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Abstract
Ever sincethe ‘early days’ of databasemanagementsystems,clusteringhasproven to be oneof the mosteffective
performanceenhancementtechniquesfor objectorienteddatabasemanagementsystems.Thebulk of thework in the
areahasbeenon staticclusteringalgorithmswhich re-clustertheobjectbasewhenthedatabaseis off-line. However,
thistypeof re-clusteringcannotbeusedwhen24-hourdatabaseaccessis required.In suchsituationson-lineclustering
is required,which allows the objectbaseto be reclusteredwhile the databaseis in operation.We believe thatmost
existing on-line clusteringalgorithmslack three importantproperties. Theseinclude: the useof opportunismto
imposesthe smallestI/O footprint for re-organisation;the re-useof prior research on static clusteringalgorithms;
andtheprioritisation of re-clusteringsothat theworstclusteredpagesarere-clusteredfirst. In this paper, we present
OPCF, a framework in which any existing off-line clusteringalgorithmcanbe madeon-line andgiven the desired
propertiesof opportunismandclusteringprioritisation. In addition,this paperpresentsa performanceevaluationof
the ideassuggestedabove andin particularshows the importanceof opportunismin improving the performanceof
on-line clusteringalgorithmsin a variety of situations. The main contribution of this paperis the observation that
existing off-line clusteringalgorithms,whentransformedvia a simpletransformationframework suchasOPCF, can
produceon-lineclusteringalgorithmsthatout-performcomplex existing on-linealgorithms,in avarietyof situations.
This makesthe solutionpresentedin this paperparticularlyattractive to real OODBMS systemimplementerswho
oftenpreferto opt for simplersolutions.

1 Introduction
The current rate of performanceimprovementfor CPUs is much higher than that for memoryor disk I/O. CPU
performancedoublesevery18monthswhile disk I/O improvesatonly 5-8% peryear. Ontheotherhand,cheapdisks
meanobjectbaseswill becomebiggerasdatabasedesignersrealisethat moredatacanbe stored[Knafla 1999]. A
consequenceof thesefactsis thatdisk I/O is likely to beabottleneckin anincreasingnumberof databaseapplications.
It shouldalsobenotedmemoryis alsobecominga moreprevalentsourceof bottleneckon modernDBMS[Ailamaki
et al. 1999]. However their studywasconductedon relationalDBMS. We believe for object-orientedDBMS where
navigationis common,I/O maybeamorecommonsourceof bottlenecks.

Eversincethe‘early days’of databasemanagementsystems,clusteringhasprovento beoneof themosteffective
performanceenhancementtechniques[Gerlhof etal. 1996].Thereasonfor this is thatthemajorityof objectaccessin
aobjectorienteddatabasearenavigational.Consequently, relatedobjectsareoftenaccessedconsecutively. Clustering
objectsin anobjectorienteddatabasereducesdisk I/O by groupingrelatedobjectsinto thesamediskpage.In addition
to reducedI/O, clusteringalsousescachespacemoreefficiently by reducingthenumberof unusedobjectsthatoccupy
thecache.1 Periodicalre-clusteringallows thephysicalorganisationof objectson disk to closerreflecttheprevailing
patternof objectaccess.

Themajority of existing clusteringalgorithmsarestatic[TsangarisandNaughton1991;TsangarisandNaughton
1992;Banerjeeet al. 1988;Gerlhof et al. 1992;Gerlhof et al. 1993;Drew et al. 1990;Wietrzyk andOrgun1998].
Staticclusteringalgorithmsrequirethatre-clusteringtakeplacewhenthedatabaseis not in operation,thusprohibiting
24 hourdatabaseaccess.In contrast,on-lineclusteringalgorithmsre-clusterthedatabasewhile databaseapplications
arein operation.Applicationsthatrequire24hourdatabaseaccessandinvolvefrequentchangesto dataaccesspatterns

�
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may benefitfrom the useof on-line clustering.The problemis compoundedwhenthe sizeof the databaseis large.
In suchsituationsthe initial physicaldatabaseorganisationwill becomeobsoleteover time, which mayresultin the
objectcachecontainingmany objectsthatareneverused.

In our view, therearea numberof propertiesthat aremissingfrom mostexisting on-line clusteringalgorithms.
Thesepropertiesinclude:

� Theuseof opportunismto imposethesmallestI/O footprint for re-organisation;

� There-useof existingwork on staticclusteringalgorithms;and

� A prioritisationof re-clusteringsotheworstclusteredpagesarere-clusteredfirst.

Thegoalof on-lineclusteringis to generatetheminimumnumberof I/Os for a givensetof databaseapplication
accesspatterns. The clusteringprocessitself may generateI/O, loadingdatapagesfor the sole purposeof object
basere-organisation.However, mostresearchershave chosento ignorethesesourcesof I/O generationandinstead
concentratedon developingtheon-lineclusteringalgorithmthatminimisesthenumberof datapages2 loadedduring
normaldatabaseoperation3.

