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Abstract

We presenta novel approachto implementa graphtransformationenginebasedon stan-
dardrelationaldatabasemanagementsystems(RDBMSs).Theessenceof theapproachis
to createdatabaseviews for eachrulesandto handlepatternmatchingby innerjoin opera-
tionswhile negative applicationconditionsby left outerjoin operations.Furthermore,the
modelmanipulationprescribedby theapplicationof agraphtransformationrule is alsoim-
plementedusingelementarydatamanipulationstatements(suchasinsert,delete,update).
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1 Introduction

Relationaldatabasemanagementsystems(RDBMSs) that serve as the storage
mediumfor businesscritical datafor large companiesareprobablythe mostsuc-
cessfulproductsof software engineering.A crucial factor in this successis the
closesynergy betweentheoryandpractice:SQL, thestandarddatadefinition,ma-
nipulationandquerylanguageis built uponprecisemathematicalfoundations.

Graphtransformation[4] hasprovedits maturity for describingmodelqueries
andmanipulationsonaveryhighabstractionlevel. Duringthepastyears,intensive
researchhasbeenfocusingon how graphtransformationcould be adaptedas a
visual queryanddatamanipulationlanguagefor databases.The following list is
merelyabrief selectionof somemainresultsin thefield.
,
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z AndriesandEngelsproposein [1] a hybrid (visualandtextual) querylanguage

basedupongraphtransformation.
z In [9], Jahnke andZündorf proposethe useof triple graphgrammars[16] for

databasere-engineeringof legacy systemsin their Varletframework.
z GRAS [10] is a graph-orienteddatabasemanagementsystemdevelopedat the

University of Aachen,which served as the underlyingdatabasefor the PRO-
GRES[18] graphtransformationtool. A recentversionof theGRASdatabase
(namelyGRAS/GXL [2]) aims to definean interfacethat provides accessto
RDBMSsfor graphbasedtools(e.g.,PROGRES).

It is commonin all theseapproachesthat they investigatehow graphtransfor-
mationcancontribute to databasemanagementsystemsandtasks.However, it is
alsoworth examininghow thematuretheoryandpracticeof RDBMSscanpoten-
tially contributeto theparadigmof graphtransformation.

In thecurrentpaper, we follow thisseconddirection.Moreprecisely, wereport
on thedevelopmentof agraphtransformationengine,which usesanopen,off-the-
shelf relationaldatabase(namely, PostgreSQL[12]) asa backend,andit provides
aninterfaceto existing toolsthatserveasfrontendsin thearchitecture.

The essenceof the approachis to createdatabaseviews for eachrulesandto
handlegraphpatternmatchingby inner join operationswhile negative application
conditionsby left outerjoin operationsFurthermore,themodelmanipulationpre-
scribedby theapplicationof agraphtransformationrule is alsoimplementedusing
elementarydatamanipulationstatements(suchasINSERT, DELETE).

However, a critical questionis how the performanceof a graphtransforma-
tion enginebasedupon a relationaldatabasescalesup for large modelsor long
transformationsequences.After examiningtheperformanceof our prototypeim-
plementationon variousproblemsandcomparingit to two populartransformation
engines(AGG[5] andPROGRES[18]), weclaimthatsuchanimplementationis a
promisingalternative.

Therestof thepaperis structuredasfollows. Section2 providesa brief intro-
duction to modelsandmetamodels,graphtransformationandthe main concepts
of relationaldatabases.In Sec.3, which is the main part of the paper, we sketch
how to encodegraphtransformationrulesinto SQL queriesandoperations.The
experimentalevaluationof our prototypegraphtransformationengineis provided
in Sec.4 ondifferentexamples(includingacomparisonwith bothAGGandPRO-
GRESfor variouscases).Finally, ourconclusionsarein Section5.

