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Abstract—This study examinesa seriesof 16 singleday tracesfr om two
NLANR proxy caches. We find clients often repeat their requestsfor an
uncacheabledocument, forcing the cacheto re-fetch the documentmulti-
ple times. This behavior is primarily causedby HTTP cachecontrol head-
ers rather than dynamic content. Assuming all documentsare cacheable
falsely predictscachehits 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 measured hit rate, possibly leading to acceptanceof
a poor model and incorrect simulation results for other workloads. Re-
peatrequestsfr om the sameclient alsoinflate Zipf parametersand increase
their variability . Without them, the median � falls fr om 0.8to 0.3,and the
median � falls fr om 3500to near 30. CorrectedZipf parametersprovide
better insight into cachesharing patterns, uncover periodic behavior, and
more accuratelyparameterizehit ratesmodels.

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

I . INTRODUCTION

Web cachesexist at several levels: browsers maintain a
private cachefor the user (L1), organizationalproxy caches
sharedocumentsamongtheirusers(L2), andcooperativeproxy
cachessharedocumentsbetweenproxies(L3). Although re-
searchersagreethatuserandproxy cachingimprove Webper-
formance[1][2], there is considerabledebateabout the fun-
damentalstructureof cooperative Web caches[3]. Recently
Wolman et al. have questionedwhetherany form of cooper-
ative Web cachingprovidessignificantbenefitover L2 proxy
caching[4].

Definitive answersto theviability andperformanceof coop-
erativeWebcachesaredifficult toobtainbecausedatamustcon-
tain simultaneousrequeststreamsfrom multiple, independent
proxy caches.Consequently, mostWebcachingresearchrelies
oneithertrace-drivensimulationoranalyticalmodelswhosepa-
rametersarederived from proxy traces.Oneimportantsource
of proxy tracesis theNationalLaboratoryfor AppliedNetwork
Research(NLANR), which operatesa global cachehierarchy
usingSquidproxy caches[5]. NLANR tracesarewidely used
in Web cachingresearchbecausethey are publicly available,
up-to-date,andincludemany diverseusers[6][7][8][9].

This paperpoints out two pitfalls in trace-dependentWeb
cachemodelingandshows how their errorscanoffset, result-
ing in an apparentmatchbetweenpredictedandmeasuredhit
rates. Such a match could lead to the acceptanceof an in-
accuratemodel and possiblyresult in misleadingpredictions.

This work was supportedby National ScienceFoundationgrant CDA-
9633299.

First, mostduplicaterequestsin the NLANR proxy tracesare
repeatrequestsfrom thesameclient, and90%to 95%of these
arecachemisses.In onetrace,themostpopulardocumentre-
ceived4920requests,all from thesameclient. All werecache
misses,despitethefact that thedocumentwassuccessfullyre-
trieved eachtime, was neithera cgi-bin nor a query, and the
requestsdid not attacha cachecontrolheader. We laterdeter-
minedthatresponseheadersfromtheoriginserverwererespon-
sible. After removing repeatrequestsfrom thesameclient, the
mostpopulardocumentreceivedonly 34 requests.Simulations
drivenby mostproxytraceshavedifficulty accuratelydetermin-
ingcacheabilitybecausestandardtraceformatsdonotrecordre-
sponseheaderinformation. Our resultsshow thatassumingall
documentsarecacheablepredictsfalsehits for approximately
20%to 25%of therequests,determiningcacheabilityfrom in-
formationin standardtracespredictsfalsehits for 10%to 20%
of the requests,and that inferring uncacheabilityfrom repeat
missescorrectsthisproblem.

A seconderror occursif the simulationstartswith a cold
cache.For 1-dayNLANR traces,startingwith acoldsimulation
cachepredictsfalsemissesfor approximately20% of the re-
quests.Thisleadsto aninterestinginterplaybetweencacheabil-
ity andwarmuperrors. As theerrorsareof similar magnitude
but oppositedirection,ignoringbothmaypredicthit ratesthat
matchmeasuredhit ratesandappearto validatethesimulation
model.In fact,themodelwouldbeinaccurateandcouldpredict
erroneousresultsfor otherworkloads.

