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Abstract— This paper describesthe designand use of a synthetic Web
proxy workload generator (ProWGen)to investigatethe sensitiity of proxy
cachereplacementpoliciesto selectedNebworkload characteristics. Trace-
driven simulationswith synthetic workloads from ProwGenshow the rela-
tive sensitvity of threepopular cachereplacementalgorithms —LRU, LFU-
Aging, and GD-Size— to Zipf slope,temporal locality, and correlation (if
any) betweenfile sizeand popularity, and the relative insensitvity of these
algorithms to one-timersand heavy tail index. Performancedifferencesbe-
tweenthe thr eepoliciesare alsohighlighted.

I. INTRODUCTION

The continuing growth of the Web can lead to overloaded
Web senersandcongestioron the Internetbackbonewith the
endresultbeinganincreasen userpercevedlateng for retriev-
ing Webdocuments.

Cachingis onemeanof improving theperformancendscal-
ability of theWeh Cachingcanbe appliedat severallocations:
at the client [13], [19], [26], [38], at the sener [7], [8], [13],
andwithin the network [1], [2], [5], [9], [10], [13], [14], [18],
[21], [35], [36], [38], [41]. Thelatterapproactinvolvescaching
proxies[1], [18], [41], which arethefocusof this paper

Cachingproxies have gainedwidespreadoopularity on the
Internet. By keepinglocal copiesof documentgequestedy
Web clients, and using them to satisfy future requeststo the
samedocumentscachingproxiescanreducegheamountof traf-
fic flowing betweenweb clientsandWeb seners. As a result,
Web senersseea reducedoad, unnecessarilguplicatedtraf-
fic throughthe Internetis reducedandthe delaysperceved by
usersarereduced.

Web proxy workload characteristicend proxy cachingper
formancehave beenwell-studiedin the literature. Somecom-
mon characteristicsdentifiedin proxy workloadsare: (1) the
documentpopularity often follows Zipf's law [5], [30], [31],
[39]; (2) thefile sizedistribution for Web documentss heavy-
tailed [1], [5], [30], [31]; (3) mary (e.g.,50-70%)of the doc-
umentsare referencecbnly once[1], [30], [31], [38]; and (4)
temporallocality existsin the Web proxy referencestrean{20],
[28], [29], [30], [32], [39].

Thesecharacteristicposea challengefor Web proxy cache
design.Someauthorsarguethatthelimits of cacheperformance
have alreadybeenreachedandthatnew techniquesrerequired
to improve performancd25], [34], [40].

This paperaddressethefollowing two researchguestions:

« In a single-level proxy cache,how sensitve is Web proxy
cachingperformanceto certainworkload characteristicge.g.,
one-timers Zipf slope,heavy-tailed file sizedistribution, tem-
porallocality)?

« How doesthe degreeof sensitvity changedependingon the
cachereplacemenpolicy?

Unfortunately thesequestionsare not easyto answer For
instancejnvestigatinghow a particularworkloadcharacteristic
(e.g.,Zipf slope)affectsdifferentreplacemenpoliciesrequires
empiricalworkloadsthatdiffer only in thatcharacteristicSuch
workloadsareobviously difficult to obtain.

Thereforeto answertheresearctguestionsabove, we devel-
opeda syntheticWeb proxy workload generatotthat offers the
requiredflexibility. The workloadgeneratiortool is thenused
in asensitvity studyof proxy cachereplacemenpolicies.

Thetrace-drvensimulationresultsshow thatthereplacement
policiesevaluatedaresensitve to Zipf slope,temporallocality,
and correlationbetweerfile sizeandpopularity andrelatively
insensitveto one-timersaandheavy tail index. Theseresultspro-
vide insightinto the designof Web proxy cachingpoliciesand
Web proxy cachinghierarchieg17].

Theremainingsectionsf this paperareorganizedasfollows.
Sectionll providesa brief discussiorof relatedwork, andclar
ifies the contributions of this paper Sectionlll describeshe
proxy workload generatiortool, and SectionlV discusseshe
validationof thetool. SectionV presentsheexperimentaketup
for the studyof single-level cacheswhile the simulationresults
arepresentedn SectionVI. SectionVIl concludeghepaper

Il. BACKGROUND AND RELATED WORK

Workloadsynthesisllows systemgo bestudiedin controlled
ways. This helpsin managemergndcapacityplanning.

There are several workload generationtools developedto
study Web seners and Web proxies. SPECweb99[42],
WebBencH44], andSURGE[11] areamongworkloadgenera-
tion toolsdesignedo exerciseWeb senersby repeatedlysend-
ing requestge.g.,HTTP requestsjrom machinesonfiguredas
clientsto theintendedsener machineundertest. Othersynthe-
sistools,suchas[33], [31], [45], rely onempiricalworkloadsto
generatesyntheticones.

