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Abstract

Weproposeanefficient implementationtechniquefor graphtransformationsystemsbased
on incrementalupdates. Theessenceof thetechniqueis to keeptrackof all possiblematch-
ingsof graphtransformationrulesin databasetables,andupdatethesetablesincrementally
to exploit thefactthatrulestypically performonly local modificationsto models.
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1 Introduction

Despitethelargevarietyof existinggraphtransformationtools,theimplementation
of their graphtransformationenginetypically follows the sameprinciple. In this
respect,first a matchingoccurrenceof the left-handsideof thegraphtransforma-
tion rule is beingfound by somesophisticatedgraphpatternmatchingalgorithm.
Thenpotentialnegativeapplicationconditionsarecheckedthatmighteliminatethe
previousoccurrence.Finally, theengineperformssomelocal modificationsto add
or remove graphelementsto thematchingpattern,andtheentireprocessstartsall
overagain.

Sincegraphpatternmatchingleadsto thesubgraphisomorphismproblemthat
is knownto beNP-completein general,thisstepis consideredto bethemostcrucial)
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in theoverall performanceof agraphtransformationengine.Thediversityof tools
is thusmainly characterizedby the differentstrategiesusedfor the graphpattern
matchingstep.Thesestrategiescanbegroupedinto two maincategories.o Algorithmsbasedon constraint satisfaction(suchas[9] in AGG [5], VIATRA

[12]) interpretthegraphelementsof thepatternto be foundasvariableswhich
shouldbe instantiatedby fulfilling the constraintsimposedby the elementsof
theinstancemodel.o Algorithms basedon local searchesstart from matchinga singlenodeandex-
tendingthematchingstep-by-stepby neighboringnodesandedges.Thegraph
patternmatchingalgorithmof PROGRES(with searchplans[13]), Dörr’s ap-
proach[3], andtheobject-orientedsolutionin FUJABA [6] fall in this category.

In thecurrentpaper, we arguethattheefficiency of graphtransformationis not
necessarilyequalto the efficiency of graphpatternmatching,especiallyfor long
transformationsequences.In fact, any implementationof a graphtransformation
engineis not optimal, if all the informationon previousmatchis lost whena new
transformationstepis started. Thuswe restartthe complex andexpensive graph
patternmatchingphasefrom scratcheachtime.

Several solutionsalreadyexist for reducingthe overheadof finding matches
for LHS of rulesasimplementedin PROGRES[13]: (i) applyinga graphtrans-
formationto all matchesin thegraphasonegraphrewriting step(pseudo-parallel
graphtransformation),(ii) usingincrementallycomputedderivedattributesandre-
lationshipsin LHS, and(iii) usingruleparametersin graphtransformationsto pass
computedknowledgeaboutpossibleLHS matchesfrom onerule to thenext one.

In the paper, we proposea techniquebasedon incrementalupdateswhich, in
itself, is not a new idea,but providesa new philosophyfor implementingefficient
graphtransformationengines.

After many yearsof research,different techniquesbasedon this idea have
evolvedandby now they arewidely acceptedandsuccessfullyusedin severaltypes
of applications(e.g.,expertsystems,relationaldatabases).o In theareaof rule-basedexpertsystems,theRete-algorithm(for moredetailssee

[7]) usestheideaof incrementalpatternmatchingfor facts.First adataflow net-
work is constructedbasedon thecondition(if ) partsof rules,which is basically
a directedacyclic graphof a specialstructure. Initially, this network is fed by
basicfactsthroughits input channels.Compoundfactsareconstitutedof more
elementaryfacts,thusthey arethe inputsof internalnodesin thenetwork. If a
fact reachesa terminalnode,thentherule relatedto this specificnodebecomes
applicableandassignmentsmodifyingthesetof basicfactsmaybeexecuted(ac-
cordingto thethenpart).Sinceeverynodekeepsa recordof its input facts,only
modificationsof thesefactshave to betrackedat eachstep.o In the areaof relationaldatabases,views may be updatedincrementally. A
databaseview is a query on a databasethat computesa relation whosevalue
is not storedexplicitly in thedatabase,but it appearsto theusersof thedatabase
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as if it were. However, in a group of methods,which is called by view ma-
terializationapproach,the view is explicitly maintainedasstoredrelation [8].
Every time a baserelationchanges,theviews thatdependon it mayneedto be
re-computed.

