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ABSTRACT

The databaséier of dynamiccontentsenersatlarge Internetsites
is typically hostedon centralizedand expensve hardvare. Re-
cently researciprototypeshave proposedusing databaseeplica-
tion on commodityclustersasa moreeconomicabkcalingsolution.
In this paperwe proposeusingdatabaseeplicationto supportmul-
tiple applicationnasharectluster Our systendynamicallyallo-
catesreplicasto applicationsn orderto maintainapplication-leel
performancen responseo eitherpeakloadsor failure conditions.
This approachallows unifying load and fault managementunc-
tionality. The main challengein the designof our systemis the
time taken to adddatabaseeplicas. We presenteplicaallocation
policiesthat take this time delayinto accountand also designan
ef cient replicaadditionmethodthathasminimal impacton other
applications.

We evaluateour dynamicreplication systemon a commaodity
clusterwith two standardbenchmarks:the TPC-W e-commerce
benchmarkand the RUBIS auction benchmark. Our evaluation
shavs thatdynamicreplicationrequiresfewer resourceshanstatic
partitioning or full overlapreplicationpoliciesand providesover
90% lateng complianceto eachapplicationundera rangeof load
andfailure scenarios.
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1. INTRODUCTION

Today dynamiccontentsenersusedby large Internetsites,such
asAmazonandEBay, emplo athree-tierarchitecturghatconsists
of a front-endweb sener tier, an applicationsener tier thatim-
plementsthe businesdogic of the site, and a back-enddatabase
tier that storesthe contentof the site (seeFigure 1). The rst
two tiers, the web and the applicationsener, typically usenon-
persistentdataandaregenerallyhostedon inexpensve clustersof
machinesHowever, the databaséer storingpersistentiatais cen-
tralized and hostedeither on a high-endmultiprocessoi15, 31]
or on specializedand expensve devicessuchasa sharednetwork
disk[1].

Figure 1: Architecture of dynamic contentsewers

Recently severalresearctprototypeshave proposedisingrepli-
cateddatabasebuilt from commodityclustersasa moreeconom-
ical solution. Thesereplicateddatabasesyhich have beenused
for running a single application,suchas, an e-commercéench-
mark[24, 6], have shawvn goodperformancescalingwith increas-
ing replication.For example,aread-heay workloadcanscalelin-
earlyto dozenf machineg4, 6].

In thispaperwe investigataisingdatabaseeplicationonacom-
modity clusterto run multiple applications. Our systemdynam-
ically allocatesmachinereplicasto eachapplicationto maintain
application-leel performance.In particular we usea prede ned
lateny boundto determinewhetheran applications requirements
arebeingmet. This approachprovides several bene ts. First, it
allows ef cient resourcemanagemenly avoiding perapplication
over-provisioning,e.g.,it allows reducingcostsand/orenegy con-
sumption.Seconddynamicreplicationenablesa uni ed approach
to resourcananagemeraswell asfaulttolerance Our systemde-
tectsload spikesandfailuresasaresourcebottleneckandadaptsn
the samemannerby adjustingthe numberof replicasallocatedto
anapplication.Third, the previous scalingstudieshave shavn that
the optimalnumberof replicasallocatedto anapplicationdepends
onthetype of workloadmix. For example,aread-heay workload
scalego largernumberf replicashanawrite-heary workload. A
databaselustersharedamongmultiple applicationsallows tuning
the numberof replicasfor eachapplicationbasedon the workload
mix.



While dynamicdatabaseeplicationis appealing,it raisestwo
key issues:1) thereplicaallocationpolicy and?2) thereplicamap-
ping policy. Thereplicaallocationpolicy chooseghe numberof
replicasto allocateto an application. The replicamappingpolicy
mapsan applications allocatedreplicasto a setof machines.Be-
low, we rst focuson the designof the mappingpolicy andthen
describetheallocationpolicy.

The performancef our systemdependon thedelayassociated
with addinga nen databaseeplicato an application,which can
be atime-consumingperation.Considerthe casewheredifferent
applicationsaaremappedo disjoint setsof machinereplicas.When
anapplicatiorrequiresanadditionalmachinereplica,it mustusean
unallocatednachineor amachineallocatedo anotherapplication.
In either case,the databasestateof the new replicawill be stale
and mustbe broughtup-to-date e.g.,via datamigrationfrom an
existing replica,beforeit canbeused.In addition,thebuffer cache
atthenew replicaneedso be warm beforethereplicacanbeused
effectively.

Replica addition delay can be avoided altogetherwith fully-
overlappedreplicaswhereall the databasepplicationsare repli-
catedacrossll theclustermachinesin thiscasethereis noreplica
additiondelaybecauseeplicasdonothaveto beaddecbr removed.
However, thisapproaclttausesnterferencalueto resourcesharing.
For example whenmultiple databasapplicationgun on the same
machine their performancecandegradedueto buffer cacheinter-
ference.Suchinterferences avoidedif usingdisjoint replicasets
acrossapplications. This discussionshaws that thereis a trade-
off betweenusing disjoint and fully-overlappedreplicamapping.
Disjoint mappingreducesnterferenceand thusimproves steady-
stateperformance. Fully-overlappedmappingavoids replica ad-
dition delay andthus can speedup the systems responsdo load
spikesandfailures.

In this paper we proposeusinganintermediatemappingpolicy
called partial overlap that providesfastresponseo overloadand
minimizesinterferenceacrossapplications.In this policy, we dis-
tinguishbetweeranapplications readandwrite replicasetscalled
read setandwrite setrespectrely. The read(write) setis the set
of machinereplicasfrom which anapplicationreads(writes) data.
The readsetof an applicationis a subsetof its write set. In our
approachthe readsetsare disjoint but the write setsof applica-
tions canoverlapwith eachother This policy allows fastresponse
to overloadconditionsin the commoncase becauseadditionalre-
sourcescanbe provided to an applicationby simply extendingits
readsetwithin the boundarief its write set. This operationis
relatively fastbecausét doesnot requiredatamigration,although
expandingthe readsetmay requirewarmingthe buffer cachee.g.,
if switchingthe allocationof a a readsetreplicafrom anotherap-
plication becomesecessaryDatamigrationis neededonly if an
applications write setneedso be expanded.