Repeatrequestsalsoinflate the Zipf parameters.Zipf ’s law
is a power-law function that relatesthe frequency of an event
to its popularityrank. In Webcaching,Zipf ’s law relatesnum-
ber of requestsfor a documentto its popularityrank, andhas
beeninterpretedas a measureof potentialcachesharingand
idealhit rate.Our results show the Zipf exponent appears large
because there are many uncacheable repeat requests from the
same client, not because there is potential document sharing.
If all documentswerecacheable,repeatrequestswould disap-
pearbecauseWebbrowserswouldcachethedocumentsandthe
proxycachewouldnotseetherequests.Consequently, Zipf dis-
tributionsthatincluderepeatrequestsdonotreflectactualor po-
tentialcachesharing,eitheracrossclientsor acrossall requests.
We show thatremoving repeatrequestsyieldsmuchlowerZipf
parametersthatrevealcachingpatternsandbetterreflectsharing
acrossclients.
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Fig.1. Webcachescenariosillustratingthedefinitionof hit rate.Narrow arrows
representaHTTPheader;widearrowsrepresentthetransferof adocument.
The leftmostscenariois not a successfulGET and is not includedin the
analysis.Themiddletwo scenariosareL3 cachehits, andtherightmostis
anL3 cachemiss.

SectionII discussesbackgroundissues,includingadefinition
of hit ratefor Webcaches,examplecasesof repeatrequests,and
amorein-depthdiscussionof Zipf parameters.Relatedwork in
Webcachesimulationandmodelingis describedin SectionIII.
SectionIV explainsour methodology, andSectionsV andVI
containresultsandconclusions.

I I . ISSUES IN WEB CACHE MODELING

A. What is a cache hit?

Resultsfrom different Web cachingstudiesare difficult to
comparebecausethereis no standarddefinition for cachehit
rate. Someresearchersreport resultsbasedupon numberof
successfulGET requests[6][10], while othersbaseit uponall
requests,includingthosewith errors[4]. Thisdistinctionis crit-
ical becauseunsuccessfulrequestsarecommon:ontheaverage,
we foundsuccessfulGETscompriseonly slightly over half of
all requestsin theNLANR traces.

Likewise,thereis no agreementon thedefinitionof a proxy
cachehit. Figure1 illustratesthefour possiblescenarios:

1. theproxydoesnot returna documentbecausetherequestis
notasuccessfulGET

2. theproxy returnsthecacheddocumentwithoutvalidation

3. the proxy returnsthe cacheddocumentafter exchanging
HTTPvalidationheaderswith theorigin server

4. theproxy retrievesthedocumentfrom theorigin serverand
forwardsit to theclient.

Scenario3 is neithera cachehit nor a miss in the traditional
sense;however, in both responsetime and resourceusageit
is morecomparableto a cachehit becauseHTTP headersare
far smaller than most documentsand the file I/O is not in-
volved.Wethereforedefinehit ratebasedupondocumenttrans-
fer. Hereafter, theterm“request”shouldbetakento meanasuc-
cessfulGET request,andcachehitsaredefinedasin Figure1.

Fig. 2. A grey GIF imagefrequentlyretrievedby theNLANR caches.

B. Repeat requests and Web advertisers

We definea repeatrequestasa requestfrom thesameclient
for thesameURL, andobservethat,in theNLANR traces,90%
to 95% of repeatrequestsarecachemisses. Web advertisers
supplysomeof themoreegregiousexamplesof suchrequests.
Figure2 displaysthe documentreturnedmostoften from the
NLANR BO1cacheonJanuary30: a ����� grey GIFbackground
from a Web advertiser. The samegrey GIF imagewas also
the2ndand5th mostfrequentlyreturneddocument.Theproxy
cachereturnedthesethreedocumentsalmost20,000times,yet
only 23 of the requests were cache hits. Equally as striking,
thesethousandsof retrievalswerefor at most26 clients. The
mostpopulardocumentwasretrieved14,210timesfor only 4
clients,andno documentwasreturnedto over 16 clients. We
noticedotheradvertisersuseanidenticalgrey GIF image.In a
differenttrace,thecachefetchedthis imagefrom RealMediaa
totalof 2730times,returningit eachtime to thesameclient.

