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Abstract

The OMG's Model-Driven Architecture is quickly at-
tractingattentionasa methodof constructingsystemsthat
offers advantagesover traditional approachesin termsof
reliability, consistency, and maintainability. Thekey con-
ceptsin the MDA are modelsthat are related by model
transformations.However, for theMDA to providean ade-
quatealternativeto existingapproaches,it mustoffer com-
parablesupportfor softwareengineeringprocessessuch as
requirementsanalysis,designand testing. This paperat-
temptsto explore the applicationof the last of thesepro-
cesses,testing, to the mostnovel part of the MDA, that of
model transformation. We presenta general view of the
rolesof testingin thedifferentstagesof model-drivendevel-
opment,and a more detailedexploration of approachesto
testingmodeltransformations.Basedon this, wehighlight
the particular issuesfor the different testingtasks,includ-
ing adequacycriteria, testoraclesandautomatictestdata
generation. We also proposepossibleapproachesfor the
testingtasks,and showhow existing functionaland struc-
tural testingtechniquescanbeadaptedfor usein this new
developmentcontext.

1 Introduction

In 2001 the Object ManagementGroup (OMG) intro-
ducedthe Model-Driven Architecture(MDA) [19] as the
framework for its futurestandardisationefforts. Sincethis
time, the idea hasbeenwidely discussedas an emerging
techniquefor thedevelopmentof large-scalesoftwaresys-
tems.

In essence,MDA proposesamoveawayfrom humanin-
terpretationof high-level models,suchasdesigndiagrams,
into implementations,towardsa more automatedprocess
wherethemodelsareusedas�rst-class artifactsof thede-
velopmentprocess.

This potentially representsa signi�cantly different ap-
proachto the developmentof softwaresystems,a practice
that has becomeincreasinglywell understoodover time.
However, while muchwork hasbeendoneontechniquesfor

usingMDA for softwaredevelopment,thereremainmany
challengesfor theprocessof softwarevalidation,andin par-
ticular softwaretesting,in anMDA context.

In MDA, the most importantbehavioural artifact, and
thusthemostimportantartifact from a testingperspective,
is that of the model transformation,which describesa re-
lationshipbetweentwo or moremodels.Therefore,model
transformationsarethekey to automatingthetransitionbe-
tweenmodelsand from modelsinto other forms, suchas
code.MDA makesmany promisesaboutproviding a more
ef�cient, more consistent,and more reliable approachto
softwaredevelopment,but thiscanonly betrueif themodel
transformationsbehave like they arespeci�ed.

Therearea numberof limitationsin usingexisting test-
ing techniquesto testmodeltransformationprograms.The
datastructuresusedby modeltransformationsarecomplex,
andgeneratingtestdatausingtraditionaltechniquesis un-
wieldy and inef�cient. Thus, in the sameway that test-
ing techniqueshave beenadaptedto suit theemergenceof
object-orientedprogramming,theadaptationof techniques
to bettersuit model-drivenengineeringwill alsoallow for
better and more appropriatemethodsof validation. For
example,MDA hasnormalizedthe languagesfor de�ning
modelsandmeta-models,andthis allows for the develop-
mentof generalizedtoolsandtechniquesfor testingsystems
thatpreviouslyhadnocommonlyunderstandablede�nition.

This documentis organizedasfollows. Firstly, section
2 brie�y recallssomebackgroundon MDA and presents
how modeltransformationprogramsarespeci�ed andim-
plemented.Then,section3 detailsthe motivationsof this
work and the problemsrelatedto testingmodel transfor-
mations.Section4 presentsan adaptationof existing test-
ing techniquesto themodel-orientedcontext andproposes
a functional test adequacy criterion for the validation of
modeltransformationprograms.Section5 theninvestigates
a white-boxre�nementof this criterion. Section6 details
two automatedtestdatagenerationtechniquesbasedon a
systematicandanevolutionaryalgorithmto covertheprevi-
ouslyproposedtestcriterion.Section7 detailssomerelated
worksonMDA andtestingand,�nally , section8 concludes
this document.



2 Background on MDA

The goal of MDA is to move away from the traditional
roleof UML diagramsasblueprintsfor conversionintosoft-
wareby programmers,to asituationin whichthemodelsare
usedas�rst-class developmentartifactsthat areautomati-
cally mappedto other modelsand to systemcode. Thus,
MDA presentsa moregeneralview of systemscomposed
of models,the relationshipsbetweenthem, in addition to
technologymappings,suchascodegenerators,wherethe
connectionsbetweentheseelementsaremanagedautomat-
ically.

As it wastheprimary motivationbehindMDA, the do-
mainof softwaredevelopmentremainstheprincipalappli-
cationof MDA. Thisapplicationis oftenreferredto asMDE
(Model DrivenEngineering)[7], andits principlesarerep-
resentedin Figure 2, wherethe artifactsmarked "M" are
models,thosemarked"L" arelanguages,"T" aretransfor-
mations,and"S" arespeci�cations.So,after thedeveloper
hascreateda designin the form of a seriesof models,she
thenusesmodeltransformationsto successively re�ne these
models,and eventually to translatethem into code. The
transformationsaredevelopedin sometransformationlan-
guage(which forms part of an overall MDA framework),
andarewritten by a transformationdeveloper, who mayor
maynotbethesameasthesoftwaredeveloper. In this way,
the developmentload hasbeensplit betweenthe software
developerandthetransformationdeveloper.

To validatethe systemsbeing developed,the software
developer (transformationuser) may use existing tech-
niques,sincein theendhersoftwareis implementedusing
existing technologies.However, shecan gain even more
con�dencein hersystemby ensuringthat themodeltrans-
formations,which shehasusedin creatinghersystem,are
alsovalidated.Thus,in thesameway thattheuseof trans-
formationscan assistthe processof developing the soft-
ware,validatingthe transformationscanassistthe process
of validatingthesoftware.