2 Graph transformation and databases

2.1 Metamodelsandmodels

Themetamodel( {|{ ) describestheabstractsyntaxof a modelinglanguage.For-
mally, it canbe representedby a type graph. Nodesof the type grapharecalled
classes( } ). A classmayhaveattributes( ~������ ) thatdefinesomekind of properties
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of the specificclass. Inheritancemay be definedbetweenclasses,which means
that theinheritedclasshasall thepropertiesits parenthas,but it mayfurthercon-
tain someextra attributes.Finally, associations( ~��%����� ) definebinaryconnections
betweenclasses(edgetypesbetweennodetypes).

The instancemodel( { ) (or, formally, an instancegraph)describesconcrete
systemsdefinedin a modelinglanguageand it is a well-formed instanceof the
metamodel.Nodesandedgesare calledobjects( � ) and links ( � ), respectively.
Objectsand links are the instancesof metamodellevel classesandassociations,
respectively. Attributesin themetamodelappearasslots( � ) in theinstancemodel.
Inheritancein theinstancemodelimposesthatinstancesof thesubclasscanbeused
in everysituationwhereinstancesof thesuperclassarerequired.

Example 2.1 A distributed mutual exclusion algorithm whosefull specification
canbefoundin [8] will serveasarunningexamplethroughoutthepaper. Processes
try to accesssharedresourcesin this domain.Onerequirementfrom thealgorithm
is to allow accessto eachresourceby atmostoneprocessatatime. Thisis achieved
by usinga tokenring, whichconsistsof processesconnectedby edgesof typenext.
In theconsecutive phasesof thealgorithm,(i) a processmay issuea requeston a
resource,(ii) theresourcemayeventuallybeheldbyaprocessandfinally aprocess
may releasethe resource.The right to accessa resourceis modeledby a token.
Thealgorithmalsocontainsadeadlockdetectionprocedure,whichhasto trackthe
processesthatareblocked.

Themetamodel(typegraph)of the problemdomainandtwo instancemodels
aredepictedin theleft andright partsof Fig. 1, respectively.
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Fig. 1. Metamodelandsampleinstancemodelsfor theproblemdomain

2.2 Graphtransformation

Graphtransformation[4] providesa patternandrule basedmanipulationof graph
models.Eachrule applicationtransformsa graphby replacinga partof it by an-
othergraph.

A graph transformationrule �21 3 �54 �76�894 �76�: ~ }<; containsa left–hand
sidegraph�=4 � , aright–handsidegraph894 � , andnegativeapplicationcondition
graphs:"~t} (depictedby crosses).The �54 � andthe :"~t} graphsaretogether
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calledtheprecondition>?89@ of the rule. Samplegraphtransformationruleswill
bepresentedlaterin Fig. 2.

Example 2.2 The distributed mutual exclusion algorithm can be describedwith
13 simplegraphtransformationrules. (The mostcomplex rule has4 nodesand
3 edges.) A sampletransformationrule describinghow to releasea resourceis
presentedin Fig. 2.
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Fig. 2. A sampletransformationrule (ReleaseR)

Thisruleis applicableif thereis aresourcethatis heldby aprocess,whichdoes
not have any requestissuedon any resources.Model 1 of Fig. 1 presentsa sample
situationwherethis rule is applicable,sinceresourcer is heldby processp1 andp1
doesnothaveany otherrelationshipwith resources.

In this specificcase,rule applicationmeansthat theselectedresourceis to be
releasedby theprocess,which resultsin aninstancemodel(Model 2) presentedin
thelower right partof Fig. 1.

Theapplicationof � to anhost(instance)model( { ) replacesa matching(or
occurrence)( �N��� ) of the �54 � in { by an imageof the 894 � . This is performed
by (i) finding a matchingof �54 � in { , (ii) checkingthe negative application
conditions : ~ } (which prohibit the presenceof certainobjectsand links) (iii)
removing a part of the model { that can be mappedto �54 � but not to 894 �
yielding thecontext model,and(iv) gluing thecontext modelwith animageof the
894 � by addingnew objectsandlinks (thatcanbemappedto the 894 � but not to
the �54 � ) obtainingthederivedmodel( {�� ). A graphtransformationis asequence
of rule applicationsfrom aninitial model {�� .

