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Abstract

The paperdiscussesnodelsof the CachelLocation
Problemfrom the perspectie of DecisionSupport
SystemsThisapproacheadsto thedesignof mod-
els that allow the user (decisionmaler) to flexi-
bly specify his preferencesandare precisein the
searchfor solutionsthat are closestto thesepref-
erences. The modelsare designedusing a multi-
criteriaapproacrandarespecifiedusingMixed In-
teger Linear Programming. The paperconsiders
what is the maximal size of cachelocation prob-
lemsthat canbe solved optimally in realistictime
usingstate-of-the-arMILP solvers. |t is foundthat
medium-sizedproblemscan be solved optimally;
the paperconsidershow to extend existing heuris-
ticsto solwe larger problemsusingthe newly devel-
opedmodels.

1 Intr oduction

Cachesand replication seners store information
transmittedover a computernetwork closerto the
usersof thatinformation. In otherwords, caching
and replication are usedto distribute the content
provided over computernetworks. By deplojing

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 senerload[12].

Companieshathave locatedcachesn the network

can offer servicesto contentproviders, who can
deliver their contentthroughthe cachesowned by

the compan. Thesecachesform an overlay net-
work called a ContentDelivery Network (CDN).

The problemof information locationto maximize
performanceor minimize the costof a systemthat
usesthis information hasbeenstudiedextensvely

sincethe early 1980sin several fields, including
distributed databasesstoragesystemsand CDNs
[6, 1, 7]. This previous work solved the follow-

ing decisionproblem: given a setof objects(files,

pagesof memory)anda setof potentiallocations,
decidein whichlocationsto placecopiesof the ob-

jectsin orderto optimizesomeobjective andsatisfy
someadditionalconstraintsA practicalexampleof

this generaformulationis the problemof location
of replicasof specificfiles on a numberof nodes
(for example,the cachesof a CDN). We shall re-

fer to this decisionproblemasthe ReplicaLocation
Problem(RLP).

Recentlythe subjectof designingCDNs by choos-
ing appropriatdocationsfor cachesn the network
hasreceved attentionof researchersThe decision
problemcanbe statedasfollows: givena setof po-
tentiallocations,decidein whichlocationsto place
cacheswhich will storecopiesof objects,in order
to optimize someobjectve and satisfy someaddi-
tional constraints.Obsere thatthis decisionprob-
lem is not concernedwith the location of replicas
of specificfiles, but with the locationof the caches
themseles. Also, theclientdemandsretreatedon
amoreaggrgatedevel (notfor individualfiles, but
for filesfrom aspecificorigin sener). In [8], Krish-
nanet al. formulatedthe CachelLocationProblem



(CLP) andstudiedheuristicsandspecial-casepti-
mal solutionsof thatproblem.The authorsshaved
thatcachdocationhadasignificantimpacton over
all performanceandthatcommonlyusedrules-of-
thumbfor cachdocationwerenotalwaysappropri-
ate.

Most of the consideredptimizationproblemsre-

latedto cacheor replicalocationarehard(the CLP

was shovn to be NP-hard,even on a tree topol-

ogy, if multiple senersareconsidered8]). Thisis

the mainreasorfor the focusof the majority of re-

searchn theareaon heuristicsolutions their com-

putationalcomplity and solution quality This

researchdirection hasresultedin mary useful al-

gorithms for mary different model formulations
[11, 10]. However, all of thesemodelformulations
seemto sharea commondravback: they do notal-

low to specifyuserpreferencesanddonotconsider
whetherthe model is realistic enoughto give an

accurateevaluationof the quality of the designed
cacheor replicalocation.

Theaim of this paperis to approactihe problemof
cacheandreplicalocationfrom the perspectie of
DecisionSupportSystemgDSS).A DecisionSup-
port Systemis a programthat supportsa decision
maler throughthe entire decisionmaking process
for a specificsituation.Decisionmakingis a major
componenbf humanlife, andtherearemary types
of decisionmaking(for example institutionalorin-
dividual decisionsdecisionunderrisk, etc). There-
fore therecan be (and indeedare) mary typesof
DSS.However, mary of themneedto handlethree
aspectsof decisionmaking [15]: (i) information
aboutcurrentsituationandhistory; (ii) therelation
betweenbasicprocessesnd actionsor decisions,
which is usually expressedusing a mathematical
model; (i) the decisionprocesswhich hasseveral
phasespneof whichis the choiceamongdecision
alternatves. Usingthesethreeaspectsye shall at-
temptto designa DSSfor the problemof cacheor
replicalocation.Suchanapproachs useful,sinceit
is morelikely to resultin asystemthatwill beused
to solve realisticproblems.Also, we shalldemon-
stratehow this approachleadsto differentmodels
comparedo the computationally-orieted previous
work.

In the next section,we shall attemptto character
ize the decisionmaler of the CLP and his prefer
ences.Next, we shall considerthe informationas-
pectof the CLP andreplicalocation. Apart from
discussingheinputdatarequiredfor thesedecision
problems,we shall considerthe methodsfor gath-
ering this information, and ways of dealingwith
the variability of this information over time. In
the fourth section,we shall attemptto give models
of cachelocationusingMixed Integer Linear Pro-
gramming(MILP), but notlimited to thatapproach,
and comparethesemodelswith existing formula-
tions. In sectionfive, we considerways of sup-
porting the decisionprocessjncluding methodsof
learning decisionmaler preferencesand support-
ing hisfinal choiceof adecisionamongmary alter
natives. Sectionsix givesa brief evaluationof the
computationatompleity of usingMILP for cache
location,andof extensionsof existing heuristicsto
supportthe modelmodificationsoutlinedin this ar
ticle. Thelastsectionconcludes.

