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Abstract

Ever sincethe ‘early days’ of databasenanagemensystemsgclusteringhasprovento be one of the mosteffective
performanceenhancemertechniquedor objectorienteddatabasenanagemengystems.Thebulk of thework in the
areahasbeenon staticclusteringalgorithmswhich re-clusterthe objectbasewhenthe databasés off-line. However,
thistypeof re-clusteringcannotbeusedwhen24-hourdatabasaccesss required.Iln suchsituationson-lineclustering
is required,which allows the objectbaseto be reclusteredvhile the databases in operation. We believe that most
existing on-line clusteringalgorithmslack threeimportantproperties. Theseinclude: the use of opportunismto
imposesthe smallestl/O footprint for re-omganisation;the re-useof prior reseach on static clusteringalgorithms;
andthe prioritisation of re-clusteringsothatthe worstclusteredpagesarere-clusteredirst. In this paperwe present
OPCEF a framawork in which ary existing off-line clusteringalgorithm canbe madeon-line and given the desired
propertiesof opportunismandclusteringprioritisation. In addition, this paperpresentsa performanceevaluationof
the ideassuggestedbove andin particularshaws the importanceof opportunismin improving the performanceof
on-line clusteringalgorithmsin a variety of situations. The main contribution of this paperis the obsenation that
existing off-line clusteringalgorithms,whentransformedvia a simpletransformatiorframenork suchasOPCF can
produceon-line clusteringalgorithmsthat out-performcomple existing on-linealgorithms,in avariety of situations.
This makesthe solution presentedn this paperparticularly attractive to real OODBMS systemimplementersvho
oftenpreferto optfor simplersolutions.

1 Introduction

The currentrate of performancemprovementfor CPUsis much higher than that for memory or disk 1/0. CPU
performancealoublesavery 18 monthswhile disk I/0O improvesatonly 5-8 % peryear Onthe otherhand,cheapdisks
meanobjectbaseswill becomebiggerasdatabaselesignergealisethat more datacanbe stored[Knafla 1999]. A
consequencef thesefactsis thatdisk /O is likely to beabottleneckin anincreasingrumberof databasapplications.
It shouldalsobe notedmemoryis alsobecominga more prevalentsourceof bottleneckon modernDBMS[Ailamaki
etal. 1999]. However their studywasconductedn relationalDBMS. We believe for object-orientedBMS where
navigationis common /O maybeamorecommonsourceof bottlenecks.

Eversincethe‘early days’of databasenanagemergystemsclusteringhasprovento be oneof the mosteffective
performancenhancemertechniquegGerlhofetal. 1996]. Thereasorfor thisis thatthe majority of objectaccessn
aobjectorienteddatabasarenavigational. Consequentlyrelatedobjectsareoftenaccessedonsecutiely. Clustering
objectsin anobjectorienteddatabaseeduceslisk /O by groupingrelatedobjectsinto thesamedisk page.In addition
toreduced/O, clusteringalsousescachespacamoreefficiently by reducingthenumberof unusedbjectsthatoccupy
thecache! Periodicalre-clusteringallows the physicalorganisatiorof objectson disk to closerreflectthe prevailing
patternof objectaccess.

Themajority of existing clusteringalgorithmsarestatic[TsangarisandNaughton1991; TsangarisandNaughton
1992; Banerjeeet al. 1988; Gerlhofet al. 1992; Gerlhofet al. 1993; Drew et al. 1990; Wietrzyk and Orgun 1998].
Staticclusteringalgorithmsrequirethatre-clusteringake placewhenthe databasés notin operationthusprohibiting
24 hourdatabas@ccesslin contraston-lineclusteringalgorithmsre-clusterthe databasevhile databasepplications
arein operation Applicationsthatrequire24 hourdatabasaccesandinvolve frequentchangeso dataaccespatterns

*Theauthorswish to acknavledgethatthis work wascarriedoutwithin the Cooperatie ResearctCenterfor AdvancedComputationaSystems
establishedinderthe AustralianGovernments Cooperatie ResearctCentersProgram.

1Throughouthis papemwe usetheterm‘cache’to referto thein-memoryportionof anobjectbase.



may benefitfrom the useof on-line clustering. The problemis compoundedvhenthe size of the databasés large.
In suchsituationsthe initial physicaldatabas®rganisatiorwill becomeobsoleteover time, which may resultin the
objectcachecontainingmary objectsthatareneverused.

In our view, therearea numberof propertiesthat are missingfrom mostexisting on-line clusteringalgorithms.
Thesepropertiesnclude:

e Theuseof opportunismto imposethe smallest/O footprint for re-organisation;
e There-useof existingwork on staticclusteringalgorithms;and
¢ A prioritisationof re-clusteringsotheworstclusteredbagesarere-clusteredirst.

The goal of on-line clusteringis to generateghe minimum numberof I/Os for a given setof databasapplication
accesatterns. The clusteringprocesstself may generatd/O, loading datapagesfor the sole purposeof object
basere-omganisation.However, mostresearcherbave chosento ignorethesesourcesof I/O generatiorandinstead
concentrate@n developingthe on-line clusteringalgorithmthat minimisesthe numberof datapage$ loadedduring
normaldatabaseperatior.

