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Abstract
In this paper, we describethe designandimplementationof
anintegratedarchitecturefor cachesystemsthatscaleto hun-
dredsor thousandsof cacheswith thousandsto millions of
users.Ratherthansimply try to maximizehit rates,we take
an end-to-endapproachto improving responsetime by also
consideringhit timesandmisstimes. We begin by studying
several Internetcachesandworkloads,andwe derive three
coredesignprinciplesfor largescaledistributedcaches:(1)
minimize the numberof hopsto locateand accessdataon
both hits andmisses,(2) sharedataamongmany usersand
scaleto many caches,and (3) cachedataclose to clients.
Our strategiesfor addressingtheseissuesarebuilt arounda
scalable,high-performancedata-locationservicethat tracks
whereobjectsarereplicated. We describehow to construct
sucha serviceandhow to usethis serviceto provide direct
accessto remotedataandpush-baseddatareplication. We
evaluateour systemthroughtrace-drivensimulationandfind
thatthesestrategiestogetherprovide responsetime speedups
of 1.27 to 2.43 comparedto a traditional three-level cache
hierarchyfor a rangeof traceworkloadsandsimulatedenvi-
ronments.

1 Intr oduction
The growth of the Internetand the World Wide Web allow
increasingnumberof usersto accessvastamountsof infor-
mationstoredat geographicallydistributedsites. However,
long round-trippropagationdelaysbetweenclient andserver
sites,aswell ashot spotsof network andserver load yield
high latenciesfor informationaccess.

Cachingprovidesanopportunityto combatthis latency by
allowing usersto fetchdatafrom a nearbycacheratherthan
from a distantserver. But becauseuserstendto accessmany
sites,eachfor a short period of time, hit ratesof per-user
�
This work was supportedin part by an NSF ResearchInfrastructure

Award (CDA-9624082)andgrantsfrom IBM, Intel, LucentBell Laborato-
ries,MitsubishiElectronicResearchLaboratories(MERL), NASA, Novell,
and Sun Microsystems. Dahlin was also supportedby an NSF CAREER
grant (CCR-9733842),and Vin was also supportedby an NSF CAREER
grant(CCR-9624757).

cachesarelow. Thus,someorganizationshave begunto uti-
lizesharedproxycaches[19] orhierarchicalcaches[8] sothat
eachusercanbenefitfrom datafetchedby others. Current
sharedcachearchitecturesfaceadilemma.Ononehand,they
wish to sharedataamongalargenumberof clientsto achieve
goodhit rates.On the otherhand,asa sharedcachesystem
servicesmoreclients,theresponsetimeit providesto any one
client worsensdue to the increaseddistancebetweenclient
andcache,the increasedload on the cache,or the increased
numberof levels in the cachehierarchy. Thus,thesehierar-
chiesof datacachesachieve modesthit rates[2, 14, 19, 21],
canyield poorresponsetimesonacachehit [30, 36], andcan
slow down cachemisses.

This paperexaminestechniquesfor building systemsof
shared,distributed cachesthat scale to hundredsor thou-
sandsof cacheswith tensof thousandsto millions of users.
We believe our techniqueswill be of interest to system
designersbuilding large-scale,distributed cacheinfrastruc-
tures in a range of environments including network ser-
vice providers,independentserviceproviders,cacheservice
providers[9, 33, 40, 45], collectionsof cacheslinkedby for-
mal serviceagreements[39], andlargeintra-nets.

Usingmeasurementsof severalcacheson theInternetand
analysisof severaltracesof webtraffic, wefirst attemptto un-
derstandthefactorsthatlimit theperformanceof currentweb
caches.We find that to provide goodperformanceto theend
user, it is importantnotonly to maximizehit rates,but alsoto
improve hit timesandmisstimes. Basedon thesemeasure-
ments,we derive threebasicdesignprinciplesfor large-scale
caches:(1) minimize the numberof hopsto locateandac-
cessdataonbothhitsandmisses,(2) sharedataamongmany
usersand scaleto many caches,and (3) cachedataclosed
to clients. Although theseprinciplesmay seemobvious in
retrospect,currentcachearchitecturesroutinelyviolatethem
at a significantperformancecost. For example,hierarchical
cachesin theUnitedStatesareoftenseenasa way to reduce
bandwidthconsumptionratherthanasa way to improve re-
sponsetime.

To addresstheseprinciples,we designa scalable,high-
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performancedata-locationservicethat trackswhereobjects
arereplicated.We describehow to constructsucha service
andhow to usethis serviceto meetour designprinciplesvia
directaccessto remotedataandpush-baseddatareplication.
Throughsimulationusinga rangeof workloadsandnetwork
environments,we find that direct accessto remotedatacan
achieve speedupsof 1.3 to 2.3 comparedto a standardhier-
archy. We alsofind that pushingadditionalreplicasof data
providesadditionalspeedupsof 1.12to 1.25.

We constructour data-locationserviceusing a scalable
hint hierarchyin which eachnodetracksthenearestlocation
of eachobject.Scalabilityandperformanceof thehint hierar-
chy comesfrom four sources.First, we usesimple,compact
datastructuresto allow eachnode’sview of thehint hierarchy
to trackthelocationmany objects.Second,the locationsys-
temsatisfiesall on-linerequestslocally usingthehint cache;
thesystemonly sendsnetwork messagesthroughthehierar-
chyto propagateinformationin thebackground—off thecrit-
ical path for end-userrequests.Third, the hierarchyprunes
updatesso that updatesarepropagatedonly to the affected
nodes.Fourth, we adaptPlaxton’s algorithm[35] to build a
scalable,fault toleranthierarchyfor distributing information.

We have implementeda prototypeof our systemby aug-
mentingthewidely-deployedSquidproxycache[45].1 It im-
plementshint caches,push-on-write,andself-configuringdy-
namichierarchies.

The restof the paperis organizedas follows. Section2
evaluatesthe performanceof traditional cachehierarchies
andexaminesthe characteristicsof several large workloads
and then derivesa set of basicdesignprinciplesfor large-
scale,distributedcaches.Section3 providesanoverview of
our design,and Section4 discussesimplementationdetails
andevaluatessystemperformance.Section5 surveys related
work, andSection6 summarizesourconclusionsandoutlines
areasfor futureresearch.

2 Evaluating traditional cache hierar chies
In this section,we evaluatethe performanceof traditional
cachehierarchiesusingmeasurementsof several cacheson
theInternetandtrace-drivensimulations,with thegoalof un-
derstandingthefactorsthatlimit cacheperformance.

2.1 Workload characteristics
We examinehow characteristicsof webworkloadsstressdif-
ferentaspectsof sharedcachesystems.We find that:

� Cachesystemsshouldshare data among many clients to
reducecompulsorymisses(missesdueto thefirst refer-
encesto objectsby clients)andscale to large numbers
of caches.

1The simulator and prototype are available at
http://www.cs.utexas.edu/users/tewari/cuttlefish.

Trace # of Accesses Distinct Dates # of
Clients (millions) URLs Days

(millions)

DEC [13] 16,660 22.1 4.15 Sep96 21
Berkeley [21] 8,372 8.8 1.8 Nov96 19
Prodigy 35,354 4.2 1.2 Jan98 2

Table 1: Traceworkloads.Note: for theDECandBerkeley traces,
eachclient hasa uniqueID throughoutthe trace; for the Prodigy
trace,clientsaredynamicallyboundto IDs whenthey log onto the
system.

