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Abstract. Automaticindex selectiorhasreceivedsignificantattentionin theau-
tonomiccomputingfield. Previousworkshavefocusedon providing tools and
algorithmsto helpthe DBA in the choiceof indicesfor a givenstaticworkload.
WE presentan approad for indexingmanaementhatworksfor workloadsthat
may dynamicallychange with no humaninterventionat all. We automatically
monitor statementsubmittedto the databasewith a built-in componentthat
interactsdirectlywith the DBMS, creatinganddroppingindiceson-the-fly This
paper presentsa mehanismto integrate automaticindex manajementcom-
ponentsin relational databases We discussthe heuristicsconsideed and the
observedxperimentakesultsfor a PostgeSQLimplementation.

Resumo. A sele@o autonatica de indicesé um topico dosmaisrelevantesna
area decomputaéo autorboma. Os trabalhosexistentestém foco em ferra-
mentase algoritmosqueajudemo DBA na escolhade indicespara umadada
carga esfitica. Nessetrabalho sugrimosumaabordagem para gerénciade
indicesquefuncionapara cargasque mudamdinamicamenteseminterven@o
humana. H& um monitoramentoautonatico dos comandossubmetidogpara
0 bancode dadoscom um componenteemhutido, que interage diretamente
como SGBD,permitindoa criacdo e destrui@o de indicescom a baseem
operacao. Esteartigo apresentaum mecanismajue integra componentesie
gerénciaautonatica deindicesembasesde dadosrelacionais.Nos discutimos
as heuiisticasconsideadase tamlemos resultadosexperimentaisobservados
para umaimplementaéo utilizandoPostgeSQL.

1. Intr oduction

Thedatabas¢éuningtaskconsistof fine manipulationsimingat obtainingbetterperfor
manceof DBMS-basedipplicationdby meansof anefficient useof the availablecompu-
tationalresourceslt is oneof the main maintenancéasksperformedby a databased-
ministrator(DBA). Tuning considershardware configuration physicaldesignandquery

specificationsaswell ascommerciaDBMSs parameters.

A good approachfor the tuning processis to understandthe functioning of

the entire system,but only carry throughimprovementsin specific points eachtime
[ShashaandBonnet2003]. Somefactorshave madethe tuning processnore comple,
asin the caseof parallelmachinesandsystems.Thesebring new questionssuchasthe
dataallocationin multiple disks. Moreover, at eachnew edition of commerciaDBMSs,
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additionaloperationaparametergappeato be adjusted.So, thetuning actvity becomes
evenmoreimportantand,atthe sametime, moreexpensve, ashighly specializegrofes-
sionalsareneededChaudhuriandWeikum2000].

In ourwork we presentanapproacto completelyautomateheindex self-tuning
process.This meanso humaninterventionatall. We useatuningcomponentntegrated
with the DBMS optimizerto choosegood indicesand createthemwhen needed. The
componentalso detectsand drops bad indices, if ary are evaluatedas so. Our main
goalsare, on one hand,to enablethe experiencedDBA to focuson more complex and
unattendedsituationsand, on the other hand,to offer a completelyautomaticsolution
whenno DBA or databasexpertsarepresent.

It should be notedthat someof the existing approachedor index self-tuning,
mostlyin commerciaDBMSs,arebasednly onindex suggestiorior specific,andstatic,
workloads. Indeed.,it is up to the DBA to decideuponchoosingthe right workloadand
parametersMoreover, the DBA needsalsoto determinewhento executeindex creation
(or destructiontommandsOur mechanisnenablesa completeautomatiorof thiswhole
procesdor dynamicworkloads.

We have usedPostgreSQLPos] DBMS, an opensourceand full-fledgedrela-
tional DBMS, in orderto validateourideas.We have codedanew versionfor PostgreSQL
thatincludeshypotheticaindices,thathelpthe DBA with what-if simulations.It alsoen-
ablesour componento detectwhennew indicesmustbe built or excluded. We obsene
alsothatthereareno automaticduningadvisors(or wizards)presenin PostgreSQL.

We have tried mary differentheuristicsto supportthe DBMS decisionuponthe
automaticcreationof anindex. We presentherethe BenefitsHeuristic and give some
practicalresultswith atransactiona(TPC-C)workload.

