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ABSTRACT
Databasesystemshave a large numberof con�guration parame-
tersthatcontrolmemorydistribution, I/O optimization,costingof
queryplans,parallelism,many aspectsof logging, recovery, and
otherbehavior. Regularusersandevenexpertdatabaseadministra-
tors struggleto tunetheseparametersfor goodperformance.The
wave of researchon improving databasemanageabilityhaslargely
overlooked this problemwhich turnsout to be hardto solve. We
describeiTuned,a tool thatautomatesthetaskof identifying good
settingsfor databasecon�guration parameters.iTunedhasthree
novel features:(i) atechniquecalledAdaptiveSamplingthatproac-
tively brings in appropriatedatathroughplannedexperimentsto
�nd high-impactparametersandhigh-performanceparameterset-
tings, (ii) anexecutorthat supportsonline experimentsin produc-
tion databaseenvironmentsthrougha cycle-stealingparadigmthat
placesnear-zero overheadon the productionworkload; and (iii)
portability acrossdifferentdatabasesystems.We show the effec-
tivenessof iTunedthroughanextensive evaluationbasedondiffer-
enttypesof workloads,databasesystems,andusagescenarios.

1. INTRODUCTION
Considerthefollowing real-lifescenariofrom asmallto medium

business(SMB)enterprise.Amy, aWeb-serveradministrator, main-
tainstheWeb-siteof aticketbrokeringcompany thatemployseight
people. Over the pastfew days,the Web-sitehasbeensluggish.
Amy collects monitoring data, and tracks the problem down to
poorperformanceof queriesissuedby theWebserver to abackend
database.Realizingthat the databaseneedstuning,Amy runsthe
databasetuningadvisor. (SMBsoften lack the �nancial resources
to hire full-time databaseadministrators,or DBAs.) Sheusessys-
temlogsto identify theworkloadW of queriesandupdatesto the
database.With W as input, the advisorrecommendsa database
design(e.g.,which indexes to build, which materializedviews to
maintain,how to partition the data). However, this recommenda-
tion fails to solve thecurrentproblem:Amy hadalreadydesigned
thedatabasethiswaybasedonapreviousinvocationof theadvisor.
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Amy recallsthatthedatabasehascon�guration parameters. For
lack of betterunderstanding,shehad set them to default values
duringinstallation.Theparametersmayneedtuning,soAmy pulls
outthe1000+pagedatabasetuningmanual.She�nds many dozens
of con�guration parameterslike buffer pool sizes,numberof con-
currentI/O daemons,parametersto tunethequeryoptimizer'scost
model,andothers.Beingunfamiliarwith mostof theseparameters,
Amy hasno choicebut to follow thetuningguidelinesgiven. One
of theguidelineslooks promising: if the I/O rateis high, thenin-
creasethedatabasebuffer poolsize.However, onfollowing thisad-
vice, thedatabaseperformancedropsevenfurther. (We will show
anexampleof suchbehavior shortly.) Amy is puzzled,frustrated,
andundoubtedlydispleasedwith thedatabasevendor.

Many of uswould have facedsimilar situationsbefore. Tuning
databasecon�gurationparametersis hardbut critical: badsettings
canbeordersof magnitudeworsein performancethangoodones.
Changesto someparameterscauselocal and incrementaleffects
on resourceusage,while otherscausedrasticeffectslike changing
queryplansor shifting bottlenecksfrom oneresourceto another.
Theseeffects vary dependingon hardware platforms,workload,
anddataproperties.Groupsof parameterscanhave nonindepen-
denteffects,e.g.,theperformanceimpactof changingoneparame-
ter mayvary basedon differentsettingsof anotherparameter.

iTuned: Our corecontribution in this paperis iTuned, a tool that
automatesparametertuning. iTunedcanprovide a very different
experienceto Amy. ShestartsiTunedin the backgroundwith the
databaseworkloadW asinput, andresumesher otherwork. She
checksback after half an hour, but iTunedhasnothing to report
yet. WhenAmy checksbackanhourlater, iTunedshowsheranin-
tuitive visualizationof theperformanceimpacteachdatabasecon-
�guration parameterhason W . iTunedalso reportsa settingof
parametersthat is 18%betterin performancethanthecurrentone.
Anotherhourlater, iTunedhasa35%bettercon�guration,but Amy
wantsmoreimprovement.Threehoursinto its invocation,iTuned
reportsa 52%bettercon�guration. Now, Amy asksfor thecon�g-
urationto be appliedto the database.Within minutes,the actual
databaseperformanceimprovesby 52%.

We now presenta real exampleto motivate the technicalinno-
vationsin iTuned. Figure1 is a responsesurfacethat shows how
theperformanceof a complex TPC-Hquery[19] in a PostgreSQL
databasedependsontheshared buffersandeffectivecache sizepa-
rameters.shared buffers is the sizeof PostgreSQL's main buffer
pool for cachingdisk blocks. The valueof effectivecache sizeis
usedto determinethechancesof anI/O hitting in theOS�le cache,
so its recommendedsettingis the sizeof the OS �le cache. The
following observationscanbemadefrom Figure1 (detailedexpla-
nationsaregivenlaterin Section7):
� Thesurfaceis complex andnonmonotonic.
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Figure1: 2D projectionof a responsesurfacefor TPC-H Query
18; Total databasesize= 4GB, Physicalmemory = 1GB

� Performancedropssharplyas shared buffers is increasedbe-
yond20%(200MB)of availablememory. Thiseffectwill cause
an“increasethebuffer poolsize” ruleof thumbto degradeper-
formancefor con�gurationsettingsin this region.

� Theeffect of changingeffectivecache sizeis differentfor dif-
ferentsettingsof shared buffers. Surprisingly, thebestperfor-
mancecomeswhenbothparametersaresetlow.

Typicaldatabasesystemscontainfew tensof parameterswhoseset-
tingscanimpactworkloadperformancesigni�cantly [13].1 There
arefew automatedtoolsfor holistictuningof theseparameters.The
majority of tuning tools focuson the logical or physicaldesignof
thedatabase.For example,index tuningtoolsarerelatively mature
(e.g.,[4]). Thesetoolsusethequeryoptimizer's costmodelto an-
swerwhat-if questionsof the form: how will performancechange
if index I wereto becreated?Unfortunately, suchtoolsdo notap-
ply to parametertuning becausethesettingsof many high-impact
parametersarenotaccountedfor by thesemodels.

Many tools (e.g.,[17, 20]) arelimited to speci�c classesof pa-
rameterslike buffer pool sizes. IBM DB2's Con�guration Advi-
sor recommendsdefault parametersettingsbasedon answerspro-
vided by usersto somehigh-level questions(e.g., is the environ-
mentOLTP or OLAP?) [12]. All thesetools arebasedon prede-
�ned modelsof how parametersettingsaffect performance.De-
veloping suchmodelsis nontrivial [21] or downright impossible
becauseresponsesurfacescandiffer markedlyacrossdatabasesys-
tems(e.g.,DB2 Vs. PostgreSQL),platforms(e.g.,Linux Vs. So-
laris, databasesrun in virtual machines[16]), workloads,anddata
properties.2 Furthermore,DB2's Con�guration Advisor offers no
furtherhelpif therecommendeddefaultsarestill unsatisfactory.

In theabsenceof holisticparameter-tuningtools,usersareforced
to rely on trial-and-erroror rules-of-thumbfrom manualsandex-
perts. How do expert DBAs overcomethis hurdle? They usually
run experimentsto performwhat-if analysisduringparametertun-
ing. In a typicalexperiment,theDBA would:
� Createa replicaof theproductiondatabaseon a testsystem.
� Initialize databaseparameterson the test systemto a chosen

setting. Run the workloadthat needstuning, andobserve the
resultingperformance.

Taking a leaf from the book of expert DBAs, iTunedimplements
an experiment-driven approachto parametertuning. Eachexper-
iment givesa point on a responsesurfacelike Figure1. Reliable
techniquesfor parametertuninghave to beawareof theunderlying
responsesurface. Therefore,a seriesof carefully-plannedexperi-

1The total numberof databasecon�guration parametersmay be
morethana hundred,but mosthave reasonabledefaults.
2Section7 providesempiricalevidence.

mentsis anaturalapproachto parametertuning.However, running
experimentscanbea time-consumingprocess.

Usersdon't alwaysexpectinstantaneousresultsfrom parameter
tuning. They would ratherget recommendationsthatwork asde-
scribed.(Con�guring largedatabasesystemstypically takeson the
orderof 1-2 weeks[12].) Nevertheless,to be practical,an auto-
matedparametertuning tool hasto producegoodresultswithin a
few hours.In addition,severalquestionsneedto beansweredlike:
(i) which experimentsto run? (ii) whereto run experiments?and
(iii) whatif theSMB doesnothave a testdatabaseplatform?

1.1 Our Contributions
To our knowledge, iTuned is the �rst practical tool that uses

plannedexperimentsto tunedatabasecon�gurationparameters.We
make thefollowing contributions.

Planner: iTuned'sexperimentplannerusesanovel technique,called
AdaptiveSampling, to selectwhichexperimentsto conduct.Adap-
tiveSamplingusestheinformationfrom experimentsdonesofarto
estimatetheutility of new candidateexperiments.No assumptions
aremadeaboutthe shapeof the underlyingresponsesurface,so
iTunedcandealwith simpleto complex surfaces.

