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ABSTRACT

Databasesystemshave a large numberof con guration parame-
tersthatcontrolmemorydistribution, I/O optimization,costingof
query plans, parallelism,mary aspectof logging, recovery, and
otherbehaior. Regularusersandevenexpertdatabas@administra-
tors struggleto tunetheseparametergor good performance.The
wave of researcton improving databasenanageabilityhaslargely
overlooked this problemwhich turnsout to be hardto solve. We
describeTuned,atool thatautomateshe taskof identifying good
settingsfor databasecon guration parameters.iTunedhasthree
novel features(i) atechniquecalledAdaptive Samplingthatproac-
tively bringsin appropriatedatathrough plannedexperimentsto
nd high-impactparameterandhigh-performancearameteset-
tings, (i) anexecutorthat supportsonline experimentsin produc-
tion databasernvironmentsthrougha cycle-stealingparadigmthat
placesnearzero overheadon the productionworkload; and (iii)
portability acrossdifferentdatabaseystems.We shav the effec-
tivenesof iTunedthroughanextensive evaluationbasedn differ-
enttypesof workloads databassystemsandusagescenarios.

1. INTRODUCTION

Considetthefollowing real-life scenaridrom asmallto medium
busines§SMB) enterprise Amy, aWeb-sereradministratormain-
tainsthe Web-siteof aticket brokeringcompaly thatemplgys eight
people. Over the pastfew days,the Web-sitehasbeensluggish.
Amy collects monitoring data, and tracks the problem down to
poorperformancef queriedssuedby theWebsenerto abaclend
databaseRealizingthatthe databaseeedstuning, Amy runsthe
databaseuningadvisor (SMBs oftenlack the nancial resources
to hire full-time databas@dministratorspr DBAs.) Sheusessys-
temlogsto identify the workloadW of queriesandupdatedo the
database.With W asinput, the advisorrecommends database
design(e.g., which indexesto build, which materializedviews to
maintain,how to partition the data). However, this recommenda-
tion fails to solve the currentproblem: Amy hadalreadydesigned
thedatabaséhisway basedn a previousinvocationof theadvisor
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Amy recallsthatthedatabaséascon guration parametes. For
lack of betterunderstandingshe had setthemto default values
duringinstallation.The parametersayneedtuning,soAmy pulls
outthe1000+pagedatabaséuningmanual.She nds mary dozens
of con guration parameter$ik e buffer pool sizes,numberof con-
currentl/O daemonsparameterso tunethe queryoptimizer's cost
model,andothers.Beingunfamiliarwith mostof theseparameters,
Amy hasno choicebut to follow the tuning guidelinesgiven. One
of the guidelineslooks promising: if the I/O rateis high, thenin-
creasehedatabaséuffer poolsize.However, onfollowing thisad-
vice, the databasgerformancaropsevenfurther (We will shav
anexampleof suchbehaior shortly) Amy is puzzledfrustrated,
andundoubtediydispleasedvith thedatabas@endor

Marny of uswould have facedsimilar situationsbefore. Tuning
databaseon guration parameterss hardbut critical: badsettings
canbe ordersof magnitudeworsein performancehangoodones.
Changedo someparametergauselocal and incrementaleffects
on resourcausagewhile otherscausedrasticeffectslik e changing
query plansor shifting bottlenecksfrom oneresourceto another
Theseeffects vary dependingon hardware platforms, workload,
anddataproperties. Groupsof parametergan have nonindepen-
denteffects,e.g.,the performancémpactof changingoneparame-
ter mayvary basedon differentsettingsof anotheparameter

iTuned: Our corecontritution in this paperis iTuned atool that
automategarametetuning. iTunedcan provide a very different
experienceto Amy. ShestartsiTunedin the backgroundwith the
databasavorkloadW asinput, andresumeder otherwork. She
checksback after half an hour, but iTunedhasnothingto report
yet. WhenAmy checksbackanhourlater, iTunedshovs heranin-

tuitive visualizationof the performancémpacteachdatabaseon-
guration parametehason W . iTunedalsoreportsa settingof
parametershatis 18% betterin performancehanthe currentone.
Anotherhourlater, iTunedhasa35%bettercon guration,but Amy
wantsmoreimprovement. Threehoursinto its invocation,iTuned
reportsa 52% bettercon guration. Now, Amy asksfor the con g-

urationto be appliedto the database Within minutes,the actual
databas@erformancemprovesby 52%.

We now presenta real exampleto motivate the technicalinno-
vationsin iTuned. Figure 1 is a responsesurfacethat shavs how
the performancenf a complex TPC-Hquery[19] in aPostgreSQL
databasdepend®ntheshaed buffersandeffectivecade sizepa-
rameters. shaed buffers is the size of PostgreSQIls main buffer
pool for cachingdisk blocks. The value of effectivecace sizeis
usedto determinghechance®f anl/O hitting in theOS le cache,
so its recommendedettingis the size of the OS le cache.The
following obserationscanbe madefrom Figure 1 (detailedexpla-
nationsaregivenlaterin Section7):

Thesurfaceis complex andnonmonotonic.
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Figurel1: 2D projection of aresponsesurfacefor TPC-H Query
18; Total databasesize= 4GB, Physicalmemory = 1GB

Performancedropssharplyas shaed buffers is increasede-
yond20%(200MB) of availablememory Thiseffectwill cause
an‘“increasethe buffer pool size”rule of thumbto degradeper
formancefor con gurationsettingsin this region.

The effect of changingeffectivecade sizeis differentfor dif-
ferentsettingsof shaed buffers. Surprisingly the bestperfor
mancecomeswhenboth parameteraresetliow.

Typicaldatabassystemsontainfew tensof parametersrhoseset-
tings canimpactworkloadperformancesigni cantly [13]. There
arefew automatedoolsfor holistictuningof thesgparametersThe

majority of tuningtools focuson the logical or physicaldesignof

thedatabasef-or example,index tuningtools arerelatively mature
(e.g.,[4]). Thesetoolsusethe queryoptimizers costmodelto an-

swerwhat-if questionsof the form: how will performancehange
if index | wereto be createdUnfortunately suchtoolsdo notap-

ply to parametetuning becausehe settingsof mary high-impact
parameterarenotaccountedor by thesemodels.

Mary tools (e.g.,[17, 20]) arelimited to speci ¢ classef pa-
rameterdike buffer pool sizes. IBM DB2's Con guration Advi-
sorrecommendslefault parametesettingshasedon answerspro-
vided by usersto somehigh-level questionge.qg.,is the environ-
mentOLTP or OLAP?)[12]. All thesetools arebasedon prede-

ned modelsof how parametessettingsaffect performance.De-
veloping suchmodelsis nontrivial [21] or downright impossible
becauseesponssurfacescandiffer markedly acrosslatabassys-
tems(e.g.,DB2 Vs. PostgreSQL)platforms(e.g.,Linux Vs. So-
laris, databasesunin virtual machineq16]), workloads,anddata
properties. FurthermoreDB2's Con guration Advisor offers no
furtherhelpif therecommendedefaultsarestill unsatisctory

In theabsencef holistic parametetuningtools,usersareforced
to rely on trial-and-erroror rules-of-thumbfrom manualsand ex-
perts. How do expert DBAs overcomethis hurdle? They usually
run experimentgo performwhat-if analysisduring parametetun-
ing. In atypical experimentthe DBA would:

Createareplicaof theproductiondatabasen atestsystem.
Initialize databasgparameter®n the testsystemto a chosen
setting. Run the workloadthat needstuning, andobsere the
resultingperformance.

Taking a leaf from the book of expert DBAs, iTunedimplements
an experiment-dwen approachto parametetuning. Eachexper
iment givesa point on a responsesurfacelike Figure 1. Reliable
techniguedor parametetuning have to beawareof theunderlying
responsesurface. Therefore a seriesof carefully-plannedexperi-

1The total numberof databaseon guration parametersnay be
morethanahundredput mosthave reasonableefaults.

2Section? providesempiricalevidence.

mentsis anaturalapproacho parametetuning. However, running
experimentscanbeatime-consumingrocess.

Usersdon't alwaysexpectinstantaneougesultsfrom parameter
tuning. They would ratherget recommendationthatwork asde-
scribed.(Con guring large databasesystemgypically takeson the
orderof 1-2 weeks[12].) Neverthelessto be practical,an auto-
matedparametetuning tool hasto producegoodresultswithin a
few hours.In addition,several questionsieedto beansweredike:
(i) which experimentsto run? (ii) whereto run experiments?and
(i) whatif the SMB doesnot have atestdatabasglatform?

