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Abstract

Data replication is usedextensivelyin wide-aea dis-
tributedsystemso achievelow data-accestatency A large
numberof heuristicshavebeenproposedo performreplica
placementPractical experienceindicatesthat the choice
of heuristic males a big differencein termsof the costof
requiredinfrastructue (e.g., storage capacityand network
bandwidth),dependingon systemtopolagy, workload and
performancegoals.

Thispaperdescribesa methodo assistsystendesignes
chooseplacementheuristicsthat meettheir performance
goalsfor the lowestpossibleinfrastructue cost. Existing
heuristicsare classi ed accoding to a numberof prop-
erties. The inherent cost (lower bound)for eac class of
heuristicsis obtainedfor givensystemworkloadand per-
formancegoals. The systemdesignercompaes different
classe®f heuristicson thebasisof thesdowerbounds Ex-
perimentalresultsshowthat choosinga heuristicwith the
proposedmethodolgy resultsin up to 7 timeslower cost
compaedto usingan“obvious” heuristic,sud ascaching.

1. Intr oduction

Datareplicationis usedextensvely to improve dataac-
cessperformancen wide-areadistributed systemsin sys-
temssuchascontentdelivery networks[4], webhostingser
vices[11, 12], anddistributeddatarepositorieg8, 13], data
arereplicatedcloseto thepointof accesso achieve low ac-
cesdateng.

Several techniquesare usedto perform replica place-
ment,includingvariationsof caching[7] andcentralizedhl-
gorithms[11]. All approacheaimatmeetingsomelateng-
relatedperformancegoal; sometake sucha goalasanin-
putparametemwhile othersprovideanimplicit performance
level that cannotbe speci ed. Similarly, the metric usedto
capturethe performancegoal differs amongdifferent ap-
proacheskFor example,somesystemsim atimproving the
averageaccesdateng, while othersguarantedhat at least

a certainpercentagef accesseare senedwithin a speci-
ed lateng threshold.

Considera storagesystem(e.g.,a videoon-demandser
vice) storing 10k unique les, 1TB in total size, over 300
distributed nodes Assumethat the designemwants90% of
readrequestdo be sened within at most100ms.Achiev-
ing this goal by using LRU caching[14] would requireat
least$30,000just for disk capacityfor the cachesOn the
otherhand,if insteadacentralizedyreedyplacemenheuris-
tic [11] is usedfor the samesystemandworkload,the per
formancegoal could be met with just $7,500for disk ca-
pacity, with both approachebaving a comparablecostfor
consumedetwork bandwidth[6].

The example above illustratesthat choosingthe right
replicaplacemengapproachs anon-trivial andnon-intuitive
exercise.Decidinghow mary replicasto createandwhere
to placethemto meeta performancegoal with minimalin-
frastructurecostis anNP-hardproblem(seeAppendix). All
replicaplacementapproacheproposedn theliteratureare
heuristicsthat are designedor certainsystemsandwork-
loads.A heuristicthatworkswell in onecasemaybe com-
pletelyinappropriateinderdifferentcircumstances—inay
betoo costlyor evenunableto meetthe performanceoal.

Oneway to choosea heuristicis, of course,by imple-
mentinga numberof themin a live systemand evaluat-
ing themunderreal workloads.In the generalcase this is
not feasibledueto the performanceand costimplications
of poorchoices Moreover, implementingandintegratinga
heuristicin alive systems a challengingandtime consum-
ing task.Evenworse,this processnmay needto berepeated
everytime the systemor workloadchange.

This paperproposesa methodfor decidingon the ap-
plicability of replica placementheuristics,without affect-
ing the live system.The key ideais to derive the inherent
costof differentclassesf heuristics.To achieve this, we
useanintegerprogramming(IP) formulationof thereplica
placementproblem,togetherwith constraintsthat capture
thepossibleplacemensolutionsof differentheuristicsThis
formulationis usedto calculatelower boundsfor the re-
sulting cost of a rangeof possibleheuristics,given spe-
ci ¢ systemtopologiesworkloadsandperformancegoals.
The papermresentexperimentaresultsdemonstratinghat



the costof actualheuristicsis closeto thatof the obtained
lower bounds.Thus,the key ideais thatlower boundscan
be usedto argue aboutthe applicability of heuristicsfor a
givenworkload,systemandperformanceyoal.

The focusof the paperis on the practicalaspectof the
methodnotonits theoreticafoundationsThelatterarede-
scribedin the appendix. The proposedmethodis an off-
line approachthat assistssystemdesignersn the follow-
ing ways: 1) eliminatetypesof replica placementheuris-
tics that can not meetthe requiredperformancegoal for a
certainsystemopologyandworkload;2) amongheuristics
that canmeetthe goal, pick onethatresultsin low infras-
tructurecost; 3) decideon the necessargystemcon gura-
tion (numberof nodes storagecapacitiesetc).

We demonstratéhe applicability of the methodwith ex-
perimentatesultsfrom arealisticcasestudy—aservicethat
provides le accesgo the regionalandremoteof ces of a
corporationwith multiple sites. The evaluationshows that
themethodidenti es theappropriatéheuristicandresultsin
considerablsasingsin infrastructurecosts.

In summary the papermalkes the following contritu-
tions:

Proposesan off-line methodfor choosinga replica
placemenheuristic,givenasystemworkloadandper
formancegoal.

Evaluategheapplicability of heuristicson the basisof
lower boundson cost,without requiringto deploy the
heuristicsin alive system.

Demonstratethe practicality of the proposednethod
in areal-world casestudy

2. RelatedWork

Data replication and placementfor improving perfor
mancewas rst studiedin the contect of the le assign-
mentproblem[3] andwas shovn to be a comple< combi-
natorialoptimizationproblem.Replicaplacemenhasbeen
akey technologyin contentdelivery networks[4] aswell as
web cachingandweb proxy serviceq7, 12, 18]. All these
systemsaim atimproving the averageaccesdateng, while
they minimize the cost of the systemresourcesusedfor
replication.Qiu et al. [11] de ned the problemof replica
placementthat minimizes the averageaccesdateng for
given systemresourcesThey formalizedit as a static k-
median problem for which they obtainedgenerallower
bounds;the costof someknown heuristicswas compared
againsthoselowerboundsOurgoalis to guaranteeertain
lateng goalswhile minimizing thereplicationcost.We ob-
tain lower boundsfor speci ¢ classef heuristics.These
boundsprovide strongercomparisorpointsfor the costof
practicalheuristics.

More recently Yu and Vahdatproposedandformalized
the problemof minimal replicationcostfor a given avail-
ability target[20]. They derive generalower boundsgiven
a workload, network partition patternsand consisteng re-
guirementsin a systemwith onedataobject.In theirwork,
availability is de ned asthe fraction of accessethat com-
plete successfullyWe are also concernedwith minimiz-
ing the costof resourcesisedto do replication.However,
our objective is to meeta speci ed lateng goal. We obtain
lower boundgor certainclasse®f heuristicsandfor realis-
tic numberof dataobjects.Oneof our de nitions of perfor
mancegoalsis a generalizatiorof theirs (they requirethat
100%o0f therequestsatisfythelateng threshold)To avoid
an explosionto the computationatomplexity of the prob-
lem andto handlelarge numberof objects,we do not cap-
turefailuresandconsistenyg.

