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Abstract

The gapbetweenCPU speedsandthe speedof the technologiegroviding
the datais increasing.As a result, lateny and bandwidthto neededdata
is limited by the performanceof the storagedevices and the networks that
connectthemto the CPU. Distributedcachingtechniquesare often usedto
reducethe penaltiesassociateavith suchcaching;however, suchtechniques
needfurther developmentto be truly integratedinto the network. This pa-
per describeghe preliminary designof an adaptive cachingschemeusing
multiple experts,called ACME. ACME is usedto managehe replacement
policieswithin distributedcachedo furtherimprove the hit ratesover static
cachingtechniquesWe proposethe useof machinelearningalgorithmsto
rate and selectthe currentbestpolicies or mixturesof policiesvia weight
updatesbasedon their recentsuccessallowing eachadaptve cachenode
to tuneitself basedon the workloadit obseres. Sinceno cachedatabases
or synchronizatiormessageareexchangedor adaptvity, the clusterscom-
posedof thesenodeswill be scalableandmanageabléWe shav that static
techniquesresuboptimaWwhencombinedn networks of cachesproviding
potentialfor adaptvity to improve performance.

*Thiswork hasbeensupportedn partby Hewlett-PackardLaboratoriesStorageTechnologiePe-
partmentthe NationalSciencd~oundationunderaward CCR-9972212andthe USENIX Association.
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1 Intr oduction

The numberof usersconnectedo the Internetis growing exponentially Satisfy-
ing so mary userswith fastresponsdimeswhile transparentlysazing network
bandwidthdemand=f cient distributedcachingtechniquesThe dataaccesda-
teng/ problemin a singlehostis relatedto the discrepang betweerthe processor
anddisk /O speedg$25, 26]. In remotedataaccessesietwork lateng is addedo
thel/O lateng attheseners[1] furtherreducingthe performancef theapplica-
tions.

Enormougesearctefforts have beenputinto characterizingVeb[1] and le
system[25] workloads,and mary static cachereplacemenpolicies have been
invented.Today robuststaticpoliciesthatwork well with awide variety of work-
loadsareembeddednto systemg19, 5, 24]. Unfortunatelythesepoliciescannot
adaptto changesn workloadandnetwork topologyandbecomesuboptimailvhen
the conditionsbecomamorecomplex thanthe characterizedaseg30].

Many factorsincreasehe compleity of today's systemsn which cachingis
usedFirst,thecharacteristicef theworkloadschangeovershortandlong periods
of time. Secondworkloadsmix whena systemsimultaneouslsenes multiple
workloadsgeneratedy heterogeneouapplicationsThird, the characteristicef
accesdo metadataanddataaredifferent.Finally, asthelocationof a cachenode
in the network topology changesthe obsened workload changesThis load is
differentfrom the load seenat the edgesThis is calledthe “ Itering effect” [2].
Recentresearchshows that these ltering effectsin a hierarchyof cachescan
changehenatureof anotherwisepredictablavorkloadsuchthatthehigherlayers
areeffectively uselesg32, 7]. In thesecomplex scenariosnalyticalmodelingis
daunting,manualtuningis tedious[3] andmakingwrong decisionshasextreme
monetaryandperformanceosts.

Someresearcherandbusinessepredictthatall cachingsystemswill beuse-
lessdueto the immensecustomizationof web contentby both the clients and
the contentproviders.However, we believe that the dynamicpart of the content
constitutesnostlythetext portionof thedocumentgomposeaf multimedia(au-
dio andvideo) aswell astext. The bulk of the datathatis transferreds still in
statictext, imagesaudioandvideo.In their extensive Web proxy workloadchar
acterizationn 1999spannings monthsand117 million requestdArlitt etal. [5]
reportedthat 92% of all the requestsaccountingfor 96% of the datatransferred
wascacheablandhigh hit rateswereachiezedby proxies.Surveysof WWW [29]
from 1997to 1999shavedthatthesizeof thestaticcontenton thewebhasgrown
exponentially(approximatelyl5% per month). It is alsoknown that web work-
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loadsfollow a Zipf popularitydistribution [1, 7], which alsoindicatesthatthere
will still be sharingin the future andwe will continueto bene t from caching.
Therearealsoproposedsolutionsfor cachingthe dynamiccontent10].

