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Abstract

Data replication is usedextensivelyin wide-area dis-
tributedsystemsto achievelow data-accesslatency. A large
numberof heuristicshavebeenproposedto performreplica
placement.Practical experienceindicatesthat the choice
of heuristicmakesa big differencein termsof the costof
required infrastructure (e.g., storage capacityandnetwork
bandwidth),dependingon systemtopology, workloadand
performancegoals.

Thispaperdescribesa methodto assistsystemdesigners
chooseplacementheuristicsthat meettheir performance
goals for the lowestpossibleinfrastructure cost.Existing
heuristicsare classi�ed according to a numberof prop-
erties. The inherent cost (lower bound) for each classof
heuristicsis obtainedfor givensystem,workloadand per-
formancegoals. The systemdesignercompares different
classesof heuristicsonthebasisof theselowerbounds.Ex-
perimentalresultsshowthat choosinga heuristicwith the
proposedmethodology resultsin up to 7 timeslower cost
comparedto usingan“obvious” heuristic,such ascaching.

1. Intr oduction

Datareplicationis usedextensively to improve dataac-
cessperformancein wide-areadistributedsystems.In sys-
temssuchascontentdeliverynetworks[4], webhostingser-
vices[11, 12], anddistributeddatarepositories[8, 13], data
arereplicatedcloseto thepointof accessto achievelow ac-
cesslatency.

Several techniquesare usedto perform replica place-
ment,includingvariationsof caching[7] andcentralizedal-
gorithms[11]. All approachesaimatmeetingsomelatency-
relatedperformancegoal; sometake sucha goal asan in-
putparameter, while othersprovideanimplicit performance
level thatcannotbespeci�ed.Similarly, themetricusedto
capturethe performancegoal differs amongdifferent ap-
proaches.For example,somesystemsaim at improving the
averageaccesslatency, while othersguaranteethatat least

a certainpercentageof accessesareserved within a speci-
�ed latency threshold.

Considera storagesystem(e.g.,a videoon-demandser-
vice) storing10k unique�les, 1TB in total size,over 300
distributednodes.Assumethat the designerwants90% of
readrequeststo be served within at most100ms.Achiev-
ing this goal by usingLRU caching[14] would requireat
least$30,000just for disk capacityfor the caches.On the
otherhand,if insteadacentralizedgreedyplacementheuris-
tic [11] is usedfor thesamesystemandworkload,theper-
formancegoal could be met with just $7,500for disk ca-
pacity, with bothapproacheshaving a comparablecostfor
consumednetwork bandwidth[6].

The example above illustratesthat choosingthe right
replicaplacementapproachisanon-trivial andnon-intuitive
exercise.Decidinghow many replicasto createandwhere
to placethemto meeta performancegoalwith minimal in-
frastructurecostis anNP-hardproblem(seeAppendix). All
replicaplacementapproachesproposedin theliteratureare
heuristicsthat aredesignedfor certainsystemsandwork-
loads.A heuristicthatworkswell in onecasemaybecom-
pletelyinappropriateunderdifferentcircumstances—itmay
betoocostlyor evenunableto meettheperformancegoal.

Oneway to choosea heuristicis, of course,by imple-
mentinga numberof them in a live systemand evaluat-
ing themunderreal workloads.In the generalcase,this is
not feasibledue to the performanceandcost implications
of poorchoices.Moreover, implementingandintegratinga
heuristicin a livesystemis achallengingandtimeconsum-
ing task.Evenworse,this processmayneedto berepeated
every time thesystemor workloadchange.

This paperproposesa methodfor decidingon the ap-
plicability of replica placementheuristics,without affect-
ing the live system.The key ideais to derive the inherent
cost of differentclassesof heuristics.To achieve this, we
useanintegerprogramming(IP) formulationof thereplica
placementproblem,togetherwith constraintsthat capture
thepossibleplacementsolutionsof differentheuristics.This
formulation is usedto calculatelower boundsfor the re-
sulting cost of a rangeof possibleheuristics,given spe-
ci�c systemtopologies,workloadsandperformancegoals.
Thepaperpresentsexperimentalresultsdemonstratingthat



thecostof actualheuristicsis closeto thatof theobtained
lower bounds.Thus,thekey ideais that lower boundscan
be usedto argueaboutthe applicability of heuristicsfor a
givenworkload,systemandperformancegoal.

The focusof thepaperis on thepracticalaspectsof the
method,notonits theoreticalfoundations.Thelatterarede-
scribedin the appendix. The proposedmethodis an off-
line approachthat assistssystemdesignersin the follow-
ing ways: 1) eliminatetypesof replica placementheuris-
tics that cannot meetthe requiredperformancegoal for a
certainsystemtopologyandworkload;2) amongheuristics
that canmeetthe goal,pick onethat resultsin low infras-
tructurecost;3) decideon thenecessarysystemcon�gura-
tion (numberof nodes,storagecapacities,etc).

We demonstratetheapplicabilityof themethodwith ex-
perimentalresultsfrom arealisticcasestudy—aservicethat
provides�le accessto the regionalandremoteof�ces of a
corporationwith multiple sites.The evaluationshows that
themethodidenti�es theappropriateheuristicandresultsin
considerablesavingsin infrastructurecosts.

In summary, the papermakes the following contribu-
tions:

� Proposesan off-line method for choosinga replica
placementheuristic,givenasystem,workloadandper-
formancegoal.

� Evaluatestheapplicabilityof heuristicson thebasisof
lower boundson cost,without requiringto deploy the
heuristicsin a livesystem.

� Demonstratesthepracticalityof theproposedmethod
in a real-world casestudy.

2. RelatedWork

Data replication and placementfor improving perfor-
mancewas �rst studiedin the context of the �le assign-
mentproblem[3] andwasshown to be a complex combi-
natorialoptimizationproblem.Replicaplacementhasbeen
akey technologyin contentdeliverynetworks[4] aswell as
webcachingandweb proxy services[7, 12, 18]. All these
systemsaimat improving theaverageaccesslatency, while
they minimize the cost of the systemresourcesusedfor
replication.Qiu et al. [11] de�ned the problemof replica
placementthat minimizes the averageaccesslatency for
given systemresources.They formalizedit as a static k-
median problem for which they obtainedgeneral lower
bounds;the costof someknown heuristicswascompared
againstthoselowerbounds.Ourgoalis to guaranteecertain
latency goalswhile minimizingthereplicationcost.We ob-
tain lower boundsfor speci�c classesof heuristics.These
boundsprovide strongercomparisonpointsfor the costof
practicalheuristics.

More recently, Yu andVahdatproposedandformalized
the problemof minimal replicationcost for a given avail-
ability target[20]. They derivegenerallowerbounds,given
a workload,network partitionpatternsandconsistency re-
quirements,in asystemwith onedataobject.In theirwork,
availability is de�ned asthe fractionof accessesthat com-
plete successfully. We are also concernedwith minimiz-
ing the costof resourcesusedto do replication.However,
our objective is to meeta speci�ed latency goal.We obtain
lowerboundsfor certainclassesof heuristicsandfor realis-
tic numberof dataobjects.Oneof ourde�nitions of perfor-
mancegoalsis a generalizationof theirs(they requirethat
100%of therequestssatisfythelatency threshold).To avoid
an explosionto thecomputationalcomplexity of theprob-
lem andto handlelargenumberof objects,we do not cap-
turefailuresandconsistency.

