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Abstract

Modernhigh-enddisk arraystypically have severalgigabytesof cacheRAM. Unfortunately, mostarraycachesem-
ploy managementpoliciesin which thesamedatablocksarecachedat both theclient andarraylevelsof thecache
hierarchy—thatis, they areinclusive. As a result,theaggregatecachebehavesasif it wasonly asbig asthelargerof
theclientandarraycaches,insteadof aslargeasthesumof thetwo.
This paperexploresthe potentialbene�ts of exclusivecaches,in which datablocksareeither in the client or array
cache,but neverin both.Exclusivity helpsto createtheeffectof asingle,largeuni�ed cache.Weproposeanoperation
calledDEMOTE for transferringdataejectedfrom theclient cacheto thearraycache,andexploreits effectivenessin
increasingcacheexclusivity usingsimulationstudies.We quantifythebene�tsof DEMOTE, theoverheadit adds,and
theeffectsof combiningit with differentcachereplacementpoliciesacrossa varietyof workloads.Theresultsshow
thatwecanobtainusefulspeedupsfor bothsyntheticandreal-lifeworkloads.
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1 Intr oduction

In thispaperweareconcernedwith evaluatingtheeffectivenessof atechniquefor improving theeffectivenessof RAM
cachesin storagedevices,suchasdiskarrays.SuchdiskarrayscontainaRAM cachefor severalreasons:for useasa
speed-matchingbuffer betweentherelatively slow disk drivesandthefastclient interconnects,to addasynchrony in
theform of read-aheadandwrite-behindto clientaccesses(thewrite behinddatais frequentlymirroredin non-volatile
memoryto survive componentfailure andpower outages),andto act asa low-latency pool of datathat is accessed
multiple timesby its clients.

Read-aheadcanbehandledef�ciently by buffersthatareonly a few timeslargerthanthetracksizeof theback-
enddiskdrivesin thearray, andthespaceneededfor write-behindis boundedby theburstinessof thewrite workload
[22, 28]. Both aretypically tiny comparedto theunderlyingdisk capacity. As a result,we areconcernedherewith
cachingfor re-reads,becauseby far it representsthelargestportionof thecache.

The commonrule of thumbis to cacheabout10% of the active storage. Table1 of representative arraysand
serverssuggeststhatthis is a luxury that is out of reachof eventhemostaggressive cachecon�gurationsif all of the
storeddatais active. Fortunately, we generallydo not needsomuchcache:a studyof UNIX �le systemloads[21]
foundthat theactive working setover a 24 hourperiodwasonly 3–7% of the total storageon average,andthe90th
percentilereachedonly 6–16% of the total. This datais supportedby a morerecentstudyof deployedAutoRAID
systems[32], in which theworkingsetrarelyexceededthespaceavailablefor RAID1 storage(about10% of thetotal
arraycapacity).

Unfortunately, interactionsbetweenthe least-recently-used(LRU) cachereplacementpolicy typically employed
in boththeclientandthearrayoftencausecachingat thearraylevel to beinclusive, meaningthatdatablockswill be
duplicatedat thetwo levelsof thecachehierarchy. Becauseof this,readrequeststhatmissin theclientwill oftenalso
missin the arrayandincur a disk accesspenalty. For example,supposethatwe have a client with 16 GB of cache
connectedto anarraywith 16GB of cache.Next, supposetheclienthasaworkingsetsizeof 32GB.Wemightnä�vely
expecttheworkingsetof theclient to �t in theaggregateof theclient andarraycachesat steadystate,but in general
it will not,dueto thearrayhaving to cachetheblocksthatarealreadyat theclient—inotherwords,cacheinclusivity.

1.1 Exclusivecaching

We evaluateanapproachthatreducestheamountof inclusivecachingin a client-arraysystem.Ideally, wewould like
to achieveperfectlyexclusivecaches,in whichdatablocksareeitherat theclientor arraylevel, but notboth.

All readrequeststhatmissin theclient aresentto thearray; themoredisjoint thesetof blocksthe arraycache
holdsis from the client, the morelikely it is to have the desiredblock cached.Even thougha datatransferacross
theclient to arrayinterconnectis still needed,increasingthehit fractionof thearraycacheoffersa big performance
gainbecausereadinga block from a disk is many ordersof magnitudeslower thantransferringit from thearrayto
theclient. Thus,reducingtheaggregatecachemissrate(thefractionof requeststhatmissin all caches)canleadto a
dramaticreductionin themeanrequestlatency. We evaluatehow closewe cangetto this desirablestateof affairs,as
well ashow bene�cial it is to doso.

