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Enterprise-scale storage systems, which can contain hundreds of host
computers and storage devices and up to tens of thousands of disks
and logical volumes, are difficult to design. The volume of choices
that need to be made is massive, and many choices have unforeseen
interactions. Storage system design is tedious and complicated to dc
by hand, usually leading to solutions that are grossly over-
provisioned, substantially under-performing or, in the worst case,
both.

To solve the configuration nightmare, we present MINERVA: a suite
of tools for designing storage systems automatically. MINERVA uses
declarative specifications of application requirements and device
capabilities; constraint-based formulations of the various sub-
problems; and optimization techniques to explore the search space of
possible solutions.

This paper also explores and evaluates the design decisions that went
into MINERVA, using specialized micro and macro-benchmarks. We
show that MINERVA can successfully handle a workload with
substantial complexity (a decision-support database benchmark).
MINERVA created a 16-disk design in only a few minutes that
achieved the same performance as a 30-disk system manually
designed by human experts. Of equal importance, MINERVA was
able to predict the resulting system’s performance before it was built.
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Abstract

Enterprise-scalstoragesystemswhich cancontainhun-
dredsof host computersand storagedevices and up to
tensof thousandf disksandlogical volumes,are dif-
ficult to design. The volume of choicesthat needto be
madeis massve, and mary choiceshave unforeseern-
teractions.Storagesystemdesignis tediousandcompli-
catedto do by hand,usuallyleadingto solutionsthatare
grosslyover-provisioned,substantiallyunderperforming
or, in theworstcase poth.

To solvetheconfiguratiomightmarewe present IN-
ERVA: asuiteof toolsfor designingstoragesystemsauto-
matically MINERVA useddeclaratve specification®f ap-
plicationrequirementanddevice capabilitiesconstraint-
basedformulationsof the varioussub-problemsandop-
timizationtechniquego explore the searchspaceof pos-
siblesolutions.

This paperalsoexploresandevaluateshe designdeci-
sionsthatwentinto MINERVA, usingspecializednicro-
and macro-benchmarks.We shav that MINERVA can
successfullyhandle a workload with substantialcom-
plexity (a decision-supportiatabaséenchmark). MiN-
ERVA createda 16-diskdesignin only a few minutesthat
achievedthe sameperformancesa 30-disksystemman-
ually designedoy humanexperts. Of equalimportance,
MINERVA wasableto predictthe resultingsystems per
formancebeforeit washuilt.

*Contactauthor gal var ez@pl . hp. com This work wasdone
while all authorswerewaorking for Hewlett-PackardLaboratories,1U-
13,1501PageMill Rd.,PaloAlto, CA 94304,USA

1 Intr oduction

Enterprise-scaleomputelinstallationsareextremelydif-
ficult to designand configure. They cancontaintensto
hundredof hostcomputersgonnectedy a StorageArea
Network (SAN) suchasFibreChanne]2] or GigabitEth-
ernet[1] to tensto hundredsof storagedevices,with up
to tensof thousand®f disksandlogical volumes. Total
capacitiesn thetensof terabytesarebecomingcommon.

Disk arrays[18] usemultiple, independendisks that
storeredundantopiesof the customeinformation,in or-
derto providethelevelsof capacity performanceandre-
liability requiredby mid-rangeand high-endcomputing
systems. Commercialdisk arraysexport LUNS (Logical
UNits), which are setsof disks boundtogetherusing a
layoutsuchasRAID 1/0 or RAID 5, and addressedsa
single entity by client applications. The compleity of
configuringthe storagesystems compoundedésindivid-
ual storagedevicessuchasdisk arraysusuallyhave mary
parametesettingsof their own.

Storagesystemsare traditionally designedby hand,
whichis tedious slow, errorprone,andfrequentlyresults
in solutionsthat performpoorly or are over-provisioned.
Often,theonly certainway of ensuringhatadesigmmeets
its goalsis to build andmeasurét. Besidedromincurring
prohibitive costs this cantake weeksor months.

