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Abstract—This study examinesa seriesof 16 singleday tracesfrom two
NLANR proxy caches. We find clients often repeattheir requestsfor an
uncacheabledocument, forcing the cacheto re-fetch the document multi-
ple times. This behavior is primarily causedby HTTP cachecontrol head-
ers rather than dynamic content. Assumingall documentsare cacheable
falsely predicts cachehits for 20% to 25% of the requests.Starting a sim-
ulation with a cold cachefalsely predicts cachemisses for approximately
20% of the requests.With both, the errors offsetand the predictedhit rate
appearsto match the measueed hit rate, possiblyleading to acceptanceof
a poor model and incorrect simulation results for other workloads. Re-
peatrequestsrom the sameclient alsoinflate Zipf parametersandincrease
their variability . Without them, the median « falls from 0.8to 0.3,and the
median  falls from 3500to near 30. CorrectedZipf parametersprovide
better insight into cachesharing patterns, uncover periodic behavior, and
more accurately parameterizehit rates models.

Keywords— Web caching, proxy caching, cooperatve caching, Zipf,
trace-driven simulation, NLANR, Squid, repeatrequests

|. INTRODUCTION

Web cachesexist at several levels: browsers maintain a
private cachefor the user(L1), organizationalproxy caches
sharedocument@mongtheirusergqL2), andcooperatie proxy
cachessharedocumentshetweenproxies(L3). Although re-
searchergagreethat userandproxy cachingimprove Web per
formance[1][2], thereis considerabledebateaboutthe fun-
damentalstructureof cooperatie Web cacheq3]. Recently
Wolmanet al. have questionedvhetherany form of cooper
ative Web cachingprovidessignificantbenefitover L2 proxy
caching[4].

Definitive answerdo the viability andperformancef coop-
eratve Webcachesredifficult to obtainbecauseatamustcon-
tain simultaneousequeststreamsfrom multiple, independent
proxy caches ConsequentlymostWeb cachingresearchelies
oneithertrace-drvensimulationor analyticalmodelsvhosepa-
rametersaarederived from proxy traces.Oneimportantsource
of proxytracess the NationalLaboratoryfor Applied Network
ResearciNLANR), which operatesa global cachehierarchy
using Squidproxy cacheg5]. NLANR tracesarewidely used
in Web cachingresearchbecausdhey are publicly available,
up-to-dateandincludemary diverseuserqd6][7][8][9].

This paperpoints out two pitfalls in trace-dependenteb
cachemodelingand shavs how their errorscan offset, result-
ing in an apparenmatchbetweenpredictedand measuredit
rates. Sucha matchcould lead to the acceptancef an in-
accuratemodel and possiblyresultin misleadingpredictions.
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First, mostduplicaterequestsn the NLANR proxy tracesare
repeatrequestdrom the sameclient,and90%to 95% of these
arecachemisses.In onetrace,the mostpopulardocumente-
ceived4920requestsall from the sameclient. All werecache
missesdespitethe factthatthe documentwassuccessfullyre-
trieved eachtime, was neithera cgi-bin nor a query andthe
requestslid not attacha cachecontrolheader We later deter
minedthatresponséeadergrom theorigin senerwererespon-
sible. After remaving repeatrequestgrom the sameclient, the
mostpopulardocumentecevedonly 34 requestsSimulations
drivenby mostproxytraceshave difficulty accuratelydetermin-
ing cacheabilitypecausstandardraceformatsdonotrecordre-
sponséheadelinformation. Our resultsshov thatassumingall
documentsare cacheablgredictsfalsehits for approximately
20%to 25% of the requestsdeterminingcacheabilityfrom in-
formationin standardracespredictsfalsehits for 10%to 20%
of the requestsand that inferring uncacheabilityfrom repeat
missescorrectshis problem.

A seconderror occursif the simulationstartswith a cold
cacheFor 1-dayNLANR tracesstartingwith acold simulation
cachepredictsfalse missesfor approximately20% of the re-
questsThisleadsto aninterestingnterplaybetweercacheabil-
ity andwarmuperrors. As the errorsare of similar magnitude
but oppositedirection,ignoring both may predicthit ratesthat
matchmeasuredhit ratesandappeato validatethe simulation
model.In fact,themodelwould beinaccurateandcouldpredict
erroneousesultsfor otherworkloads.

