>j[2] is sortedaftera label j[2]>i[1] , which conformswith the
initial orderof theedges.

Example5.11. Signaturemerging �
Givenis thefollowing complex signatureá expressedin thetypegrammarprevi-
ouslypresented:

G = X(i/G, j/X(i/G, j/U(a/U(i/G,j/int),b/K)))
K = X(h/X(a/int, b/K),k/int)

The record á is a deeplystructuredsignaturebuilt uponcrossproductand
typeunionoperators.Two pointsareworthmentioning.First,G is referenceddi-
rectly from its operandi andindirectly from thesignatureof Hvia thestructure’s
elementc . Thesignaturegraphof á is shown in figure5.9(a).
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Theresultof themergingprocessis presentedin figure5.9(b).Everystructure
successinga crossproductwasflattened.If their typeoperatorswerecompatible,
thestructuresin á weremergedwith its predecessorin thegraph.Thesignature×

is not visible in theflattenedversionanymore. Pleasenote,that therecursive
referencesto á (eitherdirector indirect)areshown, too.

	

Flatteningis justifiedby theobservationthatconceptualclosesignaturescould
beimplementeddifferently. If intermediatestructuresareflattenedthefocusshifts
to the datamaintained. Eachoriginal pathexists in a transformedform in the
flattenedgraphaswell. This is clearly an advantage,if the searcherfocuseson
the concept’s aspectonly. In that way, a query for a conceptmay be easedby
specifyingthe matchingcriterion on flattenedsignatures.As a byproduct,the
understandingof a signature’s conceptis easedwhich is dueto the reductionof
thegraph’scomplexity.

Someof thesignaturerelationspresentedin theprevioussectionsbaseon the
structureof signatures.Consequently, the relationshipsestablishedbetweentwo
signatures% and 
 maynot hold for their flattenedcounterparts%�ã and 
Qã . Sucha
situationis discussedin thefollowing example5.12

Example5.12. Flatteningmaydestroyestablishedrelations �

Considertwo signatures%� M·�������L�\���=� �0* $ and 
b M·�������L�\���=� �QÑUÒ²äµÔ � B,å9æµç Ô @ Ö
$
.

Signature % is a subtypeof 
 and vice versa. They are constitutively equal,
too; %�DRq
 . However, their flattenedversions,which are %�ã¶ % and 
Qã¶
M>� � �<�L����� �4èU� ��������� �4èU� �\;¥é $ arenot constitutive equal(which is dueto the different
lengthof theiroperandlists)andnosubtyperelationholdsbetweenthem.

	

The flatteningoperationhelpsto matchsignatures,sinceit hidesstructural
complexity. Ontheotherhand,theresultingsignaturesmaydemonstratedifferent
semanticswith respectto signaturerelations.Thissideeffectmustbekeptin mind
whenoperatingonflattenedsignatures.

5.4.3 Generaliz ed indexing

In the previous sectionswe introducedvariousrelationsbetweensignaturesof
typesandamergingoperationto hidestructuraldifferencesof conceptuallyequal
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signatures.With theaid of theserelationsthe“closeness”of a queryto a candi-
datecomponentcanbedetermined.This closenessis stratifiedaccordingto the
respectivesignaturerelation.

If two componentsareexactly equal,they areidenticalandthequeryis com-
pletely fulfilled. Two componentsarenearto eachother, if they arestructurally
equal,andnot that close(in a structuralsense)if they areconstitutively equal.
Whentwo componentsareexactly equal,structuralandconstitutive equality is
impliedaswell. Additionally, thesecomponentsmusthave thesamename,a fact
which neednot be true the otherway round: two componentssharingthe same
nameneednot be constitutively equal. Trivially, if two componentsareexactly
equal,they aresubtyperelated.Two componentswhicharestructurallyequalare
constitutively equalaswell, but they neednot beexactly equal.Sincesubtyping
dependson the labelingof operands,which is not checked for structurallyequal
components,structuralequalitydoesnot imply subtyperelations.Thesameholds
for constitutiveequality.

Nameequalityrefersto theidentityof stringdesignatorsindependentfromany
structuralproperty. Therefore,nameequalityis anorthogonalconceptcompared
to theothersignaturerelations.

Basedon theseobservationswe may establisha hierarchyof signaturerela-
tionswhich is shown in figure5.10. Arrows areinterpretedasis-a propertiesbe-
tweensignaturesrelations.As “exactequality” is sourceof thearcto “structural
equality”,we know thatexactequalitybetweentwo signaturesimpliesstructural
equality(andtransitively, constitutiveequality)aswell.

Relation
Subtype Name

Constitutive Equality

Exact Equality

Equality

Structural Equality

Figure5.10:Therelationof typerelations
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Successfulsignaturematchingmustbesupportedby a generalizedsignature
index. Whenever a new signature% is encountered,therelationsto all constructs
alreadyindexedarecomputedand % is addedto theindex structures,accordingto
its relationalproperties.Transitiverelationscanbederiveddynamicallyfrom the
existing information,hence,they arenot consideredin thegeneralizedsignature
index.

Definition 5.14. – Generalizedsignature index
A generalizedsignatureindex áeê�ë is a setof five elements,á�ê�ëq
r�ì£Ýí��ê§î��¥Ê�Ý¶��ê¦Ý¶��Ý�Ýív . Every elementis a graph,where Ü is the
verticesetcontainingall known signatures.Let h�� and h9p betwo ver-
ticesfrom Ü and

ì£ÝÀÆ�4Ü¦�¥Ý�� $ , ���oh����,h9p $�| Ýï�:�lh��7>�Dh9p , thenameequalitygraph;

ê§î)Æ�4Ü¦�¥Ý·*T� $ , ���oh��²�,h9p $�| Ý�*9���lh��=c]J6h9p , thesubtypegraph;

Êeêðs�4Ü¦�¥Ý�R $ , ���Th����dh9p $ª| Ý�R¶�=h���DR�h9p , theconstitutive equality
graph

ê¦Ýñ �4Ü¦�¥Ý�* $ , ���oh����,h9p $ò| Ý·*ó�§h���D*íh9p , the structuralequality
graph;

Ý�Ý�b�4Ü¦�¥Ý�! $ , ���oh��²�,h9p $�| Ý�!>�<h��7'!§h9p , theexactequalitygraph.

Thissetcontainsall informationaboutknown signatures.It is exploitedwhen-
ever a queryis enteredinto the retrieval system.A queryis formulatedasa sig-
nature,taggedwith additionalinformationaboutmatchingrequirementswhich
may concernthe whole signatureor only partsof it. Requirementmay spec-
ify whethercandidatecomponentsshouldbereturnedwhichmatchexactly (exact
equality, nameequality)or matchrelaxedly(subtypes,constitutiveequality, struc-
tural equality).In thatway, queriescanbeformedwhich look like this one:“Re-
trieve all signatureswhich correspondto M·ô�õ�ö�÷Lø�ù�ú�û ö ÑUÒ�üµÔ � Bdå9æµý Ô²þTÿ ä�� Ö

�
. Additionally,

the secondoperandn maymatchconstitutively”. Suchrequirementsfor relaxed
matchingstemfrom two differentdirections,whichare

thesearcher’s knowledgeaboutimplementationneeds,or

her/hisa-priori knowledgeabouttherealizationof signatures(components)in
the repository. In thatway relaxedmatchingsupportsopportunisticreuse-by-
recall(seesection3.2.2).
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The searchermay further relax the searchby specifyingto apply matching
to flattenedvariantsof signatures.The generalizedindex structureof flattened
andunflattenedtyperelationscoulddiffer, asalreadyexplainedandvisualizedin
example5.12onpage107.
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Figure5.11:Navigationby signaturerelation

5.5 Final remarks to generaliz ed signature
matc hing

Signaturebaseddescriptionsof componentsdeal with a very specialaspectof
componentsonly, their interfacestructure.Neverthelessthey areuseful,sincethe
aim of reusablecomponentsis to integratetheminto a largersystem.Integration
is basedon a clearunderstandingof interfaces.Componentsmustoffer services
asinterfaces.Hence,signaturesobtainedby interfaces,areprovidedfor freeand
thegeneralizedindexing structurecanbeestablishedautomatically.
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Theinformationsuchobtainedis sufficient to identify componentson a pure
structurallevel. However, if structuredoesnot provide with sufficient informa-
tion for locatinga component,generalizedsignaturematchingis usedasa filter
for identifying structuralrelevant components.Therefore,generalizedsignature
matchingis not consideredto serve asanstand-alonesolution. It is animportant
concepttowardsa holistic approachfor developmentwith reuse, whereboth as-
pects,interfacestructuresandfunctionalrequirements,areequallyimportantfor
judgingthereusabilityof anasset.

5.6 Summar y

In this chapterwepresentedtheconceptof signatureswhichareimplementation-
independentrepresentationof types.We discussedrulesandhints for transform-
ing typesfrom programminglanguagesto signatures.Signaturesarerepresented
intermediatelyin asignatureexpressionsublanguage. For thepurposeof detailed
analysis,signaturegraphsareintroducedandrulesfor transformingexpressions
into graphsaregiven. On thebasisof signaturegraphswe establishedfive rela-
tions.Theserelationsaretools

1 for determiningtheclosenessof two signaturesand

2 for enablingflexible matchingmechanismsfor componentretrieval.

Furthermore,apragmaticallymotivatedsignaturesimplification,calledflattening,
is presented,with which unimportantinternalstructurescanbe neglected. This
addsto the flexibility of matching,too. At last, an index structureis presented,
whichexploitsall conceptsintroducedhere.This index is abasisfor acomponent
repository, wheresignaturesareusedasthecomponents’descriptions.

Thecontributionof thischapteris givenin its novel approachto establishdif-
ferentlevelsof signaturerelationsadministeredin oneindexing structure.Some
of theserelationsarepragmaticallymotivatedandnot yet mentionedin theliter-
ature.Therelationsa filter initial componentsetswith theaim to generatingsets
of reusablecandidates.In that way the necessaryflexibility is provided which
renderspracticallytheoverall componentretrieval process.

In thenext sectionwe go onestepfurtherbuilding on the resultsobtainedin
thecurrentchapter. After having narrowedthecandidateset,eitherwith structural
or conceptualmatching,thesecandidatesmustbeevaluatedin detail concerning
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their functionality. Whereassignaturematchingaimsat increasingthe level of
recall, in thefollowing chaptersthe focusis seton precision.This is realizedby
enhancingideasfrom extensionaldescriptionmethods(presentedin section4.6
onpage60) towardsanextendedbehavioral descriptionandretrieval technique.



6
Behavioral Description of state-less
Components

In thepreviouschapterswe introducedgeneralizedsignaturematchingasa flex-
ible technicalfilter to narrow the setof reusablecandidatecomponents.If the
cardinalityof the candidateset is sufficiently small, the additionalstepfor se-
lecting the bestfitting componentis to checkthe conventionaldescriptionsfor
conformancewith the searcher’s expectationsonly. However, if the numberof
candidatesexceedsa certainthresholdthenanalyzingeachdetail of thedescrip-
tions is cumbersome.In this chapterwe build on thepromisingapproachof ex-
tensionaldescriptionsintroducedasbehavior sampling[175,174] in section4.6.
Therewe identifiedthefollowing drawbacksof behavior sampling(or its succes-
sor, generalizedbehavior sampling[92]):

Focuson the operational profile, which is the stressof frequentusecasesas
mainsourceof behavior. Frequentusecasesdo not necessarilyleadto better
andmore significantdescription. Exceptionalcases,althoughnot appearing
frequently, describeimportantcharacteristics,too. This is especiallytrue if a
searcheris a domainexpert who knows aboutthe correcttreatmentof “non-
mainstream”situations.

Outputdetermination, wherethesearcherhasto determinethecorrectresultof
aninput. Sucha determinationmightbetoo difficult or too costly,

if theexactfunctionalityis notspecifiedsufficiently, or

if the searcherdoesnot botheraboutthe exact outcomeof a component’s
computation,or

thesearcheris satisfiedwith any transformationwithin a certainlimit of tol-
erance.

113
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Interactivity is the situationwherea searcherwantsto be guidedduring the
retrieval processor at leastwantsto getsomefeedbackaboutthedirectionof
thesearch.

In this chapterwe introducean approachto describecomponentswhich lacks
thesedrawbackswhich is calledstatic behaviorsampling(SBS) (in contrastto
the(dynamic)behavior samplingtechniquedevelopedby PodgurskiandPierce).
Themainideaof SBS is to establishanindexing structurewhichcanbebrowsed
interactively by asearcher.

Similar ideasof browsingcontent-basedrepresentationsaredevelopedfor the
areaof retrieval for multimediadatabases.As anexample,thePICHUNTER [54,
55] systempresentspicturesto the userandshe/heselectsthe bestfitting one.
The next level consistsof betterfitting pictures(which is evaluatedby constant
feedbackloops) thus, leadingto a step-by-stepapproximationof the searcher’s
intention. However, to our knowledge,suchideasarenot yet transferedto the
field of componentretrieval. SBS is afirst steptowardsthisaim.

In theSQUEAK Smalltalksystemasimilartechniqueto retrieveobjectoriented
classesfrom a repositoryis implemented[40, 105]. Here, the usermay enter
examplesandthe retrieval systemsfindspromisingcandidateclasses,which are
ableto reproducetheexamples.In contrastto SBS, heretheexactsignatureof the
yet unknown classes(or their methods)mustbeknown in advance,which often
makesaqueryinfeasible.

6.1 Static Behavior Sampling – SBS

6.1.1 General idea of SBS

Behavior samplingis basedon the on-the-flygenerationof outputby executing
thecomponents.Indeed,this is thestepcausingthemajority of its impediments.
In our work we want to avoid the direct executionwithout loosingthe simplic-
ity andexpressivenessof input-outputdescriptors.To do so,we do not analyze
query-timeexecutions,but formerexecutions,whicharestoredastestcases.Con-
sideringsomeimportantpreconditions(whichwe will discussin section6.2.3on
page126)sometestcasesrendervaluableasknowledgebasefor producinghigh
quality descriptions.A testcaseis a sequenceof datatuples(alsocalledtesttu-
ples).
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Definition 6.1. – Data tuple
A datatuple is a pair ô����ú �� � of two vectors.The input vector �� holds
all elementswhich areinput to a function,whereastheoutputvector

�� holdsall elementswhicharetheresultof thefunctioncall.

For example consider the function HShift (source : Point,
dist : Real) : Point specifiedin the example5.1 on page70). It is
calledwith the following values:([1.0;1.0], 1):[2.0;1.0] . Valuesof
recordstructuresaredepictedin squaredbrackets.Thedatatuple  "!$#&%���(' ��*) con-
tainsthe input vectorof the form ��+#-,(.0/"132�45/"162879':/"132"; , resp.the outputvectorof
form �� #<,=.6>�162?45/@13287A; .

By analyzingalreadyavailabletestcasesthetime-consumingandcostlyexe-
cutionof softwareis avoidedor, whentestdatais not providedwith thecompo-
nent,it is shiftedbackat leastfrom theretrieval phaseto theindexing phase.The
indexing phaseis concernedwith theintegrationof oneor morecomponentsinto
therepository.

Testcasesreflectanimportantsectionof acomponent’s functionality. Hence,
they canbeconsideredaspartial specifications. Thebasicprincipleof SBS is to
extract this valuableinformationfrom the largesetof testcasesto get a “good”
partial specification. Sincetestingdoesnot aim at producingdescriptions,test
casesmust be augmentedwith additional input-outputtuples in order to raise
discriminative power. We refer to sucha descriptionset representinga partial
functionalspecificationof a componentasdatapoints.

Definition 6.2. – Datapoint
A datapoint is a datatupleusedasSBS descriptorfor a component.
Any datatuplestoredin a SBS repositoryis adatapoint.

A SBS-basedrepositoryis organizedin thefollowing way:

1 Therepositoryis partitionedaccordingto thegeneralizedsignatureof its com-
ponents.Eachpartition holdscomponentsconformingto a signature.Obvi-
ously, asearchercannotusetheinformationof apartition’sdatapointsdirectly
in orderto guideher/hissearch.This is dueto theunstructuredmassof input-
outputtuples.
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2 Datapointsof a partition form the knowledgebasefrom which a classifica-
tion treeas indexing andbrowsing structureis extracted. For that purpose,
datamining techniquesareutilized,which extractunknown informationfrom
structuredor unstructureddata[79]. The field of datamining in generalad-
dressesthe questionof how to usedatabestto discover generalregularities
hiddenin it, thus,improving theprocessof decisionsmaking[150].

6.1.2 SBS’s search suppor t

Theinitial informationprovidedby thesearcheris thesignaturefor selectingthe
appropriatepartition. As it is discussedin detail in chapter5 generalizedsigna-
turematchingprovideswith theflexibility to gatherall relevantcomponents.The
searchprocessitself is a dialog in the form of simplequery-answercycles. The
searchprocessis initiatedby the repositorysystemby askingthesearcherques-
tionsin theform: “Herearesomeexamples,BC%�� )ED �"F 'GBH%�� )ID �*J 'K1:151L'MBC%�� )ED��N . Which of theresults�"F ' �J 'O15151P' �N is theoneyou expectfrom thecompo-
nentyour aresearchingfor?” Thereuponthesearcherselectstheoutputwhich is
in her/hisopinionthecorrectresultonthepresentedinput. In thecaseof acontin-
uousoutputdomain,thequestionis presentedas:“Is theresultof BC%�� )IQR� ?” The
operatorQ is somerelationaloperatordefinedon thedomainof � . Thesearcher
thenmayto answerwith “yes” or “no”. In thatway, eventhoughthesearcherdoes
notknow theexactanswer, vaguenessleadsto anexactresult.

Dueto theinitial selectionof asignaturepartitionandtheunderlyingbalanced
classificationtree,aftera few dialogcyclesthesearchleadsto anend. Thus,the
characteristicsof thesearchturnsout to beabrowsingactivity.

Finally, thebrowsingactivity leadsto asituationwhereeither

a componenthasbeenidentified,or

a questionis not decidable.

If theanswersto thequeriesspecifiesthesearchedfunctionality, thecompo-
nentsuchidentifiedis thebestcandidateavailablein thepartition.Thereexistsno
othercomponentin the partition conformingto the partial specificationbuilt by
thedatapointscollectedduringbrowsing. Thebrowsingprocessleadsalwaysto
a componentin thetree! Thefinal judgmentremainswith thesearcher, but there
is only onecomponentleft to beverified.

In thecaseof anundecidablequestion,thesearcherhasnot sufficient knowl-
edgeaboutthe domain. Thenat least,the uncertaintycanbehandledby taking
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a quick look at deeperlevels in thebrowsingtree. Thebrowsingactivity canbe
backtrackedatany point in time to allow are-adjustmentof intermediateanswers
andto choosedifferentdecisionpaths.

6.1.3 Partial specifications build upon data points

This sectionis concernedwith the necessarypropertiesof datapoints in order
to establisha high quality knowledgebase. Furthermore,we describehow are
selectedfrom asetof testcases.

Froma structuralview, datapointsdo not differ from datatuples. However,
dueto theirspecificpropertiessomedatatuplesperformbetterthenothersfor the
purposeof specifyingthebehavior of components.

In generalaspecificationdescribesthebehavior of asystemexactly. It focuses
ontheaspectof “what” hastobedone(in contraryto “how” it mustbeperformed).
This part of the work is partially inspiredby the relationalspecificationmethod
of Mili et.al. [146, 149], who specifiesthe behavior of a programby defining
relationson the input andoutputdomain1. With SBS, not thedomainitself, but
valuesfrom thatdomainarebasisfor thespecification.Sincethearelationcannot
bedescribedby extensionalvaluescompletely, datatuplesrepresentonly asubset
of a relation.For thatreason,wereferto SBS asa partial relationalspecification
for a component’s functionality. Anotherstartingpoint canbe found in thefield
of specification-basedtesting[178, 197] wherea formal specificationservesas
an unambiguousstandardagainstwhich the behavior of the programunit under
testcanbe automaticallycompared.Additionally, formal specificationsarethe
mechanismto developsystematicallytestcases.In SBS this coursefrom formal
specificationsto testcasesis followedinto thereversedirection:Testcasesform
thevantagepoint for building aspecification.

Whereasthepurposeof aspecificationis to definethetotality of acomponents
behavior (discriminatingit againstthe universeof all components),in SBS it is
sufficientto definejustasmuchasit isnecessaryto discriminatebetweendifferent
componentsin onepartition. Hence,thepartialdescriptionprovidedwith a data
point specificationadequatefor theSBS approach.

A necessaryrequirementfor agoodpartialspecificationbuilt from datapoints
is thehighqualityof theunderlyingdataregardingits discriminativepower.

1As discussedin section4.4.1onpage55.
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Test data

Testdatais generatedwith a cleargoalin mind: A testcasechecksfor a possible
fault andno other testcaseshouldaim at the sametarget. Consequently, well
designedtestsuitescover a broadrangeof thecomponent’s functionality. Thus,
testcasesrepresentthemajorityof datapoints.

Characterizing tuples

Specificallyinterestingaretupleswhich enablea uniqueidentificationof a com-
ponentwith respectto all othercomponentsin apartition.Wereferto suchdataas
characterizingtuples. Theprinciple is shown in figure6.1,wheretwo functions
areshown. Thefunction BC%TS ) is a polynomialfunctionwhereasUV%WS ) is linear. In
caseUP%TS ) is testedonly with thetestcasesindicatedascirclesin thefigure,these
tuplesmark its linear charactervery well. On the otherhand,if the sameinput
describesBC%TS ) , thatmaybea sufficient, too (assumingthatsomefew additional
pointsareprovided). However, whenconsideringbothfunctions,on thebasisof
thesetestcasesthe functioncannotbedistinguished.Thetestcasesindicatedas
boxesin figure6.1arethenamuchbetterchoice:(1) bothfunctionsarecharacter-
izedand(2) thetestcasesenablea discriminatingof them. Hence,thetestcases
representedasboxesmaybeselectedfor datapoints.

f(x)

g(x)

y

x

Figure6.1: Characterizingtuples

Characterizingtuplescannotbe identifiedwhen looking at the testcasesof
onecomponentin isolation. Only the analysisof all datapointsof a partition’s
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componentsleadto the selectionof thosewhich demonstratethe mostdiscrimi-
nativepower. To whichextenta tupleis reallycharacterizingcanbeverifiedonly
whentakingthewholepartitioninto account.

Definition 6.3. – Characterizingtuple
A characterizingtuple ! with respectto a componentX is a datatuple
whoseinput vectorleadsto anoutputvectoruniquefor thepartition
in which X is placedin.

At thefirst glance,it seemsto beoveranxiousto strive for characterizingtu-
ples. A significantoverlapin thebehavior of componentsshouldbeunusualfor
a well organizedrepositoryof functionallydifferentcomponents(seethediscus-
siononthedatapointpropertynecessityonpage126,too). Thismaybetruefor a
simplemathematicaldomainasshown in example6.3onpage137.But for other
applicationdomains,thesituationis likely to change.Discriminativepowerhelps
thento optimizetheautomaticanalysisprocess.

Striking samples

Whenorganizingdatapoints,anoptimizedindexing processis notalwaythemain
goal.Considerthehypotheticalcase,thatthetrigonometricsinefunctionissought
which is describedby thedatapoint %Y,[Z">@\"]�13\@^�;_',Y`�2?13Z@a�; ) . It’s arguable,whether
a searcher, althougha domainexpert, immediatelydetectsthe sinefunctionality
of sucha partial specification. A more eye-catchingsamplethen would make
theidentificationof thesinemucheasier. Datapointswhich supportthesearcher
in identifying componentsat a first glancearecalledstriking samples. Striking
samplesmaybeorthogonalto characterisingtuplesandthey maynot improvethe
characteristicpropertyof apartition’sdatapoints.But for ahumandomainexpert
they areimmediatelyattributableto a functionality. For instance,in the domain
of trigonometricfunctionsthe functions bYcedP'=f(g@dV'=b=ced?hP'=fig8djhP' and g@k=lmfig@d , when
providedwith theinput 2 , returntheoutput 2 . A domainexpertimmediatelyrec-
ognizesthis behavior, thus,many othertrigonometricfunctionscanbeexcluded
from thecandidateset.

Nevertheless,for browsingthey prove to bevery useful,sincea searcherex-
pectssuchbehavior from thecomponent.If othercomponentsstoredin therepos-
itory demonstratethe samebehavioral patternthe browsingprocessis not ham-
pered:in combinationwith characterizingtuplesthey arefilteredouteasily.
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Definition 6.4. – Strikingsamples
A strikingsampleis anelementof thedatapointsof apartition,which
is immediatelyattributableto acomponentby andomainexpert.

Both typesof datapointsandnecessaryfor describingcomponentson a be-
havioral basis[181]. After having identified them, the questionarises,how to
obtainthesedatapoints.Obviously, themainsourceis thesetof thecomponent’s
testdata. But testingis primarily concernedwith detectingdeficienciesandnot
with producingdescriptions;this is the reasonwhy not all testcasesmake good
datapoints. Additionally, testcasesaregeneratedwith varioustechniques,each
stressinga specialaspect.As a consequence,we have to distinguishcarefullyfor
whichpurposetestcasesaregeneratedwhenselectingdatapoints.

6.1.4 Where do data points come from?

In testingtheory, a distinctionbetweenfunctionalandstructural testing[53] is
popular. Synonymsfor functionaltestingareblack-box[21], data-driven, input-
outputdriven [158], or requirements-basedtesting. For functional testing,test
casesaredesignedwithout having the internalprogramstructuresin mind. For
generatingtestcasesit is referedto thespecifiedfunctionalityonly. Randomtest-
ing is a variantof functionaltestingwherethe input is generatedautomatically.
Generatingtestcasesfor randomtestingmayberefinedby call onarandomdistri-
butionwhich is chosenaccordingto anoperationalprofile. In suchawaythetests
concentratebetteron (functionally)importantpartsof theprogramundertest.

Thesecondteststrategy, structural testing, is referedto aswhite-box,glass-
box or designbasedtestingaswell. Here,testcasesarechosenaccordingto the
internalstructuresof theprogramundertest.Theideais to analyzetheprogram’s
controlstructureandselectinputvalueswith respectto thisstructures.In theway
thattheexecutionof differentregionswithin theprogramis controlled.

Characterizing tuples

Sincecharacterizingtuplesmark off componentswithin a partition, it is impor-
tant that thesetof availabletestcasesis sufficiently largeto guaranteethis. Fur-
thermore,asmany componentsaspossibleshouldbe testedwith all inputsof a
partition’sdatapoints.Theselectionprocesshasto considerthisaspect,too.
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To get characterizingtuples,the test techniqueusedto generatedatais not
important,unlessthe numberof testcasesis too small. In sucha case,random
testing is the bestchoicefor producingcharacterizingtuplesquickly and cost
effectively.

Striking samples

Findingstrikingsamplesautomaticallyis difficult, sincetheuserhasto judgetheir
intuitiveness.In testingtheory, somefunctionaltestingapproachesdealwith the
generationof dataplacedat domainboundariesof components.Domainbound-
ariesare“meansby whichadomainis defined”[21, p 147]. Domaintestingparti-
tionstheinputdomaininto distinctregionsidentifiedby a setof inequalitiesover
the input vector. Theassumptionhereis, thatdifferentdomainpartitionsrequire
differentwaysof processingaswell, whereaswithin a domainpartition always
thesameprocessis applied.Thus,input elementsof a domainpartitionarecon-
sideredasequivalentto eachother. Of particularinterestaredomainboundaries
which revealcharacteristicsof componentsbest[158]. For instance,considerthe
following examplewhich is takenfrom thebookof Beizer[21, p 151]:

Example6.1. Domainboundaries n
GivenaretheUS incometaxcalculationrulesfor singlesfrom 1993:

Domain Process
2po tax-inc qr>">�'i2"2@2 tax #s2?1�/Z�t tax-inc
>@>�'5/�2"2uo tax-inc qrZ@v?'i2@2"2 tax #sv?'iv�/�axwy2?13>@\zt{% tax-inc `|>@>�'5/�2"2 )
Z8v?'}Z@2"2uo tax-inc q~/"/Z�'(2"2"2 tax #�/>�':/�2�]�wy2�13v?/�t{% tax-inc `|Z@v?'}Z@2@2 )
/@/Z�'i2"2@2uo tax-inc qr>"Z@2�'i2"2"2 tax #sv?/"':/]">�wy2�13v"a�t{% tax-inc `�/"/Z�'i2@2"2 )
>@Z@2?'i2"2@2uo tax-inc tax #�]@^?'i]">">�wy2�13v"^@a�t�% tax-inc `�>"Z@2�'i2"2"2 )

In thatexampledomainpartitionscanbeeasilyidentifiedandthey arespeci-
fiableasdomaininequalities. Thedomainboundariesare$0, $22,100,$53,500,
$115,000,and$250,000.If anapplicationengineer(with theknowledgeof a tax
expert) searchesfor componentsperformingthe tax calculations,she/hewould
certainly take a closerlook at the domainboundariesfrom both sides. If only
theseboundariesarestoredasinput in thetestbase(which is ratherunlikely) the
sequenceof striking inputs is neverthelessmeaningfuldue to the domain-wide
known particularityof taxcalculationthresholds. �
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Domainboundariesthemselvesand testdataobtainedfrom domainbound-
ary analyisare candidatesto be selectedas striking samples,sincethis testing
techniqueis basedon the specificationof functionalrequirements.Most often,
boundariesarenot identifyableautomaticallyanddomainexpertshave to specify
striking samples.This is especiallytrue, if goodstriking samplesarenot only
foundon theboundaries,but arestandardreferencevalues.

After having identifiedthreedifferenttypesof datapointsanddiscussedsome
hints of how to obtainthem,we presentthe necessaryinfrastructurefor a SBS-
basedrepositoryin detail.

6.2 SBS Repositor y

Thebasisfor aclassificiationin a SBS-repository� aregeneralizedsignaturesas
presentedin chapter52. Theset � containsall reusablecomponentesX���� . A
repositorystorescomponentstogetherwith thedatapointsdescribingthem.

6.2.1 The coarse grain structure

Thesetof all signaturesof a repositoryis denotedas � . A specificsignatureof
thatsetis denotedas �	�R��� , where� runsfrom / to thenumberof all identified
signatures.We assumethatwe caninfer for eachcomponentX its signature.The
set � of all componentsthenis furtherpartionedaccordingto the signatures�	� .
Wecall suchapartition ����� . Signaturesprovideastructurallymotivatedclassifier
for reusablecomponents.Thisdoesnothamperany otherclassificationdimension
concurrentlyestablished.By definingaquery, thesearchermayindeedformulate
it in specifyinga signatureandadditionallyrestrictingthe searchfurther to e.g.
“financial” components.Albeit, thetreatmentof multi-hierarchiesis notdiscussed
in thiswork.

Generalizedsignaturematchingprovidesmuchflexibility . How therepository
is partioneddependsthereforeon thegranularityof thesignaturecriterionwhich
couldbe thesubtyperelation,constitutive equality, or structurealequality. As it
dependson thetypeof questionandthedomainin which thesystemis placed,it
cannotbedecidedin advancewhich criterionis thebestone. It is evenanoption
to reorganizethepartiondynamicallyor, alternatively, establishmultiplepartition

2Weabbreviatetheterm“generalizedsignatures”in theremainderof thiswork as“signatures”.
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views ontotherepository, if thereis thenecessityto switchfrom onecriterionto
anotherone.

Components with several implementations

Due to the fact that datapoints in SBS are partial functionalspecification,the
descriptionof behavior may not suffice to characterizecomponentscompletely.
This may leedto a situationwhereseveralalgorithmsdemonstrateidenticalbe-
havior on the functionallevel [154]. A typical exampleareimplementationsof
sortingalgorithms.To distinguishbetweenthemon thefunctionallevel solely is
not possible,unlessnon-functionalbehavior, e.g. time complexity, is explicitly
provided.

As a consequence,in SBS whenspeakingabouta componentX thefunction-
ality describedby datapointsis meant.This is thereason,why SBS-components
arenamedasSBS-componentspecificationsaswell andthedistinctionbetween
thecomponentspecificationsandtheir implementationsis necessary. However, in
this chapter, whenspeakingaboutcomponents,in fact the componentspecifica-
tionsdefinedby its SBS datapointsis meant.

Sincewecannotobtainmoreinformationfrom thegivendatapoints,thecom-
ponent X itself might refer to multiple implementations� . Thena searchermust
take a closerlook to the implementationsof the componentandfilter out those
whichdonot fulfill thedemandednon-functionalrequirements.

