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Abstract

Web cadching aimsat reducingnetworktraffic, serverload,

and userperceivedretrieval delaysby replicating popular
contenton proxy cachesthat are strategically placedwithin

the network. While key to effectivecache utilization, pop-
ularity information(e.g. relativeaccesdrequencie®f ob-

jectsrequestedhrougha proxy)is seldomincorporateddi-

rectlyin cachereplacemenalgorithms.Rathey otherprop-

ertiesof therequesstream(e.g. tempoal locality and con-
tent size),which are easierto capture in an on-line fash-
ion, are usedto indirectlyinfer popularityinformation,and
hencedrive cachereplacemenpolicies. Recenstudiessug-
gestthatthecorrelationbetweerthesesecondaryproperties
and popularity is wealeningduein part to the prevalence
of efficientclientand proxy caches. Thistrendpointsto the

needfor proxy cache replacemenalgorithmsthat directly
capture popularityinformation.

In this paper we (1) presentan on-line algorithm that
effectively captures and maintainsan accurate popularity
profile of Web objectsrequestedhrough a caching proxy;
(2) proposea novel cachereplacemenpolicy thatusessud
informationto genealize the well-knownGreedyDual-Size
algorithm,and(3) showthe superiorityof our proposedal-
gorithmby comparingit to a hostof recently-poposedand
widely-usedalgorithmsusing extensivetrace-drivensimu-
lationsanda variety of performancemetrics.

1. Intr oduction

Web cachingaimsto reducenetwork traffic, sener load,
anduserpercevedretrieval delayby replicating“popular”
contenton proxy cacheg1, 14] thatarestrategically placed
within the network—at organizationalboundarier major
AS exchangesfor example.

*This work was partially supportedby NSF researchgrant CCR-
9706685.

It maybearguedthattheeverdecreasingricesof RAM
anddisksrendertheoptimizationor fine tuningof cachere-
placemenpoliciesa“moot point”. Suchaconclusionsiill-
guidedfor severalreasonsFirst, recentstudieshave shavn
thatWebcachehit ratio (HR) andbytehit ratio(BHR) grow
in alog-like fashionasafunction of cachesize[2, 7, 8, 9].
Thus, a betteralgorithm that increasedhit ratios by only
several percentag@ointswould be equivalentto a several-
fold increasean cachesize. Secondthe growth rateof Web
capacityis much higherthanthe rate with which memory
sizesfor Web cachesarelikely to gronv. The only way to
bridgethis wideninggapis throughefficientcachemanage-
ment. Finally, the benefitof even a slightimprovementin
cacheperformancenay have an appreciableeffect on net-
work traffic, especiallywhen suchgains are compounded
througha cachehierarcly.

Thereare mary factorsthat affect the performanceof
cachereplacemenpolicies. Among others,thesefactors
include object size, miss penalty temporarylocality, and
long-termaccesdrequeng.

e Unlike traditional cachingin memory systems,Web
cachesare requiredto manageobjects of variable
sizes. Cachingsmallerandthus more objectsusually
resultsin higherhit ratios,especiallygiventhe prefer
encefor smallobjectsin Web accesg$8]—thoughthis
preferenceseemgo bewealening[5].

e Themisspenalty(i.e. retrieval costof missedobjects
from senerto proxy) variessignificantly Thus,giving
apreferenceo objectswith ahighretrieval lateng can
achiese high saving [22].

o Webtraffic patternsverefoundto exhibit temporallo-
cality[2,9,17],i.e.,recentlyaccessedbjectsaremore
likely to beaccessedgninin thenearfuture. This has
led to the useof LRU cachereplacemenpolicy and
generalizationshereof[9]. Recentstudieshave docu-
menteda wealeningin temporallocality [5].

e The popularityof Web objectswasfoundto be highly



variable(i.e. bursty) over shorttimesscaleshut much
smootherver longtime scaleq4, 13], suggestinghe
significanceof long-termmeasurementsf accesdre-
queng in cachereplacemenalgorithms.

Motivation and key contributions: While key to effective

cacheutilization, popularity information (e.g., the relative

accesdrequenciesof objectsrequestedhrougha proxy)

is seldommaintainedandrarely utilized directlyin the de-
signof cachereplacemenalgorithms.Ratherotherproper

tiesof therequesstream(e.g.,temporallocality andobject
size),which areeasierto capturein anon-line fashion,are
usedto indirectly infer popularity information, and hence
drive cachereplacemenpolicies.