We have shown that the replica placementproblemis
a dynamicvariationof the classicSET-COVER problem[5,
16]. It is dynamicbecauseccesgatternsand,asaresult,
placemenbf replicasmay changeover time. Therearedy-
namicextensionof theoriginal staticSET-COVER thathave
beenproposedn the literature[9], but noneof themcap-
tureslateng goals.DaskinandOwenhave proposedanex-
tensionthat capturedateng goals,but only in a staticcon-
text [10]. Thereareno known approximatioralgorithmsfor
either extensionof SET-COVER. Thus, our methodusesa
linear programmingrelaxationof the IP problemformula-
tion to obtainlower boundsthat, in practice,are close-to-
tight.

3. Problem Formulation

The proposedmethodcompareslasse®f heuristicson
the basisof lower costbounds,given a system,workload
and performancegoal. To that purpose we formalize the
minimal replicationcostfor performancéMc-PERF) prob-
lem asanInteger ProgrammingIP) optimizationproblem.
We solwe this problemto derive the requirediower bounds.

3.1. BasicProblem

In the problemformulation,the systemis representeds
a setof interconnectedhodes(N). The nodesstorereplicas
of asetof dataobjectg(K). Eachnodehassomedemandor
differentobjectsin the system,capturedasrequestorigi-
natingfrom theuserson thatnode.

Replicasof objectscan be dynamically createdor re-
moved on ary of the nodes.Suchchangesnay only occur
at the beginning of evaluationintervals The intervals rep-
resenthe highestfrequeng atwhich the placementeuris-
tic is executedon ary nodein the system.For example,a
cachingheuristicis run on anodeuponevery singleobject
accessnitiated at that node;a complec centralizedplace-



[ Variable | Meaning I
storenik Binary: noden storesobjectk duringintenal i.
createik Binary: objectk is createcbn noden duringintenal i.
coveredyk | Binary: noden canacces®bjectk within thelateng thresholdduringintenal i.
rout€nmik Binary: noden canacces®bjectk in intenal i from nodem.
open, Binary: noden is enabledj.e., it canstorereplicas.
reacdhix Thenumberof readrequestgrom noden to objectk in intenal i.
Writenik Thenumberof write requestsrom noden to objectk in intenal i.
latencym | Thelateny for accessingnobjectatnodem from noden.
disthm Binary: noden canreachnodemwithin thelateny thresholdT; 4.
knownm Binary: noden usesnformationfrom nodem to male its placementiecision.
fetchnm Binary: noden canfetchobjectsfrom nodem.
histhik Binary: noden hasarecordin its actvity historyof objectk beingaccessednnodenin intenal i.
Tat Thetamgetlateny threshold.
Tqos Thefractionof accessesenedin atmostT, 4, in thecaseof the rst metric.
Tavg Theaveragdatengy goalfor the secondmetric.
a Theunit costfor storage.
b Theunit costfor replicacreation.
g Theunit costof the penaltyfor anaccessakingmorethanT, 4.
d Theunit costfor anupdatemessage.
z Theunit costfor enablingandmanaginga node.

Table 1. The variables used in the IP model of mc-PERF. Variables in bold are the unkno wn decision
variables. nand mare nodes, iis an inter val and kis an object.

mentheuristicmay be run oncea day. An executionin the
systemconsistof a nite sequencef evaluationintervals
M.

We extendthe de nition of replicationcostby Yu and
Vahdat[20] to cover multiple objects ascapturedby cost
function (1). Thereplicationcostis de ned to be the sum
of the storagecostandthe replicacreationcost(the costof
networking resourcesisedto createa replica),over all ob-
jects, nodesand intervals. We do not considerreplicare-
moval cost,asit is negligible in mostrealsystems.

In the costfunction, sore,k is a binary variable cap-
turing whethernode n storesobject k during interval i;
creae,x denoteswhetherobjectk is createdon noden at
thebeginningof interval i. Constanta andb representhe
unit costfor storageandreplicacreationcost,respectiely.
They alsoprovide awayto changaheweightof eachof the
two elementdn the costfunction. The de nition could be
easilyextendedo let a andb vary for differentobjectsand
nodesThevariablesusedn theproblemde nition aresum-
marizedin Table 3. For notationalcorveniencewe write

n minsteadof nm N, iinsteadof i |,and kin-
steadof k K.
4 & & a dorey b creaey 1)
i In Nk K

The objective of MC-PERF is to minimize (1), subjectto
a numberof constraintsthat capturethe performancegoal
metric that is of interest.Other metricscan be expressed,
but they have to be monotonicallyincreasingor monotoni-
cally decreasingvith theadditionof areplica.In this paper
we focuson two representatie metricsthatwe considerof
practicalimportance.

The rst metricis a utility functionthatspeci estheper
centagef requestshathave to besatis edwithin alateng
threshold(referredto asQoSgoal in therestof the paper).
It is capturedin (2) asthe minimum requiredrequestra-
tio (Tqos) Senedwithin the lateny threshold;e.qg.,99% of
the requestsare sened within 250 ms. This performance
goal canbe de ned for a singleuseror for an entiregroup
of users(e.g.,department)aswell asfor a singledataob-
jector for a setof objects(e.g.all the les of auser).Con-
straint(2) de nes this on a per userbasisandover all ob-
jects; it canbe easily modi ed to accountfor ary of the
otherthreepossiblede nitions.

Constraints(3) — (6) de ne the problemvariablesand
systeminvariants.Constraint(4) statesthat there are no
replicasin the systemto start with; however, this could
be trivially modi ed to accountfor ary initial placement.
distnm is a binary variable capturingwhethernoden can
reachnodem within the lateng threshold,given the sys-
tem'stopology

ai 14k kreadik coverd

T n 2
&i 14k kreadik a0 @)
credenx Sorenx Soreni 1k hik )
sore, 1k O n k (4)
coveredyy  Q disthm toremix N k (5)

m N
doreyik coveredyix creaey 01 nik (6)

Thesecondnetricrefersto theaveragdateng perceved
by theuserslt statesfor example,thatthe averageateng
mustnot be above 250 ms. To expressthis type of perfor
mancegoal, constraint(2) is replacedby equations(7) —



(10) below. In particulay constraint(7) statesghatthe aver-
agepercevedlateng in thesystemmustbelessor equalto
aspeci edthreshold.The otherconstraintcapturethe fact
thatarequesis routedonly to onenodethat storestheref-
erencedbiject.