Our machinelearning-base@daptie cachingschemg ACME) is motivated
by thesechallenge®f makingcachingdecisionswvithin complex systemsn real-
time and underdynamicconditions.We treat existing cachereplacementlgo-
rithmsasexpertsandregistertheminto apool with initially equalweights.When
anew algorithmis inventedve addit to ourexpertpoolandletit proveits success.
We do not proposeary new cachereplacemenglgorithms,but usethe existing
onesmoreeffectively. As the requestsare madeby the clientsandthe workload
proceedsthe weightsof expertsareautomaticallychangedoy the computation-
ally simple but powerful machinelearningalgorithmsbasedon their succes®n
selectedmetrics suchas hit rate, the fraction of requestedtems found in the
cache,or byte hit rate, the percentagef requestedytesthat are found in the
cache.Eachadaptve nodeis a self-governing,or “autonomous, entity. Neither
cachecontentinformationnor synchronizatiormessageareexchangedetween
the peercachesthus, the clusterscomposecf theseautonomousachenodes
will be scalableand manageableln this way, we canusemachinelearningal-
gorithms[17] to improve cachingjust asthey have beenusedin addressingnon-
trivial operatingsystemsproblemssuchasthe disk spin-davn problemin mobile
computerg16].

2 RelatedWork

Cachingis usedon virtually all dataaccesgaths[31] andatall abstractioriev-
els (le/record, block) in modernstoragearchitecturesHowever, most caches
still dependnrobuststaticcachereplacemenalgorithmssuchaslLeastRecently
Used(LRU) to decideonthe objectsto be ejected.

2.1 Existing CacheReplacementAlgorithms

Tablel lists somevery popularandsomerecentlyproposectriteriaandthe poli-
ciesthat usethesecriteriato make local replacementecisions Random First-
In-First-Out(FIFO) andLast-In-First-OufLIFO) do not requireary information
aboutthe objectsto be replaced.Time, frequeng and object size are the most
commonly usedcriteria for local replacemendecisions.Least RecentlyUsed
(LRU) usesreceny of accessasthe sole criteria for replacementwhile Least
FrequentlyUsed (LFU) usesfrequeng or popularity of accessMost Recently
Used(MRU) and Most FrequentlyUsed (MFU) are not successfulvhenused
alone,but may be bene cial in mixturesof policies. SIZE replaceshe largest
objectand Greedy-Dual-Siz€GDS) [19, 8] replaceghe objectwith the small-
estkey Ki = Gi/S + L, whereG; is the retrieval cost, § is the sizeandL is
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| criteria | algorithm |
- RandomFIFO,LIFO
time LRU, MRU, GDS,GDSF, LFUDA, LRV
freq LFU, MFU, GDSF, LRV, LFUDA
size SIZE,GDS,GDSF, LRV
retrieval cost GDS,GDSF LFUDA, LRV
ID Hash,Bloom lIter
hop-count -
QoSpriority Storserv

Tablel: An extendedaxonomyof someexistingandproposeatachereplacement
policies.Descriptionsof the policiesarein Section2.1.

a runningagefactor L is setto the key value of the objectsthat are replaced
from the cache.GDS with Frequeng (GDSF) [5] addsthe frequeng of ac-
cess,F, into the sameequationand replacesthe object with the smallestkey
Ki = (G x F)/S + L. LFU with Dynamic Aging (LFUDA) replacesthe object
with minimumK; = (G x F) +L [5]. LowestRelatve Value(LRV) [24] makesa
cost—bene tanalysisusingtheaccessgime, acces$requeng andsizeinformation
aboutobjects.