High-endstoragesystems
System MaxarrayRAM Maxdiskspace

EMC Symmetrix 16GB 9 TB
IBM Shark 16GB 11TB
IBM RAMAC 6 GB 1.7TB
HP XP256 16GB 9 TB
HP XP512 32GB 18TB

High-endprocessingsystems
System MaxarrayRAM Servertype

HP A-class 4 GB ISPserver
HP N-class 32GB Mid-range
IBM NUMA-Q 64GB High-end
SunE5000 14GB Mid-range
SunE10000 64GB High-end

Table1: Somerepresentativecacheandservercapacities
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To do this, we introducethe DEMOTE operationinto theprotocolbetweenthearrayandits clients.This operates
asfollows: whenaclientdecidesto ejectacleanblockfrom its cache(usuallyto accommodatea READ), it �rst usesa
DEMOTE to transferit to thearraycache.TheDEMOTE behavesabit likeawrite: thearrayputsthedemotedblockinto
its readcache,ejectinganotherblockif necessaryto makespace;it returns“success”immediatelywithouttransferring
dataif it hasalreadycachedthedemotedblock. But if thearraycannotimmediatelyaccommodatetheDEMOTE (for
example,if it cannotmakeany freespacefor it), it simplyrejectsthedemotionrequest,anddoesnothing.In all cases,
theclient thendiscardstheblock from its own cache.

To evaluatetheperformanceof demotion-basedprotocols,weaimto answerthefollowing questions:

� Whatincreasein arrayhit fractiondoweobtainby usingDEMOTE?

� Doesthecostof demotingblocksexceedthe bene�ts obtained?(Suchcostsincludeincreasedclient to array
network traf�c, anddelaysexperiencedby client requeststhatarewaiting for a demotionto occurbeforethey
canproceed.)

� How sensitivearetheresultsto variationsin network bandwidth(themaincontributor to demotioncost)?

� Do demotionshelpin asystemwith multipleclients?

Theremainderof thepaperis structuredasfollows. We begin with a survey of relatedwork in Section2. Section
3 presentsa discussionon thepotentialbene�ts of exclusive cachingfor a setof representative workloads.Section
4 describesthealternative designswe evaluated,andtheexperimentalsetupused.Sections4.3,5 and6 describethe
resultsof theseevaluations.We endwith someobservationsandconclusionsfrom ourwork.

2 Relatedwork

Theliteratureon cachingin storagesystemsis very rich, soonly representativesamplescanbeprovidedhere.Much
of it concentrateson predictingthe performanceof an existing cachehierarchy[24, 25, 15, 3], describingexisting
systems[16, 11, 28], anddeterminingwhento �ush write-backdatato disk [13, 17, 30].

Eventhoughpreviouswork hasquestionedtheutility of cachesoutsidetheclientsin distributed�le systems[18],
studiesof realworkloadsdemonstratethatreadcachinghasconsiderablevaluein diskarrays,andthatasmallamount
of non-volatilememorygreatlyimproveswrite performance[28].

Choosingthecorrectcachereplacementpolicy in anarraycansigni�cantly improve its performance[25, 20, 13].
Somestudiessuggestusingleast-frequently-used[35, 10] or frequency-based[20] replacementpoliciesinsteadof LRU
in �le servers.Most-recently-used(MRU) [14] or next-blockprediction[19] policiesoftenprovidebetterperformance
for sequentialloads. LRU or clockingpolicies[7] seemto yield acceptableresultsfor databaseloads: for example,
theIBM DB2 databasesystem[26] implementsanaugmentedLRU-stylepolicy.

OurDEMOTE operationcanbeviewedasaverysimpleformof client-controlledcachingpolicy [4]. Thedifference
is thatwe provide no way for theclient to controlwhich blocksshouldbereplacedin thearray, andwe largely trust
theclient's systemto bewell-behaved,sinceit is only likely to hurt itself if it misbehaves.

Recentstudiesof cooperativeWorld WideWebcachingprotocols[1, 12, 36] have lookedatpoliciesbeyondLRU
andMRU. Previously, analysisof webrequesttraces[2, 5] show thattheirdistributionsof �le popularitytendto follow
Zipf 'sLaw [37]. It is possiblethatprotocolsthataretunedfor theseworkloadswill performaswell for thesequential
or randomaccesspatternsfoundin �le systemworkloads,but acomprehensiveevaluationof themis outsidethescope
of thispaper.

Peer-to-peercooperativecachingstudieshaverelevanceto thecaseof multipleclientssharingasinglearray. In the
“direct client cooperation”model[6], active clientswereallowedto of�oad excessblocksontoidle peers.No inter-
client sharingoccurred—this wassimply a way to exploit otherwiseunusedmemory. Finding the nodeswith idle
memorywasoneof themajordesignissues.This problemwasfurtheraddressedin thework that implementedand
evaluateda globalmemorymanagementprotocolcalledGMS [8, 31], in which cooperatingnodesuseapproximate
knowledgeof theglobalmemorystateto make cachingandejectiondecisionsthatbene�t botha page-faultingclient
andthewholecluster.

Perhapstheclosestwork to oursin spirit is a globalmemorymanagementprotocoldevelopedfor databaseman-
agementsystems[9]. Here,thedatabaseserverkeepsadirectoryof pagesin theaggregatecache.Thisdirectoryallows
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Cumulative hit fraction vs. LRU stack depth - RANDOM

Figure1: LRU stackdepthgraphfor a randomworkload.
ThemarkerontheY-axisshowstheincreasein theaggre-
gatehit fractionfrom anexclusivepolicy.

