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Abstract. Automaticindex selectionhasreceivedsignificantattentionin theau-
tonomiccomputingfield. Previousworkshavefocusedon providing tools and
algorithmsto helptheDBA in thechoiceof indicesfor a givenstaticworkload.
Wepresentanapproach for indexingmanagementthatworksfor workloadsthat
maydynamicallychange with no humaninterventionat all. We automatically
monitor statementssubmittedto the databasewith a built-in component,that
interactsdirectlywith theDBMS,creatinganddroppingindiceson-the-fly. This
paper presentsa mechanismto integrate automaticindex managementcom-
ponentsin relational databases.We discussthe heuristicsconsidered and the
observedexperimentalresultsfor a PostgreSQLimplementation.

Resumo. A seleç̃ao autoḿatica de ı́ndicesé um tópicodosmaisrelevantesna
área decomputac¸ão auton̂oma. Os trabalhosexistentestêm foco em ferra-
mentase algoritmosqueajudemo DBA na escolhade ı́ndicespara umadada
carga est́atica. Nessetrabalho sugerimosuma abordagem para gerência de
ı́ndicesquefuncionapara cargasquemudamdinamicamente, semintervenç̃ao
humana. Há um monitoramentoautoḿatico dos comandossubmetidospara
o banco de dadoscom um componenteembutido, que interage diretamente
com o SGBD,permitindoa criação e destruiç̃ao de ı́ndicescom a baseem
operação. Esteartigo apresentaum mecanismoque integra componentesde
gerênciaautoḿatica deı́ndicesembasesdedadosrelacionais.Nósdiscutimos
asheuŕısticasconsideradase tamb́emos resultadosexperimentaisobservados
para umaimplementac¸ãoutilizandoPostgreSQL.

1. Intr oduction

Thedatabasetuningtaskconsistsof finemanipulationsaimingatobtainingbetterperfor-
manceof DBMS-basedapplicationsby meansof anefficientuseof theavailablecompu-
tationalresources.It is oneof themainmaintenancetasksperformedby a databasead-
ministrator(DBA). Tuningconsidershardwareconfiguration,physicaldesignandquery
specifications,aswell ascommercialDBMSsparameters.

A good approachfor the tuning processis to understandthe functioning of
the entire system,but only carry through improvementsin specific points eachtime
[ShashaandBonnet2003]. Somefactorshave madethe tuning processmorecomplex,
asin thecaseof parallelmachinesandsystems.Thesebring new questionssuchasthe
dataallocationin multiple disks.Moreover, at eachnew editionof commercialDBMSs,
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additionaloperationalparametersappearto beadjusted.So,thetuningactivity becomes
evenmoreimportantand,at thesametime,moreexpensive,ashighly specializedprofes-
sionalsareneeded[ChaudhuriandWeikum2000].

In our work we presentanapproachto completelyautomatetheindex self-tuning
process.This meansno humaninterventionat all. Weusea tuningcomponentintegrated
with the DBMS optimizer to choosegood indicesandcreatethemwhenneeded.The
componentalso detectsand dropsbad indices, if any are evaluatedas so. Our main
goalsare,on onehand,to enablethe experiencedDBA to focuson morecomplex and
unattendedsituationsand, on the other hand,to offer a completelyautomaticsolution
whennoDBA or databaseexpertsarepresent.

It shouldbe noted that someof the existing approachesfor index self-tuning,
mostlyin commercialDBMSs,arebasedonly onindex suggestionfor specific,andstatic,
workloads.Indeed,it is up to theDBA to decideuponchoosingtheright workloadand
parameters.Moreover, theDBA needsalsoto determinewhento executeindex creation
(or destruction)commands.Ourmechanismenablesacompleteautomationof thiswhole
processfor dynamicworkloads.

We have usedPostgreSQL[Pos] DBMS, an opensourceandfull-fledgedrela-
tionalDBMS, in orderto validateour ideas.Wehavecodedanew versionfor PostgreSQL
thatincludeshypotheticalindices,thathelptheDBA with what-if simulations.It alsoen-
ablesour componentto detectwhennew indicesmustbebuilt or excluded.We observe
alsothattherearenoautomatictuningadvisors(or wizards)presentin PostgreSQL.

We have tried many differentheuristicsto supportthe DBMS decisionuponthe
automaticcreationof an index. We presentherethe BenefitsHeuristic andgive some
practicalresultswith a transactional(TPC-C)workload.