The main idea of incrementalupdatesin graphtransformationsystemsis to
keeptrack of all possiblematchingsof graphtransformationrulesin databaseta-
blesto make thegraphpatternmatchingstepvery fast. Afterwardswhena rule is
appliedweupdatethesetablesfor all locationsit is required.Sincegraphtransfor-
mationtypically manipulatesonly a small fragmentof the instancemodel,incre-
mentalupdatesrequireminor changesto thesetables.Naturally, the initialization
of thetablesneedssomeconsiderableamountof pre-processingprior to thetrans-
formation,but thesubsequenttransformationprocessitself becomesmuchfaster.

In this way, significantspeed-upcanbe expectedin complex transformations
which consistof long sequencesandmanipulateson hugeinstancemodels. Fur-
thermore,anevenmoresignificantgaincanbeachievedfor theparallelexecution
of independenttransformationsteps,sinceeachmatchingis storedexplicitly for all
therules. Model transformationsbetweentwo modelinglanguagestypically have
this propertyasthe target modelhasto be constructedfrom scratchby applying
almostexclusively non-deletingrules.

In thecurrentpaper, wediscussour initial experimentsin mappingmodelsand
metamodelsinto anoff-the-shelfrelationaldatabaseto implementtheincremental
updatetechniquefor thedining philosophersproblem.Notethattheintegrationof
databaseandgraphtransformationtechniqueshasalongtradition(seee.g.,[1,13]),
but theseapproachesusegraph-orienteddatabasesin contrastto relationalones(as
in our case).

2 Mapping models and metamodels to database tables

First we informally discussa (relatively standard)mappingof modelsandmeta-
modelsinto relationaldatabasetables.

Themetamodeldescribestheabstractsyntaxof amodelinglanguage.Formally,
it canberepresentedby atypegraph.Nodesof thetypegrapharecalledclasses. A
classmayhave attributesthatdefinesomekind of propertiesof thespecificclass.
Inheritancemaybedefinedbetweenclasses,which meansthat the inheritedclass
hasall thepropertiesits parenthas,but it mayfurthercontainsomeextraattributes.
Finally, associationsdefineconnectionsbetweenclasses.

Theinstancemodel(or, formally, aninstancegraph)describesconcretesystems
definedin a modelinglanguageandit is a well-formedinstanceof themetamodel.
Nodesandedgesarecalledobjectsand links, respectively. Objectsandlinks are
theinstancesof metamodellevel classesandassociations,respectively. Attributes
in themetamodelappearasslotsin theinstancemodel.Inheritancein theinstance
modelimposesthat instancesof thesubclasscanbeusedin everysituation,where
instancesof thesuperclassarerequired.
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In our approach,instancemodelsarestoredin databasetables.A possibleway

to definetheschemaof thedatabasecanbedrivenby themetamodel.o Eachclassis mappedto atablewith asinglecolumn(class(I)). Thiscolumn
will storetheidentifiersof objectsof thespecificclass.o We assigna tablefor eachassociationthatappearsin themetamodel.This table
hasthreecolumns(assoc(I,S,T)), whichcontainidentifiersfor thelink, and
its sourceandtargetobjects,respectively.o Eachattributeis mappedto a tablewith two columns(attr(I,V)) storingthe
objectidentifierandtheattributevalue,respectively.o If asubclassis inheritedfrom asuperclass,thentwo tableshaveto beconstructed
asif they weretwo independentclasses.However, all identifiersappearingin the
subclasstableshouldalsoappearin thesuperclasstableaswell.