Executor: iTuned's experimentexecutorcan conductonline ex-
perimentsin a productionenvironmentwhile ensuringnear-zero
overheadon the productionworkload. The executoris controlled
throughhigh-level policies. It huntsproactively for idle capac-
ity on the productiondatabase,hot-standbydatabases,aswell as
databasesfor testingandstagingof softwareupdates.Theexecu-
tor's designis particularlyattractive for databasesthatrun in cloud
computingenvironmentsproviding pay-as-you-goresources.

Representationof uncertain responsesurfaces: iTuned intro-
ducesGRS, for GaussianprocessRepresentationof a responseSur-
face, to representan approximateresponsesurfacederived from
a setof experiments.GRSenables:(i) visualizationof response
surfaceswith con�denceintervals on estimatedperformance;(ii)
visualizationandrankingof parametereffectsandinter-parameter
interactions;and(iii) recommendationof goodparametersettings.

Scalability: iTunedincorporatesa numberof featuresto reduce
tuningtimeandto scaleto many parameters:(i) asensitivity-analysis
algorithmthatquickly eliminatesparameterswith insigni�cant ef-
fect; (ii) planningandconductingparallelexperiments;(iii) abort-
ing low-utility experimentsearly, and(iv) workloadcompression.

Evaluation: We demonstratetheadvantagesof iTunedthroughan
empiricalevaluationalonganumberof dimensions:multiplework-
loadtypes,datasizes,databasesystems(PostgreSQLandMySQL),
andnumberof parameters.We compareiTunedwith recenttech-
niquesproposedfor parametertuning both in the database[5] as
well asotherliterature[18, 23]. We considerhow goodtheresults
areandthetime takento producethem.

2. ABSTRACTION OF THE PROBLEM
ResponseSurfaces: Considera databasesystemwith workload
W and d parametersx1 ; : : : ; xd that a userwantsto tune. The
valuesof parameterx i , 1 � i � d, comefrom a known domain
dom(x i ). Let DOM, whereDOM � � d

i =1 dom(x i ), representthe
spaceof possiblesettingsof x1 ; : : : ; xd thatthedatabasecanhave.
Let y denotetheperformancemetricof interest.Then,thereexists
a responsesurface,denotedSW , that determinesthe value of y
for workloadW for eachsettingof x1 ; : : : ; xd in DOM. That is,
y = SW (x1 ; : : : ; xd). SW is unknown to iTunedto begin with.
The coretaskof iTunedis to �nd settingsof x1 ; : : : ; xd in DOM
thatgive close-to-optimalvaluesof y. In iTuned:

� Parameterx i canbeoneof threetypes:(i) databaseor system



con�guration parameters(e.g.,buffer pool size);(ii) knobsfor
physicalresourceallocation(e.g.,% of CPU);or (iii) knobsfor
workloadadmissioncontrol(e.g.,multi-programminglevel).

� y is any performancemetricof interest,e.g.,y in Figure1 is the
time to completionof theworkload.In OLTP settings,y could
be,e.g.,averagetransactionresponsetimeor throughput.

� BecauseiTunedrunsexperiments,it is very �e xible in how the
databaseworkloadW is speci�ed. iTunedsupportsthewhole
spectrumfrom the conventional format whereW is a set of
querieswith individual queryfrequencies[4], to mixesof con-
currentqueriesat somemulti-programminglevel, as well as
real-timeworkloadgenerationby anapplication.

ExperimentsandSamples:Parametertuningisperformedthrough
experimentsplannedby iTuned's planner, which areconductedby
iTuned's executor. An experimentinvolves the following actions
thatleveragemechanismsprovidedby theexecutor(Section5):
1. Settingeachx i in thedatabasetoachosensettingvi 2 dom(x i ).
2. RunningthedatabaseworkloadW .
3. Measuringtheperformancemetricy = p for therun.

The above experimentis representedby the settingX = hx1 =
v1 ,: : :,xd = vd i . The outcomeof this experimentis a sample
from the responsesurfacey = SW (x1; : : : ; xd ). The samplein
theabove experimentis hX ; yi = hx1 = v1 ; : : : ; xd = vd ; y = pi .

As iTunedcollectssuchsamplesthroughexperiments,it learns
moreabouttheunderlyingresponsesurface.However, experiments
costtimeandresources.Thus,iTunedaimsto minimizethenumber
of experimentsrequiredto �nd goodparametersettings.

3. OVERVIEW OF ITUNED
Gridding: Griddingis astraightforwardtechniqueto decidewhich
experimentsto conduct. Gridding works asfollows. The domain
dom(x i ) of eachparameterx i isdiscretizedinto k valuesl i 1 ,: : :,l ik .
(A differentvalueof k could be usedper x i .) Thus,the spaceof
possibleexperiments,DOM � � d

i =1 dom(x i ), is discretizedinto a
grid of sizekd . Griddingconductsexperimentsat eachof thesekd

settings.Griddingis reasonablefor a smallnumberof parameters.
This techniquewasusedin [18] while tuning four parametersin
the Berkeley DB database.However, the exponentialcomplexity
makesgriddinginfeasible(curseof dimensionality)asthenumber
of parametersincrease.For example,it takes22 daysto run exper-
imentsvia gridding for d = 5 parameters,k = 5 distinct settings
perparameter, andaveragerun-timeof 10minutesperexperiment.

SARD: The authorsof [5] proposedSARD(StatisticalApproach
for RankingDatabaseParameters)to addressasubsetof theparam-
etertuning problem,namely, rankingx1 ; : : : ; xd in orderof their
effect on y. SARD decideswhich experimentsto conductusinga
techniqueknown asthe Plackett Burman(PB) Design[11]. This
techniqueconsidersonly two settingsperparameter—giving a 2d

grid of possibleexperiments—andpicks a prede�ned2d number
of experimentsfrom this grid. Typically, the two settingsconsid-
eredfor x i are the lowestandhighestvaluesin dom(x i ). Since
SARD only considersa linear numberof cornerpointsof the re-
sponsesurface,it canbe inaccuratefor surfaceswhereparameters
have nonmonotoniceffects(Figure1). Thecornerpointsalonecan
painta misleadingpictureof theshapeof thefull surface.3

AdaptiveSampling: Theproblemof choosingwhichexperiments

3Theauthorsof SARD mentionedthis problem[5]. They recom-
mendedthat, beforeinvoking SARD, the DBA shouldsplit each
parameterx i with nonmonotoniceffect into distinct arti�cial pa-
rameterscorrespondingto eachmonotonicrangeof x i . This taskis
nontrivial sincethetruesurfaceis unknown to begin with. Ideally,
theDBA, whomaybea naive user, shouldnot facethis burden.

to conductis relatedto thesamplingproblemin databases.Wecan
considertheinformationaboutthe full responsesurfaceSW to be
storedasrecordsin a(large)tableTW with attributesx1 ; : : : ; xd ; y.
An examplerecordhx1 = v1 ; : : : ; xd = vd ; y = pi in TW says
that the performanceat the settinghx1 = v1 ,: : :,xd = vd i is p
for theworkloadW underconsideration.Experimentselectionis
theproblemof samplingfrom this table. However, the difference
with respectto conventionalsamplingis thatthetableTW is never
fully available.Instead,wehave to payacost—namely, thecostof
runninganexperiment—inorderto samplearecordfrom TW .

ThegriddingandSARD approachescollecta predeterminedset
of samplesfrom TW . A major de�ciency of thesetechniquesis
that they arenot feedback-driven. That is, thesetechniquesdo not
usetheinformationin thesamplescollectedsofar in orderto deter-
mine which samplesto collect next. (Note that conventionalran-
dom samplingin databasesis alsonot feedback-driven.) Conse-
quently, thesetechniqueseitherbring in too many samplesor too
few samplesto addresstheparametertuningproblem.

iTunedusesa novel feedback-driven algorithm,calledAdaptive
Sampling, for experimentselection. Adaptive Samplinganalyzes
the samplescollectedso far to understandhow the surfacelooks
like (approximately),andwherethegoodsettingsarelikely to be.
Basedon this analysis,moreexperimentsaredoneto collectnew
samplesthataddmaximumutility to thecurrentsamples.

Supposen experimentshave beenrun at settingsX ( i ) , 1 � i �
n, so far. Let the correspondingperformancevaluesobserved be
y( i ) = y(X ( i ) ). Thus,thesamplescollectedsofararehX ( i ) ; y( i ) i .
Let X ? denotethe best-performingsettingfound so far. Without
lossof generality, weassumethatthetuninggoalis to minimizey.

X ? = arg min
1� i � n

y(X ( i ) )

Which sampleshouldAdaptive Samplingcollect next? Suppose
thenext experimentis doneat settingX , andtheperformanceob-
servedis y(X ). Then,theimprovementIP(X) achievedby thenew
experimentX over thecurrentbest-performingsettingX ? is:

IP(X ) =
�

y(X ? ) � y(X ) if y(X ) < y(X ? )
0 otherwise (1)

Ideally, wewantto pick thenext experimentX sothattheimprove-
mentIP(X) is maximized.However, a proverbialchicken-and-egg
problemariseshere: the improvementdependson the unknown
valueof y(X ) which will be known only after the experimentis
doneatX . We insteadcomputeEIP(X), theexpectedimprovement
whenthenext experimentis doneat X . Then,theexperimentthat
givesthemaximumexpectedimprovementis selected.

