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Abstract

Webcaching aimsat reducingnetworktraffic, serverload,
and user-perceivedretrieval delaysby replicatingpopular
contentonproxycachesthatarestrategically placedwithin
the network. While key to effectivecache utilization, pop-
ularity information(e.g. relativeaccessfrequenciesof ob-
jectsrequestedthrougha proxy)is seldomincorporateddi-
rectlyin cachereplacementalgorithms.Rather, otherprop-
ertiesof therequeststream(e.g. temporal locality andcon-
tent size),which are easierto capture in an on-line fash-
ion, areusedto indirectlyinfer popularityinformation,and
hencedrivecachereplacementpolicies.Recentstudiessug-
gestthatthecorrelationbetweenthesesecondaryproperties
and popularity is weakeningduein part to the prevalence
of efficientclient andproxycaches.Thistrendpointsto the
needfor proxy cache replacementalgorithmsthat directly
capturepopularityinformation.

In this paper, we (1) presentan on-line algorithm that
effectivelycapturesand maintainsan accurate popularity
profile of Web objectsrequestedthrougha caching proxy,
(2) proposea novelcachereplacementpolicythatusessuch
informationto generalizethewell-knownGreedyDual-Size
algorithm,and(3) showthesuperiorityof our proposedal-
gorithmby comparingit to a hostof recently-proposedand
widely-usedalgorithmsusingextensivetrace-drivensimu-
lationsanda varietyof performancemetrics.

1. Intr oduction

Web cachingaims to reducenetwork traffic, server load,
anduser-perceivedretrieval delayby replicating“popular”
contentonproxycaches[1, 14] thatarestrategically placed
within thenetwork—atorganizationalboundariesor major
AS exchanges,for example.
�
This work was partially supportedby NSF researchgrant CCR-
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It maybearguedthattheeverdecreasingpricesof RAM
anddisksrendertheoptimizationor finetuningof cachere-
placementpoliciesa“moot point”. Suchaconclusionis ill-
guidedfor severalreasons.First, recentstudieshaveshown
thatWebcachehit ratio(HR) andbytehit ratio(BHR) grow
in a log-like fashionasa functionof cachesize[2, 7, 8, 9].
Thus, a betteralgorithm that increaseshit ratios by only
severalpercentagepointswould beequivalentto a several-
fold increasein cachesize.Second,thegrowth rateof Web
capacityis muchhigherthanthe ratewith which memory
sizesfor Web cachesare likely to grow. The only way to
bridgethiswideninggapis throughefficientcachemanage-
ment. Finally, the benefitof even a slight improvementin
cacheperformancemay have anappreciableeffect on net-
work traffic, especiallywhensuchgains arecompounded
throughacachehierarchy.

Thereare many factorsthat affect the performanceof
cachereplacementpolicies. Among others,thesefactors
include object size, miss penalty, temporarylocality, and
long-termaccessfrequency.
� Unlike traditional cachingin memorysystems,Web

cachesare required to manageobjects of variable
sizes.Cachingsmallerandthusmoreobjectsusually
resultsin higherhit ratios,especiallygiventheprefer-
encefor smallobjectsin Webaccess[8]—thoughthis
preferenceseemsto beweakening[5].

� Themisspenalty(i.e. retrieval costof missedobjects
from serverto proxy)variessignificantly. Thus,giving
apreferenceto objectswith ahighretrieval latency can
achievehighsaving [22].

� Webtraffic patternswerefoundto exhibit temporallo-
cality [2, 9,17], i.e.,recentlyaccessedobjectsaremore
likely to beaccessedagain in thenearfuture.This has
led to the useof LRU cachereplacementpolicy and
generalizationsthereof[9]. Recentstudieshave docu-
mentedaweakeningin temporallocality [5].

� Thepopularityof Webobjectswasfoundto behighly
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variable(i.e. bursty)over shorttimesscales,but much
smootherover long time scales[4, 13], suggestingthe
significanceof long-termmeasurementsof accessfre-
quency in cachereplacementalgorithms.

Moti vation and key contributions: While key to effective
cacheutilization, popularity information(e.g., the relative
accessfrequenciesof objectsrequestedthrougha proxy)
is seldommaintainedandrarelyutilized directly in thede-
signof cachereplacementalgorithms.Rather, otherproper-
tiesof therequeststream(e.g.,temporallocality andobject
size),which areeasierto capturein anon-line fashion,are
usedto indirectly infer popularity information, andhence
drivecachereplacementpolicies.