Tablesthatarecreatedby this mappingwill bereferredto asbasetables.
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Fig. 1. Dining philosophers

Example 2.1 In order to presentour concepts,the dining philosophersproblem
will be usedthroughoutthis paperasa runningexample. Therearephilosophers
sitting arounda table, eachhaving a left and a right fork. Forks are placedon
the table betweentwo neighboringphilosophers,so forks are sharedresources.
Philosophersmaygrabtheir left andright forks andmayhold themin their hands.
Philosophersalsohave a statusattribute. This modelingdomainis depictedin the
metamodelof Fig. 1(a).

A well-formedinstancemodelof thisdomain(shown in Fig. 1(c))has4 objects
of classPhil (with status attributesinitialized to differentvalues)and4 objectsof
classFork. The modeladditionallyhas4 links of type left, 4 links of type right,
and2 links of typehold. Eachlink leadsfrom anobjectof typePhil to anobjectof
typeFork. Theequivalentdatabaserepresentationof theinstancemodelis depicted
in Fig. 1(b).
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3 Graph transformation in relational databases

Graph transformation[10,4] provides a patternand rule basedmanipulationof
graph-basedmodels.Eachrule applicationtransformsa graphby replacinga part
of it by anothergraph.

A graph transformationrule Þ�ßáàOâAã�ä�å�æ1ã�äcå�çéè�ê1ë containsa left–handside
graph âìã�ä , a right–handsidegraph æéãíä , andnegativeapplicationconditiongraphçíè�ê . The âìãíä andthe çíè�ê graphsaretogethercalledthepreconditionîíæ1ï of the
rule.

Theapplicationof Þ to anhost(instance)model ð replacesa matchingof theâìãíä in ð by animageof the æ1ã�ä . This is performedby (i) finding a matchingofâìãíä in ð (by graphpatternmatching),(ii) checkingthenegativeapplicationcondi-
tions çíè�ê (which prohibit thepresenceof certainobjectsandlinks) (iii) removing
apartof themodel ð thatcanbemappedto âAã�ä but not to æéãíä yielding thecon-
text model,and(iv) gluing thecontext modelwith animageof the æéãíä by adding
new objectsandlinks (thatcanbemappedto the æ1ã�ä but not to the âìãíä ) obtaining
thederivedmodel ðòñ . A graph transformationis a sequenceof rule applications
from aninitial model óõô .
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(e) releaseRightForkRule

Fig. 2. Graphtransformationrulesfor diningphilosophers

Example 3.1 Our runningexamplehasfive graphtransformationrules,of which
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one(namelythe getRightForkRule depictedin Fig. 2(c)) is selectedfor demon-
stratingtheconceptsof graphtransformation.

This rule canbe appliedwhena philosopheralreadyholdshis left fork in his
hands,andnow hetries to grabhis right fork, if it is not heldby anotherphiloso-
pheryet. This latterstatementis expressedby theNAC. TheRHS of thegetRight-
ForkRule shows that the philosopherwill grabhis right fork asthe resultof rule
application.On rule level, the LHS hastwo nodesandanedgeof type right that
leadsbetweenthesenodes,while theNAC graph(markedby thestripedarea)im-
plicitly containsnodeF aswell to imposeawell-formedgraphstructure.

3.1 Graphpatternmatching in databases

We statethatgraphpatternmatchingcanbeinterpreteddistinctly for theLHS and

NAC graphsas inner join operations(denotedby
¡ ¢£¥¤

) on the corresponding
databasetables.Afterwards,theprecondition(PRE) wheretheLHS graphis con-

strainedbyaNAC canbeexpressedby left outerjoin operations(denotedby
¡ ¢¦ ¤ ).

Innerjoin operationsarebasicallyselectionsfromtheCartesianproduct(
¡¨§ ¤

)
usingsomeformula © for filtering. For thepaper, only atomsof type ª ß¬« (two
columnnamesin equalityrelation)areconsideredwhich canbeconnectedby the
logical AND operatorto constructformulae. Left outer join operationcontainsall

therowsof
¡­¢£®¤

, andadditionally, it alsocontainsall rowsof
¡

for whichnorow
of

¤
exists thatsatisfies© . Rows of the latter typearefilled with NULL valuesin

all columnsoriginatingonly from
¤

. Theformal treatmentof innerandleft outer
joinscanbefoundin [11].