Repeatequestsalsoinflate the Zipf parametersZipf's law
is a power-law function that relatesthe frequeny of an event
to its popularityrank. In Web caching Zipf's law relatesnum-
ber of requestdor a documentto its popularityrank, and has
beeninterpretedas a measureof potential cachesharingand
idealhit rate.Our results show the Zipf exponent appearslarge
because there are many uncacheable repeat requests from the
same client, not because there is potential document sharing.
If all documentavere cacheablerepeatrequestsvould disap-
pearbecaus&Vebbrowserswould cachehedocumentandthe
proxy cachewould notseetherequestsConsequenthyZipf dis-
tributionsthatincluderepeatequestslonotreflectactualor po-
tentialcachesharing eitheracrosslientsor acrossall requests.
We shaw thatremoving repeatrequestyields muchlower Zipf
parameterthatrevealcachingpatternsandbetterreflectsharing
acrosglients.
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Fig. 1. Webcachescenariodlustratingthedefinitionof hit rate.Narrowv arravs
represena HTTP headerwide arrowvs representhetransferof adocument.
The leftmostscenariois not a successfulGET andis not includedin the
analysis.The middletwo scenariosrelL3 cachehits, andthe rightmostis
anL3 cachemiss.

Sectionll discussebackgroundssuesjncludingadefinition
of hit ratefor Webcachesexamplecase®f repeatequestsand
amorein-depthdiscussiorof Zipf parameterskRelatedwvork in
Web cachesimulationandmodelingis describedn Sectionlil.
SectionlV explainsour methodologyand SectionsV and VI
containresultsandconclusions.

Il. ISSUESIN WEB CACHE MODELING
A. What is a cache hit?

Resultsfrom different Web cachingstudiesare difficult to
comparebecausedhereis no standarddefinition for cachehit
rate. Someresearcherseport resultsbasedupon numberof
successfulGET requestg6][10], while othersbaseit uponall
requestsincludingthosewith errors[4]. Thisdistinctionis crit-
ical becauseinsuccessfulequestarecommon:ontheaverage,
we found successfulGETscompriseonly slightly over half of
all requestsn theNLANR traces.

Likewise, thereis no agreemenbn the definition of a proxy
cachehit. Figurel illustratesthe four possiblescenarios:

1. theproxy doesnotreturnadocumenbecaus¢herequesis
notasuccessfuGET

2. theproxy returnsthe cacheddocumentithout validation

3. the proxy returnsthe cacheddocumentafter exchanging
HTTP validationheadersvith theorigin sener

4. theproxy retrievesthe documenfrom the origin senerand
forwardsit to theclient.

Scenario3 is neithera cachehit nor a missin the traditional
sense;however, in both responsdime and resourceusageit
is more comparableo a cachehit becauseHTTP headersare
far smaller than most documentsand the file I/O is not in-
volved. We thereforedefinehit ratebasedipondocumentrans-
fer. Hereaftertheterm“request’shouldbetakento meanasuc-
cessfulGET requestandcachehits aredefinedasin Figurel.

Fig. 2. A grey GIF imagefrequentlyretrieved by the NLANR caches.

B. Repeat requests and Web advertisers

We definea repeatrequestasa requesfrom the sameclient
for thesameURL, andobsenrethat,in theNLANR traces90%
to 95% of repeatrequestsare cachemisses. Web ad\ertisers
supplysomeof the moreegregiousexamplesof suchrequests.
Figure 2 displaysthe documentreturnedmost often from the
NLANR BO1cacheonJanuanB0: alx1 grey GIF background
from a Web adwertiser The samegrey GIF imagewas also
the 2ndand5th mostfrequentlyreturneddocument.The proxy
cachereturnedthesethreedocumentsalmost20,000times, yet
only 23 of the requests were cache hits. Equally as striking,
thesethousand®f retrievals werefor at most26 clients. The
mostpopulardocumentwas retrieved 14,210timesfor only 4
clients,and no documentwasreturnedto over 16 clients. We
noticedotheradwertisersuseanidenticalgrey GIF image.In a
differenttrace,the cachefetchedthis imagefrom RealMediaa
total of 2730times,returningit eachtime to the sameclient.

Tablel lists the five mostpopulardocumentsn the January
30thtrace togethemwith thenumberof requestsgachehits,and
clients,and shavs a patternof repeatmissesthatis typical of
all tracesin this study Throughoutthe traces,we obsere re-
peatrequest®ftenaccesdVeb adwertisemensites. Of thefive
mostpopulardocumentsn the January30thtrace four areto a
DoubleClicksiteandthefifth to Netscape.