To elaborateon this point, considertwo widely used
cachereplacementpolicies: Least-Recently-Used(LRU)
andLargest-File-First(LFF). LRU capitalizeson the tem-
poral locality in a requeststream,namelythe recency of
access,whereasLFF capitalizeson the negative correla-
tion betweenpopularity and object size. Both of these
properties—namely, recency of a repeataccessandsizeof
requestedobject—areassumedto be indicative of the fu-
ture popularity of the object, and hencereflective of the
meritof keepingsuchanobjectin thecache.Recentstudies
[5] suggestthatsuchrelationshipsareweakeningandhence
may not be effective in indirectly capturingthe popularity
of Webobjects.

In thispaper, we(1) presentanon-linealgorithmthatef-
fectively capturesandmaintainsanaccuratepopularitypro-
file of Webobjectsrequestedthrougha cachingproxy, (2)
proposea novel cachereplacementpolicy (termedGDSP)
that directly usessuchinformation to generalizethe well-
known GreedyDual-Sizealgorithm, and (3) show the su-
periority of our proposedalgorithm by comparingit to a
hostof recently-proposedandwidely-usedalgorithmswith
extensive trace-driven simulationsusing large DEC and
NLANR proxy traces.

Our implementationof GDSP algorithm addressesa
numberof importantproblems,namely(a) How to capture
the temporallocality exhibited in Web accessstreams,al-
thoughit is weak?(b) How to avoid cachepollution—i.e.,
the tendency of previously popularobjectsto linger in the
cache?(c) How to efficiently maintainthepopularityprofile
of a largeworking setof Webobjects?and(d) How to use
sucha profile to accuratelyestimatethe long-termaccess
frequency of individual objects?

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

2. Relatedwork

Thereis a large body of work on cachingin generaland
on Web cachingresearchin particular. In this section,we
restrictour presentationto cachereplacementpolicies for
Webproxiesandservers.
Basic policies: Simple Web cachereplacementpolicies
leveragea single basic propertyof the referencestream.
Least-Recently-Used(LRU) leveragestemporal locality
of reference—namely, that recently accessedobjectsare
likely to be accessedagain. Least-Frequently-Used(LFU)
leveragesthe skewed popularity of objectsin a reference
stream—namely, thatobjectsfrequentlyaccessedin thepast
arelikely to beaccessedagain in thefuture. Previousstud-
ies [7] indicatethat the independentreferencemodel [10]
explainswell thedistributionpropertiesof Webaccess,sup-
portingtheuseof of frequency-basedpolicies.Largest-File-
First (LFF) leveragesthenegativecorrelationthatexistsbe-
tweenobjectsizesandlikelihoodof access—smallobjects
have a higherprobability of beingreferencedagain in the
future.

Earlycharacterizationsof Webaccesspatternssuggested
thepresenceof strongtemporallocality of reference[2, 4,
13]. However, morerecentstudieshaveconcludedthatthis
temporallocality is weakening[5]. Onereasonfor thistrend
is effective client caching.To understandthis, it sufficesto
notethat the requeststreamgeneratedby a client usingan
efficient cachingpolicy is preciselythesetof requeststhat
missedin theclientcache.Sucharequeststreamis likely to
exhibit weaktemporallocality of reference—inparticular,
arecentlyaccessedobjectis unlikely to beaccessedagainin
thefuture! This trendsuggeststhatLRU is not anadequate
policy for cachereplacementat proxies.

Earlycharacterizationsof Webaccesspatternssuggested
a strongpreferencefor small objects[8]. However more
recentstudieshaveconcludedthatthispreferenceis signifi-
cantlyweakening[5, 7]. Again,thisweakeningcouldbere-
latedto thepresenceof moreefficientclientcaching,which
tendto maskthecorrelationbetweensizeandfrequency of
access.It suggeststhat LFF is not an adequatepolicy for
cachereplacementatproxies.

