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Abstract

Moderndistributedinformation systemsopewith disconnec-
tion and limited bandwidthby using caches. In communication-
constainedsituations traditional demand-drivermppoactesare
inadequatelnstead cachesmustbepreloadedn orderto mitigate
theabsencef connectivityor the paucityof bandwidth.In this pa-
per, we proposeto useapplication-level knowledg expressedas
profilesto manaye the contentsof caches. We proposea simple
but rich profile language that permitshigh-level expressionof a
users dataneeddor the purposeof expressingdesilable contents
of a cache We considertechniquesfor prefetding a cacheon the
basisof profiles expressedn our framevork, both for basicand
preemptiveprefetdiing, thelatter referringto the casewheee stag-
ing a cache can be interruptedat any point without prior warn-
ing. We examinethe effectivenessf three profile processinged-
nigues,andshowthattherich expressivityof our profile language
doesnotpreventa fairly simplegreedyalgorithmfrombeinganef-
fectiveprocessingecnique We alsoshowthat for a large shaed
cade multiple clients’ profilescanbe combinednto a singlesu-
perpmofile thatis representativeof themall, but thatwhenthenum-
ber of clientswith profilesis significantlylarge, a randomizedp-
proach is more scalablethan a greedyappoad. We believe that
profiles, as describedin this paper are an enablingtechnolagy
that could spawna rich new area of reseach beyondcache man-
agementinto networkdatamanajementn geneal.

1. Intr oduction

Modern distributed information systems cope with
disconnectionand limited bandwidth by caching. In
communication-constrainesituations traditionaldemand-
drivenapproachesreinadequatelnstead,cachesnustbe
preloadedto mitigate the absenceof connectiity or the
paucity of bandwidth. In this paper we proposeto use
application-leel knowledgeexpressedas profilesto man-
agethe contentf caches.

User profiles are usedby mary applicationsto specify
informationto deliver to users(e.g.,AvantGo). We extend
thisnotionto provide datamanagemerttintsfor preloading
andprestagingcachesn distributedernvironments.For us,
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a profile is not a demandfor data,but a pragmaor hint of
whatmight be usefulto prefetchcloserto theuser

Therearemary scenario$n whichsuchhintscanbeuse-
ful. If aclientmachinethatis connectedo adatasourceby
a low-bandwidthlink, a client-sidecachecould be usedto
hideaccesgateng by usingslackbandwidthto bringuseful
datacloserto the point of use. Disconnectediseis a more
extremeexamplein which prefetchingmustbe donewhile
adeviceis connectedo allow accessattimeswhenit’s not.
Anotherexampleinvolvesa clusterof usersconnectedo a
commonnodethatis itself connectedo oneor moredata
sourcesacrossa thin pipe. The lateny introducedby the
thin pipecanbereduceddy intelligentuseof acache.n all
of the above scenariosthe systemmustchoosesubsetof
theitemsof interestto prefetch. A simplelisting of items,
asprovidedin otherprofiling schemesis insuficient since
it providesno informationaboutrelative valueandinterde-
pendencieamongthe dataitems.

In this paper we presenta profile specificationscheme
thatallows us to identify itemsof interest,but alsoallows
usto expresstheir relative importancethroughweighting.
Furthermorepur schemesupportghe specificatiorof data
dependencieée.g.,we are ableto saythat directionsto a
hotelfrom the airportareonly usefulin the presenc®f the
correspondingairline and hotel resenations). Finally, we
addtheability to specifythresholdsasin upto threerestau-
rant recommendationare usefulwhile any more are not.
All threeof theseextensiongo profile formulationreflecta
globalview of how a selectedtem relatesto otherselected
items. Extendedprofilessuchasthesewill allow usto fill
our cachewith a muchmoreaccuratesetof objects. This
papemakesthreefundamentapointstowardsthis end:

Specification: We proposeasimplelanguage¢hatseparates
theexpressiorof interestingobjectsfrom their utility value.
Utilities can be expressedwith primitivesthat handlethe
threeformsof dependenggivenabove.

Algorithms: We presentandcomparesomeheuristictech-
niguesfor filling a cachebasedn our extendedprofiles.

Profile Composition: We discusshow to combineseveral
profilesinto onesuperpofile thatsubsumeds constituents
(asis requiredwhena cacheis sharedby multiple users).



This studywill shav thatprofileswith dependencieand
thresholdsareeasilyexpressedandthata simplegreedyal-
gorithmdoesa goodjob processingrofilesto selectitems
to prefetchinto a cache.We look at basiccacheprefetch-
ing, aswell as preemptve cacheprefetching,which takes
into accountthe possibility that prefetchingmay getinter-
ruptedprematurely We thenshaw for sharedcacheswith
very large“superprofiles” thata morescalableapproactis
to usearandomizedalgorithm(simulatedannealing).

2. Profile-Driven CachePrefetching

Two applicationsof profile-drivencacheprefetchingare
datarechaging andthin pipe ervironments.Both applica-
tionsneedto allocatelimited cachespaceo dataobjects.

2.1 Example Applications

Data Rechamging: Datarechaging[9] is bestunderstood
in the context of mobile computing ervironments. Mo-
bile computerdhave two fundamentatenavableresources:
power and data. The goal of datarechaging is to make
rechaging datafrom the datagrid assimpleandrobustas
rechaging powerfrom thepowergrid. Basedonauserpro-
file, datarechaging middlewvare gathersdataof interestto
auser andwhentheusernext connectdo the network, this
datais deliveredto the users mobile device. In this case,
the profile would reflectsomeaspectof the users context
(e.g.,location,workflow) anddatadeliveredwould depend
on availableresource®n the mobile device (e.g.,memory
applications).The orderin which itemsare deliveredalso
mattersf unplannedlisconnections possible.

In the mobile ernvironment, computers are often
memory-limited. Thus,givena large amountof potentially
interestingdata,a datarechaging systemmustmalke deci-
sionsaboutwhat subsetof this dataareto be allocatedto
thelimited memoryresource.

Thin-Pipe Environments: In this situation,the clientis
connectedo the network througha thin pipe. A thin pipe
canbe aresultof a bandwidthconstrainecconnectioror a
heaily overloadedsener. Theessentiatharacteristihere
is thatusingthe pipeintroducesvery highlateng. Inserting
a cacheat the client endattemptsto hide this lateng. An
itemwhoseaccesss extremelylikely is prefetchedn order
to eliminatethe lateng of its first access. Prefetchingis
inherentlypredictive, andprofilessupportour prediction.

2.2 SharedCaches

In mary networked ervironments, cachesare shared
amongmultiple usersandcachecontentanustbe managed
in away thatmaximizeghe benefitfor theusercommunity
asawhole. The applicationsdescribedabore have shared
cacheanalogsln datarechaging,we assumehatuserscan

PROFI LE Travel er

DOVAI N
RC = rel at ed: ww. hertz.com
Sh = "shuttle schedul es" AND "airport" AND "Boston"
Di = "directions to downtown Boston" AND "airport"
Ho = "Hotel" AND "downt own Boston"
Re = "Restaurant Review' AND "downtown Boston"
UTILITY
U(Re) =1
U (RC[#Di > 0]) = UPTO (2, 2, 0)
U (Sh) = UPTO (1, 3, 0)
U (D [#Ho > 0]) = UPTO (1, 1, 0)
U (Ho [#Di > 0 OR #Sh > 0]) = UPTO (1, 2, 0)
END

Figurel: A Profile For DataRechaging

connectto well-definedchaging stations. Thesechaging
stationswould maintaina sharedcachethat would service
userswho arelikely to connectherein the future. For thin
pipes,a sharedcacheis placedbetweerthe connectiorand
ausercommunity Thiscaches usedto mitigatethelateng
effectsof thethin pipe.