To elaborateon this point, considertwo widely used
cachereplacemenfpolicies: Least-Recently-Use@LRU)
and Largest-File-First(LFF). LRU capitalizeson the tem-
poral locality in a requeststream,namelythe receng of
accesswhereasLFF capitalizeson the negative correla-
tion betweenpopularity and object size. Both of these
properties—namelyreceng of a repeataccessaandsizeof
requestedbject—areassumedo be indicative of the fu-
ture popularity of the object, and hencereflective of the
merit of keepingsuchanobjectin thecache.Recentstudies
[5] suggesthatsuchrelationshipsarewealeningandhence
may not be effective in indirectly capturingthe popularity
of Webobjects.

In this paperwe (1) presenfinon-linealgorithmthatef-
fectively capturesandmaintainsanaccurateopularitypro-
file of Web objectsrequestedhrougha cachingproxy, (2)
proposea novel cachereplacemenpolicy (termedGDSP)
that directly usessuchinformationto generalizethe well-
known GreedyDual-Sizelgorithm, and (3) showv the su-
periority of our proposedalgorithm by comparingit to a
hostof recently-proposedndwidely-usedalgorithmswith
extensve trace-drven simulationsusing large DEC and
NLANR proxytraces.

Our implementationof GDSP algorithm addresses
numberof importantproblems namely(a) How to capture
the temporallocality exhibited in Web accessstreamsal-
thoughit is weak? (b) How to avoid cache pollution—i.e.,
thetendeng of previously popularobjectsto linger in the
cache?qc) How to efficiently maintainthepopularityprofile
of alarge working setof Web objects?and(d) How to use
sucha profile to accuratelyestimatethe long-termaccess
frequeng of individual objects?

Theremainderof this paperis organizedasfollows. We
first review earlierwork on Web proxy cachereplacement
algorithms. Next, we describeour generalizationof the
GreedyDual-Sizalgorithm. Thenwe evaluatethe perfor
manceof our proposedalgorithmby comparingit to alter
native techniquesWe concludewith a summary

2. Relatedwork

Thereis a large body of work on cachingin generaland
on Web cachingresearchin particular In this section,we
restrictour presentatiorto cachereplacemenpolicies for
Webproxiesandseners.

Basic policies: Simple Web cachereplacemenipolicies
leveragea single basic property of the referencestream.
Least-Recently-UsedLRU) leveragestemporal locality
of reference—namelythat recently accessedbjectsare
likely to be accesseagnin. Least-Frequently-UseflFU)
leveragesthe skewed popularity of objectsin a reference
stream—namelthatobjectsfrequentlyaccesseth thepast
arelikely to beaccessedgaain in the future. Previous stud-
ies [7] indicatethat the independenteferencemodel[10]
explainswell thedistribution propertieof Webaccesssup-
portingtheuseof of frequeng-basedolicies.Largest-File-
First (LFF) leverageghe negative correlationthatexistsbe-
tweenobjectsizesandlik elihoodof access—smalbbjects
have a higherprobability of beingreferencedagain in the
future.

Early characterizationsf Webaccespatternsuggested
the presencef strongtemporallocality of referencd?2, 4,
13]. However, morerecentstudieshave concludedhatthis
temporalocality is wealening[5]. Onereasorfor thistrend
is effective client caching.To understandhis, it sufficesto
notethatthe requeststreamgeneratedy a client usingan
efficient cachingpolicy is preciselythe setof requestghat
missedn theclientcache.Sucharequesstreamis likely to
exhibit weaktemporallocality of reference—irparticular
arecentlyaccessedbjectis unlikelyto beaccessedgainin
thefuture! ThistrendsuggestshatLRU is notanadequate
policy for cachereplacemenéat proxies.

Early characterizationsf Webaccespatternsuggested
a strong preferencefor small objects[8]. However more
recentstudieshave concludedhatthis preferences signifi-
cantlywealeningl[5, 7]. Again,thiswealeningcouldbere-
latedto the presencef moreefficient clientcachingwhich
tendto maskthe correlationbetweersizeandfrequeng of
access.It suggestshat LFF is not an adequatepolicy for
cachereplacemenéat proxies.

