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Abstract

The gapbetweenCPU speedsandthe speedof the technologiesproviding
the datais increasing.As a result, latency and bandwidthto neededdata
is limited by the performanceof the storagedevicesandthe networks that
connectthemto the CPU.Distributedcachingtechniquesareoften usedto
reducethepenaltiesassociatedwith suchcaching;however, suchtechniques
needfurther developmentto be truly integratedinto the network. This pa-
per describesthe preliminarydesignof an adaptive cachingschemeusing
multiple experts,calledACME. ACME is usedto managethe replacement
policieswithin distributedcachesto further improve thehit ratesover static
cachingtechniques.We proposethe useof machinelearningalgorithmsto
rateandselectthe currentbestpoliciesor mixturesof policiesvia weight
updatesbasedon their recentsuccess,allowing eachadaptive cachenode
to tune itself basedon the workload it observes.Sinceno cachedatabases
or synchronizationmessagesareexchangedfor adaptivity, theclusterscom-
posedof thesenodeswill be scalableandmanageable.We show that static
techniquesaresuboptimalwhencombinedin networksof caches,providing
potentialfor adaptivity to improve performance.
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1 Intr oduction

Thenumberof usersconnectedto theInternetis growing exponentially. Satisfy-
ing so many userswith fast responsetimeswhile transparentlysaving network
bandwidthdemandsef�cient distributedcachingtechniques.Thedataaccessla-
tency problemin asinglehostis relatedto thediscrepancy betweentheprocessor
anddiskI/O speeds[25, 26]. In remotedataaccesses,network latency is addedto
theI/O latency at theservers[1] furtherreducingtheperformanceof theapplica-
tions.

Enormousresearchefforts have beenput into characterizingWeb[1] and�le
system[25] workloads,and many static cachereplacementpolicies have been
invented.Today, robuststaticpoliciesthatwork well with awidevarietyof work-
loadsareembeddedinto systems[19, 5, 24]. Unfortunately, thesepoliciescannot
adaptto changesin workloadandnetwork topologyandbecomesuboptimalwhen
theconditionsbecomemorecomplex thanthecharacterizedcases[30].

Many factorsincreasethecomplexity of today'ssystemsin which cachingis
used.First,thecharacteristicsof theworkloadschangeovershortandlongperiods
of time. Second,workloadsmix whena systemsimultaneouslyservesmultiple
workloadsgeneratedby heterogeneousapplications.Third, thecharacteristicsof
accessto metadataanddataaredifferent.Finally, asthelocationof a cachenode
in the network topologychanges,the observed workloadchanges.This load is
differentfrom the loadseenat theedges.This is calledthe“�ltering effect” [2].
Recentresearchshows that these�ltering effects in a hierarchyof cachescan
changethenatureof anotherwisepredictableworkloadsuchthatthehigherlayers
areeffectively useless[32, 7]. In thesecomplex scenariosanalyticalmodelingis
daunting,manualtuning is tedious[3] andmakingwrongdecisionshasextreme
monetaryandperformancecosts.

Someresearchersandbusinessespredictthatall cachingsystemswill beuse-
lessdue to the immensecustomizationof web contentby both the clientsand
thecontentproviders.However, we believe that thedynamicpart of thecontent
constitutesmostlythetext portionof thedocumentscomposedof multimedia(au-
dio andvideo) aswell astext. The bulk of the datathat is transferredis still in
statictext, images,audioandvideo.In their extensiveWebproxyworkloadchar-
acterizationin 1999spanning5 monthsand117million requestsArlitt et al. [5]
reportedthat92%of all the requestsaccountingfor 96%of thedatatransferred
wascacheableandhighhit rateswereachievedbyproxies.Surveysof WWW [29]
from 1997to 1999showedthatthesizeof thestaticcontentonthewebhasgrown
exponentially(approximately15% per month).It is alsoknown that web work-
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loadsfollow a Zipf popularitydistribution [1, 7], which alsoindicatesthat there
will still be sharingin the future andwe will continueto bene�t from caching.
Therearealsoproposedsolutionsfor cachingthedynamiccontent[10].

