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Abstract

We presenta novel approachto implementa graphtransformatiorenginebasedon stan-
dardrelationaldatabasenanagemergystemgRDBMSSs). The essencef the approactis
to createdatabas@iews for eachrulesandto handlepatternmatchingby innerjoin opera-
tionswhile negative applicationconditionsby left outerjoin operations.Furthermorethe
modelmanipulatiorprescribedy theapplicationof agraphtransformatiomrule is alsoim-
plementedisingelementarydatamanipulationstatementgsuchasinsert,delete update).
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1 Introduction

Relational databasenanagemensystems(RDBMSSs) that sene as the storage
mediumfor busines<critical datafor large companiesare probablythe mostsuc-
cessfulproductsof software engineering.A crucial factorin this successs the
closesynegy betweertheoryandpractice:SQL, the standarddatadefinition, ma-
nipulationandquerylanguages built uponprecisemathematicafoundations.

Graphtransformatiori4] hasprovedits maturity for describingmodelqueries
andmanipulation®navery high abstractiorievel. Duringthepastyears,ntensve
researchhasbeenfocusingon how graphtransformationcould be adaptedas a
visual query and datamanipulationlanguagefor databasesThe following list is
merelya brief selectionof somemainresultsin thefield.

L Email:gervarro@s. bne. hu
2 Email:friedl @s. bme. hu
3 Email:varro@it. bne. hu
This is a preliminary version. The final version will be published in

Electronic Notes in Theoretical Computer Science
URL: wuw.elsevier.nl/locate/entcs



VARRO, FRIEDL AND VARRO

* AndriesandEngelsproposein [1] a hybrid (visualandtextual) querylanguage
basedupongraphtransformation.

+ In [9], Jahnle and Ziindorf proposethe useof triple graphgrammargq16] for
databasee-engineerin@f legag/ systemsn their Varletframework.

+ GRAS|[10] is a graph-orientedlatabasenanagemensystemdevelopedat the
University of Aachen,which sened as the underlying databasdor the PRO-
GRES[18] graphtransformatiortool. A recentversionof the GRAS database
(namely GRAS/GXL [2]) aimsto definean interfacethat provides accesso
RDBMSsfor graphbasedools(e.g.,PROGRES).

It is commonin all theseapproacheshatthey investigatenow graphtransfor
mationcancontritute to databasenanagemensystemsandtasks. However, it is
alsoworth examininghow the maturetheoryandpracticeof RDBMSscanpoten-
tially contributeto the paradigmof graphtransformation.

In the currentpaper we follow this seconddirection.More preciselywe report
onthedevelopmenbf agraphtransformatiorengine which usesanopen,off-the-
shelfrelationaldatabasénamely PostgreSQL12]) asa baclend,andit provides
aninterfaceto existing toolsthatsene asfrontendsin thearchitecture.

The essenc®f the approachs to createdatabaseriews for eachrulesandto
handlegraphpatternmatchingby innerjoin operationsvhile negative application
conditionsby left outerjoin operationd~urthermorethe modelmanipulationpre-
scribedby theapplicationof agraphtransformatiornrule is alsoimplementedising
elementarydatamanipulationstatement$suchasINSERT, DELETE).

However, a critical questionis how the performanceof a graphtransforma-
tion enginebasedupon a relationaldatabasescalesup for large modelsor long
transformatiorsequencesAfter examiningthe performanceof our prototypeim-
plementatioron variousproblemsandcomparingt to two populartransformation
engine§AGG [5] andPROGRES[18]), we claimthatsuchanimplementations a
promisingalternatve.

Therestof the paperis structuredasfollows. Section2 providesa brief intro-
ductionto modelsand metamodelsgraphtransformationand the main concepts
of relationaldatabasesin Sec.3, which is the main part of the paper we sketch
how to encodegraphtransformatiorrulesinto SQL queriesand operations.The
experimentalevaluationof our prototypegraphtransformatiorengineis provided
in Sec.4 ondifferentexampleg(includinga comparisorwith both AGG andPRO-
GRESfor variouscases)Finally, our conclusionsarein Section5.