We have shown that the replica placementproblemis
a dynamicvariationof theclassicSET-COVER problem[5,
16]. It is dynamicbecauseaccesspatternsand,asa result,
placementof replicasmaychangeover time.Therearedy-
namicextensionsof theoriginalstaticSET-COVER thathave
beenproposedin the literature[9], but noneof themcap-
tureslatency goals.DaskinandOwenhaveproposedanex-
tensionthatcaptureslatency goals,but only in a staticcon-
text [10]. Therearenoknown approximationalgorithmsfor
either extensionof SET-COVER. Thus,our methodusesa
linear programmingrelaxationof the IP problemformula-
tion to obtain lower boundsthat, in practice,areclose-to-
tight.

3. Problem Formulation

Theproposedmethodcomparesclassesof heuristicson
the basisof lower costbounds,given a system,workload
and performancegoal. To that purpose,we formalize the
minimal replicationcostfor performance(MC-PERF) prob-
lem asanIntegerProgramming(IP) optimizationproblem.
We solve this problemto derive therequiredlowerbounds.

3.1. BasicProblem

In theproblemformulation,thesystemis representedas
a setof interconnectednodes(N). Thenodesstorereplicas
of asetof dataobjects(K). Eachnodehassomedemandfor
differentobjectsin the system,capturedasrequestsorigi-
natingfrom theuserson thatnode.

Replicasof objectscan be dynamicallycreatedor re-
movedon any of thenodes.Suchchangesmayonly occur
at the beginningof evaluationintervals. The intervals rep-
resentthehighestfrequency atwhich theplacementheuris-
tic is executedon any nodein the system.For example,a
cachingheuristicis run on a nodeuponevery singleobject
accessinitiated at that node;a complex centralizedplace-



Variable Meaning
storenik Binary:noden storesobjectk duringinterval i.
createnik Binary:objectk is createdon noden duringinterval i.

coverednik Binary:noden canaccessobjectk within thelatency thresholdduringinterval i.
routenmik Binary:noden canaccessobjectk in interval i from nodem.

openn Binary:noden is enabled,i.e., it canstorereplicas.
readnik Thenumberof readrequestsfrom noden to objectk in interval i.
writenik Thenumberof write requestsfrom noden to objectk in interval i.

latencynm Thelatency for accessinganobjectatnodem from noden.
distnm Binary:noden canreachnodemwithin thelatency thresholdTl at .

knownm Binary:noden usesinformationfrom nodem to make its placementdecision.
f etchnm Binary:noden canfetchobjectsfrom nodem.
histnik Binary:noden hasa recordin its activity historyof objectk beingaccessedonnoden in interval i.
Tl at Thetarget latency threshold.
Tqos Thefractionof accessesservedin at mostTl at , in thecaseof the�rst metric.
Tavg Theaveragelatency goalfor thesecondmetric.
a Theunit costfor storage.
b Theunit costfor replicacreation.
g Theunit costof thepenaltyfor anaccesstakingmorethanTl at .
d Theunit costfor anupdatemessage.
z Theunit costfor enablingandmanaginganode.

Table 1. The variab les used in the IP model of MC-PERF. Variab les in bold are the unkno wn decision
variab les. n and m are nodes, i is an inter val and k is an object.

mentheuristicmayberun oncea day. An executionin the
systemconsistsof a �nite sequenceof evaluationintervals
(I ).

We extendthe de�nition of replicationcost by Yu and
Vahdat[20] to cover multiple objects, ascapturedby cost
function (1). The replicationcost is de�ned to be the sum
of thestoragecostandthereplicacreationcost (thecostof
networking resourcesusedto createa replica),over all ob-
jects,nodesand intervals. We do not considerreplica re-
moval cost,asit is negligible in mostrealsystems.

In the cost function, storenik is a binary variablecap-
turing whethernode n storesobject k during interval i;
createnik denoteswhetherobjectk is createdon noden at
thebeginningof interval i. Constantsa andb representthe
unit costfor storageandreplicacreationcost,respectively.
They alsoprovideawayto changetheweightof eachof the
two elementsin the cost function.The de�nition could be
easilyextendedto let a andb vary for differentobjectsand
nodes.Thevariablesusedin theproblemde�nition aresum-
marizedin Table 3. For notationalconvenience,we write
�

n � m insteadof
�

n � m � N,
�

i insteadof
�

i � I , and
�

k in-
steadof

�

k � K.

å
i � I

å
n � N

å
k � K

�

a � storenik �

b � createnik �

(1)

Theobjective of MC-PERF is to minimize(1), subjectto
a numberof constraints,thatcapturetheperformancegoal
metric that is of interest.Othermetricscanbe expressed,
but they have to bemonotonicallyincreasingor monotoni-
cally decreasingwith theadditionof areplica.In thispaper,
we focuson two representativemetricsthatwe considerof
practicalimportance.

The�rst metricis autility functionthatspeci�estheper-
centageof requeststhathaveto besatis�edwithin a latency
threshold(referredto asQoSgoal in therestof thepaper).
It is capturedin (2) as the minimum requiredrequestra-
tio (Tqos) served within the latency threshold;e.g.,99% of
the requestsare served within 250 ms. This performance
goalcanbede�ned for a singleuseror for anentiregroup
of users(e.g.,department),aswell asfor a singledataob-
ject or for a setof objects(e.g.all the �les of a user).Con-
straint(2) de�nes this on a per userbasisandover all ob-
jects; it can be easily modi�ed to accountfor any 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 any initial placement.
distnm is a binary variablecapturingwhethernoden can
reachnodem within the latency threshold,given the sys-
tem's topology.

å i � I å k � K readnik � coverednik

å i � I å k � K readnik

	

Tqos 


n (2)

createnik
	

storenik �

storen � i 
 1 � k 


n � i � k (3)
storen � 
 1 � k �

0



n � k (4)
coverednik � å

m� N
distnm � storemik 


n � i � k (5)

storenik � coverednik � createnik ���

0 � 1�




n � i � k (6)

Thesecondmetricrefersto theaveragelatency perceived
by theusers.It states,for example,thattheaveragelatency
mustnot be above 250 ms.To expressthis type of perfor-
mancegoal, constraint(2) is replacedby equations(7) –



(10) below. In particular, constraint(7) statesthat theaver-
ageperceivedlatency in thesystemmustbelessor equalto
a speci�ed threshold.Theotherconstraintscapturethefact
thata requestis routedonly to onenodethatstorestheref-
erencedobject.

å m� N å i � I å k � K readnik �

latencynm
�

routenmik

å i � I å k � K readnik

�

Tavg �

n (7)

å
m� N

routenmik �

1
�

n � i � k (8)

routenmik �

storenik
�

0
�

n � m� i � k (9)
routenmik ���

0 � 1�

�

n � m� i � k (10)

We haveshown thatproblemMC-PERF, 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 theproofareoutsidethescopeof this paper;they canbe
foundin theappendix.

