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Abstract

Modernhigh-enddisk arraystypically have several gigabytesof cacheRAM. Unfortunately mostarraycachesem-
ploy managemenpoliciesin which the samedatablocksare cachedat boththe client andarraylevels of the cache
hierarchy—thais, they areinclusive As aresult,theaggre@atecachebehaesasif it wasonly asbig asthelargerof
theclientandarraycachesinsteadof aslargeasthe sumof thetwo.

This paperexploresthe potentialbene ts of exclusivecachesjn which datablocksare eitherin the client or array
cachehut neverin both. Exclusvity helpsto createheeffectof asingle,largeuni ed cache We proposeanoperation
calledbemorTE for transferringdataejectedfrom the client cacheto the arraycacheandexploreits effectivenessn
increasingcacheexclusiity usingsimulationstudies.We quantifythe bene ts of DEMOTE, the overheadt adds,and
the effectsof combiningit with differentcachereplacemenpoliciesacrossa variety of workloads.The resultsshav
thatwe canobtainusefulspeedup$or bothsyntheticandreal-life workloads.

IHewlett-PackardLaboratorieswilkes@hpl.hp.com

We thanktheresearchers the StorageSystemdProgramat Hewlett PackardLaboratoriesfor their continuedguidanceandsup-
port of this project, which beganduring a summerinternshipthere. We alsothankthe membersand companieof the Parallel
Data Consortium(including EMC, Hewlett Packard,Hitachi, IBM, Intel, LS| Logic, LucentTechnologiesNetwork Appliance,
PANASAS, Quantum SeagatdechnologySunMicrosystems\eritasSoftware,and3Com)for theirinterestjnsight,andsupport.
The views andconclusionsontainedn this documentarethoseof the authorsandshouldnot be interpretedasrepresentinghe
of cial policies,eitherexpressearimplied, of therespectie centerscompaniesor universities.



Keywords: le cachingdiskarraycaching



1 Intr oduction

In this papemve areconcernedvith evaluatingthe effectivenes®f atechniqudor improving theeffectivenes®f RAM
cachesn storagedevices,suchasdisk arrays.Suchdisk arrayscontaina RAM cachefor severalreasonsfor useasa
speed-matchinguffer betweerthe relatively slow disk drivesandthefastclient interconnectsto addasynchromg in
theform of read-aheadndwrite-behindto clientaccesse@hewrite behinddatais frequentlymirroredin non-\olatile
memoryto survive componenfailure and power outages)andto actasa low-lateng pool of datathatis accessed
multiple timesby its clients.

Read-aheadanbe handledef ciently by buffersthatareonly a few timeslargerthanthetracksizeof the back-
enddisk drivesin thearray andthe spaceneededor write-behindis boundedy the burstinesof the write workload
[22, 28]. Both aretypically tiny comparedo the underlyingdisk capacity As a result,we areconcernederewith
cachingfor re-readsbecausdy farit representthelargestportionof thecache.

The commonrule of thumbis to cacheabout10% of the active storage. Table 1 of representate arraysand
senerssuggestshatthisis aluxury thatis out of reachof eventhe mostaggressie cachecon gurationsif all of the
storeddatais active. Fortunately we generallydo not needso muchcache:a studyof UNIX le systemloads[21]
foundthatthe active working setover a 24 hour periodwasonly 3—®% of the total storageon average andthe 90th
percentilereachecbnly 6—-16% of thetotal. This datais supportecby a morerecentstudy of deployed AutoRAID
systemg32], in whichtheworking setrarely exceededhe spaceavailablefor RAID1 storaggabout10% of thetotal
arraycapacity).

Unfortunately interactionshetweenthe least-recently-usefl. RU) cachereplacemenpolicy typically employed
in boththeclientandthearrayoftencausecachingatthearraylevel to beinclusive meaningthatdatablockswill be
duplicatedcatthetwo levelsof the cachehierarchy Becausef this, readrequestshatmissin theclientwill oftenalso
missin the arrayandincur a disk accesgenalty For example,supposehatwe have a client with 16 GB of cache
connectedo anarraywith 16 GB of cache Next, suppos¢heclienthasaworking setsizeof 32 GB. We mightnavely
expecttheworking setof theclientto t in theaggreateof the clientandarraycachesat steadystate but in general
it will not,dueto thearrayhaving to cachethe blocksthatarealreadyat the client—in otherwords,cachenclusiity.

1.1 Exclusive caching

We evaluateanapproachhatreducegshe amountof inclusive cachingin a client-arraysystem.deally, we would like
to achieve perfectlyexclusivecachesin which datablocksareeitheratthe clientor arraylevel, but notboth.

