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ABSTRACT
Thedatabasetier of dynamiccontentserversat largeInternetsites
is typically hostedon centralizedand expensive hardware. Re-
cently, researchprototypeshave proposedusingdatabasereplica-
tion on commodityclustersasa moreeconomicalscalingsolution.
In thispaper, weproposeusingdatabasereplicationto supportmul-
tiple applicationsonasharedcluster. Oursystemdynamicallyallo-
catesreplicasto applicationsin orderto maintainapplication-level
performancein responseto eitherpeakloadsor failureconditions.
This approachallows unifying load and fault managementfunc-
tionality. The main challengein the designof our systemis the
time taken to adddatabasereplicas.We presentreplicaallocation
policies that take this time delay into accountandalsodesignan
ef�cient replicaadditionmethodthathasminimal impacton other
applications.

We evaluateour dynamicreplicationsystemon a commodity
clusterwith two standardbenchmarks:the TPC-W e-commerce
benchmarkand the RUBIS auction benchmark. Our evaluation
shows thatdynamicreplicationrequiresfewer resourcesthanstatic
partitioningor full overlap replicationpoliciesandprovidesover
90%latency complianceto eachapplicationundera rangeof load
andfailurescenarios.

Categoriesand SubjectDescriptors
H.4 [Inf ormation SystemsApplications]: Miscellaneous;D.4.5
[Reliability ]: BackupProcedures,Fault-tolerance;I.2.8 [Problem
solving, Control Methods, and Search]: Control theory, Heuris-
tic methods;D.2.8[Software Engineering]: Metrics—complexity
measures,performancemeasures

GeneralTerms
Measurement,Management,Performance,Reliability

Keywords
Databasesystems,Adaptation,Fault-tolerance,Cluster

Permissionto make digital or hardcopiesof all or part of this work for
personalor classroomuseis grantedwithout fee provided that copiesare
not madeor distributedfor pro�t or commercialadvantageandthatcopies
bearthisnoticeandthefull citationon the�rst page.To copy otherwise,to
republish,to postonserversor to redistributeto lists,requiresprior speci�c
permissionand/ora fee.
EuroSys'06,April 18–21,2006,Leuven,Belgium.
Copyright 2006ACM 1­59593­322­0/06/0004...$5.00.

1. INTRODUCTION
Today, dynamiccontentserversusedby largeInternetsites,such

asAmazonandEBay, employ a three-tierarchitecturethatconsists
of a front-endweb server tier, an applicationserver tier that im-
plementsthe businesslogic of the site, anda back-enddatabase
tier that storesthe contentof the site (seeFigure 1). The �rst
two tiers, the web and the applicationserver, typically usenon-
persistentdataandaregenerallyhostedon inexpensive clustersof
machines.However, thedatabasetier storingpersistentdatais cen-
tralized and hostedeither on a high-endmultiprocessor[15, 31]
or on specializedandexpensive devicessuchasa sharednetwork
disk [1].
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Figure1: Ar chitectureof dynamic contentservers

Recently, severalresearchprototypeshave proposedusingrepli-
cateddatabasesbuilt from commodityclustersasa moreeconom-
ical solution. Thesereplicateddatabases,which have beenused
for running a singleapplication,suchas,an e-commercebench-
mark [24, 6], have shown goodperformancescalingwith increas-
ing replication.For example,a read-heavy workloadcanscalelin-
earlyto dozensof machines[4, 6].

In thispaper, weinvestigateusingdatabasereplicationonacom-
modity clusterto run multiple applications. Our systemdynam-
ically allocatesmachinereplicasto eachapplicationto maintain
application-level performance.In particular, we usea prede�ned
latency boundto determinewhetheranapplication's requirements
arebeingmet. This approachprovides several bene�ts. First, it
allows ef�cient resourcemanagementby avoiding per-application
over-provisioning,e.g.,it allows reducingcostsand/orenergy con-
sumption.Second,dynamicreplicationenablesa uni�ed approach
to resourcemanagementaswell asfault tolerance.Oursystemde-
tectsloadspikesandfailuresasaresourcebottleneckandadaptsin
the samemannerby adjustingthe numberof replicasallocatedto
anapplication.Third, thepreviousscalingstudieshave shown that
theoptimalnumberof replicasallocatedto anapplicationdepends
on thetypeof workloadmix. For example,a read-heavy workload
scalesto largernumbersof replicasthanawrite-heavy workload.A
databaseclustersharedamongmultiple applicationsallows tuning
thenumberof replicasfor eachapplicationbasedon theworkload
mix.



While dynamicdatabasereplicationis appealing,it raisestwo
key issues:1) thereplicaallocationpolicy and2) thereplicamap-
ping policy. The replicaallocationpolicy choosesthe numberof
replicasto allocateto anapplication.The replicamappingpolicy
mapsanapplication's allocatedreplicasto a setof machines.Be-
low, we �rst focuson the designof the mappingpolicy andthen
describetheallocationpolicy.

Theperformanceof our systemdependson thedelayassociated
with addinga new databasereplica to an application,which can
bea time-consumingoperation.Considerthecasewheredifferent
applicationsaremappedto disjoint setsof machinereplicas.When
anapplicationrequiresanadditionalmachinereplica,it mustusean
unallocatedmachineor amachineallocatedto anotherapplication.
In eithercase,the databasestateof the new replicawill be stale
andmustbe broughtup-to-date,e.g.,via datamigrationfrom an
existing replica,beforeit canbeused.In addition,thebuffer cache
at thenew replicaneedsto bewarmbeforethereplicacanbeused
effectively.

Replica addition delay can be avoided altogetherwith fully-
overlappedreplicaswhereall the databaseapplicationsarerepli-
catedacrossall theclustermachines.In thiscase,thereis noreplica
additiondelaybecausereplicasdonothaveto beaddedor removed.
However, thisapproachcausesinterferencedueto resourcesharing.
For example,whenmultiple databaseapplicationsrunon thesame
machine,their performancecandegradedueto buffer cacheinter-
ference.Suchinterferenceis avoidedif usingdisjoint replicasets
acrossapplications. This discussionshows that thereis a trade-
off betweenusingdisjoint and fully-overlappedreplicamapping.
Disjoint mappingreducesinterferenceandthus improvessteady-
stateperformance.Fully-overlappedmappingavoids replica ad-
dition delayandthuscanspeedup the system's responseto load
spikesandfailures.

In this paper, we proposeusinganintermediatemappingpolicy
calledpartial overlap that providesfast responseto overloadand
minimizesinterferenceacrossapplications.In this policy, we dis-
tinguishbetweenanapplication's readandwrite replicasets,called
readsetandwrite setrespectively. The read(write) set is the set
of machinereplicasfrom which anapplicationreads(writes)data.
The readsetof an applicationis a subsetof its write set. In our
approach,the readsetsaredisjoint but the write setsof applica-
tionscanoverlapwith eachother. This policy allows fastresponse
to overloadconditionsin thecommoncase,becauseadditionalre-
sourcescanbe provided to anapplicationby simply extendingits
readsetwithin the boundariesof its write set. This operationis
relatively fastbecauseit doesnot requiredatamigration,although
expandingthereadsetmayrequirewarmingthebuffer cachee.g.,
if switchingtheallocationof a a readsetreplicafrom anotherap-
plication becomesnecessary. Datamigrationis neededonly if an
application's write setneedsto beexpanded.