Despitethe greatbody of work that exists on static clustering[Tsangarisnd Naughton1991; Tsangarisand
Naughton1992; Banerjeeet al. 1988; Gerlhof et al. 1992; Gerlhof et al. 1993; Drew et al. 1990; Wietrzyk and
Orgun1998], therehasbeenlittle transferof ideasinto the on-line clusteringliterature. In this paperwe addresghis
omissionby incorporatingwo existing andyet vastly contrastingypesof staticclusteringalgorithmsinto our on-line
clusteringframenork. Thesearethe ‘probability rankingprinciple’ algorithm (PRP)andthe ‘graph partitioning’ al-
gorithms.We show thatby usingour framework thesetwo existing staticclusteringalgorithmsoutperformanexisting
andhighly competitive on-line clusteringalgorithm(DSTC[Bullat andSchneide1996])in avariety of situations.

Thedisruptive natureof re-clusteringdictatesthat on-line clusteringalgorithmsmustbe incremental. This means
thatonly asmallportionof theobjectbasecanbere-clusteredn eachiteration. Whenfacedwith avarietyof different
portionsto targetfor re-omganisationthe clusteringalgorithmmustselectthe portionto re-clusteffirst. We termthis
the selectionproblem. To our knowledge,this problemhasnot beenpreviously identifiedin the literature. To solve
this problemwe proposethatit shouldbe the worst clusteredmemory-residenpagethat shouldbe selectedirst for
re-clustering.To this end,our on-line clusteringframework, incorporategrioritisation.

2 Related Work

There-omanisatiorphaseof on-lineclusteringcanincur significantoverheadTwo of thekey overheadsireincreased
write lock contentiord, andl/O. To reducewrite lock contentionmoston-lineclusteringalgorithmsaredesignedo be
incrementalndthusonly considera portion of the objectbasefor clusteringduring eachre-oiganisation.However,
we areawareof only onealgorithm[Wietrzyk andOrgun 1999] thattakescareto notto introduceextra I/O duringthe
re-omganisatiorphase.Wietrzyk andOrgun [1999] accomplishthis by calculatinga new placemenivhenthe object
graphis modified, eitherby a link (reference)modificationor objectinsertion. The algorithm thenreclustersthe
objectsthatareeffectedby the modificationor insertion. Oncethe new placements determinedpnly the objectsin
memoryarere-oiganisedandthe remainingobjectsare only re-arrangedasthey areloadedinto memory However,
the objectsconsideredor re-omganisatiorcanincludeary objectin the store. The drawvbackof this approachis that
informationaboutary objectin the storemaybeneeded OPCFproducesalgorithmsthatdiffer from thesealgorithms
by only needingnformationon objectsthatarecurrentlyin memoryandonly re-oiganisingthoseobjects.This makes
on-line clusteringalgorithmsproducedoy OPCFmoreopportunisti€ thanexisting algorithms.

The incrementalnatureof on-line clusteringrequiresthat only a small portion of the entire databasedo be re-
clusteredat eachiteration. However, the choiceasto which portionto re-clusteris wheremary existing algorithms
differ. Mclver and King [1994] suggestargeting the portion that was accessedfter the previous re-oiganisation.
However, thismayinvolveaverylargeportionof thedatabasé# there-clusterings nottriggeredfrequently Wietrzyk
and Orgun[1999] re-clustereffectedobjectsas soonas an objectgraphmodificationoccurs. They usea threshold
mechanisrf to determinewhenre-clusterings worthwhile. However, this approachmay still be too disruptive. An
exampleof whenits disruptivenesss likely to befelt is whenthe systemis in peakusageandfrequentobjectgraph

2pageswherethe objectsreside.

3Normaldatabaseperationasopposedo re-clusteringoperation.

4Notethatin anoptimisticsystemthis would translateto transactioraborts.

5By opportunistiove referto our opportunistiauseof in-memorydatain orderto minimisel/O.

6Basedon the heuristicthatsaysthata morefrequentlyaccessedbjectthatis clusterecbadlyis moreworth while re-clustering.



modificationsare occurring. In sucha scenariothe objectgraphwould be continuouslyre-clusteringduring peak
databasausage. The algorithm thus lacks a meansof controlling whenthe re-clusteringtakes place. In contrast,
the on-line algorithmsdevelopedwith OPCFcanbe easilymadeadaptve to changingsystemloads. This is dueto

the factre-clusteringcanbe triggeredby an asynchronouslynamicload-balancinghreadratherthana objectgraph
modification.

A largebodyof work existson staticclusteringalgorithmg TsangarisasndNaughtorl991; TsangarisndNaughton
1992; Banerjeeet al. 1988; Gerlhofet al. 1992; Gerlhofet al. 1993; Drew et al. 1990; Wietrzyk and Orgun 1998].
However only relatively few staticalgorithmshave beentransferednto on-line algorithms.Mclver andKing [1994]
combinedthe existing static clusteringalgorithms,Hudsonand King [1989] and Banerjee Kim, Kim, and Garza
[1988] to createa new on-line clusteringalgorithm. However HudsonandKing [1989] andBanerjeeKim, Kim, and
Garza[1988] are only sequence-basedusteringalgorithmswhich have beenfoundto be inferrior whencompared
to graphpartitioning algorithms[Tsangariand Naughton1992]. Wietrzyk and Orgun [1999] developeda new dy-
namic graphpartitioning clusteringalgorithm. However their graph partitioning algorithmwas not comparedwith
ary existing staticgraphpartitioningclusteringalgorithm. In this papertwo existing staticclusteringalgorithmswere
transformednto on-line clusteringalgorithmsusingOPCFandcomparedo anexisting on-line clusteringalgorithm,
DSTC[Bullat andSchneidel996].

