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Abstract— This paper describesthe designand useof a synthetic Web
proxy workload generator(ProWGen)to investigatethe sensitivity of proxy
cachereplacementpoliciesto selectedWebworkload characteristics.Trace-
dri ven simulationswith syntheticworkloads fr om ProWGenshow the rela-
tivesensitivity of thr eepopular cachereplacementalgorithms – LRU, LFU-
Aging, and GD-Size– to Zipf slope,temporal locality, and correlation (if
any) betweenfile sizeand popularity, and the relative insensitivity of these
algorithms to one-timersand heavy tail index. Performancedifferencesbe-
tweenthe thr eepoliciesarealsohighlighted.

I . INTRODUCTION

The continuinggrowth of the Web can lead to overloaded
Webserversandcongestionon theInternetbackbone,with the
endresultbeinganincreasein user-perceivedlatency for retriev-
ing Webdocuments.

Cachingis onemeansof improving theperformanceandscal-
ability of theWeb. Cachingcanbeappliedat several locations:
at the client [13], [19], [26], [38], at the server [7], [8], [13],
andwithin the network [1], [2], [5], [9], [10], [13], [14], [18],
[21], [35], [36], [38], [41]. Thelatterapproachinvolvescaching
proxies[1], [18], [41], which arethefocusof thispaper.

Cachingproxieshave gainedwidespreadpopularity on the
Internet. By keepinglocal copiesof documentsrequestedby
Web clients, and using them to satisfy future requeststo the
samedocuments,cachingproxiescanreducetheamountof traf-
fic flowing betweenWeb clientsandWeb servers. As a result,
Web serversseea reducedload, unnecessarilyduplicatedtraf-
fic throughtheInternetis reduced,andthedelaysperceivedby
usersarereduced.

Web proxy workloadcharacteristicsandproxy cachingper-
formancehave beenwell-studiedin the literature. Somecom-
mon characteristicsidentified in proxy workloadsare: (1) the
documentpopularity often follows Zipf ’s law [5], [30], [31],
[39]; (2) thefile sizedistribution for Web documentsis heavy-
tailed [1], [5], [30], [31]; (3) many (e.g.,50-70%)of the doc-
umentsare referencedonly once[1], [30], [31], [38]; and(4)
temporallocality existsin theWebproxy referencestream[20],
[28], [29], [30], [32], [39].

Thesecharacteristicsposea challengefor Web proxy cache
design.Someauthorsarguethatthelimits of cacheperformance
havealreadybeenreached,andthatnew techniquesarerequired
to improveperformance[25], [34], [40].

This paperaddressesthefollowing two researchquestions:� In a single-level proxy cache,how sensitive is Web proxy
cachingperformanceto certainworkload characteristics(e.g.,
one-timers,Zipf slope,heavy-tailed file sizedistribution, tem-
poral locality)?

� How doesthe degreeof sensitivity changedependingon the
cachereplacementpolicy?

Unfortunately, thesequestionsare not easyto answer. For
instance,investigatinghow a particularworkloadcharacteristic
(e.g.,Zipf slope)affectsdifferentreplacementpoliciesrequires
empiricalworkloadsthatdiffer only in thatcharacteristic.Such
workloadsareobviouslydifficult to obtain.

Therefore,to answertheresearchquestionsabove,we devel-
opeda syntheticWeb proxy workloadgeneratorthatoffers the
requiredflexibility . The workloadgenerationtool is thenused
in a sensitivity studyof proxycachereplacementpolicies.

Thetrace-drivensimulationresultsshow thatthereplacement
policiesevaluatedaresensitive to Zipf slope,temporallocality,
andcorrelationbetweenfile sizeandpopularity, andrelatively
insensitiveto one-timersandheavy tail index. Theseresultspro-
vide insight into the designof Web proxy cachingpoliciesand
Webproxycachinghierarchies[17].

Theremainingsectionsof thispaperareorganizedasfollows.
SectionII providesa brief discussionof relatedwork, andclar-
ifies the contributionsof this paper. SectionIII describesthe
proxy workload generationtool, andSectionIV discussesthe
validationof thetool. SectionV presentstheexperimentalsetup
for thestudyof single-level caches,while thesimulationresults
arepresentedin SectionVI. SectionVII concludesthepaper.

I I . BACKGROUND AND RELATED WORK

Workloadsynthesisallowssystemsto bestudiedin controlled
ways.This helpsin managementandcapacityplanning.

There are several workload generationtools developedto
study Web servers and Web proxies. SPECweb99[42],
WebBench[44], andSURGE[11] areamongworkloadgenera-
tion toolsdesignedto exerciseWebserversby repeatedlysend-
ing requests(e.g.,HTTPrequests)from machinesconfiguredas
clientsto theintendedservermachineundertest.Othersynthe-
sistools,suchas[33], [31], [45], rely onempiricalworkloadsto
generatesyntheticones.