1.1 Our Contributions

To our knowledge, iTunedis the rst practicaltool that uses
plannedexperimentdo tunedatabaseon gurationparameterswe
male thefollowing contrikutions.

Planner: iTunedsexperimentplannemusesanovel techniquecalled
AdaptiveSamplingto selectwhich experimentgo conduct.Adap-
tive Samplingusegheinformationfrom experimentdonesofarto
estimatethe utility of new candidatesxperiments No assumptions
are madeaboutthe shapeof the underlyingresponsesurface, so
iTunedcandealwith simpleto complec surfaces.

Executor: iTuneds experimentexecutor can conductonline ex-

perimentsin a productionervironmentwhile ensuringnearzero
overheadon the productionworkload. The executoris controlled
through high-level policies. It huntsproactiely for idle capac-
ity on the productiondatabasehot-standbydatabasesaswell as
databasefor testingandstagingof software updates.The execu-
tor's designis particularlyattractve for databasethatrunin cloud
computingervironmentsproviding pay-as-you-gaesources.

Representation of uncertain responsesurfaces: iTunedintro-
ducesGRS for GaussiarprocesRepesentatiorof arespons&ur
face to representan approximateresponsesuriace derived from
a setof experiments. GRS enables:(i) visualizationof response
surfaceswith con denceintervals on estimatedperformanceii)
visualizationandrankingof parameteeffectsandinterparameter
interactionsand(iii) recommendationf goodparametesettings.

Scalability: iTunedincorporatesa numberof featuresto reduce
tuningtime andto scaleto mary parameters(i) asensitvity-analysis
algorithmthatquickly eliminatesparametersvith insigni cant ef-
fect; (ii) planningandconductingparallelexperiments{iii) abort-
ing low-utility experimentsearly, and(iv) workloadcompression.

Evaluation: We demonstrat¢he advantage®f iTunedthroughan
empiricalevaluationalonganumberof dimensionsmultiple work-

loadtypes,datasizes databassystemgPostgreSQlandMySQL),

andnumberof parametersWe compareiTunedwith recenttech-
niquesproposedor parametetuning both in the databasg5] as
well asotherliterature[18, 23]. We considethow goodtheresults
areandthetime takento producethem.

2. ABSTRACTION OF THE PROBLEM

ResponseSurfaces: Considera databasesystemwith workload

d, comefrom a known domain
4, dom(x;), representhe

valuesof parametex;, 1 i
dom(x;). Let DOM, whereDOM

Lety denotethe performanceametric of interest.Then,thereexists
a responsesurface, denotedSy , that determineghe value of y

thatgive close-to-optimalaluesof y. In iTuned:
Paramete; canbeoneof threetypes: (i) databaser system



con guration parameterge.g.,buffer pool size); (ii) knobsfor
physicalresourceallocation(e.g.,% of CPU);or (iii) knobsfor
workloadadmissiorcontrol (e.g.,multi-programmindevel).

y is ary performancenetricof intereste.g.,y in Figurelisthe
time to completionof theworkload. In OLTP settingsy could
be,e.g.,averagetransactiorresponsédime or throughput.
BecauseTunedrunsexperimentsit is very e xible in how the
databasavorkloadW is speci ed. iTunedsupportsthe whole
spectrumfrom the corventional format whereW is a set of
querieswith individual queryfrequencieg4], to mixesof con-
currentqueriesat somemulti-programminglevel, as well as
real-timeworkloadgeneratiorby anapplication.

Experimentsand Samples:Parametetuningis performedhrough
experimentgplannedby iTuneds planner which areconductedy
iTuneds executor An experimentinvolves the following actions
thatleveragemechanismgrovided by the executor(Section5):

1. Settingeachx; in thedatabaséo achosersettingvi 2 dom(X;).
2. Runningthedatabas&vorkloadW .

3. Measuringthe performancemetricy = p for therun.

The above experimentis representedby the settingX = hx; =
Vi,:::Xq = Vgi. The outcomeof this experimentis a sample

As iTunedcollectssuchsampleghroughexperimentsit learns
moreabouttheunderlyingresponssurface.However, experiments
costtime andresourcesThus,iTunedaimsto minimizethenumber
of experimentgequiredto nd goodparametesettings.

3. OVERVIEW OF ITUNED

Gridding: Griddingis astraightforvardtechniqueo decidewhich
experimentsto conduct. Gridding works asfollows. The domain
dom(x;) of eachparametex; isdiscretizedntok valuediy,:: : li .
(A differentvalueof k could be usedperx;.) Thus,the spaceof
possibleexperiments DOM 4, dom(x;), is discretizednto a
grid of sizek?. Griddingconductsxperimentsat eachof thesek®
settings.Griddingis reasonabléor a smallnumberof parameters.
This techniquewas usedin [18] while tuning four parametersn
the Berkeley DB database However, the exponentialcompleity
malkesgriddinginfeasible(curseof dimensionality)asthe number
of parameterincreaseFor example, it takes22 daysto run exper
imentsvia griddingfor d = 5 parametersk = 5 distinctsettings
perparameterandaveragerun-timeof 10 minutesperexperiment.

SARD: The authorsof [5] proposedSARD(StatisticalApproach
for RankingDatabas®arametersfo addressa subsebf theparam-

effectony. SARD decideswhich experimentgo conductusinga
techniqueknown asthe Plackett Burman(PB) Design[11]. This
techniqueconsideronly two settingsper parametegiving a 2¢
grid of possibleexperiments—angbicks a prede ned2d number
of experimentsfrom this grid. Typically, the two settingsconsid-
eredfor x; arethe lowestand highestvaluesin dom(x;). Since
SARD only considersa linear numberof cornerpointsof the re-
sponsesurface,it canbeinaccurateor surfaceswhereparameters
have nonmonotonieffects(Figurel). Thecornerpointsalonecan
painta misleadingpictureof the shapeof thefull surface?

Adaptive Sampling: The problemof choosingwhich experiments

3The authorsof SARD mentionecthis problem[5]. They recom-
mendedthat, beforeinvoking SARD, the DBA shouldsplit each
parametex; with nonmonotoniceffect into distinct arti cial pa-
rametercorrespondingo eachmonotonicrangeof x; . Thistaskis
nontrivial sincethetrue surfaceis unknavn to begin with. Ideally,
theDBA, who maybea naive user shouldnot facethis burden.

to conductis relatedto the samplingproblemin databasedNe can
considertheinformationaboutthe full responsesurfaceSw to be

that the performanceat the settinghx, = vi,:::Xq = Vgl ISP
for the workloadW underconsideration Experimentselectionis
the problemof samplingfrom this table. However, the difference
with respecto corventionalsamplingis thatthetableTw is never
fully available.Insteadwe have to payacost—namelythe costof
runninganexperiment—inorderto samplearecordfrom Ty .
ThegriddingandSARD approachesollecta predeterminedet
of samplesfrom Tw . A major de ciency of thesetechniqueds
thatthey arenotfeedbak-driven Thatis, thesetechniquesio not
usetheinformationin thesamplesollectedsofarin orderto deter
mine which samplego collectnext. (Note that corventionalran-
dom samplingin databasess also not feedback-drien.) Conse-
quently thesetechniqueitherbring in too mary samplesor too
few sampledo addresthe parametetuning problem.
iTunedusesa novel feedback-dsien algorithm, called Adaptive
Sampling for experimentselection. Adaptve Samplinganalyzes
the samplescollectedso far to understanchow the surfacelooks
like (approximately) andwherethe goodsettingsarelikely to be.
Basedon this analysis,more experimentsare doneto collectnev
sampleghataddmaximumutility to the currentsamples.
Suppose experimentshave beenrun atsettingsX (0,1 i
n, sofar. Let the correspondingerformancevaluesobsered be
y® = y(X ). Thus,thesamplezollectedsofararehX ) ; yi.
Let X * denotethe best-performingsettingfound so far. Without
lossof generalitywe assumehatthetuninggoalis to minimizey.

X7 = arg min_y(X )

Which sampleshould Adaptive Samplingcollect next? Suppose
the next experimentis doneat settingX , andthe performanceb-
senedis y(X ). Then,theimprovementP(X) achieved by the new
experimentX overthecurrentbest-performingettingX ? is:

y(X7?)  y(X) ify(X) < y(X?) )

0 otherwise

Ideally, wewantto pick thenext experimentX sothattheimprove-

mentIP(X) is maximized.However, a proverbial chicken-and-gg

problemariseshere: the improvementdependson the unknavn

value of y(X) which will be known only after the experimentis

doneat X . We insteadcomputeEIP(X), the expectedmprovement
whenthe next experimentis doneat X . Then,the experimentthat
givesthemaximumexpectedmprovementis selected.

