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Abstract

In this paper we describethe designandimplementatiorof
anintegratedarchitecturdor cachesystemghatscaleto hun-
dredsor thousandof cacheswith thousandgo millions of
users.Ratherthansimply try to maximizehit rates,we take
an end-to-endapproachto improving responsdime by also
consideringhit timesand misstimes. We begin by studying
several Internetcachesand workloads,and we derive three
coredesignprinciplesfor large scaledistributed caches:(1)
minimize the numberof hopsto locateand accesgdataon
both hits and misses,(2) sharedataamongmary usersand
scaleto mary caches,and (3) cachedatacloseto clients.
Our stratgiesfor addressingheseissuesare built arounda
scalable high-performancealata-locationservicethat tracks
whereobjectsare replicated. We describehow to construct
sucha serviceandhow to usethis serviceto provide direct
accesdo remotedataand push-basediatareplication. We
evaluateour systemthroughtrace-drvensimulationandfind
thatthesestratgiestogetherprovide responsdime speedups
of 1.27to 2.43 comparedto a traditional three-level cache
hierarchyfor a rangeof traceworkloadsandsimulatedervi-
ronments.

1 Introduction
The growth of the Internetand the World Wide Web allow
increasingnumberof usersto accessrastamountsof infor-
mation storedat geographicallydistributed sites. However,
long round-trippropagatiordelaysbetweerclientandsener
sites,aswell as hot spotsof network and sener load yield
high latenciedor informationaccess.
Cachingprovidesanopportunityto combathislateng by
allowing usersto fetch datafrom a nearbycacheratherthan
from a distantsener. But becauseiserstendto accessnary
sites, eachfor a short period of time, hit ratesof peruser
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ries, Mitsubishi ElectronicResearchLaboratorieMERL), NASA, Novell,
and Sun Microsystems. Dahlin was also supportedby an NSF CAREER
grant (CCR-9733842)and Vin was also supportedoy an NSF CAREER
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cachesarelow. Thus,someorganizationhave begunto uti-
lize sharegoroxy cacheg19] or hierarchicatache$8] sothat
eachusercanbenefitfrom datafetchedby others. Current
sharecdtachearchitecturegaceadilemma.Ononehand they
wishto sharedataamongalarge numberof clientsto achieve
goodhit rates. On the otherhand,asa sharedcachesystem
servicesnoreclients,theresponséimeit providesto ary one
client worsensdueto the increasedlistancebetweenclient
andcache the increasedoad on the cache,or the increased
numberof levelsin the cachehierarchy Thus,thesehierar
chiesof datacachesachieve modesthit rates[2, 14, 19, 21],
canyield poorrespons¢imesonacachehit [30, 36], andcan
slow down cachemisses.

This paperexaminestechniquedor building systemsof
shared,distributed cachesthat scaleto hundredsor thou-
sandsof cacheswith tensof thousandgo millions of users.
We believe our techniqueswill be of interestto system
designersbuilding large-scale distributed cacheinfrastruc-
turesin a range of ernvironmentsincluding network ser
vice providers,independenserviceproviders,cacheservice
providers[9, 33, 40, 45], collectionsof cachedinked by for-
mal serviceagreementf39], andlargeintra-nets.

Usingmeasurementsf severalcacheonthe Internetand
analysiof severaltracesof webtraffic, wefirst attempto un-
derstandhefactorsthatlimit the performancef currentweb
cachesWe find thatto provide goodperformanceo theend
user it isimportantnot only to maximizehit rates but alsoto
improve hit timesand misstimes. Basedon thesemeasure-
ments,we derive threebasicdesignprinciplesfor large-scale
caches:(1) minimize the numberof hopsto locateand ac-
cesgdataon bothhitsandmisses(2) sharedataamongmary
usersand scaleto mary caches,and (3) cachedataclosed
to clients. Although theseprinciplesmay seemobvious in
retrospecteurrentcachearchitecturesoutinely violate them
at a significantperformancecost. For example,hierarchical
cachesn the United Statesareoften seenasa way to reduce
bandwidthconsumptiorratherthanasa way to improve re-
sponsdime.

To addresgheseprinciples, we designa scalable,high-



performancelata-locatiorservicethat trackswhere objects
arereplicated. We describehow to constructsucha service
andhow to usethis serviceto meetour designprinciplesvia
directaccesgo remotedataandpush-basedatareplication.
Throughsimulationusinga rangeof workloadsandnetwork
ervironments,we find that direct accesdo remotedatacan
achieve speedup®f 1.3to 2.3 comparedo a standardhier-
archy We alsofind that pushingadditionalreplicasof data
providesadditionalspeedupsf 1.12to 1.25.

We constructour data-locationserviceusing a scalable
hint hierarchyin which eachnodetracksthe nearestocation
of eachobject. Scalabilityandperformancef thehint hierar
chy comesfrom four sources First, we usesimple,compact
datastructurego allow eachnodesview of thehint hierarchy
to trackthelocationmary objects.Secondthe locationsys-
temsatisfiesall on-linerequestdocally usingthe hint cache;
the systemonly sendsnetwork messagethroughthe hierar
chyto propagaténformationin thebackground—dfthecrit-
ical pathfor end-userrequests.Third, the hierarchyprunes
updatesso that updatesare propagatednly to the affected
nodes. Fourth, we adaptPlaxtons algorithm[35] to build a
scalablefaulttoleranthierarchyfor distributing information.

We have implementeda prototypeof our systemby aug-
mentingthewidely-deployedSquidproxy cache45].% It im-
plementsint cachespush-on-writeandself-configuringdy-
namichierarchies.

The restof the paperis organizedasfollows. Section2
evaluatesthe performanceof traditional cachehierarchies
and examinesthe characteristicof several large workloads
andthen derives a setof basicdesignprinciplesfor large-
scale distributedcaches.Section3 providesanoverview of
our design,and Section4 discussesmplementationdetails
andevaluatessystemperformance Section5 surnweysrelated
work, andSectioné summarizesur conclusionandoutlines
areador futureresearch.

2 Evaluating traditional cache hierar chies

In this section,we evaluatethe performanceof traditional
cachehierarchiesusing measurementsf seseral cacheson
thelnternetandtrace-drvensimulationswith thegoalof un-
derstandinghefactorsthatlimit cacheperformance.

2.1 Workload characteristics

We examinehow characteristicef webworkloadsstresdif-
ferentaspect®f sharedcachesystemsWe find that:

e Cachesystemsshouldshare data among many clientsto
reducecompulsorymissegmissesdueto thefirst refer
encesto objectsby clients)andscale to large numbers
of caches.

1The simulator  and prototype  are available at

http://lwwwcs.uteas.edu/userski@ri/cuttl efish.