Our machinelearning-basedadaptive cachingscheme(ACME) is motivated
by thesechallengesof makingcachingdecisionswithin complex systemsin real-
time andunderdynamicconditions.We treatexisting cachereplacementalgo-
rithmsasexpertsandregistertheminto apoolwith initially equalweights.When
anew algorithmis inventedweaddit to ourexpertpoolandlet it proveits success.
We do not proposeany new cachereplacementalgorithms,but usethe existing
onesmoreeffectively. As therequestsaremadeby theclientsandtheworkload
proceeds,theweightsof expertsareautomaticallychangedby thecomputation-
ally simplebut powerful machinelearningalgorithmsbasedon their successon
selectedmetricssuchas hit rate, the fraction of requesteditems found in the
cache,or byte hit rate, the percentageof requestedbytesthat are found in the
cache.Eachadaptive nodeis a self-governing,or “autonomous,” entity. Neither
cachecontentinformationnor synchronizationmessagesareexchangedbetween
the peercaches;thus, the clusterscomposedof theseautonomouscachenodes
will be scalableandmanageable.In this way, we canusemachinelearningal-
gorithms[17] to improvecachingjust asthey have beenusedin addressingnon-
trivial operatingsystemsproblemssuchasthediskspin-down problemin mobile
computers[16].

2 RelatedWork

Cachingis usedon virtually all dataaccesspaths[31] andat all abstractionlev-
els (�le/record, block) in modernstoragearchitectures.However, most caches
still dependonrobuststaticcachereplacementalgorithmssuchasLeastRecently
Used(LRU) to decideon theobjectsto beejected.

2.1 Existing CacheReplacementAlgorithms

Table1 lists someverypopularandsomerecentlyproposedcriteriaandthepoli-
ciesthat usethesecriteria to make local replacementdecisions.Random,First-
In-First-Out(FIFO)andLast-In-First-Out(LIFO) donot requireany information
aboutthe objectsto be replaced.Time, frequency andobject sizeare the most
commonlyusedcriteria for local replacementdecisions.LeastRecentlyUsed
(LRU) usesrecency of accessas the sole criteria for replacement,while Least
FrequentlyUsed(LFU) usesfrequency or popularityof access.Most Recently
Used(MRU) andMost FrequentlyUsed(MFU) are not successfulwhenused
alone,but may be bene�cial in mixturesof policies.SIZE replacesthe largest
objectandGreedy-Dual-Size(GDS) [19, 8] replacesthe objectwith the small-
est key Ki � Ci

�
Si � L, whereCi is the retrieval cost, Si is the size and L is
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criteria algorithm
– Random,FIFO,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�lter

hop-count –
QoSpriority Stor-serv

Table1: An extendedtaxonomyof someexistingandproposedcachereplacement
policies.Descriptionsof thepoliciesarein Section2.1.

a running agefactor. L is set to the key value of the objectsthat are replaced
from the cache.GDS with Frequency (GDSF) [5] addsthe frequency of ac-
cess,Fi , into the sameequationand replacesthe object with the smallestkey
Ki ��� Ci � Fi � � Si � L. LFU with DynamicAging (LFUDA) replacesthe object
with minimumKi �	� Ci � Fi �
� L [5]. LowestRelativeValue(LRV) [24] makesa
cost–bene�tanalysisusingtheaccesstime,accessfrequency andsizeinformation
aboutobjects.

Hashingor morecomplex Bloom�lters [15] onobjectIDs areoftenpreferred
for local decisionsin the building blocks of a global systemof caches.If the
ID hashimplies that a peernodeshouldbe cachingthat object then it may be
replacedquickly. Hop-countsprovide anotherset of criteria that can passively
provide an indicationof the logical locationof a cachewithout resortingto full
location-awareness.Up-streamhopcountsarea loosemeasureof how faracache
is from the closestsourceof an object,while down-streamhop countsindicate
logical distancefrom clients.Recentresearch[33] pointsto thebene�tsof keep-
ing a recordof accesslatency historyperobject,providing yet anotherpotential
cachingcriterion(e.g., it is wiseto keepitemsitemsin thecacheif they arevery
costlyto retrieve).Stor-serv[12] proposesQualityof Service(QoS)ideasusedin
networking to be appliedto storagesystemsfor giving differentiatedservicesto
users.

