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Abstract

We proposean efficientimplementationtechniqueor graphtransformatiorsystemsased
onincrementalpdates Theessencef thetechniquds to keeptrackof all possiblematch-
ingsof graphtransformatiorrulesin databaséables andupdatethesetablesincrementally
to exploit thefactthatrulestypically performonly local modificationso models.
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1 Introduction

Despitethelargevarietyof existing graphtransformatioriools,theimplementation
of their graphtransformatiorenginetypically follows the sameprinciple. In this
respectfirst a matchingoccurrenceof the left-handside of the graphtransforma-
tion rule is beingfound by somesophisticatedyraphpatternmatchingalgorithm.
Thenpotentialnegative applicationconditionsarechecledthatmighteliminatethe
previousoccurrenceFinally, the engineperformssomelocal modificationsto add
or remove graphelementdo the matchingpattern,andthe entire processstartsall
overagain.

Sincegraphpatternmatchingleadsto the subgraphsomorphismproblemthat
isknown to beNP-completen generalthis stepis consideredo bethemostcrucial
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in theoverall performancef a graphtransformatiorengine.Thediversity of tools
is thusmainly characterizedby the differentstratgjiesusedfor the graphpattern
matchingstep.Thesestratgiescanbe groupednto two maincategories.

« Algorithms basedon constrint satisfaction(suchas[9] in AGG [5], VIATRA
[12]) interpretthe graphelementsf the patternto be found asvariableswhich
shouldbe instantiatedoby fulfilling the constraintamposedby the elementsof
theinstancemodel.

« Algorithms basedon local seachesstartfrom matchinga single nodeand ex-
tendingthe matchingstep-by-stefby neighboringnodesandedges.The graph
patternmatchingalgorithm of PROGRES(with searchplans[13]), Dorr’s ap-
proach[3], andthe object-orientecsolutionin FUJABA [6] fall in this category.

In the currentpaper we arguethatthe efficiengy of graphtransformations not
necessarilyequalto the efficiengy of graphpatternmatching,especiallyfor long
transformatiorsequencesin fact, any implementatiorof a graphtransformation
engineis not optimal, if all theinformationon previous matchis lost whena new
transformatiorstepis started. Thuswe restartthe complex and expensve graph
patternmatchingphasdrom scratcheachtime.

Several solutionsalreadyexist for reducingthe overheadof finding matches
for LHS of rulesasimplementedn PROGRES[13]: (i) applyinga graphtrans-
formationto all matchesn the graphasonegraphrewriting step(pseudo-parallel
graphtransformation)(ii) usingincrementallyjcomputeddervedattributesandre-
lationshipsn LHS, and(iii) usingrule parameter graphtransformations$o pass
computecknowledgeaboutpossibleLHS matchedrom onerule to thenext one.

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

After mary yearsof research different techniquesbasedon this idea have
evolvedandby now they arewidely accepte@ndsuccessfullysedn severaltypes
of applicationge.g.,expertsystemsrelationaldatabases).

+ In theareaof rule-basedxpertsystemsthe Rete-algorithn{for moredetailssee
[7]) usestheideaof incrementapatternmatchingfor facts.First a dataflav net-
work is constructedasedon the condition(if ) partsof rules,whichis basically
a directedagyclic graphof a specialstructure. Initially, this network is fed by
basicfactsthroughits input channels.Compoundfactsare constitutedof more
elementaryfacts,thusthey arethe inputsof internalnodesin the network. If a
factreachesa terminalnode,thentherule relatedto this specificnodebecomes
applicableandassignmentmodifying thesetof basicfactsmaybeexecutedac-
cordingto thethenpart). Sinceevery nodekeepsarecordof its input facts,only
modificationsof thesefactshave to betracked at eachstep.

« In the areaof relational databasesyiews may be updatedincrementally A
databaseview is a query on a databasehat computesa relation whosevalue
is not storedexplicitly in thedatabasehut it appeardo theusersof thedatabase
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asif it were. However, in a group of methods,which is called by view ma-
terializationapproachthe view is explicitly maintainedas storedrelation [8].
Every time a baserelationchangesthe views thatdependon it may needto be
re-computed.