The partial overlap policy minimizesinterferenceacrossappli-
cationsbecausevrite queriesin dynamiccontentapplicationsare
typically lightweightcomparedo readquerieq4]. For instancejn
e-commerceapplications,an updatequery typically updatesonly
the record pertainingto a particular customeror product, while
readqueriescausedby browsing caninvolve expensve database
joins asaresultof comple searchcriteria. The memoryfootprint
andcompleity of readqueriesoftenexceedthoseof write queries.
Moreover, readqueriesaremuchmorefrequenthanwrite queries.
Partitioningthe readsetsof applicationsacrosdifferentmachines
minimizesinterferencewhile overlappingwrite setscausedittle
interferenceandgenerallyavoidsreplicaadditiondelay

In additionto themappingpolicy, ourreplicationsystemusesan
allocationpolicy thatis designedo meetthe applications lateny

requirementsvhile providing systemstability. To meetthelatengy
requirementsthe policy shouldaggressiely addmachinereplicas
whenthe applications lateny is closeto its bound. However, a
simplereactive allocationpolicy thatperiodicallymeasuresppli-
cationlateny to addreplicascancausenstability. In particular the
replicaadditionprocessanbelong (eitherdueto datamigrationor
buffer cachewvarm-up)andtheapplicationlateny mayremainhigh
duringthis processA reactve policy thatmeasureapplicationla-
teng/ evenduringreplicaadditioncanthereforecauseunnecessary
allocationand additionalcross-applicationnterferenceaswell as
positive feedbackandoscillation.

To meetthe lateny and stability goals, we usea delay-avare
allocation policy that hasthree novel features. First, the policy
typically suppresseallocationdecisionswhile replicaadditionis
in progress. Second,it compensatefor the delay during replica
additionby aggressiely reactingto resourcebottlenecks.Speci -
cally, it usesearlylateny indicationsonthenewly addedreplicato
trigger aggressie allocation. Finally, it usesa two-stepconsera-
tive replicaremoval procesgo avoid oscillatoryallocationbeha-
ior. Initially, it stopsreadqueriesto a replica,henceremovesthe
replicafrom the applications readset. If the applications perfor
mances notsigni cantly affectedthenwrite queriesarestoppedo
remove thereplicafrom the applications write set.

In our evaluation,we explore a numberof replicamappingand
allocationpoliciesfor dynamicdatabaseeplication. We charac-
terizethe effectsof the disjoint, full overlapaswell asour partial
overlapreplicamappingpolicies. In addition,we comparethere-
active andour delay-avarereplicaallocationpolicies. We evaluate
our systemwith two benchmarks:) the industry-standardshop-
ping mix workloadof the TPC-We-commercédenchmark30] that
modelsanon-line book store(called TPC-Win therestof the pa-
per),and2) thebiddingmix workloadof the RUBIS benchmar§3]
thatmodelsanon-linebiddingsystem(calledRUBIS). Our evalua-
tion shaws thatthe partialoverlapmappingpolicy is mosteffective
andrequiresfewer resourceshanthedisjoint or full overlaprepli-
cationpolicies. The partial overlapmappingpolicy togethermwith
our replicaallocationalgorithmshavs good scalingand provides
over 90% latenyy compliancefor both applicationswvhenthey are
runtogethemnderarangeof loadandfailure scenarios.

The remainderof this paperis structuredasfollows. Section2
provides the motivation for using dynamicreplication,and Sec-
tion 3 describeghe architectureof our systemandprovidessome
backgroundon our replicationscheme. Section4 describesour
replicaallocationandmappingpolicies. Section5 presentour ex-
perimentalplatform andthe resultsof our experiments.Section6
discusseselatedwork andSection7 concludeshe paper

2. MOTIVATION

Our previous work [4, 5, 6] hasshavn that databaseeplication
on commodity clustersscaleswell andis a viable alternatve to
using expensve multiprocessotand/ornetwork storagehardware
con gurations. Next, we presentsomeresultsfrom this work to
motivateour dynamicreplicationapproach.Figures2 and3 shav
the performancescaling graphsfor the TPC-W and the RUBIS
benchmarksEachgraphcontainstwo curves,a scalingcurve ob-
tainedexperimentallyon a clusterof 8 databasenachine$, anda
curve obtainedthroughsimulationfor larger clustersof up to 60
databasenachines.

Oursimulationwith largenumbersof replicaswascalibratedus-
ing thereal8-nodecluster Figures2 and3 shav thatthe simulated

1The machinesare AMD Athlon MP 2600+ computerswith
512MB of RAM, usingRedHat~edoralinux.



performancecalinggraphgor TPC-WandRUBIS arewithin 12%
of theexperimentahumberdor bothapplications Thesimulations
shav that TCP-W scalesbetterthan RUBIS. The reasonis that
replicationallows scalingthe throughputof readqueries,andthe
scalinglimit depend®on theratio betweerthe averagecompleity
of readandwrite queries.Thetime spentin executingreadsversus
writesis 50to 1 for TPC-Wand8 to 1 for RUBIS. Thesegraphs
shav thatthe kneeof the scalingcurve dependson the workload
andcannotbe determined priori. With a dynamicreplicationap-
proach,eachapplicationcould be assignedeplicasbasedon its
scalingcurve.
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While databaseeplicationis appealing,t requirespolicies for
replicaallocationandmapping.As describeckarlier the two most
signi cant andcompetingchallengesn thedesignof thesepolicies
arethe delayassociateavith replicaadditionandthe buffer cache
interferencewith overlappingreplicas. While it should be intu-
itively clearthataddinga databaseeplicacanbe slow, belov we
shaw that buffer cacheinterferencecanalsobe a signi cant prob-
lem, which led usto investigatethe disjoint andthe partial overlap
mappingpolicies.

We conductedanexperimentwith the TPC-WandRUBIS work-
loadsusing two con gurationson our experimentalcluster The
workloadsareeitherrun on two separatenachinegDisjoint Map-
ping) or on bothmachinegogetherOverlapMapping). Whenrun-
ning together we load balancedboth the workloadson both the
machinesTablel shavs the percentof total CPUtime spentwait-
ing for I/O asreportedby thevmstat Linux utility. In bothcon-

gurations, the resultsreportedare after the buffer pool hasbeen
warmed.With Disjoint Mapping, TPC-W experiencesio wait time
becausét hasa smallmemoryfootprintthat ts in availablemem-
ory, while RUBIS waitsfor 31%time becauséts footprintexceeds
total availablememory However, whenthe workloadsexecuteon
both the machines the wait time for TPC-W increasesdramati-

| | Disjoint Mapping | Overlap Mapping |
TPC-W 0 44
RUBIS 31 38

Table 1: Percentof total CPU time waiting for I/O
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Figure 4: Cluster architecture

cally. TheRUBIS workloadevicts TPC-W's pagedrom theshared
buffer pool. This caused’ PC-Wto issuemorel/O requestswhich

degradests performanceeverely Asaresult,theTPC-Wthrough-
putis halvedwith OverlapMappingcomparedo Disjoint Mapping
andthequerylateng is doubled(numbersot shavn here).While

it is possibleto reduceinterferenceeffectsby varioustuningmeth-
ods,suchasby increasingavailablememoryto the buffer pool and
by tuning perapplicationbuffer pool sizes,this approachquickly

becomesnfeasibleas the numberof overlappingapplicationsis

increased.