Trace # of Accesses  Distinct Dates  #of
Clients  (millions) URLs Days
(millions)
DEC[13] 16,660 221 4.15 Sep96 21
Berkeley [21] | 8,372 8.8 1.8 Novo6 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 ontothe
system.

e Cachehit time constitutesa significantfraction of the
total informationaccesdateng. Hence cachearchitec-
turesshould minimize the cost to access a cache.

e Evenanideal cachewill have a significanthnumberof
compulsoryand communicationmisses(missesto ob-
jectsthathave changedincethey werelastreferenced.)
Thus,cache systems should not slow down misses.

We alsofind that capacitymisses(missesto objectsthat
have beenreplaceddueto limited cachecapacity)area sec-
ondaryconsideratiorfor large-scalecachearchitecturede-
causét is economicato build shareccachesith smallnum-
bersof capacitymissesIf moreaggressietechniquegor us-
ing cachespaceareused(for example,pre-fetchingandpush
caching),capacitymayagainbea significantconsideration.

2.1.1 Methodology

Our simulationexperimentsusethreemulti-day tracestaken

at proxiesservingthousand®f clients. Table 1 summarizes
key parameters.In analyzingthe cachebehaior of these
traces,we usethe first two daysof eachtraceto warm our

cachedeforegatheringstatistics.

To determinevhenobjectsaremodifiedandshouldnotbe
servicedfrom the cachewe usethelast-modified-timenfor-
mation providedin the DEC traces. For the othertracesor
whenthe DEC tracedoesnot containthe last-modified-time
information,we infer modificationsfrom documensizesand
return valuesto if-modified-sincerequests. Both of these
stratgieswill misssomeof the modificationsin thesetraces.

Current web cache implementationsgenerally provide
weakcacheconsisteng via ad hocalgorithms.For example,
currentSquid cachesdiscardary dataolder thantwo days.
In our simulations,we assumehatthe systemapproximates
strong cacheconsisteng by invalidating all cachedcopies
whenever datachange. We do this for two reasons. First,
techniquedor approximatingor providing strongcachecon-
sisteng in thisenvironmentareimproving [24, 29, 47], sowe
expectthis assumptiorto be a goodreflectionof achievable
future cachetechnology Second,weak cacheconsisteng
distortscacheperformanceeither by increasingapparentit
ratesby counting“hits” to staledataor by reducingapparent
hit ratesby discardingperfectly good datafrom caches.In
eithercase this would adda potentiallysignificantsourceof
“noise” to our results.



Thesetraceshave two primary limitations that affect our
results. First, althoughwe use traceswith thousandsof
clients, it still represent®nly a small fraction of the client
populationontheweh Severalstudied6, 14, 21] suggesthat
will improve asmoreclientsareincludedin a cachesystem
Thesecondimitation of thesetraceds thatthey aregathered
at proxiesratherthanat clients. Thus,all of thesetraceswill
display lesslocality and lower total hit ratesthanwould be
seerby clientsusingsucha system.

2.1.2 Sources of cache misses

Figure 1 shows the breakdevn of cachemissratesandbyte

missratesfor aglobalcachesharedy all clientsin thesystem
ascachesizeis varied. The cacheusesLRU replacement.
Missesfall into four categories:

1. Compulsorymisses. Thesemissescorrespondto the
first accesdo anobject. The two key strategjiesfor re-
ducingcompulsorymissesareincreasinghe numberof
clients sharinga cachesystemand prefetching. Facili-
tating sharingis animportantfactorin designinglarge
scalecachesandwe discusssharingin detailin thenext
subsectionWe do notaddresgrefetchingn this paper

2. Capacitymisses. Thesemissesoccur when the sys-
temreferencesinobjectthatit haspreviously discarded
from the cacheto make spacefor anotherobject. Our
original intuition had beenthat it would be important
to coordinatethe contentsof differentcachesto mini-
mize capacitymisses. However, the datasuggesthat
for shareccachescapacitymissesarearelatively minor
problemthat can be adequatelyaddressedby building
cachenodeswith a reasonableamountof disk space.
This study therefore,doesnot focus on coordinated
cachereplacemenll, 16].

3. Communication/consistegc Thesemissesoccurwhen
a cacheholdsa stalecopy of datathat hasbeenmodi-
fied sinceit wasreadinto the cache.Providing efficient
cacheconsisteng in large systemss a currentresearch
topic[24, 29, 47], andwe do not focuson thatproblem
here. We do note, however, that the datalocation ab-
stractionwe constructcouldalsobea building block for
ascalableconsisteng system10].

4. Uncachable/errorObjectsare marked “uncachable’or
encounteerrorsfor anumberof reasonssomeof which
might be addressedby more sophisticatedacheproto-
cols that supportbettercacheconsisteng, cachingdy-
namically generatedesults[41], dynamicallyreplicat-
ing seners [43], negative result caching[31, 8], and
cachingprogramsalongwith data[7, 42]. We donotad-
dresssuchprotocol extensionshere. Also, becausave
are interestedin studyingthe effectivenessof caching
stratgjies,for the remaindeof this study we do notin-
clude“Uncachable’or “Error” requestsn our results.
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Figure 2: Overall perreadhit rate (HR) and perbyte hit rate
(BHR) within infinite L1 cachessharedby 256 clients, infinite L2
cachessharedby 2048,andinfinite L3 cachessharedby all clients
in thetrace.As sharingincreasessodoestheachiezablehit rate.

For all of thetracesevenanideal cachewill suffer asig-
nificantnumberof misses.Thus,onekey designprincipleis
thatin additionto having good hit ratesand good hit times,
cachesystemsshouldnot slow 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 cachethe compulsorymissratefor thatcache
falls becauséat becomedesslikely thatary givenaccesgo

anobjectis thefirst accesgo thatobject. For example,in the

DECtracegoingfrom a256-clientshareccacheto a16,336-
clientshareccacheimprovesthebytehit rateby nearlyafac-

tor of two. Prior studieg21, 14, 6] have alsoreachedsimilar

conclusionsThischaracteristiof theworkloadsuggestshat

cachesystemsshouldaccommodatéarge numbersof clients
andtherebyreducecompulsorymissrates.

For cacheawith differentdegreesof sharing,Figure3 de-
pictsthevariationin therequestesponsgimeswith increase
in the distancebetweenclients and the sharedcache. It il-
lustratesa dilemmafacedby the designersof sharedproxy
cachesalthoughit isimportantto shareacacheamongmary
clients,it is alsoimportantthat the sharedcachebe closeto
clients. For example,a 256-clientcachewith an averagehit
time of 50 ms canoutperforma 16,336-clientcachethat av-
erages300msperaccess.