Stack depth

Inclusive

Exclusive

1

2

C
um

ul
at

iv
e 

hi
t f

ra
ct

io
n

Cumulative hit fraction vs. LRU stack depth - ZIPF

Figure2: LRU stackdepthgraphfor a Zipf-lik e work-
load. Markers1 and2 on theY-axisshow theincreasein
theaggregatehit fractionsfrom anexclusivepolicy at two
differentclientcachesizes.

theserver to forwarda pagerequestfrom oneclient to anotherthathasthedata,requestaclient to demoteratherthan
discardthelastin-memorycopy of a page,andpreferentiallydiscardpagesthathave alreadybeensentto a client. In
contrast,we do not trackwhich client haswhatblock,andsowe cannotsupportclient-to-clienttransfers.We simply
take advantageof a high-speednetwork to do a demotion,ratherthanaskif it is worthwhile,andwe do not requirea
(potentiallylarge)datastructurein thearrayto keeptrackof whatis where.Thereductionin complexity hasa price:
oursolutionis lessableto exploit blocksharingbetweenclients.

In our work, we aretacklinga simplerproblem:determiningwhethera small,simpleextensionto existingcache
managementprotocolscanachieveworthwhilebene�ts.We donotneedto determinewhethertheclientsareidle, nor
doweneedto handlethecomplexity of performingloadbalancingbetweenthem,or betweenthearrayandtheclients.

3 Estimating the upsideof exclusivecaching

In thissectionweexaminethepossibleupsideof exclusivecaching,in orderto answerthequestion“is theideaworth
pursuingatall?”

For simplicity, we �rst considerasingle-clientsystemin whichtheclientandthearrayhavethesamesizecaches,
andusethesame(LRU) replacementpolicy. For a perfectlyinclusive arraycache,all readrequeststhatmissin the
client will alsomissin thearray, whereasanexclusivecachingschemewill turn someof thoseclient missesinto hits
in the arraycache.Thus,assumingthat we do not changethe client replacementpolicy to achieve exclusivity, any
increasein theaggregatehit fraction(thefractionof requeststhathit in eithertheclient or array)is dueto hits in the
array.

We canusetheLRU stackdepthgraphfor a particularworkloadto determinethefractionof requeststhatwill hit
in theclient andin an exclusive array. Then,the following expressiongivesus anestimateof the meanlatency for
inclusiveandexclusivesystems:

Tmean = (hit c + hit a + hit d) � Tc + Ta � (hit a + hit d) + Td � hit d (1)

Tc is client latency, Ta is thearray-to-clientlatency, Td is thedisk-to-arraylatency, andhit c, hit a , andhit d arethe
hit fractionsin theclient,array, anddisk.

We considerfour typesof workloadfor oursingle-clientsystembelow:

� Randomworkloads: Theclient readsfrom a workingsetof N r and blockswith auniformprobabilityof reading
eachblock, which is behavior typical of transaction-processingbenchmarkssuchasTPC-C[27]. Thereis a
linear relationshipbetweentheaggregatecachesizeandthecumulative hit fraction for suchworkloads;thus,
doublingthecachesize(by switchingfrom inclusive to exclusivecaching)doublesthehit fraction,asshown in
Figure1.
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Figure3: LRU stackdepthgraphfor a tracedworkload.
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Figure4: Predictedhit fractionvs. cachesize. For each
bar, the client andarrayhave equalcachesizes,andthe
vertical numbersare the percentreductionsin the miss
ratefrom usinganexclusivepolicy.

� Sequentialworkloads: Theclient requestsa sequenceof N seq blocksrepeatedly. Suchworkloadsbene�t from
anexclusivepolicy only if thesequencewouldnot �t in theclientalone,but would �t in theaggregatecache.

� Zipf-like workloads: Theclient readsfrom a workingsetof N Z ipf blocks,wheretheprobabilityof readingthe
i th block is proportionalto 1=i, yieldinga Zipf-lik edistribution [37].

Whentheclient cacheis not largeenoughto capturethemostfrequently-readblocks,anexclusive policy can
providea signi�cant improvementin theaggregatehit fraction(marker 1 in Figure2). As theclient cachesize
increasesto covermoreof theworkingset,thebene�t of anexclusivepolicy dwindles(marker2).

� Tracedworkloads: Theclient replaysa1-week(May 30– June5 1992)readrequesttracefrom snake , asmall
HP-UX �le server systemwith approximately4 MB of cache[22] andan8 KB block size. We generatedthe
LRU stackdepthgraphby �rst warmingup an in�nite cachewith the May 23 – May 29 weekof tracedata,
andthencollectingstatisticson the following week's trace. The resultsareshown in Figure3. We truncated
the stackdepthat 128 MB, given the relatively small cacheanddisk sizesof the original systemby today's
standards.

To estimatethe bene�t of an exclusive policy, we usedFigure3 to computethehit fraction for variouscache
sizes.We thensummarizedtheresultsin Figure4.