� Cachehit time constitutesa significantfraction of the
total informationaccesslatency. Hence,cachearchitec-
turesshould minimize the cost to access a cache.

� Even an ideal cachewill have a significantnumberof
compulsoryand communicationmisses(missesto ob-
jectsthathavechangedsincethey werelastreferenced.)
Thus,cache systems should not slow down misses.

We alsofind that capacitymisses(missesto objectsthat
have beenreplaceddueto limited cachecapacity)area sec-
ondaryconsiderationfor large-scalecachearchitecturesbe-
causeit is economicalto build sharedcacheswith smallnum-
bersof capacitymisses.If moreaggressivetechniquesfor us-
ing cachespaceareused(for example,pre-fetchingandpush
caching),capacitymayagainbeasignificantconsideration.

2.1.1 Methodology
Our simulationexperimentsusethreemulti-day tracestaken
at proxiesservingthousandsof clients. Table1 summarizes
key parameters. In analyzingthe cachebehavior of these
traces,we usethe first two daysof eachtraceto warm our
cachesbeforegatheringstatistics.

To determinewhenobjectsaremodifiedandshouldnotbe
servicedfrom thecache,we usethelast-modified-timeinfor-
mationprovided in the DEC traces. For the other tracesor
whentheDEC tracedoesnot containthe last-modified-time
information,we infer modificationsfrom documentsizesand
return valuesto if-modified-sincerequests. Both of these
strategieswill misssomeof themodificationsin thesetraces.

Current web cache implementationsgenerally provide
weakcacheconsistency via adhocalgorithms.For example,
currentSquidcachesdiscardany dataolder than two days.
In our simulations,we assumethat thesystemapproximates
strongcacheconsistency by invalidating all cachedcopies
whenever datachange. We do this for two reasons.First,
techniquesfor approximatingor providing strongcachecon-
sistency in thisenvironmentareimproving [24, 29, 47], sowe
expectthis assumptionto be a goodreflectionof achievable
future cachetechnology. Second,weak cacheconsistency
distortscacheperformanceeitherby increasingapparenthit
ratesby counting“hits” to staledataor by reducingapparent
hit ratesby discardingperfectlygooddatafrom caches.In
eithercase,this would adda potentiallysignificantsourceof
“noise” to our results.
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Thesetraceshave two primary limitations that affect our
results. First, although we use traceswith thousandsof
clients, it still representsonly a small fraction of the client
populationontheweb. Severalstudies[6, 14, 21] suggestthat
will improve asmoreclientsareincludedin a cachesystem
Thesecondlimitation of thesetracesis thatthey aregathered
at proxiesratherthanat clients.Thus,all of thesetraceswill
display lesslocality and lower total hit ratesthanwould be
seenby clientsusingsucha system.

2.1.2 Sour ces of cache misses
Figure1 shows the breakdown of cachemissratesandbyte
missratesfor aglobalcachesharedbyall clientsin thesystem
as cachesize is varied. The cacheusesLRU replacement.
Missesfall into four categories:

1. Compulsorymisses. Thesemissescorrespondto the
first accessto an object. The two key strategiesfor re-
ducingcompulsorymissesareincreasingthenumberof
clientssharinga cachesystemandprefetching.Facili-
tating sharingis an importantfactor in designinglarge
scalecaches,andwediscusssharingin detailin thenext
subsection.We do not addressprefetchingin this paper.

2. Capacitymisses. Thesemissesoccur when the sys-
temreferencesanobjectthatit haspreviouslydiscarded
from the cacheto make spacefor anotherobject. Our
original intuition had beenthat it would be important
to coordinatethe contentsof differentcachesto mini-
mize capacitymisses. However, the datasuggestthat
for sharedcaches,capacitymissesarea relatively minor
problemthat can be adequatelyaddressedby building
cachenodeswith a reasonableamountof disk space.
This study, therefore,doesnot focus on coordinated
cachereplacement[11, 16].

3. Communication/consistency. Thesemissesoccurwhen
a cacheholdsa stalecopy of datathat hasbeenmodi-
fied sinceit wasreadinto thecache.Providing efficient
cacheconsistency in largesystemsis a currentresearch
topic [24, 29, 47], andwe do not focuson thatproblem
here. We do note, however, that the datalocation ab-
stractionweconstructcouldalsobeabuilding block for
a scalableconsistency system[10].

4. Uncachable/error. Objectsaremarked“uncachable”or
encountererrorsfor anumberof reasons,someof which
might be addressedby moresophisticatedcacheproto-
cols that supportbettercacheconsistency, cachingdy-
namicallygeneratedresults[41], dynamicallyreplicat-
ing servers [43], negative result caching[31, 8], and
cachingprogramsalongwith data[7, 42]. Wedonotad-
dresssuchprotocolextensionshere. Also, becausewe
are interestedin studyingthe effectivenessof caching
strategies,for theremainderof this study, we do not in-
clude“Uncachable”or “Error” requestsin our results.
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Figure 2: Overall per-readhit rate (HR) andper-byte hit rate
(BHR) within infinite L1 cachessharedby 256 clients, infinite L2
cachessharedby 2048,andinfinite L3 cachessharedby all clients
in thetrace.As sharingincreases,sodoestheachievablehit rate.

For all of thetraces,evenan idealcachewill suffer a sig-
nificantnumberof misses.Thus,onekey designprinciple is
that in additionto having goodhit ratesandgoodhit times,
cachesystemsshouldnotslow down misses.

2.1.3 Sharing
Figure 2 illustratesthe importanceof enablingwidespread
sharingin large cachesystems.In this experiment,we con-
figure the systemasa three-level hierarchywith 256 clients
sharinga L1 proxy, eightL1 proxies(2048clients)sharinga
L2 proxy, andall L2 proxiessharinganL3 proxy. As more
clientssharea cache,thecompulsorymissratefor thatcache
falls becauseit becomeslesslikely that any given accessto
anobjectis thefirst accessto thatobject.For example,in the
DECtracesgoingfrom a256-clientsharedcacheto a16,336-
clientsharedcacheimprovesthebytehit rateby nearlya fac-
tor of two. Prior studies[21, 14, 6] have alsoreachedsimilar
conclusions.Thischaracteristicof theworkloadsuggeststhat
cachesystemsshouldaccommodatelargenumbersof clients
andtherebyreducecompulsorymissrates.

For cacheswith differentdegreesof sharing,Figure3 de-
pictsthevariationin therequestresponsetimeswith increase
in the distancebetweenclients and the sharedcache. It il-
lustratesa dilemmafacedby the designersof sharedproxy
caches:althoughit is importantto shareacacheamongmany
clients,it is alsoimportantthat the sharedcachebe closeto
clients. For example,a 256-clientcachewith an averagehit
time of 50 mscanoutperforma 16,336-clientcachethatav-
erages300msperaccess.