Unlike LRU andLFF, LFU infers objectpopularity di-
rectly from the referencehistory While cachingthe most
popular objectswould yield optimal performance recent
studiesof Web accesgatternssuggesthat the popularity
of Web objectsis highly bursty [4, 13]. Objectsthat are
popularover shorttime scalesare not necessarilypopular
overlongertime scaleqandvice-versa).This propertylim-
its the performanceof LFU dueto the cachepollution phe-
nomenorto which we alludedearliet

To summarize,the unique characteristicsof Web ac-
cessegpatternsobsenred at cachingproxies(e.g.,variable-
size objects, variable-costrequests,burstinessof access



stream,wealeningtemporallocality, etc.) limit the effec-

tivenesf basiccachereplacemenélgorithms.

Hybrid policies: Several studieshave generalized_.RU to

male it more sensitve to the variability in objectsizeand
retrieval delays. The GreedyDuallgorithm[23] was pro-

posedto dealwith variable-costiniform-sizepagecaching
problem.Caoandirani[9, 15] generalizedhe GreedyDual
algorithmto dealwith variable-sizeWeb objects. The re-

sultingalgorithm,GreedyDual-Siz¢GDS),enablescache
replacemenstratgy to be sensitve to both the variability

in Web objectsizesandretrieval costs(misspenalty). The

GDSimplementatiordescribedn [9] usescost/ size asthe

utility valueof anobject. Thisvalueis deflatedovertimeto

dynamically“age” objectsin thecache GDSwasprovento

possesanoptimalcompetitiveratio—meaninghatits cost
of cachemisseds within K timesthatof anoff-line optimal

algorithm,whereK is theratio of the cachesizeto the size
of thesmallestobjectin thetrace.

Othergeneralization®f LRU have attemptedo incor
porateaccess$requeny informationinto LRU. LRU-K [19]
computeghe averagereferenceaateof thelast K accesses.
It wasshown to outperformLRU for databasealisk buffer-
ing applications.LNC-W3 [20, 21] is anothergeneraliza-
tion thatincorporateobjectsize,retrieval costs,andthe av-
eragereferencaateinto LRU. LNC-W3 usestheseaspects
to computethe profit of cachinganobject.

The Hybrid algorithm presentedn [22] is aimedat re-
ducingtotal lateng by estimatingthe utility of retainingan
objectin the cachebasednthe objectsize,loaddelay and
frequeng. The LRV algorithmpresentedn [17] usesthe
cost, size, and last accesgime of an objectto calculatea
utility value. The calculationis basedon extensive empir
ical analysisof tracedata. Thesealgorithmshave several
drawbacks. Most importantly they areheavily parameter
ized, requiring extensie tuning and parameteestimation.
This makesthemsusceptible¢o changesn accesatterns
andthelocationof the cache.

In anotherattemptto leverageaccesdrequeng, Arlitt
et al proposedand evaluatedtwo replacemenpolicies—
GDSFandLFU-DA [3]. GDSFsimply incorporatesccess
countinto GDS. It uses@ccess-countxcost asits hasevalue.
LFU-DA is aspecialcaseof GDSFin which cost is propor
tional to size. Simulationsshav that GDSF(1),in which
costis the samefor all objects,obtainsthe highesthit ratio
while LFU-DA obtainsthe highestbyte hit ratio. A recent
paper16] foundthecombinatiornof asimpleGD-LFU pol-
icy(sameas GDSF(1))anda Hybrid cohereng policy ob-
tainsthelowestaveragecost.

3. Popularity-awar e GDS cachemanagement

One of the weaknessesf GDS is its inability to capture
and leveragethe knowledge of the long-termaccessfre-

guenciesof Web objects. Recentstudies[5, 7, 8] have
shavn theprevalenceof Zipf-lik e distributions(Powver-law)
in WebaccesgharacteristicsOnesuchdistributionis iden-
tified whencharacterizingbjectpopularity P asafunction
of objectrank p. In particular P ~ p=*, 0 < a < 1.
Thisleadsto thefollowing property: Thenumberof objects
accessedit least k timesis proportional to k~ /. This
implies that the probability of future referencess depen-
denton pastaccesdrequencies—suggestinge relevance
of taking into consideratiorlong-termaccesdrequencies
in cachereplacemenstratgyies. In this section,we present
GDS-Popularitf GDSP),a generalizatiorof GDSthaten-
ablesit to leveragethe knowledgeof the skewed popularity
profile of Webobjects.

