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Abstract

Web cachescurrently deployed on the Internetoperateundera pull modelin

which client requeststreamsdeterminethe contentof the cache. An alternatve
pushmodelwould allow web senersto pro-actively replicatetheir contentsto

cachesGiventhefinite amountof cachespacea questionarisesasto which ob-
jectsshouldbe keptin cache.In [6], the authorsproposea pushcachingmodel
wherebythe contentof the cacheis determinecby participatingsenersin a co-
operatve fashion.In this papemwe exploreanauction-basedchemehatachieres
an efficient allocationof disk spacebasedon utilities revealedby both content

*This projectis fundedin part by DARPA/ITO grant F30602-97-1-0228rom the Information
Survivability program.

TYeeMan Chanappreciatethe equipmengandfinancialsupportfrom EnjoyWeb, Inc.

#SugihJaminis supportedn partby NSF CAREER Award ANI-9734145 PresidentiaEarly Career
Award for Scientistsand EngineergPECASE) 1998,andequipmentsupportfrom SunMicrosystems
Inc. andCompaq(Digital Equipment)Corp.

§ MacKie-Masongratefully acknavledgesthe supportof anIBM University Partnershipgrant.

senersandweb caches.We show that our approachprovideshigheruservalua-
tion thantraditionalreplacemenpolicieswithout sacrificingoverall hit rate. At
the sametime we solve thetruthful revelationincentive problemsassociatedavith
a cooperatie approach.Our approachboth implementse-commercén caching
service andimprovestheinfrastructureor supportingothere-commercéoy pro-
viding quality of servicedifferentiation.

Keywords: web caching,push-cachingjncentive compatibility, differential
quality of service

1 Introduction

Thecontentof awebcacheascurrentlydeplojedonthelnternet,dependntwo
factors:therequesstreaninitiatedby clientsandthecachereplacemenpolicy. In
this paperwe describea modelwherebyweb senersmay specifywhich of their
contentsthey want cached. We call the former pull caching andthe latter push
caching. While pull cachinghasbeensuccessfullydeployed, we think therewill
be instancesn which pushcachingcould be very useful. The main motivation
behindpushcachingis that web seners may have information not available to
eithertheclientsor thewebcachesA senerthatis aboutto releaseanobjectthat
is expectedto be highly popular for example,thetrailer for anupcomingmovie,
anupdateto a popularsoftwarepackageor aninfluentialgovernmenteport,may
want to have the object pushedto cacheson the Web beforeit announceghe
availability of the object. By doing pushcaching,notonly will thesener prevent
itself from being swampedby requestsijt will alsodecreasehe downloadtime
experiencedy its clientsand,atthesamedime, reduceoverall network bandwidth
usaget

Giventhefinite amountof spaceavailableat web cacheswhencachespaces
fully utilized someexisting objectsmustbe evicted from the cacheto accommo-
dateanew object.Replacemenpoliciesfor traditionalpull cachingrely onaccess
historyto make their decisions Theleastrecentlyused(LRU) policy evictsitems
basedon their receng of use. The leastfrequentlyused(LFU) policy makesits
decisionbasedon eachobject’s frequeng of use.With pushcaching the sener
s reveal privateinformationto help cachemanagerto make objectreplacement
decisions.This informationmight be basedon accessistories,but it might also

1“pushcaching”is closelyrelatedto “mirroring”. However, mirroring usuallyrefersto a staticor
slow-changingreplicationof multiple objectsor an entiresite. Our notion of pushcachingallows a
granularityat the level of a singleobject,andis highly dynamicso asto respondrapidly asnetwork
conditionsandobjectvalueor desirabilitychange.



incorporateotherinformationavailableto the sener but not partof the historical
accessog.?

In [6], theauthorsgproposeda pushcachingschemeén which contentsenersco-
operatawnith thewebcachesandwith eachotherto determingherelative ranking
of pushedobjects.An objectis not pushedo the web cacheainlessthe demand
for it exceedsa certainthreshold.The valueof this thresholdanddestinationgo
which objectsare pushedare periodicallytunedby a centraladministrator The
authorsshavedthatgeographigushcachingcanreducenetwork traffic by 26%.

In this paperwe proposea market-basedoush cachingmechanisnin which
cachespaceis auctionedoff to seners. The advantage®f usinga market-based
mechanisnin pushcachinginclude:

1. The network (caching)resourcesanbe allocatedin orderto maximizethe
aggrejatevaluethey provide to network users:well-designednarketsyield
efficientresourcellocations.