3 Organisation

In sectiond we describea framewnork in which existing off-line clusteringalgorithmscanbe modifiedto operateon-

line. In section5 we describawo existing metricsfor measuringlusteringquality. In sections?? and?? we describe
how OPCFcanbeappliedto two existing off-line clusteringalgorithms probabilityrankingprinciplealgorithm(PRP)
andgreedygraphpartitioningalgorithmrespectiely. In section8 we give a brief descriptionof an existing on-line

clusteringalgorithm,DSTC.In section9 we presentesultsobtainedrom runningthealgorithmson-linePRR on-line

greedygraphpartitioningandfinally DSTC[?].

4 The Opportunistic Prioritised Clustering Framework (OPCF)

Theopportunistigrioritisedclusteringramework offersageneriowvay in which existing off-line clusteringalgorithms
canbe madeon-line. Therearetwo key propertiesof OPCF:1/O opportunismand prioritisationof re-clusteringso
the worst clusteredpageis re-clusteredirst. The framavork ensureghe resultingclusteringalgorithmcanbe made
opportunisticbut doesnotlimit the algorithmsto 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 are determinedo needre-clusteringareremoved from existing pagesand placedinto
new pages.

In orderto apply OPCF, a seriesof stepsmustbe applied. Thesestepsareoutlinedbelow.

¢ DefinelncrementaReoganisationAlgorithm: In thisstep,astratey is developedby whichtheexisting off-line
clusteringalgorithmis adaptedo work in anincrementalway. Thatis, at eachiterationof reoganisatiorthe
algorithmmustbe ableto operatewith alimited scope.

e DefineClusteringBadnesdMetric:

OPCFyprioritisesre-clusteringoy re-clusteringhe worstclusteredpagedirst. This meangheremustbe away
of definingthe quality of clusteringat a pagegrain. We term this the clusteringbadnessnetric. The way in
which clusteringbadnesss to be definedfor a particularoff-line clusteringalgorithmdependson the goal of
theclusteringalgorithm.For instancethe goal of graphpartitioningalgorithmsis to satisfythe min-cutcriteria
andthereforefor graphpartitioningalgorithmsthe min-cutcriteriashouldbeincludedin the clusteringbadness
metric. In contrastthe PRPclusteringalgorithmhasthe goal of groupinghot objectstogetherandthereforeit
may have a clusteringbadnessnetricthatincludesa measuref the concentratiorof cold objectsin pageghat
containhot objects.

At eachclusteringanalysisiteratior! auserdefinednumberof pagegNPA) have their clusteringoadnessalcu-
lated.Oncethepagesclusteringoadnesss calculatedtheclusteringoadnesss comparedigainstiuserdefined
clusteringbadnesghreshold(CBT). If the pagehasa higherclusteringbadneswyaluethanthe thresholdthen
the pageis placedin a priority queuesortedon clusteringbadness At eachreomganisationterationa pageis

Clusteranalysissimply refersto calculatingclusteringbadnessf pagesof the store.



| ParameteAbbreviation | ParameteDescription

N thenumberof objectsaccessebteforea clusteranalysiss triggered

CBT clusterbadnesshreshold

NPA thenumberof pagesanalysedn eachclusteranalysisteration

NRI thenumberof re-reoganisatioriterationsperformedafter eachclusteringanalysisteration

Tablel: Descriptionof userspecifiedparametersf OPCE

removedfrom thetop of the priority queueandusedto determinethe scopeof reomanisatiorfor thatreorgan-
isationiteration. A userdefinednumber(NRI) of re-oiganisationiterationsare performedat the end of each
clusteringanalysisteration.

e DefineScopeof Reoganisation To limit thework donein eachreomganisationiterationof theon-lineclustering
algorithm,alimited numberof pagesnustbechoserto form the scopeof reomganisationThe scopeof reoigan-
isationshouldbe chosenin sucha way thatre-omganisatiorof thosepageswill producethe maximumamount
of improvementin clusteringquality while preservinghe propertyof incrementality

Theway the scopeof reomganisatioris choserdictateswhetherthe clusteringalgorithmis opportunisticor non-
opportunistic.If the scopeof reomanisationis chosenn sucha way thatonly in-memorypagesareincluded,
thentheresultingon-line clusteringalgorithmis opportunistic ptherwiseit is not.

¢ DefineClusterPlacemen®olicy:

Becaus@PCFworksat a pageratherthanobjectgrain, theinitial stagesf eachreomganisatioriterationtarget
anintegernumberof pagesandsowill, in generaljdentify multiple clusterssomeof whichmaybesmall® The
existenceof clusterswhich aresmallerthana pagesizeraisesthe importantissueof how bestto packclusters
into pages.