Another limitation of large, monolithic cachesis load.
Duskaet. al [14] point out that sharedcachesrequirethou-
sandsof clientsandthatMaltzahnandRichardson[30] found
thatpeakprocessorthroughputof the Squidv1.1 proxy was
lessthan35 req/sona Digital AlphaStation2504/266.Grib-
ble and Brewer observe that requestratesare bursty at the
time scaleof seconds[21]. In our traces,we foundpeakre-
questratesof 2850req/s(139MB/s) overperiodsof 1 second
andpeakratesof 294 req/s(14.4 MB/s) over periodsof 10
seconds.Althoughprocessorperformancewill improve, we
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Figure 1: Requestmissratesandbytemissratesfor thetracesexaminedin this study. For eachgraph,we categorizemissesascapacity
for accessesto datathathave beendiscardedfrom thecacheto make spacefor otherdata,communication for accessesto datathathave been
invalidatedfrom thecachedueto anupdate,error for requeststhatgenerateanerrorreply, uncachable for requeststhatspecifythatthecache
mustcontactthe server to retrieve the result, for non-GETrequests,or for requeststhat aredesignatedasCGI requestsin the traces,and
compulsory for thefirst accessto anobject.

also expect the numberof web users,per-requestsize, and
per-userrequestratesto increase,especiallyas multimedia
contentbecomesmoreprevalent.

2.2 Anal yzing traditional cache hierar chies

Hierarchicalcachesattemptto resolvethedilemmaof sharing
versuslocality andscalabilityby puttingdifferentcachesnear
different groupsof clients, and sendingmissesfrom these
L1 cachesthroughadditional layers of cacheexploit shar-
ing. This subsectionexamineshow sucharrangementswork
in large-scalesystems.

Traditionalhierarchicalcachearchitecturessuchas Har-
vest[8] or Squid[45] defineparent-childrelationshipsamong
caches.Eachcachein the hierarchyis sharedby a groupof
clientsor agroupof childrencaches.Dataaccessproceedsas
follows: if thelowest-level cachecontainsthedatarequested
by a client, it sendsthe data to the client. Otherwise,the
cacheaskseachof its neighborsfor the data. If noneof the
neighborspossessthedata,thenthecachesendsa requestto
its parent.Thisprocessrecursivelycontinuesupthehierarchy
until thedatais locatedor therootcachefetchesthedatafrom
theserver. Thecachesthensendthedatadown thehierarchy
andeachcachealongthepathstoresthedata.

AlthoughhierarchiessuchasHarvestandSquidwerede-
signedunder the assumptionthat cachescould be layered
without addingmuchdelay[8], we hypothesizethat two as-
pectsof this architectureas applied to Internetcachescan
significantly limit performance.First, the costof accessing
a seriesof cachesin the hierarchyaddssignificant “store-
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Figure 3: Responsetime for cacheswith different degreesof
sharingasthedistancebetweenclientsandcachesincrease

and-forward” delays2 to higher-level cachehits andto cache
misses[32]. Second,whenhigh-level cachesservicea large
numberof clientsdistributedover a largegeographicregion,
the network delaysbetweena client anda high-level cache
may be large, which reducesthe benefitof hits to far-away
caches.

To examine theseeffects, we use two sourcesof infor-
mation. First, to understandthe detailsof performancein a
controlledenvironment,weconstructa testhierarchyandex-
amineit undera syntheticworkload. Second,to understand
how suchsystemsperformin realhierarchiesandunderreal
workloads,we examineRousskov’smeasurementsof several
Squidcachesdeployedat differentlevelsof a hierarchy[36].
Although Squidsupportsthe InternetCacheProtocol(ICP)

2In Squid, requestsare propagatedusing store-and-forward but replies
maybepipelinedacrossnodes.
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Cache Location Machine

Client UC Berkeley 166MHzSunUltraSparcs
L1 UC Berkeley 166MHzSunUltraSparcs
L2 UC SanDiego 150MHzDEC 2000Model500
L3 UT Austin 166MHzSunUltra2
Server CornellUniversity DEC Alpha

Table 2: Testbedhierarchy.

to allow a cacheto queryits neighborsbeforesendinga miss
to a parent[46], sincewe areinterestedin thebestcostsfor
traversingahierarchy, neitherconfigurationweexamineuses
ICP.

Ouranalysesdemonstratesthat:

� Theper-hopcostfor traversingmultiple levelsof cache
is significant.Hence,thecachesystemshouldminimize
the number of hops to locate and access data.

� Dueto thenetwork overhead,distantcachesmaybeex-
pensive to access.Hence,data should be cached close
to clients.

2.2.1 Anal ysis of a testbed hierar chy
We constructeda testbedto examinetherelationshipamong
cachesin alarge,three-levelhierarchyin whichalevel-1(L1)
cacheservicesa department,a level-2 (L2) cacheservicesa
state,andalevel-3(L3) cacheservicesalargeregion. Table2
details our testbed. Although thesecachesare distributed
acrossalargegeographicregion,they arerelatively well con-
nected,sosomelessambitioushierarchiesmayhave similar
characteristics.Eachcacherunsversion1.1.17of Squid.The
client and L1 cacheare connectedby a switched10Mbit/s
Ethernet. All of the sitesare connectedto the Internetvia
45Mbit/sT3 connections,andthebackboneconnectionsbe-
tweenall sitesareat leastT3.

For our experiments,we arrangedfor a specificlevel of
thecacheto containanobjectof a specifiedsize. An instru-
mentedclient thentimed how long it took to get that object
from thehierarchy. We repeatedthis experiment10 timesfor
eachconfigurationof the cachesover the courseof 3 hours
duringthe lateafternoonon severalweekdaysanddiscarded
the high and low valuesobserved. Eachdatapoint in the
graphsin Figure4 representsthemeanof theremainingeight
measurements.

Note that, in our experiments,the cacheswereidle other
than our requests,which were madeone at a time. If the
cacheswereheavily loaded,queuingdelaysandimplemen-
tation inefficienciesof the caches[30, 3] might significantly
increasethe per-hop costswe observe. Busy nodeswould
probablyincreasethe importanceof reducingthenumberof
hopsin a cachesystem.

Figure4(a)shows theperformancewhenthetestbeduses
the standardthree level data hierarchy. In contrast,Fig-
ure4(b) shows theaccesstime whenthe Berkeley client ac-
cessesthe Berkeley, SanDiego, andAustin cachesdirectly

by circumventingthe hierarchy. Figure4(c) shows the case
whendirect accessesmustalwaysgo throughthe L1 cache
suchaswhenthe L1 cacheactsasa firewall for the clients.
Thesemeasurementssupportandquantify the intuition that
accessingaseriesof cachesin ahierarchyincursasignificant
cost. For instance,the differencebetweenfetchingan 8KB
objectfrom theAustincacheaspartof ahierarchycompared
to accessingit directly is 545ms.Putanotherway, if thesys-
tem could “magically” sendrequestsdirectly to the correct
level of thehierarchyandthat level of thehierarchysendthe
datadirectly backto the client that needsit, a level-3 cache
hit time couldspeedup by a factorof 2.5 for an8KB object.

Figure4(b) alsoindicatesthatevenif a cachearchitecture
wereableto avoid thecostof multiple-hops,accessingdistant
cachesis still more expensive than accessingnearbyones.
This conclusionis not surprising;accessinga distantnode
on theInternetwill increaselatency dueto increasedrouting
distanceandincreasedrisk of encounteringnetwork conges-
tion. This experimentsuggeststhat in addition to reducing
the numberof hopsneededto accessdistantdata,cachehi-
erarchiesshouldtake actionto accessnearbydataasoftenas
possible.