Table1 doesnot intendto cover all theproposedalgorithms;rather, our goal
is to show two things.First, the possiblecriteria and the waysto usethemare
extremelyvariedandsubjectto change,requiringa �e xible designfor integrating
new criteria.Second,thetrendin cachereplacementalgorithmsis towards�nding
thefunctionsthatuniteall thecriteria in a singlekey or value.However, a single
functioncannotbesuccessfulatall timeswith differentworkloadsandtheirmix-
tures.Othertaxonomiesof time, frequency andsizebasedpoliciesarepresented
in prior work [19].
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2.2 Adaptivity in Systems

The term “adaptivity” hasdifferentmeaningsin differentsystems.For example
Linux has“dynamic” cachespacemanagement[6] thatusestheprimarymemory
unusedby thekernelandotherprocesses.If therequirementfor primarymemory
increases,thespaceallowed for buffering is reduceddown to a minimum of 16
pages.However, thecachereplacementpoliciesarestatic.Thebuffer cache,the
inodecacheandthename(or directory)cachearemanagedby LRU algorithm.

Hybrid AdaptiveCaching(HAC) [11] combinesthevirtuesof pageandobject
cachingby adaptively mixing them,while avoiding their disadvantages.Object
cachingdiscardsobjectsin a pagethatarecold (i.e. not used)while keepingthe
hot objects.HAC compactsthehot objectsto freememorypages,thusreducing
thehighbookkeepingoverheadof objectcaching.HAC wasshown to outperform
objectcaching.

The�le cachesof theSpritedistributed�le system[22] changedynamicallyin
responseto thechangesin virtual memoryrequirements.The Andrew File Sys-
tem (AFS) [18] hastwo separatecachesfor statusanddataand both are gov-
ernedby theLeastRecentlyUsed(LRU) algorithm.In theServerlessFile System
(xFS)[4] any machinecanstore,cacheor controlany blockof data.Adaptiveweb
caching[21] proposesthatnearbycachesself-con�gurethemselvesinto ameshof
overlappingmulticastgroupsandexchangemessagesto locatethenearbycopies
of requesteddataandto �nd out abouttopologychanges.Thesesystemsdo not
mentionaboutadaptively changingtheir cachingpolicy to track the changesin
workloads.

In this paper, we con�ne our designto theuseof adaptive replacementpoli-
ciesfor objectswith staticcontent.Detailedresearchonconsistency issuesin �le
systems[4, 18, 28] andwebcachingcanbefoundin relatedpreviouswork [9, 34].
Many of theseeffortsconcludethatwrite-sharingis rareenoughthatit is reason-
ableto pick thesimplestconsistency mechanism.

2.3 Static HeterogeneousCaching

Figure1 shows a simple2-level cachethat canbe extendedto any N levels. If
cachesareof thesamesizeandif they holdexactly thesameelementsthenamiss
in oneof themwill alsoresulta missin the otherones.This is calledinclusive
caching[32] andmakesupperlevelsuseless.Thissituationoftenoccurswhenthe
samecachereplacementpolicy is usedat all levels.We would like to achieve as
muchexclusivecaching[32] aspossiblebetweenthecollaboratingcaches,sothat
theclusterhastheeffect of a onebig uni�ed cacheto theusers.Usingheteroge-
neouspolicieshasbeendemonstratedto improveexclusivity in multi-levelcaches
by BusariandWilliamson[7] andWongetal. [32]. Ouranalysisin Section4 con-
�rms andextendstheseresults.It is crucialto notethattheuni�ed cacheeffect is
achievedwithoutany communicationbetweenthepeers.However, choosinggood
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Miss Hit
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Figure1: A simpleN level cache.Theobjectrequestof client resultedin a hit in
thesecondlevel andwassatis�edthere.

policy pairsmanuallycanbecomplicatedevenin asimple2-level cachetopology.
Thismotivatesourgoalof makingthesedecisionsin anautomatedfashion.