The following sectionspresenta morethoroughexami-
nationof thede�nitions of models,meta-modelsandmodel
transformations.This includesthepresentationof anexam-
ple thatwill beusedthroughoutthepaper.

2.1 Modelsand meta­models

A modelis a collectionof objectsandrelationshipsbe-
tweentheobjectsthat,together, providea representationof
somerealsystem.For example,asimplerelationaldatabase
schemaof tablesand columns,suchas the one in (1) of
Figure3, might be representedasobjectsrepresentingthe
tablesandobjectsrepresentingthe columns,with contain-
mentrelationshipsbetweenthetableobjectsandthecolumn
objects.Sucha modelis shown in (2) of Figure3.
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Of course,not all modelsare the same. For example,
object-orientedmodelsareexpressednot using tablesand
columns,but using packages,classesand attributes. So
anobject-orientedsystemsuchastheonedescribedby the
UML diagramin (3) of Figure3, canberepresentedby ob-
jectssuchasthoseshown in (4).

This representsa differencein modelinglanguages.The
databaseschemais describedusing a modeling language
with conceptsof tableandcolumn,whereastheOOschema
is describedusinga modelinglanguagesuchasUML with
conceptsof class,attribute and package. Beginning with
theseterms,wecande�ne a modelto describeeachmodel-
ing language,with classesfor eachof thetermsusedin the
modelinglanguage.Thesemodelsof modelinglanguages
are called meta-models.Figures1 and 4 show the meta-
modelsof theUML andRDBMS modelspresentedearlier,
simpli�ed for demonstrationpurposes.

Of course,thesemeta-modelsmust also be described
by somelanguageand, in MDA, this languageis that of
the Meta-ObjectFacility (MOF) [13]. As a language,the
MOF very closely resemblesUML classmodeling, with
packages,classes,attributesandassociations.Therelation-
shipbetweentheMOF, meta-models,andmodels,is com-



Figure 2. Separation of roles in Model­Driven Engineering

(1) Sample databas e s chema (2) Sample databas e s chema model

(3) Sample object model in UML (4) Sample object model
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Figure 5. OMG Four ­Layer Architecture

monlydepictedusingthemeta-stackdiagramshown in �g-
ure5, showing the3 “meta-levels”, M3, M2 andM1. Like
any languagein MDA, MOF is describedby a MOF meta-
model,andthusit is self-describing.This self-description
is analogousto de�ning an EBNF grammarfor describing
EBNF, andpreventsan endlessprogressionof meta-layers
goingup themeta-stack.

2.2 Model transformations

Obviously, the UML andRDBMS modelspresentedin
Figure 3 are related. In fact, it is easyto imagine that
one has beengeneratedfrom the other. Such a genera-
tion processcan be describedby a model transformation.
Model transformationsdescriberelationshipsbetweentwo
or moremodels,by de�ning relationsbetweenelementsin
their meta-models.So, in this case,thereis a relationbe-
tweenaUML ClassandaRDBMSTable,wherethenames
of therespectiveobjectsmustbethesame.

A model transformation(MT) is, essentially, a speci�-
cation for a model transformationprogram. Model trans-
formation programs(MTPs) take modelsand ensurethat
the elementsin the modelscorrespondto the relationsde-
�ned by a certainmodeltransformation.Therearea num-
ber of languagesusedfor de�ning model transformations
andmodeltransformationprograms.

Model transformationprogramsare generally imple-
mented either using general-purposeprogramming lan-
guagessuchas Java, using domain-speci�cprogramming
languagessuchasextensionsof OCL [17], or usingatrans-
formationenginebasedonruleevaluation.Generally, trans-
formationprogramsareexposedusingan operationinter-
face,with typedparameters,andpossiblyreturntypesand

exceptions.
Languagesfor de�ning model transformations[10] are

generallydeclarative, andincludeapproachesbasedon re-
lations[1], or thosebasedon patternsof logical constraints
[9]. In 2001, the OMG issueda Requestfor Proposals
[14] for a standardizedlanguagefor de�ning modeltrans-
formations. A wide variety of languageshave beenpro-
posed,from imperative languagesto rule-basedlogic-like
languages,andhybridsof the two. Theprocessof settling
on a singlelanguageis progressingslowly, but theform of
suchastandardis unknown at thetime of writing.

At theminimum,it is expectedthattransformationswill
be speci�ed as operationswith OCL [15] pre- and post-
conditions.We will usethis form of speci�cationastheba-
sis for thespeci�cationof modeltransformationsthrough-
out this document. It is likely that a morestructuredlan-
guagewill eventuallyemergeasastandard,but we feel that
techniquesdevelopedfor testingagainstspeci�cationswrit-
tenin thisgenerallanguagewill applyequally, andprobably
moreeasily, to morestructuredspeci�cations.Thefollow-
ing sectionpresentsanexamplemodeltransformationfrom
UML classmodelsto RDBMSdatabaseschemas,speci�ed
usingthisOCL-basedlanguage.

2.3 The UML to RDBMS transformation

This is a classicalandsimpleexampleof a modeltrans-
formation. From a UML model, it createstables and
columnsin arelationaldatabasemodelto handlethepersis-
tenceof theobjectmodel.In theUML model,someclasses
aretaggedaspersistent.For eachof theseclasses,a table
having the samenameis createdin the DB and, for each
attributeof theclass,acolumnis created.Figure6 presents
aspeci�cationfor this transformationasit wouldbewritten
accordingto theMDA paradigm.

In this example,thespeci�cationof themodeltransfor-
mation is closeto the speci�cationof an operation:a de-
scription,parametersandpreandpostcondition.

- Description:The�rst elementof speci�cationis a tex-
tual descriptionof themodeltransformation.This descrip-
tion is usuallywritten in naturallanguageanddocuments
thetransformation.