A simpleway in which clusteranalysiscanbe triggeredin OPCFis by triggeringclusteranalysiswhena user
specifiechumberof objectshasbeenaccesse@) thisis similarto thetechniqueusedin ?]. Howeverary other
triggeringmethodmaybe used,includingtriggeringvia asynchronouthreadfor loadbalancingreasons.

Table4 providesatableof userspecifiedparametersor OPCFE

5 Two Metrics Used to Measure Quality of Clustering

Tsangarisand Naughton[1991],[1992] proposedwo metricsfor measuringthe quality of an object clustering—
working setsizeandlong termexpansionfactor

Working setsize(WSS(M)]TsangarisasndNaughton1991]is ametricfor locality thatis cachereplacemenpolicy
independentWSS(M)is evaluatedby takingM framerequestseliminatingduplicatesandcomputingthe cardinality
of the resultingset. Thereforethe larger the cardinality the fewer the duplicates,hencethe lower the locality. A
clusteringalgorithmthat achiesesa lower valuefor this metricwill performwell on workloadsthattraversea small
portionof thedatabasstartingwith a cold cache.

Longtermexpansiorfactor EF., [TsangariandNaughton1992]is anindicatorof the steadystateperformancef
anobjectclusteringalgorithmwhenthe cachesizeis large. EF is theratio of pagesaccesseth the steadystate(N.)
to the numberof pageshatwould berequiredideally to packall active objects(nw).

Theseclusteringmetricsweredesignedor off-line clusteringalgorithmsandwereintendedto beindependentf
buffer sizeandbuffer replacemenpolicy. Theseclusteringmetricsweredesignedor off-line clusteringalgorithms
andwereintendedto be independenof buffer sizeandbuffer replacemenpolicy. However, for opportunisticon-line
clusteringalgorithmswhereonly objectsin memoryareusedfor clustering,thesemetricsareno longerindependent
of buffering effects. Despitethis factthey aregoodtoolsfor discussingherelative meritsof existing staticclustering
algorithms

6 Probability Ranking Principle Clustering Algorithm (PRP)

The simplestoff-line clusteringalgorithmis the probability ranking principle (PRP)algorithm. PRPjust involves
placingtheobjectsin the objectgraphin decreasingpeat(where'heat’ is simply ameasuref accessrequeng). This

8Whenreoganisatioroccursat an objectgrain, eachreoganisationrcanbe morestronglytametedtowardsa particularclusteror clusters,and
sobelesslikely to identify smallclusters.



surprisinglysimple algorithmyields nearoptimal long term expansionfactor[Tsangarisand Naughton1992]. The
reasorthatPRPachievzesnearoptimalexpansiorfactoris thatit groupstogethethoseobjectsthatconstitutetheactive
portionof the databaseThereforewhenthe sizeof the active portion of the databasés smallrelative to the available
cachesizeandthe steadystateperformancef the databasés of interest,thenthis algorithmyields an nearoptimal
solution.However, whena smalltraversalis conductedn a cold cache PRPtendsto performpoorly for working set
sizewhencomparedo morecomple clusteringalgorithmsthattake objectrelationshipsnto consideratiofiTsangaris
andNaughton1992].

The simplicity of the PRPalgorithm combinedwith its minimal requirementsvith respecto statisticsmalesit
particularlysuitablefor on-lineclustering. However, to our knowledge anon-lineversionof PRPhasbeensuggested
beforesuggesteth theliterature.

6.1 On-line PRP Clustering Algorithm
In this sectionwe describehe applicationof OPCFto the PRPclusteringalgorithmto give it on-line capability

e ReoganisationAlgorithm In orderto make PRPwork in anincrementaFashion,a logical orderingbasedon
heatis placedon the page<f the store. The clusteringalgorithmincrementallyre-arrangeshe objectssoasto
slowly migratecold objectsto cold pagesandhot objectsto hot pages.

At eachreomanisationteration,the algorithmreordersthe setof objectsthatlie within the pagesargetedfor
thatiterationaccordingto heatorder, the hottestobjectsmoving to the hottestpage,the coldestto the coldest
page etc.

¢ ClusteringBadnessVietric: The goal of PRPclusteringalgorithmis to mapthe active portion of the database
into asfew pagesaspossible It accomplishethis by migratinghotobjectstowardsoneportionof thestorewhile
migrating cold objectsin the otherdirection. In orderto achieve this objective, we have defineda clustering
metricwhich saysa pageis worseclusteredf it containsboth hot objectsanda lot of waste.We definewaste
to meanspaceconsumedy cold objects.Theintuition behindthis definitionof clusteringbadnesss thatpages
which containhot objectsbut alsoa lot of wasteis bothverylikely to bein cacheandalsowastingalot of cache
spaceandthusunnecessarilgisplacingotherhot objects.

Thedefinitionof clusteringbadnesss asfollows:

CB(p) = z hed; x Z(size/heai) (1)

i€Ep i€p

Thesecondermin theequationis ameasuref the wastein the page.Thereforea largerandcolderobjectin a
pagewill contributemorewaste.

e Scopeof Reoganisation

The scopeof eachreoganisatiorns definedasthreepageswhich areadjacentn heat-orderwherethe middle
pageis the target pagefor thatiterationandthe target pageis chosento be the pagewhich is currentlyworst
clustered. When1/O opportunismis used,the two in-memorypagesclosestto the target are selectedasthe
adjacenpagesmaybeondisk). Seefigure6.1for anexample.