3. REPLICATION ARCHITECTURE

Thedynamiccontentsener architectureconsistof theweb,ap-
plication andthe databasesener tiers. In our system,interposed
betweertheapplicationandthedatabaséersis asetof schedulers,
oneperapplication thatdistributeincomingrequestso a clusterof
databaseeplicas. Figure 4 shavs the architectureof our system.
In our system the web andthe applicationtiers are combinedbut
separatinghesetierswould have no effect on our dynamicreplica-
tion architecture Eachschedulet uponreceving a queryfrom the
applicationsener sendshe queryusinga read-onewrite-all repli-
cationschemeto the replicasetallocatedto the application. The
replicasetis choserby a resourcananagethatmakesthereplica
allocationandmappingdecisionsacrosshe differentapplications.
Theresourcananageis describedn the next section.

The applicationschedulemprovides consistentreplication, i.e.,
one-copy serializability[8], by assigninga global serializationor-
derto all transactionsindensuringhattransactiongxecutein this
orderatall thereplicasallocatedo its workload.

For scalability the schedulerusesour Con ict-Aware replica-
tion scheme[5, 6]. With this scheme,eachtransactionexplic-
itly declareghetablesit is goingto accessandtheir accesgype.
Con ict-awarereplicationusesthis informationto detectcon icts

2Eachschedulemayitself bereplicatedfor availability [4, 5].



betweentransactionsandto assignthe correctserializationorder
to thesecon icting transactions.The transactiorserializationor-
deris expressedy theschedulein termsof versionnumbersThe
scheduletagsquerieswith the versionnumbersof the tablesthey
needto readandsendshemto thereplicas.Eachdatabaseeplica
keepstrack of the local table versionsas tablesare updated. A
queryis heldat eachreplicauntil thetableversionsmatchthe ver
sionstaggedwith thequery As anoptimization,theschedulealso
keepstrack of versionsof tablesasthey becomeavailableat each
databaseeplicaandsendsead-onlyqueriesto asinglereplicathat
alreadyhasthe requiredversions. The schedulercommunicates
with adatabas@roxy at eachreplicato implementreplication.As
aresult,ourimplementatiordoesnot requirechangego the appli-
cationor thedatabaséer.

4. DYNAMIC REPLICATION

In this section we provide anoverview of theresourcemanager
thatimplementsdynamicreplicationand then presentthe replica
allocationandthe mappingpoliciesusedby the managerFinally,
we presentanef cient datamigrationalgorithmthatis usedduring
replica addition and that has minimal impact on transactionpro-
cessing.

4.1 Overview

Theresourcenanagemalkesthereplicaallocationandmapping
decisiondor eachapplicationbasedn the performanceneedsand
the currentperformancdevel of the application. The performance
needsare expressedn termsof a servicelevel agreemen{SLA)
that consistsf a lateny requiremenbn the applications queries.
The currentperformancdevel is measuredn termsof the average
query lateny obsered at the application. This lateny is main-
tainedat the applicationschedulerand periodically sentto there-
sourcemanager The resourcemanagersesthe averagelateny
and the applications lateny requiremento make the allocation
decisionsperiodically This periodis the samefor all applications.
Theallocationdecisionsarecommunicatedo therespectre sched-
ulers,whichthenallocateor remave replicasfrom theirreplicasets.

The resourcemanageroperatesn two modes,underloadand
overload. During underload,the numberof replicasis sufcient
to handlethe overall demandandallocationdecisiongperapplica-
tion are madeindependently During overload, the total demand
exceedsthe capacityof the cluster In the latter case,the system
usesa simple fairnessschemethat allocatesan equalnumberof
replicasto eachapplication.

4.2 ReplicaAllocation Policy

The resourcemanageruses average query lateny to make
replica allocation decisions. The averagingis performedat ev-
ery queryusingan exponentiallyweightedmean[35] of the form
WL = L+(1 ) WL wherelL isthecurrentquerylateng.
Thelargerthevalueofthe parameterthemoreresponsietheav-
erageis to currentlateny. Theresourcananageusesathreshold
scheméor replicaallocation. The manageiperiodicallycompares
the averagelateny to a high thresholdvalue (HighSLAThreshold)
to detectimminent SLA violations and addsa replicawhen the
averagelateny is above the high threshold. Similarly, whenthe
averagelateny is belov a low threshold(LowSLAThreshold),it
detectsunderloadandremaves a replica. This basictechniqueis
similarto overloadadaptatiorin statelesservice435], wheresim-
ple smoothingof lateny and thresholdinghave beenreportedto
give acceptabletability.

Unfortunately this techniqueby itself doesnot provide satishc-
tory performancen our systemdueto the delay associatedvith
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Figure5: Typical replicaaddition process

addingdatabaseeplicas.Below, we describemodi cations to the
techniqueto improve the stability andthe performancef the sys-
tem during replicaallocation. Thesemodi cations are discussed
aspartof the replicaadditionandthe removal process.Figure6,
shaws our replicaallocationlogic andthe conditionsunderwhich
adatabaseeplicais addedto or removed from anapplicationallo-
cation.

4.2.1 ReplicaAddition

Figure5 shavs atypical replicaadditionprocesswhich consists
of two phases:datamigrationand systemstabilization. Datami-
grationinvolvesapplyinglogsof missingupdateso thenew replica
to bring it up-to-date Systemstabilizationinvolvesload balancing
and warmupof the buffer pool on the new replica. While these
stagesmay overlap, replica addition canintroducea long period
over which querylatenciesarehigh. The simpleallocationpolicy
describedabore basedon periodicallymeasuringriolationsof the
lateny requirementanthustriggerunnecessargeplicaallocation
aswell asinterferencewith otherapplications.

Theresourcenanagemakestwo modi cationsto thebasicallo-
cationalgorithmto accounfor replicaadditiondelay First, it stops
makingallocationdecisionsuntil the completionof thereplicaad-
dition process.Second sincethis wait time canbe long and can
impactreactionto steepload bursts,theresourcananageuseshe
querylateny atthenew replicato improve its responsienessThe
statetransitionson the left side of Figure 6 shav the replicaad-
dition logic in detail. Speci cally, in the Steady State , the
resourcananagemonitorsthe averageateng recevedfrom each
workload schedulerduring eachsamplingperiod. If the average
lateny over the pastsamplinginterval for a particularworkload
exceedgheHighSLAThreshold , henceanSLA violationisim-
minent,the resourcananageplacesarequesto adda databas¢o
thatworkloads allocation. Theresourcenanagetracksthereplica
additionprocesauntil therequeshasbeenful lled andtheresultof
the changecanbe obsered. This implies potentialwaiting in two
statesgorrespondingo addingthe new replicato thewrite setand
thereadsetof the application respectiely. Whenaddingareplica
to thewrite setof the application datamigrationto bringup a new
databasdor thatworkloadmay be necessaryWe transitionout of
thecorrespondingtateonly whendatamigrationis nished.