Therestof thepaperis organizedasfollows: in thenext Section,we presentand
discussrelatedworks within a given classificationon self-tuningdatabasesystems.A
self-tuningenginethat enablesautonomicindex managementis presentedin Section3.
Then,in Section4, we presentimplementationandarchitecturalissues,besidespractical
resultsobtained.Finally, Section5 lists our contributions,futureandongoingwork.

2. Autonomic and Self-tuning Databases
Self-tuning techniquesmay fall into two broad groups: local self-tuning and global
self-tuning. The latter refers to works that try to establishgeneralprinciples to the
constructionof next generationdatamanagersthat should,by design,adaptautomat-
ically to their environments. The underlying idea is to keepsystemcomponentsbal-
ancedin sucha way that theoverall performanceis betterthanthesituationwhereeach
componentwould have to decideupontuning issuesseparately(e.g. [Diasetal. 2005,
Lifschitz andMilanés2005]).

Relatively few works have beendoneto evaluatehow differentcomponentsthat
competefor resourcesaffect eachother’s performance.Practicaltuning experiencein-
dicatesthatunderstandingsuchcorrelationscanbequitechallenging[Shasha1996]. As
alreadymentionedin [ChaudhuriandWeikum2000],thesesystemsneedto dealwith the
complexity of integratingself-tuningmechanismswith thesystem’scodebase.

Our main focushereis, rather, with local self-tuningapproaches.Theseseekfor
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solutionsto specifictuning problemsthat state-of-the-artDBMSs encounter. We may
cite someproposals,from academicworks and also commercialproducts,that (semi)
automatethetuningtaskfor thefollowing issues:

• Database design [Agrawal etal. 2004, Agrawal etal. 2000,
Chaudhuriet al. 2004, Gantiet al. 2000, Lohmanetal. 2000, Zilio etal. 2004]:
determinationof the physical design that maximizesthroughput for a given
databaseschemaand workload. Much work hasbeeninvestedin indexes and
materializedviewsselection.

• Data placement and partitioning [Agrawal etal. 2003, Leeetal. 2000,
PapadomanolakisandAilamaki 2004, Scheuermannetal. 1998]: allocation
anddynamicreallocationof relationfragmentsin orderto obtainthebestpossible
loadbalancingamongelementsevenwhenworkloadcharacteristicschange.

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

• Page replacement [ChenandRoussopoulos1993, Faloutsosetal. 1995,
JohnsonandShasha1994, O’Neil et al. 1993]: decision upon keeping in the
system’s sharedbuffer the most popular pagesof the database,even when
workloadpatternschangeover time.

• Buffer and memory tuning [Brown etal. 1994, Weikumetal. 1999,
Xu etal. 2002]: evaluation on how to partition the memory available to the
DBMS amongdifferenttransactionclassesor objects.

• statistics management [AboulnagaandChaudhuri1999,
ChenandRoussopoulos1994, Stillger etal. 2001]: the goals are to auto-
matically decidewhich statisticalinformation must be collectedto the DBMS
andto automatestatisticsgathering.

Mostexistingproposalsfocuson localself-tuning,asit is verydifficult to charac-
terizetheperformancebehavior of a DBMS asa whole[Weikumetal. 2002]. Thestrat-
egy followed by previous works give moreattentionto tuning issuesrelatedto DBMS
individual components.This type of work allows researchersto gain insight into the
factorsthat affect performanceof specificDBMS modulesandserves asa basisto the
investigation(andvalidation)of theinterrelationshipsamongcomponents.

Index Selection

Therearemany approachesto automaticindex selectiondescribedin theliterature.Much
of the early work hasfocusedon constructingtools with detailedrules that encodethe
knowledgeof gooddatabasedesigns.

In [Finkelsteinetal. 1988] the proposedindex selectiontool makes useof the
optimizer’scostestimatesto comparethegainsof alternativehypotheticaldesigns.Thisis
akey observationbecauseit avoidsasynchrony betweenthecostmodelsusedby thetool
andthesystem.Thework of [Franketal. 1992]proposesthattheoptimizer’s interfacebe
extendedto allow theexperimentationof alternativehypotheticalindex sets.Hypothetical
indicesexist only in thedatabaseschemaandarenotactuallymaterialized.