The partial overlappolicy minimizesinterferenceacrossappli-
cationsbecausewrite queriesin dynamiccontentapplicationsare
typically lightweightcomparedto readqueries[4]. For instance,in
e-commerceapplications,an updatequery typically updatesonly
the recordpertainingto a particularcustomeror product, while
readqueriescausedby browsing can involve expensive database
joins asa resultof complex searchcriteria. Thememoryfootprint
andcomplexity of readqueriesoftenexceedthoseof write queries.
Moreover, readqueriesaremuchmorefrequentthanwrite queries.
Partitioningthereadsetsof applicationsacrossdifferentmachines
minimizesinterference,while overlappingwrite setscauseslittle
interferenceandgenerallyavoidsreplicaadditiondelay.

In additionto themappingpolicy, our replicationsystemusesan
allocationpolicy that is designedto meettheapplication's latency

requirementswhile providing systemstability. To meetthelatency
requirements,thepolicy shouldaggressively addmachinereplicas
whenthe application's latency is closeto its bound. However, a
simplereactive allocationpolicy thatperiodicallymeasuresappli-
cationlatency to addreplicascancauseinstability. In particular, the
replicaadditionprocesscanbelong(eitherdueto datamigrationor
buffer cachewarm-up)andtheapplicationlatency mayremainhigh
duringthis process.A reactive policy thatmeasuresapplicationla-
tency evenduringreplicaadditioncanthereforecauseunnecessary
allocationandadditionalcross-applicationinterferenceaswell as
positive feedbackandoscillation.

To meetthe latency andstability goals,we usea delay-aware
allocationpolicy that has threenovel features. First, the policy
typically suppressesallocationdecisionswhile replicaaddition is
in progress.Second,it compensatesfor the delayduring replica
additionby aggressively reactingto resourcebottlenecks.Speci�-
cally, it usesearlylatency indicationsonthenewly addedreplicato
triggeraggressive allocation. Finally, it usesa two-stepconserva-
tive replicaremoval processto avoid oscillatoryallocationbehav-
ior. Initially, it stopsreadqueriesto a replica,henceremovesthe
replicafrom theapplication's readset. If theapplication's perfor-
manceis notsigni�cantly affectedthenwrite queriesarestoppedto
remove thereplicafrom theapplication's write set.

In our evaluation,we explorea numberof replicamappingand
allocationpolicies for dynamicdatabasereplication. We charac-
terizetheeffectsof thedisjoint, full overlapaswell asour partial
overlapreplicamappingpolicies. In addition,we comparethe re-
active andourdelay-awarereplicaallocationpolicies.Weevaluate
our systemwith two benchmarks:1) the industry-standard,shop-
pingmix workloadof theTPC-We-commercebenchmark[30] that
modelsanon-linebookstore(calledTPC-Win therestof thepa-
per),and2) thebiddingmix workloadof theRUBIS benchmark[3]
thatmodelsanon-linebiddingsystem(calledRUBIS). Ourevalua-
tion shows thatthepartialoverlapmappingpolicy is mosteffective
andrequiresfewer resourcesthanthedisjoint or full overlaprepli-
cationpolicies. The partial overlapmappingpolicy togetherwith
our replicaallocationalgorithmshows goodscalingandprovides
over 90% latency compliancefor both applicationswhenthey are
run togetherundera rangeof loadandfailurescenarios.

The remainderof this paperis structuredasfollows. Section2
provides the motivation for using dynamicreplication,and Sec-
tion 3 describesthearchitectureof our systemandprovidessome
backgroundon our replicationscheme. Section4 describesour
replicaallocationandmappingpolicies.Section5 presentsourex-
perimentalplatformandtheresultsof our experiments.Section6
discussesrelatedwork andSection7 concludesthepaper.

2. MOTIVATION
Our previouswork [4, 5, 6] hasshown thatdatabasereplication

on commodityclustersscaleswell and is a viable alternative to
usingexpensive multiprocessorand/ornetwork storagehardware
con�gurations. Next, we presentsomeresultsfrom this work to
motivateour dynamicreplicationapproach.Figures2 and3 show
the performancescaling graphsfor the TPC-W and the RUBIS
benchmarks.Eachgraphcontainstwo curves,a scalingcurve ob-
tainedexperimentallyon a clusterof 8 databasemachines1, anda
curve obtainedthroughsimulationfor larger clustersof up to 60
databasemachines.

Oursimulationwith largenumbersof replicaswascalibratedus-
ing thereal8-nodecluster. Figures2 and3 show thatthesimulated

1The machinesare AMD Athlon MP 2600+ computerswith
512MBof RAM, usingRedHatFedoraLinux.



performancescalinggraphsfor TPC-WandRUBIS arewithin 12%
of theexperimentalnumbersfor bothapplications.Thesimulations
show that TCP-W scalesbetter than RUBIS. The reasonis that
replicationallows scalingthe throughputof readqueries,andthe
scalinglimit dependson theratio betweentheaveragecomplexity
of readandwrite queries.Thetimespentin executingreadsversus
writes is 50 to 1 for TPC-W and8 to 1 for RUBIS. Thesegraphs
show that the kneeof the scalingcurve dependson the workload
andcannotbedetermineda priori. With a dynamicreplicationap-
proach,eachapplicationcould be assignedreplicasbasedon its
scalingcurve.
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Figure2: TPC-W thr oughput scaling.
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Figure3: RUBIS thr oughput scaling.

While databasereplicationis appealing,it requirespoliciesfor
replicaallocationandmapping.As describedearlier, thetwo most
signi�cant andcompetingchallengesin thedesignof thesepolicies
arethedelayassociatedwith replicaadditionandthebuffer cache
interferencewith overlappingreplicas. While it shouldbe intu-
itively clearthataddinga databasereplicacanbe slow, below we
show thatbuffer cacheinterferencecanalsobea signi�cant prob-
lem,which led usto investigatethedisjoint andthepartialoverlap
mappingpolicies.

Weconductedanexperimentwith theTPC-WandRUBIS work-
loadsusing two con�gurationson our experimentalcluster. The
workloadsareeitherrun on two separatemachines(Disjoint Map-
ping)or onbothmachinestogether(OverlapMapping).Whenrun-
ning together, we load balancedboth the workloadson both the
machines.Table1 shows thepercentof totalCPUtime spentwait-
ing for I/O asreportedby thevmstat Linux utility. In bothcon-
�gurations, the resultsreportedareafter the buffer pool hasbeen
warmed.With Disjoint Mapping,TPC-Wexperiencesnowait time
becauseit hasa smallmemoryfootprint that�ts in availablemem-
ory, while RUBIS waitsfor 31%timebecauseits footprintexceeds
total availablememory. However, whentheworkloadsexecuteon
both the machines,the wait time for TPC-W increasesdramati-

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

Table1: Percentof total CPU time waiting for I/O
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Figure4: Cluster architecture

cally. TheRUBIS workloadevictsTPC-W'spagesfrom theshared
buffer pool. This causesTPC-Wto issuemoreI/O requests,which
degradesitsperformanceseverely. Asaresult,theTPC-Wthrough-
put is halvedwith OverlapMappingcomparedto Disjoint Mapping
andthequerylatency is doubled(numbersnotshown here).While
it is possibleto reduceinterferenceeffectsby varioustuningmeth-
ods,suchasby increasingavailablememoryto thebuffer pool and
by tuning per-applicationbuffer pool sizes,this approachquickly
becomesinfeasibleas the numberof overlappingapplicationsis
increased.