2.3 A Profile Languageand Example Profile

Toillustrateour profile languagewe presenanexample
profile in Figurel. Obsenre thatthe profile specificatioris
broken into two parts: the Domain clause(DOVAI N) de-
fines and namessetsof objectsof interest(domainsety;
andtheUtility clause(UTI LI TY) specifiegherelative val-
uesof objectscontainedin eachdomainset. The Utility
clausedistinguishesur notion of profilesfrom thosetypi-
cally foundin publish/subscribeystems.We will explain
the intuitive meaningof theseprofileshereasan informal
meanf introducingour profile language A completefor-
mal semantic®f our profile languagecanbefoundin [10].

Profile Tr avel er might beusedto drive datarechag-
ing for a traveler aboutto travel to Boston. Supposethe
travelerwantsto staydowntown. Sheneedgo getfrom the
airportto adowntown hotel,eitherby rentalcaror ashuttle.
For a shuttle,sheneedsa scheduldor a compary offering
shuttleservice.For arentalcar, sheneedsateinformation
for oneor morerentalcarcompaniesanddriving directions
from the airportto downtown. Evenif shetakesa shuttle
downtown, directionssene someuseasthey tell her a bit
abouthow to get aboutthe city. Shealsoneedsinforma-
tion aboutdowntown hotels,but only if shehasreceveda
shuttlescheduleor directionstelling herhow to getto them
Finally, shewouldlik eto seereviewsfor nearbyrestaurants.

The Domain clauseof Tr avel er identifies5 domain
setsspecifiedby expressiongesemblingnputsto a search
engine? As with a query declaratve specificationof do-
mainsetsfreeprofile authorsfrom having to locatethe data

2As we describeelsevhere[10], any query-like languagecanbe used
to expressdomainsin our profile languageframevork. We have chosen
searchengineinputsfor this examplefor simplicity.



thatinterestghem(thetravelermaynot carewhetherdirec-
tionsto a downtown hotelaregeneratedy Mapques{16]
orfoundonahotelwebpage) andmakestheprofile proces-
sorresponsibldor finding this data. In this profile, RCis a
setof rentalcarcompary webpageghat(presumablypffer
detailsaboutratesandpolicies,Sh is a setof shuttlesched-
ulesfor shuttlesheadingto downtown from the airport, Di
is asetof webpagestext files etc. thatgive directionsfrom
the airportto downtown, Ho is a setof web pagesfor ho-
telslocatedin downtown Boston,andRe is a setof reviews
for restaurantslsolocatedin downtown Boston. The Util-
ity clauseof Tr avel er specifies utility “equations”(one
for eachdomainset)thatcapturehedatavaluesanddepen-
denciegreviously describedEveryrestauranteview hasa
valueof 1. Thevalueof rentalcarwebpagegRC objects)is
dependenbnthepresencef Di objectsin thesamecache:
the condition,“[ #Di > 0] ", is trueif the numberof Di
objectsin the cache(#Di ) is greaterthan 0. This reflects
the dependeng of the value of rental car dataon having
driving directions.Thevalueof RC objectsalsodepend®n
how mary of themappeain the cache.“UPTO (2, 2,
0) " specifieghatthefirst two RC objectsin thecachecarry
avalueof 2, andthatany morefoundin the cachehave no
value. This reflectsthe preferencehat having 2 rentalcar
web pagesn the cacheis useful(so thatratesandpolicies
canbe compared)but thatarny morethanthis is unneces-
sary UPTO (u,v,w) is a thresholdopertor: up to u ob-
jectshave avalueof v each,andevery objectbeyondu has
avalueof w. Sh, Di andHo objectsaredefinedsimilarly to
RC objects:upto 1 shuttlescheduléhasvalue3; upto 1 set
of directionsto downtown hasvaluel providedthata hotel
web pageis in the cache;andup to 1 hotel web pagehas
value 2, providedthateithera setof directionsor a shuttle
schedulearealsoin the cache.Thusa cacheconsistingof
two rentalcarweb pagespnesetof directionsanda hotel
webpagewould have overallvalueof 7 (2 + 2+ 1 + 2),and
a cacheconsistingof one shuttle schedule onerental car
webpageandtwo restauranteviews would have anoverall
cachevalueof 5 (3 + 0 + 2).

TheTr avel er profile demonstratesvo desirablefea-
turesof profile languages:data dependencieand thresh-
olds. In Figure 2 we showv three ways that Tr avel er
might be expressedn a profile languagdacking thesefea-
tures. T, setsutility valuesfor eachdomainequalto their
initial valuein Tr avel er . T, valuesdomainsaccording
to arankingof themaximumvaluesthatthosedomainscan
take accordingo Tr avel er . For example,Sh is themost
valuabledomain(asanobjectin Sh canhave value3), and
therefords giventhehighestvalueof 5. Finally, T3 clusters
dependenbbjectsin Tr avel er into singleconglomerate
objects. As dependenciesxist betweenHo, Sh, Di and
RC, they arecombinednto asingledomainof megaobijects,
with theideathatanobjectof onesimpledomain(e.g.,Ho)

PROFI LE T PROFI LE T2
DOVAI N DOVAI N PROFI LE Ts
UTILITY UTILITY IN
U(Re) = 1 U(Re) =2
UTILITY
U(RC =2 U(RC =4 . _
U(sh =3 U(sh =5 Bgé;?,?,lstc})—s
u((b) =1 Uu((bi) =2 END -
U (Ho) = 2 U(Ho) = 4
END END
(a) Initial Values  (b) Ranking (c) Clustering

Figure2: Tr avel er WithoutDependenciesihresholds

canonly be placedin the cacheif it is accompaniedby an
objectof eachotherdomainin theconglomerationThesize
andvalueof thesemegaobjectds their combinedsizeand
valueaccordingto Tr avel er.

Table 1 shows the optimally valuedcacheof 5 objects
accordingto the Tr avel er profile of Figure 1 and the
threealternatve profilesof Figure2, andthe “real” values
of thesecachesaccordingto the Tr avel er profile that
includesdependencieand thresholds. Obsene that both
T, andT, wouldfill 5 objectcacheswith whatthey assess
to bethe mostvaluableobjects(shuttleschedules)leaving
both cacheswith a real overall value of 3. Both profiles
fail to producea bettercachebecausehey are unavare of
thethresholdhatlimits thenumberof shuttlescheduleshat
havevalue.Evenif T, hadrankedRe with thehighestrank-
ing (restauranteviews arethe only objectsthathave value
no matterhow mary of themareplacedin the cache) the
valueof its 5 objectcacheswvould only be 5. T;3's stratayy
of clusteringdependenbbjectsinto a singleconglomerate
objectworksreasonablyvell for a5 objectcache put note
thatthis approactcanneverresultin a cachewith differing
numberf Ho, Di , Sh andRC objects asis neededo pro-
ducethe optimally valuedcache(which has2 RC objects,
andno morethanl of ary other).

Data dependencieandthresholdsare just someof the
desirablefeaturesdefinedin our profile language. Other
featureslemonstratedytheTr avel er profileincludethe
separatespecification®f the objectsof interestandtherel-
ative worth of theseobjects,andQoS-styleweightedutility
values(asopposedo priority lists). Thislist is not exhaus-
tive; a comprehensie list of profile languagedesideratas
presentectlsavhere[9], asis a formal specificationof our
profile languagdramework [10].