Therestof the paperis organizedasfollows: in the next Section,we presentand
discussrelatedworks within a given classificationon self-tuningdatabasesystems. A
self-tuningenginethat enablesautonomicindex managemenis presentedn Section3.
Then,in Section4, we presenimplementatiorandarchitecturaissuespesidegractical
resultsobtained.Finally, Section5 lists our contritutions,future andongoingwork.

2. Autonomic and Self-tuning Databases

Self-tuning techniquesmay fall into two broad groups: local self-tuning and global
self-tuning. The latter refersto works that try to establishgeneralprinciplesto the
constructionof next generationdatamanagerghat should, by design,adaptautomat-
ically to their ervironments. The underlyingideais to keep systemcomponentdal-
ancedin sucha way thatthe overall performances betterthanthe situationwhereeach
componentwould have to decideupontuning issuesseparatelye.g. [Diasetal. 2005,
Lifschitz andMilanés2005]).

Relatvely few works have beendoneto evaluatehow differentcomponentshat
competefor resourcesaffect eachothers performance.Practicaltuning experiencein-
dicatesthatunderstandinguchcorrelationscanbe quite challenging[Shashal 996]. As
alreadymentionedn [ChaudhuriandWeikum 2000],thesesystemsieedto dealwith the
compleity of integratingself-tuningmechanismsvith the systems codebase.

Our mainfocushereis, rather with local self-tuningapproachesTheseseekfor
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solutionsto specifictuning problemsthat state-of-the-arDBMSs encounter We may
cite someproposals,from academicworks and also commercialproducts,that (semi)
automatehetuningtaskfor thefollowing issues:

e Database design [Agrawal etal. 2004, Agrawal etal. 2000,
Chaudhurietal. 2004, Gantietal. 2000, Lohmanetal. 2000, Zilio etal. 2004]:
determinationof the physical designthat maximizesthroughputfor a given
databaseschemaand workload. Much work hasbeeninvestedin indexes and
materializedviews selection.

e Data placement and partitioning [Agrawal etal. 2003, Leeetal. 2000,
PapadomanolakiandAilamaki 2004, Scheuermanetal. 1998]:  allocation
anddynamicreallocationof relationfragmentsn orderto obtainthe bestpossible
load balancingamongelementsvenwhenworkloadcharacteristicehange.

e Load control [Rahm1997, Weikumetal. 1994]: definition, in a transaction
processingsystem,abouthow to dynamicallytune the multiprogramminglevel
(MPL) sothatdatacontentionthrashingcanbe avoided.

e Page replacement [ChenandRoussopoulo4993, Faloutsosetal. 1995,
JohnsorandShashd 994, O’'Neil etal. 1993]: decision upon lkeepingin the
system$ sharedbuffer the most popular pagesof the database,even when

workloadpatternschangeover time.

e Buffer and memory tuning [Brownetal. 1994, Weikumetal.1999,
Xu etal. 2002]: evaluation on howv to partition the memory available to the
DBMS amongdifferenttransactiorclasse®r objects.

e statistics management [AboulnagaandChaudhuril999,
ChenandRoussopoulo$994, Stillgeretal. 2001]: the goals are to auto-
matically decidewhich statisticalinformation must be collectedto the DBMS
andto automatestatisticsgathering.

Most existing proposaldocuson local self-tuning,asit is very difficult to charac-
terizethe performanceébehaior of a DBMS asawhole [Weikumetal. 2002]. The strat-
egy followed by previous works give more attentionto tuning issuesrelatedto DBMS
individual components. This type of work allows researcher$o gain insight into the
factorsthat affect performanceof specificDBMS modulesand senes asa basisto the
investigation(andvalidation)of theinterrelationshipgmongcomponents.

Index Selection

Therearemary approachet automatidndex selectiondescribedn theliterature.Much
of the early work hasfocusedon constructingtools with detailedrulesthat encodethe
knowledgeof gooddatabaselesigns.

In [Finkelsteinetal. 1988] the proposedindex selectiontool makes use of the
optimizers costestimate$o comparehegainsof alternatve hypotheticablesignsThisis
akey obsenationbecausdt avoidsasynchrog betweerthe costmodelsusedby thetool
andthesystem.Thework of [Franketal. 1992]proposeshattheoptimizersinterfacebe
extendedo allow theexperimentatiorof alternatve hypotheticaindex sets.Hypothetical
indicesexist only in the databasschemandarenot actuallymaterialized.