Implementations for several components

Someimplementationshave a polymorpicinterfacestructure.This is especially
truefor reusablecomponents.Polymorphismisusefulfor offeringabroaderrange
of solutionsdiffering in technicaldetailsonly (suchasdatatypesof parameters).
On the otherhand,this complicatesthe staticanalysisof signatureinformation.
Considerthe givenstandardANSI-C functionquicksortwhich takesan array
of n elementsof sizesize . Its lastargumentis a pointerto a functionusedto
comparetheelements.As thetypeof theelementsis notknown yet,thealgorithm
specifyinghow to comparethemis instantiatedat runtime. This characteristics
makesthedeterminationof anexactsignaturefor qsort impossible.

void qsort (void *array, size_t n,
size_t size, int(*compare)());
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As a consequence,the qsort function is placedin several partitions;each
is a valid placefor thecomponent.Implementationscandemonstratemorethan
onebehavior andthereforecanbeattachedto amultitudeof components[154] as
well.

However, an implementationmay also be attachedto several components,
which areplacedin the samepartition. This would point out to an implemen-
tation which canbe parametrizedto demonstratemore thanone functionalities
(like qsort ). Suchan implementationis associatedwith morethanoneSBS-
componentspecification.However, this doesnot hamperthe browsing process
anddueto the component’s differentsetsof datapoints,differentbehaviors of
oneimplementationleadalwaysto separatedcomponentspecifications(regard-
lessthepartitionin which thecomponentis placedin).
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Figure6.2: TheSBS-repositorystructure

A schematicstructureof a partitionedrepository� is presentedin figure6.2.
It is dividedinto four partitionsaccordingto thefour identifiedsignatures.In this
examplethereareten differentimplementationsbelongingto eight components
(componentspecifications).Componentsaredepictedascircles,their implemen-
tationsasboxesoutsidethesignaturepartitionsstructureof therepository. Dueto
theprecidingstepof generalizingsignaturesimplementationscannotbeassigned
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to a specificpartition. E.g.,componentX F is mappedto two differentimplemen-
tations � F and � J , which couldberealisationsof differentsortingalgorithms.The
samehappenswith X J , whereits implementationsare ��� and ��� . Albeit, theimple-
mentation��� is referedto from componentX}� aswell, whichis placedin adifferent
partition ���i� . The implementation��� couldbea functionwith a polymorphsig-
nature,wherethe concretetype of its polymorphicparametersis setduring run
time. The implementation� F�� demonstratesdifferentbehaviors which becomes
evident in its multiple assignmentto the componentsX}� and X}� . The reasonfor
thatassignmentis functionalpolymorphism.

In thenext sectionwe will describehow datapointsareorganizedto serve as
knowledgebasein apartition ���i� of therepository� .

6.2.2 The SBS-par tition structure

In theprevioussectionsit wasdescribedhow components(andtheir implemen-
tations)areclassifiedaccordingto their signature.The resultingcoarsegrained
repositorystructureis dividedinto partitions.Sincewediscussits structureonthe
level of onepartition,in theremainderof thechapterwedonotdenoteasignature
with anindex.

O O O O. ..i

O . .. .
.

Pσ

i

.
O

.

O O

...
.

OOO . ..i .
....

. . . .

. .. .

Oj

Vi

O

.. ..

..
O OO O

.

.
i

➜ ➜

11

2

➜ ➜

➜
i i1 i2

➜

ij

➜ ➜➜

in

1 1n1j

➜

12

nc1c jc2c

➜➜➜➜

➜

m m1 m2 mj mn

➜➜➜➜➜

2j2221 2n

Figure6.3: A partition ��� in a SBS-repository

A partition ��� holdsa setof components ¢¡£� whoseelementsconformto
thesignature� . We referto   assignaturecongruentcomponents. Furthermore,
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adatapoint  5¤ (which is a datatuple)formally consistsof aninputandanoutput
vector,  5¤¥#¦%���(' ��*) with the input vector � �x#§,�� F '5151:1L'(��¨�; andoutputvector �� #, �"F '5151:1P' �}© ; . Theelementsof avectorarevalues,whichcanbestructuredfurther
aswell. Eachdatapoint is assignedto a componentin thepartitionwhich makes
it unique. If the partition’s signatureis �ª# «¬�® , then its componentsare
functionsof thetype XO¯°� , with X@% �� ) # �� and ����¥« , resp. �� �±® . Thedatapoints
areorganizedin atabularform in suchawaythatthereare ² rowsand ³ columns.
Eachrow is namedwith thecorrespondinginput ���´ andeachcolumnis namedwith
thecorrespondingcomponentXµ� . An entry �� ´¶� in thattableis theresultof thecall
to Xµ�8% ���´ ) . Thedesignof thedatapoint organizationwithin a partitionis shown in
figure6.3on theprecedingpage.

6.2.3 SBS par tition proper ties

In thecurrentsectionwe describewhichpropertiesarenecessaryto hold for data
pointsin a SBS-partitionandhow datapointsareorganizedwithin apartition.

Initial completeness

A partitionconsistsof components(with thereferencesto their implementations)
andthesetof datapointsdescribingthem. A necessarypropertyto enabletheir
analysisis initial completeness[181] whichensuresthatfor eachcomponentXµ� is
providedwith all inputvectors���´ andtheresultof thecall XY�8%����´ ) # � ´e· � is defined.

Due to the homogeneousstructureof the partition’s signaturesinitial com-
pletenesscanbeestablishedeasily, if theavailablesetof its testdatais sufficiently
large.If datapointsaremissing,thenthecomponentsconcernedmustbeexecuted
with the inputs. In general,the testingprocessis not totally decoupledfrom the
assetmanagementandthe fulfillment of the requirementof initial completeness
shouldbe demandedfrom the testingteam,becauseit canbe provided with all
inputvaluesof theSBS repository.

Necessity

Thesecondpropertywhich is importantto providediscriminativepower in apar-
tition, is thenecessityof datapoints. Necessityensuresthat two differentinputs
really stimulatedifferent outputs. This must hold for all inputs in a partition.
Theredoesnot exist two different input vectors � ��´ and � ��´¹¸ with their valuesetsº ´�#¼» �� ´�½i' �� ´¿¾:'51:151P' �� ´0À�Á (the setof outputvectorsgeneratedby the components
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X F '(X J ':15151P'iX N providedwith aninputvector ���´ ) and
º ´¹¸ in suchawaythat

º ´P# º ´¹¸ .
If two inputvectors���´ and � ��´3¸ reallygenerateidenticalvaluesets,thennodiscrim-
inative power is addedto theknowledgebaserepresentedby thedatapointsand
oneof themmustbeomitted. Trivially, necessityis implied, if for a partitionall
its datapointsarecharacteristictuples(section6.1.4onpage120).

Descriptor uniqueness

Thenext propertyaddsto thediscriminative power for datapointsin a SBS par-
tition aswell. It ensures,thatgiventhewholesetof input vectorsof a partition,
thesetsof outputvectorsfor two differentcomponentsaredistinct. Let thecom-
ponentoutputset ®+Â�� containingall outputvectorsof acomponentXY� . If aninitial
completepartitiondescriptorunique,theremustnot existsany othercomponent
outputset ®+Â � ¸ and ®+Â���#Ã®+Â � ¸ . However, if two componentoutputsetsareiden-
tical andinitial completenessholds,thenthecomponents’specificationsareiden-
tical aswell. Consequently, within a descriptoruniquepartition the implication
®+Â���#s®+Â � ¸ #PÄ Xµ��#rXY��¸ holds.Therefore,wecall acomponentoutputset ®+Â�� the
descriptorof XY� .

In the following sectionwe usethe descriptive capability of datapoints to
build a browsinghierarchy. Thetechniqueusedherefor analyzingdatapointsis
the methodof decision(or classification)treeconstruction.It is well known in
thefield of datamining,althoughits applicationcomesinto onesmindonly, when
preparingthepartitionasknowledgebase.

6.3 Data point analysis

Dueto thepropertiesinitial completeness,necessityof datapointsanddescriptor
uniquenessa partitionholdsa setof partial functionalspecificationof signature
congruentcomponents.But the descriptionsarehiddenwhich is dueto the un-
structuredway in which they areassignedto components.Thequestionnow is,
how cananrepresentationbegeneratedwhichhelpsto identifycomponentseasily.
This taskis typical for thefield of dataminingor machinelearning3.

In machinelearning,onecandifferentiatebetween

3Theterm“datamining” is ratheroverloadedin theliterature.Sometimesit refersto thewhole
processof knowledgediscovery andsometimesto thespecificmachinelearningphase.Machine
learningis mostlyusedin connectionwith thescientificstudyof inductionalgorithms[118].



128 Behavioral Description of state-less Components

unsupervisedlearningwherenofeedbackis givento guidethelearningprocess
and

supervisedlearningwherean agentgivesdirect feedbackaboutthe appropri-
atenessof theprocess’performance[123, page8].

In supervisedclassificationlearningit is assumedthat eachinstanceof evi-
denceholdssomeinformationin form of anattributespecifyingtheclassof that
instance.This attribute is calleddependentattribute. The goal of the learning
processis to induceaconceptdescriptionpredictingthisattributeaccurately. One
form of supervisionduringthetrainingphaseis to specifyin advancetheclasses
in which theinstanceswill fall.

Classifyingwith unsupervisedlearningmeansthat theclassesarenot known
andthealgorithmmustdistinguishdesirableactionsfrom undesirableoneson its
own.

In SBS, a supervisedmachinelearning techniqueis appropriate,since the
“classes”(speakingin termsof machinglearning)areindeedknown in advance.
Thedatapointsdescribecomponentsandthereforetheterm“class” is equivalent
to theterm“component”in SBS.

Many classificationmodelsareproposed[79, 123] in the literature: neural
networks, geneticalgorithms,Bayesianmethods,log-linearandotherstatistical
methods,decisiontablesandlists, andtree-structuredmodels,socalleddecision
treesor classificationtrees. For the purposeof datamining decisiontreesare
appealingfor thefollowing reasons[79]:

Theresultingclassificationmodelsaregivenasintuitiverepresentationsandare
thereforeunderstandable.

Thealgorithmsfor constructingdecisiontreesdo not needany domainknowl-
edgeotherthantheknowledgebase.

Theaccuracy of thepredictionis equalor higherthanany otherclassification
models.

Decisiontreealgorithmsarefast.

Additionally, they are scalableand, therefore,they can analyzevery large
knowledgebases.

Someauthors[144] sometimesarguein favour of rule-basedrepresentations.
For largedomainswith many classesand/ormany attributesthey judgetheread-
ability of tree structuresas poor. When the domain is complex, treestend to
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become“bushy”andarethereforedifficult to understand.Rulesontheotherhand
aremodularandcanbe readin isolation. However, decisiontreealgorithmsare
usuallyveryfastandasacompromisemany algorithmsbuild decisiontreeswhich
canbetransferedto rule basedrepresentations[192]. Here,this approachis fol-
lowed,too.

6.3.1 Decision tree preconditions

Thesimplestandmostwidely usedform of decisiontreesareunivariatedecision
trees[123], wherea setof instancesis divided into mutually exclusive subsets
at eachlevel. This splitting is basedon the valueof a singlepredictive attribute
(thusthe term univariate). A decisiontree is a treegraphandeachinner node
is labeledwith the predictive attribute and eachleave nodeis labeledwith the
nameof aclass(component).Eachedgeoriginatingfrom aninnernodeis labeled
with asplittingpredicateinvolving only thenode’spredictiveattribute.Dueto the
mutualexclusive subsetsof eachtreelevel the sequenceof attribute-valuepairs
from theroot to a leavenodeis unique.

In figure 6.4 on the following pagean exampleof a decisiontreeis shown.
It explores,whetheror not it is recommendedto take a walk in a certainweather
situation(exampletakenfrom [97]). Innernodesarelabeledwith theattributesof
theobserveddomain(view, humidityandwindy) andleafnodesrepresentthetwo
classes:“take a walk”, and“stay at home”). Edgesarelabeledwith conditions
holdingon thatspecificpath,e.g.“The view is sunny”.

Thefollowing propertiesmusthold in adomainto renderit suitablefor apply-
ing a decisiontreealgorithms[192]:

Attrib ute-value problemdescription: Theknowledgemustbedescribableby a
setof attribute-valuepairs. Thenumberof attributesmustbefixed. The
valuesmaybeof continuousor discretenature.

Predefinedclasses:Due to the supervisedlearningtechnique,all classesof the
domainmustbeknown in advance.

Non-overlapping classes:No classifiedinstancemustbelongto morethanone
class.Therefore,theclassesmustbedisjunct.

Sufficient data: Dueto theunderlyingstatisticalanalysis,thealgorithmdepends
heavily onasignificantamountof data.
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Figure6.4: A decisiontreeto determinewhetherit is recommendedto takeawalk

Booleandecisions: All decisionsnecessaryfor assigninginstancesto classes
mustbaseon relationaloperationsleadingto ”true” or ”f alse” answers.
Checkingcomplex conditionswhiche.g.areexpressedin predicatelogic
cannotbetreated.

To renderdecisiontreealgorithmsfeasiblefor SBS, thesepreconditionsmust
hold for datapointdomainsaswell [181]. Eachpreconditionmustbechecked:

Property-value problemdescription: Due to a partition’s property of initial
completeness,eachcomponentwasexecutedwith all datapoints’ input
vectors. For eachcomponent,an input vectorgeneratesa setof output
vectors. Therefore,input vectorsarepropertiescharacterizinga certain
aspectof the components(the behavior issuedon that input). The set
of all valuesfor an attribute arethe elementsof its outputvector. Fur-
thermore,initial completenessensuresthat during the analysisprocess
nomoreattributesareintroduced.If for aninputanoutputcannotbede-
termined,it is allowedto introducemetaoutputvectors. A metaoutput
vectoris usedto
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make behavior explicit which cannotbe visualizedotherwise,such
aserror reactions,file accessesor temporalparticularities(indefinite
loops).

specify (yet) unknown values,if executinga componenton a given
input is notpossibleor is toocostly.

Hence,therequiredattribute-valuedescriptionpreconditionis fulfilled.

Predefinedclasses:Classesareabstractionsof elementswhich canbe charac-
terizedby commonproperties. Properties(attributes)in SBS describe
components.Becauseof thediscriminativepower of datapointsandthe
propertiesnecessityanddescriptoruniquenessa classholdsonly onein-
stance,which is its component.In thatsensethe term“class” in SBS is
equivalentto theterm“component”.

The implementationsof a componentare not consideredas the class’
instances.Thesetof implementationsassignedto classesbelongsto an
abstractionlayerwhich is not subjectto theSBS classificationprocess.

Non-overlapping classes:As we demanddescriptoruniqueness,thesetof data
pointsof a componentcharacterizesexactly this component.Implemen-
tations with functionality describedidentically by data points are as-
signedto thesamecomponent.

Sufficient data: As describedin section6.1.4on page120 the main sourcefor
datapointsarewell chosentesttuples. If theamountof datais not suf-
ficient, additionaldatapointscanbe generatedby randomtesting. Due
to thepartition’s propertiesnecessityanddescriptoruniquenessthedis-
criminative quality of datapoints doesnot deteriorateby addingmore
datapoints. Additionally, our experimentsshowed,that for high quality
datain mostcasesthe numberof datapointsis not significantlyhigher
thanthenumberof thepartition’scomponents.

Booleandecisions: Booleandecisionson simplerelationaloperators(e.g. # , o ,
q , Å , Æ ) demandindependenceof properties.Thetrait of SBS compo-
nentsis their independenceon internalstates.Propertiesdo not depend
on eachother, in thesensethattheorderof input vectorsmakesa differ-
enceon thecomponent’soutputset.Hence,for eachattribute(input)one
candecide,whetheraconditionexpressedasbooleandecisionholds.
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All necessarypreconditionsfor applyingdecisiontreealgorithmsfor SBS are
given. In the following sectionthemain featuresof thesealgorithmsareshortly
discussed.

Induction of decision trees

Thetaskof a decisiontreealgorithmis to learna setof rules(thedecisiontree)
whicharehiddenin agivensetof classifiedexamples.Suchtraininginstancesare
vectorsof attribute-valuepairs. Theideais to pick a predictive attribute Ç © with
valuesÈ F 'iÈ J ':15151L'iÈ"É andsplit thetraininginstancesinto subsetsÊVË ½ '}ÊVË ¾ '515151L'iÊVËYÌ
consistingonly of instanceshaving thecorrespondingattributevalue. If a subset
hasonly instancesin a singleclass,that part of the treeendswith a leaf node
labeledwith thesingleclass.In theothercase,wheninstancesbelongingto dif-
ferentclassesareencountered,thesubsetis split again,recursively, choosingand
usinga predicitive attributeoncemore. If thepredicitive attributeis discrete,the
numberof valuesis the upperboundfor the numberof outgoingedges.In the
caseof a continoustype,a valuefor a binarydecisionis chosen,which splits the
setinto subsetsof abalancednumberof theinstances’classes.

The following algorithm6.1 is the basicschemefor a divisive inductionof
univariatedecisiontrees[123]. The initial step,which is not shown in thealgo-
rithm, is to generateaglobalrootnodefor thedecisiontreeonwhichthealgorithm
operatesfurtheron.

Algorithm 6.1. DTI – DecisionTreeInduction

ALGORITHM DTI (INPUT Set ® ) (* Set of observations *)
IF ®Ã#rÍ THEN

Generate leaf labeled null
(*No Hypothesis about classification*)

ELSIF all elements of ® belong to the same class X
Generate leaf labeled X

ELSE
Select predictive attribute Ç ©
(* attribute with greatest information gain *)

Generate leaf labeled Ç ©
IF Ç © is discrete THEN
FORALL values È"´H�ÎÇ © DO

Generate edge È"´ leaving Ç ©
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Determine � ´��Ï® with value È"´ for Attribute Ç ©
Call DTI( � ´ )

ENDFOR
ELSE (* Ç © continuous -- binary decision *)

select È"´ splitting ® best
Generate edge with Ç © o�È"´ (* left branch of DT *)
Determine � ´��Ï® where Ç © oÐÈ"´
Call DTI( � ´ )
Generate edge with Ç © ÆÑÈ"´ (* right branch of DT *)
Determine � ´��Ï® where Ç © ÆÑÈ"´
Call DTI( � ´ )

ENDIF
ENDIF

END DTI.

Thequestionremainshow to calculatetheinformationgainassociatedwith a
predictive attribute Ç . Therearemany measuresproposed[123] andwe present
the oneusedin the ID3-decisiontree(I terative Dichotomizer(version)3) algo-
rithm of Quinlan[190, 191]. Theinformationgainmeasureis basedonthenotion
of informationentropy. Entropy expressestheaverageamountof informationin
bits in someattributeof an instance.Here ¤ is theprobabilityof theoccurrence
of a valueof anattribute(event). Theamountof information(expressedin bits)
associatedwith aneventof probability ¤ is `ÓÒeÔ"Õ J %¿¤ ) . E.g., if theprobabilityof
the occurrenceof an value is 2�1¹>"Z , then2 bits are neededto hold this amount
of information. If therearemany valuespossible,then to determinethe aver-
agenumberof bits, theamountof informationfor eachvaluemustbemultiplied
with its probability andsummedup. This leadsus to the final entropy formulaÖ #�`z�C�µ¤	��ÒeÔ"Õ J %¿¤	� ) [199].

Supposethat thereare × classesØ F '(Ø J '515151V'iØGÙ , andthat of the ³ instances
classifiedto thisnode,³VÂ[½ belongto classØ F , ³ÚÂ�¾ belongto classØ J '5151:1 , and ³ÚÂ�Û
belongto class ØGÙ , suchthat ³r#§Ü Ù´0Ý F ³ÚÂW� . Let ¤ F #¦³ÚÂ�½�Þ8³H'�¤ J #¦³VÂ�¾=Þ8³H'51:151 ,
and ¤ßÙ#à³ÚÂ�Û_Þ8³ . The initial entropy

Ö
at this nodeis:

Ö # `$¤ F ÒeÔ"Õ J %¿¤ F=) `
¤ J ÒeÔ"Õ J %¿¤ J}) `�1:151@`Ó¤ßÙVÒeÔ"Õ J %0¤ßÙ ) .

Now theinstanceson eachvalueof thechosenattribute Ç aresplit. Suppose
that thereare á attribute valuesfor Ç , namely È F 'iÈ J '5151:1P'iÈ"É . For a particular
value È� , supposethat thereare ³VË��}· Â[½ instancesin class Ø F , ³VË��}· Â�¾ instancesin
classØ J ':15151 , and ³VË��}· Â�Û instancesin classØGÙ , for a total of ³ÚË9� instanceshaving
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attributevalue È� . Let â=�µ· F #s³VË��}· Â[½µÞ*³j�'(â(�µ· J #Ñ³VË��m· Â�¾(Þ8³?�':15151 , and â(�µ· ÙK#r³VË��}· ËYÛ:Þ8³?� ,
where³j� is thetotalnumberof instancesin thetrainingsethaving value È*� for at-
tribute Ç . Theentropy

Ö � associatedwith thisattributevalue È� at thispositionis:
`Kâ(�µ· F ÒeÔ@Õ J %�â=�µ· FY) `ãâ=�µ· J ÒeÔ"Õ J %�â(��· Ji) 15151}`äâ(�µ· ÙVÒeÔ"Õ J %�â(��· Ù ) . Now computetheinformation
gain for the attribute Ç :

Ö `Ã%=%W³ F Þ8³ ) Ö F w�%�³ J Þ8³ ) Ö J wÃå�å�å�w�%�³ÚÉ}Þ8³ ) Ö É ) . Note
that ³?�mÞ8³ is theestimatedprobabilitythataninstanceclassifiedto this nodewill
have value È� for attribute Ç . Thusthe entropy estimates

Ö � is weightedby the
estimatedprobabilitythataninstancehastheassociatedattributevalue.

It is thebestto depictthesedeliberationsby anexample:

Example6.2. Classificationof meteorological observations n
Basedonthegivenexamplesetof alreadyreacheddecisionsonehasto determine,
if thecurrentweathersituationis suitedfor a walk. Theexamplesarestructured
with the following setof attributesview, temperature, air humidityand if it is
windyoutside.Here,two classesareevident,whichis eithertherecommendations
to “takeawalk” or to “stayathome”.

Observation View Temperature Humidity Windy Recommendation
1 sunny hot high no home
2 sunny hot high yes home
3 overcast hot high no walk
4 rainy average high no walk
5 rainy cold normal no walk
6 rainy cold normal yes home
7 overcast cold normal yes walk
8 sunny average high no home
9 sunny cold normal no walk

10 rainy average normal no walk
11 sunny average normal yes walk
12 overcast average high yes walk
13 overcast hot normal no walk
14 rainy average high yes home

Table6.1: Meteorologicalobservations

In terms of the example, ×æ# > since there are just two classes,“walk”
and “home”. The numberof instancesis ³ç# /5è . The numberof instances
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in the classes( ³ÚÂ�� ) are ³ neg # Z and ³ pos # ^ . Therefore,the overall en-
tropy of the examplesethereis

Ö # `E¤ neg Ò�Ô"Õ J %0¤ neg
) `|¤ pos ÒeÔ@Õ J %¿¤ pos

) #
`u%�Z"Þ�/5è ) ÒeÔ"Õ J %9Z"Þ�/:è )=) `&%�^�Þ°/5è ) ÒeÔ@Õ J %�^�Þ�/5è )Y) #-2�13^@è"2"v . In the example,the first
attribute consideredis view and its first value is sunny, so È�é# sunny. The
valuesfor ³VË��}· Â Û are ³ sunny·neg # ³ F · F # v and ³ sunny·pos # > . Thus
â(�µ· F # â F · F # ³ F · F Þ8³ F # v�Þ"Z and for the “walk” class â F · J # >@Þ"Z . The at-
tributevalue’sentropy thenis

Ö F #ê`zv"Þ"ZCÒeÔ"Õj%�v�Þ"Z ) `|>"Þ"ZCÒeÔ"Õ?%9>@Þ"Z ) #�2?16^�]�/ . The
entropy valuesfor the valuesrainy andovercastare

Ö J #¢2?16^�]�/ , resp.
Ö �ë#ª2 .

The overall entropy for the information gain of the attribute View thereforeisÖ `�%=%W³ F Þ8³ ) Ö F wÃ%�³ J Þ8³ ) Ö J w~%W³V�mÞ8³ ) Ö � ) #<2?13^8è�2"v�`£%Y%9Z"Þ�/:è ) t Ö F wÃ%�Z"Þ�/5è ) tÖ J wì%�è	Þ°/5è ) t Ö ��#s2?1¹>*è�a�] . Thisishigher(temperature, windy) orequal(humidity)
thanthe informationgainof all otherattributeson that level (e.g.,temperature’s
informationgainis 2?162�>@^"> ).

Basedon thesecalculationsthesplitting attributeview is chosenandthefirst
level subsetsof thedecisiontreeof figure6.4onpage130is built. All otherlevels
arebuilt in thesameway. �

For a continuousattribute the bestvalue for splitting the setof instancesis
chosenin anequalmanner.

6.3.2 Using the tree for classification

In general,the decisiontreedevelopedin that way is usedfor classifyingnew
examples. A newly addedinstanceis handledby startingat the root nodeand
determining,if theconditionexpressedon thenode’s attributeevaluatesto either
true or falsewith the observation’s attribute-value. The resultof the evaluation
directsto thenext node.After reachingaleavenode,theobservationis anelement
of theclassnamedby theleaf label.

In SBS this phaseis called the browsingphase. How this is performedis
discussedin detail in thefollowing section.

6.4 Integrating decision trees into SBS

In consideringthe SBS domainasdescribedby attribute-valuepairs, it is well
suitedfor machinelearning. We adoptedthedecisiontreealgorithmC5.0 from
Quinlan[192] for performingthis task. TheC5.0 is anadvancementof the ID3
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(and its successorC4.5). A free evaluationversionis available4. In SBS we
utilized the demoversionC5.0 release1.14 (for the Solarisoperatingsystem).
After apartitionof theSBS-repositoryis setupcorrectly, it holdsthecomponents
andthe datapointsin the structurealreadypresentedin figure6.3 on page125.
OnthatbasisC5.0 generatesadecisiontreeasbrowsingaid for thesearcher.

6.4.1 The C5.0 algorithm for SBS analysis

Specificitiesof the SBS applicationcanbe consideredby parameterizingC5.0,
too. The algorithmacceptsa variety of optionsfor adjustment.The following
aspectsareimportantin theSBS domain:

1 C5.0 constructsdecisiontreesin two phases.A treeis first grown to fit the
datacloselyandis then‘pruned’by removing partsthatarepredictedto havea
relativelyhigherrorrate(thus,acceptinguncertaintyin thefinal classification).
An error occurs,if an observation canbe classifiedto more thanoneclass.
Misclassificationcanbedueto wronginitial judgmentof a membershipof an
instanceto a classor wrong attribute values.The option’s valuefor pruning
confidence-c CF affectstheway thaterrorratesareestimatedandhencethe
severity of pruning. Valuessmallerthanthedefault (25%)causemoreof the
initial treeto bepruned,while largervaluesresultin lesspruning[189].

For SBS it is assumedthatdatapointsareassignedcorrectlyto their com-
ponentsduringthegenerationphaseof apartition.Therefore,wedonotexpect
noisein theform of misclassificationsandthepruningconfidencefor C5.0 is
setto 100percent;-c 100 .

2 Normally, pruningis not performedto evadenoiseonly, but to simplify the
final treeaswell. Sincewe do not usetheresultingdecisiontreefor the task
of classifyingcomponents,but to generatea conceptualdescriptionof them,
weneedthefull blown decisiontree.This is anadditionalargumentfor setting
thepruningconfidenceto 100percent.

3 Dueto thedatapoint’spropertiesnecessityanddescriptoruniqueness, wehave
exactly oneobservationperclass(thecomponentspecification’s name,its set
of input vectorsandits setof outputvectors).C5.0’s option -m CASES en-
ablesthespecificationof aminimumnumberof observationswhichhaveto be
evidentin thesetof datapointssupportingtheclassification.Thedefaultvalue

4Demoversionsareavailablefor mostcommonoperationsystemsin the down load areaof
http://www.rulequest.com/
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is two cases.However, in SBS thereis only oneobservationperclass.Thus,
the minimum numberof casessupportingthe treebuilding processis set to
one;-m 1. Thereby, thetreeis constructedutilizing eachobservedexample.

C5.0 offers somefurther usefulproperties.It is possibleto specifymissing
values(thusmakingthedatanoisy)or to determine,whetheracertainvaluefor an
attribute is not applicablefor computinga decision.Dueto thedemandedinitial
completenessof datapointsthesefeaturesarenot used.Only in themaintenance
phaseof therepositorythis renderspractical.

How theconstructionof decisiontreesleadsto abrowsingstructureis demon-
stratedin thenext two examples.They differ mainly in their signature;the first
signatureis numericalbasedandcontinuous,thesecondonedealswith discrete
stringmanipulation.

Example6.3. A number í number partition î
In this example32 mathematicalfunctionsimplementedin Modula-3 are ana-
lyzed.Modula-3hasarigid typingsystem,andthepartitiondesignbenefitsthere-
fore from a generalizedsignaturein sucha way that the numberof components
whichcanpopulateapartitionbecomesratherhigh. Thefunctionscanbedivided
into threegroups:

Themajority of thefunctionsaretakenfrom thepackageMath . They require
avalueof typeLONGREALfor inputandcomputea resultof typeLONGREAL.
Thereare29of themin thepartition.

Two functionsfrom thepackagePts of typeREAL í REAL.

Onefunctionfrom packageSwapof typeINTEGER í INTEGER.

For thesecomponentsthe generalizedsignaturenumber í number is chosen.
Pleasenote,thatthis is notasubtypegeneralization.Thetypevariablenumber is
awildcardstandingfor any subrangetypeholdingnumericalvalues.Thepartition
holdsall constitutiveequalcomponentsconformingto thatsignaturespecification.
For the sake of demonstration,no distinctionbetweenimplementationsandthe
components(componentspecifications)is made.

In table6.2alist of all Modula-3functionsof thepartitionandashortdescrip-
tion of theirsemanticsis given.Supposetheinputparameteris alwaysnamed“ ï ”.

Table6.2: Componentsof thepartition ð number í number
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1 Math.exp ñ�ò
2 Math.expm1 ó�ñRò*ôHõ�ö , evenfor small ï
3 Math.log thenaturallogarithmof ï (baseñ )
4 Math.log10 thebase10 logarithmof ï
5 Math.log1p ÷�ø"ùúóµöMû�ïÚô , evenfor small ï
6 Math.sqrt ü ï
7 Math.cos thetrigonometricalcosineof ï
8 Math.sin thetrigonometricalsineof ï
9 Math.tan thetrigonometricaltangentof ï

10 Math.acos theinverseto cosine,arccosineof ï
11 Math.asin theinverseto sine,arcsineof ý
12 Math.atan thearctangentof ï
13 Math.sinh thesinehyperbolicof ï
14 Math.cosh thecosinehyperbolicof ï
15 Math.tanh thetangenthyperbolicof ï
16 Math.asinh thearcsinehyperbolicof ï
17 Math.acosh thearccosinehyperbolicof ï
18 Math.atanh thearctangenthyperbolicof ï
19 Math.ceil theleastintegernot lessthan ï
20 Math.floor thegreatestintegernotgreaterthan ï
21 Math.rint thenearestintegervalueto ï
22 Math.fabs theabsolutevalueof ï
23 Math.erf the”error” functionof ï
24 Math.erfc ö"þ6ÿ{õ���� � óWïÚô , evenfor large ï
25 Math.gamma ÷�ø"ùúó��gammaó�� ï��¶ô��¶ô
26 Math.j0 thezero-orderBesselfunctionof first kind
27 Math.j1 thefirst-orderBesselfunctionof first kind
28 Math.y0 thezero-orderBesselfunctionof secondkind
29 Math.y1 thefirst-orderBesselfunctionof secondkind
30 Swap.SwapInt Swapsall of thebytesof ï
31 Pts.FromMM Convert from millimetersto points
32 Pts.ToMM Convert from pointsto millimeters

The functionswere testedcarefully andwe choseinitially 164 input values
to generatedatapoints. In this example,the majority of the testcasesareran-
domly generated.Theanalysisof thetestcasesshowed,that for thepartitionthe
propertyof necessityholds(thereareno two input vectorsgeneratingidentical
output vector sets)and the test caseshave descriptoruniqueness(theredo not
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exist two outputsetsof differentcomponentswhich areidentical). Additionally,
somedatapointsaregeneratedfor thesakeof strikingsamples.Sincethisdomain
dealsmainly with rounding,exponentialandtrigonometricfunctions,valueslike	�
�� �
 ÿ 
 ö areconsideredasstrikingfor domainexperts.Theresultsof inputvalues
from ö 
 þ5þ5þ 
�� arein mostcasesimmediatelyrecognizable,too. However, there
areno generalrulesfor obtainingsuchvalues,asthereareno suchgeneralrules
known in thefield of domainboundarytestingaswell.