3. REPLICATION ARCHITECTURE
Thedynamiccontentserverarchitectureconsistsof theweb,ap-

plication andthe databaseserver tiers. In our system,interposed
betweentheapplicationandthedatabasetiersis asetof schedulers,
oneperapplication,thatdistributeincomingrequeststo aclusterof
databasereplicas. Figure4 shows the architectureof our system.
In our system,thewebandtheapplicationtiers arecombinedbut
separatingthesetierswouldhavenoeffectonourdynamicreplica-
tion architecture.Eachscheduler2 uponreceiving a queryfrom the
applicationserversendsthequeryusinga read-one,write-all repli-
cationschemeto the replicasetallocatedto the application. The
replicasetis chosenby a resourcemanagerthatmakesthereplica
allocationandmappingdecisionsacrossthedifferentapplications.
Theresourcemanageris describedin thenext section.

The applicationschedulerprovides consistentreplication, i.e.,
one-copy serializability[8], by assigninga globalserializationor-
derto all transactionsandensuringthattransactionsexecutein this
orderat all thereplicasallocatedto its workload.

For scalability, the schedulerusesour Con�ict-Aware replica-
tion scheme[5, 6]. With this scheme,eachtransactionexplic-
itly declaresthe tablesit is going to accessandtheir accesstype.
Con�ict-awarereplicationusesthis informationto detectcon�icts

2Eachschedulermayitself bereplicatedfor availability [4, 5].



betweentransactionsand to assignthe correctserializationorder
to thesecon�icting transactions.The transactionserializationor-
deris expressedby theschedulerin termsof versionnumbers.The
schedulertagsquerieswith theversionnumbersof the tablesthey
needto readandsendsthemto thereplicas.Eachdatabasereplica
keepstrack of the local table versionsas tablesare updated. A
queryis heldat eachreplicauntil thetableversionsmatchthever-
sionstaggedwith thequery. As anoptimization,thescheduleralso
keepstrackof versionsof tablesasthey becomeavailableat each
databasereplicaandsendsread-onlyqueriesto asinglereplicathat
alreadyhasthe requiredversions. The schedulercommunicates
with a databaseproxy at eachreplicato implementreplication.As
a result,our implementationdoesnot requirechangesto theappli-
cationor thedatabasetier.

4. DYNAMIC REPLICATION
In this section,we provide anoverview of theresourcemanager

that implementsdynamicreplicationand thenpresentthe replica
allocationandthemappingpoliciesusedby themanager. Finally,
wepresentanef�cient datamigrationalgorithmthatis usedduring
replica additionand that hasminimal impacton transactionpro-
cessing.

4.1 Overview
Theresourcemanagermakesthereplicaallocationandmapping

decisionsfor eachapplicationbasedon theperformanceneedsand
thecurrentperformancelevel of theapplication.Theperformance
needsareexpressedin termsof a servicelevel agreement(SLA)
thatconsistsof a latency requirementon theapplication's queries.
Thecurrentperformancelevel is measuredin termsof theaverage
query latency observed at the application. This latency is main-
tainedat theapplicationschedulerandperiodicallysentto the re-
sourcemanager. The resourcemanagerusesthe averagelatency
and the application's latency requirementto make the allocation
decisionsperiodically. This periodis thesamefor all applications.
Theallocationdecisionsarecommunicatedto therespectivesched-
ulers,whichthenallocateor removereplicasfrom theirreplicasets.

The resourcemanageroperatesin two modes,underloadand
overload. During underload,the numberof replicasis suf�cient
to handletheoverall demandandallocationdecisionsperapplica-
tion aremadeindependently. 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 latency to make

replica allocationdecisions. The averagingis performedat ev-
ery queryusinganexponentiallyweightedmean[35] of the form
W L = � � L + (1� � ) � W L whereL is thecurrentquerylatency.
Thelargerthevalueof the� parameter, themoreresponsivetheav-
erageis to currentlatency. Theresourcemanagerusesa threshold
schemefor replicaallocation.Themanagerperiodicallycompares
theaveragelatency to a high thresholdvalue(HighSLAThreshold)
to detectimminent SLA violations and addsa replica when the
averagelatency is above the high threshold. Similarly, whenthe
averagelatency is below a low threshold(LowSLAThreshold),it
detectsunderloadandremovesa replica. This basictechniqueis
similar to overloadadaptationin statelessservices[35], wheresim-
ple smoothingof latency and thresholdinghave beenreportedto
give acceptablestability.

Unfortunately, this techniqueby itself doesnot provide satisfac-
tory performancein our systemdue to the delayassociatedwith
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Figure5: Typical replicaaddition process

addingdatabasereplicas.Below, we describemodi�cations to the
techniqueto improve thestability andtheperformanceof thesys-
tem during replicaallocation. Thesemodi�cations arediscussed
aspart of the replicaadditionandthe removal process.Figure6,
shows our replicaallocationlogic andtheconditionsunderwhich
a databasereplicais addedto or removedfrom anapplicationallo-
cation.

4.2.1 ReplicaAddition
Figure5 showsatypical replicaadditionprocess,whichconsists

of two phases:datamigrationandsystemstabilization. Datami-
grationinvolvesapplyinglogsof missingupdatesto thenew replica
to bring it up-to-date.Systemstabilizationinvolvesloadbalancing
and warmupof the buffer pool on the new replica. While these
stagesmay overlap, replicaaddition can introducea long period
over which querylatenciesarehigh. Thesimpleallocationpolicy
describedabove basedon periodicallymeasuringviolationsof the
latency requirementcanthustriggerunnecessaryreplicaallocation
aswell asinterferencewith otherapplications.

Theresourcemanagermakestwo modi�cationsto thebasicallo-
cationalgorithmto accountfor replicaadditiondelay. First,it stops
makingallocationdecisionsuntil thecompletionof thereplicaad-
dition process.Second,sincethis wait time canbe long andcan
impactreactionto steeploadbursts,theresourcemanagerusesthe
querylatency at thenew replicato improve its responsiveness.The
statetransitionson the left sideof Figure6 show the replicaad-
dition logic in detail. Speci�cally, in the Steady State , the
resourcemanagermonitorstheaveragelatency receivedfrom each
workload schedulerduring eachsamplingperiod. If the average
latency over the pastsamplinginterval for a particularworkload
exceedstheHighSLAThreshold , henceanSLA violationis im-
minent,theresourcemanagerplacesa requestto adda databaseto
thatworkload'sallocation.Theresourcemanagertracksthereplica
additionprocessuntil therequesthasbeenful�lled andtheresultof
thechangecanbeobserved. This impliespotentialwaiting in two
states,correspondingto addingthenew replicato thewrite setand
thereadsetof theapplication,respectively. Whenaddinga replica
to thewrite setof theapplication,datamigrationto bringupa new
databasefor thatworkloadmaybenecessary. We transitionout of
thecorrespondingstateonly whendatamigrationis �nished.