In [Agrawal etal. 2000, ChaudhuriandNarasayyd 998a,
ChaudhuriandNarasayyd 998b] tools for indices suggestionimplementedin Mi-
crosofts SQL Sener are discussedas part of the AutoAdmin project. Particularly in
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[Agrawal etal. 2000], materializedviews suggestions alsoconsideredThe objectve of
theindex suggestiorioolsis to generateanindex setfor onedeterminednput workload,
obtainedby the DBA. Theworkloadis brokeninto singlestatemeninputsandcandidate
indicesfor eachstatementre generated As not all the possibleindicesevaluatedexist
in the databasea separatenoduleenableghe consideratiorof hypotheticaindices.The
candidatandicesfoundfor a statemenarethe hypotheticaindicesthatwould bring the
largestbenefitto its executionin casethey werematerialized. Suchcandidatendicesare
thenarrangednto configurationsandcostedby the queryoptimizer A greedyalgorithm
extendsthe numberof statementandindex configurationsconsideredintil a bestindex
configurationis determinedo theworkloadasawhole.

The work of [Lohmanetal. 2000, Zilio etal. 2004] suggestghat the index se-
lection heuristicbe tightly integratedwith the optimizer In [Zilio etal. 2004]the index
selectiontool is augmentedvith materializedviews suggestion.The optimizeritself is
extendedwith anindex suggestioomode.In this mode beforethe optimizationof agiven
query hypotheticalindicesfor all relevantcolumnusagesregeneratedAs the number
of possiblemulti-columnindicesfor a query can be large, an heuristic, called “Smart
column Enumeratiorfor Index Scans”(SAEFIS),is proposedo limit the enumeration.
Then,optimizationproceedsiormally. At theend,theindicespickedby theoptimizerare
recommendetbr thequery Thesinglequeryrecommendationsene asinputto anindex
selectionheuristicthattriesto find the bestindex configurationfor a givenworkload. In
their stratgy, the benefitassignedor eachindex is the entire benefitof the winning set
of indicesfoundfor thequery Then,the problemis viewed asthe 0-1 knapsackproblem
andthe classicgreedyheuristicis usedto find a solution. In our work, we have usedthe
SAEFISheuristicfor the hypotheticaindex enumeratiorstep(seeSection3).

In [Chaudhurietal. 2004]the authorsstudythe compleity of theindex selection
problemandprove it to be both NP-hardandhardto approximate.Reviewing previous
approachesa new heuristicis proposedor assigningoenefitsto individual indicesusing
a linear programmingstratgy. This stratgy is more refinedthanthe one presentedat
[Lohmanetal. 2000]. The problemof selectingindicesfor the workloadis alsoviewed
asthe0-1 knapsaclkproblemandthe classicgreedyheuristicis usedto find a solution.

All of theseprevious proposalgio notaddresshe automatiorof the completecy-
cle of workloaddetectionjndex selectiorandactualdatastructurecreationor destruction.
It is importantto stresshat previous heuristicspresentedn theliteraturedo not have an
on-lineoperation.Thereforethe presencef aDBA is mandatoryduringtheindex tuning
processin orderto characterizéhesystemsworkload. Moreover, thefinal decisionupon
index managemen(creationor dropping)alsorequireshumanintervention.

Our work herestudiesa possiblesolutionto theseproblemsthroughthe use of
heuristicsembeddedn an autonomicsystemcomponent.Our heuristicdecideson-line
which indicesshouldbe managedo speedwvorkloadexecution. This approachwasalso
adoptedn [Sattleretal. 2004], thoughwith a distinctcostmodel,speciallywith respect
to thecumulative benefitconsideredor index creation.

3. Autonomic Index Management

In ourapproachall statementsubmittedo thedatabasareconsidereaquallyimportant
andno individual statements boundto executiontime limits. Our goalis to maximize
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the throughput,making the bestpossibleuse of the available computationaresources
throughthe creationof anadequateéndex design.We do accommodatseasonathanges
in workloadpatternsaslong asthereis enoughtime betweerchangegor our component
to recognizenew workloadcharacteristicandmodify theindex design.

Our architecturausesa tuningcomponenbasedn softwareagentghatmonitors
the systemandmakesdecisionsautonomically Softwareengineeringechniqueseeded
to build sucha componentrefurther discussedn [Costaetal. 2005, Salles2004]. The
self-tuningcomponentnteractswith DBMS componentghrougha genericself-tuning
procesawith thefollowing stages:

¢ InformationRetrieval: the self-tuningcomponenbbtainsmeasurementandin-
formationfrom DBMS components.