The issue that motivates our proxy workload generation
(ProwGen)tool makesit differentfrom previous tools. The
goalis to examinethe sensitvity of proxy cachingpoliciesto
certainworkloadcharacteristicsTherefore ProwGenincorpo-
ratesonly thosecharacteristiceleemedelevantto caching. In
addition,ProWGenmodelsonly the aggreyateclient workloads
seerby atypical proxy sener, ratherthanindividual clients.

Several studieshave focusedon the importanceof isolated
workload characteristic®n proxy cacheperformance.For ex-
ample,Roadknightet al. [39] remarled on the dramaticimpact



of smallchangesn Zipf exponenton the popularityof the most
popularfiles andthe numberof files in the proxy’s cache.Ma-

hanti et al. [30], [32] investigatedthe importanceof temporal
locality on Web proxy cacheperformanceand concludedthat
temporallocality is animportantfactorin proxy cacheperfor

mance. Several otherresearcherbave commentedn the im-

portanceof otherworkload characteristicandtheir impacton
proxy senerperformancée.g.,correlationbetweerfile sizeand
popularity[15], one-timerd31], heary-tail property[23]).

Our work differsfrom thesestudiesin thata syntheticwork-
loadgeneratioriool (ProWGen)s usedto generatgroxy work-
loadsthat differ in one chosencharacteristiat a time. These
workloads which would have beenimpossibleto obtainempir
ically, arethen methodicallyusedto investigatethe sensitvity
of cachereplacemenpolicies(receng-basedfrequeng-based,
and size-based}o eachworkload characteristic,using trace-
drivensimulations.

I1l. DESCRIPTION OF PROWGEN

There are two common approachego synthesizingWeb
proxyworkloadg11]. Thetrace-base@dpproachusesanempir
ical traceandeithersamplest or permuteghe orderingsof the
requestso generatea new workload. This approachs straight-
forwardto implementbut haslimited flexibility , sincethework-
load is inherentlytied to a known system. The analytical ap-
proachusesmathematicamodelsfor the workload characteris-
tics of interest,andusesrandomnumbergeneratiorto produce
workloadsthat statisticallyconformto thesemodels. This ap-
proach thoughchallenging pffersalot of flexibility .

ProWGenusesthe analytic approach.The workload gener
ator incorporatedive selectedworkload characteristicsyhich
aredeemedelevantto cachingperformance.Theseworkload
characteristicare: one-timerefelencing file popularity; file size
distribution, correlation betweenfile size and popularity, and
tempoal locality. The following subsectionslescribeeachof
thesecharacteristicandhow they aremodeledin ProwGen.

A. ModelingOne-timeRefeencing

Studiesof Web sener andWeb proxy workloadshave shovn
thatmary documentsequestedrom a sener or a proxy arere-
guestedonly once,regardlessof the durationof the accesdog
studied[1], [8], [31]. Thesedocumentsarereferredto as“one-
timers” in the literature. Clearly, thereis no benefitto caching
one-timerdocumentssincethey are never accessecgain. In
fact, cachingalgorithmsneedto discriminateagainstsuchdoc-
umentssothatthey do notclutterthecacheandreduceits effec-
tivenesg8.

The study of one-timerss importantbecausef their preva-
lencein Web workloads. Arlitt and Williamson[8] reportthat
15-40%o0f the uniquefiles accessefrom a Web sener areac-
cessednly once. The situationis even worsein Web proxy
accesdogs, where one-timerscan accountfor 50-70% of the
documentd1], [31]. Modelingthe one-timereferencingchar
acteristicis thusimportantwhengeneratingvorkloadsfor eval-
uatingdifferentcachingalgorithms. Fortunately the modeling
of one-timerds relatively straightforvard.

In ProwGen the userspecifieghe percentag®f one-timers
desiredn thesyntheticworkload(asapercentagef thedistinct

files). Oncethe valueof this parameters specified the number
of one-timersn theworkloadis determinedandtheirreference
countsarefixedat one. The referencecountsfor theremaining
distinct (non-one-timer)iles are determinedfrom a Zipf-lik e

distribution, asexplainedin the next section.

B. ModelingFile Popularity

One commoncharacteristidn Web workloadsis the highly
unevendistribution of referenceso files[5], [30], [39]. In mary
cases/Zipf’s law [37] hasbeenappliedto modelfile popular
ity [3], [4], [15], [24].

Zipf's law expressesa power-law relationshipbetweenthe
popularity P of anitem (i.e., its frequeny of occurrencepnd
its rankr (i.e., relative rankamongthe referencedtems,based
on frequeng of occurrence).This relationshipis of the form
P = ¢/rP, wherec is a constant,and 3 is often closeto 1.
For example,Zipf'slaw arisesn thefrequeny of occurrencef
Englishwords[15]; whenthe numberof occurrencess plotted
versugherank,theresultis a power-law functionwith exponent
closeto 1.