Unlike LRU andLFF, LFU infers objectpopularitydi-
rectly from the referencehistory. While cachingthe most
popularobjectswould yield optimal performance,recent
studiesof Web accesspatternssuggestthat the popularity
of Web objectsis highly bursty [4, 13]. Objectsthat are
popularover short time scalesarenot necessarilypopular
over longertimescales(andvice-versa).Thispropertylim-
its theperformanceof LFU dueto thecachepollution phe-
nomenonto whichwealludedearlier.

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



stream,weakeningtemporallocality, etc.) limit the effec-
tivenessof basiccachereplacementalgorithms.
Hybrid policies: Severalstudieshave generalizedLRU to
make it moresensitive to the variability in objectsizeand
retrieval delays. The GreedyDualalgorithm[23] waspro-
posedto dealwith variable-costuniform-sizepagecaching
problem.CaoandIrani [9, 15] generalizedtheGreedyDual
algorithmto dealwith variable-sizeWeb objects. The re-
sultingalgorithm,GreedyDual-Size(GDS),enablesacache
replacementstrategy to be sensitive to both the variability
in Webobjectsizesandretrieval costs(misspenalty).The
GDSimplementationdescribedin [9] uses���	��

��������� asthe
utility valueof anobject.Thisvalueis deflatedover time to
dynamically“age” objectsin thecache.GDSwasprovento
possessanoptimalcompetitiveratio—meaningthatits cost
of cachemissesis within � timesthatof anoff-line optimal
algorithm,where � is theratioof thecachesizeto thesize
of thesmallestobjectin thetrace.

Othergeneralizationsof LRU have attemptedto incor-
porateaccessfrequency informationinto LRU. LRU-K [19]
computestheaveragereferencerateof thelast � accesses.
It wasshown to outperformLRU for databasedisk buffer-
ing applications.LNC-W3 [20, 21] is anothergeneraliza-
tion that incorporateobjectsize,retrieval costs,andtheav-
eragereferencerateinto LRU. LNC-W3 usestheseaspects
to computetheprofit of cachinganobject.

The Hybrid algorithmpresentedin [22] is aimedat re-
ducingtotal latency by estimatingtheutility of retainingan
objectin thecachebasedon theobjectsize,loaddelay, and
frequency. The LRV algorithmpresentedin [17] usesthe
cost,size,and last accesstime of an object to calculatea
utility value. The calculationis basedon extensive empir-
ical analysisof tracedata. Thesealgorithmshave several
drawbacks. Most importantly, they areheavily parameter-
ized, requiringextensive tuning andparameterestimation.
This makesthemsusceptibleto changesin accesspatterns
andthelocationof thecache.

In anotherattemptto leverageaccessfrequency, Arlitt
et al proposedand evaluatedtwo replacementpolicies—
GDSFandLFU-DA [3]. GDSFsimply incorporatesaccess
countinto GDS.It uses ����������� �������	�! "���!�����#%$&� asits basevalue.
LFU-DA is aspecialcaseof GDSFin which ���	��
 is propor-
tional to ������� . Simulationsshow that GDSF(1),in which
costis thesamefor all objects,obtainsthehighesthit ratio
while LFU-DA obtainsthehighestbytehit ratio. A recent
paper[16] foundthecombinationof asimpleGD-LFU pol-
icy(sameasGDSF(1))anda Hybrid coherency policy ob-
tainsthelowestaveragecost.

3. Popularity-awar e GDScachemanagement

One of the weaknessesof GDS is its inability to capture
and leveragethe knowledgeof the long-termaccessfre-

quenciesof Web objects. Recentstudies[5, 7, 8] have
shown theprevalenceof Zipf-lik edistributions(Power-law)
in Webaccesscharacteristics.Onesuchdistributionis iden-
tified whencharacterizingobjectpopularity ' asa function
of object rank ( . In particular, '*)+(-,/. , 021+34165 .
This leadsto thefollowing property:Thenumberof objects
accessedat least 7 timesis proportional to 7-,98;:!. . This
implies that the probability of future referencesis depen-
denton pastaccessfrequencies—suggestingthe relevance
of taking into considerationlong-termaccessfrequencies
in cachereplacementstrategies. In this section,we present
GDS-Popularity(GDSP),a generalizationof GDSthaten-
ablesit to leveragetheknowledgeof theskewedpopularity
profileof Webobjects.