2 The decision maker preferences for
cacheor replicalocation

Thedecisionmalker (DM) who considerghe prob-
lem of cacheor replicalocationis usuallythe man-
agerof a communicationnetwork. However, his
preferencesnay be relatedto the interestsof net-
work users. The usersof the network of the DM

canbe clientswho requestinformation from con-
tentproviders,or the contentprovidersthemseles,
whopaytheDM for distributing theircontentcloser
to clients. The preferencesf the DM mayalsobe
affectedby the operatingcostsof the network. Fi-

nally, the DM preferencemaybeinfluencedby the
costof locatinga new cachein the network, or by
the costof moving existing caches.

The DM could have two differentkinds of prefer
encesrelatedto network users,one kind if heis
the managerof a CDN, and anotherkind if heis
the managelof a public cachinginfrastructurethat
doesnot chage for contentdistribution. The pref-
erence®f usersarea functionof the quality of ser
vice,whichis affectedby thecommunicatiordelay



in receving the contentby a client. If the DM is
a manageriof a CDN, heis interestedn maximiz-
ing revenue.TheDM couldthereforebeinfluenced
by theamountof mone thateachcontentprovider
paysfor the servicesof a CDN. If the DM man-
agesapublic cachinginfrastructuretheinterestof

clients shouldinfluencehim equally andthe DM

couldbeinterestedn afair treatmenbf theclients.

The costof locationof a new cacheis a function
of price of cachinghardware andsoftware. A DM
couldchooseamongthe productsof cachevendors
and learntheir pricesbeforeconsideringthe deci-
sion problemof cachelocation. If the DM chooses
a publicly available cachesoftware, the price of
the cacheis the price of hardwarefrom a selected
vendorandwith selecteccomputationatesources.
Next, theDM cansetabudgetB anddivide thebud-
get by the price p of the selectedcacheproduct,
which resultsin a maximal numberof cachesm,
that he canlocate. Anotherapproachwould con-
siderthe price p of the chosenproductasa fixed
costof cacheocation,while the price of anetwork
connectionfor eachcacheis the variable cost of
cacheocation. Thebudgetsetby the DM canthen
be usedalong with thesecoststo seta constraint
on the expenseof locating caches. Note that this
constraintis not sufiicient to expressDM prefer
ences,sinceobviously the DM would like to pay
aslittle aspossiblefor cacheocation.Whenanew
cacheis purchasedthe price of a network connec-
tion mustbe considered.The costof the network
connectioncandependon the cachelocation. The
costof moving existing cacheis harderto quantify
andtherefordt maysuffice to minimizethenumber
of cachesvhich needto be moved.

The operatingcostsof a network are a function of
the traffic requiredto communicatehe contentto
clients. The DM may have different preferences
with respecto traffic thatis sentoverdifferentparts
of his network (for example traffic overalink con-
necting the DMs network to an Internet Service
Provideris likely to bemoreexpensve thenintranet
traffic).

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

signing his network. Then, cacheor replica lo-

cation could be connectedo 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
seners.Finally, the DM mayalreadyhave anoper

ating network andinstalledcachesandcould con-
sideraddingnew cachesgxtendingthe capacityor
changinghelocationof installedcachesaftereval-
uatingthe performancef his cachingsystem.The
DM couldalsoproceedn reverseorder by specify-
ing agoalwith respecto somepreferenceandthen
consideringvhatchangesreneededn thecaching
systemto achieve thatgoal. It follows thatthe DM

may be usingthe DSS periodically over time, and
not only oncewhenthe cachingsystemis first de-
signed.

RLP problemsmight also be consideredafter the
DM haslocatedcachesor replication seners, to
determinewhat contentshouldbe storedby these
seners. However, CDNs canusedynamic,on-line
algorithmsto determinethe contentsof replication
senersor cacheg4]. Cachecontentcanalsobede-
terminedentirelyby request®f clients(if the CDN
is not using pushor prefetching),which resultsin
the storageof mostpopularcontentin the caches.

In arealsetting,the DM would considerall or most
of the discussedoreferencesimultaneously He
wouldnotstartadecisionprocessvith afixedsetof
preferencesndknowledgeof their relatve impor
tance.Also, the preferencesf aDM couldchange
over time. For thesereasonsthe DSSshouldtake
into accountthesepreferenceof a DM in anin-
teractve way, andbe suficiently flexible to let the
DM changehis preferencesluring a sessionwith
theDSS.

3 Theinformation aspectof the CLP

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



Tablel: Inputinformationof the CLP.