All readrequestghatmissin the client are sentto the array;the moredisjoint the setof blocksthe arraycache
holdsis from the client, the morelikely it is to have the desiredblock cached.Eventhougha datatransferacross
the clientto arrayinterconnects still neededincreasinghe hit fraction of the arraycacheoffersa big performance
gain becauseeadinga block from a disk is mary ordersof magnitudeslowver thantransferringit from the arrayto
theclient. Thus,reducingthe aggreyatecachemissrate (thefractionof requestshatmissin all cachesyanleadto a
dramaticreductionin the meanrequestateng. We evaluatehow closewe cangetto this desirablestateof affairs,as
well ashow bene cial it is to do so.

High-endstoragesystems
System | MaxarrayRAM | Maxdiskspace
EMC Symmetrix 16GB 9TB
IBM Shark 16GB 11TB
IBM RAMAC 6GB 1.7TB
HP XP256 16GB 9TB
HP XP512 32GB 18TB
High-endprocessingystems
System | MaxarrayRAM | Servertype
HP A-class 4GB ISPsener
HP N-class 32GB Mid-range
IBM NUMA-Q 64GB High-end
SunE5000 14GB Mid-range
SunE10000 64GB High-end

Tablel: Somerepresentatie cacheandsener capacities



To do this, we introducethe DEMOTE operationinto the protocolbetweerthe arrayandits clients. This operates
asfollows: whena clientdecidedo ejecta cleanblock from its cache(usuallyto accommodata READ), it rst usesa
DEMOTE to transferit to thearraycache TheDEMOTE behaesabit like awrite: thearrayputsthedemotedlockinto
its readcachegjectinganotheblockif necessarjo make spaceijt returns‘successimmediatelywithouttransferring
dataif it hasalreadycachedhe demotedblock. But if the arraycannotimmediatelyaccommodatéhe DEMOTE (for
example,if it cannotmake ary freespacedor it), it simply rejectsthe demotionrequestanddoesnothing.In all cases,
theclientthendiscardghe block from its own cache.

To evaluatethe performancef demotion-basegrotocolswe aimto answetthefollowing questions:

Whatincreasén arrayhit fractiondo we obtainby usingDEMOTE?

Doesthe costof demotingblocksexceedthe bene ts obtained?(Suchcostsincludeincreasedtlient to array
network traf c, anddelaysexperiencedy clientrequestghatarewaiting for a demotionto occurbeforethey
canproceed.)

How sensitve aretheresultsto variationsin network bandwidth(the main contributorto demotioncost)?

Do demotiondhelpin a systemwith multiple clients?

Theremaindeof the paperis structuredasfollows. We begin with a surwey of relatedwork in Section2. Section
3 presents discussioron the potentialbene ts of exclusive cachingfor a setof representatie workloads. Section
4 describedhe alternative designsve evaluated andthe experimentaketupused.Sections4.3,5 and6 describehe
resultsof theseevaluations We endwith someobsenationsandconclusiongrom ourwork.

2 Relatedwork

Theliteratureon cachingin storagesystemss veryrich, soonly representatie samplesanbe providedhere.Much
of it concentratesn predictingthe performanceof an existing cachehierarchy[24, 25, 15, 3], describingexisting
systemg16, 11, 28], anddeterminingvhento ush write-backdatato disk[13, 17, 30].

Eventhoughpreviouswork hasquestionedheutility of cacheoutsidetheclientsin distributed le systemg18],
studiesof realworkloadsdemonstratéhatreadcachinghasconsiderablealuein disk arrays,andthata smallamount
of non-wlatile memorygreatlyimproveswrite performancg28].

Choosinghe correctcachereplacemenpolicy in anarraycansigni cantly improve its performancg25, 20, 13].
Somestudiessuggestisingleast-frequently-usg@5, 10| or frequeng-based20] replacemenpoliciesinsteadf LRU
in le seners.Most-recently-use(MRU) [14] or next-blockprediction[19] policiesoftenprovide betterperformance
for sequentialoads. LRU or clocking policies[7] seemto yield acceptableesultsfor databaséoads: for example,
thelBM DB2 databassystem26] implementsanaugmented RU-stylepolicy.

OurDEMOTE operatiorcanbeviewedasavery simpleform of client-controlleccachingpolicy [4]. Thedifference
is thatwe provide no way for the client to controlwhich blocksshouldbereplacedn the array andwe largely trust
theclient's systento bewell-behaed,sinceit is only likely to hurtitselfif it misbehaes.