Our solutionto this problemis MINERVA, a suite of
tools for the automateddesignof large-scalecomputer
storagesystemsBecauséhe solutionspaceds potentially
huge,MINERVA handleghe combinatoriacompleity of



the problemby dividing it into threestagesi(1) choosing
theright setof storagedevicesfor a particularapplication
workload, (2) choosingvaluesfor configurationparame-
tersin thedevices,and(3) mappingthe userdataontothe
devices.Eachof thesds alargecombinatoriaproblemin
its own right. In particular (3) canbeshovn to beatleast
ashardasbin-packingwhichis NP-hard[12]; thisis one
reasonwhy storagesystemdesignis sodifficult.

MINERVA combinesa numberof differentelements:

e Declaratve descriptionsof storageworkloadsand
theirrequirementsThesecanbe suppliedby human
usersgxtractedfrom alibrary of commoncasesand
scaledto the problemat hand,or automaticallyde-
rivedfrom anexisting, runningsystem.

e A constraint-basedepresentatiorof each design
problem and a set of optimization strategies and
heuristicsto searchfor solutions,guidedby predic-
tionsof thelikely effectsof eachchoicemade.

o Fast,validatedanalyticperformancanodelsthates-
timate the effects of the interactionbetweenwork-
loadsand storagedevices. Although thesemodels
arevital to ourwork, andwe spendnuchof ourtime
developingthem,they arenotthefocusof this paper
which is concernedvith how thosemodelsareused
in acompletedesignsystem.

MINERVA takesasinput descriptionof the workloadto
be run on the systembeingdesignedandof the capabil-
ities of availablestoragedevices. Its outputis an assign-
ment a selectionof storagedevices,their configuration,
and a placementof all the piecesof the workload onto
thosestorageadevices.A separatevaluationcomponents
usedto make predictionsof theresultingsystems perfor
mancetherebyreducingthe needto build costly physical
prototypes.

An automatedsystemcan explore the spaceof stor
ageconfigurationsandthe complec interactionsbetween

partsof theworkloadandstoragedevicesmuchmorethor-
oughlythana personcan. Thereforeit cangenerallyfind
abettersolutionto the storagedesignproblem.However,
ahumancanalsotake into accountconsiderationsvhich
are not easily quantified,suchas preferenceor a sym-
metricalsolutionor a particularhardwarevendor Occa-
sionally a humancanusedomain-specifiknowvledgeto
improve uponanautomatedolution. Thus,we do not at-
temptto remove peoplefrom the designloop, but to assist
themby automatingasmuchasis possible andby allow-
ing themto preciselyguantifytheconsequences design
decisions.

Themaincontribtutionsof this paperarein demonstrat-
ing thatthe MINERVA approachis sound,exploring sev-
eral of the designissuesinvolved, and shaving that the
MINERVA-generatedlesignaneettheir requirementand
areasgoodor betterthanhand-generategnes.

The remainderof this paperis organizedas follows.
Section 2 describesthe MINERVA system,including
its role in the storagesystemlifecycle, detaileddescrip-
tions of eachof the systemscomponentsandthe heuris-
tics usedin eachof the optimizationsubproblems.Sec-
tion 3 reportstheresultsof a seriesof experimentswhich
demonstratehat our approachallocatesresourcescor
rectly for a wide rangeof workloads. We surney some
relatedareadn Section4. We concludein Section5 with
somethoughtson whatwe have learnedandon wherewe
intendto proceedwith thiswork.

2 The MINERVA system

MINERVA is our systemfor rapidly designinga storage
systemthat meetsworkload requirementsand hasnear
minimum cost. The two key ideas behind MINERVA
are our use of fastanalyticaldevice modelsto evaluate
proposeddesigns,and heuristicsearchtechniques.The
heuristicsensurethat we do not have to exhaustiely
searchthe (huge)designspace while the modelsallow
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Figurel: MINERVA's role in the storage systemife cy-
cle. MINERVA takes as input workload and device de-
scriptionswhich describethe applicationsrequitements
andthe capabilitiesof availabledevices.Basedon these
it genematesasoutputan assignmendf theworkload.

usto quickly evaluateeachcandidatesolutionchoserby
theheuristics.