The issue that motivates our proxy workload generation
(ProWGen)tool makes it different from previous tools. The
goal is to examinethe sensitivity of proxy cachingpoliciesto
certainworkloadcharacteristics.Therefore,ProWGenincorpo-
ratesonly thosecharacteristicsdeemedrelevant to caching. In
addition,ProWGenmodelsonly theaggregateclient workloads
seenby a typicalproxy server, ratherthanindividualclients.

Several studieshave focusedon the importanceof isolated
workloadcharacteristicson proxy cacheperformance.For ex-
ample,Roadknightet al. [39] remarkedon thedramaticimpact
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of smallchangesin Zipf exponenton thepopularityof themost
popularfiles andthenumberof files in theproxy’s cache.Ma-
hanti et al. [30], [32] investigatedthe importanceof temporal
locality on Web proxy cacheperformanceandconcludedthat
temporallocality is an importantfactor in proxy cacheperfor-
mance. Several other researchershave commentedon the im-
portanceof otherworkloadcharacteristicsandtheir impacton
proxyserverperformance(e.g.,correlationbetweenfile sizeand
popularity[15], one-timers[31], heavy-tail property[23]).

Our work differsfrom thesestudiesin thata syntheticwork-
loadgenerationtool (ProWGen)is usedto generateproxywork-
loadsthat differ in onechosencharacteristicat a time. These
workloads,which would havebeenimpossibleto obtainempir-
ically, arethenmethodicallyusedto investigatethe sensitivity
of cachereplacementpolicies(recency-based,frequency-based,
and size-based)to eachworkload characteristic,using trace-
drivensimulations.

I I I . DESCRIPTION OF PROWGEN

There are two common approachesto synthesizingWeb
proxyworkloads[11]. Thetrace-basedapproachusesanempir-
ical traceandeithersamplesit or permutestheorderingsof the
requeststo generatea new workload.This approachis straight-
forwardto implementbut haslimited flexibility , sincethework-
load is inherentlytied to a known system. The analytical ap-
proachusesmathematicalmodelsfor theworkloadcharacteris-
tics of interest,andusesrandomnumbergenerationto produce
workloadsthat statisticallyconformto thesemodels. This ap-
proach,thoughchallenging,offersa lot of flexibility .

ProWGenusesthe analyticapproach.The workloadgener-
ator incorporatesfive selectedworkloadcharacteristics,which
aredeemedrelevant to cachingperformance.Theseworkload
characteristicsare:one-timereferencing, file popularity, file size
distribution, correlation betweenfile sizeand popularity, and
temporal locality. The following subsectionsdescribeeachof
thesecharacteristicsandhow they aremodeledin ProWGen.

A. ModelingOne-timeReferencing

Studiesof WebserverandWebproxy workloadshaveshown
thatmany documentsrequestedfrom a serveror a proxy arere-
questedonly once,regardlessof the durationof the accesslog
studied[1], [8], [31]. Thesedocumentsarereferredto as“one-
timers” in the literature. Clearly, thereis no benefitto caching
one-timerdocuments,sincethey arenever accessedagain. In
fact,cachingalgorithmsneedto discriminateagainstsuchdoc-
umentssothatthey donotclutterthecacheandreduceits effec-
tiveness[8].

Thestudyof one-timersis importantbecauseof their preva-
lencein Web workloads. Arlitt andWilliamson [8] report that
15-40%of theuniquefiles accessedfrom a Webserver areac-
cessedonly once. The situationis even worsein Web proxy
accesslogs, whereone-timerscan accountfor 50-70%of the
documents[1], [31]. Modeling the one-timereferencingchar-
acteristicis thusimportantwhengeneratingworkloadsfor eval-
uatingdifferentcachingalgorithms. Fortunately, the modeling
of one-timersis relatively straightforward.

In ProWGen,theuserspecifiesthepercentageof one-timers
desiredin thesyntheticworkload(asapercentageof thedistinct

files). Oncethevalueof this parameteris specified,thenumber
of one-timersin theworkloadis determined,andtheir reference
countsarefixedat one.Thereferencecountsfor theremaining
distinct (non-one-timer)files are determinedfrom a Zipf-lik e
distribution,asexplainedin thenext section.

B. ModelingFile Popularity

Onecommoncharacteristicin Web workloadsis the highly
unevendistributionof referencesto files[5], [30], [39]. In many
cases,Zipf ’s law [37] hasbeenappliedto modelfile popular-
ity [3], [4], [15], [24].

Zipf ’s law expressesa power-law relationshipbetweenthe
popularity

�
of an item (i.e., its frequency of occurrence)and

its rank � (i.e., relative rankamongthereferenceditems,based
on frequency of occurrence).This relationshipis of the form������� ��	 , where

�
is a constant,and 
 is often closeto 1.

For example,Zipf ’s law arisesin thefrequency of occurrenceof
Englishwords[15]; whenthenumberof occurrencesis plotted
versustherank,theresultis apower-law functionwith exponent
closeto 1.