Table6.3: Datapointsof thepartition ð number í number

Input Math.exp Math.expm1 Math.log Math.log10 Math.log1p Math.sqrt� � � ��� ������������� ��� ������������� � �� ��� ��� ��� ��� � � ���  �! �� ��� ��!  �� ��! ���  �! ��� � ��� � ��� "#�� �$�#� ��! �%!�� ��! ��� � ��� "�� ��� ��! ��� �$�" &$"#�  &$���  ��� ��! ���  ���  #� �& �%"��'� "#� �%"���� "#� ���  #� ��� � ��� �$! ��� �$" "����'� "�� "������ "�� ��� �$! ��� �$� ��� !�& ��� "�&� �%��!� '�  �� �%��!�&��  �� ��� !�& ��� ��& �#� ��� ���  �&� �$!����'� !� �$!��$!'� !� �#� ��� ��� ! �#� � ��� ���! �#�%���'� ��� �#�%����� ��� �#� � ��� !�& �#� � ��#� & ���  �& ���  �& (����  �! (���� � ��� "#� �#� ����#� �%" �$�#� �%" ���#� �%" ��� �%" ��� & ��� "�� ��� ������ &�� "#� �#� ��� �#� ��� "�& ��� � ��� !�" ��� ��&�#� �$! ��� �%! ��� �%! (���� �$" (���� � ��� &$� �#� ��!(��#� �%" �#� ��" (���� !� ��� ������������� ��� ������������� ��� ������������� ��� �������������(���� &�� �#� ��� (���� �$! ��� ������������� ��� ������������� ��� ������������� ��� �������������(��#� �$! �#� "� (���� &$" ��� ������������� ��� �������������)(*��� &$" ��� �������������
Input Math.cos Math.sin Math.tan Math.acos Math.asin Math.atan� � � � ��� &�� � �� �#� &$" ��� ��" ��� &$ � ��� &�� �#� �$!� (��#� "�� ��� !#� (��#� �%! � � ��� ���� (��#� !�! ��� �%" (���� �%" � � ��� ��&" (��#�  �& (���� �$ ��� �% � � ��� ���& �#� �$� (���� !� (���� ��� � � ��� ��� �#� !� (���� �$� (���� �$! � � ��� "#�� �#� ��& ���  � ��� ��� � � ��� "��� (��#� �+& ��� !�! (� �� � � � ��� "�&! (��#� !#� ��� "#� (���� "�& � � ��� "� �#� & �#� ��� ��� "�� ��� &�& ��� ��& ��� &�� �#� "� �#� �%" (�� � � � � ��� �$ ��� &�� � � (��#� �� ������#�%" � � ��#� �$! �#� ��� ��� ��� � ���  �� ��� ! �#�  ��(��#� �%" (�� � � � � (*��� �$ (���� &�� � (*� �#� �� ������#�%" � � (*�(��#� �$! �#� ��� (���� ��� (*� �#� "�� (��#� ! (��#�  ��
Input Math.sinh Math.cosh Math.tanh Math.asinh Math.acosh Math.atanh� � � � � ��� ������������� �� ��� �%� ��� &$" ��� �$ ��� ��� � ��� �������������� �#�  �� ��� �$ ��� !� ��� "�" ��� ��� ��� �������������� �%�#� ��� �%��� ��� � ��� ��� ��� �$ ��� �������������" ����� �$! ���#� �#� � �#� ��! �#� �� ��� �������������& �$"#� � �$"�� ��� � �#� �#� �#� �$! ��� ������������� �$�#�,� ��� �$�#�,� ��� � �#� "�! �#� "�� ��� �������������� &$"��'� ��� &$"��'� ��� � �#�  �" �#�  �� ��� �������������� �%"�!��'� "�� �%"�!��'� "�� � �#� �$� �#� ��� ��� �������������! "���&��,� &$" "���&��,� &$" � �#� ��! �#� ��! ��� ��������������#� & �#� &�� ��� �%� ��� "� ��� "�� ��� ������������� �#� &�&

Continuedonnext page
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Continuedfrompreviouspage�'� �%" ����� &�& ����� &$! � ��� �� ��� �#� �,� ��������������,� &�� �#� � ��� &�� �#� !�� ��� �$� ��� ��� �,� ��������������'� �$! ��� ��� ��� ��� �#�  � ��� ��� ��� �����*�-����� �,� �� (��'� �%" (*����� &�& ����� &$! (�� (���� �� ��� �����*�-����� �,� �������������(*�,� &�� (��#� � ��� &�� (��#� !�� (���� �$� ��� �����*�-����� �,� �������������(��'� �$! (���� ��� ��� ��� (��#�  � (���� ��� ��� �����*�-����� (*�,� �� 
Input Math.ceil Math.floor Math.rint Math.fabs Math.erf Math.erfc� � � � � � �� � � � � ��� ��" �'� �% � � � � � � �� � � � � � �" " " " " � �& & & & & � �     � �� � � � � � �� � � � � � �! ! ! ! ! � ��'� & � � � ��� & ��� &�� �'� "���'� �%" " � � ��� �%" � ��,� &�� � � � ��� &�� ��� !�� �'� ����'� �$! � � � ��� �$! ��� �$� �'� ���(��'� �%" (�� (�" (�� ��� �%" (�� �(*�,� &�� (*� (�� (�� ��� &�� (���� !�� �,� !��(��'� �$! � (�� (�� ��� �$! (���� �$� �,� �$�
Input Math.j0 Math.j1 Math.y0 Math.y1 Math.gamma Swap.SwapInt� � � ��� �����*�-����� ��� �����*�-����� ��� �����*�-����� �� ��� ��� �#� "�" �#� ��! (���� �$� � �% ����������% � ��� ��� �#� &$� �#� &�� (���� ��� � ����&�&$"�"����� (���� �$ �#� ��" �#� ��� ��� ��� ���  �! &$�����#�% �"��" (���� " (��#� ��� (��#� ��� ��� " ��� �$!  ����%������ �"& (���� �%� (��#� ��� (��#� �#� ��� �+& ��� �%� �������� ������ ��� �+& (��#� �$� (��#� �$! (���� �%� "�� �$! �%���� � ����$!� � ��� � � (��#� ��� (���� �  �� &$� ���+�$"�"���&��+�� ��� �+� �#� �$� �#� ��� (���� �% ��� &$� �%��"����+�����$�! (���� ��! �#� ��& �#� ��& ��� � �%���  �+&$��!�!�"�!�"�"�'� & ��� !�" �#� �$" (��#� "�" (���� "�� ��� &�� �% ����������% �'� �%" (���� � �#� �$� �#� ��� ��� �� ��� ��� &$�����#�% �"���,� &�� ��� "�� �#� &�� �#� "#� (���� ��� (���� �+� ����&�&$"�"�����'� �$! ��� ��& �#� �� (��#� � (���� !�! ��� �+� �% ����������% (��'� �%" (���� � (��#� �$� ��� �����*�-����� ��� �����*�-����� ��� ��� (�����&�&$"�"����(*�,� &�� ��� "�� (��#� &�� ��� �����*�-����� ��� �����*�-����� ��� ��� (��% ����������+�(��'� �$! ��� ��& (��#� �� ��� �����*�-����� ��� �����*�-����� ���  �! (*�
Input Pts.FromMM Pts.ToMM� � �� �#� ��� �#� ��&� ��� "�� �#� �%�� ��� !#� ��� ���" "�� "�& �#� &�&& �#� �$� �#� �$� (���� !#� (���� ���� (�"�� "�& (��#� &�&� (��#� �$� (��#� �$�! �#� ���������+� �#� &$���*�.����'� & �#� ���������+� �#� &$���*�.����'� �%" (��#� ���������+� (��#� &$���*�.����,� &�� � ��'� �$! � �(��'� �%" (*��� �$� (��#� ���(*�,� &��  ����#�%���$��" �$!�"#�%�#�+�/� &(��'� �$! (��$��&$��!������ (���&$ ��$"���&/� �

For the analysisstepthe datapointsareroundedto the sixth decimalplace.
This is sufficiently exact, sincegenerally, humansarenot capableto judge the
effect of higherprecision.Out of these164datapointswe chose17 datapoints
percomponentto appearasclassifiersin theresultingdecisiontree.Thisnumber
of datapointswasthe resultof an experimentwherethe numberof datapoints
hasbeenreducedcontinuouslyuntil theircharacterizingpowerwasno longersuf-
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0 <= 0:
:...-1.5707963267949 <= -0.9171523:

:...1 <= 0.8813736:
: :...0.785398163397448 <= 0.6674572:
: : :...1 <= 0.7651977: Math.tanh (1)
: : : 1 > 0.7651977: Math.atan (1)
: : 0.785398163397448 > 0.6674572:
: : :...-1.5707963267949 <= -1.233403: Math.asinh (1)
: : -1.5707963267949 > -1.233403:
: : :...1 <= 0.841471: Math.sin (1)
: : 1 > 0.841471: Math.erf (1)
: 1 > 0.8813736:
: :...1 > 1:
: :...1 <= 2.834646: Math.sinh (1)
: : 1 > 2.834646: Swap.SwapInt (1)
: 1 <= 1:
: :...0.5 > 0.5: Math.ceil (1)
: 0.5 <= 0.5:
: :...1.5707963267949 <= 1.253314: Math.floor (1)
: 1.5707963267949 > 1.253314: Math.rint (1)
-1.5707963267949 > -0.9171523:
:...-3.14159265358979 <= 0:

:...1 <= 1:
: :...1 <= 0.3527778: Pts.ToMM (1)
: : 1 > 0.3527778: Math.j1 (1)
: 1 > 1:
: :...3.14159265358979 <= -2.834646e+12: Pts.FromMM (1)
: 3.14159265358979 > -2.834646e+12:
: :...1 <= 1.570796: Math.asin (1)
: 1 > 1.570796: Math.expm1 (1)
-3.14159265358979 > 0:
:...-3.14159265358979 <= 3.141593:

:...1 <= 1.175201: Math.fabs (1)
: 1 > 1.175201: Math.tan (1)
-3.14159265358979 > 3.141593:
:...0.785398163397448 <= 0.7212255: Math.log1p (1)

0.785398163397448 > 0.7212255:
:...1 <= 1: Math.sqrt (1)

1 > 1: Math.atanh (1)

0 > 0:
:...0 <= 1.570796:

:...0 > 1: Math.acos (1)
: 0 <= 1:
: :...1 <= 0.5403023:
: :...1 <= 0.1572992: Math.erfc (1)
: : 1 > 0.1572992: Math.cos (1)
: 1 > 0.5403023:
: :...3 <= 3: Math.j0 (1)
: 3 > 3:
: :...1 <= 1.718282: Math.cosh (1)
: 1 > 1.718282: Math.exp (1)
0 > 1.570796:
:...-3.14159265358979 <= 0.01557522: Math.gamma (1)

-3.14159265358979 > 0.01557522:
:...1 <= -0.7812128: Math.y1 (1)

1 > -0.7812128:
:...1 > 0: Math.y0 (1)

1 <= 0:
:...9 <= 1.460139: Math.log10 (1)

9 > 1.460139:
:...2 <= 0.9953223: Math.log (1)

2 > 0.9953223: Math.acosh (1)

Figure6.5: TheresultingC5.0 decisiontree(raw output)

ficient to distinguishbetweencomponents.Most of thesedatapointsarestriking
samples.With C5.0 onecanselectexplicitly attributes(input vectorsin SBS) to
supportthedesignof thetreeand,thus,raisingits understandability. In table6.3
thewholesetof datapointsfor classifyingthepartition ð number í number is
shown (notall decimalplacesaregiven).

Figure6.5shows theresultingtreeasunformattedoutputasit is generatedby
the call to C5.0: >c5 -f n2n -m 1 -c 100 . The main part of the tree’s
left branchis givenin a morereadableform in figure6.6 on the following page.
Theknowledgeaboutthedatapointsis storedin thefiles n2n.names (defining
the attributes)andn2n.data (holding the testcases).With 17 datapointsper
componentonly, C5.0 wasableto classifyall componentscorrectly.

Thebrowsingtreeof thenumber í number is organizedin awaythatateach
decisionnodethepredictive attribute(the input to thecomponents)is given. On
eachoutgoingedge,theconditionsarestated,whichmustholdfor all components
reachablebeneaththisnodein thetree.
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 0  

 -1.570796  

<= 0

 0  

> 0

 1  

<= -0.917152

 -3.141592  

> 0.917152

 0.785398  

<= 0.881373

 1  

> 0.881373

 1  

<= 0.667457

 -1.570796  

> 0.667457

Math.tanh

<= 0.765197

Math.atanh

> 0.765197

Math.asinh

<= -1.233403

 1  

> -1.233403

Math.sin

<= 0.841471

Math.erf

> 0.841471

 0.5  

<= 1

 1  

> 1

 1.570796  

<= 0.5

Math.ceil

> 0.5

Math.floor

<= 1.253314

Math.rint

> 1.253314

Math.sinh

<= 2.834646

Math.SwapInt

> 2.834646

 1  

<= 0

 -3.141592  

> 0

 1  

<= 1

 -3.141592  

> 1

Pts.ToMM

<= 0.352777

Math.j1

> 0.352777

Figure6.6: A partof theresultingdecisiontree(transformedfrom figure6.5)

The input vectorwith the highestinformationgain is ’0’. Thesearchernow
decides,if the searchedfunctionalityprovided with input ’0’, computesan out-
put equalor smallerthan ’0’ (given in the raw outputas0 <= 0 in the tree).
Dependingon theanswer, thesearcheris directedto thenext level.

E.g. if a function
�

is searchedwhich computesthenext larger integerof its
input (if it isn’t alreadyan integer), since

� ó�ÿ�ô10 ÿ , this branchof the treehas
to be followed. The next questionis presentedas: “Should

� óµõRö"þ32�4@ÿ.4 ��5 ô76
õ�ÿ?þ � ö�4�ö�2�8 ?” Clearly, thenext larger integeris õRö . Thus,thesearchermustfol-
low thetrue-branchof thetree.After threemorequestionsandcorrectguessesas
answers,thefunctionMath.ceil is theonly candidateremaining.TheModula-
3 functionceil calculatesindeedthenext largerintegerof its input.

C5.0 comeswith a setof toolsaswell. Most of themareusedfor optimizing
theclassification,basedon costinformationor crossvalidationof theclassifica-
tion conceptwith validationevidence.In thecontext of SBS the tool predict
is a goodsupplementto thebrowsingstructure.On thebasisof theclassification
tree,it offers a query-answerinterfaceto the knowledgebase.This comesvery
nearto an interactive searchmechanism,wherethe searcher(after selectingthe
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partition) answersto somequeriesandthe tool determinesthe bestfitting com-
ponentandjudgesthecertaintyof its classification.Hereis anexampledialogue,
whereinput valuesarepresentedandthesearcherentersher/hisestimatesof the
desiredoutputafterthecolon(theanswersaregivenin bold typeface).

0: 0
-1.5707963267949: -1
1: 1
0.5: 1

-> Math.ceil [0.06]

In thecaseananswerto a querycannotbeprovided,thepredict tool accepts
missingvalues(?) or thehint thatanattribute’s valueis not applicablein a spe-
cific context (N/A ). Althoughthis leadseventuallyto aninaccurateresult,sucha
flexibility is veryhelpful, if thesearcherwantsto takea quick look at thecontent
of apartition. 9

Thesignatureof thepartitionof thenext shortexamplearebasedonacomplex
inputvectorcontainingtwo elementsanda returnaboolean.

Example6.4. A string í string partition î
The partition ð string í string contains8 predicatesimplementedasC-
functions. They are taken from the ANSI-C standardlibrary [188]. The input
vectorsaregroupedby anglebracketsandtheirelementsareseparatedby asemi-
colon. Due to the small numberof componentsandthe preconditionsnecessity
anddescriptoruniquenessthesetof testcaseswhichis sufficientto describethem
is very small. We needonly thesamenumberof datapointsastherearecompo-
nents.Thecomponentsandtheir datapointsareshown in figure6.7 on thenext
page.

Sincetheoutputtypesareof discretenature,this informationcanbegivenvia
theflag -s to C5.0 to improve theresultof thebuilding process.Figure6.8on
page145presentstheformattedresultof theexecutionof c5 -f string -m
1 -c 100 -s .

9
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Input
isSubstrin

g

isPrefix

isEqual

isGreater

isSmaller

isLonger

isShorte
r

<’a’;’b’> F F F F T F F
<’’;’a’> T T F F T F T
<’a’;’ba’> T F F F T F T
<’abc’;’xy’> F F F F T T F
<’’;’’> T T T F F F F
<’a’;’a’> T T T F F F F

Figure6.7: A stringpredicatepartition

Thebenefitsof theapproacharedemonstratedby both examples.Neverthe-
less,SBS is basedon partial specificationsandtherefore,if a candidatecompo-
nentis presentedasfinal resultof the searchsomefurther investigationmustbe
performed. This is indeedno strongdemand,sincethe partition is constructed
basedon the descriptive capabilityof its datapointsandtherefore,the resulting
candidatesarealreadyclassifiedaccordingto their structure(signature)andtheir
behavior. Only onecomponentis left andits documentationmustbestudiedany-
way. If it emerges,that the functionality searchedfor is not provided with the
resultingcomponent,at leastwe know that the functionalityasspecifiedby the
attribute-valuepairscollectedon thepathfrom thedecisiontree’s root to theleaf
node,doesnotoccuranywhereelsein thecurrentpartition.

6.4.2 SBS-par tition maintenance

Due to the initial completeness,all input vectorsareinput to all componentsin
thelibrary andasaconsequencetheC5.0 algorithmis ableto determineanerror-
free classification.Necessityanddescriptoruniquenessensurethat datapoints
describeall componentsof a partition. But repositoriesevolveover time: further
componentsareaddedandcomponentswhichdonotrendervaluable,areretracted
from therepository. Suchchangesaffect thequalityof datapointsandhave to be
considered.

Deletionof a component,togetherwith its datapointsdoesnot demanda re-
analysisof thepartition,sincethepropertiesnecessityanddescriptoruniqueness
arenot touched[181].

If a componentis added,thensucha stablesituationis not given. Theques-
tion of how to obtainthedatapointsfor descriptionpurposecanbeansweredby
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 <’’;’a’>  

 <’’;’’>  

T

 <’’;’’>  

F

 <’a’;’ba’>  

T

 <’a’;’b’>  

F

 <’abc’;’xy’>  

F

isEqual

T

isSubstring

T

isPrefix

F

isSmaller

T

isShorter

F

isLonger

T

isGreater

F

Figure6.8: Thefinal browsingstructurefor thestringpredicates

looking at the componentin isolation. However, it is no easytask,to discrimi-
natebetweenthenew descriptorsandtheexistingone.Ideally, to maintaininitial
completeness[181],

1 thecomponentsalreadyclassifiedshouldbeexecutedon the input vectorsof
theaddedcomponents,and

2 theaddedcomponentsshouldbeexecutedwith all input vectorsof theparti-
tion.

Thesechallengesareshown in figure6.9 on thenext page.Whennew com-
ponentsareadded,thepreviouslyestablisheddatapointquality mustberetained.
But for an evolving repositoryretainingautomaticallyan establishedgradeof
quality is ratherillusionaryandalternativeshave to be investigated.We suggest
thefollowing strategiesfor doingSBS maintenance:

1 Thenew componentis addedto therepositoryregardlessof missinginputval-
ues(missingattributescanbehandledby C5.0) andthedecisiontreeis rebuilt
at eachchange.Theadvantageis a quick integrationof new components.It is
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Figure6.9: Thecompletenessproblemin SBS maintenance

likely, thatsomeof its input vectorsarechosenasstriking samplesandthere-
fore anoverlapof input vectorsexist. Due to thepreviousquality of thepar-
tition‘s datapoints,thenew componentcanbeclassifiedwithout errors.This
strategy is successfulfor addingsomefew new components,but with eachad-
dition thequality of datapointsis reducedand,continually, theclassification
becomesmoreandmoreerror-prone.

2 The componentis integratedimmediatelyandtwo processingstepsaretrig-
gered:

i Thenew componentis executedon eachmissinginput vectorof theparti-
tion, andtogetherwith theoutputvectorsgeneratedin thatway they form
datapoints.

ii All componentsof thepartitionareexecutedontheinputvectorsof thenew
componentto fill up theirmissingdescriptors.

Thesecondpoint is not mandatoryin every context. If thedatapointswhich
aregeneratedin thefirst stepareaddedto thepartitionandnecessityaswell
asdescriptoruniquenessarealreadyobtained,no further datapointshave to
be generated.The goal of this strategy is to maintainthe propertyof initial
completeness.

Theresultingquality of thedecisiontreeis equalto thatof thetreegener-
atedfor theinitial partition.Thedisadvantageis, thatexecutinga component,
eitherthenew oneor theold ones,is very costly, which we alreadycriticized
asa disadvantageof theapproachof PodgurskiandPierce[175]. Sometimes
it is not feasibleatall, becauseeither

(in the caseof the lack of a repository’s executionenvironments)the new
componentwasprovidedexternallyandadditionaltestcasescannot beac-
quired,or
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thecomponentsdemonstratedifferentconcretesignaturesandtheexecution
environmentcannotconformto all theparticularities,from whichthesigna-
turesareabstracted.

3 A new componentis not addedto the repositoryimmediately, but keptsepa-
rately. If a searcherdoesnot find a functionality in thepartition, this add-on
list is presented.Thepresentationin the list is flat, sinceno relationsarees-
tablishedbetweenits components.

The ideaof this strategy is to minimize the re-executioneffort andonly
if the list exceedsa certainthreshold,its componentsareintegratedinto the
partitionin thewaysuggestedasstrategy 2. Theadvantageis thatonly period-
ically re-indexing takesplaceanda shortadd-onlist of componentsdoesnot
lengthenthesearchtimesubstantially. As afurtherdisadvantageit turnsout to
be,thatif anot-yet-integratedcomponentis very frequentlysearchedfor, then
thetreestructuredoesnothelpto speedup thesearch.

4 This strategy is basedon the assumptionthat newly addedcomponentsare
easierto executethancomponentsclassifiedlongtimesago.This is motivated
by thefactthatnew componentsarecurrentlyundertest,or werein testashort
time agoandtheirexecutionenvironmentis still available.As a consequence,
for new componentsmissingdatapointscanbegeneratedon demand(this is
thepartition’sareain figure6.9onthefacingpagemarkedwith (2)). Necessity
anddescriptoruniquenessarenotmaintainedand“old” componentsarenotre-
executedto generatenecessarydatapoints(area(1) of figure6.9).

If aftera component’s additionthepartitionqualitiesof necessityandde-
scriptoruniquenessarenot ashigh asrequired,the partition is divided into
subpartition.For eachnewly generatedsubpartitionnecessityanddescriptor
uniquenesshave to hold and,additionally, decisiontreesmustbe generated
as browsing aids for them. With this strategy, many browse treesexist for
a partition in parallel. Thereis no guidancefor the searcherwhich tree is
to beselectedandnormally, this hamperseffective browsing. However, if the
sub-partitioningprocessis notbasedonthedatapointsonly but takesinto con-
siderationdomainrelatedinformationaswell, multiple decisiontreesemerge
to be an advantage.E.g. a subpartitionmay containtrigonometricfunctions
andanotheronetheroundingfunctions.Thena keyword baseddecisiontree
selection,althoughkeywordshave to beinterpreted,helpsto locatethesought
componentbest.

In thecasethatdatapointsaredeliveredexternallyandcannotbegenerated
on demand,this strategy is superiorto all otherones.On theotherhand,con-
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currentbrowsingtreeswithout a clearsemantics,do not supportthesearcher.
Nevertheless,dueto themechanismof C5.0, thedecisiontreesin generalare
notexorbitantlydeepandsearchingfor acertainfunctionalityis easierthanto
scansequentiallythrougha list of textualdescriptionsof components.

Additionally, aperiodicalreunificationof thebrowsingtrees,(if execution
of componentsis feasible)is recommended.

Which strategy to choosedependson a varietyof parameters.If for instance,
automaticexecutionis feasible,thenthebestoptionto chooseis to maintaincom-
pleteness(strategy 2), whereasfor a very populatedrepositorythis strategy is an
illusionarytask. On theotherhand,catchytextual descriptorssupporttheselec-
tion of thecorrectbrowsingstructurein theconcurrenttreeapproach(strategy 4).
However, this strategy restson a clearsemanticsof thedescriptive texts. Never-
theless,theentiretyof thesestrategiesgivessomeoptionsto thelibrarian,who is
responsibleto takecareof thediscriminatinganddescriptivepowerof thereposi-
tory‘s datapointsto yield usefulbrowsingstructures[181].

6.5 Final remarks to SBS

Staticbehavior sampling(SBS) rendersa practicablemethodto describethebe-
havior of reusablecomponentswithout theneedfor humaninterpretation.There
aresomepreconditionswhich musthold, whenapplyingSBS. Thefirst precon-
ditions is that componentsmustbe stateless.The resultof a component’s com-
putationdependsonly on its input data. A further preconditionsstates,that the
componentsśignatureshave to be abstractedto generalizedsignatures,which
helpsto grouptogethercomponentswith differentinterfacerealizations,although
they have a commonconcept.And the third importantpreconditionis the nec-
essaryquality of datapointswhich serve aspartial specifications.This implies,
thatsomeflexibility in datapointgenerationis necessary. If thedatapointsarenot
producibleondemandduringtheSBS structuringphase(beit initially or beit dur-
ing maintenance),this datamustbedeliveredby thedomainengineersproviding
thecomponent.However, asalreadydiscussedin theprevioussection,thenum-
berof highquality datapointsnecessaryto generatea goodbrowsingstructureis
notvery large.Therefore,whenthesetof testcasescomingwith thecomponents
is numerousenough(a requirementeasyto fulfill), to obtaindatapointsis not a
hindrancefor applyingSBS.
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6.6 Summar y

In this chapterwe presentedtheconceptof staticbehaviorsampling(SBS). The
approachoriginatesfrom data point descriptionswhich are consideredas par-
tial specificationsof reusablecomponents.Datapointsarechosenfrom testdata
tuplesandthey aredivided into characterisingtuplesandstriking samples,de-
pendingon theirpurpose:eitherto supporttheindexing mechanismor to support
the humansearcher. It is alsodiscussed,how to selectdatapointsfrom the set
of datatuplesfor eachcategory. Datapointsthenform the knowledgebasefor
theSBS repository. It is described,how therepositoryis structuredinto partitions
accordingto thesignaturesof components.Thepartitionsholdcomponents(resp.
componentspecifications)characterizedby datapoints. To generatea browsing
structurewithin apartition,adecisiontreealgorithmis used.Wedemonstratedthe
benefitsof thisapproachwith two examplesfrom differentdomains.Furthermore,
theproblemof repositorymaintenanceis discussedandfour differentstrategiesto
tackleit arepresented.

Thecontribution of this chapteris thenovel approachto considerdatapoints
asattribute-valuedescriptorsandthewayhow decisiontreestructurescanbeused
asarepositorybrowsingstructure.Thesearcheris supportedby presentingbehav-
ior whichhelpsto chosethemostpromisingsearchpath.In thatway, thecontent
of thewholepartitioncanbeexploredandwithouthaving to performcostlycom-
ponentexecutions,anintuitivecomponentrepresentationis given.

In thenext chapter, theideaof SBS is extendedtowardsthetreatmentof state
bearingandcomplex components.Obviously, in thatcontext thepureinput-output
informationis notsufficientto providedescriptivequality, sincebesidestheactual
input, thehistoryof previousinputsto a componentdeterminesits next outcome,
too. We discusstwo techniquesfor detectingregularitiesin componenthistories
andpresentimprovementsof themto utilize themfor producingmeaningfulde-
scriptionsautomatically.
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7
Behavioral Description of Comple x
and State-Bearing Components

The approachof staticbehavior sampling(SBS) characterizesreusablecompo-
nentsby descriptionsbuilt from examples.It demonstratesmany benefitswhen
dealingwith state-lesscomponents.But thequestionarises,whetherthis ideais
alsoapplicablewhenfacinga repositoryfilled with components(1) whosebe-
havior dependson their executionhistory and/or(2) whosesignatureis an ab-
stractionof a multitudeof functionaltypeswith differentbehaviors. In the first
case,observingtheimmediatelyproducedoutputdoesnot leadto success,since
an identicalinput valuefor oneparticularcomponentmight not alwaysproduce
the sameoutput. In the secondcase,an alternative componentcharacterization
mustbeavailable,sincetheinterfaceis toocomplex to beeasilyunderstandable.

Nevertheless,thecentralideato usetestdataasprimarysourceof knowledge
isappealingandremainstobethemaindriverof theapproach.Therearetwomain
assumptionswhich must hold whendealingwith state-bearingand/orcomplex
components:

1 A significantnumberof testcases,whichserveasaknowledgebase,hasto be
available,and

2 The componentsmust not contain faults which would blur the descriptive
powerof theavailabletestcases.

The following particularitiesmake the differenceto state-lesscomponentswith
respectto SBS analysis:

State: Componentsarestate-bearing,if someor all of their internaldatavalues
arekeptbetweencallsto themor if suchvaluesarepersistent.Persistence

151
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is the propertyof datato be availablebeyond the executiontime of the
softwaresystemmaintainingit. Due to this internalstate,the input to a
componentis not theonly determinantwhichconstitutestheoutput.The
currentstateof a componentis not visible from outside. Nevertheless,
in our approachit is not feasibleto “open” a componentfor observing
internalvalues.Only by analyzingthedataprocessedby thecomponent,
canconclusionsbedrawn aboutits exactbehavior.

An importantrepresentative of state-bearingsystemsis object-oriented
software. Nevertheless,any componentretainingits internaldataspace
is statebearing,regardlessof its developmentparadigm. Statescanbe
maintainedby storingvaluesonfilesor by usingglobalmemory.

Complex interface: Componentsmaintaining their internal statestend to be
morecomplex thanstate-lesscomponents.They offer a broaderrange
of behavior thanthe“singlespot” solutionsgeneratedby state-lesscom-
ponents.Themorerequirementsa componentcoversin a coherentway,
the more it is useful for an applicationengineer. Onemight think of a
module(like the onepresentedin section5.1.2on page72), wherethe
applicationengineeris not primarily interestedin onespecificfunction,
but in thewholetool setofferedby themodule.In suchsituations,brows-
ing throughtheSBS classificationin orderto verify thepurposeof each
functionis very cumbersome.In fact,anapplicationengineerwould ac-
ceptmany variantsof behavior, if only theoverallgoal is fulfilled. Here,
thewholemoduleis consideredacomponentandnotaparticularfunction
providedby it. SBS doesnothelpsubstantiallyin thissituation.Whether
thereis an internalstate(for functionsor for the module)to be consid-
eredis not important,but a descriptiontechniquebasedon ideassimilar
to SBS is neededto describecomplex interfaces.

Protocol: A component,whichisaccessiblethroughacomplex interface,is often
not designedanddevelopedby theapplicationengineerbut by a domain
engineerexternalto theapplicationdevelopmentprocess.Hence,thefine
grainedsolutionsarenot designed“in-house”, becausethey arealready
implied in thecomponents.Most of thedetailedwork hasalreadybeen
doneby thedomainengineerswho built thecomponents.In sucha situ-
ationthemaintaskof theapplicationengineeris to integratetheartifact
into thesystem.Very often, thesystem’s fine designis thenchangedto
easethe task of componentincorporation. Incorporationrequirements
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stemfrom thecomponent’sspecificarchitecturalprerequisites[81].

Complex componentsneedmorecontext in asystemthanstate-lessones.
Suchcontexts maybeprovidedasstandardsfor file systemaccessor for
communicatingwith externalsystems[220].

Componentswith a rich setof behavior performcomplex tasks. Such
tasksarebuilt onactivitieswhichdependoneachotherandthereforehave
to beexecutedin a certainorder. Activities dependentcausallyon each
otherandcannotbeinvokedwithout knowing thesequencespecification
for them[117].

Many of theseprerequisitesandcontext dependencieshave to beestab-
lishedasspecificsequencesof activationsof the componentsf́unction-
ality. This leadsto an(internal)protocolwhich mustbe followedwhen
communicatingwith acomponent.

All issuesraisedabove needa differentway of describingreusablesoftware
thantheoneSBS offers.Whereasin SBS thefocusis on analyzingdatatransfor-
mationsof a componentwith a singularfunctionality, this focusis not applicable
here.Thetestdata

cannotbepartitionedreasonablyaccordingto signatures.Dueto themultitude
of the functionalsignaturesof a component1 test tuplesof onetestcasemay
conformto differentsignatures.

doesnot reflectthe input-outputtransformationdeterministically. This is due
to theoutput’sdependency on thecomponent’s internalstate.

holds important information about the order of the activatedfunctionalities.
Thisorderis not exploitedby SBS.