The main idea of incrementalupdatesin graphtransformationsystemsis to
keeptrack of all possiblematchingsof graphtransformatiorrulesin databasea-
blesto make the graphpatternmatchingstepvery fast. Afterwardswhenarule is
appliedwe updatethesetablesfor all locationsit is required.Sincegraphtransfor
mationtypically manipulateonly a smallfragmentof the instancemodel,incre-
mentalupdatesequireminor changego thesetables. Naturally, the initialization
of the tablesneedssomeconsiderablemountof pre-processingrior to thetrans-
formation,but the subsequertransformatiorprocesstself becomesnuchfaster

In this way, significantspeed-upcanbe expectedin complex transformations
which consistof long sequenceand manipulateon hugeinstancemodels. Fur-
thermore an evenmoresignificantgain canbe achievedfor the parallelexecution
of independentransformatiorsteps sinceeachmatchingis storedexplicitly for all
therules. Model transformationdetweenwo modelinglanguagesypically have
this propertyasthe target model hasto be constructedrom scratchby applying
almostexclusively non-deletingules.

In the currentpaper we discussour initial experimentsn mappingmodelsand
metamodelsnto an off-the-shelfrelationaldatabas¢o implementtheincremental
updatetechniquefor the dining philosophergproblem. Note thatthe integrationof
databasandgraphtransformatioriechniqueasalongtradition(seee.qg.,[1,13]),
but theseapproachessegraph-orientedlatabasem contrasto relationalones(as
in our case).

2 Mapping models and metamodels to database tables

First we informally discussa (relatively standard)mappingof modelsand meta-
modelsinto relationaldatabas¢ables.

Themetamodetlescribesheabstracsyntaxof amodelinglanguageFormally,
it canberepresentetly atypegraph.Nodesof thetypegrapharecalledclassesA
classmay have attributesthat definesomekind of propertiesof the specificclass.
Inheritancemay be definedbetweenclassesyhich meanghatthe inheritedclass
hasall the propertiests parenthas,but it mayfurthercontainsomeextra attributes.
Finally, associationglefineconnectiondetweerclasses.

Theinstancemodel(or, formally, aninstancegraph)describesoncretesystems
definedin amodelinglanguageandit is a well-formedinstanceof the metamodel.
Nodesandedgesare called objectsandlinks, respectrely. Objectsandlinks are
theinstance®f metamodelevel classesandassociationsiespectiely. Attributes
in themetamodebppeaiasslotsin theinstancemodel. Inheritancen theinstance
modelimposeghatinstance®f the subclassanbeusedin every situation,where
instance®f thesuperclassrerequired.

3
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In our approachinstancanodelsarestoredin databas¢ables.A possibleway
to definethe schemaof the databaseanbedrivenby the metamodel.

« Eachclassis mappedo atablewith asinglecolumn(cl ass( 1) ). Thiscolumn
will storetheidentifiersof objectsof the specificclass.

« We assignatablefor eachassociatiorthatappearsn the metamodelThis table
hasthreecolumns(assoc( |, S, T) ), whichcontainidentifiersfor thelink, and
its sourceandtargetobjects respectrely.

« Eachattributeis mappedo atablewith two columns(at tr (|, V) ) storingthe
objectidentifierandthe attribute value,respectiely.

« If asubclasssinheritedfrom asuperclasghentwo tableshaveto beconstructed
asif they weretwo independentlassesHowever, all identifiersappearingn the
subclasgableshouldalsoappeain the superclassableaswell.

Tablesthatarecreatedoy this mappingwill bereferredto asbasetables

. loft 1 1 : Phil
Phil < » Fork status=hasL 17 : hold
status ‘ P ~a,
ight 1 8 : Fork 5 : Fork
.................... right 1 or 13 : right 9 : left kad
(a) Metamodel i
12 : left 14 : right
Phil status left
id id value e src trg 4 : Phil 2 : Phil
1 1 | hasL 9 1 5 status=hungry status=hungry
2 2 | hungry 102 (6
3 3 | hasR 11| 3 7 q
16 : ht 8
4 4 |hungry | |12] 2 | 8 | A 10: left y
Fork hold right : 7 : Fork 6 : Fork
id e src trg e src trg ] 11 : left 15 : right
5 171 1 5 131 1 8 1 ) = P
6| |18|3 |6 |1a]2]s 3 : Phil N
7 15| 3 6 status=hasR 18 : hold
| 8 | 161 4 |7 | T