3.2. Model Extensions

The problemde�nition as statedabove doesnot make
any provisionsfor thoserequeststhatdo not meettheper-
formancegoal, for any of the two metrics.For example,if
99%of therequestsareservedwithin 250ms,the remain-
ing 1% maytake arbitrarily long to beserved(or caneven
becompletelydiscarded).Often,it makessenseto servethe
requeststhatmisstheperformancegoalin abesteffort man-
ner. To capturethis,term(11)canbeaddedto thecostfunc-
tion (1).Thistermintroducesapenalty(additionalcostpro-
portionalto g) for any accessthat takeslongerthanthe la-
tency thresholdTlat .

g
� å
i � I

å
n � N

å
k � K

�

readnik �

�

1
�

coverednik  
�

å
m� N

�

latencynm
�

Tlat  
�

routenmik  

(11)

Similarly, term(12) canbeaddedto thecostfunctionto
capturethecostof writes (updates)in thesystem.Theba-
sic de�nition, implies that datareplicascan be storedon
any nodein the system.However, enablinga nodeto run
theplacementheuristicandstorereplicasmayinvolvesome
cost.Thiscostis capturedby includingterm(13) in thecost
function.In thatcase,constraint(14) statesthatplacement
canbeperformedonly on“open” nodes.

d
� å
i � I

å
n � N

å
k � K

�

writenik � å
m� N

storemik  

(12)

z
� å
n � N

openn (13)

openn !

storenik �

n � i � k (14)
openn

���

0 � 1�

�

n (15)

4. Classesof Heuristics

Solving the above IP problem,we can get the theoret-
ically lowestpossibleinfrastructurecost.This is the gen-
eral lower boundfor MC-PERF. However, for thepurposes
of this paper, we needto obtain the lowest possiblecost
achievablewith differenttypesof heuristics.To accomplish
this, we identify a set of propertiesthat capturethe tech-
niquesandassumptionsfoundin differentheuristics.These
propertiesareexpressedasadditionalconstraintsin the IP
formulation.Solving MC-PERF with someadditionalcon-
straintsthat representa certainclassof heuristics,we get
thelowestpossiblecostof thoseheuristics,for a givensys-
tem,workloadandperformancegoal.

4.1. Heuristic Properties

Theheuristicpropertiesweconsiderarelistedin Table2.
As will bediscussedin Section4.2, they arerepresentative
of an extensive rangeof placementheuristics.The proper-
tiesarediscussedin moredetailin thefollowingparagraphs.

Storage constraint. Placementheuristicsthat usea �x ed
amountof storagethroughouttheexecutionsatisfythestor-
ageconstraintproperty. Examplesincludecachingheuris-
tics andmany �le allocationalgorithms[3]. Therearetwo
variationsof this propertythatarecapturedby thetwo ver-
sionsof constraint(16). The �rst statesthat theamountof
storageusedis thesamefor everysinglenodeandinterval.
This corresponds,e.g.,to a systemwheretheadministrator
con�guresevery nodewith the samecachesize.The sec-
ondvariationre�ects thecasewheretheamountof storage
usedvariesbetweennodes(but not with time). This cap-
turessystemswheree.g.,largercachesareplacedonstrate-
gic nodeswith high traf�c. Theconstraintcapturesjust the
factthatthestoragesizeis thesameacrossall intervals(and
acrossall nodesfor the �rst variation); it doesnot spec-
ify what that capacityis. It is the solution to the problem
that provides the minimal capacitythat satis�es this con-
straint.

å
k � K

storenik � å
k � K

store0 " 0 " k �

n � i (16)

å
k � K

storenik � å
k � K

storen " 0 " k �

n � i (16a)

Replicaconstraint. This constraintre�ects heuristics(typ-
ically centralized[3, 11]) thatusea �x ednumberof repli-
casfor eachobjectthroughouttheexecution.Therearetwo
variationsof this constraint.The �rst statesthatall objects
have thesamenumberof replicasin thesystem,for all in-
tervals in theexecution.It refersto heuristicsthat createa
�x ed numberof replicasfor all objectsirrespective of de-
mand.The secondvariationstatesthat eachobjecthasits
ownreplicationfactorfor thedurationof theexecution.This



Heuristic properties Abbrev Lower bound for any heuristic...
storageconstraint SC thatis usinga �x edamountof storagein every interval.
replicaconstraint RC thatis usinga �x ednumberof objectreplicasin every interval.
routingknowledge Route whereeachnodeknows thecontentsof some(zeroor more)othernodes.
global/localknowledge Know wheretheplacementdecisionwasmadeusinginformationfrom many / one(local) node.
activity history Hist for whichonly objectsaccessedduringthismany pastintervalscanbeplaced.
reactive placement React thatis reactive; proactive placementimpliedotherwise.

Table 2. The six heuristic proper ties considered in this paper.

is thecasefor heuristicsthatcreatemorereplicasfor popu-
lar objects.Again, thesolutionto theproblemprovidesthe
optimalreplicationfactorthatsatis�esthis constraint.

å
n # N

storenik $ å
n # N

storen % 0 % 0 &

i ' k (17)

å
n # N

storenik $ å
n # N

storen % 0 % k &

i ' k (17a)

Routing knowledge. With some heuristics, such as
caching, a node has no knowledge of what replicas
other nodescache.Upon a miss, the node has to fetch
the object from a predetermined,usually remote loca-
tion that storesall objects (origin server). On the other
hand,with cooperative caching,a node knows what ob-
jectsarestoredat someother, nearbynodesandcanfetch
themfrom there[19]. Similarly, many centralizedheuris-
tics fetch the closestreplica in the system[11]. We call
this propertyrouting knowledge. It is representedby ma-
trix f etch. f etchnm (

1, when noden knows of the ob-
jectsstoredon m. Constraints(18) and(19) statethatn can
only fetchobjectsfrom anodem for which f etchnm (

1.

coverednik ) å
m# N

distnm *

storemik *

f etchnm
&

n ' i ' k (18)

routenmik +

f etchnm
)

0
&

n ' m' i ' k (19)

Global/Local knowledge.Whenaheuristicmakesaplace-
mentdecisionfor a speci�c node,it takesinto accountac-
tivity at that nodeand potentially other nodesin the sys-
tem. In oneextreme,someheuristics(e.g.,caching)make
placementdecisionsfor a nodebasedon the accessesthat
originatedon thatnodealone(local).On theotherextreme,
heuristicsthatuseknowledgefrom theentiresystem(typi-
cally, centralizedheuristics)mayplaceanobjecton a node
asaresultof activity somewhereelsein thesystem(global).
To representthesetwo casesandanything in between,we
usematrix know. knownm indicatesthat knowledgeof ac-
cessesoriginatingat nodem, even if not directedto node
n, is usedto decidetheplacementof objectson n. We call
all nodesm suchthat knownm (

1 to be in the the sphere
of knowledgeof noden. In thenext paragraph,we discuss
how matrix knowis incorporatedinto ourmodel.
Activity history. A heuristicdecidesto placea replicaon
thebasisof thesystem's activity duringoneor moreinter-
vals.The activity history propertycapturesthe numberof

intervalsconsidered.This is speci�ed in themodelby ma-
trix hist. histnik (

1, if noden accessedobjectk during or
beforeinterval i within thehistoryconsideredby theheuris-
tic.

We exemplify this with the two extreme cases.First,
when the history is a single interval, a heuristic that de-
cidesaboutplacementin interval i on noden canconsider
only objectsreferencedwithin thenode's sphereof knowl-
edgeduring i. Cachingis an exampleof suchheuristics.
Second,when the history is all intervals, a heuristiccan
considerany objectreferencedwithin thenode's sphereof
knowledge,throughoutthe execution,up to andincluding
i. We introduceconstraint(20) to capturethe activity his-
tory. Note, that it doesnot make senseto placean object
morethanone interval beforeit is accessedfor �rst time,
becausethiswouldincreasestoragecostunnecessarily, with
thesamenetworking cost.Thus,this constraintprovidesa
lowerboundfor heuristicsthatperformprefetching.

createnik ) å
m# N

histnik *

knownm
&

n ' i ' k (20)

Reactiveplacement.Until now, theIP formulationimplic-
itly capturessolutionsof proactive heuristics;the activity
historycoversnot only previous intervalsbut alsothecur-
rent interval, at the beginning of which the placementde-
cision is made.This correspondsto heuristicsthatperform
placementknowing theaccessesto takeplacein thecurrent
interval or prefetchobjectsthathave not beenaccessedbe-
fore. However, therearemany heuristicsthat arereactive,
i.e., they can only placeobjectsthat have beenaccessed
in the past(beforethe currentinterval). Examplesinclude
caching(without prefetching)andotheron-line heuristics
thathavenoprior knowledgeof theworkload.