Thesecondstatecorrespondso addingthereplicato thereadset
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Figure 6: Replicaallocation logic

of theapplication which includeswaiting for systemstabilization,
i.e., load balancingand buffer pool warmup. The resourceman-
agercomparesaveragestatisticscollectedby the schedulerfrom

the old readreplicasetandthe new replicain orderto determine
whensystemnstabilizationis complete.Sincethis wait maybelong

andwill impactsystenreactvity to steepload bursts,we optimize
waiting time by usingthe individual averagelateny generatedit

thenewly addeddatabas@sa heuristic.Sincethis databaséasno

loadwhenaddedwe useits lateny exceedinghe SLA asanearly
indicationof a needfor evenmoredatabasefor thatworkloadand
we transitiondirectly into addinganotherreplicain this case.

4.2.2 ReplicaRemeal

Theresourcananageremovesadatabaséom anapplications
allocationin two cases.First, the applicationis in underloadfor
a sufcient periodof time anddoesnot needa replica (voluntary
remove). Secondthe systemasawholeis in overloadandfairness
betweerallocationsneeddo beenforcedforcedremove).

In the former case the right branchof Figure 6 shaws thatthe
removal pathis conserative andinvolvesa tentatve remove state
beforethereplicais nally removed from an applications alloca-
tion. The allocation algorithm entersthe tentatve remove state
whenthe averagelateny is belov the low threshold. In the ten-
tative remove state areplicais removedfrom anapplications read
setbut not from its write set. If the applications averagelateny
remainsbelown the low thresholdfor a period of time, the replica
is removed from the write setalso. This two-stepprocessavoids
systeminstability by ensuringthatthe applicationis indeedin un-
derload sincea mistale duringremoval would soonrequirereplica
addition,whichis expensve. For aforcedremove duringoverload,
we skip the tentatve removal stateandgo directly to the removal
state.In eithercase the databaseeplicais removed from a appli-
cation’s replicawrite setonly whenongoingtransactionsnish at
thatreplica.

4.3 ReplicaMapping
Dynamicreplicationpresent@ninherentrade-of betweemmin-
imizing applicationinterferenceby keepingreplica setsdisjoint
versusspeedingreplica addition by allowing overlappingreplica
sets. Below, we describethreereplicamappingschemeghat we
analyzein this paper:disjoint, full overlapandpartialoverlap.

4.3.1 Disjoint

In this schemegachapplicationis assignedadisjointreplicaset
from the machinesn the databaseluster An applicationupdates

only thereplicasin its replicasetandary replicawithin thereplica
setcanbe selectedo servicearead. The bene t of this approach
is thatit hasminimal cross-applicatioimterferenceduring periods
of stableload. However, when addinga replica, datamigration

cantake awhile if the new replicahasnot beenupdatedor along

time. We call thismigrationto apotentiallystalereplicawith acold

buffer cachea cold migration.

4.3.2 Full Overlap

With full overlap, writes of all applicationsare sentto all the
databasef the cluster Eachreadquery of ary applicationcan
be sentto ary replicaandthe read setsand the write setsof all
applicationsare never changed. This approachallows maximum
sharingof resourcescrossapplicationsand obviatesthe needfor
replicaaddition(or datamigration)or deletion.However, thereads
andwritesof all applicationssharethe buffer-cacheat eachreplica
which can causecross-applicatiorinterferenceand poor perfor
mancewhenthe buffer-cachecapacityis exceeded.Furthermore,
with large clustersthe large write setcanexceedthe scalinglimit
for someapplicationqe.qg.,seeFigure3). Finally, if alargenumber
of applicationsaresharingthecluster theexecutionof all writeson
all nodesmay ultimately causdnterference.

4.3.3 Partial Overlap

The partial overlap schemdies in betweenthe disjoint andthe
full overlapmappingschemesEachapplicationis assigned dis-
joint primaryreplicaset. However, write queriesof anapplication
arealsoperiodicallysentto a secondarnsetof replicas. This sec-
ondarysetoverlapswith the primary replicasetof otherapplica-
tions. Theresourcananagesendshatchedupdatedo thereplicas
in thesecondargetto ensurdhatthey arewithin astalenesbound,
wheretheboundis equalto the batchsizeor the numberof queries
in thebatch.Althoughthebatchedipdatego thesecondargetcan
causecross-applicatiomterferencewe expectthis interferencedo
be small becausalynamiccontentapplicationsaretypically read-
heary andreadsarenotsentto thesecondaryeplicas.

The secondaryeplicasare an over ow pool thatallow adding
replicasrapidly in responséo temporaryload spikessincemigrat-
ing datato them involves sendingno more than a batch size of
updatesandis expectedo beafastoperation.We call this datami-
grationstratgy warmmigration. A specialcaseof warmmigration
occurswhenthe batchsizeis one. In this case which we call hot
migration, updatequeriesare sentimmediatelyto all the replicas
in the primary andthe secondanset. Thenareplicais added(i.e.,
areplicais moved from the secondarysetto the primary set) by
simply issuingreadqueriesto the secondaryeplica.

The secondaryeplicasetis con gurablein our system. How-
ever, to simplify analysis,we will henceforthassumehatthe sec-
ondarysetof an applicationconsistsof all replicasin the system
outsidetheapplications primary set.

4.4 Data Migration Algorithm

In this section,we describeour datamigrationalgorithmthatis
designedo bringanew replicaup-to-datevhile minimally disrupt-
ing transactionprocessingon the currentreplicasin the applica-
tion's replicaset. With this goal, the migrationis performedusing
datastoredat the scheduleratherthan from an existing replica.
The schedulemaintainspersistentogs of write queriesandtheir
versionnumbersper table andupdateshe log at eachtransaction
commitpoint. Thesdogsarereplayedduringdatamigrationto up-
datea new replicaandthe versionnumbersat the new replicaare
usedto detectthe setof missedupdates.For ef ciency, we allow



transactionprocessingo occur at the currentreplicaswhile data
is beingmigratedto the new replica. The challengewith this ap-
proachis thatthe updatesmadeby thesenew transactionsieedto
be incorporatedat the new replica. If transactionsrrive continu-
ally, the datamigrationprocesswhich itself takestime, would lag
behindthe new transactionsand the new replicawould never be
up-to-date.To avoid this problem,datamigrationis performedin
abatchedashionuntil theremaininglogsreachbelow athreshold
size. At this point, the new replicais considerechdded. Thenthe
remaininglogsandthe new transactiorupdatesaresentto thenen
replicausingthe samemethodasfor existing replicas.Thereplica
ordersthe log entriesandthe updatesandappliesthemin version
numberorder At this point, the replicais up-to-date. To limit
the numberof log updateghat needto be sent,the thresholdsize
shouldbe large. However, it shouldbe chosersothatthe updates,
which arestoredin memory do not exceedthe memoryavailable
atthereplicamachine.

Thelogsfor atransactioraremaintainechtthescheduleatleast
until thetransactioreithercommitsor abortsat all databasem the
replicaset. In addtion,the logs are garbagecollectedafter their
size exceedsa certainbound. Occasionallyreplicaaddition may
requiremigratingupdateshathave beengarbagecollected.In this
case datamigration consistsof installing a snapshobf the entire
databaséor thatapplicationfrom anexisting replica.

