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Abstract

Thepaperdiscussesmodelsof theCacheLocation
Problemfrom theperspective of DecisionSupport
Systems.Thisapproachleadsto thedesignof mod-
els that allow the user (decisionmaker) to flexi-
bly specifyhis preferences,andareprecisein the
searchfor solutionsthat areclosestto thesepref-
erences.The modelsare designedusing a multi-
criteriaapproachandarespecifiedusingMixedIn-
teger Linear Programming. The paperconsiders
what is the maximal size of cachelocation prob-
lemsthat canbe solved optimally in realistictime
usingstate-of-the-artMILP solvers.It is foundthat
medium-sizedproblemscan be solved optimally;
thepaperconsidershow to extendexisting heuris-
tics to solve largerproblemsusingthenewly devel-
opedmodels.

1 Intr oduction

Cachesand replication servers store information
transmittedover a computernetwork closerto the
usersof that information. In otherwords,caching
and replication are usedto distribute the content
provided over computernetworks. By deploying
cachesin a network, network administratorscan
managethe location of information that is fre-
quently requestedby clients. Among the well-
known impactsof cachingon network andsystem
performanceare: a reductionof network traffic, a
reductionof averageclient delay, anda reduction
of origin server load[12].

Companiesthathave locatedcachesin thenetwork
can offer servicesto contentproviders, who can
deliver their contentthroughthe cachesownedby
the company. Thesecachesform an overlay net-
work called a ContentDelivery Network (CDN).
The problemof information location to maximize
performanceor minimize thecostof a systemthat
usesthis informationhasbeenstudiedextensively
since the early 1980sin several fields, including
distributed databases,storagesystemsand CDNs
[6, 1, 7]. This previous work solved the follow-
ing decisionproblem: given a setof objects(files,
pagesof memory)anda setof potentiallocations,
decidein which locationsto placecopiesof theob-
jectsin orderto optimizesomeobjectiveandsatisfy
someadditionalconstraints.A practicalexampleof
this generalformulationis theproblemof location
of replicasof specificfiles on a numberof nodes
(for example,the cachesof a CDN). We shall re-
fer to thisdecisionproblemastheReplicaLocation
Problem(RLP).

Recently, thesubjectof designingCDNsby choos-
ing appropriatelocationsfor cachesin thenetwork
hasreceivedattentionof researchers.Thedecision
problemcanbestatedasfollows: givenasetof po-
tentiallocations,decidein which locationsto place
caches,which will storecopiesof objects,in order
to optimizesomeobjective andsatisfysomeaddi-
tional constraints.Observe that this decisionprob-
lem is not concernedwith the locationof replicas
of specificfiles,but with thelocationof thecaches
themselves.Also, theclientdemandsaretreatedon
amoreaggregatedlevel (notfor individualfiles,but
for filesfrom aspecificorigin server). In [8], Krish-
nanet al. formulatedtheCacheLocationProblem



(CLP) andstudiedheuristicsandspecial-caseopti-
mal solutionsof thatproblem.Theauthorsshowed
thatcachelocationhadasignificantimpactonover-
all performance,andthatcommonlyusedrules-of-
thumbfor cachelocationwerenotalwaysappropri-
ate.

Most of the consideredoptimizationproblemsre-
latedto cacheor replicalocationarehard(theCLP
was shown to be NP-hard,even on a tree topol-
ogy, if multiple serversareconsidered[8]). This is
themainreasonfor thefocusof themajority of re-
searchin theareaon heuristicsolutions,their com-
putationalcomplexity and solution quality. This
researchdirection hasresultedin many useful al-
gorithms for many different model formulations
[11, 10]. However, all of thesemodelformulations
seemto shareacommondrawback: they do notal-
low to specifyuserpreferences,anddonotconsider
whetherthe model is realistic enoughto give an
accurateevaluationof the quality of the designed
cacheor replicalocation.

Theaimof thispaperis to approachtheproblemof
cacheandreplicalocationfrom the perspective of
DecisionSupportSystems(DSS).A DecisionSup-
port Systemis a programthat supportsa decision
maker throughthe entiredecisionmakingprocess
for a specificsituation.Decisionmakingis a major
componentof humanlife, andtherearemany types
of decisionmaking(for example,institutionalor in-
dividualdecisions,decisionunderrisk, etc).There-
fore therecan be (and indeedare) many typesof
DSS.However, many of themneedto handlethree
aspectsof decisionmaking [15]: (i) information
aboutcurrentsituationandhistory; (ii) therelation
betweenbasicprocessesandactionsor decisions,
which is usually expressedusing a mathematical
model;(iii) thedecisionprocess,which hasseveral
phases,oneof which is thechoiceamongdecision
alternatives.Usingthesethreeaspects,we shallat-
temptto designa DSSfor theproblemof cacheor
replicalocation.Suchanapproachis useful,sinceit
is morelikely to resultin asystemthatwill beused
to solve realisticproblems.Also, we shalldemon-
stratehow this approachleadsto differentmodels
comparedto thecomputationally-orientedprevious
work.

In the next section,we shall attemptto character-
ize the decisionmaker of the CLP andhis prefer-
ences.Next, we shall considerthe informationas-
pectof the CLP andreplica location. Apart from
discussingtheinputdatarequiredfor thesedecision
problems,we shall considerthemethodsfor gath-
ering this information, and ways of dealingwith
the variability of this information over time. In
thefourth section,we shallattemptto give models
of cachelocationusingMixed Integer Linear Pro-
gramming(MILP), but not limited to thatapproach,
and comparethesemodelswith existing formula-
tions. In sectionfive, we considerways of sup-
porting thedecisionprocess,includingmethodsof
learningdecisionmaker preferencesand support-
ing hisfinal choiceof adecisionamongmany alter-
natives. Sectionsix givesa brief evaluationof the
computationalcomplexity of usingMILP for cache
location,andof extensionsof existing heuristicsto
supportthemodelmodificationsoutlinedin thisar-
ticle. Thelastsectionconcludes.