2.1 Storagesystemlifecycle

In orderto explain the functionsof MINERVA, it is im-
portantto understandhe overall storagesystemlifecycle
of which it is a majorcomponentasthis determineghe
input andoutputthat the systemmustconsumeandpro-
duce. The systemlifecycle is depictedin Figurel. The
majorinputsto MINERVA areworkloaddescriptionsand
devicedescriptions

A workloaddescriptioncontainanformationaboutthe
datato be storedon the systemand its accesgatterns.
This information can be originatedfrom several differ-

Figure2: Objectsin the MINERVA storage manajement
framavork. Hostsgeneateworkloads which are charac-
terizedasa setof dynamicstreamsaccessingtaticstores
Oneor more storesare mappedo ead LUN.

entsourcesincludingsystemadministratorer from mea-
surementgl/O traces)taken on a running system. Our
workloaddescriptiongontaintwo typesof objects:stores
and streams Storesare logically contiguouschunksof
datasuch as a databasedable or a file system,with a
statedcapacity Eachstoreis accessedby zeroor more
streamsgachstreams a sequencef accesseperformed
on the samestore. Their relationshipsare depictedin
Figure2. Streamspecificationglescribeboth the access
patternandthe performanceequirementsf applications.
Hence,streamscanbe interpretedasa contract:if appli-
cationscomplywith theaccesgatternspecificationge.g.
if they initiate no morethana given numberof accesses
per second)thenthe storagesystemmustsatisfythe as-
sociatedperformanceequirementsTablel describeshe
attributesof a stream.

Device descriptionscontaininformationaboutthe de-
vicesthat MINERVA canusewhendesigningthe storage
system.They containinformationsuchasthenumberand
typesof diskseacharraycansupport,ary constrainton
the LUN configurationsavailable,and performancechar
acteristicsfor eachof the array components Device de-
scriptionscanbe built by usinginformationfrom the de-
vice’s manufcturer(when available), or by runningde-



Attribute Description Units
requestrate meanrateatwhich requestsarrive atthedevice requests/sec
requestsize meanlengthof arequest bytes
runcount meannumberof requestsnadeto contiguousaddresses requests
ontime meandurationof the periodwhena streamis actively generating/Os sec
offtime meandurationof the periodwhena streamis not active sec
overlapfraction| fractionof the“on” periodwhentwo streamsareactive simultaneously;
representsorrelationbetweerstreams none

Tablel: Workloadcharacteristicaisedoy MINERVA.

vice characterizatiotoolson therealdevicesto compute
therelevantattributes.

As output, MINERVA generatesin assignment a set
of deviceschoserfrom theinputdevice descriptionganda
mappingof the storesfrom theworkloaddescriptioronto
thosedevices. Theassignmenshouldbeanearminimum
costconfiguratiorthatsupportgheinputworkloads.

The disk array configurationand binding of storesto

Figure 1 shawvs. The new workloadrequirementganbe
synthesizedrom measurementskenontherunningsys-
tem,andbefed asinputto MINERVA, alongwith the ex-

isting storagesystemdesign. The outputfrom MINERVA

now representshangeso theconfiguratiorof thesystem,
ratherthana completenew design.

2.2 Architectural overview

LUNs is madereal by an effectortool with the assistance rigyre3 shavs the controlflow betweereachof the high-

of the hostlogical volume managertherebyautomating
a particularly errorproneoperationthat is usually done
manually

Thecompleity of theassignmenproblemis extremely
high. Considera workload consistingof m stores. As-
sumingthatthereis only onekind of arrayandwe usen
LUNS, it is easyto seethatthereare2™n™ possiblecon-
figurations sinceeachof the LuNs couldbe configuredas
eitherrAID 1/00r RAID 5, andeachof them storescanbe
assignedo ary of then LUNS. Sinceeachworkloadcould
requireanentireLUN, we may needasmary asm LUNS,
which givesus >+, 2¥k™ = O((2m)™) possiblecon-
figurationsto consider For amodestworkloadconsisting
of 30storesanexhaustve searchwould considerasmary
as3 - 10°2 possibleconfigurationsif evaluatingeachcon-
figurationrequired10us, finding the optimal solutionby
bruteforcewould require10%! years.