- Parameters:Thetransformation,asany operation,has
a set of parameters.Eachof theseparametershasa di-
rection: in, out, or in/out. The types of theseparame-
terscanbe eithersimple(e.g. string, integer)or complex:
"MOF:Extent". In fact,in thecontext of theMOF, "extents"
arethetop level modelcontainer. Extentsarenot typedand
anextentcancontainmodelelementsinstantiatedfrom var-
ious meta-models.In thespeci�cationpresentedFigure6,
the transformationhas two parameters:"in UMLModel"
and "in/out RDBMSModel" both de�ned as extents (i.e.
models). The type of model elementsthat eachparame-



name = UM L2RDBMS

T : Tranformation

direction = in/out

RDBMSModel : Parameter

direction = in

UM LModel : Parameter

+oblectsOfType(in type)

MOF:Extent

{UM LModel->instanceof(Class)->select(c |
  c.isAbstract == false
  c.tag == "CMP")->forall(c |
    RDBMSModel->instanceof(Table)->one(t |
      t.name == c.name
      c.attributes->forall(a|
        t.columns->one(col |
          col.name == a.name))))}

pre : OCLExpression post : OCLExpression

{- -  class name uniqueness
UM LModel->instanceof(Class)
  ->forall(c1, c2 |
    c1.name=c2.name
    implies c1=c2)}

An UM L Model A RDBMS Model

For each non abstract class of the UM L model which is tagged "CMP"
persistent a table is created in the RDBMS model. This table has the
same name as the class and hold one column per attributes of the
class. Columns have the name of its corresponding attribute.

Figure 6. The OO2RDBMS transf ormation

termaycontainhasbeenspeci�edasdocumentationnotes:
TheparameterUMLModel maybea UML model(i.e. in-
stancesof the UML meta-model)and the RDBMSModel
parametermaybeanRDBMS model.

- Pre-condition:In additionto parameters,thespeci�ca-
tion containspreandpostconditionsexpressedusingOCL.
Thepreconditionexpressesconstraintson theinput param-
etersof thetransformationin orderto specifythevalid input
dataof thetransformation.In theexamplepresentedin Fig-
ure 6, the preconditionstatesthat namesof the classesof
theUML modelgivenasinput mustbeunique.

- Post-condition:Thepost-conditionspeci�estheeffect
of the transformationby linking input parametersandout-
put parameters.For the UML2RDBMS transformation,it
statesthat for eachnon-abstractclasstagged"CMP" in the
UML model,a correspondingtable(samename)exists in
theRDBMSmodel,andfor eachattributeof theclassacor-
respondingcolumn(samename)existsin thetable.

3 Testing Model transformations

In thecontext of model-drivenengineering(MDE), en-
suring the correctnessand reliability of MTPs is a key
point. In the MDA paradigmmodel transformationpro-
grams(MTPs) are designedand implementedto be used
andreusedby anumberof clientsin variouscontexts. Thus,
as with any software component,the implementationof
a MT has to be consistentwith respectto its speci�ca-
tion/documentation.Today, the easiestandmostcommon
form of validationremainstesting. In practice,thebene�t

of an adequatetestingprocess,especiallyfor components
designedto bereusedby a numberof clients,is three-fold
[12]:

1. Detecterrorsin the implementation.This is the pri-
marygoalof testing.

2. Completethespeci�cation/documentation.Unspeci-
�ed observedbehaviour maybedueto anincompletespec-
i�cation.

3. Qualify thecomponent.Testingallows thetester(and
theuser)to acquireacertaincon�dencein theimplementa-
tion.

In practice,all of theseaspectsandthequalityof thetest-
ing processstronglydependon the testadequacy criterion
that is beingused.Typically, two kindsof criteriaaredis-
tinguished,on one handwhite-box(or structural)criteria,
whicharebasedonthestructureof theimplementation,and
on theotherhandblack-box(or functional)criteria,which
arebasedon thespeci�cation.Onceanappropriatetestcri-
terionis designed,it canbeusedasabasisto write or gener-
atetestdata.Theprogramcanthenbeexecutedwith these
testdataandan oraclefunction determinesif the obtained
resultsmatchtheexpectedresults.

As explainedin section2, aMT is implementedasareg-
ular program. As such,onecanargue that it may be de-
signed,implementedandtestedasany otherprogram.How-
ever, therearea numberof reasonsto suggestthat thetest-
ing of MTPswill bene�t from themodi�cation of existing
techniquesto bettersuit theproblem.Thesereasonsarethe
sameasthosethat leadpeopleto designspeci�c languages
for MTPssuchasthosementionsin section2.

The �rst reasonis that the increasein the level of ab-
stractionmakesexisting techniquesdif�cult to apply. For
instance,aMTP manipulatescomplex datastructures(mod-
els),whichmakesexistingprogramminglanguagesandtest
techniqueshard to use. In the context of testing, in par-
ticular, many testdatagenerationtechniquesfocuson the
generationof simpledataandareconsequentlynotdirectly
applicableto the generationof models. Thus,in the same
waythatfunctionaltestingtechniqueshavebeenadaptedto
the OO paradigm[8], testingtechniquesmustnow be de-
�ned for theemergentModel-Orientedparadigm.

The secondreasonis that MTPs sharemany common
properties.Thisallowsthedesignof speci�c languagesand
testingtechniquesfor theirde�nition andvalidation,respec-
tively. For example, the modelsmanipulatedby a MTP
are typically describedby meta-models.As discussedin
the following sectionsof this paper, theuseof thesemeta-
modelscanbeawayof de�ning testcriteria.

Thefollowing sectionsdiscuss,usingtheexampleof the
OO2RDBMStransformationintroducedin section2, the
limitationsof someexisting testingtechniques,andpresent
ideasto de�ne testtechniquesbettersuitedto thevalidation
of MTP.