In the Web contet, a similar referencingbehaiour is ob-
sened [5], [31], [39]. Someresearchertiave found that the
valueof theexponents is closeto 1 [4], [24], preciselyfollow-
ing Zipf'slaw. Otherq3], [15], [31] have foundthatthevalueof
3 is lessthanl, andthatthe distribution canbe describecbnly
as"“Zipf-lik e”, with the valueof g varying from traceto trace.
This behaviour typically resultsin a straightline of (negative)
slopes onalog-log plot of P versus. Thelinearfit is usually
goodfor themainbodyof thedistribution,thoughit maydeviate
slightly at boththe mostpopularend(dueto “hot” documents)
andtheleastpopularend(dueto one-timers)31].

Thesynthetioworkloadsproducedoy ProwWGerusethe Zipf-
like distribution for file popularity After fixing the numberof
one-timersasexplainedin Sectionlll-A, thereferencecountsof
the remainingdistinctfiles aredeterminedrom a Zipf-lik e dis-
tribution. The term “Zipf-lik e” is usedherebecausdhe value
of B suppliedto the workload generatordetermineswhether
thegeneratedeferencestreanfollows the Zipf distribution per
fectly (8 = 1) or approximately(0 < 8 < 1).

C. ModelingFile SizeDistribution

Workloadcharacterizatiostudieq1], [6], [8], [27], [30] have
shawvn thatthe file sizedistribution for Web transferss heary-
tailed. A heavy-tailed distribution implies that relatively few
large files accountfor a significantpercentagef the datavol-
ume(in bytes)transferredo Web clients. This heavy-tail prop-
erty contributesto the self-similarity obsened in WWW traf-
fic [23].

Clearly, the distribution of file sizesaffectsthe designand
performancef cachingstratgies. Cachingonly smallfiles can
reducethe numberof requestdo originatingseners. This can
resultin a high documenthit ratio, but a low byte hit ratio. On
the other hand, cachinglarge files canresultin a higher byte
hit ratio at the expenseof documentit ratio (sincemary small
documentsnaybeforcedout of thecache).

For effective evaluationof cachemanagemenstratayies,the
heavry-tailedfile sizedistribution mustbeincorporatednto syn-
theticworkloads.Furthermorethe “heaviness”of thetail needs



to beadjustableto evaluateits impacton cachingperformance.

Incorporatingheheavy tail modelinto ProWwGenbeginswith
partitioningof the distinctfiles into two sets:thosein the body
andthosein thetail. The body of the file size distribution is
modeledwith alognormaldistribution, andthe tail is modeled
with a Paretodistribution. This approachollows that usedby
otherresearcher$6], [11], [22], andis thus not describedat
lengthhere.

Two additionalstepsareaddedto the file sizemodelingpro-
cessn ProwGen.One(optional)stepboundsthe maximumfile
sizegeneratedrom the Paretodistribution, if so desired. This
bound(e.g.,50 MB) canlimit the impactsof extremelylarge
files in the workload generatedmakingit easierto matchthe
workload characteristicef an empiricaltrace. The other step
carefully joins the two statisticaldistributions(lognormalbody
andParetotail) sothatthereis no discontinuityat the boundary
betweenthe two distributions. Interestedreadersare referred
to [16] for thedetailsof thefile sizemodelingprocess.

D. ModelingCorrelation (File Sizeand Popularity)

Proxy workload studiesshowv that mary of the files trans-
ferredonthe Web aresmall[1], [8], [15], [30], [31]. A natural
guestiorthatarisesis whetherthereis ary statisticalcorrelation
betweenthe frequeng of accesdo a file andits size. Some
studieq15], [30] have shavn thatthereis little or no correlation
betweerthefrequeng of accesdo afile andits size,thoughthe
issueis still debated4], [8], [15].

For flexible modeling,ProwGenallows generatiorof work-
loadsthatexhibit positive, negative, or zerocorrelationbetween
file sizeandfile popularity Positve correlationmeanghatlarge
files are more likely to be accessedand negative correlation
meansthat small files are more likely to be accessed.While
zero correlationis arguably the closestapproximationof real-
ity, theotherworkloadgeneratioroptions(positive andnegative
correlations)allow exploration of the sensitvity of cachingal-
gorithmsto this workloadcharacteristic.