Wethereforefocusontheimportantaspectof sequencesof testdata.For complex
components,most invocationsof functionalitieshave to follow a certainorder.
This orderis importantandif it is describedwell, a searchercaninfer theoverall
purposeof acomponentfrom that.

Another importantaspectis the changeof the purposeof the retrieval task.
For simplecomponentsit is necessarythatrelevantassetsareseparatedfrom the
vast amountof available components.This is not that important for complex

1Obviously, thecomponent(module,package,or class)hasa singlesignature.But its func-
tions, proceduresandmethodscannotbe browsedcoherentlyby onesingledecisiontree,since
onetreeconformsto onefunctionalsignature.
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components!Here,thenumberof componentscoveringtheneededfunctionalities
in generalis not large.Thusthequestionis: Is thecomponentreally fulfilling the
needasits descriptionis claiming?Maybethedescriptionis trustworthy, but not
all documentsin thenecessarytechnicaldetailareavailable.

To verify the behavior of a componentis a challenge,especially, whenthey
areboughtascommercials-of-the-shelf(COTS).Then,thebuyerhasnoaccessto
thesourcecode[16] anda reengineeringactivity aimedat gettingconfidenceby
validatinginternalstructuresis prohibitedin mostcases.Theproblemis already
addressedin the literatureand thereis an ongoingdiscussionof how to solve
it [193,30,84].

Therefore,thetechniquespresentedin thischapterhave two aims:

1 Supportingcomponentretrievalbyallowing thesearcherto judgetherelevance
of a behavior representation,and

2 supportingverification, whether the candidatecomponentperformsin the
promisedway.

Thischapterdealswith theanalysisof complex state-bearingcomponents.For
this purposewe discussalgorithmsusedfor inferring knowledgefrom testdata.
To adaptthemfor our needs,we implementedsomeenhancements.In contrast
to SBS the input-outputis not directly observable,but an abstractionfrom it is.
Hence,we call the adaptedalgorithmsabstractedbehaviorsampling, ABS for
short.Thisabstractiondoesnotcontainany concretevaluesany more.Valuesare
omittedandonly theorderof methodinvocation(withoutparameters)is reflected
abstractly. If thiskind of descriptionis notsufficient for determiningthebehavior
of a component,it is alwayspossibleto take a focusedlook at thespecificvalue
transformations.

As a representative for theclassof state-bearingand/orcomplex components
we discussobject-orientedcomponents.Thosefacetsof objectorientationwhich
arenecessaryfor complex andstate-bearingcomponentsarediscussedshortly in
thefollowing section.

7.1 Object Oriented Components
Nowadays,the object-oriented(OO) paradigmis a state-of-the-artmethodology
to build softwaresystems.Becauseof the paradigmsencourageto designmod-
ularizedand encapsulatedunits, classesand OO-packagescan be more easily
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reused[183, p13],[17]. Most of the componentsavailableon the market today
aredevelopedwith andfor object-orientedsystems.

7.1.1 Structural aspects

In general,object-orientationmeans,thatsoftwaresystemsareorganizedasacol-
lectionof discreteobjectsthatincorporatedata,datastructuresandbehavior [200].
Thedataenclosedin anobjectis calledits attributes, thebehavior canbeactivated
by calling theobject’s methods. Ideally, thedataformsthe internalhiddenstate,
whichcannotbeaccesseddirectlyfrom outsidetheobject.Accessis possibleonly
in interrogatingtheobject.Theoverall systembehavior is formedby theinterac-
tion of its objects.Interactionis thecommunicationbetweenobjectsperformedas
a call of anobject h ’s methodsby anobjecti (message passing). In this way, the
object’sdatastructureandthemethodoperatingon it arestronglyrelated.This is
in contrastto conventional(procedural)programmingin whichdatastructuresand
functionsoperatingon themareonly looselycoupled[200]. Thedifferencebe-
tweenproceduralsystemdevelopmentandobjectorientedsystemdevelopmentis
evident,whenconsideringhow thefunctionalityis offered. In theformer, values
conformingto the component’s signaturearetransformed,which setsthe focus
on thesignatureaspect.In thelatter, thelegalsequenceof methodscallsbecomes
much more important. It is sureenoughthat without the value transformation
the object invocationis meaningless,however, without consideringthe method
invocationsequencea treatmentof singlevaluesis worthless.

Theintentionof theOO-paradigmis to have a systemthatis built uponinde-
pendentagentswhichareresponsiblefor acertainaspectof thesystem’sbehavior.
In thatway, systemanalysis,design,andimplementationshouldbeeased,because
objectsarewell definedandseparated.Ideally, they canbe designed,analyzed,
andmaintainedin isolation.

An importantconceptis thenotionof a class. Classesaretheresultof anab-
stractionsprocess,calledclassification,andgrouptogetherobjectswith thesame
datastructuresandbehavior [200]. They arediscussedmainly from two different
vantagepointsin the literature,anintensionalandanextensionalone. For short,
theextensionalview focuseson thepropertyof classification,whereastheinten-
tional dealswith the generationof objects. In OO-programming,classesserve
four differentpurposes[26];

1 They definetemplatesfrom whichobjectsareinstantiated(intensional).
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2 They aresetstheelementsof whichareobjects(extensional).A classusedfor
thispurposeis calledobject-warehouse,too.

3 They area meansto grouptogethercoherentbehavior (intensional),which is
similar to modulesin conventionalprogramming.

4 They aremechanismsto generateobjects(objectfactories)(intensional).

The generalstructureof a classis depictedin figure 7.1. It is given in the
graphicalnotion asdefinedby the industrystandardUML (universalmodeling
language).UML is agraphicallanguagefor visualizing,specifying,constructing,
anddocumentingtheartifactsof anobject-orientedsoftwaresystem[226].

aClass

attribute1
attribute2
...
attributen

method1(p1,p2,..,pk)
method2(p1,p2,..,pl)
...
methodm(p1,p2,..,pj)

Figure7.1: Thegeneralstructureof aclass

With respectto SBS the differencebetweena componentbuilt asobjectand
a componentbuilt as function (procedure)is self-evident. Methodscannotbe
equatedwith functions,sincemethodcallsmake senseonly if usedin tight inter-
actionwith the object’s othermethodsandits attributes. State-lesscomponents
areindependentfrom eachother.

7.1.2 Behavioral aspects

Behavior of a classcanbespecifiedin UML in variousways.Most common,for
specifyinga classcapableof dynamicbehavior statechartsareused.Statecharts
areanextensionto finite stateautomata[103]. Their mainconstructionelements
arestatesandevents.A stateis aconditiononattributesduringthelife of anobject
of the specifiedclassor an interactionduring which it satisfiessomecondition,
performssomeaction,or waits for someevent. Conceptually, anobjectremains
in astatefor aninterval of time [226]. Therearetwo specialstates,theinitial one
andthefinal one,whichdepictthebegin andendof anobject’s life cycle.
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An event is an occurrencethat may trigger a statetransition. A transitionis
a relationshipbetweentwo statesindicatingthat an object in the first statewill
enterthesecondstate.On sucha changeof state,the transitionis saidto “fire”.
Theeventmayhaveparameters[226]. Eacheventwhich is understandableby the
addressedobjectconformsto oneof its methods.Eventsmay be issuedby any
objectwhichknowstheinterfaceof theaddressedone.

A statechartspecifies,how an object must reacton the receiptof an event
instance,dependingon its currentinternalstate. For a more completeand in-
depthdiscussionof modelingand designingobject-orientedsystemsthe inter-
estedreaderis referedto anintroductionto theobjectmodelingtechniqueOMT,
e.g.[200], or to theintroductoryUML literature,e.g.[99, 71].

7.1.3 An example from the banking domain

Thefollowing exampleexplainsthediscussedissuesby meansof aclassfrom the
bankingdomain.It is chosen,becausetheclassdemonstratessufficiently complex
behavior without providing too muchdetails,and the behavior is generalizable
to rendera reusablecomponent,which is dueto its “preparation”-“processing”-
“finalization” sequence.

Example7.1. Revolvingcredit example î
In this examplefrom thebankingdomainwe presentthestructureof a revolving
credit classandthe behavior its objectsmay perform. It is in no way complete
andmany necessaryfeaturesarenotmodeled.Weusethissimplifiedclassfor the
sakeof demonstrationonly.

A credit is revolving, if the borrower is granteda certaincredit limit, which
mustnot beextended.Up to that limit theborrower canborrow money andpay
it back. Theborrower hasto requesta credit from thebank,whoseanalystsare
in duty for assessingthe credit-worthinessof the borrower and also they must
performfeasibilitychecks(e.g.whetherthebusinessfor whichthemoney ismeant
is really promising). Suchvalidationprocessesmay be repeated,dependingon
thelimit requested,or on gatheredevidence.Theresultof thevalidationprocess
may be to rejector to grant the credit. Grantsaregiven by supervisors.That
followed, the borrower is allowed to borrow money from the bank and he/she
maypaybacka certainamount.In this example,thecreditexpires,which canbe
triggeredautomaticallyaftertheendof thecredit’sdurationor on theinitiativeof
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RevolvingCredit

Customer : CustomerC
Limit : CurrencyC
Balance : CurrencyC
GrantedBy : SupervisorC

CreditRequest(Customer,Limit,...)
Assessment(Customer)
Feasability(Project,...)
Reject(Reason,...)
Validated(Analyst,Restrictions,...)
Grant(Supervisior,...)
Borrow(Amount,...)
Payment(Amount,...)
eXpired()
Endorse(Supervisor,...)

(a)Classdefinition

Locked Granted

Validated

CreditRequested
Feasability(Project,...)

CreditRequest(Customer, Limit,...)

Reject(Reason)

Grant(Supervisior,...)

Borrow(Amount,...)

Assessment(Customer)

Validated(Analyst, Restrictions,...)

Assessment(Customer)

Endorse(Supervisor,...)

eXpired

Payment(Amount)

Payment(Amount)

Initial

Final Reject(Reason,...)

(b) Statechart

Figure7.2: Structureandbehavior of theRevolvingCredit Class
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a supervisor. After a lastseriesof back-payments,theterminationof thecredit is
endorsedby asupervisor.

In figure7.2(a)on the facingpagethe structureof the revolving credit class
andin figure7.2(b) the statechartdescribingthe allowedbehavior of its objects
is depicted.Additionally to thepublic methodswhich areaccessiblefrom other
classes,someattributesaregiven.Thestatechartshows, thate.g.in thestateVal-
idatedonly theeventsReject, Assessment, or Grant areacceptedaslegalmethod
call to the object. Apparently, a further feasibility studyis not allowedafter the
analystshasvalidateda credit request. In this statechartthe dependenceof the
object’s behavior on thevaluesof attributesis not specified.If, e.g.a borrower is
sendinga requestfor Borrowing a certainamountto a credit objectbeingin the
stateGranted, thenonetimethismayleadto successandanothertimetherequest
mayberejected.Thereactiondependson thevalueof theparameterAmountand
on the (hidden)currentvalueof the Balance2. Both valuestogetherdetermine,
whethertherequestedamountexceedsthecreditlimit or not.

Differentobjectsof thesameclassmight complyto differentcurricula,spec-
ified aspathof sequentiallyissuedeventsthroughthestatechart. A life cycle of
anobjectis definedby onepathleadingfrom theinitial to thefinal state.A credit
requestmaybeassessedmultipletimes,whereasanotheroneis notassessedatall
andgetsits validationsealby theanalystatonce,whichmaybedueto thealready
known credit-worthinessof theborrower. In testingaclass,many objectsmustbe
generatedandtheir life cyclesshouldcover all pathsfrom the initial stateto the
final one.

In figure7.3on thenext pagea setof testcasesfor theclassRevolvingCredit
is shown. For thesake of readability, all eventsareabbreviatedandindicatedby
theuppercaseletterscontainedin theirdesignators.For example,theeventReject
is givenasR in thetestset,whereaseXpired is denotedasX. Oneline in thetest
casesetis thesequenceof eventssentto onespecificobjectof theclass.Different
linesbelongto thetestsequencesof differentobjects.

Thereadermaynote,that,dueto theloopsspecifiedby thereflexivetransitions
in the statechart the numberof pathsis infinite andthe entiretyof an object’s
possiblebehavior cannotbereflectedin testcases.Nevertheless,themainpartsof
thefunctionalityof theclassRevolvingCreditcanbefoundin thesetof testcases.9

2Suchdependenciescanbe specifiedwith statechartsby establishingconditionswhich must
hold on the occurrenceof an event. However, sincethe graphstructureis not affectedby this
additionalinformationweneglectit.
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C V G B P X E
C A R
C A F V G B B X P E
C A F R
C F V G B P P B P P B P X E
C A A F V G B X P E
C V A G B P X E
C R
C A V G B X P E
C A F V A R
C V R

Figure7.3: Testcasesfor theclassRevolvingCredit

This exampleis usedfurther on for discussingthe benefitsanddeficiencies
of the presentedtestsequenceanalysismethods.In the following sections,two
methodsfor analyzingsequencesof eventsarediscussedandsomeimprovements
for adaptingthemto thedomainof describingreusablecomponentsarepresented.

7.2 Sequence analysis

The challengeof analyzinga set of test casescan be paraphrasedas follows:
“Givenis a setof sequencesof methodcallsto a component.Are thereany regu-
laritiescontainedin thatsequences?”

Theassumptionis thatsuchregularitiesexist. Regularitiescanbedescribedby
formal languageswhich canbeorderedaccordingto their positionin theChom-
sky hierarchy. This hierarchywasestablishedby NoamChomsky whocharacter-
izedtheseclassesaspossiblemodelsfor naturallanguages[103]. Thehierarchy
containsfour classesof languages(or computingmachines)thathave increasing
complexity: regular (finite-stateautomata),context-free (push-down automata),
context-sensitive(linearboundedautomata),andrecursivelanguages(Turingma-
chines).Sincewe do not know which level of complexity is given in a testset,
we assumeonly the leastcomplex class,which is theclassof regular languages.
Regularlanguagescanbedescribedby meansof grammars3, or by finite-stateau-
tomata(FSA). Both representationsareequivalent. A sequenceof tokenswhich

3In general,regular languagesare not describedby grammars,but by regular expressions.
However, becausegrammarsdescribehigherclassesof theChomsky hierarchy, dueto theirpower
regularlanguagesareincludedaswell.
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conformto therulesexpressedin thegrammar, is calleda word of thegrammar.
Wordsarebuilt by tokens,whichareelementsfrom thealphabetof thelanguage.
In that way tokensarethe basesymbolsof words. Finite-stateautomatacanbe
deterministicor indeterministic. Indeterminismmeansthat therearemorethan
onepossiblesuccessorstates,whenonetoken is recognized.This is no restric-
tion, sincedeterministicandindeterministicfinite stateautomataareequivalent
andeachindeterministicautomatoncanbetransformedinto adeterministicone.

Sincestatechartsareanextensionto finite-stateautomatatheinitial problem
statementnow canbereformulatedmoreexactly: “Givenis a finite setof words
of anunknown languagewhichis assumedto beregular. Whatis thegrammar(or
deterministicfinite stateautomaton)acceptingthesewords?”

In our problemcontext wordsaresequences,which areelementsof the test
set.A grammaror automatoninferedin sucha way is abehavioral descriptionof
thecomponent.Theinput to thesequenceanalyzingprocessis alwaysa finite set
of finite words.Thispropertyrendersthedescriptionof componentsby grammars
or FSAspossible,becausefinite wordscanalwaysberepresentedby anequivalent
FSA [103]. Softwaredevelopersareusedto this kind of representationsandif it
indeedreflectsthecharacteristicsof theunderlyingbehavior, thengrammarsand
FSAsareanadequatedescriptionform.

As onecanseefrom thegivenexampleabove,not all thenecessaryinforma-
tion canbe obtainedfrom the testset,suchas loopsandcontrol pathbranches
whichwerenot executed.Furthermore,it is in generalnot possibleto distinguish
in a testcasebetweenthe serialoccurrenceof a patternin the sequenceandan
(possiblyinfinite) iterationof thispatternproducedby a loop.

In theliterature,thedetectionof regularitiesin a knowledgebaseis calledse-
quencelearning[219]. Learningsequentialbehavior is animportanttaskin many
fields of application,suchasplanning,reasoning,naturallanguageprocessing,
adaptive control, time seriesprediction,financialengineering,or DNA sequenc-
ing. The problemof inferring formal grammarsfrom wordsis a subfieldof se-
quencelearningandit is referedto asgrammarinferencewhichhasbeenstudied
for morethanthirty years.Mark Gold [86] proved,that in generalthe inference
of a canonicalFSA is NP-hard.A canonicalFSA is anautomatonacceptingthe
givenwordswith a minimal numberof statesandnot acceptingotherwordsthan
givenin theexampleset.

Hence,in the mid 80iesresearchin grammarinferenceconcentratedon al-
gorithmsusingheuristicsandadditionaldomaininformationto infer FSAsfrom
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an exampleset. DanaAngluin [4] developedthe RPNI algorithm(regular pos-
itive and negative inference)using (positive) examplesand (negative) counter-
examplesas well as an oracle. This oracle (in most casesa domain expert)
answeredquestionsaboutthe membershipof words to a grammar. Many im-
provementsaresuggestedto reducethe spacecomplexity by slicing the search
space[65] or to decreasetimecomplexity [172, 173].

A specificrestrictionof the test casedomainis that hereonly positive ex-
amples,but no counterexamplesare given in the test base. This changesthe
situation,becauseGold showedin additionthat if only positiveexamplesandno
negative examplesaregiven,sucha building processis impossiblefor the gen-
eral case[86]. Whenencounteringpositive examplesonly, an algorithmhasno
meansto determinewhetherit is over-generalizingtheautomatonor not 4. These
resultsreveal,thatalgorithmsinferringgrammarsfrom examplescannotbeexact
andthequality of their resultsmustbejudgedotherwise.We mayrankinference
algorithmsaccordingto thefollowing desiderata[1]:

Completeness:Thegrammar(FSA) shouldacceptall wordsof theexampleset.
Thereshouldbenobehavior presentwhich is notdescribedby thegram-
mar(FSA).

Veracity: Thegrammarshouldcontainno spuriousrules(theFSA shouldhave
nospurioustransitions).

Minimality: Thenumberof rules(transitions)shouldbeminimal to clarify the
representation.

Only thefirst demandcanbeverifiedautomatically. Thisis dueto thefact,that
theoriginalgrammar(or FSA) producingthetestcasesmustbeknown (which is
not possiblefor all components),or in thecasetheoriginalgrammaris available,
acanonicalrepresentationof it hasto beavailable.However, in comparingresults
directly, thesepropertieshelpto judgethequality of inferencealgorithms.Since
the designof the algorithmsmight be focussedon divertingaspects,the quality
of the resultsmay tradeoff. If, for instancethe main goal is to cover all exam-
plescompletely, the minimality of the resultinggrammarcould suffer from that
demand.

4An exactresultis achievableonly, whena singleword is analyzed.
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In thenext sections,two differentapproachesarepresented.They arechosen,
becausein comparisonwith othermethods(e.g.basedonneuralnets[51], Markov
models[145,168], or graphclusteranalysis[1]) thequalityof theresultsareequal
or superiorwhencomparedregardingtheabovementionedcriteria.

7.3 Prefix analysis

Theapproachpresentedin thissectionanalyzesexamplewordswhichareseenas
sequencesof tokensandgeneratea FSA which reflectsthepatternsthey exhibit.
Theoriginof theapproachisattributedto theworkof BiermannandFeldman[25].
TheproposedalgorithmkTAIL wasdevelopedby Cook [51] who usesit astool
for theautomaticrecovery of softwaredevelopmentprocessesfrom log data.We
improvedit in two ways:

We enclosedexplicit startstatesandfinal events.This enablesa betterunder-
standingof theresultingFSAs.

We addeda heuristicsto built clustersof statesto detectsuchstateswhich
belongtogether.

Themainideais to determineon thebasisof behavior recognizedup to now
(prefixes)the future of a sequence.Prefixescontainthesequenceof tokensfrom
thefirst symbolread,up to thecurrentlyreadtoken,henceasequenceof length j
is built by j prefixes. E.g.a sequencekmlJn is decomposedinto thesetof prefixeso kqp�kml�prksl�n�t . A future is givenby the thenext u tokenswhich occurin the input
stream.Thevalueof u is givenasparameterto thealgorithm.A givenprefixmay
leadto differentfutures,aswell asafutureof length u maybereachableby differ-
entprefixes. Two differentprefixesareput to thesameequivalenceclass,if they
have thesamefuture. Finally, a statein theFSA is equivalentto anequivalence
class.

7.3.1 The prefix algorithm kTAI L in detail

The alphabetv , from which the words of the languageare built, is the set of
eventsw*xJp�w�y�p�z�z{z|p�w{} . A wordof thelanguageis a sequenceof events.ThekTAIL

algorithmoperateson the sampleset ~|� which containswordsof the language.
The setof all prefixesin ~|� is denotedby � . Any word � canbe divided into
a prefix � and a tail � in sucha way that � ������� . The operator’ � ’ is the
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concatenationoperator. Furthermore,the set ��� containsall wordsof length � ,
with ���)u composedfrom v .

An equivalenceclass� containsall prefixeswith identicaltails. This implies
thatevery prefix is at leastmemberof oneequivalenceclass,but prefixescanbe
memberof morethanoneclass:

��� �|p#�?��������p � ��������� � ������������� � �?�*����������z
Eachequivalenceclass �¡  correspondsto a statein the resultingFSA and

for thereasonof simplificationwe denotea statewith the labelof therespective
equivalenceclass��  aswell. After having generatedstatesthe transitionsareto
be defined. Formally, a transitionis a triple ¢#�¤£�p��¡¥�p�w�¦ , where �§£ is the source
state,�§¥ is thedestinationstate,and w is theeventtriggeringthetransition.

From the sourcestate �§£ a transitionlabeledwith an event w taken from v
leadsto a destinationstate�¡¥ , whenthereis a prefix �¨�©�¤£ in sucha way that
theprefix ���¡w is in �§¥ :

� ¢#�§£Jp��¡¥�p�w�¦«ª*���¬�¤£¤�����¡w���¡¥
If only onetransitionis outgoingfrom �§£ on the occurrenceof the event w ,

this transitionis deterministic.If therearemorethanone,it is indeterministic.

ThealgorithmproducescorrectandcompleteFSAs,but it tendsto introduce
to many stateswhich is dueto thealgorithmsrestrictionto look only u eventsinto
the future. If the futurewhich follows u is equalfor someprefixesaswell, then
thestatesareredundant.Cookimprovedtheinitial algorithmfrom Biermannand
Feldmanby analyzingthestateswhich follow a transitionandmerge thosewho
demonstrateidenticalbehavior.

Let ®¯¥ bethesetof all states,whicharethedestinationof thetransitionsfrom�§£ labeledwith thesameevent w , formally ¢#�§£�p°®?¥�p�w�¦ . If all transitionsoutgoing
from the statesin ® are labeledidentically aswell, thesestatescanbe merged.
All transitionsfrom �§£ to the statesin ®?¥ aremergedaswell. Suchan activity
is depictedin figure7.4 on the facingpagewith a valueof u larger than1. The
states“E1.1” and“E1.2” are redundant,becausefrom “E” they arereachedby
thesametoken“a” andtheir successorstatesarereachedby identicaltokensas
well (figure 7.4(a)). The tokensrecognizablefrom their successorstatesmay
be different. Theseredundantstatesarefinally merged in the simplergraphof
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figure7.4(b).Obviously, aparametervalueof u±�³² meansthatnosimplification
cantakeplace:for eachacceptedtokenastateof its own is generatedandnomore
thanonetransitionoutgoingfrom a statecanbelabeledwith thesametoken.

E

E1.1a

E1.2
a

E2.1b

E2.2
b

E2.3

b

(a)FSAwith redundantstates

E E1.1/2
a

E2.2b

E2.1
b

E2.3

b

(b) FSA after merging redundant
states

Figure7.4: Simplifying aFSA( uµ´¶² )

Example7.2. Sequenceanalysiswith kTAIL ·
Here,a simplesequenceof eventsgeneratedfrom thealphabet

o
a, b, c t

is given(takenfrom [51]). Therearesomerepetitionpatternspresent:a a-b-c
iterationandb-a-c iteration:

a b c a b c b a c b a c a b c b a c b a c ...
... a b c b a c a b c a b c b a c b a

Fromthatexample,theimportanceof acorrectadjustmentof theparameteru
becomesobvious.Sincethelengthof theiterationpatternsis 3 (with theassump-
tion, thereis really a loop in theautomatongeneratingthatsequence),a valueofu�´¹¸ raisesthe level of determinism(sincemoreaccuracy is addedby looking
deeperinto thefuture)but thecharacteristicsof thebehavior arenotreflectedany-
morein theresultingautomaton.If thealgorithmtriesto find patternsof a length
which is largerthenthelengthof existing patterns,thentheresultingFSA speci-
fiesa behavior which doesnot reflectthepatterns.This is dueto thefactthatthe
patternsearchis startedin aniteration º andendsin asubsequentiteration º¼»½u .
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1

2a

3/4/8

b

c

5c

6/7

b

a

Figure7.5: TheFSAgeneratedwith kTAIL (k=2)

For theresultingfinite stateautomaton,givenin figure7.5,a valueof u��¿¾
is chosen.For any value u larger than2 the statesof the FSA arelabeledwith
numbers5. In the example,the statewith the label “3/4/8” is the result of the
optimizingprocesswherethe intermediatestatesaremerged. Note, that thereis
an indeterminismin the FSA, becausethereare two transitionslabeledwith c
which canfire in state“3/4/8”. This is dueto themerging stepandthealgorithm
seestwo differentpossiblefuturesafter recognizingthe tokenc . Thealgorithm
performswell in detectingtheiterationscontainedin thesequence. À

7.3.2 Impr ovements of kTAI L

Explicit initial state and final states

From the FSA generatedby kTAIL the initial stateand the final statescannot
be recognized,unlessthe underlyingwordsareknown. This canbe confusing,
particularlywhentheresultingstructureis complex andcontainsloopsinvolving
initial and end states. Our first improvementthereforeis to mark thesestates
explicitly. A FSA is definedto haveoneinitial stateanda setof endstates[103].
In theresultingFSAtheinitial stateis markedwith themetasymbolstart . The
initial stateis apseudoconstruct,sinceit is introducedfor thepurposeof defining
thebegin of theFSA only andthereis no transitionto it. Any equivalenceclass
canbecomeafinal state,which is depictedby themetaeventend in thegraph.

To fulfill theserequirementswe add thesetwo metasymbolsto the words
whenparsingtheinput. Dueto thedesignof thekTAIL algorithmthis additional
informationleadsto thedesiredresults.

Strongl y connected subgraphs

Sometimes,repetitive patternform a larger pattern. This is especiallytrue for
reusablecomponents.Considerthe RevolvingCredit example,wheretwo large

5For Á�Â�Ã , sincethefutureof prefixesis determinedby singletokensfrom thealphabet,each
generatedstateis labeledwith thetokenleadingto therespectivestate.
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groupsof activities canbe identified: the activities necessaryfor validatingthe
requestandthe activities dealingwith the “consummation”of the credit. These
largepatternscanbeidentifiedin theeventsequencesaswell.

Onefurtherimprovementto theunderstandabilityof theFSA thereforeis the
option to restructureit, if the evidencefor sucha larger patternis given. If it
is demanded,the kTAIL algorithmsearchesfor strongly connectedcomponents
(scc) in the graphof the FSA. Stronglyconnectedcomponentsaresupposedto
groupstateswhichconceptuallybelongtogetherin theway, thatthestatesin that
componentacceptthesameeventpatterns.Thischangestepis not analgorithmi-
cal enhancementto getbetterresults,but it comesfrom the analysisdomain. If
thereis norationalin thedomainto groupstronglyconnectedvertices,to perform
this graphregroupingstepis not recommended.The original ideaof determin-
ing stronglyconnectedcomponentsin graphsto determineclustersof behavior
wasalreadysuggestedby [1]. In their paper, theauthorsexamineworkflow logs
andre-engineerprocessmodelsfrom them.Clustersareconsideredasthosesteps
of theprocesswhich conceptuallybelongtogetherandtherefore,canbeseenas
subprocesses.

A stronglyconnectedcomponentis recognizedasfollow: In adirectedgraph,
two verticesarestronglyconnected,if thereexistsapathfrom theoneto theother.
A singleverticeis alwaysstronglyconnected.A directedgraphis stronglycon-
nected,if all its verticesarestronglyconnected.A maximalstronglyconnected
subgraphof a directedgraphis called its strongly connectedcomponent[224,
p 100]. An efficient algorithmfor computingstronglyconnectedcomponentis
proposedin [27].

Stronglyconnectedcomponentscanbecollapsedto onevertice,which forms
a condensedgraph.In our adaptationwe do not collapsethem,but markthemas
subgraphs.This allows to identify at a quick glanceregionsof behavior, which
canbeconsideredin isolation. In the following continuationof thepreviousex-
ample7.1,weapplytheimprovedkTAIL algorithmto thegiveneventsequence.

WeimplementedkTAIL from scratchandtheimprovementsherepresentedare
addedaswell. Theprogramis realizedin theprogramminglanguageSETL2.

Example7.3. ThekTAIL algorithmappliedto example7.1onpage157 ·
The resultof theanalysisof theeventsequenceswith kTAIL (k=1) is shown

in figure7.6 on the following page.Theparametervalueis chosen,becausethe
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iterationsevidentin thesequencesareconsideredto haveamaximumlengthof 1.
TheFSAis completewith respectto theavailabletestdata,sinceeachtestcaseis
acceptedby theFSA.Pleasenote,thatno repetitionof Feasibilityeventsis in the
eventsequence,which leadsto themissingreflexive edgefor thestateF. Albeit,
this is nodeficiency of thealgorithm,but anincompletenessof thetestset.

Dueto theclusterformedby thestronglyconnectedcomponentstwo behav-
iorally differentregionscanbeidentified.Thestronglyconnectedcomponentsare
depictedasgrayboxesin thegraphof theFSA.They conformwell with theunder-
standingof thedomainin theway thatthecomponent,containingthestatesA, F,
andV, is concernedwith theinitializationprocess,whereasthesecondcomponent
dealswith thebehavior of thecredittransactionitself.
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Figure7.6: RevolvingCredit behavior asinferredby kTAIL

The algorithm was not able to detectthe differencebetweenthe CreditRe-
questedstateand the Validated state,becausein the latter an event canbe ac-
ceptedwhich is legal in the former stateaswell. Becauseof the observationof
a futureof length1, thestateacceptinganAssessmentis alwaysthe same.This
leadsto thegivenstateV, whichallowsaneventsequence,whereaftertherequest
is Validated, aneventFeasibilityis accepted.Sucha sequence

1 doesnotappearanywherein thetestcasesand
2 is notdefinedin thestatechartspecificationaswell.

Thus, the veracity6 of the FSA is not given in this example. With a higher
6Veracity is the propertyto which extendspurioustransitionsoccur in the FSA (definedon
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valuefor u , thedescribedeffect canbeavoided,but thenthenumberof statesis
growing larger.

Regardingminimality, the resultingFSA is affectedby the choiceof the pa-
rameteru aswell. Here,eachacceptedtokenleadsto a stateof its own. E.g.ona
conceptuallevel, thestates(andtheintermediatetransactions)start andC, resp.
E, R, andend canbemerged. Choosinga larger u leadsto morestates,(andto
simplificationsafterwards)andthis demandsmoretransitionsaswell. Also here,
thestructureof theexamplesdeterminesthenecessityof transactions. À

7.3.3 Evaluation of kTAI L

Regularpositiveinferenceconductedwith kTAIL is promisingunderthefollowing
preconditions:

Thevalueof u mustbeadjustedcorrectlyto reflectthebehavior embodiedin
thesequencesof words. If u is too small, repetitionpatternsaresplitted,if it
is too large,thesepatternsarenot detectedcorrectly. Thus,theresultingFSA,
althoughcorrect,doesnot rendera gooddescription,sincethe representation
suchobtainedis notconformingwith thesearchersexpectations.

Thelengthof repeatingpatternsshouldnotvary. If loopswith differentiteration
lengthsareevidentin thetestcases,thenin generalit is notpossibleto adjustu
correctly, leadingto theeffectsmentionedin thepreviouspoint.

Whenthe domainis understood,the two parameters( u , stronglyconnected
components)areenoughto adjustthe kTAIL algorithm. Furthermore,only one
passover the input datais sufficient for analysis.This givesa certaindegreeof
freedomto the analystto experimentwith valuesfor u to generatea adequate
description.