Despitethe greatbody of work that exists on static clustering[Tsangarisand Naughton1991; Tsangarisand
Naughton1992; Banerjeeet al. 1988; Gerlhof et al. 1992; Gerlhof et al. 1993; Drew et al. 1990; Wietrzyk and
Orgun1998],therehasbeenlittle transferof ideasinto theon-lineclusteringliterature.In this paperwe addressthis
omissionby incorporatingtwo existingandyetvastlycontrastingtypesof staticclusteringalgorithmsinto ouron-line
clusteringframework. Thesearethe ‘probability rankingprinciple’ algorithm(PRP)andthe ‘graphpartitioning’ al-
gorithms.Weshow thatby usingour framework thesetwo existingstaticclusteringalgorithmsoutperformanexisting
andhighly competitiveon-lineclusteringalgorithm(DSTC[Bullat andSchneider1996])in avarietyof situations.

Thedisruptivenatureof re-clusteringdictatesthaton-lineclusteringalgorithmsmustbeincremental.This means
thatonly asmallportionof theobjectbasecanbere-clusteredin eachiteration.Whenfacedwith avarietyof different
portionsto target for re-organisation,theclusteringalgorithmmustselecttheportionto re-clusterfirst. We termthis
theselectionproblem. To our knowledge,this problemhasnot beenpreviously identifiedin the literature. To solve
this problemwe proposethat it shouldbe theworst clusteredmemory-residentpagethat shouldbeselectedfirst for
re-clustering.To this end,ouron-lineclusteringframework, incorporatesprioritisation.

2 Related Work
There-organisationphaseof on-lineclusteringcanincursignificantoverhead.Two of thekey overheadsareincreased
write lock contention4, andI/O. To reducewrite lock contention,moston-lineclusteringalgorithmsaredesignedto be
incrementalandthusonly considera portionof theobjectbasefor clusteringduringeachre-organisation.However,
weareawareof only onealgorithm[WietrzykandOrgun1999]thattakescareto not to introduceextra I/O duringthe
re-organisationphase.Wietrzyk andOrgun [1999] accomplishthis by calculatinga new placementwhenthe object
graphis modified, eitherby a link (reference)modificationor object insertion. The algorithm then reclustersthe
objectsthatareeffectedby themodificationor insertion.Oncethenew placementis determined,only theobjectsin
memoryarere-organisedandthe remainingobjectsareonly re-arrangedasthey areloadedinto memory. However,
theobjectsconsideredfor re-organisationcanincludeany objectin thestore.Thedrawbackof this approachis that
informationaboutany objectin thestoremaybeneeded.OPCFproducesalgorithmsthatdiffer from thesealgorithms
by only needinginformationonobjectsthatarecurrentlyin memoryandonly re-organisingthoseobjects.Thismakes
on-lineclusteringalgorithmsproducedby OPCFmoreopportunistic5 thanexistingalgorithms.

The incrementalnatureof on-line clusteringrequiresthat only a small portion of the entiredatabaseto be re-
clusteredat eachiteration. However, thechoiceasto which portion to re-clusteris wheremany existing algorithms
differ. McIver andKing [1994] suggesttargeting the portion that wasaccessedafter the previous re-organisation.
However, thismayinvolveavery largeportionof thedatabaseif there-clusteringis not triggeredfrequently. Wietrzyk
andOrgun [1999] re-clustereffectedobjectsassoonasan objectgraphmodificationoccurs. They usea threshold
mechanism6 to determinewhenre-clusteringis worthwhile. However, this approachmaystill be too disruptive. An
exampleof whenits disruptivenessis likely to befelt is whenthesystemis in peakusageandfrequentobjectgraph

2Pageswheretheobjectsreside.
3Normaldatabaseoperationasopposedto re-clusteringoperation.
4Notethat in anoptimisticsystemthiswould translateto transactionaborts.
5By opportunisticwe referto ouropportunisticuseof in-memorydatain orderto minimiseI/O.
6Basedon theheuristicthatsaysthatamorefrequentlyaccessedobjectthatis clusteredbadlyis moreworth while re-clustering.



modificationsareoccurring. In sucha scenariothe objectgraphwould be continuouslyre-clusteringduring peak
databaseusage. The algorithm thus lacks a meansof controlling when the re-clusteringtakesplace. In contrast,
the on-line algorithmsdevelopedwith OPCFcanbe easilymadeadaptive to changingsystemloads. This is dueto
the fact re-clusteringcanbe triggeredby anasynchronousdynamicload-balancingthreadratherthana objectgraph
modification.

A largebodyof work existsonstaticclusteringalgorithms[TsangarisandNaughton1991;TsangarisandNaughton
1992;Banerjeeet al. 1988;Gerlhof et al. 1992;Gerlhof et al. 1993;Drew et al. 1990;Wietrzyk andOrgun1998].
However only relatively few staticalgorithmshave beentransferedinto on-linealgorithms.McIver andKing [1994]
combinedthe existing static clusteringalgorithms,HudsonandKing [1989] and Banerjee,Kim, Kim, andGarza
[1988] to createa new on-lineclusteringalgorithm.HoweverHudsonandKing [1989] andBanerjee,Kim, Kim, and
Garza[1988] areonly sequence-basedclusteringalgorithmswhich have beenfound to be inferrior whencompared
to graphpartitioningalgorithms[TsangarisandNaughton1992]. Wietrzyk andOrgun [1999] developeda new dy-
namicgraphpartitioningclusteringalgorithm. However their graphpartitioningalgorithmwasnot comparedwith
any existing staticgraphpartitioningclusteringalgorithm.In this papertwo existingstaticclusteringalgorithmswere
transformedinto on-lineclusteringalgorithmsusingOPCFandcomparedto anexisting on-lineclusteringalgorithm,
DSTC[Bullat andSchneider1996].