This definition of scopeof reomanisationgivesthe clusteringalgorithma high degree of incrementality In
addition, this givesthe clusteringalgorithman opportunityto improve the quality of clusteringby placingthe
colderobjectsin thelogically colderpageandhotterobjectsin thelogically hotterpage.

e ClusterPlacementfolicy: SincePRPdoesnot produceclustersof objectsit doesnot have a clusterplacement
policy.

SWhereCPUandI/O resourcesireprecious



logically coldest pages logically hottest pages

Memory

e

Figure 1: In this examplethe currently worst clusteredpageis 8, so the scopeof reoiganisationfor opportunistic
on-line PRPis pages5, 8 and 10 (wherepagenumberseflectheat-order).If 1/0O opportunismis not used,the scope
would bepages, 8 and9.

7 Graph Partitioning

Partition-basedlusteringalgorithmsconsidetthe objectplacemenproblemasa graphpartitioningproblemin which
themin-cutcriteriais to besatisfiedor pageboundariesTheverticesandedgesf thegrapharelabeledwith weights.
Vertex weightsrepresenbbject size and dependingon the clusteringalgorithm, edgeweightsrepresentitherthe
frequeng with which areferencébetweerthe pair of objectsis traversedpr thefrequeng with which the pair objects
wereaccesseth closetemporalproximity.

Therearetwo typesof partition basedstatic clusteringalgorithms: iterative improvementand constructivepar-
titioning. Iterative improvementalgorithmssuchasthe Kernighan-LinHeuristic (KL) [KernighanandLin 1970],
iteratively improve partitionsby swappingobjectsbetweenpartitionsin an attemptto satisfy the min-cut criteria.
Constructve algorithmssuchasgreedygraphpartitioning (GGP) [Gerlhof et al. 1993] attemptto satisfythe min-cut
criteriaby first assigningonly oneobjectto a partitionandthencombiningpartitionsin a greedymanner

The study carriedout by Tsangarisand Naughton[1992] indicatesthat graph partitioning algorithmsperform
bestfor both the working setsize metric andlong term expansionfactor metric. However, they are generallymore
expensvein termsof CPU usageandstatisticcollectionthansequencdasedalgorithms[Banerjeeet al. 1988;Drew
etal. 1990;BenzalenandDelobel1990].

7.1 On-line Graph Partitioning

Thissectionoutlineshow we appliedtheopportunistiqrioritisedclusteringframenork ontooff-line graphpartitioning
algorithms.

¢ ReoganisationAlgorithm At eachreoganisationiterationthe graphpartitioningalgorithmis appliedto the
pagesn thescopeof reomganisatiorasif thesepagegsepresenthe entiredatabase.

¢ ClusteringBadnesaMetric: The off-line graphpartitioning algorithmsattemptto satisfy the min-cut criteria.
This meansthatthey minimisethe sum of edgeweightsthat crosspageboundaries.In orderto include this
criteriainto our clusteringbadnessnetric we have includedexternaltensionin the metric. Externaltensionis
the sumof weightsof edgesof the clusteringgraphwhich crosspageboundariesA pagewith higherexternal
tensionis worseclustered. In addition, heatis includedin the metric to give priority for reomganisinghotter
pagesBelow is adefinitionof clusteringbadnesgor graphpartitioningalgorithms:

CB(p) = z hed; x z external tension @)
i€Ep i€p

The calculationof externaltensiondiffers betweenthe opportunisticversionof the on-line graphpartitioning
algorithm and the non-opportunistiosersion. In the opportunisticversion,the external tensionis calculated
from only weightsof edgeshat crossthe pageunderconsideratiorio otherin-memorypages By contrastthe
non-opportunisti@lgorithmalsocountsedgeweightsthatcrossepageboundarie®ntodisk pages.
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Figure2: In this exampletheworstclusteredpageis 5 andthe scopeof reoiganisatiorfor opportunisticon-linegraph
partitioningarepage<?, 4, 5 and6. The scopeof reorganisatiorfor non-opportunistion-line PRParepage<?, 4, 5,
6 and7.

¢ Scopeof Reoganisation The scopeof reorganisatioris theworstclusteredpageandits relatedpages Related
pagesare definedas pageswhich have at leastone objectlink crossingthe boundarybetweerthe two pages.
If the on-line clusteringalgorithmis to be run opportunisticallythenonly in-memoryrelatedpagesarein the
scopeof reoiganisation Seefigure 7.1 for anexample.

e ClusterPlacementolicy: For this applicationof OPCFE we have chosento placeclustersinto pagesn order
of heat. Thereasorfor this choiceis that cold clusterswill be placedaway from hot clustersandthus pages
containinghot clusterswhich are morelikely to bein memorywill have lesswastedspaceoccupiedby cold
clusters.Thisis similarto thegoal of PRP

The particulargraphpartitioningalgorithmimplementedor the resultssectionof this paperis the greedygraph
partitioning (GGP)algorithm[Gerlhof et al. 1992]. However, the abose methodologycanbe appliedto ary off-line
graphpatrtitioningclusteringalgorithm. GGPfirst placesall objectsin a separatgartitionandtheniteratesthrougha
list of edgesin descendingdgeweight. If thetwo objectson the endsof the currentlyselectecedgearein different
partitionsandthe sumsizeof thetwo partitionsaresmallerthana pagethenthe partitionsarejoined.