3.1.Overview of GDSP

We incorporateaccessfrequency into the GDS algorithm
throughtheuseof anew utility valuefor agivenobject.The
utility value <>=@?BA for anobject ? is definedastheexpected
normalizedcostsaving asa resultof having ? in thecache:

<>=@?/ADCFE =@?/AHGI�J=@?BA�K=@?BA L
where�K=@?/A is thesizeof ? , �J=@?/A is its retrieval cost(i.e. miss
penalty),and E =@?BA is its accessfrequency. Thus,<>=@?BA repre-
sentsthecostsavedperbyteof ? asa resultof all accesses
to it in agivenperiodof time.

To captureaccessrecency andto avoid pollution by pre-
viously popularobjects,we usea dynamicaging mecha-
nism similar to that usedby GDS. In particular, we rep-
resentthe cumulativevalueof an object ? by MN=@?BA . The
cumulative valueof the object last evicted from the cache
is denotedby O . Thus,aninvariantof our algorithmis thatMP=@?/AHQRO for any object? thecache.

The resulted algorithm is called GDS-Popularity or
GDSP. Its generalstepsare describedin Figure 1. It has
nearly the sametime and spacecost as GDS. The object
metadatacanbemaintainedwith apriority queuewith keyMP=@?/A . Theprocessingoverheadon eachhit or replacement
is S (logT ). Anotherelementof overheadcomesfrom main-
tainingthepopularityprofile andestimatingtheaccessfre-
quency. Thenext subsectionshows that thetime andspace
requirementsfor doingsois very low.

3.2.Capturing object popularity

GDSP maintains“meta” information for a subsetof the
objectsin the requeststream. Suchinformation includes
the objectsize,the retrieval cost,the last accesstime, and
the estimatedaccessfrequency. All but the last of these
quantitiesarereadilyavailablefrom therequeststream(e.g.
HTTPheaders,etc.).



Algorithm GDS-Popularity:UWV
0.0

for each request for object X do
if X is in cache

then YIZ[X]\ V^U`_Wa Z[X]\Dbdc�Z[X]\�egfJZ[X]\
else while there is not enough free cache for X

do
UWVihdjlkBm YIZon�\&p n is in cache q
Evict n which satisfies YIZon�\sr U

fetch XYIZ[X]\ ViUt_ua Z[X]\vbwc�Z[X]\�egfJZ[X]\
Figure 1. Pseudocodeof GDSPAlgorithm

Popularity information: Onesimplisticwayof computing
therelativeaccessfrequency of Webobjectsis to keeptrack
of the full referencehistoryof every Webobjectrequested
throughtheproxy. This is obviously unrealisticdueto the
hugescaleof theWeb. Instead,oursolutionkeepsthepopu-
larity information,i.e. accessfrequency andlastaccesstime
of only asmallfractionof all Webobjectsrequestedthrough
theproxy. Thismethodallowsusto boundthespaceusedto
maintainsuchinformation. In particular, in our implemen-
tation,weboundthespaceby satisfyingtwo conditions:(1)
lessthan(say)1%of thecacheis usedto keepthepopularity
information,and(2) the total numberof objectsfor which
this information is kept is no more than(say)20% of the
total numberof objectsexpectedin a given accessstream.
Undersuchconditions,andfor theNLANR andDECtraces
(discussedlater)weconsidered,thetotalspacerequirement
includingtheauxiliaryspace,is only a few megabytes.

It is importantto notethenecessityof keepingreference
popularityinformationfor cachedandevictedobjectsalike.
Thisis necessarynotonly to improvetheaccuracy of access
frequency estimation,but also to avoid the pollution phe-
nomenon,to which wealludedearlier. This phenomenonis
analogousto thrashingwherebya popular, newly cached
object is evicted before building up enough“inertia” (in
termsof accessfrequency) to resisteviction dueto aburstof
referencesto anobjectthatis popularonly overashorttime
scale[4, 13]. Thesituationis exacerbatedfurtherascached
objectsage—thelonger the requeststream,the larger the
“inertia” neededto resisteviction. Since the accessfre-
quency of a new popularobject is alwayscomputedfrom
scratch,it hasno fair chanceto stayin thecacheunlessits
referencepopularity information is maintainedeven when
theobjectitself is temporarilyevicted.