Figure4 shows thatif theoriginal 4 MB client cachehadbeenconnectedto anarraywith a cacheof thesame
size,it wouldhaveobtaineda9% hit fractionwith anexclusivepolicy. As expected,thebene�tsof theexclusive
cachingpolicy decreasesastheclient sizeincreases,asit did for theZipf workload.

From the above analysis,we concludedthat therewasindeedmerit in pursuinga moredetailedstudyacrossa
wider rangeof workloads,andtheremainderof thispaperreportsonour resultsfrom doingjust that.

4 Experiments

We dividedourexperimentalevaluationof exclusivecachinginto thefollowing phases:

1. Basic evaluation: we con�rmed the basiceffectivenessof the DEMOTE operation,by performinga detailed
performancesimulationof its behavior with theworkloadsdescribedabove.

2. Sensitivity analysis: we investigatedtheeffectsof reducingtheavailablenetwork bandwidthto determinethe
point at which theoverheadof performingthe DEMOTE operation(primarily dueto increasednetwork traf�c)
outweighsthebene�tsof increasingthecacheexclusivity.
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Protocol Notes

LRU - LRU - none Baselineprotocol
LRU - MRU - none
MRU - LRU - none
MRU - MRU - none
LRU - LRU - demote
LRU - MRU - demote Proposedprototype
MRU - LRU - demote
MRU - MRU - demote

Figure5: Theexploreddesigns.
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(Baseline + demotion)
LRU-LRU-demoteLRU-LRU-none

(Baseline)

Demote

(Baseline + demotion)
LRU-LRU-demote

Disk read

Figure6: Promotionsanddemotionsin threepotentialde-
signs. The top box shows the client replacementqueue,
while thebottomoneshows thearrayqueue.Thearrows
in theboxespointto the“ejectmenext” endof thequeue.

3. Multiple-client evaluation: we repeatedour analysison multiple-clienttracedworkloads,andagainvalidated
ourpredictivemodels,andshowedthatreductionsin latency areavailablein realmulti-clientsystems.

Sincethe primary purposeof the demotionprotocolsis to improve the readrequestresponsetime, ratherthan
merelyto increasethecachehit fractions,wereporton themeanlatency perrequestaswell asthehit fractionsateach
clientandthearray.

4.1 The designspace

The basicdesignchoicewe exploredwasbetweensystemsthat did demotionsandthosethat did not. In addition,
giventheexisting dataon the inappropriatenessof LRU replacementpoliciesfor certainworkloads,we decidedthat
we wouldexplorethecross-productof LRU andMRU replacementpoliciesat theclient andtheserver. Our baseline
protocolemployedLRU at both theclient andarraywith no demotions,a setupthat is typical of severaldistributed
�le systems[10]. Our proposedprotocol,which supportedblock demotion,employedLRU at theclient andMRU at
thearray.

Thecachereplacementpoliciesandthechoiceonwhetherto demoteblocksgaveuseightpossibledesigns.In fol-
lowing sections,wereferto eachdesignby its clientandarrayreplacementpolicies,andby whetheror notdemotions
areoccurring. Thus,the baselineis alsoreferredto asLRU-LRU-none,andthe proposedprotocolasLRU-MRU-
demote.We summarizethedesignsin Figure5.

Thearrayalwaysstoresdemotedblockssuchthatit will ejectthemin LRU orderif it receivesno furtherrequests
for them,which affectshow theblocksareaddedto the replacementqueue.Figure6 shows this for threecommon
cases.An arrayemploying an LRU replacementpolicy addsdisk-readblocksanddemotedblocksto the “eject me
last” endof its queue,while anarrayemploying anMRU replacementpolicy addsdisk-readblocksto the“eject me
next” end,but addsdemotedblocksto the“eject melast” end. We thereforeexpecttheLRU-MRU-demoteprotocol
to causetheaggregatecacheto behaveasa uni�ed LRU cache.

We notethatwhenanarraywith anLRU policy receivesa requestfor a block, it retainsthatblock for at leastN a

moreblockadditionsto thereplacementqueue,sinceit will move the�rst block to themost-recentlyusedendof the
queue.In contrast,anarraywith anMRU policy ejectsthe �rst block on the next addition. In eithercasethat �rst
block is double-cachedat thearrayandtheclient level for at leastonerequest.We will returnto thesedetailslater.

Figure6 omitsdesignsin whichthearrayaddsdemotedblockssuchthatit will ejectthemin MRU order. For them,
theclientwouldhavebeenbetteroff discardingtheminsteadof demotingthem,becausethatis thenext thingthearray
will doanyway. Suchdesignsarefully inclusive,andsoall requeststhatmissin theclientwill alsomissin thearray.
We con�rmed by experimentthatthesepoliciesperformedpoorlyacrossall thesyntheticworkloadsdescribedbelow,
anddonotconsiderthemfurther.