Then samplesfrom experimentsdoneso far canbe utilized to
computeEIP(X). We canestimatey(X ) basedon thesesamples,
but our estimatewill beuncertain.Let ŷ(X ) bea randomvariable
representingour estimateof y(X ) basedon thecollectedsamples.
The distribution of ŷ(X ) capturesour currentuncertaintyin the
actualvalueof performanceat settingX . Let pdf ŷ ( X ) (p) denote
theprobability densityfunctionof ŷ(X ). Then:

X next = arg max
X 2 DOM

EIP(X ) (2)

EIP(X ) =
Z p=+ 1

p= �1
IP(X )pdf ŷ ( X ) (p)dp (3)

EIP(X ) =
Z p= y ( X ? )

p= �1
(y(X ?) � p)pdf ŷ ( X ) (p)dp (4)

Thechallengein AdaptiveSamplingis to computeEIP(X)basedon
thehX ( i ) ; y( i ) i samplescollectedsofar. Thecruxof thischallenge
is thegenerationof theprobabilitydensityfunctionof theestimated
valueof performancey(X ) at any settingX .



Adaptive Sampling: Algorithm run by iTuned's Planner
1. Initialization: ConductexperimentsbasedonLatin HypercubeSampling,

andinitialize GRSandX ? =arg min
i

y(X ( i ) ) with collectedsamples;

2. Until thestoppingconditionis reached,do
3. FindX next = arg max

X 2 DOM
EIP(X );

4. Executorconductsthenext experimentat X next to getanew sample;
5. UpdatetheGRSandX ? with thenew sample;Goto Line 2;

Figure2: Stepsin iTuned'sAdaptive Samplingalgorithm

iTuned's Work�o w: Figure 2 shows iTuned's work�o w for pa-
rametertuning. Onceinvoked, iTunedstartswith an initialization
phasewheresomeexperimentsare conductedfor bootstrapping.
Adaptive Samplingstartswith the initial setof samples,andcon-
tinuesto bring in new samplesthroughexperimentsselectedbased
on EIP(X). Experimentsareconductedseamlesslyin the produc-
tion environmentusingmechanismsprovidedby theexecutor.

Roadmap: Section4 describesAdaptive Samplingin more de-
tail. Detailsof the executorarepresentedin Section5. iTuned's
scalability-orientedfeaturesaredescribedin Section6.

4. ADAPTIVE SAMPLING
4.1 Initialization

As thenamesuggests,this phasebootstrapsAdaptive Sampling
bybringingin samplesfromaninitial setof experiments.A straight-
forward techniqueis randomsamplingwhich will pick the ini-
tial experimentsrandomlyfrom thespaceof possibleexperiments.
However, randomsamplingis often ineffective when only a few
samplesarecollectedfrom a fairly high-dimensionalspace.More
effectivesamplingtechniquescomefrom thefamily of space-�lling
designs[14]. iTunedusesone suchsamplingtechnique,called
Latin HypercubeSampling(LHS)[11], for initialization.

LHS collectsm samplesfrom a spaceof dimensiond (i.e., pa-
rametersx1 ; : : : ; xd ) asfollows: (1) thedomaindom(x i ) of each
parameteris partitionedinto m equalsubdomains;and(2) m sam-
plesarechosenfrom the spacesuchthat eachsubdomainof any
parameterhasoneandonly onesamplein it. Thesetof “*” sym-
bols in Figure 3 is an exampleof m=5 samplesselectedfrom a
d=2 dimensionalspaceby LHS. Noticethatno two sampleshit the
samesubdomainin any dimension.

LHS samplesarevery ef�cient to generatebecauseof their sim-
ilarity to permutationmatricesfrom matrix theory. Generatingm
LHS samplesinvolvesgeneratingd independentpermutationsof
1,: : :,m, andjoining thepermutationsonaposition-by-positionba-
sis.For example,thed=2 permutationsf 1,2,3,4,5g andf 4,5;2,1,3g
were combinedto generatethe m=5 LHS samplesin Figure 3,
namely, (1,4),(2,5),(3,2),(4,1),and(5,3).

However, LHS by itself doesnot rule out badspreads(e.g.,all
samplesspreadalong the diagonal). iTunedaddressesthis prob-
lemby generatingmultiplesetsof LHS samples,and�nally choos-
ing the one that maximizesthe minimum distancebetweenany
pair of samples.That is, supposel differentsetsof LHS samples
L 1 ; : : : ; L l weregenerated.iTunedwill selectthesetL ? suchthat:

L ? = arg max
1� i � l

min
X ( j );X ( k ) 2 L i ;j 6= k

dist (X ( j ) ; X ( k ) )

Here,dist is a commondistancemetric like Euclideandistance.
This techniqueavoidsbadspreads.

4.2 Picking the Next Experiment
As discussedin Section3 andEquation4, iTunedhasto compute

the expectedimprovementEIP(X) that will comefrom doing the

x
2

x
1

*
*

*
*

*

Figure3: Examplesetof � ve LHS samples

next experimentat any settingX . In turn, EIP(X) needstheprob-
ability densityfunctionpdf ŷ ( X ) (p) of thecurrentestimateof per-
formancêy(X ) atX . Weuseamodel-drivenapproach—similarin
spirit to [6]—to obtaintheprobabilitydensityfunction.

The modelusedin iTunedis calledthe GaussianprocessRep-
resentationof a responseSurface(GRS). GRSmodelsŷ(X ) asa
Gaussianrandomvariablewhosemeanu(X ) andvariancev2(X )
aredeterminedbasedonthesamplesavailablesofar. Startingfrom
a conservative estimatebasedon the bootstrapsamples,GRSim-
proves the precisionin estimatingy(X ) asmoreexperimentsare
done. In this paper, we will show thefollowing attractive features
of GRS:

� GRSis powerful enoughto capturethe responsesurfacesthat
arisein parametertuning.

� GRSenablesusto derive a closedform for EIP(X).
� GRSenablesiTunedto balancethe con�icting tasksof explo-

ration(understandingthesurface)andexploitation(goingafter
known high-performanceregions)that arisein parametertun-
ing. It is nontrivial to achieve this balance,andmany previous
techniques[5, 18] lack it.

De�nition 1. GaussianprocessRepresentationof a response
Surface(GRS): GRSmodelstheestimatedperformancêy(X ), X
2 DOM, as:ŷ(X ) = ~f t (X )~� + Z (X ). Here,~f t (X )~� is a regres-
sionmodel. Z (X ) is a Gaussianprocessthatcapturestheresidual
of theregressionmodel.We describeeachof thesein turn. 2

~f (X ) = [f 1 (X ); f 2(X ); : : : ; f h (X )] t in the regressionmodel
~f t (X )~� is a vector of basisfunctions for regression[22]. ~� is
the correspondingh � 1 vectorof regressioncoef�cients. The t
notationis usedto representthe matrix transposeoperation. For
example,someresponsesurfacemay be representedwell by the
regressionmodel: ŷ = 0:1 + 3x1 � 2x1x2 + x2

2 . In this case,
~f (X ) = [1; x1 ; x2 ; x1x2 ; x2

1 ; x2
2 ]t , and ~� = [0:1; 3; 0; � 2; 0; 1]t .

iTunedcurrentlyuseslinearbasisfunctions.

De�nition 2. Gaussianprocess:Z (X ) is a Gaussianprocess
if for any l � 1 andany choiceof settingsX (1) ,: : :,X ( l ) , where
eachX ( i ) 2 DOM, thejoint distribution of thel randomvariables
Z (X (1) ), : : :, Z (X ( l ) ) is a multivariateGaussian.2

A multivariateGaussianis a naturalextensionof the familiar uni-
dimensionalnormalprobabilitydensityfunction(the“bell curve”)
to a �x ednumberof randomvariables[6]. A Gaussianprocessis a
generalizationof themultivariateGaussianto any arbitrarynumber
l � 1 of randomvariables[14]. A Gaussianprocessis appropri-
atefor iTunedsinceexperimentsareconductedat moreandmore
settingsover time.

A multivariateGaussianof l variablesis fully speci�edby avec-
tor of l meansandanl � l matrix of pairwisecovariances[6]. As
a naturalextension,a GaussianprocessZ (X ) is fully speci�edby
a meanfunctionanda pairwisecovariancefunction. GRSusesa
zero-meanGaussianprocess,i.e.,themeanvalueof any Z (X ( i ) ) is
zero. Thecovariancefunctionusedis Cov(Z (X ( i ) ); Z (X ( j ) )) =
� 2corr (X ( i ) ; X ( j ) ). Here, corr is a pairwisecorrelationfunc-
tion de�ned ascorr (X ( i ) ; X ( j ) ) = � d

k =1 exp(� � k jx ( i )
k � x ( j )

k j 
 k ).
�; � k � 0; 
 k > 0, for 1 � k � d, areconstants.