A furtheradvantageis clearly thebehavior’s representationasa FSA.Appli-
cationengineersarenormallyusedto formal descriptionson thegraphicallevel
andFSAsareastandardspecificationlanguagefor repetitivepatterns.

As alreadydiscussedwith the example,completenessof the kTAIL with re-
spectto theavailableeventsequencesis given. Thesimplificationstepdoesnot
affect completeness:Only statesaremerged,but transitionsarenot deleted(with
theexceptionof redundanttransitions).Veracitydependsheavily on thestructure

page162).
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of theeventsequencesandthecorrectchoiceof u . It cannotbeguaranteedby the
algorithm.This is thecasewith minimalityeither. A canonicalautomatonwhich
hasa minimal numberof transitionsanddoesonly acceptwordsspecifiedby the
behavior (definedby the event sequences),was not the aim of the algorithm’s
design.

Prefix-analysisalgorithmslikekTAIL definestatesby identifyingidenticalhis-
toriesof eventswhich have identicalfuturesof a given length. Heuristicsintro-
ducedby (1) determiningthe lengthof the futureandwhether(2) thecapability
of statesto acceptcommoneventsdefinesubgraphs,leadto stateabstractionre-
sulting in the final FSA. Thecorrectadjustmentof domainparametersfinally is
thedecisive factorfor thequalityof thecomponentsbehavioral description.

Theideaof thealgorithmpresentedin thefollowing sectionis different.Not
the history from the startof the sequence,but only a small “window” of obser-
vation is the basisfor the abstraction.Identicalpatternsarethenconsideredto
representthesameconcept.Themostsignificantdifferenceis thefact,thatsuch
abstractionsareregroupedhierarchically. A furtherdifferenceis therepresenta-
tional concept:Not finite stateautomata,but grammarrepresentationsyield the
final description.

7.4 Pattern analysis

In this section we present the algorithm SEQUITUR developed by Nevill-
Manning[163] andanextensionto it for enhancingtheresultingrepresentationto
handlemultiplesequencesanddetectrepetitionpatterns.

7.4.1 Pattern encoding with SEQUI TUR

SEQUITUR generatescontext-freegrammarsfrom agivenword. In fact,although
thegrammarbelongsto thiscomplexity class,thelanguagesthesegrammarsrec-
ognizeare only regular ones,sinceeachlanguagedescribedby the generated
grammaris finite andproducesonly oneword. Thus,SEQUITUR is a “context-
free” techniquefor describingrepetitivepatterns.

Basically, the algorithmanalyzesa sequenceandsubstituteseachoccurring
repetitionby a rule. The aim of the algorithmis twofold. First, it generatesa
shorterrepresentationof theinputword, thusencodingit asgrammar. Second,as
aby-productastructuralexplanationof thissequenceis provided.
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A context freegrammarconsistsof a setof rulesof the form vÅÄ Æ , wherev is a non-terminalsymboland Æ denotesa stringof terminalsymbolsandnon-
terminalsymbols.For a rule in thatform v is calledtheheaderof therule or the
rule’s nameaswell. Considertheexamplesequencea b c a b, wherea repe-
tition of thesubsequencea b is given.SEQUITUR replacesit with anonterminal
andintroducesanew rulewith thatsymbol(nonterminalsarerepresentedstarting
with a$ andthegrammar’sstartsymbolis givenas Ç ):

Ç Ä $A c $A
$A Ä a b

A patternsis givenby a digram. A digramconsistsof exactly two symbols
(thusthenamedigram)which maybeterminalsor non-terminals.Thegrammars
producedsharethefollowing two properties:

Digram uniqueness:No pair of adjacentsymbolsexists morethanoncein the
grammar.

Rule utility: Everyrule is usedmorethanonce.

Thealgorithmstartsanew analysisprocesswith generatinganinitially empty
start rule. Whena new symbol is readfrom the input streamit is appendedto
the startrule. The last two symbolsof the right handside(rhs) of the startrule
form a new digram. Digramuniquenessis checked every time a new symbolis
appended.If the new digram appearsanywhereelsein the grammar, then the
following situationsmayoccur:

Thedigramis a completerhsof a rule. Thenthe last two symbolsof thestart
rule’s rhs(thenew digram)aresubstitutedby therule’sname.

Thedigramis apartialsequenceof arhs.Thenanew ruleis introducedwith the
digramat therhs.Eachoccurrenceof thedigramin thegrammaris substituted
by thenew rule’s name.

This processmaytriggeriteratively furtherchecksandsubstitutions,because
oneachcheckthegrammar’sstructuremaychange.

Longerrhsareformedby enforcingthesecondproperty, rule utility. If a rule
is usedonly oncein thegrammar, it is deletedandits nameis substitutedby its
rhs.Thispropertyshouldprohibitanoverlycomplex structureof thegrammar. As
continuationof theexampleabove,letssupposeonemoresymbol,c , is presentat
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theinput. Thepropertydigramuniquenessforcestheintroductionof a new rule,
leadingto thisgrammar:

Ç Ä $B $B
$A Ä a b
$B Ä $A c

Now we see,that rule $A is usedonly once,asrhsof rule $B. Following the
commandof rule utility, $A is deletedand its body substitutesits namein $B,
whichgivesthefinal grammar:

Ç Ä $B $B
$B Ä a b c

Weusethesequencealreadypresentedfor demonstratingtheeffectsof kTAIL

hereaswell.

Example7.4. Sequenceanalysiswith SEQUITUR ·
Given is the sequencepresentedin example7.2 on page165. The SEQUITUR

algorithmproducesthefollowing grammar:

Ç Ä $B $F $F $E $B $E $C
$E Ä $B $D
$D Ä $C c
$B Ä a b c
$F Ä $E $D
$C Ä b a

Thealgorithmgeneratesagrammarfrom theexamplewhichis complete:The
whole sequenceis producibleby it. The graphconsistof six ruleswhich form
a hierarchicalgrammar. Sincethereis no recursion,the lengthof theproducible
word is restricted. À

7.4.2 Discussion of SEQUI TUR

Dueto thesubstitutionof multiply occurringsequences(eitherterminals,or ter-
minalsandnonterminals)theSEQUITUR encodesaninputsequencecorrectlyand
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producesa completegrammar. However, althoughthe algorithmdetectsrepeti-
tionsin theinput,thisdoesnotdescribethebehavior of thecomponentsufficiently,
sinceonly onepossiblespectrumof activity is captured.

The term repetitionrefersto a sequenceof at leasttwo symbolswhich ap-
pearanywhereelsein the sequenceof events. However, sometimesthe domain
demandsanotherview point ontorepetition. In theexample,the lengthof loops
is at least3. Becauseof thepropertyof rule utility, oneof the loop patternswas
detected($B), theotheroneis hiddenin therules$C and$D. If a domainshows
suchregularitiesclearly, thedescriptionproducedshouldreflectthembetter. SE-
QUITUR lacksthispossibilityto adaptitself to domainknowledge.

It is evidentfrom theexampleaswell, thatthereareiterationsin thesequence
(andnot restrictedrepetitionsonly). Theaim of a behavioral descriptionis not to
find onefor anexampleonly, but to abstract from it to anevidentgeneralconcept.
Obviously, sincethe lengthof the sequenceis finite, this abstractioncannotbe
exact.E.g.in theexampleabove,thesubsequencea-b-c appearsmany timesin
suchawaythatwecanassumewith ahighdegreeof certaintyto faceaniteration.
Iterativebehavior is in generalreproduciblemany timesmorethanit is presentin
theexample.

A setof testcasescontainsmany eventsequences.SEQUITUR is ableto en-
codeonly oneandtheknowledgesuchobtainedis notcomprisedin thefollowing
analyses.Sincedifferenteventsequencesdemonstratethebehavior of onecom-
ponent,theseintermediategrammarsmustbesubsumedinto afinal one.

In the next sectionwe presentthe algorithm MSEQ (multiple SEQUITUR),
which is an extensionto SEQUITUR, whereall the mentionedrequirementsare
considered.The algorithmis implementedin the high level programminglan-
guageSetL2 andgivenin detailin appendixC.1.

7.4.3 M SEQ, an impr ovementof SEQUI TUR

Pattern length variation

The algorithm MSEQ is basedon SEQUITUR, which we implementedfrom
scratch. The first enhancementis the option to vary the lengthof patterns. In
thestandardapproacha repetitionis given, if a patternof length2 (a digram)is
found elsewherein the grammar. In the implementationthe patternlengthcan
be variedby definingthe valueof the parametern. Its default valueis 2 andin
that caseMSEQ behaves like the standardalgorithm. The domainengineer(or
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librarian)now canuseher/hisknowledgeabouta sequence’s repeatedstructures
by adjustingthecorrectlengthof a j gram.

Example7.5. MSEQ with varyingngramlength ·
Heretheeffectof adaptingtheparameterto domainrequirementsis demonstrated.
Thesequenceof example7.2 is analyzedwith mseq -i inputfile -n 3,
which leadsto the following grammar(the parameter-i determinesthe input
file):

Ç Ä $A $C $C $A $B $A $A $B b a
$C Ä $A $B $B
$A Ä a b c
$B Ä b a c

In contrastto thegrammarof example7.4obtainedby thedefault value,both
patternsmanifestthemselves as rule bodies(of rules $A and $B). Becauseof
the minimal lengthof 3 for patternsto be substituted,the numberof rulessuch
obtainedis only 4 (comparedto 6 ruleswith -n 2). À

Thereadermaynote,that thepatternlengthdoesnot influencethe lengthof
rules. Also with a length j larger than2, dueto the effectsof rule utility, rule
bodiesmay have a lengthsmallerthan j . Furthermore,the grammarsobtained
by a patternlarger than2 maynot differ from thatproducedby thestandardSE-
QUITUR (exceptfor rule names).Sucheffectsdependheavily on thestructureof
theunderlyingsequences.If e.g.asequencea b c a b c is analyzedwith -n
2 or -n 3 doesnot make a difference.Thepatternleadsto thesubstitutionwith
$A c $A c in bothcases.Thefirst time becauseof thehierarchicalintermedi-
ateresultandthesucceedingapplicationof rule utility, thesecondtime because
of thepredefinedsubstitutionrestrictions.

Theparameterfor varyingthepatternlengthis usedfor adaptingthealgorithm
to recognizespecificrepetitionstructuresin theeventsequences.

Iteration heuristics

Up to that point grammarsproducedby MSEQ do a good job in describinga
sequence.Theencodingproducesa losslessrepresentationof the initial orderof
events. On the otherhand,exactly this sequenceis described,whereasa more
generaldescriptionof the behavior of a componentproducingthis (and other)
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event sequencesis not provided, althoughsomehints are there. Considerthe
sequence“ ...a b c a b c... ”. If iterative behavior is expected,suchan
examplecouldbe theevidencefor a loop. This is thereason,why we introduce
theoptionto gatherthis informationfrom theexample.Thelibrarianspecifiesit
by settingthe -r parameterwith the numberof repetitiveness.If a pattern(of
arbitrary length) is occurringsuccessively at least È times in the grammar, it is
consideredastheeffect of a loop. All successive patterns(with theexceptionof
thefirst pattern)aredeletedandtheremainingfirst patternis parenthesizedby the
metasymbols’ ( ’ and’ )+ ’. Thesymbol’+’ indicatesthattheiteratedpatternmust
occurat leastonetime [103]. We havepreferedtheiterative representationto the
(correct)recursive representation,sincerecursive structuresarenot that simple
to understandand our aim is to generatean easyto understandrepresentation.
This is not in accordancewith formal languagetheory, wheresuchameta-symbol
is not known. However, sincethe complexity classof the languagesinferredis
only regular, this “mixture” of regularexpressionsandcontext freegrammarsis
acceptable.

Pleasenote, that we do not demanda minimal iteration of length È in the
resultinggrammar. Therepetitionindicator È definesthelowerboundwhichsup-
ports the presumptionof a loop existenceonly. The resultinggrammaraccepts
languageswith iterationslessthan È aswell, but thesimplificationswhich would
bepossiblearenotperformed.

Thepresentedalgorithm7.1 RepetitionCheck is partof MSEQ andit is
calledafter the standardproceduresNGramUniqueness andRuleUtility
wereemployed.It getsthegrammarÉ andtheparameterÈ asinputsandreturnsa
grammarin which all successive repetitionsof length È aresubstitutedby a loop
construct.Sincethis algorithmmaychangetherules,afterwardsrule utility must
be checked again. The grammaris a setof rules, which arepairs in the form� �,ÊÌË�prÈ�ÊÌË�� . Theright handside È�ÊÌË is organizedaslist of symbols.

The idea is to generatefor every existing rhs the set of all of its sublists
which canbe repetitive patterns.Obviously, sucha patternmustnot be longer
than Í�È�Ê¼Ë�Î*È , sinceit shouldoccurat least È times in È�ÊÌË . The generationof
sublistsof length � , with �Ï� Í�È�ÊÌË�Î*È , is performedby the auxiliary function
PowerList . Sincewe try to detectaslargepatternsaspossible,thesublist Ð
with maximallengthis selectedfrom thatpowerlist. Indeed,if suchan Ð existsat
least È timeswithin È�ÊÌË , thenthesequenceÐ�p�z�z�z�prÐÑ Ò{Ó Ô

È -times

prÐ�p�z�z{zÕprÐ is transformed

to ( Ð )+ . The function checkingthe existenceof a sublist in a list is named
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IsSubList( sublist, list) . Thetransformationof a sequenceto a loop
is performedby the functionSequenceToIteration which getsthepatternÐ , theminimumsequentialoccurrenceÈ of thatpattern,therulenameÈ�ÊÌË of the
rule in which therepetitiontakesplace,andthegrammarÉ asinput. Theresultof
thefunctionis anew grammar. Whenarepetitionpatternis foundandsubstituted
by its loop counterpart,the analysisdoesnot stop: within the pattern Ð further
repetitionmayexist aswell.

Herethecompletealgorithmis presented,whereasinput- andoutputparame-
tersaredenotedwith Ö , resp.× , andin-outonesaregivenas Ö.× .
Algorithm 7.1.

PROCEDURERepetitionCheck( Ö.×.É , ÖmÈ ) ;
BEGIN

FOR
� �,Ê¼Ë�prÈ�ÊÌË��Ø�¬É LOOP�Ì�ÚÙ3� PowerList( È�ÊÌË ) ;

FOR ÐÛ�Ü�Ì�Ý�� Ð � �Ü�q�Ý�*Í�ÐßÞ)Í�Ð � LOOP
IF IsSubList( Ð¹àØÈ , È�ÊÌË ) THENÉ := SequenceToIteration( Ð , È , �,ÊÌË , É );
END IF;�q��Ù3���Ì��á½Ð ;

END LOOP;
END LOOP;

END RepetitionCheck;

Whereastheparameterj introducesdomainheuristicsby affectingtheencod-
ing length, È doesit by abstractingfrom repetitions.However, both adaptations
changethestructureof theresultinggrammar. Thevalueof È is notdependentonj , it maybesmalleror larger than j . Here,the responsibilitylies by theperson
producingthegrammarto selectthebestvaluesfor theparameter. However, the
effectsof the parametersaredirectly observableand their variation is immedi-
atelyreflectedin theresults.In thatway this enhancementhelpsthedescriberin
adaptingthedescriptionto thedomainandcomponentpeculiarities.As anexam-
ple,considerthesequence“a b c a b c a b c ”. ThestandardSEQUITUR

producesthisdescription:
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Ç Ä $A $A $A
$A Ä a b c

The repetitionis clearly reflectedin the grammar, althoughwhen someone
searchesfor a loop, this grammarmight beconfusing.If theanalysisis run with
MSEQ (mseq -i inputfile -r 2), the resultinggrammarmay describe
the behavior of the underlyingcomponentbetter, thus supportingthe searcher
moreeffectively.

ÇâÄ (a b c)+

In the next examplethe sequencefrom example7.2 on page165 is checked
for repetitionsof length2.

Example7.6. Detectingiterations ·
As alreadystated,thecomponentproducingthatsequenceis consideredto have
loopsof length3. Dueto the loop assumption,a singlerepetitionis seenasevi-
dencefor theloop, thusthevaluefor È is setto 2. Thealgorithmwascalledwith
mseq -i inputfile -n 3 -r 2. Hereis theresultinggrammar:

Ç Ä $A ( $A ( $B )+ )+ $A $B ( $A )+ $B b a
$A Ä a b c
$B Ä b a c

In contrastto theresultsobtainedby thestandardSEQUITUR (example7.4on
page172)thegrammaris moreintuitivewith respectto theeventsequence.Ad-
ditionally, thisrepresentationwith only threerulesis morecompactandtherefore,
bettersuitedfor thedescriptionpurpose. À

The enhancementsof MSEQ presentedup to now dealwith adaptationsfor
respectingthedomainbetterandimproving thedescriptivenessof thegrammars
for reflectingthebehavior of thecomponentsproducingtheanalyzedsequences.
To reachourgoalof obtainingapartialspecificationof thecomponent,morethan
one sequencesmust be consideredand the knowledgesuchrecoveredmust be
unifiedto onedescription.This is thetopicof thenext section.
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Multiple sequence analysis with MSEQ

Multiple sequenceanalysisaimsatmerging thegrammarswhichareproducedby
MSEQ. It baseson two assumptions:

1 Theeventsequenceswhichareanalyzedareproducedby thesamecomponent.

2 Structuralidenticalrulesareequal,althoughnon-terminalscontainedin them
arenot.

Theideais to establishanunifiedgrammar( ãåä ) andto checkfor eachsingle
grammarä , if its rulesarealreadycontainedin ãåä . If aruleis notyetmemberofãåä , thenit is addedto it. Thealgorithmhasto ensure,thatall wordsproducible
by ä are producibleby ãåä as well. In analyzingmultiple sequences,for all
grammarsinfered,MSEQ generatesuniqueruleheadernames(with theexception
of startrules). Hence,a circularreferencecannever be introducedduringgram-
marmerging. As a consequence,uniquerule namesallow a top down approach
for building theunifiedgrammar.

In detail,duringanalysisthesesituationsmustbeconsidered:

Thereis a rhs-matchbetweenÈ1��ä and ÉsÈ��æãåä .

1 If È is the start rule of ä , thenthe following alternativesmustbeverified
further:

Thecorrespondingrule ÉsÈ��çãèä is the startrule of ãåä . In suchcase,
nothingneedto be done,becausethe startingrule È is alreadymember
in ãåä .

Therule ÉsÈ is not thestartruleof ãåä andits nameis notpartof thestart
rule either. Sincetherule È canbetriggeredasstartrule too, thesymbol
for alternative“ � ” is appendedto thestartruleof ãåä , aswell asthename
of ÉsÈ (!). Thishasto bedone,becausethebodiesof È and ÉsÈ areidentical
andthusnorenamingin ãåä is necessary.

2 In thecasethatneither È nor ÉsÈ arestartsymbols,eachoccurrenceof ÉsÈ ’s
namein the ãåä is replacedby the nameof È . In this way the new rule È
is connectedto the otherrulesin ãåä (which may be incorporatedlateras
well).

If thereis no right handsidematch(therhsof È wasnot detectedanywherein
the ãåä ), therule È it mustbeaddedto theunifiedgrammarãåä . If È is thestart
rule in ä , thenits bodyis appendedasalternativeto thestartruleof ãåä . If È is
not thestartruleof grammarä , È is addedwithoutmodifyingany existingrule
in ãèä .
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Obviously, the predicateusedfor determiningthe equalityof two rules’ rhs
mustnotbaseontherule’sname(their left handside).Thechallengefor thecom-
parisonof two rules’right handsidesis givenby thefollowing threerequirements:
(1) thenamesof ruleshave to beneglectedand(2) all non-terminalscontainedin
it mustbecheckedfor equalityaswell and(3) alternativesof rulesin theform $AÄ $B � $C mustbeconsidered.In thatway, rhsarevalidatedrecursively, when
determiningtheirequality.

Algorithm 7.2 merges a grammar ä with an unified grammarã¤j�º'é�äêÈ*k.ÐëÐµkmÈ . The following representationalconventions are respected:
If theleft handsideof a rule È is addressed,thenthis is givenas È�zì�,ÊÌË , resp.È-zíÈ�Ê¼Ë
for theright handside. A rule Ë is selectedfrom a grammarî by restrictingthe
grammarwith î � Ë�� .

To simplify therepresentationof thealgorithm,thefollowing auxiliaryproce-
duresor functionsareintroduced:

Eq( Öï�,ÊÌË.² , Öï�,Ê¼Ë�¾ ):BOOLEAN: Thispredicateis usedfor comparingtherhs
of two rules. It performsa deepanalysisof the two lists, whereasrule
namesare recursively checked for equality with Eq. The predicateis
specifiedas follows [103]: If a word � is inferablefrom a rule È with

respectto a grammarä , (symbolically Èñðqòó � ) andthesameword � is

inferablefrom arule � with respectto agrammarä � (� ð¯ôNòó � ), then È andÉ areequal,Èöõ ó � .

Add( ÖêÈ , Ö.×êä ): This procedureis usedfor addinga constructÈ to a grammar,
where È maybea rule or a right handsideof a rule. It canbeemployed
in two ways: (1) If calledwith a rule ä anda right handside È , it adds
therhsasalternative to therule,or (2) if calledwith a grammarä anda
rule È , it putstherule to thegrammar’s ruleset.

Replace( Öø÷-�,Ê¼Ë , Öøj��,Ê¼Ë , Ö.×ùä ): In grammar ä all occurrencesof the
old non-terminal÷*�,ÊÌË arereplacedby thenon-terminalj|�,ÊÌË .

GenNewRule( Ö¹È�ÊÌË ):Rule: Thisfunctiongeneratesanew rule$ úµ��ÄßÈ�Ê¼Ë
from theincomingright handside È�ÊÌË andtheinternallygeneratednon-
terminalsymbol úÏ� .
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Algorithm 7.2.

PROCEDUREMultipleGrammarMerge ( Ö.×¿ãåj�º'é�äûÈ*kmÐëÐµk.È , Öïä );
BEGIN

IF ã¤j�º�é�äûÈ�k.ÐëÐµk.È� o t THEN ã¤j�º'é�äûÈ�k.ÐëÐµk.È := ä ;
ELSE

FOR kmüèý¼��w��äþ�-kmüèý¼��wÜÿ�æã¤j�º'é�äûÈ�k.ÐëÐµk.È LOOP
IF ª¯ý¼äêüèý¼�,wû� ã¤j�º�é�äêÈ*k.ÐëÐµk.È � Eq( ý¼äêüèý¼�,w�zíÈ�Ê¼Ë , ksüèý¼��w�zíÈ�ÊÌË )
THEN

IF kmüèý¼��w�zì�,ÊÌËè�¶~�� k.È���~ � Ð THEN
IF ý�äêüèý¼��w�zì�,ÊÌËÜÿ�â~�� k.È���~ � Ð �ý�äêüèý¼��w�zì�,ÊÌËÜÿ�æã¤j�º�é�äûÈ�k.ÐëÐµk.È � ~�� kmÈ���~ � ÐÏ��z È�ÊÌË
THEN

Add( ãåj�º'é�äûÈ*kmÐëÐµk.È � ~�� k.È-��~ � ÐÏ� , ý¼äêüèý���w�z �,Ê¼Ë );
END IF;

ELSEIF ý�äêüèý¼��w�zì�,ÊÌËå�ç~�� k.È���~ � Ð THEN
Add( ã¤j�º'é�äûÈ�k.ÐëÐµk.È , ksüèý¼��w );

ELSE Replace( ý�äêüèý¼��w�zì�,ÊÌË , kmüèý¼�,w�z �,ÊÌË , ã¤j�º'é�äûÈ�k.ÐëÐµk.È );
END IF;

ELSE
IF kmüèý¼��w�zì�,ÊÌËè�¶~�� k.È���~ � Ð THENj�w��èüèý¼��w := GenNewRule( kmüèý¼�,w�zíÈ�Ê¼Ë );

Add( ã¤j�º'é�äûÈ�k.ÐëÐµk.È � ~�� k.È-��~ � ÐÏ� , kmüèý¼��w�zì�,ÊÌË )
ELSEj�w��åÈ-ý¼�,w := kmüèý���w ;
END IF;

Add( ã¤j�º'é�äûÈ�k.ÐëÐµk.È , j|w��åÈ-ý¼��w );
END IF;

END LOOP;
END IF;

END MultipleGrammarMerge;

This procedureis activatedin MSEQ whenthe -m option is set. A merged
grammaris checkedfor j gramuniquenessandruleutility likeany othergrammar
too. In the following examplethe effectsof rule merging are demonstratedin
detailstepwise.
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Example7.7. Grammarmergingwith MSEQ ·
Givenarethefollowing twoeventsequences,storedin theinputfile sequence1 :

a b c d b a a b c a c d a b c a b c b a d
a b c a b c d b a a c d

Obviously, therearetriple of patternsevidentin theexamples,whichis a b c in
thefirst andsecondsequence.Patternswhich canberecognizedwhenanalyzing
bothexamplestogetherared b a anda c d. Thesequencesareanalyzedwith
mseq -i sequence1 -n 3, whichgeneratesthesegrammars:

1. Grammar(2 rules):Ç Ä $A d b a $A a c d $A $A b a d
$A Ä a b c

2. Grammar(2 rules):Ç Ä $B $B d b a a c d
$B Ä a b c

The merging processtakes the first grammaras startingpoint for unifying
them.Whenthefirst ruleof thesecondgrammarä is analyzed,it is detected,the
rhsis notexisting in theuniversalgrammarãåä . Sincethis rule is thestartrule inä , it is renamedandaddedasalternative to thestartruleof ãèä :

Ç Ä $A d b a $A a c d $A $A b a d �
$C

$A Ä a b c
$C Ä $B $B d b a a c d

The readermight note, that the referencednon-terminal$B is not yet con-
tainedin ãåä . This is fixedafterreadingthenext rule from grammar2. Searching
the body of this rule in ãåä , the algorithmdetectsthat their rhs matchesandno
startrule is involved. Following thealgorithm’s directive for thatcase,eachoc-
currenceof thelhsof ãåä ’s rule is substitutedby thenameof theruleof ä , which
generatesthis intermediategrammar:

Ç Ä $B d b a $B a c d $B $B b a d �
$C

$B Ä a b c
$C Ä $B $B d b a a c d
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Next, the j -gramuniquenessfor theunifiedgrammaris checked. Theproce-
durefor performingthis taskin MSEQ is very similar to theprocedurespecified
for theoriginalSEQUITUR, expectfor thefactsthat(1) it is executedaftertheuni-
fied grammaris generatedcompletelyand(2) for all rulesin ãèä all j -gramsare
generated.Theproceduretakesa rhsandscansit for j -gramsfrom theleft to the
right. In theexample,thefirst 3-gram,whichoccursmultiple times,is thepattern
“$B d b”. Hence,a new rule $D Ä $B d b is generatedandeachoccur-
renceof its rhs in ãåä is substitutedby $D. Scanningtherulesfurther, only one
morepatternof length3, whichis “a c d”, is repeated.Thence,theintroduction
of therule $E Ä a c d is triggered.This leadsto thefollowing intermediate
result:

Ç Ä $D a $B $E $B $B b a d |
$C

$D Ä $B d b
$E Ä a c d
$B Ä a b c
$C Ä $B $D a $E

The laststepof multiple grammarmerging is thestandardrule utility check.
Only therule $C is usedonce.It is deletedandits occurrencein thestartrule is
replacedby its body, whichgivesthefinal grammar:

Ç Ä $D a $B $E $B $B b a d |
$B $D a $E

$D Ä $B d b
$E Ä a c d
$B Ä a b c

Fromtheexampleswecansee,thatMSEQ is ableto detectregularitiesspread
over differentsequences.The algorithmproducesa comprehensiblegrammar,
which is complete.Many of the patternsareabstractedto rules,thushelpingto
understandthebehavior producingthepatterns.

However, dueto theintermediateresultssomeeffectsmaybesometimessur-
prising. Whenwe look at the two separatelyproducedgrammars,the 3-gramd
b a is repeated,too. However, it is not directly visible in thefinal unifiedgram-
mar. This is dueto the left-to-right scanningof a rule’s rhs leadingto patterns
containingnon-terminalsaswell. In this example,thestructureof thesequences
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determines,thatd b a is not understoodaspatternof its own, becausethe se-
quencea b wasalreadya partof thepreviously capturedpatterna b c d b.
Bothviewsarecorrect. À

The quality of the resultdependsheavily on the structureof the underlying
eventsequences.Two factorsaredecisive,whichare(1) thenumberof repetitions
and(2) the lengthof the loops. This secondaspectdeterminesthe structureof
theunifiedgrammarobtainedby applyingMSEQ to thetestcasesof therevolving
creditcomponent(example7.1 on page157). Here,the lengthof loopsis 1, and
thenumberof testcasesis toosmallto includelargerpatternsof behavior.

Example7.8. MSEQ appliedto theRevolvingCreditsequences ·
The test sequencesare analyzed with mseq -i inputfile -n 2 -m,
which is explainedwith the repetitionlength of 1. Due to the short input se-
quencesandtheir low degreeof repetitionmostof thegrammarsinferedarethe
trivial one:theinputword.

1. Grammar(1 rule(s)):Ç Ä C V G B P X E

2. Grammar(1 rule(s)):Ç Ä C A R

3. Grammar(1 rule(s)):Ç Ä C A F V G B B X P E

4. Grammar(1 rule(s)):Ç Ä C A F R

5. Grammar(3 rule(s)):Ç Ä C F V G $E $E $D X E
$D Ä B P
$E Ä $D P

6. Grammar(1 rule(s)):ÇâÄ C A A F V G B X P E

7. Grammar(1 rule(s)):ÇâÄ C V A G B P X E

8. Grammar(1 rule(s)):ÇâÄ C R

9. Grammar(1 rule(s)):ÇâÄ C A V G B X P E

10. Grammar(1 rule(s)):ÇâÄ C A F V A R

11. Grammar(1 rule(s)):ÇâÄ C V R
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MergedGrammar:ÇâÄ $M $Z |
$S R |
$S $R B $X |
$U R |
C $R $E $E $D X E |
$S A $R $X |
$M A $Z |
C R |
$S $N $X |
$U V A R |
$M R

$D Ä B P
$X Ä B X P E
$E Ä $D P
$M Ä C V
$U Ä $S F
$N Ä V G
$R Ä F $N
$Z Ä G B P X E
$S Ä C A

For helpingto understandtheunderlyingregularities,this grammaris appar-
entlydissatisfying.MSEQ triesto find repeatedpatternsof length2 whicharenot
themaincharacteristicsof thesequences.Someof theseregularitiesareevident
anyhow. Most of thestartrule alternativesbegin with therule $S, indicatingthe
sequenceCreditRequestAssessmentasa commonorderof events.This is clearly
amainpartof thecomponent’sbehavior.

Becauseof the poornumberof repetitionsmany baserules,containingonly
terminalson their right handsidesareproduced.However, this is a positive side
of the result. If a searchersearchesfor that component,she/hemay not startat
looking for largegrainpatterns,but to starta bottom-upsearch.While browsing
throughbaserules,the understandingof the behavior is supportedmuchbetter,
thanbrowsingtop-down. À

The implementationof MSEQ offers two moreparameters.The first, -a , is
usedfor explainingthegenesisof rulesby skippingthestepof rule utility check.
In that way, intermediaterulesarenot deletedandall patternswhich arefound
duringthe j -gramuniquenesscheckarevisible furtheron. Thesecondparameter
-v (verbose)causesthealgorithmto reportaboutintermediatesteps.

Evaluation of MSEQ

Regularpositive inferenceconductedwith MSEQ is a promisingapproach,if the
structureof the event sequencesshows regularitiesclearly. Then, due to vari-
ousparameters,the algorithmcanbe adaptedto variousneeds. The length of
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the searchedpattern,aswell as the frequency of repetitionscanbe tuned. Fur-
thermore,which is the mostsignificantenhancementto the basicSEQUITUR a
treatmentof multiplesequencesis offered.

The algorithmMSEQ generatesrulesfor all occurringsequences.As a con-
sequence,informationis not omitted.Thus,with respectto thequality properties
presentedin section7.2 on page162, it is correct with respectto the given se-
quences.Furthermore,MSEQ doesnot producespuriousrules,which is alsothe
casewhenmerging is performed.Thealgorithmdoesnotacceptmorewordsthan
aregivenasexamples.Merging findssimilaritiesin differentsequences,but does
not “interbreed” them, in the way that a new rule comprisespartsof different
otherrules(which could introducespuriousrules). However, if thealgorithmis
askedto produceiterationabstractions,thenumberof sequencessuchproducible
is infinite. BaseSEQUITUR is notableto produceaninfinite word.