Modeling size-popularitycorrelationin the workload gener
ator is accomplishedn threestages. First, a setof file popu-
laritiesis generatedasdescribedn Sectionlll-B. Secondthe
approachn Sectionlll-C is usedto generatea setof file sizes.
Third, a mappingtechniquds usedto introduceeitherpositive,
negative, or zero correlationbetweenfile popularitiesand file
sizes. The mappingtechniquerelies on computingthe cumu-
lative distribution functions(CDF) for the file popularitiesand
the file sizes,and then using uniform U(0,1) randomnumber
generatiorto generatdile popularitiesandsizesfrom the CDF
values,usingthe standardnversemappingtechnique. For in-
stanceto introducestrongpositive correlation,a randomnum-
berr (0 < r < 1) is usedto accesdoth CDFs, interpolating
when necessary For negative correlation,if r is usedfor the
first mappingthenl — r is usedfor theothermapping.For zero
correlation,jndependentandomnumbers- ands aregenerated
for the two mappings.Intermediatedegreesof correlationcan
be achiezed by probabilisticallychoosingbetweenthesethree
mappingstratgieson a perfile basis.

E. ModelingTempoal Locality

Temporallocality refersto the tendeng for Web documents
referencedn therecentpastto bereferencedn the nearfuture.
Clearly, the presencdand strength)of temporallocality in the
syntheticworkload canhave a dramaticeffect on cachingper
formance[20], [28], [32].

The approachusedin ProwGento modeltemporallocality
is basedon the finite size Least-Recently-UsedLRU) stack
model[4], [30], [32], [43]. TheLRU stackmaintainsanordered
list of documentdasednreceny of accessThe LRU stackis
updateddynamicallyasareferencas processedin somecases,
this updateinvolvesaddinga new item to the top of the stack,
pushingothersdown; in other casesit involvesextractingan
existing item from the midst of the stackand moving it to the
top again,pushingotheritemsdown asnecessary

The important aspectof an LRU stackis that each posi-
tion in the stack hasan associategrobability of referencing
it. Note that the probabilities are associatedvith the stack
positions, and not the documents. In ProWwGen, the stack
position probabilitiesare determinedbasedon desireddocu-
ment popularities. For example, supposethat the populari-
ties of the n distinct files in the workload are representedy
D = {zy,%s,...,2,}, Wherex; > x5 > ... > z,. Thenthe
(stationary)probability a; for eachdistinct file ¢ is computed
using % = ’lel = fori =1,2,...,n  Assumingafinite
stackof sizem suchthatm < n, thecumulative probability y;
of referencingstackpositions is computedasy; Z;Zl aj.

Two differenttemporallocality modelsfollow naturallyfrom
this formulation. In the static model, the probabilitieson the
LRU stackpositionsare assignedermanentlyfrom the begin-
ning of thereferencestreamgenerationIn the dynamicmodel,
the probabilitiesare computeddynamically dependingon the
filescurrentlyoccupying eachstackposition. Notethatthestatic
modelintroduces’homogeneoustemporallocality throughout
the referencestream,while the dynamicapproachintroduces
“heterogeneousfi.e., document-specifidemporallocality, bi-
asedtoward populardocumentsThesemodelsbothdiffer from
thetemporallocality modelsusedby Mahanti[32].

The referencegenerationprocessthen proceedsas follows.
First, a U(0,1) randomnumberz is generated.If the stackis
empty thenareferencas generatedor afile selecteduniformly
at randomfrom the setof distinct files requiring further refer
ences,and the remainingreferencecount for the selectedfile
is decrementedby one. Otherwise the stackis searchedintil
a position+ is found suchthatz < y;. If position: exists on
the stack,thena references generatedor thefile in thatstack
position,andthatfile is eithermovedto the top of the stackor
removedfrom the stack,dependingn whetherthatfile requires
morereferencesr not. If thereis no positions suchthatz < y;,
thenareferencas generatedor afile selectediniformly atran-
dom from the set of remainingdistinct files not on the stack.
The referencestreamgenerationendswhen all referencedor
thedistinctfiles have beengenerated.

Eachreferencean the generatedvorkloadis a two-tuplecon-
sistingof afile id followedby afile size Thetemporallocality
modelmerelycontrolsthe relative orderingof thesereferences
in the generatedvorkload.




F. Summaryf ProWwGen

ProWGenis a softwaretool to generatesyntheticWeb proxy
workloadsof arbitrarylength. Thedozenor soinput parameters
for ProwGenprovide control over five key workload charac-
teristics,namelyone-timereferencingfile popularity file size
distribution, correlationbetweenfile size and popularity and
temporallocality. Eachmodeleddocumentin the workloadis
independensdf otherdocuments.

Eachreferencein the generatedvorkload 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 modelindividual client
behaiours; ratherit modelsthe aggreyateworkload as gener
atedfrom mary clients,andseenat a Web proxy. Furthermore,
ProwWGendoesnot modeltime-of-dayeffects (i.e., requestar-
rival times), documenttypes, dynamic content,or document
modifications. Post-processingcriptscanbe usedto addsuch
informationto a ProwGenworkload, if desired,or indeedto
corvert a ProwWGenworkload into a standardizedMeb proxy
accesdog formatfor processindy othertools.