Typically, themostcritical phaseof agraphtransformationstepis graphpattern
matching,i.e. to find a single (or all) occurrence(s)of a given �54 � graph in
a host model { . Patternmatchingtechniquesof existing graphtransformation
tools canbe groupedinto two main categories. For further comparisonof graph
transformationapproachessee[17].
z Algorithmsbasedon constraint satisfaction(suchas[11] in AGG [5], VIATRA

[20]) interpretthegraphelementsof thepatternto be foundasvariableswhich
shouldbe instantiatedby fulfilling the constraintsimposedby the elementsof
theinstancemodel.Our implementationalsofalls into this category.

z Algorithms basedon local searchesstart from matchinga singlenodeandex-
tendingthematchingstep-by-stepby neighboringnodesandedges.Thegraph
patternmatchingalgorithmof PROGRES(with sophisticatedsearchplans[21]),
Dörr’sapproach[3], andtheobject-orientedsolutionin FUJABA [13] fall in this
category.
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Our experimentsin Sec.4 will show that algorithmsbasedon constraintsat-
isfactionhave betterperformancein general,if interpretedgraphtransformation
enginesareunderobservation. However, it is obvious that a compiledapproach
givesbetterresultsthanan interpretedengine. The comparisonof constraintsat-
isfactionand local searchbasedalgorithmsin caseof compiledenginesis to be
performedin thefuture.

3 Graph transformation in relational databases

We presenthow a graphtransformationengine(following thesinglepushout[15]
approachwith injectivematchings)canbeimplementedusingarelationaldatabase.
First, we createa appropriatedatabaseschemabasedon the metamodel,thenthe
databaserepresentationof themodelis generated(Sec.3.1). Afterwards,thepat-
tern matchingphaseof rule applicationis implementedusing databasequeries
(Sec.3.3–3.4),finally datamanipulationis handled(in Sec.3.5).

Due to spacerestrictions,we assumethe reader’s familiarity with elementary
conceptsof relationaldatabasesconcepts.Theseissuesarepresented,e.g.,in [19].

3.1 Mappingmodelsandmetamodelsto databasetables

Instancemodelsrepresentingthesystemunderdesignarestoredin databasetables.
Weuseda standardmapping(for moredetailssee[19,14]) to generatetheschema
of thedatabasefrom themetamodel.
z Eachclassis mappedto a tablewith asinglecolumn.Thiscolumnwill storethe

identifiersof objectsof thespecificclass.
z We assigna tablefor eachassociationthatappearsin themetamodel.This table

hasthreecolumnsthat containthe identifiersof links, sourcenodesandtarget
nodes,respectively. Foreignkeys shouldadditionallybedefinedfor thelasttwo
columns.Thesekeysreferto identifiercolumnsin sourceandtargetnodetables,
respectively.

z If a subclassis inheritedfrom a superclass,then table that correspondsto the
subclassshouldbe extendedby a foreign key constraintthat links primary key
columnsof the two tables.This meansthatall identifiersappearingin thesub-
classtableshouldalsoappearin thesuperclasstableaswell.

Example 3.1 The databaserepresentationof the instancemodel Model 1 is de-
pictedin theupperpartof Fig. 3. Themeaningof the lower partof Fig. 3 will be
discussedlater.

3.2 Inner joins andleft outerjoins: Anoverview

Wegiveashortoverview onthemostcrucialconceptsof RDBMSsthatwebuild on
in thesequel,namely, views, innerjoins andleft outerjoins. Theformal treatment
of theseconceptscanbefoundin [19].
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Fig. 3. Databaserepresentation

The inner join of tables 8 and � (denotedby 8êéë � ) is a selectionfrom the
Cartesianproduct,i.e. acrossjoin 8íìB� filteredby someformula î . SQLnotation
of theinnerjoin operationis SELECT * FROM R,S WHERE R.A=S.B where
~ and ï arethosecommoncolumnsin tables8 and � , respectively onwhich inner
join is executed. The filtering formula î is the equality relation in the WHERE

conditionin this case.