In the Web context, a similar referencingbehaviour is ob-
served [5], [31], [39]. Someresearchershave found that the
valueof theexponent
 is closeto 1 [4], [24], preciselyfollow-
ing Zipf ’slaw. Others[3], [15], [31] havefoundthatthevalueof

 is lessthan1, andthat thedistribution canbedescribedonly
as“Zipf-lik e”, with the valueof 
 varying from traceto trace.
This behaviour typically resultsin a straightline of (negative)
slope
 on a log-log plot of

�
versus� . Thelinearfit is usually

goodfor themainbodyof thedistribution,thoughit maydeviate
slightly at both themostpopularend(dueto “hot” documents)
andtheleastpopularend(dueto one-timers)[31].

Thesyntheticworkloadsproducedby ProWGenusetheZipf-
like distribution for file popularity. After fixing the numberof
one-timersasexplainedin SectionIII-A, thereferencecountsof
theremainingdistinctfiles aredeterminedfrom a Zipf-lik edis-
tribution. The term “Zipf-lik e” is usedherebecausethe value
of 
 suppliedto the workload generatordetermineswhether
thegeneratedreferencestreamfollowstheZipf distributionper-
fectly ( 
 ���

) or approximately( ���
�� �
).

C. ModelingFile SizeDistribution

Workloadcharacterizationstudies[1], [6], [8], [27], [30] have
shown that thefile sizedistribution for Web transfersis heavy-
tailed. A heavy-tailed distribution implies that relatively few
large files accountfor a significantpercentageof the datavol-
ume(in bytes)transferredto Webclients.This heavy-tail prop-
erty contributesto the self-similarity observed in WWW traf-
fic [23].

Clearly, the distribution of file sizesaffects the designand
performanceof cachingstrategies.Cachingonly smallfiles can
reducethe numberof requeststo originatingservers. This can
resultin a high documenthit ratio, but a low bytehit ratio. On
the other hand,cachinglarge files can result in a higher byte
hit ratio at theexpenseof documenthit ratio (sincemany small
documentsmaybeforcedout of thecache).

For effective evaluationof cachemanagementstrategies,the
heavy-tailedfile sizedistributionmustbeincorporatedinto syn-
theticworkloads.Furthermore,the“heaviness”of thetail needs
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to beadjustable,to evaluateits impacton cachingperformance.

Incorporatingtheheavy tail modelinto ProWGenbeginswith
partitioningof thedistinctfiles into two sets:thosein thebody
and thosein the tail. The body of the file sizedistribution is
modeledwith a lognormaldistribution, andthe tail is modeled
with a Paretodistribution. This approachfollows that usedby
other researchers[6], [11], [22], and is thus not describedat
lengthhere.

Two additionalstepsareaddedto thefile sizemodelingpro-
cessin ProWGen.One(optional)stepboundsthemaximumfile
sizegeneratedfrom the Paretodistribution, if so desired.This
bound(e.g.,50 MB) can limit the impactsof extremely large
files in the workloadgenerated,making it easierto matchthe
workloadcharacteristicsof an empirical trace. The otherstep
carefully joins the two statisticaldistributions(lognormalbody
andParetotail) sothatthereis no discontinuityat theboundary
betweenthe two distributions. Interestedreadersare referred
to [16] for thedetailsof thefile sizemodelingprocess.

D. ModelingCorrelation(File SizeandPopularity)

Proxy workload studiesshow that many of the files trans-
ferredon theWebaresmall [1], [8], [15], [30], [31]. A natural
questionthatarisesis whetherthereis any statisticalcorrelation
betweenthe frequency of accessto a file and its size. Some
studies[15], [30] haveshown thatthereis little or nocorrelation
betweenthefrequency of accessto afile andits size,thoughthe
issueis still debated[4], [8], [15].

For flexible modeling,ProWGenallows generationof work-
loadsthatexhibit positive,negative,or zerocorrelationbetween
file sizeandfile popularity. Positivecorrelationmeansthatlarge
files are more likely to be accessed,and negative correlation
meansthat small files are more likely to be accessed.While
zerocorrelationis arguably the closestapproximationof real-
ity, theotherworkloadgenerationoptions(positiveandnegative
correlations)allow explorationof the sensitivity of cachingal-
gorithmsto this workloadcharacteristic.

Modeling size-popularitycorrelationin the workloadgener-
ator is accomplishedin threestages.First, a setof file popu-
larities is generated,asdescribedin SectionIII-B. Second,the
approachin SectionIII-C is usedto generatea setof file sizes.
Third, a mappingtechniqueis usedto introduceeitherpositive,
negative, or zerocorrelationbetweenfile popularitiesandfile
sizes. The mappingtechniquerelieson computingthe cumu-
lative distribution functions(CDF) for the file popularitiesand
the file sizes,and then using uniform U(0,1) randomnumber
generationto generatefile popularitiesandsizesfrom theCDF
values,usingthe standardinversemappingtechnique.For in-
stance,to introducestrongpositive correlation,a randomnum-
ber � ( ������ �

) is usedto accessboth CDFs, interpolating
whennecessary. For negative correlation,if � is usedfor the
first mapping,then

��� � is usedfor theothermapping.For zero
correlation,independentrandomnumbers� and � aregenerated
for the two mappings.Intermediatedegreesof correlationcan
be achieved by probabilisticallychoosingbetweenthesethree
mappingstrategiesona per-file basis.