Figure4: GRSfr om � ve samples(fr om Example1)

Figure5: Exampleof EIP computation (fr om Example2)

GRS's covariancefunction Cov(Z (X ( i ) ); Z (X ( j ) )) represents
the predominantphenomenonin responsesurfacesthat if settings
X ( i ) andX ( j ) arecloseto eachother, thentheir respective resid-
uals are correlated. As the distancebetweenX ( i ) and X ( j ) in-
creases,thecorrelationdecreases.Theparameter-speci�c constants
� k and
 k capturethefactthateachparametermayhaveitsown rate
at which theresidualsbecomeuncorrelated.Section4.3 describes
how theseconstantsareset.

Lemma 1. Probability density functions generatedby GRS:
Supposethe n sampleshX ( i ) ; y( i ) i , 1 � i � n, have beencol-
lectedthroughexperimentsso far. Given thesen samplesanda
settingX , GRSmodelsŷ(X ) asa univariateGaussianwith mean
u(X ) andvariancev2(X ) givenby:

u(X ) = ~f t (X )~� + ~ct (X )C � 1(~y � F ~� ) (5)

v2(X ) = � 2(1 � ~ct (X )C � 1~c(X )) (6)

~c(X ) = [corr (X ; X (1) ); : : : ; corr (X ; X ( n ) )] t , C is ann� n ma-
trix with elementi; j equalto corr (X ( i ) ; X ( j ) ), 1 � i; j � n,
~y = [y(1) ; : : : ; y( n ) ]t , andF is an n� h matrix with the i th row
composedof ~f t (X ( i ) ).

Proof: Givenin thetechnicalreport[7]. 2

The intuition behindLemma1 is that the joint distribution of the
n+ 1 variableŝy(X (1) ), : : :, ŷ(X ( n ) ), ŷ(X ) isamultivariateGaus-
sian(follows from De�nitions 1 and2). Conditionaldistributions
of amultivariateGaussianarealsoGaussian.Thus,theconditional
distribution of ŷ(X ) given ŷ(X (1) ), : : :, ŷ(X ( n ) ) is a univariate
Gaussianwith meanandvarianceasperEquations5 and6.

GRSwill returnu(X ) from Equation5 if asinglepredictedvalue
is asked for ŷ(X ) basedon the n samplescollected. Note that
~f t (X )~� in Equation5 is a plug in of X into theregressionmodel
from De�nition 1. The secondterm in Equation5 is an adjust-
mentof the predictionbasedon the errors(residuals)seenat the
sampledsettings,i.e., y( i ) � ~f t (X ( i ) )~� , 1 � i � n. Intuitively,
thepredictedvalueat settingX canbeseenasthepredictionfrom
the regressionmodelcombinedwith a correction term computed
asa weightedsumof the residualsat thesampledsettings;where
the weightsaredeterminedby the correlationfunction. Sincethe
correlationfunctionweighsnearbysettingsmorethandistantones,
thepredictionat X is affectedmoreby actualperformancevalues
observedatnearbysettings.

Also notethatthevariancev2(X ) atsettingX —whichis theun-
certaintyin GRS's predictedvalueat X —dependson thedistance
betweenX andthesettingsX ( i ) whereexperimentsweredoneto
collect samples.Intuitively, if X is closeto oneor moresettings
X ( i ) wherewe have collectedsamples,then we will have more
con�dencein thepredictionthanthecasewhenX is farawayfrom
all settingswhereexperimentsweredone.Thus,GRScapturesthe
uncertaintyin predictedvaluesin anintuitive fashion.

Example1. Thesolid (red) line near the top of Figure 4 is a
true one-dimensionalresponsesurface. Suppose�ve experiments
are done, andthecollectedsamplesare shownascirclesin Figure
4. iTunedgeneratesa GRSfrom thesesamples.The(green)line
marked with “+” symbolsrepresentsthe predictedvaluesu(X )
generated by the GRSas per Lemma1. The two (black) dotted
linesaroundthis line denotethe95%con�denceinterval, namely,
(u(X ) � 2v(X ); u(X ) + 2v(X )) . For example, at x1 = 8, the
predictedvalueis 7.2with con�denceinterval (6.4,7.9).Notethat,
at all points, the true value (solid line) is within the con�dence
interval; meaningthat theGRSgeneratedfromthe�ve samplesis a
goodapproximationof thetrueresponsesurface. Also,notethatat
pointscloseto thecollectedsamples,theuncertaintyin prediction
is low. Theuncertaintyincreasesaswemovefurtherawayfromthe
collectedsamples.2

Lemma1 givesthenecessarybuilding block to computeexpected
improvementsfrom experimentsthathave not beendoneyet. Re-
call from Lemma1 that,basedonthecollectedsampleshX ( i ) ,y( i ) i ,
1 � i � n, ŷ(X ) is a Gaussianwith meanu(X ) andvariance
v2(X ). Hencetheprobabilitydensityfunctionof ŷ(X ) is:

pdf ŷ ( X ) (p) =
1

p
2� v(X )

exp(
� (p � u(X )) 2

2v2(X )
) (7)

Theorem1. Closedform for EIP(X): The expectedimprove-
mentfrom conductinganexperimentatsettingX hasthefollowing
closedform:

EIP(X ) = v(X )( � (X )�( � (X )) + � (� (X ))) (8)

Here,� (X ) = y ( X ? ) � u ( X )
v ( X ) . � and� areN (0; 1) Gaussiancumu-

lative distributionanddensityfunctionsrespectively.

Proof: Givenin thetechnicalreport[7]. 2

Intuitively, thenext experimentto runshouldbepickedeitherfrom
regionswhereuncertaintyis large,which is capturedby v(X ) in
Equation8, or where the predictedperformancevaluescan im-
prove over thecurrentbestsetting,which is capturedby � (X ) in
Equation8. In regionswherethecurrentGRSfrom the observed
samplesis uncertainaboutits prediction,i.e.,wherev(X ) is high,
explorationis preferredto reducethe model's uncertainty. At the
sametime, in regionswherethecurrentGRSpredictsthatperfor-
manceis good,i.e., � (X )�( � (X )) + � (� (X )) is high, exploita-
tion is preferredto potentiallyimprove thecurrentbestsettingX ? .
Thus,Equation8 capturesthetradeoff betweenexploration(global
search)andexploitation(localsearch).

Example2. Thedottedline at the bottomof Figure 4 shows
EIP(X) along thex1 dimension.(All EIP valueshavebeenscaled
uniformlyto make theplot �t in this �gure.) Thereare twopeaksin
theEIPplot. (I) EIPvaluesarehigharoundthecurrentbestsample
(X � with x1=10.3),encouraging local search (exploitation)in this
region. (II) EIP valuesare also high in the region betweenx1=4
andx1=6 becausenosampleshavebeencollectednearthisregion;
the higher uncertaintymotivatesexploring this region. Adaptive
Samplingwith conductthenext experimentat thehighestEIPpoint,
namely, x1=10.9. Figure5 showsthenew setof samplesaswell as



thenew EIP(X) after theGRSis updatedwith thenew sample. As
expected,theEIP aroundx1=10.9 hasreduced.EIP(X) nowhasa
maximumvalueat x1=4.7 becausetheuncertaintyin this region is
still high. AdaptiveSamplingwill experimenthere next, bringing
in a samplecloseto theglobaloptimumat x1=4.4.

4.3 Overall Algorithm and Implementation
Figure2 shows theoverall structureof iTuned's Adaptive Sam-

pling algorithm.Sofar we describedhow theinitialization is done
andhow EIP(X) is derived. We now discusshow iTunedimple-
mentstheotherstepsin Figure2.

Finding the setting that maximizesEIP: Line 3 in Figure2 re-
quiresusto �nd thesettingX 2 DOM thathasthemaximumEIP.
Sincewe have a closedform for EIP, it is ef�cient to evaluateEIP
at a given settingX . In our implementation,we pick k = 1000
settings(usingLHS sampling)from thespaceof feasiblesettings,
computetheir EIP values,andpick theonethathasthemaximum
valueto run thenext experiment.

Initializing the GRS and updating it with new samples:Initial-
izing the GRSwith a setof hX ( i ) ; y( i ) i samples,or updatingthe
GRSwith anewly collectedsample,involvesderiving thebestval-
uesof the constants� , � k , and
 k , for 1 � k � d, basedon the
currentsamples.This stepcanbe implementedin differentways.
Our currentimplementationusesthewell-known andef�cient sta-
tistical techniqueof maximumlikelihoodestimation[9, 22].

When to stop: AdaptiveSamplingcanstop(Line2 in Figure2) un-
deroneof two conditions:(i) whentheuserissuesanexplicit stop
commandoncesheis satis�edwith theperformanceimprovement
achievedsofar;and(ii) whenthemaximumexpectedimprovement
over all settingsX 2 DOM falls below a threshold.

5. ITUNED'S EXECUTOR: A PLATFORM
FOR RUNNING ONLINE EXPERIMENTS

We now considerwhereandwheniTunedwill run experiments.
Therearesomesimpleanswers.If parametertuningis donebefore
thedatabasegoesinto productionuse,thentheexperimentscanbe
doneon the productionplatform itself. If the databaseis already
in productionuseandservingrealusersandapplications,thenex-
perimentscouldbedoneonanof�ine testplatform.Previouswork
on parametertuning (e.g., [5, 18]) assumesthat experimentsare
conductedin oneof thesesettings.

