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Abstract
Moderndistributedinformationsystemscopewith disconnec-

tion and limited bandwidthby usingcaches. In communication-
constrainedsituations,traditional demand-drivenapproachesare
inadequate. Instead,cachesmustbepreloadedin orderto mitigate
theabsenceof connectivityor thepaucityof bandwidth.In thispa-
per, we proposeto useapplication-level knowledge expressedas
profiles to manage the contentsof caches. We proposea simple,
but rich profile language that permitshigh-level expressionof a
user’s dataneedsfor thepurposeof expressingdesirablecontents
of a cache. We considertechniquesfor prefetching a cacheon the
basisof profilesexpressedin our framework, both for basicand
preemptiveprefetching, thelatter referringto thecasewherestag-
ing a cache can be interruptedat any point without prior warn-
ing. We examinetheeffectivenessof threeprofile processingtech-
niques,andshowthat therich expressivityof our profile language
doesnotpreventa fairly simplegreedyalgorithmfrombeinganef-
fectiveprocessingtechnique. Wealsoshowthat for a large shared
cache, multipleclients’ profilescanbecombinedinto a singlesu-
perprofilethat is representativeof themall, but thatwhenthenum-
berof clientswith profilesis significantlylarge, a randomizedap-
proach is more scalablethana greedyapproach. We believe that
profiles, as describedin this paper, are an enablingtechnology
that couldspawna rich new areaof research beyondcacheman-
agementinto networkdatamanagementin general.1

1. Intr oduction

Modern distributed information systems cope with
disconnectionand limited bandwidth by caching. In
communication-constrainedsituations,traditionaldemand-
drivenapproachesareinadequate.Instead,cachesmustbe
preloadedto mitigate the absenceof connectivity or the
paucity of bandwidth. In this paper, we proposeto use
application-level knowledgeexpressedasprofiles to man-
agethecontentsof caches.

User profilesareusedby many applicationsto specify
informationto deliver to users(e.g.,AvantGo).We extend
thisnotionto providedatamanagementhintsfor preloading
andprestagingcachesin distributedenvironments.For us,

1This work wassupportedin partby theNationalScienceFoundation
underNSFGrantnumberIIS00-86057.

a profile is not a demandfor data,but a pragmaor hint of
whatmight beusefulto prefetchcloserto theuser.

Therearemany scenariosin whichsuchhintscanbeuse-
ful. If aclientmachinethatis connectedto adatasourceby
a low-bandwidthlink, a client-sidecachecouldbeusedto
hideaccesslatency byusingslackbandwidthto bringuseful
datacloserto thepoint of use.Disconnecteduseis a more
extremeexamplein which prefetchingmustbedonewhile
adevice is connectedto allow accessat timeswhenit’snot.
Anotherexampleinvolvesa clusterof usersconnectedto a
commonnodethat is itself connectedto oneor moredata
sourcesacrossa thin pipe. The latency introducedby the
thin pipecanbereducedby intelligentuseof acache.In all
of the above scenarios,the systemmustchoosesubsetsof
the itemsof interestto prefetch.A simplelisting of items,
asprovidedin otherprofiling schemes,is insufficient since
it providesno informationaboutrelative valueandinterde-
pendenciesamongthedataitems.

In this paper, we presenta profile specificationscheme
that allows us to identify itemsof interest,but alsoallows
us to expresstheir relative importancethroughweighting.
Furthermore,our schemesupportsthespecificationof data
dependencies(e.g.,we areable to saythat directionsto a
hotel from theairportareonly usefulin thepresenceof the
correspondingairline andhotel reservations). Finally, we
addtheability to specifythresholds, asin upto threerestau-
rant recommendationsare usefulwhile any more are not.
All threeof theseextensionsto profile formulationreflecta
globalview of how a selecteditem relatesto otherselected
items. Extendedprofilessuchasthesewill allow us to fill
our cachewith a muchmoreaccuratesetof objects. This
papermakesthreefundamentalpointstowardsthis end:

Specification:Weproposeasimplelanguagethatseparates
theexpressionof interestingobjectsfrom theirutility value.
Utilities can be expressedwith primitives that handlethe
threeformsof dependency givenabove.

Algorithms: We presentandcomparesomeheuristictech-
niquesfor filling a cachebasedon ourextendedprofiles.

Profile Composition: We discusshow to combineseveral
profilesinto onesuperprofile thatsubsumesits constituents
(asis requiredwhena cacheis sharedby multiple users).
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Thisstudywill show thatprofileswith dependenciesand
thresholdsareeasilyexpressed,andthatasimplegreedyal-
gorithmdoesa goodjob processingprofilesto selectitems
to prefetchinto a cache.We look at basiccacheprefetch-
ing, aswell aspreemptive cacheprefetching,which takes
into accountthe possibility thatprefetchingmay get inter-
ruptedprematurely. We thenshow for sharedcacheswith
very large“superprofiles”,thata morescalableapproachis
to usea randomizedalgorithm(simulatedannealing).

2. Profile-Driven CachePrefetching

Two applicationsof profile-drivencacheprefetchingare
datarecharging andthin pipeenvironments.Both applica-
tionsneedto allocatelimited cachespaceto dataobjects.

2.1. Example Applications

Data Recharging: Datarecharging[9] is bestunderstood
in the context of mobile computingenvironments. Mo-
bile computershave two fundamentalrenewableresources:
power and data. The goal of datarecharging is to make
recharging datafrom the datagrid assimpleandrobustas
rechargingpowerfrom thepowergrid. Basedonauserpro-
file, datarecharging middlewaregathersdataof interestto
auser, andwhentheusernext connectsto thenetwork, this
datais deliveredto the user’s mobile device. In this case,
the profile would reflectsomeaspectof the user’s context
(e.g.,location,workflow) anddatadeliveredwould depend
on availableresourceson themobiledevice (e.g.,memory,
applications).The order in which itemsaredeliveredalso
mattersif unplanneddisconnectionis possible.

In the mobile environment, computers are often
memory-limited.Thus,givena largeamountof potentially
interestingdata,a datarecharging systemmustmake deci-
sionsaboutwhat subsetsof this dataareto be allocatedto
thelimited memoryresource.

Thin-Pipe Envir onments: In this situation,the client is
connectedto the network througha thin pipe. A thin pipe
canbea resultof a bandwidthconstrainedconnectionor a
heavily overloadedserver. Theessentialcharacteristichere
is thatusingthepipeintroducesveryhighlatency. Inserting
a cacheat the client endattemptsto hide this latency. An
itemwhoseaccessis extremelylikely is prefetchedin order
to eliminatethe latency of its first access.Prefetchingis
inherentlypredictive,andprofilessupportour prediction.

2.2 SharedCaches

In many networked environments, cachesare shared
amongmultiple usersandcachecontentsmustbemanaged
in away thatmaximizesthebenefitfor theusercommunity
asa whole. The applicationsdescribedabove have shared
cacheanalogs.In datarecharging,weassumethatuserscan

PROFILE Traveler
DOMAIN
RC = related:www.hertz.com
Sh = "shuttle schedules" AND "airport" AND "Boston"
Di = "directions to downtown Boston" AND "airport"
Ho = "Hotel" AND "downtown 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 (Di [#Ho

�
0]) = UPTO (1, 1, 0)

U (Ho [#Di
�

0 OR #Sh
�

0]) = UPTO (1, 2, 0)
END

Figure1: A ProfileFor DataRecharging

connectto well-definedcharging stations.Thesecharging
stationswould maintaina sharedcachethat would service
userswho arelikely to connecttherein thefuture. For thin
pipes,a sharedcacheis placedbetweentheconnectionand
ausercommunity. Thiscacheis usedto mitigatethelatency
effectsof thethin pipe.

2.3. A Profile Languageand Example Profile

To illustrateourprofile language,wepresentanexample
profile in Figure1. Observe that theprofile specificationis
broken into two parts: the Domain clause(DOMAIN) de-
fines and namessetsof objectsof interest(domainsets);
andtheUtility clause(UTILITY) specifiestherelativeval-
uesof objectscontainedin eachdomainset. The Utility
clausedistinguishesour notionof profilesfrom thosetypi-
cally found in publish/subscribesystems.We will explain
the intuitive meaningof theseprofileshereasan informal
meansof introducingourprofile language.A completefor-
mal semanticsof our profile languagecanbefoundin [10].