In [Agrawal etal. 2000, ChaudhuriandNarasayya1998a,
ChaudhuriandNarasayya1998b] tools for indices suggestionimplemented in Mi-
crosoft’s SQL Server are discussed,aspart of the AutoAdmin project. Particularly in
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[Agrawal etal. 2000],materializedviews suggestionis alsoconsidered.Theobjectiveof
theindex suggestiontoolsis to generateanindex setfor onedeterminedinput workload,
obtainedby theDBA. Theworkloadis brokeninto singlestatementinputsandcandidate
indicesfor eachstatementaregenerated.As not all thepossibleindicesevaluatedexist
in thedatabase,a separatemoduleenablestheconsiderationof hypotheticalindices.The
candidateindicesfoundfor a statementarethehypotheticalindicesthatwould bring the
largestbenefitto its executionin casethey werematerialized.Suchcandidateindicesare
thenarrangedinto configurationsandcostedby thequeryoptimizer. A greedyalgorithm
extendsthenumberof statementsandindex configurationsconsidereduntil a bestindex
configurationis determinedto theworkloadasawhole.

The work of [Lohmanetal. 2000,Zilio etal. 2004] suggeststhat the index se-
lectionheuristicbe tightly integratedwith theoptimizer. In [Zilio etal. 2004] the index
selectiontool is augmentedwith materializedviews suggestion.The optimizer itself is
extendedwith anindex suggestionmode.In thismode,beforetheoptimizationof agiven
query, hypotheticalindicesfor all relevantcolumnusagesaregenerated.As thenumber
of possiblemulti-column indicesfor a query can be large, an heuristic,called “Smart
columnEnumerationfor Index Scans”(SAEFIS),is proposedto limit the enumeration.
Then,optimizationproceedsnormally. At theend,theindicespickedby theoptimizerare
recommendedfor thequery. Thesinglequeryrecommendationsserveasinputto anindex
selectionheuristicthat tries to find thebestindex configurationfor a givenworkload. In
their strategy, thebenefitassignedfor eachindex is theentirebenefitof thewinning set
of indicesfoundfor thequery. Then,theproblemis viewedasthe0-1 knapsackproblem
andtheclassicgreedyheuristicis usedto find a solution. In our work, we have usedthe
SAEFISheuristicfor thehypotheticalindex enumerationstep(seeSection3).

In [Chaudhuriet al. 2004]theauthorsstudythecomplexity of theindex selection
problemandprove it to bebothNP-hardandhardto approximate.Reviewing previous
approaches,a new heuristicis proposedfor assigningbenefitsto individual indicesusing
a linear programmingstrategy. This strategy is more refinedthanthe onepresentedat
[Lohmanetal. 2000]. Theproblemof selectingindicesfor theworkloadis alsoviewed
asthe0-1knapsackproblemandtheclassicgreedyheuristicis usedto find asolution.

All of thesepreviousproposalsdonotaddresstheautomationof thecompletecy-
cleof workloaddetection,index selectionandactualdatastructurecreationor destruction.
It is importantto stressthatpreviousheuristicspresentedin theliteraturedo not have an
on-lineoperation.Therefore,thepresenceof aDBA is mandatoryduringtheindex tuning
process,in orderto characterizethesystem’sworkload.Moreover, thefinal decisionupon
index management(creationor dropping)alsorequireshumanintervention.

Our work herestudiesa possiblesolution to theseproblemsthroughthe useof
heuristicsembeddedin an autonomicsystemcomponent.Our heuristicdecideson-line
which indicesshouldbemanagedto speedworkloadexecution.This approachwasalso
adoptedin [Sattleretal. 2004],thoughwith a distinctcostmodel,speciallywith respect
to thecumulativebenefitconsideredfor index creation.

3. Autonomic Index Management

In ourapproach,all statementssubmittedto thedatabaseareconsideredequallyimportant
andno individual statementis boundto executiontime limits. Our goal is to maximize
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the throughput,making the bestpossibleuseof the available computationalresources
throughthecreationof anadequateindex design.We do accommodateseasonalchanges
in workloadpatternsaslong asthereis enoughtime betweenchangesfor our component
to recognizenew workloadcharacteristicsandmodify theindex design.

Our architectureusesa tuningcomponentbasedon softwareagentsthatmonitors
thesystemandmakesdecisionsautonomically. Softwareengineeringtechniquesneeded
to build sucha componentarefurther discussedin [Costaetal. 2005,Salles2004]. The
self-tuningcomponentinteractswith DBMS componentsthrougha genericself-tuning
processwith thefollowing stages:

• InformationRetrieval: the self-tuningcomponentobtainsmeasurementsandin-
formationfrom DBMS components.