4 Functional Criteria

As functional testing techniques[6] considerthe pro-
gram under test as a black-box, they have the advantage
of being independentfrom the implementationlanguage.
However, they stronglydependon theway theprogramun-
dertestis speci�ed. Numeroustestingtechniquesexist, for
testingwith formal speci�cationssuchasSDL andB, and
for lessformal languagessuchas UML use-caseand se-
quencediagrams.As discussedin section2.2, for MTPs,
a top-level speci�cationformalismcanbereasonablyused
evenif it hasnot yet beennormalized: datastructuresare
describedasmeta-modelsandtransformationsasoperations
with pre-andpost-conditions(seeFigure6).

This sectioninvestigatesthede�nition of a testcriterion
thattakesadvantageof this formalismto allow theselection
of testdata(i.e. input models)for MTPs,basedon a cov-
eragecriterion on the input meta-model/s.This coverage
criterion is inspiredby existing testingtechniquessuchas
partitionanalysis[16] andUML-basedtesting[2]. Then,to
improvetheef�ciency of this coveragecriterion,thenotion
of aneffective meta-modelis introduced,beingthepartof
ameta-modelthatis effectively usedby MTP.

4.1 Meta­model coverage

Typically, the main differencebetweena MTP and a
classicalprogramis the complexity of its input dataand
thefactthat thestructureof thatdatais describedby meta-
models. In fact, a MT speci�cation is a data-centricview
of a programwhereasmost of the time, classicalspeci�-
cation langageslike SDL or UML statechartspresenta
control-centricview of theprogram.The ideaproposedin
this sectionis to useMT speci�cations(meta-modelsand
constraints)to de�ne a data-centrictestadequacy criterion
basedonthedata-centrictechniqueknown aspartitionanal-
ysis[16] andontheadaptationof aUML-basedtestcriteria
de�ned in [2].

4.1.1 Partition analysis

Partition analysiswas �rst proposedby Ostrandet al. in
[16]. It consistsof dividing the input domainof the pro-
gram(or function) undertest into several non-overlapping
sub-domains(or classes).A test set can thenbe built by
choosinga uniquetestdatumfrom eachclass. This tech-
niqueassumesthat, if the programbehavescorrectlywith
onetestdatumfrom a class,thenit shouldbe valid for all
datafrom thisclass.Thus,usingsuchatechnique,theparti-
tioningof theinputdomainis crucial: classesmustbewell-
chosenandthenumberof classmustbereasonable.To de-
�ne partitions,asshown onthefollowing example,boththe
structureof theinputdataandconstraintslikepre-andpost-
conditionscanbeused.

Example: if aprogramtakesaninteger(x) asinput,possi-
blepartitionmaybe:
P={min, [min+1..-1],0, [1..max-1],max}
However, if a post-conditionof theprogramis:
(x>2) implies...
Thena moreadequatepartitionmaybe:
P={min, [min+1..1],2, [3..max-1],max}

Inspiredby this technique,thefollowing sectionsproposea
techniqueto identify subsetsof datato testmodeltransfor-
mationprograms.

4.1.2 From UML modelsto MOF meta-models

The input scopeof a modeltransformationprogramis de-
�ned by the meta-modelsof its input parameters.Thus,
using this information,a set of criteria canbe de�ned on
thosemeta-modelsthatallows partitioningthe input space
to selectasetof relevanttestdata.Sincemeta-modelsusing
MOF aresimilarto UML classdiagrams(classes,attributes,
generalization,associations),we proposeto reuseexisting
criteriade�ned for UML classdiagrams.Andrewset al [2]
de�ne criteria to cover a UML model,andespeciallythree
criteriato ensurethecoverageof aclassdiagram:

- Association-endmultiplicities(AEM ): for eachassoci-
ation,eachrepresentativemultiplicity pairmustbecovered.

- ClassAttribute(CA) : for eachattribute,eachrepresen-
tativevaluemustbecovered.

- Generalization(GN) : For eachgeneralizableelement,
eachsub-typemustbecovered

The �rst two criteria (AEM and CA) are expressedin
termsof representative values. The idea hereis to reuse
the techniquesof partition testing to de�ne a set of rep-
resentative valuesfor eachattribute and eachassociation
end.Thesecriteriaaremeaningfulandeasyto adaptto the
meta-modellevel: theconceptsof classesandassociations
in MOF andUML arevery similar. In [2], the focusis on
testingthe behaviour of models,whereasfor model trans-
formations,we are interestedonly in their structures.As
such,theGN constraintis not signi�cant in this context be-
cause,althoughbehaviourscanbe overriddenin subtypes,
structurescannot. Thus,we proposeto adaptthe two fol-
lowing criteriato achievecoverageof a meta-model:

- AEM (AssociationEndMultiplicities): For eachasso-
ciation end,eachrepresentative multiplicity must be cov-
ered.For instance,if anassociationendhasthemultiplicity
[0..N], thenit shouldbeinstantiatedwith themultiplicity 0,
1 andN. Representativemultiplicity pairscanthenbecom-
putedfor anassociationby takingtheCartesianproductof
thepossiblemultiplicitiesof eachof its two ends.

- CA (ClassAttribute): For eachattribute, eachrepre-
sentative valuemust be covered. If the attribute's type is
simple(integer, string...),a setof representative valueshas
to becomputed.(If theattribute's typeis complex, it hasto



be processedasan association,accordingto theAEM cri-
teria). In thesameway asis donefor associations,therep-
resentativesvaluesof aclass'simpleattributesthenneedto
becombinedusingaCartesianproduct.

4.1.3 Representativesvalues

For the two criteria (AEM andCA), an appropriatesetof
partitionsmust be found in order to selectrepresentative
values.As discussedin [2], two techniquescanbeapplied
for eachcriteria: defaultpartitioning andknowledge-based
partitioning.

The�rst, default partitioning,consistsof de�ning, a pri-
ori, apartitionbasedonthestructureor thetypeof thedata.
For a string attribute this may be {null, "", "something"},
andfor an [0..1] associationendit would be {0, 1}. The
advantageof sucha partitioningtechniqueis that it is fully
automatedandeasyto implementassoonasa policy for
eachdatatype is provided. Most of the time, this policy
canconsistof choosingboundaryvaluesandpossiblyval-
uesoutsidethe boundaries,if thegoal is alsoto checkthe
robustnessof thetransformation.