We capturethesolutionsof reactiveheuristicsby further
constrainingtheactivity historyproperty. Thenew version
statesthat if histn , i - 1 , k (

0 for a given objectk during the
previousinterval in thesphereof knowledgeof noden, ob-
jectk cannotbecreatedin n duringthecurrentinterval.For
example,if theactivity history is just a singleinterval and
theheuristicis usingonly local information,anobjectcan-
notbecreatedonanodeunlessit wasaccessedby thatnode
duringthepreviousinterval. This is true,for example,with
local caching.



createnik . å
m/ N

histn 0 i 1 1 0 k 2

knownm 3

n 4 i 4 k (20a)

histn 0 1 1 0 k 5

storen 0 1 1 0 k 3

n 4 k (21)

4.2. Classesof Heuristics

Solving thebasicMC-PERF problemof Section3.1,we
obtaina generallower boundthat appliesto any possible
replicaplacementalgorithm.By including oneor moreof
theaboveconstraintsto theMC-PERF formulation,we con-
strainthepossiblesolutionsto only thosethatarepossible
with aclassof heuristics.Thus,solvingtheIP problemwith
additionalconstraintsprovides lower boundsfor the cost
of thecorrespondingheuristicclasses.We usetheselower
bounds,in Section6, to argueaboutthe merits of differ-
ent classesof heuristics.Table3 includesan extensive list
of heuristicsfrom theliteratureandshowshow they arecap-
turedby variouscombinationsof heuristicproperties.

A numberof centralizedheuristicsthatuseglobalknowl-
edgeof the systemto make placementdecisionsarecon-
strainedonly by a storageconstraintor a replicaconstraint.
Otherheuristicsarerun in a completelydecentralizedfash-
ion, only having knowledgeof activity on the local node
wherethey run. The commoncachingprotocolsare sub-
casesof thoseheuristics;they react only to the last ac-
cessinitiated on the local node;all missesgo to a desig-
nated“origin” node.Cooperative cachingis capturedby
constraintsthat re�ect theextendedknowledgeof 1) activ-
ity on othernodesin thesystem,and2) whatobjectsother
nodesstore.Last,performingproactiveplacementbasedon
knowledgeor speculationof accessesto happenin thecur-
rent time interval (as opposedto just pastintervals), cap-
turesvariationsof cachingand cooperative caching,with
prefetching.

4.3. Evaluation Inter val Values

An importantparameterof theMC-PERF problemformu-
lation is theevaluationinterval (D) usedto calculatelower
costbounds.Intuitively, the evaluationinterval mustbe as
smallaspossiblefor thesolutionsconsidered—themoreof-
tenyou make placementdecisions,thebetteryour chances
to meetthe performancerequirementsandreducecost.In
theory, asD approaches0, the lower boundconvergesto a
valuethatis thelowestpossiblefor any D; thestoragepartof
thecostfunction is minimized.However, that lower bound
would be lower than the costof any realisticheuristic.In
practice,D shouldbe set accordingto the smallestpossi-
bleevaluationperiodof thetargetedheuristics.

Therearetwo typesof heuristicsto beconsideredwhen
settingD in MC-PERF. First, thereare heuristicsthat per-
form placementevaluationseveryP unitsof time.For such

heuristics,we have shown that an evaluationinterval D 6

Pmin7

2, wherePmin is the smallestP on any nodeand at
any time in the system,is suf�cient to provide a lower
bound(seetheappendix). Second,thereareheuristics(e.g.,
caching)thatperformplacementevaluationsaftereveryac-
cesson a node.In that case,D is the minimum time be-
tweenany two accesseswithin thesphereof knowledgeof
any node.

5. Deriving Lower Bounds

In general,anIP problemcanbesolvedexactly with an
IP solver, resultingin a tight lower bound. However, such
an approachis feasibleonly at a very small scale.To ef-
�ciently calculatelower bounds, onehasto sacri�ce tight-
ness.On theotherhand,thoselower boundsmustbeclose
to the tight lower bound,otherwisethey would be of no
use.Thus, the requirementis to obtain lower boundsthat
are closeto tight but still can be computedin reasonable
time.

Therearetwo commonwaysto obtainlowerbounds:ei-
therdeviseanapproximationalgorithmfor theproblem,or
usea linear programmingrelaxation(LP) of the problem
combinedwith a roundingalgorithm. It has beenshown
that SET-COVER cannotbe approximatedwith a constant
approximationfactor[17], andthereareno known approx-
imation methodsfor either dynamic SET-COVER or static
SET-COVER with performanceconstraints(both canbe re-
ducedto instancesof MC-PERF). Theseareworst-caseesti-
matesfor approximationalgorithms,for any input data.In-
stead,we obtain lower boundsfor MC-PERF using linear
relaxationanda roundingalgorithm(a heuristicitself), as
this is applicableto instancesof the problem(speci�c in-
put data)and, in general,provides lower boundsthat are
tighterthanthetheoreticalworst-case.

The linear relaxationis obtainedby letting the binary
decisionvariablesin MC-PERF have fractionalvalues(be-
tween0 and1). Solving the LP problemis ordersof mag-
nitude faster. The cost of the LP solution is always less
thanor equalto the costof the IP solution.We developed
a domain-speci�croundingalgorithmthat roundsthe frac-
tional valuesof theLP solutionto producea feasiblesolu-
tion to theIP problem,with a low additionalcostdueto the
rounding.Thedetailsof theroundingalgorithmareanop-
erationsresearchtopic andaredescribedin the appendix.
In thatpaper, weshow thatthealgorithmresultsin close-to-
tight lowerboundsfor instancesof MC-PERF (alwayswithin
10%asopposedto up to 80%obtainedwith genericround-
ing algorithms).

The numberof constraintsand variablesin MC-PERF

is O 8:9 N 9;9 I 9<9 K 9 = , where 9 N 9 is the numberof nodes, 9 I 9 the
numberof intervalsand 9 K 9 thenumberof objects.We use
CPLEX [2] to solve the LP problem. On a workstation



Heuristic properties Classof heuristics represented Examples
SC RC Route Know Hist React

> global global multi storageconstrainedheuristics [3, 4]
> global global multi replicaconstrainedheuristics [3, 11]

> local local multi decentralizedstorageconstrainedheuristicsw/ local routing [4, 12]
> local local single > local caching [14]
> global global single > cooperative caching [7]
> local local single local cachingwith prefetching [14]
> global global single cooperative cachingwith prefetching [19]

Table 3. Examples of heuristic classes captured by combinations of heuristic proper ties.

with a 2.4GHzPentiumIV processor, the runningtime of
CPLEX on the instancesof theLP problemstudiedin this
paper(realisticallysizedsystems)rangesfrom lessthan1
minuteto about12 hourswith all constraintsenabled.The
roundingalgorithm executiontakes just secondseven for
large systems.Thesetimes areadequatefor the proposed
off-line method.

6. Experimental Results

Thissectionpresentsexperimentalresultsfrom applying
theproposedmethodto areal-world system,aremoteof�ce
�le accessservice.We show that:

1. lowerboundsprovideagoodguidelinefor theinherent
costof heuristics;

2. different workloads, systems and/or performance
goals result in choosingcompletelydifferent place-
mentheuristics;

3. thechoiceof a goodheuristiccanresultin up to 7.5x
savingsin infrastructurecost(storagecapacityandnet-
work bandwidth),comparedto a commonlyusedde-
fault heuristic;

4. themethodscalessuf�ciently well for realisticsystems
andworkloads.