In theremainderof this paper, we usetheterm“Popular
Objects” to refer to the set of objectsfor which popular-
ity informationis maintainedat theproxy at any particular
point in time. Also, we usethe term “CachedObjects” to
referto thesetof objectscachedat theproxyatany particu-
lar point in time. Notethat“CachedObjects”is a subsetof

“PopularObjects”,which arein turn a subsetof all objects
in therequeststream.
Efficient management of popularity information: To
supportan efficient searchfor popularity information as-
sociateda given URL, a hashtable (on the URL) can be
used.As explainedearlier, we maintainentriesin this hash
table for only popularobjects. To that end,we employ a
replacementpolicy thatevicts theleastfrequentlyaccessed
entry. A faithful implementationof sucha policy would
requirethemaintenanceof apriority queuewith accessfre-
quency as the key. This resultsin an expensive S (logT )
time costfor eachreplacement.Fortunately, sincethereis
a significantnumberof entrieswith identicalfrequency, an
efficient approximationis possible. Namely, by aggregat-
ing theentrieswith thelowestfrequency in a linkedlist, our
implementationselectstheoldestsuchentryasa candidate
for eviction. This implementationneedsonly St=�5gA time for
eachreplacement.
Frequencycomputation: As describedearlier, we need
to keeptrack of the accessfrequency for popularobjects.
Keepingareferencecount,whilesimple,mayresultin some
inaccuracies.Below, we discusstwo suchinaccuraciesand
presenttherefinementsadoptedin our implementation.

We denoteby E # =@?/A the accessfrequency estimatefor
object? afterbeingaccessed� timessinceits inclusionasa
popularobject.

First, accessfrequency estimatesare time varying. To
accountfor this,amechanismmustbeadoptedto givepref-
erenceto morerecentreferencesin prediction. In our im-
plementation,we usea decayfunctionto de-emphasizethe
significanceof pastaccesses.In particular, onthe =l�Bxy5�A -th
referenceto anobject? , its frequency is iteratedas:

E #{z 8 =@?BADC E # =@?BA|GI} , � :�~ x�5 L
where
 is theelapsedtimesincethelastreferenceand� is a
constantthatcontrolstherateof decay. In ourexperiments,
weset �yC�} days.1

Second,the Zipf-lik e natureof popularity distribution
impliesthattherecanbearbitrarilymany accessed-onceob-
jectsin a requeststream.Theprobabilityof futureaccesses
to suchobjectsis very low. To accountfor this, a mecha-
nismmustbeadoptedthatde-emphasizesaccessesmadeto
unpopularobjects.In our implementation,we discountthe
significanceof thefirst accessto anobject.In particular, the
weightof afirst referenceis setto E 8 C�5��J� . Thisvaluewas
chosenbecause,in the traceswe consideredin our experi-
ments,thefractionof objectsthatwerereferencedtwice or
morewasaround5g�	� .

1Thefrequency valuereflectsthemeritof keepinganobjectoveralong
period.Thesignificanceof pastaccessesshouldnotdecaytoo fast.As for
the tracesconsideredin our experiments,it is usuallysuitableto half the
effectof a referenceevery at leastoneday.



4. Performanceevaluation

In this section,we presentthe resultsof extensive trace-
driven simulationsthat we have conductedto evaluatethe
performanceof GDSP.

4.1. Tracesused

In our trace-driven simulations we used traces from
DEC[12] and NLANR[18]. We only presentthe results
obtainedfrom the first week(08/29 - 09/04,1996)of the
DEC trace(resultsfrom theotherweeksweresimilar). We
have alsorun our simulationswith tracesfrom a multitude
of NLANR proxy sitessinceApril, 1999. Sincetheresults
of our simulationsweresimilar acrossall sites,we present
hereonly theresultsobtainedfrom thesiteUC traces(April
7-10,1999).Someof thecharacteristicsof thesetracesare
shown in Table1. Note, Mu��� and ��MW��� arethehit ra-
tios whenthecachesizeis infinite, i.e., theupperboundof
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)Y���� 48.7% 55.8%� Y���� 35.8% 50.1%

Our preprocessingof theDEC tracesfollowedthesame
proceduresdescribedin [9]. In particular, weexcludednon-
cache-ablerequests,includingcgi-bin requestsandqueries.
In addition,in our experiments,we counta requestasa hit
if the last modificationtimesof the cachedobjectandthe
actualreplyto usersarethesamewhenbothareknown,or if
theobjectsizehasnotchangedwhenbothlastmodification
timesareunknown.