Recentstudiesof cooperatre World Wide Web cachingprotocold[1, 12, 36] have lookedat policiesbeyondLRU
andMRU. Previously, analysisof webrequestraceq2, 5] shav thattheir distributionsof le popularitytendto follow
Zipf'sLaw [37]. It is possibleghatprotocolsthataretunedfor theseworkloadswill performaswell for the sequential
or randomaccesgpatternfoundin le systemworkloads put acomprehensieevaluationof themis outsidethescope
of this paper

Peerto-peercooperatie cachingstudieshave relevanceto the caseof multiple clientssharinga singlearray In the
“direct client cooperation’model[6], active clientswereallowedto of oad excessblocksontoidle peers.No inter-
client sharingoccurred—this was simply a way to exploit otherwiseunusedmemory Findingthe nodeswith idle
memorywasone of the major designissues.This problemwasfurtheraddresseth the work thatimplementedcand
evaluateda global memorymanagemenprotocolcalledGMS [8, 31], in which cooperatinghodesuseapproximate
knowledgeof the globalmemorystateto make cachingandejectiondecisionghatbene t botha page-aultingclient
andthewholecluster

Perhapsghe closestwork to oursin spirit is a globalmemorymanagemerprotocoldevelopedfor databasenan-
agemensystemg9]. Here thedatabassenerkeepsadirectoryof pagesn theaggrgatecache Thisdirectoryallows
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thesenerto forwarda pagerequesfrom oneclientto anothetthathasthe data,request clientto demoteratherthan
discardthelastin-memorycopy of a page,andpreferentiallydiscardpagegshathave alreadybeensentto a client. In
contrastwe do not trackwhich client haswhatblock, andsowe cannotsupporiclient-to-clienttransfers We simply
take advantageof a high-speedetwork to do a demotion ratherthanaskif it is worthwhile,andwe do not requirea
(potentiallylarge) datastructurein the arrayto keeptrack of whatis where. Thereductionin compleity hasa price:
our solutionis lessableto exploit block sharingbetweertlients.

In our work, we aretacklinga simplerproblem:determiningwvhethera small, simpleextensionto existing cache
managemerprotocolscanachieze worthwhilebene ts. We do not needto determinevhethertheclientsareidle, nor
dowe needto handlethecompleity of performingloadbalancingoetweerthem,or betweerthearrayandtheclients.

3 Estimating the upside of exclusve caching

In this sectionwe examinethe possibleupsideof exclusive cachingjn orderto answetthe questiortis theideaworth
pursuingatall?”

For simplicity, we rst consider single-clientsystemin whichtheclientandthe arrayhave the samesizecaches,
andusethe same(LRU) replacemenpolicy. For a perfectlyinclusive arraycache all readrequestghat missin the
clientwill alsomissin the array whereasanexclusive cachingschemewill turn someof thoseclient missesnto hits
in the array cache. Thus,assuminghat we do not changethe client replacemenpolicy to achieve exclusiity, ary
increasan the aggreyatehit fraction (the fraction of requestghathit in eithertheclientor array)is dueto hitsin the
array

We canusethe LRU stackdepthgraphfor a particularworkloadto determinghefractionof requestshatwill hit
in theclientandin anexclusive array Then,the following expressiongivesus an estimateof the meanlateng for
inclusive andexclusie systems:

T¢ isclientlateng, T, isthearray-to-clientateng, Ty is thedisk-to-arraylateng, andhit ¢, hit 5, andhit 4 arethe
hit fractionsin theclient, array anddisk.
We considerfour typesof workloadfor our single-clientsystembelow:

Randomworkloads Theclientreadsrom aworking setof N, 5ng blockswith a uniform probability of reading
eachblock, which is behaior typical of transaction-processingenchmarksuchas TPC-C[27]. Thereis a
linear relationshipbetweernthe aggrejatecachesizeandthe cumulative hit fraction for suchworkloads;thus,
doublingthe cachesize(by switchingfrom inclusive to exclusive caching)doubleghehit fraction,asshovnin
Figurel.
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Figure3: LRU stackdepthgraphfor atracedworkload. Figure4: Predictedhit fractionvs. cachesize. For each
bar, the client andarray have equalcachesizes,andthe
vertical numbersare the percentreductionsin the miss
ratefrom usinganexclusive policy.

Sequentialvorkloads Theclientrequests sequencef N seq blocksrepeatedly Suchworkloadsbene t from
anexclusive policy only if thesequencavouldnot t in theclientalone,butwould t in theaggreatecache.

Zipf-like workloads Theclientreadsfrom aworking setof Nzi,r  blocks,wherethe probability of readingthe
i™ blockis proportionalto 1=i, yielding a Zipf-lik e distribution [37].

Whenthe client cacheis not large enoughto capturethe mostfrequently-readlocks,an exclusive policy can
provide a signi cant improvementin the aggreatehit fraction(marker 1 in Figure2). As the clientcachesize
increaseso cover moreof theworking set,thebene t of anexclusive policy dwindles(marker 2).