ProfileTraveler might beusedto drive datarecharg-
ing for a traveler aboutto travel to Boston. Supposethe
travelerwantsto staydowntown. Sheneedsto getfrom the
airportto adowntownhotel,eitherby rentalcaror ashuttle.
For a shuttle,sheneedsa schedulefor a company offering
shuttleservice.For a rentalcar, sheneedsrateinformation
for oneor morerentalcarcompaniesanddriving directions
from the airport to downtown. Even if shetakesa shuttle
downtown, directionsserve someuseasthey tell her a bit
abouthow to get aboutthe city. Shealsoneedsinforma-
tion aboutdowntown hotels,but only if shehasreceiveda
shuttlescheduleor directionstelling herhow to getto them
Finally, shewouldliketo seereviewsfor nearbyrestaurants.

The Domainclauseof Traveler identifies5 domain
setsspecifiedby expressionsresemblinginputsto a search
engine.2 As with a query, declarative specificationsof do-
mainsetsfreeprofileauthorsfrom having to locatethedata

2As we describeelsewhere[10], anyquery-like languagecanbeused
to expressdomainsin our profile languageframework. We have chosen
searchengineinputsfor thisexamplefor simplicity.
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thatintereststhem(thetravelermaynotcarewhetherdirec-
tions to a downtown hotelaregeneratedby Mapquest[16]
or foundonahotelwebpage),andmakestheprofileproces-
sorresponsiblefor finding this data.In this profile,RC is a
setof rentalcarcompany webpagesthat(presumably)offer
detailsaboutratesandpolicies,Sh is asetof shuttlesched-
ulesfor shuttlesheadingto downtown from theairport,Di
is asetof webpages,text filesetc. thatgivedirectionsfrom
the airport to downtown, Ho is a setof web pagesfor ho-
telslocatedin downtown Boston,andRe is asetof reviews
for restaurantsalsolocatedin downtown Boston.TheUtil-
ity clauseof Traveler specifies5 utility “equations”(one
for eachdomainset)thatcapturethedatavaluesanddepen-
denciespreviouslydescribed.Everyrestaurantreview hasa
valueof 1. Thevalueof rentalcarwebpages(RC objects)is
dependenton thepresenceof Di objectsin thesamecache:
thecondition,“[#Di � 0]”, is true if thenumberof Di
objectsin the cache(#Di) is greaterthan0. This reflects
the dependency of the value of rental car dataon having
driving directions.Thevalueof RC objectsalsodependson
how many of themappearin the cache.“UPTO (2, 2,
0)” specifiesthatthefirst twoRC objectsin thecachecarry
a valueof 2, andthatany morefoundin thecachehave no
value. This reflectsthe preferencethat having 2 rentalcar
webpagesin thecacheis useful(so that ratesandpolicies
canbe compared),but that any morethanthis is unneces-
sary. UPTO �������	��
�� is a thresholdoperator: up to � ob-
jectshave a valueof � each,andevery objectbeyond � has
avalueof 
 . Sh, Di andHo objectsaredefinedsimilarly to
RC objects:up to 1 shuttleschedulehasvalue3; up to 1 set
of directionsto downtown hasvalue1 providedthata hotel
web pageis in the cache;andup to 1 hotel web pagehas
value2, providedthateithera setof directionsor a shuttle
schedulearealsoin the cache.Thusa cacheconsistingof
two rentalcarweb pages,onesetof directionsanda hotel
webpagewouldhaveoverallvalueof 
 ( ������������� ), and
a cacheconsistingof oneshuttleschedule,one rental car
webpageandtwo restaurantreviewswouldhaveanoverall
cachevalueof � ( ��������� ).

TheTraveler profile demonstratestwo desirablefea-
turesof profile languages:data dependenciesand thresh-
olds. In Figure 2 we show three ways that Traveler
might beexpressedin a profile languagelackingthesefea-
tures. T � setsutility valuesfor eachdomainequalto their
initial value in Traveler. T � valuesdomainsaccording
to a rankingof themaximumvaluesthatthosedomainscan
takeaccordingto Traveler. For example,Sh is themost
valuabledomain(asanobjectin Sh canhave value3), and
thereforeis giventhehighestvalueof 5. Finally,T � clusters
dependentobjectsin Traveler into singleconglomerate
objects. As dependenciesexist betweenHo, Sh, Di and
RC, they arecombinedinto asingledomainof megaobjects,
with theideathatanobjectof onesimpledomain(e.g.,Ho)

PROFILE T �
DOMAIN
...
UTILITY
U (Re) = 1
U (RC) = 2
U (Sh) = 3
U (Di) = 1
U (Ho) = 2

END

PROFILE T �
DOMAIN
...
UTILITY
U (Re) = 2
U (RC) = 4
U (Sh) = 5
U (Di) = 2
U (Ho) = 4

END

PROFILE T �
DOMAIN
...
UTILITY
U (  Ho,Di,Sh,RC ! ) = 8
U (Re) = 1

END

(a) Initial Values (b) Ranking (c) Clustering

Figure2: Traveler WithoutDependencies,Thresholds

canonly be placedin the cacheif it is accompaniedby an
objectof eachotherdomainin theconglomeration.Thesize
andvalueof thesemegaobjectsis their combinedsizeand
valueaccordingto Traveler.

Table1 shows the optimally valuedcacheof 5 objects
accordingto the Traveler profile of Figure 1 and the
threealternative profilesof Figure2, andthe “real” values
of thesecachesaccordingto the Traveler profile that
includesdependenciesand thresholds. Observe that both
T � andT � would fill 5 objectcacheswith what they assess
to bethemostvaluableobjects(shuttleschedules),leaving
both cacheswith a real overall value of 3. Both profiles
fail to producea bettercachebecausethey areunawareof
thethresholdthatlimits thenumberof shuttleschedulesthat
havevalue.Evenif T � hadrankedRewith thehighestrank-
ing (restaurantreviews aretheonly objectsthathave value
no matterhow many of themareplacedin the cache),the
valueof its 5 objectcacheswould only be5. T � ’s strategy
of clusteringdependentobjectsinto a singleconglomerate
objectworksreasonablywell for a 5 objectcache,but note
thatthis approachcannever resultin a cachewith differing
numbersof Ho, Di, Sh andRC objects,asis neededto pro-
ducethe optimally valuedcache(which has2 RC objects,
andno morethan1 of any other).

Data dependenciesand thresholdsare just someof the
desirablefeaturesdefinedin our profile language. Other
featuresdemonstratedby theTraveler profileincludethe
separatespecificationsof theobjectsof interest,andtherel-
ativeworth of theseobjects,andQoS-styleweightedutility
values(asopposedto priority lists). This list is not exhaus-
tive; a comprehensive list of profile languagedesideratais
presentedelsewhere[9], asis a formal specificationof our
profile languageframework [10].

In practice,weexpectprofilesto describemany moredo-
mainsetswith morecomplex utility valueexpressionsthan
was demonstratedwith the Traveler profile. We con-
siderit unlikely thatmostuserswill write profilesmanually
(the samecould be saidfor SQL). Instead,we expect that
a profile-generationsystem[7] with goodinterfacescould
supportusersto this end. Sucha systemcould rely on li-
brariesof parameterizedprofilesthatarebuilt andextended
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Profile Best5 ObjectCache
Valueusing
Traveler

Traveler 1 Sh, 1 Ho, 1 Di, 2 RC 10

T � 5 Sh 3
T � 5 Sh 3
T � 1 " Ho,Di,Sh,RC # , 1 Re 9

Table1: Best5 ObjectCachesof Profilesof Figure2

by experts. The key idea is that a declarative profile lan-
guageis neededto facilitatethis process.Finally, we rec-
ognizethat profile-driven cachemanagementwill have to
reconcilethedataneedsof thousandsof users,asspecified
with thousandsof profiles.We considertechniquesfor pro-
cessingmultipleprofilesin Section3.3.

3. Profile Processing

We considerthreeprofile-driven prefetchingproblems:
Non-PreemptivePrefetching, PreemptivePrefetching, and
Prefetching for Shared Caches. Non-preemptive prefetch-
ing is standardprefetchingwhereacacheis filled with aset
of objectsthatarelikely to beaccessedby aclient. Preemp-
tive prefetchingallows prefetchingto be interruptedprior
to completion. This is relevant for datarecharging, where
a client can “unplug” his device from a network connec-
tion at any time without warning.For preemptiveprefetch-
ing, whatmattersis not only the cache’s final contentsbut
the order in which objectsareplacedin the cache,asob-
jectsplacedinto the cacheearly are the most likely to be
presentin apartiallyfilled cacheresultingfrom preemption.
Prefetchingfor sharedcachesrequiresreconcilingmulti-
ple (and potentially competing)client profiles to prefetch
acachethatbestmeetstheneedsof all clients.