2 Graph transformation and databases

2.1 Metamodelsandmodels

The metamode(M M) describeshe abstracsyntaxof a modelinglanguage For-
mally, it canbe representedby a type graph. Nodesof the type graphare called
classeg(). A classmayhave attributes(Attr) thatdefinesomekind of properties
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of the specificclass. Inheritancemay be definedbetweenclasseswhich means
thattheinheritedclasshasall the propertiedts parenthas,but it may furthercon-
tain someextra attributes. Finally, associationg Assoc) definebinary connections
betweerclassegedgetypesbetweemodetypes).

The instancemodel (M) (or, formally, aninstancegraph)describesoncrete
systemsdefinedin a modelinglanguageandit is a well-formed instanceof the
metamodel. Nodesand edgesare called objects(O) andlinks (L), respectiely.
Objectsand links are the instancesof metamodelevel classesand associations,
respectrely. Attributesin themetamodebppeamsslots(S) in theinstancemodel.
Inheritancan theinstancanodelimposeghatinstance®f thesubclas€anbeused
in every situationwhereinstance®f thesuperclassrerequired.

Example 2.1 A distributed mutual exclusion algorithm whosefull specification
canbefoundin [8] will serneasarunningexamplethroughouthepaper Processes
try to accessharedesoucesin thisdomain.Onerequirementrom thealgorithm
isto allow accesso eachresourcdy atmostoneprocesatatime. Thisis achieved
by usingatokenring, which consistf processesonnectedy edgef typenext.
In the consecutie phase®f the algorithm, (i) a processmay issuea requeston a
resource(ii) theresourcemayeventuallybeheldbyaprocessandfinally aprocess
may releasethe resource.The right to accessa resourceis modeledby a token
Thealgorithmalsocontainsa deadlockdetectionprocedurewhich hasto trackthe
processethatareblodked

The metamodeltype graph)of the problemdomainandtwo instancemodels
aredepictedn theleft andright partsof Fig. 1, respectiely.

r.Resource

next

hb:held_by rq:request

p1:Process p2:Process
release -

rResource

held_by| | token

Resource

blocked request

rel:rrelease rq:request

p1:Process p2:Process

Metamodel Model 2

Fig. 1. Metamodelndsampleinstancenodelsfor the problemdomain

2.2 Graphtransformation

Graphtransformatiorj4] providesa patternandrule basedmanipulationof graph
models. Eachrule applicationtransformsa graphby replacinga part of it by an-
othergraph.

A graphtransformationrule » = (LHS, RHS, NAC) containsa left-hand
sidegraphL H S, aright-handsidegraphR H S, andnegative applicationcondition
graphsN AC' (depictedby crosses).The LH S andthe N AC' graphsaretogether

3



VARRO, FRIEDL AND VARRO

calledthe preconditionP RFE of the rule. Samplegraphtransformatiorruleswill
bepresentedaterin Fig. 2.

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

‘ p:Process %l rn:Rercel p:Process
A A
regn:request rel:release
hb:held_by
[ oResource | s o Lo |
r:Resource :
==

Fig. 2. A sampletransformationrule (ReleaseR)

Thisruleis applicablaf thereis aresourcehatis heldby aprocesswhichdoes
not have ary requesissuedon ary resourcesModel 1 of Fig. 1 presentsa sample
situationwherethisruleis applicable sinceresource is heldby proces$1 andpl
doesnothave ary otherrelationshipwith resources.

In this specificcase rule applicationmeansthatthe selectedesourcds to be
releasedy the processyhich resultsin aninstancemodel(Model 2) presentedn
thelowerright partof Fig. 1.