It is interestingto examinewhy a small staticimageis un-
cacheable.The log file indicatesthat requestdor two of the
documentscontain cachecontrol directives, but doesnot ex-
plain why the third is uncacheable.To testif responséhead-
ersareresponsibleyve retrieved the documentswith a custom
ht t pget utility. All threeorigin senersattachETag headers
with entitytagsthatchangesvery minuteor two, despitehefact
thedocumenis unmodified.Entity tagsaredesignedo assure
cacheconsisteng: the sener attachesn entity tag to the doc-
umentandthe clientincludesthis tagwith subsequenequests.
If the documents unmodified,the sener shouldrespondwith
anHTTP 304 Not Modified messagénsteadof the object. Our
tests,however, shav the senersimproperly resendthe docu-
mentandtherebygenerateachemisses Evenif origin seners
respondcorrectly it remainsunclearwhy a staticl x 1 GIF
imageshouldrequireconsistenyg checkingon every request.



TABLE |
FIVE MOST POPULAR DOCUMENTS IN BO1 TRACE, JAN. 30, 2000.

Req. Hits  Clients Bytes URL
14210 0 4 409 m doubl ecl i ck. net/vi ewad/ 817-grey. gi f
4791 2 6 244 ad. doubl ecl i ck. net/ vi ewad/ 817-grey. gi f
1394 0 1 12821  m doubl ecl i ck. net/ vi ewad/ 385809-family. . .
939 0 1 2130  mdoubl ecl i ck. net/ vi ewad/ 28902- | ycoshop. . .
915 21 16 359  nessenger. net scape. conl i mages/ pi xel . gi f

C. Zipf parameters

A Zipf distribution relatesnumberof requestdor an object,
R, to its popularityranki:

RG) = %
The exponenta reflectsthe popularity skew, andthe constant
) approximateghe numberof requestsor the most popular
documeni(i = 1). Becausex increasesspopulardocuments
receve a greaterfraction of requestsit hasbeeninterpretedas
a measureof the potentialsharingin a Web cache.An a near
onesuggesta strongpotentialfor documensharingandahigh
cachehit rate.

Beginning with Glassmanin 1994 [11], numerousstud-
ies report Web requestsfollow a Zipf or Zipf-like distribu-
tion [6][12][13][14][ 15], with a rangingfrom 0.64to0 1.0. How-
ever, all previousZipf'slaw studiesn Web cachingthatwe are
aware of includerepeatrequests.The analysisin SectionV-E
shaws Zipf's law behavior and large o’s are caused by repeat
reguests for uncacheable documents, not by potential sharing
between clients.

Whenrepearequestsreremoved,a dropsto 0.2— 0.3. The
lower «'s are a truer indication of the potentialcachesharing
andhit rates.Further if changedo Web applicationsor proto-
colsremovesomecacheabilityconstraintstheassociatedepeat
requestswill disappeabecausdower level browsercachesor
proxieswill storethedocumentndclientswill not needto re-
peattheir requestsUnderno circumstancedo repeatrequests
reflectdocumensharing,anda’s computedwith themmisrep-
resenfpotentialcachesharingandhit rates.

I1l. RELATED WORK

Caoandlrani [16] found a large numberof repeatrequests
in tracesfrom DEC, Universityof Virginia,andBostonUniver
sity. Their datashov usersoftenre-accesshe samedocument,
andthatthe fraction of repeatrequestgpeakson a 24 hour cy-
cle. Wolmanet al. reportthat 40% of all requestdo shared
documentsat the University of Washingtonare repeatshy the
sameclient [17], and Nishikava et al. [14] obsene that users
tendto accesgshe samedocumentepeatedhat shortintenvals.
Nishikava hypothesizeshat removing suchrequestsrom the
tracemightimprove their simulationresults.