Wongetal. [32] alsodemonstratedthebene�tsof usingdemotionsin a2-level
cachethat representedclient cachesanda disk arraycache.A demoteoperation
movesejectedobjectsonehopfurtherfrom theclient insteadof discardingthem,
thusresultingin differentobjectsto becachedin differentbut topologicallyclose
caches.They alsotried usingdifferentpoliciesat differentlevelsandfoundthat
LRU-MRU-Demoteswas the mostsuccessful.However, demotionscauseextra
network overheadandarefeasiblein LAN or StorageAreaNetworks(SAN) with
high-speedconnections.

3 Designof an AdaptiveCachingScheme

Adaptivity to a varietyof andpossiblychangingconditionsrequiresmultiple al-
gorithmsto beembeddedin onesystem.This is alsotruefor anadaptivecaching
system.Therefore,our designusesa pool of staticcachereplacementalgorithms
with differentcharacteristicsto decidehow to behavebasedontheobservedwork-
load. The challengeis to join the relatively weakpredictionsof many different
policiesinto onehighly-accurateprediction[27], decidingwhich objectsto keep
in thecache.Expertsystems,speci�cally machinelearningalgorithms[17] have
beensuccessfullyusedfor this purposein thepastto solve non-trivial operating
systemsproblems[16].

Figure2 illustratesthemajorcomponentsof ourinitial weightedvoting–based
adaptive design.We de�ne a pool of virtual caches, eachof which simulatesa
singlestaticcachereplacementpolicy by maintainingan objectorderingasif it
ownedthe entire physicalcache.To save space,eachvirtual cacheonly keeps
object headerinformation,not the actualdatafor the object.On eachrequest,
eachvirtual cachereportswhetherit would have gottena hit (scoredas 1) or
miss(scoredas0) if it weretherealcache.This informationis usedto adjustthe
weightsof thepoliciesby increasingtheweightof policiesthatwould have kept
theobjectanddecreasingtheweightof thosepoliciesthatwould have discarded
the object.Futureimplementationsmay usemoresophisticatedmechanismsto
“reward” and“punish” policies;for example,they might considerhow highly an
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(a) Designof Adaptive Cachingusing Multiple
Experts(ACME).

(b) Virtual caches and physical
caches.

Figure 2: Virtual cachesin the policy pool assignvaluesto eachobject they
“cache.” A weightedaverageof thesepredictionsde�nes the masterpolicy that
managesthe real cache.Thereal outcomesarecomparedto thepredictionsand
usedfor weightupdatesof thevirtual policies.

objectwasvaluedin calculatingtheweightchangeratherthansimplyusingbinary
value.

Both cachingandreplacementaredonebasedon votes.Eachvirtual cache
voteson the objectsit wantsto keep,assigninghighervaluesto objectsthat it
believesaremostworthkeeping.Theobjectswith thehighestweightedvotetotal
stayin thecache.Over time, the real cacheorderingwill probablyresemblethe
orderingof virtual cacheswith thehighestweights,but will still bea mixtureof
multiplepolicies.