In practice we expectprofilesto describenary moredo-
mainsetswith morecomplex utility valueexpressionghan
was demonstratedvith the Tr avel er profile. We con-
siderit unlikely thatmostuserswill write profilesmanually
(the samecould be saidfor SQL). Instead,we expectthat
a profile-generatiorsystem[7] with goodinterfacescould
supportusersto this end. Sucha systemcould rely on li-
brariesof parameterizegrofilesthatarebuilt andextended



Profile Best5 ObjectCache Valueusing
Travel er
Travel er 1Sh,1Ho,1Di ,2RC 10
T 5Sh 3
Ta 5Sh 3
Ts 1{Ho, D, Sh, RC},1Re 9

Tablel: Best5 ObjectCachef Profilesof Figure2

by experts. The key ideais that a declamtive profile lan-
guageis neededo facilitate this process.Finally, we rec-
ognizethat profile-driven cachemanagementvill have to
reconcilethe dataneedsof thousand®f users,asspecified
with thousand®sf profiles. We considettechniquegor pro-
cessingmultiple profilesin Section3.3.

3. Profile Processing

We considerthree profile-driven prefetchingproblems:
Non-PieemptivePrefetding, PreemptivePrefetdiing, and
Prefetding for Shaed Caches Non-preemptie prefetch-
ing is standargrefetchingwherea cacheis filled with aset
of objectsthatarelik ely to beaccessebly a client. Preemp-
tive prefetchingallows prefetchingto be interruptedprior
to completion. This is relevantfor datarechaging, where
a client can “unplug” his device from a network connec-
tion atary time without warning. For preemptve prefetch-
ing, what mattersis not only the caches final contentsbut
the orderin which objectsare placedin the cache,as ob-
jectsplacedinto the cacheearly are the mostlikely to be
presentn apatrtiallyfilled cacheresultingfrom preemption.
Prefetchingfor sharedcachesrequiresreconciling multi-
ple (and potentially competing)client profiles to prefetch
acachethatbestmeetsheneedsf all clients.

3.1 Non-Preemptive CachePrefetching

Non-Preemptie CachePrefetching{NCP) usesprofiles
to determinehow to prefetchcachego achieve maximum
utility value. Assumefor ary profile p, thatits valuefunc-
tion f,, mapsary setof objects(i.e., a cache)to its value
accordingto p. Thenthe Non-Preemptie CachePrefetch-
ing problem(NCP)is definedasfollows:

Definition 3.1(NCP) Givena finite setof objects(“candi-
dateobjectset”) O = {o1,...,0,} sud that s(o;) is the
sizeof objecto;, a profile p, anda cache capacityC', deter
minesubset’ C O, that satisfieghe constaint,

Z s(o) < C

0€0’
andthatmaximizes, (O').

NCPis a variationof the knapsackproblem[20] where
an objects sizeand utility is analagousgo its weightand

PossibleCacheResultingFromGreedy | CacheUtility
(a) {sh1,ho1,di1,rc1,rea} 10
(b) {sh1, ho1,re1,dir,rc1} 9
(c) {sh1,ho1,re1,rea,dir} 8
(d) {sh1,ho1,re1,res, res} 8

Figure3: PossibleCachedrom Applying GREEDY

valueusingclassicterminology Unlike the knapsackprob-
lem, the valuefunctionfor NCP (f,) mustmapsetsof ob-
jects (ratherthanindividual objects)to valuesbecausdhe
valueof anindividual objectcanvary accordingto its con-
text (i.e.,theotherobjectsthathave beenputinto thecache)
dueto datadependencieandthresholds We examinedthe
effectivenessof three standardoptimization heuristics: a
greedytechnique,a randomizedechnique(simulatedan-
nealing),andbranch-and-bound.

A Greedy Algorithm (GREEDY): The greedyalgorithm
for NCP (GREEDY) selectsoneobjectatatime to addto a
cachethataddsthe mostvalueperbyteto the cacheof pre-
viously chosembjects.In the caseof ties, GREEDY selects
the smallestobject. To demonstrateconsiderthe applica-
tion of GREEDY to the Tr avel er profilein the context of

datarechaging. Supposdhatthe setof candidateobjects,
is thesetof equally-sizedbjects,

O = {7'61,7'62,7'63,'f'Cl,'f'CQ,Shl, 8h’2ad1ad25 hlahQ}

suchthatre;, re; andres arerestauranteviews, rc; and
rco arerentalcarwebpagessh; andshs areshuttlesched-
ules,d; andd, aredirectionsto Downtown andh; andh,
are hotel web pages. For its first object, GREEDY would
choosea shuttle schedule(e.g., shy) as this object adds
maximalvalue(3) to anemptycache . ThenGREEDY would
choosehotelwebpage(e.g.,hoy), asthisobjectaddsmax-
imal value(2) to a cacheconsistingonly of a shuttlesched-
ule. GREEDY hasa choicefor the third chosenobject, as
bothrestauranteviews anddirectionsadd 1 to the existing
cachellf it chooseghelatter, it will finishwith the optimal
cacheshawn in Figure 3a. If it chooseghe former, then
it will make the samechoicewith the sameconsequences
for its fourth objectandthereforefinish with a suboptimal
cacheof value9 (Figure3b) or 8 (Figures3c and3d).

Simulated Annealing (SA):  SimulatedAnnealing(SA) is
arandomizedilgorithmthatstatisticallysimulateghe slow
coolingof a physicalsystem[22]. The algorithmworks by
choosinganinitial state(the “current state”)within a state
spaceconsistingof all possiblesolutions andthenperform-
ing arandomwalk beginningatthis state. Thewalk consists
of choosinga randomneighbor and proceedingto make
thisneighborthecurrentstateif it hasgreatewvaluethanthe
currentstate,or with somenon-zeroprobability that grad-
ually decreasesver time. Applied to profile-drivencache



prefetching statesdenotesetsof candidateobjectsthatto-
gethercanfit in the givencache.Thevalueof a stateis the
valueof its associatedetof objectsaccordingto the given
profile. A move in the statespacecorrespondgo the act
of replacingobjectsin the associatedet,with oneor more
drawn from thecandidatebjectset(thatfit in thecachethat
remainswvhentheinitial objectsareremoved).

Thekey parameterthataffecttheresultsof runningsim-
ulatedannealingaretheinitial temperatureT’, andthe con-
ditions for decreasinghe temperature.The latter can be
basedon a timeout, or on a degree of corvergence(i.e.,
stoppingwhenthe differencein value betweena stateand
its chosemeighboris belov somethreshold).Becausehe
differencein value betweenone cachestateandits neigh-
bor is likely to be relatively low (given thatthey will dif-
fer in just a few out of several hundredobjects),we based
changesn temperatur@ntimeouts.We exploredthreedif-
ferentchoicesof initial temperatureandtimeouts,eachof
which requiredSA to runfor roughly 5 minutesbeforeset-
tling on a caches contents.Of these we found the values
producedto be closeto the samefor all profiles, but that
settingthe initial temperaturego be 5, and the timeoutto
be 1 minuteworked bestin mostcases.Therefore for our
experimentsn Section4, we run simulatedannealingwith
thesetemperaturandtimeoutsettings.