Thesecondstatecorrespondsto addingthereplicato thereadset
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Figure6: Replica allocation logic

of theapplication,which includeswaiting for systemstabilization,
i.e., load balancingandbuffer pool warmup. The resourceman-
agercomparesaveragestatisticscollectedby the schedulerfrom
the old readreplicasetandthe new replicain order to determine
whensystemstabilizationis complete.Sincethiswait maybelong
andwill impactsystemreactivity to steeploadbursts,we optimize
waiting time by usingthe individual averagelatency generatedat
thenewly addeddatabaseasaheuristic.Sincethisdatabasehasno
loadwhenadded,weuseits latency exceedingtheSLA asanearly
indicationof a needfor evenmoredatabasesfor thatworkloadand
we transitiondirectly into addinganotherreplicain thiscase.

4.2.2 ReplicaRemoval
Theresourcemanagerremovesa databasefrom anapplication's

allocationin two cases.First, the applicationis in underloadfor
a suf�cient periodof time anddoesnot needa replica(voluntary
remove). Second,thesystemasa wholeis in overloadandfairness
betweenallocationsneedsto beenforced(forcedremove).

In the former case,the right branchof Figure6 shows that the
removal pathis conservative andinvolvesa tentative remove state
beforethe replicais �nally removed from an application's alloca-
tion. The allocationalgorithm entersthe tentative remove state
whenthe averagelatency is below the low threshold. In the ten-
tative remove state,a replicais removedfrom anapplication's read
setbut not from its write set. If the application's averagelatency
remainsbelow the low thresholdfor a periodof time, the replica
is removed from the write setalso. This two-stepprocessavoids
systeminstability by ensuringthat theapplicationis indeedin un-
derload,sinceamistakeduringremoval wouldsoonrequirereplica
addition,whichis expensive. For aforcedremove duringoverload,
we skip the tentative removal stateandgo directly to the removal
state.In eithercase,thedatabasereplicais removed from a appli-
cation's replicawrite setonly whenongoingtransactions�nish at
thatreplica.

4.3 ReplicaMapping
Dynamicreplicationpresentsaninherenttrade-off betweenmin-

imizing applicationinterferenceby keepingreplica setsdisjoint
versusspeedingreplica addition by allowing overlappingreplica
sets. Below, we describethreereplicamappingschemesthat we
analyzein this paper:disjoint, full overlapandpartialoverlap.

4.3.1 Disjoint
In thisscheme,eachapplicationis assignedadisjoint replicaset

from themachinesin thedatabasecluster. An applicationupdates

only thereplicasin its replicasetandany replicawithin thereplica
setcanbeselectedto servicea read. Thebene�t of this approach
is that it hasminimal cross-applicationinterferenceduringperiods
of stableload. However, when addinga replica, datamigration
cantake a while if thenew replicahasnot beenupdatedfor a long
time. Wecall thismigrationto apotentiallystalereplicawith acold
buffer cachea coldmigration.

4.3.2 Full Overlap
With full overlap, writes of all applicationsare sentto all the

databasesin the cluster. Eachreadqueryof any applicationcan
be sentto any replica and the readsetsand the write setsof all
applicationsarenever changed.This approachallows maximum
sharingof resourcesacrossapplicationsandobviatestheneedfor
replicaaddition(or datamigration)or deletion.However, thereads
andwritesof all applicationssharethebuffer-cacheat eachreplica
which can causecross-applicationinterferenceand poor perfor-
mancewhenthe buffer-cachecapacityis exceeded.Furthermore,
with largeclusters,the largewrite setcanexceedthescalinglimit
for someapplications(e.g.,seeFigure3). Finally, if a largenumber
of applicationsaresharingthecluster, theexecutionof all writeson
all nodesmayultimatelycauseinterference.

4.3.3 Partial Overlap
The partial overlapschemelies in betweenthe disjoint andthe

full overlapmappingschemes.Eachapplicationis assigneda dis-
joint primaryreplicaset. However, write queriesof anapplication
arealsoperiodicallysentto a secondarysetof replicas.This sec-
ondarysetoverlapswith the primary replicasetof otherapplica-
tions. Theresourcemanagersendsbatchedupdatesto thereplicas
in thesecondarysetto ensurethatthey arewithin astalenessbound,
wheretheboundis equalto thebatchsizeor thenumberof queries
in thebatch.Althoughthebatchedupdatesto thesecondarysetcan
causecross-applicationinterference,we expectthis interferenceto
besmallbecausedynamiccontentapplicationsaretypically read-
heavy andreadsarenotsentto thesecondaryreplicas.

The secondaryreplicasarean over�ow pool that allow adding
replicasrapidly in responseto temporaryloadspikessincemigrat-
ing datato them involves sendingno more than a batchsize of
updatesandis expectedto bea fastoperation.Wecall thisdatami-
grationstrategy warmmigration. A specialcaseof warmmigration
occurswhenthebatchsizeis one. In this case,which we call hot
migration, updatequeriesaresentimmediatelyto all the replicas
in theprimaryandthesecondaryset.Thena replicais added(i.e.,
a replica is moved from the secondaryset to the primary set)by
simply issuingreadqueriesto thesecondaryreplica.

The secondaryreplicaset is con�gurable in our system.How-
ever, to simplify analysis,we will henceforthassumethat thesec-
ondarysetof an applicationconsistsof all replicasin the system
outsidetheapplication's primaryset.

4.4 Data Migration Algorithm
In this section,we describeour datamigrationalgorithmthat is

designedto bringanew replicaup-to-datewhile minimally disrupt-
ing transactionprocessingon the currentreplicasin the applica-
tion's replicaset.With this goal,themigrationis performedusing
datastoredat the schedulerratherthan from an existing replica.
The schedulermaintainspersistentlogs of write queriesandtheir
versionnumbersper tableandupdatesthe log at eachtransaction
commitpoint. Theselogsarereplayedduringdatamigrationto up-
datea new replicaandtheversionnumbersat thenew replicaare
usedto detectthesetof missedupdates.For ef�ciency, we allow



transactionprocessingto occurat the currentreplicaswhile data
is beingmigratedto the new replica. The challengewith this ap-
proachis that theupdatesmadeby thesenew transactionsneedto
be incorporatedat the new replica. If transactionsarrive continu-
ally, thedatamigrationprocess,which itself takestime,would lag
behindthe new transactionsand the new replica would never be
up-to-date.To avoid this problem,datamigrationis performedin
a batchedfashionuntil theremaininglogsreachbelow a threshold
size. At this point, thenew replicais consideredadded.Thenthe
remaininglogsandthenew transactionupdatesaresentto thenew
replicausingthesamemethodasfor existing replicas.Thereplica
ordersthe log entriesandtheupdatesandappliesthemin version
numberorder. At this point, the replica is up-to-date. To limit
the numberof log updatesthat needto be sent,the thresholdsize
shouldbelarge. However, it shouldbechosensothat theupdates,
which arestoredin memory, do not exceedthememoryavailable
at thereplicamachine.