Another limitation of large, monolithic cachesis load.
Duskaet. al [14] point out that sharedcachesequirethou-
sandf clientsandthatMaltzahnandRichardsor30] found
that peakprocessothroughputof the Squidv1.1 proxy was
lessthan35reqg/sonaDigital AlphaStation2504/266.Grib-
ble and Brewer obsene that requestratesare bursty at the
time scaleof secondg21]. In our traceswe found peakre-
questratesof 2850req/s(139MB/s) overperiodsof 1 second
and peakratesof 294 req/s(14.4 MB/s) over periodsof 10
seconds.Although processoperformancewill improve, we
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Figure 1: Requesmissratesandbyte missratesfor the fracesexaminedin this study For eachgraph,we catayorize missesascapacity

for accesseto datathathave beendiscardedrom the cacheto make spaceor otherdata,communication for accesset datathathave been
invalidatedfrom the cachedueto anupdate error for requestshatgeneratenerrorreply, uncachable for requestshatspecifythatthe cache
mustcontactthe sener to retrieve the result,for non-GETrequestspr for requestghat are designatedas CGI requestsn the traces,and

compulsory for thefirst accesdo anobject.

also expectthe numberof web users,perrequestsize, and
peruserrequestratesto increase especiallyas multimedia
contentbecomesnoreprevalent.

2.2 Analyzing traditional cache hierar chies

Hierarchicalcacheattempto resohethedilemmaof sharing
versudocality andscalabilityby puttingdifferentcachesear
different groupsof clients, and sendingmissesfrom these
L1 cachesthroughadditionallayers of cacheexploit shar
ing. This subsectiorexamineshow sucharrangements/ork
in large-scalesystems.

Traditional hierarchicalcachearchitecturesuchas Har
vest[8] or Squid[45] defineparent-childelationshipamong
caches.Eachcachein the hierarchyis sharedby a group of
clientsor agroupof childrencachesDataaccesproceedsis
follows: if thelowest-level cachecontainsthe datarequested
by a client, it sendsthe datato the client. Otherwise,the
cacheaskseachof its neighborsfor the data. If noneof the
neighborgpossesshe data,thenthe cachesendsa requesto
its parent.This processecursvely continuesupthehierarchy
until thedatais locatedor therootcachefetcheghedatafrom
thesener. The cacheghensendthe datadown the hierarchy
andeachcachealongthe pathstoresthe data.

Although hierarchiessuchasHarvestand Squidwerede-
signedunderthe assumptionthat cachescould be layered
without addingmuchdelay|[8], we hypothesizehattwo as-
pectsof this architectureas appliedto Internetcachescan
significantly limit performance.First, the costof accessing
a seriesof cachesin the hierarchyaddssignificant“store-
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Figure 3: Responsdime for cacheswith differentdegreesof
sharingasthedistancebetweerclientsandcachesncrease

and-forward” delay$ to higherlevel cachehits andto cache
misseq32]. Secondwhenhigh-level cachesservicea large
numberof clientsdistributedover a large geographiaegion,
the network delaysbetweena client and a high-level cache
may be large, which reduceghe benefitof hits to far-away
caches.

To examinetheseeffects, we usetwo sourcesof infor-
mation. First, to understandhe detailsof performancean a
controlledenvironment,we constructatesthierarchyandex-
amineit undera syntheticworkload. Secondto understand
how suchsystemgerformin real hierarchiesandunderreal
workloads we examineRousslkv’'s measurementsf several
Squidcachedeployedat differentlevels of a hierarchy[36].
Although Squid supportsthe InternetCacheProtocol (ICP)

2|n Squid, requestsare propagatedising store-and-fonard but replies
may be pipelinedacrossodes.



[ Cache | Location | Machine |
Client | UC Berkeley 166MHz SunUltraSparcs
L1 UC Berkeley 166MHz SunUltraSparcs
L2 UC SanDiego 150MHz DEC 2000Model 500
L3 UT Austin 166MHz SunUltra2
Sener | CornellUniversity | DEC Alpha

Table 2: Testbechierarchy

to allow a cacheto queryits neighborsbeforesendinga miss
to a parent[46], sincewe areinterestedn the bestcostsfor
traversinga hierarchyneitherconfigurationwe examineuses
ICP.

Ouranalyseslemonstratethat:

e The perhopcostfor traversingmultiple levels of cache
is significant.Hence the cachesystemshouldminimize
the number of hops to locate and access data.

¢ Dueto thenetwork overheaddistantcachesnaybeex-
pensve to access.Hence,data should be cached close
to clients.

2.2.1 Analysis of atestbed hierarchy

We constructedh testbedo examinethe relationshipamong
cachesn alarge,three-level hierarchyin whichalevel-1(L1)

cacheservicesa departmenta level-2 (L2) cacheservicesa
stateandalevel-3(L3) cacheservicesalargeregion. Table2

details our testbed. Although thesecachesare distributed
acrossalargegeographiaegion, they arerelatively well con-
nected,so somelessambitioushierarchieamay have similar
characteristicsEachcacherunsversionl.1.17of Squid. The
client and L1 cacheare connectedby a switched10Mbit/s
Ethernet. All of the sitesare connectedo the Internetvia

45Mbit/s T3 connectionsandthe backboneconnectiondbe-
tweenall sitesareatleastT3.

For our experiments,we arrangedfor a specificlevel of
the cacheto containan objectof a specifiedsize. An instru-
mentedclient thentimed how long it took to getthat object
from the hierarchy We repeatedhis experiment10 timesfor
eachconfigurationof the cachesover the courseof 3 hours
duringthe late afternoonon severalweekdaysanddiscarded
the high and low valuesobsened. Eachdatapoint in the
graphsin Figure4 representthemeanof theremainingeight
measurements.

Notethat, in our experimentsthe cachesvereidle other
than our requestswhich were madeone at a time. If the
cacheswere heaily loaded,queuingdelaysandimplemen-
tation inefficienciesof the cacheq30, 3] might significantly
increasethe perhop costswe obsene. Busy nodeswould
probablyincreasethe importanceof reducingthe numberof
hopsin a cachesystem.

Figure4(a) shows the performancavhenthe testbeduses
the standardthree level data hierarchy In contrast, Fig-
ure 4(b) shawvs the accesgime whenthe Berkeley client ac-
cesseghe Berkeley, SanDiego, and Austin cachegdirectly

by circumwventingthe hierarchy Figure 4(c) shavs the case
whendirect accessesustalways go throughthe L1 cache
suchaswhenthe L1 cacheactsasa firewall for the clients.
Thesemeasurementsupportand quantify the intuition that
accessing seriesof cachesn ahierarchyincursasignificant
cost. For instance the differencebetweenfetching an 8KB
objectfrom the Austin cacheaspartof a hierarchycompared
to accessingt directly is 545ms. Putanothemway; if thesys-
tem could “magically” sendrequestdirectly to the correct
level of the hierarchyandthatlevel of the hierarchysendthe
datadirectly backto the client that needsit, a level-3 cache
hit time couldspeedup by afactorof 2.5for an8KB object.

Figure4(b) alsoindicatesthatevenif a cachearchitecture
wereableto avoid thecostof multiple-hopsaccessinglistant
cachesis still more expensve than accessinghnearbyones.
This conclusionis not surprising; accessing distantnode
onthelInternetwill increasdateny dueto increasedouting
distanceandincreasedisk of encounteringnetwork conges-
tion. This experimentsuggestghatin additionto reducing
the numberof hopsneededo accesdistantdata,cachehi-
erarchieshouldtake actionto accessiearbydataasoftenas
possible.