A successfulmatchingof theLHS (or theNAC) graphis a row in a tableob-
tainedastheinnerjoin of thecorrespondingbasetables.Thejoint preconditionof
therule is constitutedfrom the left outerjoin of thepreviousLHS tableandNAC
table(or tables). A successfulmatchingof the preconditionis a row in the joint
PRE table wherethe columnsoriginating only from the NAC table have NULL

values.
This techniqueallows to map the sameobjectsto LHS nodes,which canbe

forbiddenby theso-calledidentificationcondition[2], which canbeimplemented
by additionalfiltering formulaeof type ª­¯ß°« .

Example 3.2 For demonstration,we define(in Fig. 3) all thepotentialmatchings
of getRightForkRule foundin theinstancemodelof Fig. 1(c).

The matchingof the LHS can be determinedby threeinner join operations
(relatingtablesFork, Phil, right andstatus) followedby a selectionwith formula
status.value=’hasL’ asit is presentedin theupperpartof Fig. 3.

Submodelsthat matchthe NAC patterncanbe collectedinto a tableby three
innerjoin operations(relatingtablesFork, Phil, left andhold alongwith thecorre-
spondingattributes)asit is presentedin themiddlepartof Fig. 3.

Finally, submodelsthatmatchthe wholePRE of getRightForkRule (seethe
lower part of Fig. 3) canbe determinedby the left outerjoin of the LHS andthe
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Fig. 3. Patternmatchingqueries

NAC tables.In thiscase,thecolumnsoriginatingfromtheNAC tablearefilled with
NULL valuesin thesingleresultrow to show thattherow is a successfulmatching
(thefork selectedby theLHS is permittedby theNAC).

This constructionnecessitatesto introducenew auxiliary tablesin additionto
basetables. First, we mapeachNAC of eachrule to a new tablecontainingas
many columnsasthenumberof graphelementsin theNAC. New auxiliary tables
arealsocreatedfor preconditionshaving asmany columnsasthenumberof graph
elementstheLHS andtheNAC graphhavealtogether.

Furthermore,in orderto easilydemonstratetheeffectsof attributeassignments
in incrementalupdates,we introduceanauxiliary tablefor eachvalueanattribute
mayhave. For instance,it meansfivenew tablesfor thestatus attributeof philoso-
phers(seetablesPhilthink å�
�
�
�å PhilhasR in Fig. 4).

Thesetablescanbe initialized in a preprocessingphaseby applying the pre-
vious join operationsin order to storeall the potentialmatchingsof eachgraph
transformationrule. Sincea join operationis a complex task,our next goal is to
avoid re-executingit during the graphtransformationprocessby the conceptof
incrementalupdates.

3.2 Modificationswith incrementalupdates

After thepatternmatchingphase,weidentifiedall thesubmodelsof thehostmodel
thatcanbematchedto theLHS graphbut notto theNAC graphof arule � , meaning
that � is applicableto thehostmodel.Thenexecuting � on theinstancemodelhas
thefollowing effects.

Deletion If therearegraphelementsin theLHS thatarenot presentin theRHS,
thenthe imagesof theseelementshave to bedeletedfrom themodel. Deletion
mayaffectseveralbasetableseitherbecauseof (i) deletingdanglinglinks (edges)
togetherwith thecorrespondingobject,or (ii) asa consequenceof inheritance,
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which meansthat if an object is deletedfrom the superclasstable,thenit also
hasto bedeletedfrom thesubclasstables.

Insertion If therearegraphelementsthat canbe found in the RHS, but arenot
presentin theLHS, thennew modelelementshaveto beaddedto thebasetables.
Note that inheritancemay lead to several INSERT operations,when addinga
singlemodelelement.