Branch-and-Bound (BnB): Branch-and-bound (BnB)

searchesa tree of all possiblesolutionsin a depth-first
manner but selectvely pruning the searchtree whenever
it is determinedthat an unvisited subtreecannotpossibly
containasolutionbetterthanthebestseerthusfar. Applied

to profile-driven cache prefetching, every path from the
rootto aleafnodein thesearchreerepresentsnepossible
cacheof objectschoserfrom thecandidatebjectset. Each
nodedenotesa (domain,count)pair, (D, ), andevery path
throughthat noderepresents solutionthatincludesthe i

smallestobjectsin the candidatesetthatbelongto domain
D (andno othersfrom domain, D). Eachlevel of thetree
containsonly nodesfor somegivendomain,

(D,k),(D,k—-1),...,(D,1),(D,0)

suchthat & is the largestnumberof objectsfrom D that
canfit in the cache.While searchinghis tree of solutions,
thebranch-and-boundlgorithmwe implementegrunesan
urvisited subtreeif all pathsfrom theroot to leaf nodesof
the subtreespecify objectsetsthatareguaranteedot to fit
in thecache For example let thesetof domainsdefinedfor
agivenprofilebe{D,, ..., D,}, andlet the pathfrom the
rootto the currentnodein the searchtreebe

(Dlajl)a LR} (Dkajk)

If the total size of the setconsistingof the j; smallestob-
jectsin D1, thej, smallesbbjectsin D, andsoonuptothe
jr Smallestobjectsin Dy, is largerthanthe cachecapacity

thenthereis no needto visit any of thenodesn ary subtree
of (Dy, 7). A secondoruningtrick is basedn cachevalue
bounds.Let D beary domainin theset,{Dy1,...,Dmn}.
Let f(D, j1,-..,jx) be the maximumnumberof objects
from domainD thatcouldfit in the cachecontainingthe j;
smallesibbjectsof Dy, the jo smallesiobjectsof D, etc. If
thevalueof the cachedenotedby the path,

P = (Dlyjl)i"‘i(Dkijk)i

(Dk+15f(Dk+17jla 7jk))i‘ . -’(Dnaf(Dnajla' a]k))

is lessthanthe bestcachevalueseenthusfar, thenthe en-
tire subtreerootedat (Dy, j) canbe pruned,asno cache
representetdy a pathemanatingrom this nodecanexceed
thevalueof the cachedenotecdoy P.

Giventhesizeof the searchreeinvolvedfor non-trivial
profiles (the numberof nodeswill be the productof the
numberof objectsthat canfit in a cachefor eachdomain),
branch-and-boundearchingquickly becomesinfeasible.
To make it feasible,we terminatesearchingafter 10 min-
utes. To increasethe likelihood of an interruptedsearch
finding a goodsolution,we usea trick from [14] whereby
domainsaresortedin the ordergeneratedhy GREEDY, and
thesearchreeis constructegothatthe highestlevel of the
treecontainmodesepresentinghemostvaluabledomains.
Thesearchs thenconductedn a postorderratherthanpre-
ordertraversalof the tree. This biasesthe searchto favor
cacheswith moreobjectsfrom morevaluabledomains?

3.2 Preemptive CachePrefetching

Preemptie CachePrefetching(PCP) resemblesNCR,
but addsthe possibility that cacheprefetchingcanbe pre-
emptedprior to filling the cache. For example, for data
rechaging to truly resemblebatteryrechaging, it mustbe
possibleto “unplug” adevice prior to its beingfully chaged
(i.e.,beforeits cachds full) andstill endupwith usefuldata
in the cache.Thisimpliesthatnot only is the setof objects
chosento fill a cacheimportant,but sotoo is the sequence
in which theseobjectsare put in the cachegiven that this
determinesvhatarethe potentialpartially-filled cachege-
sultingfrom prematuredisconnection.

To evaluate PCP stratgies, we defineda “goodness”
function (g, ,-) thatscoresthe sequencef objectschosen
by ary algorithmfor placementn a cache.This functionis
definedin termsof a profile, p, anda preemptiorprobabil-
ity, pr, which is the probability that cacheprefetchingwill
beinterruptedprior to completion.If pr is 0, thenprefetch-
ing alwaysresultsin a full cacheandPCPreduceso NCP
(i.e.,only the utility valueof thefinal contentsof the cache

3NotethatBnB canonly be appliedto monotonicprofiles: profilesfor
which the value of a cachecan never decreases a result of addingon
object. We believe that non-monotonicprofiles are unlikely in practice,
and thereforeall experimentsdescribedin Section4 assumemnonotonic
profiles.
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Figure4: BytesSentvs Overall CacheUtility

mattersin measuringthe goodnessf the result). On the
otherhand,if pr > 0, thengoodnessneasuresnustalso
considerthe utility valuefor partially filled caches.

Definition 3.2 [SequenceéGoodness|Givena profile, p, a
preemptionprobability, pr, and someordering of objects,
S =<K oi,...,0, >, thegoodnes®f S wrt p andpr is:

Ippr(S) =e1 + e

sud that:
er = (1—pr)(fp(0"), and
" s(os fp({o1,..,0i-1
e = pr(Zimt) 5l .

s(o1)+...+s(on)

Intuitively, e; is thevalueof afull cache(f,(0")) times
the probability that cache prefetchingis not preempted
(1 — pr), ande, is the probabilisticallyweightedaverage
of valuesfor all non-full cachesassuminghatpreemption
is equallylikely to occurafter ary numberof byteshave
beentransmitted. Figure 4 illustrateshow e- is calculated
giventhe sequencef objects« o1, 02,03 >. Thegraph
shawvn plots the value of the cacheafter eachbyte of an
objectis sent. Note that the curve shovn in Figure 4 is
stepwisdinear, andfurther, every line haseither0 or infi-
nite slope. This is becausehe value of a cachedoesnot
changewhile a given objectis in the processof beingde-
liveredto the cache,but increaseshy the addedvalue of
the objectoncethe entire objectis containedn the cache.
Thus,the valueof the cachewill be 0 until the 1stobjectis
delivered(for bytesl ... s(01)), fp({o1}) until the2ndob-
jectis delivered(for bytes(s(o1) + 1) ... (s(01) + s(02))).
fp({01,02}) until the 3rd object is delivered (for bytes
(s(o1) + s(02) + 1)...(s(01) + s(02) + s(03))), andso
on. Generalizedbver all objectsthat canappearin a non-
full cache({oy,...,0,_1}), andweightedby the probabil-
ity thatprefetchingwill be preemptedwe gete,.

Definition 3.3(PCP) Givena finite setof objectsO, sudh
thatfor anyobjecto € O, s(o) isits size a profilep, acache

capacityC, anda preemptiorprobability pr, determinethe
sequenceS =< o1,...,0, >, (thatis a permutationof
anysubseof O, O' = {oy,...,0,}) that satisfieghe con-
straint,

i s(oi) < C,
i=1

andthat maximizeshevalueof g, ,,.(O").

In Section4.3, we compare3 heuristicalgorithmsthat
approximatesolutionsto PCP Thesealgorithmsareordered
versionsof thealgorithmsusedfor NCR, in thatthey simply
take the resultsthat the algorithmsproducefor NCP and
orderthemaccordingto the GREEDY algorithm?#

3.3 Prefetchingfor Shared Caches

For a sharedcache,therecanbe multiple clients (each
with datarequirementspecifiedin a profile) competingto
influencethe contentsof the cache.The profile processing
algorithmsdescribedn the previous sectionsall assumea
singleprofile asinput, andthereforemustbe adaptedo de-
terminethe contentsf a sharedcache.Oneway to accom-
plish thisis to memen profilesinto onesuperpofile thatis
representatie of themall. This would requirefirst normal-
izing individual profilessothat utility valuesarecompara-
ble betweerprofiles. Therearemary statisticaltechniques
that canbe usedto normalizeutility values(e.g.,z-scores
[18]), andthereforewe assumehat profiles have already
beennormalizedfor the purposeof this discussion.