2. A market mechanismdecentralizeshe cachespaceallocation decisions.
With thedistribution of allocationdecisionssenerscanemploy morecom-
plex functionsor large accessistoriesin orderto predictfuture popularity
or to calculatethe value per requestfrom putting specificobjectsinto the
cache. For example,LFU andLRU arevery simple, not generallyoptimal
forecastof futurerequests.

3. A market mechanismalso allows for accesshistory to be kept at objec-
t senersandbe communicatedo the web cachesn the form of valueper
requestomputedoy theseners.

4. A sener maychooseto computethe bid value of an objectindependenof
its accessistory or otherindicatorsof expectedpopularity For example,a
senerthatwantsto reducethedownloadtime of its objectmaydecideto bid
highevenif its clientpopulationis small. In generalthebiddercanintroduce
informationnot availableto a centralcachemanager

In our earlier work [8] we proposedand investigateda market-basedweb
cachingsystemthat providesdifferentiatecquality of service throughbasingthe
replacemenpolicy on bids for the value of hits. In this paperwe proposeand
investigatea market mechanisnbasedn the valueof diskspacein the cache.

In [7] theauthorgproposea systemin which cachespacesredistributedacross
the Internet. Web contentsenerscanrent cachespacedo hold mirrors of their

2For example, information aboutthe expectedfrequenyg of useandvalue of lateny for a new
object,like a softwareupdate thathasno accessistory by definition.

contents.Sincethis is a commercialproduct,no further detailsare availableon
thearchitectureof the system.

Therehave beenseveralpioneeringeffortsto applymarket-baseanechanisnto
theallocationof computingresourcesuchascpucycles,disk spacegtc.in both
stand-alon@nddistributedsystemg15, 11, 12, 3,2, 16, 9]. Severalresearcheas-
sertthatthe useof market-baseanechanisnin allocationof computingresources
hasnot seernwide-spreaddoptionbecausehe limiting resourcesresuficiently
inexpensve thatthey canbe over-provisioned.We believe thatover-provisioning
onthelnternetwill notbe practicalfor atleastthreereasons:

1. By definition, resource®n a network are sharedresources.Unlike cpu or
disk spacefor which a usermay decidenot to sharewith others,bandwidth
and cachespaceson the Internetmust be sharedfor network communica-
tion to happen. Given the highly variable usagepatternon the Internet—
e.g.,someusersdownloadlarge imagefiles, othersrun video-conferencing,
while still othersonly usethe Internetto sendemail, to over-provision for
the worst-caselemandmeandow bandwidthusersmustsubsidizethe high
bandwidthusers.

2. While a useror aninstitution may over-provision resourcesor its own use,
communicatioron the Internetgoesthroughsereraladministratve domains,
ary oneof which may decidenot to over-provisionto carry someoneelses
traffic.

3. Network traffic hasvery high variance.The authorsof [10] have shovn that
aggrejatenetworktraffic is long-rangedependentywhichmeanst hasinfinite
variance.Over-provisioningfor the worst-casedlemandwill requirea lot of
resourceswhichwill behighly underutilizedmostof thetime.

For thesereasonsye think that market-basednechanisntanplay animportant
role in pushcaching.

2 Web Model

We classify computerson the Web into three cateyories: All requestsor Web
pagesareinitiated by browses. Thepermanenhomesof Web objectsareserver

s. Cachesare machineson the Web that hold temporarycopy of Web objects
andoffload browserrequestdrom seners. Cacheseducethe downloadlateng

experiencedy browsers.



for eachperiod
move previously pushedbjectsto the spacemanagedy LRU
initialize availablespaceto maxcachesize
collectbidsof <bidder size,valueperbyte>
sortthebidsin descendingrderof valueperbyte
for eachbid in the sortedlist
if sizeis lessthanor equalto availablespace
accepthebid
decremengvailablespaceby size
if theobjectin LRU space
retrieve it
else
askwinning sener to pushobjectto cache
else
rejectthebid
if clearingpriceis notset
setit to valueperbyteof this bid

endif
endfor
endfor
Figurel: Theuniform price auctionalgorithm.Notice thatthereis alwaysa bid with value-pefbyte equalsto cachesresene price.
if (200 != $htcode || ($method ne "GET" && $method ne "HEAD") ||
$logtag eq "TCP_DENIED" || $logtag eq "TCP_NEGATIVE_HIT" ||
$logtag eq "TCP_CLIENT_REFRESH" || $logtag =" /"UDP_/ ||
$logtag =" I"ERR_/ ||
($url =" mhttp:! &&
$url =" ml\.cgi/|\.cgi$|cgi-[bw]in|/cgi/|\?!i)) {
$number_skipped++;
next;
}

Figure2: Perlcodeto filter NLANR accessogs,usedwithin loop thatiteratesoverall requestsTheregularexpressiorthatidentifiesdynamiccontentis similarto thatused
within the Squidcache.We rejectrequestswith HTTP reply codeotherthan200 becauseave areinterestedn successfutequestsor datanot presentn browsercaches.
This coderemoved38.1%of all requestatthe PA cachesite,41.7%atthe SV site,and36.3%atUC.