Thelogsfor atransactionaremaintainedattheschedulerat least
until thetransactioneithercommitsor abortsatall databasesin the
replica set. In addtion,the logs are garbagecollectedafter their
sizeexceedsa certainbound. Occasionally, replicaadditionmay
requiremigratingupdatesthathave beengarbagecollected.In this
case,datamigrationconsistsof installing a snapshotof the entire
databasefor thatapplicationfrom anexisting replica.

5. EVALUATION
In this section,we evaluatethe performanceof our systemto

show thatdynamicreplicationenableshandlingrapidvariationsin
anapplication'sresourcerequirementswhile maintainingqualityof
serviceacrossapplications.Our evaluationconsistsof four differ-
entsetsof experiments.First,weuseasingleapplicationto clearly
illustratetheimpactof replica-additiondelayon dynamicdatabase
replication.Second,weevaluatetheperformanceof oursystemun-
derheavy andvarying loadby usingtwo benchmarkapplications,
TPC-WandRUBIS, thataredescribedin detailbelow. Third, we
evaluatethe effect of databasefaultson our system. Finally, we
performsensitivity analysisandshow thatthesystemis robustand
doesnot requirecarefulparametertuning to achieve goodperfor-
mance. Below, we �rst describethe benchmarksand the experi-
mentalsetupandthenpresentourevaluation.

5.1 Benchmarks
TheTPC-WandtheRUBIS benchmarksusedin ourexperiments

are implementedusing threepopularopensourcesoftwarepack-
ages: the Apacheweb server, the PHPweb-scripting/application
developmentlanguage[23] that implementsthe businesslogic of
thebenchmarks,andtheMySQL databaseserver with InnoDB ta-
bles[22].

5.1.1 TPC­WE­CommerceBenchmark
TheTPC-Wbenchmarkfrom theTransactionProcessingCoun-

cil [30] is a transactionalweb benchmarkdesignedfor evaluating
e-commercesystems.Several interactionsareusedto simulatethe
activity of a retail storesuchasAmazon.Thedatabasesizeis de-
terminedby the numberof itemsin the inventoryandthe sizeof
thecustomerpopulation.We use100K itemsand2.8million cus-
tomerswhich resultsin a databaseof about4 GB.

The inventoryimages,totaling1.8 GB, areresidenton theweb
server. We implementedthe 14 different interactionsspeci�ed in
theTPC-Wbenchmarkspeci�cation.Of the14 scripts,6 areread-
only, while 8 causethe databaseto be updated.Read-writeinter-
actionsincludeuserregistration,updatesto theshoppingcart,two
order-placementinteractions,two interactionsthatinvolveorderin-

quiry anddisplay, andtwo thatinvolveadministrativetasks.Weuse
thesamedistribution of scriptexecutionasspeci�ed in TPC-W. In
particular, we usethe TPC-W shoppingmix workloadwith 20%
writes which is consideredthe most representative e-commerce
workloadby theTransactionalProcessingCouncil.Thecomplexity
of the interactionsvarieswidely, with interactionstakingbetween
20 ms and1 secondon an unloadedmachine.Read-onlyinterac-
tionsconsistmostlyof complex readqueriesin auto-commitmode.
Thesequeriesareupto 50timesmoreheavyweightthanread-write
transactions.

5.1.2 RUBISAuctionBenchmark
We usethe RUBIS Auction Benchmarkto simulatea bidding

workload similar to EBay. The benchmarkimplementsthe core
functionalityof anauctionsite: selling,browsing,andbidding.We
do not implementcomplementaryserviceslike instantmessaging,
or newsgroups. We distinguishbetweenthreekinds of userses-
sions:visitor, buyer, andseller. For avisitor session,usersneednot
registerbut areallowed to browseonly. Buyerandsellersessions
requireregistration.In additionto thefunctionalityprovidedduring
thevisitor sessions,duringa buyersession,userscanbid on items
andconsulta summaryof their currentbid, rating,andcomments
left by otherusers. We usethe default RUBIS bidding workload
that contains15% writes. This mix is consideredthe mostrepre-
sentative of anauctionsiteworkloadaccordingto anearlierstudy
of EBayworkloads[27].

5.2 Experimental Setup
Ourexperimentalsetupconsistsof webservers,schedulers(one

perapplication),theresourcemanager, databaseenginesandclient
emulatorsthatsimulateloadon thesystem.All thesecomponents
usethesamehardware. Eachmachineis a dualAMD Athlon MP
2600+ (2.1GHz CPU) computerwith 512MB of RAM. We use
theApache1.3.31webserver [2] andtheMySQL 4.0.16database
server with InnoDB tables[22]. All themachinesusetheRedHat
Fedora3 Linux operatingsystemwith the2.6kernel.All nodesare
connectedvia 100MbpsEthernetLAN.

To demonstratethescalingandtheperformancebehavior of the
databasebackend,theApacheweb/applicationserversarerunona
suf�cient numberof machinessothattheseserversdo not become
a bottleneckfor eitherapplication.TheMySQL databasesarerun
on8 machines.

5.2.1 ClientEmulator
Wehaveimplementedasessionemulatorfor theTPC-Wandthe

RUBIS applicationsto induceload on the system.A sessionis a
sequenceof interactionsby thesamecustomer. For eachcustomer
session,theclient emulatoropensa persistentHTTP connectionto
the web server andclosesit at theendof the session.Eachemu-
latedclient waits for a certainthink time beforeinitiating thenext
interaction.Thenext interactionis determinedby a statetransition
matrix that speci�estheprobabilityof going from oneinteraction
to another. The sessiontime andthink time aregeneratedfrom a
randomdistributionwith a givenmean.

Theloadinducedby theclient emulatordependson thenumber
of clientsemulatedandthe application. To easerepresentingthis
loadfor both theTPC-WandtheRUBIS applicationson thesame
graph,wenormalizetheinput loadto abaselineload.Thebaseline
loadis thenumberof clientsthatsaturatea singlemachine.In our
setup,thebaselineloadwasroughly25clientsfor TPC-Wand150
clientsfor RUBIS.



5.2.2 ExperimentalParameters
Ourexperimentsuse600msfor theHighSLAThreshold and

200 ms for the LowSLAThreshold parameters.The High-
SLAThreshold parametervalue was chosenconservatively to
guaranteeanend-to-endlatency at theclientof at mostonesecond
for eachof thetwo workloads.Thelow thresholdparameteris cho-
sento belessthan50%of thehighthresholdparameter, whichpro-
videsstability in small databasecon�gurations(i.e., whenadapt-
ing from 1 to 2 databases).We usea latency samplinginterval of
10 secondsfor theschedulers.This valuedoesnot requirecareful
tuningbecausethereplicaallocationpolicy accountsfor thedelay
duringreplicaadditionor deletion.As a result,thesamplinginter-
val canbe relatively shortandtheschedulerscanrespondrapidly
to changesin load.Thevalueof thesmoothingparameter� , which
affectsthesystemresponse,is setto 0.25. Section5.6 shows that
theseparametersdonot requireextensive tuning.