In meming individual normalizedprofiles, we assume
that the value of an objectthatis of interestto multiple
clientsis the sumof valuesit takesin thoseclients’ pro-
files®> This meansthat a superprofilecan be constructed
simply by appendingthe domainand utility equationsof
theindividual profilesthatcomprisdt. Thevalueof agiven
object, then,would be the sumof all valuesit takesfrom
utility equationdn the superprofiles.This approachmicely
handleghe casewheretwo profilesdefinedomainsthatare
eitherequalor intersecting but that are namedor defined
differently For example,if a profile expressesnterestin
Truck Rentalweb sites,thenthe Hertz web pagecontain-
ing informationaboutrentingcarsandtruckswould have a
utility valuewhich is the sumof valuesit takesin this pro-
file andthe Tr avel er profile (accordingto domain,RC)
for any superprofilethat combinesthem. The downsideto
this approachs the sizeof the superprofileghatresults- es-
pecially whenthe numberof client profiles from which it
is built is very large. We explore how well cacheprefetch-
ing algorithmsscaleto handlesuperprofilegandcomprably
scaledcandidatenbjectsetsandcachesizes)in Section4.4.

4Obviously, GREEDY is alreadyorderedandneednot be changed.

51t would be equally acceptabléo average the valuesthat the object

takesfrom differentprofiles,but this amountgto dividing the sumsby the
sameconstan{thetotalnumberof profilesthatconstitutehesuperprofile).




| Parameter | Value
CacheSize 64 MB
# Profiles 96
Domains/ Profile 20
ObjectSize 30% 34% 28% 4% 4%
Distribution 47KB | 95KB | 138KB | 207KB | 268KB
Avg ObjectSize 104KB
CandidateSet
Cardinality 12800

Table2: Parametersor NCP& PCP

4. Experiments

Our experimentscomparehe effectivenesof GREEDY,
SA andBnB for NCPandPCP Thealgorithmswerewritten
in Java 1.3.1,andrun on Linux-basedPentiumlll and IV
workstationswith 512MB of RAM.

4.1 Experiment Environment

Common Parameters: Table 2 givesthe parametesset-
tings that were constantfor the unshareccache, NCP and
PCP experimentswe presentin Section4.2 and4.3. We
fixedthe cachesizeto be 64 MB, asthisis atypical mem-
ory sizefor currentPDA's: the mostobvious choiceof de-
vice for datarechaging. Eachexperimentranover 96 ran-
domly generategbrofiles(asdescribedelow), andeachof
theseprofilesincluded20 domaindefinitionsandaccompa-
nying utility equations.Every experimentassumed can-
didateobjectsetconsistingof roughly 128000bjects(and
distributedin sizeasspecifiedn thetable)® Thesizedistri-
butionwasdeterminedy downloadingthe 50 mostpopular
web site homepagegincluding imagesand ary necessary
files for correctdisplay)asratedby Media Metrix [17] for
December2001. We divided the rangeof sizesfor these
pagesnto five equallysizedintervals,andfor eachinterval
calculatedheaveragehomepagsizeaswell asthepercent-
ageof homepageshatfell in thatinterval. The cardinality
of the candidateobjectwas setso that eachdomainsetin
the profile wasrepresente@ndassignedan equalnumber
of objectsthatfit thedistribution shovn in Table2. Theto-
tal sizeof all objectsfor eachdomainexceededhe size of
cachesothatalgorithmswerefreeto chooseobjectsbased
ontheir policy ratherthanobjectavailability. Giventhe av-
eragesizeof objectsof 104 KB, this amountedo a candi-
datesetcardinalityof about12800.

Random Profile Generation:  For theseexperiments96
monotonicprofileswererandomlygeneratedeachwith 20
domainsand 20 utility equations.For eachprofile, 20% of
its utility equationsareflat (i.e.,of theformU (A) = k)
and80%arenon-flatequationsyhich have the form,

U(A[#B > z]) = UPTO (u, v, w).

60f coursethis objectsetwasmodelledandnot explicitly createdasit
would nothave fit in 512MB of memory

Non-flatutility equationsubsumautility equationswith no
dependenciel couldbesetto be0) aswell asutility equa-
tionswith no thresholdgu couldalsobe setto be 0).”

The valuesof z, u, v andw in non-flatutility equations
determinehow objectsof a given domaintype changein
valueasmoregetaddedo a cache ascateyorizedbelow:

Immediatevs DelayedGratification: Thevalueof x deter
mineshow quickly A objectsacquirevalueasB objectsget
addedto a cache.If z is very small(e.g.,0 or 1), the util-
ity equationfor A objectsexhibits immediategratification,
whereadargervaluesof z (e.g.,10-15%o0f the size of the
cache)esultin utility equationsvith delayedgratification

Appreciatingvs Depreciating: Therelative valuesof v and
w determinewhetheror not the value of an A objecttends
to appreciateor depreciatdn value asthe cachecontains
moreobjects. If 2 > 1, the utility equationfor A objects
is depeeciating If > < 1, theutility equationis appreciat-
ing. An appreciatingutility equationmight be usedto give
valueto anobjectthatgainsimportanceasit becomegart
of alargercollection,suchasemailsreportingsystemprob-
lems (severalreportsof the sameproblemsuggesthat the
problemis system-wide).

Quickly vs. SlowlyAccelerting: Finally, thevalueof v in-
dicateswhethera utility equatiorappreciates/depreciaties
valuequickly or slowly. If u is verysmall(e.g.,1), the util-
ity equatiorfor A is quickly acceleratinglf v is large(e.g.,
50), thentheutility equationfor A is slowly accelerating.

The 96 randomly generatedprofiles fall into 24 different
profile “classes”of 4 profileseach,with eachclassdistin-

guishedby their presetvaluesfor z, v and > in their non-
flat equations.Specifically for ary givenclass,z is fixed
to beeither0, 5, or 25, u is fixedto beeither5 or 25 andv

andw arefixedto berandomlygeneratecdhumbersetween
0 and100 suchthat 2 is either{, 3, 2, or 10.

4.2 NCP: Unshared Caches

We raneachalgorithmdescribedn Section3 on eachof
the 96 randomlygenerategrofilesandnormalizedthe re-
sultsby specifyingeachalgorithm’s scoreasa percentage
of the scoregeneratecy GREEDY. Thenfor eachprofile
class,we averagedthe normalizedscoresfor the four pro-
filesfrom thatclass.Theresultsareshovn in Table3. Note
thatbecausef normalizationanalgorithmdoesbetterthan
GREEDY whenits scoreis morethan100.

From Table 3, we can seethat GREEDY producedthe
highestvalue cachesfor 14 of the 24 profile classes.SA
producedthe highestvalued cachesfor the remaining10
classesTherefore the simplestandfastestalgorithnf was

“Note thatensuringthatconditionsareof theform, “#B > z” ensures
thatprofilescontainingtheseequationaremonotonic.

8with profiles of this size, GREEDY completedin a few seconds,
whereasSA ranfor 5 minutesandBnB ranfor 10 minutes.




T u SA | BnB T u SA | BnB T u SA BnB T u SA BnB
0 5 | 48.3| 105 0 5 | 79.1| 525 0 5 108 | 51.5 0 5 128.1 | 72.7
0 |25 |716]| 134 0 | 25| 844 37.7 0 |25 | 93.2 | 595 0 | 25| 949 | 79.2
5 5 54 | 78.8 5 5 | 82.8]| 72.3 5 5 | 131.7| 63 5 | 5 | 207.4| 78.6
5 | 25 | 62.5| 68.6 5 | 26 | 90.6 | 63.1 5 | 25 | 121.8| 66.6 5 | 25 | 107.2| 83.3
25 | 5 | 45,5 81.3 25 | 5 | 87.5| 80.9 25 | 5 | 124.2| 625 25 | 5 | 128.9| 70.3
25 | 25 | 69.7 | 72.2 25 | 25 | 96.9 | 74.2 25 | 25 | 104.5| 68.9 25 | 25 | 105.2| 77
(a)Depr: £ =10 b) Depr: & =2 (c)Appr: £ =0.5 (d)Appr: £ =0.1

Table3: NormalizedNCP ScoresDepreciatingandAppreciatingUtility Equations

also the most effective, dispelling the notion that expres-
sive profiles require complex processingo be effectively

used.As canbeseerin Table3, SA beatGREEDY whenthe
profilesprocesseaverepredominantlycomposedf appre-

ciating utility equationgTable3c andd). In fact, SA beat
GREEDY in 10of the 12 profile classe®f thisform. SA did

especiallywell whenu wassmall,producingthe bestcache
for all 6 classe®f appreciatingorofileswith u = 5.