Periodically cacheshold a uniform price auctionto determinewhich objects
to accepftfor pushedcaching.Beforea new auction,the cachecollectsbidsfrom
seners. The bids are 3-tuplesof the form <serverid, size-of-objectyalue-per
byte>. Bids arerankedin a descendingrder of value-pefbyte. The n highest
biddersthat canfit in the available spacearedeclaredwinners. If the cachehas
anon-zeraresene price,only bidderswith value-perbyte higherthantheresene
price are accommodated.The clearing price would be either the larger of the
resenation price or the value-petbyte of the highestlosing bid. The winning
objectsarethentransferredby the cachefrom the seners. Figure 1 shows our
auctionalgorithm.

Spacenot usedto hold pushedbbjectsis usedto hold objectspulled by clients;
this spacds managedisingthe LRU replacemenpolicy. In this study we assume
that cachedobjectsare updatedif the originalsare modified. Our market-based
mechanisntanwork with algorithmsthatensureobjectfreshness.

3 Experiments

In orderto evaluatethe aggreyatevalueandquality-of-servicethat market-based
pushcachingdeliversto seners,we conducteda numberof trace-drvensimula-
tionscomparingt with LRU, unweighted_FU andKelly etal’s swLFU (for LFU
andswLFU, we usetime sincelastaccesdo breakties). As input we selected
threelargerequesstreamsollectedby the NationalLaboratoryfor Applied Net-
work ResearcHNLANR) cachesat Palo Alto (PA), Silicon Valley (SV), andthe
University of Illinois at Urbana-Champaig(UC) during the period 15 August—
28 August1998[5]. We filtered the raw NLANR accesdogs by removing all
unsuccessfulequestandrequestfor dynamiccontent;Figure2 shovstheactu-
al Perlcodeusedfor this purpose.

NLANR accesdogs recordthe numberof byteswritten to clientsfor eachre-
guestratherthanthe sizeof URLSs, andthis field often variesacrossrequestgor
thesameURL (HTTP headerwary in size,URLs changeandclientssometimes
aborttransferananually).We definethesizeof aURL to bethemaximumrecord-
edtransfersizeamongall requestdor it.

3.1 CacheParameters

Our cachehasthreeparameterso be setby the cacheowner: cacheoccupanyg
periodlength,cachesize,andresene price.
A periodis thetimeinterval betweeroneauctionandits successoiThecontract

betweerthecacheandthesenersstateghatthewinning objectsof thelastauction
canstayin the cachefor oneperiod. The authorsof [6] settheir periodlengthto
30 minutes. In this paper we usea periodlengthof 20 minutesandcachesizes
of 1,4, 16,64, 256and1024megabytegMB).

For all the resultspresentedn Section3.3, we setthe resere priceto 0. In
Section3.4,we look into the effect of differentresere prices.

3.2 Server Bidding Algorithms

First,we assumall thesenerswe seein thetracearewilling to pushtheir objects
to the cacheandthey will pushevery objectthat hasa positive probability to be
requestedn thenext period. (A seneris simply thehostnameor IP addresgom-
ponentof aURL, we obtainit by theshortPerlcodesegmentshavn in Figure 3).
We furtherassumall senersusethe samebiddingalgorithmin eachsimulation.
In our experimentave considerthe casewheresenersarevery heterogeneous

in the valuethey placeon having their objectscached(v;). We do this by first
assigninga uniqueintegeridentifier ID; to eachsener, thenassigningvaluesuv;
to senersaccordingto the formula:

v; = 101Di mod 5.

Theresultis thatv; aredrawn from theset{1, 10, 100,1000,10000}.

Thefollowing subsectionsgliscusshe bidding algorithmswe investigated All
algorithmsaredesignedo forecastthe numberof future requestf an objectin
the next period. We assumehatthe productof this number the objectsize,and
thevalue-perbyte of the senerwould be the sener’s true valuationof having an
objectcached.