Variablename

Variableexplanation

z Demandfrom seners e Vsto clientc € V¢
he Hit rateof demandromse Vstoc e V¢
VR Setof potentialcachelocations
Ty Communicatiorpathfrom u € VsUVRtov € Vc UVR
G=<V,E> Graphof network topology V = VsUVRUVC
d(e) Costof communicatingnlink e € E
3 (u,v) Costof communicatingn pathTy,, u,v e V
5 (e) Delay of communicatingnlink e E
3 (u,V) Delay of communicatingon pathT, u,v € V

arereluctantto make the effort to obtainit. How-

ever, othersusethe sameor similar informationon

a daily basisto evaluatethe performanceof their

network. It is not only possible,but beneficialfor

a network administratorto periodically gatherthis

type of information. We shall attemptto describe
the minimal amountof input information of the
CLP. A summaryof all input variablesusedby the
CLPis givenin Tablel.

The basicinformation of the cacheor replicalo-
cation problemsare the client demands. For the
CLP, Z aredemandgrom client ¢ € \ for infor-
mationfrom sener s € Vs. For thereplicalocation
problem,thedemandszif aremadefor specificfiles
f € F. Thesets\Vc andVs containnodesof thenet-
work of theDM.

For the CLP (but not the RLP), eachdemandmust
be associatedvith a hit rate hg, which is the pro-
portion of traffic of the given demandthat will be
sened by a cache. This valueis neededasanin-
putbecaus¢he CLPtreatsdemandén anaggreate
way anddoesnot considerthe actualcontentsof a
cacheor the client demandso specificfiles of the
sener, asin the replicalocationproblem. The hit
ratescanbe mosteasilyobtainedfrom sener logs.
The needto have the hit rateasaninputis a con-
sequencef aggrgatingthedemandgor individual
files into demanddo seners. In the RLP, theloca-
tion of individual files is the subjectof the decision
problem,and hit ratesare eitherO or 1 depending
on whetherthefile is locatedat the given cacheor

not (which makesthe dependencef the modelon
hit ratetrivial). Thepricefor suchanapproachs an
increasedchumberof individual demandsand,con-
sequentlyof decisionvariablesandthereforeprob-
lem compleity (seeSection6).

Next theDM hasto specifythesetof potentialloca-
tionsfor a cacheor replicationsener, Vg. This set
containsnodesof the network were cachesareto
belocated.Let 1, bethepathin thenetwork of the
DM connectingnodeu andv. The pathsthat will
be the input to the cacheor replicalocation prob-
lem shouldbe determinedy theroutingalgorithm
usedin the network. In otherwords,they should
reflecthow the informationwill be communicated
in the network. Note that the pathsneednot be
the outcomeof shortest-pathP routing;they could
be determinedoy anothertype of routing, suchas
Multi-protocol Label Switching(MPLS) of the Per
Hob Behavior of DiffServ Whatmattersis thatthe
pathsshouldreflectthe actualcommunicatiorbe-
havior of thenetwork of the DM.

For eachdemandz andeachpotentialcacheloca-
tionw € VR, we needto know the patht,c, and,for
the cachelocation problem,the path1t,. Finally,
we alsoneedto know the pathTi.

Fromthe pathsandnodesdescribedabore, atopo-
logical view of the relevant part of the network
can be constructed. The network could be visu-
alized, allowing the DM to interactvely specify
separatecostsfor eachlink on the pathswhere
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Figurel: Modulesof a DecisionSupportSystem.

the informationwill flow. This network topology
can be describedby a graphG = {V,E}, where
V =VcUVsUWR, andE = Uy yey Thy is the sum
of all links on the routing paths. For eache € E,

the DM could specifya link costd (e) of sending
a unit of dataon thatlink. The total costd' (u,V)

of communicatinga unit of informationon the path
T canbe obtainedby addingall link costsof the
path.

For eachof the routing pathsry,, the DM should
specify an end-to-enddelay 5 (u,v) of sendinga
unit of data. This delayis the hardesto defineand
to measureThe DM could specifysomelink-level
delaysfor eachof the links of the path(depending
onthelink-layertechnology)ndprocessinglelays
for eachnode,andthenaddthesedelaysfor each
path r,,. However, the actual delay of network
communicationsof the HTTP and FTP protocol
is determinedby the averageavailable TCP band-
width duringthe durationof a connection.This, in
turn,depend®ntheamounibf traffic thattravelson
the path. Sucha delayis thereforeasymmetricand
non-additve, andcanonly be calculatedby end-to-
end measurementor all relevant pairs of nodes,
underthe assumptiorthat we do not take into ac-
countthe changesn traffic patternghatwill result
from cacheocation.

Theend-to-endneasurementsouldusea program
that estimateghe available TCP bandwidth[9] or
measureend-to-enddelayandlossusinga sample
of paclets, and then use a formula that approx-

imates available TCP throughput[5]. (The first
methodis more exact, but may use more traffic.)
To decreasdhe cost of measurementsa part of
thedelays(for the sener-client pathsthathave sig-
nificant traffic) can be obtainedfrom sener logs.
The describedmeasurementdependon seasonal
traffic patterns,and thereforeone specifictime of
dayshouldbe choserfor all measurementgndthe
measurementshouldbe limited to working days.
This implies that the amountof network resources
usedfor measurementwill notbelarge on a daily
scale. Apart from the available TCP throughput,
the end-to-endclient lateny includesthe connec-
tion setuptime of TCP, which is influencedby
the paclet transmissiortimeson the pathfrom the
client to the sener, and on the return path. This
value (denotedby 3'®(u,v)) can be estimatedoy
theminimal pacletround-triptime multipliedtimes
3/2.