5. EVALUATION

In this section,we evaluatethe performanceof our systemto
shav thatdynamicreplicationenableshandlingrapidvariationsin
anapplicationsresourcegequirementsvhile maintainingguality of
serviceacrossapplications.Our evaluationconsistsof four differ-
entsetsof experiments First, we usea singleapplicationto clearly
illustratetheimpactof replica-additiordelayon dynamicdatabase
replication.Secondwe evaluatethe performancef our systermun-
derheary andvaryingload by usingtwo benchmarlapplications,
TPC-W andRUBIS, thataredescribedn detail belov. Third, we
evaluatethe effect of databasédaults on our system. Finally, we
performsensitvity analysisandshav thatthe systemis robustand
doesnot requirecareful parametetuning to achieve good perfor
mance. Below, we rst describethe benchmarksandthe experi-
mentalsetupandthenpresenbur evaluation.

5.1 Benchmarks

TheTPC-WandtheRUBIS benchmarksisedn ourexperiments
areimplementedusing three popularopensourcesoftware pack-
ages: the Apacheweb sener, the PHP web-scripting/application
developmentlanguag€g23] that implementsthe businesdogic of
the benchmarksandthe MySQL databaseener with InnoDB ta-
bles[22].

5.1.1 TPC-WE-CommeceBendmark

The TPC-W benchmarkrom the TransactiorProcessingoun-
cil [30] is a transactionalveb benchmarkdesignedor evaluating
e-commerceystems Severalinteractionsareusedto simulatethe
actiity of aretail storesuchasAmazon. The databassizeis de-
terminedby the numberof itemsin the inventory andthe size of
the customerpopulation.We use100K itemsand2.8 million cus-
tomerswhich resultsin a databasef about4 GB.

Theinventoryimagestotaling 1.8 GB, areresidenton the web
sener. We implementedhe 14 differentinteractionsspeci ed in
the TPC-Wbenchmarlspeci cation. Of the 14 scripts,6 areread-
only, while 8 causethe databaséo be updated.Read-writeinter-
actionsincludeuserregistration,updatego the shoppingcart, two
orderplacemeninteractionsiwo interactionghatinvolve orderin-

quiry anddisplay andtwo thatinvolve administratve tasks.We use
the samedistribution of scriptexecutionasspeci edin TPC-W. In
particular we usethe TPC-W shoppingmix workload with 20%
writes which is consideredthe most representate e-commerce
workloadby theTransactionaProcessin@ouncil. Thecompleity
of theinteractionsvarieswidely, with interactiongaking between
20 msand1 secondon an unloadedmachine.Read-onlyinterac-
tionsconsistmostlyof complex readqueriesn auto-commitnode.
Thesequeriesareupto 50timesmorehearyweightthanread-write
transactions.

5.1.2 RUBISAuctionBendmark

We usethe RUBIS Auction Benchmarkto simulatea bidding
workload similar to EBay The benchmarkmplementsthe core
functionalityof anauctionsite: selling,browsing,andbidding. We
do notimplementcomplementangervicedik e instantmessaging,
or newsgroups. We distinguishbetweenthreekinds of userses-
sions:visitor, buyer, andseller For avisitor sessionuserseednot
registerbut areallowed to brovseonly. Buyerandsellersessions
requireregistration.In additionto thefunctionalityprovidedduring
the visitor sessionsguring a buyer sessionuserscanbid on items
andconsulta summaryof their currentbid, rating, andcomments
left by otherusers. We usethe default RUBIS bidding workload
that contains15% writes. This mix is consideredhe mostrepre-
sentatve of anauctionsite workloadaccordingto an earlierstudy
of EBayworkloads[27].

5.2 Experimental Setup

Our experimentaketupconsistof web seners,schedulergone
perapplication) the resourcananagerdatabasenginesandclient
emulatorghat simulateload on the system.All thesecomponents
usethe samehardware. Eachmachineis a dual AMD Athlon MP
2600+ (2.1GHz CPU) computerwith 512MB of RAM. We use
the Apachel.3.31websener [2] andthe MySQL 4.0.16database
sener with InnoDB tables[22]. All the machinesuusethe RedHat
Fedora3 Linux operatingsystemwith the 2.6 kernel. All nodesare
connectedria 100MbpsEthernet AN.

To demonstrate¢he scalingandthe performanceébehaior of the
databaséaclend,the Apacheweb/applicatiorsenersarerunona
sufcient numberof machinesothatthesesenersdo notbecome
a bottleneckfor eitherapplication. The MySQL databasearerun
on8 machines.

5.2.1 ClientEmulator

We have implemented sessioremulatorfor the TPC-Wandthe
RUBIS applicationsto induceload on the system. A sessioris a
sequencef interactionshy the samecustomer For eachcustomer
sessiontheclientemulatoropensa persistenHTTP connectiorto
the web sener andclosesit at the end of the session.Eachemu-
latedclient waitsfor a certainthink time beforeinitiating the next
interaction.The next interactionis determinecby a statetransition
matrix that speci esthe probability of going from oneinteraction
to another The sessiortime andthink time are generatedrom a
randomdistribution with a givenmean.

Theloadinducedby the clientemulatordepend®n the number
of clientsemulatedandthe application. To easerepresentinghis
loadfor boththe TPC-W andthe RUBIS applicationson the same
graph,we normalizetheinputloadto abaselindoad. Thebaseline
loadis the numberof clientsthatsaturatea singlemachine.In our
setupthebaselindoadwasroughly 25 clientsfor TPC-Wand150
clientsfor RUBIS.



5.2.2 ExperimentaParametes

Ourexperimentaise600msfor theHighSLAThreshold  and
200 ms for the LowSLAThreshold parameters. The High-
SLAThreshold parametenalue was chosenconseratively to
guaranteanend-to-endatengy atthe client of atmostonesecond
for eachof thetwo workloads.Thelow thresholdbarameteis cho-
sento belessthan50%of the highthresholdparametemwhich pro-
vides stability in small database&on gurations(i.e., whenadapt-
ing from 1 to 2 databases)We usea lateny samplingintenal of
10 seconddor the schedulersThis valuedoesnot requirecareful
tuning becausehe replicaallocationpolicy accountgor the delay
duringreplicaadditionor deletion.As aresult,the samplinginter-
val canbe relatively shortandthe schedulersanrespondrapidly
to changesn load. Thevalueof thesmoothingparameter , which
affectsthe systemresponseis setto 0.25. Section5.6 shavs that
theseparameterslo not requireextensve tuning.

5.3 SingleApplication Workload

In thissectionwe useasingleTPC-Wbenchmarlapplicationto
shaw theeffect of replica-additiordelayon boththereplicaalloca-
tion andthe mappingpolicies.