Parameterizatiorof ProWGencanbe usedto createa wide
rangeof characteristicin the syntheticworkloadsproducedpr
to producecharacteristicsimilar to thosein anempirically ob-
senedWeb proxy workload. Validationof ProWGenagainstan
empiricalworkloadis describedn the next section.

IV. VALIDATION OF PROWGEN

Thepurposeof validationis to ensurghatthe syntheticwork-
loads producedby ProwWGenhave realistic quantitatve and
gualitatve characteristics. The validation processestablishes
confidencen theworkloadgeneratoandin the statisticalprop-
ertiesof the workloadsproduced.This taskis accomplishedn
two stages:(1) verifying that a sampleworkload producedby
ProWGenrhasthedesiredstatisticalcharacteristicsand(2) cali-
bratingProWGernto produceworkloadsthatmimic anempirical
workloadfrom a university-level proxy sener [32].

Table | and Table Il provide statistical summariesof the
empirical trace and a samplesynthetictrace usedfor valida-
tion. The statisticalcharacteristicef the generatedracematch
closelywith thoseof the empiricaltraceused.

A “graphicalvalidation” of the syntheticworkloadis shavn
in Figure 1. Figuresl(a)and (b) shav the file popularity re-
sultsfor theempiricaltraceandthe synthetictrace respectiely.
Figure1(c) shavs the cumulative distributionsfor file sizesand
bytestransferredwhile Figure1(d) shavsthetail behaiour us-
ing a log-log complementangdistribution (LLCD) plot. In the
latter two graphs the resultsfor the empiricaltraceare shavn
using solid lines, while the resultsfor the synthetrictrace are
shavn using dashedines. Thereis thus strongevidencethat
workloadsgeneratedising ProWGencan matchboth the body
andthetail of the empiricalfile sizedistribution, in additionto
the Zipf-lik e referencingoehaiour.

The next step of the validation processcomparesthe syn-
theticandempiricaltracesn termsof cachingperformancgl6].
Theseexperimentgnot shavn here)establishthatthe dynamic
LRU stacktemporallocality modelyields resultscloserto the
empiricaltraceresultsthanthestaticLRU stackmodel(seeFig-

TABLE |
CHARACTERISTICSOF EMPIRICAL TRACE (UOFS PROXY)

| Item |  Value |
Totalrequests 5,000,000
Uniquedocumentg% of requests) 34%
One-timerg% of uniquedocuments) 72%
Total Gbytesof uniquedocuments 19
Smallesffile size(bytes) 0
Largestfile size(bytes) 53,857,877
Meanfile size(bytes) 11,740
Medianfile size(bytes) 3,504
Meanfile size(bodyonly) 3256
Standardleviation of file size(bodyonly) 2441
Zipf Slope -0.808
R? 0.992
Tail index -1.323
R? 0.980
Beginningof thetail (k) in bytes 10,000

TABLE I
CHARACTERISTICSOF SYNTHETIC TRACE (UOFS PROXY)

| Item |  Value |
Totalrequests 4,965,779
Uniquedocuments 1,700,000
Uniquedocumentg% of requests) 34%
One-timers 1,223,719
One-timerg% of uniquedocuments) 71%
Total Gbytesof uniquedocuments 17
Smallesffile 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 -0.834
R? 0.998
Tail index -1.326
R? 0.998

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

Oneinterestingobsenation from the validationexperiments
is that the byte hit ratio performancemetric for a Web proxy
cacheis extremelysensitie to the numberof files thatfall into
the categyory of beingboth very large andvery popular Thus
two workloadsgeneratedrom the samesetof ProwGerparam-
etersbut with independentandomnumberstreamscan differ
significantlyin the byte hit ratio results,evenfor lengthytraces.
The documenthit ratio resultsshav much lessvariability. To
amelioratethis problemwith byte hit ratio results,an optional
featurewasaddedto ProwGento limit the maximumpopular
ity of extremelylargefiles, without seriouslycompromisinghe
size-popularitycorrelationmodel[16]. A gooddiscussiorof the
mathematicatelationshipdbetweerhit ratio, byte hit ratio, and
size-popularitycorrelationis providedin [12].
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V. SENSITIVITY ANALYSIS: SINGLE-LEVEL CACHES

This sectiondescribesthe experimentalmethodologyused
to investigatethe sensitvity of single-level* proxy cacheper
formanceto certainworkload characteristicge.g., one-timers,
Zipf slope,heavy-tailedfile sizes,correlation,temporallocal-
ity). Simulationresultsarepresentedn SectionVI.