Then samplesrom experimentsdoneso far canbe utilized to
computeEIP(X). We canestimatey(X ) basedon thesesamples,
but our estimatewill beuncertain.Let $(X ) bearandomvariable
representingur estimateof y(X ) basedn the collectedsamples.
The distribution of $(X ) capturesour currentuncertaintyin the
actualvalue of performanceat settingX . Let pdf ., ,(p) denote
the probability densityfunctionof $(X ). Then:

IP(X) =

X = arg max EIP(X 2
next gxzDOM (X) 2
Zp=+l
EIP(X) = . IP(X)pdfyx,(P)dp (3)
p=
Z p=y(x?) ,
EIP(X) = ) (Y(X7)  ppdfy,(p)dp (4)
p=

Thechallengen Adaptive Samplingis to computeEIP(X) basedn
thehx (0 y(Vi sample<ollectedsofar. Thecruxof thischallenge
is thegeneratiorof theprobabilitydensityfunctionof theestimated
valueof performance/(X ) atary settingX .



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

andinitialize GRSandX ?=arg min y(X () with collectedsamples;
|
2. Until the stoppingconditionis reacheddo
3. FindX = arg max_ EIP(X);
next g max, (X)

4.  Executorconductghenext experimentat X net to getanew sample;
5. Updatethe GRSandX ? with thenew sample;Goto Line 2;

Figure 2: Stepsin iTuned's Adaptive Sampling algorithm

iTuned's Work o w: Figure 2 shavs iTuneds work ow for pa-

rametertuning. Onceinvoked, iTunedstartswith aninitialization

phasewhere someexperimentsare conductedfor bootstrapping.
Adaptive Samplingstartswith the initial setof samplesandcon-

tinuesto bring in new sampleghroughexperimentsselectedased
on EIP(X). Experimentsare conductedseamlesslyn the produc-

tion ervironmentusingmechanismgrovided by the executor

Roadmap: Section4 describesAdaptive Samplingin more de-
tail. Detailsof the executorare presentedn Section5. iTuneds
scalability-orientedeaturesaredescribedn Section6.

4. ADAPTIVE SAMPLING

4.1 Initialization

As the namesuggeststhis phasebootstrapsddaptive Sampling
by bringingin samplegrom aninitial setof experimentsA straight-
forward techniqueis randomsamplingwhich will pick the ini-
tial experimentgandomlyfrom the spaceof possibleexperiments.
However, randomsamplingis often ineffective when only a few
samplesarecollectedfrom afairly high-dimensionaspace.More
effective samplingtechniqguesomefrom thefamily of space- lling
designs[14]. iTunedusesone suchsamplingtechnique,called
Latin HypercubeSampling(LHS)[11], for initialization.

LHS collectsm sampledrom a spaceof dimensiond (i.e., pa-

parameters partitionedinto m equalsubdomainsand(2) m sam-
plesare chosenfrom the spacesuchthat eachsubdomairof ary
parametehasoneandonly onesamplein it. The setof “*” sym-
bols in Figure 3 is an exampleof m=5 samplesselectedfrom a
d=2 dimensionakpaceby LHS. Noticethatno two sampleshit the
samesubdomairin ary dimension.

LHS samplesarevery ef cient to generatdecausef their sim-
ilarity to permutationmatricesfrom matrix theory Generatingn
LHS samplesinvolves generatingd independenpermutationsof
1,:::,m, andjoining thepermutation®n a position-by-positiorba-
sis. For example thed=2 permutation$ 1,2,3,4,%9 andf 4,52,1,3
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 badspreadge.g.,all
samplesspreadalong the diagonal). iTunedaddresseshis prob-
lem by generatingnultiple setsof LHS samplesand nally choos-
ing the one that maximizesthe minimum distancebetweenary
pair of samples.Thatis, supposé differentsetsof LHS samples

Lq;:::; Ly weregeneratediTunedwill selectthesetL ? suchthat:
L? = arg max min dist (X 0);x )y
i1 xGix®2L;;j6k

Here,dist is a commondistancemetric like Euclideandistance.
Thistechniqueavoidsbadspreads.
4.2 Picking the Next Experiment

As discussedh Section3 andEquatiord, iTunedhasto compute
the expectedimprovementEIP(X) that will comefrom doing the

*

Xy

Figure 3: Examplesetof velLHS samples

next experimentat ary settingX . In turn, EIP(X) needshe prob-
ability densityfunctionpdf . ,(p) of the currentestimateof per
formance}(X ) atX . We useamodel-driverapproach—similain
spirit to [6]—to obtainthe probability densityfunction.

The modelusedin iTunedis calledthe GaussianprocessRep-
resentatiorof a responsesSurface(GRS) GRS models$(X ) asa
Gaussiamandomvariablewhosemeanu(X ) andvariancev?(X )
aredetermineasednthesamplesvailablesofar. Startingfrom
a conserative estimatebasedon the bootstrapsamplesGRSim-
provesthe precisionin estimatingy(X ) asmore experimentsare
done. In this paper we will shawv thefollowing attractive features
of GRS:

GRSis powerful enoughto capturethe responsesurfacesthat
arisein parametetuning.

GRSenablesisto derive a closedform for EIP(X).
GRSenablesTunedto balancethe con icting tasksof explo-
ration (understandinghe surface)andexploitation (goingafter
known high-performanceegions)that arisein parametetun-
ing. It is nontriial to achieve this balanceandmary previous
techniquegb, 18] lackit.

De nition 1. GaussianprocessRepresentationof aresponse
Surface (GRS): GRSmodelsthe estimatederformanceg(X ), X
2 DOM, as:(X) = F(X )™+ Z(X). Here,i* (X )~ isaregres-
sionmodel Z (X)) is a Gaussiarprocesshat capturegheresidual
of theregressiormodel.We describeeachof thesen turn. 2

(X))~ is a vector of basisfunctionsfor regression[22]. ~ is
the correspondindh 1 vectorof regressioncoefcients. Thet
notationis usedto representhe matrix transposeoperation. For
example, someresponsesurface may be representeavell by the
regressionmodel: § = 0:1+ 3x;  2X1X2 + X3. In this case,
f(X) = [Lx1;x2;xax2;x3;x3]', and ™ = [0:1;3;0; 2;0;1] .
iTunedcurrentlyusedinearbasisfunctions.

De nition 2. Gaussianprocess:Z (X)) is a Gaussiarprocess

if forary | 1 andary choiceof settingsX ) ,:::,X (), where
eachX (' 2 DOM, thejoint distribution of the | randomvariables
Z(X D), 15, 2(X VY isamultivariateGaussian2

A multivariate Gaussiaris a naturalextensionof the familiar uni-
dimensionahormalprobability densityfunction (the “bell curve”)
to a x ednumberof randomvariableq6]. A Gaussiarprocesss a
generalizatiorof themultivariateGaussiarto ary arbitrarynumber
I 1 of randomvariables[14]. A Gaussiarprocesss appropri-
atefor iTunedsinceexperimentsare conductecat moreandmore
settingsover time.

A multivariateGaussiarof | variabless fully speci edby avec-
tor of | meansandan!| | matrix of pairwisecovarianced6]. As
anaturalextension,a Gaussiamproces< (X ) is fully speci ed by
a meanfunctionanda pairwisecovariancefunction GRSusesa
zero-mearGaussiamrocessi.e.,themeanvalueof ary Z (X (V) is
zero. The covariancefunction usedis CoyZ (X (7); Z (X 1)) =

2corr(X ;X 1)y, Here, corr is a pairwise correlationfunc-
tionde nedascorr (X ;X M)y = ¢ exp( «jx{" xUj ¥).
ik 0 xk>0,forl k d,areconstants.
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Figure5: Example of EIP computation (from Example 2)

GRS covariancefunction Coy(Z (X (7): Z (X U)) represents
the predominanphenomenoiin responsesurfacesthatif settings
X () andX ) arecloseto eachother thentheir respectie resid-
uals are correlated. As the distancebetweenX () and X () in-
creaseshecorrelationdecreaseslheparametespeci ¢ constants

k and  capturehefactthateachparametemayhaveits ownrate
atwhich theresidualsbecomeuncorrelated Section4.3 describes
how theseconstantareset.