E. ModelingTemporal Locality

Temporallocality refersto the tendency for Web documents
referencedin therecentpastto bereferencedin thenearfuture.
Clearly, the presence(andstrength)of temporallocality in the
syntheticworkloadcanhave a dramaticeffect on cachingper-
formance[20], [28], [32].

The approachusedin ProWGento model temporallocality
is basedon the finite size Least-Recently-Used(LRU) stack
model[4], [30], [32], [43]. TheLRU stackmaintainsanordered
list of documentsbasedonrecency of access.TheLRU stackis
updateddynamicallyasareferenceis processed.In somecases,
this updateinvolvesaddinga new item to the top of the stack,
pushingothersdown; in other cases,it involvesextractingan
existing item from the midst of the stackandmoving it to the
top again,pushingotheritemsdown asnecessary.

The important aspectof an LRU stack is that eachposi-
tion in the stackhasan associatedprobability of referencing
it. Note that the probabilitiesare associatedwith the stack
positions, and not the documents. In ProWGen, the stack
position probabilitiesare determinedbasedon desireddocu-
ment popularities. For example, supposethat the populari-
ties of the � distinct files in the workload are representedby������� �"!#�%$&!�'('�')!#�%*,+

, where
�,�.-/�0$1-2'('('3-4�0*

. Thenthe
(stationary)probability 576 for eachdistinct file 8 is computed

using 5 6 � 9�:;=<>@?7A 9 > for 8 �4�B!DCE!�'('�')! � . Assuminga finite

stackof size F suchthat FG�=� , thecumulative probability H&6
of referencingstackposition 8 is computedas HB6 � ; 6IKJ � 5 I .

Two differenttemporallocality modelsfollow naturallyfrom
this formulation. In the static model, the probabilitieson the
LRU stackpositionsareassignedpermanentlyfrom the begin-
ning of thereferencestreamgeneration.In thedynamicmodel,
the probabilitiesare computeddynamicallydependingon the
filescurrentlyoccupyingeachstackposition.Notethatthestatic
modelintroduces“homogeneous”temporallocality throughout
the referencestream,while the dynamicapproachintroduces
“heterogeneous”(i.e., document-specific)temporallocality, bi-
asedtowardpopulardocuments.Thesemodelsbothdiffer from
thetemporallocality modelsusedby Mahanti[32].

The referencegenerationprocessthen proceedsas follows.
First, a U(0,1) randomnumber

�
is generated.If the stackis

empty, thenareferenceis generatedfor afile selecteduniformly
at randomfrom the setof distinct files requiring further refer-
ences,and the remainingreferencecount for the selectedfile
is decrementedby one. Otherwise,the stackis searcheduntil
a position 8 is found suchthat

� ��H&6 . If position 8 exists on
thestack,thena referenceis generatedfor thefile in thatstack
position,andthatfile is eithermovedto the top of thestackor
removedfrom thestack,dependingonwhetherthatfile requires
morereferencesor not. If thereis noposition 8 suchthat

� ��H&6 ,
thenareferenceis generatedfor afile selecteduniformly at ran-
dom from the set of remainingdistinct files not on the stack.
The referencestreamgenerationendswhen all referencesfor
thedistinctfiles havebeengenerated.

Eachreferencein thegeneratedworkloadis a two-tuplecon-
sistingof a file id followedby a file size. Thetemporallocality
modelmerelycontrolsthe relative orderingof thesereferences
in thegeneratedworkload.
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F. Summaryof ProWGen

ProWGenis a softwaretool to generatesyntheticWebproxy
workloadsof arbitrarylength.Thedozenor soinputparameters
for ProWGenprovide control over five key workload charac-
teristics,namelyone-timereferencing,file popularity, file size
distribution, correlationbetweenfile size and popularity, and
temporallocality. Eachmodeleddocumentin the workload is
independentof otherdocuments.

Eachreferencein the generatedworkload consistsof a file
id and a file size, with the re-referencingof files determined
by the file popularityandtemporallocality models. Note that
ProWGenin its currentform doesnot model individual client
behaviours; ratherit modelsthe aggregateworkloadasgener-
atedfrom many clients,andseenat a Webproxy. Furthermore,
ProWGendoesnot model time-of-dayeffects(i.e., requestar-
rival times), documenttypes, dynamic content,or document
modifications.Post-processingscriptscanbe usedto addsuch
information to a ProWGenworkload, if desired,or indeedto
convert a ProWGenworkload into a standardizedWeb proxy
accesslog formatfor processingby othertools.

Parameterizationof ProWGencanbe usedto createa wide
rangeof characteristicsin thesyntheticworkloadsproduced,or
to producecharacteristicssimilar to thosein anempiricallyob-
servedWebproxyworkload.Validationof ProWGenagainstan
empiricalworkloadis describedin thenext section.