• SituationEvaluation: from the informationobtained,the self-tuningcomponent
updatesdatastructuresthatwill guidehis tuningdecisions.

• PossibleAlterationsEnumeration:the self-tuningcomponentusesheuristicsto
enumerateasetof alternativeadjustmentsthatcanbring improvedsystemperfor-
mance.During this enumeration,the componentcansimulatehypotheticalsce-
nariosusingmechanismspreviouslybuilt in theDBMS components.

• AlterationsAccomplishment:theself-tuningcomponentappliesthechosenmod-
ificationsto systemcomponents.

The self-tuningprocesspresentedhereis basedon a feedback control loop. In
the loop, tuning decisionsareprogressively refinedby the evaluationof new measure-
mentsextractedfrom systemcomponents.Theuseof a feedbackloop is oneof themain
characteristicsof self-tuningdatabasearchitecturesproposedsofar [Weikumetal. 2002].

Choiceof Index Creationsand Destructions

Our goal is to eliminatehumanintervention from the index tuning process.To create
goodindex designs,theautonomicindex tuningcomponentshouldhaveappropriateindex
choiceprocedures.In mostprevious works, the taskof index selectionis subdivided in
two phases[Chaudhuriet al. 2004]:

• CandidateGeneration: identifiescandidateindices for the workload, typically
chosenperqueryafteranenumerationof hypotheticalindices.

• ConfigurationSelection:chooseswhich indicesamongthecandidatesshouldbe
createdor removed. The heuristicshouldobtainan index designthat balances
queryexecutionspeedandupdateindex maintenancecost.

For CandidateGeneration,we considerherean adaptationof the enumeration
proceduredescribedin [Lohmanetal. 2000]. We usethe SAEFIS heuristicfor multi-
columnindicesenumerationandwealsolist all one-columnindicesrelevantto thequery.

ConfigurationSelectionheuristicsin the literatureareusuallyexecutedoff-line,
apartfrom the DBMS, andwith an alreadysupplied,andstatic,workload. In order to
follow this paradigm,our autonomiccomponentwould have to accumulatethesystem’s
workloadandevaluateindex configurationsatfixedtimeintervals.Thederivationof what
interval is appropriatefor workloadcharacterizationis noteasy. Workloadswith different
seasonalityandpatternswould have to be observed for different,andperhapsvarying,
intervals. Introducingsuchaparameterwouldcreateanothertuningknobfor theDBA.
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Onemustalsorememberthat our autonomiccomponentrunsconcurrentlywith
otherDBMS tasks. This implies that the ConfigurationSelectionheuristicmustnot be
computationallyintensive. We alsoexplicitly computetheaccumulatedbenefitof actual
indicespresentin the databaseanddrop indiceswhen they becomeharmful to system
performance.Furthermore,dueto our built-in mechanism,we may captureall DBMS
statements,includingstoredprocedures,beingableto make automaticfine tuningdeci-
sions.

BenefitsHeuristics

Weneedto first introducesomeof thefactorsthataretakeninto account:

1. CA: thecost,generatedby theoptimizer, correspondingto thebestqueryexecu-
tion planover theactualindicesconfigurationfor agivenquery.

2. CH : thecost,generatedby theoptimizer, for thebestexecutionplanconsidering
bothactualandhypotheticalindicesfor agivenquery.

3. CN : thecost,alsogeneratedby theoptimizer, consideringaphysicalconfiguration
with no indices(neitheractual,nor hypothetical)for agivenquery.

4. CU : the estimatedindex maintenancecost when an updateoperationhappens.
Usuallythiscostis notdeterminedby theoptimizer. Therefore,wehaveestimated
it in our implementationaccordingto thecostmodelof theDBMS beingused.

5. BI : thebenefitthat index I bringsto thestatementbeingevaluated.This benefit
is determinedby our heuristic,distinguishingactualandhypotheticalindices.

6. AccBI : theaccumulatedbenefitthatindex I bringsto all statementsalreadyeval-
uated.Again, theheuristicwill updatetheaccumulatedbenefitconsideringif the
index is hypotheticalor actual.