3.1. Non-PreemptiveCachePrefetching

Non-Preemptive CachePrefetching(NCP)usesprofiles
to determinehow to prefetchcachesto achieve maximum
utility value. Assumefor any profile $ , that its valuefunc-
tion %'& , mapsany setof objects(i.e., a cache)to its value
accordingto $ . ThentheNon-Preemptive CachePrefetch-
ing problem(NCP)is definedasfollows:

Definition 3.1(NCP) Givena finite setof objects(“candi-
dateobjectset”) (*),+.- � �0/'/0/'�1-32	4 such that 56�7-389� is the
sizeof object -38 , a profile $ , anda cachecapacity : , deter-
minesubset,(<;>=?( , that satisfiestheconstraint,

@
ACBEDGF 56�7-H�JIK:

andthatmaximizes%'&L�M( ; � .
NCP is a variationof the knapsackproblem[20] where

an object’s sizeand utility is analagousto its weight and

PossibleCacheResultingFromGreedy CacheUtility
(a) "'NCO �CP O6Q �CPSR3TU�VP9W'X0�CPUW'XV� # 10
(b) "0NYO � P O6Q � PUW[Z � PSR3T � P9W'X � # 9
(c) "0NCO �CP O6Q �CPUW'Z3�\PUW[Z0�0P9R3TS� # 8
(d) "'NCO �CP O6Q �CP9W[Z.�VPUW'Z0�0PUW'ZY� # 8

Figure3: PossibleCachesfrom Applying GREEDY

valueusingclassicterminology. Unlike theknapsackprob-
lem, thevaluefunction for NCP( % & ) mustmapsetsof ob-
jects(ratherthanindividual objects)to valuesbecausethe
valueof anindividual objectcanvary accordingto its con-
text (i.e., theotherobjectsthathavebeenput into thecache)
dueto datadependenciesandthresholds.We examinedthe
effectivenessof three standardoptimizationheuristics: a
greedytechnique,a randomizedtechnique(simulatedan-
nealing),andbranch-and-bound.

A Greedy Algorithm (GREEDY): The greedyalgorithm
for NCP(GREEDY) selectsoneobjectat a time to addto a
cache,thataddsthemostvalueperbyteto thecacheof pre-
viously chosenobjects.In thecaseof ties,GREEDY selects
the smallestobject. To demonstrate,considerthe applica-
tion of GREEDY to theTraveler profile in thecontext of
datarecharging. Supposethat thesetof candidateobjects,
is thesetof equally-sizedobjects,

(])]+'^3_H�3�1^3_[�E��^3_ � �1^3`'�3�1^3`Y�H�V5[ab�.�V5.ac�E�1de�3�\df�E�\ab�.�\ag�34
suchthat ^3_ � , ^._ � and ^3_.� arerestaurantreviews, ^.` � and^3` � arerentalcarwebpages,5.a � and 5.a � areshuttlesched-
ules, d � and d � aredirectionsto Downtown and a � and a �
are hotel web pages. For its first object,GREEDY would
choosea shuttle schedule(e.g., 5.a	� ) as this object adds
maximalvalue(3) to anemptycache.ThenGREEDY would
chooseahotelwebpage(e.g.,ag-E� ), asthisobjectaddsmax-
imal value(2) to a cacheconsistingonly of a shuttlesched-
ule. GREEDY hasa choicefor the third chosenobject,as
bothrestaurantreviews anddirectionsadd1 to theexisting
cache.If it choosesthelatter, it will finish with theoptimal
cacheshown in Figure 3a. If it choosesthe 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
a randomizedalgorithmthatstatisticallysimulatestheslow
coolingof a physicalsystem[22]. Thealgorithmworksby
choosingan initial state(the “currentstate”)within a state
spaceconsistingof all possiblesolutions,andthenperform-
ing arandomwalk beginningatthisstate.Thewalk consists
of choosinga randomneighbor, and proceedingto make
thisneighborthecurrentstateif it hasgreatervaluethanthe
currentstate,or with somenon-zeroprobability thatgrad-
ually decreasesover time. Applied to profile-drivencache
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prefetching,statesdenotesetsof candidateobjectsthat to-
gethercanfit in thegivencache.Thevalueof a stateis the
valueof its associatedsetof objectsaccordingto thegiven
profile. A move in the statespacecorrespondsto the act
of replacingobjectsin theassociatedset,with oneor more
drawn from thecandidateobjectset(thatfit in thecachethat
remainswhentheinitial objectsareremoved).

Thekey parametersthataffecttheresultsof runningsim-
ulatedannealingaretheinitial temperature,h , andthecon-
ditions for decreasingthe temperature.The latter can be
basedon a timeout, or on a degreeof convergence(i.e.,
stoppingwhenthe differencein valuebetweena stateand
its chosenneighboris below somethreshold).Becausethe
differencein valuebetweenonecachestateandits neigh-
bor is likely to be relatively low (given that they will dif-
fer in just a few out of severalhundredobjects),we based
changesin temperatureon timeouts.We exploredthreedif-
ferentchoicesof initial temperatureandtimeouts,eachof
which requiredSA to run for roughly5 minutesbeforeset-
tling on a cache’s contents.Of these,we found the values
producedto be closeto the samefor all profiles,but that
settingthe initial temperatureto be 5, and the timeout to
be1 minuteworkedbestin mostcases.Therefore,for our
experimentsin Section4, we run simulatedannealingwith
thesetemperatureandtimeoutsettings.

Branch-and-Bound (BnB): Branch-and-bound (BnB)
searchesa tree of all possiblesolutions in a depth-first
manner, but selectively pruning the searchtree whenever
it is determinedthat an unvisited subtreecannotpossibly
containasolutionbetterthanthebestseenthusfar. Applied
to profile-driven cacheprefetching,every path from the
root to a leafnodein thesearchtreerepresentsonepossible
cacheof objectschosenfrom thecandidateobjectset.Each
nodedenotesa (domain,count)pair, �Mij��kS� , andeverypath
throughthat noderepresentsa solution that includesthe k
smallestobjectsin thecandidatesetthatbelongto domaini (andno othersfrom domain, i ). Eachlevel of the tree
containsonly nodesfor somegivendomain,

�7ij�VlL�C�[�7ij�Vlnmo�.�C�'/0/0/0�'�7i��0�[�Y�'�Mij�1�6�
suchthat l is the largestnumberof objectsfrom i that
canfit in thecache.While searchingthis treeof solutions,
thebranch-and-boundalgorithmweimplementedprunesan
unvisitedsubtreeif all pathsfrom theroot to leaf nodesof
thesubtreespecifyobjectsetsthatareguaranteednot to fit
in thecache.For example,let thesetof domainsdefinedfor
a givenprofile be +[i � �'/0/0/0�1iqpr4 , andlet thepathfrom the
root to thecurrentnodein thesearchtreebe

�Mi � �ts � �Y�0/'/0/0�[�7ivuw�9s[uE�C/
If the total sizeof the setconsistingof the s � smallestob-
jectsin ix� , the s'� smallestobjectsin iq� , andsoonupto thes u smallestobjectsin i u is larger thanthecachecapacity,

thenthereis noneedto visit any of thenodesin any subtree
of ( i u , s u ). A secondpruningtrick is basedoncachevalue
bounds.Let i beany domainin theset, +[ivuCy � �0/'/0/0�\iqpz4 .
Let %{�Mij�ts � �0/'/0/Y�9s[uE� be the maximumnumberof objects
from domain i thatcouldfit in thecachecontainingthe s �
smallestobjectsof i � , the s � smallestobjectsof i � etc. If
thevalueof thecachedenotedby thepath,| } ~�� �C���0���9�1�S�S��� ~���� ��� � �9�~�� �V� � �t� ~�� �V� � ���0�\�1�S�S�1��� � �M�9�������S� ~���� �9� ~���� ���0�V�����S����� � �7�
is lessthanthebestcachevalueseenthusfar, thenthe en-
tire subtreerootedat �7i u �9s u � canbe pruned,asno cache
representedby a pathemanatingfrom this nodecanexceed
thevalueof thecachedenotedby � .