3 Organisation
In section4 we describea framework in which existing off-line clusteringalgorithmscanbemodifiedto operateon-
line. In section5 wedescribetwo existingmetricsfor measuringclusteringquality. In sections?? and?? wedescribe
how OPCFcanbeappliedto two existingoff-line clusteringalgorithms,probabilityrankingprinciplealgorithm(PRP)
andgreedygraphpartitioningalgorithmrespectively. In section8 we give a brief descriptionof an existing on-line
clusteringalgorithm,DSTC.In section9 wepresentresultsobtainedfrom runningthealgorithmson-linePRP, on-line
greedygraphpartitioningandfinally DSTC[?].

4 The Opportunistic Prioritised Clustering Framework (OPCF)
Theopportunisticprioritisedclusteringframeworkoffersagenericwayin whichexistingoff-line clusteringalgorithms
canbemadeon-line. Therearetwo key propertiesof OPCF:I/O opportunism,andprioritisationof re-clustering,so
theworstclusteredpageis re-clusteredfirst. The framework ensuresthe resultingclusteringalgorithmcanbemade
opportunisticbut doesnot limit thealgorithmsto opportunism.

OPCFworks at the pagegrain, insteadof objectgrain. This meansthat whenre-clusteringoccurs,all objects
in an integer numberof pagesarere-clustered.This contrastswith on-line objectgrain algorithmslike DSTC [?]
whereindividual objectsthat aredeterminedto needre-clusteringareremovedfrom existing pagesandplacedinto
new pages.

In orderto applyOPCF, a seriesof stepsmustbeapplied.Thesestepsareoutlinedbelow.

� DefineIncrementalReorganisationAlgorithm: In thisstep,astrategy is developedby whichtheexistingoff-line
clusteringalgorithmis adaptedto work in an incrementalway. That is, at eachiterationof reorganisationthe
algorithmmustbeableto operatewith a limited scope.

� DefineClusteringBadnessMetric:

OPCFprioritisesre-clusteringby re-clusteringtheworstclusteredpagesfirst. This meanstheremustbea way
of definingthe quality of clusteringat a pagegrain. We term this the clusteringbadnessmetric. The way in
which clusteringbadnessis to be definedfor a particularoff-line clusteringalgorithmdependson the goalof
theclusteringalgorithm.For instance,thegoalof graphpartitioningalgorithmsis to satisfythemin-cutcriteria
andthereforefor graphpartitioningalgorithmsthemin-cutcriteriashouldbeincludedin theclusteringbadness
metric. In contrast,thePRPclusteringalgorithmhasthegoalof groupinghot objectstogetherandthereforeit
mayhave a clusteringbadnessmetricthatincludesa measureof theconcentrationof cold objectsin pagesthat
containhot objects.

At eachclusteringanalysisiteration7 auserdefinednumberof pages(NPA) havetheirclusteringbadnesscalcu-
lated.Oncethepage’sclusteringbadnessis calculated,theclusteringbadnessis comparedagainstauser-defined
clusteringbadnessthreshold(CBT). If the pagehasa higherclusteringbadnessvaluethanthe thresholdthen
the pageis placedin a priority queuesortedon clusteringbadness.At eachreorganisationiterationa pageis

7Clusteranalysissimply refersto calculatingclusteringbadnessof pagesof thestore.



ParameterAbbreviation ParameterDescription

N thenumberof objectsaccessedbeforea clusteranalysisis triggered
CBT clusterbadnessthreshold
NPA thenumberof pagesanalysedin eachclusteranalysisiteration
NRI thenumberof re-reorganisationiterationsperformedaftereachclusteringanalysisiteration

Table1: Descriptionof userspecifiedparametersof OPCF.

removedfrom thetop of thepriority queueandusedto determinethescopeof reorganisationfor thatreorgan-
isationiteration. A user-definednumber(NRI) of re-organisationiterationsareperformedat the endof each
clusteringanalysisiteration.

� DefineScopeof Reorganisation: To limit thework donein eachreorganisationiterationof theon-lineclustering
algorithm,a limited numberof pagesmustbechosento form thescopeof reorganisation.Thescopeof reorgan-
isationshouldbechosenin sucha way that re-organisationof thosepageswill producethemaximumamount
of improvementin clusteringqualitywhile preservingthepropertyof incrementality.

Theway thescopeof reorganisationis chosendictateswhethertheclusteringalgorithmis opportunisticor non-
opportunistic.If thescopeof reorganisationis chosenin sucha way thatonly in-memorypagesareincluded,
thentheresultingon-lineclusteringalgorithmis opportunistic,otherwiseit is not.