2.2.2 Analysis of Squid hierar chies

Rousskv [36] haspublisheddetailedmeasuremenisndper
formanceanalysisof several Squid cacheghataredeployed
onthe Internetin the United Statesand Europe.We usethat
informationto derivetheestimategor theminimumandmax-
imum accesgimesto differentcachelevels summarizedn
Table3.

We derive theseestimatesby computingthe time that a
leaf, intermediate,and root cachetook to servicea hit for
a requestsentfrom the next level down in the hierarchy
Rousskv breaksdown hit responsdime into threecompo-
nents:“Client connect, (thetime from whenthe cache$ ac-
cept()systencall returnsuntil thecachenasaparsableHTTP
request,)'Disk,” (thetime it takesto swap in datafrom the
disk,) and“Proxy reply,” (the time it takesto sendthe data
back on the network.) Since Rousskv gatheredthe mea-
surementsat the proxy cacheswe must estimatethe miss
time by looking at his measurementsf how long the top-
level proxy spentwaiting to connectto andreceve datafrom
missseners.Rousskv measuredhesevaluesovera24-hour
periodfor eachcacheand publishedthe medianvaluesdur-
ing each20-minuteperiod. Table 3 shavs the minimumand
maximumvaluesseenfor these20-minutemedianshetween
of 8AM and5PM.

We estimateboundson the time to accessan objectin
eachlevel of a hierarchyby addingthe minimum or maxi-
mum client connectionand proxy reply times for all levels
thatmustbetraversedandthenaddingthediskresponsdime
for the highestlevel cacheaccessedWe estimateboundson
the total responséime to directly accesssomelevel of the
cacheby addingthe minimumor maximumclientconnection
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fetcheddirectly from eachcacheandsener; and(c) all requestgio throughthe L1 proxy andthendirectly to the proxy or sener.
ClientConnect Disk ProxyReply || TotalHierarchical | TotalClientDirect | TotalvialLl
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

128 256 512

a C
4. Measuredaccessimesin thetestbedor objectsof varioussizes:(a) objectsaccessethroughathree-lerel hierarchy;(b) objects

Table 3: Summaryof Squidcachehierarchyperformancéasedon Rousskv’'s measurementsll the measurementarein ms.

time, diskresponsdime, andproxy reply time. Notethatthis
calculationdoesnot accountfor possiblepipelining between
thedisk response¢ime andthe proxy reply time.

Theseresultssupportthe samegeneralconclusionsasthe
measurementsf ourtestbedhopsareexpensve,andaccess-
ing far away cacheds expensve. Thesedatasuggestache
systemsmay pay a particularly high penalty for accessing
distantcachegduring periodsof high load. For example,di-
rectly accessing leaf cacheduring periodsof low load costs
163 mswhich is twice asfastasthe 320 ms costof directly
accessingtop level cache.However, thetop level cacheex-
perienced 20-minuteperiodduringwhichthemedianaccess
time was2850ms, whereaghe worst 20-minutemedianac-
cesstime for the leaf cachewas 352 ms. Our interpretation
is that althoughaccessinglistantcachescanbe tolerablein
the bestcase,cachingdatanearclientsmay be animportant
techniquefor insulatingclientsfrom periodsof poor perfor
mance.

3 Design overview

In the previous section we derivedthreebasicdesignprinci-

plesfor large-scalecaches{1) minimizethe numberof hops
to locateand accesdataon both hits and misses,(2) share
dataamongmary usersand scaleto mary cachesand (3)

cachedatacloseto clients. In this section,we describethe

stratgjies we pursueto addresghesedesignprinciplesand
provide a high-level descriptionof our specificimplementa-
tion of thesestratejies. The next sectionwill provideamore
detailed,quantitatve analysisof the systemand our design
decisions.

Oursystemis build arounda scalabledata-locatiorservice
called the hint hierarchywhich allows eachnodeto know
the nearestiocation of eachobject. Scalability and perfor
manceof the hint hierarchycomesfrom four sources.First,
we usesimple,compactdatastructureso allow eachnodes

view of the hint hierarchyto track the location of mary ob-
jects. Second,the location systemsatisfiesall on-line re-
questslocally using the hint cache;the systemonly sends
network messageshroughthe hierarchyto propagatenfor-
mationin the background—adfthe critical pathfor end-user
requests. Third, the hierarchyprunesupdatesby propagat-
ing themonly to the affectednodesto supporta globalindex
while usingminimal bandwidth. Fourth, we adaptPlaxtons
algorithm[35] to build a scalablefaulttoleranthierarchyfor
distributing information.

Thehint hierarchyprovidestheinformationneededy two

basicstratgiesfor providing goodperformance.
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Thefirst basicstratey is direct access of remotelycached

data. Underthe ideal direct accessstrateyy, a client locates
thenearestopy of datausinganoracleandsendsts request
directly to the nearessharedcachethat containsthe desired
dataor directly to the sener if no cachecontainsthe data.
Cachesand senersthat receve suchrequestsendthe data
directly backto the client. As we illustratedin the previous
sectiontraditionalsingle-level cachesanlimit sharingwhile
multi-level cachessuffer high perhop costswhenthey force
hitsandmissedo traversemultiple layersof ahierarchy This
ideal directaccesstratgy, on the otherhand,minimizesthe
numberof hopsto locateandaccesglata(principle 1) while
allowing widespreadharing(principle 2).

Thehint hierarchyallows usto approximatehis directac-

cessstratgyy using hint caches. Clustersof nearbyclients
sendtheir requestdo a sharedL1 proxy cache. The proxy
consultsa local hint cachethat containsa mappingfrom the
ID of theobjectbeingrequestedo thelD of thenearesproxy
cachethat containsthe object. The first proxy sendsthe re-
questdirectly to the second,which sendsthe datadirectly
back. Theclient’s proxy thensendgshedatato the clientthat



issuedtherequest

Our secondbasicstratgy is push. As the datain the pre-
vious sectionindicate, even with direct accessthe cost of
accessinglatafrom a nearbycacheis muchlower thanthe
costof accessinglatafrom a distantcache.For example,in
thetestbedhierarchylL1 cacheaccessefor 8KB objectsare
4.7 timesfasterthandirectaccesset cacheghatareasfar
away asL2 cachesand6.2 timesfasterthandirectaccesgo
cacheghatareasfar away asL3 caches.The goal of push
is to improve hit time by pushingobjectsnearcacheghatare
likely to referencethemin the future. The ideal pushalgo-
rithm postulateghat whenever an objectis broughtinto the
system|t is magicallypushedo all L1 cachesn the system
thatwill referencethe datain the future; thusall L2 andL3
hits becomd_1 hits.