Wolman et al. [4] collected tracesthat include response
headeiinformationby installingcustommonitoringsoftwareat
the University of Washingtors Internetgatevay. The authors

alsoobtainedconcurrentracesfrom proxiesat Microsoft Cor-
poration. Becausdhey controlleddatacollection, the authors
couldavoid cacheabilityandwarmuperrors; however, this ap-
proachis limited to sitesthatgrantaccessWolmanextrapolates
the Universityof Washingtortraceto multiple sitesby creating
virtual proxiesaccordingto client IP addressin this study all
userswerelocatedin thesamegeographi@rea(Seattle)andei-
therattendedhe sameuniversity or worked for the samecom-
pary, limiting thediversityof theuserpopulation.
Breslauetal. [6] taketheoppositeapproachanalyzingtraces
from six large proxy cacheghatincludeL3 cachesat NLANR
andQuestnein Australia,andL2 cachesn Italy, Finland,and
theUnitedStatesThisapproaclensuresliversityandmeasures
actualcachebehaior, but allows no control over the logged
information.For theNLANR trace Breslauincludessuccessful
GET requestgor bothcacheablanduncacheabldocumentén
the analysis. The authorsreportZipf parametersf a = 0.64
and) = 4000. As NLANR cachesitestypically serviceless
than 100 clients and the authorsusedfour NLANR sites,we
estimateahe numberof clientsto belessthan400. If therewere
no repeatrequests{2 would not exceedthe numberof clients,
yetin Breslaus datait is greaterby a factorof ten. Breslaus
studyis the mostcomprehensie to dateon the relationshipof
Zipf’slaw to Web cachingandprovidesimportantinformation;
however, the inclusion of repeatrequestsaadwerselyaffects hit
ratepredictionghatdependuponthe Zipf parameters.
Duskaet al. [7] examineinter-tracesharingacrosssix proxy
cachesandreportresultsas percentag®f sharedURLs rather
thanasZipf distributions. Using their reporteddata,we deter
mined Zipf parametergor the combinedtraces. Assumingno
repeatequestsandno capacityor consisteng missesywe com-
putedleastsquaredit parameter®f a = 0.24 andQ = 10.
Theseparametewaluesare far lower than thosereportedin
otherstudiesandmatchresultsreportechere.

IV. METHODOLOGY
A. Traces

This study uses publicly available traces[5] from the
NLANR Boulder(BO1) andUrbana-Champagn@C) caches
for the 16 daysfrom January27 to Februaryll, 2000. These
cachesarehierarchicalL3 cachesvhich serviceonly L2 prox-
ies; approximately90 proxiesuse BO1 as the parentcache,
andapproximatelysO useUC. Client IP addressearerandom-
izeddaily, sothey areconsistentvithin atracebut notbetween
traces.Eachtracespansoneday andcontainsfrom 400,000to
900,000otal requestgor acombinedotal of 9 million requests
for BO1 and11 million for UC. Log files usethe Squidnative
log format, which recordsthe cacheactionandallows compu-
tationof actualhit rates.

B. What is cacheable?

We determinecacheabilityfrom explicitly loggedinforma-
tion and from cachebehaior. A requestis consideredun-
cacheabldor thefollowing reasons:

« Cgi-bin (C) - TheURL contains‘cgi-bin”.



Query (Q) - TheURL contains?”.

o Pragma (P) - Theclientissuedherequesivith ano-cache
pragmaor analogousachecontrol command(Squid code
TCP_CLI ENT_REFRESHM SS).

TABLE I
TRACE STATISTICSFOR NLANR CACHES, JAN 27 - FEB 11, 2000.
FRACTIONS ARE BASED ON SUCCESSFUL GET REQUESTS AND VALUES

« Partial Content - Requesits for partialcontent(Status206). ARE AVERAGES UNLESS OTHERWISE NOTED.
. Infer_red (X) - Noneof the above apply, yet the docgment BOL uc
receves> 2 requestandall areloggedas cachemisses.
We attribute X uncacheabilityo responséeadersor cache Traces 16 16
. . Lengthof eachtrace 1day 1day
controlandto lessobvious mechanismsuchasfrequently All requestpertrace 563956 691770
changingentity tags. SuccessfuGET requestpertrace | 276481 397363
Documentgpertrace 198363 290923
Cacheable 0.72 0.76
T Initial 0.65 0.70
C. Cacheability models Duplicate 0.08 0.07
Four different models are usedto measurethe effects of Unclat_:thfiable 8-(2)2 8-821
e . . . . nital . .
cacheablIlty_ass_umptlonandof WarmlngtheS|mulat|o_ncache. Duplicate(differentclients) 0.02 0.01
All treattheinitial requesfor adocumentsa cachemiss.Du- Repea(sameclient) 0.20 0.18
plicaterequestgor cacheablelocumentgountascachehit, and File size,median
duplicaterequestdor uncacheablelocumentsountas cache Cacheable 3.0KB  3.3KB
. . . . Uncacheable 2.6KB 2.8KB
misses Modelsassumenfinite cachesize,and,with the excep-
tion of theRecordednodel,assumao consisteng missesRe-
sultsshav theseassumptionéntroducelittle errorin the com-
putedhit rates.Thefour cacheabilitymodelsare:
All requests: All documentsareconsidered¢acheable.
P 1 T T T T T T
CacheableCQP: Cagi-bin, query pragma,and requestgor ool - All requests
. . : e Cacheable: CQP
partial contentareconsideredincacheable. os | ¥ Cacheale: cOPX
07 | ---8-- Recorded
. . o 06
Cacr_\eableCQP-X. In z_iddmonto CQR ary documenWhlch £ os| I ————
receves > 2 requestswithout a cachehit is consideredun- T ogal T o KK
cacheable. 03 s X
/EA
. . 0.1 kg
Recorded:  Duplicate requestsare assignedthe cacheac- ol