3.1.0verview of GDSP

We incorporateaccesdrequeng into the GDS algorithm
throughtheuseof anew utility valuefor agivenobject. The
utility valueu(p) for anobjectp is definedasthe expected
normalizedcostsaving asaresultof having p in thecache:

wheres(p) is thesizeof p, ¢(p) isitsretrieval cost(i.e. miss
penalty),andf(p) is its accesdrequeng. Thus,u(p) repre-
sentsthe costsaved perbyte of p asaresultof all accesses
toit in agivenperiodof time.

To captureaccesseceng andto avoid pollution by pre-
viously popularobjects,we usea dynamicaging mecha-
nism similar to that usedby GDS. In particular we rep-
resentthe cumulativevalue of an objectp by H(p). The
cumulative value of the objectlast evicted from the cache
is denotedby L. Thus,aninvariantof our algorithmis that
H(p) > L for ary objectp thecache.

The resulted algorithm is called GDS-Popularity or
GDSP Its generalstepsare describedn Figure 1. It has
nearly the sametime and spacecostas GDS. The object
metadatacanbe maintainedwith a priority queuewith key
H(p). Theprocessingverheadn eachhit or replacement
is O(logn). Anotherelemenbf overheaccomesfrom main-
tainingthe popularityprofile andestimatingthe accessre-
gueng. The next subsectiorshavs thatthetime andspace
requirementgor doingsois very low.

3.2.Capturing object popularity

GDSP maintains“meta” information for a subsetof the
objectsin the requeststream. Suchinformation includes
the objectsize, theretrieval cost,the lastaccesgime, and
the estimatedaccesdrequeng. All but the last of these
guantitiesarereadilyavailablefrom therequesstream(e.g.
HTTP headersetc.).



Algorithm GDS-Popularity:

L+ 00
for each request for object p do
if p is in cache
then H(p) « L + f(p) x c(p)/s(p)
else while there is not enough free cache for p
do L «+ min{H(q)|q is in cache}
Evict ¢ which satisfies H(q) = L
fetch p
H(p) ¢ L+ f(p) x c(p)/s(p)

Figure 1. Pseudocodeof GDSP Algorithm

Popularity information: Onesimplisticway of computing
therelative accesdrequeng of Webobjectsis to keeptrack
of thefull referencehistory of every Web objectrequested
throughthe proxy. This is obviously unrealisticdueto the
hugescaleof theWeh Insteadpursolutionkeepshepopu-
larity information,i.e. acces$requeng andlastaccessime
of only asmallfractionof all Webobjectsrequestedhrough
theproxy. Thismethodallows usto boundthespaceusedto
maintainsuchinformation. In particular in ourimplemen-
tation,we boundthe spaceby satisfyingtwo conditions:(1)
lessthan(say)1% of thecachds usedo keepthepopularity
information,and (2) the total numberof objectsfor which
this informationis keptis no more than (say) 20% of the
total numberof objectsexpectedin a given accesstream.
Undersuchconditions,andfor theNLANR andDECtraces
(discussediater)we consideredthetotal spacerequirement
includingthe auxiliary spacejs only afew mega bytes.

It is importantto notethe necessityof keepingreference
popularityinformationfor cachedandevictedobjectsalike.
Thisis necessamotonly to improve theaccurag of access
frequeng estimation,but alsoto avoid the pollution phe-
nomenonto which we alludedearliet This phenomenois
analogougo thrashingwherebya popular nenly cached
objectis evicted before building up enough“inertia” (in
termsof accesd$requeng) to resisteviction dueto aburstof
referenceso anobjectthatis popularonly overashorttime
scale[4, 13]. Thesituationis exacerbatedurtherascached
objectsage—thelongerthe requeststream,the larger the
“inertia” neededto resisteviction. Sincethe accesdre-
queng of a nev popularobjectis always computedfrom
scratch,it hasno fair chanceto stayin the cacheunlessits
referencepopularity informationis maintainedeven when
the objectitself is temporarilyevicted.