� DefineClusterPlacementPolicy:

BecauseOPCFworksat a pageratherthanobjectgrain,theinitial stagesof eachreorganisationiterationtarget
anintegernumberof pagesandsowill, in general,identify multipleclusters,someof whichmaybesmall.8 The
existenceof clusterswhich aresmallerthana pagesizeraisesthe importantissueof how bestto packclusters
into pages.

A simpleway in which clusteranalysiscanbetriggeredin OPCFis by triggeringclusteranalysiswhena user
specifiednumberof objectshasbeenaccessed(N) this is similar to thetechniqueusedin ?]. Howeverany other
triggeringmethodmaybeused,includingtriggeringvia asynchronousthreadfor loadbalancingreasons.

Table4 providesa tableof userspecifiedparametersfor OPCF.

5 Two Metrics Used to Measure Quality of Clustering
Tsangarisand Naughton[1991],[1992] proposedtwo metrics for measuringthe quality of an object clustering—
working setsizeandlong termexpansionfactor.

Workingsetsize(WSS(M))[TsangarisandNaughton1991]is ametricfor locality thatis cachereplacementpolicy
independent.WSS(M)is evaluatedby takingM framerequests,eliminatingduplicatesandcomputingthecardinality
of the resultingset. Thereforethe larger the cardinality, the fewer the duplicates,hencethe lower the locality. A
clusteringalgorithmthatachievesa lower valuefor this metricwill performwell on workloadsthat traversea small
portionof thedatabasestartingwith acold cache.

LongtermexpansionfactorEF∞ [TsangarisandNaughton1992]is anindicatorof thesteadystateperformanceof
anobjectclusteringalgorithmwhenthecachesizeis large.EF∞ is theratioof pagesaccessedin thesteadystate(N∞)
to thenumberof pagesthatwouldberequiredideally to packall activeobjects(n∞).

Theseclusteringmetricsweredesignedfor off-line clusteringalgorithmsandwereintendedto beindependentof
buffer sizeandbuffer replacementpolicy. Theseclusteringmetricsweredesignedfor off-line clusteringalgorithms
andwereintendedto beindependentof buffer sizeandbuffer replacementpolicy. However, for opportunisticon-line
clusteringalgorithmswhereonly objectsin memoryareusedfor clustering,thesemetricsareno longerindependent
of bufferingeffects.Despitethis factthey aregoodtoolsfor discussingtherelativemeritsof existing staticclustering
algorithms

6 Probability Ranking Principle Clustering Algorithm (PRP)
The simplestoff-line clusteringalgorithm is the probability rankingprinciple (PRP)algorithm. PRPjust involves
placingtheobjectsin theobjectgraphin decreasingheat(where‘heat’ is simplyameasureof accessfrequency). This

8Whenreorganisationoccursat anobjectgrain,eachreorganisationcanbemorestronglytargetedtowardsa particularclusteror clusters,and
sobelesslikely to identify smallclusters.



surprisinglysimplealgorithmyields nearoptimal long term expansionfactor[TsangarisandNaughton1992]. The
reasonthatPRPachievesnearoptimalexpansionfactoris thatit groupstogetherthoseobjectsthatconstitutetheactive
portionof thedatabase.Thereforewhenthesizeof theactiveportionof thedatabaseis smallrelative to theavailable
cachesizeandthesteadystateperformanceof the databaseis of interest,thenthis algorithmyieldsannearoptimal
solution.However, whena smalltraversalis conductedon a cold cache,PRPtendsto performpoorly for working set
sizewhencomparedto morecomplex clusteringalgorithmsthattakeobjectrelationshipsinto consideration[Tsangaris
andNaughton1992].

The simplicity of the PRPalgorithmcombinedwith its minimal requirementswith respectto statisticsmakesit
particularlysuitablefor on-lineclustering9. However, to ourknowledge,anon-lineversionof PRPhasbeensuggested
beforesuggestedin theliterature.

6.1 On-line PRP Clustering Algorithm
In this sectionwedescribetheapplicationof OPCFto thePRPclusteringalgorithmto give it on-linecapability.

� ReorganisationAlgorithm: In orderto make PRPwork in an incrementalfashion,a logical orderingbasedon
heatis placedon thepagesof thestore.Theclusteringalgorithmincrementallyre-arrangestheobjectssoasto
slowly migratecold objectsto cold pagesandhot objectsto hot pages.

At eachreorganisationiteration,thealgorithmreordersthesetof objectsthat lie within thepagestargetedfor
that iterationaccordingto heatorder, thehottestobjectsmoving to the hottestpage,thecoldestto thecoldest
page,etc.

� ClusteringBadnessMetric: Thegoalof PRPclusteringalgorithmis to maptheactive portionof thedatabase
intoasfew pagesaspossible.It accomplishesthisbymigratinghotobjectstowardsoneportionof thestorewhile
migratingcold objectsin the otherdirection. In orderto achieve this objective, we have defineda clustering
metricwhich saysa pageis worseclusteredif it containsbothhot objectsanda lot of waste.We definewaste
to meanspaceconsumedby coldobjects.Theintuition behindthisdefinitionof clusteringbadnessis thatpages
whichcontainhotobjectsbut alsoa lot of wasteis bothvery likely to bein cacheandalsowastinga lot of cache
space,andthusunnecessarilydisplacingotherhot objects.