Our preprocessingof theNLANR traceswasmoreelab-
orate.TheNLANR tracesincludemany IMS (If-Modified-
Since)andREFRESHrequestswith a reply codeof “304”
(Not Modified). In order to include suchrequestsin the
workload, we had to find the sizesof the objectsof such
requests.We do so througha 2-passscanningof the en-
tire trace. This processwas 96%-successfulin identify-
ing cache-ablerequests(The remaining4% wereIMS and
Refreshrequestsfor which we wereunableto identify the
object sizes). In addition to this preprocessing,we have
also excluded non-cache-ablerequests,including cgi-bin
requestsandqueries.

4.2. Performancemetrics and algorithms

Our performanceevaluationmetricsreflectthevariousob-
jectives of the proxy cachingalgorithms. We considered

threemetrics: Hit Rate(HR), Byte Hit Rate(BHR), and
Latency. OptimizingHR aimsto maximizethe fractionof
all requestsfound in the cache. Optimizing BHR aimsto
minimize the total traffic betweenthe proxy and servers.
Optimizing latency aimsto minimize theaverageresponse
time perceived by end-users.To achieve theseobjectives,
onemusttunewhat a proxy perceivesasthe misspenalty.
In particular, to optimizeHR, oneshouldtreatall missesas
having identicalcost. We refer to this by theconstantcost
assumption.To optimizeBHR, oneshouldrelatethe miss
penaltyto thesizeof themissedobject(in numberof pack-
ets,definedas }�x ��#%$&��
�
� ). Wereferto thisby thepacketcost
assumption.Tominimizelatency, oneshouldrelatethemiss
penaltyto the latency of retrieving the missedobjectfrom
theserver. Wereferto this by the latencycostassumption.

WecomparedGDSPto LRU, LFU, GDS,andGDSFal-
gorithms. LRU andLFU wereselectedbecausethey rep-
resentwidely usedpoliciesthat exploit fundamentalchar-
acteristicsof the requeststream—LRU capitalizeson re-
cency of accessand LFU capitalizeson long-termaccess
frequency. We excludedalgorithmsthatwereknown to be
inferior to GDS as establishedin [9]. Theseinclude the
SIZE-based,Hybrid [22], andLRV [17] algorithms.Given
thatGDSF[3] (likeourproposedGDSPalgorithm)is anex-
tensionof GDS,which enablesit to accountfor accessfre-
quency, we have also includedcomparisonsof GDSFand
GDSP.

An importantaspectof LFU is thepolicy usedfor evic-
tion whentwo objectshave thesameaccesscount. To that
end,a tie breaker is necessary. In our simulations,the last
accesstime is usedasthetie breaker. This alsomeansthat
to someextenttheLFU algorithmconsidersaccessrecency.
It is not clearwhetherdifferenttie breakersleadto thedif-
ferentperformancebetweentheLFU algorithmsin [7] and
this paper. Even if no tie breaker is used,the hit ratiosof
LFU in ourexperimentswerenot aslow asthosein [7].

GDS is a family of algorithms,eachwith a different
definition of cost. Threeversionsof the GDS algorithm,
GDS(1), GDS(packets), and GDS(latency) are simulated,
reflectingtheconstantcost,packetcost,andlatency costas-
sumptionsdescribedabove. Clearly, if thecostof transfer-
ring eachbyteis thesame(i.e. retrieval costis proportional
to object size), then the GDS algorithm degeneratesinto
LRU. This implies that the performanceof GDS(packets)
will be closeto that of LRU sincethe numberof packets
is roughlyproportionalto theobjectsize. Similar to GDS,
we alsoconsiderthreeversionsof our GDSPalgorithm—
namely, GDSP(1),GDSP(packets),andGDSP(latency).

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

of theuniquefilesrequestedthroughaproxyis notbounded
(e.g.,in onemonththisaggregatedsizefor theNLANR site
UC wasupto 200GB),while theproxyserverresourcesare
restrictedin termsof bothmemoryandCPU.

4.3. Performanceunder constantcostassumption

First, assumethattheobjectshave thesamecost.We com-
pareLRU, LFU, GDS(1),andGDSP(1). Figures2 and3
give theratios(y-axis)for thesealgorithmsasa functionof
thecachesize(x-axis, logarithmicscale).We show Mu���
and ��Mu��� as upper boundson performancewhen the
cachesizeis largeenough(thetotal uniquefile size).