2 The decision maker preferences for
cacheor replica location

Thedecisionmaker (DM) who considerstheprob-
lemof cacheor replicalocationis usuallytheman-
agerof a communicationnetwork. However, his
preferencesmay be relatedto the interestsof net-
work users. The usersof the network of the DM
canbe clientswho requestinformation from con-
tentproviders,or thecontentprovidersthemselves,
whopaytheDM for distributingtheircontentcloser
to clients. Thepreferencesof theDM mayalsobe
affectedby theoperatingcostsof thenetwork. Fi-
nally, theDM preferencesmaybeinfluencedby the
costof locatinga new cachein thenetwork, or by
thecostof moving existingcaches.

The DM could have two differentkinds of prefer-
encesrelatedto network users,one kind if he is
the managerof a CDN, and anotherkind if he is
themanagerof a public cachinginfrastructurethat
doesnot charge for contentdistribution. Thepref-
erencesof usersarea functionof thequalityof ser-
vice,which is affectedby thecommunicationdelay



in receiving the contentby a client. If the DM is
a managerof a CDN, he is interestedin maximiz-
ing revenue.TheDM couldthereforebeinfluenced
by theamountof money thateachcontentprovider
paysfor the servicesof a CDN. If the DM man-
agesapubliccachinginfrastructure,theinterestsof
clientsshouldinfluencehim equally, and the DM
couldbeinterestedin a fair treatmentof theclients.

The costof locationof a new cacheis a function
of priceof cachinghardwareandsoftware. A DM
couldchooseamongtheproductsof cachevendors
andlearntheir pricesbeforeconsideringthe deci-
sionproblemof cachelocation. If theDM chooses
a publicly available cachesoftware, the price of
the cacheis the price of hardwarefrom a selected
vendorandwith selectedcomputationalresources.
Next, theDM cansetabudgetB anddividethebud-
get by the price p of the selectedcacheproduct,
which resultsin a maximalnumberof caches,m,
that he can locate. Anotherapproachwould con-
sider the price p of the chosenproductasa fixed
costof cachelocation,while thepriceof anetwork
connectionfor eachcacheis the variablecost of
cachelocation.Thebudgetsetby theDM canthen
be usedalong with thesecoststo set a constraint
on the expenseof locatingcaches.Note that this
constraintis not sufficient to expressDM prefer-
ences,sinceobviously the DM would like to pay
aslittle aspossiblefor cachelocation.Whenanew
cacheis purchased,thepriceof a network connec-
tion mustbe considered.The costof the network
connectioncandependon thecachelocation. The
costof moving existingcacheis harderto quantify,
andthereforeit maysufficeto minimizethenumber
of cacheswhichneedto bemoved.

Theoperatingcostsof a network area functionof
the traffic requiredto communicatethe contentto
clients. The DM may have different preferences
with respectto traffic thatis sentoverdifferentparts
of hisnetwork (for example,traffic overa link con-
necting the DMs network to an Internet Service
Provideris likely to bemoreexpensivethenintranet
traffic).

The decisionproblemof cacheor replica location
could be consideredby the DM when he is de-

signing his network. Then, cacheor replica lo-
cationcould be connectedto the planningof link
capacities,network reliability, and other network
designissues. On the other hand, the DM may
already have an operatingnetwork and want to
designa CDN by locating cachesor replication
servers.Finally, theDM mayalreadyhaveanoper-
atingnetwork andinstalledcaches,andcouldcon-
sideraddingnew caches,extendingthecapacityor
changingthelocationof installedcaches,aftereval-
uatingtheperformanceof his cachingsystem.The
DM couldalsoproceedin reverseorder, by specify-
ing agoalwith respectto somepreference,andthen
consideringwhatchangesareneededin thecaching
systemto achieve thatgoal. It follows thattheDM
may be usingthe DSSperiodicallyover time, and
not only oncewhenthecachingsystemis first de-
signed.

RLP problemsmight also be consideredafter the
DM has locatedcachesor replicationservers, to
determinewhat contentshouldbe storedby these
servers. However, CDNscanusedynamic,on-line
algorithmsto determinethecontentsof replication
serversor caches[4]. Cachecontentcanalsobede-
terminedentirelyby requestsof clients(if theCDN
is not usingpushor prefetching),which resultsin
thestorageof mostpopularcontentin thecaches.

In arealsetting,theDM wouldconsiderall or most
of the discussedpreferencessimultaneously. He
wouldnotstartadecisionprocesswith afixedsetof
preferencesandknowledgeof their relative impor-
tance.Also, thepreferencesof a DM couldchange
over time. For thesereasons,theDSSshouldtake
into accountthesepreferencesof a DM in an in-
teractive way, andbesufficiently flexible to let the
DM changehis preferencesduring a sessionwith
theDSS.

3 The information aspectof the CLP

The information requiredas input to the decision
problemof cachelocation is not large in volume,
but not easyto obtain. In fact, many network ad-
ministratorsdo not maintainsuchinformationand



Table1: Input informationof theCLP.