¢ SituationEvaluation: from the information obtained the self-tuningcomponent
updateglatastructureghatwill guidehistuningdecisions.

e PossibleAlterations Enumeration:the self-tuningcomponentusesheuristicsto
enumerata setof alternatve adjustmentshatcanbring improved systemperfor
mance. During this enumerationthe componentan simulatehypotheticalsce-
nariosusingmechanismgreviously built in the DBMS components.

¢ AlterationsAccomplishmenttheself-tuningcomponenappliesthe chosemrmod-
ificationsto systemcomponents.

The self-tuningprocesspresentechereis basedon a feedba& contmol loop. In
the loop, tuning decisionsare progressrely refined by the evaluationof nev measure-
mentsextractedfrom systemcomponentsThe useof afeedbackoop is oneof themain
characteristicsf self-tuningdatabasarchitectureproposedofar[Weikumetal. 2002].

Choiceof Index Creationsand Destructions

Our goal is to eliminate humanintervention from the index tuning process. To create
goodindex designstheautonomidndex tuningcomponenshouldhave appropriatendex
choiceprocedures.In mostprevious works, the taskof index selectionis subdvidedin
two phasegChaudhurietal. 2004]:

e CandidateGeneration:identifies candidateindicesfor the workload, typically
choserperqueryafteranenumeratiorof hypotheticaindices.

¢ ConfigurationSelection:choosesvhich indicesamongthe candidateshouldbe
createdor removed. The heuristicshouldobtainan index designthat balances
queryexecutionspeedandupdateindex maintenanceost.

For CandidateGeneration,we considerhere an adaptationof the enumeration
proceduredescribedn [Lohmanetal. 2000]. We usethe SAEFIS heuristicfor multi-
columnindicesenumeratiorandwe alsolist all one-columrindicesrelevantto thequery

ConfigurationSelectionheuristicsin the literatureare usually executedoff-line,
apartfrom the DBMS, andwith an alreadysupplied,and static, workload. In orderto
follow this paradigm,our autonomiccomponenwould have to accumulateghe systems
workloadandevaluateindex configurationsatfixedtime intervals. Thederwvationof what
interval is appropriatdor workloadcharacterizatioms noteasy Workloadswith different
seasonalityand patternswould have to be obsened for different, and perhapsvarying,
intenals. Introducingsucha parametewould createanothertuningknobfor the DBA.
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Onemustalsorememberthat our autonomiccomponentuns concurrentlywith
other DBMS tasks. This implies that the ConfigurationSelectionheuristicmustnot be
computationallyintensve. We alsoexplicitly computethe accumulatedbenefitof actual
indicespresentin the databasend drop indiceswhenthey becomeharmful to system
performance.Furthermore dueto our built-in mechanismwe may captureall DBMS
statementsincluding storedproceduresbeingableto make automaticfine tuning deci-
sions.

BenefitsHeuristics

We needto first introducesomeof thefactorsthataretakeninto account:

1. C,: thecost,generatedy the optimizer, correspondindo the bestqueryexecu-
tion planover the actualindicesconfigurationfor a givenquery

2. Cy: thecost,generatedy the optimizer, for the bestexecutionplanconsidering
bothactualandhypotheticaindicesfor agivenquery

3. Cy: thecost,alsogeneratedby theoptimizer, consideringaphysicalconfiguration
with noindices(neitheractual,nor hypotheticalfor a givenquery

4. Cy: the estimatedindex maintenanceost when an updateoperationhappens.
Usuallythis costis notdeterminedy theoptimizer Thereforewe have estimated
it in our implementatioraccordingto the costmodelof the DBMS beingused.

5. By: thebenefitthatindex I bringsto the statemenbeingevaluated.This benefit
is determineddy our heuristic,distinguishingactualandhypotheticaindices.

6. AccBy: theaccumulatedbenefitthatindex I bringsto all statementslreadyeval-
uated.Again, the heuristicwill updatethe accumulatedyenefitconsideringf the
index is hypotheticalor actual.

7. C'C;: theestimatedreationcostfor index 1. Usually optimizersdo not calculate
thisfactor Thereforewe have estimatedt in ourimplementation.