While the two settingsabove—preproductiondatabaseandtest
database—arepracticalsolutions,they arenotsuf�cient because:
� Theworkloadmaychangewhile thedatabaseis in production

use,necessitatingretuning.
� A testdatabaseplatformmaynotexist (e.g.,in anSMB).
� It canbenontrivial or downright infeasibleto replicatethepro-

ductionresources,data,andworkloadon thetestplatform.

iTuned'sexecutorprovidesacomprehensivesolutionthataddresses
concernslike these.The guiding principle behindthe solutionis:
exploit underutilizedresourcesin the productionenvironmentfor
experiments,but never harm the productionworkload. The two
salientfeaturesof thesolutionare:

� Designatedresources: iTunedprovidesan interfacefor users
to designatewhich resourcescanbe usedfor runningexperi-
ments.Candidateresourcesinclude(i) theproductiondatabase
(the default for running experiments),(ii) standbydatabases
backingup the productiondatabase,(iii) testdatabase(s)used
by DBAs anddevelopers,and(iv) stagingdatabase(s)usedfor
end-to-endtestingof changes(e.g.,bug �x es)beforethey are
appliedto the productiondatabase.Resourcesdesignatedfor
experimentsarecollectively calledtheworkbench.

Figure6: The executorin action for standbydatabases

� Policies: A policy is speci�ed with eachresourcethatdictates
whentheresourcecanbeusedfor experiments.Thedefaultpol-
icy associatedwith eachof theabove resourcesis: “if theCPU,
memory, anddisk utilization of the resourcefor its homeuse
is below 10%(thresholdt1) for thepast10 minutes(threshold
t2), thentheresourcecanbeusedfor experiments.” Homeuse
denotestheregular(i.e., nonexperimental)useof theresource.
Thetwo thresholdsarecustomizable.Only thedefaultpolicy is
implementedcurrently, but we areexploringotherpolicies.

iTuned's implementationconsistsof: (i) a front-endthat interacts
with users,and(ii) aback-endcomprisingtheplanner, whichplans
experimentsusingAdaptiveSampling,andtheexecutor, whichruns
plannedexperimentson the workbenchas per user-speci�ed (or
default) policies.Monitoringdataneededto enforcepoliciesis ob-
tainedthroughsystemmonitoringtools.

Thedesignof theworkbenchis basedon splitting the function-
ality of eachresourceinto two: (i) homeuse, wheretheresourceis
useddirectly or indirectly to supporttheproductionworkload,and
(ii) garage use, wheretheresourceis usedto run experiments.We
will describethehome/garagedesignusingthestandbydatabaseas
anexample,andthengeneralizeto otherresources.

All databasesystemssupportoneor morehotstandbydatabases
whosehomeuseis to keepup to datewith the (primary) produc-
tion databaseby applyingredologs shippedfrom the primary. If
theprimary fails, a standbywill quickly take over asthenew pri-
mary. Hence,the standbydatabasesrun the samehardware and
software as the productiondatabase. It has beenobserved that
standbydatabasesusuallyhave very low utilizationsincethey only
haveto applyredolog records.In fact,[8] mentionsthatenterprises
that have 99.999%(� ve nines)availability typically have standby
databasesthatareidle 99.999%of thetime.

Thus,thestandbydatabasesarea valuableandunderutilizedas-
setthatcanbeusedfor onlineexperimentswithout impactinguser-
facingqueries. However, their homeuseshouldnot be affected,
i.e., the recovery time on failure shouldnot have any noticeable
increase. iTunedachieves this propertyusing two resource con-
tainers: thehomecontainerfor homeuse,andthegaragecontainer
for runningexperiments. iTuned's currentimplementationof re-
sourcecontainersusesthe zonesfeaturein the SolarisOS [15].
CPU,memory, anddisk resourcescanbeallocateddynamicallyto
a zone,andtheOSprovidesisolationbetweenresourcesallocated
to differentzones. Resourcecontainerscanalsobe implemented
usingvirtual machinetechnologywhich is becomingpopular[16].

The homecontaineron the standbymachineis responsiblefor



Feature Description and Use
Sensitivity analysis Identify andeliminatelow-effect parameters
Parallelexperiments Usemultiple resourcesto runexptsin parallel
Early abort Identify andstoplow-utility exptsquickly
Workloadcompression Reduceper-experimentrunningtime without

reducingoverall tuningquality

Table 1: Featuresthat impr ove iTuned'sef�ciency

applyingthe redolog records. Whenthe standbymachineis not
runningexperiments,thehomecontainerrunson it usingall avail-
ableresources;thegarageliesidle. Thegaragecontainerisbooted—
similar to a machinebooting,but muchfaster—only whenapolicy
�res andallows experimentsto be scheduledon the standbyma-
chine. During an experiment,both the homeandthe garagecon-
tainerswill beactive,with apartitioningof resourcesasdetermined
by theexecutor. Figure6 providesanillustration. For example,as
perthedefault policy statedearlier, homeandgaragewill get10%
and90%,respectively, of theresourceson themachine.

Both thehomeandthegaragecontainersrun a full andexactly
thesamecopy of thedatabasesoftware. However, on booting,the
garageis given a snapshotof the currentdata(including physical
design)in thedatabase.Thegarage'ssnapshotis logically separate
from thesnapshotusedby thehomecontainer, but it is physically
thesameexceptfor copy-on-writesemantics.Thus,bothhomeand
garagehave logically-separatecopiesof thedata,but only a single
physicalcopy of the dataexists on the standbysystemwhen the
garageboots. Wheneithercontainermakesanupdateto thedata,
a separatecopy of the changedpart is madethat is visible to the
updatingcontaineronly (hencethetermcopy-on-write).Theredos
appliedby thehomecontainerdo not affect thegarage's snapshot.
iTuned'simplementationof snapshotsandcopy-on-writesemantics
leveragestheZettabyteFile System[15], andis extremelyef�cient
(aswe will show in theempiricalevaluation).

Thegarageis haltedimmediatelyunderthreeconditions:when
experimentsarecompletedor theprimaryfails or thereis a policy
violation. All resourcesare then releasedto the homecontainer
which will continuefunctioningasa purestandbyor take over as
theprimaryasneeded.Settingup thegarage(includingsnapshots
and resourceallocation)takes lessthan a minute, and tear-down
takesevenlesstime. Thewholeprocessis soef�cient thatrecovery
time is not increasedby morethana few seconds.

While the above descriptionfocusedon the standbyresource,
iTunedappliesthesamehome/garagedesignto all otherresources
in the workbench(including the productiondatabase).The only
differenceis that eachresourcehasits own distinct type of home
use which is encapsulatedcleanly into the correspondinghome
container. Thus,iTunedworksevenin settingswhere there are no
standbyor testdatabases.

6. IMPROVING ITUNED'S EFFICIENCY
Experimentstaketimeto run. Thissectiondescribesfeaturesthat

canreducethe time iTunedtakesto returngoodresultsaswell as
make iTunedscaleto largenumbersof parameters.Table1 gives
a shortsummary. The �rst threefeaturesin Table1 are fully in-
tegratedinto iTuned,while workload compressionis currently a
simplestandalonetool.

6.1 Eliminating Unimportant ParametersUs­
ing Sensitivity Analysis

SupposewehavegeneratedaGRSusingn sampleshX ( i ) ; y( i ) i .
Using theGRS,we cancomputeE (yjx1 = v), theexpectedvalue
of y whenx1=v as:

E (yjx1= v) =

R
dom ( x 2 )� � �

R
dom ( x d ) ŷ(v; x2 ; : : : ; xd )dx2 � � � dxd

R
dom ( x 2 )� � �

R
dom ( x d ) dx2 � � � dxd

(9)
Equation9 averagesout theeffectsof all parametersotherthanx1 .
If we considerl equally-spacedvaluesvi 2 dom(x1), 1 � i � l ,
thenwe canuseEquation9 to computetheexpectedvalueof y at
eachof thesel points. A plot of thesevalues,e.g.,as shown in
Figure4, givesa visual feel of the overall effect of parameterx1

on y. We termsuchplotseffectplots. In addition,we canconsider
thevarianceof thesevalues,denotedV1 = Var(E (yjx1)) . If V1 is
low, theny doesnot vary muchasx1 is changed;hence,theeffect
of x1 ony is low. Ontheotherhand,a largevalueof V1 meansthat
y is sensitive to x1 's setting.

Therefore,wede�ne themaineffectof x1 as V1
Var( y ) whichrepre-

sentsthefractionof theoverallvariancein y thatisexplainedby the
varianceseenin E (yjx1). Themaineffectsof theotherparameters
x2 ; : : : ; xd arede�ned in a similar fashion. Any parameterwith
low main effect canbe set to its default valuewith little negative
impacton performance,andneednotbeconsideredfor tuning.

6.2 Running Multiple Experimentsin Parallel
If theexecutorcan�nd enoughresourcesontheworkbench,then

iTunedcanrun k > 1 experimentsin parallel. The batchof ex-
perimentsfrom LHS during initialization can be run in parallel.
Runningk experimentsfrom AdaptiveSamplingin parallelis non-
trivial becauseof its sequentialnature.A naive approachis to pick
the top k settingsthat maximizeEIP. However, the pitfall is that
thesek settingsmay be from the sameregion (aroundthecurrent
minimumor with highuncertainty),andhenceredundant.