We believe that the advantageof using more rel-
evant input information (average available band-
width) outweighghedisadwantageof thevariability
of this information. The variability could be con-
trolled using the following scheme:the resultsof
measurementsf available TCP bandwidthcould
befilteredby anexponentiaimoving average Next,
insteadof usingthe smoothedestimate we define
discretizedbandwidthlevels. The granularity of
theselevels can be usedto control the sensitvity
to change®f the smoothedestimate. To minimize
possibleoscillationswhenthe smoothedestimates
closeto a bandwidthlevel, a simple hysteresisal-
gorithm could be emplo/ed. Thus,while we move
down a level immediatelywhenthe smoothedes-
timatefalls belov the currentlevel, we move up a
level only if the estimatesignificantly exceedsthe
bandwidthcorrespondingo the next level.

Finally, theDM shouldalsospecifyfixedcostp and

avariablecostp,, of cachdocationandabudgetB

for the expenseof cachelocation,aswasdescribed
in the previous chapter The minimal amountof

input informationis: the client demandsthe hit

rates,the setof potentialcachelocations,the rel-

evantcostsof pathsfrom eachsenerto eachpoten-
tial cachelocation and from eachpotentialcache
locationto eachclient.
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Figure2: Approximatedrelationshipof thenumber
of cacheclientsandhit rate.

To sumup, the information usedby the cacheor

replicalocationproblemsis of the typethatcanbe

usefulto network administratoran network man-

agementA DSScould containa modulededicated
to the gatheringof suchinformation. This module
could be usedby network administratoran daily

managementasks. The basicmodulesof the DSS
areshavn onFigurel. In thenext sectionwe shall

considethe modelsof cachdocationrequiredby a

DSS.

4 Basicprocessesand modelsof the CLP

A naturalapproachfor describingthe relation be-
tweenbasicprocesseanddecisionss to establish
amathematicamodelthatusessomevariableshat
arerelatedto decisionsasinputsandsomecharac-
teristicsof the resultingprocessas outputs. This
model shouldbe simple enoughto easilyfind at-
tractive decisiongthat resultin good (or best)out-
comesput complex enoughto captureessentiabe-
havior of thebasicprocesses.

Cachelocationdecisionscanbe describedoy two
types of binary decisionvariables: the location
variables andthe assignment variables. For each
demand? andeachpotentialcachdocationw € Vg,
thelocationvariableL,, = 1 if acaches locatedat
the nodew, andthe assignmenvariable P, = 1
if the demandz hasbeenassignedo w. These
two variablesnustberelatedby thecommon-sense

constraint:

V£>0 vweVR P§N < I—W (1)

which prohibits the assignmentsof demandsto
nodeswhereno cachehasbeenlocated. Another
constraintthat is commonto all modelsrequires
that the assignmentf demanddo cachesandthe
origin seneris afunction:

V>0 P, =1
weVRrU{s}

(2)

For replica location, the location and assignment
variablesneedto be consideredeparatelyor each
file f € F. The two constraintsremain similar.
Thus, there could be a larger numberof both lo-
cation variablesand assignmenvariablesfor that
problem. The CLP usesthe assumptiorthat a hit
rateis givenfor every demando aggreatethe de-
mandsmadeby oneclientto onesener for individ-
ualfiles. Thisis in factanimplicit modelassump-
tion (that the hit rate is not affected by the loca-
tion decisions)that reduceshe complity of the
model.Shortly we shallconsidehow thisassump-
tion couldbe modifiedandpartially relaxed.

Additional constraintcouldbeaddedo themodel,
for exampleto expressthat demandscan only be
assignedo cachelocationsthat are on the short-
estpath (in termsof hop count)from the client to

the sener of the demand. Sucha constraintex-

presseshe assumptiorthat the cachesusean L4

switch or similar technologyto interceptclient re-

questqtransparentaching[12], alsocalled Trans-
parentEn-RouteCachingin [8]). Whenthe rout-

ing in the network is known, suchanassumptioris

easyto expresshy addingconstraintghatforcecer

tainassignmentariablego beequatto zero(for the
cachelocationsthatdo not lie on the shortesipath
from clientto sener). Suchconstraintswill notbe
consideredurtherin this paper We will now turn

to anoutline of amulti-criteriaapproachito models
of theCLP.

In section2 it was said that the relatve impor
tanceof thevariouspreferencesf a DM cannotbe



known in adwanceof the decisionprocessandthat
theDM couldchangehispreferencesvertime. For
thatreasonDM preferencesirebestexpressedis-
ing a multi-criteria approach. The essencef ary
modelfor cacheor replicalocationis its objectve
function. In amulti-criteriaapproachthe objective
functionis composedrom several functionsof the
decisionvariables,calledcriteria, that expressthe
preferencesf a DM. For example,on of the crite-
ria (minimized)is the costof cachdocation,which
canbeexpressedy thefunction:

Qm= Z/ (p+ p(/v)l—w

WEVR

If the DM wishesto move old cachego new loca-
tions, he canbeinterestedn minimizing the num-
ber of cachego be moved. This canbe achiered

by letting the DM specify old cachelocationsL(N

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

U l

Gn=3( 3 Ibu=Lil =] 3 Lu= 3 L)

If theDM hasspecifiedbld cachdocationsthecost
of new cacheghathave to belocatedis givenby:

Qn= max{ ; (P+ P)Lw— ; (P+ Pw)Ls O}

EVR

Amongothercriteriaof the CLP, let usconsiderthe
time in which a client receves requestednforma-
tion from all seners. For eachclient demandthe
delayof sendingthe demandrom the assignedo-

cationis given by the expressionRS = &' (c,w) +

z 2 weVrU{s} Pow (6I (w,c)+(1- hﬁ)é’(s,w)). This
expressiorincludesthelateny of settingupa TCP
connectionfrom the client to the cache,but not
from the cacheto the sener (this is not possible
without knowing whethertherequestvasahit or a
miss. However, cachescould make persistenton-
nectionsto popularseners.) The client delay is

givenby:

Veev Qlc = s; Rﬁ

Thiscriteriondepend®nthehit rateh?. Recallthat
in the previous sectionthe hit ratewasdescribeds
an input informationto the CLP. However, in re-

ality the hit rate depend=on the numberof clients
thatareassignedo a cache. Sinceclientsusually
usetheir own local cachesn the browser thetem-
poral referencdocality of requestghat arrive at a
cachds theoutcomeof mary clientsrequestinghe
samepopularobjects. It is clearthat the useof a
constanthit ratethat dependson the particularde-
mandis a simplification. To expressthe basicpro-

cessof cachehits andmisseamorerealistically the
hit rate shoulddependon the particularcacheand
on the numberof clientswho are assignedo the
cache.Thisnumbercanbeexpressedn thefollow-

ing way: for every cachew € Vg andevery sener
S€ Vs, let Gy, = 5 v Py bethe numberof clients
of thatcachethatrequestatafrom s. Thehit rates
h3, atthe cachew of all demanddrom the sener s
would dependon C;,. Theform of thatrelationship
shouldbe obtainedfrom relevantstudieq2, 14, 3],

but it can be approximatedby a piecavise linear
function,asshawvn in Figure2.

However, if this modelenhancemernis to be con-
sidered thensomeof the modelcriteriawould not
be linear Thereforethe resultingmodel could be
moredifficult to solve. We shallreturnto thisques-
tion in section6. Until then,we shall continueto
usethesimplificationof a constantit rategivenas
inputinformation.

Theothercriterionrelatedto delayis thelateng of
communicatingcontentof a certainsener (which
is ownedby a contentpravider whois the client of
theCDN) to all its clients. Thiscriterionin the CLP
is givenby:

Vsev, Q= C; RS

The modelof the CLP formulatedin [8] is equia-
lentto minimizing the objective functiony ¢\, Q'S,
if thelateng 8@ (u,v) = Ofor all u,v € V underthe
constraintg1) and(2).

TheDM couldusetheclient delayQ, or thesener
delayQ'S', dependingon his preferencestheadmin-



istratorof apublic cachinginfrastructurevould use
the client delay while the administratorof a CDN
would usethe sener delay As will be described
in the next section,the DSSshouldmale it possi-
blefor theDM to excludecertaincriteriafrom opti-
mizationor to allow themto beoptimized,but with-
outallowing themagreatinfluenceon the solution.

Fromthe criteriarelatedto network operatingcost,
the total traffic that flows over the network of the
DM canbeexpressedy theformula:

Paw (8 (W) +

&= S;s CEZ/ Zi wevé{s}

+(1-h$)d (s,w))

whered' (u,V) is thetotal link costof apathy,, as
describedn section3.

A numberof other criteria could be addedto the
onesdescribedabore, dependingon the type of
contentwhich will be distributed by the cachesor
on specificDM preferences For example,for the
distribution of streamingmediacachescould form
an overlay network that implementsapplication-
layer multicast. As an exampleof criteriainduced
by DM preferences;onsiderthe subjectof search-
ing for fair solutions:a measuref inequalitycould
thenbeaddedasacriterion. For examplesof model
extensionof the CLP, thereadelis referrecto [13].

We have now expressedhe basicDM preferences
of cacheinstallationcost, userdelay and network
operatingcostascriteriawhich dependnthedeci-
sionvariablesof themodel.Let all of thesecriteria
be denotedby a vectorQ. It remainsto formulate
an objective function that would be composedof
thesecriteria.

Thefirst stepis to establisracommonscaleof com-
parisonof all thecriteria. To do so,we needto find
the rangesin which eachof the criteria canvary.
It is clearthat theserangesare the intenal from
the "best” value of a criterionto its "worst” value.
Therefore the modelshouldbe solved for eachof

thecriteriaseparatelyobtainingthevectorg' of the
"best” values.Thevectorg" of "worst” valuescan
also be obtainedfrom the resultsof optimization
of eachindividual criterion. For eachcriterion, the
"worst” valueis choserfrom the valuesof thatcri-
terionwhenary othercriterionwasoptimized.

The subsequenstepsthat constructan objective

function from the criteria dependon the how the

modelletsthe DM expressthe relative importance
of his preferences.This, in turn, is the subjectof

the next section,which dealswith how the model
canbestructuredo supportthedecisionprocesf

the CLP.