Lemma 1. Probability density functions generatedby GRS:
Supposehe n samplesX V:y"i 1 i  n, hae beencol-
lectedthroughexperimentsso far. Giventhesen samplesand a
settingX , GRSmodels$(X ) asa univariateGaussiarwith mean
u(X) andvariancev?(X ) givenby:

u(X) = F(X)~+((X)C Yy F) (5)
Vi(X)= 21 €(X)C 'e(X)) (6)

composeaf (X 1),

Proof: Givenin thetechnicalreport[7]. 2

The intuition behindLemmal is thatthe joint distribution of the
n+ 1variablesp(X @), :::, ¢(X (M), 9(X ) isamultivariateGaus-
sian(follows from De nitions 1 and2). Conditionaldistributions
of amultivariateGaussiararealsoGaussianThus,the conditional
distribution of $(X ) given (X @), :::, ¢(X (M) is a univariate
Gaussiarwith meanandvarianceasperEquationss and6.

GRSwill returnu(X ) from Equation5if asinglepredictedsalue
is asled for $(X ) basedon the n samplescollected. Note that
(X )~ in Equation5 is aplugin of X into the regressiormodel
from De nition 1. The secondtermin Equation5 is an adjust-
mentof the predictionbasedon the errors(residuals)seenat the
sampledsettings;j.e.,y@ (XM)~, 1 i n. Intuitively,
thepredictedvalueatsettingX canbeseenasthepredictionfrom
the regressionmodel combinedwith a correctionterm computed
asaweightedsumof theresidualsat the sampledsettings;where
the weightsare determinedby the correlationfunction. Sincethe
correlationfunctionweighsnearbysettingsmorethandistantones,
the predictionat X is affectedmoreby actualperformanceralues
obseredatnearbysettings.

Also notethatthevariancev?(X ) atsettingX —whichis theun-
certaintyin GRS's predictedvalueat X —depend®n the distance
betweenX andthesettingsX (V' whereexperimentsveredoneto
collect samples.Intuitively, if X is closeto oneor moresettings
X ) wherewe have collectedsamples thenwe will have more
con dencein thepredictionthanthecasewhenX is farawayfrom
all settingswhereexperimentaveredone.Thus,GRScaptureghe
uncertaintyin predictedvaluesin anintuitive fashion.

Example 1. Thesolid (red) line near the top of Figure 4 is a
true one-dimensionalesponsesurface Supposeve experiments
are done andthe collectedsamplesare shownascirclesin Figure
4. iTunedgeneatesa GRSfromthesesamples.The (green)line
marked with “+” symbolsrepresentsthe predictedvaluesu(X)
generted by the GRSas per Lemmal. Thetwo (black) dotted
linesaroundthis line denotethe 95% con denceinterval, namely
(u(X) 2v(X);u(X) + 2v(X)). For example atx; = 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; meaninghatthe GRSgeneatedfromthe ve samplessa
goodappioximationof thetrue responseaurface Also,notethatat
pointscloseto the collectedsamplesthe uncertaintyin prediction
is low. Theuncertaintyincreasesaswemovefurtherawayfromthe
collectedsamples2

Lemmal givesthe necessarpuilding block to computeexpected
improvementsfrom experimentsthat have not beendoneyet. Re-
call from Lemmal that,basednthecollectedsamplegix () y(i,

1 i n, $(X) is a Gaussiarwith meanu(X) andvariance
v2(X ). Hencethe probabilitydensityfunctionof $(X ) is:
- (P ux)?
pdfy ) (p) = P 2 v(X) exp( 22 (X) ) (7)

Theorem 1. Closedform for EIP(X): The expectedimprove-
mentfrom conductinganexperimentatsettingX hasthefollowing
closedform:

EIP(X) = v(X)( (X)( (X)) + ( (X)) ®)
Here, (X) = W and areN (0; 1) Gaussiartumu-
lative distribution anddensityfunctionsrespectiely.

Proof: Givenin thetechnicalreport[7]. 2

Intuitively, the next experimentto run shouldbe picked eitherfrom
regionswhereuncertaintyis large, which is capturedby v(X) in
Equation8, or wherethe predictedperformancevaluescanim-
prove over the currentbestsetting,which is capturedby (X)) in
Equation8. In regionswherethe currentGRS from the obsered
sampless uncertainaboutits prediction,i.e., wherev(X) is high,
explorationis preferredto reducethe models uncertainty At the
sametime, in regionswherethe currentGRS predictsthat perfor
manceis good,i.e., (X)( (X)) + ( (X)) is high, exploita-
tion is preferredo potentiallyimprove the currentbestsettingX °.
Thus,Equation8 captureghetradeof betweerexploration(global
searchjandexploitation (local search).

Example2. Thedottedline at the bottomof Figure 4 shows
EIP(X) alongthe x1 dimension.(All EIP valueshavebeenscaled
uniformlyto male theplot t in this gure.) Thee are two peaksn
theEIP plot. (I) EIP valuesare higharoundthecurrentbestsample
(X with x1=10.3),encougrging local seach (exploitation)in this
region. (ll) EIP valuesare also high in the region betweenx;=4
andx1=6 becauseosampledhavebeencollectednearthisregion;
the higher uncertaintymotivatesexploring this region. Adaptive
Samplingwith conducthenext experimentt thehighestEIP point,
namelyx,=10.9. Figure 5 showshe new setof samplesaswell as



the new EIP(X) after the GRSis updatedwith the new sample As
expectedthe EIP aroundx;=10.9 hasreduced.EIP(X) nowhasa
maximunvalueat x;1=4.7 becauseéheuncertaintyin this region is
still high. AdaptiveSamplingwill experimenthere next, bringing
in a samplecloseto the global optimumat x;1=4.4.

4.3 Overall Algorithm and Implementation

Figure2 shaws the overall structureof iTuneds Adaptve Sam-
pling algorithm. Sofar we describechow theinitialization is done
andhow EIP(X) is derived. We now discusshow iTunedimple-
mentstheotherstepsn Figure2.

Finding the setting that maximizesEIP: Line 3 in Figure2 re-

quiresusto nd thesettingX 2 DOM thathasthe maximumEglP.

Sincewe have a closedform for EIP, it is ef cient to evaluateEIP

at a given settingX . In our implementationwe pick k = 1000
settings(usingLHS sampling)from the spaceof feasiblesettings,
computetheir EIP values,andpick the onethathasthe maximum
valueto runthenext experiment.

Initializing the GRS and updating it with new samples:Initial-
izing the GRSwith a setof hX (0 y{)i samplespr updatingthe
GRSwith anewly collectedsamplejnvolvesderiing thebestval-
uesof theconstants , ,and ,forl k d, basedon the
currentsamples.This stepcanbeimplementedn differentways.
Our currentimplementatiorusesthe well-knowvn andef cient sta-
tistical techniqueof maximumiikelihoodestimation9, 22].

Whento stop: Adaptive Samplingcanstop(Line 2in Figure2) un-
deroneof two conditions:(i) whenthe userissuesanexplicit stop
commandoncesheis satis ed with the performancemprovement
achievedsofar; and(ii) whenthe maximumexpectedmprovement
over all settingsX 2 DOM falls below athreshold.

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

We now considemwhereandwheniTunedwill run experiments.
Therearesomesimpleanswerslf parametetuningis donebefore
the databasgoesinto productionuse thenthe experimentanbe
doneon the productionplatformitself. If the databasés already
in productionuseandservingreal usersandapplicationsthenex-
perimentouldbedoneonanof ine testplatform. Previouswork
on parametettuning (e.g., [5, 18]) assumeghat experimentsare
conductedn oneof thesesettings.

While the two settingsabore—preproductiordatabas@ndtest
database—arnpracticalsolutions they arenot sufcient because:

Theworkloadmay changewhile the databasés in production
use,necessitatingetuning.

A testdatabasglatformmaynotexist (e.g.,in anSMB).

It canbenontrivial or downrightinfeasibleto replicatethe pro-
ductionresourcesdata,andworkloadon thetestplatform.

iTunedsexecutorpravidesacomprehense solutionthataddresses
concerndik e these. The guiding principle behindthe solutionis:
exploit underutilizedresourcesn the productionenvironmentfor
experiments,but never harm the productionworkload. The two
salientfeaturesf the solutionare:

Designatedresources: iTunedprovidesan interfacefor users
to designatewhich resourcescan be usedfor running experi-
ments.Candidateesourcesnclude(i) the productiondatabase
(the default for running experiments),(ii) standbydatabases
backingup the productiondatabaseiii) testdatabase(s)ised
by DBAs anddevelopersand(iv) stagingdatabase(g)sedfor
end-to-endestingof changeqe.g.,bug x es)beforethey are
appliedto the productiondatabase Resourceslesignatedor
experimentsarecollectively calledtheworkbené.