Wesettwo criteriafor selectingk parallelexperiments:(I) Each
experimentshouldimprove thecurrentbestvalue(in expectation);
(II) Theselectedexperimentsshouldcomplementeachotherin im-
proving the GRS's quality (i.e., in reducinguncertainty). iTuned
determinesthenext k experimentsto run in parallelasfollows:

1. SelecttheexperimentX ( i ) thatmaximizesthecurrentEIP.

2. An importantfeatureof GRSis that theuncertaintyin predic-
tion (Equation6) dependsonly on the X valuesof collected
samples.Thus,afterX ( i ) is selected,weupdatetheuncertainty
estimateat eachremainingcandidatesetting. (The predicted
value,from Equation5, ateachcandidateremainsunchanged.)

3. We computethe new EIP valueswith the updateduncertainty
term v(X ), andpick the next sampleX ( i +1) that maximizes
EIP. Thenicepropertyis thatX ( i +1) will notbeclusteredwith
X ( i ) : afterX ( i ) is picked,theuncertaintyin theregion around
X ( i ) will reduce,thereforeEIP will decreasein thatregion.

4. Theabove stepsarerepeateduntil k experimentsareselected.

6.3 Early Abort of Low­Utility Experiments
While the explorationaspectof Adaptive Samplinghasits ad-

vantages,it cancauseexperimentsto be run at poorly-performing
settings.Suchexperimentstake a long time to run, andcontribute
little towards�nding goodparametersettings.To addressthisprob-
lem, we addeda featureto iTunedwhereanexperimentat X ( i ) is
abortedafter � � tmin time if theworkloadrunningtime at X ( i )

is greaterthan� � tmin . Here,tmin is theworkloadrunningtime
at thebestsettingfoundsofar. By default, � = 2.

6.4 Workload Compression
Work on physicaldesigntuning hasshown that there is a lot

of redundancy in real workloadswhich canbe exploited through
workloadcompressionto give1-2ordersof magnitudereductionin



tuningtime[3]. Theworkloadcompressiontechniquefrom [3] �rst
partitions the given workload basedon distinct query templates,
andthenpicks a representative subsetper partitionvia clustering.
To demonstratetheutility of workloadcompressionin iTuned,we
cameupwith amodi�ed approach.Wetreata workloadasa series
of executionsof querymixes,whereaquerymix is asetof queries
that run concurrently. An examplecould be h3Q1 ; 6Q18 i which
denotesthreeinstancesof TPC-H queryQ1 runningconcurrently
with six instancesof Q18 . We partition the given workload into
distinctquerymixes,andpick thetop-kmixesbasedon theoverall
time for whicheachmix ranin theworkload.

7. EMPIRICAL EVALUATION
Our evaluationsetupinvolvesa local clusterof machines,each

with four 2GHzprocessorsand3GBmemory, runningPostgreSQL
8.2onSolaris10. Onemachinerunstheproductiondatabasewhile
the other machinesare usedas hot standbys,test platforms, or
workloadgeneratorsasneeded.Recallfrom Section5 thatiTuned's
policy-basedexecutorcanconductexperimentson theproduction
database,standbys,and test platforms. By default, we useone
standbydatabasefor experiments. Our implementationof GPR
usesthetgppackage[9].
7.1 Methodologyand ResultSummary

We �rst summarizethe different typesof empiricalevaluation
conductedandtheresultsobtained.
� Section7.2breaksdown theoverheadof variousoperationsin

theAPI providedby iTuned's executor, andshows that theex-
ecutoris noninvasive andef�cient.

� Section7.3 shows real responsesurfacesthat highlight the is-
suesmotivatingourwork, e.g.,(i) why databaseparametertun-
ing is not easyfor theaverageuser;(ii) how parametereffects
arehighly sensitive to workloads,dataproperties,andresource
allocations;and(iii) why optimizercostmodelsareinsuf�cient
for effective parametertuning, but it is importantto keepthe
optimizerin thetuningloop.

� Section7.4presentstuningresultsfor OLAP andOLTP work-
loadsof increasingcomplexity that show iTuned's easeof use
andup to 10x improvementsin performancecomparedto de-
fault parametersettings,rule-basedtuning basedon popular
heuristics,and a state-of-the-artautomatedparametertuning
technique.Weshow how iTunedcanleverageparallelism,early
aborts,and workload compressionto cut down tuning times
drasticallywith negligible degradationin tuningquality.

� iTuned'sperformanceisconsistentlygoodwith bothPostgreSQL
andMySQL databases,demonstratingiTuned's portability.

� Section7.5showshow iTunedcanbeusefulin otherwaysapart
from recommendinggoodparametersettings,namely, visualiz-
ing parameterimpactaswell asapproximateresponsesurfaces.
This informationcanguidefurthermanualtuning.

Tuningtasksin our evaluationconsiderup to 30 con�gurationpa-
rameters.By default, we considerthe following 11 PostgreSQL
parametersfor OLAP workloads:(P1)sharedbuffers, (P2) effec-
tive cachesize,(P3)work mem,(P4)maintenancework mem,(P5)
default statisticstarget,(P6)randompagecost,(P7)cpu tuple cost,
(P8) cpu index tuple cost, (P9) cpu operatorcost, (P10)memory
allocation,and(P11)CPU allocation. Descriptionsof parameters
P1-P9canbefound in [13]. ParametersP10andP11respectively
controlthememoryandCPUallocationto thedatabase.

7.2 Performanceof iTuned's Executor
We �rst analyzetheoverheadof theexecutorfor runningexper-

iments. Recall its implementationfrom Section5. Table2 shows
the variousoperationsin the interfaceprovided by the executor,

Operation by Ex-
ecutor

Time
(sec)

Description

CreateContainer 610 Createanew garage(onetime process)
CloneContainer 17 Cloneagaragefrom alreadyexisting one
Boot Container 19 Boot garagefrom halt state
Halt Container 2 Stopgarageandreleaseresources
RebootContainer 2 Reboot the garage(required for adding

additionalresourcesto acontainer)
Snapshot-RDB 7 Createread-onlysnapshotof database
Snapshot-RW DB 29 Createread-writesnapshotof database

Table 2: Overheadsof operationsin iTuned'sexecutor

and the overheadof eachoperation. The CreateContaineroper-
ation is doneonceto setup the OS environmentfor a particular
tuning task;so its 10-minutecostis amortizedover anentiretun-
ing session.This overheadcanbe cut down to 17 secondsif the
requiredtypeof containerhasalreadybeencreatedfor someprevi-
oustuningtask.Notethatall theotheroperationstake ontheorder
of a few seconds.For startinganew experiment,thecostis atmost
48secondsto bootthecontainerandto createaread-writesnapshot
of the database(for workloadswith updates).A containercanbe
haltedwithin 2 seconds,whichaddsnonoticeableoverheadif, say,
thestandbyhasto take over ona failureof theprimarydatabase.

7.3 Why Parameter Tuning is Nontri vial
TheOLAP (BusinessIntelligence)workloadsusedin our evalu-

ationwerederived from TPC-Hrunningat scalefactors(SF) of 1
and10 on PostgreSQL[19]. Thephysicaldesignof thedatabases
arewell tuned,with indexesapproximatelytripling anddoubling
thedatabasesizesfor SF=1andSF=10respectively. Statisticsare
alwaysup to date.TheheavyweightTPC-Hqueriesin our setting
includeQ1,Q7,Q9,Q13,andQ18.

Figure1 shows a 2D projectionof a responsesurfacethat we
generatedby runningQ18on a TPC-HSF=1databasefor a num-
berof differentsettingsof theelevenparametersfrom Section7.1.
Thedatabasesizewith indexesis around4GB.Thephysicalmem-
ory (RAM) given to the databaseis 1GB to createa realisticsce-
nariowherethedatabaseis 4x theamountof RAM. This complex
responsesurfaceis theneteffect of a numberof individual effects:

� Q18(LargeVolumeCustomerQuery)is a complex querythat
joins the Lineitem, Customer, andOrdertables. It alsohasa
subqueryoverLineitem(whichgetsrewrittenasajoin), soQ18
accessesLineitem—thebiggesttablein TPC-H—twice.

� Different executionplansget picked for Q18 in different re-
gionsof theresponsesurfacebecausechangesin parameterset-
tingsleadto changesin estimatedplancosts.Theseplansdiffer
in operatorsused,join order, andwhetherthesameor different
accesspathsareusedfor thetwo accessesto theLineitemtable.

� Operatorbehavior canchangeaswe move throughthesurface.
For example,hashjoinsin PostgreSQLchangefrom onepassto
two passesif thework memparameteris lower thanthemem-
ory requiredfor thehashjoin'sbuild phase.

� The most signi�cant effect comesfrom hashjoins presentin
someof theplans.Hashpartitionsthatspill to disk arewritten
directlyto temporarydisk�les in PostgreSQL;notto temporary
buffers in thedatabaseor to shared buffers. As shared buffers
is increased,memoryfor theOS�le cache(whichbuffersreads
andwritesto disk �les) decreases.Thus,disk I/O to thespilled
partitionsincreases,causingperformancedegradation.