5.3.1 ReplicaAllocation

Figure 7 shaws the resultsof usingtwo replicaallocationpoli-
cies. Theinput load function is shavn in Figure7(a). The rst
policy usescontinuoudateny samplingandtriggersreplicaaddi-
tion or deletionwhenthe averagelateny risesabove the High-
SLAThreshold parameteor falls below the LowSLAThresh-
old parameterThesecondoolicy is delay-avareandimplements
thereplicaallocationpolicy describedn Sectior4.2.

In this experiment,we usepartial overlapwith hot migrationas
the replicamappingscheme.This schemeensureghatreplicaad-
dition is arelatively fastoperation.Evenso, Figure7(b) shavs that
oscillationsoccurwhenthereplica-additiordelayis nottakeninto
accountby the allocationpolicy. Theseoscillationsoccurbecause
the lateny doesnot becomenormaluntil the queriesthat caused
the spike in lateny nish executing. During this period, this pol-
icy overallocategeplicas,which subsequentlyauseghe latengy
to dip below the LowSLAThreshold . As aresult,the resource
managethendeletegeplicas.This situationwould be evenworse
whenthe replica-additiondelay is longer suchaswith warm or
cold migration.Our delay-avarepolicy avoidstheseoscillationsas
shavn in Figure7(c). This gure shaws thattheresourcenanager
addsdatabaseto meetdemandwithout overallocation.

5.3.2 ReplicaMapping

Figure8 comparesheresultsof usingthecold andwarmreplica
mappingpolicies. We initially subjectthe systemto aloadthatre-
quires3 database® satisfythe SLA. After 2 hours(7200seconds)
of elapsedime, weincreaseheloadto 7.

Figure8(a)shavs theloadfunction,while Figure8(b) shavs the
lateny spikes causeddy the two policies. Both the intensity and
the durationof the spike is smallerfor warm migrationcompared
to cold migrationbecause¢hereplicasaremaintainedelatively up-
to-datethroughperiodicbatchedupdatesFigure8(c) shavstheal-
locationof replicasduringcold migration. Thewidth of eachadap-
tationstepwidenswith eachreplicaadditionbecausein additionto
the applicationof the two hourlog of missedupdatesthe amount
of dataandthe numberof querieso betransferrecandexecutedon
the new replicasaccumulatesvith theincomingtransactiongrom
thenew clients.Hence the systemhasadif cult time catchingup.
Figure8(d) shavs thatwarm migrationis ableto quickly adaptto
thespike in load.

5.4 Multiple Application Workload

In this section,we useboth the TPC-W andthe RUBIS bench-
mark applicationgto evaluateour replicationsystem. Initially, we
considera simplerscenario,wherethe load for only the TPC-W
workloadis varied, while the RUBIS load is constanthroughout
the experiment. Thenwe considerscenarioswvhenboth loadsvary
dynamically

5.4.1 TPC-WWbrkload Adaptation

Section5.3 shaved that delay-avare allocationreducesscilla-
tory allocationbehaior andwarmmigrationoutperformscold mi-
gration. Our systemusesthis combinationtogetherwith the par
tial overlap mappingpolicy describedn Section4.3. Below, we
compareour systemagainstwo alternatves,staticpartitioningthat
usedlisjointmappingandthefull overlapmappingpolicies. These
schemegepresenbppositeend points of the mappingschemes.
Static partitioningassignsa x ed, disjoint andfair-sharepartition
of the databaselusterto eachworkload,while full overlapmap-
ping allows both the applicationsto operateon all the machines
in the system.Theseschemesunlike partial overlapmapping,re-
quire no dynamicallocationor migration,andsene asgoodbase-
line casedor comparison.

Figure9 shaws theresultsof runningthe two benchmarksFig-
ure9(a)shavsthattheloadfunctionfor TPC-Wchange®vertime
while the RUBIS load is kept constant. The TPC-W normalized
load function variesfrom oneto seven, while the RUBIS load is
kept at one. Note that load stepsare roughly 2.5 minuteswide,
soasharpseven-foldloadincreaseoccurswithin a shortperiodof
15 minutes.The numberof replicasallocatedto TPC-Wunderthe
partial overlap policy is shavn in Figure9(b). Note thatthe read
andwrite setsof theworkloadsdo notchangdor theotherpolicies.
Thethreegraphsat the bottomof Figure9 shav the querylatengy
with thethreemappingpolicies.

The lateny resultsshaw that partial overlap mappingsubstan-
tially outperformsboth the static partitioningandthe full overlap
mappingschemesvhich exhibit sustainecindmuchhigherlateny
SLA violations. The poor performanceof the static partitioning
schemeccursasaresultof insufcient resourceallocatedo TPC-
W sincethis schemesplitsresourceg$airly acrossvorkloads(4 ma-
chinesperworkload). Full overlap performspoorly dueto thein-
terferenceausedy theoverlappingreadsetsof thetwo workloads
in the buffer cacheof the databasesincerequestdrom eitherap-
plication canbe schedulecbn ary databaseeplicaat ary pointin
time.

Figure9(c) shaws thatthelateny in our systembrie y exceeds
the TPC-W SLA of 600 ms asthe systemrecevesadditionalload
while adaptingto previousincreasen load. However, the system
catcheaup quickly andthelatengy targetis metimmediatelyafter
thelastloadstep.Figure9(b) shavs thatmachinesaregraduallyre-
movedfrom the TPC-Wallocationasloaddecreasem thelastpart
of the experiment. The write-setremoval lagsbehindthe read-set
removal becaus®f our two-stepremoval procesgseeSectiond.2)
wherereplicasin the write setare removed more conseratively
thanreplicasin thereadset.

Table2 shaws the percentageomplianceandthe averagenum-
ber of replicasusedby the threeschemesn this experiment. To
calculatecompliance,we divide the experimentinto 10 second
intervals and consideran interval as non-compliantf the lateng
risesabove the HighSLAThreshold  valueeven oncein thein-
terval. While static partitioning usesfewer machinesjt only has
36%compliance Similarly, thefull overlapschemenas31%com-
pliancealthoughit uses8 machinesOn the otherhand,our partial
overlap,warmmigrationschemaisess.2 machineon averageand
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| Scheme | % compliance | Allocated replicas | experimentsalsoshav how our resourcenanagehandlesthe un-
Partial overlap 92% 5.2 derloadandoverloadconditions.
Staticpartitioning 36% 4 Figurel0shavsthecompletesetof resultswhenrunningthetwo
Full overlap 31% 8 varyingload benchmarksFigure10(a)shavs theinput load func-
tion for thetwo benchmarksThesdoadsvary sothatthe systems
Table 2: Percentcomplianceand number of allocatedreplicas in underloadnitially but becomesverloadedroughly 50-60min-
utesinto theexperimentwhenthetotal numberof machinesieeded
by the two benchmarkss approximatelyll (loadlevels 6 and5)
which exceedghe allocatedcapacityof 8 databasenachines.
provides92% SLA compliance. Figures10(b)and10(c)shav thenumberof replicasallocatedo
) theTPC-WandtheRUBIS benchmark$y our partialoverlapmap-
5.4.2 TPC-WandRUBISWobrkload Adaptation pingschemeThesegures shav thattheallocationscloselyfollow
In this section we shav the robustnes®f our systemwhenboth the load increaseduring underload.However, the lightweightand

the TPC-W and the RUBIS workloadsvary dynamically These irregular natureof the RUBIS workloadleadsto someoscillation
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Figure9:

in allocationbetweenone and threereplicas(mostly in the RU-

BIS readset)whentwo replicasappeato besufcient for RUBIS.