In contrastto kTAIL we rate the veracity of MSEQ to be higher, sincefrom
a structuralpoint of view, only identicalsubsequencesareproducediteratively,
whereaswith kTAIL nearlyarbitrarypatternsmaybegenerated.Regardingmini-
mality, MSEQ is restrictedby theparameterj determiningtheminimal lengthof
thepatternsto berecovered.Anyhow, we rateMSEQ in front of kTAIL, sincethe
formercanbeadaptedbetterto a domainand,therefore,generateslesserrulesin
theaverage.

As opposedto kTAIL, with respectto correctness,veracity, andminimality
thequality of theresultsproducedwith MSEQ is ratedhigher. However, therep-
resentationconceptproducedis problematicanddependson thestructureof the
underlyingexamples.Formal languagesexpressedascontext freegrammarsare
readable,but whenthe languagesuchexpressedis large, the conceptexpressed
may not be detectableeasily. For applicationengineersthe “first glance”com-
prehensibilityof finite stateautomatais ratedbetter. Thereadermight verify this
statementby comparingthe outcomeof the revolving credit analysisperformed
with kTAIL (example7.3onpage167)with thatof MSEQ (example7.8).

7.5 Final remarks to ABS methods

In contrastto state-lesscomponentsanalyzingstate-bearingand/orcomplex com-
ponentsis basedon differentassumptionsandaimsat differentgoals.Dueto the
complex interface,thestepto determinesignaturesfor themis notcrucial,sincea
partitionof arepositorydescribedby signatureswouldholdarathersmallnumber
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of components.Thus,browsingthroughthedetectedbehavior is notthemaingoal
of thedescriptionsdevelopedin this chapter. Themaingoalis to verify if a iden-
tified componentis performingin the way asit is promisedby the conventional
description.Therefore,theABS methods(MSEQ andkTAIL) describeparticular
componentsin isolationanddo not distancethemselvesfrom othercandidates.
Theway, how a repositoryfor complex componentsis organizedin detail, is not
influencedby thedescriptionobtainedwith ABS methods.

Nevertheless,rudimentarybrowsing canbe supportedfor MSEQ. Grammar
rulesarea partially descriptionof a specialaspectof thecomponent.Dueto the
hierarchicaldescriptionandthe left to right analysisof input words,a top down
approachis notmeaningful.Thestartrules,althoughcontainingmaincharacteris-
tics,arein generalabstractrepresentations.Without refiningthereferencedrules
in its body, a searchercannotinfer detailedbehavior from it. On theotherhand,
whenthebaserules(ruleswith only terminalsymbolsin thebody)areexamined,
thesituationchanges.Here,building blocksof thebehavior canbedetectedim-
mediately, suchas“the creditrequesteventalwaysproceedstheassessmentevent
C A”, or “X E” (eXpire, Endorse)is a commonsequence.In sucha way, the
next level of rules(non-terminalsandterminalsmixed)is investigated.Naturally,
suchminimal bottom-upbehavior browsing is restrictedto onecomponentonly,
sincethenamesof thecomponent’s methodsarenot standardizedthroughoutthe
repository. This rendersimpossiblea browsing techniqueascounterpartof the
onesuggestedfor SBS.

The situation for kTAIL is similar. As the underlyingalphabet(the event
names)is not standardized,thestructureof finite stateautomatais theonly clue
to generalizeits behavior. Herewe suggestto grouptogetherFSAsaccordingto
thenumberof their stronglyconnectedcomponents,sincesuchsubgraphshint to
subprocessesof distinguishablefunctionality. In that way, a very roughgrained
structurefor componentsbasedon theirFSA-descriptionscanbeproducedby di-
viding the repositoryinto complexity partitions.Complexity is describedby the
numberof subprocessesperformedby its components.This approachdemands
a very high level of approximationof behavior from a searcher. At least,this
top-downsearchstrategy helpsto separatemonolithic-behavioral components(no
subprocesses)from transaction-orientedbehavioral components.

To conclude,both techniquesareequallycapableof handlingtheproblemof
generatingdescriptionsautomatically. Which is to chosein an individual case
dependson

therepetitivestructuresin thetestsequences,
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thenecessityfor ahierarchicalrepresentation,and

thefamiliarity of searcherswith theresultingrepresentation.

Hence,MSEQ andkTAIL do not replaceeachother, but areusedasequallyvalid
analysisanddescriptiontechniques.

Apparently, MSEQ andkTAIL areapplicablefor otherpurposesthanproduc-
ing descriptionsfor reusablecomponentsaswell. In [196] both techniques(in
their baseform) areusedin thefield of programunderstanding.Here,tracedata
producedby debugginga runningprogramis suchdepictedcomprehensibly. We
seepotentialin otherfields too, especiallyin reengineeringlegacy codeandfor
maintenancepurposes.

7.6 Summar y

In this chapterwe discussedtwo differenttechniquesfor realizingABS methods
(abstractedbehavior sampling)to encodepatternsonecanidentify in testcases.
They generatedescriptionsautomaticallyfor reusablecomplex andstate-bearing
components.All ABS algorithmsdevelopedin this chapterwere implemented
from scratch. Presentedwith the exampleof object-orientedcomponents,the
problemof positive regular inferenceis stated,which dealswith the regenera-
tion of behavior hiddenin sequencesof examples.Positive regular inferenceis
characterizedby the knowledge,that a generalsolutionis not possible.Hence,
heuristicsmustbeintroducedto renderanefficient techniquepossible.

The first algorithmanalyzedis kTAIL, whoseideais to infer statesfrom the
component’s producedwords(event sequences).Wordsareusedto build finite
stateautomata(FSAs). For applicationengineers,FSAsarea usualdescription
of a software’s behavior, thus,this techniqueis promising.A stateis definedasa
prefixof words,from whichacommonpartialsequence(future)of length � canbe
derived.We improvedthebasicalgorithm(1) by addingexplicit initial statesand
endstatesand(2) by clusteringstronglyconnectedsubgraphs.Both adaptations
helpto raisethedescriptive capabilityof theresultingFSAs. Undertheassump-
tion of a correctselectedobservation window of length � the kTAIL algorithm
generatesunderstandabledescriptions,if theunderlyingsetof sequencesdoesnot
show to muchvariations.Thesmalldegreeof freedomofferedby thealgorithm’s
only parameteris consideredto beproblematic.If e.g.thedomainshowsdifferent
lengthsof repetitions,suchaninflexible look into the � futureof a word’s prefix
maynotbesufficient.
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The secondalgorithmpresentedis MSEQ, which is basedon SEQUITUR, a
techniquedevelopedto encodepatternscontainedin a single input sequence.
MSEQ generatescontext freegrammars,describingtheregularlanguageproduced
by asetof sequences.Ouradaptationscanbedividedinto two groups:

1 Implementingflexibility to allow theadaptationto domainrequirements.The
first adaptationis to parameterizethe length of the patternsto be detected.
Somedomainsshow patternsof an explicit length. If this is known, the al-
gorithmprovidedwith this specificinformationis ableto generatea grammar
reflectingthe underlyingsequencesbetter. The secondadaptationenhances
the algorithmto abstractfrom the given word to a moregeneralform. It is
basedon the assumption,that a consecutive occurrenceof a patternof arbi-
trary lengthpointsto an iteration in the componentproducingthe sequence.
Sucha repetitionis compressedto an iterative representationin the resulting
grammar.

2 Abstractingfrom multiple sequencesto a commondescription. BaseSE-
QUITUR is ableto exploit the informationof a singlesequenceonly. We en-
hancedit to analyzepatternswhicharespreadacrossdifferentsequences,resp.
thegrammarsinferredfrom them. In thatway, a descriptionfor all analyzed
sequencesis produced.

The contribution of this chapteris its approachto abstractfrom simple in-
put value transformationto the orderdependenciesintroducedby complex and
state-bearingcomponents.To reachthat aim we designedandimplementeden-
hancementsof known sequenceanalysisalgorithmsto renderthemmoreflexible
for ourneeds.Althoughbrowsingis not (andneednotbe)supported,thedescrip-
tionssuchproducedautomaticallyfrom testdataareusefulfor understandingand
verifying thebehavior of reusablecomponents.
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Conc lusion

In this work techniquesweredevelopedfor describingreusablecomponentsau-
tomatically. With respectto theanalysistechniques,componentsaredividedinto
two differentclasses:

State-lesscomponents: Componentsof this classdependon input data only,
whencomputingits output. In chapter6, the static behaviorsampling
technique(SBS) wasdevelopedfor analyzingthebehavior demonstrated
by components.

State-bearingand/or complexcomponents: Behavior demonstratedby these
componentsdoesnot only dependon input but on internalstates,too. In
chapter7 theabstractedbehaviorsamplingmethods(ABS) weredevel-
opedfor thetreatmentof thisclassof components.ABS is well suitedfor
componentswhoseinterfacesaretoo complex to bedescribedby simple
input-outputspecifications.

Althoughboth techniquesstartfrom similar ground,they aredifferentin na-
tureasfar astheir aimsareconcerned.SBS supportsthereuseof state-lesscom-
ponentsby providing anindexing structure.Theinformationcontainedin a com-
ponent’s interfaceis transformedinto anform independentfrom implementation
– thecomponent’s signature.How signaturesserve asa meansto describestruc-
tural aspectsof a componentsinterfaceis discussedin chapter5. Signaturesare
thenusedto partitionizea repositoryof reusablecomponents.

189
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Onthebasisof asearcher’santicipatoryknowledge,she/heformulatesaquery
whichfinally resultsin theselectionof themostpromisingSBS-partition.A query
consistsof asignaturedescriptionof thewantedcomponentandit mayberelaxed
by allowing varioussignatureforms asvalid result. Suchvalid forms could be
subtypesor nameequalsignatures,constitutive equalones,or structuralequal
ones.Having selecteda partition,theSBS-methodguidesthesearcherthrougha
browsingprocessby iteratively offering examplesaspartialspecificationsof the
searchedfunctionality. In mostcases,it is not necessaryto know exactly what
functionalitya componentperformsaslong asit canbedistinguishedfrom other
componentswithin thepartition.

Theintentionof ABS methodsis different.Like in SBS, thedescriptionsare
automaticallyproducedfrom testdata.But dueto thegenerallyhighly specialized
natureof components,theemphasisof theproceedingtaskis ontheverificationof
aninitial hypothesis.Sucha hypothesisis givenby standarddescriptions.Reuse
is supportedby easingthetaskof providing non-ambiguousdescriptionsautomat-
ically whicharemoreeasilyunderstandableby applicationengineers.

8.1 Evaluation of this work

8.1.1 Challeng es addressed

Variousproblemshavebeenaddressedin this thesis.They stemfrom thechanges
evoked by globally distributed and separatedsoftware developmentprocesses
which consequentlyinducesseparatedcommunicationforms. Thesechallenges
havebeendiscussedin detailin section3.2. They arereiteratedhereandfor each
challengeweprovide theresultswhichhavebeenachievedby thiswork:

Challenge1: (page31) How can peopleworking in the context of decoupled
softwaredevelopmentprocessesgeneratecomponentdescriptionswhich
areinterpretedin completelyidenticalways?

Datapointsandtestsequencesaretightly relatedto thefunctionalityof com-
ponents. They stemdirectly from the problemdomain. This doesnot needto
bethecasewith namesandtextual descriptions,which canbechosenarbitrarily.
Furthermore,SBS, kTAIL andMSEQ dependmuchmoreon the quality of data
pointsandinputsequencesthanonthecapabilityof expertsto tunethealgorithms
correctlyto theirparticularneeds.Therefore,thedescriptionis neitherinfluenced
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by the softwareprocessnor doesit dependon a profoundunderstandingof the
applicationdomain.

Challenge2: (page33)How canasearchtechniquesupportanapplicationengi-
neerin sucha way thatshe/hedoesn’t needextensive training to access
therepositoryeffectively?

Theseamlessintegrationof reusetechniquesintoevery-dayworkingprocesses
is a main successcriterion for reuse. Opportunisticreuse(especiallyreuse-by-
anticipation)canonly work if thereis no substantialextra effort neededto locate
a component.With thetechniquesdevelopedin this work, theburdenof generat-
ing abstractionsof componentsis completelyshiftedfrom humansto algorithms.
Neitherdomainengineersnorapplicationengineersneedto betrainedto produce
correctabstractions.

With SBS thedescriptionis not anabstractionof the components’behavior,
sinceit canbecharacterizedin termsof a guidancefor locatingcomponents.In
spiteof theabstractresultsproducedby ABS, therearenorestrictionsasfarasits
comprehensibilityis concerned.Quiteon thecontrary, ABS representsconcepts
whicharewell familiar to softwareengineers.

Challenge3: (page34) How cana describerbesupportedin producinga stable
descriptionwhichallows

to index andmaintaina library without losingthedescription’sexpres-
siveness(concept)and

to performeffectivesearchesin thequeryspace?

Oneof themainproblemswhenarepositoryis changingover time is theshift
of importantnotionsusedfor keywords.Librariansarethenfacedwith introduc-
ing new keywordswhich did not exist at the time the repositorywasdesigned.
SBS and ABS basedrepositoriesarenot connectedwith keywords,andevolv-
ing conceptsdo not changethe classificationstructure. As a matterof fact, a
repositorychangesover time andadaptingthe partition of an SBS repositoryis
a recurrenttask. However, the librarian is not botheredwith the taskof generat-
ing new classificationstructures.Generalizedsignaturematchinghelpsto infer
partitionsautomaticallyfrom thenew component’s interface.Eventhebrowsing
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structureis adaptedsemi-automatically, after the maintenancestrategy hasbeen
decided.

With ABS thesituationis different,sincethedescriptionsobtainedarespec-
ificationsof individual componentswhich do not aim at distinctionamongthem.
How a repositoryof complex componentsitself is organizedin detail is not dis-
cussedin thiswork.

For generatingdescriptions,specialistsarenot neededanymore: Due to the
natureof theinferenceprocessthedescriptionsreflectthebehavior of thecompo-
nents.Supportfor searchingis provided

by structurallymotivatedpartitionsof the repositoryanda browsingstructure
(SBS), and

by presentingthebehavior of acomponentonaconceptuallevel (ABS).

Challenge4: (page35)How cancomponentdescriptionswhichpreciselyreflect
their functionalitybegeneratedautomatically?

Thisisdoneby viewingdatapointsandtestsequencesaspartialspecifications.
Departingfrom theassumptionthat thedataon which thebehavioral knowledge
baseis built reflectsthe characteristicsof its componentssufficiently, the algo-
rithmsareableto extractthatknowledgeandto presentit to thesearcher.

Challenge5: (page36) How canit be ensured,that a component’s description
only dependson its functionalityandnot on thedescriber’s personal,so-
cial, andculturalcontext?

Thefundamentalsfor a high quality SBS- andABS-descriptionrestwith the
quality of datapointsandtraces.However, evenif thesedatais chosenwrongly,
the resultingrepresentationof the componentsbehavior is not mistaken. If the
discriminative anddescriptive power may be small, the effective localizationof
a componentis severelyhampered.In sucha casebrowsing supportsthe local-
izationof componentsto a certainextent. But if theunderlyingknowledgebase
of testcases(datapointsandtraces)is sufficiently large,sucha caseshouldnot
happen.Then,dueto theautomaticgenerationof descriptionsandtherestricted
tuningpossibilities,this challengeis fulfilled. Thetuningof thealgorithmsdoes
notchangetheinterpretationof theresults,only theclarity andreadabilitydepend
on it.
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Challenge6: (page36) How cana componentbedescribednon-ambiguouslyin
a waywhich is naturalfor softwaredevelopers?

Input-outputtransformations,finite statemachinesandformal grammarsare
part of the every day life of software developers. The resultingstructuresare
non-ambiguouswith respectto thequalityof datapoints,resp.testsequences.

Challenge7: (page37) How cana reuserverify quickly, whethercomponents
behave in anunexpectedway?

In SBS thisverificationis partof thebrowsingprocesswhichperformslikean
iterativequeryandanswergame.It isnotthateasywith state-bearingandcomplex
components,sincethealphabetof theformal languagesmustbeinterpreted.With
this typeof components,theaim is not to restrictthecandidatesetstep-by-step,
becauseit is small enough.Here,the verificationstepis muchmoreimportant.
If thequestionis reformulatedto “How canthe reuserverify quickly, whethera
componentbehavesin anexpectedway?”, thentheansweris: “kTAIL andMSEQ

supportthis task by providing abstractionsof correctbehavior”. If the reuser
is ableto recognizeinappropriatebehavior, thenshe/hecananswerthequestion
quickly thanksto theresultsdeliveredby ABS.

All techniquespresentedin thiswork giveaninsightinto thebehavior of com-
ponentswithoutoverwhelmingthesearcherwith toomuchdetail.SBS andMSEQ

allow ahierarchical,top-down refinementof thesearchaswell.

8.1.2 Drawbacks

UndercertaincircumstancesSBS andABS methodsarenot appropriatefor de-
scribingcomponents.If the datastructuresweretoo complex to beunderstood,
behavior basedsamplingwouldnotsupportreuse.

1 Components,which transformmultimediastreamsor

2 software,which implementsdatacompressionalgorithms,or

3 complex human-computer-interfaces

arerepresentativeexamplesfor reusablecomponentswhichcopewith suchcom-
plex datastructures. In suchcasesthe detailsof input-outputtransformations
wouldconfusethesearcher.
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Herethefield of datavisualizationplaysanimportantrole. If thedataandthe
transformationsperformedcanbe representedin a compactandcomprehensive
form, SBS andABS methodshavegroundto standon. But thentheinterpretation
of theconceptsof representationis shiftedto humansagain.Thisoncemoregen-
eratessomeof theproblemsdiscussedin thiswork; problemswhichwereintended
to besolvedby SBS andABS. In suchcasesthe questionariseswhetheror not
SBS andABS methodswereadequatefor describingandretrieving components.
All componentsmentionedabove arevery specializedanda textual description
maybesufficient to characterizethem.

A furtherareaof complex componentsis excludedfrom a behavior basedde-
scription.If therearenostep-by-stepactivitiesvisible in thetestcases,generating
anabstractionof activity sequencesasgrammaror FSAwouldnothelp.Themain
requirementfor a successfulanalysisbasedon ABS methodsis an existing and
meaningfulorderof eventsproducedor emittedby the software. If the length
of repeatingpatternsis beyondthecapabilityof humanobservationsor if these-
quenceis producedrandomly, thenthemethodspresentedin this work wouldnot
betheright choice.

8.2 Future work

Datapreparation

Weconcentratedon thegenerationof descriptionsof reusablecomponentson the
basisof behavior which is provided by datapoints(selectedfrom testdata)and
by testsequences.Thenecessaryqualityof thetestdatais discussedin chapter6,
wheresomesuggestionsaremadeabouthow to obtainthem. An importantstep,
which wasnot discussedin this thesis,would be to defineinput filters for test
datain orderto preparethemfor SBS andABS. At first sight, this seemsto be
aneasytask. However, many componentsdemanddataasinput and/orproduce
output,whichcanonly betreatedona symboliclevel. File access,devicecontrol
or network transmissionsareexamplesof sucha data.Thus,in front of our tool
set,weneeda layertransformingnon-representablestructuresto inputwhichcan
behandledandoutputwhichcanberepresented.

Similar to aninput-outputpreparationstep,non-representablestructuresmust
beadequatelyvisualized.In thiswork, theresultsof theknowledgeminingactiv-
itiesarerepresentedin a quitemodestquality. Weneeda furtherstepto visualize
andabstractcomplex results.Theaim of this stepwould be to preparethe data
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for humancognitionin sucha way that its input-outputcharacteristicswould be
easierto grasp.

Tool set

Thealgorithmsdevelopedareimplementedprototypicallyandhencethereis more
work left to be done. As the emphasisof the implementationswasnot on effi-
ciency, the algorithmsshouldbe redesignedto meetthe needsof an integration
into a productionenvironment.A furthertaskwould bea fusionof thetoolsinto
onehomogeneousandseamlesstool set.

Processintegration

SBS andABS haveautonomousstatusandcanbeusedasstand-alonetechniques.
But bettereffects could be achieved if they were integratedinto one software
developmentprocessasa supportive technicalcanon.To work out thedetailsof
thisprocess,its preconditionsandtherequirements,in which SBS andABS were
anintegratedpartof a life cyclemodel,would beanimportanttaskwhichshould
bepursuedin future.

8.3 Synopsis

Theideaof softwarereusewasintroducednearly35yearsago.Researchershave
correctly identified the field as a complex mixture of technical,organizational
andmanagerialchallenges.In this thesis,thetechnicalaspectof generatingnon-
ambiguousdescriptionswith datamining techniqueshasbeenworked out. The
utilized datahasbeenselectedfrom testdata. At first sight it might appearas
detouringfrom testcasesto descriptions,but in orderto obtainnon-ambiguous
specificationswhichareeasyto understand,thisstrategy is well justified.

In the literature,an approachsimilar to SBS andABS on the basisof natu-
ral languagecanbefound(e.g.see[32, 33, 35]). In their work, textual software
documentationsareanalyzedwith the aim to produceautomaticallyobtainsig-
nificantly shorterabstractions.Here,somerestrictions,suchasthe limitation to
useonly texts from a specificdomain,to be confinedto inter-sentenceanalysis,
or to rely on specificallyannotatedtexts have to be considered.SBS andABS
arenot restrictedin that way, but, asalreadydiscussed,they reveal otherdraw-
backs.Therefore,thetestdataapproachandthenaturallanguageapproachrender
alternative techniqueswhichmaysupporteachotherwell.
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Thetechniquesdevelopedin this thesisarenot exclusively designedfor soft-
warereuse.E.g.miningfor thesemanticsof softwareis thesubjectof reengineer-
ing aswell, dueto thefact that legacy codeis analyzedandits behavior mustbe
verified. Legacy codeis partof anexisting andrunningsystemproducingmany
input-outputtransformationwhichareequivalentto testcases.SBS andABS are
practicalfor determiningthefunctionalityof asystemwithouttheneedto dig into
its sourcecode.This ideahasalreadybeenconsideredin thework of [182],where
a library of reusablecomponentsdeliversreferencedescriptions.Chunkswhich
areextractedfrom legacy componentsarematchedagainstthereferencedescrip-
tions by using its datapoints. If a chunkdemonstratesthe samebehavior asa
component,thenthe component’s descriptionis valid for the chunk,too. When
they donotmatch,asapositivesideeffect,thechunkcanbeconsideredasacan-
didatefor reuse,sinceits functionality wasnot containedin the repositoryyet.
Apart from its importancein softwarereusethisapplicationis alsoanexamplefor
ausageof behavior-basedtechniques.

Thus,SBS andABS areeasy-to-usetoolsfor verifying hypothesesaboutexe-
cutablesoftwarein all thosecasesin whichastandarddocumentationof software
is notsufficiently trustworthy.
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Glossar y

Themainpartof thisglossaryis from theUSNationalInstitutefor Standardsand
Technology(NIST) Glossaryof SoftwareReuseTerms[114]. If othersourcesare
used,they arestatedexplicitly.

ABS: AbstractedBehavior Sampling.Techniquesusedto abstractandvisualize � Ch.7

informationaboutthehiddenorderof eventsexisting in testcases.ABS
is thegenerictermfor thealgorithmskTAIL andMSEQ.

AIRS: AI-baseReuseSystemdevelopedby Ostertagetal. [169] on thebasisof � Sec.4.2.1

a knowledgebaseandacasebasedreasoningsystem.

Asset: Any productof thesoftwaredevelopmentlife cycle thatcanbepoten- � [195]

tially reused.This includes:architectures,requirements,designs,code,
lessonslearned.

Black-box reuse: Theassetscanbeusedwithoutany modifications. � [162]

Characterising tuple: A input-outputpair of datasuchthat the input induces
discriminative outputwith respectto all componentsin a partition of a
SBS-Repository(seesection6.3onpage119).

COTS: Commercial Off-The-Shelf– Reusablesoftwarefor thepurposeof incor-
poratingit into productsthatis availablecommercially.

Component: An assetwhich is a primaryproductof theimplementationphase � Sec.2.5

of the softwarelifecycle, a programmingelement[143]. A component
mightberepresentedasbinaryor assourcecode.

225
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Componentset � : Thesetof all reusablecomponentsin a SBS-repository.Sec.6.2 
Componentoutput set: Theset ����� containingall outputsof aspecificcompo-Sec.6.2.3 

nent ��� . Relatedterm:descriptor.

Data point: A datatupleusedasabasisfor furtherbehavior analysisandstoredSec.6.1 
in a SBS repository. Datapointscanbeobtainedeitherfrom testcases,
characterisingtuplesor strikingsamples.

Data tuple: A pair ������ ���� of two vectors.The input vector � � holdsall elementsSec.6.1 
which areinput to a function,whereastheoutputvector �� holdsall ele-
mentswhicharetheresultof thefunctioncall.
Synonym: Testtuple.

Descriptor: Thewholesetof outputvectorsof a specificcomponentin a SBS-Sec.6.2.3 
partition.

Domain: A domainis adistinctapplicationareathatcanbesupportedby aclassSec.2.3 
of systemswith similar requirementsandcapabilities.A domainmayex-
ist beforetherearesoftwaresystemsto supportit. Examplesfor domains
areavionic controlcentersor humanresourcemanagementsystems.

Domain Model: A productof DomainAnalysiswhich providesa representation
of therequirementsof thedomain.TheDomainModel identifiesandde-
scribesthestructureof data,flow of information,functions,constraints,
and controlswithin the domain that are includedin the domain. The
domainmodeldescribescommonalitiesandvariabilitiesamongrequire-
mentsfor softwaresystemsin thedomain.

Domain Preparation: seeDomainDefinition.

Domain Definition: The processof determiningthe scopeandboundariesof a
domainin orderto definethemajorfunctionsandcapabilitieswithin the
domain,what functionsandcapabilitiesareexcludedfrom the domain,
andwhatinteractionsexist with externaldomains.

FSA: FiniteStateAutomaton:A finitestateautomaton(or finitestatemachine,[103] 
FSM,or FA) is amathematicalmodelto representregulargrammars.

Granularity of reuse: Granularityrefersto theseizeof theassets.Large-grain[162] 
reuseindicates,thattheassetsarevery large(thousandsup to millions of
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linesof code).Small-grain reuseindicatesthat theassetsarevery small
(up to severalhundredsof linesof code).

Horizontal domain: A domain that provides information or servicesto more
thanonedomain. Examplesof HorizontalDomainsincludecommuni-
cations,graphicaluserinterfaces,anddatabases.

Institutionalized Reuse: seeSystematicReuse

Meta output vector: A metaoutputvectoris usedto � Sec.6.3.1

renderbehavior explicitly which cannotbevisualizedotherwise,such
aserrorreactionsor temporalparticularities(indefiniteloops).

allow for specifying(yet) unknown values,if theexecutionof a com-
ponentonagiveninput is notpossibleor to costly.

MSEQ: Themultiple SEQUITUR algorithm.It enhancesthestandardalgorithm � Sec.7.4.3

to handledomainknowledge,to abstractfrom iterationsandto analyze
multiplegrammars.

Ontology: Thehierarchicalstructuringof knowledgeaboutthingsby subcatego-
rizing themaccordingto theiressential(or at leastrelevantand/orcogni-
tive)qualities.

Opportunistic Reuse: TheadhocReuseof Assetsin the developmentof Soft-
ware Systemsusinga softwaredevelopmentprocessthat hasnot been
alteredto accommodateSystematicReuse.In OpportunisticReuse,the
developerdetermineswhereReusecanbeappliedto developa Software
Systemwithout theorganizeduseof DomainEngineeringproductsdur-
ing successivestagesof a SoftwareEngineeringprocess.
Synonym: Ad-hocreuse.

Path symbol: The symbol“>” usedto indicatethe concatenationof labelsof � Sec.5.4.2

edgesof signaturegraphswhich takesplaceduringgraphflattening.

Plug-in compatibility: The mostcommonform of conditionswhich support � [69]

black box reuse-retrieved componentsbe reused“as is”. If a compo-
nent � is specifiedin the form of  "!�#%$&�' ��(*) $ and a query for it as
 "!�#,+-�. ��(,) + , thenplug-in compatibility is given if �/ "!�#,+-0  "!�#,� �21
�3 4!5#,+ 1  �5(*) �607 ��(*) + �98
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Product line: A (software) product line is a set of software-intensive systems
sharingacommon,managedsetof featuresthatsatisfythespecificneeds
of aparticularmarketsegmentor mission.

REBOOT: REuseBasedon ObjectOrientedTechniques.A projectsponsored[113] 
by theEuropeancommunityfrom 1991to 1994with theaimto study, de-
velop,evaluateanddisseminateadvancedmethodologiesfor reuse-driven
andobject-orientedsoftwaredevelopmentwith theemphasison planned
reuse.

Repository: Thestoragewherereusableassetstogetherwith historicandancil-[162] 
lary organizationinformationarekept.

Reuse: Softwarereuseis thepracticeof usingexistingsoftwareassetstodevelopChap.2 
new applications.Reusablesoftwareassetscanbeexecutableprograms,
codesegments,documentation,requirements,designandarchitectures,
testdataandtestplans,or softwaretools.

Reuseis theprocessof implementingor updatingsoftwaresystemsusing
existingsoftwareassets.

SBS: Static Behavior Sampling. The techniqueof exploiting historicaldataChap.6 
of componentexecutionsto build anindexing andclassificationstructure
for browsinga partitionof a repository.

SBS-Component: The partial functionalspecificationbuilt by datapointsofSec.6.2.1 
a SBS repository. SBS-Componentsarenot directly reusable,but their
implementationsare.

Searcher: A persontrying to locateacomponentin a repository.

Signature congruentcomponents: : Thesetof componentsstoredin a parti-Sec.6.2.2 
tion ;=< . All elementsof : complyto thegeneralizedsignature> .

SBS-Repository: A repositorybasedon SBS.Sec.6.2 
Signature: An implementationindependent,abstractrepresentationof struc-Chap.5 

tural type information. Signaturescomprisedescriptionsfor datatypes,
functions,andinterfacespecificationsof modules.
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STARS: TheSoftwareTechnologyfor Adaptable,ReliableSystemsprogramis
a joint programby differentUSA governmentagenciesin cooperation
with Boeing,Loral FederalSystems,andLoral DefenseSystems-East.
Thegoalsis to increasesoftwareproductivity, reliability, andquality by
integratingsupportfor modernsoftwaredevelopmentprocessesandreuse
conceptswithin softwareengineeringenvironment(SEE)technology.

SystematicReuse: Softwaredevelopmentwhich is guidedby anorganizeduse
of domainengineeringproducts(includingdomainmodel,domainarchi-
tecture,andotherassets)duringsuccessivestagesof asoftwareengineer-
ing processto facilitateplannedreuseof assets.
Synonym: Institutionalizedreuse.

Striking sample: A input-outputpair which is immediatelyattributableto a � Sec.6.1.3

certaincomponentby adomainknowledgeablesearcher.

Testtuple: SeeData tuple.

Valueset: The set ?4@BA7C �� @�DE� �� @/F*� 8,8,8 � �� @HGJI containingall valuesgeneratedby � Sec.6.2.3

the executionof the components�,KL�M�LN%� 8,8,8 �M�LO whenprovided with the
inputvector � �P@ .

Vertical domain: A domainwhich addressesaspectsof a singlefunctionor ap-
plication area. Examplesincludepayroll systems,automatedweapons
systems,roboticcontrolsystems.A VerticalDomaindraws on capabili-
tiesfrom all horizontaldomainsthatsupportits purpose.

White-box reuse: Theassetsmustbemodifiedbeforethey canbereused. � [162]
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B
General Signatur Matching
Implementation

TheSETL2 packagesgivenin this sectionbuild thesystemfor computinga gen-
eralizedsignaturestructureandprovideswith matchingrelationsto operateonthe
generalizedsignature.Theimportrelationsholdingbetweenthevariouspackages
aredepictedin figureB.1. In this sectionthemain programandUtil package
arenot shown, sincethey do not containany specificalgorithmsrelatedto the
signaturematchingproblem.

Util

TypeParse

TypeRelation

main

TypeGraph

FigureB.1: Theimport relationsof thesignaturematchingsystem
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B.1 The TypeParse Package
Thepackageprovidesthemainfunctionalityfor scanningandparsinga file con-
tainingtypedefinitions.It exportsthreeitems:(1) thetypeoperatoreswhich can
beexpanded(calledby thepackageTypeRelation ) (2) parseSig provides
the scannerandparserfor analyzingthe definitionsgiven in the file sigFile
(calledby themainprogram)and(3) readSubTypes whichgeneratesanstruc-
ture holding the a-priori knowledgeaboutbasesubtyperelations(calledby the
mainprogram)

PACKAGETypeParse;
-- Package for generating AST-like signature set from
-- signature definition file.