2.2.2 Anal ysis of Squid hierar chies
Rousskov [36] haspublisheddetailedmeasurementsandper-
formanceanalysisof severalSquidcachesthataredeployed
on theInternetin theUnitedStatesandEurope.We usethat
informationtoderivetheestimatesfor theminimumandmax-
imum accesstimes to differentcachelevels summarizedin
Table3.

We derive theseestimatesby computingthe time that a
leaf, intermediate,and root cachetook to servicea hit for
a requestsent from the next level down in the hierarchy.
Rousskov breaksdown hit responsetime into threecompo-
nents:“Client connect,” (thetime from whenthecache’s ac-
cept()systemcall returnsuntil thecachehasaparsableHTTP
request,)“Disk,” (the time it takesto swap in datafrom the
disk,) and“Proxy reply,” (the time it takesto sendthe data
back on the network.) SinceRousskov gatheredthe mea-
surementsat the proxy caches,we must estimatethe miss
time by looking at his measurementsof how long the top-
level proxyspentwaiting to connectto andreceivedatafrom
missservers.Rousskov measuredthesevaluesovera24-hour
periodfor eachcacheandpublishedthe medianvaluesdur-
ing each20-minuteperiod. Table3 shows theminimumand
maximumvaluesseenfor these20-minutemediansbetween
of 8AM and5PM.

We estimateboundson the time to accessan object in
eachlevel of a hierarchyby addingthe minimum or maxi-
mum client connectionandproxy reply times for all levels
thatmustbetraversedandthenaddingthedisk responsetime
for thehighestlevel cacheaccessed.We estimateboundson
the total responsetime to directly accesssomelevel of the
cacheby addingtheminimumor maximumclientconnection
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Figure 4: Measuredaccesstimesin thetestbedfor objectsof varioussizes:(a)objectsaccessedthroughathree-level hierarchy;(b) objects
fetcheddirectly from eachcacheandserver; and(c) all requestsgo throughtheL1 proxyandthendirectly to theproxyor server.

ClientConnect Disk ProxyReply TotalHierarchical TotalClientDirect Total via L1
min max min max min max min max min max min max

Leaf 16 62 72 135 75 155 163 352 163 352 163 352
Intermediate 50 550 60 950 70 1050 271 2767 180 2550 271 2767
Root 100 1200 100 650 120 1000 531 4667 320 2850 411 3067
Miss min:550, max: 3200 981 7217 550 3200 641 3417

Table 3: Summaryof SquidcachehierarchyperformancebasedonRousskov’s measurements.All themeasurementsarein ms.

time,disk responsetime,andproxyreply time. Notethatthis
calculationdoesnot accountfor possiblepipeliningbetween
thedisk responsetimeandtheproxy reply time.

Theseresultssupportthesamegeneralconclusionsasthe
measurementsof ourtestbed:hopsareexpensive,andaccess-
ing far away cachesis expensive. Thesedatasuggestcache
systemsmay pay a particularly high penalty for accessing
distantcachesduringperiodsof high load. For example,di-
rectly accessinga leaf cacheduringperiodsof low loadcosts
163mswhich is twice asfastasthe 320mscostof directly
accessinga top level cache.However, thetop level cacheex-
perienceda20-minuteperiodduringwhichthemedianaccess
time was2850ms,whereastheworst20-minutemedianac-
cesstime for the leaf cachewas352 ms. Our interpretation
is that althoughaccessingdistantcachescanbe tolerablein
thebestcase,cachingdatanearclientsmaybean important
techniquefor insulatingclientsfrom periodsof poor perfor-
mance.

3 Design overview
In theprevioussection,we derivedthreebasicdesignprinci-
plesfor large-scalecaches:(1) minimizethenumberof hops
to locateandaccessdataon both hits andmisses,(2) share
dataamongmany usersand scaleto many caches,and (3)
cachedatacloseto clients. In this section,we describethe
strategies we pursueto addressthesedesignprinciplesand
provide a high-level descriptionof our specificimplementa-
tion of thesestrategies.Thenext sectionwill providea more
detailed,quantitative analysisof the systemandour design
decisions.

Oursystemis build aroundascalabledata-locationservice
called the hint hierarchywhich allows eachnodeto know
the nearestlocation of eachobject. Scalability and perfor-
manceof the hint hierarchycomesfrom four sources.First,
we usesimple,compactdatastructuresto allow eachnode’s

view of the hint hierarchyto track the locationof many ob-
jects. Second,the location systemsatisfiesall on-line re-
questslocally using the hint cache;the systemonly sends
network messagesthroughthe hierarchyto propagateinfor-
mationin the background—off thecritical pathfor end-user
requests.Third, the hierarchyprunesupdatesby propagat-
ing themonly to theaffectednodesto supporta global index
while usingminimal bandwidth.Fourth,we adaptPlaxton’s
algorithm[35] to build a scalable,fault toleranthierarchyfor
distributing information.

Thehint hierarchyprovidestheinformationneededby two
basicstrategiesfor providing goodperformance.

Thefirst basicstrategy is direct access of remotelycached
data. Underthe ideal direct accessstrategy, a client locates
thenearestcopy of datausinganoracleandsendsits request
directly to thenearestsharedcachethatcontainsthedesired
dataor directly to the server if no cachecontainsthe data.
Cachesandserversthat receive suchrequestssendthe data
directly backto the client. As we illustratedin the previous
section,traditionalsingle-level cachescanlimit sharingwhile
multi-level cachessuffer high per-hopcostswhenthey force
hitsandmissesto traversemultiple layersof ahierarchy. This
idealdirectaccessstrategy, on theotherhand,minimizesthe
numberof hopsto locateandaccessdata(principle1) while
allowing widespreadsharing(principle2).

Thehint hierarchyallowsusto approximatethisdirectac-
cessstrategy using hint caches. Clustersof nearbyclients
sendtheir requeststo a sharedL1 proxy cache. The proxy
consultsa local hint cachethatcontainsa mappingfrom the
ID of theobjectbeingrequestedto theID of thenearestproxy
cachethat containsthe object. The first proxy sendsthe re-
questdirectly to the second,which sendsthe datadirectly
back.Theclient’sproxy thensendsthedatato theclient that
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issuedtherequest.3

Our secondbasicstrategy is push. As thedatain thepre-
vious sectionindicate,even with direct access,the cost of
accessingdatafrom a nearbycacheis much lower than the
costof accessingdatafrom a distantcache.For example,in
the testbedhierarchyL1 cacheaccessesfor 8KB objectsare
4.7 timesfasterthandirectaccessesto cachesthatareasfar
away asL2 cachesand6.2 timesfasterthandirectaccessto
cachesthat areasfar away asL3 caches.The goal of push
is to improvehit timeby pushingobjectsnearcachesthatare
likely to referencethemin the future. The ideal pushalgo-
rithm postulatesthat whenever an object is broughtinto the
system,it is magicallypushedto all L1 cachesin thesystem
thatwill referencethe datain the future; thusall L2 andL3
hits becomeL1 hits.