4.2 Evaluation envir onment

For the �rst evaluationof our prototypeprotocols,we usedthe Pantheonsimulator[33], which includescalibrated
disk models[23]. This simulatorwasusedsuccessfullyin designstudiesof the AutoRAID array[34], so we have

5



T
d

T
c

T
a

cClient Cache, Nblocks

blocksArray Cache, Na

Figure7: Evaluationsystemsetup.

con�dencein its predictivepowers.
We con�gured thesimulatorto modela simpleRAID5 four-disk array(� ve-diskfor thetracedworkloadexperi-

ments),connectedto a singleclientovera 1 Gbit/sFibreChannellink, asshown in Figure7. For 4 KB readrequests,
wesetTc = 0, Ta = 0:2 ms(whichincludesboththearraycontrollerandFibreChannelnetwork costs),andobserved
thediskmodelsin thesimulatorasgiving anaverageTd � 10ms.

ThePantheoncachemodelsareextremelydetailed,keepingtrackof disk I/O operationsin disk-sector-sizedunits.
This requireslargeamountsof memory, andmeantthatwe hadto restrictboththeclient andarraycachesto 64 MB
each.For ablocksizeof 4 KB, thisgivesusthenumberof blockstheclientandarraycanholdasN c = Na = 16384
blocks.

4.3 Evaluation workloads

Thefollowing syntheticandtracedworkloadswereusedin evaluationandsensitivity experiments,andwerechosen
to show themaximalbene�t availablefrom exclusive caching.In eachcase,we constructedtheworkloadsto allow
onereadrequestto �nish beforethenext began.

4.4 The RANDOM workload

We setN r and for therandomworkloadin Section3 equalto thecombinedsizeof theclientandarraycaches,sowith
Nc = Na = 16384blocks,N r and = 32768blocks.We issuedN r and one-blockreadrequeststo warmup thesystem,
followedby 10� N r and one-blockrequests.

Weexpectedthathalf of thereadrequestsfor thisworkloadwouldhit in theclient,soprotocolsthatmaximizedthe
numberof remainingrequeststhathit in thearraywouldperformthebest.Theresultsin Figures8 and9 validatethis
expectation—weseethatthebest-performingprotocols,LRU-MRU-demoteandMRU-MRU-demote,havethehighest
arrayhit countsandthelowestmeanlatencies.Thatbothof theseprotocolsshoulddo well is unsurprising,sincefor
randomworkloadsthechoiceof client replacementpolicy matterslessthanensuringthatblocksarenotduplicatedin
thesystem.This fact is re�ected in thelatency reductions:for example,theLRU-MRU-demoteproposedprotocolis
7:5� fasterthanthebaselinecase.

Figure10comparesthecumulativelatenciesof thebaselineandproposedprotocol.For theproposedprotocol,the
jump in thecumulative requestfractionat 0.4mscorrespondsto a combinedhit in thearraycacheplusthecostof a
demotion.In contrast,thebaselineprotocolgetsfewerarrayhits (asseenin Figure8), andits curvehasasigni�cantly
smallerjumpat0.2ms,which is thearraycachehit timewithoutdemotions.

Althoughwe might expectLRU-LRU-demoteto transformtheaggregatecacheinto a uni�ed LRU cache,anddo
aswell asLRU-MRU-demoteor MRU-MRU-demote,it will in factalwaysbemoreinclusive. As notedabove, the
mostrecentlydemand-readblock is double-cacheduntil it getsejected;with LRU-LRU-demote,the block remains
double-cacheduntil theclient demotesit or thearrayejectsit. With a randomworkloadwhoseworking setis twice
thesizeof theclientor arraycaches,thisonaverageoccursonly aftermin(N c; Na)=2 requestsmiss,in contrastto the
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Figure 10: Cumulative latenciesfor
RANDOM with baselineandproposed
protocols.
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Figure 12: Mean latenciesfor SE-
QUENTIAL (variancesin the means
arebelow 1%).

Cumulative read latency - SEQUENTIAL

0.1 1 10

Read latency (ms)

0.0

0.2

0.4

0.6

0.8

1.0

C
um

ul
at

iv
e 

re
qu

es
t f

ra
ct

io
n

Baseline
Proposed

Figure 13: Cumulative latenciesfor
SEQUENTIAL with baselineandpro-
posedprotocols.

singlemissrequiredby LRU-MRU-demote.Theeffect is to partially pollutethearraycachewith blocksthatshould
otherwisebeevicted.

4.5 The SEQUENTIAL workload

We setNseq for thesequentialworkloadin Section3 sothat theworking setfully occupiestheaggregatecaches,so
for Nc = Na = 16384blocks,Nseq = 32767.As mentionedin Section4.1,weneededto allow for themostrecently
referencedblockbeingdouble-cached,henceN seq 6= Nc + Na blocks.

To assistin analyzingthe caches'behavior, we de�ne S0 to containthe �rst half of the blocksin the sequence,
andS1 to containthesecondhalf. As for RANDOM, we issuedN seq one-blockreadrequeststo warmup thesystem,
followedby 10� Nseq one-blockrequests.

Figures11,12and13show thehit fractions,resultingmeanlatencies,andcumulativedistributionsof latenciesfor
SEQUENTIAL.