TableI lists thefive mostpopulardocumentsin theJanuary
30thtrace,togetherwith thenumberof requests,cachehits,and
clients,andshows a patternof repeatmissesthat is typical of
all tracesin this study. Throughoutthe traces,we observe re-
peatrequestsoftenaccessWebadvertisementsites.Of thefive
mostpopulardocumentsin theJanuary30thtrace,four areto a
DoubleClicksiteandthefifth to Netscape.

It is interestingto examinewhy a small static imageis un-
cacheable.The log file indicatesthat requestsfor two of the
documentscontaincachecontrol directives, but doesnot ex-
plain why the third is uncacheable.To test if responsehead-
ersareresponsible,we retrievedthedocumentswith a custom
httpget utility. All threeorigin serversattachETag headers
with entitytagsthatchangeeveryminuteor two,despitethefact
thedocumentis unmodified.Entity tagsaredesignedto assure
cacheconsistency: theserver attachesanentity tag to thedoc-
umentandtheclient includesthis tagwith subsequentrequests.
If thedocumentis unmodified,theserver shouldrespondwith
anHTTP304Not Modifiedmessageinsteadof theobject.Our
tests,however, show the servers improperly resendthe docu-
mentandtherebygeneratecachemisses.Evenif origin servers
respondcorrectly, it remainsunclearwhy a static ���	� GIF
imageshouldrequireconsistency checkingonevery request.
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TABLE I

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

Req. Hits Clients Bytes URL

14210 0 4 409 m.doubleclick.net/viewad/817-grey.gif

4791 2 6 244 ad.doubleclick.net/viewad/817-grey.gif

1394 0 1 12821 m.doubleclick.net/viewad/385809-family 
�
�

939 0 1 2130 m.doubleclick.net/viewad/28902-lycoshop 
�
�

915 21 16 359 messenger.netscape.com/images/pixel.gif

C. Zipf parameters

A Zipf distribution relatesnumberof requestsfor anobject,

, to its popularityrank � :


�� �����
�
�����

The exponent � reflectsthe popularityskew, andthe constant�
approximatesthe numberof requestsfor the most popular

document( ����� ). Because� increasesaspopulardocuments
receive a greaterfractionof requests,it hasbeeninterpretedas
a measureof thepotentialsharingin a Web cache.An � near
onesuggestsastrongpotentialfor documentsharingandahigh
cachehit rate.

Beginning with Glassmanin 1994 [11], numerousstud-
ies report Web requestsfollow a Zipf or Zipf-lik e distribu-
tion [6][12][13][14][ 15], with � rangingfrom 0.64to 1.0.How-
ever, all previousZipf ’s law studiesin Webcachingthatweare
awareof includerepeatrequests.Theanalysisin SectionV-E
shows Zipf’s law behavior and large � ’s are caused by repeat
requests for uncacheable documents, not by potential sharing
between clients.

Whenrepeatrequestsareremoved, � dropsto 0.2 � 0.3.The
lower � ’s area truer indicationof the potentialcachesharing
andhit rates.Further, if changesto Webapplicationsor proto-
colsremovesomecacheabilityconstraints,theassociatedrepeat
requestswill disappearbecauselower level browsercachesor
proxieswill storethedocumentandclientswill not needto re-
peattheir requests.Underno circumstancesdo repeatrequests
reflectdocumentsharing,and � ’s computedwith themmisrep-
resentpotentialcachesharingandhit rates.

I I I . RELATED WORK

CaoandIrani [16] found a large numberof repeatrequests
in tracesfrom DEC,Universityof Virginia,andBostonUniver-
sity. Their datashow usersoftenre-accessthesamedocument,
andthat the fractionof repeatrequestspeakson a 24 hourcy-
cle. Wolmanet al. report that 40% of all requeststo shared
documentsat the University of Washingtonarerepeatsby the
sameclient [17], andNishikawa et al. [14] observe that users
tendto accessthesamedocumentrepeatedlyat shortintervals.
Nishikawa hypothesizesthat removing suchrequestsfrom the
tracemight improvetheir simulationresults.