We examineseveral simple, practicalapproximationsto
this idealthatareenabledby theinformationin thehint hier-
archy. Push-on-update is basedon theobservationthatwhen
anobjectis modified,theproxiescachingtheold versionof
the objectarea goodlist of candidatesto referencethe new
versionof the object. Thus,whena cachefetchesan object
dueto acacheconsistency miss,it pushestheobjectto caches
storingold versionsof it. Thepush-shared algorithmis based
on theintuition thatif two subtreesof a nodein themetadata
hierarchyaccessanitem,it is likely thatmany subtreesin the
hierarchywill accesstheitem. Thus,whenoneproxy fetches
datafrom another, it alsopushesthedatato a subsetof prox-
ies that sharea commonmetadataancestor. Both of these
algorithmsare simple, and they achieve a significant frac-
tion of the total performanceachieved by the ideal strategy.
However, thereis roomfor moresophisticatedalgorithmsto
achievefurthergains.

4 Detailed design and evaluation
Thissectiondetailsour designandimplementation.For each
aspectof the design,we examineoverall performanceand
majordesigndecisions,andwediscussareasof potentialcon-
cern.Whenappropriate,weusesimulationresultsto examine
ourdecisions.

We have implementeda prototype of our systemthat
implements a hint hierarchy, hint caching, and push
caching[25]. It is basedonSquid1.1.20[45] andnamedCut-
tlefish.

4.1 Hint caches and direct access
Local hint cachesallow cachesto approximatethedirectac-
cessstrategy. A hint is an

�
objectId, nodeId� pair where

nodeIdidentifiesthe closestcachethat hasa copy of objec-
tId. In order to facilitate the principlesof minimizing hops
and allowing widespreadsharing,the hint cachedesignal-

3An obvious optimization,not currently implementedin our prototype,
is to sendtheobjectdirectly backto theclient, andthenin thebackground
pushthedatato theclient’s proxy.

lowscachesto storelargenumbersof hintsandto accessthem
quickly.

An importantimplementationdetailin ourprototypeis our
decisionto usesmall, fixed-sizedrecordsand to storehints
in a simplearraymanagedasa k-way associative cache.In
particular, our designstoresa node’s hint cachein a mem-
ory mappedfile consistingof an arrayof small, fixed-sized
entries. Eachentry consumes16 bytes: an 8-bytehashof a
URL andan8-bytemachineidentifier.

We storea URL hashratherthana completeURL to save
spacein thetableandto ensurethatentriesareof fixedsize.
Small recordsimprove performanceby allowing a nodeto
storehint entriesfor a largenumberof objects;this facilitates
the principle of maximizingsharing. Small recordsalsore-
ducethenetwork costof propagatinghints,andthey allow a
largerfractionof thehint tableto becachedin agivenamount
of physicalmemoryto avoid diskaccesses.

If two distinct URLs hashto the samevalue,the hint for
oneof themwill beincorrectandanodemaywastetimeask-
ing anothercachefor datait maynot have. In thatcase,be-
causethereadrequestcontainsthefull URL, theremotenode
returnsanerrorandthefirst nodetreatstherequestasamiss.
With 64-bithashkeysbasedonMD5 signaturesof URLs,we
do not anticipatethat hashcollisionswill hurt performance.
In fact, somehint cacheimplementorsmay considerreduc-
ing thekeys to 32bits to increasethereachof thecachefor a
givenhint cachesize.

Fixed-sizedrecordssimplify andspeedupaccesswhenthe
hint cachedoesnot fit in physicalmemory. Thesystemcur-
rently storeshints in anarraythat it managesasa 4-way as-
sociative cacheindexed by the URL hash,and it mapsthis
arrayto a file. Thus,if a neededhint is not alreadycachedin
memory, thesystemcanlocateandreadit with a singledisk
access.4

We storeentriesin a 4-way associative cacheratherthan,
for instance,maintaininga fully-associative LRU list of en-
triesto reducethecostof maintainingthehint cachewhenit
doesnot fit in memory. We includea modestamountof as-
sociativity to guardagainstthe casewhenseveral hot URLs
landin thesamehashbucket.

Our implementationof hint cachesapproximatestheideal
of direct access.However, threeaspectsof the designmay
limit itsperformance.First,wefocusonaproxy-basedimple-
mentationof hint cachesratherthanaconfigurationwhereall
clientsmaintainlocalhint caches.Second,thehint cachedata
structureis smallerandslower thanthe ideal oracle. Third,
hint cachesmaycontainan out of datepictureof whereob-
jectsarecached.

4Wecurrentlystorethearrayin afile, soaccessesmaycausediskaccesses
of file systemindex structures.It would be trivial to storethis arrayon the
raw diskdevice if wefind thesemetadataaccessesto beexpensive.
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4.1.1 Overall perf ormance and configuration
We will usethe following simulationconfigurationthrough-
outthepaper. As in Figure2,weassumethatwhenthesystem
is configuredas a 3-level hierarchy, clustersof 256 nearby
clients sharean L1 cache,groupsof 2048 clients sharean
L2 cache,andall clientsin the traceshareanL3 cache.We
parameterizethedistancebetweenclientsin thesecategories
usingtheTestbed timesshown in Figures4 andtheMin and
Max accesstimesmeasuredby Rousskov. Our directaccess
andhint configurationsaresimilar, but they usetheTotal Di-
rect andTotal via L1 timesfrom thosefigures.We simulated
performancefor both infinite-sizedcachesandfinite, 5 GB
caches. For the finite cachecase,we reserved 10% of the
spacefor hint cacheswhenappropriate.Due to spacelimi-
tations,unlessotherwisenotedwe display the graphfor in-
finite cachesandomit the graphsfinite-caches.As Figure1
suggests,we found that cachesizeis a secondaryfactorfor
performance,andourfinite cacheresultsarequalitatively the
sameasour infinite cacheresults.

To quantifytheoverallperformanceof thesystemandex-
amine the impact of assuminga proxy-basedimplementa-
tion, Figure5 shows thesimulatedperformancefor theDEC,
Berkeley, and Prodigy tracesundera seriesof algorithms.
The figure provides two baselinesfor performance. It in-
cludesatraditional3-levelhierarchyandabest case L1 cache
that is sharedby all clientsin thesystem,but that is asclose
to all clients as the smallerL1 cachesusedin the standard
configuration.

First, notethat this configurationis designedto let usex-
plore how different architecturesbalancesharing, locality,
and scaling. As the barsfor the best case L1 cacheshow,
if theunderlyingphysicalnetwork andcachemachinesallow
sharingto be increasedwithout increasingcacheaccessde-
lays,thebestconfigurationis a large,sharedcache.

Direct accesssignificantly outperformthe traditional 3-
level hierarchieswith speedupsrangingfrom 1.3 to 2.9. The
additionalnetwork hop for the proxy-basedhint cachecon-
figurationhurtsperformancemodestlycomparedto theideal
system. The realistic implementationachievesspeedupsof
1.3 to 2.3. For this setof network topologiesandworkloads,
anotherreasonablealternativeis for eachgroupof 256clients
to sharea L1 cachesbut not to sharecachesfurther. Such
anapproachfalls shortof the idealdirectaccessprotocolby
asmuchasa factorof 1.53andfalls shortof the hint cache
protocolby asmuchasa factorof 1.3.