Thedefinitionof clusteringbadnessis asfollows:

CB � p��� ∑
i 	 p

heati 
 ∑
i 	 p
� sizei � heati � (1)

Thesecondtermin theequationis ameasureof thewastein thepage.Thereforea largerandcolderobjectin a
pagewill contributemorewaste.

� Scopeof Reorganisation:

The scopeof eachreoganisationis definedasthreepageswhich areadjacentin heat-order, wherethe middle
pageis the targetpagefor that iterationandthe targetpageis chosento be the pagewhich is currentlyworst
clustered.WhenI/O opportunismis used,the two in-memorypagesclosestto the target areselected(asthe
adjacentpagesmaybeondisk). Seefigure6.1 for anexample.

This definition of scopeof reorganisationgivesthe clusteringalgorithma high degreeof incrementality. In
addition,this givestheclusteringalgorithmanopportunityto improve thequality of clusteringby placingthe
colderobjectsin thelogically colderpageandhotterobjectsin thelogically hotterpage.

� ClusterPlacementPolicy: SincePRPdoesnot produceclustersof objectsit doesnot have a clusterplacement
policy.

9WhereCPUandI/O resourcesareprecious
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Figure1: In this examplethe currentlyworst clusteredpageis 8, so the scopeof reorganisationfor opportunistic
on-linePRPis pages6, 8 and10 (wherepagenumbersreflectheat-order).If I/O opportunismis not used,thescope
wouldbepages7, 8 and9.

7 Graph Partitioning
Partition-basedclusteringalgorithmsconsidertheobjectplacementproblemasagraphpartitioningproblemin which
themin-cutcriteriais to besatisfiedfor pageboundaries.Theverticesandedgesof thegrapharelabeledwith weights.
Vertex weightsrepresentobject sizeand dependingon the clusteringalgorithm, edgeweightsrepresenteither the
frequency with whichareferencebetweenthepairof objectsis traversed,or thefrequency with which thepairobjects
wereaccessedin closetemporalproximity.

Therearetwo typesof partition basedstaticclusteringalgorithms: iterative improvementandconstructivepar-
titioning. Iterative improvementalgorithmssuchas the Kernighan-LinHeuristic (KL) [KernighanandLin 1970],
iteratively improve partitionsby swappingobjectsbetweenpartitionsin an attemptto satisfy the min-cut criteria.
Constructive algorithmssuchasgreedygraphpartitioning(GGP)[Gerlhof et al. 1993]attemptto satisfythemin-cut
criteriaby first assigningonly oneobjectto a partitionandthencombiningpartitionsin agreedymanner.

The study carriedout by Tsangarisand Naughton[1992] indicatesthat graphpartitioning algorithmsperform
bestfor both the working setsizemetric andlong term expansionfactormetric. However, they aregenerallymore
expensive in termsof CPUusageandstatisticcollectionthansequencebasedalgorithms[Banerjeeet al. 1988;Drew
et al. 1990;BenzakenandDelobel1990].

7.1 On-line Graph Partitioning
Thissectionoutlineshow weappliedtheopportunisticprioritisedclusteringframeworkontooff-line graphpartitioning
algorithms.

� ReorganisationAlgorithm: At eachreorganisationiterationthe graphpartitioningalgorithmis appliedto the
pagesin thescopeof reorganisationasif thesepagesrepresenttheentiredatabase.

� ClusteringBadnessMetric: The off-line graphpartitioningalgorithmsattemptto satisfy the min-cut criteria.
This meansthat they minimisethe sumof edgeweightsthat crosspageboundaries.In order to includethis
criteria into our clusteringbadnessmetricwe have includedexternaltensionin themetric. Externaltensionis
thesumof weightsof edgesof theclusteringgraphwhich crosspageboundaries.A pagewith higherexternal
tensionis worseclustered.In addition,heatis includedin the metric to give priority for reorganisinghotter
pages.Below is adefinitionof clusteringbadnessfor graphpartitioningalgorithms:

CB � p��� ∑
i 	 p

heati 
 ∑
i 	 p

external tensioni (2)

The calculationof externaltensiondiffersbetweenthe opportunisticversionof the on-line graphpartitioning
algorithm and the non-opportunisticversion. In the opportunisticversion,the external tensionis calculated
from only weightsof edgesthatcrossthepageunderconsiderationto otherin-memorypages.By contrast,the
non-opportunisticalgorithmalsocountsedgeweightsthatcrossespageboundariesontodiskpages.
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Figure2: In this exampletheworstclusteredpageis 5 andthescopeof reorganisationfor opportunisticon-linegraph
partitioningarepages2, 4, 5 and6. Thescopeof reorganisationfor non-opportunisticon-linePRParepages2, 4, 5,
6 and7.