In theremaindeof this paper we usetheterm“Popular
Objects” to refer to the setof objectsfor which popular
ity informationis maintainedat the proxy at ary particular
pointin time. Also, we usethe term “CachedObjects”to
referto the setof objectscachedatthe proxy atany particu-
lar pointin time. Notethat“CachedObjects”is a subsef

“PopularObjects”,which arein turn a subsebf all objects
in therequesstream.

Efficient managementof popularity information: To
supportan efficient searchfor popularity information as-
sociateda given URL, a hashtable (on the URL) canbe
used.As explainedearlier we maintainentriesin this hash
table for only popularobjects. To that end, we emply a
replacemenpolicy thatevicts theleastfrequentlyaccessed
entry A faithful implementationof sucha policy would
requirethemaintenancef a priority queuewith accesdre-
gueng asthe key. This resultsin an expensve O(logn)
time costfor eachreplacement.Fortunately sincethereis
a significantnumberof entrieswith identicalfrequeng, an
efficient approximationis possible. Namely by aggreat-
ing theentrieswith thelowestfrequeng in alinkedlist, our
implementatiorselectshe oldestsuchentryasa candidate
for eviction. Thisimplementatiomeedsonly O(1) time for
eachreplacement.

Frequency computation: As describedearlier we need
to keeptrack of the accesdrequeng for popularobjects.
Keepingareferenceount,while simple,mayresultin some
inaccuraciesBelow, we discusgwo suchinaccuraciesind
presentherefinementadoptedn ourimplementation.

We denoteby f;(p) the accessrequeny estimatefor
objectp afterbeingaccessedtimessinceits inclusionasa
popularobject.

First, accesdrequeny estimatesaretime varying. To
accounfor this,amechanisnmustbe adoptedo give pref-
erenceto morerecentreferencesn prediction. In our im-
plementationye usea decayfunctionto de-emphasizéhe
significanceof pastaccessedn particularonthe (i + 1)-th
referencdo anobjectp, its frequeng is iteratedas:

fir1(p) = filp) x 2797 41,

wheret is theelapsedime sincethelastreferenceandT isa
constanthatcontrolstherateof decay In our experiments,
we setT = 2 days?

Second,the Zipf-like natureof popularity distribution
impliesthattherecanbearbitrarily mary accessed-onamb-
jectsin arequesstream.The probability of futureaccesses
to suchobjectsis very low. To accountfor this, a mecha-
nismmustbe adoptedhatde-emphasizesccessemadeto
unpopularobjects.In ourimplementationwe discountthe
significanceof thefirst access$o anobject.In particular the
weightof afirstreferences setto f; = 1/3. Thisvaluewas
choserbecausein the traceswe consideredn our experi-
ments thefraction of objectsthatwerereferencedwice or
morewasaroundl/3.

1Thefrequeng valuereflectsthemeritof keepinganobjectoveralong
period. The significanceof pastaccesseshouldnot decaytoo fast. As for
the tracesconsideredn our experimentsijt is usually suitableto half the
effectof areferenceevery atleastoneday



4. Performance evaluation

In this section,we presentthe resultsof extensve trace-
driven simulationsthat we have conductedo evaluatethe
performancedf GDSP

4.1 Tracesused

In our trace-drven simulations we used traces from

DEC[1Z and NLANR[18]. We only presentthe results
obtainedfrom the first week (08/29 - 09/04,1996) of the

DEC trace(resultsfrom the otherweeksweresimilar). We

have alsorun our simulationswith tracesfrom a multitude
of NLANR proxy sitessinceApril, 1999. Sincetheresults
of our simulationsweresimilar acrossall sites,we present
hereonly the resultsobtainedrom the site UC traces(April
7-10,1999). Someof the characteristicef thesetracesare
showvn in Tablel. Note, HR,, and BH R, arethehit ra-

tios whenthe cachesizeis infinite, i.e., the upperboundof

theratios.

Table 1. Tracesusedin our simulations

Traces DEC NLANR
All requests| 3,543,968(44.9GB) 4,278,480(62.4GB
Uniquefiles | 1,354,996(21.9GB) 1,464,799(30.7GB

HRo 48.7% 55.8%

BHR 35.8% 50.1%

Our preprocessingf the DEC tracesfollowed the same
procedureslescribedn [9]. In particular we excludednon-
cache-ableequestsincludingcgi-binrequestandqueries.
In addition,in our experimentswe counta requesisa hit
if the last modificationtimes of the cachedobjectandthe
actualreplyto usersarethesamewhenbothareknown, or if
theobjectsizehasnot changedvhenbothlastmodification
timesareunknown.