7. CCI : theestimatedcreationcostfor index I. Usuallyoptimizersdo not calculate
this factor. Therefore,wehaveestimatedit in our implementation.

Whenanew SQLoperationis submittedto theDBMS,theoptimizergeneratesthe
bestqueryplanconsideringtheactualindicespresentin thedatabase.On theoccurrence
of thisevent,theindex tuningcomponentis notifiedthatanew statementis availableand
invokestheCandidateGenerationheuristic.This heuristicinteractswith theoptimizerto
obtainthe bestqueryplan consideringboth actualandhypotheticalindices. The hypo-
theticalindicesselectedfor this planaretakenasthecandidateindicesfor thestatement.
The componentalsoperformsan additionalinteractionwith the optimizerto obtainthe
costof thebestqueryplanthatusesno indices.After thesesteps,wewill have thevalues
of thefactorsCA, CH andCN for thecurrentstatement.TheBenefitsHeuristiccanthen
beinvoked. It treatsqueriesandupdatesdistinctly, aswill bedescribedin thefollowing.

Query Evaluation

If the statementsubmittedis a query, we apply the proceduredetailedin Figure1. For
eachcandidateindex, we calculateits benefitandupdateits accumulatedbenefit. The
benefit is obtainedas the differencebetweenthe cost of the bestquery plan over the
actualindicesconfigurationandthecostof thebestqueryplanover theconfigurationthat
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For each candidate index I  for the query do

BI = CA – CH  ;

AccBI = AccBI + BI ;

If AccBI > CCI then

Create index I

AccBI = 0;

End If ;

End For ;

For each actual index I used by the query do

BI = CN – CA ;

AccBI = AccBI + BI ;

End For ;

Figure 1. Query evaluation and index creation

includesactualandcandidateindices.As thecostsareobtainedfor thebestqueryplans,
thebenefitcalculatedis alwaysnonnegative.

If variouscandidateindicesareusedin thequeryplan,we will attribute thesame
benefitto all of them.As in thiscasethebenefitbroughtby eachindex is not independent
of the other indicesused,we are incurring in double-counting.The benefitcalculation
procedurefollowstheoneproposedin [Lohmanetal. 2000].Moresophisticatedschemes
canbe devised,suchastheonein [Chaudhuriet al. 2004].

After calculatingthebenefitfor anindex, we will createit if andonly if its accu-
mulatedbenefitsurpassesits estimatedcreationcost. Our objective is to createindices
thatareusedenoughtimesto compensatetheir creationcost.

For eachactualindex usedto processthequery, theheuristiccalculatesthebenefit
as the differencebetweenthe costof the bestquery plan over a configurationwith no
indicesandthecostof thebestqueryplanover theactualindicesconfiguration.Notethat,
onceagain,the benefitwill be nonnegative. As actualindicesarealreadymaterialized,
we justupdatetheir benefitsto reflecttheir usage.

Oneof thefactorsweusein ourprocedure,namelyindex creationcost,is notcal-
culatedby typicalqueryoptimizers.In ourapproach,wehavedevisedaformulafor index
creationcostin accordancewith thecostmodelof theDBMSwehaveused(PostgreSQL):

CCI = 2 P + cR lo g R

In theformula,P representsthenumberof pagesin theunderlyingtable,R is the
numberof tuplesandc is a factorthatmeasureswhatpercentageof thecostto obtaina
pagefrom disk shouldbeappliedto obtainthecostto processa tuple in mainmemory.
The formula calculatesthenumberof pagestouchedto scanthe table’s data,sort it and
thenconstructtheindex in onepass.

Consideringindex creationcostsexplicitly differentiatesourapproachfrom others
thatmake index suggestionsandleave theactualmaterializationdecisionto theDBA.
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UpdateEvaluation

If thestatementsubmittedto theDBMS is anupdate(insert/update/delete),we applythe
proceduredetailedin Figure2. Theprocedurebeginswith anevaluationidenticalto the
onemadefor queries.Thefirst stepof anupdateis to bring datato memory. Therefore,
theoptimizermustfind a queryplan thatwill retrieve from disk all the informationrel-
evant to theupdate.Oncedatais placedin memory, it canbemodifiedand,eventually,
written backto persistentstorage.In mostsystems,modificationsareloggedsometime
beforetransactioncommitandtheactualwriting of datais delayedto checkpoints.Query
optimizerstypically estimatethe cost for the queryplan of the update,but they do not
offer estimatesfor thecostinvolvedin writing thedataandupdatingindex structures.