� Scopeof Reorganisation: Thescopeof reorganisationis theworstclusteredpageandits relatedpages.Related
pagesaredefinedaspageswhich have at leastoneobjectlink crossingthe boundarybetweenthe two pages.
If the on-line clusteringalgorithmis to berun opportunisticallythenonly in-memoryrelatedpagesarein the
scopeof reorganisation.Seefigure7.1for anexample.

� ClusterPlacementPolicy: For this applicationof OPCF, we have chosento placeclustersinto pagesin order
of heat. The reasonfor this choiceis that cold clusterswill be placedaway from hot clustersandthuspages
containinghot clusterswhich aremorelikely to be in memorywill have lesswastedspaceoccupiedby cold
clusters.This is similar to thegoalof PRP.

Theparticulargraphpartitioningalgorithmimplementedfor the resultssectionof this paperis thegreedygraph
partitioning(GGP)algorithm[Gerlhof et al. 1992]. However, theabove methodologycanbeappliedto any off-line
graphpartitioningclusteringalgorithm.GGPfirst placesall objectsin a separatepartitionandtheniteratesthrougha
list of edgesin descendingedgeweight. If the two objectson theendsof thecurrentlyselectededgearein different
partitionsandthesumsizeof thetwo partitionsaresmallerthana pagethenthepartitionsarejoined.

8 Dynamic Statistical and Tunable Clustering Technique (DSTC)
DTSCis anexisting dynamicclusteringalgorithm[?] which hasthefeatureof achieving dynamicitywithout adding
highoverheadandexcessivevolumeof statistics.

Thealgorithmsis dividedinto fivephases:

� ObservationPhase:In orderto minimisedisruptivenessof statisticscollection,DSTConly collectsstatisticsat
predefinedobservationperiodsandtheinformationis storedin a transientobservationmatrix.

� SelectionPhase: In orderto reducethevolumeof statisticsstored,attheselectionphasethetransientobservation
matrix is scannedandonly significantstatisticsaresaved.

� ConsolidationPhase: Theresultsof theselectionphasearecombinedwith statisticsgatheredin previousobser-
vationphasesandsavedin thepersistentconsolidatedmatrix.

� DynamicClusterReorganisation: Using the informationin the updatedconsolidatedmatrix, new clustersare
discoveredor existing onesareupdated.In orderto achieve dynamicitythere-organisationwork is brokenup
into smallfragmentscalledclusteringunits.

� PhysicalClusteringOrganisation: Theclusteringunitsarefinally appliedto thedatabasein anincrementalway
(thatis oneclusteringunit at a time). This phaseis triggeredwhenthesystemis idle.



ParameterDescription Value

numberof classesin thedatabase 50
maximumnumberof references,perclass 10
instancesbasesize,perclass 50
totalnumberof objects 20000
numberof referencetypes 4
referencetypesrandomdistribution uniform
classreferencerandomdistribution uniform
objectsin classesrandomdistribution uniform
objectsreferencesrandomdistribution uniform

(a)OCB parameters

ParameterDescription Value

systemclass centralised
diskpagesize 4096bytes
buffer size varies
buffer replacementpolicy LRU-2
pre-fetchpolicy none
multiprogramminglevel 1
numberof users 1
objectinitial placement optimisedsequential

(b) VOODB parameters

Table2: Parametersusedfor OCB andVOODB. VOODB parametersinvolving time have beenomitted from this
table,sincetheresultsreportedarein termsof I/O performance.

DSTCisnotanopportunisticclusteringalgorithmsinceitsscopeof re-organisationcanbeobjectsthatarecurrently
residingon disk. In orderto make DSTC opportunisticwe have chosento restrict the scopeof objectsthat canbe
chosenfrom whenformingclusteringunitsto thoseobjectsthatarecurrentlyin memory. In theresultssection,results
of bothopportunisticandnonopportunisticDSTCarepresented.

9 Results
In this sectionwe presentresultsof experimentswe conductedwith theobjectclusteringbenchmarkOCB [?] using
thevirtual objectorienteddatabasesimulator, VOODB [?]. VOODB is basedon a genericdiscrete-eventsimulation
framework. Its purposeis to allow performanceevaluationsof OODBs in general,andoptimisationmethodslike
clusteringin particular.

OCB is a genericobject-orientedbenchmarkthatwasdesignedto benchmarkOODBMSsystemsandclustering
policesin particular. The OCB databasehasa variety of parameterswhich make it very user-tunable. A database
is generatedby settingparameterssuchastotal numberof objects,maximumnumberof referencesper class,base
instancesize,numberof classes,etc. Oncetheseparametersareset,a databaseconformingto theseparametersis
randomlygenerated.Thedatabaseconsistsof objectsof varyingsizes.In theexperimentsconductedin this paperthe
objectsvariedin sizefrom 50 to 1200bytesandtheaverageobjectsizewas268bytes.Theparametersof OCB and
VOODBusedto conducttheexperimentsin this paperarespecifiedin table9.

Throughouttheremainderof thissection,we will usethefollowing abbreviations:

NC noclustering

DSTC dynamicstatisticalandtunableclusteringtechnique[?]