We examine several simple, practical approximationgo
thisidealthatareenabledoy theinformationin thehint hier
archy Push-on-update is basedon the obsenationthatwhen
anobjectis modified, the proxiescachingthe old versionof
the objectarea goodlist of candidatedo referencethe new
versionof the object. Thus,whena cachefetchesan object
dueto acacheconsisteng miss,it pushegheobjectto caches
storingold versionsof it. The push-shared algorithmis based
ontheintuition thatif two subtree®f anodein themetadata
hierarchyaccessanitem, it is likely thatmary subtreesn the
hierarchywill accessheitem. Thus,whenoneproxyfetches
datafrom anotherit alsopusheghedatato a subsebf prox-
ies that sharea commonmetadataancestar Both of these
algorithmsare simple, and they achiere a significantfrac-
tion of the total performanceachieved by the ideal stratagyy.
However, thereis roomfor more sophisticatedlgorithmsto
achieve furthergains.

4 Detailed design and evaluation

This sectiondetailsour designandimplementationFor each
aspectof the design,we examine overall performanceand
majordesigndecisionsandwe discussarea®f potentialcon-
cern.Whenappropriateye usesimulationresultsto examine
ourdecisions.

We have implementeda prototype of our systemthat
implements a hint hierarchy hint caching, and push
caching[25]. It is basedn Squid1.1.20[43 andnamedCut-
tlefish.

4.1 Hint caches and direct access

Local hint cachesallow cachego approximatehe directac-
cessstratgy. A hint is an {objectld, nodeld} pair where
nodeldidentifiesthe closestcachethat hasa copy of objec-
tld. In orderto facilitate the principlesof minimizing hops
and allowing widespreadsharing,the hint cachedesignal-

3An obvious optimization, not currentlyimplementedn our prototype,
is to sendthe objectdirectly backto the client, andthenin the background
pushthedatato theclient’s proxy.

lows cachedo storelargenumbersf hintsandto accesshem
quickly.

An importantimplementatiordetailin our prototypeis our
decisionto usesmall, fixed-sizedrecordsandto storehints
in asimplearraymanagedasa k-way associatie cache.In
particular our designstoresa nodes hint cachein a mem-
ory mappedfile consistingof an array of small, fixed-sized
entries. Eachentry consumed 6 bytes: an 8-byte hashof a
URL andan 8-bytemachinedentifier.

We storea URL hashratherthana completeURL to save
spacein the tableandto ensurethatentriesareof fixedsize.
Small recordsimprove performanceby allowing a nodeto
storehint entriesfor alargenumberof objectsthisfacilitates
the principle of maximizingsharing. Small recordsalsore-
ducethe network costof propagatindints,andthey allow a
largerfractionof thehint tableto becachedn agivenamount
of physicalmemoryto avoid disk accesses.

If two distinct URLs hashto the samevalue, the hint for
oneof themwill beincorrectandanodemaywastetime ask-
ing anothercachefor datait may not have. In thatcase,be-
causeahereadrequestontainghefull URL, theremotenode
returnsanerrorandthefirst nodetreatstherequesasamiss.
With 64-bithashkeys basedn MD5 signature®f URLS,we
do not anticipatethat hashcollisionswill hurt performance.
In fact, somehint cacheimplementorsmay considerreduc-
ing thekeysto 32 bits to increasehereachof the cachefor a
givenhint cachesize.

Fixed-sizedecordssimplify andspeedupaccessvhenthe
hint cachedoesnot fit in physicalmemory The systemcur-
rently storeshintsin anarraythatit managessa 4-way as-
sociatve cacheindexed by the URL hash,andit mapsthis
arrayto afile. Thus,if aneededintis notalreadycachedn
memory the systemcanlocateandreadit with a singledisk
acces$.

We storeentriesin a 4-way associatie cacheratherthan,
for instance maintaininga fully-associatve LRU list of en-
triesto reducethe costof maintainingthe hint cachewhenit
doesnot fit in memory We include a modestamountof as-
sociatvity to guardagainstthe casewhenseveralhot URLs
landin the samehashbucket.

Ourimplementatiorof hint cachesapproximatesheideal
of direct access.However, threeaspectof the designmay
limit its performanceFirst,wefocusonaproxy-basedmple-
mentatiorof hint cachesatherthana configurationwhereall
clientsmaintainlocal hint cachesSecondthehint cachedata
structureis smallerand slower thanthe ideal oracle. Third,
hint cachesmay containan out of datepicture of whereob-
jectsarecached.

4We currentlystorethearrayin afile, soaccessesaycausealiskaccesses
of file systemindex structures.It would be trivial to storethis arrayon the
raw disk device if we find thesemetadataccessew beexpensve.



4.1.1 Overall performance and configuration

We will usethe following simulationconfigurationthrough-
outthepaper Asin Figure2, we assumehatwhenthesystem
is configuredas a 3-level hierarchy clustersof 256 nearby
clients sharean L1 cache,groupsof 2048 clients sharean
L2 cacheandall clientsin thetraceshareanL3 cache.We
parameteriz¢he distancebetweerclientsin thesecategories
usingthe Testbed timesshawn in Figures4 andthe Min and
Max accesgimesmeasuredy Rousskv. Our directaccess
andhint configurationsaresimilar, but they usethe Total Di-
rect andTotal via L1 timesfrom thosefigures.We simulated
performanceor both infinite-sizedcachesandfinite, 5 GB
caches. For the finite cachecase,we resened 10% of the
spacefor hint cachesvhenappropriate.Due to spacelimi-
tations, unlessotherwisenotedwe display the graphfor in-
finite cachesand omit the graphsfinite-caches.As Figure 1
suggestsye found that cachesizeis a secondanfactorfor
performanceandour finite cacheresultsarequalitatively the
sameasour infinite cacheresults.

To quantifythe overall performancef the systemandex-
amine the impact of assuminga proxy-basedmplementa
tion, Figure5 shavs the simulatedperformancéor the DEC,
Berkeley, and Prodigy tracesundera seriesof algorithms.
The figure providestwo baselinesfor performance. It in-
cludesatraditional3-level hierarchyandabest case L1 cache
thatis sharedby all clientsin the system but thatis asclose
to all clientsasthe smallerL1 cachesusedin the standard
configuration.

First, notethatthis configurationis designedo let us ex-
plore how different architecturesbalancesharing, locality,
andscaling. As the barsfor the best case L1 cacheshaw,
if theunderlyingphysicalnetwork andcachemachinesallow
sharingto be increasedvithout increasingcacheaccesdle-
lays,the bestconfigurationis alarge,sharedcache.

Direct accesssignificantly outperformthe traditional 3-
level hierarchieswith speedupsangingfrom 1.3t0 2.9. The
additionalnetwork hop for the proxy-basechint cachecon-
figurationhurtsperformancenodestlycomparedo theideal
system. The realisticimplementationachiezes speedup®f
1.3to 2.3. For this setof network topologiesandworkloads,
anotherreasonablalternatveis for eachgroupof 256clients
to sharea L1 cachesbut not to sharecachesfurther Such
anapproacHalls shortof theideal directaccesgrotocolby
asmuchasa factorof 1.53andfalls shortof the hint cache
protocolby asmuchasafactorof 1.3.