Thebehavior of thesystemwith SEQUENTIAL is signi�cantly differentfrom RANDOM or ZIPF. This is because
theclient cando bestby employing anMRU policy: recently-consumedblockswill beusedfurthestin thefuture,so
usinganLRU policy is counter-productive.Thisis awell-knownresultfor sequentialworkloads[14], andis con�rmed
by themeanlatency resultsin Figure12.

In contrastto thepreviousworkload,LRU-MRU-demotedeliverspoorperformancecomparedto someof theother
prototypes.It keepseverythingcachedin theaggregatecache,but all of its hitsarein thearray(Figure11),causingit
to loseout to MRU-LRU-demote,whichhits in theclient for half of thesequentialrequestcycle.

Again,LRU-LRU-demotedoesnotmaintaina uni�ed LRU, asthefollowing examplebelow shows. Not only are
we alwaysmissingthenext block in therequestsequence,but we alsoneedto performa full transferof thedemoted
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Figure 16: Cumulative latenciesfor
ZIPF with baselineandproposedpro-
tocols.

block. Considera systemwheretheclientandarraycaneachhold threeblocks,andthesequentialworkloadconsists
of the� veblocksA–E. Thenext block to ejectis at theleft of thequeuesshown.

Cache Start Next Final

Client C D E D E - D E A
Array D B E B E C E C A

We begin with thecachesafteraninitial warm-upsequence(stateStart), andwith A asthenext block to read.To
makeroom,theclientdemotestheLRU blockC,andthearrayputsit at thelongest-livedendof its replacementqueue
(stateNext). ThearraythenejectsblockB to makewayfor A (stateFinal)—but mustthenretrieveB from diskonthe
next request.

Thebestdesignis MRU-LRU-none.Thisis becauseafterasinglewarm-upsetof N seq requests,theclientcontains
theNseq/2 leastrecentlyrequestedblocks(theblocksin S0), andthearraycontainstheNseq/2 mostrecentlyrequested
(S1). Thus,of thenext Nseq requests,the �rst Nseq/2 hit in theclient, andthesecondNseq/2 hit in thearray. Since
theMRU clientejectsoneS0 block to makeway for blocksreadfrom S1, wego to diskonceperNseq requests.

MRU-MRU-demoteexhibitssimilarbehavior, but it incurstheadditionaloverheadof demotingblocksto thearray.
Here,blocksreadfrom S1 areimmediatelydemotedonthenext request;sincethesedemotedblocksarealreadyin the
array, thearrayonly reordersits replacementqueueinsteadof transferringtheblock.

4.6 The ZIPF workload

We setNZ ipf for theZipf-lik e workloadin Section3 to beoneanda half timestheblock capacityof theaggregate
cache,which for Nc = Na = 16384is 49152blocks. We thensubdividedtheblocksinto threeregions: Z 0 for the
mostactiveblocks,Z1 for thenext-mostactiveblocks,andZ2 for theleastactiveblocks.For ourvalueof NZ ipf , we
seethatZ0, Z1, andZ2 will eachhave 1

3 NZ ipf blocks.Thecorrespondingprobabilitiesof selectingablockfrom each
setwill be90%, 6%, and4%.

With this sizeandsubdivision,we expectaninclusive policy on averageto double-cacheblocksfrom Z 0 thatthe
client shouldalreadyhold, while anexclusive policy shouldcacheblocksfrom Z 1. In bothcases,neithertheclient
nor the arraywill cacheblocksfrom Z2. We issuedNZ ipf one-blockrequeststo warmup thesystem,followedby
10� NZ ipf one-blockrequests.

At �rst sight,this distributionmightseemtoo skewedtowardscacheabledata:shouldn't theamountof cacheable
databeabout10% of thewhole? Theansweris that in many environmentswherecachingis usedtheaccessskews
aresuchthatdiskarraycachesachieveabout80% hit fractions.This is only possibleif theactiveworkingsetis much
smallerthanthewhole—anobservationborneoutby analysisof realtraces[21].

Figures14,15and16show thehit fractions,resultingmeanlatencies,andcumulativedistributionsof latenciesfor
theZIPF.

Thebestperformancehereis obtainedfrom LRU-MRU-demote.As expected,it transformstheaggregatecache
into a uni�ed LRU cache,whichcachesblocksfrom Z0 andZ1 in preferenceto onesfrom Z2.
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Figure18: Mean latenciesfor TRACE (variancesin the
meansarebelow 1%).

Workload Base Proposed Speedup
RANDOM 4.77ms 0.64ms 7.5�
SEQ. (LRU client) 1.67ms 0.48ms 3.5�
SEQ. (MRU client) 0.12ms 0.13ms 0.9�
ZIPF 1.41ms 0.85ms 1.7�
TRACE 5.92ms 5.59ms 1.06�

Table2: Summaryof thesyntheticworkloadresults. It shows meanlatencies,togetherwith the ratio of baselineto
proposedprotocol latencies.The “ SEQ. (MRU client)” line shows the resultsof the MRU-LRU-noneandMRU-
MRU-demoteprotocols.