We demonstratethe versatility of the methodby show-
ing the above points for two differentdeploymentscenar-
ios.First, in systemswheretheinfrastructurealreadyexists
andwe needto comeup with a goodheuristicto deploy in
thesystem.Second,in systemswherethereis noinfrastruc-
ture in placeandwe needto decideon the locationswhere
replicascanbeplacedaswell asaheuristicthatdeliversthe
desiredperformanceat a low cost.

The casestudy we considerre�ects the network of a
corporationwith twenty differentsitesthat aredistributed
acrossmultiplegeographiclocationsandareinterconnected
by network links of different latenciesand capacities.In
fact,for our experiments,we usea network topologybased
onanactualInternetAS-level topology[15], with 20nodes.
A singleAS-levelhopin thetopologytakesbetween100ms

and200ms.Eachnoderepresentsa siteandhasasetof lo-
cal users.The populationof usersis unevenly distributed
emulatingthe fact that somesitesare bigger or more ac-
tive thanothers.All users,irrespectiveof location,accessa
commonsetof dataobjects(�les). Eachnodein thetopol-
ogy is a candidatelocationfor placingobjectreplicas.One
of thenodesrepresentsthedatacenterlocatedat thehead-
quartersof thecorporation.This nodestoresall theobjects
in thedataset.

We usetwo workloadsrepresentingtwo completelydif-
ferent object popularity distributions. Workload WEB has
a heavy-tailed Zipf distribution with many unpopularob-
jects. It is derived from the WorldCup98web-server logs
[1] andis representative of accessesto web pages.Work-
load GROUP includesonly popularobjectswith a uniform
popularity distribution. It representsa working group ac-
cessingthe�les of anactivecollaborativeproject.All nodes
arehighly activeandthey all generaterequeststo the1,000
dataobjectsweconsider. In total,wehave300Krequestsin
WEB and16M requestsin GROUP. Themostpopularobject
has36K accessesin bothworkloads.Theleastpopularob-
ject hasjust 1 accessin WEB and8.5K accessesin GROUP.
The durationof both workloadsis 1 full day. To keepthe
discussionsimple,all objectsareof thesamesize.

For theexperiments,we considerthecostof replicating
anobjectto be1 andthecostof storingoneobjectfor one
hour to bealso1.1 All othercosts(enablingnodes,writes,
penaltiesfor late responses)are set to zero.Performance
goalsarespeci�edon a per-userbasisover-all objects.The
discussionin this sectionis concernedonly with the QoS
goal metric; the methodologyfor averagelatency perfor-
mancegoalsis thesame.For the calculationsof the lower
bounds,weuseanevaluationinterval of 1 hour(to keepthe
computationalcomplexity reasonable).Deployedheuristics
areevaluatedusingsimulation.We usetheir actualevalua-
tion interval, which might be smallerthanthat,e.g.,every
singleaccessin thecaseof caching.Despitethecoarsein-
terval usedfor the IP problemsolution,we have observed
in practicethat the obtainedlower boundsarestill indica-

1 What mattersfor our evaluationsis the relative costof differentap-
proaches,not anactualmonetaryvalue.



tiveof theevaluatedheuristics.

6.1. Heuristic SelectionMethodology

In this section,we go throughthe �rst typeof scenario,
wherea systemdesignerhas to choose(and then imple-
mentandapply)a heuristicfor a remoteof�ce �le service.
Weassumethataninfrastructurealreadyexists,with 20�le
servers,oneon eachsite, participatingin offering the �le
serviceto the users.The storageand bandwidthof these
serversaresharedwith otherusersandapplications.Thusit
is importantto consumeasfew resourcesaspossible.The
designerhasexamplesof possibleworkloadsanda speci�-
cationof thedesiredQoSgoal.For theexperiments,weas-
sumethatthedesiredlatency thresholdis 150ms.

The designerstarts by calculating the general lower
boundand the lower boundsfor all classesof heuristics
that could be implementedin the system.The key ideaof
themethodis to choosea heuristicfrom theclasswith the
lowest bound.If this lower boundis closeto the general
lower bound,thereexistsno heuristicthatcouldbesignif-
icantly betterthanthechosenone.Otherwise,thedesigner
shouldprobablylook for other classesof heuristics,with
boundscloser to the generalone, and choosea heuristic
amongthem.If thereis a numberof classeswith compa-
rablelowerboundsandnobetterclasscanbefound,thena
heuristicfrom any of themis a goodchoice.Of course,the
designermustalso take into accountthe propertiesof the
heuristicsunderconsideration.For example,in certainde-
ployments,aheuristicthatrequiresglobalknowledgeof the
systemmaynotbeapplicable.

Figure1 showsthelowerboundsof theclassesof heuris-
tics that canbe implementedin the remoteof�ce system.
From the �gure, we seethat a storageconstrainedheuris-
tic shouldbe a goodchoicefor WEB, while a replicacon-
strainedheuristicshouldbepreferredfor GROUP. In either
case,cachingdoesnot seemappropriate,sincethe corre-
spondinglower boundsare much higher. For WEB, local
cachingcannotevenachieveaQoSgoalabove99%.

In the caseof workload WEB, the replica constrained
boundis up to 2 times the storageconstrainedboundand
7 times the generalbound.The reasonis that, due to the
replica constraint,unpopularobjects in the heavy-tailed
WEB have as many replicasas popularones.For GROUP,
thereplicaconstrainthasminimalimpactto cost—thelower
boundnearlyoverlapswith thegenerallowerbound.This is
becauseGROUP includesonly objectsthatareaccessedof-
ten. Thus,creatingthe samenumberof replicasfor every
objectworkswell.

In the caseof WEB, storageconstrainedheuristicshave
thelowestcost.All nodesgeneratemany requestsandthere
arefew popularobjects.Thesamesmallstoragecapacityon
all nodesis suf�cient to storeenoughobjectsto satisfythe

QoSgoal.For GROUP, thestorageconstraintresultsin costs
that arealways more than5 times the replicaconstrained
lower bound.Thereasonis thatassumingthesamecapac-
ity acrossall nodesresultsin higheroverall storageuse.

Both classesof cachingheuristics(local and coopera-
tive)haveby far thehighestcostfor highQoSlevels,in the
caseof WEB. Their lowerboundsare1.2to 5 timesthestor-
ageconstrainedbound.Thereasonis that thecombination
of all the properties(constraints)of cachingresult in less
optimal useof resourcesfor WEB. In the caseof GROUP,
thelowerboundsfor cachingandcooperativecachingover-
lap with the boundfor storageconstrainedheuristics,at 5
timesthe costof the replicaconstrainedbound.The limit-
ing factorfor this workloadis the storageconstraintprop-
ertyof caching.

Giventheanalysisabove, it is clearthatcachingheuris-
tics are not appropriatefor this system.Either they can-
not meet the performancegoals or they have a high in-
herentcost.A storageconstrainedheuristicwould bemost
appropriatefor WEB, and a replica constrainedheuristic
for GROUP. Basedon theexpectedworkload,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 then appliedin the system.In practice,the designeris
doneat thisstage.