Variablename Variableexplanation
zs

c Demandfrom server s � VS to clientc � VC

hs
c Hit rateof demandfrom s � VS to c � VC

VR Setof potentialcachelocations
πuv Communicationpathfrom u

�
VS

�
VR to v

�
VC

�
VR

G ��� V � E � Graphof network topology, V � VS
�

VR
�

VC

δ
�	�

e 
 Costof communicatingon link e � E
δ
�	�

u � v 
 Costof communicatingon pathπuv, u � v �
V

δ
� � �

e 
 Delayof communicatingon link e � E
δ
� � �

u � v 
 Delayof communicatingonpathπuv, u � v � V

arereluctantto make the effort to obtainit. How-
ever, othersusethesameor similar informationon
a daily basisto evaluatethe performanceof their
network. It is not only possible,but beneficialfor
a network administratorto periodicallygatherthis
type of information. We shall attemptto describe
the minimal amountof input information of the
CLP. A summaryof all input variablesusedby the
CLP is givenin Table1.

The basic information of the cacheor replica lo-
cation problemsare the client demands. For the
CLP, zs

c aredemandsfrom client c � VC for infor-
mationfrom server s

�
VS. For thereplicalocation

problem,thedemandszs f
c aremadefor specificfiles

f � F. ThesetsVC andVS containnodesof thenet-
work of theDM.

For theCLP (but not theRLP), eachdemandmust
be associatedwith a hit ratehs

c, which is the pro-
portion of traffic of the given demandthat will be
served by a cache. This value is neededasan in-
putbecausetheCLPtreatsdemandsin anaggregate
way anddoesnot considertheactualcontentsof a
cacheor theclient demandsto specificfiles of the
server, as in the replicalocationproblem. The hit
ratescanbemosteasilyobtainedfrom server logs.
The needto have the hit rateasan input is a con-
sequenceof aggregatingthedemandsfor individual
files into demandsto servers. In theRLP, theloca-
tion of individual files is thesubjectof thedecision
problem,andhit ratesareeither0 or 1 depending
on whetherthefile is locatedat thegiven cacheor

not (which makesthedependenceof themodelon
hit ratetrivial). Thepricefor suchanapproachis an
increasednumberof individual demands,and,con-
sequently, of decisionvariablesandthereforeprob-
lemcomplexity (seeSection6).

Next theDM hasto specifythesetof potentialloca-
tions for a cacheor replicationserver, VR. This set
containsnodesof the network werecachesare to
belocated.Let πuv bethepathin thenetwork of the
DM connectingnodeu andv. The pathsthat will
be the input to the cacheor replica locationprob-
lem shouldbedeterminedby theroutingalgorithm
usedin the network. In otherwords, they should
reflecthow the informationwill be communicated
in the network. Note that the pathsneednot be
theoutcomeof shortest-pathIP routing;they could
be determinedby anothertype of routing, suchas
Multi-protocol LabelSwitching(MPLS) of thePer
Hob Behavior of DiffServ. Whatmattersis thatthe
pathsshouldreflect the actualcommunicationbe-
havior of thenetwork of theDM.

For eachdemandzs
c andeachpotentialcacheloca-

tion w � VR, weneedto know thepathπwc, and,for
the cachelocationproblem,the pathπsw. Finally,
we alsoneedto know thepathπsc.

Fromthepathsandnodesdescribedabove, a topo-
logical view of the relevant part of the network
can be constructed. The network could be visu-
alized, allowing the DM to interactively specify
separatecosts for each link on the paths where



USER

User interface and organizing module

Information Models Solvers

Figure1: Modulesof aDecisionSupportSystem.

the informationwill flow. This network topology
can be describedby a graph G ��� V � E 
 , where
V � VC

�
VS

�
VR, and E ��� u � v � V πuv is the sum

of all links on the routing paths. For eache
�

E,
the DM could specifya link costδ

� ���
e 
 of sending

a unit of dataon that link. The total costδ
� � �

u � v 

of communicatingaunit of informationon thepath
πuv canbeobtainedby addingall link costsof the
path.

For eachof the routing pathsπuv, the DM should
specify an end-to-enddelay δ

�	�
u � v 
 of sendinga

unit of data.This delayis thehardestto defineand
to measure.TheDM couldspecifysomelink-level
delaysfor eachof the links of thepath(depending
onthelink-layertechnology)andprocessingdelays
for eachnode,andthenaddthesedelaysfor each
path πuv. However, the actual delay of network
communicationsof the HTTP and FTP protocol
is determinedby the averageavailableTCP band-
width duringthedurationof a connection.This, in
turn,dependsontheamountof traffic thattravelson
thepath.Sucha delayis thereforeasymmetricand
non-additive, andcanonly becalculatedby end-to-
end measurementsfor all relevant pairs of nodes,
underthe assumptionthat we do not take into ac-
countthechangesin traffic patternsthatwill result
from cachelocation.

Theend-to-endmeasurementscoulduseaprogram
that estimatesthe availableTCP bandwidth[9] or
measureend-to-enddelayandlossusinga sample
of packets, and then use a formula that approx-

imatesavailable TCP throughput[5]. (The first
methodis more exact, but may usemore traffic.)
To decreasethe cost of measurements,a part of
thedelays(for theserver-client pathsthathave sig-
nificant traffic) can be obtainedfrom server logs.
The describedmeasurementsdependon seasonal
traffic patterns,and thereforeonespecifictime of
dayshouldbechosenfor all measurements,andthe
measurementsshouldbe limited to working days.
This implies that theamountof network resources
usedfor measurementswill not be largeon a daily
scale. Apart from the available TCP throughput,
the end-to-endclient latency includesthe connec-
tion setup time of TCP, which is influencedby
thepacket transmissiontimeson thepathfrom the
client to the server, and on the return path. This
value (denotedby δlat

�
u � v 
 ) can be estimatedby

theminimalpacket round-triptimemultipliedtimes
3� 2.