8 Dynamic Statistical and Tunable Clustering Technique (DSTC)

DTSCis anexisting dynamicclusteringalgorithm[?] which hasthe featureof achiezing dynamicitywithout adding
high overheadandexcessve volumeof statistics.
Thealgorithmsis dividedinto five phases:

¢ ObsenationPhasein orderto minimisedisruptvenesf statisticscollection,DSTConly collectsstatisticsat
predefinedbsenationperiodsandtheinformationis storedin atransieniobsenationmatrix.

e SelectiorPhase In orderto reducehevolumeof statisticsstored attheselectiorphaseahetransienbbsenation
matrix is scannedndonly significantstatisticsaresaved.

e ConsolidationPhase Theresultsof theselectionphasearecombinedwith statisticsgatheredn previousobser
vationphasesndsaredin the persistentonsolidatednatrix.

e DynamicClusterReoganisation Usingtheinformationin the updatedconsolidatednatrix, new clustersare
discoveredor existing onesareupdated.In orderto achiese dynamicitythe re-omganisationwork is brokenup
into smallfragmentscalledclusteringunits.

¢ PhysicalClusteringOrganisation Theclusteringunitsarefinally appliedto the databasé anincrementaivay
(thatis oneclusteringunit atatime). This phasds triggeredwhenthe systemis idle.



ParameteDescription | Value

| | ParameteDescription | Value

numberof classesn thedatabase 50 =
. systemclass centralised
maximumnumberof referencesperclass| 10 ? .
- - disk pagesize 4096bytes
instancedasesize,perclass 50 > :
: buffer size varies
total numberof objects 20000 -
buffer replacemenpolicy | LRU-2
numberof referencaypes 4 .
— . pre-fetchpolicy none
referenceypesrandomdistribution uniform - .
— - multiprogrammindevel | 1
classreferenceandomdistribution uniform
— —— - numberof users 1
objectsin classesandomdistribution uniform obiectinital placement | optimisedseauental
objectsreferencesandomdistribution uniform J P P 9
(b) VOODB parameters
(a) OCB parameters

Table 2: Parameteraisedfor OCB and VOODB. VOODB parametersnvolving time have beenomitted from this
table,sincetheresultsreportedarein termsof I/O performance.

DSTCis notanopportunisticclusteringalgorithmsinceits scopeof re-omganisatiorcanbeobjectsthatarecurrently
residingon disk. In orderto make DSTC opportunisticwe have choserto restrictthe scopeof objectsthat canbe
choserfrom whenforming clusteringunitsto thoseobjectsthatarecurrentlyin memory In theresultssection results
of bothopportunisticandnonopportunisticDSTC arepresented.

9 Resaults

In this sectionwe presentesultsof experimentsve conductedwith the objectclusteringbenchmarkDCB [?] using
thevirtual objectorienteddatabasesimulator VOODB [?]. VOODB is basedon a genericdiscrete-gentsimulation
framework. Its purposeis to allow performancevaluationsof OODBsin general,and optimisationmethodslike
clusteringin particular

OCB is a genericobject-orientecbenchmarkhat wasdesignedo benchmarkDODBMS systemsandclustering
policesin particular The OCB databasédasa variety of parametersvhich make it very usertunable. A database
is generatedy settingparametersuchastotal numberof objects,maximumnumberof referenceger class,base
instancesize,numberof classesgtc. Oncetheseparametersre set, a databaseonformingto theseparameterss
randomlygeneratedThe databaseonsistf objectsof varyingsizes.In theexperimentsconductedn this paperthe
objectsvariedin sizefrom 50 to 1200bytesandthe averageobjectsizewas268 bytes. The parametere®f OCB and
VOODB usedto conductthe experimentsn this paperarespecifiedn table9.

Throughouthe remainderof this sectionwe will usethefollowing abbreviations:

NC noclustering
DSTC dynamicstatisticalandtunableclusteringtechniqug?]
GP greedygraphpartitioning[Gerlhofetal. 1993]
PRP probabilityrankingprinciple clusteringalgorithm|[TsangarisandNaughton1992]

Thealgorithmnamesaregiventhesufiix ‘N’ if thealgorithmrunwasnon-opportunisti@and‘O’ if thealgorithmwas
opportunistic.

The readworkload usedin the experimentsconsistedof simpletraversals hierarchicaltraversalsandstochastic
traversals.The updatetransactionsisedconsistef objectattribute updatespbjectinsertionspbjectdeletion,object
link insertionsandobjectlink deletions.

The parametersisedfor the clusteringalgorithmsinvestigatedhe resultsof this paperare presentedn table9.
For adescriptionof DSTC parametersseg[?].