Tracedworkloads Theclientreplaysa 1-week(May 30— June5 1992)readrequestracefrom snake , asmall
HP-UX le senersystemwith approximatelyd MB of cache[22] andan 8 KB block size. We generatedhe
LRU stackdepthgraphby rst warmingup anin nite cachewith the May 23 — May 29 weekof tracedata,
andthencollectingstatisticson the following week's trace. The resultsare shavn in Figure3. We truncated
the stackdepthat 128 MB, giventhe relatively small cacheanddisk sizesof the original systemby today's
standards.

To estimatethe bene t of an exclusive policy, we usedFigure 3 to computethe hit fractionfor variouscache
sizes.We thensummarizedheresultsin Figure4.

Figure4 shaowsthatif the original 4 MB clientcachehadbeenconnectedo anarraywith a cacheof the same
size,it would have obtaineda 9% hit fractionwith anexclusive policy. As expectedthebene tsof theexclusive
cachingpolicy decreaseastheclientsizeincreasesasit did for the Zipf workload.

From the above analysis,we concludedhat therewasindeedmerit in pursuinga more detailedstudy acrossa
wider rangeof workloads andtheremaindeof this papemreportson our resultsfrom doingjust that.

4 Experiments
We divided our experimentakvaluationof exclusive cachinginto thefollowing phases:

1. Basic evaluation: we con rmed the basiceffectivenessof the DEMOTE operation,by performinga detailed
performanceimulationof its behaior with theworkloadsdescribedbove.

2. Sensitvity analysis we investigatedhe effectsof reducingthe availablenetwork bandwidthto determinethe
point at which the overheadof performingthe DEMOTE operation(primarily dueto increasedetwork traf c)
outweighghebene tsof increasinghe cacheexcluskiity.
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3. Multiple-client evaluation: we repeatedur analysison multiple-clienttracedworkloads,andagainvalidated
our predictve models,andshavedthatreductionsn lateng areavailablein realmulti-clientsystems.

Sincethe primary purposeof the demotionprotocolsis to improve the readrequestresponsdime, ratherthan
merelyto increasehecachehit fractions we reportonthe meanlateng perrequestswell asthehit fractionsateach
clientandthearray

4.1 Thedesignspace

The basicdesignchoicewe exploredwas betweensystemahat did demotionsandthosethatdid not. In addition,
giventhe existing dataon the inappropriatenessf LRU replacemenpoliciesfor certainworkloads,we decidedthat
we would explorethe cross-producdf LRU andMRU replacemenpoliciesat the clientandthe sener. Ourbaseline
protocolemployed LRU at boththe client andarraywith no demotionsa setupthatis typical of several distributed
le systemq10]. Ourproposedorotocol,which supportelock demotion.emplo/ed LRU attheclientandMRU at
thearray

Thecachereplacemenpoliciesandthe choiceon whetherto demoteblocksgave useightpossibledesignsin fol-
lowing sectionswe referto eachdesignby its clientandarrayreplacemenpolicies,andby whetheror notdemotions
areoccurring. Thus,the baselineis alsoreferredto as LRU-LRU-none,andthe proposedorotocolas LRU-MRU-
demote We summarizehe designsn Figure5.

Thearrayalwaysstoresdemotedblockssuchthatit will ejectthemin LRU orderif it recevesno furtherrequests
for them,which affectshow the blocksare addedto the replacementjueue.Figure6 shaws this for threecommon
cases.An arrayemploying an LRU replacemenpolicy addsdisk-readblocksanddemotedblocksto the “eject me
last” endof its queuewhile anarrayemploying an MRU replacemenpolicy addsdisk-readblocksto the “eject me
next” end,but addsdemotedblocksto the “eject melast” end. We thereforeexpectthe LRU-MRU-demoteprotocol
to causeheaggreatecacheto behaeasauni ed LRU cache.

We notethatwhenanarraywith anLRU policy recevesarequesfor ablock, it retainsthatblock for atleastN 5
moreblock additionsto the replacemengueue sinceit will move the rst block to the most-recentlyjusedendof the
gueue.In contrast,anarraywith an MRU policy ejectsthe rst block on the next addition. In eithercasethat rst
blockis double-cachedtthearrayandtheclientlevel for atleastonerequestWe will returnto thesedetailslater.

Figure6 omitsdesignsn whichthearrayaddsdemotedlockssuchthatit will ejectthemin MRU order Forthem,
theclientwould have beenbetteroff discardingheminsteacof demotingthem,becaus¢hatis thenext thingthearray
will doaryway. Suchdesignsarefully inclusive,andsoall requestshatmissin theclientwill alsomissin thearray
We con rmed by experimenthatthesepoliciesperformedpoorly acrossll the syntheticworkloadsdescribedelow,
anddo not considetthemfurther.