Production Environment

=)

iddle Tig
ﬂ Apply WAL

DBMS Erite i R
Database

AN

Standby Environment

Standby Machine
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Figure 6: The executorin action for standby databases

Policies: A policy is speci ed with eachresourcethatdictates
whentheresource&anbeusedfor experiments Thedefaultpol-
icy associateavith eachof theabove resourcess: “if theCPU,
memory anddisk utilization of the resourcefor its homeuse
is belov 10% (thresholdt,) for the past10 minutes(threshold
t2), thentheresourcecanbe usedfor experiments. Homeuse
denotegheregular(i.e., noneperimentaljuseof theresource.
Thetwo thresholdsarecustomizableOnly thedefault policy is
implementecturrently but we areexploring otherpolicies.

iTuneds implementatiorconsistsof: (i) a front-endthatinteracts
with usersand(ii) aback-enccomprisingthe planneywhich plans
experimentsisingAdaptive Sampling andtheexecutor whichruns
plannedexperimentson the workbenchas per userspeci ed (or
default) policies.Monitoring dataneededo enforcepoliciesis ob-
tainedthroughsystemmonitoringtools.

The designof the workbenchis basedon splitting the function-
ality of eachresourcento two: (i) homeuse wheretheresourceds
useddirectly or indirectly to supportthe productionworkload,and
(ii) garage use wheretheresourcas usedto run experiments.We
will describehehome/garagdesignusingthestandbydatabases
anexample,andthengeneralizeo otherresources.

All databassystemssupportoneor morehot standbydatabases
whosehomeuseis to keepup to datewith the (primary) produc-
tion databasdy applyingredologs shippedfrom the primary If
the primary fails, a standbywill quickly take over asthe new pri-
mary Hence,the standbydatabasesun the samehardware and
software as the productiondatabase. It hasbeenobsened that
standbydatabasessuallyhave very low utilization sincethey only
haveto applyredolog records.n fact,[8] mentionghatenterprises
thathave 99.999%( ve nines)availability typically have standby
databasethatareidle 99.999%of thetime.

Thus,the standbydatabasearea valuableandunderutilizedas-
setthatcanbeusedfor online experimentsvithoutimpactinguser
facing queries. However, their homeuseshouldnot be affected,
i.e., the recovery time on failure should not have ary noticeable
increase. iTunedachieves this property using two resouce con-
tainers: thehomecontainerfor homeuse,andthe garagecontainer
for running experiments. iTuneds currentimplementationof re-
sourcecontainersusesthe zonesfeaturein the Solaris OS [15].
CPU, memory anddisk resourceganbe allocateddynamicallyto
azone,andthe OS providesisolationbetweerresourcesllocated
to differentzones. Resourcecontainerscan also be implemented
usingvirtual machinetechnologywhichis becomingpopular{16].

The homecontaineron the standbymachineis responsibldor



| Feature
Sensitvity analysis

| Description and Use |
Identify andeliminatelow-effect parameters
Parallelexperiments Usemultiple resourceso run exptsin parallel
Early abort Identify andstoplow-utility exptsquickly
Workloadcompression| Reduceperexperimentrunningtime without
reducingoverall tuningquality

Table 1: Featuresthat improve iTuned's ef ciency

applyingthe redolog records. Whenthe standbymachineis not

runningexperimentsthe homecontainerunsonit usingall avail-

ableresourcesthegaragdiesidle. Thegaragecontaineiis booted—
similarto amachinebooting,but muchfaster—only whena policy

res andallows experimentsto be scheduledn the standbyma-
chine. During an experiment,both the homeandthe garagecon-

tainerswill beactive,with apartitioningof resourcesisdetermined
by the executor Figure6 providesanillustration. For example,as
perthedefault policy statedearlie; homeandgaragewill get10%
and90%, respectiely, of theresource®nthemachine.

Both the homeandthe garagecontainersun a full andexactly
the samecopy of the databasesoftware. However, on booting,the
garageis given a snapshobf the currentdata(including physical
design)in thedatabaseThe garages snapshois logically separate
from the snapshotisedby the homecontainerbut it is physically
the sameexceptfor copy-on-writesemanticsThus,bothhomeand
garagehave logically-separateopiesof the data,but only asingle
physicalcopy of the dataexists on the standbysystemwhenthe
garageboots. Wheneithercontainemakes an updateto the data,
a separateopy of the changedpartis madethatis visible to the
updatingcontaineronly (hencethetermcopy-on-write). Theredos
appliedby the homecontainerdo not affect the garages snapshot.
iTunedsimplementatiorof snapshotandcopy-on-writesemantics
leverageghe ZettabyteFile System15], andis extremelyef cient
(aswewill shav in theempiricalevaluation).

The garages haltedimmediatelyunderthreeconditions:when
experimentsarecompletedor the primaryfails or thereis a policy
violation. All resourcesare thenreleasedo the homecontainer
which will continuefunctioningasa pure standbyor take over as
the primary asneeded.Settingup the garage(including snapshots
and resourceallocation)takes lessthan a minute, and teardown
takesevenlesstime. Thewholeprocesss soef cient thatrecovery
timeis notincreasedy morethanafew seconds.

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

6. IMPROVING ITUNED'S EFFICIENCY

Experimentdake timeto run. Thissectiondescribe$eatureghat
canreducethetime iTunedtakesto returngoodresultsaswell as
male iTunedscaleto large numbersof parametersTable 1 gives
a shortsummary The rst threefeaturesin Table1 arefully in-
tegratedinto iTuned, while workload compressioris currently a
simplestandaloneool.

6.1 Eliminating Unimportant ParametersUs-
ing Sensitvity Analysis
Supposeve have generatec GRSusingn samplesix (7;y(j
Usingthe GRS, we cancomputeE (yjx1= V), the expectedvalue
of y whenx=v as:

R

E(yjx1=v) =
dom (x2) dom (xq) dXz dxd

)
Equation9 averageoutthe effectsof all parameterstherthanx;.
If we consider equally-spacedaluesv; 2 dom(xi1),1 i |,
thenwe canuseEquation9 to computethe expectedvalueof y at
eachof thesel points. A plot of thesevalues,e.g.,asshavn in
Figure 4, givesa visual feel of the overall effect of parametex
ony. Wetermsuchplotseffectplots In addition,we canconsider
thevarianceof thesevalues,denotedv; = Var(E (yjx1)). If V1 is
low, theny doesnotvary muchasx; is changedhence the effect
of x1 ony islow. Ontheotherhand,alargevalueof V; meanghat
y is sensitve to X1 's setting.
Thereforewe de ne themaineffectof x1 as#(ly) whichrepre-
sentghefractionof theoverallvariancen y thatis explainedby the
varianceseenin E (yjx1). Themaineffectsof the otherparameters

low main effect canbe setto its default value with little negative
impacton performanceandneednotbe consideredor tuning.

6.2 Running Multiple Experimentsin Parallel

If theexecutorcan nd enougtresourcesntheworkbenchthen
iTunedcanrunk > 1 experimentsin parallel. The batchof ex-
perimentsfrom LHS during initialization can be run in parallel.
Runningk experimentfrom Adaptive Samplingin parallelis non-
trivial becausef its sequentiahature.A naive approachis to pick
the top k settingsthat maximize EIP. However, the pitfall is that
thesek settingsmay be from the sameregion (aroundthe current
minimumor with high uncertainty) andhenceredundant.

We settwo criteriafor selectingk parallelexperimentsy(l) Each
experimentshouldimprove the currentbestvalue(in expectation);
(II) Theselectedexperimentshouldcomplemeneachotherin im-
proving the GRS's quality (i.e., in reducinguncertainty). iTuned
determineshenext k experimentgo runin parallelasfollows:

1. SelecttheexperimentX () thatmaximizesthe currentEIP.

2. An importantfeatureof GRSis thatthe uncertaintyin predic-
tion (Equation6) dependonly on the X valuesof collected
samplesThus,afterX () is selectedye updatetheuncertainty
estimateat eachremainingcandidatesetting. (The predicted
value,from Equation5, ateachcandidateemainsunchanged.)