Execute “ Query Evaluation Pseudocode”

For each index I affected by the update do

AccBI = AccBI – CU ;

If ( I is actual ) and

( AccBI < 0 ) and 

( |AccBI| > CCI ) then

AccBI = 0 ;

Drop index I

End If ;

End For ; 

Figure 2. Update evaluation and index dropping

After the procedurefor query evaluationis applied,we computeindex mainte-
nancecostsanddebitthesecostsfrom theaccumulatedbenefitof all candidateandactual
indicesaffectedby theupdate.To estimateindex maintenancecosts,we have introduced
thefactorCU . In our implementation,wehavesupposedthatthecostto updateany of the
indicesaffectedby thestatementis identical. This couldeasilybeextendedto make the
factorCU a functionof theindex affected.To calculateCU , we have useda costformula
thatestimatesthenumberof pageswritten by theupdate:

CU = 2

⌈

r

R

⌉

P + cr

Again, this formulawascreatedin accordancewith thePostgreSQL’scostmodel.
Ther factorrepresentsthenumberof tuplesupdatedby thecommandandR, P andc are
analogousto thosediscussedbeforefor index creationcosts.Thefirst termof theformula
computesthecostnecessaryto updateanamountof pagesproportionalto thefractionof
tablerecordsthatwereupdated,multipliedby thetablesize(in pages).Wethereforemake
a simple,yet effective, assumptionwhereupdatedrecordswill be uniformly distributed
amongthepagesof thetable.Thefirst termcountstwicesinceit is necessaryto readand
write eachpage.Thesecondtermof theformulacomputesthecostto processeachof the
recordsupdatedin mainmemory.
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Oncewe have updatedthe accumulatedbenefitof an actualindex, we verify if
keepingit materializedin the databaseis still advantageous.Whenthe benefitbrought
by theactualindex is negative and,in absoluteterms,greaterthanthecostto createthe
index, theindex is dropped.

Whencomparedto previousheuristicsproposedin theliteraturefor Configuration
Selection,theBenefitsHeuristicpresentsanon-linebehavior thatenablesit to makeindex
managementdecisionswithout forcing theDBA to definewhat is a relevantworkloadto
thesystem.It is designedto beusedby anautonomiccomponentembeddedin theDBMS
that follows a self-tuningprocessbasedon a feedbackcontrol loop. Theindex designis
continuouslyrefinedaftereachnew statementsubmittedto thesystem.

4. Implementation

We have implementedour componentwithin PostgreSQL7.4, beta3 [Pos], runningon
Red Hat Linux 9 kernel 2.4.20-30.9. We have useda 512MB RAM Pentium4 2Ghz
server, with all codingsin gcc and g++ 3.2.2. We have chosenPostgreSQL,not only
becauseit is an opensourceDBMS, but alsobecauseit is highly modularizedandwell
documented.Furthermore,it is aquiterobustDBMS widely usedthatcanactuallyreflect
theexpectedbehavior with practicalresults.

We have followed an index selectionapproachbasedon optimizer estimates,
the same way as consideredin other related works (e.g. [Finkelsteinetal. 1988,
Lohmanetal. 2000]). In theseproposals,the databaseserver is extendedto allow the
simulationof hypotheticalindices. We have codedsimilar server extensionsfor Post-
greSQL,but detailing theseis beyond the scopeof this paper. Our prototype,and the
server extensions,are freely availableat [PUCDB]. Detailedresultsof our autonomic
index managementresearchwork arealsopresentedin [Salles2004,Morelli 2006].

We considerfor our experimentsherethe DatabaseTest2 (DBT-2) toolkit pro-
videdby theOpenSourceDevelopmentLabs(OSDL) [OSDL-DBT2]. Its origin is the
TransactionProcessingPerformanceCouncil’sTPC-Cbenchmark[TPC-C]. ThisDBT-2
toolkit simulatesa workloadthatrepresentsa wholesalepartssupplieroperatingout of a
numberof warehousesandtheir associatedsalesdistricts. The toolkit, asusualbench-
marks,comeswith asetof suggested(humancreated)indicesthatimprovetheevaluation
of thegivenworkload. Someindicesarecreateddueto primary key creationandothers
comeupaimingatincreasingthequeryprocessingperformance.Dueto spacelimitations,
thereadermayreferto [OSDL-DBT2, Salles2004]for furtherdetails.