Whenanewn SQL operations submittedo theDBMS, theoptimizergeneratethe
bestqueryplanconsideringhe actualindicespresenin the databaseOnthe occurrence
of this event,theindex tuningcomponents notifiedthata new statemenis availableand
invokesthe CandidateGeneratiorheuristic. This heuristicinteractswith the optimizerto
obtainthe bestquery plan consideringboth actualand hypotheticalindices. The hypo-
theticalindicesselectedor this planaretakenasthe candidatandicesfor the statement.
The componentlso performsan additionalinteractionwith the optimizerto obtainthe
costof thebestqueryplanthatusesno indices.After thesestepswe will have thevalues
of thefactorsC'4, Cy andCy for the currentstatementThe BenefitsHeuristiccanthen
beinvoked. It treatsqueriesandupdateddistinctly, aswill bedescribedn thefollowing.

Query Evaluation

If the statemensubmittedis a query we apply the proceduredetailedin Figure 1. For
eachcandidatendex, we calculateits benefitand updateits accumulatedenefit. The
benefitis obtainedas the differencebetweenthe cost of the bestquery plan over the
actualindicesconfigurationandthe costof the bestqueryplanover the configuratiorthat
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For each candidate index | for the query do
B =Ca—Cy;
AccB = AccB, + B,;
If AccB > CC, then
Creaeindex |
AccB = 0;
EndIf;
End For ;

For each adual index| used by the qua'y do
B, =Cy—-Ca;
AccB = AccB, + B, ;

End For ;

Figure 1. Query evaluation and index creation

includesactualandcandidatendices. As the costsare obtainedfor the bestqueryplans,
thebenefitcalculateds alwaysnonngative.

If variouscandidatandicesareusedin the queryplan,we will attribute thesame
benefitto all of them.As in this casethe benefitbroughtby eachindex is notindependent
of the otherindicesused,we areincurring in double-counting.The benefitcalculation
procedurdollowstheoneproposedn [Lohmanetal. 2000]. More sophisticatedchemes
canbe derised,suchastheonein [Chaudhurietal. 2004].

After calculatingthe benefitfor anindex, we will createit if andonly if its accu-
mulatedbenefitsurpassesis estimatedcreationcost. Our objective is to createindices
thatareusedenoughtimesto compensatéheir creationcost.

For eachactualindex usedto procesghequery theheuristiccalculateghebenefit
asthe differencebetweenthe cost of the bestquery plan over a configurationwith no
indicesandthecostof thebestqueryplanovertheactualindicesconfiguration.Notethat,
onceagain,the benefitwill be nonngatve. As actualindicesare alreadymaterialized,
we just updatetheir benefitsto reflecttheir usage.

Oneof thefactorswe usein our procedurenamelyindex creationcost,is notcal-
culatedby typical queryoptimizers.In ourapproachye have devisedaformulafor index
creationcostin accordancevith thecostmodelof theDBMS we have used(PostgreSQL):

CCr=2P+cRlogR

In theformula, P representshe numberof pagesn theunderlyingtable, R is the
numberof tuplesandc is a factorthat measuresvhat percentag®f the costto obtaina
pagefrom disk shouldbe appliedto obtainthe costto processa tuplein main memory
The formula calculateghe numberof pagesouchedto scanthetable’s data,sortit and
thenconstructheindex in onepass.

Consideringndex creationcostsexplicitly differentiateourapproactrom others
thatmalke index suggestiongaindleave the actualmaterializatiordecisionto the DBA.
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Update Evaluation

If the statemensubmittedto the DBMS is anupdate(insert/update/deleteyve applythe

proceduredetailedin Figure2. The procedurebeginswith anevaluationidenticalto the

onemadefor queries.Thefirst stepof anupdateis to bring datato memory Therefore,
the optimizermustfind a queryplan thatwill retrieve from disk all the informationrel-

evantto the update.Oncedatais placedin memory it canbe modifiedand, eventually

written backto persistenstorage.In mostsystemsmodificationsareloggedsometime
beforetransactiorcommitandtheactualwriting of datais delayedo checkpointsQuery
optimizerstypically estimatethe costfor the query plan of the update,but they do not

offer estimategor the costinvolvedin writing the dataandupdatingindex structures.