Here,we evaluatethe robustnessof the methodby ob-
tainingtheactualcostof heuristicswhenappliedin thesys-
tem.Theresultsareshown in Figure2. In summary:1) The
proposedmethodidenti�es the right type of heuristic;the
costof theactualheuristicis below thesecondlowestbound
(with theexceptionof the99.99%point for WEB), indicat-
ing that it is impossiblefor any other examinedclassof
heuristicsto achieve the QoSgoal at a lower cost.2) Us-
ing caching,a popularheuristic,would result in up to 7.5
timescostincreasein ourcasestudy.

6.2. Infrastructur e DeploymentMethodology

Here,we discussthescenariowherethereareno nodes
(�le servers)deployed in the system.The designerhasto
decidenotonly whatheuristicto usebut alsowhichsitesto
deploy nodesin. Theusersof onesiteareall assignedto a
speci�c node.If thereis nonodedeployedin their localsite,
thenthey areassignedto the nodeof another, neighboring
site. All useraccessesaredirectedto their assignednode.
If a �le is not foundthere,thentherequestis forwardedto
the headquartersnodethat storesall �les. In theseexperi-
ments,we do not considerprefetching;all heuristicscon-
sideredarereactive.

The methodologyusedin this scenarioconsistsof two
phases.In phaseone, the designersolves the MC-PERF

problem,with onedifference—anodeopeningcost is in-
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Figure 1. The lower bound for various heuristic classes as a function of QoS for WEB and GROUP.
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Figure 2. The cost of the chosen heuristic (deplo yed in the system) compared to the lower bound.
The cost of LRU caching is also sho wn for comparison.

cluded in the cost function (z ? 10@ 000 for our experi-
ments).Thesolutionprovidesthesmallestnumberof nodes
neededandtheir locationin the system,to achieve the re-
quiredperformancegoal.Thisinformationis returnedin de-
cisionvariableopen, amatrixcapturingthelocationswhere
nodesshouldbedeployed.In ourcasestudy, thesolutionin-
dicatesthat6 nodes,atcertainlocationsin thetopology, are
suf�cient to offer therequiredQoSgoal.

In phasetwo, the designercalculateslower boundsfor
the 6-node topology; all other nodesare removed from
the topology. The methodproceedsas describedin Sec-
tion 6.1 (without consideringopening costs anymore).
Lower boundshave to be calculatedfor the 6-nodetopol-
ogy, sincethesolutionis moreconstrainedthanthe20-node
case—accessesarenow directedto only oneof the6 nodes.
Theresultsareshown in Figure3. For WEB, a replicacon-
strainedor a cachingheuristiccanonly deliver up to 95%
QoS. Note that this is a different conclusionfrom Fig-
ure 1, when both theseclassesof heuristicscould deliver
a higher QoS. As in the previous section,a storagecon-
strainedheuristic seemsto be the right choice for WEB.
For GROUP, on the other hand, things are very differ-
ent in this scenario.The storageconstrained,replicacon-
strainedandcachingboundsareall low andcloseto each

other. The choicecould be a heuristic from any of these
classes.Thus,themostappealingchoiceis caching,asit is
well understood.

7. Conclusions

Choosingthe right heuristic for replica placementin
a large distributed systemtypically dependson the intu-
ition of the systemdesigner. A simple experimentaleval-
uation[6] shows that the heuristicusedmakesa consider-
abledifferencein termsof the requiredinfrastructurecost,
including the cost for storagecapacityandnetwork band-
width. Moreover, the choiceof the heuristicto be usedis
oftennotanobviousone.

The paperproposesa methodologyto assistsystemde-
signerschoosereplicaplacementheuristicsthatmeettheir
performancegoals for the lowest possibleinfrastructure
cost.Themethodcanbeappliedin oneof two ways.First,
it canbeusedto decideon theheuristicto deploy in anex-
isting infrastructure.Second,it canbe alsousedto decide
aboutthecombinationof heuristicto deploy andlocations
thatshouldbe openedfor replicaplacementin thesystem.
We demonstratethe applicability of the methodin a real-
world casestudyandfor two differentworkloads.
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The proposedmethod is an off-line approach,in the
sensethat it has to be run explicitly by the designeras
changesin the systemoccur. Currently, we are investigat-
ing on-lineapproachesto dynamicallyadapttheplacement
heuristicto changingsystemsandworkloads.
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Appendix

In sectionA of theAppendix,weprovethattheMC-PERF

problemisNP-hard.In sectionB, weprovesomeinteresting
propertiesregardingtheevaluationinterval, a fundamental



elementof theproblemde�nition. Themainpartof theAp-
pendixis SectionC, whereweprovidethefull detailsof the
roundingalgorithm and its extensions,as well as a proof
thatit alwaysarrivesto a feasiblesolution.

A. NP-Hardness

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

Theorem1 Theminimal replicationcostfor QoSproblem
(MC-PERF) is NP-hard.

Proof for Theorem 1: We show this by a polynomial
time reductionof SET-COVER [17] to MC-PERF. Let each
candidateset in SET-COVER correspondto a uniquenode
in MC-PERF; this setof nodesis denotedC. Let eachele-
ment in SET-COVER correspondto a uniquenodein MC-
PERF; this set of nodesis denotedE. SetsC and E are
disjoint. Thus,the setof nodesconsideredin MC-PERF is
N A C B E. For all c C C and e C E, set distce A 1 and
distec A 1 iff elemente is coveredby candidateset c in
SET-COVER. All otherentriesin thedist matrixaresetto 0.
In MC-PERF, consideranoverall userQoStargetof 100%,
and let thereonly be oneevaluationinterval and one ob-
ject. SetdemandeD 0 D 0 A 1E e C E andsetall otherentriesin
thedemandmatrix to 0. Let a A 1 andb A 0.

With 100%QoS,all the requestsin the systemhave to
accessthe objectwithin the latency threshold.As requests
originateonly from nodesin E, we only have to make sure
thatall nodesin E canaccesstheobjectwithin the thresh-
old. Recallthatdistce is 0 expectif nodec correspondsto a
candidatesetthatcoverstheelementthatcorrespondsto e.
Thus,theonly way to satisfytherequestfrom e within the
latency thresholdis to storetheobjectreplicaonanodethat
correspondto oneof thecandidatesetscoveringe. We can
now easilyseethatchoosingtheminimal replicationcostin
this instanceof theMC-PERF problemis thesameaschoos-
ing theminimal numberof coveringsetsin theSET-COVER

problem. F

B. The Evaluation Inter val

This sectionprovestwo resultsregardingevaluationin-
tervals, animportantparameterof ourproblemformulation.
First, if a lowerboundis obtainedfor evaluationinterval D,
we show what other intervals this lower boundappliesto.
Second,we show what evaluationinterval shouldbe used
to obtaina lower boundfor heuristicsthatareevaluatedaf-
tereverysingleaccess.

Theorem2 A lowerboundproducedwith anevaluationin-
terval of D, is a lower boundfor anyevaluationinterval DG

such thatDGIH 2Dor DGJA D.

Proof for Theorem 2: Assumefor contradiction,that
thereexistsa DGIH 2Dthatprovidesa placementwith lower
cost.That meansthat thereis at leastone object, o1, for
which the following hold. There is one accessat t1 K

e,
wheree L D, andanotheraccessatt1. Thecostof storingob-
jecto1 for durationDis aD. Assumethatbecauseof thetwo
accesses,o1 hasto bestoredonsomenodefor two intervals,
for a costof 2aD. Consideranotherevaluationinterval, DG ,
suchthatbothof theseaccessesoccurwithin thesameeval-
uationinterval. DG providesa placementwith lower costif f
the cost of storing the objectduring this evaluationinter-
val aDGML 2aD. This canonly be true if DGNL 2D, a contra-
diction. F

In the following, we show 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-
strictstheevaluationintervalswe consider, without affect-
ing thelowerbound.