5 Supporting the decision processof the
CLP

Oneof thesimplestmethodgor aggregatingscaled
criteria into an objectve function is the weighted

sum. The DM expresseghe relatve importance
of preferencesising a vector of weightsw. The

weightsaremultiplied by the scaledcriteria, where
the scalingusesthe "best” and”worst” valuesob-

tainedduringsingle-criterieoptimization. Thescal-
ing useddepend®nwhethercriteriaaremaximized
or minimized,becaus¢hescaleccriteriaarealways
maximized.For therestof this sectionwe shallas-
sumethatall criteria are minimized, which is true
for all the describedtriteria of the CLP. Then,the
weightedsumobjective functionis givenby:

gy — Qi
M= wiy (3)
1 ‘q(i) - q(i)|

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

Maximize
Subject to

(3)
(1,2

Othermethoddrom the theoryof multi-criteriaop-



Figure3: A simpletopology

timization is aregoal programming and the refer-
ence point method [15]. We shalldiscusghe latter
approachn moredetail.

The referencepoint methodusesa different scal-
ing function (a function that producesa vector of
scaledcriteria)thantheweightedsum.This scaling
functiono(Q,d,q) takesasparameterswo vectors
calledalsoreference points. g, the vectorof aspi-
ration levels andd, thevectorof reservation levels.
Theaspiratiorlevelsrepresenvaluesof thecriteria
thatshouldbeachiezed,while thereserationlevels
represenvalueshatshouldbeavoided. Theformu-
lasfor the scalingfunction o shallbe given below;
first, we shall expressthe objectve function of the
referenceointmethodusingthe scalingfunction.

Q¥ = minag)(Q), ), Tg)) +

+&% 06 (Qq), Uiy dgiy) 4)

Theparametet is asmall,positive numbeyusually
1%. If € would be too large, the referencepoint
methodwould becomesimilarto theweightedsum.
Thescalingfunctionis given by theformula:

G0 —Qq -
+a q‘(i))_q.(‘i;, iy < Qqy < gy
iy — Qi — =
o) = a((i))_q((i;’ di) < Qqiy <y
90 =) = <N
Bqa‘)—ﬁ(i) ) Ay < Qi < A

Thus, the scalingfunction is piecavise linear To
expresssuchafunctionusinglinearprogrammingt
shouldbeconcae (if it is to bemaximized).There-
fore thecoeficientsa andp shouldbechoseronce
theDM hasspecifiedthereserationandaspiration
levels. Then,theslopeof thescalingfunctionin the

. J— . = . . - . 1
intenal [qj;, ()] is known (it is equalto 7@0_%').

3 canbe choserto beto betwice thatslope,anda
— half theslope.

If the referencepoint methodis used, the final
modelof the CLP canbedescribeds:

Maximize  (4)
Subject to  (1),(2)

5.1 lllustration of deficiencyof weightedsum

To illustrate the differencebetweenthe weighted
sum and the referencepoint methodwe shall use
a simple exampleof cachelocation. Considerthe
simple network topology shavn on Figure 3. All

edgesin the network have delaysequalto 1 with

the exceptionof (nz,nz7) and (nz,n3), which have
delaysequalto 2. Cachescan be locatedat the
nodesVg = {n3,ns,n7,n11}. Therearetwo seners:
Vs = {n1,ng}. Theclientsof thesesenersarelo-
catedat the edgeof the network. Their demands
givenin Table2.

Table2: Demandsn thesimpletopology
M | N2 | Ng|Ng|Ng|No| M| 2
n| 06|17 0 |13| 0 | 4 |40
ng| 1|12 |12 6| 10| 4 |36

For this topology all possiblecachelocationscan
be evaluated.Let usdo sofor m= 1 andfor a hit
rate (equalfor all demandspf h = 50%. For each
cachelocation,the DM hasspecifiedtwo criteria:
theaveragedelaysfor eachsener, thatis, thefunc-
tions Q,, andQy,. On Figure4, the possiblesolu-
tions are plotted on a plane: the x axis shavs the
valueof Q, andthey axis- of Q.
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Figure4. Resultsof locating1 cachein the simple
topology

The threecircles in the lower left corner of the
figure are the resultsof locating the cacheat one
of the threenodes: ni1, ns andn;. A little fur-
therto the right is a fourth circle which represents
the solutionobtainedwhenthe cacheis locatedat
nz. The points labeledas "min Q',;l” and "min
Q',gg” represensolutionsobtainedwhenthesecrite-
ria wereminimizedindividually. Thepointmarked
by a black circle representghe solution obtained
by minimizing theweightedsumobjectie function
with equalweights.

The solutionsobtainedfor cachelocationsn;y, ng
and ny are so-called "Pareto-optimal” solutions,
which meansthat we cannotimprove the value of
the delay of one sener (for example,n;) without
increasingthe delayfor the othersener. In multi-
criteriaoptimization,arny of thesepointsis anopti-
mal solutionto the problem. In this sensethe lo-
cationof the cacheat n3 is not optimal, sinceboth
criteria can be improved by moving to any of the
Pareto-optimakolutions.Any of thetwo discussed
methods-theweightedsumandthereferenceoint
method- will alwaysresultin a Pareto-optimako-
lution, regardlesof the weightsor resenation and
aspirationevelsspecifiedby the DM.

By examiningthe Pareto-optimakolutionsonesees
thatthe solutionfor ny4 lies"in betweenthe solu-
tionsfor ns andn;. Which of thesolutionsis chosen
canbe a matterof DM preference- for example,

theDM maybereceving moremoney from thead-
ministratorsof sener n; andconsequentlypreferto
decrease¢he delayof thatsener. Let usassumes
anexamplethatthe DM wishesto obtaina solution
thatis asfair aspossiblefor thetwo criteria.