For the DEC trace,LFU andLRU have the lowestHR.
They arefar worsethanGDS(1)andGDSP(1)—e.g.when
cachesize is 1GB, LRU’s HR is 35.4%andLFU’s HR is
36.0%while bothGDS(1)andGDSP(1)obtainabout44%.
This is becauseLRU andLFU arenot sensitive to object
sizes.TheBHR of LFU is low whenthecachesizeis small;
it increasesthefastestwhencachesizeincreases.This may
bedueto two reasons:(1) whencachesizeis larger, popular
objectshaveabetterchanceof beinghit again,thusincreas-
ing their likelihood of stayingin the cache,and (2) since
LFU usesthe last accesstime as the tiebreaker, a larger
cacheallowsLFU to benefitfrom temporallocality.

GDSP(1)consistentlyoutperformsGDS(1), especially
with small cache. GDS(1) has the lowest BHR. This is
not surprisingsinceGDS(1)favorssmall files independent
of their popularity—thus,a largepopularobjectstandsless
chanceof beingcachedunderGDS(1). On theotherhand,
GDSP(1)achievessuperiorHR without significantdegra-
dationin BHR. This is dueto GDSP’s sensitivity to access
frequency, whichenablesit to cachelargepopularfiles.

For theNLANR trace,theresultsaresimilar.2 TheHR of
GDSP(1)is consistentlythehighest.Its BHR is lower than
LFU only when the cacheis very large, but muchhigher

2For theNLANR trace,we do not counta REFRESHrequestasa hit
sincetheproxy mustcontacttheserver. However, we countthebyteshit
sincea server’s 304 reply doesnot lead to an object transfer. This as-
sumptiondoesnot changethe relative performanceof the algorithmsin
simulations.
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Figure 3. BHR under the constantcostassumption

thanGDS(1).Thedisadvantageof GDS(1)in BHR is more
obviousfor this trace.Anotherdifferenceis theconsistently
betterperformanceof LFU whencomparedto LRU. This is
probablydueto theweakertemporallocality in theNLANR
trace(comparedto theDECtrace).Thisweakeningin tem-
porallocality (from1996to1999)is in linewith thefindings
in [5]. Also, this weakeningmaybedueto thediversityof
usersof upper-level NLANR proxies.

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

4.4.Performanceunder packet costassumption

Figures4 and5 show thehit ratioswhenthecostis thenum-
ber of packets transferred.Figure6 shows the numberof
packet transfersdueto thevariousalgorithms.Wecompare
LRU, LFU, GDS(packets),andGDSP(packets).

For theDEC trace,bothhit ratiosfor GDS(packets)and
LRU areclose. This is becausewhen the cost is roughly
proportionalto objectsize,GDS(packets) is nearlyequiv-
alentto LRU. GDSP(packets)consistentlyoutperformsthe
others—intermsof both hit ratiosandpacket transferred.
The relative BHR improvement of GDSP(packets) over
GDS(packets)andLRU is asmuchas15%.TherelativeHR
improvementis asmuchas30%whenthecacheis small.

For theNLANR trace,theresultsaresimilar. TheBHRs
of GDS(packets)andLRU arenearlyequal.GDS(packets)
outperformsLRU slightly in HR. This differenceis dueto
thefactthat ���!�����#{$�� is notanexactconstantandGDS(packets)
slightly favors small objects, resulting in increasedhits.
LFU is the closestto GDSP(packets) when the cacheis
large.LFU doeswell dueto theweaktemporallocality.

When cachesize is larger than 4% of the total unique
file size,GDSP(packets)is superiorto GDS(packets)along
severalperformancemetrics.(1) Therelative improvement
with respectto HR and BHR is 20% and 17%, respec-
tively. For example, for the NLANR trace, when cache
sizeis 1GB, theHR andBHR of GDS(packets)are33.7%
and27.5%,respectively, whereasthoseof GDSP(packets)
are 40.3% and 32.1%, respectively; When cache size
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Figure 4. HR under the packet costassumption
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Figure 5. BHR under the packet costassumption

is 4GB, the BHR of our algorithm is 42.9%, compared
with 38.2% of GDS(packets). (2) GDS(packets) needs
about twice the cachesize to obtain the sameHR and
BHR of GDSP(packets). (3) GDS(packets) produces8%
more packets on the network for the NLANR trace and
samecachesize as shown in Figure 6 (right). When
cachesize is 1GB, GDS(packets) needs88.6M packets
while GDSP(packets) needs83.0M packets; when cache
size is 4GB, GDS(packets) needs75.2M packets while
GDSP(packets)needsonly 69.8Mpackets.