Wolman et al. [4] collected traces that include response
headerinformationby installingcustommonitoringsoftwareat
the University of Washington’s Internetgateway. The authors

alsoobtainedconcurrenttracesfrom proxiesat Microsoft Cor-
poration. Becausethey controlleddatacollection,the authors
couldavoid cacheabilityandwarmuperrors;however, this ap-
proachis limited to sitesthatgrantaccess.Wolmanextrapolates
theUniversityof Washingtontraceto multiplesitesby creating
virtual proxiesaccordingto client IP address.In this study, all
userswerelocatedin thesamegeographicarea(Seattle)andei-
therattendedthesameuniversityor workedfor thesamecom-
pany, limiting thediversityof theuserpopulation.

Breslauetal. [6] taketheoppositeapproach,analyzingtraces
from six largeproxy cachesthat includeL3 cachesat NLANR
andQuestnetin Australia,andL2 cachesin Italy, Finland,and
theUnitedStates.Thisapproachensuresdiversityandmeasures
actualcachebehavior, but allows no control over the logged
information.For theNLANR trace,Breslauincludessuccessful
GETrequestsfor bothcacheableanduncacheabledocumentsin
the analysis.The authorsreportZipf parametersof ��� � �

!#"
and
�%$ " �&�'� . As NLANR cachesitestypically serviceless

than100 clientsand the authorsusedfour NLANR sites,we
estimatethenumberof clientsto belessthan400. If therewere
no repeatrequests,

�
would not exceedthenumberof clients,

yet in Breslau’s datait is greaterby a factorof ten. Breslau’s
studyis themostcomprehensive to dateon the relationshipof
Zipf ’s law to Webcachingandprovidesimportantinformation;
however, the inclusionof repeatrequestsadverselyaffectshit
ratepredictionsthatdependupontheZipf parameters.

Duskaet al. [7] examineinter-tracesharingacrosssix proxy
cachesandreportresultsaspercentageof sharedURLs rather
thanasZipf distributions. Using their reporteddata,we deter-
minedZipf parametersfor the combinedtraces.Assumingno
repeatrequests,andnocapacityor consistency misses,wecom-
putedleastsquaresfit parametersof �(�)� �

*#"
and
� �+�,� .

Theseparametervaluesare far lower than thosereportedin
otherstudies,andmatchresultsreportedhere.

IV. METHODOLOGY

A. Traces

This study uses publicly available traces [5] from the
NLANR Boulder(BO1) andUrbana-Champagne(UC) caches
for the 16 daysfrom January27 to February11, 2000. These
cachesarehierarchicalL3 cacheswhich serviceonly L2 prox-
ies; approximately90 proxiesuse BO1 as the parentcache,
andapproximately60useUC. Client IP addressesarerandom-
izeddaily, sothey areconsistentwithin a tracebut notbetween
traces.Eachtracespansonedayandcontainsfrom 400,000to
900,000totalrequestsfor acombinedtotalof 9 million requests
for BO1 and11 million for UC. Log files usetheSquidnative
log format,which recordsthecacheactionandallows compu-
tationof actualhit rates.

B. What is cacheable?

We determinecacheabilityfrom explicitly loggedinforma-
tion and from cachebehavior. A requestis consideredun-
cacheablefor thefollowing reasons:
- Cgi-bin (C) - TheURL contains“cgi-bin”.
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- Query (Q) - TheURL contains“?”.

- Pragma (P) - Theclient issuedtherequestwith a no-cache
pragmaor analogouscachecontrol command(Squidcode
TCP CLIENT REFRESH MISS).

- Partial Content - Requestis for partialcontent(Status206).

- Inferred (X) - Noneof the above apply, yet the document
receives . * requestsandall are loggedascachemisses.
We attributeX uncacheabilityto responseheadersfor cache
controlandto lessobviousmechanismssuchasfrequently
changingentity tags.

C. Cacheability models

Four different modelsare used to measurethe effects of
cacheabilityassumptionsandof warmingthesimulationcache.
All treattheinitial requestfor adocumentasa cachemiss.Du-
plicaterequestsfor cacheabledocumentscountascachehit, and
duplicaterequestsfor uncacheabledocumentscountas cache
misses.Modelsassumeinfinite cachesize,and,with theexcep-
tion of theRecordedmodel,assumenoconsistency misses.Re-
sultsshow theseassumptionsintroducelittle error in thecom-
putedhit rates.Thefour cacheabilitymodelsare:

All requests: All documentsareconsideredcacheable.

CacheableCQP: Cgi-bin, query, pragma,and requestsfor
partialcontentareconsidereduncacheable.