In orderto evaluatethecontribution broughtby our index tuningcomponent,we
haveestablishedthreerelevantconfigurationsfor runningour experiments:

1. A databasewith noindicesatall andourcomponentturnedoff, whichwecall here
I0C0 (both indicesandcomponentzero). If we do not considersmall variations
dueto transactionsubmissionsfrequency, we expect that this would leadto the
smallestthroughput,onceall querieswould be executedthroughfull scanson
relatedtables.Weremoveall indices,includingthosethatreferto primarykeys.

2. No indicesat thedatabaseandcomponentturnedon(I0C1- indiceszero,compo-
nentone).We expectour componentto find andmaterialize,automatically, those
indicesthatmaybebeneficialto run theworkloadin consideration.
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3. Componentturnedoff andthedatabasewith the indicessuggestedby theDBT-2
toolkit (I1C0- indicesone,componentzero).Hereweconsiderthatthethroughput
would be the greatestone sincewe are using thoseindicesthat DBT-2 toolkit
implementershavechosenandthesystemdoesnot run thetuningcomponent.

Thereare,still, two variablesthatmayaffect theexperiments’throughput.First,
the numberof warehousesusedto createthe databasemay be viewed asa scalefactor
and,therefore,thegreaterthenumberof warehousesis, alsogreaterwill betables’sizes.
Thesystemloadwill alsobebiggersincemoreterminalssimulatingusersarecreated.

Thesecondvariableto beconsideredis how long theexperimenttakes.Specially
whenthecomponentis active, time maydirectly influencetheobservedthroughput.In-
deed,thereare2 stepsthat the componentgoesthroughwhile analyzingandadapting
indicesto thedatabase.Thefirst stepis thelearningone,whenthebestindicesfor submit-
tedcommandsaredetectedandmaterialized.Thesecondstepis thesteadystate,where
thecomponentonly verifieswhetheror not theexisting indicesarestill adequate,no in-
dicesarematerializedanymore.Thethroughputin thesteadystatephaseis considerably
greaterthanduringlearningperiods,leadingto agreateraveragethroughput.

Thr oughput Results

With respectto our experiments,wehave tried outa few configurations,basicallychang-
ing warehousequantitiesandthetotal executiontime. In [Salles2004]we give thecom-
pletetestresultsnot shown heredueto spacelimitations.
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component off
(I0C0)

No indexes,
component on
(I0C1)

Indexes
created,
component off
(I1C0)

Figure 3. Throughput in a 90 minute test

Figure3 shows the resultsobtainedfor a 90 minutetime test. It is worth noting
thatthethroughputfor theI0C0configurationdecreaseswhenthenumberof warehouses
increase.This is dueto full scanqueryprocessing,leadingto worseperformanceswhen
thedatabasesizeincrease.Whentherearemoreterminalssubmittingqueries,datacon-
tentionbecomesaproblemstraightforward.

As expected,anintermediatethroughputappearsfor theI0C1 configuration.The
tuning componenteventuallyreachesthe endof the learningstepandthe workloadre-
mainsactive for a while with adequateindices.Therefore,the throughputgetscloserto
theI1C0configurationthroughputasthetotal executiontime increases.
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Index DesignQuality

Besidesthe numberof indicescreatedby our component,it is also worth to evaluate
thequality of indices.We couldobserve that thecomponenthaschosenaboutthesame
indicesat eachexperiment,even whenwe vary the databasesize. Thereis a setof 10
indicesrepeatedlycreated,asgivenin Table1.

Goal DatabaseTable Toolkit SuggestedIndex 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 order line 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 correspondingindex
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 correspondingindex no w id

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

Table 1 shows databasetablesfor which indices were createdalong with the
columnsindexed in eachtable. In the first line of the Table,we show an index for pri-
mary key enforcementon the customerdatabasetable. The index is on the warehouse
id (c w id), thesalesdistrict id (c d id), andthecustomerid (c id). We show the index
as it wascreatedby the toolkit andas it was detectedby the tuning component.Note
that the componenthasno knowledgeaboutsemanticconstraintson the table,suchas
primary andforeign keys. It basesits decisionson which indicesareadequateto lower
theworkload’sprocessingcost.