Execue” Quey Evaluation Pgudbcodé€

For eadh index | affecedby the updite do
AccB = AccB -C;
If (1is actual) and
(AccB<0)and
(JAcdB|| > CC)) then
AccB=0;
Drop inde |
End If;

End For;

Figure 2. Update evaluation and index dropping

After the procedurefor query evaluationis applied,we computeindex mainte-
nancecostsanddebitthesecostsfrom the accumulatedbenefitof all candidateandactual
indicesaffectedby the update.To estimatandex maintenanceosts,we have introduced
thefactorCy. In ourimplementationye have supposedhatthe costto updateary of the
indicesaffectedby the statements identical. This could easilybe extendedto make the
factorCy; afunctionof theindex affected.To calculateC;;, we have useda costformula
thatestimateshe numberof pageswritten by the update:

r
OUZQIVR—‘P‘FCT

Again, thisformulawascreatedn accordanceavith the PostgreSQls costmodel.
Ther factorrepresentshe numberof tuplesupdatedy thecommandand R, P andc are
analogougo thosediscussedbeforefor index creationcosts.Thefirst termof theformula
computeghe costnecessaryo updateanamountof pagesproportionalto thefraction of
tablerecordghatwereupdatedmultiplied by thetablesize(in pages) We thereforemale
a simple, yet effective, assumptiorwhereupdatedrecordswill be uniformly distributed
amongthe pagesf thetable. Thefirst term countstwice sinceit is necessaryo readand
write eachpage.The secondermof theformulacomputeshe costto processachof the
recordsupdatedn mainmemory
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Oncewe have updatedthe accumulatedenefitof an actualindex, we verify if
keepingit materializedin the databases still advantageous\Whenthe benefitbrought
by the actualindex is negative and,in absoluteterms,greaterthanthe costto createthe
index, theindex is dropped.

Whencomparedo previousheuristicproposedn theliteraturefor Configuration
SelectiontheBenefitHeuristicpresentanon-linebehaior thatenablest to make index
managemendecisionswithout forcing the DBA to definewhatis a relevantworkloadto
thesystemlt is designedo be usedby anautonomiccomponenembeddedh theDBMS
thatfollows a self-tuningprocessdasedon a feedbackcontrolloop. Theindex designis
continuouslyrefinedaftereachnewn statemensubmittedto the system.

4. Implementation

We have implementedur componeniwvithin PostgreSQL7.4, beta3 [Pos], runningon
RedHat Linux 9 kernel 2.4.20-30.9. We have useda 512MB RAM Pentium4 2Ghz
sener, with all codingsin gcc andg++ 3.2.2. We have chosenPostgreSQLnot only
becauset is an opensourceDBMS, but alsobecauset is highly modularizedandwell
documentedFurthermoreit is aquiterobustDBMS widely usedthatcanactuallyreflect
theexpectedbehaior with practicalresults.

We have followed an index selectionapproachbasedon optimizer estimates,
the sameway as consideredin other related works (e.g. [Finkelsteinetal. 1988,
Lohmanetal. 2000]). In theseproposalsthe databasesener is extendedto allow the
simulationof hypotheticalindices. We have codedsimilar sener extensionsfor Post-
greSQL,but detailing theseis beyond the scopeof this paper Our prototype,andthe
sener extensions are freely availableat [PUCDB]. Detailedresultsof our autonomic
index managementesearctwork arealsopresentedn [Salles2004,Morelli 2006].

We considerfor our experimentsherethe Databaselest2 (DBT-2) toolkit pro-
vided by the OpenSourceDevelopmentLabs(OSDL) [OSDL-DBTZ2]. Its origin is the
TransactiorProcessing?erformancé&ouncil's TPC-CbenchmarkTPC-C]. ThisDBT-2
toolkit simulatesa workloadthatrepresents wholesalepartssupplieroperatingout of a
numberof warehousesndtheir associatedalesdistricts. The toolkit, asusualbench-
marks,comeswith a setof suggestedhumancreated)ndicesthatimprove theevaluation
of the givenworkload. Someindicesare createddueto primary key creationandothers
comeupaimingatincreasinghequeryprocessingerformanceDueto spacdimitations,
thereademayreferto [OSDL-DBT2, Salles2004]for furtherdetails.

In orderto evaluatethe contribution broughtby our index tuning componentwe
have establishedhreerelevantconfigurationdor runningour experiments:

1. A databas&vith noindicesatall andourcomponenturnedoff, whichwe call here
I0CO0 (both indicesandcomponentzero). If we do not considersmall variations
dueto transactionsubmissiondrequeng, we expectthat this would leadto the
smallestthroughput,onceall querieswould be executedthroughfull scanson
relatedtables.We remove all indices,includingthosethatreferto primarykeys.