The applicationof r to an host(instance)model(A/) replacesa matching(or
occurrence)occ) of the LHS in M by animageof the RHS. Thisis performed
by (i) finding a matchingof LHS in M, (ii) checkingthe negative application
conditions NAC' (which prohibit the presenceof certainobjectsand links) (iii)
removing a part of the model M that can be mappedto LH S but notto RHS
yielding the context model,and(iv) gluing the context modelwith animageof the
RHS by addingnew objectsandlinks (thatcanbe mappedo the RH S but notto
the LH S) obtainingthederivedmodel(M’). A graphtransformations asequence
of rule applicationdrom aninitial model M.

Typically, themostcritical phaseof agraphtransformatiorstepis graphpattern
matching,i.e. to find a single (or all) occurrence(spf a given LH S graphin
a hostmodel M. Patternmatchingtechniquesof existing graphtransformation
tools canbe groupedinto two main cateyories. For further comparisorof graph
transformatiorapproachesee[17].

« Algorithmsbasedon constrint satisfaction(suchas[11] in AGG [5], VIATRA
[20]) interpretthe graphelementof the patternto be found asvariableswhich
shouldbe instantiatedoby fulfilling the constraintamposedby the elementsof
theinstancemodel. Ourimplementatioralsofalls into this category.

+ Algorithms basedon local seachesstartfrom matchinga single nodeand ex-
tendingthe matchingstep-by-stefby neighboringnodesandedges.The graph
patternmatchingalgorithmof PROGRES(with sophisticategearchplans[21]),
Dorr'sapproach3], andtheobject-orientedolutionin FUJABA [13] fall in this
cateyory.
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Our experimentsin Sec.4 will shov that algorithmsbasedon constraintsat-
isfaction have betterperformancan general,if interpretedgraphtransformation
enginesare underobsenation. However, it is obvious that a compiledapproach
givesbetterresultsthanan interpretedengine. The comparisorof constraintsat-
isfaction andlocal searchbasedalgorithmsin caseof compiledenginesis to be
performedn thefuture.

3 Graph transformation in relational databases

We presenthow a graphtransformatiorengine(following the single pushouf15]
approaclwith injective matchingsranbeimplementedisingarelationaldatabase.
First, we createa appropriatedatabaseschemabasedon the metamodelthenthe
databaseepresentationf the modelis generatedSec.3.1). Afterwards,the pat-
tern matchingphaseof rule applicationis implementedusing databasequeries
(Sec.3.3-3.4) finally datamanipulations handled(in Sec.3.5).

Due to spacerestrictions,we assumehe readers familiarity with elementary
conceptof relationaldatabasesonceptsTheseissuesarepresentede.g.,in [19].

3.1 Mappingmodelsand metamodel$o databasdables

Instancanodelsrepresentinghe systemunderdesignarestoredin databaséables.
We useda standardnapping(for moredetailssee[19,14]) to generatehe schema
of the databasérom the metamodel.

« Eachclassis mappedo atablewith a singlecolumn.This columnwill storethe
identifiersof objectsof the specificclass.

* We assigmatablefor eachassociatiorthatappearsn the metamodelThistable
hasthreecolumnsthat containthe identifiersof links, sourcenodesandtarget
nodesrespectrely. Foreignkeys shouldadditionallybe definedfor thelasttwo
columns.Thesekeysreferto identifiercolumnsin sourceandtargetnodetables,
respectrely.

« If asubclasss inheritedfrom a superclassthentable that correspondgo the
subclasshouldbe extendedby a foreign key constraintthat links primary key
columnsof thetwo tables. This meanghatall identifiersappearingn the sub-
classtableshouldalsoappeaiin the superclassableaswell.

Example 3.1 The databaseepresentatiof the instancemodel Model 1 is de-
pictedin the upperpartof Fig. 3. The meaningof the lower partof Fig. 3 will be
discussedater.