Giventhesizeof thesearchtreeinvolvedfor non-trivial
profiles (the numberof nodeswill be the productof the
numberof objectsthatcanfit in a cachefor eachdomain),
branch-and-boundsearchingquickly 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 theordergeneratedby GREEDY, and
thesearchtreeis constructedsothatthehighestlevel of the
treecontainsnodesrepresentingthemostvaluabledomains.
Thesearchis thenconductedin apostorder, ratherthanpre-
order traversalof the tree. This biasesthe searchto favor
cacheswith moreobjectsfrom morevaluabledomains.3

3.2. PreemptiveCachePrefetching

Preemptive CachePrefetching(PCP) resemblesNCP,
but addsthe possibility that cacheprefetchingcanbe pre-
emptedprior to filling the cache. For example, for data
recharging to truly resemblebatteryrecharging, it mustbe
possibleto “unplug” adeviceprior to its beingfully charged
(i.e.,beforeits cacheis full) andstill endupwith usefuldata
in thecache.This impliesthatnot only is thesetof objects
chosento fill a cacheimportant,but so too is thesequence
in which theseobjectsareput in the cachegiven that this
determineswhatarethepotentialpartially-filled cachesre-
sultingfrom prematuredisconnection.

To evaluatePCP strategies, we defineda “goodness”
function ( �.&3� &Y� ) that scoresthe sequenceof objectschosen
by any algorithmfor placementin a cache.This functionis
definedin termsof a profile, $ , anda preemptionprobabil-
ity, $g^ , which is theprobability thatcacheprefetchingwill
beinterruptedprior to completion.If $c^ is 0, thenprefetch-
ing alwaysresultsin a full cacheandPCPreducesto NCP
(i.e.,only theutility valueof thefinal contentsof thecache

3NotethatBnB canonly beappliedto monotonicprofiles: profilesfor
which the value of a cachecan never decreaseas a result of addingon
object. We believe that non-monotonicprofilesareunlikely in practice,
and thereforeall experimentsdescribedin Section4 assumemonotonic
profiles.
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f  ({o1})p

f  ({o1, o2})p

f  ({o1, o2, o3})p

p

o1 now in the cache

o2 now in the cache o3 now in the cache

s(o1) s(o2) s(o3)

Utility
value of

cache (f  )

Bytes Sent (x)

Figure4: BytesSentvsOverallCacheUtility

mattersin measuringthe goodnessof the result). On the
otherhand,if $g^���� , thengoodnessmeasuresmustalso
considertheutility valuefor partially filled caches.

Definition 3.2 [SequenceGoodness]Givena profile, $ , a
preemptionprobability, $c^ , and someordering of objects,� )z��-E�3�0/'/0/0�\- 2q� , thegoodnessof

�
wrt $ and $c^ is:

� &.� &0� � � ��)�_3����_.�
such that:

_H��) �S��m�$c^H���M% & �M( ; �1�C� and

_ � ) $c^r�H����� �¡E¢w£\� A  7¤U¥ ¦9§ ��¨ AV© �«ª«ª«ª � A  �¬ ©�­ ¤�¤£V� A\© ¤ y{ª«ª«ª y £\� A � ¤
�Y/

Intuitively, _3� is thevalueof a full cache( % & �M( ; � ) times
the probability that cacheprefetching is not preempted
( �zm�$c^ ), and _.� is the probabilisticallyweightedaverage
of valuesfor all non-full caches,assumingthatpreemption
is equally likely to occur after any numberof byteshave
beentransmitted.Figure4 illustrateshow _.� is calculated
given the sequenceof objects �®-E�H�1-3�E�1- �¯� . The graph
shown plots the value of the cacheafter eachbyte of an
object is sent. Note that the curve shown in Figure 4 is
stepwiselinear, andfurther, every line haseither0 or infi-
nite slope. This is becausethe valueof a cachedoesnot
changewhile a given object is in the processof beingde-
liveredto the cache,but increasesby the addedvalue of
the objectoncethe entireobjectis containedin the cache.
Thus,thevalueof thecachewill be0 until the1stobjectis
delivered(for bytes ��/0/'/156�7-E�'� ), % & �U+.-E�[43� until the2ndob-
ject is delivered(for bytes �t5f�M-E�0�°���[�b/'/0/0�t56�7-E�'�>��56�7-3�[��� ),% & �S+[-E�3�1-3�343� until the 3rd object is delivered (for bytes�M56�7-E�'���±56�M-3�'�J�²�[�b/'/0/'�t56�7-E�'���]56�7-3�.���³5f�M- � �1� ), and so
on. Generalizedover all objectsthat canappearin a non-
full cache( +[- � �0/'/0/0�\-32w´ � 4 ), andweightedby theprobabil-
ity thatprefetchingwill bepreempted,we get _ � .
Definition 3.3(PCP) Givena finite setof objects( , such
thatfor anyobject -¶µ�( , 56�7-H� is its size, a profile $ , a cache

capacity: , anda preemptionprobability $g^ , determinethe
sequence,

� )z�·-E�.�0/'/0/'�1- 2�� , (that is a permutationof
anysubsetof ( , ( ; )¸+.- � �'/0/0/0�1-32b4 ) that satisfiesthecon-
straint, 2@

8�¹ � 56�M- 8 �JI?:º�
andthatmaximizesthevalueof �.&3� &Y�E�M( ; � .

In Section4.3, we compare3 heuristicalgorithmsthat
approximatesolutionsto PCP. Thesealgorithmsareordered
versionsof thealgorithmsusedfor NCP, in thatthey simply
take the resultsthat the algorithmsproducefor NCP and
orderthemaccordingto theGREEDY algorithm.4

3.3. Prefetchingfor SharedCaches

For a sharedcache,therecanbe multiple clients (each
with datarequirementsspecifiedin a profile) competingto
influencethecontentsof thecache.Theprofile processing
algorithmsdescribedin the previous sectionsall assumea
singleprofileasinput,andthereforemustbeadaptedto de-
terminethecontentsof a sharedcache.Oneway to accom-
plish this is to merge » profilesinto onesuperprofile thatis
representativeof themall. This would requirefirst normal-
izing individual profilesso thatutility valuesarecompara-
ble betweenprofiles. Therearemany statisticaltechniques
that canbe usedto normalizeutility values(e.g.,z-scores
[18]), and thereforewe assumethat profiles have already
beennormalizedfor thepurposeof this discussion.

In merging individual normalizedprofiles, we assume
that the value of an object that is of interestto multiple
clients is the sumof valuesit takes in thoseclients’ pro-
files.5 This meansthat a superprofilecan be constructed
simply by appendingthe domainand utility equationsof
theindividualprofilesthatcompriseit. Thevalueof agiven
object, then,would be the sumof all valuesit takesfrom
utility equationsin thesuperprofiles.This approachnicely
handlesthecasewheretwo profilesdefinedomainsthatare
eitherequalor intersecting,but that arenamedor defined
differently. For example,if a profile expressesinterestin
Truck Rentalweb sites,thenthe Hertz web pagecontain-
ing informationaboutrentingcarsandtruckswould have a
utility valuewhich is thesumof valuesit takesin this pro-
file andtheTraveler profile (accordingto domain,RC)
for any superprofilethat combinesthem. Thedownsideto
thisapproachis thesizeof thesuperprofilethatresults- es-
pecially when the numberof client profiles from which it
is built is very large. We explorehow well cacheprefetch-
ing algorithmsscaleto handlesuperprofiles(andcomprably
scaledcandidateobjectsetsandcachesizes)in Section4.4.

4Obviously, GREEDY is alreadyorderedandneednotbechanged.
5It would be equallyacceptableto average the valuesthat the object

takesfrom differentprofiles,but this amountsto dividing thesumsby the
sameconstant(thetotalnumberof profilesthatconstitutethesuperprofile).
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Parameter Value

CacheSize 64MB
# Profiles 96

Domains/ Profile 20
ObjectSize 30% 34% 28% 4% 4%
Distribution 47KB 95KB 138KB 207KB 268KB

Avg ObjectSize 104KB
CandidateSet
Cardinality

12800

Table2: Parametersfor NCP& PCP

4. Experiments

Our experimentscomparetheeffectivenessof GREEDY,
SA andBnB for NCPandPCP. Thealgorithmswerewritten
in Java 1.3.1,andrun on Linux-basedPentiumIII andIV
workstationswith 512MB of RAM.