Hashingor morecomplex Bloom Iters [15] onobjectIDs areoftenpreferred
for local decisionsin the building blocks of a global systemof cacheslf the
ID hashimplies that a peernodeshouldbe cachingthat objectthenit may be
replacedquickly. Hop-countsprovide anotherset of criteria that can passiely
provide anindicationof the logical locationof a cachewithout resortingto full
location-avarenesdJp-strearrhopcountsarealoosemeasuref how faracache
is from the closestsourceof an object, while down-streamhop countsindicate
logical distancefrom clients.Recentresearcj33] pointsto the bene ts of keep-
ing a recordof accesdateng history perobject,providing yet anotherpotential
cachingcriterion(e.g., it is wiseto keepitemsitemsin the cachef they arevery
costlyto retrieve). Storserv[12] proposeLuality of Service(QoS)ideasusedin
networking to be appliedto storagesystemdor giving differentiatedserviceso
users.

Tablel doesnotintendto cover all the proposedalgorithms;rather our goal
is to showv two things. First, the possiblecriteria and the waysto usethemare
extremelyvariedandsubjectto changerequiringa e xible designfor integrating
new criteria.Secondthetrendin cachereplacemendlgorithmsis towards nding
thefunctionsthatuniteall thecriteriain a singlekey or value.However, asingle
functioncannotbe successfuatall timeswith differentworkloadsandtheir mix-
tures.Othertaxonomiesf time, frequeny andsizebasedoliciesarepresented
in prior work [19].
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2.2 Adaptivity in Systems

The term “adaptvity” hasdifferentmeaningsn differentsystemsFor example
Linux has“dynamic” cachespaceananagemeri6] thatuseshe primarymemory
unuseddy thekernelandotherprocessedf therequirementor primarymemory
increasesthe spaceallowed for buffering is reduceddown to a minimum of 16
pagesHowever, the cachereplacemenpoliciesare static. The buffer cache the
inodecacheandthe name(or directory)cachearemanagedy LRU algorithm.

Hybrid Adaptive Caching(HAC) [11] combineghevirtuesof pageandobject
cachingby adaptiely mixing them, while avoiding their disadwantagesObject
cachingdiscardsobjectsin a pagethatarecold (i.e. not used)while keepingthe
hot objects.HAC compactshe hot objectsto free memorypagesthusreducing
thehighbookkeepingoverheadf objectcaching HAC wasshavn to outperform
objectcaching.

The le cache®ftheSpritedistributed le systen(22] changedynamicallyin
responsdo the changesn virtual memoryrequirementsThe Andrew File Sys-
tem (AFS) [18] hastwo separatecachesfor statusand dataand both are gov-
ernedby the LeastRecentlyUsed(LRU) algorithm.In the Senerless-ile System
(xFS)[4] any machinecanstore cacheor controlary block of data.Adaptiveweb
caching21] proposeshatnearbycacheself-con gurethemselesinto ameshof
overlappingmulticastgroupsandexchangemessaget locatethe nearbycopies
of requestediataandto nd out abouttopologychangesThesesystemsdo not
mentionaboutadaptvely changingtheir cachingpolicy to track the changesn
workloads.

In this paper we con ne our designto the useof adaptve replacemenpoli-
ciesfor objectswith staticcontent Detailedresearcton consisteng issuesn le
systemg4, 18, 28] andwebcachingcanbefoundin relatedpreviouswork [9, 34].
Many of theseefforts concludethatwrite-sharings rareenoughthatit is reason-
ableto pick thesimplestconsisteng mechanism.