The left outer join of 8 and � (denotedby 8 éð � ) (i) containsall the rows

of 8 éë � , and (ii) additionally it containsall suchrows of 8 , for which there
are no rows in � satisfying î . Theserows are filled with NULL valuesfor the
columnsof � . A sampleleft outerjoin is SELECT * FROM R LEFT JOIN S
ON R.A=S.B.

A view ñ is a derived table(relation)with a separatename.It canbedefined
with a full featuredSELECT query.

3.3 Viewsfor rule graphs(LHSandNAC).

We proposeto calculatethe matchingpatternsof a graphtransformationrule by
usingviews (i.e. a SELECT query),which containall thesuccessfulmatchingsof
therule. Morespecifically, we introduceseparateviewsfor each�=4 � , :"~ } , and
><89@ graphs(whichis acombinationof an �54 � andseveral :"~t} s) for eachrule.

Example 3.2 We introducetheessenceof this approachby anexamplelisting the
view generatedfor the �=4 � and :"~t} graphof theReleaseR rule (seeFig. 2).

CREATE VIEW ReleaseR_lhs AS -- an LHS view
SELECT p.id AS p, hb.id AS hb, r.id AS r -- with 3 columns
FROM Process AS p, Held_by AS hb, Resource AS r
WHERE r.id=hb.src AND p.id=hb.trg -- for held_by edge hb

CREATE VIEW ReleaseR_nac AS
SELECT p.id AS p, reqn.id AS reqn, rn.id AS rn
FROM Process AS p, Request AS reqn, Resource AS rn
WHERE p.id=reqn.src AND rn.id=reqn.trg -- for request edge reqn

Wecanmakesomeobservationsrelatedto thestructureandcontentof theresult
view. (i) Theview containsasmany columnsasthenumberof graphobjects(i.e.
nodesandedges)appearingin the correspondingrule graph(which meansthree
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columnsin Example3.2includingp.id AS p). (ii) Thetypeof eachgraphobject
(i.e. eachcolumn)correspondsto aspecificdatabasetable(seee.g.Process AS
p). (iii) Valid rows shouldbesourceandtargetpreservingfor all edgesin therule
graph. For instance,conditionr.id=hb.src AND p.id=hb.trg expresses
that thesourcenodeof hb is r andthe targetnodeof hb is p. (iv) A row should
correspondto asuccessfulmatchingof thegraphpattern.

Thegeneralstructureof aqueryfor a rule graphhasthefollowing syntax.ò
CREATE VIEW ó�ô�õ÷ö®øúù û´õ�üþý AS
SELECT ó�ÿ , .id AS ó�ÿ , , ùQùQù , ó�ÿ�� .id AS óèÿ��
FROM ó�ÿ , ù ��� ö®ý AS óèÿ , , ùKùQù , óèÿ�� ù ��� ö®ý AS óèÿ��
WHERE ý��)óèý �Qÿ�û	� � ô�õ�
 û � � AND 
 û
��ý�� � 
���
 ��� ��ÿ�û	� � ô�õ�
 û � �

Edge constraints expressthe adjacency of nodesand edges. For eachedge,
weaddasubformula��� .id= � .src AND ��� .id= � .trgwhere��� is thesource
nodeand ��� is thetargetnodeof edge� (in therule graph).

Injectivityconstraintsaredefinedfor all pairsof �54 � graphobjectsof thesame
type(or, moreprecisely, thathavecommonsupertypes).For eachpair �x��� and �1��� ,
weadda subformulaof theform �x��� .id<> �x��� .id.