4.1. Experiment Envir onment

Common Parameters: Table2 givesthe parameterset-
tings that wereconstantfor the unsharedcache,NCP and
PCPexperimentswe presentin Section4.2 and 4.3. We
fixedthecachesizeto be64 MB, asthis is a typical mem-
ory sizefor currentPDA’s: themostobviouschoiceof de-
vice for datarecharging. Eachexperimentranover 96 ran-
domly generatedprofiles(asdescribedbelow), andeachof
theseprofilesincluded20domaindefinitionsandaccompa-
nying utility equations.Every experimentassumeda can-
didateobjectsetconsistingof roughly 12800objects(and
distributedin sizeasspecifiedin thetable).6 Thesizedistri-
butionwasdeterminedby downloadingthe50mostpopular
web site homepages(including imagesandany necessary
files for correctdisplay)asratedby MediaMetrix [17] for
December2001. We divided the rangeof sizesfor these
pagesinto fiveequallysizedintervals,andfor eachinterval
calculatedtheaveragehomepagesizeaswell asthepercent-
ageof homepagesthat fell in that interval. Thecardinality
of the candidateobjectwassetso that eachdomainset in
the profile wasrepresentedandassignedan equalnumber
of objectsthatfit thedistributionshown in Table2. Theto-
tal sizeof all objectsfor eachdomainexceededthesizeof
cache,sothatalgorithmswerefreeto chooseobjectsbased
on their policy ratherthanobjectavailability. Giventheav-
eragesizeof objectsof 104KB, this amountedto a candi-
datesetcardinalityof about12800.

RandomProfile Generation: For theseexperiments,96
monotonicprofileswererandomlygenerated,eachwith 20
domainsand20 utility equations.For eachprofile, 20%of
its utility equationsareflat (i.e., of theform U (A) = k)
and80%arenon-flatequations,which havetheform,¼ ��½x¾«¿rÀ²Á�ÂLÃ��Ä) ¼LÅ6ÆcÇ �������	�G
º�Y/

6Of course,thisobjectsetwasmodelledandnotexplicitly createdasit
would nothave fit in 512MB of memory.

Non-flatutility equationssubsumeutility equationswith no
dependencies( Â couldbesetto be0) aswell asutility equa-
tionswith no thresholds( � couldalsobesetto be0).7

Thevaluesof Â , � , � and 
 in non-flatutility equations
determinehow objectsof a given domaintype changein
valueasmoregetaddedto a cache,ascategorizedbelow:

ImmediatevsDelayedGratification: Thevalueof Â deter-
mineshow quickly A objectsacquirevalueasB objectsget
addedto a cache.If Â is very small (e.g.,0 or 1), theutil-
ity equationfor A objectsexhibits immediategratification,
whereaslargervaluesof Â (e.g.,10-15%of the sizeof the
cache)resultin utility equationswith delayedgratification.

AppreciatingvsDepreciating: Therelative valuesof � and
 determinewhetheror not the valueof anA objecttends
to appreciateor depreciatein valueas the cachecontains
moreobjects. If ÈÉ �Ê� , the utility equationfor A objects
is depreciating. If ÈÉ³Ë � , theutility equationis appreciat-
ing. An appreciatingutility equationmight beusedto give
valueto anobjectthatgainsimportanceasit becomespart
of a largercollection,suchasemailsreportingsystemprob-
lems(several reportsof thesameproblemsuggestthat the
problemis system-wide).

Quickly vs. SlowlyAccelerating: Finally, thevalueof � in-
dicateswhetherautility equationappreciates/depreciatesin
valuequickly or slowly. If � is verysmall(e.g.,1), theutil-
ity equationfor A is quickly accelerating.If � is large(e.g.,
50), thentheutility equationfor A is slowly accelerating.

The 96 randomlygeneratedprofiles fall into 24 different
profile “classes”of 4 profileseach,with eachclassdistin-
guishedby their presetvaluesfor Â , � and ÈÉ in their non-
flat equations.Specifically, for any given class, Â is fixed
to beeither � , � , or �E� , � is fixedto beeither � or �f� and �
and 
 arefixedto berandomlygeneratednumbersbetween� and �[�E� suchthat ÈÉ is either ��SÌ , �� , � , or �[� .
4.2. NCP: UnsharedCaches

We raneachalgorithmdescribedin Section3 oneachof
the 96 randomlygeneratedprofilesandnormalizedthe re-
sultsby specifyingeachalgorithm’s scoreasa percentage
of the scoregeneratedby GREEDY. Then for eachprofile
class,we averagedthe normalizedscoresfor the four pro-
files from thatclass.Theresultsareshown in Table3. Note
thatbecauseof normalization,analgorithmdoesbetterthan
GREEDY whenits scoreis morethan100.

From Table 3, we can seethat GREEDY producedthe
highestvaluecachesfor 14 of the 24 profile classes.SA
producedthe highestvaluedcachesfor the remaining10
classes.Therefore,thesimplestandfastestalgorithm8 was

7Notethatensuringthatconditionsareof theform, “#B ÍÏÎ ” ensures
thatprofilescontainingtheseequationsaremonotonic.

8With profiles of this size, GREEDY completedin a few seconds,
whereasSA ranfor 5 minutesandBnB ranfor 10minutes.
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Ð Ñ SA BnBÒ Ó
48.3 10.5Ò Ô[Ó
71.6 13.4Ó Ó
54 78.8Ó Ô[Ó

62.5 68.6Ô'Ó Ó
45.5 81.3Ô'Ó Ô[Ó
69.7 72.2

(a) Depr: ÕÖØ×ÚÙ Ò

Ð Ñ SA BnBÒ Ó
79.1 52.5Ò Ô[Ó
84.4 37.7Ó Ó
82.8 72.3Ó Ô[Ó
90.6 63.1Ô[Ó Ó
87.5 80.9Ô[Ó Ô[Ó
96.9 74.2

(b) Depr: ÕÖ�× Ô

Ð Ñ SA BnBÒ Ó
108 51.5Ò Ô'Ó
93.2 59.5Ó Ó
131.7 63Ó Ô'Ó
121.8 66.6Ô[Ó Ó
124.2 62.5Ô[Ó Ô'Ó
104.5 68.9

(c) Appr: ÕÖØ× ÒHÛ Ó

Ð Ñ SA BnBÒ Ó
128.1 72.7Ò Ô'Ó
94.9 79.2Ó Ó
207.4 78.6Ó Ô'Ó
107.2 83.3Ô[Ó Ó
128.9 70.3Ô[Ó Ô'Ó
105.2 77

(d) Appr: ÕÖÜ× ÒEÛ Ù
Table3: NormalizedNCPScores:DepreciatingandAppreciatingUtility Equations

also the most effective, dispelling the notion that expres-
sive profiles requirecomplex processingto be effectively
used.As canbeseenin Table3,SA beatGREEDY whenthe
profilesprocessedwerepredominantlycomposedof appre-
ciating utility equations(Table3c andd). In fact,SA beat
GREEDY in 10of the12profileclassesof this form. SA did
especiallywell when � wassmall,producingthebestcache
for all 6 classesof appreciatingprofileswith �¯)Ý� .
SA’s relative successwith appreciatingprofiles can be

explained as follows. GREEDY, by nature,performsno
lookaheadandthusit will never chooseto placean object
from alow-valueddomainin thecache,evenif objectsfrom
that domaincan becomemore valuableas the cachegets
filled with moreobjects.But for appreciatingprofiles,the
bestcacheswill oftenbethosethatcontainobjectsfrom do-
mainsthatinitially havelow value,but thatincreasein value
asmoreof themareput into thecache.WhereasGREEDY
will neverchoosetheselow-valuedobjects,with somenon-
zero probability, SA will selecta randomcachethat in-
cludesenoughof theselow-valuedobjectsthat they take
on a highervalue. When � is small, thenumberof objects
requiredto be in thecachebeforetheseobjectsincreasein
valueis alsosmall,andtheprobabilityof randomlychoos-
ing a cachewith � of theseobjectsincreases.Hence,SA
consistentlyproducesbetterquality cachesthanGREEDY
when � is smallandutility equationsarepredominantlyap-
preciating. It shouldbe pointedout that GREEDY’s poor
performancewith profiles with appreciatingutility equa-
tionsalsohadto do with theway we choserandomvalues
for � and 
 . For bothappreciatinganddepreciatingutility
equations,we first chosea randomvaluebetween50 and
100,andthis becamethevalueof whatwassupposedto be
the larger of � and 
 ( � for depreciatingequationsand 

for appreciatingequations).The valueof the smallervari-
ablewasthencalculatedusingtheratio, ÈÉ , setby theprofile
class.Therefore,for appreciatingutility equationssuchthatÈÉ )Þ�L/�� , � is never greaterthan10, andfor appreciating
utility equationssuchthat ÈÉ )±�c/ � , � is never greaterthan
50. Giventhatvaluesfor flat utility equationswererandom
valuesbetween0 and100,with high probability thevalues
for theseobjectsweregreaterthan � , andtherefore,these
objectswerefarmorelikely to bechosenby GREEDY.