Onepotentiallimitation in thisdesignis thelimitation thatvirtual cachesonly
keepasmany objectsaswill �t in the physicalcache.If this is the case,a vir-
tual cachewith spacefor n objectswill be penalizedequallyfor not containing
theobjectsrankedn � 1 andn � 100,wherea rank of 1 is assignedto themost
“valuable”object.Webelieveit is betterto rewardcachesthatrankreusedobjects
highly even if the objectscould not be kept in the cache.Thus,we usevirtual
cachesthatarelarger thanthephysicalcache,asshown in Figure2b. Using this
strategy, anobjectX1 rankedn � 1 in all virtual cachesmight bechosenover an
objectX2 rankedn � 1 in onecacheandunrankedin everyothercache.If virtual
cacheswerethesamesizeasphysicalcaches,X1 would be totally unknown and
thusineligible for ranking.However, it is likely thatX1 is moredesirablethanX2

andwouldreceiveahighervotebecausesomany policiesrankit relatively highly.
We expect that keepingtrack of more objectsthan the physicalcachehas

spacefor will notpresentanoverly largeburdenonanACME cache.Objectscan
be tracked with relatively few bytes,andwe believe the improvedperformance
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will justify thelittle incrementalspacerequired.

4 Preliminary Analysisand Results

In this sectionwe presentperformanceresultsandcomparisonsof staticpolicies
andasimpleadaptivepolicy usingrealWebproxyand�le systemtraces.Wesim-
ulatedtheperformanceof two-level hierarchiesusingall combinationsof policies
at eachof thetwo nodes,showing thatheterogeneouspoliciesoutperformhomo-
geneouspolicies.Wenext foundthatthelossdueto usingastaticpolicy onevena
singlenodecouldapproach20%or moreof thepotentialhits.We thensimulated
thebehavior of asimpleadaptivealgorithmthatchoosesbetweentwo algorithms
basedoneitherrecenthistoryor overallperformance,showing thatadaptivity can
beusedto improvecachingperformance.

Ourexperimentsuseacachesimulator, writtenin C++,thatimplements12dif-
ferentcachereplacementpolicies:RAND, LRU, MRU, FIFO,LIFO, LFU, MFU,
SIZE,GDS,GDSF, LFUDA [5], andGD* [19]. Weimplementedall of thesepoli-
ciesfor completeness—thoughsomeof thesepoliciesarenever usedin modern
systems,inferior policiesmaybeusefulin mixtures.Thesepoliciesaresumma-
rizedin Table1.

4.1 Static Heterogeneous

Weextendedthework of BusariandWilliamson[7] andtestedall permutationsof
12 differentpoliciesin our expertpool in a simple2–level cacheeach4 MBytes
in sizeasshown in Figure1. WeusedtheirProWGenworkloadfor compatibility.
ProWGenworkloadis a syntheticWeb proxy workloadgeneratedby theProW-
Genprogramdevelopedby BusariandWilliamson[7] andusedin their previous
webcachingresearch.Weusedthistool to generateaworkloadincluding200,000
requestsusingZipf slopeof 0.75andParetotail index of 1.3[7].

Table2 showstheresultsfor 5 of thesepolicies.The�rst columngivesthehit
ratefor the �rst level caches.GDSFhasthe highest�rst level hit rate(54.41%)
with the ProWGenworkloaddescribedabove. Note that whenthe samepolicy
is usedat thesecondlevel (e.g. LRU-LRU), thehit ratesarevery low. The third
columnshows thepolicy thatmatchedwell with thepolicy at the �rst level and
performedthebestat thesecondlevel. Our resultsagreewith thepreviousresults
andthebestpolicy atthesecondlevel is alwaysdifferentthanthepolicy in the�rst
level. For example,with this workloadusingGD* at thesecondlevel of a2-level
cachewith LRU at the �rst level improvesoverall hit rateby 7.76%.Also note
thatasthehit rateof thepolicy in the�rst level approachesto maximumpossible
hit rates(HR¥ ) thehit ratesat thesecondlevel dropdrastically. A 12 � 12matrix
of all combinationsandthetotalhit rateresultsin thefourthcolumnrevealedthat
therearemany goodandbadcombinationsandmanualtuningor guessingthese
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Policy HR-Level1 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
200,000requests.The hit rate (HR) of policiesat the �rst level cacheis given
in column2. Column3 lists thesecondlevel HR whenthesamepolicy is used.
Column4 showsthebene�t of usinga differentpolicy at thesecondlevel by giv-
ing the resultsof the bestotherpolicy. The bestotherpolicy is alwaysdifferent
thanthe�rst level policy andprovidesconsiderableimprovementsover theusage
of samepolicy in bothlevels.

pairsis hardevenin asimple2–level cache.Thesuccessof pairsis alsoworkload
dependent.Therefore,we aremotivatedto useautomatedprocessesemploying
machinelearningalgorithms.