3. We computethe new EIP valueswith the updateduncertainty
termv(X ), and pick the next sampleX (*1) that maximizes
EIP. Thenicepropertyis thatX (*Y will notbeclusteredwith
X () afterX () is picked, theuncertaintyin theregion around
X @ will reducethereforeEIP will decreasén thatregion.

4. Theabove stepsarerepeatedintil k experimentsareselected.

6.3 Early Abort of Low-Utility Experiments

While the exploration aspectof Adaptive Samplinghasits ad-
vantagesit cancauseexperimentso be run at poorly-performing
settings.Suchexperimentgake a long time to run, andcontritute
little towards nding goodparametesettings.To addresshis prob-
lem, we addeda featureto iTunedwherean experimentat X () is
abortedafter tmn time if theworkloadrunningtime at X )
is greatetthan tmin . Here,tmin istheworkloadrunningtime
atthebestsettingfoundsofar. By default, = 2.

6.4 Workload Compression

Work on physicaldesigntuning hasshavn that thereis a lot
of redundang in real workloadswhich canbe exploited through
workloadcompressiono give 1-2 ordersof magnitudereductionin



tuningtime[3]. Theworkloadcompressiotechniquefrom [3] rst
partitionsthe given workload basedon distinct query templates,
andthenpicks a representagie subsetper partition via clustering.
To demonstratehe utility of workloadcompressiorin iTuned,we
cameup with amodi ed approachWe treataworkloadasa series
of executionsof querymixes,whereaquerymix is asetof queries
that run concurrently An examplecould be h3Q1; 6Q1si which
denoteghreeinstancef TPC-H query Q1 runningconcurrently
with six instancef Q1. We partition the given workload into
distinctquerymixes,andpick thetop-k mixesbasedn the overall
time for which eachmix ranin theworkload.

7. EMPIRICAL EVALUATION

Our evaluationsetupinvolvesa local clusterof machinesgach
with four 2GHzprocessorand3GB memory runningPostgreSQL
8.20on Solaris10. Onemachinerunsthe productiondatabasevhile
the other machinesare usedas hot standbys,test platforms, or
workloadgeneratorasneededRecallfrom Sections thatiTuneds
policy-basedexecutorcanconductexperimentson the production
databasestandbys,and test platforms. By default, we useone
standbydatabasdor experiments. Our implementationof GPR
usegthetgp packagd9].

7.1 Methodology and Result Summary

We rst summarizethe differenttypesof empirical evaluation
conductedandtheresultsobtained.

Section7.2 breaksdown the overheadof variousoperationsn
the API provided by iTuneds executor andshaws thatthe ex-
ecutoris nonirvasive andef cient.
Section7.3 shaws real responsesurfacesthat highlight the is-
suesmotivatingour work, e.g.,(i) why databas@arametetun-
ing is not easyfor the averageuser;(ii) how parameteeffects
arehighly sensitve to workloads datapropertiesandresource
allocations;and(iii) why optimizercostmodelsareinsufcient
for effective parametetuning, but it is importantto keepthe
optimizerin thetuningloop.
Section7.4 presentsuning resultsfor OLAP andOLTP work-
loadsof increasingcomplexity that shawv iTuneds easeof use
andup to 10x improvementsin performancecomparedo de-
fault parametersettings, rule-baseduning basedon popular
heuristics,and a state-of-the-arautomatedparametettuning
technique Weshaw how iTunedcanleverageparallelismearly
aborts,and workload compressiorto cut dowvn tuning times
drasticallywith negligible degradationin tuning quality.
iTuneds performancés consistenthygoodwith bothPostgreSQL
andMySQL databaseslemonstratingTuneds portability.
Section7.5shavs haw iTunedcanbeusefulin otherwaysapart
from recommendingoodparametesettingsnamely visualiz-
ing parameteimpactaswell asapproximategesponsasurfaces.
Thisinformationcanguidefurthermanualtuning.

Tuningtasksin our evaluationconsiderup to 30 con guration pa-
rameters. By default, we considerthe following 11 PostgreSQL
parametergor OLAP workloads: (P1) sharedbuffers, (P2) effec-
tive_cachesize,(P3)work_-mem,(P4)maintenancavork_mem,(P5)
default statisticstarget,(P6)randompagecost,(P7)cputuple.cost,
(P8) cpuindex_tuple_cost, (P9) cpu.operatorcost, (P10) memory
allocation,and (P11) CPU allocation. Descriptionsof parameters
P1-P9canbefoundin [13]. Parameter$10andP1l1respectiely
controlthememoryandCPUallocationto the database.

7.2 Performanceof iTuned's Executor

We rst analyzethe overheadof the executorfor runningexper
iments. Recallits implementatiorfrom Section5. Table2 shavs
the various operationsin the interface provided by the executor

Operation by Ex- | Time
ecutor (sec)
CreateContainer | 610
CloneContainer 17
Boot Container 19
Halt Container 2
RebootContainer | 2

Description

Createa new garaggonetime process)
Cloneagaragdrom alreadyexisting one
Bootgaragdrom halt state
Stopgarageandreleaseesources
Rebootthe garage(requiredfor adding
additionalresources$o a container)
Createread-onlysnapshobf database
Createread-writesnapshobf database

Snapshot-FDB 7
Snapshot-W DB | 29

Table 2: Overheadsof operationsin iTuned's executor

andthe overheadof eachoperation. The CreateContaineroper
ation is doneonceto setup the OS environmentfor a particular
tuning task; soits 10-minutecostis amortizedover an entiretun-
ing session. This overheadcanbe cut down to 17 secondsf the
requiredtypeof containethasalreadybeencreatedor someprevi-
oustuningtask.Notethatall the otheroperationgake ontheorder
of afew secondsFor startinganewv experimentthe costis atmost
48 secondso bootthecontainerandto createaread-writesnapshot
of the databasdfor workloadswith updates).A containercanbe
haltedwithin 2 secondswhich addsno noticeableoverheadf, say
the standbyhasto take over on afailure of the primarydatabase.

7.3 Why Parameter Tuning is Nontrivial

The OLAP (Businesdntelligence)workloadsusedin our evalu-
ationwerederived from TPC-Hrunningat scalefactors(SF) of 1
and10 on PostgreSQL19]. The physicaldesignof the databases
arewell tuned,with indexes approximatelytripling and doubling
the databasaizesfor SF=1and SF=10respectiely. Statisticsare
alwaysup to date. The hearyweight TPC-H queriesin our setting
includeQ1,Q7,Q9,Q13,andQ18.

Figure 1 shawvs a 2D projectionof a responsesurfacethat we
generatedy runningQ18on a TPC-H SF=1databasdor a num-
ber of differentsettingsof the eleven parameterérom Section7.1.
Thedatabassizewith indexesis around4GB. The physicalmem-
ory (RAM) givento the databasés 1GB to createa realisticsce-
nariowherethe databasés 4x the amountof RAM. This comple
responsaurfaceis the neteffect of anumberof individual effects:

Q18 (Large Volume CustomerQuery)is a complex querythat
joins the Lineitem, Customerand Ordertables. It alsohasa
subguenyover Lineitem(which getsrewritten asajoin), soQ18
accessekineitem—thebiggesttablein TPC-H—twice.
Different execution plans get picked for Q18 in differentre-
gionsof theresponssurfacebecausehangesn parameteset-
tingsleadto changesn estimateglancosts.Theseplansdiffer
in operatorausedjoin order andwhetherthe sameor different
accespathsareusedfor thetwo accesset theLineitemtable.
Operatobehaior canchangeaswe move throughthe surface.
For example hashioinsin PostgreSQlchangdrom onepasdo
two passesf thework. memparameteis lower thanthe mem-
ory requiredfor the hashjoin's build phase.

The mostsigni cant effect comesfrom hashjoins presentin
someof the plans.Hashpartitionsthat spill to disk arewritten
directlyto temporarydisk les in PostgreSQLnotto temporary
buffersin the databaser to shaed buffers. As shaed buffers
isincreasedmemoryfor theOS le cachegwhichbuffersreads
andwritesto disk les) decreasesThus,disk 1/O to the spilled
partitionsincreasescausingperformancelegradation.

Surfaceslike Figure 1 shav how critical experimentsare to un-
derstandwhich of mary differenteffectsdominatein a particular
setting. It took us several daysof effort, morethana hundredex-
perimentsaswell as ne-grainedmonitoringusingDTrace[15] to
understandhe unexpectednatureof Figurel. It is unlikely thata
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non-epert who wantsto usea databasdor someapplicationwill
have theknowledge(or patience}o tunethe databasdéik e we did.