The second,knowledge-basedpartitioning, consistsof
extractingrepresentativevaluesfrom themodeltransforma-
tion itself. Thesevaluescan be provided by the testeror
automaticallyextractedfrom thespeci�cationof themodel
transformation.In particular, the pre- andpost-conditions
allow us to �nd relevant valuesfor attributesandpossibly
multiplicities for associationends.This is illustratedby the
examplepresentedsection4.1.1,wherethe value2 is ex-
tractedfrom a constraintexpressedin thepostcondition.

Combining thesetwo techniquesallows eachattribute
and associationend of the meta-modelto be enumerated
with setsof representative values:usingknowledge-based
partitioningif someinformationaboutthisattributeor asso-
ciationis availablein thespeci�cation,or default partition-
ing otherwise.As anexampleof this, Table1 presentsthe
partitioningfor a few elementsof theUML meta-modelfor
theUMLModel input parameterof theOO2RDBMStrans-
formation.Onenoticesthepresenceof the“CMP” valuefor
theattributeClass::tag,whichhavebeenextractedfrom the
post-conditionof the transformation.More generally, rep-
resentative valuescanbeextractedfrom thepre-andpost-
conditionsof a transformationby parsingall constraintsof
thespeci�cationto selectall literal valuesasrepresentatives
valuesfor themodelelementto which they arecompared.

4.1.4 Coverageitemsand test criterion

Given sets of representative values for each elementof
the meta-model,the idea of the test criterion is to en-
surethe coverageof thesevaluesby the tests. However,
covering theseparticularvaluesindependentlyfrom each

Table 1. Representative values

others is not suf�cient. To illustrate this on the exam-
ple of the OO2RDBMStransformation,considerthe sets
of values (shown in table 1) selectedfor the attributes
Class::isAbstractandClass::tag.Selectingmodelsto cover
independentlythesevaluesdoesnot ensurethatany of the
selectedtestmodelscontainsa classbothnon-abstractand
tagged“CMP”, which is intuitively oneof themostimpor-
tant situationswith respectto the transformation.To deal
with this, we de�ne setsof combinationsof representative
values,calledcoverage items, thatmustbe coveredby the
tests.

Coverage item: A coverageitem ci is a constrainton
input modelsof a MTP. This constraintensuresthata par-
ticular combinationof representative valuesis instantiated
by asetof input models.

In practice,for eachclassandassociationthe represen-
tative valuesandmultiplicities, respectively, mustbecom-
binedin orderto obtainasetof coverageitems.Somecom-
binationsof valuesfor attributesof aclass(or multiplicities
for anassociation)maybe invalid (i.e. incompatible)with
respectto constraintson themeta-modelor pre-conditions
of themodeltransformation,andcanbeeliminated.Finally,
asetC of valid coverageitemsis computed.

Test criterion : Covering themeta-modelinvolvescov-
ering all thevalid coverageitemscomputedfor eachclass
andassociation.More formally, a testsetM satis�es the
criterionif 8ci 2 C; 9m 2 M j ci (m).

4.1.5 Summary and limitation

To sumup thediscussion,theprinciple is to �rst �nd rep-
resentativevaluesandmultiplicities for attributesandasso-
ciationendsof theinput meta-modelof thetransformation.
Then,for eachclassandassociation,computetheCartesian
productof thosevalues. Lastly, constraintson the meta-
modelandthepre-conditionsof thetransformationneedto
be checked with thesecombinationsof valuesin order to
remove the invalid combinations.Theremainingcombina-
tionsrepresentasetof coverageitemsthatcanthenbeused
to qualify a testsetor to automaticallygeneratetestsetsfor
modeltransformationprograms.

As discussedpreviously, usingthis techniqueshouldal-
low theselectionof testdatathatcover thebehavior of the
OO2RDBMStransformation.However, asthemeta-model
of theUMLModel parameteris theUML meta-model,the



Figure 7. Effective meta­model

amountof non-relevantdataselectedmaybesigni�cant. In
fact,mostof thetestdataselectedwould beirrelevantwith
respectto thetransformationbecausetheUML meta-model
containsnumerousclassesthat do not have any relevance
in the context of the transformation. For instance,using
this technique,testdatawould be selectedto cover UML
statemachinesandsequencediagrams,which is intuitively
not necessarywhen testing the OO2RDBMStransforma-
tion. Thefollowing sectionproposesthenotionof aneffec-
tivemeta-modelin orderto solve this problem.

4.2 Effective meta­model

In practice,it is very rarefor a modeltransformationto
usetheentiremeta-modelof its inputdata.Sincethetesting
techniqueproposedhereis basedon meta-modelcoverage,
it mayleadto numeroususelesstestcases.

To deal with this, the idea is to determine,beforetest
generation,theactualsubsetof themeta-modelsthatis rel-
evantto thetransformation.A pragmaticway to selectsuch
an effective meta-modelis to usethe OCL pre-/post-con-
ditions from the speci�cation of the transformation. The
meta-modelelementsrelevant for a transformationare at
least the elementsreferredto by its speci�cation. As an
exampleof this, Figure7 presentsthesub-setof theUML
meta-modelsuitablefor the UMLModel parameterof the
OO2RDBMStransformation.It canbeautomaticallycon-
structedby including every type, attribute andassociation
of theUML meta-modelreferredto by thespeci�cationof
thetransformationpresentedin Figure6. For associations,
wemustalsoincludeall subtypesof thereferencedclass.