Our preprocessingf theNLANR traceswasmoreelab-
orate.TheNLANR tracesncludemary IMS (If-Modified-
Since)and REFRESHrequestwith a reply codeof “304”
(Not Modified). In orderto include suchrequestsn the
workload, we hadto find the sizesof the objectsof such
requests. We do so througha 2-passscanningof the en-
tire trace. This processwas 96%-successfuin identify-
ing cache-ableequest{The remaining4% wereIMS and
Refreshrequestdor which we were unableto identify the
objectsizes). In addition to this preprocessingwe have
also excluded non-cache-ableequests,including cgi-bin
requestandqueries.

4.2. Performance metrics and algorithms

Our performancesvaluationmetricsreflectthe variousob-
jectives of the proxy cachingalgorithms. We considered

three metrics: Hit Rate (HR), Byte Hit Rate (BHR), and
Lateng. Optimizing HR aimsto maximizethe fraction of
all requestdound in the cache. Optimizing BHR aimsto
minimize the total traffic betweenthe proxy and seners.
Optimizing lateny aimsto minimize the averageresponse
time perceved by end-users.To achiere theseobjectives,
onemusttunewhata proxy percevesasthe miss penalty
In particular to optimizeHR, oneshouldtreatall missesas
having identicalcost. We referto this by the constantcost
assumption.To optimize BHR, one shouldrelatethe miss
penaltyto the sizeof the missedobject(in numberof pack-
ets,definedas2 + 35%). We referto this by the padket cost
assumptionTo minimizelateng, oneshouldrelatethemiss
penaltyto the lateng of retrieving the missedobjectfrom
thesener. We referto this by thelatencycostassumption.

We comparedsDSPto LRU, LFU, GDS,andGDSFal-
gorithms. LRU and LFU were selectecbecausehey rep-
resentwidely usedpoliciesthat exploit fundamentakchar
acteristicsof the requeststream—LRJ capitalizeson re-
ceny of accessand LFU capitalizeson long-termaccess
frequeng. We excludedalgorithmsthatwereknown to be
inferior to GDS as establishedn [9]. Theseinclude the
SIZE-basedHybrid [22], andLRV [17] algorithms.Given
thatGDSF[3] (like ourproposedsDSPalgorithm)is anex-
tensionof GDS, which enablest to accountfor accessdre-
gueng, we have alsoincludedcomparison®©f GDSFand
GDSP

An importantaspecf LFU is the policy usedfor evic-
tion whentwo objectshave the sameaccessount. To that
end,atie brealer is necessaryln our simulations the last
accesgime is usedasthetie brealer. This alsomeanghat
to someextentthe LFU algorithmconsidersaccesseceng.
It is not clearwhetherdifferenttie brealersleadto the dif-
ferentperformancéetweerthe LFU algorithmsin [7] and
this paper Evenif no tie brealer is used,the hit ratios of
LFU in our experimentsverenotaslow asthosein [7].

GDS is a family of algorithms, eachwith a different
definition of cost Threeversionsof the GDS algorithm,
GDS(1), GDS(paclets), and GDS(lateng) are simulated,
reflectingthe constantost,pacletcost,andlateng costas-
sumptionsdescribedabove. Clearly, if the costof transfer
ring eachbyteis the same(i.e. retrieval costis proportional
to objectsize), thenthe GDS algorithm degeneratesnto
LRU. This implies that the performanceof GDS(paclets)
will be closeto that of LRU sincethe numberof paclets
is roughly proportionalto the objectsize. Similar to GDS,
we alsoconsiderthreeversionsof our GDSPalgorithm—
namely GDSP(1),GDSP(packts),andGDSP(lateng).

In simulations,we variedthe cachesize from lessthan
0.5%to 30% of thetotal uniquefile size. This corresponds
to hundredsof MB to 10GB. Too large cachesize (e.g.,
closeto 100% of total uniquefile size) makes ary algo-
rithmstravial. It is alsounrealisticsincetheaggrejatedsize
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Figure 2. HR under the constantcostassumption.

of theuniquefilesrequestedhroughaproxyis notbounded
(e.g.,in onemonththis aggreyatedsizefor theNLANR site
UC wasupto 200GB),while the proxy senerresourcesre
restrictedn termsof bothmemoryandCPU.