The averagerunningtime of a querycanchangedrasticallyde-
pendingon whetherit is runningalonein the databaser it is run-
ning in a concurrenimix of queriesof the sameor differenttypes.
For example,consideiQ18runningaloneor in amix of six concur
rentinstance®f Q18(eachinstancehasdistinctparametevalues).
At the default parametesettingof PostgreSQlfor TPC-H SF=1,
we have obseredtheaveragerunningtime of Q18to changefrom
46 secondgwhenrunningalone)to 1443secondgwhenrunningin
themix). For TPC-HSF=10 therewasachangegrom 158seconds
(whenrunningalone)to 578 secondgwhenrunningin the mix).

Two insightscomeout from the resultspresentedo far. First,
query optimizerscomputethe costof a planindependenbf other
plansrunning concurrently Thus, optimizer cost modelscannot
capturethe true performanceof real workloadswhich consistof
querymixes. Secondjt is importantto keepthe optimizerin the
loop while tuning parametersettingsbecausethe optimizer can
changethe plan for a query whenwe changeparametessettings.
While keepingthe optimizerin the loop is acceptedoracticefor
physicaldesigntuning(e.g.,[4]), to ourknowledge we arethe rst
to bring out its importanceand enableits usein con guration pa-
rameteituning.

Figure7 shawvs a 2D projectionof the responseurfacefor Q18
whenrunin the 6-way mix in PostgreSQlfor TPC-HSF=10.The
key differencebetweerFiguresl (Q18alone, TPC-HSF=1)and7
(Q18in 6-way mix, TPC-HSF=10)is thatincreasinghaed. buffers
hasan overall negative effect in the former case,while the over-
all effectis positive in the latter We attribute the marled effect of
shaed. buffersin Figure7 to theincreaseaachehitsacrossoncur
rentQ18instancesFigures8 and9 shav theresponssurfacefor a
workloadwhereshaed buffers haslimited impact. Thehighestm-
pactparameteis work.-mem This workloadhasthreeinstance®of
Q7 and3 instance®f Q13runningin a 6-way mix in PostgreSQL
for TPC-H SF=10. All theseresultsshav why userscanhave a
hardtime settingdatabasearametersand why experimentsthat
canbringouttheunderlyingresponseurfacesareinevitable.

7.4 Tuning Results

Wenow presentinevaluationof iTuneds effectivenesondiffer-
entworkloadsandervironments.iTunedshouldbejudgedbothon
its quality—how goodaretherecommende@arametesettings?—
andefciency—how sooncaniTunedgeneratggoodrecommenda-
tions?Our evaluationcomparesTunedagainst:

Default parametesettingsthatcomewith thedatabase.
Manual rule-basedtuning basedon heuristicsfrom database
administratorandperformanceuning experts. We usean au-
thoritative sourcefor PostgreSQltuning[13].

Smart Hill Climbing (SHC) is astate-of-arautomategbaram-
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etertuningtechniqug23]. It belongsto the hill-climbing fam-
ily of optimizationtechniquedor complex responsesurfaces.
Like iTuned, SHC plans experimentswhile balancingexplo-
rationandexploitation (Section4.2). But, SHC lackskey fea-
turesof iTunedlike GRSrepresentationf responsesurfaces,
executor andef ciency-orientedfeaturedik e parallelism early
aborts sensitvity analysisandworkloadcompression.
Approximation to the optimal setting: Sincewe do notknow
the optimal performanceén ary tuningscenariowe run alarge
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
labeledBrute Force

iTunedand SHC do 20 experimentseachby default. iTuneduses
the rst 10 experimentdor initialization. Strictly for the purposes
of evaluation,by default iTunedusesonly early abortamongthe
ef ciency-orientedtechniquegrom Section6.

Figure10 compareshetuningquality of iTuned(l) with Default
(D), manualrule-basedM), SHC (S), and Brute Force (B) on a
rangeof TPC-Hworkloadsat SF=1andSF=10. The performance
metric of interestis workload runningtime; lower is better The
workload runningtime for D is always shavn as 100%, and the
timesfor othersarerelative. To furtherjudgetuning quality, these
gures shav therankof the performancevaluethateachtechnique
nds. Ranksarereportedwith the pre x R, andare basedon a
best-to-vorstorderingof theperformancealuesobsenedby Brute
Force;lowerrankis alwaysbetter Figure10 alsoshavs (above I's
bar) the total time that iTunedtook sinceinvocationto give the
recommendedetting. Detailedanalysisof tuning timesis done
laterin this section.

11 distinct workloadsare usedin Figure 10, all of which are
nontrivial to tune. WorkloadsW1, W2, and W3 consistof indi-



Figure 10: Comparison of tuning quality. iTuned'stuning times are shavn in minutes (m) or hours (h). Ri denotesRank i

Figure 11: Comparison of iTuned'stuning timesin the presencef various ef ciency-oriented features

vidual TPC-H queriesQ1, Q9, and Q18 respectrely runningat a
Multi-ProgrammingLevel (MPL) of 1. MPL is themaximumnum-
ber of concurrentqueries. TPC-H querieshave input parameters.
Throughoutour evaluation,we generateeachqueryinstanceran-
domly usingthe TPC-Hquerygeneratoiggen Differentinstances
of thesamequeryaredistinctwith high probability

WorkloadswW4, W5, andW6 go onestephigherin tuningcom-
plexity becauseahey consistof mixesof concurrentqueries. W4
(MPL=6) consistf six concurren{anddistinct)instancesf Q18.
W5 (MPL=6) consistof threeconcurrentnstance®f Q7 andthree
concurrentinstanceof Q13. W6 (MPL=10) consistsof ve con-
currentinstance®f Q5and ve concurreninstance®f Q9.

WorkloadsW7 andhigherin Figure10 gothe nal stepin tun-
ing complity by bringing in mary more complex querytypes,
muchlargernumbersof queryinstancesanddifferentMPLs. W7
(MPL=9) contains200queryinstancesomprisingqueriesQ1 and
Q18,in theratio 1:2. W8 (MPL=24) contains200 queryinstances
comprisingTPC-HquerieQ2,Q3,Q4,andQ5,in theratio3:1:1:1.

W9 (MPL=10), W10 (MPL=20), and W11 (MPL=5) contain100
query instanceseachwith 10, 10, and 15 distinct TPC-H query
typesrespectiely in equalratios. The resultsfor W7-N shavn in
Figurel0arefrom tuning 30 parameters.

Figure 10 shawvs that the parametersettingsrecommendedy
iTunedconsistentlyoutperformthe default settings,andis usually
signi cantly betterthanthe settingsfound by SHC and common
tuning rules. iTunedgives 2x-5x impravementin performancen
mary cases.iTuneds recommendatioiis usually closein perfor
manceto the approximateoptimal settingfound (exhaustvely) by
Brute Force. It is interestingto note that expert tuning rules are
moregearedowardscomplex workloads(comparehe M barsbe-
tweenthetop andbottomhalvesof Figure10).

As an example,considerthe workload W7-SF10in Figure 10.
Thedefault settingggive aworkloadrunningtime of 1085seconds.
Settingshasedon tuning rulesand SHC give runningtimesof 386
and 421 secondgespectiely. In comparisonjTuneds bestset-
ting afterinitialization gave a performanceof 318 secondswhich



Workload Perf. #Params | Quality | Tuning time
Metric (Rank) | (Hours)

TPC-W Response | 7 R1 3.2

(MySQL) time

TPC-W Throughput 7 R4 7.6

(MySQL)

TPC-W Response | 20 R23 25

(PostgreSQL) | time

TPC-W Throughput 20 R8 25

(PostgreSQL)

RUBIS Response | 6 R1 6.1

(MySQL) time

RUBIS Throughput 6 R2 6.6

(MySQL)

Table 3: Sampleof iTuned'sresultsfor OLTP workloads

was improved to 246 secondsby Adaptve Sampling(77% im-
provementover default). iTuneds sensitvity analysisfound the

shaed buffers parameteto have themostimpacton performance.

The default settingof 32 MB for shaed buffersis poor Therule-
basedsettingof 200 MB is better but iTunedfounda settingclose
to 400MB wherethe performancas far better

Figure 10 shaws thatiTunedtakeson the orderof tensof hours
to nd good settingsfor complex workloads. Con guring large
databasemanagemensystemstakes on the order of oneto two
weeks[12]. Thus,oneto two daysof time spentparametetun-
ing is acceptablegspeciallyconsideringthat iTunedgives 2x-5x
improvementin performancein mary cases. More importantly
Figure 11 shavs thatiTuneds tuning time canbe reducedby or-
dersof magnitudeusingthe techniquesve proposedn Section6.
Early Abort uses = 2 andworkloadcompressiomicksthetop
mix in theworkload.