Given this effective meta-model,the coveragecriterion
previouslyproposedcanbeappliedwith moreef�ciency. In
thecaseof theOO2RDBMStransformationshown in Fig-
ure7, only two classes,four attributesandoneassociation
remain. Yet intuitively, this small meta-modelstill seems
suf�cient for testingthis transformation.Thepartitionsfor
theattributesandtheassociationendsof thereducedmeta-
modelarepresentedin Table1. A setof coverageitems,
aspresentedin Table2, canthenbecomputedby combin-
ing thepartitionsfor eachclassandassociation.A total of
30 coverageitemshasbeencomputedto ensurethecover-
ageof theeffective meta-modelof theUMLModel param-
eter(in thetable,the�rst line represents8 coverageitems).
These30 coverageitems needto be �ltered accordingto

Table 2. Coverage items

For theclass“Class” thesequenceof values{x,y,z} correspondsrespectively to the

valuesof theattributesClass::name,Class::isAbstractandClass::tag.

theconstraintsof themeta-modelandthepre-conditionof
thetransformation.In theUML meta-model,thenameof a
model-elementcannotbenull, so thecoverageitemsnum-
bered1 to 8 and 25 are invalid. The preconditionof the
transformationstatesthat the namesof the classeswithin
a modelmust be unique,which is the casefor remaining
coverageitems.Following this, 21 itemsremainthatcover
the UMLModel parameter. We noticethat the samething
wouldhaveto bedonefor theRDBMSModelin/outparam-
eterof the transformationto cover the whole speci�cation
of thetransformation.

The following sectionspresenta white-box re�nement
of thetestcriterionthattakesadvantageof a staticanalysis
of the codeof the MTP andinvestigatestechniquesto au-
tomaticallygeneratea setof input modelsthat ensuresthe
coverageof thecoverageitemsproposedpreviously.

5 Static analysis

The ideaof structuralor white-boxtestingis to usethe
implementationof theprogramitself asa basisfor the test
criterionandthetestdatageneration.Thissectionproposes
to enhancethecriterionproposedpreviouslyby staticanal-
ysisof thecodeof MTP. Firstly, wepresenthow aneffective
meta-modelcanbeextractedfrom the implementationof a
transformation,andsecondlyhow the implementationcan
alsobeusedto computerepresentativevalues.



5.1 Effective meta­model

A static analysisof the MTP can be usedto compute
the effective meta-model.To do so, the idea is to collect
the meta-modelelementsthat are referredor usedin the
transformation.In practice,this canbeautomaticallyhan-
dled for mosttransformationlanguagesassoonasthey in-
cludeastatictype-checker. Duringthetype-checkingof the
modeltransformationprogram,all meta-typereferencedby
theprogramcanbecollectedto constructtheeffectivemeta-
modelsthat arerelevant for eachparameter. The obtained
meta-modelhasthe advantageof beingcompleteandspe-
ci�c to theactualimplementationundertest.

This effective meta-modelcanthenbe usedfor several
purposes.Firstly, it is areliablemeta-modelfor testgenera-
tionwith thetestcriteriondescribedpreviously. Secondly, it
canbeusedfor veri�cation: comparedto theeffectivemeta-
modelextractedfrom thespeci�cationto checktheconsis-
tency betweenthespeci�cationandtheimplementation.In
particular, it may allow improving the speci�cationor the
documentationof theMT or detectingunexpectedbehavior
of theMT implementation.Lastly, apartfrom thevalidation
considerations,theknowledgeof theeffective meta-model
of a MT implementationallows us to checkif an imple-
mentationcanbeusedwith a particularmeta-model(a new
versionof ameta-modelreferredto by thespeci�cation,for
example).

5.2 Representativevalues

In thesameway aswasdonewith thespeci�cation,we
canalsoperformastaticanalysisof thecodeof theMTP to
collect representative valuesfor eachattributeof themeta-
model.For thispurposeasimplealgorithmthatbrowsesthe
codeof theMTP canbedesigned.Initially, it associatesan
emptysetof representativevaluesto eachattributeof theef-
fective meta-model.Then,thealgorithmanalyzesthecode
andcollectsreferencesto theattributesof themeta-model.
The exact informationthat canbe extractedfrom the code
dependsontheMT languagethathasbeenusedto write the
transformation,but in mostcasesthe referencescollected
shouldbe either comparisonsor assignments.Intuitively,
theideais thatif aparticularvalueis comparedor assigned
to anattributein theMTP thenthis valuemaybean“inter-
esting”valuefor this attribute. In practice,thevalueof the
attributemaybe:

- a literal value. This literal valuemustbeaddedto the
setof representativevaluesof theattribute.

- anotherattribute. Thesetsof representative valuesfor
thetwo attributesneedto bemergedinto asingleset.

- an expressionof the language.In mostcases,no in-
formationon its possiblevaluescanbestaticallycomputed
and the set of representative valuesof the attribute is left

unchanged.
Whenall thecodeof theMTP hasbeenprocessed,a set

of representative valuesis associatedwith eachattribute.
Thesevaluescan then be usedto apply the test criterion
describedpreviously or for automaticmodelgenerationas
discussedin thenext section.

6 Automatically generating models

This section investigatestechniquesto automatically
generatea setof modelsthat coverscoverageitems. Au-
tomaticallygeneratingmodelsfor a particularmeta-model
is nota trivial problem.In fact,severalissueshaveto bere-
solved, including theselectionof classesto instantiateand
theselectionof appropriatevaluesfor attributes.In thecur-
rentcontext, theideais to guidethemodelgenerationusing
the coverageitems and to usethe partitioning previously
presentedto selectconcreteand representative valuesfor
theattributes.

Whengeneratingtestmodels,two factorsmustbetaken
into account: the size of the testsset and the size of test
cases.It is importantto have small testcasesto facilitate
theunderstandingof eachtestcaseandto allow anef�cient
diagnosiswhena test casedetectsan error. On the other
hand,thesetof testcasesmustbekeptat a reasonablesize
to reduceexecutiontime andtheeffort for oraclede�nition
(if it is not fully automated).In theparticularcaseof gener-
ationof models,thenumberof coverageitemsis an upper
boundfor thesizeof thetestsset,asatestcaseusuallycov-
ersseveralitems.