GP greedygraphpartitioning[Gerlhof et al. 1993]

PRP probabilityrankingprincipleclusteringalgorithm[TsangarisandNaughton1992]

Thealgorithmnamesaregiventhesuffix ‘N’ if thealgorithmrun wasnon-opportunisticand‘O’ if thealgorithmwas
opportunistic.

The readworkloadusedin the experimentsconsistedof simpletraversals,hierarchicaltraversalsandstochastic
traversals.Theupdatetransactionsusedconsistedof objectattributeupdates,objectinsertions,objectdeletion,object
link insertionsandobjectlink deletions.

The parametersusedfor the clusteringalgorithmsinvestigatedthe resultsof this paperarepresentedin table9.
For adescriptionof DSTCparameters,see[?].

9.1 Varying Buffer Size Experiment
This experimentwasdesignedto investigatetheeffectsof changingbuffer sizein two differentconditions,readonly
transactionsand10%updatetransactions.We dividedthe20MB (20000object)databaseinto hot andcold regions.
Thehot regionwasmadeto be1.5%of thetotal sizeof thedatabaseand99%of transactionsweredirectedat thehot
region. (Skewing theaccessdistributionhastheeffectof highlightingtheimportanceof clustering.An algorithmthat
doesnot clusterwell will performverypoorlyundersucha workload.)



Parameter Value

n 200
np 200
p 1000
Tf a 0.0
Tf e 0.0
Tf c 0.0
w 0.0
s 10

(a)DSTCparameters

Parameter PRPValue GPValue

N 200 200
CBT 0.1 0.1
NPA 50 50
NRI 25 25

(b) OPCFparameters(seetable4)

Table3: Parametersusedfor theclusteringalgorithmsDSTC,PRPandGP.
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Figure3: Effectsof varyingbuffer size
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Theresultsareshown on figure3. Whenupdatesareintroducedinto theworkload,GP-Oappearsto outperform
DTSC-OandDSTC-N algorithmsby a large margin. A possibleexplanationfor this behavior is that DSTC works
at the objectgrain andthusplaceseachnewly constructedclusterof objectsinto a new page. This generatesa lot
of emptyspacein pageswheretheclustersizeis small. Theendresultis thatobjectsaremorespreadout andwhen
randomupdatesoccur, a largernumberof pagesareupdated,resultingin a largernumberof write I/Os. Thiscontrasts
to thegraphpartitioningalgorithmwheremultiple clustersmayresidein thesamepageandthusrandomupdatesare
confinedto a smallernumberof pages.

Secondly, whenthebuffer sizeis smallthePRPalgorithmsdo not performaswell asGP. This resultis consistent
with the off-line behavior of the algorithms.The reasonfor this is thatPRPdoesnot take inter-objectrelationships
into considerationwhenclustering.

9.2 Varying Fraction of Updates
In thisexperimentwe investigatedwhateffectvaryingthefactionof updatetransactionshasontheperformanceof the
on-lineclusteringalgorithms.For this experimentwesetthebuffer sizeto 600KB andtheothersystemsettingswere
thesameasin section9.1.Theresultsof this experimentcanbeseenin figure4.

As observed in section9.1, GP-O and PRP-Oare the bestperformerswhen the buffer size is large. What is
interestinghereis thepointatwhich clusteringbecomesworsethanno clusteringfor thedifferentalgorithms.PRP-O
andGP-Odonotperformworsethannoclusteringuntil thefractionof updatetransactionsis greaterthan0.27however
DTSC-O becomesworsethan no clusteringat a fraction of 0.08.10 This seemsto indicatethat the opportunistic
algorithmsproposedby this paperaremorerobust to updatetransactionswhencomparedto DSTC.The reasonfor
this canagainbeexplainedby thefactGPandPRPhave lessemptyspacesamongpages.Thereforerandomupdates
becomelessdispersedwhencomparedto DSTCwhichplaceseveryclusteron a separatepage.

9.3 Varying Hot Region Size
In this experimentwe investigatedthe effect that varying the sizeof the hot region hason the performanceof the
on-lineclusteringalgorithms.Thebuffer sizewasagainsetto 600KB. Theremainingsettingswith theexceptionof
hot regionsize(which wewill vary)werethesameasfor section??.

Figure5 showstheresultsof runningtheexperimentwith bothreadonly transactionsand10%updatetransactions.
Themostimportantobservationthatcanbemadefrom thesegraphsis thatasthehot region’s sizeincreases,GP-O
outperformsDSTC-Oby an increasingmargin. A possiblereasonfor this observation is that whenthe sizeof the
hot region is small, thehot objectsareinitially dispersedvery thinly acrossthepagesof thedatabaseandthereforea
clusteringalgorithmsuchasGPwhichworksat thepagegraincanonly find a few clustersperre-clusteringiteration.
HoweverDSTC-O,which picksout objectsthatbelongto thesameclusterfrom anywherein memory, andDTSC-N,
which picks from anywherein thedatabase,canquickly form largeclusterseven if theobjectsaredispersedamong