An obvious extensionto our proxy-basechint cacheim-
plementationis to allow clientsto maintainlocal hint caches
andsendtheir requestgirectly to remoteproxy caches.We
focuson the proxy-basedcasebecauseve believe it would
malke deploymenteasierby (1) amortizingthe cost of hint
cachestorageacrossmultiple clients and (2) allowing de-
ploymentof the new cachetechnologyby modifying a rel-
atively small numberof proxiesratherthanmodifying client
browsers.In the future, moreaggressie implementation®f
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Figure 6: Hit rateassuminghatgroupsof 256 clientsfrom the
DEC traceeachaccessaninfinite proxy cacheandthat eachproxy
cachecanacces®therproxy cachesia ahint cacheof thespecified
size.Eachentryin the hint cachetakes 16 bytesandthey arestored
in a 4-way setassociatie arraywith total size specifiedin MB on
thex-axis.

thehint hierarchycould extendhint cachego clientsto more

closelyapproximateheidealforwardingcase.

4.1.2 Hint cache size

One obvious worry associatedvith hints is the storagere-
quirements How muchstorages requiredto trackthe near
estcopy all objectsin a large cachesystem? This number
turnsoutto besurprisinglyreasonable.

A nodes hint cachewill only be effective if it canindex
significantly more data objectsthan the node can store lo-
cally, andit will obsene the designprinciple of maximizing
sharingif it canindex mostor all of the datastoredby the
cachedn the cachesystem.As we describein detailin Sec-
tion 4.1, our systemcompressehintsto 16-byte,fixed-sized
records.At this size,eachhint is almostthreeordersof mag-
nitude smallerthanan averagel0 KB dataobjectstoredin
a cache[2]. Thus,if a cachededicatesl0% of its capacity
for hints, its hint cachewill index abouttwo ordersof mag-
nitudemoredatathanit canstorelocally. Evenif therewere
no overlap of what different cachesstore, sucha directory
would allow a nodeto directly accesghe contentof about
63 nearbycaches. Becausethe hint cacheneedonly store
oneentrywhenanobjectis storedin multiple remotecaches,
coverageshouldbe muchbroadeiin practice.Anotherway of
viewing capacityis to considerthe reachof a 500 MB index
(10% of amodest5 GB proxy cache).Suchanindex could
trackthelocationof over 30 million uniqueobjectsstoredin
acachesystem Finally considetthatin Octoberl998a 6 GB
diskcostsunder$160,suggestinghatflatindicesof hundreds
of millions to billions of objectsarefeasible.

Figure6 showvs how the sizeof the hint cacheaffectsover-
all performancén theDEC trace.Very smallhint cachegro-
vide little improvementbecausehey index little morethan
whatis storedlocally. For this workload,hint cachesmaller
than10 MB provide little additional“reach” beyond whatis
alreadycachedlocally, but a 100 MB hint cachecan track
almostall datain the system.

4.1.3 Delayed hint propagation

Although the systemusesdirect requestsand direct data
transferdor clientrequestsit propagatehintsthroughahier-
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Figure 7: Hit rateassuminghatgroupsof 256 clientsfrom the
DEC traceeachaccessaninfinite proxy cacheandthat eachproxy
cachecanacces®therproxy cachesia a hint cachethatis updated
the specifiednumberof minutesafter objectsappearor disappear
from caches.

archy We deferdetaileddiscussiorof hint propagatioruntil

after our descriptionof how the systemconfiguresthe hier-

archyin Section4.3. Here,we examinethe generalissueof

delayedhint propagation. Whereasthe oraclein the ideal-
ized direct accesgprotocol always knows whereto find the
nearesttopy of data,actualhint updatestake time to prop-
agatethroughthe system,so cachesmay make suboptimal
decisionsaboutwhereto sendtheir requests.

Figure7 quantifieshedependencef globalhit rateonthe
amountof time it takesto updatehintsin the system.In this
experiment,we assumehat whenever an objectis dropped
from a cacheto make spacefor anotherobjector anobjectis
addedto a cache honeof the hint cachedearnof the change
for an amountof time specifiedon the x-axis in the figure.
This experimentsuggestshatthe performancef hint caches
will begoodaslongasupdatesanbepropagatedhroughthe
systemwithin afew minutes.As Section4.3.2will detail,to
facilitatefastpropagationpur systemusesa metadatdierar
chythatpresereslocality for hint updatesit usesa scalable
hierarchyto avoid bottlenecksandit usessmall hint records
to reducethe network overhead®f propagation.

4.2 Push

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

hits> Actual pushalgorithmsmustapproximatehis by send-
ing datathey predictwill bereferencedearcacheghey pre-
dict will referenceit.®

4.2.1 Algorithms

Becausaf thelargenumbersof objectsthatpassthroughthe
systemwe focuson simplealgorithmsthatdo not explicitly
trackthereferencdrequeng of individual objects. Examin-
ing whethemmoresophisticatedlgorithmsof this sortwould
be profitableis a subjectof futurework.

We first considerpush-on-update, a simple and efficient
algorithmthatapproximatesipdate-basedacheconsisteny.
This algorithmis basedon the obsenationthatwhenan ob-
ject is modified, a good list of candidatego referencethe
new versionof the objectis thelist of cacheghat previously
cachedheold version.Thus,whenthe cachesystemfetches
anobjectdueto acommunicatiommiss, it sendscopiesof that
objectto cacheghatwerestoringthe previousversion.

Our prototype implements push-on-updateby having
nodegrackwhich objectsthey have suppliedto othercaches.
Whenanodeloadsanew versionof anobject,it forwardsthe
new versionto thenodeso whichit suppliedtheold version.

Our secondalgorithm, push shared dynamicallybuilds a
distribution treefor popularobjects. As Figure 8 illustrates,
when a cachefetchesan object from a cousinfor which a
level-l parentis the leastcommonancestoiin the metadata
hierarchythe cachesupplyingthe objectalsopusheghe ob-
jectto arandomnodein eachof thelevel-(I — 1) subtreeshat
sharethe level-l parent. For example,in a three-level meta-
datahierarchywhenacacheetchesdatafrom adistantcache
thatsharesa level-3 parentthe systemcreatesa copy of that

SWe limit pushingor prefetchingto increasingthe numberof copiesof
datathatarealreadystoredat leastoncein the cachesystem.Thus,our al-
gorithmscanonly affect the numberof L1, L2, andL3 hits, not the number
of system-widemisses.Notice that moreaggressie prefetchingalgorithms
thanthe oneswe examinecould could fetch objectsthatarenot cachedary-
wherein the cachehierarchyby accessingheoriginal seners.