Lemma 1 Let Anm A decnm O

distnm P

E n
P

m. Theplacement
and accessesof noden can only be affectedby what hap-
pensonnodemiff Anm A 1.

Proof for Lemma 1: Noden canonly interactwith node
m if it eithercanfetch objectsfrom m (distnm A 1) or use
knowledgefrom nodemin makingits decision(decnm A 1).
If eitherof thesearetrueAnm A 1. F

Theorem3 Let m1 be theminimumtimebetweenany two
accessesbetweenall nodesn andmwhereAnm A 1, andm2
bethenext lowestsuch timesuch that m1 Q

A m2. Thelower
boundof a heuristicevaluatedaftereach singleintervalcan
becomputedwith MC-PERF by settingtheevaluationinter-
val (D) to D A m1 R

2 if 2m1 H m2 andto D A m1 if 2m1 L m2.

Proof for Theorem 3: As the evaluationinterval of a
heuristicexecutedateachsingleaccessis thetimebetween
two accesses,m1 is thelowestevaluationinterval in thesys-
tem. According to Theorem2, a D of m1 R

2 is the lower
boundof any heuristicevaluatedwith an evaluationinter-
val greaterto or equalto m1. Thiswould thensuf�ce to cor-
rectlyprovidethelowerboundof suchaheuristic.However,
if therearenointerreferencetimesin theworkloadbetween
m1 and2m1 thereis noneedto includethisrange,thusDcan
besetto m1 to savesomecomputationalresources.Themin-
imum time needonly to be computedbetweenall nodesn
andm thatcouldpossiblyaffecteachother(Anm A 1). F

C. Rounding Algorithm

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



problem to have fractional insteadof binary values,as
shown below.
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As discussedin Section5, the approachusedto obtain
lower boundsfor MC-PERF andits extensionsis a combi-
nation of linear relaxationand a roundingalgorithm. We
proposea greedyroundingalgorithm that provides feasi-
blesolutionswith costcost f eascloseenoughto costLP to al-
low meaningfulconclusionsaboutthetightnessof thelower
bound.Thealgorithmis describedin detail,in Figures6, 7
and5. Theintuition behindthealgorithmhavealreadybeen
describedin Section5.

The LP solution of the problemmay assignfractional
valuesto variablestorenik for certainnodes,objectsandin-
tervals. A roundingalgorithmroundsall fractionalvalues
either up to 1 or down to 0. In general,rounding down
decreasesthe cost of the solution but also decreasesthe
achieved QoS (percentageof accesseswithin the latency
threshold).On the other hand,roundingup increasesthe
cost and the achieved QoS. Thus, a rounding algorithm
should�nd the right balancebetweenroundingvaluesup
anddown, so that the QoSgoal is met (feasiblesolution)
with minimaladditionalcostdueto therounding,i.e.,with-
out payingfor additionalQoSthat is not required.Correct-
nesscanbeensuredby not allowing a valueto berounded
down, unlessit hasbeenprecededby a round-upthat in-
creasedthe QoS by at leastasmuchas the negative QoS
impactdueto thesubsequentround-down.

Basedon this principle, we proposea simple greedy
roundingalgorithm, which works as follows. First, some
fractionalvalueof theLP solutionis roundedup to 1. This
increasesQoSandcost.Thealgorithmthenroundsdown as
many fractionalvaluesaspossibleto reducecost,as long
astheQoSgoal is not violated.Whenno morevaluescan
beroundeddown, theprocessis repeated,until thereareno
morefractionalvaluesin thesolution.The �nal result is a
feasiblesolution,with costcost f eas.

The fundamentalissuethat the algorithm needsto ad-
dressis how to choosethevaluesto beroundedupanddown
andtheorderin which to do that.To make thesedecisions,
the algorithm usesa third metric (in addition to cost and
QoS),calledreward. To reacha roundingdecision,the al-
gorithmconsiderstheachievedQoSonly dueto valuesthat
aresetto 1, at eachstageof its execution.Reward re�ects
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Figure 4. Example of reward versus QoS impact.
Nodes n, m and p are within the latenc y 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 latenc y
threshold from them that store k during i. Since ,
the total value for k across the three nodes is W 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 0.

the impactto that QoSby roundingup or down a speci�c
value.

To explainwhy we needthis metric,considertheround-
upcase,wherewewould liketo pick thevaluethatprovides
thehighestincreasein QoSat the lowestcost.In Figure4,
roundingup any one of the threefractional valueswould
havezeroimpactto QoS,sinceit wouldnot increasethede-
mandsatis�ed within the latency threshold.However, we
have to roundup at leastoneof thosethreevaluesto pro-
ducea feasiblesolution.Thus,we chooseto roundup the
valuewith thehighestrewardandlowestcostimpact(low-
est cost X reward ratio). Similarly, for roundingdown, the
valuewith thehighestcost X reward ratio is chosenin each
iteration.

For notational convenience, the fractional value in
storenik is denoted v. Let vY node Z n, vY interval Z i
and vY object Z k. Also, let vY value Z storenik,
vY succ Z storen [ i \ 1 [ k, and vY prev Z storen [ i ] 1 [ k. To cover
the corner casesfor the beginning or end of the se-
quenceof intervals,we setvY prev Z 0 if vY interval Z 0 and
vY succZ vY valueif vY interval is thelastinterval.

Thealgorithmis shown in Figure5. For every fractional
value,wecalculatethethreemetricsthatthealgorithmuses:
cost, reward, and the QoSimpact (qos) of roundingit up
or down. Calculatingreward, andqosis straightforward—
they areproportionalto thedifferentdemandsatis�eddueto
therounding.cost consistsof storagecost andreplicacre-
ationcost. Theimpactonstoragecostis proportionalto the
valuechange.

The impacton replicacreationcost,on the otherhand,
is not necessarilyproportionalto the valuechange.It de-
pendson thevaluesbeforeandafter thetargetinterval (for
thesamenodeandthesameobject).Consider, for example,
roundingupthefractionalvalueof storenik. If at leastoneof



cost ^ lower boundfrom linearization
qos ^ Tqos
V _ setof all fractionalvaluesin store
while V `^

/0
a

v b V calculateroundup bene�t(v)
�nd v b V with lowestvc cost d vc reward
// roundupv
storeve nodef ve interval f ve object ^ 1
cost ^ cost g vc cost
qos ^ qosg vc qos
V _ V hji vk

repeat
a

v b V calculaterounddown bene�t(v)
C _li v b V : qosg vc qos m Tqosk

if C `^ /0
�nd v b C with vc reward ^ 0 n vc cost o 0
if nov found

�nd v b C with highestvc cost d vc reward
// rounddown v
storeve nodef ve interval f ve object ^ 0
cost ^ cost g vc cost
qos ^ qosg vc qos
V _ V hji vk

until C ^
/0

if storageconstraintpresent
�nd cmax, themaxno.of objectsstoredonanode

duringany interval
a

i b I p n b N;cost ^ cost g a qsr cmax h å k t K storenik u

�nd c̄n, themaxno.of objectsstoredonnoden
duringany interval

a

n b N;cost ^ cost g b qvr cmax h c̄n
u

if replicaconstraintpresent
�nd cmax, themaxno.of replicasof any object

duringany interval
a

i b I p k b K;cost ^ cost g a qvr cmax h å n t N storenik u

�nd c̄k, themaxno.of replicasof objectk
duringany interval

a

k b K;cost ^ cost g b qvr cmax h c̄k u

output cost

Figure 5. The rounding algorithm used to �nd the
tightness of the lower bound.