We believe that the advantageof using more rel-
evant input information (averageavailable band-
width)outweighsthedisadvantageof thevariability
of this information. The variability could be con-
trolled using the following scheme:the resultsof
measurementsof available TCP bandwidthcould
befilteredby anexponentialmoving average.Next,
insteadof usingthe smoothedestimate,we define
discretizedbandwidthlevels. The granularity of
theselevels can be usedto control the sensitivity
to changesof thesmoothedestimate.To minimize
possibleoscillationswhenthesmoothedestimateis
closeto a bandwidthlevel, a simplehysteresisal-
gorithmcouldbeemployed. Thus,while we move
down a level immediatelywhen the smoothedes-
timatefalls below thecurrentlevel, we move up a
level only if the estimatesignificantlyexceedsthe
bandwidthcorrespondingto thenext level.

Finally, theDM shouldalsospecifyfixedcostp and
a variablecostp

�
w of cachelocationandabudgetB

for theexpenseof cachelocation,aswasdescribed
in the previous chapter. The minimal amountof
input information is: the client demands,the hit
rates,the setof potentialcachelocations,the rel-
evantcostsof pathsfrom eachserver to eachpoten-
tial cachelocation and from eachpotentialcache
locationto eachclient.
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Figure2: Approximatedrelationshipof thenumber
of cacheclientsandhit rate.

To sum up, the information usedby the cacheor
replicalocationproblemsis of the typethatcanbe
useful to network administratorsin network man-
agement.A DSScouldcontainamodulededicated
to thegatheringof suchinformation. This module
could be usedby network administratorsin daily
managementtasks.Thebasicmodulesof theDSS
areshown onFigure1. In thenext section,weshall
considerthemodelsof cachelocationrequiredby a
DSS.

4 Basicprocessesand modelsof the CLP

A naturalapproachfor describingthe relationbe-
tweenbasicprocessesanddecisionsis to establish
amathematicalmodelthatusessomevariablesthat
arerelatedto decisionsasinputsandsomecharac-
teristicsof the resultingprocessas outputs. This
model shouldbe simple enoughto easily find at-
tractive decisionsthat result in good(or best)out-
comes,but complex enoughto captureessentialbe-
havior of thebasicprocesses.

Cachelocationdecisionscanbe describedby two
types of binary decision variables: the location
variables andthe assignment variables. For each
demandzs

c andeachpotentialcachelocationw
� VR,

thelocationvariableLw � 1 if a cacheis locatedat
the nodew, and the assignmentvariablePs

cw � 1
if the demandzs

c hasbeenassignedto w. These
two variablesmustberelatedby thecommon-sense

constraint:

�
zs

c � 0
�

w � VR Ps
cw � Lw (1)

which prohibits the assignmentsof demandsto
nodeswhereno cachehasbeenlocated. Another
constraintthat is commonto all modelsrequires
that the assignmentof demandsto cachesand the
origin server is a function:

�
zs

c � 0 ∑
w � VR ��� s � P

s
cw � 1 (2)

For replica location, the location and assignment
variablesneedto beconsideredseparatelyfor each
file f

�
F. The two constraintsremain similar.

Thus, therecould be a larger numberof both lo-
cation variablesand assignmentvariablesfor that
problem. The CLP usesthe assumptionthat a hit
rateis givenfor every demandto aggregatethede-
mandsmadeby oneclient to oneserver for individ-
ual files. This is in factan implicit modelassump-
tion (that the hit rate is not affectedby the loca-
tion decisions),that reducesthe complexity of the
model.Shortly, weshallconsiderhow thisassump-
tion couldbemodifiedandpartially relaxed.

Additionalconstraintscouldbeaddedto themodel,
for exampleto expressthat demandscan only be
assignedto cachelocationsthat are on the short-
estpath(in termsof hop count) from the client to
the server of the demand. Sucha constraintex-
pressesthe assumptionthat the cachesusean L4
switch or similar technologyto interceptclient re-
quests(transparentcaching[12], alsocalledTrans-
parentEn-RouteCachingin [8]). When the rout-
ing in thenetwork is known, suchanassumptionis
easyto expressby addingconstraintsthatforcecer-
tainassignmentvariablestobeequaltozero(for the
cachelocationsthatdo not lie on theshortestpath
from client to server). Suchconstraintswill not be
consideredfurther in this paper. We will now turn
to anoutlineof a multi-criteriaapproachto models
of theCLP.

In section2 it was said that the relative impor-
tanceof thevariouspreferencesof a DM cannotbe



known in advanceof thedecisionprocess,andthat
theDM couldchangehispreferencesovertime. For
thatreason,DM preferencesarebestexpressedus-
ing a multi-criteria approach.The essenceof any
modelfor cacheor replicalocationis its objective
function. In amulti-criteriaapproach,theobjective
functionis composedfrom several functionsof the
decisionvariables,calledcriteria, that expressthe
preferencesof a DM. For example,on of thecrite-
ria (minimized)is thecostof cachelocation,which
canbeexpressedby thefunction:

Qm � ∑
w � VR

�
p � p

�
w 
 Lw

If theDM wishesto move old cachesto new loca-
tions,hecanbe interestedin minimizing thenum-
ber of cachesto be moved. This canbe achieved
by letting the DM specify old cachelocationsL

�
w

asan input. The numberof cacheswhich change
locations(have to be moved) is expressedby the
criterion:

Q
� �
m � 1

2

�
∑

w � VR

�
Lw � L

�
w
� � �

∑
w � VR

Lw � ∑
w � VR

L
�
w
� 


If theDM hasspecifiedold cachelocations,thecost
of new cachesthathave to belocatedis givenby:

Q
�
m � max� ∑

w � VR

�
p � p

�
w 
 Lw � ∑

w � VR

�
p � p

�
w 
 L �w � 0 


Amongothercriteriaof theCLP, let usconsiderthe
time in which a client receivesrequestedinforma-
tion from all servers. For eachclient demand,the
delayof sendingthedemandfrom theassignedlo-
cationis given by theexpressionRs

c � δlat
�
c � w 
��

zs
c ∑w � VR ��� s � Ps

cw

�
δ
� �

w � c 
 � �
1 � hs

c 
 δ � � s � w 
!
 . This
expressionincludesthelatency of settingupaTCP
connectionfrom the client to the cache,but not
from the cacheto the server (this is not possible
without knowing whethertherequestwasahit or a
miss. However, cachescouldmake persistentcon-
nectionsto popularservers.) The client delay is
givenby: �

c � V Q
�
c � ∑

s � VS

Rs
c

Thiscriteriondependsonthehit ratehs
c. Recallthat

in theprevioussectionthehit ratewasdescribedas
an input information to the CLP. However, in re-
ality the hit ratedependson the numberof clients
that areassignedto a cache.Sinceclientsusually
usetheir own local cachesin thebrowser, thetem-
poral referencelocality of requeststhat arrive at a
cacheis theoutcomeof many clientsrequestingthe
samepopularobjects. It is clear that the useof a
constanthit ratethat dependson the particularde-
mandis a simplification. To expressthebasicpro-
cessof cachehitsandmissesmorerealistically, the
hit rateshoulddependon the particularcacheand
on the numberof clients who areassignedto the
cache.Thisnumbercanbeexpressedin thefollow-
ing way: for every cachew

�
VR andevery server

s � VS, let Cs
w � ∑c � V Ps

cw be thenumberof clients
of thatcachethatrequestdatafrom s. Thehit rates
hs

w at thecachew of all demandsfrom theserver s
would dependonCs

w. Theform of thatrelationship
shouldbeobtainedfrom relevantstudies[2, 14, 3],
but it can be approximatedby a piecewise linear
function,asshown in Figure2.

However, if this modelenhancementis to be con-
sidered,thensomeof themodelcriteriawould not
be linear. Thereforethe resultingmodelcould be
moredifficult to solve. Weshallreturnto thisques-
tion in section6. Until then,we shall continueto
usethesimplificationof aconstanthit rategivenas
input information.

Theothercriterionrelatedto delayis thelatency of
communicatingcontentof a certainserver (which
is ownedby a contentprovider who is theclient of
theCDN) to all its clients.Thiscriterionin theCLP
is givenby: �

s � Vs Q
� �
s � ∑

c � V
Rs

c

Themodelof theCLP formulatedin [8] is equiva-
lent to minimizing theobjective function∑s � VS

Q
�
s,

if thelatency δlat
�
u � v 
"� 0 for all u � v � V underthe

constraints(1) and(2).

TheDM couldusetheclient delayQ
�
c or theserver

delayQ
� �
s , dependingonhispreferences:theadmin-



istratorof apubliccachinginfrastructurewoulduse
theclient delay, while theadministratorof a CDN
would usethe server delay. As will be described
in the next section,the DSSshouldmake it possi-
blefor theDM to excludecertaincriteriafrom opti-
mizationor to allow themto beoptimized,but with-
outallowing themagreatinfluenceon thesolution.

Fromthecriteriarelatedto network operatingcost,
the total traffic that flows over the network of the
DM canbeexpressedby theformula:

Qb � ∑
s � VS

∑
c � V

zs
c ∑

w � VR ��� s � Ps
cw

�
δ
� � �

w � c 
#�
� �

1 � hs
c 
 δ � � � s � w 
!


whereδ
� �	�

u � v 
 is thetotal link costof apathπuv, as
describedin section3.

A numberof other criteria could be addedto the
onesdescribedabove, dependingon the type of
contentwhich will be distributedby the cachesor
on specificDM preferences.For example,for the
distribution of streamingmediacachescould form
an overlay network that implementsapplication-
layermulticast. As an exampleof criteria induced
by DM preferences,considerthesubjectof search-
ing for fair solutions:ameasureof inequalitycould
thenbeaddedasacriterion.For examplesof model
extensionsof theCLP, thereaderis referredto [13].

We have now expressedthebasicDM preferences
of cacheinstallationcost,userdelay, andnetwork
operatingcostascriteriawhichdependonthedeci-
sionvariablesof themodel.Let all of thesecriteria
be denotedby a vectorQ. It remainsto formulate
an objective function that would be composedof
thesecriteria.

Thefirst stepis to establishacommonscaleof com-
parisonof all thecriteria.To doso,we needto find
the rangesin which eachof the criteria can vary.
It is clear that theserangesare the interval from
the ”best” valueof a criterion to its ”worst” value.
Therefore,themodelshouldbe solved for eachof

thecriteriaseparately, obtainingthevectorqI of the
”best” values.ThevectorqN of ”worst” valuescan
also be obtainedfrom the resultsof optimization
of eachindividual criterion. For eachcriterion,the
”worst” valueis chosenfrom thevaluesof thatcri-
terionwhenany othercriterionwasoptimized.

The subsequentstepsthat constructan objective
function from the criteria dependon the how the
modellets theDM expressthe relative importance
of his preferences.This, in turn, is the subjectof
the next section,which dealswith how the model
canbestructuredto supportthedecisionprocessof
theCLP.