SA’s relative successwith appreciatingprofiles can be
explained as follows. GREEDY, by nature, performsno
lookaheadandthusit will never chooseto placean object
from alow-valueddomainin thecachegvenif objectsfrom
that domaincan becomemore valuableas the cachegets
filled with more objects. But for appreciatingprofiles, the
bestcacheswill oftenbethosethatcontainobjectsfrom do-
mainsthatinitially havelow value,butthatincreaseén value
asmoreof themare put into the cache.WhereasGREEDY
will never choosehesdow-valuedobjects with somenon-
zero probability, SA will selecta random cachethat in-
cludesenoughof theselow-valuedobjectsthat they take
on a highervalue. Whenu is small, the numberof objects
requiredto bein the cachebeforetheseobjectsincreasen
valueis alsosmall,andthe probability of randomlychoos-
ing a cachewith u of theseobjectsincreases.Hence,SA
consistentlyproducesbetter quality cachesthan GREEDY
whenu is smallandutility equationsarepredominantlyap-
preciating. It shouldbe pointed out that GREEDY’s poor
performancewith profiles with appreciatingutility equa-
tionsalsohadto do with the way we choserandomvalues
for v andw. For both appreciatincganddepreciatingutility
equationswe first chosea randomvalue between50 and
100, andthis becamehevalueof whatwassupposedo be
the larger of v andw (v for depreciatingequationsand w
for appreciatingequations).The value of the smallervari-
ablewasthencalculatedisingtheratio, &, setby theprofile
class.Thereforefor appreciatingitility equationsuchthat
= = 0.1, v is never greaterthan 10, and for appreciating
utility equationssuchthat > = 0.5, v is never greaterthan
50. Giventhatvaluesfor flat utility equationsvererandom
valuesbetweerD and 100, with high probabilitythe values
for theseobjectswere greaterthanv, andtherefore, these
objectswerefar morelikely to be choserby GREEDY.

It is also interestingto note the poor performanceof

Branch-and-boun@BnB), having the lowestscoresfor 20
of the 24 profile classesBnB doespoorly at profile-driven
prefetchingoecausdt doesnt scale:thesearchreethatthe
algorithmhasto traversehasa heightof 20 (onelevel per
domain),and a degreeof 640 (one per objectin the can-
didatesetbelongingto ary givendomain). Therefore the
searchtree consistsof 640%° nodes! After 10 minutes(at
which pointwe cut off its search) BnB wasnever left with

a cachewith objectsfrom morethan3 domains.Therefore,
wedid notincludeBnB in our algorithmanalysisfor super

profiles(Sectiord.4).

4.3. PCP: Unshared Caches

Table 4 shavs “goodness’calculations(Definition 3.2)
for GREEDY, SA and BnB over all 24 profile classesas-
sumingpreemptionprobabilitiesof pr = 0.9, (likely pre-
emption),pr = 0.5, (equallylikely preemptionand com-
pletion), and pr = 0.1, (unlikely preemption). As with
the NCP results,we have normalizedthe goodneswalues
by expressingthemas percentagesf the goodneswalues
achieved by GREEDY. The table shaws, for eachprofile
class,the averageof thesenormalizedvaluesover the the
four profilesbelongingto thatclass. Onceagain,GREEDY
producedettercachedor moreprofile classeshanSA and
BnB, producingthe bestcachesfor 17/24 profile classes
whenthe probability of preemptionis high, for 15/24 pro-
file classesvhenthe probabilityof preemptioris moderate,
andfor 14/24 profile classesvhenthe probability of pre-
emptionis low.

By comparingtables3 and4, it becomeglearthat the
algorithmthatdoesbestfor NCP usuallydoesbestfor PCP
when given the sameparametersettings. The only four
caseswherethisis notthe casearelisted below:

(1) =25, u=25 2=01, andpr=0.9
(2) x=25, u=25 £=01 andpr=05
(3) =25 u=25, L=05 andpr=0.9
(4) z=35 wu=25 - =01, andpr=0.9

wherefor each,SA hasproducedthe bestresultfor NCP
andCREEDY hasproducedhebestresultfor PCP Figure5
illustrateswhatis happeningn thesecases.The graphin
this figure shovs how GREEDY, SA andBnB give valueto



a cacheover “time”® for the casewherex = 25, u = 25,
and > = 0.1. Note how SA producesthe highestvalue
cacheoncethecachésfilled, but thatGREEDY usuallypro-
ducesthe bestpartially filled caches? therebyconfirming
theanomalousesults.

The explanationfor caseq1)-(3) is asfollows: for each
of thesecasesy = 25,u = 25 andthe profilesareappre-
ciating. For appreciatingorofiles,whenwu andz arelarge,
it likely will take awhile (i.e., mary objectsplacedin the
cache)before a randomalgorithm producesa cachewith
sufficient numbersof objectsof domainswith appreciating
utility valuesto give high value to thoseobjects. There-
fore, what is commonto thesecasesis that SA produces
a cachethat hasrelatively low value for a long time, and
thenincreasesn value suddenly overtakingthe value of
the cacheproducedby GREEDY by the time the cacheis
full. Becausehe value of the cacheproducedby SA was
low for solong, theareaunderthecurweis lessfor SA than
for GREEDY. Case4 is moresubtle. Note thatfor z = 5,
u = 25 & = 0.1andpr = 0.9, SA beatsGREEDY for
NCP but losesto GREEDY for PCP On the other hand, if
x = 25 (andall otherparametergrethe same),SA beats
GREEDY for both NCP and PCP Whenz = 5 insteadof
x = 25, it takesfewer objectsin the cacheto give high
valueto thosewith appreciatingutility values. Thus, one
mightthink thatwith > = 0.1, anearlyandsharpincrease
in objectvaluewouldleadSA to beatGREEDY for PCP But
in factthe oppositeis true: GREEDY beatsSA for PCPin
this case but losesto SAwhen 2 = 0.5 (i.e., whenthein-
creasen objectvalueoccursat the sametime, but to a far
lesserdegree). The explanationfor this phenomenomgain
lies with the way we generateandomvaluesfor v andw.
Always, our techniqueis to first generatea randomvalue
between50 and 100, assignit to the variablethat is sup-
posedto be larger (for appreciatingequationsw), andset
the valueof the othervariableaccordingto the valueof -
associateavith the profile class.Note thatwhen 2 = 0.1,
thismeanghatwv will alwaysbelessthanor equalto 10, but
when 2 = 0.5, v canbe ashigh as50. Therefore,when
= = 0.1, theinitial valuesof the cacheproducedby SA
aresolow, thatwhenpr is large (thusfavoring earlyvalues
of thecachen calculatinggoodness)evenasharpincrease
in objectvalueis not enoughto make SA beatGREEDY for
PCPOntheotherhand,when = 0.5, initial valuesof the
cachearelarge enoughthat SA beatsGREEDY at PCPR

The key lessondearnedfrom our experimentsfor NCP
andPCPis thatdespitethe apparentomplexity of profiles
thatincludedatadependencieandthresholdsafairly sim-
ple andfastalgorithm (GREEDY) works quite well in pro-
cessingsuchprofilesto decidewhatto prefetchinto acache.
Further the caseswhere SA producesa bettercachethan

9Timeis measuredby “MB in thecache’to equalizedatatransferates.
19Thecorrespondingraphsfor cases3 and4 exhibit the sameproperty
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Figure5: Partial CacheValues(z = 25,u = 25, > = 0.1)

GREEDY (profileswith predominantlyappreciatingutility
equationsprearguably unlikely to occurin practice.