&m N&i 14k kreadk latencym rowenmik

T n (7
&i 18k kreadhix ave @
Q rouemik 1 nik (8)

m N
rokeymik sorepw 0 nmik 9)
roueymx 01 nmik (10)

We have shown thatproblemmc-pPERF, asde ned here,
is NP-hard.The proof is basedon a reductionof the well-
known SET-COVER problem[17] to mc-PERF. The details
of the proof areoutsidethe scopeof this paperithey canbe
foundin theappendix

3.2. Model Extensions

The problemde nition as statedabose doesnot make
ary provisionsfor thoserequestghat do not meetthe per
formancegoal, for ary of thetwo metrics.For example,if
99% of therequestsaresenedwithin 250 ms, the remain-
ing 1% may take arbitrarily long to be sened (or caneven
becompletelydiscarded)Often, it makessensdo senethe
requestshatmisstheperformanceoalin abesteffort man-
ner. To capturethis,term(11) canbeaddedo thecostfunc-
tion (1). Thistermintroducesapenalty(additionalcostpro-
portionalto g) for ary accesghattakeslongerthanthe la-
teng thresholdT .

04 a4 a readik 1 covereds
i In Nk K
4 latencym Tia routenmi (11)
m N

Similarly, term (12) canbe addecto the costfunctionto
capturethe costof writes (updates)jn the system.The ba-
sic de nition, implies that datareplicascan be storedon
ary nodein the system.However, enablinga nodeto run
theplacemenheuristicandstorereplicasmayinvolve some
cost.This costis capturedy includingterm(13) in thecost
function. In that case constraint(14) statesthat placement
canbeperformedonly on“open” nodes.

da 4 4 writeyk & Storemi (12)
i In Nk K m N
z & open, (13)
n N
oper, dorenx nik (14)
oper, 01 n (15)

4. Classesf Heuristics

Solving the above IP problem,we can get the theoret-
ically lowestpossibleinfrastructurecost. This is the gen-
eral lower boundfor mc-PERF. However, for the purposes
of this paper we needto obtainthe lowest possiblecost
achievablewith differenttypesof heuristics To accomplish
this, we identify a setof propertiesthat capturethe tech-
niguesandassumptionfoundin differentheuristics These
propertiesare expressedasadditionalconstraintdn the IP
formulation. Solving mc-PERF with someadditionalcon-
straintsthat representa certainclassof heuristics,we get
thelowestpossiblecostof thoseheuristicsfor a givensys-
tem,workloadandperformanceyoal.

4.1. Heuristic Properties

Theheuristicpropertiesve considerrelistedin Table2.
As will bediscussedn Section4.2,they arerepresentatie
of an extensie rangeof placementheuristics.The proper
tiesarediscussedh moredetailin thefollowing paragraphs.

Storage constraint. Placementheuristicsthat usea x ed
amountof storagethroughouthe executionsatisfythe stor
ageconstraintproperty Examplesinclude cachingheuris-
ticsandmary le allocationalgorithms[3]. Therearetwo
variationsof this propertythatarecapturedy thetwo ver-
sionsof constraint(16). The rst statesthatthe amountof
storageusedis the samefor every singlenodeandinterval.
This correspondse.g.,to a systemwherethe administrator
con gures every nodewith the samecachesize. The sec-
ondvariationre ects the casewherethe amountof storage
usedvariesbetweennodes(but not with time). This cap-
turessystemswheree.g.,largercachesareplacedon strate-
gic nodeswith hightraf c. Theconstraintcapturegustthe
factthatthestoragesizeis the sameacrosall intenvals(and
acrossall nodesfor the rst variation); it doesnot spec-
ify what that capacityis. It is the solutionto the problem
that providesthe minimal capacitythat satis es this con-
straint.

a doresk  Q Horegok N (16)
K K k K

4 storenx  § Soreox N (169
k K k K

Replica constraint. This constraintre ects heuristicgtyp-
ically centralized3, 11]) thatusea x ed numberof repli-
casfor eachobjectthroughouthe execution.Therearetwo
variationsof this constraintThe rst stateshatall objects
have the samenumberof replicasin the system for all in-
tenvalsin the execution.It refersto heuristicsthat createa
x ed numberof replicasfor all objectsirrespectve of de-
mand.The secondvariation statesthat eachobject hasits
own replicationfactorfor thedurationof theexecution.This



Heuristic properties [ Abbrev | Lower bound for any heuristic... [

storageconstraint Sc thatis usinga x edamountof storagen every intenal.

replicaconstraint RcC thatis usinga x ednumberof objectreplicasin every intenal.

routingknowledge Route whereeachnodeknows the contentsof some(zeroor more)othernodes.
global/localknowvledge | Know wherethe placementecisionwasmadeusinginformationfrom mary / one(local) node.
actiity history Hist for which only objectsaccesseduringthis mary pastintenals canbeplaced.

reactve placement React thatis reactve; proactve placementmplied otherwise.

Table 2. The six heuristic properties considered in this paper.

is the casefor heuristicshatcreatemorereplicasfor popu-
lar objects.Again, the solutionto the problemprovidesthe
optimalreplicationfactorthatsatis esthis constraint.

4 doreny @ storengo ik (17)
n N n N
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Routing knowledge. With some heuristics, such as
caching, a node has no knowledge of what replicas
other nodescache.Upon a miss, the node hasto fetch
the object from a predetermined,usually remote loca-
tion that storesall objects (origin sener). On the other
hand,with cooperatie caching,a node knows what ob-
jectsare storedat someother nearbynodesand canfetch
themfrom there[19]. Similarly, mary centralizedheuris-
tics fetch the closestreplicain the system[11]. We call
this property routing knowledge It is representedby ma-
trix fetch. fetchhm 1, when noden knows of the ob-
jectsstoredon m. Constraintg18) and(19) statethatn can
only fetchobjectsfrom anodem for which fetchpyy, 1.

coveredhy  Q distam Storemix fetcham  nik  (18)
m N

rokenmixk fetchhm O nmik (19)

Global/Local knowledge.Whena heuristicmakesa place-
mentdecisionfor a speci ¢ node,it takesinto accountac-
tivity at that nodeand potentially other nodesin the sys-
tem. In one extreme,someheuristics(e.g.,caching)make
placemendecisionsfor a nodebasedon the accessethat
originatedon thatnodealone(local). Onthe otherextreme,
heuristicsthatuseknowledgefrom the entire system(typi-
cally, centralizecheuristics)may placeanobjecton anode
asaresultof activity somevhereelsein thesystem(global).
To representhesetwo casesandarything in betweenwe
usematrix know. know,n, indicatesthat knowledgeof ac-
cessedriginating at nodem, even if not directedto node
n, is usedto decidethe placemenbf objectson n. We call
all nodesm suchthatknow,,, 1 to bein the the sphere
of knowledgeof noden. In the next paragraphwe discuss
how matrix knowis incorporatednto our model.

Activity history. A heuristicdecidesto placea replicaon
the basisof the systems activity duringoneor moreinter-
vals. The actiity history propertycaptureshe numberof

intervals consideredThis is speci ed in the modelby ma-
trix higt. hignhik 1, if noden accessewbjectk duringor
beforeinterval i within the historyconsideredy the heuris-
tic.