Surfaceslike Figure 1 show how critical experimentsare to un-
derstandwhich of many differenteffectsdominatein a particular
setting. It took usseveral daysof effort, morethana hundredex-
periments,aswell as�ne-grainedmonitoringusingDTrace[15] to
understandtheunexpectednatureof Figure1. It is unlikely thata
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Figure 7: Impact of shared buffers Vs. effective cachesizefor
workload W4 (TPC-H SF=10)

non-expert who wantsto usea databasefor someapplicationwill
have theknowledge(or patience)to tunethedatabaselike wedid.

Theaveragerunningtime of a querycanchangedrasticallyde-
pendingon whetherit is runningalonein thedatabaseor it is run-
ning in a concurrentmix of queriesof thesameor differenttypes.
For example,considerQ18runningaloneor in amix of six concur-
rentinstancesof Q18(eachinstancehasdistinctparametervalues).
At the default parametersettingof PostgreSQLfor TPC-H SF=1,
we have observedtheaveragerunningtime of Q18to changefrom
46seconds(whenrunningalone)to 1443seconds(whenrunningin
themix). For TPC-HSF=10,therewasachangefrom 158seconds
(whenrunningalone)to 578seconds(whenrunningin themix).

Two insightscomeout from the resultspresentedso far. First,
queryoptimizerscomputethe costof a plan independentof other
plansrunning concurrently. Thus, optimizer cost modelscannot
capturethe true performanceof real workloadswhich consistof
querymixes. Second,it is importantto keepthe optimizerin the
loop while tuning parametersettingsbecausethe optimizer can
changethe plan for a querywhenwe changeparametersettings.
While keepingthe optimizer in the loop is acceptedpracticefor
physicaldesigntuning(e.g.,[4]), to ourknowledge,wearethe�rst
to bring out its importanceandenableits usein con�guration pa-
rametertuning.

Figure7 shows a 2D projectionof theresponsesurfacefor Q18
whenrun in the6-way mix in PostgreSQLfor TPC-HSF=10.The
key differencebetweenFigures1 (Q18alone,TPC-HSF=1)and7
(Q18in 6-waymix, TPC-HSF=10)is thatincreasingshared buffers
hasan overall negative effect in the former case,while the over-
all effect is positive in thelatter. We attributethemarkedeffect of
shared buffersin Figure7 to theincreasedcachehitsacrossconcur-
rentQ18instances.Figures8 and9 show theresponsesurfacefor a
workloadwhereshared buffershaslimited impact.Thehighestim-
pactparameteris work mem. This workloadhasthreeinstancesof
Q7 and3 instancesof Q13runningin a 6-way mix in PostgreSQL
for TPC-H SF=10. All theseresultsshow why userscan have a
hard time settingdatabaseparameters,andwhy experimentsthat
canbringout theunderlyingresponsesurfacesareinevitable.

7.4 Tuning Results
Wenow presentanevaluationof iTuned'seffectivenessondiffer-

entworkloadsandenvironments.iTunedshouldbejudgedbothon
its quality—how goodaretherecommendedparametersettings?—
andef�ciency—how sooncaniTunedgenerategoodrecommenda-
tions?OurevaluationcomparesiTunedagainst:
� Default parametersettingsthatcomewith thedatabase.
� Manual rule-basedtuning basedon heuristicsfrom database

administratorsandperformancetuningexperts.We useanau-
thoritative sourcefor PostgreSQLtuning[13].

� Smart Hill Climbing (SHC) is astate-of-artautomatedparam-
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Figure 8: Impact of shared buffers Vs. work mem for work-
load W5 (TPC-H SF=10)
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Figure 9: Impact of shared buffers Vs. effective cachesizefor
workload W5 (TPC-H SF=10)

etertuningtechnique[23]. It belongsto thehill-climbing fam-
ily of optimizationtechniquesfor complex responsesurfaces.
Like iTuned,SHC plansexperimentswhile balancingexplo-
rationandexploitation (Section4.2). But, SHClackskey fea-
turesof iTunedlike GRSrepresentationof responsesurfaces,
executor, andef�ciency-orientedfeatureslikeparallelism,early
aborts,sensitivity analysis,andworkloadcompression.

� Approximation to the optimal setting: Sincewedonotknow
theoptimalperformancein any tuningscenario,we run a large
numberof experimentsof�ine for eachtuning task. We have
doneat least100 (often 1000+) experimentsper tuning task
over the courseof six months. The bestperformancefound
is usedasan approximationof the optimal. This techniqueis
labeledBruteForce.

iTunedandSHC do 20 experimentseachby default. iTuneduses
the�rst 10 experimentsfor initialization. Strictly for thepurposes
of evaluation,by default iTunedusesonly early abortamongthe
ef�ciency-orientedtechniquesfrom Section6.

Figure10comparesthetuningqualityof iTuned(I) with Default
(D), manualrule-based(M), SHC (S), andBrute Force (B) on a
rangeof TPC-Hworkloadsat SF=1andSF=10.Theperformance
metric of interestis workload runningtime; lower is better. The
workload running time for D is always shown as 100%,and the
timesfor othersarerelative. To further judgetuningquality, these
�gures show therankof theperformancevaluethateachtechnique
�nds. Ranksare reportedwith the pre�x R, and are basedon a
best-to-worstorderingof theperformancevaluesobservedby Brute
Force;lower rankis alwaysbetter. Figure10alsoshows (above I' s
bar) the total time that iTunedtook since invocationto give the
recommendedsetting. Detailedanalysisof tuning times is done
laterin this section.

11 distinct workloadsare usedin Figure 10, all of which are
nontrivial to tune. WorkloadsW1, W2, andW3 consistof indi-



Figure10: Comparisonof tuning quality. iTuned's tuning timesare shown in minutes (m) or hours (h). Ri denotesRank i

Figure11: Comparisonof iTuned's tuning times in the presenceof various ef�ciency-oriented features
vidual TPC-H queriesQ1, Q9, andQ18 respectively runningat a
Multi-ProgrammingLevel (MPL) of 1. MPL is themaximumnum-
ber of concurrentqueries.TPC-H querieshave input parameters.
Throughoutour evaluation,we generateeachquery instanceran-
domly usingtheTPC-Hquerygeneratorqgen. Differentinstances
of thesamequeryaredistinctwith high probability.

WorkloadsW4, W5, andW6 go onestephigherin tuningcom-
plexity becausethey consistof mixesof concurrentqueries. W4
(MPL=6)consistsof six concurrent(anddistinct)instancesof Q18.
W5 (MPL=6)consistsof threeconcurrentinstancesof Q7andthree
concurrentinstancesof Q13. W6 (MPL=10) consistsof � ve con-
currentinstancesof Q5and� veconcurrentinstancesof Q9.

WorkloadsW7 andhigherin Figure10 go the �nal stepin tun-
ing complexity by bringing in many more complex query types,
muchlargernumbersof queryinstances,anddifferentMPLs. W7
(MPL=9) contains200queryinstancescomprisingqueriesQ1 and
Q18,in theratio 1:2. W8 (MPL=24) contains200queryinstances
comprisingTPC-HqueriesQ2,Q3,Q4,andQ5,in theratio3:1:1:1.

W9 (MPL=10), W10 (MPL=20), andW11 (MPL=5) contain100
query instanceseachwith 10, 10, and 15 distinct TPC-H query
typesrespectively in equalratios. The resultsfor W7-N shown in
Figure10arefrom tuning30parameters.

Figure 10 shows that the parametersettingsrecommendedby
iTunedconsistentlyoutperformthedefault settings,andis usually
signi�cantly betterthan the settingsfound by SHC andcommon
tuning rules. iTunedgives2x-5x improvementin performancein
many cases.iTuned's recommendationis usuallyclosein perfor-
manceto theapproximateoptimal settingfound(exhaustively) by
Brute Force. It is interestingto note that expert tuning rulesare
moregearedtowardscomplex workloads(comparetheM barsbe-
tweenthetopandbottomhalvesof Figure10).

As an example,considerthe workloadW7-SF10in Figure10.
Thedefault settingsgiveaworkloadrunningtimeof 1085seconds.
Settingsbasedon tuningrulesandSHCgive runningtimesof 386
and 421 secondsrespectively. In comparison,iTuned's bestset-
ting after initialization gave a performanceof 318seconds,which



Workload Perf.
Metric

#Params Quality
(Rank)

Tuning time
(Hours)

TPC-W
(MySQL)

Response
time

7 R1 3.2

TPC-W
(MySQL)

Throughput 7 R4 7.6

TPC-W
(PostgreSQL)

Response
time

20 R23 2.5

TPC-W
(PostgreSQL)

Throughput 20 R8 2.5

RUBiS
(MySQL)

Response
time

6 R1 6.1

RUBiS
(MySQL)

Throughput 6 R2 6.6

Table3: Sampleof iTuned's resultsfor OLTP workloads

was improved to 246 secondsby Adaptive Sampling(77% im-
provementover default). iTuned's sensitivity analysisfound the
shared buffers parameterto have themostimpacton performance.
Thedefault settingof 32 MB for shared buffers is poor. Therule-
basedsettingof 200MB is better, but iTunedfounda settingclose
to 400MB wheretheperformanceis far better.