Oncethesystemis in overload(roughly after60 minutes) the sys-
temenforcedairnessn replicaallocationacrossvorkloads.In this

case,Figure 10(b) shaws therearetwo consecutie forcedreplica
removals from TPC-W so that TPC-W eventually has4 replicas
allocatedto it. The TPC-W write setlagsbehindthe readsetbe-
causeongoingupdatetransactionsieedto nish on the removed
replicas. The two machinesemoved from the TPC-W workload
areaddedto RUBIS asthey becomeavailable,andasa result,our
dynamicpartitioningschemebehaessimilar to staticpartitioning
duringoverload.

Therestof the graphsin Figure 10 shav the query lateng for
TPC-W andRUBIS for the threemappingpolicies. Figures10(d)
and 10(g) shaw thatour systemkeepsthe querylateng underthe
SLA for almostthe entireunderloadperiod. During overload,our
schemeerformscomparablywith staticpartitioning. However, the
two consecutie spikesin RUBIS lateng duringthis periodaredue
to missesn the buffer cachein the two machineghatwere previ-
ouslyrunningTPC-W This penaltyoccursasaresultof arealload
changen the system.However, it shaws thatary unnecessargs-
cillation in replicaallocationis expensve for databaseeplication.

Theremaininglateny graphsshav the impacton varyingload
onthetwo staticmappingpolicies,staticpartitioningandfull over
lap. Staticpartitioningperformsworsethanour schemean under
loadfor TPC-W becausehis policy allocatesesourcegquallyto
both applicationdmmaterialof their needs.Full overlapperforms
poorly for bothapplications.The high lateng is causedy buffer-
cacheinterferenceespeciallyduringoverload.
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Multiple application load, TPC-W load adaptation

5.5 Adaptation to Failures

Ourdynamicreplicationsystemadaptgeplicaallocationto meet
applicationrequirementsand it usespartial overlap mappingto-
getherwith warm migrationto speedhe replicaadditionprocess.
Thisapproaclenabledandlingdatabaséailuresaswell. In partic-
ular, our systentreatsfailuressimply asload-inducingeventsand
addsnew replicasto meetcurrentdemand.

Figurell demonstratethefault-tolerantbehaior of our system
with asimple,singleworkloadexperiment.Figurell(a)shavsthe
inputloadfunctionfor theTPC-WbenchmarkFigurell1(b)shavs
thatthe replicaallocationmatcheghe input load until 20 minutes
into the experimentwhenafaultis injectedinto oneof the TPC-W
replicas. At this point, the TPC-W lateng is approximately300
ms, which is lower thanthe SLA andthereforethe resourceman-
agerdoesnot take ary action. However, Figure 11(c) shaws that
the TPC-W lateng increasesapidly (asa resultof the fault) un-
til it violatesthe SLA at roughly 22 minutesinto the experiment.
Whenthe SLA is violated,the resourcenanageradaptsts alloca-
tion by addinganotherreplica. At this point, the lateny dropsto
pre-faultlevels.

5.6 Sensitvity Analysis

This sectionshavs that our systemis robust and doesnot re-
quire careful handtuning of parameterdo achiere good perfor
mance. The main parametersn our systemarethe low andhigh
SLA thresholdsand the smoothingparameter . The high SLA
thresholdis speci ed by the application. Below, we shav the ef-
fectsof varyingthe othertwo parameters.

For this study we usethe TPC-W workload, andwe designed
an input load function that simulatesvarious workload scenarios
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Figure 10: TPC-W and RUBIS workload adaptation

includingchangesn load,transienspikes,andregionsof constant
load. This load function, which stresseshe systemwith frequent
andhighamplitudechangesn load,is shavn in Figure12(a).

5.6.1 Variation in the LowSLA hresholdparameter

Figure 12 shavs the output of our replica allocation scheme
for the TPC-W workload asthe LowSLAThreshold parameter
is varied from 0:75 SLA to 0. Intuitively, higher values of
LowSLAThreshold causemoreaggressie replicaremoval and
thusthe numberof machinesallocatedtio a workloadwill bemore
preciselymatchedvith thenumberof machineseededo meetthe
SLA. However, aggressie removal canleadto oscillatoryalloca-
tion which is expensve becausef buffer-cacheinterference.To
reducethis problem,the allocationpolicy describedn Section4.2
separateseplicaremoval for thereadsetandthewrite setof anap-
plication. Remwing areplicafrom thewrite setcanbemuchmore

expensve because laterreplicaadditionwill requiredatamigra-
tion, andhencethis removal is performedmoreconseratively than
removing areplicafrom thereadset.

Figures12(b) through12(f) shav the numberof replicasallo-
catedto thereadandthewrite setsof theapplication.Thesegures
shav that highervaluesof LowSLAThreshold causemorere-
sponsie read-setllocation(thin linesin the gures), butthemore
expensve write-setallocationis stable(thick linesin the gures).
Smallvaluesof LowSLAThreshold causeread-setllocationto
becomdessresponsie andeventuallyreplicasarenever removed
unlessthe systemis in overloadanda removal is forcedto ensure
fair allocation.

Table 3 shaws the averagenumberof replicasallocatedto the
read and the write setsand the average TPC-W lateny. We
seethat the averagenumberof replicasgrons minimally with
decreasingLowSLAThreshold and the averagelateny rises
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| LowSLAThreshold | ReadSet | Write Set| Latency |
0.0 SLA 251 251 213ms
0:1 SLA 1.74 2.14 251ms
0:4 SLA 1.56 2.09 277ms
05 SLA 1.55 2.08 309ms
075 SLA 141 2.08 303ms

Table 3: Number of allocatedreplicasand averagelatency vs.
the LowSLAThreshold parameter

| Smoothingparameter | % Compliance |

1 93
0.5 91
0.25 96
0.125 92
0.0625 89

Table 4: Percentcompliancevs. the smoothingparameter

slowly with increasingLowSLAThreshold . Finally, it should
be clearthat whentwo or fewer replicasare allocatedto the read
setthena LowSLAThreshold value greaterthan0:5  SLA

causesinnecessargscillation. As aresult,ary non-zerovaluefor
LowSLAThreshold thatis belov 0:5 SLA will yield reason-
ableperformance.