4.5. Performanceunder latencycostassumption

The retrieval delay for fetching an object from a remote
server can be modeledby: �J=@?BA`C�
 ���;�	� x2
;��� �l� G���=@?/A ,
where 
 ���;�	� is the time to establishthe connectionand
;��� �l� is the averagetime to transfera byte. We simply
estimatethesetwo parametersfor all servers in the trace,
insteadof determiningtheseparametersfor each server
separately.3 We do so by computing the averagedelay
for objectsof different sizesand estimatingthe parame-
ters with a least-square fit. For the DEC trace,we com-
puted 
 �����	��� 5J�[�K�g�g��� , and 
;��� �l��� 0]��0�0�0�} 5��g�g���	¡�¢£
�� .
For theNLANR trace,we computed
 �����	�W� 5	�@¤	�g�g��� , and

3We hadoriginally attemptedto computetheseparameterson a per-
server basisusingthe techniquesproposedin [22] andusedin [9]. How-
ever, our findingsrevealedwide inaccuracies.We suspectthat theseinac-
curaciesaredueto thevariability in network conditionsasobservedin [11]
andserver loadconditionsasobservedin [6].
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Figure 6. Packets(mega)under packet costassumption
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Figure 7. LSR under the latencycostassumption


;��� �l��� 0 � 0�0�0"5g���g�g���J¡�¢£
�� .
Figure7 shows the latency saving ratio (LSR) for both

DEC andNLANR tracesunderLRU, LFU, GDS(latency),
andGDSP(latency). The resultsshow that latency reduc-
tion is minimal for LRU andLFU. GDSP(latency) clearly
outperformsGDS(latency). Therelative improvementover
LRU andLFU is up to 25%;therelative improvementover
GDS(latency) is higherthan10%.

4.6.Comparison to GDSF

As suggestedin [3] and [16], a simple generalizationof
the GDS algorithmusesthe exact accesscountas E =@?BA in
ouralgorithmanddoesnotmaintainapopularityprofile for
accuratefrequency computation. This algorithm is called
GDSFin [3] andGD-LFU in [16]. Studieshaveshown that
this algorithm outperformsGDS. In this sectionwe com-
pareGDSFandGDSP.

Figure8givesthehit ratiosof GDSF(1),GDSF(packets),
GDSP(1),andGDSP(packets) for the NLANR trace. The
resultsaresimilar for the DEC traceandarenot included
herefor spacelimitations. As evident from Figure8, the
GDSPalgorithmsconsistentlyoutperformthe correspond-
ing GDSFalgorithms,which in turn areonly slightly bet-
ter thanthecorrespondingGDSalgorithms.Thesefindings
confirmthevalueof GDSP’spopularityprofilemaintenance
andfrequency estimationtechniques.
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Figure 8. HR(left) and BHR(right) of GDSPvsGDSF

5. Summary

Popularityinformation is an importantfactor for effective
Web cachereplacementpolicies. In this paper, we pre-
sentedanon-linepolicy thateffectively capturesandmain-
tainsanaccuratepopularityprofileof Webobjectsrequested
througha cachingproxy and designeda novel cachere-
placementalgorithmthatutilizessuchinformation. To ex-
ploit temporallocality exhibited in the Web traffic aswell
as to avoid cachepollution by previously popularobjects,
the algorithmgeneralizesGreedyDual-Sizeby incorporat-
ing frequency information.A popularityprofileof Webob-
jectsrequestedthroughtheproxy is maintainedefficiently,
which makes it possibleto accuratelyestimatethe long-
termaccessfrequency of individualobjects.Ourevaluation
usingextensive trace-driven simulationsanddifferentper-
formancemetricsquantifiedthebenefitsandestablishedthe
superiorityof ourproposedalgorithms.
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