We exemplify this with the two extreme cases.First,
when the history is a single interval, a heuristicthat de-
cidesaboutplacementn interval i on noden canconsider
only objectsreferencedvithin the nodes sphereof knowl-
edgeduring i. Cachingis an example of suchheuristics.
Second,when the history is all intervals, a heuristic can
considerary objectreferencedwithin the nodes sphereof
knowledge,throughoutthe execution,up to andincluding
i. We introduceconstraint(20) to capturethe actiity his-
tory. Note, that it doesnot make senseto placean object
morethanone interval beforeit is accessedor rst time,
because¢hiswouldincreasestoragecostunnecessarilyith
the samenetworking cost. Thus, this constraintprovidesa
lower boundfor heuristicsthat performprefetching.

Q histhik knowym  nik (20)

m N

creaenix

Reactive placement.Until now, the IP formulationimplic-
itly capturessolutionsof proactie heuristics;the activity
history coversnot only previousintervals but alsothe cur-
rentinterval, at the beginning of which the placemente-
cisionis made.This correspondso heuristicsthat perform
placemenknowing theaccesse® take placein thecurrent
interval or prefetchobjectsthathave not beenaccessetbe-
fore. However, thereare mary heuristicsthat are reactie,
i.e., they canonly place objectsthat have beenaccessed
in the past(beforethe currentinterval). Examplesinclude
caching(without prefetching)and other on-line heuristics
thathave no prior knowledgeof theworkload.

We capturethe solutionsof reactive heuristicsy further
constraininghe actiity history property The new version
statesthatif histp; 1k O for a given objectk during the
previousinterval in the sphereof knowledgeof noden, ob-
jectk cannotbecreatedn n duringthe currentinterval. For
example,if the actiity historyis just a singleinterval and
theheuristicis usingonly local information,an objectcan-
notbecreatednanodeunlesst wasaccessedly thatnode
duringthe previousinterval. This is true, for example,with
local caching.
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4.2. Classeof Heuristics

Solving the basicmc-PERF problemof Section3.1, we
obtaina generallower boundthat appliesto ary possible
replicaplacementlgorithm.By including one or more of
theabove constraintgo the mc-PERF formulation,we con-
strainthe possiblesolutionsto only thosethat arepossible
with aclassof heuristics Thus,solvingthelP problemwith
additional constraintsprovides lower boundsfor the cost
of the correspondindneuristicclassesWe usetheselower
bounds,in Section6, to argue aboutthe merits of differ-
ent classef heuristics.Table 3 includesan extensie list
of heuristicfrom theliteratureandshavshow they arecap-
turedby variouscombinationf heuristicproperties.

A numberof centralizedcheuristicghatuseglobalknowl-
edgeof the systemto make placementdecisionsare con-
strainedonly by a storageconstraintor areplicaconstraint.
Otherheuristicsarerunin a completelydecentralizedash-
ion, only having knowledge of actwity on the local node
wherethey run. The commoncachingprotocolsare sub-
casesof those heuristics;they reactonly to the last ac-
cessinitiated on the local node;all missesgo to a desig-
nated“origin” node. Cooperatie cachingis capturedby
constraintghatre ect the extendedknowledgeof 1) activ-
ity on othernodesin the systemand2) whatobjectsother
nodesstore.Last,performingproactve placemenbasecdn
knowledgeor speculatiorof accesset happerin the cur-
renttime interval (as opposedo just pastintervals), cap-
turesvariationsof cachingand cooperatie caching,with
prefetching.

4.3. Evaluation Interval Values

An importantparameteof themc-PERF problemformu-
lation is the evaluationinterval (D) usedto calculatelower
costbounds.Intuitively, the evaluationinterval mustbe as
smallaspossibl€for thesolutionsconsidered—thenoreof-
tenyou make placementlecisionsthe betteryour chances
to meetthe performanceequirementandreducecost. In
theory asD approache®, the lower boundcorvergesto a
valuethatis thelowestpossibl€or ary D; thestoragegpartof
the costfunctionis minimized.However, thatlower bound
would be lower thanthe costof ary realistic heuristic.In
practice,D shouldbe setaccordingto the smallestpossi-
ble evaluationperiodof thetargetedheuristics.

Therearetwo typesof heuristicsto be consideredvhen
settingD in MC-PERF. First, thereare heuristicsthat per
form placemengvaluationsavery P units of time. For such

heuristics,we have shovn that an evaluationinterval D
Pmin 2, where Pyin is the smallestP on ary node and at
ary time in the system,is sufcient to provide a lower
bound(seetheappendix) Secondthereareheuristicye.g.,
caching)thatperformplacementvaluationsafterevery ac-
cesson a node.In that case,D is the minimum time be-
tweenary two accessewithin the sphereof knowledgeof
ary node.

5. Deriving Lower Bounds

In generalan P problemcanbe solved exactly with an
IP solver, resultingin a tight lower bound However, such
an approachis feasibleonly at a very small scale.To ef-
ciently calculatelower boundsonehasto sacri ce tight-
ness.On the otherhand,thoselower boundsmustbe close
to the tight lower bound, otherwisethey would be of no
use.Thus, the requiremenis to obtainlower boundsthat
are closeto tight but still canbe computedin reasonable
time.

Therearetwo commonwaysto obtainlower boundsei-
therdevise an approximatioralgorithmfor the problem,or
usea linear programmingrelaxation(LP) of the problem
combinedwith a roundingalgorithm. It hasbeenshaown
that SET-COVER cannotbe approximatedwith a constant
approximatiorfactor[17], andthereareno known approx-
imation methodsfor either dynamic SET-COVER or static
SET-COVER with performanceconstraintgboth canbe re-
ducedto instance®f MC-PERF). Theseareworst-casesti-
matesfor approximatioralgorithms for ary input data.In-
stead,we obtain lower boundsfor mc-PERF using linear
relaxationand a roundingalgorithm (a heuristicitself), as
this is applicableto instancesf the problem(speci c in-
put data)and, in general,provides lower boundsthat are
tighterthanthetheoreticalWworst-case.

The linear relaxationis obtainedby letting the binary
decisionvariablesin Mmc-PERF have fractionalvalues(be-
tween0 and1). Solvingthe LP problemis ordersof mag-
nitude faster The cost of the LP solutionis always less
thanor equalto the costof the IP solution.We developed
a domain-speci croundingalgorithmthat roundsthe frac-
tional valuesof the LP solutionto producea feasiblesolu-
tion to thelP problem,with alow additionalcostdueto the
rounding.The detailsof the roundingalgorithmarean op-
erationsresearchopic andaredescribedn the appendix.
In thatpaperwe shaw thatthealgorithmresultsin close-to-
tightlowerbounddor instance®f Mc-PERF (alwayswithin
10%asopposedo up to 80% obtainedwith genericround-
ing algorithms).

The numberof constraintsand variablesin McC-PERF
isO N I K ,where N isthenumberof nodes, | the
numberof intervalsand K the numberof objects.We use
CPLEX [2] to solve the LP problem.On a workstation



Heuristic properties Classof heuristicsrepresented Examples
Sc | Rc | Route | Know | Hist | React

global | global | multi storageconstrainedheuristics 3,4]

global | global | multi replicaconstrainedeuristics 3,11

local local multi decentralizedtorageconstrainedeuristicsw/ localrouting | [4, 12

local local | single local caching 14]

global | global | single cooperatie caching 7]

local local | single local cachingwith prefetching 14

global | global | single cooperatie cachingwith prefetching 19

Table 3. Examples of heuristic classes captured by combinations of heuristic properties.

with a 2.4GHzPentiumlV processarthe runningtime of
CPLEX ontheinstance®f the LP problemstudiedin this
paper(realistically sizedsystemsyangesfrom lessthan 1
minuteto about12 hourswith all constraintenabledThe
roundingalgorithm executiontakes just secondseven for
large systemsThesetimes are adequatdor the proposed
off-line method.