4.3. Performance under constantcostassumption

First, assumehatthe objectshave the samecost. We com-
pareLRU, LFU, GDS(1),and GDSP(1). Figures2 and 3
give theratios(y-axis)for thesealgorithmsasa function of
the cachesize (x-axis, logarithmic scale). We shov H R,
and BHR,, as upperboundson performancewhen the
cachesizeis large enough(the total uniquefile size).

For the DEC trace,LFU andLRU have the lowestHR.
They arefarworsethanGDS(1)andGDSP(1)—e.gwhen
cachesizeis 1GB, LRU's HR is 35.4%andLFU’'s HR is
36.0%while bothGDS(1)andGDSP(1)obtainabout44%.
This is becausd_RU and LFU are not sensitve to object
sizes.TheBHR of LFU is low whenthecachesizeis small;
it increaseshefastestvhencachesizeincreasesThis may
bedueto two reasons(1) whencachesizeis larger, popular
objectshave abetterchanceof beinghit again, thusincreas-
ing their likelihood of stayingin the cache,and (2) since
LFU usesthe last accesgime as the tiebrealer, a larger
cacheallows LFU to benefitfrom temporallocality.

GDSP(1)consistentlyoutperformsGDS(1), especially
with small cache. GDS(1) hasthe lowest BHR. This is
not surprisingsinceGDS(1)favors smallfiles independent
of their popularity—thusalarge popularobjectstanddess
chanceof beingcachedunderGDS(1). On the otherhand,
GDSP(1)achieres superiorHR without significantdegra-
dationin BHR. This is dueto GDSP5 sensitvity to access
frequeng, which enablest to cachearge popularfiles.

FortheNLANR trace theresultsaresimilar? TheHR of
GDSP(1)is consistentlythe highest.Its BHR is lower than
LFU only whenthe cacheis very large, but much higher

2For the NLANR trace,we do not counta REFRESHrequestasa hit
sincethe proxy mustcontactthe sener. However, we countthe byteshit
sincea sener’s 304 reply doesnot lead to an objecttransfer This as-
sumptiondoesnot changethe relative performanceof the algorithmsin
simulations.
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Figure 3. BHR under the constantcostassumption

thanGDS(1). Thedisadwantageof GDS(1)in BHR is more
ohviousfor thistrace.Anotherdifferencds theconsistently
betterperformancef LFU whencomparedo LRU. Thisis
probablydueto thewealertemporalocality in theNLANR
trace(comparedo the DEC trace).This wealeningin tem-
porallocality (from 1996to 1999)is in line with thefindings
in [5]. Also, this wealeningmay be dueto the diversity of
usersof upperlevel NLANR proxies.

To summarizewhenHR is themainobjective, GDSP(1)
is the bestchoice. It outperformsGDS(1)without signifi-
cantlycompromisingBHR.

4.4.Performance under packet costassumption

Figures4 and5 show thehit ratioswhenthe costis thenum-
ber of pacletstransferred.Figure 6 shavs the numberof
paclettransfersdueto the variousalgorithms.We compare
LRU, LFU, GDS(paclkts),andGDSP(packts).

For the DEC trace,both hit ratiosfor GDS(paclets)and
LRU areclose. This is becausevhenthe costis roughly
proportionalto objectsize, GDS(paclkts)is nearly equi-
alentto LRU. GDSP(packts)consistentlyoutperformshe
others—intermsof both hit ratios and paclet transferred.
The relatve BHR improvement of GDSP(packts) over
GDS(paclkets)andLRU is asmuchas15%. Therelatve HR
improvementis asmuchas30%whenthe caches small.

Forthe NLANR trace theresultsaresimilar. TheBHRs
of GDS(paclkts)andLRU arenearlyequal. GDS(paclets)
outperformsLRU slightly in HR. This differenceis dueto
thefactthat gij;f is notanexactconstanandGDS(paclets)
slightly favors small objects, resulting in increasedhits.
LFU is the closestto GDSP(packts) when the cacheis
large. LFU doeswell dueto the weaktemporallocality.