4.2 Evaluation environment

For the rst evaluationof our prototypeprotocols,we usedthe Pantheornsimulator[33], which includescalibrated
disk models[23]. This simulatorwasusedsuccessfullyin designstudiesof the AutoRAID array[34], sowe have
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con dencein its predictive powers.

We con guredthe simulatorto modela simple RAID5 four-disk array( ve-diskfor the tracedworkloadexperi-
ments),connectedo a singleclientovera 1 Ghit/sFibre Channelink, asshovnin Figure7. For 4 KB readrequests,
wesetT. = 0, T, = 0:2 ms(whichincludesboththearraycontrollerandFibre Channehetwork costs) andobsered
thedisk modelsin the simulatorasgiving anaverageTy 10 ms.

ThePantheorcachemodelsareextremelydetailed keepingtrackof disk I/O operationsn disk-sector-sizednits.
This requireslarge amountsof memory andmeantthatwe hadto restrictboththe clientandarraycacheso 64 MB
each.For ablock sizeof 4 KB, this givesusthe numberof blockstheclientandarraycanholdasN. = N, = 16384
blocks.

4.3 Evaluation workloads

The following syntheticandtracedworkloadswereusedin evaluationandsensitvity experimentsandwerechosen
to shav the maximalbene t availablefrom exclusive caching.In eachcase we constructedhe workloadsto allow
onereadrequesto nish beforethenext began.

4.4 The raNDOM workload

We setN, ang for therandomworkloadin Section3 equalto the combinedsizeof theclientandarraycachessowith
N¢ = N = 16384blocks,N;ang = 32768blocks.We issuedN anq One-blockreadrequestso warmup the system,
followedby 10 N, anq One-blockrequests.

We expectedhathalf of thereadrequestgor thisworkloadwould hit in theclient, soprotocolshatmaximizedhe
numberof remainingrequestshathit in thearraywould performthe best. Theresultsin Figures8 and9 validatethis
expectation—weseethatthebest-performingrotocols | RU-MRU-demoteandMRU-MRU-demotehave thehighest
arrayhit countsandthe lowestmeanlatencies.Thatboth of theseprotocolsshoulddo well is unsurprisingsincefor
randomworkloadsthe choiceof clientreplacemenpolicy matterdessthanensuringhatblocksarenotduplicatedn
thesystem.This factis re ectedin the lateny reductionsfor example the LRU-MRU-demoteproposedrotocolis
7:5 fasterthanthebaselinecase.

Figure10compareshe cumulative latenciesf thebaselineandproposedrotocol.For the proposedrotocol,the
jumpin the cumulatie requesfractionat 0.4 mscorresponds$o a combinedhit in the arraycacheplusthe costof a
demotion.In contrastthe baselingrotocolgetsfewer arrayhits (asseenn Figure8), andits curve hasasigni cantly
smallerjump at0.2ms,whichis thearraycachehit time withoutdemotions.

Althoughwe might expectLRU-LRU-demoteto transformthe aggreyatecacheinto a uni ed LRU cache anddo
aswell asLRU-MRU-demoteor MRU-MRU-demote;t will in factalwaysbe moreinclusive. As notedabove, the
mostrecentlydemand-readlock is double-cachedintil it getsejected;with LRU-LRU-demote the block remains
double-cachedntil the client demotest or the arrayejectsit. With a randomworkloadwhoseworking setis twice
thesizeof theclientor arraycachesthis on averageoccursonly aftermin(N¢; N;)=2 requestsniss,in contrasto the
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singlemissrequiredby LRU-MRU-demote.The effectis to partially pollute the arraycachewith blocksthatshould
otherwisebeevicted.

4.5 The SEQUENTIAL workload

We setNseq for the sequentialvorkloadin Section3 sothattheworking setfully occupieshe aggrgatecachesso
for N¢ = N, = 16384blocks,Nseq = 32767.As mentionedn Sectiord.1,we neededo allow for the mostrecently
referencedlock beingdouble-cachedienceNseq 6 N¢ + N4 blocks.

To assistin analyzingthe caches'behaior, we de ne Sy to containthe rst half of the blocksin the sequence,
and$S; to containthe secondhalf. As for RANDOM, we issuedN sqq One-blockreadrequestdo warmup the system,
followedby 10  Nseq One-blockrequests.

Figuresl1,12and13shav thehit fractions resultingmeanlatenciesandcumulatve distributionsof latenciedor
SEQUENTIAL.

The behaior of the systemwith SEQUENTIAL is signi cantly differentfrom RANDOM or zIPF. Thisis because
theclientcando bestby employing an MRU policy: recently-consumeblockswill beusedfurthestin thefuture,so
usinganLRU policy is countefrproductive. Thisis awell-known resultfor sequentialvorkloadg14], andis con rmed
by themeanlateng resultsin Figure12.