2.3 Static HeterogeneougCaching

Figure 1 shavs a simple 2-level cachethat canbe extendedto ary N levels. If
cacheareof thesamesizeandif they hold exactlythesameelementghenamiss
in oneof themwill alsoresulta missin the otherones.This is calledinclusive
caching[32] andmakesupperlevelsuselessThis situationoftenoccurswhenthe
samecachereplacemenpolicy is usedat all levels. We would lik e to achiere as
muchexclusivecacing[32] aspossiblebetweerthecollaboratingcachessothat
the clusterhasthe effect of a onebig uni ed cacheto the users.Usingheteroge-
neouspolicieshasbeendemonstratetb improve exclusiity in multi-level caches
by BusariandWilliamson[7] andWongetal. [32]. Ouranalysisn Sectiond con-
rms andextendstheseresults.lt is crucialto notethatthe uni ed cacheeffectis
achievedwithoutany communicatiorbetweerthepeersHowever, choosinggood
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Figurel: A simpleN level cache Theobjectrequesbf client resultedin ahit in
thesecondevel andwassatis edthere.

policy pairsmanuallycanbecomplicatedevenin asimple2-level cachetopology
This motivatesour goalof makingthesedecisiondn anautomatedashion.

Wongetal. [32] alsodemonstratethebene tsof usingdemotionsn a2-level
cachethatrepresentedlient cachesanda disk arraycache A demoteoperation
movesejectedobjectsonehopfurtherfrom theclientinsteadof discardingthem,
thusresultingin differentobjectsto be cachedn differentbut topologicallyclose
cachesThey alsotried usingdifferentpoliciesat differentlevels andfound that
LRU-MRU-Demoteswas the most successfulHowever, demotionscauseextra
network overheachndarefeasiblein LAN or StorageAreaNetworks(SAN) with
high-speed:onnections.

3 Designof an Adaptive Caching Scheme

Adaptiity to avariety of andpossiblychangingconditionsrequiresmultiple al-
gorithmsto beembeddedh onesystem Thisis alsotruefor anadaptie caching
system.Therefore our designusesa pool of staticcachereplacemenélgorithms
with differentcharacteristicto decidehow to beharebasedntheobsenedwork-
load. The challengeis to join the relatively weak predictionsof mary different
policiesinto onehighly-accuratgrediction[27], decidingwhich objectsto keep
in the cache Expertsystemsspeci cally machinelearningalgorithms[17] have
beensuccessfullyusedfor this purposein the pastto solve non-trivial operating
systemgroblemg16].

Figure2 illustratesthemajorcomponentsf ourinitial weightedvoting—based
adaptve design.We de ne a pool of virtual caches eachof which simulatesa
single staticcachereplacemenpolicy by maintainingan objectorderingasif it
ownedthe entire physicalcache.To sare spaceeachvirtual cacheonly keeps
object headerinformation, not the actualdatafor the object. On eachrequest,
eachvirtual cachereportswhetherit would have gottena hit (scoredas 1) or
miss(scoredasO) if it weretherealcache Thisinformationis usedto adjustthe
weightsof the policiesby increasinghe weightof policiesthatwould have kept
the objectanddecreasinghe weightof thosepoliciesthatwould have discarded
the object. Futureimplementationsnay usemore sophisticatednechanismso
“reward” and“punish” policies;for example,they might considethow highly an
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(a) Designof Adaptive Cachingusing Multiple (b) Virtual caches and physical
Experts(ACME). caches.

Figure 2: Virtual cachesin the policy pool assignvaluesto eachobject they
“cache’ A weightedaverageof thesepredictionsde nes the masterpolicy that
manageshe real cache.The real outcomesare comparedo the predictionsand
usedfor weightupdatef thevirtual policies.

objectwasvaluedin calculatingtheweightchangeatherthansimply usingbinary
value.

Both cachingand replacemenare donebasedon votes.Eachvirtual cache
voteson the objectsit wantsto keep,assigninghighervaluesto objectsthat it
believesaremostworth keeping.The objectswith the highestweightedvotetotal
stayin the cache Over time, the real cacheorderingwill probablyresemblehe
orderingof virtual cacheswith the highestweights,but will still be a mixture of
multiple policies.