5 Supporting the decision processof the
CLP

Oneof thesimplestmethodsfor aggregatingscaled
criteria into an objective function is the weighted
sum. The DM expressesthe relative importance
of preferencesusing a vector of weightsw. The
weightsaremultiplied by thescaledcriteria,where
the scalingusesthe ”best” and”worst” valuesob-
tainedduringsingle-criteriaoptimization.Thescal-
ing useddependsonwhethercriteriaaremaximized
or minimized,becausethescaledcriteriaarealways
maximized.For therestof thissection,weshallas-
sumethat all criteria areminimized,which is true
for all the describedcriteria of the CLP. Then,the
weightedsumobjective functionis givenby:

QWS � ∑
i

w $ i %
�
qN$ i % � Q $ i % ��
qN$ i % � qI$ i % � (3)

If theweightedsumis used,thefinal modelof the
decisionproblemof cachelocationcanbe formu-
latedasfollows:

Maximize
�
3


Sub ject to
�
1
&� � 2


Othermethodsfrom thetheoryof multi-criteriaop-



Figure3: A simpletopology.

timization is aregoal programming andthe refer-
ence point method [15]. We shalldiscussthelatter
approachin moredetail.

The referencepoint methodusesa different scal-
ing function (a function that producesa vectorof
scaledcriteria)thantheweightedsum.Thisscaling
functionσ

�
Q � q � q 
 takesasparameterstwo vectors

calledalsoreference points: q, the vectorof aspi-
ration levels andq, thevectorof reservation levels.
Theaspirationlevelsrepresentvaluesof thecriteria
thatshouldbeachieved,while thereservationlevels
representvaluesthatshouldbeavoided.Theformu-
lasfor thescalingfunctionσ shallbegivenbelow;
first, we shall expresstheobjective functionof the
referencepointmethodusingthescalingfunction.

QRP � min
i

σ $ i % � Q $ i % � q $ i % � q $ i % 
!�
� ε∑

i

σ $ i % � Q $ i % � q $ i % � q $ i % 
 (4)

Theparameterε is asmall,positivenumber, usually
1%. If ε would be too large, the referencepoint
methodwouldbecomesimilar to theweightedsum.
Thescalingfunctionis givenby theformula:

σ $ i % �
'((((() (((((*

1 � αq + i ,.- Q + i ,
q + i ,.- qI+ i , � qI$ i % � Q $ i % � q $ i %

q + i ,/- Q + i ,
q + i ,/- q + i , � q $ i % � Q $ i % � q $ i %
βq + i ,.- Q + i ,

qN+ i , - q + i , � q $ i % � Q $ i % � qN$ i %

Thus, the scalingfunction is piecewise linear. To
expresssuchafunctionusinglinearprogrammingit
shouldbeconcave(if it is to bemaximized).There-
fore thecoefficientsα andβ shouldbechosenonce
theDM hasspecifiedthereservationandaspiration
levels.Then,theslopeof thescalingfunctionin the
interval 0 q $ i % � q $ i %21 is known (it is equalto 13

q + i ,.- q + i , 3 ).
β canbechosento beto betwice thatslope,andα
– half theslope.

If the referencepoint method is used, the final
modelof theCLP canbedescribedas:

Maximize
�
4


Sub ject to
�
1
&� � 2


5.1 Illustration of deficiencyof weightedsum

To illustrate the differencebetweenthe weighted
sum and the referencepoint methodwe shall use
a simpleexampleof cachelocation. Considerthe
simplenetwork topologyshown on Figure3. All
edgesin the network have delaysequalto 1 with
the exceptionof

�
n3 � n7 
 and

�
n7 � n3 
 , which have

delaysequal to 2. Cachescan be locatedat the
nodes:VR �4� n3 � n5 � n7 � n11 
 . Therearetwo servers:
VS �5� n1 � n9 
 . The clientsof theseserversarelo-
catedat the edgeof thenetwork. Their demandis
givenin Table2.

Table2: Demandsin thesimpletopology.

n1 n2 n4 n6 n8 n10 n12 Σ
n1 0 6 17 0 13 0 4 40
n9 1 1 2 12 6 10 4 36

For this topology, all possiblecachelocationscan
be evaluated.Let us do so for m � 1 andfor a hit
rate(equalfor all demands)of h � 50%. For each
cachelocation, the DM hasspecifiedtwo criteria:
theaveragedelaysfor eachserver, thatis, thefunc-
tionsQ

� �
n9

andQ
� �
n1

. On Figure4, thepossiblesolu-
tions areplottedon a plane: the x axis shows the
valueof Q

� �
n9

andthey axis- of Q
� �
n1

.
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Figure4: Resultsof locating1 cachein thesimple
topology.

The three circles in the lower left corner of the
figure are the resultsof locating the cacheat one
of the threenodes: n11, n5 and n7. A little fur-
ther to the right is a fourth circle which represents
the solutionobtainedwhenthe cacheis locatedat
n3. The points labeledas ”min Q

� �
n1

” and ”min
Q
� �
n9

” representsolutionsobtainedwhenthesecrite-
ria wereminimizedindividually. Thepoint marked
by a black circle representsthe solution obtained
by minimizingtheweightedsumobjective function
with equalweights.

The solutionsobtainedfor cachelocationsn11, n5

and n7 are so-called”Pareto-optimal” solutions,
which meansthat we cannotimprove the valueof
the delay of one server (for example,n1) without
increasingthedelayfor theotherserver. In multi-
criteriaoptimization,any of thesepointsis anopti-
mal solutionto the problem. In this sense,the lo-
cationof thecacheat n3 is not optimal,sinceboth
criteria canbe improved by moving to any of the
Pareto-optimalsolutions.Any of thetwo discussed
methods– theweightedsumandthereferencepoint
method– will alwaysresultin a Pareto-optimalso-
lution, regardlessof theweightsor reservation and
aspirationlevelsspecifiedby theDM.