If theDM would usetheweightedsumandvarythe
weights,hewould never beableto find the solution
ny1. Theweightedsumwould only find thetwo ex-
tremesolutions,ns or ny. Thereasorfor thisis that
the solutionny; is locatedabove the line thatjoins
the two extremesolutions,asis shavn on the fig-
ure. (Or insidethecorvex hull of the setof Pareto-
optimal solutions). This phenomenoris calledthe
Korhonenparadox,anda proof of the factthatthe
weightedsumwill notfind solutionsinsidethecon-
vex hull canbefoundin [15]. If the DM searches
for fair solutionsand usesthe weightedsumwith
equalweights,hewill find the solutionthatlocates
the cacheat n7, eventhoughlocatingthe cacheat
Ny1 is a choicethatis closerto his preferencesl|f
the DM would have otherpreferenceshansearch-
ing for fair solutions,the samephenomenorcould
occur— aslong asthereexist Pareto-optimakolu-
tionsinsidethecorvex hull which maybecloserto
theDM’s preferences.

Ontheotherhand,usingthereferencgpointmethod
the DM couldfind any Pareto-optimakolutionsby
changinghevaluesof thereferencepoint. Theref-
erencepoint methodcould be formulatedwithout
reserationlevels (usingonly aspiratiorlevels)and
it would have the sameproperty This factimplies
that the referencepoint methodis a more precise
way of searchingor solutionsthat bestfit the DM
preferencesThe differencein the solutionsfound
by theweightedsumandreferenceointmethodfor
the sameDM preferencesan be arbitrarily large,
andthe chancethatthe Korhonenparadoxwill oc-
curincreasesvith the sizeof the problem.

Sincethe DM cannotspecifyhis preferences ad-
vance,jt mustbeassumedhatthe DM will explore
the spaceof Pareto-optimakolutionsin aninterac-
tive way, by modifying weightsor referencepoint
values.In the referencepoint method,the resera-
tion levels canbe usedby the DM to specifymin-
imal valuesof certaincriteria. As was indicated



in section2, the DM may want to first specify a
minimal performancdevel that the systemshould
achieve, and then find a solution that fulfills that
goal. He could alsospecifyperformancdevelsfor
severalcriteria, for examplethata serviceprovider
shouldhave a specifiedaveragedelay at the cost
of locatingat mostonenew cacheandmoving ex-
isting caches. The referencepoint methodmalkes
that possible. Additionally, the DM could specify
low aspirationvaluesfor certaincriteria,indicating
thatthesecriteriahave alow priority. By settingthe
aspirationvalueto the "worst” value of a criterion,
the DM indicatesthathewill be satisfiedwith ary
solutionwith respectto thatcriterionthatis better
thanthe "worst” value. However, the criterion is
still optimized. The DM couldalsoremove the cri-
terionentirelyfrom consideration.

To allow the DM to explore the spaceof efficient
solutions,the DSS shouldhave an interactve, vi-
sualuserinterface. The interfacedoesnot have to
visualizethelocationof currentcaches- it should,
however, shaw the currentcriteriaon a scalefrom
the "worst” to the "best” value. This could be
shavn onasimplescaleor onagraphthatalsoplots
the scalingfunctionfor thatcriterion (thusshaving
boththescaledandtheunscaledralueof acriterion
on asinglefigure). The DSScould alsoremember
thesolutionsthathave alreadybeenexploredby the
DM.

6 Solvingmodelsfor the CLP

All cacheor replicalocation model formulations
shareone commonfeature: they useinteger vari-
ables. Apart from one extensiondescribedn sec-
tion 4 (theintroductionof avariablehit rateinto the
CLP)all modelformulationsn thispaperarelinear
Therefore,a naturalapproacho the optimal solu-
tion of the CLP seemdo be the useof Mixed In-
teger Linear Programming(MILP) approachesA
numberof commercialor free solversfor this type
of problemsexist.

However, suchanapproachs usefulonly for small
and mediumproblems. The complity of MILP

formulationsof the CLP dependson the number
of non-zerodemandsandthe size of the setof po-
tential cachdocations Vg. Model compleity does
not dependdirectly on the size of a topology Ad-
ditionally, theinteger assignmenvariablesfor one
demandarerelatedby the secondconstraintof the
CLP, which allows only oneof themto be positive.
This greatlyreduceghe complity of branch-and-
boundprocedures.Taking this into consideration,
the complity of using MILP for cachelocation
dependsmainly on the numberof demands.This
numbercannotbetoo largeif the problemis to be
solved optimally usingMILP.

To establishthe size of CLP modelswhich can
be solved optimally using MILP, a numberof ex-

perimentswere performedusing the commercial
MILP solver cplex, versions/.1and6.6,onaSUN

SFARC Ultra-4 with processoispeedof 250MHz
(not dedicatedto the MILP computations). The
Geogia TechInternetvork Topology Models[16]

(GT-ITM) wasusedo generatehenetwork topolo-
gies. The topologieswere generatedirom the
"transit-stub” modelsto obtain graphsthat more
closelyresembléhelnternetthanpurerandomcon-
struction.GT-ITM generatea transit-stulgraphin

stagesfirst anumberof randombackbonegtransit
domains)thenthe randomstructureof eachback-
bone, then random”stub” graphsare attachedto
eachnodein the backbones.For the structureof

bothtransitdomainsandstubsthe”locality” model
wasused. In this model,thereis alow probability
thatanedgewill connectapairof nodeghataretoo
far away ontheplane.