tion recordedin the log file. In the warmupexperiment,the 0o 2 4Cach:Warmip (D:SS) o
Recordedit ratewill eventuallyequalthe measuredhit rateif

no documentsverereplaceddy the physicalcache.

V. RESULTS 0.9 ¢ i égéﬁgl;le;ls;:scop
08 r *-- Cacheable: CQP-X
Tablell containspertracestatisticsfor the two cachesites, 07} -8~ Recorded

and shows the fraction of successfulGETsthat areinitial re- 5 22 : n
guestsfor an object, duplicaterequestdrom differentclients, £ o4l ++;;;;; VIV
andrepeatrequestdrom the sameclient. Approximatelyhalf 03 +;X o v
of all requestsare successfulGETS: 49% for BO1 and 57% o2 K E_E%—%—»?ﬁf—@-@'»5'79"9-9"5"5'9"@
for UC. At BO1, 28% of the successfulGET requestsareun- o1k
cacheableOf thesef%areinitial requests2%areduplicatere- °c 2 4 6 & 10 12 1
guestdrom differentclients,and20% arerepeatrequestfrom Cache Warmup (Days)

the sameclient. Theratio of initial requestgo repeatrequests

shavsthat,onthe averagepl ients request an uncacheable doc- Fig. 3. Effec_t of cachewa_r_mupon hit r_atesat BOL1 (top) andUC (botto_m)
ument not once, but 4.3 times. The proxy cachemustre-fetch x;:;i\é?rrsz?;&aggmOdels'H't ratesarefor theFeb11 trace with
the documenin over 90% of thesecases.The UC cacheaver- '

agesaslightly higherratio of 5.5requestandover5 fetcheser

clientfor eachuncacheabldocument.



TABLE Il
HIT RATES FOR COLD AND WARM SIMULATION CACHES FOR THE FEB 11
TRACE, WITH CACHE WARMED USING JAN 27 - FEB 10 TRACES (15 DAYS).

BO1 uc
Cold  Warm Cold  Warm
Computed hit rates
All _requests 0.27 0.51 0.26 0.49
Cacheabl€€QP 0.16 0.40 0.21 0.44
Cacheabl€QP-X  0.08 0.30 0.07 0.26
Recorded 0.08 0.27 0.08 0.22
Measured hit rate 0.30 0.24

A. Cache warmup

The cachewarmupexperimentbeginswith anemptysimula-
tion cache Hit ratesarecomputedor the Februaryl 1 traceus-
ing eachcacheabilitynodel.Next, documentgrom the preced-
ing day'straceareaddedo thesimulationcache andthe Febru-
ary 11 hit ratesarerecomputedThis processontinuesuntil, at
thefinal datapoint, thesimulationcachecontainsall documents
successfullyeturnedby the proxy duringthe 15 daysfrom Jan-
uary27to Februaryl0. At eachdatapoint, only requestsn the
Februaryll traceareusedto computehit rates;requestgrom
earliertracessene merelyto warmthecache.

Figure3 andTablelll presenttachewarmupresultsfor the
four cacheabilitymodels. Measurechit ratesof 0.30for BO1
and0.24 for UC are denotedby solid linesin the graphs. As
Figure3illustrates the Recordedit ratescloselyapproachbut
never quite equal,the measuredates. This slight difference
suggestsomecachaeplacemenbccursoverthe16 dayperiod,
but theamountis smallandhaslittle effecton hit rates.