By examiningthePareto-optimalsolutionsonesees
that thesolutionfor n11 lies ”in between”thesolu-
tionsfor n5 andn7. Whichof thesolutionsis chosen
canbe a matterof DM preference– for example,

theDM maybereceiving moremoney from thead-
ministratorsof server n1 andconsequentlypreferto
decreasethedelayof thatserver. Let usassumeas
anexamplethattheDM wishesto obtainasolution
thatis asfair aspossiblefor thetwo criteria.

If theDM wouldusetheweightedsumandvarythe
weights,hewouldneverbeableto find thesolution
n11. Theweightedsumwouldonly find thetwo ex-
tremesolutions,n5 or n7. Thereasonfor this is that
thesolutionn11 is locatedabove the line that joins
the two extremesolutions,asis shown on the fig-
ure. (Or insidetheconvex hull of thesetof Pareto-
optimalsolutions).This phenomenonis calledthe
Korhonenparadox,anda proof of the fact that the
weightedsumwill notfind solutionsinsidethecon-
vex hull canbe found in [15]. If theDM searches
for fair solutionsandusesthe weightedsumwith
equalweights,hewill find thesolutionthat locates
the cacheat n7, even thoughlocatingthe cacheat
n11 is a choicethat is closerto his preferences.If
theDM would have otherpreferencesthansearch-
ing for fair solutions,thesamephenomenoncould
occur– aslong asthereexist Pareto-optimalsolu-
tionsinsidetheconvex hull whichmaybecloserto
theDM’spreferences.

Ontheotherhand,usingthereferencepointmethod
theDM couldfind any Pareto-optimalsolutionsby
changingthevaluesof thereferencepoint. Theref-
erencepoint methodcould be formulatedwithout
reservationlevels(usingonly aspirationlevels)and
it would have thesameproperty. This fact implies
that the referencepoint methodis a more precise
way of searchingfor solutionsthatbestfit theDM
preferences.The differencein the solutionsfound
by theweightedsumandreferencepointmethodfor
the sameDM preferencescanbe arbitrarily large,
andthechancethat theKorhonenparadoxwill oc-
cur increaseswith thesizeof theproblem.

SincetheDM cannotspecifyhis preferencesin ad-
vance,it mustbeassumedthattheDM will explore
thespaceof Pareto-optimalsolutionsin aninterac-
tive way, by modifying weightsor referencepoint
values.In the referencepoint method,the reserva-
tion levels canbe usedby theDM to specifymin-
imal valuesof certaincriteria. As was indicated



in section2, the DM may want to first specify a
minimal performancelevel that the systemshould
achieve, and then find a solution that fulfills that
goal. He couldalsospecifyperformancelevels for
severalcriteria,for examplethata serviceprovider
shouldhave a specifiedaveragedelay, at the cost
of locatingat mostonenew cache,andmoving ex-
isting caches.The referencepoint methodmakes
that possible.Additionally, the DM could specify
low aspirationvaluesfor certaincriteria,indicating
thatthesecriteriahavealow priority. By settingthe
aspirationvalueto the”worst” valueof a criterion,
theDM indicatesthathewill besatisfiedwith any
solutionwith respectto that criterion that is better
than the ”worst” value. However, the criterion is
still optimized.TheDM couldalsoremove thecri-
terionentirelyfrom consideration.

To allow the DM to explore the spaceof efficient
solutions,the DSSshouldhave an interactive, vi-
sualuserinterface. The interfacedoesnot have to
visualizethelocationof currentcaches– it should,
however, show thecurrentcriteria on a scalefrom
the ”worst” to the ”best” value. This could be
shown onasimplescaleoronagraphthatalsoplots
thescalingfunctionfor thatcriterion(thusshowing
boththescaledandtheunscaledvalueof acriterion
on a singlefigure). TheDSScouldalsoremember
thesolutionsthathavealreadybeenexploredby the
DM.

6 Solving modelsfor the CLP

All cacheor replica location model formulations
shareonecommonfeature: they useinteger vari-
ables. Apart from oneextensiondescribedin sec-
tion 4 (theintroductionof avariablehit rateinto the
CLP)all modelformulationsin thispaperarelinear.
Therefore,a naturalapproachto the optimal solu-
tion of the CLP seemsto be the useof Mixed In-
teger Linear Programming(MILP) approaches.A
numberof commercialor freesolversfor this type
of problemsexist.

However, suchanapproachis usefulonly for small
and mediumproblems. The complexity of MILP

formulationsof the CLP dependson the number
of non-zerodemandsandthesizeof thesetof po-
tentialcachelocations,VR. Model complexity does
not dependdirectly on thesizeof a topology. Ad-
ditionally, the integerassignmentvariablesfor one
demandarerelatedby thesecondconstraintof the
CLP, whichallows only oneof themto bepositive.
Thisgreatlyreducesthecomplexity of branch-and-
boundprocedures.Taking this into consideration,
the complexity of using MILP for cachelocation
dependsmainly on the numberof demands.This
numbercannotbe too large if theproblemis to be
solvedoptimallyusingMILP.

To establishthe size of CLP models which can
be solved optimally usingMILP, a numberof ex-
perimentswere performedusing the commercial
MILP solver cplex, versions7.1and6.6,on aSUN
SPARC Ultra-4 with processorspeedof 250MHz
(not dedicatedto the MILP computations). The
Georgia TechInternetwork TopologyModels [16]
(GT-ITM) wasusedto generatethenetwork topolo-
gies. The topologies were generatedfrom the
”transit-stub” models to obtain graphsthat more
closelyresembletheInternetthanpurerandomcon-
struction.GT-ITM generatesa transit-stubgraphin
stages,first a numberof randombackbones(transit
domains),thenthe randomstructureof eachback-
bone, then random”stub” graphsare attachedto
eachnodein the backbones.For the structureof
bothtransitdomainsandstubs,the”locality” model
wasused.In this model,thereis a low probability
thatanedgewill connectapairof nodesthataretoo
far awayon theplane.