Onepotentiallimitation in this designis thelimitation thatvirtual cacheonly
keepasmary objectsaswill t in the physicalcache.lf this is the case,a vir-
tual cachewith spacefor n objectswill be penalizedequallyfor not containing
the objectsranked n+ 1 andn+ 100, wherearank of 1 is assignedo the most
“valuable”object.We believeit is betterto reward cacheghatrankreusedbjects
highly evenif the objectscould not be keptin the cache.Thus,we usevirtual
cacheghatarelargerthanthe physicalcache asshavn in Figure2b. Using this
stratgy, anobjectX; rankedn+ 1 in all virtual cacheanight be chosernover an
objectX; rankedn— 1 in onecacheandunranledin every othercachelf virtual
cachesverethe samesizeasphysicalcachesX; would be totally unknovn and
thusineligible for ranking.However, it is likely that X; is moredesirablethanX;
andwouldreceve ahighervotebecaussomary policiesrankit relatively highly.

We expectthat keepingtrack of more objectsthan the physical cachehas
spaceor will notpresentanoverly largeburdenonan ACME cache Objectscan
be tracked with relatively few bytes,andwe believe the improved performance
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will justify thelittle incrementabpacerequired.

4 Preliminary Analysis and Results

In this sectionwe presenperformanceesultsandcomparison®f staticpolicies
andasimpleadaptve policy usingrealWebproxyand le systemtracesWe sim-
ulatedthe performancef two-level hierarchiesisingall combination®f policies
at eachof thetwo nodesshaving thatheterogeneousoliciesoutperformhomo-
geneoupolicies.We next foundthatthelossdueto usinga staticpolicy onevena
singlenodecouldapproact20% or moreof the potentialhits. We thensimulated
thebehaior of asimpleadaptie algorithmthatchoosedbetweertwo algorithms
basedn eitherrecenthistoryor overall performanceshaving thatadaptvity can
be usedto improve cachingperformance.

Ourexperimentaiseacachesimulatoy writtenin C++,thatimplementsl2dif-
ferentcachereplacemenpolicies:RAND, LRU, MRU, FIFO, LIFO, LFU, MFU,
SIZE,GDS,GDSF LFUDA [5], andGD* [19]. We implementedill of thesepoli-
ciesfor completeness—thougiomeof thesepoliciesare never usedin modern
systemsijnferior policiesmay be usefulin mixtures.Thesepoliciesaresumma-
rizedin Tablel.

4.1 Static Heterogeneous

We extendedhework of BusariandWilliamson[7] andtestedall permutation®f
12 differentpoliciesin our expertpool in a simple2—level cacheeach4 MBytes
in sizeasshavn in Figurel. We usedtheir ProwGenworkloadfor compatibility.
ProWGenworkloadis a syntheticWeb proxy workload generatedy the ProW
Genprogramdevelopedby BusariandWilliamson[7] andusedin their previous
webcachingresearchWe usecthistool to generat@aworkloadincluding200,000
requestaisingZipf slopeof 0.75andParetotail index of 1.3[7].

Table2 shavstheresultsfor 5 of thesepolicies.The rst columngivesthehit
ratefor the rst level cachesGDSF hasthe highestrst level hit rate (54.41%)
with the ProwGenworkload describedabore. Note that whenthe samepolicy
is usedat the secondevel (e.g. LRU-LRU), the hit ratesarevery low. The third
columnshaws the policy that matchedwell with the policy at the rst level and
performedhebestatthe secondevel. Ourresultsagreewith the previousresults
andthebestpolicy atthesecondevelis alwaysdifferentthanthepolicy in the rst
level. For example,with this workloadusingGD* atthe secondevel of a2-level
cachewith LRU atthe rst level improvesoverall hit rate by 7.76%.Also note
thatasthe hit rateof thepolicy in the rst level approacheso maximumpossible
hit rates(HR¥) the hit ratesatthe secondevel dropdrastically A 12 x 12 matrix
of all combinationsandthetotal hit rateresultsin thefourth columnrevealedthat
therearemary goodandbadcombinationsand manualtuning or guessinghese
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Policy | HR-Levell | HR-Level2 HR-Level2 | BestTotal
SamePolicy BestOther