From the warmupgraphswe can determinethe numberof
daysrequiredto warm the cache. For UC, warmuprequires
around4 days,while BO1 requires8 to 10 days. After this
periodtherecordechit rateslevel off andadditionalwarmupis
unnecessaryActual warmuplength may differ for otherdays
or othercacheshowever, theseresultsindicateit is ontheorder
of severaldaysandthatsimulationsdrivenby singledaytraces
cannotignoreit.

B. Hit ratesfor different cacheability assumptions

For the ideal cacheabilitymodel, the predicted hit rates
greatly overestimatahe actualhit rates. With a warm cache,
the All_Requestsnodelpredictshit ratesof 0.51for BO1 and
0.49 for UC, as comparedto the measuredatesof 0.30 and
0.24.This overestimatés consistentassumingdealcacheabil-
ity falselypredictscachehits for approximately20% of there-
guestghroughouthewarmupperiod.

Large errorsfor CQP demonstratehat requestdatais in-
sufficient for modelingcacheability With a warm cache,the
CQPmodelpredictshit ratesof 0.40for BO1 and0.44for UC.
Thus, using explicit informationin the log file for document
cacheabilitycorrectsonly half the errorsin BO1 hit rates,and
a fourth the errorsin UC hit rates. Simulationsmust model
cachamisseslueto theactionsof HTTP responséeaderseven
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Fig. 4. Measuredndcalculatechit ratesfor BO1 (top) andUC (bottom).

thoughthis informationis not recordedn mostpublicly avail-
ablelogs.

As Figure 3 illustrates,the CQP-X hit ratesclosely overlap
theRecordedit ratesthroughouthewarmupperiod,and,after
adequatevarmup,correctly predictthe measuredhit rate. The
agreemengstablisheshatinferring uncacheabilitfrom repeat
requestan producea correctmodel, evenif log files do not
containresponséeadeinformation.Ourapproachmalespub-
licly availabletracesmoreusefulandreducedhe needfor col-
lectingcustomtraces.

C. How cacheability and warmup errors may cancel

Our analysishighlightsan unexpectedresult: whena simu-
lation makesthe dual errorsof startingwith a cold cacheand
assumingll documentsrecacheablethe predictechit rateap-
proximatelyequalsthe measuredit rate. Figure 4 illustrates
the separateand combinedeffects of thesetwo errors. Cor
rectly modelinguncacheabilitybut using a cold cacheunder-
estimates the hit rateby 22%for BO1 and21%for UC. Warm-
ing the cachebut treatingall documentsascacheabl@veresti-
mates the hit rateby 17%and25%. Applying both corrections
producedhit ratesthat closely matchthe measuredates. Un-
fortunately the two errorsare of similar magnitudeand oppo-
sitesign,thereforeapplyingneither correctionalsoproducesit
ratesthatcloselymatchthe measuredates.This couldleadre-
searcherso believe thata simulationmodelis correct,whenin
factthesetwo errorswill not necessarilgancelwhenthesimu-
lation workloadis changed.



TABLE IV
UNCACHEABILITY ANALYSIS: FRACTION OF SUCCESSFUL GETs
REQUESTSIN NLANR TRACES, FEB 11, 2000.

BO1 uc
Cacheable 0.75 0.76
Uncacheable 025 0.24
206: Partial Content 0.00 0.00
Cgi-hin(C) 0.01  0.00
Query(Q) 0.08 0.01
Requespragmeor directive (P) 0.07 0.07
Responséeadel(X) 0.10 0.16
Repeatrequests 0.17 0.17
206,Cgi-bin,Query or PragmgCQP) 0.09 0.04
Responséeadel(X) 0.08 0.12

D. HTTP cache control and static documents

Repeatmissesoccurwhenthe documents uncacheableas
in acgi-binor queryresponsegr whencachingis preventedby
HTTP headers.Someheadergrevent the cachefrom storing
theobject,while othersforcethecacheto validateandpossibly
re-fetchadocumenbeforereusingt. TablelV givesreasongor
uncacheabilityandthe correspondingdraction of requestsVal-
uesarereportedfor theFeh 11 tracesandarerepresentatie of
theothertracesin the study The datashow requestgor partial
contentandcgi-bin documentsare nggligible. Uncacheability
is primarily dueto HTTP headercachecontrol, which appear
in around17% of the requests.Cachecontrol headersare at-
tachedprimarily to staticobjectsratherthanto queriesor cgi-
bin documents.Recallingthe examplegrey GIF image,it ap-
pearsHTTP cachecontrol mechanismsre beingusedto pre-
ventcachedrom sharingstaticdocumentsevenacrossequests
from the sameclient.