-- Signature Grammar
-- Declaration ::= Module | Types.
-- Module ::= ’MOD’ SigName ’=’ Types.
-- Types ::= TypeDec {’;’ TypeDec} ’.’.
-- TypDec ::= TypeName [’=’ TypeBody].

--TypeBody ::= FunOp | CrossOp | UnionOp.
--FunOp ::= ’->’ ’(’ TypeOperandList ’)’
-- ’(’ TypeOperandList ’)’.
--CrossOp ::= ’X’ ’(’ TypeOperandList ’)’.
--UnionOp ::= ’U’ ’(’ TypeOperandList ’)’.
--TypeOperandList ::= TypeOperand {’,’ TypeOperand}.
--TypeOperand ::= Label ’/’ (TypeName | TypeBody).
--TypeName ::= [ModuleName’.’]Label.
--ModuleName ::= Label.
--SigName ::= Label.
--Label ::= char{char|digit}.
--digit ::= ’0’|’1’|...|’9’.
--char ::= ’a’|’b’|...|’z’|’A’|’B’|..|’Z’.

-- End of Signature Grammar

VAR
ExpandableTypeOps := {"X", "U"}; -- n-ary typeoperators

PROCEDUREparseSig(rd sigFile); -- returns set of signatures
-- parse a file for type grammars (s.a. for the grammar)
-- a typedec must be specified in one line
-- comments are filtered out (lines beginning with %)
-- returns the set of all types of the form
-- {[type1],[type2],...}
-- a type may be "typename" or
-- typename, [op, [operand1, operand2,...]]
-- operands are of the form [label, typedec]

PROCEDUREreadSubTypes(stdfile);
-- reads a priori subtype definitions from the stdfile and
-- generates an initial subtype graph
-- the format of the definition in the stdfile is (one per line):
-- T <: P

END TypeParse;



The TypeParse Package 233

--+++++++++++++++++++++++++++++++++++++++++++ +++++++++++++++++++

PACKAGEBODY TypeParse;
USE Util; -- import string tools

VAR
-- Standard TypeOperators and Base types
operatorSet := {"X", "->", "U"},

-- set of recognizeable typ operators
basetypeSet := {};
-- e.g. {"int","bool","char", "real"}; -- standard base types

-- #########################PROC################## ###
PROCEDUREparseSig(rd sigFile);
VAR

lc := 0, -- line counter
pc, -- counter for position within a line
consume := true,
ast := {},
str := "",
DelimChars := "/(),",
DelimSet := {"/","(",")",","},-- delimiter set
types := {}, -- contains types als maps {[name, typebody],...}
fHandle := open(sigFile, "text-in");

-- BEGIN
geta(fHandle, str); -- get a line
UNTIL eof() LOOP

lc +:= 1; -- increment line counter
pc := #str; -- position counter
WHILE str /= om -- empty file encountered

AND str /= "" -- empty string
AND str(1) IN " \t" LOOP -- strip leading white spaces

str := str(2..);

END LOOP;
IF str /= om AND str /= "" AND str(1) /= "%" THEN

-- skip commented lines
types with:= TypeDec(str); -- Start the parsing process

END IF;
geta(fHandle, str); -- get next line (next type declaration)

END LOOP; -- UNITL eof

close(fHandle);

RETURNtypes;

-- #########################PROC################## ###
-- ### parse typestring ### ---
-- TypDec = string [TypeBody]
-- t should be of the form "transloc = X (a/point, r/point)"

PROCEDURETypeDec(t); -- TypDec = TypeName [’=’ TypeBody]
VAR

token := "";
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--BEGIN
token := getNextToken(t, consume); -- TypeName detection

IF Util.isString(token) THEN -- is token str less special chars
IF getNextToken(t, consume) = "=" THEN
-- type body reached (complex type)

RETURN[token, TypeBody(t)];
ELSE -- basic type is 0-ary type operator

AddBaseType(token);
RETURN[token,[token,[]]];

END IF;
ELSE

error("’"+token+"’ is no string!");
END IF;

END TypeDec;

-- #########################PROC############### ######
-- ### TypeBody = FunOp | CrossOp | UnionOp
-- #########################PROC############### ######
PROCEDURETypeBody(rw str);
VAR

typeOperandList,
operator := "";

--BEGIN
operator := getNextToken(str, consume);

CASE operator
WHEN"->" => typeOperandList := [operator, FunOp(str)];
WHEN"X" => typeOperandList := [operator, CrossOp(str)];
WHEN"U" => typeOperandList := [operator, UnionOp(str)];
OTHERWISE=>

typeOperandList := om;
error(operator+ " is not a correct type operator!");

END CASE;
RETURNtypeOperandList;

END TypeBody;

-- #########################PROC############### ######
-- ### FunOp = ’->’ TypeOperandList TypeOperandList
-- #########################PROC############### ######
PROCEDUREFunOp(rw str);

VAR inOpList, outOpList;

IF getNextToken(str,consume) = "(" THEN
IF getNextToken(str, NOT(consume)) /= ")" THEN

inOpList := TypeOpList(str);
ELSE
-- empty input list is allowed for ->

inOpList := [];
END IF;

ELSE
error("No left bracket found for " +

"left hand side TypeOperandList!");
END IF;

IF getNextToken(str,consume) /= ")" THEN
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error("No right bracket found for "+
"left hand side TypeOperandList");

END IF;

IF getNextToken(str,consume) = "(" THEN
IF getNextToken(str, NOT(consume)) /= ")" THEN

outOpList := TypeOpList(str);
ELSE
-- empty output list is allowed for ->

outOpList := [];
END IF;

ELSE
error("No left bracket found for "+

"right hand side TypeOperandList!");
END IF;

IF getNextToken(str,consume) /= ")" THEN
error("No right bracket found for "+

"right hand side TypeOperandList");
END IF;

RETURN[["˜I", ["X", inOpList]], ["˜O", ["X", outOpList]]];
END FunOp;

-- #########################PROC################## ###
-- ### CrossOp = ’X’ TypeOperandList
-- #########################PROC################## ###
PROCEDURECrossOp(rw str);

VAR opList;

IF getNextToken(str,consume) = "(" THEN

opList := TypeOpList(str);
ELSE

error("No left bracket found for "+
"left hand side TypeOperandList!");

END IF;

IF getNextToken(str,consume) /= ")" THEN
error("No right bracket found for "+

"left hand side TypeOperandList");
END IF;

RETURNopList;
END CrossOp;

-- #########################PROC################## ###
-- ### UnionOp = ’U’ TypeOperandList
-- #########################PROC################## ###
PROCEDUREUnionOp(rw str);

VAR opList;

IF getNextToken(str,consume) = "(" THEN

opList := TypeOpList(str);
ELSE

error("No left bracket found for "+
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"left hand side TypeOperandList!");
END IF;

IF getNextToken(str,consume) /= ")" THEN
error("No right bracket found for "+

"left hand side TypeOperandList");
END IF;

RETURNopList;
END UnionOp;

-- #########################PROC############### ######

PROCEDURETypeOpList(rw str);
VAR

list := [];
-- BEGIN

list with:= TypeOperand(str);

WHILE getNextToken(str,not(consume)) = "," LOOP
getNextToken(str,consume);
list with:= TypeOperand(str);

END LOOP;
RETURNlist;

END TypeOpList;

-- #########################PROC############### ######
--
PROCEDURETypeOperand(rw str);

--TypeOperand = label ’/’ (TypeName | TypeBody)
VAR

typedec, label;
-- BEGIN

label := getNextToken(str,consume);
IF getNextToken(str,consume) = "/" THEN

IF getNextToken(str,not(consume)) IN OpSet() THEN
-- look a head
typedec := TypeBody(str);

ELSE -- TypeName
typedec := getNextToken(str,consume);

END IF;
ELSE

error("\tWrong label-typedec delimiter for ’"+label+"’.");
END IF;
RETURN[label, typedec];

END TypeOperand;

-- #########################PROC############### ######
--### parse typestring ### ---
PROCEDUREgetNextToken(rw str, consume);
-- in str, out string without the token

VAR
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token := "",
hstr := str, -- copy the content of str to auxiliary string
stopChars := "\t %"; -- tab space comment comma

--BEGIN
-- remove leading stop characters (tabs, spaces)
WHILE any(hstr,stopChars) /= "" LOOP

NULL;
END LOOP;
IF hstr(1) IN DelimSet THEN -- is here a delimiter

-- substract first char from string
token := len(hstr, 1);

ELSE
token := break(hstr, stopChars+DelimChars);
-- breaks string on stop list

END IF;

IF consume THEN
-- not in look ahead mode, no consuming of characters

str:=hstr; -- now it is true
END IF;

RETURNtoken;
END getNextToken;

-- #########################PROC################## ###
PROCEDUREerror(msg);

print(lc, ":", pc-#str, "\tERROR! ", msg);
stop;

END error;

--################# P R O C E D U R E ##############################
PROCEDUREAddBaseType(token);

basetypeSet with:= token;
END AddBaseType;

--################# P R O C E D U R E ##############################
PROCEDUREOpSet();

RETURNoperatorSet;
END OpSet;

END parseSig;

--################# P R O C E D U R E ##############################
PROCEDUREreadSubTypes(stdfile);

-- reads a priori subtype definitions from the stdfile and
-- generates an initial subtype graph
-- the format of the definition in the stdfile is (one per line):
-- T <: P

VAR
sbt, spt, -- sub- and supertype names
stg := {},

-- sub type graph, hold elements of the form [s, t, "<:"]
line, -- a read line from the file
fhandle; -- subtype definition file
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fHandle := open(stdfile, "text-in");

-- BEGIN

geta(fHandle, line); -- get a line
UNTIL eof() LOOP

WHILE line /= om -- empty file encountered
AND line /= "" -- empty string
AND line(1) IN " \t" LOOP -- strip leading white spaces

line := line(2..);

END LOOP;
IF line /= om AND line /= "" AND line(1) /= "%" THEN
-- skip commented lines

sbt := break(line, " <:");
IF "<:" IN line THEN

span(line, " <:");
spt := break(line, " \t\n");
stg with:= [sbt, spt, "<:"];

ELSE
print("Wrong subtype definition syntax!"+

" ’<:’ expected!");
EXIT;

END IF;
END IF;
geta(fHandle, line);
-- get next line (next type declaration)

END LOOP;
close(fHandle);

RETURNstg;
END readSubTypes;

END TypeParse;

B.2 The TypeGraph Package
As its name indicates the TypeGraph packageprovides functions used
to generategraphs from type relations. The package exports the con-
stants RootDesignator and BaseTypeDesignator (used in package
TypeRelation ) andthefunctionsbuildTypeGraph (gettingin typestruc-
turesandproducinga graphrepesentationanda signaturerepresentation)(called
from themainprogram).Furthermore,someauxiliary proceduresto setthe lay-
out, transformgraphstructuresto externalformats(dot-files)andto getspecific
informationfrom thegraphgetNodeSet areprovidesaswell.

PACKAGETypeGraph;
VAR

RootDesignator := "ROOT", -- the root type anchor
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BaseTypeDesignator := "BASETYPE",

-- the dividign sign for separating
-- typenames and operators internally
opSign := "%";

PROCEDUREbuildTypeGraph (rd originSigs, wr g, wr sigs, rd ab);
-- computes graph of types
-- in: originalSigs: Set of all Signatures,
-- ab: alternative base type representation flag
-- out: g ... Graph representation of originalSigs
-- out: sigs ... set of signatures with all structures
-- expressed with a name

PROCEDUREsetLayout(rd verticefont, rd verticeshape,
rd graphdir, rd vspace, rd linkfont, rd linkcolor);

-- sets diverse layout parameter, if needed.
-- If one layoutparamter should remain
-- untouched, insert the emtpy string,

PROCEDUREVisualize(rd g, rd label, rd outfile);
-- for generating dot-file to express type hierarchy

PROCEDUREgetNodeSet(rd g);
-- auxiliary task, generate a set of all type names

END TypeGraph;

--+++++++++++++++++++++++++++++++++++++++++++ ++++++++++++++++++

PACKAGEBODY TypeGraph;

USE TypeParse; -- importing compatible type operator set
VAR

-- global visualization style parameters
nodefont := "Times-Roman", -- PS-Font
nodeshape := "ellipse",

-- box, circle, doublecircle, diamond, polygon, epsf,...
layoutdir := "LR", -- alternative TB (top 2 bottom)
nodesep := 0.3, -- space between nodes on the same rank
orderdir := "out", -- set to out, if initial ordering should

-- be respected in graph layout
edgefont := "Courier",

edgecolor := "blue";

--#######################################--
PROCEDUREsetLayout( verticefont, verticeshape,

graphdir, vspace, linkfont, linkcolor);
--BEGIN
IF verticefont /= "" THEN nodefont := verticefont; END IF;
IF verticeshape

IN {"box", "circle", "doublecircle", "diamond", "polygon"} THEN
nodeshape := verticeshape;

END IF;
IF graphdir IN {"TB", "LR"} THEN

layoutdir := graphdir;
END IF;
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IF vspace /= "" AND vspace /= 0 THEN
-- space between nodes on same rank
nodesep := vspace;

END IF;
IF linkfont /= "" THEN edgefont := linkfont; END IF;
IF linkcolor

IN {"red", "blue", "green", "yellow", "black", "brown"} THEN
edgecolor := linkcolor;

END IF;

END setLayout;

--################# P R O C E D U R E #################################
PROCEDUREVisualize(rd g, rd label, rd outfile);
VAR

nodeset := getNodeSet(g), -- the set of all edges in the graph
ofh; -- output file handle

-- for generating dot-file to express type hierarchy
-- BEGIN

IF outfile /= OM THEN -- file name given?
ofh := open(outfile, "text-out");

-- print header information and general style paramters
printa(ofh, "digraph \"type hierarchy\" {");

-- styles for the whole graph
printa(ofh, "graph [\n\tfontsize = \"14\" \n\tfontname "+

"= \"Times-Roman\" \n\tfontcolor = \"black\""+
" \n\tlabel = \"’" + outfile+"’ at ", date() +
" - "+ time(), "\" \n\tcolor = \"black\" \n\trankdir"+
" =\"", layoutdir, "\" \n\tnodesep=",nodesep,
"\nranksep=0.0", "\nmclimit=\"10.0\"",
"\n\tordering=\"", orderdir,"\"","]");

-- styles for the nodes
printa(ofh, "node [\n\tfontsize = \"14\" \n\tfontname = \"",

nodefont, "\" \n\tfontcolor = \"black\" \n\tshape = \"",
nodeshape, "\" \n\tcolor = \"black\" ]");

-- styles for the edges
printa(ofh, "edge [\n\tfontsize = \"18\" \n\tfontname = \"",

edgefont, "\" \n\tfontcolor = \"", edgecolor,
"\" \n\tcolor = \"black\" ] ");

-- print the vertice set
FOR v in nodeset LOOP

CASE
WHENv(2) = BaseTypeDesignator =>

putVertice(v(1)+opSign+v(2), v(1), "doublecircle",
"blue", ofh); --(node, label, shape, filehandler)

WHENv(2) = RootDesignator =>
putVertice(v(1)+opSign+v(2), v(1), "box", "blue",ofh);

OTHERWISE=>putVertice(v(1)+opSign+v(2), v(2), "circle",
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"black", ofh);
END CASE;

END LOOP;

FOR e IN g LOOP
CASE
WHENe(1) = "root"+opSign+RootDesignator =>

putEdge(e(1), e(2), e(3), "blue", ofh);
OTHERWISE=>

putEdge(e(1), e(2), e(3), "black", ofh);
END CASE;

END LOOP;
-- print footer
printa(ofh, "}");

close(ofh);
ELSE -- print output to stdout

print(g);
END IF;

-- ############################################### ###### ######
-- ## not visible auxiliar procedures
-- ############################################### ###### ######

PROCEDUREputEdge(s, d, t, color, fh);
--(source, destination, label, color, filehandle)

printa(fh, "\"", s, "\" -> \"", d, "\" [");
printa(fh, "\tfontcolor = \"", color,"\"");
printa(fh, "\tcolor = \"", color,"\"");
printa(fh, "\tlabel = \"", t, "\"");printa(fh, "]");

END putEdge;

PROCEDUREputVertice(v, label, shape, fontcolor, fh);
--(node, label, shape, filehandler)
-- put vertice of string form to file fh in dot format
-- BEGIN

printa(fh, "\"", v, "\" [");
printa(fh, "\tlabel = \"", label,"\"");
printa(fh, "\tshape = \"", shape,"\"");
printa(fh, "\tfontcolor = \"", fontcolor, "\"");
printa(fh, "]");

END putVertice;
END Visualize;

--################# P R O C E D U R E ##############################
--# build an AST-like graph for internal representation
--######################################### ####### ###### ####### #####

PROCEDUREbuildTypeGraph (rd originSigs, wr g, wr sigs, rd ab);
-- input is the set of signatures {[TypeOp, [Oplist]]}
-- returns graph of type context
-- a graph is a set with vertices of the form
-- [source, target, label]
-- and returns the set of explicit sigs, where all
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-- implicitly declared types are named uniquely

VAR
pos := 0, -- position counter for struct operators
hsigs := originSigs, -- sigs must be restored

-- without explicit types
opNum := 1, -- for generating unique operator enumeration

-- for implicit types
nodeset:= {}, -- e.g. {["Point","X"],...}, -- [name, node type]
operandlist, -- list of operands to a certain type
operatorType; -- holds the type operator -Y,X,U

--BEGIN
sigs := originSigs;

g := {}; -- graph with edges [source, target, label]

-- build a seperate set of all vertices
FOR typename IN domain sigs LOOP

-- for all declared (named) types

CASE
WHENtypename = sigs(typename)(1) =>

-- base type found; name = TypeOp

IF ab THEN -- alternative base type representation:
-- base types are linked to root,
-- necessary if only base types are analyzed
g with:= [ "root"+opSign+RootDesignator,

typename+opSign+BaseTypeDesignator, typename];
END IF;

nodeset with:= [typename, BaseTypeDesignator];

OTHERWISE=>
operatorType := sigs(typename)(1);
nodeset with:= [typename, operatorType];

-- insert vertice from root to types
g with:= ["root"+opSign+RootDesignator,

typename+opSign+operatorType, typename];

-- next: analyze the oplist and substitute implicitly
-- defined types by their explicitly defined counterparts
analyzeOperandList([typename, sigs(typename)],

nodeset, hsigs);
END CASE;

END LOOP;
-- now use the explicit types instead of implicit ones
sigs := hsigs;
-- vertice set is now completed
-- build edgeds

FOR node IN nodeset | node(2) /= BaseTypeDesignator LOOP
operandlist := sigs(node(1))(2);

pos := 1;
FOR operand IN operandlist LOOP
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-- insert edge grom current type to component types
IF nodeset(operand(2)) /= om THEN
-- referenced type is definded

IF node(2) = "X" THEN -- Struct operator found
-- here also the position of the operator is imporant

g with:= [node(1)+opSign+node(2),
operand(2)+opSign+nodeset(operand(2)),
operand(1)+" ["+str(pos)+"]"];

ELSE
g with:= [node(1)+opSign+node(2),

operand(2)+opSign+nodeset(operand(2)),
operand(1)];

END IF; -- Struct (X) operator found
ELSE -- referenced type in operand list is not declared

print("Undefined type from ’",node(1)+opSign+node(2),
"’, labeld with ’",operand(1),"’! EXITING");

stop;
END IF;
pos +:= 1;

END LOOP;
END LOOP;
nodeset with:= ["root",RootDesignator];
-- insert meta vertice "root"

--################# P R O C E D U R E ###########################
-- initially called from BuilTypeGraph
PROCEDUREanalyzeOperandList(rd typedec, rw nodes, rw sigs);
VAR

newTypeName := "", -- for storing new node names
newTypeDec := typedec;

-- BEGIN
FOR operand IN typedec(2)(2) LOOP

-- for every element in the operand list of the root type
-- generate explicit type and
-- substitute implicit with explicit form
-- implicit type declaration e.g.:
-- ["s", ["X", [["a", "int"], ["b", "bool"],
-- ["c", "bool"]]]]
-- explicit type declaration e.g.:
-- ["r", "R"]

-- operand is ["X", [["a", "int"], ["b", "bool"],
-- ["c", "bool"]]]
IF is_Tuple(operand(2)) THEN

-- implicit type declaration found
-- generate an unique type name for new explicit type
newTypeName := operand(1)+str(opNum)+"-xT";opNum +:= 1;

-- delete operand from typedec
sigs less:= newTypeDec;

-- delete previous type version of current type

newtypedec := replace( [operand(1), newTypeName],
operand, newtypedec);

sigs with:= newtypedec;-- e.g.[operand(1),newTypeName];
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sigs with:= [newTypeName, operand(2)];
nodes with:= [newTypeName, operand(2)(1)];
-- generate explicit node [typename, Operatortype]
-- makeExplicit(operand);
analyzeOperandList( [newTypeName, operand(2)],

nodes, sigs);
END IF; -- if implict type declaration found

END LOOP; -- all operands handled
END analyzeOperandList;

END buildTypeGraph;

--################# P R O C E D U R E #############################
-- replace substitutes oldList by newList in list
PROCEDUREreplace(rd newList, rd oldList, rd list);

IF is_tuple(list) THEN
IF oldList = list THEN

list := newList;
ELSE

FOR i IN [1..#list] LOOP
-- depth first
list(i) := replace(newList, oldList, list(i));

END LOOP;
END IF;

END IF;
RETURNlist;

END replace;

PROCEDUREgetNodeSet(rd g);
-- auxiliary task, generate a set of all type names
VAR

nodeset := {};
-- BEGIN

FOR e IN g LOOP -- e is [FROM, TO, LABEL]
nodeset with:= [break(e(1),TypeGraph.opsign), rbreak(e(1),

TypeGraph.opsign)];
nodeset with:= [break(e(2),TypeGraph.opsign), rbreak(e(2),

TypeGraph.opsign)];
END LOOP;
RETURNnodeset;

END getNodeSet;

END TypeGraph;

B.3 The TypeRelation Package
The definitionsof this packageareusedby the main program. The implemen-
tation containsfunctions for flatten ing signaturegraph structures,check-
ing for subtypeproperties(isSubType ), andcalculatingconstitutive equality
(areConstitutiveEqual ).

PACKAGETypeRelation;
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PROCEDUREflatten(rd tn, rd g); -- returns expanded signature
PROCEDUREisSubType(rd s, rd p, rd g, rw ssb);

-- input: typename s, typename p, type graph g,
-- subtypegraph with a priori defintions
-- output: TRUE, is s is a subtype of p, FALSE otherwise,
-- side effect: subtypegraph sg

PROCEDUREareConstitutiveEqual(rd s, rd p, rd g);
-- purpose: Check if s and p are constitutive type equal
-- (strucutre checking without labels)
-- input: types s, p, type graph g
-- output: TRUE, if s and p are constitutive type equal,
-- FALSE otherwise

END TypeRelation;

--+++++++++++++++++++++++++++++++++++++++++++ ++++++++++++++++++++++++

PACKAGEBODY TypeRelation;
USE

Util, -- import string tools
TypeParse, -- import Definitions from Parsing
TypeGraph;

VAR cnt := 0; -- global counter variable for creating unique names

--################# P R O C E D U R E ############################
PROCEDUREflatten(rd tn, rd g);
-- merge nodes, if they have compatible typeoperators
-- Input is explicit typename tn and
-- type graph g (a set with elements [FROM, TO, LABEL])

VAR
visitedlist := {},-- holds all already analyzed vertices
-- get the "pure" type of typename tn
mg := getSubStruct(tn, g),
-- build the internal type represenation of tn by
-- concatenating the type name with the internal division
-- symbol for types and the type operator
theType := tn+TypeGraph.opsign+TypeGraph.getNodeSet(mg )(tn);

--BEGIN
-- all preparations done, now merge type within the
-- "pure" structure of the type tn

RETURNtmerge(theType, mg); -- call t(ype)merge

--################# P R O C E D U R E #########################
-- PROCEDUREtmerge t(ype)merge -- defined within merge
PROCEDUREtmerge(curType, mg);

VAR
-- determine operand of the operator list
-- ol is set with elements [tn, typenode]
-- e.g. {["b [2]", "int%BASETYPE"], ["a [1]", "R%X"]}
ol := getOperandList(getTypeName(curType), mg),

sl, -- and operands of its successors
isChanged := FALSE, -- remembers if type is merged

e; -- edges in the graph
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-- BEGIN

visitedlist with:= curType;
-- needed for determining recursions

FOR e IN ol LOOP
-- check merge condition for all operands
IF getOperator(e(2)) = getOperator(curType)

-- the same type operators?
AND
getOperator(e(2)) IN TypeParse.ExpandableTypeOps
-- are the operators mergeable at all
AND
getTypeName(e(2)) /= getTypeName(curtype)
-- no direct recursion

THEN
-- merging must be performed, structure is changed
isChanged := TRUE;

-- get all successors operands of current operand
sl := getOperandList(getTypeName(e(2)),mg);

FOR se IN sl LOOP
-- successor operands are now operands of tn
-- now eliminate direct way

-- and redirect the current edge e such that
-- curType->e2->se ==> tn->se
mg with:= [curType, se(2),

Util.squeeze(e(1)+">"+se(1))];

END LOOP;
-- delete e from mg
mg less:= [curType, e(2), e(1)];

-- only if the intermediate vertice e(2) is not
-- referenced anymore, we can delete it
IF NOT isReferenced(e(2), mg) THEN

-- is e(2) the target of any e in mg?
-- if not, delete e(2) from the graph
delete(mg, {e(2)});

END IF;
END IF;

END LOOP;

-- the next part of the procedure determines,
-- how to go on further: either
-- 1) to start from the root-Type, or
-- 2) analyze the elements of the operand list
IF isChanged THEN -- is the graph restructured?

-- start analyzis from the beginning
mg := tmerge(theType, mg);

ELSE
-- work into depth with new operand list

sl := getOperandList(getTypeName(curType), mg);
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FOR se IN sl |
NOT se(2) IN visitedList AND
getOperator(se(2)) /= "BASETYPE"

AND
se(2) /= curType

LOOP
mg := tmerge(se(2), mg);

END LOOP;
END IF; -- isChanged

RETURNmg;
END tmerge; -- procedure

END flatten;

--################# P R O C E D U R E ############################
-- auxiliar procedure for checking, if a certain type aType
-- is referenced from somewhere within the graph g
PROCEDUREisReferenced(aType, g);
VAR e := [];

RETURN
EXISTS e IN g | e(2) = aType;

END isReferenced;

--################# P R O C E D U R E ############################
PROCEDUREgetSubStruct(rd tn, rd g);
VAR

e, -- an edge in the graph g
hg := {}; -- auxiliary structure,

-- BEGIN
hg := getSS(tn,g, hg);

-- add the path from root to hg
IF EXISTS e in g | getOperator(e(1)) = TypeGraph.RootDesignator

AND getTypeName(e(2))=tn THEN
RETURNhg with e;

ELSE
-- tn is not an explicit type!
print("’", tn, "’ is not declared! Exiting...");
STOP; -- that should never happen

END IF;

END getSubStruct;

-- #########################PROC################## ###
PROCEDUREgetSS(rd tn, rd g, rd hg);
VAR

e; -- an edge in the graph g
-- BEGIN

FOR e IN g | NOT (e IN hg) LOOP
IF getTypeName(e(1))=tn THEN

hg +:= getSS(getTypeName(e(2)), g less e, hg with e);
END IF;

END LOOP;
RETURNhg;

END getSS;
-- #########################PROC################## ###
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PROCEDUREisSubType(rd s, rd p, rd g, rw ssb);
-- input: typename s, typename p, type graph g,
-- a priori sub type definitions
-- output: TRUE, is s is a subtype of p, FALSE otherwise
VAR

alreadyChecked := {}, -- which nodes are already checked,
-- used to avoid infinitly recalculating
-- recursivle type definitions
types := TypeGraph.getNodeSet(g);

-- BEGIN
IF isSubT(s, p) THEN

ssb with := [s, p, "<:"];
RETURNTRUE;

ELSE
RETURNFALSE;

END IF;

-- #########################PROC############# ####### #

PROCEDUREisSubT(rd s, rd p); -- the main <: function
-- BEGIN

IF [s, p] IN alreadyChecked THEN
RETURNTRUE; -- recursivley definitions are equal

ELSE
alreadyChecked with:= [s,p];

-- add the current check to the set
IF s = p THEN -- types have identical names?

RETURNTRUE; -- then they are identical types!
ELSEIF TypeOpOf(s, types) = TypeOpOf(p, types) THEN

-- AXIOM: identical types are always subtypes
CASE TypeOpOf(s, types)

WHENTypeGraph.BaseTypeDesignator =>
-- check if s and p are defined in the
-- a priori set ssb (global to issubt)

RETURNisAprioriSubT(s, p);
WHEN"X" =>

RETURNisCrossSubT(s,p);
WHEN"U" =>

RETURNisUnionSubT(s,p);
WHEN"->" =>

RETURNisFuncSubT(s,p);
OTHERWISE=>

RETURNFALSE;
END CASE;

ELSE
RETURNFALSE; -- types have different

-- type operators
END IF;

END IF;
END isSubT;

-- #########################PROC############# ####### #

PROCEDUREisUnionSubT(rd s, rd p);
-- purpose: check subtype relations of U types
VAR
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op_s := [], -- a element of the subtype operand list
-- [typename%typeoperand, label]

op_p := [];

RETURNFORALL op_p IN getOperandList(p,g)
| EXISTS op_s IN getOperandList(s,g)

| op_s(1) = op_p(1) AND -- labels must be identical
isSubT(break(op_s(2), TypeGraph.opsign),

break(op_p(2), TypeGraph.opsign)) ;

END isUnionSubT;

-- #########################PROC################ #####

PROCEDUREisFuncSubT(rd s, rd p);
-- purpose: check subtype relations of -> types
-- according to the contravariance rule for type substitution
--
-- input s, p type names, e.g. "person", "adr", ...
VAR

input_s := getFuncType("˜I", getOperandList(s,g)),
-- the input typename e.g. ˜I1-xpT,

input_p := getFuncType("˜I", getOperandList(p,g)),
output_s := getFuncType("˜O", getOperandList(s,g)),
output_p := getFuncType("˜O", getOperandList(p,g));

-- BEGIN

RETURNisSubT(input_p, input_s) AND
-- input must be contravariantly defined

isSubT(output_s, output_p);
-- output must be covariantly defined

END isFuncSubT;

-- #########################PROC################ #####

PROCEDUREisCrossSubT(rd s, rd p);
-- purpose: check subtype relations of X-Types
-- input: s, p type names, e.g. "person", "adr", ...
VAR

op_p := [], -- a element of the subtype operand list
op_s := []; -- a element of the subtype operand list

-- [typename%typeoperand, label]

-- BEGIN
RETURNFORALL op_p IN getOperandList(p,g)

| EXISTS op_s IN getOperandList(s,g)
| op_s(1) = op_p(1) AND -- labels must be identical

isSubT(break(op_s(2), TypeGraph.opsign),
break(op_p(2), TypeGraph.opsign)) ;

END isCrossSubT;

-- #########################PROC################## ###

PROCEDUREisAprioriSubT(rd s, rd p);
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VAR td;
-- BEGIN
-- check if a defined subtype relation in ssb for s and p exist
-- ssb entered the scope via the procedure isSubType(...)