The setVr containedall nodesof a network. The
demandswere generatedandomlyin sucha way
that the sumof demandsemainedthe same. The
evaluationwasmadeon 50 differenttopologiesof
eachsize,andfor eachtopologywe generatedLO
differentdemandstructures.For networks up to a
50 nodesand 500 demandsall modelswere solv-
ablein comfortabletime (fastenoughfor aninter-
active system) .Networksof 100nodesand500de-
mandsweresohablein up to onehour

However, certain MILP solers (like cplex) offer
the possibility of specifyingan absolutetolerance



for the branch-and-boungrocedure.The branch-
and-boundalgorithm calculateslower boundson

thevalueof theobjectve functionfor asolutionthat
hascertaininteger variablesreplacedby real vari-

ables. The lower boundholds alsofor all integer
solutionsthat would resultfrom changingthe real

variablesback into integer, thereforethe branch-
and-boundalgorithm can use the lower boundto

determinewhetherit shouldconsiderexploring the
solutionsin this particularsubtree. The tolerance
for the branch-and-boungrocedurds a valuethat
is usedin theteston whetherto branchinto a sub-
tree. To malke thatdecision thelower boundof the
solutionwhich is at theroot of the subtreeis com-
paredwith theobjective valueof thebestknown in-

teger solution. If the differenceis belav the given

tolerancethesolverwill notconsidertheparticular
branch.Thereforethe solver will alwaysfind a so-
lution thatis worsethanthe optimaloneby at most
the absolutetolerancespecified.The tolerancecan
be usedto shortenthe time of calculations,while

keepingthe solutionquality underpessimisticcon-

trol.

The size of problemsthat can be consideredwith

anincreasedoleranceis larger, but still limited by

a practicalconcern:the size of the linear program
itself. DependingpnthearchitectureMILP 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

reachedthe sizeof thefiles that containthe linear
programwill be cumbersomeFor a CLP thathas
1000demandsand 1000 potentialcachelocations,
theresultinglinearprogramwill requireoveramil-

lion constraints.The shortestconstraintrequires?

charactersywhich meanghatthefile will beatleast
7000000byteslong.

For very large problemspneof themary heuristics
thathave beendevelopedfor cacheandreplicalo-

cationproblemscanbe used. The greedyheuristic
describedn [8] hasbeenshavn to work well in two

studies[8, 6]. However, this andsimilar heuristics
needto be extendedto take into accountDM pref-

erencesThey couldalsoeasilybeextendedo con-
sidernon-linearmodels,for examplethe CLP with

variablehit rate.

The extensionof the greedyheuristicto usemulti-
criteria methodsis straightforvard. The heuristic
canusethe objectve 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
asubsebf thedecisionvariabless considered).

However, whenthe greedyheuristicusesthe refer

encepoint objective functionwith € = 1%, it does
not performwell. This was also obsered in [8]

wherethe authorsstatethat the greedyheuristicis

not suitablefor max-min objectves. The greedy
heuristicworks well for larger valuesof €, which
impliesthatit performssimilarly to aweightedsum
(it will ignorecertainPareto-optimakolutionseven
if they arecloseto the preferencesf the DM).

7 Conclusion

This paperconsiderednodelsof the CachelLoca-
tion Problem(which canalso be usedfor the re-

lated ReplicaLocation Problem,with small mod-
ifications) from the perspectie of Decision Sup-
port Systems. This approachresultedin differ-

entmodelsthanprevious work, which wasmainly

concernedwith the computationalcompleity of

solving modelsof the CLP. The paperalsostudied
the subjectof usingMILP programmingo express
cachdocationandformulatedthe proposednodels
usingthis approach.Using the commercialsolver

cplex, the paperestablishesizesof problemsthat
canbe solved optimally using MILP and state-of-
the-artsolvers,in realistictime.

Theneedto take into consideratio®dDM preferences
requiresa differentapproacho creatingmodelsof
cacheandreplicalocation. Theuseof multi-criteria
methodsis naturalin this context. As long asa
linearmodelformulationis presered, off-the-shelf
commercialMILP solvers canbe usedto find op-
timal solutionsfor small and medium model in-
stances. For larger problems, one of the mary
heuristicsstudiedin theliteraturecanbeusedonce
it is modifiedto take into accountDM preferences



and multi-criteria methods. The choiceof an ap-

propriateheuristicthatis suitableto the reference
point methodis the subjectof futurework. Heuris-

tics canalso be extendedto more realistic model

variants for examplewith avariablehit rate.

A DecisionSupportSystemfor cacheand replica
locationcould be constructedisingstate-of-the-art
resultsof researchn thefield of cacheandreplica
location. Sucha systemwould containa module
for gatheringandvisualizinginformationaboutthe
network of a DM, which could be useful by itself.
The capabilityof planningcachelocation,evaluat-
ing andimproving existing cachingsystemswvould
not be difficult to addto sucha system,oncethe
problemsof distributedcollectionof requiredinfor-
mation have beenovercome. The DSS could also
be usedby the DM to demonstratéo customersof
aCDN thatthey arereceving servicethatconforms
to their ServicelLevel Agreement.
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