LRU 42.70 0.37 7.76(GD¥*) 50.46
LFU 36.79 5.25 19.36(GDSF) 56.15
GDSF 54.41 1.72 1.75(GDS) 56.16
LFUDA 46.75 2.49 8.47(GD¥) 55.22
GD* 52.98 0.63 2.36(GDSF) 55.34

Table 2: Hit rate resultsin a 2-level cacheusing a ProwGenworkload with

200,000requestsThe hit rate (HR) of policiesat the rst level cacheis given
in column?2. Column3 lists the secondevel HR whenthe samepolicy is used.
Column4 shavsthebene t of usinga differentpolicy atthe secondevel by giv-

ing the resultsof the bestotherpolicy. The bestotherpolicy is alwaysdifferent
thanthe rst level policy andprovidesconsiderablémprovementovertheusage
of samepolicy in bothlevels.

pairsis hardevenin asimple2—level cache Thesucces®f pairsis alsoworkload
dependentTherefore we are motivatedto useautomatedrocesseemploying
machineearningalgorithms.

4.2 Rationalefor Adaptive Caching

As thecharacteristicsf theworkloadchangeovertime, performancef the static
policies becomesuboptimal.In cachingresearchthe performanceof different
staticreplacemenpoliciesareusuallymeasuredby keepinga cumulative running
averagefor hit rateor bytehit rate.Thesevaluesarereportedafterthe “warmup”
periodasthe performanceof that static policy for a given cachesizeandwork-
load. However, if we measurehe hit ratesof thesepoliciesin subregionsof the
requesstreanwe seethatthe bestpolicy for differentsubrgjionsmay bediffer-
ent,asshavn in Figure 3. We term this behaior switching. Choosingthe “best
current” policy is preferableover choosingthe “best overall” policy if the costs
of achieving theformercanbejusti ed with its bene ts.We de ne thedifference
betweenthe hit ratesof the bestcurrentpolicy anda particularstatic policy as
“the loss” of thatstaticpolicy. Thecumulative resultshidetherecentsuccessesr
lossef staticpolicies.

Figure 3 shaws the existenceof switchingin real workloadsusing a web
proxy tracegatheredat Digital EquipmentCorporation(DEC) [14]. This proxy
sened14,000workstationsandwastakenon Septembet 6,1996.Thetracecon-
tains 1,245,260requestdor 524,616uniqueitems, consistingof approximately
6 GBytesof uniquedata,for a HR¥ of 57.9%.We testedtwelve policieson this
trace,giving each64 MBytes of cachespaceOnly a few policiesdominatedor
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(b) This graphshaws the loss dueto the useof a static algorithm—LRJ—during each
interval. The shadedareaabove the LRU barshavs theimpravementthatcould have been
obtainedby usinga differentalgorithm.LRU waschoserfor the baselinebecauseéts cu-
mulative losswasaroundaround3%. For LFUDA andGDSF, theaveragecumulatve loss
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Figure3: Thesegraphsshaw the byte hit rateof variouspolicieson a Web cache
traceover 500 requestintervals usinga 64 MByte cache.The top graphshavs
only the bestpolicy for eachinterval, andthe bottomgraphplots the samedata
shaving both LRU andwhichever algorithmperformedbestfor theinterval.
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morethan 1-2 intervals; theseare the policiesshavn in Figure 3. The byte hit
ratesare measuredn intervals of 500 requestsFigure 3a shows the policy that
“won” for eachinterval. The graphshows that the bestpolicy keepschanging
for differenttime slots even after warmupperiod of a single well-characterized
workload.

Figure 3b shaws the samedata,but also plots the performanceof the best
overall static policy, LRU, for eachinterval. The shadedbarson the top of the
LRU bytehit ratesindicatethat,for mary intervals,otherpolicieswerebetterthan
LRU. The cumulative averageof the differencebetweerthe byte hit rate of best
policy andparticularstaticpolicies,i.e. the lossdueto usingstaticpolicies,was
around3% absolutgor LRU and5% absolutefor bothLFUDA andGDSE Since
averagebyte hit ratewasunder20%, usingadaptve policiescould increasethe
numberof bytesprovidedby thecacheby 15%-25%or more,with corresponding
reductionsn bandwidthandresponsdime.