321 Regressed on Last Hour (RLH)

For eachNLANR site,we first usethetracedated1-14August1998to compute
theregressiorcoeficientsof eachobject. Theregressiorcoeficientsarecomput-
edassumindinearmodel: y = b; + byx, wherex is the numberof requestgor
the objectin the lasthour, andy is the numberof requestdor the sameobjectin
thenext 20 minutes.Table1 lists the computedegressiorcoeficients.

To computethevalue-petbytefor eachobject,a sener first computeghelik e-
lihood thatanobjectwill berequestedn the next 20 minutesfrom theregression
coeficients(by, b2) computedabore anda traceof the lasthourrequestgzxs) for
its objects. The value-pefbyte of eachobjectis then obtainedby multiplying



regex

(followed

by port #)

Surl =" sNS$//; # strip trailing slash
$url= '/, # add back the / for easy
$url =" slTa-z]+:/; # remove ?7???:// at the beginning
Surl = mI"([":/19) # extract string up to 7

# or '/ (followed by path)
$server = $1; # make it the server name

Figure3: Senernameextractioncodesegment.

| NLANR Trace | by | stddevb; | b, | stddevb, | R-squared|
SV -0.302478| 0.01117111} 0.303812| 0.00269519| 0.7764
ucC -0.293294| 0.00988465| 0.294441| 0.00261484| 0.6970
PA -0.230651| 0.01064222| 0.238905| 0.00574836| 0.4131

Tablel: RegressiorParametergor differentNLANR traces.

(b1 + baz) of the objectwith the sener’s valuationof having its objectscached

(vi).

3.2.2 Perfect Foresight (PF)

We arealsointerestedn knowing the performancef the systemif all theseners
know the exactnumberof requestsn the coming20 minutes(y). Thevalue-per
byte will thenbe computedaswv;y. This shouldgive usanupperboundon how
well the systemcanperform,in thatthe senersareactually biddingaccordingto
their true valuationsin this case;whereadn the otheralgorithms,they areonly
estimatingtheir truevaluations.

3.2.3 Limited Perfect Foresight (L PF)

Finally, we areinterestedn aperformanceipperboundontheclassof algorithms
thatlooksbackonehour, for example the RLH algorithm.Herewe allow seners

to look into thenext 20 minutesbut only submitbidsfor objectsthatalsoappeared
in thelasthour

3.3 Results

To evaluatewhetherour systemdelivers higher welfare than non-marlet based
systemswe definea metriccalledvaluerateas:

Z Uihi
> viti

Herew; is asdefinedabove, h; the amountof data(in bytes)browsersobtained
fromthecacheasopposedo from seneri, andt; is thetotalamountof datatraffic

(in bytes)seemtseneri. We assumehebenefitseneri recevesfrom cachingis

equalto thetotal benefitdbrowsersusingseneri receve from cachehencesener
i's utility functionis u;(h;) = v; X h;.

Figures4, 5and 6 shawvsthatin termsof valuerate, market-baseghushcaching
with all senersusingthesameRLH biddingalgorithmdoesbetterthanLRU and
LFU from 1MB to 16MB. Thisis becausg¢he caches congestedin otherwords,
the total size of bids submittedto an auctionis muchbiggerthanthe cachesize
andresultsin a high clearingprice. The averagetotal bid sizesper auctionare
327.915MB,246.636MBand287.364MBfor SV, UC, andPA sitesrespectiely.
Thecorrespondingverageclearingpriceareshavn in Table2.

We seethat the swLFU algorithm, which is not incentve compatible, out-
performsRLH for nearlyall cachesizes. This is not surprisingbecauseve run
periodicauctions,so our responsdo changesn requesistreamlags20 minutes.
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Figured4: Byte hit rateandvaluehit rateasfunctionof cachesizefor LRU, LFU, swLFU, PushCachingwith RLH andPushCachingwith LPFat SV NLANR cachesites.
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Figure5: Byte hit rateandvaluehit rateasfunctionof cachesizefor LRU, LFU, swLFU, PushCachingwith RLH andPushCachingwith LPFat UC NLANR cachesites.
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Figure6: Byte hit rateandvaluehit rateasfunctionof cachesizefor LRU, LFU, swLFU, PushCachingwith RLH andPushCachingwith LPFat PA NLANR cachesites.



With PerfectForesight(PF)hit rateis limited only by thefinite cachesize;where-
aswith lessthanperfectforesight,the first an objectis requestedit will resultin
amandatorycachemiss.