CacheableCQP-X: In additionto CQP, any documentwhich
receives . * requestswithout a cachehit is consideredun-
cacheable.

Recorded: Duplicate requestsare assignedthe cacheac-
tion recordedin the log file. In the warmupexperiment,the
Recordedhit ratewill eventuallyequalthemeasuredhit rateif
nodocumentswerereplacedby thephysicalcache.

V. RESULTS

TableII containsper-tracestatisticsfor the two cachesites,
andshows the fraction of successfulGETs that are initial re-
questsfor an object,duplicaterequestsfrom differentclients,
andrepeatrequestsfrom the sameclient. Approximatelyhalf
of all requestsare successfulGETS: 49% for BO1 and 57%
for UC. At BO1, 28% of the successfulGET requestsareun-
cacheable.Of these,6%areinitial requests,2%areduplicatere-
questsfrom differentclients,and20%arerepeatrequestsfrom
thesameclient. The ratio of initial requeststo repeatrequests
showsthat,on theaverage,clients request an uncacheable doc-
ument not once, but 4.3 times. Theproxy cachemustre-fetch
thedocumentin over 90%of thesecases.TheUC cacheaver-
agesaslightly higherratioof 5.5requestsandover5 fetchesper
client for eachuncacheabledocument.

TABLE II

TRACE STATISTICS FOR NLANR CACHES, JAN 27 - FEB 11, 2000.

FRACTIONS ARE BASED ON SUCCESSFUL GET REQUESTS AND VALUES

ARE AVERAGES UNLESS OTHERWISE NOTED.

B01 UC

Traces 16 16
Lengthof eachtrace 1 day 1 day
All requestspertrace 563956 691770
SuccessfulGETrequestspertrace 276481 397363
Documentspertrace 198363 290923

Cacheable 0.72 0.76
Initial 0.65 0.70
Duplicate 0.08 0.07

Uncacheable 0.28 0.24
Initial 0.06 0.04
Duplicate(differentclients) 0.02 0.01
Repeat(sameclient) 0.20 0.18

File size,median
Cacheable 3.0KB 3.3KB
Uncacheable 2.6KB 2.8KB
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Fig. 3. Effect of cachewarmupon hit ratesat BO1 (top) andUC (bottom)
for thevariouscacheabilitymodels.Hit ratesarefor theFeb11 trace,with
warmupfrom Jan27 - Feb10.
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TABLE III

HI T RAT
0

ES FOR COLD AND WARM SIMULATION CACHES FOR THE FEB 11

TRACE, WITH CACHE WARMED USING JAN 27 - FEB 10 TRACES (15 DAYS).

B01 UC
Cold Warm Cold Warm

Computedhit rates
All requests 0.27 0.51 0.26 0.49
CacheableCQP 0.16 0.40 0.21 0.44
CacheableCQP-X 0.08 0.30 0.07 0.26
Recorded 0.08 0.27 0.08 0.22

Measuredhit rate 0.30 0.24

A. Cache warmup

Thecachewarmupexperimentbeginswith anemptysimula-
tion cache.Hit ratesarecomputedfor theFebruary11 traceus-
ing eachcacheabilitymodel.Next, documentsfrom thepreced-
ing day’straceareaddedto thesimulationcache,andtheFebru-
ary11hit ratesarerecomputed.Thisprocesscontinuesuntil, at
thefinal datapoint,thesimulationcachecontainsall documents
successfullyreturnedby theproxyduringthe15daysfrom Jan-
uary27 to February10. At eachdatapoint,only requestsin the
February11 traceareusedto computehit rates;requestsfrom
earliertracesservemerelyto warmthecache.

Figure3 andTableIII presentcachewarmupresultsfor the
four cacheabilitymodels. Measuredhit ratesof 0.30 for BO1
and0.24 for UC aredenotedby solid lines in the graphs. As
Figure3 illustrates,theRecordedhit ratescloselyapproach,but
never quite equal, the measuredrates. This slight difference
suggestssomecachereplacementoccursoverthe16dayperiod,
but theamountis smallandhaslittle effectonhit rates.