It is also interestingto note the poor performanceof

Branch-and-bound(BnB), having the lowestscoresfor 20
of the24 profile classes.BnB doespoorly at profile-driven
prefetchingbecauseit doesn’t scale:thesearchtreethatthe
algorithmhasto traversehasa heightof 20 (onelevel per
domain),anda degreeof 640 (one per object in the can-
didatesetbelongingto any given domain). Therefore,the
searchtreeconsistsof ßEàf� �1Ì nodes! After 10 minutes(at
which point we cut off its search),BnB wasnever left with
a cachewith objectsfrom morethan3 domains.Therefore,
wedid not includeBnB in ouralgorithmanalysisfor super-
profiles(Section4.4).

4.3. PCP: UnsharedCaches

Table4 shows “goodness”calculations(Definition 3.2)
for GREEDY, SA andBnB over all 24 profile classesas-
sumingpreemptionprobabilitiesof $g^Ø)Þ�L/ á , (likely pre-
emption), $c^â)Ê�L/«� , (equally likely preemptionandcom-
pletion), and $c^Ï)ã�L/�� , (unlikely preemption). As with
the NCP results,we have normalizedthe goodnessvalues
by expressingthemaspercentagesof the goodnessvalues
achieved by GREEDY. The table shows, for eachprofile
class,the averageof thesenormalizedvaluesover the the
four profilesbelongingto thatclass.Onceagain,GREEDY
producesbettercachesfor moreprofileclassesthanSA and
BnB, producingthe bestcachesfor �.
fäH�3à profile classes
whentheprobabilityof preemptionis high, for �[�6äH�3à pro-
file classeswhentheprobabilityof preemptionis moderate,
andfor �'àwäH�Hà profile classeswhenthe probability of pre-
emptionis low.

By comparingtables3 and4, it becomesclear that the
algorithmthatdoesbestfor NCPusuallydoesbestfor PCP
when given the sameparametersettings. The only four
caseswherethis is not thecasearelistedbelow:

���[�åÂ¯)Ý�E�e�æ�ç)��E�L� ÈÉ )��L/��E� and$g^z)��L/ á�t�E�åÂ¯)Ý�E�e�æ�ç)��E�L� ÈÉ )��L/��E� and$g^z)��L/«��M�f�åÂ¯)Ý�E�e�æ�ç)��E�L� ÈÉ )��L/«�e� and$g^z)��L/ á�7à6�åÂ¯)Ý�e� �ç)��E�L� ÈÉ )��L/��E� and$g^z)��L/ á
wherefor each,SA hasproducedthe bestresult for NCP
andGREEDY hasproducedthebestresultfor PCP. Figure5
illustrateswhat is happeningin thesecases.The graphin
this figureshows how GREEDY, SA andBnB give valueto
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a cacheover “time” 9 for the casewhere Âo)��E� , �o)è�E� ,
and ÈÉ )é�L/�� . Note how SA producesthe highestvalue
cacheoncethecacheis filled, but thatGREEDY usuallypro-
ducesthe bestpartially filled caches,10 therebyconfirming
theanomalousresults.

Theexplanationfor cases(1)-(3) is asfollows: for each
of thesecases,Ââ)ê�f�e�1��)ê�E� andtheprofilesareappre-
ciating. For appreciatingprofiles,when � and Â arelarge,
it likely will take a while (i.e., many objectsplacedin the
cache)beforea 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
then increasesin value suddenly, overtakingthe value of
the cacheproducedby GREEDY by the time the cacheis
full. Becausethe valueof the cacheproducedby SA was
low for solong, theareaunderthecurve is lessfor SA than
for GREEDY. Case4 is moresubtle. Note that for ÂÚ)è� ,�])��E� , ÈÉ )ë�L/�� and $g^�)ë�c/ á , SA beatsGREEDY for
NCP but losesto GREEDY for PCP. On the otherhand,ifÂ?)Ê�E� (andall otherparametersarethe same),SA beats
GREEDY for both NCP andPCP. When Â�)*� insteadofÂ¸)é�f� , it takes fewer objectsin the cacheto give high
value to thosewith appreciatingutility values. Thus,one
might think thatwith ÈÉ )]�c/ì� , anearlyandsharpincrease
in objectvaluewould leadSA to beatGREEDY for PCP. But
in fact the oppositeis true: GREEDY beatsSA for PCPin
this case,but losesto SA when ÈÉ )±�L/«� (i.e., whenthein-
creasein objectvalueoccursat the sametime, but to a far
lesserdegree).Theexplanationfor this phenomenonagain
lies with the way we generaterandomvaluesfor � and 
 .
Always,our techniqueis to first generatea randomvalue
between50 and100, assignit to the variablethat is sup-
posedto be larger (for appreciatingequations,
 ), andset
thevalueof the othervariableaccordingto thevalueof ÈÉ
associatedwith theprofile class.Note thatwhen ÈÉ )í�L/�� ,
thismeansthat � will alwaysbelessthanor equalto 10,but
when ÈÉ )Ê�c/ � , � canbe ashigh as50. Therefore,whenÈÉ )ë�c/ì� , the initial valuesof the cacheproducedby SA
aresolow, thatwhen$c^ is large(thusfavoringearlyvalues
of thecachein calculatinggoodness),evenasharpincrease
in objectvalueis not enoughto makeSA beatGREEDY for
PCP. Ontheotherhand,when ÈÉ )��L/«� , initial valuesof the
cachearelargeenoughthatSA beatsGREEDY at PCP.

The key lessonslearnedfrom our experimentsfor NCP
andPCPis thatdespitetheapparentcomplexity of profiles
thatincludedatadependenciesandthresholds,a fairly sim-
ple andfastalgorithm(GREEDY) works quite well in pro-
cessingsuchprofilesto decidewhatto prefetchinto acache.
Further, the caseswhereSA producesa bettercachethan

9Timeis measuredby “MB in thecache”to equalizedatatransferrates.
10Thecorrespondinggraphsfor cases3 and4 exhibit thesameproperty.
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GREEDY (profiles with predominantlyappreciatingutility
equations)arearguably, unlikely to occurin practice.

4.4. NCP: SharedCaches

As wepointedout in Section3.3,prefetchingalgorithms
that assumea singleprofile andan unsharedcachecanbe
adaptedto work with multiple profilesanda sharedcache
by merging the multiple profiles into a singlesuperprofile
that is representative of themall. The mergedprofile can
thenbeusedasinput to eachof theprefetchingalgorithms
describedin Section3.

Onecomplicationbroughton by profile combinationis
the fact that differentprofilesmay definedomainsthat in-
tersector that are even equivalent, even though they are
defineddifferently. In other words, for superprofileswe
mustassumethat any given objectcanbelongto multiple
domains.11 This meansthat GREEDY mustbe adaptedso
that it alwayschoosesan object that givesthe mostadded
valueto the cacheaccordingto all of the utility equations
thatgiveit value.(SA, becauseit choosesobjectsrandomly,
neednot bealtered.)