A. SimulationModel

ThesimulationexperimentsmodelasingleWebproxy sener,
asshavnin Figure2. In thetrace-drvensimulation,all requests
comingfrom theclients(i.e., the aggreyateworkloadgenerated
by ProWGen)aredirectedto the proxy sener. Whenthe proxy
recevesarequesfrom aclient,it checksts cacheto seef it has
acopy of therequestedile. 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)Web seners,storesa copy in its cache
for future use,andreturnsa copy to therequestingclient. If the
cacheis full whena file needsto be stored,thenareplacement
decisionis triggeredto decidewhich file (or files) to remove.
Notethatthereareno coherencenissessincefile modification
eventsarenotmodeledn ProwGenpnly cold missedfirst ref-
erenceto a file) and capacitymisses(a previously referenced
file which hasbeenremovedfrom the cachebecaus®f capacity

ISimulationresultsfor multi-level cachinghierarchiesarepresentedn a sep-
aratepaper17].
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Fig. 2. SingleWebProxy Sener SimulationModel

constraintsand the replacemenpolicy used)canoccur Each
workloadusedin the experimentshasapproximately5 million

requestsof which thefirst 10% areusedfor warm-up,prior to
collectingcachestatisticg16]. Only staticdocument@aremod-
eled.

B. FactorsandLevels

The sensitvity experimentsemploy a one-factorat-a-time
methodologywith threemainfactors:cachesize,cacheeplace-
mentpolicy, andworkloadcharacteristic.

The simulatedcachesizesrangefrom 1 MB to 16 GB. The
latter valuerepresentaninfinite cachesize(i.e., enoughcache
spaceto storeall requestediles without any replacementsfor
the workloadsconsideredsothatthe performanceof a smaller
cachesizecouldbecomparedo thatof aninfinite cache.

Three different cachereplacemenpolicies are considered,
namely Least-Recently-UsedLRU), Least-Frequently-Used-



with-Aging (LFU-Aging), and Greedy-Dual-Sizg(GD-Size),
representin@ broadrangeof possiblereplacemenpolicies|[7],
[19], [32], [46]. LRU is areceng-basedpolicy thatordersfiles
basedon receng of useonly. When a replacementlecision
is required,LRU removesfrom the cachethe file that hasnot
beenreferencedor the longestperiod of time (i.e., LeastRe-
centlyUsed).LFU-Aging is afrequeng-basedolicy thattries
to keeppopulardocumentsn the cache.Whenspacds needed
for a new file in the cache ,LFU-Aging removesfiles with the
lowestreferencecount(i.e., LeastFrequenthyUsed).“Aging” is
usedperiodicallyto reducethe referencecountsof cacheddoc-
uments,so that formerly populardocumentsio not clutter the
cachelong aftertheir popularitydiminishes.GD-Sizeis a size-
basedolicy, whichtriesto keep“small” filesin thecache.This
policy, proposedby Caoand Irani [19], associates value? H
with eachfile broughtinto the cache.Wheneer replacemenis
neededthefile with the lowestH value,say H,,;,, is selected
for removal, andthe H valueof all otherfiles in the cacheare
reducedby H,,;,. Whena cachehit occursthe H valueof the
file is restoredo its original value.

Five different Web workload characteristicsare studied,
namelyone-timereferencing Zipf slope,heavy tail index, cor-
relationbetweerfile sizeandpopularity andtemporallocality.
Eachcharacteristids representedby a controllable parameter
in ProwGen,so that eachworkload characteristican be con-
trolled separatelyrom the othercharacteristicsi-or eachwork-
load characteristizinderstudy ProwGenis usedto synthesize
workloadsdiffering in only that characteristic. Unlessstated
otherwise the workload characteristicén Tablell are usedas
thedefault settingsfor all experiments.

C. PerformanceéMetrics

Thetwo performancemetricsusedin the sensitvity studyare
documentit ratio andbytehit ratio. Thedocumentit ratio is
thenumberof requestsatisfiedby the proxy’s cachedividedby
thetotal numberof requestseenby the proxy. The bytehit ra-
tio is thevolumeof data(in bytes)satisfiedoy theproxy’scache
divided by the total volume of datarequestedrom the proxy.
Both metricsarerequiredsinceWeb documentcandiffer dra-
maticallyin size.In generalthe higherthe hit ratio andbyte hit
ratio are,the betterareplacemenpolicy is.

VI. SIMULATION RESULTS

This sectionpresentghe resultsfrom the experiments. For
spacereasonswe focus primarily on the resultsfor the LRU
policy (asan exampleof a canonicalreplacemenpolicy), and
commentuponthe differencedif ary) obsenedwith otherre-
placemenpolicies. Completeresultsareavailablein [16].

A. Sensitivityto One-times

To studythe effect of one-timerson cachereplacemenpoli-
cies,two workloads,Tr acel andTr ace2, wereproducedus-
ing ProwGenwith 60%and70%one-timersrespectiely. The
performanceesultsfor the LRU replacemenpolicy areshavn
in Figure3.