Thecumulativelatency graphin Figure16showssimilarcharacteristicsasFigure10did for RANDOM. Thecurve
for theproposedprotocolhasa jump at 0.4msnot seenin thebaselinecurve,sincetheprototypeachievesmorehits
in thearray.

As with RANDOM, LRU-LRU-demotealsotransformsthe aggregatecacheinto a uni�ed LRU cache,but hasa
slightly highermeanlatency andlowerarrayhit countbecausethearraytakeslongerto discarddoubly-cachedblocks.
Themeanlatency for LRU-LRU-demoteis 1.19ms,comparedtoameanlatency of 0.85msfor theproposedprototype.

4.7 The TRACE workload

We usethe tracedworkloadasdescribedin Section3. Unlike the systemusedto evaluatethe syntheticworkload
behavior, wesettheclientandarraycachesizeto 4 MB, sothatwecouldmeasurethebene�tsof exclusivecachingto
theoriginal tracedsystem.

Figures17 and18 show the hit fractionsandmeanlatenciesfor TRACE. We allowed eachreadrequestto run
to completionbeforethe next was issued,andcomparedthe performanceof the baselineprotocol to the proposed
protocol.

The resultsseenherecon�rm the estimateswe madein Section3. The proposedprotocolachievesa 7:3% hit
fraction in the arraycache(comparedwith lessthan1% before),andcorresponding1:06� reductionin the mean
latency.

4.8 Evaluation summary

Table2showstheresultssofar. Theexclusivecachingmodelshowsconsiderablepromise,exceptfor purelysequential
workloadswhereanMRU clientoutperformseverythingelse.
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Figure19: Latency vs. bandwidthfor RANDOM andZIPF

5 Sensitivity analysis

In this section,we explore the effect of relaxingthe assumptionof a low latency, high bandwidthlink betweenthe
arrayandtheclient,by varyingthebandwidthsettingin oursimulatorfrom 1 Gbit/sdown to 10Mbit/s. Theproposed
protocolreliesona low-latency link to makethearraycacheperformlikea low-access-penaltyextensionof theclient
cache.We would expectthebene�t of cachehits in thearrayto decreaseastheclient-arrayaccesslatency increases.
Demotionswill take longer—possiblyto thepointwherethey areno longerworthperforming.

Our experimentsfor RANDOM veri�ed our expectations.We seein Figure19 thatat low bandwidth,thebaseline
protocoloutperformsthe onethat doesdemotions.With evena small increasein bandwidth,the exclusive-caching
protocolwinsout. Theresultsfor ZIPF aresimilar to thosefor RANDOM, exceptthatthegapbetweenthebaselineand
prototypecurvesfor high-bandwidthnetworksis smallersincetheincreasein cachehit fractionsis smaller.

6 Multiple-client systems

Multiple-client systemsintroducea new variable:thefractionof requeststhataresharedacrosstheclients. Because
wedonotattemptto maintainafull mapof thememoriesin theclients,ourapproachcanresultin blocksbeingcached
in multiple clients. This is a resultof our deliberatefocuson a muchsimplermechanismthanglobal management
systemssuchasGMS[8, 31].

To assistwith reasoningaboutthe effectsof cachingbehavior in multi-client systems,considertwo boundary
cases:

� Fully disjointrequests: Theclientseachissuereadrequestsfor non-overlappingportionsof theaggregatework-
ing set.Therequestswill appearto thearrayasif they wereissuedby asingleclientwith acacheaslargeasthe
sumof theindividualcaches.

Wecanpredictthebene�t of exclusivecachingfrom theLRU stackdepthgraphfor thearray, whichwegenerate
by treatingall of the readrequestsasif the singleclient hadissuedthem. The analysisthenproceedsasfor
single-clientsystemsin Section3.

� Fully conjoint requests: The clientsrun in lock-step,issuingthe samereadrequestsin the sameorderat the
sametime. If we designateoneof theclientsasthe leader, we observe thatall requeststhathit in the leader's
cachewill alsohit in theothers.So,to estimatetheresultingbehavior for theleader, weusetheLRU stackdepth
graphto estimatethehit fractionsfor inclusive andexclusivesystemsasfor single-clientsystemsin Section3.
Themeanlatency for theleaderis thengivenby thefollowing (usingEquation1, andsimplifying by assuming
Tc � 0):

Tmean � l = Ta � (hit a + hit d) + Td � hit d (2)
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For thefollowers,we observe thatall of theleader's requeststhatmissin thearraywill becomeanarraycache
hit for thefollowers,sincethey will all endup pipelinedjust at theendof theleader's successfulrequeststhat
bringblocksinto thearray'scache.So,for them:

Tmean � f = Ta � (1 � hit c) (3)

For Cn clients,themeanlatency is thenTmean = (Tmean � l + (Cn � 1) � Tmean � f )=Cn . Theonly wrinkle here
is thatfor exclusive protocolsthefollowerswill wastetime trying to demoteblocksthattheleaderhasalready
demoted.