From the warmupgraphswe can determinethe numberof
daysrequiredto warm the cache. For UC, warmuprequires
around4 days,while BO1 requires8 to 10 days. After this
periodtherecordedhit rateslevel off andadditionalwarmupis
unnecessary. Actual warmuplengthmay differ for otherdays
or othercaches;however, theseresultsindicateit is ontheorder
of severaldaysandthatsimulationsdrivenby singledaytraces
cannotignoreit.

B. Hit rates for different cacheability assumptions

For the ideal cacheabilitymodel, the predictedhit rates
greatlyoverestimatethe actualhit rates. With a warm cache,
the All Requestsmodelpredictshit ratesof 0.51for BO1 and
0.49 for UC, as comparedto the measuredratesof 0.30 and
0.24.Thisoverestimateis consistent:assumingidealcacheabil-
ity falselypredictscachehits for approximately20%of there-
queststhroughoutthewarmupperiod.

Large errors for CQP demonstratethat requestdata is in-
sufficient for modelingcacheability. With a warm cache,the
CQPmodelpredictshit ratesof 0.40for BO1and0.44for UC.
Thus, using explicit information in the log file for document
cacheabilitycorrectsonly half the errorsin BO1 hit rates,and
a fourth the errorsin UC hit rates. Simulationsmust model
cachemissesdueto theactionsof HTTPresponseheaders,even

1
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Fig. 4. Measuredandcalculatedhit ratesfor BO1(top)andUC (bottom).

thoughthis informationis not recordedin mostpublicly avail-
ablelogs.

As Figure3 illustrates,the CQP-X hit ratescloselyoverlap
theRecordedhit ratesthroughoutthewarmupperiod,and,after
adequatewarmup,correctlypredictthemeasuredhit rate. The
agreementestablishesthatinferring uncacheabilityfrom repeat
requestscanproducea correctmodel,even if log files do not
containresponseheaderinformation.Ourapproachmakespub-
licly availabletracesmoreusefulandreducestheneedfor col-
lectingcustomtraces.

C. How cacheability and warmup errors may cancel

Our analysishighlightsanunexpectedresult: whena simu-
lation makesthe dual errorsof startingwith a cold cacheand
assumingall documentsarecacheable,thepredictedhit rateap-
proximatelyequalsthe measuredhit rate. Figure4 illustrates
the separateand combinedeffects of thesetwo errors. Cor-
rectly modelinguncacheabilitybut using a cold cacheunder-
estimates thehit rateby 22%for BO1 and21%for UC. Warm-
ing thecachebut treatingall documentsascacheableoveresti-
mates thehit rateby 17%and25%. Applying bothcorrections
produceshit ratesthat closelymatchthe measuredrates. Un-
fortunately, the two errorsareof similar magnitudeandoppo-
sitesign,thereforeapplyingneither correctionalsoproduceshit
ratesthatcloselymatchthemeasuredrates.This couldleadre-
searchersto believe thata simulationmodelis correct,whenin
factthesetwo errorswill notnecessarilycancelwhenthesimu-
lationworkloadis changed.
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TABLE IV

UNC
W

ACHEABILITY ANALYSIS: FRACTION OF SUCCESSFUL GETS

REQUESTS IN NLANR TRACES, FEB 11, 2000.

B01 UC

Cacheable 0.75 0.76

Uncacheable 0.25 0.24
206:Partial Content 0.00 0.00
Cgi-bin (C) 0.01 0.00
Query(Q) 0.08 0.01
Requestpragmaor directive (P) 0.07 0.07
Responseheader(X) 0.10 0.16

Repeatrequests 0.17 0.17
206,Cgi-bin,Query, or Pragma(CQP) 0.09 0.04
Responseheader(X) 0.08 0.12

D. HTTP cache control and static documents

Repeatmissesoccurwhenthe documentis uncacheable,as
in a cgi-binor queryresponse,or whencachingis preventedby
HTTP headers.Someheadersprevent the cachefrom storing
theobject,while othersforcethecacheto validateandpossibly
re-fetchadocumentbeforereusingit. TableIV givesreasonsfor
uncacheabilityandthecorrespondingfractionof requests.Val-
uesarereportedfor theFeb. 11 tracesandarerepresentativeof
theothertracesin thestudy. Thedatashow requestsfor partial
contentandcgi-bin documentsarenegligible. Uncacheability
is primarily dueto HTTP headercachecontrol, which appear
in around17% of the requests.Cachecontrol headersareat-
tachedprimarily to staticobjectsratherthanto queriesor cgi-
bin documents.Recallingthe examplegrey GIF image,it ap-
pearsHTTP cachecontrol mechanismsarebeingusedto pre-
ventcachesfrom sharingstaticdocuments,evenacrossrequests
from thesameclient.