(b) Databaséables (c) Instancemodel

Fig. 1. Dining philosophers

Example 2.1 In orderto presentour conceptsthe dining philosophergproblem
will be usedthroughoutthis paperasa runningexample. Thereare philosophes
sitting arounda table, eachhaving a left and a right fork. Forks are placedon
the table betweentwo neighboringphilosophersso forks are sharedresources.
Philosophersnay grabtheir left andright forks andmayhold themin their hands.
Philosopherslsohave a statusattribute. This modelingdomainis depictedin the
metamodebf Fig. 1(a).

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

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

A graphtransformatiorrule r = (LHS, RHS, NAC) containsa left—-handside
graphLHS, aright—handsidegraphRHS, andnegative applicationconditiongraph
NAC. TheLHS andtheNAC graphsaretogethercalledthe preconditionPRE of the
rule.

The applicationof r to anhost(instance)modelM replacesa matchingof the
LHS in M by animageof the RHS. Thisis performedby (i) finding a matchingof
LHS in M (by graphpatternmatching)(ii) checkingthe negative applicationcondi-
tionsNAC (which prohibitthe presencef certainobjectsandlinks) (iii) removing
apartof themodelM thatcanbe mappedo LHS but notto RHS yielding the con-
text model,and(iv) gluing the context modelwith animageof the RHS by adding
new objectsandlinks (thatcanbe mappedo the RHS but notto the LHS) obtaining
the derivedmodelM’. A graphtransformationis a sequencef rule applications
from aninitial modelM;.

Ph : Phil ” Ph : Phil
status=think 3 status=hungry

(a) getHungryRule
LtHs T TRHS Diths TRHS
P; : Phil ‘ P, : Phil ¥ P; : Phil ‘ P, : Phil
) status=hungry ! status=hasL - status=hasL ! status=eat [
left s [ icft | hold : : right s | right | hoid
S | > v y o¢ ey 8 S s
F : Fork ] F : Fork [ F : Fork ] F : Fork 1
right | hold | “°8|: left | hold | "VB|:
P, : Phi P, : Phi
(b) getLeftForkRule (c) getRightForkRule
E— s . _”L}-is' ............... s
P : Phil P : Phil & P : Phil P : Phil
! status=eat status=hasR - status=hasR status=think
D oleft | hota | mmp | et Dright | hold | mmm | right
] \ \ } \ & \ \ } \
1 F : Fork 1 F' : Fork - F : Fork 1 F' : Fork
(d) finishEatingRule (e) releaseRightForkRule

Fig. 2. Graphtransformatiorrulesfor dining philosophers

Example 3.1 Our runningexamplehasfive graphtransformatiorrules,of which
5
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one (namelythe getRightForkRule depictedin Fig. 2(c)) is selectedor demon-
stratingthe conceptsf graphtransformation.

This rule canbe appliedwhena philosopheralreadyholdshis left fork in his
hands,andnow hetriesto grabhis right fork, if it is not held by anotherphiloso-
pheryet. Thislatterstatemenis expressedy theNAC. TheRHS of thegetRight-
ForkRule shaws thatthe philosophemwill grabhis right fork asthe resultof rule
application. On rule level, the LHS hastwo nodesandan edgeof type right that
leadsbetweernthesenodeswhile the NAC graph(marked by the stripedarea)im-
plicitly containsnodeF aswell to imposeawell-formedgraphstructure.

3.1 Graphpatternmatdingin databases

We statethatgraphpatternmatchingcanbe interpreteddistinctly for the LHS and

NAC graphsasinner join operationgdenotedby R & S) on the corresponding
databas¢ables.Afterwards,the precondition(PRE) wherethe LHS graphis con-

strainedby aNAC canbeexpressedby left outerjoin operation:(denotetbyRiS).

Innerjoin operationsrebasicallyselectiongrom the Cartesiamproduct(R x S)
usingsomeformula F' for filtering. For the paperonly atomsof type A = B (two
columnnamesn equalityrelation)are consideredvhich canbe connectedy the
logical AND operatorto constructformulae. Left outerjoin operationcontainsall

therowsof R K S, andadditionally it alsocontainsall rows of R for whichnorow
of S existsthatsatisfiesF'. Rows of the lattertype arefilled with NULL valuesin
all columnsoriginatingonly from S. Theformal treatmentf innerandleft outer
joinscanbefoundin [11].