3.4 Left joins for preconditionsof rules.

Whentheview for the ><89@ graphis generated,views of all its positiveandneg-
ative applicationconditionsare available. If the ><89@ graphdoesnot have any
negative applicationconditionsthen the view definedfor its �54 � graphcanbe
useddirectly. If the ><89@ graphhasat leastone :"~t} graph,the corresponding
view definitionhasthefollowing syntax:

CREATE VIEW ô�����ý�ù û´õ�ü ý AS
SELECT �Iø���ù û´õ�üþý .*
FROM �Iø��

LEFT JOIN û´õ�� , ON �Iø�� . � , = û´õ � , . � , AND ùQùQù AND �Iø�� . �!� = û´õ�� , . �!�ùQùKù
LEFT JOIN û´õ��#" ON �Iø�� . � , = û´õ��#" . � , AND ùKùQù AND ��ø$� . �!� = û´õ �%" . �!�

WHEREû´õ � , . � , IS NULL AND ùKùQù AND û´õ�� , . �!� IS NULL AND ùQùQùû´õ �%" . � , IS NULL AND ùKùQù AND û´õ �%" . �%� IS NULL

Informally, each:"~t} is left outerjoinedto the �54 � graphoneby one. The
morphismbetweenthe �=4 � anda : ~ } graph(in otherterms,thesharedgraph
objects)is translatedinto a join condition of type &('Y� . �*) = �,+v�%- . ��) (where ��)
refersto therelatedgraphobject). Furthermore,for a successfulmatchingwe re-
quirethatthecorrespondingcolumnsof :"~ } (s)arefilled with NULL values.This
meansthat thereareno possibleextensionsof a matchingof the �54 � that is also
amatchingof (any) :"~ } graph.

.
Thedisturbinglyoverloadeduseof óèÿ�/ is only anSQLhack,basicallyó�ÿ�/ alwayscorrespondsto

onegraphobjectin therule graph.
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Example 3.3 To continueour runningexample,wepresenttheview definitionfor
the ><89@ graphof theReleaseR rule.

CREATE VIEW ReleaseR AS
SELECT lhs.*
FROM ReleaseR_lhs AS lhs LEFT JOIN ReleaseR_nac AS nac
ON lhs.p=nac.p
WHERE nac.p IS NULL

Thelowerpartof Fig. 3 shows thecontentsof views thathavebeendefinedfor
the �=4 � , the : ~ } andthe >?89@ partof rule ReleaseR, respectively.

Finally, all successfulmatchingsof a rule canbe enumeratedasSELECT *
FROM rule.view, wherea singlematchingis a row in thecorrespondingview.
Storingall thematchesof arulecanbeextremelyusefulfor modeltransformations
wherenoconflictsoccurwithin (awell-designedsetof) graphtransformationrules,
thustherule canbeappliedin parallelto independentmatches.However, for our
experiments(in Sec.4), wedid notusethis possibilityin orderto comparethereal
efficiency of useof therelationaldatabases.

3.5 Graphmanipulationin relationaldatabases

We proposethat operationsin the graphmanipulationphasecanbe implemented
by issuingseveraldatamanipulationcommands(INSERT andDELETE) in a single
transactionblock. Thetransactionblock is neededto ensurethata graphtransfor-
mationstepis atomic, i.e., eitherall commandsor noneof themareexecutedto
resultin aconsistentmodelafterrule application.

Deletions. If �x� is agraphobjectin �54 �10 894 � prescribingthedeletionof the
successfullymatchedmodelelement23� thenthe removal of 23� is implemented
with a DELETE command:“DELETE FROM �x�	4ã�!5�67� WHERE �x� .id = 23� ”.

As a singlemodelelementmayappearin differenttables(accordingto the in-
heritancehierarchy),a DELETE commandshouldbeexecutedoneachsupertypeof
�x�	4ã�!5
68� . Fortunately, by usingforeignkey constraintsof theDBMS, it is sufficient
to removeanelementfrom root table(i.e. thetablerepresentinga commonroot in
thetypehierarchy).Therefore,therealdeletecommandis “DELETE FROM ���N�%�
WHERE ������� .id = 23� ”.