3.2 Innerjoins andleft outerjoins: Anoverviev

We give ashortoverview onthemostcrucialconceptof RDBMSsthatwe build on
in the sequelhamely views, innerjoins andleft outerjoins. Theformal treatment
of theseconceptanbefoundin [19].
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Process Resource held_by request release

[ id | [ id | id [src|trg] | id |src|trg] | id |src|trg]
p1 hb| r |p1rq|p2]| r
p2

ReleaseR_lhs ReleaseR_nac ReleaseR
p.id | hb.id | r.id p.id |reqgn.id| rn.id p.id | hb.id | r.id [reqn.id| r.id
p1 hb r p2 rq r p1 hb r | NULL | NULL

Fig. 3. Databaseepresentation

Theinner join of tablesR and S (denotedby R % S) is a selectionfrom the
Cartesiarproduct,i.e. acrosgoin R x S filteredby someformula F'. SQL notation
of theinnerjoin operationis SELECT * FROM R, S WVHERE R A=S. B where
A andB arethosecommoncolumnsin tablesk andS, respectrely onwhichinner
join is executed. The filtering formula F' is the equality relationin the WHERE
conditionin this case.

The left outer join of R and S (denotedby R DIZ S) (i) containsall the rows

of R K S, and (ii) additionallyit containsall suchrows of R, for which there
areno rows in S satisfying F'. Theserows arefilled with NuLL valuesfor the
columnsof S. A sampléleft outerjoin is SELECT * FROM R LEFT JO N S
ON R A=S. B.

A view V' is aderivedtable(relation)with a separatename. It canbe defined
with afull featuredseLECT query

3.3 Viewsfor rule graphs(LHSandNAC).

We proposeto calculatethe matchingpatternsof a graphtransformatiorrule by
usingviews (i.e. a SELECT query),which containall the successfumatchingsof
therule. More specifically we introduceseparateiews for eachLH S, N AC, and
PRE graphgwhichis acombinatiorof an L H S andseveral N AC's) for eachrule.

Example 3.2 We introducethe essencef this approactby anexamplelisting the
view generatedor the LH S and N AC graphof theReleaseR rule (seeFig. 2).
CREATE VI EW Rel easeR | hs AS -- an LHS view
SELECT p.id AS p, hb.id AS hb, r.id ASr -- with 3 colums

FROM Process AS p, Held_by AS hb, Resource ASr
VWHERE r.id=hb.src AND p.id=hb.trg -- for held_by edge hb

CREATE VI EW Rel easeR_nac AS

SELECT p.id AS p, reqn.id ASreqn, rn.id AS rn

FROM Process AS p, Request AS reqn, Resource AS rn

VWHERE p.id=reqn.src AND rn.id=reqgn.trg -- for request edge reqgn

We canmake someobsenationsrelatedto thestructureandcontentof theresult
view. (i) Theview containsasmary columnsasthe numberof graphobjects(i.e.
nodesand edges)appearingn the correspondingule graph(which meansthree
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columnsn Example3.2includingp. i d AS p). (ii) Thetypeof eachgraphobject
(i.e. eachcolumn)correspond$o a specificdatabas¢able(seee.g.Pr ocess AS
p). (iii) Valid rows shouldbe sourceandtargetpreservingor all edgesn therule
graph. For instanceconditionr . i d=hb. src AND p. i d=hb. t r g expresses
thatthe sourcenodeof hb isr andthetargetnodeof hb is p. (iv) A row should
correspondo a successfumatchingof thegraphpattern.
Thegeneralktructureof aqueryfor arule graphhasthefollowing syntax?
CREATE VI EW graph.name AS
SELECT go;.id AS go;, ..., go,.id AS go,
FROM go;.type AS goi, ..., gon.type AS go,
WHERE edge_constraints AND injectivity_constraints
Edge constaints expressthe adjaceng of nodesand edges. For eachedge,
weaddasubformulan;. i d=e. src AND n,. i d=e. t r g wheren, isthesource
nodeandn, is thetargetnodeof edgee (in therule graph).
Injectivity constaintsaredefinedfor all pairsof L HS graphobjectsof thesame
type (or, morepreciselythathavze commonsupertypes)For eachpair go; andgos,
we adda subformulaof theform go;. i d<>go,. i d.