IV. VALIDATION OF PROWGEN

Thepurposeof validationis to ensurethatthesyntheticwork-
loads producedby ProWGenhave realistic quantitative and
qualitative characteristics.The validation processestablishes
confidencein theworkloadgeneratorandin thestatisticalprop-
ertiesof theworkloadsproduced.This taskis accomplishedin
two stages:(1) verifying that a sampleworkloadproducedby
ProWGenhasthedesiredstatisticalcharacteristics;and(2) cali-
bratingProWGento produceworkloadsthatmimic anempirical
workloadfrom auniversity-level proxyserver [32].

Table I and Table II provide statistical summariesof the
empirical traceand a samplesynthetictraceusedfor valida-
tion. Thestatisticalcharacteristicsof thegeneratedtracematch
closelywith thoseof theempiricaltraceused.

A “graphicalvalidation” of the syntheticworkloadis shown
in Figure 1. Figures1(a) and (b) show the file popularity re-
sultsfor theempiricaltraceandthesynthetictrace,respectively.
Figure1(c) shows thecumulativedistributionsfor file sizesand
bytestransferred,while Figure1(d)showsthetail behaviour us-
ing a log-log complementarydistribution (LLCD) plot. In the
latter two graphs,the resultsfor the empirical traceareshown
usingsolid lines, while the resultsfor the synthetrictraceare
shown using dashedlines. Thereis thusstrongevidencethat
workloadsgeneratedusingProWGencanmatchboth thebody
andthetail of theempiricalfile sizedistribution, in additionto
theZipf-lik ereferencingbehaviour.

The next stepof the validation processcomparesthe syn-
theticandempiricaltracesin termsof cachingperformance[16].
Theseexperiments(not shown here)establishthat thedynamic
LRU stacktemporallocality modelyields resultscloserto the
empiricaltraceresultsthanthestaticLRU stackmodel(seeFig-

TABLE I

CHARACTERISTICS OF EMPIRICAL TRACE (UOFS PROXY)

Item Value

Total requests 5,000,000
Uniquedocuments(% of requests) 34%
One-timers(% of uniquedocuments) 72%
TotalGbytesof uniquedocuments 19
Smallestfile size(bytes) 0
Largestfile size(bytes) 53,857,877
Meanfile size(bytes) 11,740
Medianfile size(bytes) 3,504
Meanfile size(bodyonly) 3256
Standarddeviationof file size(bodyonly) 2441
Zipf Slope -0.808L $

0.992
Tail index -1.323L $

0.980
Beginningof thetail ( M ) in bytes 10,000

TABLE II

CHARACTERISTICS OF SYNTHETIC TRACE (UOFS PROXY)

Item Value

Total requests 4,965,779
Uniquedocuments 1,700,000
Uniquedocuments(% of requests) 34%
One-timers 1,223,719
One-timers(% of uniquedocuments) 71%
TotalGbytesof uniquedocuments 17
Smallestfile size(bytes) 13
Largestfile size(bytes) 42,975,450
Meanfile size(bytes) 11,157
Medianfile size(bytes) 3,962
Correlation(sizeandpopularity) -0.005
Zipf Slope -0.834L $

0.998
Tail index -1.326L $

0.998

ure 7(a), for example). The dynamicLRU stackmodelis thus
usedin theexperiments.

Oneinterestingobservation from the validationexperiments
is that the byte hit ratio performancemetric for a Web proxy
cacheis extremelysensitive to thenumberof files that fall into
the category of beingboth very large andvery popular. Thus
two workloadsgeneratedfrom thesamesetof ProWGenparam-
etersbut with independentrandomnumberstreamscan differ
significantlyin thebytehit ratio results,evenfor lengthytraces.
The documenthit ratio resultsshow much lessvariability. To
amelioratethis problemwith byte hit ratio results,an optional
featurewasaddedto ProWGento limit themaximumpopular-
ity of extremelylargefiles,withoutseriouslycompromisingthe
size-popularitycorrelationmodel[16]. A gooddiscussionof the
mathematicalrelationshipsbetweenhit ratio, bytehit ratio, and
size-popularitycorrelationis providedin [12].
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Fig. 1. Comparisonof WorkloadCharacteristicsfor EmpiricalTraceandSyntheticTrace

V. SENSITIVITY ANALYSIS: SINGLE-LEVEL CACHES

This sectiondescribesthe experimentalmethodologyused
to investigatethe sensitivity of single-level1 proxy cacheper-
formanceto certainworkloadcharacteristics(e.g.,one-timers,
Zipf slope,heavy-tailed file sizes,correlation,temporallocal-
ity). Simulationresultsarepresentedin SectionVI.