The setVR containedall nodesof a network. The
demandswere generatedrandomlyin sucha way
that the sumof demandsremainedthe same.The
evaluationwasmadeon 50 different topologiesof
eachsize,and for eachtopologywe generated10
differentdemandstructures.For networks up to a
50 nodesand500 demandsall modelsweresolv-
ablein comfortabletime (fastenoughfor an inter-
activesystem).Networksof 100nodesand500de-
mandsweresolvablein up to onehour.

However, certainMILP solvers (like cplex) offer
the possibility of specifyingan absolutetolerance



for the branch-and-boundprocedure.The branch-
and-boundalgorithm calculateslower boundson
thevalueof theobjective functionfor asolutionthat
hascertaininteger variablesreplacedby real vari-
ables. The lower boundholds also for all integer
solutionsthat would result from changingthe real
variablesback into integer, thereforethe branch-
and-boundalgorithm can use the lower boundto
determinewhetherit shouldconsiderexploring the
solutionsin this particularsubtree. The tolerance
for thebranch-and-boundprocedureis a valuethat
is usedin theteston whetherto branchinto a sub-
tree.To make thatdecision,thelower boundof the
solutionwhich is at the root of thesubtreeis com-
paredwith theobjectivevalueof thebestknown in-
tegersolution. If thedifferenceis below thegiven
tolerance,thesolverwill notconsidertheparticular
branch.Thereforethesolver will alwaysfind a so-
lution thatis worsethantheoptimaloneby atmost
theabsolutetolerancespecified.Thetolerancecan
be usedto shortenthe time of calculations,while
keepingthesolutionquality underpessimisticcon-
trol.

The sizeof problemsthat canbe consideredwith
an increasedtoleranceis larger, but still limited by
a practicalconcern:the sizeof the linear program
itself. Dependingonthearchitecture,MILP solvers
have a limit on the maximal numberof variables
to be considered.For cplex on our platform, this
numberis 268435450. Even before that limit is
reached,thesizeof thefiles thatcontainthe linear
programwill be cumbersome.For a CLP that has
1000demandsand1000potentialcachelocations,
theresultinglinearprogramwill requireoveramil-
lion constraints.Theshortestconstraintrequires7
characters,whichmeansthatthefile will beat least
7000000byteslong.

For very largeproblems,oneof themany heuristics
thathave beendevelopedfor cacheandreplicalo-
cationproblemscanbeused.Thegreedyheuristic
describedin [8] hasbeenshown to work well in two
studies[8, 6]. However, this andsimilar heuristics
needto beextendedto take into accountDM pref-
erences.They couldalsoeasilybeextendedto con-
sidernon-linearmodels,for exampletheCLP with
variablehit rate.

Theextensionof thegreedyheuristicto usemulti-
criteria methodsis straightforward. The heuristic
canusethe objective function (3) of the reference
point methoddirectly when it evaluatespossible
choices. To formulatefunction (3), the individual
criteriamustbeoptimizedfirst,eitherby theheuris-
tic or optimally (sincefor someof thecriteria,only
asubsetof thedecisionvariablesis considered).

However, whenthegreedyheuristicusestherefer-
encepoint objective functionwith ε � 1%, it does
not perform well. This was also observed in [8]
wheretheauthorsstatethat thegreedyheuristicis
not suitablefor max-min objectives. The greedy
heuristicworks well for larger valuesof ε, which
impliesthatit performssimilarly to aweightedsum
(it will ignorecertainPareto-optimalsolutionseven
if they arecloseto thepreferencesof theDM).

7 Conclusion

This paperconsideredmodelsof the CacheLoca-
tion Problem(which can also be usedfor the re-
lated ReplicaLocationProblem,with small mod-
ifications) from the perspective of DecisionSup-
port Systems. This approachresultedin differ-
entmodelsthanprevious work, which wasmainly
concernedwith the computationalcomplexity of
solvingmodelsof theCLP. Thepaperalsostudied
thesubjectof usingMILP programmingto express
cachelocationandformulatedtheproposedmodels
usingthis approach.Using the commercialsolver
cplex, the paperestablishessizesof problemsthat
canbe solved optimally usingMILP andstate-of-
the-artsolvers,in realistictime.

Theneedto takeinto considerationDM preferences
requiresa differentapproachto creatingmodelsof
cacheandreplicalocation.Theuseof multi-criteria
methodsis natural in this context. As long as a
linearmodelformulationis preserved,off-the-shelf
commercialMILP solverscanbe usedto find op-
timal solutionsfor small and medium model in-
stances. For larger problems,one of the many
heuristicsstudiedin theliteraturecanbeused,once
it is modifiedto take into accountDM preferences



and multi-criteria methods. The choiceof an ap-
propriateheuristicthat is suitableto the reference
point methodis thesubjectof futurework. Heuris-
tics can also be extendedto more realistic model
variants,for examplewith a variablehit rate.

A DecisionSupportSystemfor cacheand replica
locationcouldbeconstructedusingstate-of-the-art
resultsof researchin thefield of cacheandreplica
location. Sucha systemwould containa module
for gatheringandvisualizinginformationaboutthe
network of a DM, which could be usefulby itself.
Thecapabilityof planningcachelocation,evaluat-
ing andimproving existing cachingsystemswould
not be difficult to add to sucha system,oncethe
problemsof distributedcollectionof requiredinfor-
mationhave beenovercome. The DSScould also
beusedby theDM to demonstrateto customersof
aCDN thatthey arereceiving servicethatconforms
to their ServiceLevel Agreement.
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