The performanceof pushcachingcorvergesto that of LRU whenthe cache
sizeis large. This is correctbecauseherestof the spacein the cachethatis not
filled up by winning objectsis managedy LRU. Sincethetotal bid sizefor each
periodunderRLH algorithmis fixed, theincreasingcachesizeleavesmostof the
cachemanagedy LRU. Hence,it is not surprisingthatour pushcachingsystem
degenerate$o a normalLRU-managedache.Thisis a desirablefeaturebecause Effect of Different Reserve Prices on 64MB cache using sv trace
thecachewill togglebetweerpull- andpush-cachinglependingon demand. 35 ' ' ' '

T
byte hit rate
value rate -------

3.4 ReservePrice Analysis T |

If the goal of the cachemanageiis to improve the welfare of the systeminstead 25 1
of its revenuejt cansetanon-zeraresere price. Theeffectof anon-zeraresene
priceis visible only whenthe offeredloadto the cacheis nearcapacity Whenthe 20 - g

offeredloadis muchhigherthancapacityandthe cacheis heavily congestedthe
clearingprice could potentiallyalreadybe muchhigherthantheresere price;on
the otherhand,if offeredloadis belowv capacity the cacheis not congestednd
all objectscanbe cached.Figure 3.4 shaws thatfor a cachenearcapacity some 10
valueof resene price canimprove both byte hit rateandvaluerate.

15 1

percentage (%)

4 FutureWork

We plan to implementour modelon the Squid[4 web cache,using AuctionBot

[13] to run the auctions.We ervision thatthereareat leasttwo possiblewaysto S5 o 2 0 o p” 100
implementour system.Thefirst onetakesa de-centralizeépproachfor different reserve price

flavors of web cachespatchesarewritten to enablethemto run auctionsandun- ) ) ) )

derstanche bidding protocols.In this case senerswould directly communicate Figure 7: Effect of DifferentResere Priceson byte hit rate and value rate at
with theweb cachesln contrastthe secondapproachs centralizedtherewould 64MB SV site.

be oneauctioneetthat represents clusterof web caches.It would be responsi-
ble for decidingwhich objectsshouldbe replicatedat a particularcache. Either
approachhasits own advantagesinddisadwantagesFurtherstudiesor realworld

experimentationsirerequiredto studythe merit of differentimplementatiorap-

proaches.Oneway to determinewhich modelis the bestwould beto studythe

overheadyeneratedhy eachapproach.

Anotherterritory of our future work is to comeup with suggestiongo help
senersto constructtheir bids. To help our future attempt,we will consultthe



| TracecachesizeMMB) | 1 [ 4 [ 16 | 64 | 256 |1024]
SV 16042.8| 4030.45| 732.972| 9.50620| 0.0469305| O
ucC 11464.6| 4030.45| 442.811| 36.1828| 0.178155 0
PA 5515.89| 2289.29| 268.702| 40.9102| 0.110929 0

Table2: Averageclearingpricefor theauctionsheldin threeNLANR cachesites.

work in the sener-initiated replicationliterature[14, 1]. We believe the work
donetherewould help us give advicesto senerson the bid calculation- in our
casejt would bethevaluationof replicatinganobjectin awebcache.

We alsolik e to devise anefficientway to allow winning objectsto authenticate
to theappropriatevebcacheproxies.

Apart from securityconcernswe alsoneeda morerealistic sener valuedis-
tribution thanthe 1, 10, 100, 1,000and 10,000we used. Anotherdirectionis to
improve our currentbidding algorithms. With moreinformationanda more so-
phisticatedoredictionalgorithm,we maybeableto betterapproachheideal case
of perfectforesight.

Furthermorewe feel that a betterway to modelthe resere price of a cache
would make it morerealistic. For example,we canchangeour cacheownerto a
profit-maximizingagentinsteadof a welfare-maximizingone.

5 Conclusion

Motivatedby theneedto provide senerstheautonomyto replicateobjects we de-
velopeda modelthatallows a proxy cacheto acceptpusheddbjectsfrom seners.
The pushcachingsystemis simpleand highly flexible. While pushcachingre-
quiresbiddingprotocolsjt remaingransparento thebrowsers.Hencenochanges
to existing protocolsarerequired.

To tackle the incentive problem, we introducea pricing mechanisnifor the
cachespace.The incentive compatibility of the mechanisrmensuredhat seners
aretelling theirtruevaluations.Sincesenersarebiddingontheirinterestandtheir
benefitis directly proportionalto the frequeng of future requestn the pushed
objectsour systemeffectively deleggateshe computationabverheadf managing
cachedo the seners. Our simulationresultsshowv that evenwith a very simple
forecastingmodel, market-basedhushcachingis ableto deliver higher welfare
thantraditionalcachemanagemenolicies.
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