An obvious extensionto our proxy-basedhint cacheim-
plementationis to allow clientsto maintainlocal hint caches
andsendtheir requestsdirectly to remoteproxy caches.We
focuson the proxy-basedcasebecausewe believe it would
make deployment easierby (1) amortizingthe cost of hint
cachestorageacrossmultiple clients and (2) allowing de-
ploymentof the new cachetechnologyby modifying a rel-
atively smallnumberof proxiesratherthanmodifying client
browsers.In thefuture,moreaggressive implementationsof
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Figure 6: Hit rateassumingthatgroupsof 256clientsfrom the
DEC traceeachaccessan infinite proxy cacheandthateachproxy
cachecanaccessotherproxycachesvia ahint cacheof thespecified
size.Eachentryin thehint cachetakes16 bytesandthey arestored
in a 4-way setassociative arraywith total sizespecifiedin MB on
thex-axis.

thehint hierarchycouldextendhint cachesto clientsto more
closelyapproximatetheidealforwardingcase.

4.1.2 Hint cache size
One obvious worry associatedwith hints is the storagere-
quirements.How muchstorageis requiredto trackthenear-
est copy all objectsin a large cachesystem? This number
turnsout to besurprisinglyreasonable.

A node’s hint cachewill only be effective if it canindex
significantly more dataobjectsthan the nodecan store lo-
cally, andit will observe thedesignprincipleof maximizing
sharingif it can index mostor all of the datastoredby the
cachesin thecachesystem.As we describein detail in Sec-
tion 4.1,our systemcompresseshints to 16-byte,fixed-sized
records.At this size,eachhint is almostthreeordersof mag-
nitudesmallerthanan average10 KB dataobjectstoredin
a cache[2]. Thus, if a cachededicates10% of its capacity
for hints, its hint cachewill index abouttwo ordersof mag-
nitudemoredatathanit canstorelocally. Evenif therewere
no overlapof what different cachesstore,sucha directory
would allow a nodeto directly accessthe contentof about
63 nearbycaches. Becausethe hint cacheneedonly store
oneentrywhenanobjectis storedin multiple remotecaches,
coverageshouldbemuchbroaderin practice.Anotherwayof
viewing capacityis to considerthereachof a 500MB index
(10%of a modest,5 GB proxy cache).Suchan index could
trackthelocationof over30 million uniqueobjectsstoredin
acachesystem.Finally considerthatin October1998a6 GB
diskcostsunder$160,suggestingthatflat indicesof hundreds
of millions to billions of objectsarefeasible.

Figure6 showshow thesizeof thehint cacheaffectsover-
all performancein theDECtrace.Verysmallhint cachespro-
vide little improvementbecausethey index little more than
whatis storedlocally. For this workload,hint cachessmaller
than10 MB provide little additional“reach” beyondwhat is
alreadycachedlocally, but a 100 MB hint cachecan track
almostall datain thesystem.

4.1.3 Delayed hint propagation
Although the systemusesdirect requestsand direct data
transfersfor clientrequests,it propagateshintsthroughahier-
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Figure 5: Simulatedperformancefor DEC, Berkeley, andProdigytraces.Thethreegroupsof barsfor eachtraceshow theperformance
whentheaccesstimesareparameterizedby theTestbed timesshown in Figures4 or theMin andMax accesstimesmeasuredby Rousskov
shown in the Total Hierarchical andTotal via L1 columnsof Table3. Within eachgroup,we show performancefor a 3-level hierarchy,
idealizedforwarding,hint caches,andanidealizedcachesharedby all clientsin thesystemandascloseto eachastheirnormalL1 cache.
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Figure 7: Hit rateassumingthatgroupsof 256clientsfrom the
DEC traceeachaccessan infinite proxy cacheandthateachproxy
cachecanaccessotherproxycachesvia ahint cachethatis updated
the specifiednumberof minutesafter objectsappearor disappear
from caches.

archy. We deferdetaileddiscussionof hint propagationuntil
after our descriptionof how the systemconfiguresthe hier-
archyin Section4.3. Here,we examinethe generalissueof
delayedhint propagation.Whereasthe oraclein the ideal-
ized direct accessprotocol alwaysknows whereto find the
nearestcopy of data,actualhint updatestake time to prop-
agatethroughthe system,so cachesmay make suboptimal
decisionsaboutwhereto sendtheir requests.

Figure7 quantifiesthedependenceof globalhit rateonthe
amountof time it takesto updatehints in thesystem.In this
experiment,we assumethat whenever an object is dropped
from a cacheto makespacefor anotherobjector anobjectis
addedto a cache,noneof thehint cacheslearnof thechange
for an amountof time specifiedon the x-axis in the figure.
Thisexperimentsuggeststhattheperformanceof hint caches
will begoodaslongasupdatescanbepropagatedthroughthe
systemwithin a few minutes.As Section4.3.2will detail,to
facilitatefastpropagation,oursystemusesametadatahierar-
chy thatpreserveslocality for hint updates,it usesa scalable
hierarchyto avoid bottlenecks,andit usessmallhint records
to reducethenetwork overheadsof propagation.

4.2 Push

The ideal push algorithm usesfuture knowledge to redis-
tribute data, thus transformingall L2 and L3 hits into L1

hits.5 Actualpushalgorithmsmustapproximatethisby send-
ing datathey predictwill bereferencednearcachesthey pre-
dict will referenceit.6

4.2.1 Algorithms
Becauseof thelargenumbersof objectsthatpassthroughthe
system,we focuson simplealgorithmsthatdo not explicitly
trackthereferencefrequency of individual objects.Examin-
ing whethermoresophisticatedalgorithmsof this sortwould
beprofitableis a subjectof futurework.

We first considerpush-on-update, a simple andefficient
algorithmthatapproximatesupdate-basedcacheconsistency.
This algorithmis basedon the observationthatwhenanob-
ject is modified, a good list of candidatesto referencethe
new versionof theobjectis thelist of cachesthatpreviously
cachedtheold version.Thus,whenthecachesystemfetches
anobjectdueto acommunicationmiss,it sendscopiesof that
objectto cachesthatwerestoringthepreviousversion.

Our prototype implements push-on-updateby having
nodestrackwhichobjectsthey havesuppliedto othercaches.
Whenanodeloadsanew versionof anobject,it forwardsthe
new versionto thenodesto which it suppliedtheold version.

Our secondalgorithm,push shared dynamicallybuilds a
distribution treefor popularobjects.As Figure8 illustrates,
when a cachefetchesan object from a cousinfor which a
level-� parentis the leastcommonancestorin the metadata
hierarchy, thecachesupplyingtheobjectalsopushestheob-
ject to arandomnodein eachof thelevel- �����! #" subtreesthat
sharethe level-� parent.For example,in a three-level meta-
datahierarchywhenacachefetchesdatafrom adistantcache
thatsharesa level-3 parent,thesystemcreatesa copy of that

5We limit pushingor prefetchingto increasingthe numberof copiesof
datathatarealreadystoredat leastoncein thecachesystem.Thus,our al-
gorithmscanonly affect thenumberof L1, L2, andL3 hits, not thenumber
of system-widemisses.Notice thatmoreaggressive prefetchingalgorithms
thantheonesweexaminecouldcouldfetchobjectsthatarenot cachedany-
wherein thecachehierarchyby accessingtheoriginal servers.