A successfumatchingof the LHS (or the NAC) graphis arow in atableob-
tainedastheinnerjoin of the correspondindpasetables.Thejoint preconditionof
therule is constitutedrom the left outerjoin of the previous LHS tableandNAC
table (or tables). A successfumatchingof 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 the so-calledidentificationcondition[2], which canbe implemented
by additionalfiltering formulaeof type A # B.

Example 3.2 For demonstrationye define(in Fig. 3) all the potentialmatchings
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
stat us. val ue=" hasL’ asit is presentedn the upperpartof Fig. 3.

Submodeldhat matchthe NAC patterncanbe collectedinto a table by three
innerjoin operationgrelatingtablesFork, Phil, left andhold alongwith the corre-
spondingattributes)asit is presentedn the middle partof Fig. 3.

Finally, submodeldhat matchthe whole PRE of getRightForkRule (seethe
lower partof Fig. 3) canbe determinedby the left outerjoin of the LHS andthe

6
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Phil X status X  right X Forl*™" "= " | yg

id id status id src trg id Pid Fid rid Pstatus
1 1 [ hasL 1318 8 [1]8]13]hasL |
2 2 | hungry|( (14| 2 | 5 5

3 3 | hasR 1513 | 6 6

4 | [ 4 |hungry| (16| 4 |7 [ [7

Phil x hold X left X Fork = NAC
id id src trg id src trg Pid Fid 1lid hid

id
T][I7[ L[5 915 5 (1159 ]17]
2 1026 6
3 1813 |6 1113 (7 7
4| 12|4l8| _ |8
- : -
T

LHS X NAC = getRightForkRule
Pid Fid rid Pstatus Pid Fid 1id hid Pid Fid rid Pstatus Pid Fid 1id hid

[T[8[i3[hasL |[1][5[9[17|[1[8[i3[hasL [N[N[N][ W]
”;

Fig. 3. Patternmatchingqueries

NAC tables.In thiscasethecolumnsoriginatingfrom theNAC tablearefilled with
NULL valuesin the singleresultrow to shav thattherow is a successfuimatching
(thefork selectedy the LHS is permittedby the NAC).

This constructiomecessitate® introducenew auxiliary tablesin additionto
basetables. First, we mapeachNAC of eachrule to a new table containingas
mary columnsasthe numberof graphelementsn the NAC. New auxiliary tables
arealsocreatedor preconditionhaving asmary columnsasthe numberof graph
elementgheLHS andthe NAC graphhave altogether

Furthermorein orderto easilydemonstraté¢he effectsof attribute assignments
in incrementalupdatesywe introducean auxiliary tablefor eachvaluean attribute
may have. For instancejt meandive new tablesfor thestatus attributeof philoso-
phers(seetablesPhilgin, . . . , Philhasr In Fig. 4).

Thesetablescan be initialized in a preprocessinghaseby applyingthe pre-
vious join operationsin orderto storeall the potentialmatchingsof eachgraph
transformatiorrule. Sincea join operationis a complex task, our next goalis to
avoid re-executingit during the graphtransformationprocessby the conceptof
incrementalipdates.

3.2 Modificationswith incrementalupdates

After the patternmatchingphasewe identifiedall the submodel®f thehostmodel
thatcanbematchedo theLHS graphbut notto theNAC graphof aruler, meaning
thatr is applicableto the hostmodel. Thenexecutingr on theinstancemodelhas
thefollowing effects.

Deletion If therearegraphelementsn the LHS thatarenot presenin the RHS,
thentheimagesof theseelementshave to be deletedfrom the model. Deletion
mayaffectseveralbaseableseitherbecausef (i) deletingdanglinglinks (edges)
togetherwith the correspondingbject,or (i) asa consequencef inheritance,

7
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which meansthatif anobjectis deletedfrom the superclassable,thenit also
hasto bedeletedfrom the subclasgables.