When cachesizeis larger than 4% of the total unique
file size, GDSP(packts)is superiorto GDS(paclkts)along
severalperformanceametrics. (1) Therelative improvement
with respectto HR and BHR is 20% and 17%, respec-
tively. For example, for the NLANR trace, when cache
sizeis 1GB, the HR andBHR of GDS(paclts)are33.7%
and 27.5%,respectiely, whereaghoseof GDSP(packts)
are 40.3% and 32.1%, respectiely; When cache size
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Figure 5. BHR under the packet costassumption

is 4GB, the BHR of our algorithmis 42.9%, compared
with 38.2% of GDS(packts). (2) GDS(paclts) needs
about twice the cachesize to obtain the sameHR and
BHR of GDSP(packts). (3) GDS(paclets) producesd%
more paclets on the network for the NLANR trace and
same cache size as shovn in Figure 6 (right). When
cachesize is 1GB, GDS(paclts) needs88.6M paclets
while GDSP(packts) needs83.0M paclets; when cache
size is 4GB, GDS(paclets) needs75.2M paclets while
GDSP(packts)needsonly 69.8M paclets.

4.5. Performanceunder latency costassumption

The retrieval delay for fetching an object from a remote
sener canbe modeledby: c¢(p) = tconn + toyte X s(p),

where t.onn IS the time to establishthe connectionand
toyte IS the averagetime to transfera byte. We simply
estimatethesetwo parametergor all senersin the trace,
insteadof determiningthese parametersor each sener
separately We do so by computingthe averagedelay
for objectsof different sizesand estimatingthe parame-
terswith a least-squae fit. For the DEC trace,we com-
putedtconn =~ 1l.5secs, andtpye =~ 0.00021sec/byte.

For the NLANR trace,we computed.,,, ~ 1.7secs, and

3We had originally attemptedto computetheseparametersn a per
sener basisusingthe techniquegproposedn [22] andusedin [9]. How-
ever, our findingsrevealedwide inaccuraciesWe suspecthattheseinac-
curaciesaredueto thevariability in network conditionsasobsenedin [11]
andsener load conditionsasobsenredin [6].
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Figure 7. LSR under the latency costassumption

toyte ~ 0.00013sec/byte.

Figure 7 shaws the lateng saving ratio (LSR) for both
DEC andNLANR tracesunderLRU, LFU, GDS(lateng),
and GDSP(lateng). The resultsshav that lateny reduc-
tion is minimal for LRU and LFU. GDSP(lateng) clearly
outperformsGDS(lateng). Therelative improvementover
LRU andLFU is upto 25%;therelatve improvementover
GDS(lateng) is higherthan10%.

4.6.Comparisonto GDSF

As suggestedn [3] and [16], a simple generalizationof
the GDS algorithm usesthe exact accessountas f(p) in
our algorithmanddoesnot maintaina popularityprofile for
accuratefrequeny computation. This algorithmis called
GDSFin [3] andGD-LFU in [16]. Studieshave shovn that
this algorithm outperformsGDS. In this sectionwe com-
pareGDSFandGDSP

Figure8 givesthehit ratiosof GDSF(1),GDSF(packts),
GDSP(1),and GDSP(packts)for the NLANR trace. The
resultsare similar for the DEC traceandarenot included
herefor spacelimitations. As evidentfrom Figure 8, the
GDSPalgorithmsconsistentlyoutperformthe correspond-
ing GDSFalgorithms,which in turn areonly slightly bet-
terthanthe correspondingsDS algorithms.Thesefindings
confirmthevalueof GDSP5popularityprofile maintenance
andfrequeng estimationtechniques.
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5. Summary

Popularityinformationis an importantfactor for effective
Web cachereplacemenpolicies. In this paper we pre-
sentedanon-line policy thateffectively capturesandmain-
tainsanaccurateopularityprofile of Webobjectsrequested
througha cachingproxy and designeda novel cachere-
placementlgorithmthat utilizes suchinformation. To ex-
ploit temporallocality exhibited in the Web traffic aswell
asto avoid cachepollution by previously popularobjects,
the algorithm generalizesGreedyDual-Sizdy incorporat-
ing frequeng information. A popularityprofile of Webob-
jectsrequestedhroughthe proxy is maintainedefficiently,
which malkes it possibleto accuratelyestimatethe long-
termaccessrequeny of individual objects.Our evaluation
using extensve trace-drven simulationsand differentper
formancemetricsquantifiedthe benefitsandestablishedhe
superiorityof our proposedlgorithms.
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