6.1 Systematicapproach

This sectiondiscussesa systematicalgorithmto build a
setof modelsthatcoversthecoverageitemsfor a transfor-
mationprogram.This algorithmbuilds instancesof theef-
fective meta-modelandinstantiatestheattributesusingthe
representative valuesandthecoverageitems. The process
is iterative: it tries to build a model that covers as many
itemsaspossible.Oncea valid modelhasbeengenerated,
thealgorithmaddsthis modelto thesolutionsetandbuilds
anotherone to cover the remainingcoverageitems. The
following sectionsdescribehow modelscanbe generated
to cover asmany coverageitemsaspossible,andhow the
sizeof thesolutionsetandof thegeneratedmodelscanbe
keptreasonable.

6.1.1 Building models

Theautomaticgenerationof meta-modelinstancesstartsby
instantiatinga classof the effective meta-modelthat cor-
respondsto a coverageitem (this assuresthat at leastthis
item is coveredby themodel). To do so,valueshave to be



assignedto the attributesof the class. For eachattribute,
the valueis eitherde�ned in the coverageitem, or chosen
amongthe setof representative valuesattachedto this at-
tribute. Now, if theclassthathasjust beeninstantiatedde-
pendsonotherclassesin themeta-model,or, if otherclasses
dependon this class,all theseotherclasseshave to be in-
stantiated.This is necessaryto build a valid input model
for thetransformationprogram.Theinstantiationof acom-
pletevalid modelfrom apartialmodelis iterative. First, the
setof meta-modelelementsthat have to be instantiatedis
computed.Then,theonesthatallow coveringanuncovered
coverageitemareselectedin orderof priority. Theselected
candidateis instantiatedandaddedto the model. The set
of candidatemeta-modelelementsis thenre-computedand
theprocessiteratesuntil therearenomoremeta-modelele-
mentsthatneedto beinstantiated.

6.1.2 Building the solution set

If somecoverageitems remain uncoveredafter the con-
structionof a valid input model,two solutionsexist: gen-
erateanothermodel,or addelementsto this modelto cover
otheritems.In the�rst case,thesizeof thetestmodelsob-
tainedmaybesmallbut thenumberof generatedtestcases
will behigh. On thecontrary, usingthesecondpolicy, the
algorithmwill try to generatea single model to cover all
thecoverageitems. Obviously neitherof thesesolutionsis
acceptableanda trade-off mustbefoundto ensureboththe
reasonablesizeof the testcasesandthereasonablesizeof
thetestset. Thegenerationalgorithmmustthenbeparam-
eterizedby a limit for thesizeof thegeneratedmodels,i.e.,
themaximumnumberof modelelementsthey cancontain.
Now, whena valid modelis generated,the sizelimit �x es
thepolicy to follow: if themodelis smallerthanthe limit,
new elementscan be addedto satisfy the other coverage
items,otherwiseit is memorizedanda new modelis built.
Thealgorithmstopswhenall coverageitemsarecoveredby
at leastonemodel.

6.1.3 Discussion

In practice,this algorithmallows theautomaticgeneration
of a setof modelsthat satis�es the testadequacy criterion
of section4.1.4. However, the generatedset of models
stronglydependson theorderin which thecoverageitems
areselected.Dependingon this order, theobtainedresults
maybeverydifferentandcertainlynot optimal, i.e. theset
of testmodelsmaynotbeminimal. Thenext sectioninves-
tigatestheadaptationof anoptimizationalgorithmthathas
beenespeciallydesignedin previousworksfor thegenera-
tion andoptimizationof complex testdata.

Figure 8. Bacteriologic algorithm

6.2 Bacteriologicapproach

In theliterature,many techniquesbasedonoptimization
algorithmshave beenproposedfor the generationof test
data.This sectionpresentsanadaptation,to generatemod-
els,of the bacteriologicalgorithmproposedin [5, 4]. The
bacteriologicalgorithmis anoriginal adaptationof genetic
algorithmsthat hasbeendesignedespeciallyfor the prob-
lem of generatinga setof complex testdatathat globally
coversa setof items(the test criterion). This sectionde-
tails how thealgorithmcanbeadaptedto generatea setof
modelsthatcoversasetof coverageitems.

Figure 8 shows the principle of a bacteriologicalgo-
rithm. A startingsetof testcases(models)mustbeprovided
to initialize the candidateset. This setcanbe an existing
setof testcasesor canberandomlygenerated.During the
executionof the algorithm, a solution set of test casesis
incrementallyconstructed.Eachiterationof the algorithm
consistsof four steps:

1. Ranking:Thecandidatetestcases(models)areranked
accordingto a �tness functionthatestimatestheir potential
contribution to theoverall coverageof thesolutionset.The
�tness functionfor generatingmodelsto testa MTP might
bethenumberof unful�lled coverageitemsthatarecovered
by acandidatetestmodel.

2. Memorization: During the memorizationstep, the
besttestcaseis possiblyaddedto the solutionsetaccord-
ing to a selectionpolicy. This policy allows adjustingthe
trade-off betweenthe sizeof the �nal solutionsetandthe
rateof convergenceof the algorithm,e.g. throughthe use
of a �tness thresholdfor memorization[4].

3. Filtering: The �ltering step involves removing the
uselesstest casesfrom the candidateset in order to keep



thesizeof thecandidatesetreasonable.Theeasiestway to
achievethe�ltering is to removeall testcaseswhose�tness
value is null, i.e. that will not contribute anything to the
solutionset.

4. Mutation: Last, but not least, the mutationstepis
theonethatactuallycreatesnew candidatetestcases.Dur-
ing this step, the best test cases(accordingto the �tness
function)areselectedanda mutationoperatoris appliedto
themin orderto createnew testcases.Thus,to apply the
algorithm to generatetestsfor model transformations,an
adaptedmutationoperatorneedsto bede�ned. Sucha mu-
tation operatorwould take advantageof the partitionsthat
havepreviouslybeende�ned for eachelementof themeta-
model. For example,it could randomlyselectan element
in anexistingmodelandcreatea new modelby selectinga
valuefrom a differentpartition.