If the deletionof a node �1� is prescribedby a rule then all danglingedges
(i.e. all incident edges)shouldbe removed as well. In this caseoperationsof
the form “DELETE FROM � WHERE � .src = 23��4:9<; OR � .trg = 23��4=9>; ”
have to beexecutedon any table � thatcorrespondsto anedgetype. However, this
deletionis obtainedautomaticallyby usingthepreviousforeignkey constructs.

Insertions. If �x� is a graphobjectin 894 �109�54 � prescribingthecreationof a
modelelement23� , thenthecreationof 23� is implementedby INSERT statements
in thefollowing way.
z If �x� is a node,thenwe executea sequenceof INSERTs of the form “INSERT
INTO �x�?4ÿ�!5�67��) (id) VALUES ( 23��4:9<; )” where each type �!5�67��) is pro-
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cessedin a top-down way accordingto the inheritancehierarchystartingfrom
theroot table(to fulfill therestrictionsimposedby foreignkeys).

z If �x� is an edge, then a seriesof INSERTs of the form “INSERT INTO
�x�	4ã�!5�67��) (id,src,trg) VALUES ( 23��4:9<; , 23��4 �#��� , 23��4ÿ����� )” is executed
whereeachtype �!5
68��) is processedagainin a top-down way accordingto the
inheritancehierarchystartingfrom theroot table.

Example 3.4 We continueour samplegraphtransformationrule ReleaseR with
themodelmanipulationparts.Notethatany text with a postfix 4:�,� @A9>; denotesthe
identifierof theobjectthat is addedto themodel.Postfixesof theform 4:9<; denote
valuesthatoriginatefrom thepatternmatchingphase.

DELETE FROM Held_by WHERE id = ø�B�ù 
��
DELETE FROM root WHERE id = ø�B�ù 
��
INSERT INTO root (id) VALUES ( ô�ý��Gù û´ý#C�
�� )
INSERT INTO Release (id,src,trg) VALUES ( ô�ý���ù û´ý�CD
�� , ô�ù 
�� ,öúù 
�� )

4 Experimental results

In orderto assesstheperformanceof our graphtransformationengine,testswere
performedon a 300 MHz Pentiummachinewith 64 MB RAM. A Linux kernel
of version2.4.18served PostgreSQLthat we usedas the underlying relational
database.No additionaloptimizationtechniqueswere appliedin our engine,so
all optimizationfeatureswereprovidedby PostgreSQLby default.

Duringtheexecutionof testsonAGG,weswitchedoff theGUI, soruleapplica-
tionswereguidedby a JAVA program.In contrast,weusedthestandardinterpreter
with the underlyingGRAS databaseasa runningenvironmentfor the PROGRES

testsand in addition, the Prolog-stylecuts in the specificationto make the exe-
cution deterministic. This way, we were doing programmedgraphrewriting in
eachcasefor batchtransformations.Furthermore,we threw away the generated
DB views after eachstepto obtaina worst-caseperformanceassessmentfor our
transformationengine.

Figure4 shows theexecutiontimesof thethreetestsets(having differentchar-
acteristics)carriedout on our mutualexclusionexample. Valuesin avg columns
areaveragetimesneededfor a singlerule application,while sum columnsdenote
theexecutiontime of thewholetransformationsequence.