storen w i x 1 w k andstoren w i y 1 w k is setto 1, thenthecostfor a full
replicaof k on noden during i is includedin the solution
costandroundingupstorenik haszeroimpactonreplication
cost.If both thoseintervals have valueslessthanstorenik,
theimpacton replicacreationcostis b z 1 { storenik |

. If one
of them,say storen w i x 1 w k, hasa highervalue, then the im-
pact is b z 1 { storen w i x 1 w k |

. In fact, the impactmay be neg-
ative if both neighboringintervalshave highervaluesthan
storenik. Thealgorithmis show in Figure6

The roundingdown algorithmdisplayedin Figure7 is
symmetricto theroundingupcase.Therearethefollowing
casesto consider(re�ected in “if ” statementsin Figure7):
1) If eitherv} succor v} prev havevalueshigherthanv} value,
thenunnecessaryreplicacreationcosthasbeenincludedin
thesolution,asthe lesservalueof v} succandv} prev is not
needed.This can be deductedfrom the cost. If v} succ is
higher, the deductionis b ~ v} prev; if v} prev is higher, it is

function calculateroundup bene�t(v)
if (vc succ m vc value m vc prev)

vc cost ^ b qvr 1 h vc succ
u

elseif (vc succ o vc value o vc prev)
vc cost ^ b qvr 1 h vc prev

u

elseif (vc succ m vc value n vc prev • vc value
u

vc cost ^ b qvr 1 h vc prev h€r vc succh vc value
u•u

elseif (vc succ ‚ vc value n vc prev o vc value
u

vc cost ^ b qvr 1 h vc value
u

vc cost ^ vc cost g a qvr 1 h vc value
u

// rewardonly from nodeswithin thelatency threshold
// thatarenot fully coveredby anothernode
M _ƒi n b N : distn f ve node ^ 1 n

å mt N „

storemf ve interval f ve object …

q distnm ^ 0k

vc reward ^ å n t M demandn f ve interval f ve object
// QoSimpactonly if sumof all storedreplicas
// within latency thresholdis lessthanonebeforerounding
M _ƒi n b N : distn f ve node ^ 1k

if å n t M storen f ve interval f ve object o 1
vc qos ^ vc reward qvr 1 h å n t M storeve nodef ve interval f ve object u

else
vc qos ^ 0

Figure 6. The rounding up bene�t function.

b ~ v} succ. 2) Whenthevaluesof bothv} succandv} prev are
lower thanv} value, we no longerhave to pay for the cre-
ationcostbetweenv} prev andv. Thus,this is deductedfrom
cost.However, thereis now a replicacreationcostbetween
v andv} succthatwe previously did not have to payfor. Fi-
nally, theimpactto costis { b z v} succ{†z v} value { v} prev

|:|

.
3) For the lastcase,whenbothv} prev andv} succhave val-
ueshigherthanv} value, wepayfor replicacreationbetween
v andv} succ. As thevalueis roundeddown from v} valueto
0, we have to pay an extra b ~ v} value to re�ect the replica
creationcostfor v} succ.

The algorithm of Figure 5 is describedfor a QoS de-
�ned over all usersandall objects.Adaptingthealgorithm
to any of the other de�nitions of QoS is straightforward.
For aper-objectQoS,thealgorithmis runseparatelyfor ev-
ery single object k in the system.For eachrun, QoS and
reward refer to the correspondingobjectalone.For a per-
userQoS,eachnodehasits own QoSrequirement(recall
thatweassumeoneuserpernode).Whena fractionalvalue
is roundeddown, theroundingmustnot violateany node's
QoSrequirement.

In orderfor the roundingalgorithmto producefeasible
solutionswith oneor moreof the heuristicpropertiesen-
abled,we haveto addsomefunctionalityto it.

When the storageconstraintis enabled,we searchthe
solution for the nodethat storedthe most object replicas
during an interval (to keepthe discussionsimple, we as-
sumethat all objectsareof the samesizeandthuscapac-
ity is measuredin numberof objects).Denotethis number
cmax anddenotethe capacityusedin interval i andnoden
cni. For every nodeand interval, we add a z cmax { cni |

to
thecost,forcing all nodesto usethesameamountof stor-



function calculaterounddown bene�t(v)
if (v‡ succ ˆ v‡ value ˆ v‡ prev)

v‡ cost ‰‹Š b Œ v‡ prev
elseif (v‡ succ • v‡ value • v‡ prev)

v‡ cost ‰‹Š b Œ v‡ succ
elseif (v‡ succ ˆ v‡ value Ž v‡ prev • v‡ value•

v‡ cost ‰‹Š b Œ v‡ value
elseif (v‡ succ ‘ v‡ value Ž v‡ prev • v‡ value•

v‡ cost ‰‹Š b Œv’ v‡ succŠ€’ v‡ value Š v‡ prev •“•

v‡ cost ‰ v‡ cost Š a Œ v‡ value
// rewardonly from nodeswithin thelatency threshold
// thatarenot fully coveredby anothernode
M ”ƒ• n – N : distn — ṽ node ‰ 1 Ž

å m™ N š

storem— ṽ interval — ṽ object ›

Œ distnm ‰ 0œ

v‡ reward ‰‹Š å n ™ M demandn — ṽ interval — ṽ object
// QoSimpactonly if sumof all storedreplicas
// within latency thresholdwould become
// lessthanoneafterrounding
M ”ƒ• n – N : distn — ṽ node ‰ 1œ

if å n ™ M storen — ṽ interval — ṽ object Š storeṽ node— ṽ interval — ṽ object • 1
v‡ qos ‰•Š v‡ reward Œv’ 1 Š€’ å n ™ M storen — ṽ interval — ṽ object

Š storeṽ node— ṽ interval — ṽ object •“•

else
v‡ qos ‰ 0

Figure 7. The rounding down bene�t function.

age.For nodesthatnever(in nointerval) storethismany ob-
jects,we alsohave to addb ž cmax Ÿ

Åcn  

creationcost,where
Åcn is the maximumnumberof objectsstoredin any inter-
val on noden. This cost is thenthe cost for a feasibleso-
lution with thestorageconstraintenabled.Thereplicacon-

straint is accountedfor in an analogousway, even though
thesolutionis searchedfor theobjectout of all nodesand
intervalsthatis replicatedthemosttimes.

Theroutingknowledgeaffectsonly theinputdataandas
suchthereis no needfor any modi�cations in therounding
algorithm.Theglobal/localknowledge,theactivity history
andthe reactive propertyconstraintsarenever violatedby
theroundingalgorithmasprovenbelow.

Proposition1 The rounding algorithm presentedin Fig-
ure 5 producesa feasiblesolutionto MC-PERF evenwhen
thetheglobal/localknowledge, accesshistoryand/orreac-
tivepropertiesare includedin theLP-problem.

Proof for Proposition 1: The global/localknowledge,
reactive,andtheaccesshistoryconstraintsall forcestorenik
to become0 for certainvaluesof n, i andk. Thismeansthat
the solution producedby the LP-relaxationhaszeroesin
theplaceswheretheconstraintsdemandso.As theround-
ing algorithmnever roundsup any zerovaluein the solu-
tion, theseconstraintsareneverviolated. ¡

To decreasetherunningtime of our algorithm,we have
beenexperimentingwith roundingentiresequencesof con-
secutiveintervalswith thesamefractionalvalueasoneunit.
We have observedthat this optimizationdecreasestherun-
ning time of the roundingalgorithm by over an order of
magnitudewith an increaseto thecostof the solutionthat
is lessthan5%.