3.4 Leftjoinsfor preconditionof rules.

Whentheview for the PRE graphis generatedyiews of all its positve andneg-
ative applicationconditionsare available. If the PRE graphdoesnot have ary
negative applicationconditionsthenthe view definedfor its LH S graphcanbe
useddirectly. If the PRFE graphhasat leastone N AC graph,the corresponding
view definitionhasthefollowing syntax:

CREATE VI EW rule.name AS

SELECT [hs.name. *

FROM [hs
LEFT JO N nac; ON lhs. ¢

naci. ¢; AND ... AND lhs. ¢, nacy. Cp

LEFT JAO N nac ON lhs.ci = nacg. ¢c; AND ... AND [hs. ¢, = nacy. ¢,
VWHERE

naci.c; 'S NULL AND ... AND naci. ¢, 1S NULL AND ...

nacg. ¢ 1S NULL AND ... AND nacg. ¢, 1'S NULL

Informally, eachN AC' is left outerjoinedto the LH S graphoneby one. The
morphismbetweenthe LHS anda N AC' graph(in otherterms,the sharedyraph
objects)is translatedinto a join condition of type lhs. ¢; = nac;. ¢; (Whereg;
refersto therelatedgraphobject). Furthermorefor a successfumatchingwe re-
quirethatthe correspondingolumnsof N AC(s) arefilled with NULL values.This
meanghatthereareno possibleextensionsof a matchingof the LH S thatis also
amatchingof (ary) N AC graph.

4 Thedisturbinglyoverloadeduseof go; is only anSQL hack,basicallygo; alwayscorrespondso
onegraphobjectin therule graph.
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Example 3.3 To continueour runningexample,we presentheview definitionfor
the PRE graphof theReleaseR rule.

CREATE VI EW Rel easeR AS

SELECT | hs. *

FROM Rel easeR | hs AS | hs LEFT JO N Rel easeR nac AS nac

ON | hs. p=nac. p
WHERE nac.p |'S NULL

Thelower partof Fig. 3 showvs the contentf views thathave beendefinedfor
the LHS, the NAC andthe PRE partof rule ReleaseR, respectiely.

Finally, all successfumatchingsof a rule canbe enumeratechs SELECT *
FROM r ul e. vi ew, wherea singlematchingis arow in the correspondingiew.
Storingall thematche®f arule canbe extremelyusefulfor modeltransformations
whereno conflictsoccurwithin (awell-designedetof) graphtransformationrules,
thusthe rule canbe appliedin parallelto independenimatches.However, for our
experimentgin Sec.4), we did not usethis possibilityin orderto comparehereal
efficiency of useof therelationaldatabases.

3.5 Graphmanipulationin relationaldatabases

We proposethat operationan the graphmanipulationphasecanbe implemented
by issuingseveral datamanipulationcommandgINSERT andDELETE) in asingle
transactiorblock. Thetransactiorblock is neededo ensurethata graphtransfor

mationstepis atomic,i.e., eitherall commandsr noneof them are executedto

resultin aconsistentnodelafterrule application.

Deletions. If go is agraphobjectin LHS\RH S prescribinghedeletionof the
successfullymatchedmodelelementme thenthe removal of me is implemented
with aDELETE command:DELETE FROM go.type WHERE go. i d = me”.

As asinglemodelelementmay appeaiin differenttables(accordingto thein-
heritancehierarchy),abDELETE commandshouldbe executedon eachsupertypeof
go.type. Fortunately by usingforeignkey constraintof the DBMS, it is sufficient
to remove anelementirom roottable(i.e. thetablerepresentingt commonrootin
thetypehierarchy).Thereforetherealdeletecommands “DELETE FROM root
VWHERE root. id = me”.