A. SimulationModel

ThesimulationexperimentsmodelasingleWebproxyserver,
asshown in Figure2. In thetrace-drivensimulation,all requests
comingfrom theclients(i.e., theaggregateworkloadgenerated
by ProWGen)aredirectedto theproxy server. Whentheproxy
receivesarequestfrom aclient,it checksits cacheto seeif it has
a copy of the requestedfile. If thereis a copy in its cache,the
proxy recordsa cachehit andreturnsthe file to the user. Oth-
erwise,the proxy recordsa cachemiss,obtainsa copy of the
file from the(simulated)Webservers,storesa copy in its cache
for futureuse,andreturnsa copy to therequestingclient. If the
cacheis full whena file needsto bestored,thena replacement
decisionis triggeredto decidewhich file (or files) to remove.
Notethat thereareno coherencemisses,sincefile modification
eventsarenotmodeledin ProWGen;only cold misses(first ref-
erenceto a file) and capacitymisses(a previously referenced
file whichhasbeenremovedfrom thecachebecauseof capacity
Q
Simulationresultsfor multi-level cachinghierarchiesarepresentedin asep-

aratepaper[17].

Web Proxy
Server

Web
Clients

Web
Servers

Fig. 2. SingleWebProxyServer SimulationModel

constraintsand the replacementpolicy used)canoccur. Each
workloadusedin the experimentshasapproximately5 million
requests,of which thefirst 10%areusedfor warm-up,prior to
collectingcachestatistics[16]. Only staticdocumentsaremod-
eled.

B. FactorsandLevels

The sensitivity experimentsemploy a one-factor-at-a-time
methodology,with threemainfactors:cachesize,cachereplace-
mentpolicy, andworkloadcharacteristic.

The simulatedcachesizesrangefrom 1 MB to 16 GB. The
lattervaluerepresentsan infinite cachesize(i.e., enoughcache
spaceto storeall requestedfiles without any replacements)for
theworkloadsconsidered,sothat theperformanceof a smaller
cachesizecouldbecomparedto thatof aninfinite cache.

Three different cachereplacementpolicies are considered,
namely Least-Recently-Used(LRU), Least-Frequently-Used-
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with-Aging (LFU-Aging), and Greedy-Dual-Size(GD-Size),
representinga broadrangeof possiblereplacementpolicies[7],
[19], [32], [46]. LRU is a recency-basedpolicy thatordersfiles
basedon recency of useonly. When a replacementdecision
is required,LRU removesfrom the cachethe file that hasnot
beenreferencedfor the longestperiodof time (i.e., LeastRe-
centlyUsed).LFU-Aging is a frequency-basedpolicy that tries
to keeppopulardocumentsin thecache.Whenspaceis needed
for a new file in the cache,LFU-Aging removesfiles with the
lowestreferencecount(i.e.,LeastFrequentlyUsed).“Aging” is
usedperiodicallyto reducethereferencecountsof cacheddoc-
uments,so that formerly populardocumentsdo not clutter the
cachelong aftertheir popularitydiminishes.GD-Sizeis a size-
basedpolicy, which triesto keep“small” files in thecache.This
policy, proposedby CaoandIrani [19], associatesa value2 R
with eachfile broughtinto thecache.Whenever replacementis
needed,thefile with the lowest R value,say R.S 6 * , is selected
for removal, andthe R valueof all otherfiles in the cacheare
reducedby R S 6 * . Whena cachehit occurs,the R valueof the
file is restoredto its original value.

Five different Web workload characteristicsare studied,
namelyone-timereferencing,Zipf slope,heavy tail index, cor-
relationbetweenfile sizeandpopularity, andtemporallocality.
Eachcharacteristicis representedby a controllableparameter
in ProWGen,so that eachworkloadcharacteristiccanbe con-
trolledseparatelyfrom theothercharacteristics.For eachwork-
loadcharacteristicunderstudy, ProWGenis usedto synthesize
workloadsdiffering in only that characteristic. Unlessstated
otherwise,the workloadcharacteristicsin Table II areusedas
thedefault settingsfor all experiments.

C. PerformanceMetrics

Thetwo performancemetricsusedin thesensitivity studyare
documenthit ratio andbytehit ratio. Thedocumenthit ratio is
thenumberof requestssatisfiedby theproxy’scachedividedby
thetotal numberof requestsseenby theproxy. Thebytehit ra-
tio is thevolumeof data(in bytes)satisfiedby theproxy’scache
divided by the total volumeof datarequestedfrom the proxy.
Both metricsarerequiredsinceWeb documentscandiffer dra-
maticallyin size.In general,thehigherthehit ratioandbytehit
ratioare,thebettera replacementpolicy is.

VI . SIMULATION RESULTS

This sectionpresentsthe resultsfrom the experiments.For
spacereasons,we focus primarily on the resultsfor the LRU
policy (asan exampleof a canonicalreplacementpolicy), and
commentuponthe differences(if any) observedwith otherre-
placementpolicies.Completeresultsareavailablein [16].

A. Sensitivityto One-timers

To studytheeffect of one-timerson cachereplacementpoli-
cies,two workloads,Trace1 andTrace2, wereproducedus-
ing ProWGen,with 60%and70%one-timers,respectively. The
performanceresultsfor theLRU replacementpolicy areshown
in Figure3.
T
In ourwork, weuse UWVYXKZ\[ , where [ is thesizeof thefile.
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Fig. 3. Sensitivity of LRU Policy to One-timers

Theresultsin Figure3 show thatthepercentageof one-timers
haslittle impacton thecachingperformanceresults.Thediffer-
encein documenthit ratiosandbyte hit ratios is negligible at
smallcachesizes,andmodest(1-4%)at largercachesizes.The
resultsfor LFU-Aging andGD-Sizearesimilar [16].