2In ourwork, weuseH = 1/s, wheres is thesizeof thefile.
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Fig. 3. Sensitvity of LRU Policy to One-timers

Theresultsin Figure3 shaw thatthepercentagef one-timers
haslittle impacton thecachingperformanceesults. Thediffer-
encein documenthit ratiosandbyte hit ratiosis negligible at
smallcachesizes,andmodest(1-4%)atlarger cachesizes.The
resultsfor LFU-Aging andGD-Sizearesimilar[16].

Surprisingly the cachingperformancas betterfor Tr ace2
(70%one-timersthanfor Tr acel (60%one-timers).Therea-
sonfor this behaiour is the higherconcentratiorof references
in Tr ace2. Becausesachtrace(by constructionhasthe same
numberof referencesand the samenumberof unique docu-
mentsthetracediffer only in how thereferencesredistributed
acrossthe documents. The additionalone-timersin Tr ace?2
meanthat the non-one-timerdocumentsn Tr ace2 have (on
average)morereferenceperdocumentresultingin highercon-
centrationof referencesand better cachingperformance.The
sametrendis obsenedasthe percentagef one-timerss varied
from 10%to 90%][16].

The sametrendappliesfor all the replacemenpoliciescon-
sideredthoughLFU-Aging shavsthegreatessensitvity to the
numberof one-timers[16]. In general,all cachereplacement
algorithmsstudied(evenRandomandFIFO [16]) arerelatively
insensitve to the percentagef one-timers.

B. Sensitivityto Zipf Slope

Three syntheticworkloadsare usedto study the impact of
Zipf-lik e referencingwith Zipf slopesof 0.60,0.75,and0.95.
The cachingperformanceesultsfor the LRU replacemenpol-
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icy ontheseworkloadsareshavn in Figure4.

Theresultsshav thatasthe exponentof the Zipf formulain-
creasespoth the documenthit ratio and the byte hit ratio in-
crease. The reasonfor the improved cachingperformanceis
obvious: anincreasean concentratiorof referencessthe slope
becomesteepefl16]. For example,60% of thetotal references
areaccountedor by 3% of the busiestdocumentsn Tr ace3,
comparedo 12%of the busiestdocumentdor Tr acel.

Figure4 alsoshaws thatthereis aninterestingcrosswer ef-
fectin thebytehit ratio® graph(Figure4(b)), suchthata steeper
Zipf slopeleadsto a worsebyte hit ratio for large cachesizes.
This is dueto the sensitvity of the byte hit ratio metric to the
numberof large andpopularfiles [16]. Thatis, the flatter Zipf
slopetendsto producemorefiles in this cateyory, sincerefer
encesarein generalspreadacrossmore of the documentgand
henceacrossamoreof thelargedocuments)As aresult,the byte
hit ratio increasesnore significantlyfor the workloadwith the
flatter Zipf slope,atlargercachesizes.

In summaryanincreasen the Zipf slopegenerallytranslates
into bettercachingperformanceexceptfor the crosswer effect
for byte hit ratio at large cachesizes. Theseobsenationsare
consistenacrosshethreereplacemenpoliciesstudied[16].

3Thecrosswer is alsoweakly evidentin thedocumentit ratio results.

C. Sensitivityto Tail Index

The experimentdn this sectionillustratethe sensitvity of re-
placemenpoliciesto the Paretoheavy tail index. ProwWGenis
usedto generatehreeworkloads,with tail index valuesof 1.2,
1.3,andl.4toreflect*heavier”, “medium”, and“lighter” heavy-
tailedfile sizedistributions,respectiely.

Figure5 shavs theresultsfor the LRU andGD-Sizereplace-
mentpolicieson theseworkloads.In termsof documentit ra-
tios (Figures5(a) and (b)), the tail index haslittle impact. The
reasonsgor this aretwofold: (1) the numberof files affectedby
the tail index parameteiis small; and (2) mary of thesefiles
aresolarge (e.g.,10-42MB) thatthey do notfit (or staylong)
in the cache especiallyat small cachesizes. As the cachesize
increasestheimpactof the heavy tail index becomesnorepro-
nouncedwith greateiimpacton bytehit ratiothanondocument
hit ratio.

Among the replacementpolicies considered,the GD-Size
policy shavstheleastsensitvity to thetail index parametef16],
in termsof documenthit ratio (compareFigures5(a) and (b)).
Thisbehaiour is not surprising sincethe GD-Sizepolicy tends
to evict large files, while keepingsmall(er)documentsn the
cache However, its biasagainstargefiles makesit moresensi-
tive to thetail index parameterin termsof byte hit ratio (com-
pareFiguress(c) and(d)).

In generalall replacemenpoliciesstudiedprovide lower hit
ratios and lower byte hit ratios whenthe heasinessof the tail
increaseshut the impactof the tail index is modestcompared
to thatof the Zipf exponent(atleastovertherangeof parameter
valuesstudied).