5.3 SingleApplication Workload
In thissection,weuseasingleTPC-Wbenchmarkapplicationto

show theeffectof replica-additiondelayonboththereplicaalloca-
tion andthemappingpolicies.

5.3.1 ReplicaAllocation
Figure7 shows the resultsof usingtwo replicaallocationpoli-

cies. The input load function is shown in Figure7(a). The �rst
policy usescontinuouslatency samplingandtriggersreplicaaddi-
tion or deletionwhenthe averagelatency risesabove the High-
SLAThreshold parameteror fallsbelow theLowSLAThresh-
old parameter. Thesecondpolicy is delay-awareandimplements
thereplicaallocationpolicy describedin Section4.2.

In this experiment,we usepartialoverlapwith hot migrationas
thereplicamappingscheme.This schemeensuresthat replicaad-
dition is arelatively fastoperation.Evenso,Figure7(b)shows that
oscillationsoccurwhenthereplica-additiondelayis not takeninto
accountby theallocationpolicy. Theseoscillationsoccurbecause
the latency doesnot becomenormaluntil the queriesthat caused
thespike in latency �nish executing. During this period,this pol-
icy overallocatesreplicas,which subsequentlycausesthe latency
to dip below the LowSLAThreshold . As a result,the resource
managerthendeletesreplicas.This situationwould beevenworse
when the replica-additiondelay is longer, suchas with warm or
coldmigration.Ourdelay-awarepolicy avoidstheseoscillationsas
shown in Figure7(c). This �gure shows thattheresourcemanager
addsdatabasesto meetdemandwithoutoverallocation.

5.3.2 ReplicaMapping
Figure8 comparestheresultsof usingthecoldandwarmreplica

mappingpolicies.We initially subjectthesystemto a loadthatre-
quires3 databasesto satisfytheSLA. After 2 hours(7200seconds)
of elapsedtime,we increasetheloadto 7.

Figure8(a)shows theloadfunction,while Figure8(b)shows the
latency spikescausedby the two policies. Both the intensityand
the durationof thespike is smallerfor warm migrationcompared
to coldmigrationbecausethereplicasaremaintainedrelatively up-
to-datethroughperiodicbatchedupdates.Figure8(c)shows theal-
locationof replicasduringcoldmigration.Thewidth of eachadap-
tationstepwidenswith eachreplicaadditionbecause,in additionto
theapplicationof the two hour log of missedupdates,theamount
of dataandthenumberof queriesto betransferredandexecutedon
thenew replicasaccumulateswith theincomingtransactionsfrom
thenew clients.Hence,thesystemhasa dif�cult time catchingup.
Figure8(d) shows thatwarmmigrationis ableto quickly adaptto
thespike in load.

5.4 Multiple Application Workload
In this section,we useboth the TPC-WandtheRUBIS bench-

markapplicationsto evaluateour replicationsystem.Initially, we
considera simplerscenario,wherethe load for only the TPC-W
workload is varied,while the RUBIS load is constantthroughout
theexperiment.Thenwe considerscenarioswhenboth loadsvary
dynamically.

5.4.1 TPC­WWorkloadAdaptation
Section5.3 showed thatdelay-awareallocationreducesoscilla-

tory allocationbehavior andwarmmigrationoutperformscold mi-
gration. Our systemusesthis combinationtogetherwith the par-
tial overlapmappingpolicy describedin Section4.3. Below, we
compareoursystemagainsttwo alternatives,staticpartitioningthat
usesdisjointmappingandthefull overlapmappingpolicies.These
schemesrepresentoppositeend points of the mappingschemes.
Staticpartitioningassignsa �x ed,disjoint andfair-sharepartition
of the databaseclusterto eachworkload,while full overlapmap-
ping allows both the applicationsto operateon all the machines
in thesystem.Theseschemes,unlike partialoverlapmapping,re-
quireno dynamicallocationor migration,andserve asgoodbase-
line casesfor comparison.

Figure9 shows theresultsof runningthetwo benchmarks.Fig-
ure9(a)shows thattheloadfunctionfor TPC-Wchangesover time
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,
soa sharpseven-fold loadincreaseoccurswithin a shortperiodof
15 minutes.Thenumberof replicasallocatedto TPC-Wunderthe
partial overlappolicy is shown in Figure9(b). Note that the read
andwrite setsof theworkloadsdonotchangefor theotherpolicies.
Thethreegraphsat thebottomof Figure9 show thequerylatency
with thethreemappingpolicies.

The latency resultsshow that partial overlapmappingsubstan-
tially outperformsboth the staticpartitioningandthe full overlap
mappingschemeswhichexhibit sustainedandmuchhigherlatency
SLA violations. The poor performanceof the static partitioning
schemeoccursasaresultof insuf�cient resourcesallocatedto TPC-
W sincethisschemesplitsresourcesfairly acrossworkloads(4 ma-
chinesperworkload). Full overlapperformspoorly dueto the in-
terferencecausedby theoverlappingreadsetsof thetwo workloads
in the buffer cacheof the database,sincerequestsfrom eitherap-
plicationcanbescheduledon any databasereplicaat any point in
time.

Figure9(c) shows that thelatency in our systembrie�y exceeds
theTPC-WSLA of 600msasthesystemreceivesadditionalload
while adaptingto previous increasein load. However, thesystem
catchesup quickly andthe latency target is met immediatelyafter
thelastloadstep.Figure9(b)showsthatmachinesaregraduallyre-
movedfrom theTPC-Wallocationasloaddecreasesin thelastpart
of theexperiment.Thewrite-setremoval lagsbehindthe read-set
removal becauseof our two-stepremoval process(seeSection4.2)
wherereplicasin the write set are removed more conservatively
thanreplicasin thereadset.

Table2 shows thepercentagecomplianceandtheaveragenum-
ber of replicasusedby the threeschemesin this experiment. To
calculatecompliance,we divide the experiment into 10 second
intervals andconsideran interval asnon-compliantif the latency
risesabove theHighSLAThreshold valueeven oncein the in-
terval. While staticpartitioningusesfewer machines,it only has
36%compliance.Similarly, thefull overlapschemehas31%com-
pliancealthoughit uses8 machines.On theotherhand,our partial
overlap,warmmigrationschemeuses5.2machinesonaverageand
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Figure7: Comparisonof replicaallocation policies
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Figure8: Comparisonof replicamapping policies

Scheme % compliance Allocated replicas
Partial overlap 92% 5.2
Staticpartitioning 36% 4
Full overlap 31% 8

Table 2: Percentcomplianceand number of allocatedreplicas

provides92%SLA compliance.

5.4.2 TPC­WandRUBISWorkloadAdaptation
In thissection,we show therobustnessof oursystemwhenboth

the TPC-W and the RUBIS workloadsvary dynamically. These

experimentsalsoshow how our resourcemanagerhandlestheun-
derloadandoverloadconditions.