In contrasto the previousworkload,LRU-MRU-demotedeliverspoorperformanceomparedo someof theother
prototypeslit keepseverythingcachedn theaggreatecacheput all of its hits arein thearray(Figure11), causingt
to loseoutto MRU-LRU-demotewhich hitsin theclientfor half of thesequentiatequestycle.

Again, LRU-LRU-demotedoesnot maintainauni ed LRU, asthefollowing examplebelowv shavs. Not only are
we alwaysmissingthe next blockin therequessequencehut we alsoneedto performafull transferof thedemoted
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block. Considera systemwherethe clientandarraycaneachhold threeblocks,andthe sequentialvorkloadconsists
of the veblocksA—E. Thenext blockto ejectis attheleft of thequeueshavn.

[ Cache [ Start [ Next | Final |

Client | CDE | DE- | DEA
Array | DBE | BEC | ECA

We begin with the cachesafteraninitial warm-upsequencéstateStarf), andwith A asthenext blockto read.To
malke room,theclientdemotesheLRU block C, andthearrayputsit atthelongest-lvedendof its replacemengueue
(stateNext). Thearraythenejectsblock B to make way for A (stateFinal)—but mustthenretrieve B from disk onthe
next request.

Thebestdesigns MRU-LRU-none.Thisis becausafterasinglewarm-upsetof N seq requeststheclientcontains
theNseq/2 leastrecentlyrequestedlocks(theblocksin Sp), andthearraycontaingheN s¢q/2 mostrecentlyrequested
(S1). Thus,of the next Nseq requeststhe rst Nseq/2 hit in the client, andthe secondNseq/2 hit in the array Since
theMRU clientejectsoneSy block to make way for blocksreadfrom Sy, we go to disk onceperNseq requests.

MRU-MRU-demoteexhibits similarbehaior, butit incurstheadditionaloverheadf demotingblocksto thearray
Here,blocksreadfrom S; areimmediatelydemotednthenext requestsincethesedemotedlocksarealreadyin the
array thearrayonly reordersts replacementjueueinsteadof transferringheblock.

4.6 The ziPF workload

We setNz s for the Zipf-lik e workloadin Section3 to be oneanda half timesthe block capacityof the aggrejate
cachewhichfor N¢ = N5 = 16384is 49152blocks. We thensubdvidedthe blocksinto threeregions: Z for the
mostactive blocks,Z ;1 for the next-mostactive blocks,andZ, for theleastactive blocks.For our valueof Nz iy , we
seethatZg, Z1, andZ, will eachhave %Nz ipf blocks.Thecorrespondingrobabilitiesof selectingablock from each
setwill be90% 6%, and4%.

With this sizeandsubdvision, we expectaninclusive policy on averageto double-cachélocksfrom Z o thatthe
client shouldalreadyhold, while an exclusive policy shouldcacheblocksfrom Z ;. In both casesneitherthe client
nor the arraywill cacheblocksfrom Z,. We issuedNz ;s one-blockrequestdo warmup the system followed by
10 Ngzir one-blockrequests.

At rst sight,this distribution might seemtoo skewedtowardscacheablelata: shouldnt the amountof cacheable
databe about10% of thewhole? The answeris thatin mary ervironmentswherecachingis usedthe accesskews
aresuchthatdisk arraycachesachiere about80% hit fractions.This s only possiblef theactive working setis much
smallerthanthe whole—anobsenationborneout by analysisof realtraceq21].

Figuresl4,15and16 shawv thehit fractions resultingmeanlatenciesandcumulatve distributionsof latenciedor
thezIPF.

The bestperformancénereis obtainedfrom LRU-MRU-demote.As expected,it transformghe aggrgatecache
into auni ed LRU cachewhich cacheslocksfrom Zy andZ; in preferencéo onesfrom Z,,.
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Figurel7: Hit fractionsfor TRACE. Figure 18: Meanlatenciesfor TRACE (variancesn the
meansarebelow 1%).

Workload | Base | Proposed| Speedup

RANDOM 477ms | 064ms 75
SEQ. (LRUclient) | 1.67ms | 048ms | 35
SEQ. (MRUclient) | 0.12ms | 0.13ms | 09
ZIPF 141ms | 0.85ms 17
TRACE 592ms | 559ms 1.06

Table2: Summaryof the syntheticworkloadresults. It shovs meanlatenciestogethemwith theratio of baselineto
proposedorotocollatencies. The “sSeqQ. (MRU client)” line shaws the resultsof the MRU-LRU-noneand MRU-
MRU-demoteprotocols.