No realsystemis static: changesn workloads,device
failures,andacquisitionof new devicesall causesystems
to evolve. MINERVA canbe usedto handlethis, too, as

level componentsnakingup the MINERVA system.The
storagedesignproblemis split into threemain subprob-
lems: arrayallocation,array configuration,and storeas-
signment.The approacthof partitioningthe problemwas
selectedo make the overall searchfeasible, by reducing
the numberof possiblechoices. Eachstepmakes pro-
gressiely morefine-grainediecisionsusingsuccessiely
moredetailedmodels. By relying on the coarse-grained
resultsfrom the previouscomponenteachstages ableto
cutdown its searchspaceto manageabl@roportions.In
addition,step-specifitieuristicscanbeusedto reducethe
solutionspacdurtheragain.

Thegoalof thearrayallocationstepis to selecta setof
configuredarraysthatsatisfytheresourceequirementsf
theworkload. This stepis further dividedinto two com-
ponentsthetagger, which assignsa preferredrAID level
to a partof theworkload,andthe allocator, which deter
mineshow mary arraysareneeded.

Array configurationis handledby the array designer
which configuresa singlearrayat a time. This stageem-
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Figure3: MINERVA contol flow Thearray designeris
calledasa suboutineby theallocator.

bodiesthedevice-specifikknowledgeneededo configure
anindividual arraytype,whereaghe allocatorusesmore
genericdevice models.

Thestoreassignmenproblemis handledby thesolver,
which assignsstoresto LUNS generatedy the arrayde-
signer Sincetheallocatorhasnoinformationaboutwhich
LUN will eventually be usedfor a given store, its per
formancepredictionsare lessaccuratethanthe solver’s,
andit may under or over-provision the devicesit offers
to the solver, resultingin suboptimalsolutions. Over
provisioningresultsin too mary storageresourcedeing
used,while underprovisioningrestrictsthe solverto only
considera subsetof the storesand arrayson eachitera-
tion. To addresghe undekrprovisioningissue,we re-run
theallocatorandsolver on ary unassignedtoresandre-
peatthis loop aslong asthereis forward progress Over-
provisioningis solvedthroughthe introductionof a final
optimizationpass. The optimizerprunesout unusedre-
sourcesandperformsare-assignmerthatattemptgo bal-
ancetheloadacrosgheremainingdevices.

Figure4 depictsthe intermediateresultsgeneratedy
MINERVA onasampleworkload.We shav asimplecase
to clarify therole of eachcomponentinterestingrealistic
workloadshave hundredsor thousandof stores. In the
figure, MINERVA is run on a combinationof storesfrom
two differentapplications.(This distinctionis irrelevant
to our tool, as storesand streamsare uniformly treated
accordingto their specificationsyegardlesf which ap-
plicationthey correspondo.) Thesestoresarepresented
to the tagger which will annotateeachone asrequiring
eitherrAID 1/0 or RAID 5 storage.The allocatorandar-
ray designetthenmake aninitial passat the numberand
type of arraysrequiredto supportthe workload,and al-
locatetwo arrays— oneof which is dedicatedexclusively
to RAID 1/0 storage,the otherwith LUNs of both stor
ageclasses.The solver assignsstoresfrom the original
workload onto the LUNS, producinga workload assign-
mentthat packsthe storageastightly aspossible(mini-
mizing cost), while meetingthe workloadsperformance
requirements. In the example shown, the solver deter
minesthatthe storescanall be pacledontoasinglearray
Theoptimizerexamineghesolverssolution,andremoves
the unnecessaryUNs anddevices, producinga final as-
signment.

Theevaluatoris atool we have developedseparatelyit
canbeusedo verify thecorrectnessf thefinal MINERVA
solution,by applyingthe analyticaldevice models.Since
it runsonly once,it computeanoresophisticategherfor
mancemetricsthanis feasiblein thesolver. Sincewe have
largely keptits developmentseparatdrom the solver, it
alsoprovidesan independentheckon our implementa-
tion of the complex analyticalmodels.It canalsobeused
asa stand-alondool for assessinghe performanceof a
proposedstoragesystemdesign,whetherit is generated
by hand,by MINERVA, or by someothertool.