5.6.2 Variation in the SmoothingParameter

The smoothingparameter controlsthe responseof the sys-
tem. Highervaluesof causethe systemto reactfasterto the
currentvalueof lateng, while lower valuesof — give moreweight
to thelateny history. While alargervalueof speedseplicaad-
dition which helpsmaintainthe SLA, aggressie replicaremoval
cancauseoscillatoryandexpensve re-allocation.

Table 4 demonstratethis trade-of. It presentghe percentage
compliancefor the input load shavn in Figure12(a)asthe pa-
rameteiis varied. Thebestcomplianceas achi&zedwhen = 0:25.
However, thetablealsoshavsthatcompliancedoesnotvary signif-
icantly andis over 90%for ary valueof thesmoothingparameter

6. RELATED WORK

This paperaddressethehardproblemof resourcellocationand
scalingwithin the databaseier of dynamiccontentapplications.
This work builds on recentlyproposedechniquedor transparent

scalingvia content-avare schedulingin replicateddatabaselus-
ters[16, 9, 21, 26], andin particular usesthe infrastructurefrom
our previouswork on asynchronougeplicationwith con ict-aware
schedulind4, 5].

Themaincontritution of this paperis theexplorationof database
replicationschemedn the contet of dynamicprovisioning. While
Kemmeet al. [16] proposealgorithmsfor databaselusterrecon-
guration, the algorithmsare not evaluatedin detail. This paper
proposesandevaluatesef cient methodsfor dynamicallyintegrat-
ing a new databaseeplicainto a running systemand providesa
detailedevaluationusingrealistichenchmarks.

Similar to our work, the Middle-R [21] replicateddatabasays-
tem targetsadaptatiorto changingload. Middle-R is a primary-
copy replicatedsystem. The adaptatioris doneat two levels: lo-
cal adaptatiorandglobaladaptationThelocal adaptatiorcontrols
thetransactiorconcurreng level ateachdatabaseeplicausingthe
throughputasafeedbacknechanismTheglobaladaptatiorvaries
theassignmenof objectsetsto replicasto reducetheloadvariance
acrossseners. The main differencecomparedo our work is that
the authorsassumethat all replicasare always up-to-date hence
the systemincurslittle or no adaptationdelay Furthermorethe
Middle-R systemis usedwith a single applicationand workload
mix. Henceinterferencebetweenapplicationsfor resourcess not
consideredn thedesignof theadaptations.

Modeling-base@pproachebave provedvery successfulor pro-
visioning the web and applicationsener tiers in dynamiccontent
seners. Theseaxistingapproachegeatthesystemasa setof black
boxes and simply add boxes to a workloads allocationbasedon
qgueuingmodels[7, 36], utility models[29, 34] or marketplaceap-
proache$10].

Theseanalytic performancemnodelshave beenshovn to have
goodaccuray for dynamicresourceallocationof web and appli-
cationseners[7, 36]. Onthe otherhand,to the bestof our knowl-
edge mostof thesetechnique$7, 34,36] assumea singledatabase
back-endfor the datacenter The exceptionis a recentstudy by
Urgaonkaret al. [32], which modelsgenericmulti-tier datacen-
tersusingthe G/G/1 queuingmodel. This modelcapturesary ar
rival distribution and arbitrary servicetimes at eachsener. Us-
ing this basicblock,adynamicresourcellocationalgorithmdeter
minesthe numberof senersneedecht eachtier in orderto handle
the arriving load while satisfyingthe responsdime servicelevel
agreement.While this work studiesallocatingweb and applica-
tion senersondemandijt doesnot studythedynamicallocationof
databasseners,which requirestateconsisteng maintenanceln
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contrast,our work focuseson aspectsspeci c to dynamicalloca-
tion of databaseeplicas,including datamigrationto bring a stale
replicaup to dateandawarenes®f thelag betweerthe adaptation
decisiontime andthetime whentheresultsof thedecisionareseen.

Thereis a large body of literaturerelatedto dynamicresource
allocation. Schedulingpoliciesfor proportionalshareresourceal-
locationincludeLottery schedulind33] andSTFQ[14]. Steereet
al.[28] describeafeedback-basertal-timeschedulethatprovides
resenationsto applicationsbasedon dynamicfeedbackeliminat-
ing the needto resere resources priori. Control-basedesource
allocationalgorithms[12, 18] use modelsand selectvarious pa-
rametergo t atheoreticalcurve to experimentaldata. Theseap-
proachesrenotgenericandneedcumbersomero ling in systems
thatrunmary workloads.For example thePI controllerparameters
canbetuned[12], but theseparametersareonly valid for thetuned
workload and not applicablefor controlling other workloads. In
comparisonpur systemdoesnot requirecarefultuningto achiee
goodperformanceacrosapplicationswith widely varyingresource
needs Furthermoreunlike mostcontrol systemspur systemmust
dealwith long delaysin the controlloop.

Our work is relatedbut orthogonalto ongoing projectsin the
areasof self-managingdatabase$20, 13, 19] and automatically
recon gurable static content web seners [25] and application
seners[17].

For scaling, an alternatve to replication is data partitioning.
However, partitioning complicatesrecon guration becauset re-
quiresglobal datareshufing [11] which prohibits processingof
commonqueriessuchastablejoins duringreorganization.ln con-
trast, replicationallows transparentecon gurationsincereplicas
canbe addedwithout signi cantly disruptingtransactiomprocess-

ing atexisting replicas.

7. CONCLUSIONS

In this paper we proposeusing databaseeplicationto support
multiple dynamiccontentapplicationsonacommoditycluster Our
systemdynamicallyallocateseplicasto eachapplicationto main-
tain perapplicationperformance. This dynamic replication ap-
proachenablesa uni ed approacho load managemenaswell as
faulttolerance.

We usethe shoppingworkload mix of the TPC-W benchmark
andtheRUBIS on-lineauctionbenchmarko evaluatetheresponse
andthe stability of our dynamicreplicationprotocol. The evalua-
tion compareslternatereplicaallocationandmappingpoliciesin
detailandshaws that our systemcanhandlerapid variationsin an
applications resourcerequirementsvhile maintainingquality of
serviceacrossapplications.This is achieved by using 1) a partial
overlapreplicamappingschemethat minimizescross-application
interferencesincethe readsetsof applicationsaredisjoint, and2)
awarmmigrationalgorithmthatreduceghereplicaadditiondelay
We alsoshaw that our replicaallocationalgorithm avoids expen-
sive replicaadditionandremoval oscillationsby takingthereplica
additiondelayinto accountandit doesnot requirecarefultuning
of ary parameters.Finally, we shav that warm migration works
well for scenariopothwith andwithout faults.

Our systemavoids modi cations to the web sener, the applica-
tion scriptsandthe databasengineandusessoftwareplatformsin
commonuse. As aresult,our techniqguesanbe easily appliedto
realwebsites.
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