For themultiple-clientexperiments,werequireda simulatorthatwascapableof modellinggigabyte-sizedcaches,
whichwasbeyondPantheon'sabilitieson theworkstationswewereusingto run it. To handlethis,weuseda simpler
simulatorcalledfscachesim thatonly trackedthecontentsof theclientsandarraycaches,withoutperformingthe
detailednetwork anddisklatency measurementsthatPantheonprovided.To verify theaccuracy of fscachesim , we
rantheTRACE workloadthroughasimulatedsingle-clientsystemandcheckthatits hit-fractionresultsmatchedthose
from Pantheon.

To estimatethemeanlatency from hit fractionsfor themultiple-clientexperiments,weusedthelatenciesfrom the
Pantheonmodels,substitutedthemin to Equation1, andthenusedthesevaluesin fscachesim :

Tmean = 0:2 � (hit d + hit a) + 10� hit d (4)

Equation4 doesnot accountfor theaddedcostsof maintainingexclusivity by demotingblocks. To approximate
thiscase,weassumedthatademotionroughlydoubledthecostof arequestthathit in thearraycache,andsoEquation
1 becomes:

Tmean = 0:4 � (hit d + hit a) + 10� hit d (5)

For ourexperiments,weselectedtwo non-scienti�cworkloadsusedin astudyof I/O requirementsfor applications
onparallelmachines[29]. Ourpreliminaryresults,presentedbelow, show thatmultiple-clientsystemscanalsobene�t
from exclusivecachingprotocols.

6.1 The DB2 workload

Thisworkloadwasgeneratedby anIBM DB2 databaseapplicationperformingjoin, setandaggregationoperationson
a5.2GB dataset.Thisworkloaddemonstratesthedisjointworkloadbehavior. TheLRU stackgraphsfor theindividual
nodesshow mainly sequentialbehavior, while theaggregatedstack-depthgraphfor all theworkloadstogetherlooks
morelike a randomloadaftera portionwherethehit fraction is closeto zero(from 0 to 1.6 GB stackdepth): there
is a roughlylinearincreasein hit fractionwith stackdepth.This is a classicexampleof a tracefor which cachingis
essentiallyuseless:evenwhenthestackdepthreachesthefull sizeof theon-diskworkingset,nearlyhalf theaccesses
aremisses.1

Our resultsin Figure21 show promise: for a systemof eight 256 MB clientsanda 2 GB array, we obtainan
averageimprovementin meanlatency of 1:3� .

6.2 The HTTPD workload

Thisworkloadis generatedby a parallelweb-serverserving524MB of datafrom sevennodes.TheLRU stackgraph
for eachnodeandtheaggregategraph(Figure22) show Zipf-lik e distributions. Thereis alsosomesharingbetween
nodes,sowewouldexpecttheresultsto leantowardstheconjointbehavior model.

Again, we seethatexclusive policiesalsobene�t multiple-clientsystemsin Figure23: for a systemof seven64
MB clientsanda 64MB array, weobtainanaverageimprovementin meanlatency of 1:17� .

1Noteto reviewers: this is alsopartly anartifactof thetrace:we used10% of thetraceto warmup thecache,but eventhefull tracewould not
have beenenough.Unfortunately, longertraceswerenot availableto us.Wearecontinuingto look for betterexamples.
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Figure20: LRU stackdepthgraphfor theDB2 workload.
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Figure21: Fractionof requestsissuedby eachclient that
hit eithertheclient or arraycachefor the DB2 workload.
Thenumberat thetopof eachbarshowsthemeanlatency
aspredictedby Equations4 and5. `Prop' refersto the
proposedprotocol.
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Figure22: LRU stackdepthgraphfor the HTTPD work-
load.
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7 Conclusion

This paperhasexploredsomeof the effects of a very simple,direct approachto making disk array cachesmore
exclusive.Like many simpleideas,it is bothsurprisinglyeffectiveandratherobvious—inretrospect!

We have seenthatexclusivecachingcanprovidesigni�cant bene�tswhenevaluatedagainstsyntheticworkloads.
Weachievedspeedupsof upto 7:5� for randomandsequentialworkloads,andobtaineda1:7� speedupfor aZipf-lik e
workloadfrom a6%increasein thearraycachehit fraction.

Thesebene�tssurvivedseverereductionsin theeffective bandwidthof theinterconnectlink, althoughthey were
eventuallynegatedby thecostof doingdemotions—butonly whenthelink hadbeensloweddown by afactorof about
20, to below 50Mbit/s

With thetracedworkload,theresultsweresomewhatmoremodest:weobservedaspeedupof 1:06� . Asexpected,
thebene�tsof demotionaredependenton theLRU stackbehavior of thetracedworkload.

Exclusivepoliciesmayalsobene�t multiple-clientsystems.In ourinitial experiments,weobtaineda1:3� speedup
for databaseloads,anda1:17� speedupfor HTTPdaemonloads.

Theresultsfor this simpleideaareencouraging:exclusive cachingcanindeedprovide bene�ts to an interesting
rangeof workloads,with remarkablylittle extramechanism—justa DEMOTE operationthatclientscanuseto transfer
theirunwantedblocksto thestoragesystem.
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