Surprisingly, the cachingperformanceis better for Trace2
(70%one-timers)thanfor Trace1 (60%one-timers).Therea-
sonfor this behaviour is thehigherconcentrationof references
in Trace2. Becauseeachtrace(by construction)hasthesame
numberof referencesand the samenumberof unique docu-
ments,thetracesdifferonly in how thereferencesaredistributed
acrossthe documents.The additionalone-timersin Trace2
meanthat the non-one-timerdocumentsin Trace2 have (on
average)morereferencesperdocument,resultingin highercon-
centrationof referencesandbettercachingperformance.The
sametrendis observedasthepercentageof one-timersis varied
from 10%to 90%[16].

The sametrendappliesfor all the replacementpoliciescon-
sidered,thoughLFU-Aging showsthegreatestsensitivity to the
numberof one-timers[16]. In general,all cachereplacement
algorithmsstudied(evenRandomandFIFO [16]) arerelatively
insensitive to thepercentageof one-timers.

B. Sensitivityto Zipf Slope

Threesyntheticworkloadsare usedto study the impact of
Zipf-lik e referencing,with Zipf slopesof 0.60,0.75,and0.95.
Thecachingperformanceresultsfor theLRU replacementpol-
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Fig. 4. Sensitivity of LRU Policy to Zipf Slope

icy on theseworkloadsareshown in Figure4.

Theresultsshow thatastheexponentof theZipf formulain-
creases,both the documenthit ratio and the byte hit ratio in-
crease. The reasonfor the improved cachingperformanceis
obvious: anincreasein concentrationof referencesastheslope
becomessteeper[16]. For example,60%of thetotal references
areaccountedfor by 3% of thebusiestdocumentsin Trace3,
comparedto 12%of thebusiestdocumentsfor Trace1.

Figure4 alsoshows that thereis an interestingcrossover ef-
fect in thebytehit ratio3 graph(Figure4(b)),suchthatasteeper
Zipf slopeleadsto a worsebyte hit ratio for largecachesizes.
This is dueto the sensitivity of the byte hit ratio metric to the
numberof largeandpopularfiles [16]. That is, the flatterZipf
slopetendsto producemorefiles in this category, sincerefer-
encesarein generalspreadacrossmoreof thedocuments(and
henceacrossmoreof thelargedocuments).As aresult,thebyte
hit ratio increasesmoresignificantlyfor the workloadwith the
flatterZipf slope,at largercachesizes.

In summary, anincreasein theZipf slopegenerallytranslates
into bettercachingperformance,exceptfor thecrossovereffect
for byte hit ratio at large cachesizes. Theseobservationsare
consistentacrossthethreereplacementpoliciesstudied[16].

^
Thecrossover is alsoweaklyevidentin thedocumenthit ratio results.

C. Sensitivityto Tail Index

Theexperimentsin thissectionillustratethesensitivity of re-
placementpoliciesto the Paretoheavy tail index. ProWGenis
usedto generatethreeworkloads,with tail index valuesof 1.2,
1.3,and1.4to reflect“heavier”, “medium”,and“lighter” heavy-
tailedfile sizedistributions,respectively.

Figure5 shows theresultsfor theLRU andGD-Sizereplace-
mentpolicieson theseworkloads.In termsof documenthit ra-
tios (Figures5(a)and(b)), the tail index haslittle impact. The
reasonsfor this aretwofold: (1) thenumberof files affectedby
the tail index parameteris small; and (2) many of thesefiles
areso large(e.g.,10-42MB) that they do not fit (or staylong)
in thecache,especiallyat small cachesizes.As thecachesize
increases,theimpactof theheavy tail index becomesmorepro-
nounced,with greaterimpactonbytehit ratio thanondocument
hit ratio.

Among the replacementpolicies considered,the GD-Size
policy showstheleastsensitivity to thetail index parameter[16],
in termsof documenthit ratio (compareFigures5(a) and(b)).
Thisbehaviour is notsurprising,sincetheGD-Sizepolicy tends
to evict large files, while keepingsmall(er)documentsin the
cache.However, its biasagainstlargefilesmakesit moresensi-
tive to thetail index parameter, in termsof bytehit ratio (com-
pareFigures5(c) and(d)).

In general,all replacementpoliciesstudiedprovide lower hit
ratiosand lower byte hit ratioswhen the heavinessof the tail
increases,but the impactof the tail index is modestcompared
to thatof theZipf exponent(at leastovertherangeof parameter
valuesstudied).

D. Sensitivityto Correlation(File SizeandPopularity)

Theexperimentin this sectionstudiesthe impactof correla-
tion betweenfile sizeand popularity on the different replace-
ment policies. In particular, traceswith strong positive and
strongnegative correlationareused,in additionto a tracewith
zerocorrelation.While zerocorrelationis arguablythemostre-
alistic, the othertwo workloadscanestablishthe sensitivity of
cachingresultsto correlations,if they werepresent.