We refer to thegreedyalgorithmthatallows for objects
to belongto multiple domainsasGREEDY £Uî & . GREEDY £Uî &maintains3 datastructuresasit usesan input superprofile
to determinesthecontentsof acache:

ï�ð : a Booleanmembership matrix that specifiesall of
thedomainsto which eachobjectbelongs.Thus, ð is
an »qñ<ò matrixsuchthat » is thesizeof thecandidate
objectset, ò is thenumberof domainsdefinedby the
superprofile,and ð ¾ kV�tsEÃ�)ó� if f object, - 8 , belongsto
domain,i¶ô ;

ïoõ : anaddedvaluevectorthatspecifiesfor eachof theò domains,thechangein valuethatwouldresultfrom
addinganobjectfrom thedomainto thecurrentcache.
Notethatunlike themembershipmatrix which canbe
computedstatically, theaddedvaluevectormustbere-
computedevery time an objectis addedto the cache;
and

11For singleprofilesit is morereasonableto assumedisjoint domains.
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pr = 0.9 pr = 0.5 pr = 0.1
( Â , � ) SA BnB SA BnB SA BnB

(0, 5) 60.3 12.5 53.7 11.7 49.3 11.2
(0, 25) 84.0 15.8 78.3 14.9 74.4 14.3
(5, 5) 61.7 82.7 58.0 80.5 55.5 79.1

(5, 25) 70.5 73.8 66.0 71.2 63.0 69.5
(25,5) 53.6 85.7 49.6 83.5 47.0 82.1

(25,25) 72.4 77.5 71.2 74.7 70.4 72.9
Depr: ÈÉ )]�'�

pr = 0.9 pr = 0.5 pr = 0.1
( Â , � ) SA BnB SA BnB SA BnB

(0, 5) 84.0 56.7 81.3 53.8 79.5 51.9
(0, 25) 90.3 42.1 87.1 39.8 85.0 38.3
(5, 5) 81.6 78.2 82.4 74.9 82.8 72.8

(5, 25) 88.3 68.3 90.2 65.0 91.5 62.8
(25,5) 85.5 88.7 87.8 84.7 89.3 82.2

(25,25) 95.9 82.5 98.1 78.9 99.6 76.7
Depr: ÈÉ )Ý�

pr = 0.9 pr = 0.5 pr = 0.1
( Â , � ) SA BnB SA BnB SA BnB

(0, 5) 113.5 61.1 110.3 55.3 108.4 52.0
(0, 25) 96.2 68.0 94.5 63.0 93.5 59.9
(5, 5) 121.7 69.2 128.2 65.1 132.2 62.5

(5, 25) 111.6 75.0 118.8 70.6 123.5 67.9
(25,5) 116.6 72.8 121.5 66.6 124.5 63.0

(25,25) 98.1 77.0 102.6 72.9 105.5 70.3
Appr: ÈÉ )K�c/ �

pr = 0.9 pr = 0.5 pr = 0.1
( Â , � ) SA BnB SA BnB SA BnB

(0, 5) 118.8 77.4 124.9 74.9 128.9 73.2
(0, 25) 91.2 84.4 93.9 81.8 95.7 80.2
(5, 5) 181.5 82.0 200.5 79.7 213.0 78.2

(5, 25) 95.8 87.4 103.1 85.4 108.0 84.1
(25,5) 114.1 75.6 124.0 73.1 130.4 71.4

(25,25) 91.6 81.3 99.8 79.1 105.2 77.6
Appr: ÈÉ )��L/��

Table4: NormalizedPCPScores:DepreciatingandAppreciatingUtility Equations

ï � : a sizevectorthatspecifiesthesizeof eachof the »
objectsin thecandidateobjectset.

GREEDY £Sî & begins by initializing the membershipma-
trix, addedvalue vector (relative to an empty cache)and
sizevector. It thenchoosesoneobjectat a time to addto
thecache,by following thestepsbelow:

1. First, it computesthe » elementvector, : � ) ð¸öEõ .
For any object, - 8 , :��E¾ ktÃ is thevaluethatobjectwould
add to the currentcacheif it were inserted(without
replacingany existingobjectin thecache).

2. Next, it computesthe » elementvector, :��x)ó:��'ä � .
For any object, -38 , : � ¾ ktÃ is thevalueperbyte thatob-
jectwould addto thecurrentcache.

3. Next, it finds the maximumvalue in :�� , :��E¾ kMÃ , and
designatesobject - 8 as the next object to add to the
currentcache.

4. Next, it updatesthe addedvaluevectorto reflectdo-
mainvaluesrelative to thenew cache.

5. Finally, it removescolumn k from ð to reflectthatob-
ject, - 8 , is no longereligible to beaddedto thecache.

This processis repeateduntil thecandidateobjectsetcon-
tains no more objectsthat can fit in the remainingcache
and that add value to the cache. Note that GREEDY £Uî &is far more expensive than GREEDY (which simply cy-
cled through the addedvalue vector looking for the do-
main which addedthe most value to the cache),as it re-

quiresa matrix-vectormultiplication be performedfor ev-
ery objectchosen.We usesometricks to reducethe cost
of GREEDY £Uî & . For one, we partition the set of candi-
dateobjectsinto classes, whereobjectsin a givenclassbe-
long to the samesetof domains.This allows us to reduce
thesizeof onedimensionof theBooleanmatrix (from the
numberof objectsin the candidateobjectset to 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 theTraveler pro-
file of Figure1, addingaDi objectto anemptycacheonly
changesthevaluesfor domainsRC, Di andHo. Any class
whoseobjectsdo not belongto any of theaffecteddomains
neednot be includedin the matrix calculation(objectsof
suchclasseswould add the samevalue to the new cache
as they did to the previous cache). While thesetricks re-
ducedthe costof GREEDY £Uî & somewhat, our experiments
showed that this new versionof GREEDY £Uî & still doesnot
scale. We ran GREEDY £Uî & assumingsuperprofilesof in-
creasingsize(with candidateobjectsets,classesandcache
sizesincreasingproportionallyin the sizeof the superpro-
file) andrecordedthe time GREEDY £Uî & requiredto deter-
mine a cache. We also measuredthe value of the cache
constructedby GREEDY £Uî & and comparedit to that pro-
ducedby SA which wasallowedto run for 30 minutes(by
settingits temperatureto 30 andits timeout to 1 minute).
The resultsare shown in Table 5. Eachrow in the table
shows a run of GREEDY £Uî & with a superprofileof size, » ,
where » denotesthe numberof single profiles merged to
constructthe superprofile.Singleprofilesarechosenran-
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Profilesin
Superprofile

GREEDY ÷tøCù SA
SA Normalized

CacheValue
25 1.1sec 30min 73.5
50 13.4min 30min 71
75 73min 30min 85
100 210min 30min 84

Table5: Executionof GREEDY £Uî & andSA onSuperprofiles

domly from the 96 randomlygeneratedprofilesdescribed
in Section4.1. All other parameterswere determinedas
functionsof » . Thenumberof objectclasseswassetto àf� »
(i.e., twice the numberof domains),underthe assumption
thatdomainsin a superprofilecanusuallybeclusteredinto
disjointsetsof relatedtopics,andthatobjectsfrom thecan-
didatesetthatbelongedto multiple domainswould belong
to domainsfrom a singlecluster. As thenumberof disjoint
clustersis boundedby the numberof domains,we set the
numberof classesto betwice thenumberof domains(also
accountingfor objectsthat belongedto a single domain).
Eachobjectclasswasassumedto contain5000objects,dis-
tributedin sizeaccordingto the distribution shown in Fig-
ure2. Thecachesizewassetto beto themaximumof �[�E� »
MB and ú GB. 100 MB per client is widely consideredto
bea usefulmetricfor determiningthesizeof a sharedweb
proxy cache[13]. ú GB is thesizeof thesharedwebproxy
cacheemployedatBrandeis(serving3000clients).And the
averagenumberof domainsthatclassesincludedwassetto
2. Giventhat thereare �H� » domainsin all, this meansthat
for any class,k andDomain, i ô , that ð ¾ kV�9sHÃ	)³� with prob-
ability, ��SÌ 2 .

As Table 5 shows, GREEDY £Uî & scaledto » )û
E� be-
fore its execution time took more than 3 hours. On the
otherhand,SA (which alwaysranin 30 minutes)produced
competitiveresultswith GREEDY £Uî & , suggestingthata ran-
domizedapproachis better suited for large scale cache
prefetchingproblems. This raisesthe possibility of two-
tieredprefetching:datarecharging might useGREEDY to
decidewhatto prefetchinto anindividualdevicecache,but
SA to managethe sharedcachefrom which multiple data
rechargingclientsdraw.

5. RelatedWork

Ournotionof profilesis uniquein thatit combinesa lan-
guagefor specifyingpredicatesover dataitemswith a rich
languagefor specificationsof theuser’s preferences,prior-
ities,andrequirements.Userprofilesfor Web-basedappli-
cations(suchasYahoo,PointCast[21], etc.) aretypically
fairly simple,allowing the userto specifyparticularcate-
goriesof information(channels) that they areinterestedin
receiving. This approachto building informationdissem-
ination systems(publish/subscribe[19]) typically usesa
walledgardenapproachin which thedatathatcanbedeliv-
eredto theuseris restrictedto thatfoundonspecificcontent
sites. Most systemsallow simple, channel-specificpredi-

catesto identify channelsof interestto users(e.g.,to specify
particularcompaniesfor stockprices). The GrandCentral
Stationsystem[15] developedat IBM Almadenprovidesa
more generalform of predicatesover its channels,and is
thereforecloserto our notion of the domainspecification
portionof a profile.