Figure10 shows that iTunedtakeson theorderof tensof hours
to �nd good settingsfor complex workloads. Con�guring large
databasemanagementsystemstakes on the order of one to two
weeks[12]. Thus,one to two daysof time spentparametertun-
ing is acceptable,especiallyconsideringthat iTunedgives 2x-5x
improvementin performancein many cases. More importantly,
Figure11 shows that iTuned's tuning time canbe reducedby or-
dersof magnitudeusingthe techniqueswe proposedin Section6.
Early Abort uses� = 2 andworkloadcompressionpicks the top
mix in theworkload.

For eachof the complex workloadsfrom Figure 10, we show
iTuned's tuning time with andwithout different techniques.It is
clear that thesetechniquescanreduceiTuned's tuning time to at
mostafew hours.Thedropin tuningqualityacrossall thesescenar-
ios wasnever morethan1%. In general,we have foundworkload
compressionto beevenmoreeffective in parametertuningthanin
physicaldesigntuning. We speculatethat parametersettingsare
lesssensitive to which queriesgetpickedin thecompressedwork-
loadcomparedto, say, index selection.

Becauseof spaceconstraints,we have only givenrepresentative
resultsin this paper. Table3 givesabrief summaryof otherempir-
ical results—includingresultsfor OLTP workloads,MySQL, and
differentperformancemetrics—thatshow iTuned'sconsistentgood
performance.TPC-Wis ane-Commercebenchmarkthatsimulates
theactivities of a retail website.Our experimentswith TPC-Ware
basedona48000-transactionworkloadona6GBdatabase.RUBiS
[1] is Webservicebenchmarkthatimplementsthecorefunctional-
ity of anauctionsitelike eBay.

7.5 Sensitivity Analysis
This sectionevaluatestwo importantfeaturesof iTuned: sensi-

tivity analysisof databaseparametersandeffect plots for visual-
ization(recallSection6.1). We usebothrealworkloadsandcom-
plex syntheticresponsesurfacesin our evaluation. We compare
iTuned'sperformanceagainstSARD[5] whichis describedin Sec-
tion 3. Recallthat,unlike iTuned,SARD is not anend-to-endtun-
ing tool, andcanbemisledby nonmonotoniceffectsof parameters.

Our concernsaboutSARD werevalidatedby a simpleevalua-
tion. We chosethreepopularandhardbenchmarkfunctionsfrom
the optimizationliterature: Griewank, Rastrigin,andRosenbrock
[23]. All threefunctionshave a globaloptimumof 0. We usedthe
functionsto generateresponsesurfaceswith 20 parameterseach.
Of these20parameters,5areimportant—i.e.,they impacttheshape
of thesurfacesigni�cantly—while theremaining15 areunimpor-

Workload Optimal SARD+AS SHC iTuned
Griewank 0 28.6 28.7 2.0
Rastrigin 0 200.8 209.1 26.1

Rosenbrock 0 40.2 160.5 7.9
W2-SF1 95 240(R29) 231(R24) 95 (R1)
W3-SF1 11 43 (R20) 67 (R24) 12 (R4)
W6-SF1 390 450(R63) 417(R20) 403(R5)
W8-SF1 208 208(R1) 289(R4) 208(R1)

Table 4: Sensitivity analysis. For W2, W3, W6, W8, rank and
performanceof bestsetting (secs)are shown. Lower is better
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Figure12: Effect plot for workload W5 (TPC-H SF=10)

tant.On theGriewankandRastriginsurfaces—whichhave signi�-
cantnonmonotonicbehavior—SARD completelyfailedto identify
the unimportantparameters.As iTuneddid experimentsprogres-
sively, it never classi�ed any importantparameterasunimportant.
By thetime�fty experimentsweredone,iTunedwasableto clearly
separatethe� ve importantparametersfrom theunimportantones.

Tables4 givesend-to-endtuningresultsfor threetechniques:(i)
SARD+AS,whereSARD is usedto identify theimportantparam-
eters,andthenAdaptive Samplingis startedwith thesamplescol-
lectedby SARDusedfor initialization; (ii) SHC(doesnotdosensi-
tivity analysis),and(iii) iTuned.Notethatlowernumbersarebetter
in all cases.iTunedclearlyoutperformsthealternatives.

A very useful featureof iTunedis that it canprovide intuitive
visualizationsof its currentresults.Figure12 shows aneffect plot
(recallSection6.1) generatedby iTunedbasedon 10 experiments
for theworkloadwhosesurfaceis shown in Figures8 and9. The
parametersP1-P9correspondto the �rst ninePostgreSQLparam-
eterslisted in Section7.1. Without knowing the actualresponse
surface,a usercanquickly graspthemaintrendsin parameterim-
pactbasedon theeffect plot. Notehow theplot mirrorsthetrends
in Figures8 and9.

In summary, as few as twenty experimentschosensmartly by
iTunedcanproduceawealthof informationin areasonableamount
of time to aidbothnaive usersandexpertDBAs in tuningdatabase
con�gurationparameters.

8. RELATED WORK
Databaseshave fairly maturetools for physicaldesigntuning

(e.g., index selection[4]). However, thesetools do not address
con�guration parametertuning. Furthermore,thesetools depend
on thequeryoptimizer's costmodelswhich do not capturetheef-
fectsof many importantparameters.

Surprisingly, very little work hasbeendoneon tools for holistic
tuning of the many con�guration parametersin moderndatabase
systems. Most work in this areahaseither focusedon speci�c
classesof parameters(e.g., [17]) or on restrictedsubproblemsof
the overall parametertuning problem(e.g., [5]). IBM DB2 pro-
videsanadvisorfor settingdefault valuesfor a largenumberof pa-
rameters[12]. DB2's advisordoesnot generateresponsesurfaces,
insteadit reliesonbuilt-in modelsof how variousparametersaffect
performance[5]. As we show in this paper, predeterminedmod-



els may not be accuratein a given setting. SARD (discussedin
Section3) and[18] arealsorelatedto iTuned. SARD focuseson
rankingparametersin orderof impact,andis notanend-to-endtun-
ing tool. Techniquesto learna probabilisticmodelusingsamples
generatedfrom gridding were proposedin [18]. The modelwas
thenappliedto tunefour parametersin Berkeley DB. Griddingbe-
comesvery inef�cient asthenumberof parametersincreases.Sec-
tion 7 alsocomparediTunedwith a techniquebasedon hill climb-
ing (e.g., [23]) that hasbeenusedfor parametertuning. Noneof
the above techniqueshave an equivalent of iTuned's executoror
theef�ciency-orientedfeaturesfrom Section6.

Techniquesfor tuningspeci�c classesof parametersincludesolv-
ing analyticalmodels[20], usingsimulationsof databaseperfor-
mance(e.g.,in Oracledatabase),andcontrol-theoreticapproaches
for onlinetuning[17]. Thesetechniquesareall basedonprede�ned
modelsof how changesin parametersettingsaffect performance.
Techniquesto tunetheCPUandmemoryallocationsto databases
runninginsidevirtual machineswereproposedin [16]. However,
the focus was not on planningexperimentsto learn the underly-
ing responsesurfaces.All the above techniquescanbene�t from
Adaptive SamplingandiTuned'sexecutor.

Traditional databasesamplingdealswith the problemof sam-
pling from a large dataset,while our approachof Adaptive Sam-
pling is about drawing samplesfrom a responsesurface that is
never materializedfully. Adaptive Samplingsharesgoals,but not
techniques,with conventionaldatabaseproblemslikeonlineaggre-
gation[10], model-driven acquisitionalqueryprocessing[6], and
samplingfor statisticsestimation[2]. A two-phaseadaptivemethod
is givenin [2] wherethesamplesizerequiredto reachadesiredac-
curacy is decidedbasedon a �rst phaseof sampling. In contrast,
Adaptive Samplingcanadaptaftereachsampleis collected.

Oracle11g introducedthe SQL PerformanceAnalyzer (SPA)
to help DBAs measurethe impact of databasechangeslike up-
grades,parameterchanges,schemachanges,and gatheringopti-
mizer statistics[24]. (Quoting from [24], “it is almostimpossi-
ble to predicttheimpactof suchchangeson SQL performancebe-
foreactuallytrying them.”) SPA conductsexperimentswhereSQL
statementsin the workloadareexecutedwith andwithout apply-
ing a change. However, Oracle11g doesnot provide an experi-
mentplannerthat canautomaticallyhandlecomplex tuning tasks
like parametertuning.Finally, experimentsareusedto collectdata
in many domainslike chemicaland mechanicalengineering,so-
cial science,andcomputersimulation.While iTunedsharesoverall
guidingprincipleswith experimentplanningin thesedomains,the
requirementsandalgorithmsdiffer.

9. CONCLUSION
WedescribediTuned,a tool to automatethetaskof recommend-

ing good settingsfor databasecon�guration parameters.iTuned
hasthreenovel features:(i) Adaptive Samplingto bring in appro-
priatedataproactively throughplannedexperimentsto �nd high-
impactparametersandhigh-performanceparametersettings,(ii) an
executorto supportonlineexperimentsin productiondatabaseen-
vironmentsthroughacycle-stealingparadigmthatplacesnear-zero
overheadon the productionworkload; and(iii) portability across
differentdatabasesystems.Weshowedtheeffectivenessof iTuned
throughanextensive evaluationbasedon differenttypesof work-
loads,databasesystems,andusagescenarios.
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