Insertion If therearegraphelementghatcanbe foundin the RHS, but are not
presentn theLHS, thennen modelelementhave to beaddedo thebaseables.
Note that inheritancemay lead to several INSERT operations,when addinga
singlemodelelement.

Attribute update If the LHS accessean attribute (in an attribute condition)and
the RHS containsassignmentor the sameattribute, thenthe correspondingat-
tribute hasto beupdated.

Sinceseveral auxiliary tableswereintroducedfor storingthe potentialmatch-
ings of rules,insertand deleteoperationsshouldexplicitly handlesuchtablesas
well. The goalof theincrementalupdatetechniques to determinehow to propa-
gatethe effectsof modifying a basetableto otherauxiliary tables.

For this purposewe introducethe notion of a dependencgraph Each(base
or auxiliary) tablebecomesa nodein this dependeng graph,while the (directed)
edgesdenotethe updatedependenciebetweenthe tables. More specifically we
identify positiveand negativedependencielsetweertables.

+ In caseof apositivedependencyanINSERT(DELETE) operationn asourceable
(definedby the sourceof the dependeng edge)implies one or more INSERT
(DELETE) operationdn the dependentarget table (definedby the target of the
dependeng edge). In graphtransformationterms, this meansthat the graph
definedby the sourcetable is a subgraphof the patterndefinedby the tamget
table.A typical examplefor positive dependengis the dependengcbetweerthe
preconditiortableof arule andthe basetablesconstitutingthe preconditiortable
(suchasthebasehold tableandtheauxiliary releaseRightForkRule table).

« A ngyativedependencgenoteshehandlingof negative conditionsthusit always
leadsfrom aNAC tableto a PRE table.

- Whendeletingarow from the NAC tablethentheentirepreconditions weak-
enedatthe specificlocation. Thereforethematchingof the PRE is notforbid-
denary moreat the correspondindgocation, thusthe correspondingolumns
in PRE shouldbechangedo NULL to denotethat.

- Whenaddingarow to the NAC tablethenthe entirepreconditionis strength-
enedat the specificlocation. Thereforea correspondingnatchingof the PRE
is forbidden,thusthe correspondingolumnsin PRE shouldbechangedrom
NULL to thevaluesof therelatedNEG table.

The dependeng graph of a graph transformationsystemcan be defined at
compile-time. In fact, for practicalapplicationswe only have to include depen-
denciesf dynamicmodelelementsi.e., thosethatcanbe modifiedby atleastone
rule.

Sincea formal definition of positve andnegative dependenciess out of scope
for thecurrentpaperdueto spacdimitations,we only giveademonstratieexample
to capturetheessencef incrementalipdates.

8
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Example 3.3 Figure4 exemplifiesthe effectsof applyingreleaseRightForkRule
ontheinstancenodelof Fig. 1(c) usingincrementalpdates.

Phil status Fork left hold right

id id  value id e src trg e src trg e src trg

1 1 | ha Think 911 5 171 | 5 131118 Insertion
2 2 | hurgry 102 | 6 14 2 | 5 - Deletion
3 3 | hasR 7 1113 |7 151 3 | 6

4 4 | hungry 8 12 4 | 8 16| 4 | 7 Positive

dependency

Negative

Philgpink Philhungry Philhast Phileat Philhasg NAC_getRightForkRule  NAC_getLeftForkRule | — — dependency

I;I (1] [ [t T5To 7]

getLeftForkRule getRightForkRule

L__l__1

[t s ][v][x]uN]
4 8 [12 | N N N N
2 6 10 N N N N -«
getHungryRule finishEatingRule releaseRightForkRule

3
Fig. 4. Applying releaseRightForkRule in incrementamode

ReleaseRightForkRule storesonly a singlesubmodekonsistingof elements
3, 6, 15 and18 thatmatchesheprecondition.Thereforetheruleis applicableand
it prescribeghe updateof status attribute for philosopher3 from hasR to think
andthedeletionof thehold link 18 leadingfrom philosophei3 to fork 6.

Sincethe table status is split along the possiblevaluesinto auxiliary tables
(Philgink, - - -, Philhasr), the updateoperationon the status attribute equalsto re-
moving philosophe3 from Phil,sgr @andaddingit to Philgn.