On the tenth line of the table,we presentan index on the orders tablethat was
createdfor performanceenhancement.Theindex suggestedby thetoolkit is on theware-
houseid (o w id), thesalesdistrict id (o d id), andthecustomerid (o c id). Thecompo-
nentsuggestsanindex with thesamecolumnsplustheorderid (o id).

Indicespresentedin the seventhandeleventhlines of the Tablewerecreatedby
thecomponentonly whenthedatabasewaspopulatedwith morethanonewarehouse;all
otherindiceswerecreatedby thecomponentin all databaseconfigurations.

It shouldbenotedthatmostindicessuggestedby thecomponentandby thetoolkit
arevery similar, theonly differencebeingthecolumnorder. Thereasonis that,for each
columngroupdetectedby the component,the columnorder is establishedaccordingto
the correspondingpositionsat the basetable. For thoseindicesthat are createdfrom
theDBT-2 toolkit suggestion,columnsareplacedwith respectto theexpectedselectivity
order. However, we mustobserve that this columnorderingdid not changethe results
obtainedfor theworkloadin consideration.

Besidesthosedifferences,we canalsonote from Table1 that thereis an index
amongthosesuggestedby thetoolkit thatwasnot createdby our component.Indeed,as
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our tuningcomponentcaresonly aboutindicesthat improve theworkloadperformance,
andthe warehousetableis alwayssmall - in our experimentsit containedat most4 tu-
ples-, from the optimizerpoint of view thereis no needto createan index for it. The
correspondingtoolkit index is, asshown, aprimarykey constraintenforcementindex.

A moreinterestingsituationcorrespondsto component’s decisionuponcreating
an index for tablenew order on columnno w id. This index allows us to scanthe table
orderedby warehouseid. Thereexists a given workloadqueryfor which the optimizer
estimatesthecreationof suchanindex wouldbeinterestingwhenthetablesizeincreases.
Thus,evenwith alow queryfrequency with respectto thecompleteworkload,thebenefits
expectedjustify theindex creation.

In orderto comparethequality of indices,eithersuggestedby theDBT-2 toolkit,
or suggested(andcreated)by our component,we have decidedto usethe optimizer to
estimatetheexecutioncostof eachworkloadcommandin bothconfigurations.Next, we
have studiedrelatedcostsconsideringexpectedfrequencies,obtaininganweightedcost
for eachcommand.Theresultsaregivenin Figure4, with thesumof all weightedcosts
obtainedfor thewholeworkloadanda4-warehousedatabase.
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Figure 4. Weighted workload costs, as estimated by the query optimizer

We have obtaineda weightedcost for indicesusedby the component11,64%
lower thanthecostobtainedfor thoseindicessuggestedby the toolkit. Theextra index
createdby thecomponentfor tablenew orderoncolumnno w id hasafundamentalrole:
without this index, wewouldhaveobtainedaweightedcost4,79%biggerinstead.

5. Conclusions
In thispaperwehavepresentedaself-tuningapproachthat allowsautonomicindex man-
agementfor dynamicworkloads.Onemaincontribution is to have abuilt-in component
thatcapturesstatementsissuedby theDBMS, includingstoredprocedures.As a matter
of fact,everythingthatgoesthroughtheoptimizeris consideredand,consequently, good
tuning decisionscanbe made. The heuristicsembeddedin the automatictuning com-
ponentalso distinguishesitself from previous approachesby evaluatingon-line which
indicesshouldbecreatedanddestroyed.Theheuristicexplicitly considersthebalanceof
queryspeedupandindex maintenancecosts.

We have conductedexperimentswith a transactionalworkload to checkthe vi-
ability of our approach.Our resultsindicatethat the componentis capableof altering
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thedatabase’s index designdynamically, thoughsometime is neededfor it to recognize
theworkload’scharacteristicsandeffectively materializeindices.Thecomponentconsis-
tently achieved anindex designthat favors transactionalthroughput.It shouldbenoted
anotherdistinctionherefrom previousworks is thatwe do not considerstaticworkloads
for index tuningasmosttuningwizardsusuallydo.

We arecurrentlystudyingtheextensionof this work to dealwith morecomplex
workloads,suchasthoseinvolving adhocqueriesanddecisionsupportapplications,and
index updates[Morelli 2006].Wealsoplanto bringenhancementsto theBenefitsHeuris-
tic by looking at alternative waysto attributebenefitsto individual candidateindicesand
by includingstoragespacelimitation in theon-linedecisionprocedure.
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