4.4 NCP: Shared Caches

As we pointedoutin Section3.3, prefetchingalgorithms
thatassumea single profile and an unsharectachecanbe
adaptedo work with multiple profilesanda sharedcache
by meming the multiple profilesinto a single superprofile
thatis representatie of themall. The memed profile can
thenbe usedasinput to eachof the prefetchingalgorithms
describedn Section3.

One complicationbroughton by profile combinationis
the fact that differentprofiles may definedomainsthatin-
tersector that are even equialent, even thoughthey are
defineddifferently. In other words, for superprofileswe
mustassumehat ary given objectcanbelongto multiple
domainst! This meansthat GREEDY mustbe adaptedso
thatit alwayschoosesan objectthat givesthe mostadded
valueto the cacheaccordingto all of the utility equations
thatgiveit value.(SA, becausé choose®bjectsrandomly
neednotbealtered.)

We referto the greedyalgorithmthat allows for objects
to belongto multiple domainsasGREEDY s,,,. GREEDY 4y,
maintains3 datastructuresasit usesan input superprofile
to determineghe contentsf acache:

e B: aBooleanmembeship matrix that specifiesall of
the domainsto which eachobjectbelongs.Thus, B is
ann x m matrixsuchthatn is thesizeof thecandidate
objectset,m is the numberof domainsdefinedby the
superprofileand B[i, j] = 1 iff object,o;, belongsto
domain,D;;

e V: anaddedvaluevectorthatspecifieor eachof the
m domainsthe changen valuethatwould resultfrom
addinganobjectfrom thedomainto thecurrentcache.
Notethatunlike the membershipmatrix which canbe
computedstatically theaddedvaluevectormustbere-
computedevery time an objectis addedto the cache;
and

11For singleprofilesit is morereasonabléo assumadisjoint domains.



pr=0.9 pr=0.5 pr=0.1 pr=0.9 pr=0.5 pr=0.1
(z,u) | SA [BnB| SA [ BnB | SA [ BnB (z,u) | SA [BnB| SA [BnB| SA [ BnB
(0,5) | 60.3] 12.5| 53.7 | 11.7 | 49.3| 11.2 (0,5) | 84.0| 56.7 | 81.3 | 53.8| 79.5 | 51.9
(0,25) | 840 | 15.8| 783 | 149 | 744 | 143 (0,25) | 90.3| 42.1| 87.1| 39.8| 85.0 | 38.3
(5,5) | 61.7 | 82.7| 58.0 | 80.5| 55.5| 79.1 (55) | 81.6| 78.2| 82.4| 749 | 828 | 72.8
(5,25) | 70.5| 73.8| 66.0 | 71.2 | 63.0 | 69.5 (5,25) | 88.3| 68.3| 90.2 | 65.0 | 91.5 | 62.8
(25,5) | 53.6| 85.7| 49.6 | 83.5| 47.0 | 82.1 (25,5) | 85.5| 88.7| 87.8| 84.7| 89.3 | 82.2
(25,25) | 724 775 | 712 | 747 | 70.4 | 72.9 (25,25) | 95.9| 825] 98.1| 789 99.6 | 76.7
Depr: & =10 Depr: o =2
pr=0.9 pr=0.5 pr=0.1 pr=0.9 pr=0.5 pr=0.1
(x,u) | SA [BnB| SA [BnB| SA [ BnB (z,u) | SA [BnB| SA [BnB| SA | BnB
(0,5) | 113.5] 61.1| 110.3| 55.3 | 108.4| 52.0 (0,5) | 118.8| 77.4| 124.9| 749 | 128.9| 73.2
(0,25)| 96.2| 68.0| 945| 63.0| 93.5| 59.9 (0,25)| 91.2|844| 939|818| 957 80.2
(5,5) | 121.7] 69.2 | 128.2| 65.1 | 132.2| 62.5 (5,5) | 181.5| 82.0| 200.5| 79.7 | 213.0| 78.2
(5,25) | 111.6| 75.0| 118.8| 70.6 | 123.5| 67.9 (5,25)| 95.8| 87.4|103.1| 85.4 | 108.0 | 84.1
(25,5) | 116.6 | 72.8| 121.5| 66.6 | 124.5| 63.0 (25,5) | 114.1| 75.6 | 124.0| 73.1 | 130.4| 71.4
(25,25) | 98.1| 77.0] 102.6 | 72.9 | 1055 | 70.3 (25,25) | 916] 81.3]| 99.8] 79.1| 105.2| 77.6
Appr: = =0.5 Appr: & =0.1

Table4: NormalizedPCPScoresDepreciatingandAppreciatingUtility Equations

e S: asizevectorthatspecifieghe sizeof eachof then
objectsin the candidateobjectset.

GREEDY ,,;, begins by initializing the membershipna-
trix, addedvalue vector (relative to an empty cache)and
sizevector It thenchooseneobjectat a time to addto
thecachey following the stepsbelow:

1. First, it computeghen elementvector C; = B - V.
For ary object,o;, C1[i] is the valuethatobjectwould
addto the currentcacheif it were inserted(without
replacingary existing objectin thecache).

. Next, it computegshen elementvector Cy = C;/S.
For ary object,o;, C>[i] is the value per byte thatob-
jectwould addto thecurrentcache.

. Next, it finds the maximumvaluein Cs, Cs[i], and
designate®bjecto; asthe next objectto addto the
currentcache.

. Next, it updateghe addedvalue vectorto reflectdo-
mainvaluesrelative to the new cache.

. Finally, it removescolumns from B to reflectthatob-
ject, o;, is nolongereligible to be addedto the cache.

This processs repeateduntil the candidateobjectsetcon-
tains no more objectsthat canfit in the remainingcache
and that add value to the cache. Note that GREEDY,,,
is far more expensive than GREEDY (which simply cy-
cled through the addedvalue vector looking for the do-
main which addedthe mostvalueto the cache),asit re-
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quiresa matrix-vectormultiplication be performedfor ev-
ery objectchosen. We usesometricks to reducethe cost
of GREEDY,,,. For one, we partition the set of candi-
dateobjectsinto classeswhereobjectsin a givenclassbe-
long to the samesetof domains. This allows usto reduce
the sizeof onedimensionof the Booleanmatrix (from the
numberof objectsin the candidateobjectsetto the num-
ber of classes).Also, every time an objectis addedto the
cache,we keeptrack of which domainshave their values
affected. For example,in the caseof the Tr avel er pro-
file of Figurel, addingaDi objectto anemptycacheonly
changeghevaluesfor domainsRC, Di andHo. Any class
whoseobjectsdo not belongto ary of the affecteddomains
neednot be includedin the matrix calculation(objectsof
suchclassesvould add the samevalue to the newv cache
asthey did to the previous cache). While thesetricks re-
ducedthe costof GREEDY,,, somavhat, our experiments
shavedthatthis new versionof GREEDY,,,, still doesnot
scale. We ran GREEDY,,,,, assumingsuperprofilesof in-
creasingsize (with candidateobjectsets,classesandcache
sizesincreasingproportionallyin the size of the superpro-
file) and recordedthe time GREEDY,,, requiredto deter
mine a cache. We also measuredhe value of the cache
constructedoy GREEDY,,,, and comparedit to that pro-
ducedby SA which wasallowedto run for 30 minutes(by
settingits temperatur@o 30 andits timeoutto 1 minute).
The resultsare shovn in Table5. Eachrow in the table
shaws a run of GREEDY,,,, with a superprofileof size,n,
wheren denotesthe numberof single profiles memgedto
constructthe superprofile. Single profiles are chosenran-