9.1 Varying Buffer Size Experiment

This experimentwasdesignedo investigatethe effectsof changingbuffer sizein two differentconditions,readonly
transactionsand 10% updatetransactionsWe divided the 20MB (200000bject) databasénto hot andcold regions.
Thehot region wasmadeto be 1.5%of thetotal sizeof the databas@and99% of transactionsveredirectedat the hot
region. (Skewing the accesdglistribution hasthe effect of highlightingthe importanceof clustering.An algorithmthat
doesnot clusterwell will performvery poorly undersuchaworkload.)



Total number of IO

70000

| Parameter| Value |

n 200

Np 200 | Parameter| PRPValue | GPValue |
p 1000 N 200 200

Tia 0.0 CBT 0.1 0.1

Tte 0.0 NPA 50 50

Tic 0.0 NRI 25 25

w 0.0

S 10 (b) OPCFparameter¢seetable4)

(a) DSTCparameters

Table3: Parametersisedfor the clusteringalgorithmsDSTC,PRPandGP.
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Theresultsareshovn on figure 3. Whenupdatesareintroducedinto the workload, GP-Oappeargo outperform
DTSC-OandDSTC-N algorithmsby a large margin. A possibleexplanationfor this behaior is that DSTC works
at the objectgrain andthus placeseachnewly constructectlusterof objectsinto a new page. This generates lot
of emptyspacen pageswherethe clustersizeis small. The endresultis that objectsaremorespreadout andwhen
randomupdatesccur, alargernumberof pagesareupdatedresultingin alargernumberof write 1/0Os. This contrasts
to thegraphpartitioningalgorithmwheremultiple clustersmayresidein the samepageandthusrandomupdatesare
confinedto a smallernumberof pages.

Secondlywhenthe buffer sizeis smallthe PRPalgorithmsdo not performaswell asGPR This resultis consistent
with the off-line behaior of the algorithms. The reasonfor this is that PRPdoesnot take inter-objectrelationships
into consideratiorwhenclustering.

9.2 Varying Fraction of Updates

In this experimentwe investigatedvhateffectvaryingthefactionof updatetransaction®iason the performancef the
on-lineclusteringalgorithms.For this experimentwe setthe buffer sizeto 600 KB andthe othersystemsettingswere
thesameasin section9.1. Theresultsof this experimentcanbe seenin figure4.

As obsened in section9.1, GP-O and PRP-Oare the bestperformerswhen the buffer sizeis large. Whatis
interestinghereis the point at which clusteringbecomesvorsethanno clusteringfor the differentalgorithms.PRP-O
andGP-Odo notperformworsethanno clusteringuntil thefractionof updatetransactionsgs greateithan0.27however
DTSC-O becomesworsethan no clusteringat a fraction of 0.081° This seemsto indicatethat the opportunistic
algorithmsproposedoy this paperare morerobustto updatetransactionsvhencomparedo DSTC. The reasonfor
this canagainbe explainedby the fact GP andPRPhave lessemptyspaceamongpages.Thereforerandomupdates
becomdessdispersedvhencomparedo DSTCwhich placesavery clusteron a separatgage.

9.3 Varying Hot Region Size

In this experimentwe investigatedhe effect that varying the size of the hot region hason the performanceof the
on-line clusteringalgorithms.The buffer sizewasagainsetto 600 KB. Theremainingsettingswith the exceptionof
hotregion size(which we will vary) werethe sameasfor section??.

Figure5 shavstheresultsof runningtheexperimentwith bothreadonly transactionand10%updatetransactions.
The mostimportantobsenationthat canbe madefrom thesegraphsis that asthe hot region’s sizeincreasesGP-O
outperformsDSTC-O by anincreasingmamgin. A possiblereasonfor this obsenationis that whenthe size of the
hotregion is small,the hot objectsareinitially dispersedrery thinly acrosghe pagesf the databasandthereforea
clusteringalgorithmsuchasGP which worksat the pagegraincanonly find a few clustersperre-clusteringteration.
However DSTC-O,which picks out objectsthatbelongto the sameclusterfrom anywherein memory andDTSC-N,
which picks from anywherein the databaseganquickly form large clustersevenif the objectsaredispersecamong

10This is notinconsistentith the resultsof section9.1 sincethe buffer sizeusedin this experimentis slightly larger thanthe maximumbuffer
sizeusedin section9.1



70000 90000

60000 | 80000 r
70000 F
50000 F
o © 60000 |
5 5
g 40000 | g 50000 |
Qo Qo
£ £
2 30000 | 240000 |
8 8
O S 30000 -
= 20000 | - J
20000 |
10000 f 10000 {
0 : ‘ : ‘ ‘ ‘ ‘ ‘ 0 : : : ‘ ‘ : ‘ : ‘
0.01 002 003 004 005 006 007 008 009 0.1 0.01 0.02 003 004 005 006 007 008 009 0.1 0.11
Hot region size Hot region size
(a) readonly transactions (b) 10%updatetransactions
Figure5: Effectsof varyinghotregion size
60000 : : : : : 90000
80000 t
50000 r
70000 t
9 40000 | 9 60000 |
S S
g & 50000 r
£ 30000 r [
2 2 40000
el el
S 20000 | S 30000 |
e
20000
10000 t i
10000 g
0 0
0 0.02 0.04 0.06 0.08 0.1 0.01 0.02 0.03 0.04 0.05 0.06 0.07 0.08 0.09 0.1 0.11
Hot region move size (fraction of hot region) Hot region size
(a) readonly transactions (b) 10%updatetransactions