Figure10showsthecompletesetof resultswhenrunningthetwo
varying loadbenchmarks.Figure10(a)shows theinput loadfunc-
tion for thetwo benchmarks.Theseloadsvarysothatthesystemis
in underloadinitially but becomesoverloadedroughly50-60min-
utesinto theexperimentwhenthetotalnumberof machinesneeded
by the two benchmarksis approximately11 (load levels 6 and5)
whichexceedstheallocatedcapacityof 8 databasemachines.

Figures10(b)and10(c)show thenumberof replicasallocatedto
theTPC-WandtheRUBIS benchmarksbyourpartialoverlapmap-
pingscheme.These�gures show thattheallocationscloselyfollow
the load increaseduringunderload.However, the lightweightand
irregular natureof the RUBIS workloadleadsto someoscillation
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Figure9: Multiple application load, TPC-W load adaptation

in allocationbetweenone and threereplicas(mostly in the RU-
BIS readset)whentwo replicasappearto besuf�cient for RUBIS.
Oncethesystemis in overload(roughlyafter60 minutes),thesys-
temenforcesfairnessin replicaallocationacrossworkloads.In this
case,Figure10(b)shows therearetwo consecutive forcedreplica
removals from TPC-W so that TPC-W eventually has4 replicas
allocatedto it. The TPC-W write set lagsbehindthe readsetbe-
causeongoingupdatetransactionsneedto �nish on the removed
replicas. The two machinesremoved from the TPC-W workload
areaddedto RUBIS asthey becomeavailable,andasa result,our
dynamicpartitioningschemebehavessimilar to staticpartitioning
duringoverload.

The restof the graphsin Figure10 show the query latency for
TPC-WandRUBIS for the threemappingpolicies. Figures10(d)
and 10(g)show thatour systemkeepsthequerylatency underthe
SLA for almosttheentireunderloadperiod. During overload,our
schemeperformscomparablywith staticpartitioning.However, the
two consecutivespikesin RUBIS latency duringthisperiodaredue
to missesin thebuffer cachein the two machinesthatwereprevi-
ouslyrunningTPC-W. Thispenaltyoccursasaresultof a realload
changein thesystem.However, it shows thatany unnecessaryos-
cillation in replicaallocationis expensive for databasereplication.

The remaininglatency graphsshow the impacton varying load
onthetwo staticmappingpolicies,staticpartitioningandfull over-
lap. Staticpartitioningperformsworsethanour schemein under-
loadfor TPC-Wbecausethis policy allocatesresourcesequallyto
bothapplicationsimmaterialof their needs.Full overlapperforms
poorly for bothapplications.Thehigh latency is causedby buffer-
cacheinterference,especiallyduringoverload.

5.5 Adaptation to Failur es
Ourdynamicreplicationsystemadaptsreplicaallocationto meet

applicationrequirementsand it usespartial overlap mappingto-
getherwith warmmigrationto speedthe replicaadditionprocess.
Thisapproachenableshandlingdatabasefailuresaswell. In partic-
ular, our systemtreatsfailuressimply asload-inducingeventsand
addsnew replicasto meetcurrentdemand.

Figure11demonstratesthefault-tolerantbehavior of oursystem
with asimple,singleworkloadexperiment.Figure11(a)shows the
input loadfunctionfor theTPC-Wbenchmark.Figure11(b)shows
that thereplicaallocationmatchesthe input loaduntil 20 minutes
into theexperimentwhena fault is injectedinto oneof theTPC-W
replicas. At this point, the TPC-W latency is approximately300
ms,which is lower thantheSLA andthereforetheresourceman-
agerdoesnot take any action. However, Figure11(c) shows that
the TPC-W latency increasesrapidly (asa resultof the fault) un-
til it violatesthe SLA at roughly 22 minutesinto the experiment.
WhentheSLA is violated,theresourcemanageradaptsits alloca-
tion by addinganotherreplica. At this point, the latency dropsto
pre-fault levels.

5.6 Sensitivity Analysis
This sectionshows that our systemis robust and doesnot re-

quire careful handtuning of parametersto achieve good perfor-
mance.The main parametersin our systemarethe low andhigh
SLA thresholdsand the smoothingparameter� . The high SLA
thresholdis speci�ed by the application. Below, we show the ef-
fectsof varyingtheothertwo parameters.

For this study, we usethe TPC-W workload,andwe designed
an input load function that simulatesvariousworkload scenarios
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Figure10: TPC-W and RUBIS workload adaptation

includingchangesin load,transientspikes,andregionsof constant
load. This load function,which stressesthe systemwith frequent
andhighamplitudechangesin load,is shown in Figure12(a).

5.6.1 Variation in theLowSLAThresholdparameter
Figure 12 shows the output of our replica allocation scheme

for the TPC-W workloadasthe LowSLAThreshold parameter
is varied from 0:75 � SLA to 0. Intuitively, higher valuesof
LowSLAThreshold causemoreaggressive replicaremoval and
thusthenumberof machinesallocatedto a workloadwill bemore
preciselymatchedwith thenumberof machinesneededto meetthe
SLA. However, aggressive removal canleadto oscillatoryalloca-
tion which is expensive becauseof buffer-cacheinterference.To
reducethis problem,theallocationpolicy describedin Section4.2
separatesreplicaremoval for thereadsetandthewrite setof anap-
plication.Removing areplicafrom thewrite setcanbemuchmore

expensive becausea later replicaadditionwill requiredatamigra-
tion, andhencethis removal is performedmoreconservatively than
removing a replicafrom thereadset.

Figures12(b) through12(f) show the numberof replicasallo-
catedto thereadandthewrite setsof theapplication.These�gures
show that highervaluesof LowSLAThreshold causemore re-
sponsive read-setallocation(thin linesin the�gures), but themore
expensive write-setallocationis stable(thick lines in the �gures).
Smallvaluesof LowSLAThreshold causeread-setallocationto
becomelessresponsive andeventuallyreplicasarenever removed
unlessthesystemis in overloadanda removal is forcedto ensure
fair allocation.

Table3 shows the averagenumberof replicasallocatedto the
read and the write sets and the averageTPC-W latency. We
see that the averagenumber of replicasgrows minimally with
decreasingLowSLAThreshold and the averagelatency rises
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Figure11: Adaptation to replica failur e

LowSLAThreshold ReadSet Write Set Latency
0:0 � SLA 2.51 2.51 213ms
0:1 � SLA 1.74 2.14 251ms
0:4 � SLA 1.56 2.09 277ms
0:5 � SLA 1.55 2.08 309ms
0:75 � SLA 1.41 2.08 303ms

Table 3: Number of allocated replicasand averagelatency vs.
the LowSLAThreshold parameter

Smoothingparameter � % Compliance
1 93
0.5 91
0.25 96
0.125 92
0.0625 89

Table4: Percentcompliancevs. the smoothingparameter �

slowly with increasingLowSLAThreshold . Finally, it should
be clearthat whentwo or fewer replicasareallocatedto the read
set then a LowSLAThreshold value greaterthan 0:5 � SLA
causesunnecessaryoscillation.As a result,any non-zerovaluefor
LowSLAThreshold that is below 0:5 � SLA will yield reason-
ableperformance.