Profilesin SA Normalized
Superprofile GREEDYsup SA Cachevalue
25 1.1sec 30min 73.5
50 13.4min 30min 71
75 73min 30min 85
100 210min 30min 84

Table5: Executionof GREEDY,,,, andSA on Superprofiles

domly from the 96 randomly generatedrofiles described
in Section4.1. All other parametersvere determinedas
functionsof n. Thenumberof objectclassesvassetto 40n
(i.e., twice the numberof domains),underthe assumption
thatdomainsin a superprofilecanusuallybe clusterednto
disjoint setsof relatedtopics,andthatobjectsfrom thecan-
didatesetthatbelongedo multiple domainswould belong
to domainsfrom asinglecluster As the numberof disjoint
clustersis boundedby the numberof domains,we setthe
numberof classego betwice the numberof domains(also
accountingfor objectsthat belongedto a single domain).
Eachobjectclasswasassumedo contain50000bjects dis-
tributedin sizeaccordingto the distribution shavn in Fig-
ure2. Thecachesizewassetto beto themaximumof 100n
MB and8 GB. 100 MB per client is widely consideredo
be a usefulmetricfor determiningthe sizeof a sharedveb
proxy cache[13]. 8 GB is the sizeof the sharedveb proxy
cacheemployedat Brandeigserving3000clients).And the
averagenumberof domaingshatclassesncludedwassetto
2. Giventhatthereare20n domainsin all, this meansghat
for ary class,; andDomain,D;, thatB[i, j] = 1 with prob-
ability, 5.

As Table 5 showvs, GREEDY,,,, scaledto n = 75 be-
fore its executiontime took more than 3 hours. On the
otherhand,SA (which alwaysranin 30 minutes)produced
competitive resultswith GREEDY ,,,;,, suggestinghata ran-
domized approachis better suited for large scale cache
prefetchingproblems. This raisesthe possibility of two-
tiered prefetching: datarechaging might use GREEDY to
decidewhatto prefetchinto anindividual device cache put
SA to managethe sharedcachefrom which multiple data
rechaging clientsdraw.

5. Related Work

Our notionof profilesis uniquein thatit combinesalan-
guagefor specifyingpredicatesver dataitemswith arich
languagédor specification®f the users preferencesprior-
ities, andrequirementsUserprofilesfor Web-baseappli-
cations(suchas Yahoo,PointCas{21], etc.) aretypically
fairly simple, allowing the userto specify particularcate-
goriesof information(channel$ thatthey areinterestedn
receving. This approachto building information dissem-
ination systems(publish/subscribg19]) typically usesa
walledgardenapproachn whichthedatathatcanbe deliv-
eredto theuseris restrictedo thatfoundon specificcontent
sites. Most systemsallow simple, channel-specifipredi-
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catego identify channel®f interesto userge.g.,to specify
particularcompaniedor stockprices). The GrandCentral
Stationsystem[15] developedat IBM Almadenprovidesa

more generalform of predicatesover its channelsandis

thereforecloserto our notion of the domain specification
portionof aprofile.

User profiles for text-baseddatahave beenextensiely
investigatedn the context of Information-FilteringandSe-
lective Disseminationof Information research12]. The
systemsn theseareasusetechniquedgrom the Information
Retrieval (IR) world for filtering unstructuredtext-based
documentg4]. In general,IR profile systemsuseeithera
Booleanmodelor a similarity basednodel.In the Boolean
modela userprofile is constructedy combiningkeywords
with booleanoperators(e.g., And, Or, Not), and an “ex-
actmatch”semanticss used— a documenteithersatisfies
the predicateor not. Similarity-basednodelsusea “fuzzy
match” semanticsn which the profilesanddocumentsare
assigned similarity value. A documentwhosesimilarity
to a profile is above a certainthresholdis said to match
thatprofile. The StanfordinformationFiltering Tool (SIFT)
[23], is awell-known content-basetkxt filtering systentor
InternetNews articles. With the adwvent of XML, filtering
of web-documentbasedn structureaswell ascontenthas
becomemorefeasible. The XFilter system[3] is a recent
exampleof sucha filtering system. XFilter, however, has
no notionof variableutility asexistsin our profile model.

Onerecenteffort thathasinvestigatedherepresentation
of variable utility is the user preferenceframawork pro-
posedby Agrawal and Wimmers[1]. This modelallows
usersto specifynumericweightsfor entitiesor setsof enti-
tiesandprovidesa well-definedmechanisnfor combining
setsof preferencesThis model,however, providesno no-
tion of thresholdsor dependencieand this work did not
addresghe performanceandscalabablityof algorithmsfor
exploiting the preferencenformation.

All of thework discusse@dbove wasfocusedonimprov-
ing the relevanceof datareturnedby searchor delivered
to usersvia push-basedissemination.Profile information
hasalsobeenusedin a limited way to directthe manage-
ment of caches. Early work in this areawas the “quasi-
caching” systemof Alonso et al.[2], in which specifica-
tions of userrequirementsn terms of dataquality were
usedto reducethe amountof datasentfrom a sener to
updateclient caches.More recently a cachemaintenance
techniguehatexploits userspecification®f preferencein
termsof thetradeof betweerateng andreceng werepre-
sentedin [5]. Due to the emphasison cacheconsisteng
in this work, the languagefor describinguserpreferences
in thesesystemss limited to specifyingquality constraints.
Ournotionof profilesis focusednprioritiesanddependen-
ciesamongsitems,but canbe extendedo incorporatesuch
guality constraints An alternatve approacto maintaining



thereceng of cachecontentss thenotionof “datafreshen-
ing” [11]. Ratherthandeterminingupdatepriorities based
on userpreferencesthis work determineghe refreshrates
basedon how often the underlyingdataelementschange.
Recentwork [6] hasuseduserprofilesto achieze moreef-

fective fresheningpolicies.

6. Conclusions

We proposea simpleprofile languagehatpermitshigh-
level expressionof a users dataneedsfor the purposeof
expressinglesirablecontentof a cache We considettech-
niquesfor cacheprefetchingon the basisof profiles ex-
pressedn our framawork, both for basicand preemptve
prefetchingthe latter referringto the casewherestaginga
cachecanbeinterruptedatary pointwithout prior warning.
We examinethe effectivenessof threetechniquesn par
ticular: a greedyapproacha randomizedapproach(simu-
latedannealing) andbranch-and-boundndshaw thatthe
greedyapproachs fastand effective for moderatelysized
profiles,but thatthe randomizedapproactscaleshetterfor
sharedcacheswith extremelylarge superprofiles We view
this work as a migration of data managemenideasand
techniquescharacterizedby their useof dataandapplica-
tion semantic$o drivethemanagemertf sharedesources,
into thewide-areanetwork setting.We believe thatprofiles,
asdescribedn this paper arean enablingtechnologythat
couldspawvn arich new areaof researclbeyondcacheman-
agemeninto network datamanagemerih general.Theuse
of rich, declaratvely specifiedprofilesto drive dataman-
agementpolicy promisesbenefitssimilar to the profound
effectthatdeclaratve querieshadon databaseystentech-
nology. This paperis afirst stepin thatdirection.
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