6We assumehat our algorithmsare not suppliedwith knowledgeof fu-
tureaccespatterns.They mustthereforepredictfutureaccespatterndased
onthepast.In particular we do notassumeary externaldirectvesaboutfu-
tureaccessesuchashoardlists [26, 28] or sener hits [34].
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two level-2 subtreedetch objectA, the algorithmpushesobjectA
to all level-2 subtrees.Oncetwo level-1 subtreesundera level-2
subtreefetch objectB, the algorithm pushesobjectB to all level-1
nodesunderthatlevel-2 parent.

objectin eachof the level-2 hierarchies.Thus,the next ac-
cessto the datawill costat mosta level-2 access Similarly,

on alevel-2 hit, thealgorithmpusheghe objectto all level-1

cacheghat sharethe samelevel-2 parent. We alsoexamine
moreaggressieversionof thealgorithm,push half andpush

all thatpushmultiple copiesof anobjectinto differentnodes
in eachsubtree.Note that our prototypedoesnot yetimple-

mentpushshared.

The intuition behindthis algorithmis thatif two subtrees
in a hierarchyaccessanitem, it is likely thatmary subtrees
in that hierarchywill accesghatitem. Notice thatalthough
this algorithmis simple and doesnot explicitly track object
popularity it resultsin the desiredeffect that popularitems
are more widely replicatedthanunpopularones. Also note
thatif thereis locality within subtreesjitemspopularin one
subtreebut not anothemwill be morewidely replicatedin the
subtreewherethey arepopular

4.2.2 Evaluation

Actual pushalgorithmsmay fall shortof ideal onesin two
ways. First, they mayfail to pushtheright dataneartheright
cachesso lateng will suffer. Secondthey may pushdata
unnecessarilythereby consumingexcessbandwidth. Fig-
ures9 and10comparesimulationsof theidealpushalgorithm
andbasecasealgorithmswithout pushto push-on-updatand
push-shared.

Although we do not expectcapacitymissesto be a ma-
jor factor in systemsthat only replicate data on-demand,
in push-basedystemsspeculatie replicationmay displace
more valuabledatafrom caches. To monitor this effect in
our simulations,we reportresultsfor the space-constrained
configurationin which eachof the64 L1 cachesas5 GB of
capacity Dueto time constraintandmemorylimitations of
oursimulationmachinestheseresultsuseonly thefirst seven
daysof the DEC andBerkeley traces.

Figure9 shaws the simulatedresponsdime for the DEC
traceundera rangeof pushoptions. This experimentsug-
geststhat an ideal push algorithm could achieve speedups
of 1.54t0 2.63comparedo the no-pushdatahierarchy and
speedupof 1.21to 1.62 comparedio the no-pushhint hi-
erarchy;the largestspeedupgomewhenthe costof access-
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Figure 10: Bandwidthof pushalgorithmsfor the DEC trace.

ing remotedatais high suchasthe Max valuein Rousskv’'s

measurementseeTable3). The push-sharedlgorithmsde-
scribedhereachievesspeedup®f 1.42to 2.03 comparedo

theno-pushdatahierarchyandspeedupsf 1.12to 1.25com-
paredto theno-pushhint hierarchy Althoughalargefraction

of objectspushedby push-updateare usedby their destina-
tions,updatesareinfrequentsoits overall performancegyains
aresmall.

Figure 10 shaws the bandwidthconsumedby the algo-
rithms. The push-sharedlgorithmsincreasethe bandwidth
consumedy upto afactorof four comparedo the demand-
only case.This maybeanacceptabldérade-of of bandwidth
for lateng in mary environments.

4.3 Hint hierar chy

The discussiorabove describechow the hint hierarchyuses
simple, compactdatastructuresto track the location mary
objectsandhow hint cachessatisfy on-line requestdocally
to avoid the network delaysencounteredvhenlocatingdata
in atraditionalhierarchyor usingICP [46]. This sectionex-
amineswo remainingaspect®f thehierarchysdesign.First,
althoughthehierachycanbevisualizedasatree,in realitywe
usea morescalabledatastructureto provide scalabilityand
fault tolerance.Secondwe detail how the hierarchypropa-
gateshints to pruneupdatesso that updatesare propagated
only to affectednodes.



4.3.1 Scalable, self-configuring hierar chy

Ratherthanusea simpletreewherenodesnearthe root be-

comeperformanceandreliability bottlenecksor scalability

thehint distribution hierarchyadaptsanalgorithmdeveloped
by Plaxtonet. al [35] to embedvirtual hint distribution trees
ontothenodesn thesystem.Thekey ideain thealgorithmis

to assignpseudo-randonDs to all nodesandobjectsbased
on their IP addressor URL. The systemthenlogically con-

structsa treefor eachobjectin which theroot nodematches
theobjectin themostbits of any nodeandlower layersmatch
in successiely fewer bits. This approachbalancedoad be-

causeeachnodeactsas a leaf or low-level nodefor mary

objects(but hasrelatively few requestdor suchobjects)and

actsasaroot or high level nodefor few objects(but getsrel-

atively morerequestdor eachof these).It achieveslocality

becausaearthe leavesof virtual trees the distancebetween
parentsandchildrentendsto be small: sincea largefraction

of the nodesin the systemcan act aslow level parentsfor

an object, low-level childrencanchoosenearbyparents.Of

course heartheroots,thedistancds generallylarger.

Each node in our systemruns this algorithm indepen-
dently usinginformationfrom a membershigmodule,which
trackswhich nodeshave joined the system,anda configura-
tion modulebasedon the standardSquidnet _db database,
which trackswhich nodesare alive and how far away they
are.Nodesalsomonitormessagefom othernodesto detect
and correctinconsistenciesn their views of the hierarchy
A nodeexecuteshe reconfiguratioralgorithmwhenever the
membershipr connectvity layer notifiesthe hierarchyof a
significantchange.

4.3.2 Hint propagation

Our systempropagatedint updatesthrough the hierarchy
both to distribute load for different objectsacrossdifferent
nodesandto reducethe amountof informationsentglobally.
Whenever a cacheloadsa new object (or discardsa previ-
ously cachedone), it informs its parent. The parentprop-
agategthat information to its children or its parentor both
usinga limited floodingalgorithmin which nodesonly prop-
agatechangegelatingto the nearestopiesof data. For ex-
ample,if a nodealreadyknows that one of its childrenhas
a copy of anobject,thenon receving a hint from its parent
abouta new copy of the object,the nodedoesnot propagate
thehint to its children. Thisis becauseassuminghatthe hi-
erarchys topology reflectsnetwork locality, propagatinghe
hint will notalterthe informationregardingthe nearestopy
of theobjectwith respecto ary of its childrennodes.
Table4 examineshow effective the metadataierarchyis
at filtering traffic by comparingthe numberof updatesseen
by the root underthe DEC tracefor two configurations:a
centralizedirectorywhichrecevesall updatesandhierarchy
thatfilters updatego reduceload. This experimentsuggests
thatthefiltering functionof thesimplehierarchyreducedoad
significantlycomparedo the centralizeddirectoryscheme.
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| Organization | Average| Peak]| 99% | 90% |

Centralizeddirectory 4.8 144 | 102 | 7.4
Hierarchy(root) 2.1 9.8 6.2 | 40
Plaxtonhierarchy(max-node)| 0.15 2.4 1.1 | 0.6

Table 4: Numberof location-hintupdatessentto the root during
thefirst seven daysof the DEC trace. The columnsshav the aver-

age, peak,and99thand90thpercentileof requestpersecondver

10-secondgeriods.All cacheupdatesaresentto the centralizeddi-

rectory;thehierarchyline shavsloadwhenthehint hierarchyprunes
requestdut the systemstill usesa singleroot; the Plaxtonhierarchy
line shavs load on the mosthearily loaded64 nodeswhich actsas
arootfor aboutl/64thof the objectsandalsoactsat differentlevels
of the hierarchyfor otherobjects.