If the deletionof a node go is prescribedby a rule then all danglingedges
(i.e. all incidentedges)shouldbe removed aswell. In this caseoperationsof
the form “DELETE FROM ¢ WHERE ¢. src = me.id OR t.trg = me.id"
have to be executedon ary tablet thatcorresponds$o anedgetype. However, this
deletionis obtainedautomaticallyby usingthe previousforeignkey constructs.

Insertions. If go is agraphobjectin RH S\ LH S prescribingthe creationof a
modelelementme, thenthe creationof me is implementedoy INSERT statements
in thefollowing way.

+ If go is anode,thenwe executea sequencef INSERTS of the form “I NSERT
| NTO go.type; (1d) VALUES (me.id)” where eachtype type; iS pro-
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cessedn atop-dovn way accordingto the inheritancehierarchystartingfrom
theroottable(to fulfill therestrictionamposedby foreignkeys).

* If go is an edge, then a seriesof INSERTs of the form “I NSERT | NTO
go.type; (id,src,trg) VALUES (me.id, me.src, me.trg)” is executed
whereeachtype type; is processedgainin a top-dovn way accordingto the
inheritancehierarchystartingfrom theroot table.

Example 3.4 We continueour samplegraphtransformatiorrule ReleaseR with
themodelmanipulationparts.Notethatary text with a postfix.newid denoteghe
identifier of the objectthatis addedto the model. Postfixesof the form .id denote
valuesthatoriginatefrom the patternmatchingphase.

DELETE FROM Hel d_by WHERE id = hb.id

DELETE FROM root WHERE id = hb.id

I NSERT | NTO root (id) VALUES (rel.newid)
| NSERT | NTO Rel ease (id,src,trg) VALUES (rel.newid, r.id, p.id)

4 Experimental results

In orderto assesshe performanceof our graphtransformatiorengine testswere
performedon a 300 MHz Pentiummachinewith 64 MB RAM. A Linux kernel
of version2.4.18sened PostgreSQLthat we usedas the underlying relational
database.No additionaloptimizationtechniqueswvere appliedin our engine,so
all optimizationfeaturesvereprovided by PostgreSQlby default.

Duringtheexecutionof testson AGG, we switchedoff theGUI, soruleapplica-
tionswereguidedby a JAVA program.In contrastwe usedthe standardnterpreter
with the underlying GRAS databases a running ervironmentfor the PROGRES
testsandin addition, the Prolog-stylecutsin the specificationto make the exe-
cution deterministic. This way, we were doing programmedgraphrewriting in
eachcasefor batchtransformations.Furthermorewe threw away the generated
DB views after eachstepto obtaina worst-casegperformanceassessmerfor our
transformatiorengine.

Figure4 shavs the executiontimesof thethreetestsets(having differentchar
acteristics)carriedout on our mutual exclusionexample. Valuesin avg columns
areaveragetimesneededor a singlerule application,while sum columnsdenote
the executiontime of the wholetransformatiorsequence.

Short transformation sequences. Initial instancegraphsin this testsetonly
containedwo processiodesandtwo edgedinking theprocessiodesn bothdirec-
tions. Let N denotethe maximumnumberof processeappearingn theinstance
modelduringa specifictest. Thetransformatiorsequencén itself consistedf the
executionof 5N-1 graphtransformatiorrules. The largestinstancegraphthatap-
pearsduring the rule applicationphasehas N+1 nodesand2N+1 edges. N was
choserto 5, 100,and1000in our differentexperimentgesultingin modelsof size
17,302,and3002,respectiely.
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small 105 2512 125 3000 48 1150

medium 100] 302 499 110 55047 1042 520000 35 17459
large 1000] 3002 4999 409 timeout [timeout timeout 140 700419