Attribute update If theLHS accessesanattribute(in anattributecondition)and
theRHS containsassignmentfor thesameattribute,thenthecorrespondingat-
tributehasto beupdated.

Sinceseveralauxiliary tableswereintroducedfor storingthepotentialmatch-
ings of rules, insertanddeleteoperationsshouldexplicitly handlesuchtablesas
well. Thegoalof the incrementalupdatetechniqueis to determinehow to propa-
gatetheeffectsof modifyinga basetableto otherauxiliary tables.

For this purpose,we introducethenotionof a dependencygraph. Each(base
or auxiliary) tablebecomesa nodein this dependency graph,while the (directed)
edgesdenotethe updatedependenciesbetweenthe tables. More specifically, we
identify positiveandnegativedependenciesbetweentables.o In caseof apositivedependency, anINSERT(DELETE) operationin asourcetable

(definedby the sourceof the dependency edge)implies one or more INSERT

(DELETE) operationsin the dependenttarget table(definedby the target of the
dependency edge). In graphtransformationterms, this meansthat the graph
definedby the sourcetable is a subgraphof the patterndefinedby the target
table.A typicalexamplefor positivedependency is thedependency betweenthe
preconditiontableof aruleandthebasetablesconstitutingthepreconditiontable
(suchasthebasehold tableandtheauxiliary releaseRightForkRule table).o A negativedependencydenotesthehandlingof negativeconditionsthusit always
leadsfrom a NAC tableto aPRE table.
- Whendeletingarow from theNAC tablethentheentirepreconditionis weak-

enedat thespecificlocation.Thereforethematchingof thePRE is not forbid-
denany moreat the correspondinglocation,thusthe correspondingcolumns
in PRE shouldbechangedto NULL to denotethat.

- Whenaddinga row to theNAC tablethentheentirepreconditionis strength-
enedat thespecificlocation.Thereforea correspondingmatchingof thePRE
is forbidden,thusthecorrespondingcolumnsin PRE shouldbechangedfrom
NULL to thevaluesof therelatedNEG table.

The dependency graph of a graph transformationsystemcan be definedat
compile-time. In fact, for practicalapplications,we only have to includedepen-
denciesof dynamicmodelelements,i.e., thosethatcanbemodifiedby at leastone
rule.

Sincea formal definitionof positiveandnegativedependenciesis out of scope
for thecurrentpaperdueto spacelimitations,weonlygiveademonstrativeexample
to capturetheessenceof incrementalupdates.
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Example 3.3 Figure4 exemplifiestheeffectsof applyingreleaseRightForkRule
on theinstancemodelof Fig. 1(c)usingincrementalupdates.
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Fig. 4. Applying releaseRightForkRule in incrementalmode

ReleaseRightForkRule storesonly a singlesubmodelconsistingof elements
3, 6, 15 and18 thatmatchestheprecondition.Therefore,theruleis applicable,and
it prescribesthe updateof status attribute for philosopher3 from hasR to think
andthedeletionof thehold link 18 leadingfrom philosopher3 to fork 6.

Sincethe table status is split along the possiblevaluesinto auxiliary tables
(Philthink å�
�
�
�å PhilhasR), the updateoperationon the status attribute equalsto re-
moving philosopher3 from PhilhasR andaddingit to Philthink.

As releaseRightForkRule is positively dependenton PhilhasR, all rows con-
tainingphilosopher3 shouldberemovedfrom thereleaseRightForkRule tableas
well. Dueto thepositivedependency betweentablesPhilthink andgetHungryRule,
anew row containingphilosopher3 is addedto thelattertable.

Furthermore,tablesNAC getLeftForkRule and releaseRightForkRule are
positively dependenton hold, thereforethe removal of the hold link 18 implies
the deletionof the correspondingrows containing18 in both tables. As a result,
releaseRightForkRule no longerbecomesapplicable,but thenegative condition
NAC getLeftForkRule is alsoweakenedin themeantime.