Figure6: Effectsof varyingthe sizeby which the hot region movesin eachmoveiteration

mary pages. However this advantagebegins to diminish asthe hot region sizeincreasesand every pagebegins to

have a larger portion of hot objects. Thatis to say asmore hot objectsappearin every page,eachre-oiganisation
iterationof GP (pagegrainre-clusteringbecomesnoreproductive. The badperformancesf GP-Nmay be attributed

to its tendeng to generatexcessvereadl/O asthehotregion sizeincreasesAs thehotregionsizeincreasesGP-N's

scopeof reomanisationincreasesiramaticallybecausets scopeof reomanisationis all the worst clusteredpages

relatedpages(arywherein the database).Thereforeary productive work that the algorithm performsgetsquickly

overshadwedby theexcessve /0O generatedby the clusteringprocesses.

9.4 Changing Transaction Access Patterns

This experimentinvestigateshe effect of changingtransactioraccesatternson the variouson-line clusteringalgo-
rithms. Dueto their on-line nature it is desirablefor the on-line clusteringalgorithmsto performwell evenwhenthe
transactioraccesgatternchange.

In this experimentwe graduallymoved the hot region of the storeto simulatechangesn accesatterns.After
10000bjectshasbeenaccessethe hot region is moved by a certainfraction of the size of the hot region. The size
by which the hot region movesat eachmove iterationis variedin this experiment.The sizeof the hot regionis setto
1.5%andtheremainingparametersf the systemaresetto the samevaluesasfor section9.3.



Theresultsfor this experimentaredepictedon figure6. Themostimportantobsenationfrom figure6 is thatasthe
rateof changan theaccesgpatternincreaseshereis notmuchchangean therelative performancalifferencebetween
the opportunisticversionsof the differentalgorithms. The performancealifferencebetweenDSTC-O, PRP-Oand
GP-Ostaysalmostthe sameasthe amountby which accesgatternincreasesHowever, the performancealifference
betweenopportunisticand non-opportunistiosersionsof GP and DSTC increasess the amountof accesattern
changéncreasesThegreateithechangdn accesgatternnon-opportunistizersionsof GPandDSTC progressiely
lag further behindtheir opportunisticcounterparts.This seemsto indicatethat opportunismdampenghe negative
effectsthat changesn accesgatternshave on the performanceof clusteringalgorithms. This may be explainedby
the factthat opportunisticalgorithmspay lessfor any unhelpfulspeculatie re-omganisation:! sinceit doesnotincur
the overheadf theadditionalclusteringreadl!/O.

10 Conclusions

In this papemwe have presentedPCF a genericframenork whichwhenappliedto off-line clusteringalgorithms,can
produceon-line clusteringalgorithmsthat possessethe two desirablepropertiesof opportunismandprioritisation of
clustering In addition,applicationof the framework is straightforwardandyet it producesclusteringalgorithmsthat
outperformanexisting highly competitive on-line clusteringalgorithm,DSTC[?], in avarietyof situations.

Whenupdatetransactionsvere introducedinto the workload, the OPCF-denred algorithms,GP-Oand PRP-O,
werefoundto maintainanhigh level of performanceHowever DSTC-NandDSTC-Owerefoundto respondooorly
to theintroductionof updatetransactionsThis indicateshatDSTCis lessrobustto updatesvhencomparedo GP-O
andPRP-O.

Whenthehotregionsizeincrease®STC-OandDSTC-Nwerefoundto progressrely performworsethanGP-O.
ThisindicatesGP-Ois morerobustto increase®f hotregion sizewhencomparedo DSTC.

Overall the OPCFalgorithmsGP-0 and PRP-Owerefound to be morerobustto variouschangesn workload
conditionsthanDSTC-O and DSTC-N. This suggestgthat GP-O and PRP-Oare bettercandidatedor inclusionin
OODBMSsystemsawvhich arelikely to berunin varyingworkloadconditions.

WhenchoosingbetweerPRP-OandGP-O,the betteralgorithmdepend®n the situation.In generaljf theactive
portion of the databaseanfit into memoryPRP-Ois the betteralgorithmsinceits quality of clusteringis aboutthe
sameasGP-Oandit hassmalleroverheadbothin termsof statisticscollectionandclusteringalgorithmrunningtime.
Howeverif the active portion of the databaseloesnot fit into memoryGP-Omaybethebetteralgorithmsincein this
situationGP-O producesbetterquality clustering. Theseresultsare consistentwith obsenationsmadefor off-line
graphpartitioningandPRPalgorithms.

Whenthepatternof acces®f changesppportunistialgorithmswerefoundto performbetterthannon-opportunistic
algorithms.Thisis dueto the factopportunisticalgorithmspaylessfor anunhelpfulspeculatie reoganisatiorwhen
comparedo non-opportunisti@algorithms.

For furtherwork, we planto addmore existing on-line clusteringalgorithmsto our simulationstudy We would
alsolik e to experimentwith transformingotheroff-line clusteringalgorithmsusingOPCFandseehow they perform
in relationto thealgorithmspresentedi this paper
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