6. Experimental Results

This sectionpresent&xperimentakesultsfrom applying
theproposednethodto areal-world systemaremoteof ce
le accesservice We show that:

1. lowerboundsprovide agoodguidelinefor theinherent
costof heuristics;

2. different workloads, systems and/or performance
goalsresultin choosingcompletelydifferent place-
mentheuristics;

3. thechoiceof a goodheuristiccanresultin up to 7.5x
sasingsin infrastructurecost(storagecapacityandnet-
work bandwidth),comparedo a commonlyusedde-
faultheuristic;

4. themethodscalessufciently well for realisticsystems
andworkloads.

We demonstratehe versatility of the methodby shaw-
ing the above pointsfor two differentdeploymentscenar
ios. First,in systemsvheretheinfrastructurealreadyexists
andwe needto comeup with a goodheuristicto deploy in
thesystemSecondjn systemsvherethereis noinfrastruc-
turein placeandwe needto decideon thelocationswhere
replicascanbeplacedaswell asa heuristicthatdeliversthe
desiredperformanceatalow cost.

The casestudy we considerre ects the network of a
corporationwith twenty differentsitesthat are distributed
acrosanultiple geographidocationsandareinterconnected
by network links of different latenciesand capacities.n
fact,for our experimentswe usea network topologybased
onanactualinternetAS-level topology[15], with 20 nodes.
A singleAS-level hopin thetopologytakesbetweerl00ms

and200ms. Eachnoderepresents siteandhasa setof lo-

cal users.The populationof usersis unersenly distributed
emulatingthe fact that somesitesare bigger or more ac-
tivethanothers. All usersjrrespectve of location,accessa
commonsetof dataobjects( les). Eachnodein thetopol-
ogy is a candidatdocationfor placingobjectreplicas.One
of the nodesrepresentshe datacenterlocatedat the head-
quartersof the corporation.This nodestoresall the objects
in thedataset.

We usetwo workloadsrepresentingwo completelydif-
ferent object popularity distributions. Workload wee has
a heavy-tailed Zipf distribution with mary unpopularob-
jects. It is derived from the WorldCup98web-serer logs
[1] andis representatie of accesseso web pagesWork-
load GROUP includesonly popularobjectswith a uniform
popularity distribution. It represents working group ac-
cessinghe les of anactive collaboratve project.All nodes
arehighly active andthey all generateequestdo the 1,000
dataobjectswe considerIn total, we have 300K requestsn
WEB and16M requestsn GROUP. Themostpopularobject
has36K accessem bothworkloads.The leastpopularob-
jecthasjust 1 accessn WeB and8.5K accesses1 GROUP.
The durationof both workloadsis 1 full day To keepthe
discussiorsimple,all objectsareof the samesize.

For the experimentswe considerthe costof replicating
anobjectto be 1 andthe costof storingoneobjectfor one
hourto bealso1.! All othercosts(enablingnodeswrites,
penaltiesfor late responsesare setto zero. Performance
goalsarespeci ed on a peruserbasisover-all objects.The
discussionin this sectionis concernednly with the QoS
goal metric; the methodologyfor averagelateny perfor
mancegoalsis the same For the calculationsof the lower
boundswe useanevaluationinterval of 1 hour(to keepthe
computationatompleity reasonable)Deployedheuristics
areevaluatedusingsimulation.We usetheir actualevalua-
tion intenal, which might be smallerthanthat, e.g.,every
singleaccessn the caseof caching.Despitethe coarsen-
terval usedfor the IP problemsolution,we have obsened
in practicethat the obtainedlower boundsare still indica-

1 Whatmattersfor our evaluationsis the relative costof differentap-
proachesnot anactualmonetaryalue.



tive of the evaluatecheuristics.

6.1. Heuristic SelectionMethodology

In this section,we go throughthe rst type of scenario,
where a systemdesignerhasto choose(and then imple-
mentandapply) a heuristicfor aremoteof ce le service.
We assuméhataninfrastructurealreadyexists,with 20 le
seners,oneon eachsite, participatingin offering the le
serviceto the users.The storageand bandwidthof these
senersaresharedvith otherusersandapplicationsThusit
is importantto consumeasfew resourceg@spossible.The
designehasexamplesof possibleworkloadsanda speci -
cationof the desiredQoSgoal. For the experimentsye as-
sumethatthe desiredateng thresholds 150ms.

The designerstarts by calculating the generallower
bound and the lower boundsfor all classesof heuristics
that could be implementedn the system.The key idea of
the methodis to choosea heuristicfrom the classwith the
lowestbound.If this lower boundis closeto the general
lower bound,thereexists no heuristicthat could be signif-
icantly betterthanthe choserone.Otherwise the designer
shouldprobablylook for other classesof heuristics,with
boundscloserto the generalone, and choosea heuristic
amongthem. If thereis a numberof classesvith compa-
rablelower boundsandno betterclasscanbefound,thena
heuristicfrom ary of themis a goodchoice.Of course the
designemustalsotake into accountthe propertiesof the
heuristicsunderconsiderationFor example,in certainde-
ploymentsaheuristicthatrequiregglobalknowledgeof the
systemmay notbeapplicable.

Figurel shavsthelowerboundsof theclasse®f heuris-
tics that canbe implementedn the remoteof ce system.
Fromthe gure, we seethat a storageconstrainecheuris-
tic shouldbe a good choicefor wes, while a replicacon-
strainedheuristicshouldbe preferredfor GROUP. In either
case,cachingdoesnot seemappropriate sincethe corre-
spondinglower boundsare much higher For wes, local
cachingcannotevenachieze a QoSgoalabove 99%.

In the caseof workload WEB, the replica constrained
boundis up to 2 timesthe storageconstrainecooundand
7 timesthe generalbound. The reasonis that, dueto the
replica constraint,unpopularobjectsin the heary-tailed
WEB have as mary replicasas popularones.For GROUP,
thereplicaconstrainhasminimalimpactto cost—thdower
boundnearlyoverlapswith thegeneralowerbound.Thisis
becausesrouP includesonly objectsthatareaccessef-
ten. Thus, creatingthe samenumberof replicasfor every
objectworkswell.

In the caseof WEB, storageconstrainecheuristicshave
thelowestcost.All nodesgeneratenary requestandthere
arefew popularobjects.Thesamesmallstoragecapacityon
all nodesis sufcient to storeenoughobjectsto satisfythe

QoSgoal.For GROUP, thestorageconstraintesultsin costs
that are always more than 5 timesthe replica constrained
lower bound.The reasonis thatassuminghe samecapac-
ity acrosxll nodesresultsin higheroverall storageuse.