RETURNEXISTS td IN ssb | td(1) = s AND td(2) = p;
END isAprioriSubT;

END isSubType;

-- #########################PROC############### ######

PROCEDUREgetOperandList(rd typename, rd g);
-- returns the operand list of a type {[label,typename],,...}
VAR oplist := {},

graph := g; -- the global type graph

FOR e in graph | break(e(1), TypeGraph.opsign) = typename LOOP
oplist with:= [e(3), e(2)];
-- operands with names e(3)/e(2) label/type

END LOOP;
RETURNoplist;

END getOperandList;

-- #########################PROC############### ######

PROCEDUREgetFuncType(rd side, rd operandset);
-- input: which side-flag ("˜I", "˜O"),
-- operandset of a function type e.g.
-- ’{["˜I", "˜I1-xpT%X"], ["˜O""˜O2-xpT%X"]}’
-- which is a set of {[which-side-flag, typename%typeop]}

RETURNbreak(operandset(side),TypeGraph.opsign);
-- output: the type name

END getFuncType;

-- #########################PROC############# ####### #
PROCEDUREdelete(rw g, dellist);
-- deletes all edges e given in the set dellist from graph g
-- if source or target vertice (e(1), e(2))
-- exists in the deletion list dellist
VAR e := [];

FOR e in g | e(1) IN dellist OR e(2) IN dellist LOOP
g less:= e;

END LOOP;
END delete;

-- #########################PROC############### ######
PROCEDURErename(rw g, rd oldnode, rd newnode, addlabel);
-- rename in graph g the old node with the name of newnode
-- due to the set nature of g this is a merging
-- g is a set of edges of the form [FROM, TO, LABEL]
-- every substituted edge gets an unique name str(cnt+1) to avoid
-- it from vanishing due to the set datastructure of graph g
-- addlabel is the head of the new label

VAR
h := {}; -- auxiliary set structure

-- BEGIN
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FOR e IN g | (e(1) /= newnode OR e(2) /= oldnode) LOOP
-- [e(1), e(2), e(3)] = [FROM, TO, LABEL]
-- first check if the current edge is not the entered one,
-- if yes, do not add this edge to the result
-- because it will be renamed later on
-- this avoids superfluous edges in the graph
-- otherwise, substitute any occurence of oldnode by newnode
IF e(1) = oldnode THEN

e(1) := newnode; -- redirect edge
e(3) := Util.squeeze(e(3))+">"+addlabel; -- new label

-- squeeze eliminates white spaces in strings
END IF;
IF e(2) = oldnode THEN

e(2) := newnode;
e(3) := addlabel+"<"+Util.squeeze(e(3)); -- new label

END IF;
h with:= e; -- build intermediate result

END LOOP;
g := h; -- make intermediate result permanent

END rename;

-- #########################PROC################## ###

PROCEDURETypeOpOf(rd tn, rd types); -- returns the typeoperator
-- input: tn.. typename
-- types... set of types, injective
-- output: type operator of tn

IF types = {} THEN -- only base types are defined in types
RETURNTypeGraph.BaseTypeDesignator;

ELSE
RETURNtypes(tn);

END IF;
END TypeOpOf;

-- #########################PROC################## ###
PROCEDUREgetOperator(rd typenode);
-- returns the current type operator of a vertice

RETURNrbreak(typenode, TypeGraph.opSign);
END getOperator;

-- #########################PROC################## ###
PROCEDUREgetTypeName(rd typenode);
-- returns the type name of a vertice e.g. "real%BASETYPE"

RETURNbreak(typenode, TypeGraph.opSign);
END getTypeName;

-- #########################PROC################## ###
PROCEDUREareConstitutiveEqual(rd s, rd p, rd g);

-- purpose: Check if s and p are type equal (without name check)
-- input: types s, p, type graph g
-- output: TRUE, if s and p base type equal, FALSE otherwise
VAR

types := TypeGraph.getNodeSet(g), -- set of type nodes
alreadyChecked := {};

-- BEGIN
RETURNareCE(s, p);



252 General Signatur Matching Implementation

PROCEDUREareCE(rd s, rd p);
VAR

t_p, t_s, -- the type representation of s and p
-- (name%Op)

oplist_s := getOperandList(s,g),
-- e.g. oplist_s={["b [2]", "real%BASETYPE"],

--["a [1]", "a1-xpT%X"]}
oplist_p := getOperandList(p,g);

-- BEGIN
IF [s, p] IN alreadyChecked THEN

-- avoid infinitely checking
-- in case of recursive structures

RETURNTRUE;
ELSE

alreadyChecked with:= [s,p];
-- Definition "Constitutive equality (=_c)
IF s = p THEN -- identical types

RETURNTRUE;
ELSEIF

typeOpOf(s,types)=typeOpOf(p,types) THEN
-- 1. s and p operand lists have the same length
-- 2. Both types must have the identical operator
IF typeOpOf(s,types) =

TypeGraph.BaseTypeDesignator THEN
-- distinguish between func type and others

RETURNFALSE;
-- e.g. int is not constitutive equal to real

ELSEIF typeOpOf(s,types) = "->" THEN
RETURN

areCE(
getTypeName(oplist_s("˜I")),
getTypeName(oplist_p("˜I")))

AND
areCE(

getTypeName(oplist_s("˜O")),
getTypeName(oplist_p("˜O")));

ELSE -- X or U check
IF #oplist_s = #oplist_p THEN

FOR t_s IN oplist_s LOOP
IF EXISTS t_p IN oplist_p |

areCE(
getTypeName(t_s(2)),
getTypeName(t_p(2))) THEN

-- already validated operands should
-- not be checked twice
oplist_p less:= t_p;

ELSE
RETURNFALSE;
-- no mapping between s and p

END IF;
END LOOP;
RETURNTRUE;
-- there exits a mapping from s to p

ELSE
RETURNFALSE; -- #oplist_s = #oplist_p

END IF;
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END IF; -- typeOpOf(s,types) = "BASETYPE"
ELSE

RETURNFALSE; -- different type operators
END IF; -- s=p

END IF;-- [s, p] IN alreadyChecked
END areCE;

END areConstitutiveEqual;

END TypeRelation;
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C
M SEQ implementation

Theprogrammseq adaptsthestandardSEQUITUR algorithm. It is calledwithin
the SETL2 environment with stlx mseq -i <sequencefile>] [-o
<grammarfile>] [-n <length>] [-v] [-a] [-m [-b]] [-r
<rep>] . Thesynopsisof parametersis givenbelow.

-i <sequencefile> The inputfile containingthesequencesof events.

-o <grammarfile> specifiesthenameof theoutputfile, wherethegrammar
is put. Any existing file of thesamenameis overwritten. If this parameter
is not specified,thedefault valueis sequencefile.grm .

-n <length> Specifiesthelengthn of thematchingpattern.Thedefaultvalue
is 2 (digram).

-v Enablesverbosity. Duringanalysismany moremessagearedisplayed.

-a Shows all generatedrules. Doesnot employ rule utility, hence,underused
rulesarenotdeletedfrom theresultinggrammar. This is usefulfor compre-
hendingtheoverallprocess.

-m If multiple sequencesareprovided in the input file, the resultinggrammars
aremergedinto onegrammar.

-b If thisparameteris set,duringmergin alreadyexistingbaserules(termi-
nal symbolson theright handsideof a rule only) from theindividual
grammarsarereusedasbuilding blocks.

255
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-r <rep> Specifiesthe repetitionheuristics. If thereexists at least<rep>
patternsrepeatedin thesequence,they areabstractedto oneiteration.

Theprogrammseq is notmodularizedintopackages,sincetherearenofunctional
partswithin whicharereusablein anothercontext.

C.1 The mseq program
-- implementation of a sequitur variants

PROGRAMmseq;
-- definition part

CONST
lIt := "(", rIt := ")+",
altSym := "|", -- alternative rule symbol
ruleSym := "$", -- symbol to denote rules
StartSym := rulesym+"$",
epsilon := " ?";

VAR
arguments := {}, -- the map of all command line arguments
m, -- the domain knowledge about the minimal occurence of patterns

-- to be considerds as iterations
ruleGen := 0, -- used for generating unique rule designators
grammar := {}, -- a map {["$S", ["$A","c","$A","d"]],

-- ["$A", ["b","c"]],...}
mergedGrammar := {}, -- the grammar generated from all sequences
grammars := [], -- sequence of all grammars generated from words
nGram := [], -- holds the current ngram
word := [], -- the current input
token := "", -- a symbol from the input
fHandle, -- a system file handle
-- global variable
verbose := FALSE, -- global verbose flag, used in "say"
r := 0, -- repetition check indicator
n := 2, -- the default length n for the n-gram
seqFile, -- the file with the input sequence
outFile;

-- BEGIN

IF NOT CommandLineParse(arguments) THEN
Usage();

ELSEIF (n := arguments("-n")?n) < 2 THEN
print("n-grams must be larger than ’1’, current value=’",n,"’!");

ELSE
-- should the program be verbose
verbose := arguments("-v")?FALSE;
seqFile := arguments("-i");
IF seqFile /= om -- input file provided?

AND fexists(seqFile) THEN -- input file exists?
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outfile := arguments("-o");

IF outfile = om THEN outfile := seqfile+".grm"; END IF;

-- open the sequence file
fHandle := open(seqfile, "text-in");

WHILE (word := readWord(fhandle)) /= [] LOOP
-- while there are words in the file

say("Word: "+ str(word));
grammar := {[StartSym, []]};

UNTIL word = [] LOOP

IF (token := getToken(word)) /= om THEN
nGramUniqueness(token, grammar, n);

END IF; -- invalid token

END LOOP; -- until eof

IF NOT(arguments("-a")?FALSE) THEN
-- should all rules be presented?

RuleUtilityCheck(grammar);
ELSE

say("No Rule Utility Check...");
END IF;

IF (r := arguments("-r")?0) > 0 THEN -- repetition check
RepetitionCheck(grammar, r);
-- additional RUC, because RC changes grammar!
IF NOT(arguments("-a")?FALSE) THEN
-- should all rules be presented?

RuleUtilityCheck(grammar);
END IF;

END IF;

IF arguments("-m")?FALSE THEN -- multiple grammar merge
-- merge current grammar with the general grammar
MultipleGrammarMerge(mergedGrammar, grammar);

END IF;

-- add the grammar to the set of yet built grammars
grammars with:= grammar;

END LOOP; -- while words in file

close(fHandle);
PrintGrammars(grammars, n, outfile);

IF arguments("-m")?FALSE THEN -- merging grammars?

IF arguments("-b")?FALSE THEN -- base rule reuse required
say("Reusing base rules");
ReUseAtoms(mergedGrammar);

END IF;
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say("-------GRAMMAR-MERGING-----------\n" +
"Naive merged grammar\n"+ printgrammar(mergedGrammar));
-- check for repeated patterns in the merged grammar
GrammarNGramUniqueness(mergedGrammar,n);

IF NOT(arguments("-a")?FALSE) THEN

-- should all rules be presented?
say("Merged Grammar: Rule Utility Check");
RuleUtilityCheck(mergedGrammar);

END IF;
print("================\nMerged Grammar:\n",

PrintGrammar(mergedGrammar));
END IF; -- merging grammars?

ELSE -- is there an input file?
Usage();
print("Non-Existing sequence input file ’", seqfile,

"’! \n... Aborting");
END IF;

END IF; -- Commandlineparse

--######### THE P R O C E D U R E S E C T I O N ###########

--#########################PROC################ #####
--### RuleUtilityCheck ###
--#########################PROC################ #####

-- checks if a nont-terminal symbol is used more than once
-- if it is used only once, it is substiuted by its body.

PROCEDURERuleUtilityCheck(rw grammar);
VAR

rbody :=[], -- auxiliary variable for rhs of rule
useCount := {}; -- map stores the number of used rules

-- BEGIN

FOR rhs IN range grammar LOOP

FOR e IN rhs | e(1)=RuleSym LOOP
IF NOT (e IN DOMAIN useCount) THEN

useCount with:= [e, 0];
END IF;
useCount(e) := useCount(e)+1;

END LOOP;
END LOOP;

-- now substitute every underused rule by its rhs
FOR lhs IN domain useCount| useCount(lhs) <= 1 LOOP

rbody := grammar(lhs);
Substitute([lhs], rbody, grammar);
-- delete underused rule from grammar
grammar less:= [lhs, rbody];
say("deleting underused rule: "+str(lhs)+" -> "+str(rbody));

END LOOP;
END RuleUtilityCheck;

--#########################PROC################ #####
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--### nGramUniqueness ###
--#########################PROC############ ####### ##
PROCEDUREnGramUniqueness --(token, grammar, n)

( rd tk, -- the just read token
rw grammar, -- the current grammar
rd n -- the length of the pattern n-gram

);
VAR

newRule := [], -- a new rule
i := 1, -- position counter for rhs
ngramFound := FALSE, -- counter for the occurence of ngrams
hrrhs := "", -- the highest rule right hand side
ngram := []; -- the current n-gram variable

-- BEGIN
-- determine the current n-gram, which is the curren token
-- on the last place an the n-1 tokens from the end of $$

-- get the rhs of the highest rule ($$)
hrrhs := grammar(startSym);

IF (#hrrhs >= n) THEN
-- get the tail of highest rhs
-- and build ngram with n-1 tail

ngram := hrrhs(#hrrhs-n+2..)+[tk];

-- ensure digram uniqueness for the whole grammar
-- r is e.g. ["$S", ["a", "b"]]
-- 1. case ngram 2nd time in $S
IF SubTuple(ngram, hrrhs) > 0 THEN -- pattern already existing

-- generate new rule for multiple ngram patterns
newRule := [NextRule(), ngram];
Insert(tk, grammar); -- append token to start rule
-- substitute each occurence of ngram
-- in grammar by newRule-designator
Substitute(ngram, newRule(1), grammar);
-- now add new rule to grammar
grammar with:= newRule;

ELSE -- check, if ngram is not already rhs of some rule

FOR r IN grammar | r(1) /= StartSym LOOP
-- check every rule in grammar

IF SubTuple(ngram, r(2)) > 0 THEN
-- ngram found in some rhs-body

ngramFound := TRUE;
-- 2. case: rule body = ngram =>
-- substitute ngram by r(1)
IF r(2) = ngram THEN

Insert(tk, grammar);

Substitute(ngram, r(1), grammar);
-- restore the original rule,
-- which was destroyed by Substitue
grammar(r(1)) := ngram;
-- check recursively, if there are
-- newly generated patterns there
hrrhs := grammar(StartSym);
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grammar(startSym) := hrrhs(1..#hrrhs-1);
-- now grammar has changed, the ngram uniqueness
-- must be checked again
nGramUniqueness(hrrhs(#hrrhs), grammar, n);

END IF; -- body = ngram
END IF; -- ngram found

END LOOP; -- every rhs check
IF NOT(ngramFound) THEN -- simple action: add the new token

Insert(tk, grammar);
END IF;

END IF; -- SubTuple(ngram, hrrhs) > 0
ELSE -- input sequence smaller than n-gramm

Insert(tk, grammar);
END IF; -- (#hrrhs >= n)

END nGramUniqueness;

--#########################PROC################ #####
--### GrammarNGramUniqueness ###
--#########################PROC################ #####
-- checks the grammar, if there are nPatterns
-- (including rule-symbols)
-- which occur multiple times in the whole grammar. If there are
-- repetitions, the nPattern is substituted by a new rule symbol
-- (or a rule already existing in the grammar)

PROCEDUREGrammarNGramUniqueness(rw generalGr,n);
VAR

auxGr := generalGr,
newrule := [],
r := [], --iterator over ruleset
npr, -- npattern-rule, -> npattern
rhs := [],
npattern := [];

-- BEGIN

-- now apply thr g-sequitur (grammar sequitur)
-- get the n-pattern built from rhs
WHILE auxGr /= {} LOOP

r := arb auxGr; -- get arbitrary element from set
auxGr less:= r;
WHILE (npattern := BuildNPattern(r(2), n)) /= [] LOOP
-- now check for 2nd (or more) occurence of npattern

IF (SubTuple(npattern, r(2)) > 0)
-- 2nd occurence of npattern in current rhs
OR
-- does npattern appear somewhere else on rhs?

(EXISTS rhs IN range generalGr less generalGr(r(1)) |
SubTuple(npattern, rhs) > 0)

THEN
-- checking for ev. superflous rules,
-- which could be introduced by substituting rules
-- of the form X -> ngram

IF (EXISTS npr IN generalGr | npr(2) = npattern) THEN
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-- a rule for that npattern exists already
-- reuse it
generalGr less:= npr; -- backuo existing rule
-- substitute pattern by existing rule name
Substitute(npattern, npr(1), generalGr);
generalGr with:= npr; -- restore rule
say("Multiple rhs, reusing rule "+str(npr));

ELSE
-- pattern occurs multiply, making a rule for it
-- new rule introduction
newrule := [NextRule(), npattern];

-- substitute pattern by new rule name
Substitute(npattern, newrule(1), generalGr);
generalGr with:= newrule;
say("Multiple rhs occurence, introducing rule "+

str(newrule));
END IF;
-- new situation, npattern match starts from beginning
auxGr := generalGr;

END IF; -- npattern subtuple in rhs?

END LOOP;
END LOOP;

END GrammarNGramUniqueness;

--#########################PROC############ ####### ##
--### ReUseAtoms ###
--#########################PROC############ ####### ##
PROCEDUREReUseAtoms(rw g);
VAR

i,
atomRules := {};
-- get all rules with no rulesyms on rhs
FOR r IN g LOOP

i := 1;
WHILE i <= #r(2) AND r(2)(i)(1) /= ruleSym LOOP

i +:= 1;
END LOOP;
IF i > #r(2) THEN

atomRules with:= r;
END IF;

END LOOP;
-- substitute all other occurences of atoms rhs
FOR ar IN atomRules | ar IN g LOOP

g less:= ar; -- current atom should not be substituted
Substitute (ar(2), ar(1), g);
g with:= ar; -- restore atom

END LOOP;
END ReUseAtoms;

--#########################PROC############ ####### ##
--### RepetitionCheck ###
--#########################PROC############ ####### ##
PROCEDURERepetitionCheck(rw g, rd r) ;
-- detects iteration of at least r patterns in grammar g
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VAR
mxs, -- sequence with max length
pos := 0,
ps; -- set of all subsequences (powersequence)

-- BEGIN
FOR rule IN g LOOP

ps := PowerSeq(rule(2));
-- get seq with maximal length from set of powerseq ps
-- this maxseq (mxs) is deleted from ps
WHILE (mxs := MaxSeq(ps)) /= om LOOP

-- check, if maxseq appears sequentially r-times in rule
IF SubTuple(mxs*r, rule(2)) > 0 THEN

-- Repetition handling
say("Found repetition ’"+str(mxs)+

"’ in rule "+str(rule));
SeqToIteration(mxs, r, g);

END IF;
END LOOP;

END LOOP; -- for all rules in grammar
END RepetitionCheck;

--#########################PROC################ #####
--### MaxSeq ###
--#########################PROC################ #####
PROCEDURESeqToIteration (tkSeq, minRep, rw g);
-- replace every occurence of minrep*tkSeq by tkSeq
-- in the grammar g and introduces repetition meta symbols (, )+
VAR

rep, -- current repetition count
s, -- subtuple
pos; --position of first sequence match

-- BEGIN
FOR r IN g LOOP

-- search for tkSeq
WHILE (pos := SubTuple(tkSeq*minRep, r(2))) > 0 LOOP

rep := minRep;
-- check after first sequence occurence
s := r(2)(pos+(minRep*#tkSeq)..);

-- check if more repetitions exist
WHILE #s >= #tkseq AND s(1..#tkseq) = tkseq LOOP
-- immediate neighbour is also tkSeq

rep +:= 1;
s := s(#tkSeq+1..);

END LOOP;

-- replace pattern sequence by newpattern
r(2) := r(2)(1..pos-1)+[lIt]+tkSeq+[rIt]

+r(2)(pos+#tkSeq*rep..);
END LOOP;
-- update the grammar
g(r(1)) := r(2);

END LOOP;
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END SeqToIteration;

--#########################PROC############ ####### ##
--### MaxSeq ###
--#########################PROC############ ####### ##
PROCEDUREMaxSeq(rw seq);
-- returns the longest sequence m in seq-set.
-- if nothing is found, om is returned.
-- side effect: m is deleted from seq-set
VAR

m,s;

IF (exists m in seq |
(forall s IN seq | #m >= #s))

THEN
seq less:= m;

END IF;
RETURNm;

END MaxSeq;

--#########################PROC############ ####### ##
--### PowerSeq ###
--#########################PROC############ ####### ##
PROCEDUREPowerSeq(rd t);
-- generates all sequences from a tuple t
VAR

pss := {}; -- the PowerSequence set

-- BEGIN
FOR i IN [1..#t] LOOP

FOR j IN [i..#t] LOOP
pss with:= t(i..j);

END LOOP;
END LOOP;
RETURNpss;

END PowerSeq;

--#########################PROC############ ####### ##
--### BuildNPattern ###
--#########################PROC############ ####### ##
PROCEDUREBuildNPattern(rw rhs, rd n);
-- builds pattern of length n from tuple rhs
VAR

t := rhs,
i := 1,
p := [];

-- BEGIN
WHILE t(i) /= om AND i <= n LOOP

IF t(i) /= altSym AND -- no new word
NOT (t(i) IN {lIt, rIt})
-- pattern must not span iterations

THEN
p with:= t(i);
i +:= 1;
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ELSE -- next rule body or iteration body
t := t(i+1..);
p := [];
i := 1;

END IF;
END LOOP;
IF i <= n THEN -- invalid nPattern

p := [];
rhs := t;

ELSE
rhs := rhs(2..);

END IF;
RETURNp;

END BuildNPattern;

--#########################PROC################ #####

--### MultipleGrammarMerge ###
--#########################PROC################ #####
PROCEDUREMultipleGrammarMerge (rw mg, rd g);
-- merged grammar mg represents all yet built grammars
-- if a rule’s rhs of g matches with a rhs of mg, in mg
-- this rule is substituted by g’s one.
-- if g’s rule does not match any rhs, it is an alternative
-- and its concatenated to the start rule of mg.
VAR

newrule := [], -- if a startrule must be substituted
gr := []; -- a general rule from mg

-- BEGIN
IF mg = {} THEN -- first grammar encountered

mg := g;
ELSE -- Generate a unified, merged Grammar from all words

FOR r IN g | r NOTIN mg LOOP
-- check every rule in grammar g, when it is not already in mg

IF EXISTS gr IN mg | Eq(gr(2), mg, r(2), g) THEN
-- is there a rhs-match
-- replace every symbol of general rule
-- by new symbol from grammar

IF r(1) = StartSym THEN
-- rhs already in general merged grammar
IF gr(1) /= StartSym AND

NOT RHSMatch(gr(1), mg(StartSym))
-- not yet in startrule

THEN
Insert(altSym, mg); -- alternative encountered
Insert(gr(1), mg);

END IF;
ELSEIF gr(1) = StartSym THEN

mg with:= r;
ELSE

-- no start symbol involved, replace all
-- old references in mg with rule from g
replace(gr(1), r(1), mg);

END IF;



The mseq program 265

ELSE
-- no rhs-match
IF r(1) = StartSym THEN

Insert(altSym, mg); -- alternative encountered
newrule := [NextRule(), r(2)]; -- generate new rule
Insert(newrule(1), mg);

ELSE -- add not yet merged rule to merged grammar mg
newrule := r;

END IF;
mg with:= newrule; -- add the new rule to merged grammar

END IF;
END LOOP;

END IF;
END MultipleGrammarMerge;

--#########################PROC############ ####### ##
--### Eq ###
--#########################PROC############ ####### ##

-- Eq checks for structural equality of two tuples
-- Eq considers following requirements:

-- Rulesymbols are always equal
-- A rhs with "rhs1 | rhs2" is checked with s=rhs1 and s=rhs2

PROCEDUREEq(rd s1, rd g1, rd s2, rd g2);
VAR

alt1, alt2,
found := FALSE,
i := 1;

-- BEGIN
LOOP

-- empty rules are always equal
IF s1(i) = om AND s2(i) = om THEN

found := TRUE;
-- alternative symbol marks end of rhs as well
ELSEIF s1(i) = om AND s2(i) = AltSym THEN

found := TRUE;
ELSEIF s2(i) = om AND s1(i) = AltSym THEN

found := TRUE;
-- only one rhs is empty, the other one not
ELSEIF s1(i) = om OR s2(i) = om THEN

EXIT;
-- symbols match
ELSEIF s1(i) = s2(i) THEN -- matching

i +:= 1; -- go in with next symbol
ELSEIF -- rule symbols must be treated separately

(s1(i)(1) = ruleSym AND s2(i)(1) = RuleSym)
THEN

IF Eq(g1(s1(i)), g1, g2(s2(i)), g2) THEN
-- check depth equality (without considering symbol names)

i +:= 1; -- go on with next symbol
ELSE -- no deep equality

EXIT;
END IF;

ELSEIF s1(i) /= s2(i) THEN -- no matching
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-- start with next alternative word
IF (alt1 := SubTuple([altSym], s1)) > 0 THEN

s1 := s1(alt1+1..);
i := 1;

END IF;
IF (alt2 := SubTuple([altSym], s2)) > 0 THEN

s2 := s2(alt2+1..);
i := 1;

END IF;
END IF;

-- Loop exit conditions, setl2 has no pass-through loop
IF alt1=0 AND alt2=0 THEN

-- there were no alteratives in both rhs
EXIT; -- nothing to find

ELSEIF found THEN
EXIT;

END IF;

END LOOP;
RETURNfound;

END Eq;
--#########################PROC################ #####
--### RHSMatch ###
--#########################PROC################ #####
PROCEDURERHSMatch(s, t);
-- gets two tuples as input, returns when s is a rhs in
-- t, such that alternatives ("|") are considered,
-- e.g. [A, B] is in [A, C | C, D | A, B]
VAR pos := 1;
IF NOT is_tuple(s) THEN s := [s]; END IF;
IF (pos := SubTuple(s,t)) > 0 THEN

IF pos = 1 OR t(pos-1) = altSym THEN -- match possible
IF pos+#s > #t OR t(pos+#s) = altSym THEN

RETURNTRUE;
END IF;

END IF;
END IF;
RETURNFALSE;
END RHSMatch;
--#########################PROC################ #####
--### Insert ###
--#########################PROC################ #####
PROCEDUREInsert(rd tk, rw grmr);
VAR rhs := grmr(StartSym);
-- BEGIN

grmr(startSym) := rhs with tk;
END Insert;

--#########################PROC################ #####
--### NextRule ###
--#########################PROC################ #####
PROCEDURENextRule();
-- Generates a new unique rule namr
CONST

ruleSyms := [65..90]+[97..122] ;
VAR
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rn := ruleSym,
r := 0,
z := ruleGen,
b := #ruleSyms;

-- BEGIN
-- RETURNrn +:= str(ruleGen +:= 1);
FOR i IN [0..(ruleGen / b)] LOOP

r := z MODb;
z := z / b;
rn +:= char(ruleSyms(r+1));

END LOOP;
ruleGen +:= 1;
RETURNrn;

END NextRule;

--#########################PROC############ ####### ##
--### readWord ###
--#########################PROC############ ####### ##
PROCEDUREreadWord(rd fh -- filehandle

);
VAR

invalid := {"%", rulesym},
str := "",
tk := "",
wrd := [];

--BEGIN
geta(fh, str);
WHILE NOT(eof()) AND str /= "" LOOP

-- strip leading spaces
WHILE str /= "" AND str(1) IN " \t\n" LOOP

str := str(2..);
END LOOP;
-- be aware of comments in input
WHILE str /= "" AND NOT (str(1) IN invalid) LOOP

IF str(1) IN " \t\n" THEN
wrd with:= tk;
tk := "";
-- only one white space divides tokens, the rest not
WHILE str /= "" AND str(1) IN " \t" LOOP

str := str(2..);
END LOOP;

ELSE
tk +:= str(1);
str := str(2..);

END IF;
END LOOP;

IF tk /= "" THEN wrd with:= tk; tk := ""; END IF;
geta(fh, str);

END LOOP;
RETURNwrd;

END readWord;

--#########################PROC############ ####### ##
--### getToken ###
--#########################PROC############ ####### ##
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PROCEDUREgetToken(rw word -- tuple of tokens
);

VAR
token;

--BEGIN
token := word(1);
word := word(2..);
RETURNtoken;

END getToken;

--#########################PROC################ #####
--### SubTuple ###
--#########################PROC################ #####

-- checks, if u is in v and returns the index of the first element
-- in v witch starts match
-- if nothing was found, 0 is returned
PROCEDURESubTuple(rd u, rd v);
VAR

i := 1;
-- BEGIN

IF #u <= #v THEN -- matching possible
WHILE i+#u-1 <= #v LOOP

IF u = v(i..i+#u-1) THEN -- match
RETURNi;

ELSE -- no match
i +:= 1;

END IF;
END LOOP;

END IF;
RETURN0;

END SubTuple;

--#########################PROC################ #####
--### Substitute ###
--#########################PROC################ #####

PROCEDURESubstitute(rd oldtuple, rd newtuple, rw map);
-- substitute occurence of oldtuple in map with newtuple
VAR pos := 0;
-- BEGIN
IF NOT(IS_TUPLE(newtuple)) THEN

newtuple := [newtuple];
END IF;
IF NOT(IS_TUPLE(oldtuple)) THEN

oldtuple := [oldtuple];
END IF;
FOR r IN map LOOP -- e.g. r= ["$D", ["$C", "$A"]]

WHILE (pos := SubTuple(oldtuple, r(2))) > 0 LOOP
-- there was a matching

r(2) := r(2)(1..pos-1)+newtuple+r(2)(pos+#oldtuple ..);
END LOOP;
map(r(1)) := r(2);

END LOOP;

END Substitute;
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--#########################PROC############ ####### ##
--### REPLACE ###
--#########################PROC############ ####### ##
PROCEDUREReplace(rd oldsym, rd newsym, rw grammar);
-- replaces oldsymbol by new symbol in grammar
VAR h, pos;
-- BEGIN
FOR r IN grammar LOOP

h := r(1) ;
pos := 1;
IF r(1) = oldsym THEN r(1) := newsym; END IF;

WHILE pos <= #r(2) LOOP
IF r(2)(pos) = oldsym THEN

r(2)(pos) := newsym;
END IF;
pos +:= 1;

END LOOP;
grammar lessf:= h;
grammar with:= r;

END LOOP;
END Replace;

--#########################PROC############ ####### ##
--### PrintGrammars ###
--#########################PROC############ ####### ##
PROCEDUREPrintGrammars(rd grms, n, file);
VAR

i := 1,
t := "Grammar(s): "+str(#grms)+"\tLength of ngram-pattern: "

+str(n)+"\n",
filehdl := open(file, "text-out");

-- BEGIN
FOR g IN grms LOOP

t +:= "\n"+str(i)+". Grammar ("+str(#g)+" rule(s)):\n";
i +:= 1;
t +:= PrintGrammar(g);

END LOOP;
print(t);
printa(filehdl, t);
close(filehdl);

END PrintGrammars;
--#########################PROC############ ####### ##
--### PrintGrammar ###
--#########################PROC############ ####### ##
PROCEDUREPrintGrammar(rd grmr);
CONSTseparator := " ";
VAR

text := "",
toprint := {startsym}, -- the symbols to print
printed := {},
s := startsym;

-- BEGIN
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-- startsymbol
LOOP

s from toprint;
IF NOT(s IN printed) THEN

text +:= s +"\t->\t";

FOR r IN grmr(s) LOOP

IF r(1) = rulesym THEN
toprint with:= r;

END IF;
IF r = altSym THEN

text +:= r+"\n\t\t";
ELSE

text +:= str(r)+separator;
END IF;

END LOOP;
text +:= "\n";
printed with:= s;

END IF;
IF toprint = {} THEN EXIT; END IF;

END LOOP;
RETURNtext;

END PrintGrammar;

--#########################PROC################ #####
--### say ###
--#########################PROC################ #####
PROCEDUREsay(rd m);

IF verbose THEN
print("> ",m);

END IF;
END say;

--#########################PROC################ #####
--### CommandLineParse ###
--#########################PROC################ #####

PROCEDURECommandLineParse(rw argv);
-- input: a map of commandline-Options and current values
VAR i := 1;

WHILE command_line(i) /= om LOOP
CASE command_line(i)

WHEN"-i" =>
argv with:= ["-i", command_line(i+1)]; -- inputfile
i +:= 2;

WHEN"-o" =>
argv with:= ["-o", command_line(i+1)]; -- output file
i +:= 2;

WHEN"-n" => -- n-gram length
argv with:= ["-n", unstr(command_line(i+1))];
i +:= 2;

WHEN"-v" => -- verbose
argv with:= ["-v", TRUE];
i +:= 1;

WHEN"-a" => -- no simplify, full set of rules
argv with:= ["-a", TRUE];
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i +:= 1;
WHEN"-m" => -- merging multiple grammars

argv with:= ["-m", TRUE];
i +:= 1;

WHEN"-b" => -- reuse base rules
argv with:= [command_line(i), TRUE];
i +:= 1;

WHEN"-r" => -- repetition check
argv with:= [command_line(i), unstr(command_line(i+1))];
i +:= 2;

OTHERWISE=>
print("unknown command line parameter ’",

command_line(i),"’!");
RETURNFALSE;

END CASE;
END LOOP;
RETURNTRUE;

END CommandLineParse;

--#########################PROC############ ####### ##
--### Usage ###
--#########################PROC############ ####### ##

PROCEDUREUsage();
print(

"\nUSAGE: stlx mseq -i <sequencefile> [-o <grammarfile>]",
" [-n <length>] [-v] [-a] [-m [-b]] [-r <rep>]\n",
"Synopsis:",
"\n\t-n ... length of matching pattern (default = 2)",
"\n\t-v ... Verbose",
"\n\t-a ... All rules, underused rules will not be deleted",
"\n\t-m ... Merging multiple grammars into general grammar",
"\n\t-b ... reuse Base rules of base grammars"+
" (during merging)",
"\n\t-r ... find Repetitions of at least <rep> times"
);

END Usage;

END mseq;
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