10This is not inconsistentwith theresultsof section9.1 sincethebuffer sizeusedin this experimentis slightly larger thanthemaximumbuffer
sizeusedin section9.1
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Figure5: Effectsof varyinghot regionsize
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many pages.However this advantagebegins to diminish asthe hot region size increasesandevery pagebegins to
have a larger portion of hot objects. That is to say, asmorehot objectsappearin every page,eachre-organisation
iterationof GP(pagegrainre-clustering)becomesmoreproductive. Thebadperformanceof GP-Nmaybeattributed
to its tendency to generateexcessivereadI/O asthehot regionsizeincreases.As thehot regionsizeincreases,GP-N’s
scopeof reorganisationincreasesdramaticallybecauseits scopeof reorganisationis all the worst clusteredpage’s
relatedpages(anywherein the database).Thereforeany productive work that the algorithmperformsgetsquickly
overshadowedby theexcessive I/O generatedby theclusteringprocesses.

9.4 Changing Transaction Access Patterns
This experimentinvestigatestheeffect of changingtransactionaccesspatternson thevariouson-lineclusteringalgo-
rithms. Dueto their on-linenature,it is desirablefor theon-lineclusteringalgorithmsto performwell evenwhenthe
transactionaccesspatternschange.

In this experimentwe graduallymovedthe hot region of the storeto simulatechangesin accesspatterns.After
1000objectshasbeenaccessedthehot region is movedby a certainfraction of the sizeof the hot region. The size
by which thehot region movesat eachmove iterationis variedin this experiment.Thesizeof thehot region is setto
1.5%andtheremainingparametersof thesystemaresetto thesamevaluesasfor section9.3.



Theresultsfor thisexperimentaredepictedonfigure6. Themostimportantobservationfrom figure6 is thatasthe
rateof changein theaccesspatternincreasesthereis notmuchchangein therelativeperformancedifferencebetween
the opportunisticversionsof the differentalgorithms. The performancedifferencebetweenDSTC-O,PRP-Oand
GP-Ostaysalmostthesameastheamountby which accesspatternincreases.However, theperformancedifference
betweenopportunisticand non-opportunisticversionsof GP andDSTC increasesas the amountof accesspattern
changeincreases.Thegreaterthechangein accesspattern,non-opportunisticversionsof GPandDSTCprogressively
lag further behindtheir opportunisticcounterparts.This seemsto indicatethat opportunismdampensthe negative
effectsthat changesin accesspatternshave on the performanceof clusteringalgorithms.This maybe explainedby
thefact thatopportunisticalgorithmspaylessfor any unhelpfulspeculative re-organisation,11 sinceit doesnot incur
theoverheadof theadditionalclusteringreadI/O.

10 Conclusions
In thispaperwehavepresentedOPCF, agenericframework whichwhenappliedto off-line clusteringalgorithms,can
produceon-lineclusteringalgorithmsthatpossessesthetwo desirablepropertiesof opportunismandprioritisation of
clustering. In addition,applicationof theframework is straightforwardandyet it producesclusteringalgorithmsthat
outperformanexisting highly competitiveon-lineclusteringalgorithm,DSTC[?], in a varietyof situations.

Whenupdatetransactionswereintroducedinto the workload,the OPCF-derived algorithms,GP-OandPRP-O,
werefoundto maintainanhigh level of performance.HoweverDSTC-NandDSTC-Owerefoundto respondpoorly
to theintroductionof updatetransactions.This indicatesthatDSTCis lessrobustto updateswhencomparedto GP-O
andPRP-O.

Whenthehot regionsizeincreasesDSTC-OandDSTC-Nwerefoundto progressively performworsethanGP-O.
This indicatesGP-Ois morerobustto increasesof hot regionsizewhencomparedto DSTC.

Overall the OPCFalgorithmsGP-OandPRP-Owerefound to be morerobust to variouschangesin workload
conditionsthanDSTC-OandDSTC-N. This suggeststhat GP-OandPRP-Oarebettercandidatesfor inclusion in
OODBMSsystemswhicharelikely to berun in varyingworkloadconditions.

WhenchoosingbetweenPRP-OandGP-O,thebetteralgorithmdependson thesituation.In general,if theactive
portionof thedatabasecanfit into memoryPRP-Ois thebetteralgorithmsinceits quality of clusteringis aboutthe
sameasGP-Oandit hassmalleroverheadbothin termsof statisticscollectionandclusteringalgorithmrunningtime.
However if theactiveportionof thedatabasedoesnot fit into memoryGP-Omaybethebetteralgorithmsincein this
situationGP-Oproducesbetterquality clustering. Theseresultsareconsistentwith observationsmadefor off-line
graphpartitioningandPRPalgorithms.

Whenthepatternof accessof changes,opportunisticalgorithmswerefoundto performbetterthannon-opportunistic
algorithms.This is dueto thefactopportunisticalgorithmspaylessfor anunhelpfulspeculative reorganisationwhen
comparedto non-opportunisticalgorithms.

For furtherwork, we plan to addmoreexisting on-lineclusteringalgorithmsto our simulationstudy. We would
alsolike to experimentwith transformingotheroff-line clusteringalgorithmsusingOPCFandseehow they perform
in relationto thealgorithmspresentedin this paper.
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