Thecumulatve lateng graphin Figurel16 shawvs similar characteristicasFigure10did for RANDOM. Thecurve
for the proposedprotocolhasa jump at 0.4 msnot seenin the baselinecurve, sincethe prototypeachiezesmorehits
in thearray

As with RANDOM, LRU-LRU-demotealsotransformsthe aggreyatecacheinto a uni ed LRU cache but hasa
slightly highermeanlateny andlower arrayhit countbecaus¢hearraytakeslongerto discarddoubly-cachedblocks.
Themeanateng for LRU-LRU-demotds 1.19ms,comparedo ameanateng of 0.85msfor theproposedgrototype.

4.7 The TRACE workload

We usethe tracedworkloadasdescribedn Section3. Unlike the systemusedto evaluatethe syntheticworkload
behaior, we settheclientandarraycachesizeto 4 MB, sothatwe couldmeasurehebene tsof exclusive cachingto
theoriginal tracedsystem.

Figures17 and 18 shaw the hit fractionsand meanlatenciesfor TRACE. We allowed eachreadrequestto run
to completionbeforethe next wasissued,and compareahe performanceof the baselineprotocolto the proposed
protocol.

The resultsseenherecon rm the estimatesve madein Section3. The proposedprotocolachiezesa 7:3% hit
fractionin the array cache(comparedwith lessthan 1% before),and correspondindl:06 reductionin the mean
lateng.

4.8 Evaluation summary

Table2 shavstheresultssofar. Theexclusivecachingmodelshavs considerabl@romise exceptfor purelysequential
workloadswhereanMRU client outperformsverythingelse.
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5 Sensitvity analysis

In this section,we explore the effect of relaxingthe assumptiorof a low lateng, high bandwidthlink betweenrthe
arrayandtheclient, by varyingthe bandwidthsettingin our simulatorfrom 1 Ghit/sdown to 10 Mbit/s. The proposed
protocolrelieson alow-lateng link to make thearraycacheperformlik e alow-access-penaligktensionof the client
cache.We would expectthe bene t of cachehits in thearrayto decreasasthe client-arrayaccesdateny increases.
Demotionawill take longer—possiblyto thepointwherethey arenolongerworth performing.

Our experimentfor RANDOM Vveri ed our expectationsWe seein Figure19 thatat low bandwidth the baseline
protocoloutperformsthe onethat doesdemotions.With evena smallincreasan bandwidth,the exclusive-caching
protocolwins out. Theresultsfor ziPF aresimilarto thosefor RANDOM, exceptthatthegapbetweerthebaselineand
prototypecurvesfor high-bandwidtmetworksis smallersincetheincreasen cachehit fractionsis smaller

6 Multiple-client systems

Multiple-client systemsdntroducea new variable:the fraction of requestshataresharedacrosshe clients. Because
we do notattemptto maintainafull mapof thememoriesn theclients,ourapproacttanresultin blocksbeingcached
in multiple clients. This is a resultof our deliberatefocus on a muchsimplermechanisnthanglobal management
systemsuchasGMS |8, 31].

To assistwith reasoningaboutthe effects of cachingbehaior in multi-client systemsconsidertwo boundary
cases:

Fully disjointrequestsTheclientseachissuereadrequest$or non-overlappingportionsof theaggreyatework-
ing set. Therequestsvill appeato thearrayasif they wereissuedby asingleclientwith acacheaslargeasthe
sumof theindividual caches.

We canpredictthebene t of exclusive cachingfrom the LRU stackdepthgraphfor thearray whichwe generate
by treatingall of the readrequestsasif the singleclient hadissuedthem. The analysisthenproceedsasfor
single-clientsystemsn Section3.

Fully conjointrequests The clientsrun in lock-step,issuingthe samereadrequestdn the sameorderat the
sametime. If we designateneof the clientsasthe leader we obsene thatall requestghathit in the leaders
cachewill alsohit in theothers.So,to estimataheresultingbehaior for theleaderwe usethe LRU stackdepth
graphto estimatehe hit fractionsfor inclusive andexclusive systemsasfor single-clientsystemsn Section3.
Themeanlateng for theleaderis thengivenby thefollowing (usingEquationl, andsimplifying by assuming
T 0):

Tmean 1= Ta (hita+ hitg) + Tq hitg 2
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For thefollowers,we obsene thatall of theleaders requestshatmissin thearraywill becomeanarraycache
hit for thefollowers,sincethey will all endup pipelinedjust at the endof the leaders successfutequestghat
bring blocksinto thearray's cache.So,for them:

Tmean f = Ta (1 hitg) 3

For C, clientsthemeanlateng/isthenTmean = (Tmean 17 (Chn 1) Tmean f)=Cn. Theonlywrinkle here
is thatfor exclusive protocolsthefollowerswill wastetime trying to demoteblocksthattheleaderhasalready
demoted.