145 362811 97 242000 34 84951
1952 timeout 920 timeout 257 1544621

18 723
33 3909
37 7332
38 15000
51 40581

Fig. 4. Experimentalesults

Long transformation sequences. For this test set, we modified two rules
(namely reqandrel of [8]) in orderto restricttheir applicability in certainsitu-
ationsandto geta deterministictransformatiorsequenceThe initial modelcon-
sistedof 2N nodes(/N processeand N resourcespnd 2N edges. 6/N+1 rules
were collectedinto a basicexecutionunit that was executedseveral timesin our
experiments.This basicexecutionunit containedall the rulesthatdid not modify
the numberof processesandresources.During the executionof a basicunit the
instancegraphhadexactly 2NV nodesandatmost3N+1 edges.

Few matches on large models. The third testsequence&onsistedf 4NV rule
applicationghatwereorganizednto four blocks.Onesuchblock correspondetb
a specificrule that could be appliedconcurrentlyon N differentprocessesEach
rule application(i) disabledthe executionof thesamerule onthe sameprocess(ii)
it left unchangedhe enablednessf the samerule on otherprocessesandfinally,
(i) it enabledthe executionof the following rule on the sameprocess.This test
sequencgroducedmodelsof size 5N, which were50, 150, 250, 500, and 1000
in the concreteruns. (Rule req hadto be slightly modified againto ensurethe
appropriatéoehaior.)

Naturally, we carriedout additionaltestcaseqon differentexamples)to com-
parethesetoolswhich werenot presentedh the currentpaperdueto spaceconsid-
erations.Our experimentanbe summarizeasfollows.

« PROGRES had good performancean caseswhenthe numberof matcheswvas
relatively large comparedo the modelsize. However, if only several matches
existedin alarge model,thenits backtrackingstratgy causedh heary decrease
in theruntimeperformance.

« In caseof large models,the updatestrategy of AGG consumest leastasmuch
10
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time asthe patternmatchingphasatself whichis quiteunexpectedsincethe DB
engineperformedupdategto basetables)in constantime.

« Ourgraphtransformatiorenginebasedon a compilationto relationaldatabases
fulfilled our minimum goal, namely to significantlyoutperforminterpretedap-
proachedike AGG or PROGRES. However, for a real assessmentye needto
compareour DB approacho othercompiledgraphtransformatiorenginessuch
asFujaba[13] whichis still to bedone.

Althoughall our examplesconsistedf only a relatively smallnumberof rules
(lessthan20), we believe the performanceof our databas@pproachs not drasti-
cally decreaseth caseof typical softwareengineeringapplicationge.g. hundreds
of rathersmallrules)sincethecalculationof aview requirego join only few tables
atatime andit is independenof the numberof rules.

5 Conclusion and Future Work

In thepaperwe proposedanew graphtransformatiorenginebasedn off-the-shelf
relationaldatabasedAfter sketchingthemainconceptof ourapproachye carried
out severaltestcasedo evaluateour prototypeimplementatiorby comparingit to
thetransformatiorenginesof the AGG [5] andPROGRES [18] tools.

The main conclusionthatcanbe dravn from our experimentds thatrelational
databaseprovide apromisingcandidateasanimplementatiorframenork for graph
transformatiorengines We call attentionto thefactthatour promisingexperimen-
tal resultswereobtainedusingaworst-casessessmemethod.e. by recalculating
theviews of thenext rule to beappliedfrom scratchwhichis still highly inefficient,
especiallyfor modeltransformationsvith alarge numberof independenmatches
of thesamerule.

Furtheroptimizationsarerequiredif we aim atincrementaktransformationsn
the future. Despitethe fact that incrementalupdatingtechniquesare subjectto
researchn mary fields (e.g. databaseiew recalculation7], expertsystemd6]),
therearestill only afew RDBMSsthatimplementincrementalview updatingeven
with strongrestrictions.PostgreSQldoesnot supportthis featureat all, whichwas
themainreasorfor recalculatingheviews from scratchin eachstep.
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