For eachof the complex workloadsfrom Figure 10, we shav
iTuneds tuning time with and without differenttechniques.lIt is
clearthat thesetechniquesanreduceiTuneds tuning time to at
mostafew hours.Thedropin tuningqualityacrossll thesescenar
ios wasnever morethan1%. In generalwe have foundworkload
compressiono be even moreeffective in parametetuningthanin
physicaldesigntuning. We speculatehat parametersettingsare
lesssensitve to which queriesgetpicked in the compressevork-
loadcomparedo, say index selection.

Becausef spaceconstraintsye have only givenrepresentate
resultsin this paper Table3 givesa brief summaryof otherempir
ical results—includingesultsfor OLTP workloads,MySQL, and
differentperformancenetrics—thashav iTuneds consistengood
performanceTPC-Wis ane-Commercéenchmarkhatsimulates
theactvities of a retail website.Our experimentswith TPC-W are
basedn a48000-transactioworkloadon a 6GB databaseRUBIS
[1] is Webservicebenchmarkhatimplementshe corefunctional-
ity of anauctionsitelike eBay

7.5 Sensitvity Analysis

This sectionevaluatestwo importantfeaturesof iTuned: sensi-
tivity analysisof databasgarametersand effect plots for visual-
ization (recall Section6.1). We usebothrealworkloadsandcom-
plex syntheticresponsesurfacesin our evaluation. We compare
iTuneds performancegainstSARD [5] whichis describedn Sec-
tion 3. Recallthat,unlike iTuned,SARD is not anend-to-endun-

ing tool, andcanbemisledby nonmonotonieffectsof parameters.

Our concernsaboutSARD were validatedby a simple evalua-
tion. We chosethreepopularand hardbenchmarkunctionsfrom
the optimizationliterature: Griewank, Rastrigin,and Rosenbrock
[23]. All threefunctionshave a global optimumof 0. We usedthe
functionsto generataesponsesurfaceswith 20 parametergach.
Of these20parameters areimportant—i.e.they impacttheshape
of the surfacesigni cantly—while the remainingl5 are unimpokr

[ 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: Sensitvity analysis. For W2, W3, W6, W8, rank and
performanceof bestsetting (secs)are showvn. Lower is better
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Figure 12: Effect plot for workload W5 (TPC-H SF=10)

tant. Onthe GriewankandRastriginsurfaces—whicthave signi -
cantnonmonotonidehaior—SARD completelyfailedto identify
the unimportantparameters As iTuneddid experimentsprogres-
sively, it never classi ed ary importantparameteasunimportant.
By thetime fty experimentaveredone,iTunedwasableto clearly
separatéhe veimportantparameterfrom theunimportaniones.

Tables4 givesend-to-enduningresultsfor threetechniques(i)
SARD+AS,whereSARD is usedto identify the importantparam-
eters,andthenAdaptive Samplingis startedwith the samplesol-
lectedby SARD usedfor initialization; (ii) SHC(doesnotdo sensi-
tivity analysis)and(iii) iTuned.Notethatlowernumbersarebetter
in all casesiTunedclearly outperformghealternatves.

A very usefulfeatureof iTunedis thatit can provide intuitive
visualizationsof its currentresults.Figure 12 shavs an effect plot
(recall Section6.1) generatedy iTunedbasedon 10 experiments
for the workloadwhosesurfaceis shawvn in Figures8 and9. The
parameter®1-P9correspondo the rst nine PostgreSQlparam-
eterslisted in Section7.1. Without knowing the actualresponse
surface,a usercanquickly graspthe maintrendsin parameteim-
pactbasedon the effect plot. Note how the plot mirrorsthetrends
in Figures8 and9.

In summary as few as twenty experimentschosensmartly by
iTunedcanproduceawealthof informationin areasonablamount
of time to aid bothnaive usersandexpertDBAs in tuningdatabase
con guration parameters.

8. RELATED WORK

Databasedave fairly maturetools for physicaldesigntuning
(e.g.,index selection[4]). However, thesetools do not address
con guration parametetuning. Furthermore thesetools depend
on the queryoptimizers costmodelswhich do not capturethe ef-
fectsof mary importantparameters.

Surprisingly very little work hasbeendoneontoolsfor holistic
tuning of the mary con guration parametersn moderndatabase
systems. Most work in this areahas either focusedon speci ¢
classeof parameterge.g.,[17]) or on restrictedsubproblemaf
the overall parametettuning problem(e.g.,[5]). IBM DB2 pro-
videsanadvisorfor settingdefault valuesfor alargenumberof pa-
rameterg12]. DB2's advisordoesnot generat@esponseurfaces,
insteadt relieson built-in modelsof how variousparameteraffect
performancg5]. As we shaw in this paper predeterminedanod-



els may not be accuratein a given setting. SARD (discussedn

Section3) and[18] arealsorelatedto iTuned. SARD focuseson

rankingparameters orderof impact,andis notanend-to-endun-

ing tool. Techniguego learna probabilisticmodelusingsamples
generatedrom gridding were proposedn [18]. The modelwas
thenappliedto tunefour parameterin Berkeley DB. Griddingbe-

comesveryinefcient asthenumberof parameterincreasesSec-
tion 7 alsocomparedTunedwith atechniquebasedbn hill climb-

ing (e.g.,[23]) thathasbeenusedfor parametetuning. None of

the abore techniqueshave an equivalent of iTuneds executoror

theef ciency-orientedfeaturesrom Section6.

Techniquesor tuningspeci c classe®f parametericludesolv-
ing analyticalmodels[20], using simulationsof databaseerfor
mance(e.g.,in Oracledatabase)andcontrol-theoreti@pproaches
for onlinetuning[17]. Theseechniquesreall basednprede ned
modelsof how changesn parametessettingsaffect performance.
Techniquego tunethe CPU andmemoryallocationsto databases
runninginsidevirtual machinesvere proposedn [16]. However,
the focus was not on planningexperimentsto learn the underly-
ing responsesurfaces. All the above techniquescanbene t from
Adaptive SamplingandiTuneds executor

Traditional databasesamplingdealswith the problemof sam-
pling from a large datasetwhile our approachof Adaptive Sam-
pling is aboutdraving samplesfrom a responsesurface that is
never materializedfully. Adaptive Samplingsharesggoals,but not
techniqueswith corventionaldatabasg@roblemdik e onlineaggre-
gation[10], model-drven acquisitionalquery processind6], and
samplingfor statisticeestimatior{2]. A two-phaseadaptve method
is givenin [2] wherethesamplesizerequiredto reacha desiredac-
curay is decidedbasedon a rst phaseof sampling. In contrast,
Adaptive Samplingcanadaptaftereachsamples collected.

Oracle 11g introducedthe SQL PerformanceAnalyzer (SPA)
to help DBAs measurethe impact of databasechangedike up-
grades,parameterchanges schemachangesand gatheringopti-
mizer statistics[24]. (Quoting from [24], “it is almostimpossi-
ble to predicttheimpactof suchchange®n SQL performancée-
fore actuallytrying them”) SFA conductsexperimentavhereSQL
statementsn the workload are executedwith and without apply-
ing a change. However, Oracle11g doesnot provide an experi-
mentplannerthat can automaticallyhandlecomplex tuning tasks
like parametetuning. Finally, experimentsareusedto collectdata
in mary domainslike chemicaland mechanicalengineering so-
cial scienceandcomputersimulation.While iTunedsharesverall
guiding principleswith experimentplanningin thesedomainsthe
requirementandalgorithmsdiffer.

9. CONCLUSION

We describedTuned,atool to automateghetaskof recommend-
ing good settingsfor databaseon guration parameters.iTuned
hasthreenovel features:(i) Adaptive Samplingto bring in appro-
priate dataproactiely throughplannedexperimentsto nd high-
impactparameterandhigh-performancearametesettings(ii) an
executorto supportonline experimentsin productiondatabasen-
vironmentghrougha cycle-stealingparadigmthatplacesnearzero
overheadon the productionworkload; and (iii) portability across
differentdatabaseystemsWe shavedthe effectivenesf iTuned
throughan extensve evaluationbasedon differenttypesof work-
loads,databassystemsandusagescenarios.
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