For the multiple-clientexperimentswe requireda simulatorthatwascapableof modellinggigabyte-sizedaches,
which wasbeyond Pantheors abilitieson the workstationsave wereusingto runit. To handlethis, we useda simpler
simulatorcalledfscachesim thatonly trackedthe contentsof the clientsandarraycacheswithout performingthe
detailednetwork anddisklatengy measurementhatPantheorprovided. To verify theaccurag of fscachesim , we
ranthe TRACE workloadthrougha simulatedsingle-clientsystemandcheckthatits hit-fractionresultsmatchedhose
from Pantheon.

To estimatehe meanlateng from hit fractionsfor the multiple-clientexperimentswe usedthelatenciedrom the
Pantheormodels substitutedhemin to Equationl, andthenusedthesevaluesin fscachesim

Equation4 doesnot accountfor the addedcostsof maintainingexclusivity by demotingblocks. To approximate
thiscasewe assumedhatademotionroughlydoubledthecostof arequesthathit in thearraycacheandsoEquation
1 becomes:

For ourexperimentsyve selectedwo non-scienti cworkloadsusedn astudyof /0 requirement$or applications
onparallelmachine$29]. Ourpreliminaryresults presentedbelow, shav thatmultiple-clientsystemsanalsobene t
from exclusive cachingprotocols.

6.1 The bB2 workload

Thisworkloadwasgeneratetby anIBM DB2 databasepplicationperformingjoin, setandaggreyationoperation®n
a5.2GB datasetThisworkloaddemonstratethedisjointworkloadbehaior. TheLRU stackgraphdor theindividual
nodesshov mainly sequentiabehaior, while the aggreyatedstack-depthgraphfor all the workloadstogethedooks
morelike a randomload aftera portionwherethe hit fractionis closeto zero(from 0 to 1.6 GB stackdepth):there
is aroughlylinearincreasen hit fractionwith stackdepth. Thisis a classicexampleof a tracefor which cachingis
essentiallyuselessevenwhenthe stackdepthreacheshefull sizeof theon-diskworking set,nearlyhalf theaccesses
aremissest

Our resultsin Figure 21 shav promise: for a systemof eight 256 MB clientsanda 2 GB array we obtainan
averagemprovementin meanlateng of 1:3

6.2 TheHTTPD Workload

Thisworkloadis generatedby a parallelweb-serer serving524 MB of datafrom sevennodes.The LRU stackgraph
for eachnodeandthe aggreategraph(Figure22) shav Zipf-lik e distributions. Thereis alsosomesharingbetween
nodessowe would expecttheresultsto leantowardsthe conjointbehaior model.

Again, we seethatexclusive policiesalsobene t multiple-clientsystemsn Figure23: for a systemof seven 64
MB clientsanda 64 MB array we obtainanaverageimprovementin meanlateng of 1:17 .

INoteto reviewers: this is alsopartly anartifact of the trace:we used10% of thetraceto warmup the cache put eventhefull tracewould not
have beenenough.Unfortunatelylongertraceswerenot availableto us. We arecontinuingto look for betterexamples.

11
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Figure20: LRU stackdepthgraphfor thebs2 workload.
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Figure22: LRU stackdepthgraphfor the HTTPD work-
load.
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lateny aspredictedby Equations4 and5. “Prop' refers
to theproposedrotocol.
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7 Conclusion

This paperhasexplored someof the effects of a very simple, direct approachto making disk array cachesmore
exclusie. Like mary simpleideasiit is bothsurprisinglyeffective andratherobvious—inretrospect!

We have seernthatexclusive cachingcanprovide signi cant bene tswhenevaluatedagainssyntheticworkloads.
We achiezedspeedupsfupto 7:5 for randomandsequentialvorkloadsandobtainedal:7 speedugor aZipf-lik e
workloadfrom a 6% increasen thearraycachehit fraction.

Thesebene tssurvived severereductionsn the effective bandwidthof theinterconnectink, althoughthey were
eventuallynegatedby the costof doingdemotions—ht only whenthelink hadbeensloveddown by afactorof about
20,to belov 50 Mbit/s

With thetracedworkload,theresultsveresomavhatmoremodestwe obseredaspeedumpf 1:06 . Asexpected,
thebene tsof demotionaredependentnthe LRU stackbehaior of thetracedworkload.

Exclusivepoliciesmayalsobene t multiple-clientsystemslin ourinitial experimentsyeobtainedal:3 speedup
for databasénpads,anda1:17 speedugor HTTP daemorloads.

The resultsfor this simpleideaare encouragingexclusive cachingcanindeedprovide bene tsto aninteresting
rangeof workloads with remarkablylittle extra mechanism—jush DEMOTE operatiorthatclientscanuseto transfer
their unwantedblocksto the storagesystem.
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