Onepotentialdangeiis thatwhenanobijectis first brought
into the system the accessefrom mary cachescould over-
load the holder of that first copy. However, in our system,
whenlatercachegull copiesinto their subtreestheir neigh-
borslearnof the new copy anddecidethatis a betterplaceto
go for thatdata.In essencethe systemdynamicallybuilds a
distribution treefor populardata. Using a hierarchicaimeta-
data schemeratherthan a single, centralizeddirectory for
distributing hint informationhelpsthis happenuickly, since
nodesin a subtreeneara new copy of datawill learnof the
new copy quickly, while updatego more distantnodesmay
take longer

5 Related work

Several Internet cachesystemsuse metadatadirectoriesor
multicastto locatedataandthenallow directcache-to-cache
datatransfers Theprimarydifferenceamongtheseschemes
is how they structuretheir metadatadirectories. In wide
areanetworks, the WAN-xFS proposal[10] usesa hierar
chy of metadatanodesto improve scalability andthe CRISP
cache[18] usesa centralizedglobal directory Recently the
designeref CRISPhave hypothesizethathashingheglobal
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 cooperatie cachesystemg38].

Two other systemsindex remote cache contentsusing
Bloom filters [15, 1]. The primary differencebetweenthe
Bloom filter systemsandoursis our useof a scalablehierar
chyto distributelocationinformation.In contrastthe Bloom
filter sytemsbroadcasbr multicastupdateso all copiesof the
index. Our distribution hierarchymalesit feasibleto share
dataamongalargernumberof cachesandalsoprovidesuse-
ful signalsfor our pushalgorithms. The specificdatastruc-
ture usedto storelocationinformationis animplementation
detail,andthe choicemay dependon the scaleof the system
being considered. Bloom filters provide a compactway to
representhe contentsof a single cache,but their total size
grows linearly with the numberof cachesndexedtimesthe
numberof objectsin eachcache Hint cachehashtablesstart



off larger, but grow with the numberof unique itemsin the
system.

Several systems,including the Internet CacheProtocol
(ICP) [46] andZhanget. al's adaptve cachingproposal48],
replacedirectorieswith multicastqueriesto nearbycaches.
An adwantageof maintaininghint cachesratherthan multi-
castingquerieds thatthe propagatiorof hints happensnde-
pendenbf hint lookups.Corversely multicastqueriedocate
objectsondemandy polling neighboringcachespotentially
increasinglateng. An additionaladvantageof maintaining
hint cachegs thata nodewith ahint cachecan“query” virtu-
ally all of thenodesdn adistributedsystematonce.Thisfacil-
itatesthe designprinciple of maximizingsharingby allowing
a cacheto benefitfrom the contentsof any othercachein the
cooperatve system.In contrastmulticast-base@pproaches
generallylimit sharingto amodestollectionof nearbynodes
in orderto limit the overheadof respondingto queriesand
to limit the time spentwaiting to hearfrom all neighbors
on cachemisses. Multicast-basedystemsgenerallypursue
more widespreadsharingby breakingsearchesnto several
hops,eachof which involvesa multicastto a groupof nodes
nearerto the cacheroot or to the datasener thanthe hopbe-
fore. This effort to increasesharing,unfortunatelyincreases
thenumberof hopson a hit or miss.

Several efforts to provide cachingthatis closely tied to
network topologyhave focusedon self configuration4, 49,
whichis acoredoalof ourdynamichierarchy

Severalstudieshave examinedinternetworkloadsin depth
with the goal of understandinghow to improve perfor
mance[2, 6, 14, 21]. Thesestudiessupportthe conclu-
sionthatcachearchitectureshatscaleareimportantbecause
increasingthe numberof userssharinga cachesystemin-
creaseshehit ratesachiesableby thatsystem.Rousskv [36]
andMaltzahnet. al [30] measurahe performanceof cache
seners deployed in the field and examine why the perfor
manceof thesesenershasbeenworsethanlaboratorytests
predicted8]. Thesestudiessuggesthatlong network round
trip latenciesnay be a significantfactor

Hierarchicalcachinghasbeenexaminedin the context of
file systemg5, 37, 20]. MuntzandHoneyman[32] concluded
thatthe additionalhopsin sucha systemoftenmorethanoff-
setimprovementsn hit rateandcharacterizedhe extra level
of cacheasa “delay sener” We reachsimilar conclusionsn
the context of Internetcaching leadingto our designprinci-
ple of minimizing the numberof hopson a hit or miss.

Severalresearcherhave proposedmproving the scalabil-
ity of a datahierarchyby splitting responsibilitiesaccording
to a hashfunction[12, 44]. This approachmay work well
for distributing load acrossa setof cacheghatare nearone
anotherand neartheir clients, but in larger systemswhere
clientsarecloserto somecacheghanothers,the hashfunc-
tion will preventthe systemfrom exploiting locality.

Severalstudieshave examinedpushcachingandprefetch-
ing in the context of webworkloads[22, 23, 34]. Thesesys-
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temsall usedmore elaboratehistory informationto predict
future referenceghan the algorithm we examine. Because
large, sharedcachesdo a good job at satisfyingreferences
to popularobjects,we explore prefetchingstrategiesthatwill
work well for the remaininglarge numberof objectsabout
whoseaccesatternslittle is known. Kroegeret. al [27]
examinedthelimits of performancédor cachingandprefetch-
ing. They foundthattherateof changeof dataandtherateof
accessefo new dataandnew senerslimits achiesableper
formance.

6 Conclusions

Although cachingis increasinglyusedin the Internetto re-
ducenetwork traffic andtheload on web seners,it hasbeen
lesssuccessfuin reducingresponséime obsenedby clients.
We examine sereral ervironmentsand workloadsand con-
cludethatthis maybe becauséraditionalhierarchicakaches
violate severalbasicdesignprinciplesfor distributedcaching
onthelnternet.To addresshesesystemshehaveconstructed
ahint hierarchythatsupportdirectaccesandpush.Overall,
ourtechniquegprovide speedupsf 1.27to 2.43comparedo
atraditionalcachehierarchy
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