Finally, asgetLeftForkRule is negatively dependenton NAC getLeftRight-
ForkRule, the row containingthe hold link 18 is removed, and a new row on
the samematchingLHS pattern(i.e., philosopher2, fork 6 and the left link 10
betweenthem)is addedthatis filled with NULL valuesto denotethatthematching
is no longerinvalidatedby thenegativecondition.

4 Practical evaluation and conclusions

The dining philosophersexamplehasbeenimplementedandtestedusinga rela-
tional databasefor storing graphsto assessthe performanceof our incremental
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updatetechnique.The relationaldatabaseusedfor our experimentswasMySQL
runningon a300MHz Pentiummachinewith 64MB RAM.

An instancemodelconsistingof ����� philosopherswassetupalsocontainingthe
sameamountof Forks, left, right andhold relations.Philosopherswerein different
statesdependingon theirpositionsaroundthetable.Our testconsistedof applying
eachruleoncebothin from-scratch (FS) mode(whentableswerere-generatedafter
eachstepthusauxiliary tableswerenon-existent)andin incremental(INC) mode.
Ourobservationscanbesummarizedasfollows:

(i) Initialization of tablestook moretime with an overall factorof 1.25 in INC

modecomparedto the FS approach(81.84secin INC modevs. 65.31secin
FS mode). This resultmeetsour expectationssincewe have to initialize the
auxiliary tablesaswell in INC mode.

(ii) Patternmatchingwithoutconsideringnegativeapplicationconditionsis faster
in INC modewith a total factorof 7.9 (2.15secin INC modevs. 16.93sec
in FS mode). If negative applicationconditionsarealsoconsideredasa part
of the patternmatchingphase,thenthe factorsignificantly(with a factorof
56) increasesin favor of the INC method(122secin FS modeand2.15in INC

mode).

(iii) Theaveragecostof manipulations(insertanddeleteoperations)on tablesin
a singletransformationstepwas3 timesasmuchin INC modeasin FS mode
(0.66secvs. 0.23sec).Thisis notsurprisingsincetheconsistency of auxiliary
tableshasto be guaranteedaswell in INC modethusmoretablesshouldbe
accessed.

As a summary, theoverall executiontime of theentiretransformationprocess
(consistingof 5 rule applications)without the initialization phasewas 22 times
fasterin INC modewith negative conditionsand3.3 timesfasterwithout consid-
eringnegative conditions.Togetherwith the initialization phase,therewasstill a
factorof 2 in thefavor of the INC mode.

As themainconclusionof thepaper, our initial experimentsdemonstratedthat
a graphtransformationenginebasedon incrementalupdatesis extremelyefficient
when (i) the instancemodel is large, (ii) all possiblematchingsof rules should
bemadeavailable(iii) long transformationsequencesareexecuted,and(iv) many
rulescontainnegativeapplicationconditions.

5 Future Work

Ourplansfor thenearfuturecanbeoutlinedin thefollowing directions:o Unfortunately, MySQL is not a perfectchoiceasanunderliningrelationaldata-
basefor graphtransformation,sinceits presentversiondoesnot supportviews.
Theuseof relationaldatabasesthatoffer supportfor definingviews mayresult
in moresimplequeriesto beexecutedon thedatabaselevel.o TheRete-algorithmgivesanorthogonalsolutionfor incrementalupdates,since

10
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it doesnotuserelationaldatabasefor datastorage.Ourplanis to makeanimple-
mentationof agraphtransformationtool, which is only basedonRete-networks.o Experimentsshouldalsobe extended,sinceour initial experimentshave only
coveredasmallsubsetof graphtransformationproblems.A comparisonof short
andlong rule applicationsequences,andproblemshaving many graphtransfor-
mationrulesarein our futureplans.o Finally, it is alsoworthcheckingwhethertheincrementalapproachcanbecom-
binedwith otheroptimizationstrategiesimplementedin existinggraphtransfor-
mationtools.
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