E. Repeat requests and Zipf parameters

Figure5 shaws log-log Zipf plotsfor the February7thBO1
trace andis representatie of Zipf plotsfor theothertraces.One
plot includesall requestandthe othershawvs the Zipf distribu-
tion withoutrepeatrequestsValuesfor « and(2 aredetermined
by a nonlinearleast-squaref\NLLS) Marquardt-Leenbeg al-
gorithm,andthebest-fitfunctionis superimposedponthetrace
data. Becauserequestsare discreteand the data are domi-
natedby pointswith 1 or 2 requestsgachpoint in the NLLS
is weightedby 1/d, whered is the numberof documentswith
the samerequesttount. Thisis equivalentto usingthe average
documentankfor eachrequeswalue,therebyavoiding anarti-
ficial flatteningof thefitted curve dueto the stairstepnatureof
thedata.

Table V gives mediansand rangesof Zipf parameterdor
the 16 daily tracesfor eachcache. Two featuresstandout:
1) repeatrequestsgreatly inflate both o and 2, and 2) re-
peatrequestscreatelarge variationsin the parameters.With
repeatrequeststhe NLANR « rangesfrom 0.66 to 1.01 for
BO1, with a medianof 0.83, and rangesfrom 0.70to 0.92
for UC, with a medianof 0.80. The valuesfor « in these
32 tracesoverlap the range of previously reporteda’s for
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Fig. 5. Zipf distributions for all requestqtop) and without repeatrequests
(bottom),NLANR BO1 cachefeb7,2000.

TABLE V
ZIPF PARAMETERS FOR NLANR TRACES, JAN 27 TO FEB 11, 2000.

BO1 uc

«a median « range «a median « range
All requests 0.83 0.66- 1.01 0.80 0.70- 0.92
No repeatequests 0.33 0.29-0.46 0.22 0.19-0.31
Mon - Fri 0.31 0.29-0.35 0.21 0.19-0.25
Sat,Sun 0.42 0.38-0.46 0.29 0.27-0.31

€ median Q range Q median Q range
All requests 3120 1250- 8700 3500 1450- 6240

No repeatequests 33 31-38 21 18- 23

NLANR traces[6][12][11][13][14][15], The high variability
acrosstracesis due to randomfactorsin repeatrequestsand
explainsthe spreadn previously reportedvalues.Whenrepeat
requestsireremovedfrom thetracesthemedianx fallsdramat-
ically to 0.33for BO1 and0.22for UC. Moreover, the ranges
tightento wherethe o for BO1 s significantlygreaterthanthe
a for UC, shawing thatBO1 clientssharemoredocumentshan
doUC clients.

Eliminatingthe noiseof repeatrequestsalsouncoversanin-
terestingsharingpatternin weekdaysvs. weelends: a’s for
M-F areclearlysmallerthantheweelenda’s, suggestinghere
is lessdiversityduringweelendsthanduringtheweek.

Zipf parametersomputedwithout repeatrequestoffer bet-
ter insightsinto the underlyingdata. For example,BO1 traces
containaround90 clients,andUC tracesaround65 clients. An
 of 3120haslittle meaningbecausét is the sumof pathologi-
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Fig.6. Effectof tracelengthonZipf parameters (top)and(2 (bottom).Repeat
requesthiave beenremoredfrom traces.

cal events.In contrastthevalueof 2 computedvithout repeat
requesindicateshe mostpopulardocuments typically shared
by 33 differentclients, or roughly one-thirdof BO1's popula-
tion. Likewise, the 2 = 21 for UC shaws its most popular
documents sharedby aboutone-thirdof its 65 clients.

We demonstratéow Zipf parametersary with tracelength
by iteratively merging a precedingday’s tracefile andcomput-
ing « and). Repeatequestareremovedfrom all traces.Re-
sultsin Figure 6 shav « remainsfairly constantas the trace
lengthincreaseswhile 2 grows in alinear fashionwith slope
of approximately36 for BO1 and 18 for UC. An intuitive in-
terpretatiorlies in the obsenationthatcombiningtwo Zipf dis-
tributionswith the samea and (2 producesa Zipf distribution
with the sameq, but with an Q twice aslarge. BecauseZipf
parametersio not vary muchfrom dayto day, addinga day’s
tracehaslittle effecton o but addsa constanamountto 2.