The advantageof usingsuchan algorithminsteadof a
systematicalgorithm for the automaticgenerationof test
modelsis betteroptimization(minimization)of the gener-
atedtests.However, thebacteriologicalgorithmrequiresan
initial setof testcases,which might begeneratedby a sys-
tematicalgorithm,andthenoptimizedandcompletedusing
abacteriologicalgorithm.In futurework, weplanto imple-
mentthetwo techniquesandcompare,or perhapscombine,
themin orderto designanef�cient testgeneratorfor model
transformation.

7 Related Work

Theemergenceof MDA hasledto alot of researchwork
on designissuesfor effective model-basedsoftwaredevel-
opment. However, there has beenlittle work yet about
testingin this particulardesignparadigm. The authorsin
[11, 18] addressspeci�c issueswhentestingin the MDA
context. In [18] theauthorsproposeto automaticallygener-
atetestharnessesin agenerativeprogrammingenvironment
and[11] proposeguidelinesfor model-driventesting.How-
ever, noneof theseworks looks at the problemof testing
transformationprograms.In section4 wedetailedthework
by Andrews et al. [2] that is closely relatedto testingin
theMDA. This sectiondiscussesanotherrelatedwork pre-
sentedby Atkinsonet al. in [3].

M. Rutherfordis interestedin test-codegenerationwhile
developing an applicationin a model-driven context. In
[18], hereportsanexperimentto generatetestcodein par-
allel with thesystem.Theexperimentis donein thecontext
of agenerativeprogrammingtool calledMODEST. Theau-
thorsdistinguishbetweentheautomaticallygeneratedcode
andthedomainspeci�c codethatis hand-written.Theidea
is thatthegeneratedcodeconstrainsthepossibilityto write
domain-speci�ccode.Then,in thesameway, thereshould
be automaticallygeneratedtestcodeto constrainthe writ-
ing of testcodefor domainspeci�c code.Thepaperreports

thecostsandbene�tsof developingadditionaltemplatesfor
testcodefor theMODESTtool, soit cangenerateasmuch
testcodeaspossible. The reportedbene�ts were that de-
velopingtemplatesfor testcodeenhancedthedevelopment
processandallowedthedevelopersto bemorefamiliarwith
the codeproducedby MODEST. The costsare evaluated
with ananalysisof thecomplexity of templatesfor test-code
generation.

In [11], the authorsalsoexplicitly addressthe problem
of testgenerationin aMDA context andproposeto develop
model-driven testing. In particular, this work focuseson
the separationbetweenplatform-independentmodelsand
platform-speci�cmodelsfor testing.Thegenerationof test
casesfrom themodel,aswell asthegenerationof theoracle
areconsideredto be platform-independent.The execution
of thetestcasesin thetestenvironmentis platform-speci�c.
The two platform-independentissuesarenot discussedin
detail.Theauthorsreferto previouswork andhighlight the
useof model simulationfor the oracle. Then, they show
how to employ designpatternsto run test casesin a spe-
ci�c environment.Thecasestudyis basedonmodel-driven
developmentof webapplications.

In [3], theauthorsproposea speci�c techniquefor test-
ing the integrationof componentsin component-basedde-
velopment.They proposeto embedtestcasesin the com-
ponentin order to offer the componenta "built-in" abil-
ity to checkthe correctnessfor the environmentin which
it is integrated. This meansthat the testsaim to verify
theclient/server interactions.This helpsintegrationby au-
tomatingpartof thetesting,by distributing thetestinstead
of exclusively testingat the systemlevel, andthe compo-
nentsaremorerobustsincethey canraisea �ag if they are
pluggedto anillicit environment.This techniqueconforms
to MDA in the sensethat the contractswhich expressthe
rulesto useacomponentcorrectly, andthatareusedto build
theembeddedtestcases,areindependentfrom a particular
componenttechnology.

8 Conclusion and future work

In this paper, we presentan initial explorationof tech-
niquesfor software validation in a model-driven environ-
ment. As the primary behavioural artifact in the OMG's
model-drivenarchitecture,modeltransformationprograms
mustbe rigorously tested. Although this canbe achieved
usingtraditionaltestingtechniques,wepresentanumberof
strategiesthat adapttheseto bettersuit modeltransforma-
tions, which differ signi�cantly in the datastructuresthat
areused.Sincethe languagesusedto specifymodeltrans-
formationsarestill in theprocessof beingnormalized,we
usea lowest-commondenominatorlanguagebasedon op-
erationsandOCL pre-andpost-conditions.

We presenta test adequacy criterion for testingmodel



transformations.Basedon the techniquesof partition test-
ing andUML classdiagramcoverage,thecriterionconsists
of the derivation of coverageitems for the sourcemeta-
models. To avoid the commonproblem of larger-than-
necessarymeta-models,wealsodiscussa techniquefor de-
riving an effective meta-model,asthe usefulsubsetof the
actualmeta-model.Using this coveragecriterion, we dis-
cusstwo approachesto thegenerationof testdata,basedon
systematicandbacteriologicalgorithms.

Thereremainsa lot of researchto bedoneinto thetest-
ing of model-drivenarchitectures.We now intendto clar-
ify andempirically evaluatethe techniquespresentedhere
to assesstheir effectivenessin �rst small- and later large-
scalemodeltransformations.Oncethe languagefor model
transformationshasbeennormalized,it will bepossibleto
expandon the techniquesdiscussedherefor white-boxor
structuraltesting,includingthede�nition of mutationoper-
atorsfor theuseof mutationtestingto qualify andimprove
thequality of thetestset.Also, while we examinethetest-
ing of model transformations,thereis also muchwork to
be donein the testingof systemsdevelopedusingmodel-
driventechniques.
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