4.2 Rationale for AdaptiveCaching

As thecharacteristicsof theworkloadchangeovertime,performanceof thestatic
policies becomesuboptimal.In cachingresearch,the performanceof different
staticreplacementpoliciesareusuallymeasuredby keepingacumulativerunning
averagefor hit rateor bytehit rate.Thesevaluesarereportedafterthe“warmup”
periodastheperformanceof that staticpolicy for a givencachesizeandwork-
load.However, if we measurethehit ratesof thesepoliciesin subregionsof the
requeststreamwe seethatthebestpolicy for differentsubregionsmaybediffer-
ent,asshown in Figure3. We term this behavior switching. Choosingthe “best
current” policy is preferableover choosingthe “best overall” policy if the costs
of achieving theformercanbejusti�ed with its bene�ts.Wede�ne thedifference
betweenthe hit ratesof the bestcurrentpolicy anda particularstaticpolicy as
“the loss”of thatstaticpolicy. Thecumulativeresultshidetherecentsuccessesor
lossesof staticpolicies.

Figure 3 shows the existenceof switching in real workloadsusing a web
proxy tracegatheredat Digital EquipmentCorporation(DEC) [14]. This proxy
served14,000workstations,andwastakenonSeptember16,1996.Thetracecon-
tains1,245,260requestsfor 524,616uniqueitems,consistingof approximately
6 GBytesof uniquedata,for a HR¥ of 57.9%.We testedtwelve policieson this
trace,giving each64 MBytesof cachespace.Only a few policiesdominatedfor
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(a)Thisgraphshows theexistenceof switchingof thebestcurrentpolicy in theDECtrace
for a segmentof thetrace;differentshadingscorrespondto differentpoliciesdoingbestin
each500requestinterval.
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(b) This graphshows the loss due to the useof a static algorithm—LRU—during each
interval. Theshadedareaabove theLRU barshows theimprovementthatcouldhave been
obtainedby usinga differentalgorithm.LRU waschosenfor thebaselinebecauseits cu-
mulative losswasaroundaround3%.For LFUDA andGDSF, theaveragecumulative loss
wasaround5%.

Figure3: Thesegraphsshow thebytehit rateof variouspolicieson a Webcache
traceover 500 requestintervals usinga 64 MByte cache.The top graphshows
only the bestpolicy for eachinterval, andthebottomgraphplots thesamedata
showing bothLRU andwhicheveralgorithmperformedbestfor theinterval.
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morethan1–2 intervals; thesearethe policiesshown in Figure3. The byte hit
ratesaremeasuredin intervals of 500 requests;Figure3a shows thepolicy that
“won” for eachinterval. The graphshows that the bestpolicy keepschanging
for differenttime slotseven after warmupperiodof a singlewell-characterized
workload.

Figure 3b shows the samedata,but also plots the performanceof the best
overall staticpolicy, LRU, for eachinterval. The shadedbarson the top of the
LRU bytehit ratesindicatethat,for many intervals,otherpolicieswerebetterthan
LRU. Thecumulative averageof thedifferencebetweenthebytehit rateof best
policy andparticularstaticpolicies,i.e. the lossdueto usingstaticpolicies,was
around3%absolutefor LRU and5%absolutefor bothLFUDA andGDSF. Since
averagebyte hit ratewasunder20%,usingadaptive policiescould increasethe
numberof bytesprovidedby thecacheby 15%-25%or more,with corresponding
reductionsin bandwidthandresponsetime.

Different static policies may be more successfulwith different workloads,
thereforechoosinga singlestaticpolicy will result in different losseswith dif-
ferentworkloads.Our goal is to developan automatedschemethatwill be able
to eitherselectthe currentbeststaticpolicy or createa moresuccessfulhybrid
policy by mixing theavailablestaticpolicies.