VI. CONCLUSIONS

Exploring repeatrequestsaand cachewarmupeffectsuncov-
ersseveral interestingresultswith implicationsfor Web cache
modelingandpracticalapplicationsjncludingthefollowing:

« Repeatrequestsartificially inflate ideal cachehit rates.
An ideal cacheassumesll documentsare cacheableand
treatsrepeatrequestsas cachehits. Many researcherssethe
idealcachehit rateasanupperboundfor proxy andcooperatie
WebcachesThedifferencebetweeridealandactualhit ratesis
primarily dueto repeatrequestdecausehey constitutea sub-
stantialfractionof therequestandover 90%areactuallycache

misses.In this study the percentagef repeatrequestss 17%,
comparedo adifferencenf 21%to 26%betweerdealandmea-
suredhit rates.However, if all documents were cacheable, most
repeat requests would disappear because of caching by the \Web
browser and L2 proxies, therefore an ideal hit rate computed
using repeat requestsis meaningless.

« Repeatrequestsartificially inflate Zipf parameters.

Zipf parameterareinflatedby repeatrequestdor the same
reasonsas the ideal hit rate, and do not accurateportray the
potentialproxy cachesharingbetweerclientsor requests Af-
terremoving repeatrequeststhe Zipf exponent,a, dropsfrom
around0.8to 0.2for theUC cacheandto 0.3for theBO1 cache.
Theconstant) dropsfrom around3500to near30. Thesecor
rectedparameteroffer preciseinterpretations:a reflectsthe
duplicationin requestgrom differentclients,and(2 reflectsthe
numberof clientsthat sharethe most populardocument. Pa-
rametervariability alsodropssharply exposinga differencein
a betweertheUC andBO1 cachesites,andbetweernweekdays
andweelends. With repeatrequeststhesedifferencesare not
visible dueto noisydata.

« Simulation cachesmust be adequatelywarmed.

We found 4 dayswassufiicient for one cache but the other
cacheequiredoveraweek.With 1 daytracesacoldsimulation
cachepredictsfalsemissedor around20% of therequests.

« Web cache simulations must correctly model document
cacheability.

Assumingall documentarecacheabl@redictsfalsehits for
20% to 25% of the requests. Determiningcacheabilityfrom
only requestdataandignoring responséneadergpredictsfalse
hits for 10%to 20% of therequests.

« Uncacheability can be inferr ed using repeatmisses.

If atracedoesnotcontainexplicitly recordednformationfor
responséeadersit canbecorrectedusingrepeamissego infer
if adocumenis cacheableWe would, of course preferSquid
andotherpopulamproxy cachesoftwareincludethisinformation
in their standardog format.

« Publicly available traces are essential, but reseachers
should beware of the cacheability and warmup pitfalls.

NLANR offers Web researchersn invaluableresourceby
providing up-to-datepublicly availabletracesof alarge opera-
tionalproxy cache.Thesearacesarenotjustaconveniencethey
areanecessitypecausenostresearcherdo nothave theaccess
requiredto collect comparabletraces. However, researchers
shouldbeawarethatNLANR andmostotherSquidtracesneed
to be correctedfor responséneaderand cachewarmupeffects.
Thesetwo errorsmaycancefor thetestworkload,but thatdoes
not assurehey will cancelfor othersimulationworkloads.Ig-
noring thesepitfalls may thereforeresultin erroneoussimula-
tion results.



o« HTTP headersare being used and misusedto prevent
cachesharing of static documents

In addition to cache control directives, some content
providersappeato beusingHTTP validationmechanismsuch
asentity tagsto preventcachedrom sharingstaticdocuments,
evenbetweerrequestdrom the sameclient.

« Canrepeatrequestsbe eliminated fr om proxy caching?
Yes- Web browsersand proxy cachesshouldnoticewhena
documents notbeingcachedandsendsubsequentequestsli-
rectly to theorigin sener. This would reducetheload on upper
cachelevels by nearly 20% and remove excessnetwork traf-
fic by eliminatinguselesslocumentransferghroughthecache
hierarchy Thesearerelatively minor modificationsto current
proxy cachingsoftwarewhich could have a substantialmpact
on performanceandwould have the side effect of producing
traceshatmoreclearlyreflectWeb sharingpotential.
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