6We assumethatour algorithmsarenot suppliedwith knowledgeof fu-
tureaccesspatterns.They mustthereforepredictfutureaccesspatternsbased
on thepast.In particular, wedonotassumeany externaldirectivesaboutfu-
tureaccessessuchashoardlists [26, 28] or server hits [34].
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Figure 8: Hierarchicalpushalgorithmfor 3-level hierarchy. Once
two level-2 subtreesfetch objectA, the algorithmpushesobjectA
to all level-2 subtrees.Oncetwo level-1 subtreesundera level-2
subtreefetchobjectB, thealgorithmpushesobjectB to all level-1
nodesunderthatlevel-2 parent.

object in eachof the level-2 hierarchies.Thus,the next ac-
cessto thedatawill costat mosta level-2 access.Similarly,
on a level-2 hit, thealgorithmpushestheobjectto all level-1
cachesthat sharethe samelevel-2 parent. We alsoexamine
moreaggressiveversionsof thealgorithm,push half andpush
all thatpushmultiple copiesof anobjectinto differentnodes
in eachsubtree.Note thatour prototypedoesnot yet imple-
mentpushshared.

The intuition behindthis algorithmis that if two subtrees
in a hierarchyaccessan item, it is likely thatmany subtrees
in that hierarchywill accessthat item. Notice thatalthough
this algorithmis simpleanddoesnot explicitly track object
popularity, it resultsin the desiredeffect that popularitems
aremorewidely replicatedthanunpopularones. Also note
that if thereis locality within subtrees,itemspopularin one
subtreebut not anotherwill bemorewidely replicatedin the
subtreewherethey arepopular.

4.2.2 Evaluation
Actual pushalgorithmsmay fall short of ideal onesin two
ways.First, they mayfail to pushtheright dataneartheright
caches,so latency will suffer. Second,they may pushdata
unnecessarily, therebyconsumingexcessbandwidth. Fig-
ures9 and10comparesimulationsof theidealpushalgorithm
andbasecasealgorithmswithoutpushto push-on-updateand
push-shared.

Although we do not expectcapacitymissesto be a ma-
jor factor in systemsthat only replicate data on-demand,
in push-basedsystemsspeculative replicationmay displace
more valuabledatafrom caches. To monitor this effect in
our simulations,we report resultsfor the space-constrained
configurationin which eachof the64 L1 cacheshas5 GB of
capacity. Dueto time constraintsandmemorylimitationsof
oursimulationmachines,theseresultsuseonly thefirst seven
daysof theDEC andBerkeley traces.

Figure9 shows the simulatedresponsetime for the DEC
traceundera rangeof pushoptions. This experimentsug-
geststhat an ideal push algorithm could achieve speedups
of 1.54to 2.63comparedto the no-pushdatahierarchy, and
speedupsof 1.21 to 1.62 comparedto the no-pushhint hi-
erarchy;the largestspeedupscomewhenthecostof access-
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Figure 9: Simulatedresponsetime for DEC traceworkloadfor
six algorithms:no push(datahierarchy),no push(hint hierarchy),
updatepush,push-1(sendacopy to 1 nodein eacheligiblesubtree),
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Figure 10: Bandwidthof pushalgorithmsfor theDECtrace.

ing remotedatais high suchastheMax valuein Rousskov’s
measurements(seeTable3). Thepush-sharedalgorithmsde-
scribedhereachievesspeedupsof 1.42to 2.03comparedto
theno-pushdatahierarchy, andspeedupsof 1.12to 1.25com-
paredto theno-pushhint hierarchy. Althoughalargefraction
of objectspushedby push-updatesareusedby their destina-
tions,updatesareinfrequentsoits overallperformancegains
aresmall.

Figure 10 shows the bandwidthconsumedby the algo-
rithms. The push-sharedalgorithmsincreasethe bandwidth
consumedby up to a factorof four comparedto thedemand-
only case.This maybeanacceptabletrade-off of bandwidth
for latency in many environments.

4.3 Hint hierar chy
The discussionabove describedhow the hint hierarchyuses
simple, compactdatastructuresto track the location many
objectsandhow hint cachessatisfyon-line requestslocally
to avoid thenetwork delaysencounteredwhenlocatingdata
in a traditionalhierarchyor usingICP [46]. This sectionex-
aminestwo remainingaspectsof thehierarchy’sdesign.First,
althoughthehierachycanbevisualizedasatree,in realitywe
usea morescalabledatastructureto provide scalabilityand
fault tolerance.Second,we detail how the hierarchypropa-
gateshints to pruneupdatesso that updatesarepropagated
only to affectednodes.

10



4.3.1 Scalab le, self-configuring hierar chy
Ratherthanusea simpletreewherenodesnearthe root be-
comeperformanceandreliability bottlenecksfor scalability,
thehint distribution hierarchyadaptsanalgorithmdeveloped
by Plaxtonet. al [35] to embedvirtual hint distribution trees
ontothenodesin thesystem.Thekey ideain thealgorithmis
to assignpseudo-randomIDs to all nodesandobjectsbased
on their IP addressor URL. The systemthenlogically con-
structsa treefor eachobjectin which theroot nodematches
theobjectin themostbitsof any nodeandlowerlayersmatch
in successively fewer bits. This approachbalancesload be-
causeeachnodeactsas a leaf or low-level nodefor many
objects(but hasrelatively few requestsfor suchobjects)and
actsasa root or high level nodefor few objects(but getsrel-
atively morerequestsfor eachof these).It achieveslocality
becauseneartheleavesof virtual trees,thedistancebetween
parentsandchildrentendsto besmall: sincea largefraction
of the nodesin the systemcan act as low level parentsfor
an object,low-level childrencanchoosenearbyparents.Of
course,neartheroots,thedistanceis generallylarger.

Each node in our systemruns this algorithm indepen-
dentlyusinginformationfrom a membershipmodule,which
trackswhich nodeshave joined thesystem,anda configura-
tion modulebasedon the standardSquidnet db database,
which trackswhich nodesare alive andhow far away they
are.Nodesalsomonitormessagesfrom othernodesto detect
and correct inconsistenciesin their views of the hierarchy.
A nodeexecutesthereconfigurationalgorithmwhenever the
membershipor connectivity layer notifiesthe hierarchyof a
significantchange.

4.3.2 Hint propagation
Our systempropagateshint updatesthrough the hierarchy
both to distribute load for different objectsacrossdifferent
nodesandto reducetheamountof informationsentglobally.
Whenever a cacheloadsa new object (or discardsa previ-
ously cachedone), it informs its parent. The parentprop-
agatesthat information to its children or its parentor both
usinga limited floodingalgorithmin which nodesonly prop-
agatechangesrelatingto the nearestcopiesof data. For ex-
ample,if a nodealreadyknows that oneof its childrenhas
a copy of an object,thenon receiving a hint from its parent
abouta new copy of theobject,thenodedoesnot propagate
thehint to its children.This is because,assumingthatthehi-
erarchy’s topologyreflectsnetwork locality, propagatingthe
hint will not alter theinformationregardingthenearestcopy
of theobjectwith respectto any of its childrennodes.

Table4 examineshow effective themetadatahierarchyis
at filtering traffic by comparingthe numberof updatesseen
by the root underthe DEC tracefor two configurations:a
centralizeddirectorywhichreceivesall updatesandhierarchy
thatfilters updatesto reduceload. This experimentsuggests
thatthefiltering functionof thesimplehierarchyreducesload
significantlycomparedto thecentralizeddirectoryscheme.