Both classesof cachingheuristics(local and coopera-
tive) have by far the highestcostfor high QoSlevels,in the
caseof WEB. Theirlowerboundsarel.2to 5 timesthestor
ageconstrainedound.The reasons thatthe combination
of all the properties(constraints)of cachingresultin less
optimal useof resourcedgor WEB. In the caseof GROUP,
thelowerboundsfor cachingandcooperatie cachingover-
lap with the boundfor storageconstrainecheuristics,at 5
timesthe costof the replicaconstrainecound.The limit-
ing factorfor this workloadis the storageconstraintprop-
erty of caching.

Giventhe analysisabove, it is clearthatcachingheuris-
tics are not appropriatefor this system.Either they can-
not meetthe performancegoals or they have a high in-
herentcost. A storageconstrainecheuristicwould be most
appropriatefor wes, and a replica constrainedheuristic
for GRoupP. Basedon the expectedworkload,the designer
would now look in Table3 or in the literatureandpick the
greedyglobal heuristic[4] for weB or Lili Qiu's greedy
placementheuristic[11] for GRouP. The chosenheuristic
is thenappliedin the system.In practice,the designeris
doneatthis stage.

Here,we evaluatethe robustnesof the methodby ob-
tainingtheactualcostof heuristicasvhenappliedin the sys-
tem.Theresultsareshavnin Figure2. In summary:1) The
proposedmethodidenti es the right type of heuristic;the
costof theactualheuristicis belov thesecondowestbound
(with the exceptionof the 99.99%point for weB), indicat-
ing that it is impossiblefor any other examinedclassof
heuristicsto achieve the QoS goal at a lower cost. 2) Us-
ing caching,a popularheuristic,would resultin upto 7.5
timescostincreasen our casestudy

6.2. Infrastructur e DeploymentMethodology

Here,we discussthe scenariovherethereare no nodes
(le seners)deployedin the system.The designerhasto
decidenot only whatheuristicto usebut alsowhich sitesto
deploy nodesin. The usersof onesite areall assignedo a
speci c node.If thereis nonodedeployedin theirlocal site,
thenthey areassignedo the nodeof anothey neighboring
site. All useraccesseare directedto their assignechode.
If a le is notfoundthere,thentherequests forwardedto
the headquartersodethat storesall les. In theseexperi-
ments,we do not considerprefetching;all heuristicscon-
sideredarereactve.

The methodologyusedin this scenarioconsistsof two
phases.In phaseone, the designersolves the MC-PERF
problem,with one difference—anode openingcostis in-
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Figure 2. The cost of the chosen heuristic (deployed in the system) compared to the lower bound.
The cost of LRU caching is also shown for comparison.

cludedin the cost function (z 10 000 for our experi-
ments).Thesolutionprovidesthesmallesnumberof nodes
neededandtheir locationin the systemto achieve the re-

quiredperformancegoal. Thisinformationis returnedn de-
cisionvariableopen amatrix capturingthelocationswhere
nodesshouldbedeployed.In our casestudy thesolutionin-

dicateghat6 nodesat certainlocationsin thetopology are
sufcient to offer therequiredQoSgoal.

In phasetwo, the designercalculatedower boundsfor
the 6-nodetopology; all other nodesare removed from
the topology The method proceedsas describedin Sec-
tion 6.1 (without considering opening costs anymore).
Lower boundshave to be calculatedfor the 6-nodetopol-
ogy, sincethesolutionis moreconstrainedhanthe 20-node
case—accessesenow directedto only oneof the 6 nodes.
Theresultsareshavn in Figure 3. For WEB, areplicacon-
strainedor a cachingheuristiccanonly deliver up to 95%
QoS. Note that this is a different conclusionfrom Fig-
ure 1, when both theseclassef heuristicscould deliver
a higher QoS. As in the previous section,a storagecon-
strainedheuristic seemsto be the right choice for wes.
For GRouP, on the other hand, things are very differ-
entin this scenario.The storageconstrainedreplicacon-
strainedand cachingboundsareall low andcloseto each

other The choice could be a heuristicfrom ary of these
classesThus,the mostappealingchoiceis caching,asit is
well understood.

7. Conclusions

Choosingthe right heuristic for replica placementin
a large distributed systemtypically dependson the intu-
ition of the systemdesignerA simple experimentaleval-
uation[6] shaws that the heuristicusedmakesa consider
abledifferencein termsof the requiredinfrastructurecost,
including the costfor storagecapacityand network band-
width. Moreover, the choiceof the heuristicto be usedis
oftennotanobviousone.

The paperproposes methodologyto assistsystemde-
signerschoosereplicaplacemenheuristicsthat meettheir
performancegoals for the lowest possibleinfrastructure
cost. The methodcanbe appliedin oneof two ways.First,
it canbe usedto decideon the heuristicto deploy in anex-
isting infrastructure Second,t canbe alsousedto decide
aboutthe combinationof heuristicto deploy andlocations
that shouldbe openedor replicaplacemenin the system.
We demonstratéhe applicability of the methodin a real-
world casestudyandfor two differentworkloads.
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elemenbf theproblemde nition. Themainpartof the Ap-
pendixis SectionC, wherewe provide thefull detailsof the
roundingalgorithm and its extensions,aswell asa proof
thatit alwaysarrivesto afeasiblesolution.

A. NP-Hardness

In this section,we shav thatour problemis NP-hardby
reducingSET-COVER to MC-PERF.

Theorem1 Theminimalreplicationcostfor QoSproblem
(Mc-PERF) is NP-had.

Proof for Theorem 1: We show this by a polynomial
time reductionof SET-COVER [17] to MC-PERF. Let each
candidatesetin SET-COVER correspondo a uniqguenode
in MC-PERF; this setof nodesis denotedC. Let eachele-
mentin SET-COVER correspondo a uniquenodein mc-
PERF; this set of nodesis denotedE. SetsC and E are
disjoint. Thus,the setof nodesconsideredn mMcC-PERF is
N C E.Forallc Cande E, setdistee 1 and
distec 1 iff elemente is coveredby candidatesetc in
SET-COVER. All otherentriesin thedist matrixaresetto 0.
In MC-PERF, consideran overall userQoStarget of 100%,
and let thereonly be one evaluationinterval and one ob-
ject.Setdemandpo 1 e E andsetall otherentriesin
thedemandmatrixto 0.Leta l1andb 0.

With 100% QoS, all the requestsn the systemhave to
accesghe objectwithin the lateng threshold As requests
originateonly from nodesin E, we only have to make sure
thatall nodesin E canaccesghe objectwithin the thresh-
old. Recallthatdistce is 0 expectif nodec correspondso a
candidatesetthat coversthe elementthatcorrespondso e.
Thus,the only way to satisfythe requestfrom e within the
lateng thresholds to storetheobjectreplicaonanodethat
correspondo oneof the candidatesetscoveringe. We can
now easilyseethatchoosingheminimalreplicationcostin
thisinstanceof theMc-PERF problemis the sameaschoos-
ing the minimal numberof coveringsetsin the SET-COVER
problem.