E. Repeat requests and Zipf parameters

Figure5 shows log-log Zipf plots for theFebruary7th BO1
trace,andis representativeof Zipf plotsfor theothertraces.One
plot includesall requestsandtheothershows theZipf distribu-
tion withoutrepeatrequests.Valuesfor � and

�
aredetermined

by a nonlinearleast-squares(NLLS) Marquardt-Levenberg al-
gorithm,andthebest-fitfunctionis superimposeduponthetrace
data. Becauserequestsare discreteand the data are domi-
natedby pointswith 1 or 2 requests,eachpoint in the NLLS
is weightedby �YX#Z , where Z is thenumberof documentswith
thesamerequestcount.This is equivalentto usingtheaverage
documentrankfor eachrequestvalue,therebyavoidinganarti-
ficial flatteningof thefittedcurvedueto thestair-stepnatureof
thedata.

Table V gives mediansand rangesof Zipf parametersfor
the 16 daily tracesfor eachcache. Two featuresstandout:
1) repeatrequestsgreatly inflate both � and

�
, and 2) re-

peatrequestscreatelarge variationsin the parameters.With
repeatrequests,the NLANR � rangesfrom 0.66 to 1.01 for
BO1, with a medianof 0.83, and rangesfrom 0.70 to 0.92
for UC, with a medianof 0.80. The valuesfor � in these
32 tracesoverlap the range of previously reported � ’s for
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Fig. 5. Zipf distributions for all requests(top) and without repeatrequests
(bottom),NLANR BO1cache,Feb7, 2000.

TABLE V

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

BO1 UC

� median � range � median � range

All requests 0.83 0.66- 1.01 0.80 0.70- 0.92
No repeatrequests 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
[

range
[

median
[

range

All requests 3120 1250- 8700 3500 1450- 6240
No repeatrequests 33 31 - 38 21 18 - 23

NLANR traces[6][12][11][13][14][15], The high variability
acrosstracesis due to randomfactorsin repeatrequestsand
explainsthespreadin previously reportedvalues.Whenrepeat
requestsareremovedfromthetraces,themedian� fallsdramat-
ically to 0.33for BO1 and0.22for UC. Moreover, the ranges
tightento wherethe � for BO1 is significantlygreaterthanthe
� for UC,showing thatBO1clientssharemoredocumentsthan
doUC clients.

Eliminatingthenoiseof repeatrequestsalsouncoversanin-
terestingsharingpatternin weekdaysvs. weekends: � ’s for
M-F areclearlysmallerthantheweekend � ’s,suggestingthere
is lessdiversityduringweekendsthanduringtheweek.

Zipf parameterscomputedwithout repeatrequestsoffer bet-
ter insightsinto theunderlyingdata. For example,BO1 traces
containaround90 clients,andUC tracesaround65 clients.An�

of 3120haslittle meaningbecauseit is thesumof pathologi-
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Fig.6. Effectof tracelengthonZipf parameters� (top)and � (bottom).Repeat
requestshavebeenremovedfrom traces.

cal events.In contrast,thevalueof
�

computedwithout repeat
requestindicatesthemostpopulardocumentis typically shared
by 33 differentclients,or roughly one-thirdof BO1’s popula-
tion. Likewise, the

� � * � for UC shows its most popular
documentis sharedby aboutone-thirdof its 65clients.

We demonstratehow Zipf parametersvary with tracelength
by iteratively merginga precedingday’s tracefile andcomput-
ing � and

�
. Repeatrequestsareremovedfrom all traces.Re-

sults in Figure 6 show � remainsfairly constantas the trace
lengthincreases,while

�
grows in a linear fashionwith slope

of approximately36 for BO1 and18 for UC. An intuitive in-
terpretationlies in theobservationthatcombiningtwo Zipf dis-
tributionswith the same� and

�
producesa Zipf distribution

with the same� , but with an
�

twice aslarge. BecauseZipf
parametersdo not vary muchfrom day to day, addinga day’s
tracehaslittle effecton � but addsa constantamountto

�
.