Different static policies may be more successfulwith different workloads,
thereforechoosinga single static policy will resultin differentlosseswith dif-
ferentworkloads.Our goalis to develop an automatedschemehatwill be able
to eitherselectthe currentbeststatic policy or createa more successfuhybrid
policy by mixing the availablestaticpolicies.

It is vital thatthe opinionof eachexpertis heardandconsideredtall times.If
ahighly opinionatedgroupor decision-makrignoresthe decisionsf theexperts
that have madeweak or unsuccessfupredictionsin the past,then group may
run into the dangerof only following one strongstatic expert (i.e. monopoly).
Whenthe conditionschangeto favor the previously weakexpertsthis “so-called
adaptve” systemis boundto collapsesincethe alternatves have beenstaned
duringthe courseof events.

To illustratethis conceptwe wrote a simplesyntheticrequesistreamthat fa-
vors LRU algorithmuntil 500 secondsand thenchangesharacteristido favor
SIZE algorithmasseenin Figure4. Figure4b shaovs thatanimplementatiorthat
only looks at overall pastperformancecannotswitch to the othergoodpolicies
whenthe conditionschangeandis boundto be asgoodasthe overall best x ed
policy. SIZE policy hasto exceedthe overallmaximumhit rateof the LRU policy
for this switch to happenHowever, a good adaptve algorithmimplementation,
shawvn in Fig. 4b, canlook at recentsuccess$o quickly switchto usingthe SIZE
policy maintaininga continuoushigh hit rate.

Anotherconcernis the amountof informationin the workload.An adaptve
algorithmbasedon learningwill haveits limits whentheworkloadis completely
random,sincelearningworks whenever thereis at leastsomeinformationin the
form of repetitive patternsHowever, evenwith requeststreamghat appearan-
dom, thereis hopefor improvement.Workloadsin which referencesnadeto
randomly-chosembjectswill likely favor algorithmsthat cachesmallerobjects
becausehey cancachemoreof them,perhapgyainingadditionalhits from keep-
ing moreobjects Similarly, algorithmsthatcachedistantobjectsmaydobetteron
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suchworkloadsbecausehey provide the highestbene t whena hit doesoccut

5 Future Work

Our currentdesignandimplementatiorconstituteonly proofsof conceptsin or-
der to make adaptve cachingan effective technique,we must discover which
machinelearningalgorithmsbestadaptto Web and le systenmworkloads.Sim-
ply choosingthe bestalgorithmsis not enough however, unlesscachingcanbe
embeddedh networkswith little performanceenalty

Realimplementationsill enforceusto minimize spaceand computational
overheadsand make performancerade-ofs. Actual implementationswill also
requirethe use of more ef cient datastructuressuchas B-trees[13] and B+-
trees[23] usedin le systemsanddatabased:or example,aUni ed Buffer Man-
agemen{UBM) schemdor theFreeBSDle systenwasimplementecindtested
by Kim etal. [20] anduserresponséimeswereimprovedby 67.2%(with anav-
erageof 28.7%).Adaptive cachingmustusesimilar optimizationsor suffer from
unacceptablyigh coststo make goodpredictions.

6 Conclusions

We presentec@daptve cachingschemespplicableto singleandmultiple proces-
sor systemsAdaptive cachinghelpswith the managemenof distributedcaches
whencomple« dynamicworkloadsareserviced Our autonomougachesisema-
chinelearningalgorithmsto collaboratewith a pool of cachingexpertsto tune
themselesto the obsenedworkload.Sinceno cachedatabasesr synchroniza-
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tion messageareexchangedthe clusterscomposedf theseautonomousache
nodeswill be scalableand manageableOur methodswill be usefulfor all dis-
tributedWeb, le systemdatabasandcontentdelivery services.
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