2. No indicesatthedatabas@endcomponenturnedon (I0C1 - indiceszero,compo-
nentone). We expectour componento find andmaterialize automaticallythose
indicesthatmay be beneficialfto run theworkloadin consideration.
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3. Componenturnedoff andthe databaseavith theindicessuggestedby the DBT-2
toolkit (11CO- indicesone,componentero).Herewe considethatthethroughput
would be the greatestone sincewe are using thoseindicesthat DBT-2 toolkit
implementerdave choserandthe systemdoesnot run thetuningcomponent.

Thereare,still, two variablesthat may affect the experiments’throughput.First,
the numberof warehousesisedto createthe databasenay be viewed asa scalefactor
and,therefore the greaterthe numberof warehousess, alsogreatemwill betables’sizes.
Thesystemloadwill alsobebiggersincemoreterminalssimulatingusersarecreated.

The secondvariableto be considereds how long the experimenttakes. Specially
whenthe components active, time may directly influencethe obsened throughput.In-
deed,thereare 2 stepsthat the componenigoesthroughwhile analyzingand adapting
indicesto thedatabaseThefirst stepis thelearningone,whenthebestindicesfor submit-
ted commandsredetectedcandmaterialized.The secondstepis the steadystate ,where
the componenbnly verifieswhetheror not the existing indicesarestill adequateno in-
dicesarematerializedanymore. Thethroughputn the steadystatephases considerably
greaterthanduringlearningperiods leadingto a greateraveragethroughput.

Throughput Results

With respecto our experimentswe have tried out a few configurationspasicallychang-
ing warehousejuantitiesandthe total executiontime. In [Salles2004]we give the com-
pletetestresultsnot shovn heredueto spacdimitations.

Transactions per Minute

60,00

@ No indexes,
component off
(10C0)

50,00 -

]

40,00

B No indexes,

30,00 component on|
(loc1)

NOTPM

20,00 1 O Indexes
created,

10,00 + 55 component off
' (11C0)
0,00 - L

1 2 3 4
Number of Warehouses

Figure 3. Throughput in a 90 minute test

Figure 3 shavs the resultsobtainedfor a 90 minutetime test. It is worth noting
thatthe throughputfor the I0CO configurationdecreasewhenthe numberof warehouses
increase.Thisis dueto full scanqueryprocessingleadingto worseperformancesvhen
the databaseizeincrease Whentherearemoreterminalssubmittingqueries,datacon-
tentionbecomes problemstraightforward.

As expected anintermediatehroughputappeardor the I0C1 configuration.The
tuning componenkeventuallyreacheghe end of the learningstepandthe workloadre-
mainsactive for a while with adequatendices. Therefore the throughputgetscloserto
thel1CO configurationthroughputasthetotal executiontime increases.
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Index DesignQuality

Besidesthe numberof indicescreatedby our component,t is alsoworth to evaluate
the quality of indices. We could obsene thatthe componenhaschosemboutthe same
indicesat eachexperiment,even whenwe vary the databasesize. Thereis a setof 10

indicesrepeatedlycreatedasgivenin Tablel.

Goal DatabaseTable | Toolkit Suggestedndex ComponentCreatedindex
customer c_w.id, c_d.id, c.id c.id, c_d.id, c_w_id
district d_w_id, d_id d_w_id
item i_id i_id
Primarykey | new_order no.w_id, no_d.id, no.o.id no_o.id, no_d.id, no.w_id
enforcement| orderline ol_w_id, ol_d_id, ol_o_id, ol_number| ol_o.id, ol_d.id, ol_w_id
orders o_w_id, o_d.id, o_id o.id, o_d.id, o_w_id
stock s.w.id, s.i_id, s_.quantity s.i_id, s.w_id
warehouse w_id NO correspondingndex
customer c_w_id, c_d_id, c_last,c_first, c_id c_d.id, c.w_id, c_last,c_first
Performance orders o_w_id, o_d.id, o_c.id o.d.id, o_w_id, o_c.id, o_id
new_order NO correspondingndex no_w_id

Table 1. Indices automatically created and those suggested by the toolkit

Table 1 shavs databasdablesfor which indices were createdalong with the
columnsindexed in eachtable. In thefirst line of the Table,we shav anindex for pri-
mary key enforcemenbn the customerdatabaseable. The index is on the warehouse
id (c_w_id), the salesdistrictid (c_d.id), andthe customerid (c_id). We shav the index
asit was createdby the toolkit andasit was detectedby the tuning component.Note
that the componenthasno knowledgeaboutsemanticconstraintson the table, suchas
primary andforeign keys. It basests decisionson which indicesare adequatdo lower
theworkload’s processingost.