Theperformanceresults,againfor theLRU policy, areshown
in Figure6. Theresultsshow thedramaticimpactof thecorre-
lationpropertyon thecachingperformance.

Whenthereis negativecorrelation,suchasin Trace1, small
files arepopular, while largefiles arenot. Theresultis that the
smallfiles,many of whichcanfit in thecache,receivemany re-
references,producingahighdocumenthit ratio. Thepenaltyfor
thissuccessis a poorbytehit ratio,sincethelargefiles (respon-
siblefor many of thebytestransferred)arerarelyaccommodated
in thecache,exceptat largecachesizes.

On the otherhand,in workloadTrace3 with positive cor-
relation, small files have low popularitiesand large files have
high popularities. It follows that at small cachesizes(say, up
to 256MB), theobserveddocumenthit ratio is poor. Similarly,
the byte hit ratio is poor (say, up to a cachesize of 64 MB),
becausefew of the large files with many referencescanbe ac-
commodatedin thecache.Thesmallfiles thatdofit in thecache
are not heavily re-referenced,while the large files with many
re-referencescompetewith eachotherfor cachespace.Beyond
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Fig. 5. Sensitivity of LRU andGD-SizePoliciesto Heavy Tail Index

somecritical cachesize,thedocumenthit ratioandbytehit ratio
increasesharply, with thebytehit ratioasymptoticallyapproach-
ing 100%(for Trace3 only). Again,thisreflectsthesensitivity
of the byte hit ratio metric to files that areboth very largeand
verypopular.

Theresultsfor zerocorrelationare(asexpected)betweenthe
resultsfor positiveandnegativecorrelations.

In summary, thepresenceof correlationbetweenfile sizeand
popularitycanhave a dramaticimpacton cachingperformance
(at leastfor theextremecorrelationvaluesconsidered).There-
sultsfor LFU-Aging andGD-Sizearesimilar to thosepresented
for LRU [16].

E. Sensitivityto Temporal Locality

Thefinal experimentusesworkloadswith two differenttem-
poral locality models,to assessthe impacton cachingperfor-
mance.Thefirst workload(Trace1) usesthestaticLRU stack
model,while thesecond(Trace2) usesthedynamicLRU stack
model.By design,thetwo workloadsdiffer only in theordering
of their references.

Figure 7 shows the performanceof the LRU and the LFU-
Aging cachereplacementpolicies. A generalobservationfrom
the figure is that all the policiesprovidedhigherdocumenthit
ratiosandbytehit ratiosfor Trace1, which arguablyhas“bet-
ter” (but not necessarilymorerealistic4) temporallocality.
_
For referencepurposes,thecachehit ratiofor theempiricalUofStraceis also

Anotherobservationfrom Figure7 is that theLRU policy is
moresensitive to the degreeof temporallocality in the traces
(notethewider verticalgapbetweenthe lines for Trace1 and
Trace2), while the LFU-Aging policy is lesssensitive [16].
Theseobservationsareconsistentwith thosereportedby Ma-
hantietal. [32].

In summary, all threereplacementpolicies are sensitive to
temporallocality, with LRU beingthemostsensitive, followed
by GD-Sizeand thenLFU-Aging. The strongerthe temporal
locality, the betterthe cachingperformance.The sensitivity is
similar for bothdocumenthit ratioandbytehit ratio.

VI I . SUMMARY AND CONCLUSIONS

This paperdescribesthe designof a Web proxy workload
generatorcalledProWGen,andthe useof syntheticworkloads
in a sensitivity study of single-level proxy caches. Valida-
tion of ProWGenshows that it modelsandcapturesthesalient
characteristicsof empiricalworkloads.ProWGenprovidesfast
workloadgeneration,workloadreproducibility, andlow storage
spacerequirements.By modelingworkloadcharacteristicswith
controllableparameters,ProWGenprovides the flexibility re-
quired for synthesizingworkloadsusedto study the effect of
workloadcharacteristicson cachereplacementpolicies.

Thesimulationresultsshow thesensitivity of cachereplace-
mentpolicies to Zipf slope,temporallocality, andcorrelation

shown in Figure7(a).
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Fig. 6. Sensitivity of LRU Policy to CorrelationBetweenFile SizeandPopu-
larity

(if any) betweenfile sizeandpopularity, andtherelative insen-
sitivity to one-timersandheavy tail index. Theseresultsillus-
tratehow workloadcharacteristicsaffect cacheperformancefor
differentreplacementpolicies,andcanprovide insight into the
designof new cachereplacementpolicies.

Ongoingwork [17] is usingProWGenfor evaluatingmulti-
level cachinghierarchies.Preliminaryresultsindicatemodest
performanceadvantagesfor usingdifferentcachereplacement
policies(andevensize-baseddocumentpartitioningstrategies)
acrossdifferentlevelsof a cachinghierarchy.
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