VI . CONCLUSIONS

Exploring repeatrequestsandcachewarmupeffectsuncov-
ersseveral interestingresultswith implicationsfor Web cache
modelingandpracticalapplications,includingthefollowing:

- Repeatrequestsartificially inflate ideal cachehit rates.
An ideal cacheassumesall documentsare cacheable,and

treatsrepeatrequestsascachehits. Many researchersusethe
idealcachehit rateasanupperboundfor proxyandcooperative
Webcaches.Thedifferencebetweenidealandactualhit ratesis
primarily dueto repeatrequestsbecausethey constitutea sub-
stantialfractionof therequestsandover90%areactuallycache

misses.In this study, thepercentageof repeatrequestsis 17%,
comparedtoadifferenceof 21%to26%betweenidealandmea-
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 requests is meaningless.

- Repeatrequestsartificially inflate Zipf parameters.
Zipf parametersareinflatedby repeatrequestsfor thesame

reasonsas the ideal hit rate, and do not accurateportray the
potentialproxy cachesharingbetweenclientsor requests.Af-
ter removing repeatrequests,theZipf exponent,� , dropsfrom
around0.8to 0.2for theUC cacheandto 0.3for theBO1cache.
Theconstant

�
dropsfrom around3500to near30. Thesecor-

rectedparametersoffer preciseinterpretations: � reflectsthe
duplicationin requestsfrom differentclients,and

�
reflectsthe

numberof clients that sharethe mostpopulardocument. Pa-
rametervariability alsodropssharply, exposinga differencein
� betweentheUC andBO1cachesites,andbetweenweekdays
andweekends. With repeatrequests,thesedifferencesarenot
visibledueto noisydata.

- Simulation cachesmust beadequatelywarmed.
We found4 dayswassufficient for onecache,but theother

cacherequiredoveraweek.With 1 daytraces,acoldsimulation
cachepredictsfalsemissesfor around20%of therequests.

- Web cachesimulations must correctly model document
cacheability.

Assumingall documentsarecacheablepredictsfalsehits for
20% to 25% of the requests.Determiningcacheabilityfrom
only requestdataandignoring responseheaderspredictsfalse
hits for 10%to 20%of therequests.

- Uncacheabilitycan be inferr edusing repeatmisses.
If a tracedoesnotcontainexplicitly recordedinformationfor

responseheaders,it canbecorrectedusingrepeatmissesto infer
if a documentis cacheable.We would, of course,preferSquid
andotherpopularproxycachesoftwareincludethisinformation
in their standardlog format.

- Publicly available traces are essential, but researchers
shouldbewareof the cacheabilityand warmup pitfalls.

NLANR offers Web researchersan invaluableresourceby
providing up-to-date,publicly availabletracesof a largeopera-
tionalproxycache.Thesetracesarenot justaconvenience,they
areanecessitybecausemostresearchersdonothavetheaccess
requiredto collect comparabletraces. However, researchers
shouldbeawarethatNLANR andmostotherSquidtracesneed
to becorrectedfor responseheaderandcachewarmupeffects.
Thesetwo errorsmaycancelfor thetestworkload,but thatdoes
not assurethey will cancelfor othersimulationworkloads.Ig-
noring thesepitfalls may thereforeresult in erroneoussimula-
tion results.
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- HTTP headers are being used and misused to prevent
cachesharing] of static documents

In addition to cache control directives, some content
providersappearto beusingHTTPvalidationmechanismssuch
asentity tagsto preventcachesfrom sharingstaticdocuments,
evenbetweenrequestsfrom thesameclient.

- Can repeatrequestsbeeliminated fr om proxy caching?
Yes- Webbrowsersandproxy cachesshouldnoticewhena

documentis notbeingcached,andsendsubsequentrequestsdi-
rectly to theorigin server. Thiswould reducetheloadonupper
cachelevels by nearly 20% and remove excessnetwork traf-
fic by eliminatinguselessdocumenttransfersthroughthecache
hierarchy. Thesearerelatively minor modificationsto current
proxy cachingsoftwarewhich couldhave a substantialimpact
on performance,andwould have the sideeffect of producing
tracesthatmoreclearlyreflectWebsharingpotential.
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