On the tenthline of the table, we presentanindex on the orders table that was
createdor performanceenhancemenilheindex suggestedty thetoolkit is ontheware-
housed (o_w.id), thesalesdistrictid (o_d.id), andthe customelid (0_c_id). Thecompo-
nentsuggestsnindex with the samecolumnsplustheorderid (o.id).

Indicespresentedn the seventhandeleventhlines of the Tablewere createdoy
thecomponenbnly whenthe databasevaspopulatedvith morethanonewarehouseall
otherindiceswerecreatedoy thecomponentn all databaseonfigurations.

It shouldbenotedthatmostindicessuggestety thecomponenandby thetoolkit
arevery similar, the only differencebeingthe columnorder Thereasons that, for each
columngroup detectedoy the componentthe columnorderis establishediccordingto
the correspondingpositionsat the basetable. For thoseindicesthat are createdfrom
the DBT-2 toolkit suggestiongolumnsareplacedwith respecto the expectedselectvity
order However, we mustobsene that this columnorderingdid not changethe results
obtainedfor theworkloadin consideration.

Besidesthosedifferenceswe canalsonote from Table 1 that thereis anindex
amongthosesuggestedby thetoolkit thatwasnot createdoy our componentindeed,as
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our tuning componentaresonly aboutindicesthatimprove the workload performance,
andthe warehousedableis alwayssmall- in our experimentsit containedat most4 tu-

ples-, from the optimizer point of view thereis no needto createanindex for it. The

correspondingoolkit index is, asshawvn, a primary key constraintenforcemenindex.

A moreinterestingsituationcorrespond$o componens decisionuponcreating
anindex for tablenewn_order on columnno_w.id. Thisindex allows usto scanthetable
orderedby warehoused. Thereexists a given workload queryfor which the optimizer
estimateshecreationof suchanindex would beinterestingvhenthetablesizeincreases.
Thus,evenwith alow queryfrequeny with respecto thecompletewvorkload,thebenefits
expectedustify theindex creation.

In orderto comparethe quality of indices,eithersuggestedby the DBT-2 toolkit,
or suggestedand created)by our componentwe have decidedto usethe optimizerto
estimatethe executioncostof eachworkloadcommandn both configurations Next, we
have studiedrelatedcostsconsideringexpectedfrequenciespbtainingan weightedcost
for eachcommand.Theresultsaregivenin Figure4, with the sumof all weightedcosts
obtainedfor thewholeworkloadanda 4-warehouselatabase.
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Figure 4. Weighted workload costs, as estimated by the query optimizer

We have obtaineda weightedcost for indicesusedby the componentl1,64%
lower thanthe costobtainedfor thoseindicessuggestedby the toolkit. The extra index
createdby thecomponentor tablenev_order oncolumnno.w_id hasafundamentatole:
without thisindex, we would have obtaineda weightedcost4,79%biggerinstead.

5. Conclusions

In this paperwe have presented self-tuningapproactthat allovs autonomiandex man-
agemenftor dynamicworkloads.Onemain contribution is to have abuilt-in component
that capturesstatementsssuedby the DBMS, including storedprocedures As a matter
of fact, everythingthatgoesthroughthe optimizeris consideredgind,consequentlygood
tuning decisionscan be made. The heuristicsembeddedn the automatictuning com-
ponentalso distinguishedtself from previous approachedy evaluatingon-line which
indicesshouldbe createcanddestryed. The heuristicexplicitly considerghe balanceof
gueryspeedu@mndindex maintenanceosts.

We have conductedexperimentswith a transactionalvorkloadto checkthe vi-
ability of our approach. Our resultsindicatethat the components capableof altering
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the database’'index designdynamically thoughsometime is neededor it to recognize
theworkload's characteristicandeffectively materializeindices. Thecomponentonsis-
tently achieved anindex designthat favors transactionathroughput. It shouldbe noted
anotherdistinctionherefrom previousworks s thatwe do not considerstaticworkloads
for index tuningasmosttuningwizardsusuallydo.

We are currently studyingthe extensionof this work to dealwith more comple
workloads,suchasthoseinvolving ad hocqueriesanddecisionsupportapplicationsand
index updategMorelli 2006]. We alsoplanto bringenhancements the BenefitdHeuris-
tic by looking at alternatve waysto attribute benefitsto individual candidatendicesand
by including storagespacdimitation in the on-line decisionprocedure.
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