It is vital thattheopinionof eachexpertis heardandconsideredatall times.If
ahighly opinionatedgroupor decision-makerignoresthedecisionsof theexperts
that have madeweak or unsuccessfulpredictionsin the past,then group may
run into the dangerof only following one strongstatic expert (i.e. monopoly).
Whentheconditionschangeto favor thepreviously weakexpertsthis “so-called
adaptive” systemis boundto collapsesincethe alternativeshave beenstarved
duringthecourseof events.

To illustratethis conceptwe wrotea simplesyntheticrequeststreamthat fa-
vors LRU algorithmuntil 500 secondsandthenchangescharacteristicto favor
SIZEalgorithmasseenin Figure4. Figure4bshows thatanimplementationthat
only looks at overall pastperformancecannotswitch to the othergoodpolicies
whentheconditionschangeandis boundto beasgoodastheoverall best�x ed
policy. SIZEpolicy hasto exceedtheoverallmaximumhit rateof theLRU policy
for this switch to happen.However, a goodadaptive algorithmimplementation,
shown in Fig. 4b, canlook at recentsuccessto quickly switchto usingtheSIZE
policy maintaininga continuoushighhit rate.

Anotherconcernis theamountof informationin theworkload.An adaptive
algorithmbasedon learningwill have its limits whentheworkloadis completely
random,sincelearningworkswhenever thereis at leastsomeinformationin the
form of repetitive patterns.However, evenwith requeststreamsthatappearran-
dom, there is hope for improvement.Workloadsin which referencesmadeto
randomly-chosenobjectswill likely favor algorithmsthat cachesmallerobjects
becausethey cancachemoreof them,perhapsgainingadditionalhits from keep-
ing moreobjects.Similarly, algorithmsthatcachedistantobjectsmaydobetteron
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(a) Schemesthatlook atcumulative suc-
cesswill stick with theoverall bestpol-
icy, causingperformanceto suffer when
theworkloadchanges.

(b) Adaptive schemesthatlook at recent
successcan quickly switch to currently
successfulpoliciesandprovide continu-
oushigh performance.

Figure4: Hit ratefor asyntheticworkloadthatchangesafter500seconds.

suchworkloadsbecausethey provide thehighestbene�t whenahit doesoccur.

5 Futur e Work

Our currentdesignandimplementationconstituteonly proofsof concepts.In or-
der to make adaptive cachingan effective technique,we must discover which
machinelearningalgorithmsbestadaptto Web and�le systemworkloads.Sim-
ply choosingthe bestalgorithmsis not enough,however, unlesscachingcanbe
embeddedin networkswith little performancepenalty.

Real implementationswill enforceus to minimize spaceandcomputational
overheadsand make performancetrade-offs. Actual implementationswill also
requirethe useof more ef�cient datastructures,suchas B-trees[13] and B+-
trees[23] usedin �le systemsanddatabases.For example,aUni�ed Buffer Man-
agement(UBM) schemefor theFreeBSD�le systemwasimplementedandtested
by Kim et al. [20] anduserresponsetimeswereimprovedby 67.2%(with anav-
erageof 28.7%).Adaptivecachingmustusesimilar optimizationsor suffer from
unacceptablyhighcoststo makegoodpredictions.

6 Conclusions

Wepresentedadaptivecachingschemesapplicableto singleandmultipleproces-
sor systems.Adaptive cachinghelpswith themanagementof distributedcaches
whencomplex dynamicworkloadsareserviced.Ourautonomouscachesusema-
chine learningalgorithmsto collaboratewith a pool of cachingexpertsto tune
themselvesto theobservedworkload.Sinceno cachedatabasesor synchroniza-
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tion messagesareexchanged,theclusterscomposedof theseautonomouscache
nodeswill be scalableandmanageable.Our methodswill be useful for all dis-
tributedWeb,�le system,databaseandcontentdeliveryservices.
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