Short transformation sequences. Initial instancegraphsin this testsetonly
containedtwo processnodesandtwo edgeslinking theprocessnodesin bothdirec-
tions. Let : denotethemaximumnumberof processesappearingin the instance
modelduringaspecifictest.Thetransformationsequencein itself consistedof the
executionof 5: –1 graphtransformationrules.Thelargestinstancegraphthatap-
pearsduring the rule applicationphasehas : +1 nodesand2: +1 edges. : was
chosento 5, 100,and1000in our differentexperimentsresultingin modelsof size
17,302,and3002,respectively.
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Fig. 4. Experimentalresults

Long transformation sequences. For this test set, we modified two rules
(namely, req and rel of [8]) in order to restrict their applicability in certainsitu-
ationsandto geta deterministictransformationsequence.The initial modelcon-
sistedof 2: nodes( : processesand : resources)and2: edges. 6: +1 rules
werecollectedinto a basicexecutionunit that wasexecutedseveral timesin our
experiments.This basicexecutionunit containedall the rulesthatdid not modify
the numberof processesandresources.During the executionof a basicunit the
instancegraphhadexactly 2: nodesandat most3: +1 edges.

Few matches on large models. The third testsequenceconsistedof 4: rule
applicationsthatwereorganizedinto four blocks.Onesuchblock correspondedto
a specificrule that couldbe appliedconcurrentlyon : differentprocesses.Each
ruleapplication(i) disabledtheexecutionof thesameruleon thesameprocess,(ii)
it left unchangedtheenablednessof thesamerule on otherprocesses,andfinally,
(iii) it enabledthe executionof the following rule on the sameprocess.This test
sequenceproducedmodelsof size5: , which were50, 150, 250, 500, and1000
in the concreteruns. (Rule req had to be slightly modified againto ensurethe
appropriatebehavior.)

Naturally, we carriedout additionaltestcases(on differentexamples)to com-
parethesetoolswhichwerenotpresentedin thecurrentpaperdueto spaceconsid-
erations.Our experimentscanbesummarizedasfollows.
� PROGRES had good performancein cases,when the numberof matcheswas

relatively large comparedto the modelsize. However, if only several matches
existedin a largemodel,thenits backtrackingstrategy causeda heavy decrease
in theruntimeperformance.

� In caseof largemodels,theupdatestrategy of AGG consumesat leastasmuch
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timeasthepatternmatchingphaseitself which is quiteunexpectedsincetheDB
engineperformedupdates(to basetables)in constanttime.

� Our graphtransformationenginebasedon a compilationto relationaldatabases
fulfilled our minimumgoal,namely, to significantlyoutperforminterpretedap-
proacheslike AGG or PROGRES. However, for a real assessment,we needto
compareour DB approachto othercompiledgraphtransformationenginessuch
asFujaba[13] which is still to bedone.

Althoughall our examplesconsistedof only a relatively smallnumberof rules
(lessthan20), we believe theperformanceof our databaseapproachis not drasti-
cally decreasedin caseof typical softwareengineeringapplications(e.g.hundreds
of rathersmallrules)sincethecalculationof aview requiresto join only few tables
ata timeandit is independentof thenumberof rules.

5 Conclusion and Future Work

In thepaper, weproposedanew graphtransformationenginebasedonoff-the-shelf
relationaldatabases.After sketchingthemainconceptsof ourapproach,wecarried
out several testcasesto evaluateour prototypeimplementationby comparingit to
thetransformationenginesof theAGG[5] andPROGRES [18] tools.

Themainconclusionthatcanbedrawn from our experimentsis thatrelational
databasesprovideapromisingcandidateasanimplementationframework for graph
transformationengines.Wecall attentionto thefactthatourpromisingexperimen-
tal resultswereobtainedusingaworst-caseassessmentmethodi.e. by recalculating
theviewsof thenext rule to beappliedfrom scratchwhichis still highly inefficient,
especially, for modeltransformationswith a largenumberof independentmatches
of thesamerule.

Furtheroptimizationsarerequiredif we aim at incrementaltransformationsin
the future. Despitethe fact that incrementalupdatingtechniquesare subjectto
researchin many fields (e.g. databaseview recalculation[7], expertsystems[6]),
therearestill only a few RDBMSsthatimplementincrementalview updatingeven
with strongrestrictions.PostgreSQLdoesnotsupportthis featureatall, whichwas
themainreasonfor recalculatingtheviews from scratchin eachstep.
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