As releaseRightForkRule is positively dependentn Phil,,sr, all rows con-
tainingphilosophe shouldberemoredfrom thereleaseRightForkRule tableas
well. Dueto the positve dependengbetweertablesPhily,x andgetHungryRule,
anew row containingphilosophe is addedo thelattertable.

Furthermore tablesNAC_getLeftForkRule and releaseRightForkRule are
positively dependenbn hold, thereforethe removal of the hold link 18 implies
the deletionof the correspondingows containingl8 in both tables. As a result,
releaseRightForkRule no longerbecomespplicable but the negative condition
NAC _getLeftForkRule is alsowealenedin the meantime.

Finally, as getLeftForkRule is negatively dependenbn NAC _getLeftRight-
ForkRule, the row containingthe hold link 18 is removed, anda new row on
the samematchingLHS pattern(i.e., philosopher2, fork 6 andthe left link 10
betweerthem)is addedthatis filled with NULL valuesto denotethatthe matching
is nolongerinvalidatedby the negative condition.

4 Practical evaluation and conclusions

The dining philosophersaxamplehasbeenimplementedand testedusing a rela-
tional databasdor storing graphsto assesghe performanceof our incremental

9
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updatetechnique. The relationaldatabaseisedfor our experimentsvas MySQL
runningon a 300MHz Pentiummachinewith 64 MB RAM.

An instanceamodelconsistingof 10° philosophersvassetup alsocontainingthe
sameamountof Forks, left, right andhold relations.Philosophersverein different
statedependingon their positionsaroundthetable. Our testconsistef applying
eachrule oncebothin from-scatch (FS) mode(whentableswerere-generatedfter
eachstepthusauxiliary tableswerenon-&istent)andin incremental(INC) mode.
Our obsenationscanbe summarizeasfollows:

() Initialization of tablestook moretime with an overall factorof 1.25in INC
modecomparedo the Fs approach81.84secin INC modevs. 65.31secin
FS mode). This resultmeetsour expectationssincewe have to initialize the
auxiliary tablesaswell in INC mode.

(i) Patternmatchingwithout consideringhegative applicationconditionsis 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 factor significantly (with a factor of
56) increase favor of theINC method(122secin FsS modeand2.15in INC
mode).

(i) Theaveragecostof manipulationginsertanddeleteoperationspn tablesin
asingletransformatiorstepwas3 timesasmuchin INC modeasin FS mode
(0.66secvs. 0.23sec).Thisis notsurprisingsincetheconsisteng of auxiliary
tableshasto be guaranteedswell in INC modethusmoretablesshouldbe
accessed.

As a summarythe overall executiontime of the entiretransformatiorprocess
(consistingof 5 rule applications)without the initialization phasewas 22 times
fasterin INC modewith negative conditionsand 3.3 timesfasterwithout consid-
ering negative conditions. Togetherwith the initialization phase therewasstill a
factorof 2 in thefavor of theiNC mode.

As the main conclusionof the papey our initial experimentsdemonstratethat
agraphtransformatiorenginebasedon incrementaupdatess extremelyefficient
when (i) the instancemodelis large, (i) all possiblematchingsof rules should
be madeavailable (iii) long transformatiorsequenceareexecutedand(iv) mary
rulescontainnegative applicationconditions.

5 Future Work

Our plansfor thenearfuture canbe outlinedin thefollowing directions:

« Unfortunately MySQL is not a perfectchoiceasan underliningrelationaldata-
basefor graphtransformationsinceits presentversiondoesnot supportviews.
The useof relationaldatabasethat offer supportfor definingviews may result
in moresimplequeriesto be executedon the databaséevel.

« The Rete-algorithngivesan orthogonalsolutionfor incrementaupdatessince
10
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it doesnotuserelationaldatabaséor datastorage Our planis to make animple-
mentationof agraphtransformatioriool, whichis only basedn Rete-netwrks.

+ Experimentsshouldalso be extended,sinceour initial experimentshave only
coveredasmallsubsebf graphtransformatiorproblems.A comparisorof short
andlong rule applicationsequencesndproblemshaving mary graphtransfor
mationrulesarein our futureplans.

« Finally, it is alsoworth checkingwhethertheincrementabpproackcanbe com-
binedwith otheroptimizationstrategiesimplementedn existing graphtransfor
mationtools.
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