Organization Average Peak 99% 90%

Centralizeddirectory 4.8 14.4 10.2 7.4
Hierarchy(root) 2.1 9.8 6.2 4.0
Plaxtonhierarchy(max-node) 0.15 2.4 1.1 0.6

Table 4: Numberof location-hintupdatessentto theroot during
thefirst seven daysof theDEC trace. Thecolumnsshow theaver-
age,peak,and99thand90thpercentilesof requestspersecondover
10-secondperiods.All cacheupdatesaresentto thecentralizeddi-
rectory;thehierarchylineshowsloadwhenthehint hierarchyprunes
requestsbut thesystemstill usesasingleroot; thePlaxtonhierarchy
line shows loadon themostheavily loaded64 nodes,which actsas
aroot for about1/64thof theobjectsandalsoactsatdifferentlevels
of thehierarchyfor otherobjects.

Onepotentialdangeris thatwhenanobjectis first brought
into the system,the accessesfrom many cachescould over-
load the holderof that first copy. However, in our system,
whenlatercachespull copiesinto their subtrees,their neigh-
borslearnof thenew copy anddecidethatis abetterplaceto
go for thatdata.In essence,thesystemdynamicallybuilds a
distribution treefor populardata.Usinga hierarchicalmeta-
dataschemerather than a single, centralizeddirectory for
distributing hint informationhelpsthis happenquickly, since
nodesin a subtreeneara new copy of datawill learnof the
new copy quickly, while updatesto moredistantnodesmay
take longer.

5 Related work
Several Internetcachesystemsusemetadatadirectoriesor
multicastto locatedataandthenallow directcache-to-cache
datatransfers.Theprimarydifferencesamongtheseschemes
is how they structuretheir metadatadirectories. In wide
areanetworks, the WAN-xFS proposal[10] usesa hierar-
chy of metadatanodesto improvescalability, andtheCRISP
cache[18] usesa centralizedglobaldirectory. Recently, the
designersof CRISPhavehypothesizedthathashingtheglobal
directory for scalability or cachingportions of this global
directory at clients might be a useful addition to their de-
sign [17]. Hints have alsobeenexaminedfor reducingco-
ordinationin LAN cooperativecachesystems[38].

Two other systemsindex remote cachecontentsusing
Bloom filters [15, 1]. The primary differencebetweenthe
Bloom filter systemsandoursis our useof a scalablehierar-
chy to distributelocationinformation.In contrast,theBloom
filter sytemsbroadcastormulticastupdatesto all copiesof the
index. Our distribution hierarchymakesit feasibleto share
dataamonga largernumberof cachesandalsoprovidesuse-
ful signalsfor our pushalgorithms. The specificdatastruc-
ture usedto storelocationinformationis an implementation
detail,andthechoicemaydependon thescaleof thesystem
being considered.Bloom filters provide a compactway to
representthe contentsof a singlecache,but their total size
grows linearly with the numberof cachesindexedtimesthe
numberof objectsin eachcache.Hint cachehashtablesstart
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off larger, but grow with the numberof unique itemsin the
system.

Several systems,including the Internet CacheProtocol
(ICP) [46] andZhanget. al’sadaptivecachingproposal[48],
replacedirectorieswith multicastqueriesto nearbycaches.
An advantageof maintaininghint cachesratherthanmulti-
castingqueriesis thatthepropagationof hintshappensinde-
pendentof hint lookups.Conversely, multicastquerieslocate
objectsondemandby polling neighboringcaches,potentially
increasinglatency. An additionaladvantageof maintaining
hint cachesis thatanodewith ahint cachecan“query” virtu-
ally all of thenodesin adistributedsystematonce.Thisfacil-
itatesthedesignprincipleof maximizingsharingby allowing
a cacheto benefitfrom thecontentsof any othercachein the
cooperative system.In contrast,multicast-basedapproaches
generallylimit sharingto amodestcollectionof nearbynodes
in order to limit the overheadof respondingto queriesand
to limit the time spentwaiting to hear from all neighbors
on cachemisses.Multicast-basedsystemsgenerallypursue
more widespreadsharingby breakingsearchesinto several
hops,eachof which involvesa multicastto a groupof nodes
nearerto thecacheroot or to thedataserver thanthehopbe-
fore. This effort to increasesharing,unfortunately, increases
thenumberof hopson ahit or miss.

Several efforts to provide cachingthat is closely tied to
network topologyhave focusedon self configuration[4, 48],
which is acoredoalof ourdynamichierarchy.

SeveralstudieshaveexaminedInternetworkloadsin depth
with the goal of understandinghow to improve perfor-
mance[2, 6, 14, 21]. Thesestudiessupport the conclu-
sionthatcachearchitecturesthatscaleareimportantbecause
increasingthe numberof userssharinga cachesystemin-
creasesthehit ratesachievableby thatsystem.Rousskov [36]
andMaltzahnet. al [30] measurethe performanceof cache
servers deployed in the field and examinewhy the perfor-
manceof theseservershasbeenworsethanlaboratorytests
predicted[8]. Thesestudiessuggestthatlong network round
trip latenciesmaybea significantfactor.

Hierarchicalcachinghasbeenexaminedin thecontext of
file systems[5, 37, 20]. MuntzandHoneyman[32] concluded
thattheadditionalhopsin suchasystemoftenmorethanoff-
setimprovementsin hit rateandcharacterizedtheextra level
of cacheasa “delay server.” We reachsimilar conclusionsin
thecontext of Internetcaching,leadingto our designprinci-
pleof minimizing thenumberof hopson ahit or miss.

Severalresearchershaveproposedimproving thescalabil-
ity of a datahierarchyby splitting responsibilitiesaccording
to a hashfunction [12, 44]. This approachmay work well
for distributing load acrossa setof cachesthatarenearone
anotherand near their clients, but in larger systemswhere
clientsarecloserto somecachesthanothers,the hashfunc-
tion will preventthesystemfrom exploiting locality.

Severalstudieshaveexaminedpushcachingandprefetch-
ing in thecontext of webworkloads[22, 23, 34]. Thesesys-

temsall usedmore elaboratehistory information to predict
future referencesthan the algorithm we examine. Because
large, sharedcachesdo a good job at satisfyingreferences
to popularobjects,weexploreprefetchingstrategiesthatwill
work well for the remaininglarge numberof objectsabout
whoseaccesspatternslittle is known. Kroeger et. al [27]
examinedthelimits of performancefor cachingandprefetch-
ing. They foundthattherateof changeof dataandtherateof
accessesto new dataandnew serverslimits achievableper-
formance.

6 Conc lusions
Although cachingis increasinglyusedin the Internetto re-
ducenetwork traffic andtheloadon webservers,it hasbeen
lesssuccessfulin reducingresponsetimeobservedby clients.
We examineseveral environmentsand workloadsand con-
cludethatthismaybebecausetraditionalhierarchicalcaches
violateseveralbasicdesignprinciplesfor distributedcaching
ontheInternet.To addressthesesystems,hehaveconstructed
ahint hierarchythatsupportsdirectaccessandpush.Overall,
our techniquesprovidespeedupsof 1.27to 2.43comparedto
a traditionalcachehierarchy.
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