B. The Evaluation Interval

This sectionprovestwo resultsregardingevaluationin-
tervals animportantparameteof our problemformulation.
First,if alowerboundis obtainedfor evaluationinterval D,
we shav what otherintervals this lower boundappliesto.
Secondwe shaov what evaluationinterval shouldbe used
to obtainalower boundfor heuristicsthatareevaluatedaf-
terevery singleaccess.

Theorem2 Alowerboundproducedwith anevaluationin-
terval of D, is a lower boundfor any evaluationinterval D
suhthatD 2DorD D.

Proof for Theorem 2: Assumefor contradiction,that
thereexistsaD 2D thatprovidesaplacementvith lower
cost. That meansthat thereis at leastone object, 04, for
which the following hold. Thereis one accessatt; e,
wheree D, andanothemlaccesstt;. Thecostof storingob-
jectoy for durationDis aD. Assumethatbecaus®f thetwo
accesses); hasto bestoredonsomenodefor two intervals,
for a costof 2aD. Consideranotherevaluationinterval, D,
suchthatbothof theseaccessesccurwithin the sameeval-
uationinterval. D providesa placemenivith lower costiff
the costof storing the objectduring this evaluationinter-
valaD 2aD. Thiscanonly betrueif D 2D, acontra-
diction.

In the following, we showv the evaluationinterval that
shouldbe usedto obtaina lower boundfor heuristicsthat
are evaluatedafter every single access.This might be a
small evaluationinterval that forcesus to solve the prob-
lem for a large numberof intervals. The lemmabelow re-
strictsthe evaluationintervals we considey without affect-
ing thelower bound.

Lemmal LetAyn, deGm distam n m.Theplacement
and accessesf noden can only be affectedby what hap-
pensonnodemiff Ay, 1.

Prooffor Lemma 1: Noden canonly interactwith node
m if it eithercanfetch objectsfrom m (dist,m 1) or use
knowledgefrom nodemin makingits decision(deG,m  1).
If eitherof thesearetrueAnm 1.

Theorem 3 Let m; be the minimumtime betweerany two
accessebetweerall nodesnandmwhee Ay 1, andmp
bethe next lowestsud timesud thatm;  np. Thelower
boundof a heuristicevaluatedafter ead singleintervalcan
be computedvith Mc-PERF by settingthe evaluationinter-
val(DtoD nmy 2if2m; mpandtoD myif 2my  mp.

Proof for Theorem 3: As the evaluationinterval of a
heuristicexecutedat eachsingleaccesss thetime between
two accessesyy is thelowestevaluationinterval in the sys-
tem. Accordingto Theorem?2, a D of m; 2 is the lower
boundof ary heuristicevaluatedwith an evaluationinter-
val greatetto or equalto m;. Thiswould thensufce to cor-
rectly provide thelowerboundof suchaheuristic However,
if therearenointerreferencdimesin theworkloadbetween
my and2my thereis noneedo includethisrange thusD can
besetto my to save somecomputationatesourcesThemin-
imum time needonly to be computecbetweenall nodesn
andm thatcould possiblyaffecteachother(Anm  1).

C. Rounding Algorithm

The linear relaxationof the IP formulationof the prob-
lem is derived by allowing the decisionvariablesin the



problemto have fractional instead of binary values, as

shown below.
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As discussedn Section5, the approachusedto obtain
lower boundsfor Mc-PERF andits extensionsis a combi-
nation of linear relaxationand a rounding algorithm. We
proposea greedyrounding algorithm that provides feasi-
ble solutionswith costcod ;eascloseenoughto cog, p to al-
low meaningfukonclusionsboutthetightnesf thelower
bound.Thealgorithmis describedn detail,in Figures6, 7
and>5. Theintuition behindthealgorithmhave alreadybeen
describedn Sectionb.

The LP solution of the problem may assignfractional
valuesto variablestorejx for certainnodespbjectsandin-
tenals. A roundingalgorithm roundsall fractional values
eitherup to 1 or down to 0. In general,rounding down
decreaseshe cost of the solution but also decreaseshe
achieved QoS (percentageof accessesvithin the lateng
threshold).On the other hand,roundingup increaseghe
cost and the achieved Qo0S. Thus, a rounding algorithm
should nd the right balancebetweenroundingvaluesup
anddown, so that the QoS goal is met (feasiblesolution)
with minimal additionalcostdueto therounding,i.e., with-
out payingfor additionalQoSthatis notrequired.Correct-
nesscanbe ensuredy not allowing a valueto be rounded
down, unlessit hasbeenprecedediy a round-upthatin-
creasedhe QoS by at leastas muchasthe negative QoS
impactdueto the subsequentund-davn.

Basedon this principle, we proposea simple greedy
rounding algorithm, which works as follows. First, some
fractionalvalueof the LP solutionis roundedup to 1. This
increasefoSandcost.Thealgorithmthenroundsdown as
mary fractional valuesas possibleto reducecost,aslong
asthe QoSgoalis not violated. Whenno morevaluescan
beroundeddown, the processs repeateduntil thereareno
morefractionalvaluesin the solution.The nal resultis a
feasiblesolution,with costcodteas

The fundamentalssuethat the algorithm needsto ad-
dresds how to choosehevaluesto beroundedupanddown
andtheorderin which to do that. To make thesedecisions,
the algorithm usesa third metric (in additionto costand
QoS),called reward To reacha roundingdecision,the al-
gorithmconsidergheachievedQoSonly dueto valuesthat
aresetto 1, at eachstageof its execution.Rewardre ects
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node n e B 2 x
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node m ...oooiinns 4 S %
: g0°
= —
node p «rreeeeeens 4 Q o
Eemm—
intervals

Figure 4. Example of reward versus QoS impact.
Nodes n, m and p are within the latency thresh-
old from each other. Accor ding to the LP solution,
they store (fractional values of) object k during in-
terval i; there are no other nodes within the latency
threshold from them that store k during i. Since,
the total value for k across the three nodes is 1
in i, rounding up any one of them does not have
any impact on QoS. Reward is the impact to QoS
if all fractional values are considered O.

theimpactto that QoS by roundingup or down a speci ¢
value.

To explain why we needthis metric,considertheround-
up casewherewewould lik eto pick thevaluethatprovides
the highestincreasan QoSat the lowestcost.In Figure4,
roundingup ary one of the threefractional valueswould
have zeroimpactto QoS,sinceit would notincreasehede-
mand satis ed within the lateng threshold.However, we
have to roundup at leastone of thosethreevaluesto pro-
ducea feasiblesolution. Thus,we chooseto round up the
valuewith the highestreward andlowestcostimpact(low-
estcog reward ratio). Similarly, for roundingdown, the
valuewith the highestcog reward ratio is chosenin each
iteration.

For notational corvenience,the fractional value in
soreyix is denotedv. Let vnode n, vinterval i
and vobjed k. Also, let vvalue sorenik,
vsucc sore, 1k, andvprev  sore,; 1k To cover
the corner casesfor the beginning or end of the se-
guenceof intervals,we setv prev  0if vinterval 0and
vsucc vvalueif vinterval is thelastinterval.