D. Sensitivityto Correlation (File Sizeand Popularity)

The experimentin this sectionstudiestheimpactof correla-
tion betweenfile size and 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 workloadscan establishthe sensitvity of
cachingresultsto correlationsjf they werepresent.

Theperformanceesults againfor the LRU policy, areshavn
in Figure6. Theresultsshav the dramaticimpactof the corre-
lation propertyon the cachingperformance.

Whenthereis negative correlation suchasin Tr acel, small
files arepopular while largefiles arenot. Theresultis thatthe
smallfiles, mary of which canfit in the cacheyeceive mary re-
referencesproducinga highdocumenhit ratio. Thepenaltyfor
this successs a poorbyte hit ratio, sincethelargefiles (respon-
siblefor mary of thebytestransferredprerarelyaccommodated
in the cache exceptat largecachesizes.

On the otherhand,in workload Tr ace3 with positive cor-
relation, small files have low popularitiesand large files have
high popularities. It follows that at small cachesizes(say up
to 256 MB), the obseneddocumentit ratio is poor. Similarly,
the byte hit ratio is poor (say up to a cachesize of 64 MB),
becausdew of the large files with mary referencesanbe ac-
commodatedh thecache . Thesmallfilesthatdofit in thecache
are not heavily re-referencedwhile the large files with mary
re-referencesompetewith eachotherfor cachespace Beyond
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somecritical cachesize,thedocumenhit ratio andbytehit ratio
increasesharply with thebytehit ratioasymptoticallyapproach-
ing 100%(for Tr ace3 only). Again,thisreflectsthe sensitvity
of the byte hit ratio metric to files thatareboth very large and
very popular

Theresultsfor zerocorrelationare (asexpectedpetweerthe
resultsfor positive andnegative correlations.

In summarythepresencef correlationbetweerfile sizeand
popularitycanhave a dramaticimpacton cachingperformance
(atleastfor the extremecorrelationvaluesconsidered) There-
sultsfor LFU-Aging andGD-Sizearesimilarto thosepresented
for LRU [16].

E. Sensitivityto Tempoal Locality

Thefinal experimentusesworkloadswith two differenttem-
poral locality models,to assesghe impacton cachingperfor
mance.Thefirst workload(Tr acel) usesthestaticLRU stack
model,while thesecondTr ace?2) useghedynamicLRU stack
model.By design thetwo workloadsdiffer only in theordering
of theirreferences.

Figure 7 shows the performanceof the LRU andthe LFU-
Aging cachereplacemenpolicies. A generalobsenationfrom
the figureis thatall the policies provided higher documenthit
ratiosandbyte hit ratiosfor Tr acel, which arguablyhas“bet-
ter” (but not necessarilynorerealisti¢) temporallocality.

4For referencepurposesthecachehit ratio for theempiricalUofStraceis also

Anotherobsenationfrom Figure7 is thatthe LRU policy is
more sensitve to the degree of temporallocality in the traces
(notethewider vertical gapbetweerthe linesfor Tr acel and
Tr ace?2), while the LFU-Aging policy is lesssensitve [16].
Theseobsenationsare consistentwith thosereportedby Ma-
hantietal. [32].

In summary all three replacemenpolicies are sensitve to
temporallocality, with LRU beingthe mostsensitve, followed
by GD-Sizeandthen LFU-Aging. The strongerthe temporal
locality, the betterthe cachingperformance.The sensitvity is
similar for bothdocumentit ratio andbyte hit ratio.

VIlI. SUMMARY AND CONCLUSIONS

This paperdescribeghe designof a Web proxy workload
generatoicalled ProwGen,andthe useof syntheticworkloads
in a sensitvity study of single-lesel proxy caches. Valida-
tion of ProWwGenshaws thatit modelsand captureghe salient
characteristic®f empiricalworkloads. ProwGenprovidesfast
workloadgenerationworkloadreproducibility andlow storage
spacerequirementsBy modelingworkloadcharacteristicsvith
controllableparametersProWGenprovides the flexibility re-
quired for synthesizingworkloadsusedto study the effect of
workloadcharacteristicen cachereplacemenpolicies.

The simulationresultsshow the sensitvity of cachereplace-
mentpoliciesto Zipf slope,temporallocality, and correlation

shavn in Figure7(a).
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(if any) betweerfile sizeandpopularity andtherelative insen-
sitivity to one-timersandheavy tail index. Theseresultsillus-
tratehow workloadcharacteristicaffect cacheperformancédor
differentreplacemenpolicies,andcanprovide insightinto the
designof new cachereplacemenpolicies.

Ongoingwork [17] is using ProwWGenfor evaluatingmulti-
level cachinghierarchies. Preliminaryresultsindicate modest
performanceadvantagedor using differentcachereplacement
policies (andeven size-basedlocumentpartitioning strat@ies)
acrosdifferentlevelsof a cachinghierarchy
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