Userprofiles for text-baseddatahave beenextensively
investigatedin thecontext of Information-FilteringandSe-
lective Disseminationof Information research[12]. The
systemsin theseareasusetechniquesfrom theInformation
Retrieval (IR) world for filtering unstructuredtext-based
documents[4]. In general,IR profile systemsuseeithera
Booleanmodelor a similarity basedmodel.In theBoolean
modela userprofile is constructedby combiningkeywords
with booleanoperators(e.g., And, Or, Not), and an “ex-
actmatch”semanticsis used— a documenteithersatisfies
thepredicateor not. Similarity-basedmodelsusea “fuzzy
match”semanticsin which the profilesanddocumentsare
assigneda similarity value. A documentwhosesimilarity
to a profile is above a certain thresholdis said to match
thatprofile. TheStanfordInformationFilteringTool (SIFT)
[23], is awell-known content-basedtext filtering systemfor
InternetNews articles. With the advent of XML, filtering
of web-documentsbasedonstructureaswell ascontenthas
becomemorefeasible. The XFilter system[3] is a recent
exampleof sucha filtering system. XFilter, however, has
no notionof variableutility asexistsin ourprofile model.

Onerecenteffort thathasinvestigatedtherepresentation
of variable utility is the user preferenceframework pro-
posedby Agrawal and Wimmers[1]. This model allows
usersto specifynumericweightsfor entitiesor setsof enti-
tiesandprovidesa well-definedmechanismfor combining
setsof preferences.This model,however, providesno no-
tion of thresholdsor dependenciesand this work did not
addresstheperformanceandscalabablityof algorithmsfor
exploiting thepreferenceinformation.

All of thework discussedabovewasfocusedonimprov-
ing the relevanceof datareturnedby searchor delivered
to usersvia push-baseddissemination.Profile information
hasalsobeenusedin a limited way to direct the manage-
ment of caches. Early work in this areawas the “quasi-
caching” systemof Alonso et al.[2], in which specifica-
tions of user requirementsin terms of dataquality were
usedto reducethe amountof datasent from a server to
updateclient caches.More recently, a cachemaintenance
techniquethatexploits userspecificationsof preferencesin
termsof thetradeoff betweenlatency andrecency werepre-
sentedin [5]. Due to the emphasison cacheconsistency
in this work, the languagefor describinguserpreferences
in thesesystemsis limited to specifyingqualityconstraints.
Ournotionof profilesis focusedonprioritiesanddependen-
ciesamongstitems,but canbeextendedto incorporatesuch
quality constraints.An alternative approachto maintaining
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therecency of cachecontentsis thenotionof “datafreshen-
ing” [11]. Ratherthandeterminingupdateprioritiesbased
on userpreferences,this work determinesthe refreshrates
basedon how often the underlyingdataelementschange.
Recentwork [6] hasuseduserprofilesto achieve moreef-
fective fresheningpolicies.

6. Conclusions

We proposea simpleprofile languagethatpermitshigh-
level expressionof a user’s dataneedsfor the purposeof
expressingdesirablecontentsof acache.We considertech-
niquesfor cacheprefetchingon the basisof profiles ex-
pressedin our framework, both for basicand preemptive
prefetching,the latter referringto thecasewherestaginga
cachecanbeinterruptedatany pointwithoutprior warning.
We examinethe effectivenessof threetechniquesin par-
ticular: a greedyapproach,a randomizedapproach(simu-
latedannealing),andbranch-and-bound,andshow that the
greedyapproachis fastandeffective for moderatelysized
profiles,but that therandomizedapproachscalesbetterfor
sharedcacheswith extremelylargesuperprofiles.We view
this work as a migration of data managementideasand
techniques,characterizedby their useof dataandapplica-
tion semanticsto drivethemanagementof sharedresources,
into thewide-areanetwork setting.Webelievethatprofiles,
asdescribedin this paper, arean enablingtechnologythat
couldspawn arich new areaof researchbeyondcacheman-
agementinto network datamanagementin general.Theuse
of rich, declaratively specifiedprofiles to drive dataman-
agementpolicy promisesbenefitssimilar to the profound
effect thatdeclarativequerieshadon databasesystemtech-
nology. This paperis a first stepin thatdirection.
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[2] R. Alonso,D. Barbaŕa,andH. Garcia-Molina.Datacaching
issuesin aninformationretrieval system.TODS, 15(3):359–
384,1990.

[3] M. Altinel andM. J.Franklin.Efficientfiltering of xml doc-
umentsfor selective disseminationof information. In A. E.
Abbadi,M. L. Brodie,S.Chakravarthy, U. Dayal,N. Kamel,
G. Schlageter, andK.-Y. Whang,editors,VLDB 2000,Pro-
ceedingsof 26th International Conferenceon Very Large
Data Bases,September10-14, 2000, Cairo, Egypt, pages
53–64.MorganKaufmann,2000.

[4] N. J.Belkin andW. B. Croft. Informationfiltering andinfor-
mationretrieval: Two sidesof thesamecoin? Communica-
tionsof theACM,December1992, 35(12):29–38,December
1992.

[5] L. Bright and L. Raschid. Using latency-recency profiles
for datadeliveryontheweb. In VLDB2002,Proceedingsof
the28thInternationalConferenceonVeryLargeDatabases,
August,2002,HongKong, China, 2002.

[6] D. Carney, S. Lee, and S. Zdonik. Scalableapplication-
awaredatafreshening.In Proceedingsof 18thInternational
ConferenceonData Engineering(ICDE), 2002.To appear.

[7] U. Cetintemel,M. J.Franklin,andC.L. Giles.Self-adaptive
userprofiles for large-scaledatadelivery. In Proceedings
of the16th InternationalConferenceon Data Engineering,
28 February- 3 March, 2000,SanDiego, California, USA,
pages622–633.IEEE ComputerSociety, 2000.

[8] W. Chen,J. F. Naughton,andP. A. Bernstein,editors. Pro-
ceedingsof the 2000ACM SIGMODInternationalConfer-
enceon Managementof Data, May 16-18, 2000, Dallas,
Texas,USA, volume29.ACM, 2000.

[9] M. Cherniack,M. J. Franklin, andS. Zdonik. Expressing
userprofiles for datarecharging. IEEE PersonalCommu-
nications: SpecialIssueon PervasiveComputing, August
2001.

[10] M. Cherniack,M. J.Franklin,andS.Zdonik. Profile-driven
data management. Technicalreport, BrandeisUniversity
Departmentof ComputerScience,December2001.

[11] J. ChoandH. Garcia-Molina. Synchronizinga databaseto
improve freshness.In Chenet al. [8], pages117–128.

[12] P. W. Foltz andS. T. Dumias.Personalizedinformationde-
livery: an analysisof informationfiltering methods.Com-
municationsof the ACM, December1992, 35(12):51–60,
December1992.

[13] Isaserver faq. http://isaserver.org.
[14] J. J.Burg, J. Ainsworth, B. Casto,andS.-D. Lang. Experi-

mentswith the’oregontrail knapsackproblem’.
[15] Q. Lu, M. Eichstaedt,and D. A. Ford. Efficient profile

matchingfor large scalewebcasting. In 7th International
WWWConference, April 1998, 1998.

[16] http://www.mapquest.com.
[17] http://www.mediametrix.com.
[18] D. A. MenascandV. A. Almeida. CapacityPlanning for

WebPerformance. PrenticeHall, 1998.
[19] B. M. Oki, M. Pflgl, A. Siegel,andD. Skeen.Theinforma-

tion bus- anarchitecturefor extensibledistributedsystems.
SymposiumonOperatingSystemsPrinciples(SOSP), pages
58–68,1993.

[20] C. Papadimitriou. ComputationalComplexity. Addison-
Wesley, 1994.

[21] S. RamakrishnanandV. Dayal. The pointcastnetwork. In
L. M. Haasand A. Tiwary, editors,SIGMOD 1998, Pro-
ceedingsACM SIGMODInternationalConferenceon Man-
agementof Data,June2-4,1998,Seattle, Washington,USA,
page520.ACM Press,1998.

[22] E.RichandK. Knight. Artificial Intelligence. McGraw-Hill,
1991.

[23] T. W. YanandH. Garcia-Molina. Thesift informationdis-
seminationsystem.TODS, 24(4):529–565,1999.

12