Thealgorithmis shavn in Figure5. For every fractional
value,we calculatehethreemetricsthatthealgorithmuses:
cog, reward, andthe QoSimpact(qog of roundingit up
or down. Calculatingreward, andqosis straightforvard—
they areproportionato thedifferentdemandsatis eddueto
therounding.cog consistsof storagecostand replicacre-
ationcost Theimpacton storagecostis proportionalto the
valuechange.

The impacton replica creationcost,on the otherhand,
is not necessarilyproportionalto the value change.lt de-
pendson the valuesbeforeandafterthe targetinterval (for
thesamenodeandthe sameobject).Considerfor example,
roundingupthefractionalvalueof store,. If atleastoneof



cog lowerboundfrom linearization
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Figure 5. The rounding algorithm used to nd the
tightness of the lower bound.

sore,; 1kandsore,; 1k issetto 1,thenthecostfor afull

replicaof k on noden duringi is includedin the solution
costandroundingup sore,ix haszeroimpactonreplication
cost.If both thoseintervals have valueslessthan storex,

theimpactonreplicacreationcostisb 1 sore,i . If one
of them, say store,; 1k, hasa highervalue,thenthe im-
pactisb 1 gore,; 1k . In fact,theimpactmay be neg-
ative if both neighboringintervals have highervaluesthan
soreyik. Thealgorithmis shaw in Figure6

The roundingdown algorithm displayedin Figure7 is
symmetricto theroundingup case Therearethefollowing
casedo consider(re ectedin “if ” statementén Figure7):
1) If eitherv succor v prev have valueshigherthanv value,
thenunnecessaryeplicacreationcosthasbeenincludedin
the solution,asthe lesservalue of vsuccandv prev is not
needed.This can be deductedfrom the cost. If vsuccis
higher, the deductionis b v prev; if v prev is higher it is

function calculateround.up_bene t(v)

if (vsucc vvalue v prev)

vcog b 1 wvsucc
elseif (vsucc vvalue vprev)

vcog b 1 vprev
elseif (vsucc vvalue vprev vvalue

vcog b 1 vprev vsucc vvalue
elseif (vsucc vvalue vprev vvalue

vcog b 1 vvalue
vcog vcog a 1 vvalue
/I reward only from nodeswithin thelateny threshold
/ thatarenotfully coveredby anothemode
M n N:disthynoe 1

&m N SOremvinteval vobjea diSthm O

vreward &, m demandyintenal vobjed
/I QoSimpactonly if sumof all storedreplicas
/l within lateny thresholds lessthanonebeforerounding
M n N:disthynoe 1
if én MStorenvintervalvobjed 1

vgos vreward 1 &, y SLOr€nodevinterval vobjed
else

vgqos O

Figure 6. The rounding up benet function.

b vsucc 2) Whenthe valuesof bothv succandv prev are
lower thanv value, we no longer have to pay for the cre-
ationcostbetweerv prev andv. Thus,thisis deductedrom
cost.However, thereis now areplicacreationcostbetween
v andv succthatwe previously did not have to pay for. Fi-
nally, theimpactto costis b vsucc vvalue v prev

3) For thelastcasewhenbothv prev andv succhave val-
ueshigherthanv value, we payfor replicacreationbetween
v andv succ As the valueis roundeddown from v valueto
0, we have to payanextrab vvalueto re ect the replica
creationcostfor v succ

The algorithm of Figure 5 is describedfor a QoS de-

ned over all usersandall objects.Adaptingthe algorithm
to ary of the otherde nitions of QoSis straightforvard.
For aperobjectQoS,thealgorithmis run separatelyor ev-
ery single objectk in the system.For eachrun, QoS and
reward refer to the correspondingbjectalone.For a per
userQoS, eachnodehasits own QoS requiremen{recall
thatwe assumeneuserpernode).Whenafractionalvalue
is roundeddown, the roundingmustnot violate ary nodes
QoSrequirement.

In orderfor the roundingalgorithmto producefeasible
solutionswith one or more of the heuristicpropertiesen-
abled,we have to addsomefunctionalityto it.

When the storageconstraintis enabled we searchthe
solution for the nodethat storedthe most objectreplicas
during an interval (to keepthe discussionsimple, we as-
sumethat all objectsare of the samesize andthus capac-
ity is measuredn numberof objects).Denotethis number
Cmax and denotethe capacityusedin interval i andnoden
cni- For every nodeandinterval, we adda cmax Cni to
the cost,forcing all nodesto usethe sameamountof stor



function calculaterounddowvn_bene t(v)
if (vsucc vvalue vprev)
vcog b vprev
elseif (vsucc vvalue vprev)
vcog b vsucc
elseif (vsucc vvalue vprev vvalue
vcos b vvalue
elseif (vsucc vvalue vprev vvalue
vcog b vsucc vvalue vprev
vcog vcog a vvalue
/I reward only from nodeswithin thelateny threshold
/l thatarenotfully coveredby anothemode
M n N:disthynoe 1
&m N SOremvinteval vobjea diSthm O
vreward &n mdemand yinterval vobjed
/I QoSimpactonly if sumof all storedreplicas
// within lateny thresholdwould become
/ lessthanoneafterrounding
M n N:disthynoe 1
if &n M SOrenvinterval vobjed  SLOr€nodevinterval vobjea 1
vgos vreward 1 &, y SOrévinterval vobjed
SLOr€y node vinterval v objed
else
vgos O

Figure 7. The rounding down benet function.

age Fornodeghatnever(in nointerval) storethismary ob-
jects,we alsohaveto addb cmax A& creationcost,where
A is the maximumnumberof objectsstoredin ary inter-
val on noden. This costis thenthe costfor a feasibleso-
lution with the storageconstraintenabledThereplicacon-

straintis accountedor in an analogousvay, even though
the solutionis searchedor the objectout of all nodesand
intervalsthatis replicatedhe mosttimes.
Theroutingknowledgeaffectsonly theinputdataandas
suchthereis no needfor any modi cationsin the rounding
algorithm.The global/localknowledge the actity history
andthe reactve propertyconstraintsare never violated by
theroundingalgorithmasprovenbelow.

Proposition1 The rounding algorithm presentedin Fig-
ure 5 producesa feasiblesolutionto Mc-PERF evenwhen
thetheglobal/localknowled@, accessistoryand/orreac-
tive propertiesare includedin the LP-problem.

Proof for Proposition 1: The global/localknowledge,
reactve,andthe accessistory constraintall force storep;x
to becomeD for certainvaluesof n, i andk. This meanghat
the solution producedby the LP-relaxationhaszeroesin
the placeswherethe constraintsdlemandso. As the round-
ing algorithmnever roundsup ary zerovaluein the solu-
tion, theseconstraintsarenever violated.

To decreasehe runningtime of our algorithm,we have
beenexperimentingwith roundingentiresequencesf con-
secutveintervalswith thesamefractionalvalueasoneunit.
We have obseredthatthis optimizationdecreasetherun-

ning time of the roundingalgorithm by over an order of
magnitudewith anincreaseo the costof the solutionthat

is lessthan5%.