5.6.2 Variation in theSmoothingParameter�
The smoothingparameter� controls the responseof the sys-

tem. Higher valuesof � causethe systemto react fasterto the
currentvalueof latency, while lower valuesof � give moreweight
to thelatency history. While a largervalueof � speedsreplicaad-
dition which helpsmaintainthe SLA, aggressive replicaremoval
cancauseoscillatoryandexpensive re-allocation.

Table4 demonstratesthis trade-off. It presentsthe percentage
compliancefor the input load shown in Figure12(a)asthe � pa-
rameteris varied.Thebestcomplianceis achievedwhen� = 0:25.
However, thetablealsoshowsthatcompliancedoesnotvarysignif-
icantlyandis over 90%for any valueof thesmoothingparameter.

6. RELATED WORK
Thispaperaddressesthehardproblemof resourceallocationand

scalingwithin the databasetier of dynamiccontentapplications.
This work builds on recentlyproposedtechniquesfor transparent

scalingvia content-aware schedulingin replicateddatabaseclus-
ters[16, 9, 21, 26], andin particular, usesthe infrastructurefrom
ourpreviouswork onasynchronousreplicationwith con�ict-aware
scheduling[4, 5].

Themaincontributionof thispaperis theexplorationof database
replicationschemesin thecontext of dynamicprovisioning.While
Kemmeet al. [16] proposealgorithmsfor databaseclusterrecon-
�guration, the algorithmsarenot evaluatedin detail. This paper
proposesandevaluatesef�cient methodsfor dynamicallyintegrat-
ing a new databasereplica into a running systemandprovidesa
detailedevaluationusingrealisticbenchmarks.

Similar to our work, theMiddle-R [21] replicateddatabasesys-
tem targetsadaptationto changingload. Middle-R is a primary-
copy replicatedsystem.The adaptationis doneat two levels: lo-
cal adaptationandglobaladaptation.Thelocaladaptationcontrols
thetransactionconcurrency level ateachdatabasereplicausingthe
throughputasa feedbackmechanism.Theglobaladaptationvaries
theassignmentof objectsetsto replicasto reducetheloadvariance
acrossservers. Themain differencecomparedto our work is that
the authorsassumethat all replicasare always up-to-date,hence
the systemincurs little or no adaptationdelay. Furthermore,the
Middle-R systemis usedwith a single applicationandworkload
mix. Hence,interferencebetweenapplicationsfor resourcesis not
consideredin thedesignof theadaptations.

Modeling-basedapproacheshaveprovedverysuccessfulfor pro-
visioning the web andapplicationserver tiers in dynamiccontent
servers.Theseexistingapproachestreatthesystemasasetof black
boxes andsimply addboxes to a workload's allocationbasedon
queuingmodels[7, 36], utility models[29, 34] or marketplaceap-
proaches[10].

Theseanalytic performancemodelshave beenshown to have
goodaccuracy for dynamicresourceallocationof web andappli-
cationservers[7, 36]. On theotherhand,to thebestof our knowl-
edge,mostof thesetechniques[7, 34,36] assumeasingledatabase
back-endfor the datacenter. The exceptionis a recentstudyby
Urgaonkaret al. [32], which modelsgenericmulti-tier datacen-
tersusingtheG/G/1queuingmodel. This modelcapturesany ar-
rival distribution and arbitrary servicetimes at eachserver. Us-
ing thisbasicblock,adynamicresourceallocationalgorithmdeter-
minesthenumberof serversneededat eachtier in orderto handle
the arriving load while satisfyingthe responsetime servicelevel
agreement.While this work studiesallocatingweb and applica-
tion serversondemand,it doesnotstudythedynamicallocationof
databaseservers,which requirestateconsistency maintenance.In
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(c) LowSLAThreshold = 0.5SLA
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(d) LowSLAThreshold = 0.4SLA
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(e) LowSLAThreshold = 0.1SLA
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Figure12: Replicaallocation with differ ent LowSLAThreshold parameters

contrast,our work focuseson aspectsspeci�c to dynamicalloca-
tion of databasereplicas,includingdatamigrationto bring a stale
replicaup to dateandawarenessof thelag betweentheadaptation
decisiontimeandthetimewhentheresultsof thedecisionareseen.

Thereis a large body of literaturerelatedto dynamicresource
allocation. Schedulingpoliciesfor proportionalshareresourceal-
locationincludeLottery scheduling[33] andSTFQ[14]. Steereet
al. [28] describeafeedback-basedreal-timeschedulerthatprovides
reservationsto applicationsbasedon dynamicfeedback,eliminat-
ing theneedto reserve resourcesa priori. Control-basedresource
allocationalgorithms[12, 18] usemodelsandselectvariouspa-
rametersto �t a theoreticalcurve to experimentaldata. Theseap-
proachesarenotgenericandneedcumbersomepro�ling in systems
thatrunmany workloads.Forexample,thePIcontrollerparameters
canbetuned[12], but theseparametersareonly valid for thetuned
workload andnot applicablefor controlling other workloads. In
comparison,our systemdoesnot requirecarefultuningto achieve
goodperformanceacrossapplicationswith widelyvaryingresource
needs.Furthermore,unlike mostcontrolsystems,our systemmust
dealwith long delaysin thecontrolloop.

Our work is relatedbut orthogonalto ongoingprojectsin the
areasof self-managingdatabases[20, 13, 19] and automatically
recon�gurable static content web servers [25] and application
servers[17].

For scaling, an alternative to replication is data partitioning.
However, partitioning complicatesrecon�guration becauseit re-
quiresglobal datareshuf�ing [11] which prohibits processingof
commonqueriessuchastablejoins duringreorganization.In con-
trast, replicationallows transparentrecon�gurationsincereplicas
canbe addedwithout signi�cantly disruptingtransactionprocess-

ing at existing replicas.

7. CONCLUSIONS
In this paper, we proposeusingdatabasereplicationto support

multipledynamiccontentapplicationsonacommoditycluster. Our
systemdynamicallyallocatesreplicasto eachapplicationto main-
tain per-applicationperformance. This dynamic replication ap-
proachenablesa uni�ed approachto load managementaswell as
fault tolerance.

We usethe shoppingworkloadmix of the TPC-W benchmark
andtheRUBIS on-lineauctionbenchmarkto evaluatetheresponse
andthestability of our dynamicreplicationprotocol. Theevalua-
tion comparesalternatereplicaallocationandmappingpoliciesin
detailandshows thatour systemcanhandlerapidvariationsin an
application's resourcerequirementswhile maintainingquality of
serviceacrossapplications.This is achieved by using1) a partial
overlapreplicamappingschemethat minimizescross-application
interferencesincethereadsetsof applicationsaredisjoint, and2)
awarmmigrationalgorithmthatreducesthereplicaadditiondelay.
We alsoshow that our replicaallocationalgorithmavoids expen-
sive replicaadditionandremoval oscillationsby takingthereplica
additiondelayinto account,andit doesnot requirecarefultuning
of any parameters.Finally, we show that warm migrationworks
well for scenariosbothwith andwithout faults.

Our systemavoidsmodi�cations to thewebserver, theapplica-
tion scriptsandthedatabaseengineandusessoftwareplatformsin
commonuse. As a result,our techniquescanbeeasilyappliedto
realwebsites.
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