We will now describeeachof the MINERVA compo-
nentsin moredetail.
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Figure4: MINERVA runningon a samplecombinationof on-line transactionprocessingand decisionsupportwork-
loads. This examplerequiresa singleiteration of the outer loop, as all storesare assignedn the first pass. The
dedicatedrAaID 1/0 array originally configuedby the allocator turns outto be unnecessaryit is deletedin thefinal

optimizationpass.

2.3 Analytical device models

Our optimizationalgorithmsrely on analyticalmodelsto
determineif the proposedsolutionis feasible,i.e. if it
satisfiesall workloadrequirementsinddoesnot overload
ary device.

Eachstreamin theworkloadis modeledasan ON-OFF
Markov-modulatedPoissorprocesf requestsWe take
into accountthe requestate,the requestize,whatfrac-
tion of requestsare readsversuswrites, how sequential
the requestsare, and the correlations(phasing)between
the oN periodsof differentstreams.

The array modelconsistsof a modelof the arraycon-
troller, a model of the bus connectingthe controllerand
the disks, and a model of the disks. Thesesub-models
computetheloadimposedby the workloadon eachcom-
ponentand verify that the maximumutilization of each
is lessthan one. Someof thesesub-modelsare quite

complg, sincethey musttake into accounthe effectsof
caching sequentialityread-aheadhelocationof thedata
accessedelative to the stripe unit andstripeboundaries,
and of requestdrom different streamsthat arrive inter-
leavedin time to thearray

When the inner detailsof a disk array are not avail-
able (for example,whenthereare proprietarydesignde-
tails),we usea“bestguess’generiadisk arraymodelwith
parametershat are measuredr estimated. We alsoal-
low for calibrationfactors, which correcttheperformance
estimateshasedon measurementef micro-benchmarks
running againstthe real device. Our array throughput
modelsarefully describedn [16].

We will use the Hewlett-RPackard SureStoe Model
30/FCHigh Availability (FC-30) disk array[7] asa case
studyto validateour models. Details of this disk array
andof the methodsusedto measurets performanceare



givenin Section3.1; we shav thatthe modelachieresa
maximumerrorof 20%in thethroughputpredictions.

2.4 Thetagger

Thegoalof thetaggetis to choosea storageclassthatwill
supporteachstores accesgatternefficiently; this helps
the allocatorapply device modelsto the workload. The
taggerconsidergwo redundanistorageclassesRAID 5
and RAID 1/0 (striped mirroring) [18]; we have devel-
opedand validatedanalyticalarray performancenodels
for both storageclasses.For simplicity, we usetheterm
RAID 1/0to includethe caseof a 2-diskRAID 1 LUN.

Sinceit doesnot have informationaboutwhich stores
aregoingto endup beingmappedo the sameLuUN, the
taggerhasto rely on (sometimewery) approximatedal-
uesto make decisions.A setof simplerulesis evaluated
for onestoreatatime, in apredeterminedrder(first rule
that fires is the defining one) to determinewhich RAID
level will be mostefficient for the store. For clarity, we
describehe casein which eachstorehasa singlestream;
theextensionto multiple streamss straightforvard, keep-
ing in mind that overlapfractionsareignoredby the tag-
ger. We usesubscriptgo distinguishbetweerthereadand
write valuesof attributes,wheneerappropriate.

Thefirst rulesselectthosestoreswhich arelikely to be
capacity-boundandtagsthemasRrAID 5. Theserules
calculatethe total bandwidthgeneratedy the workload,
perGB of storage:

bw = (requestrate, - requestsize,

+2 - requestrate,, - requestsize,,)/storesize

andtheapproximateseekgersecondper GB of storage

requestrate, 492 requestrate.
runcount runcount

seeks = -
storesize

(wherewe approximatesachclient write asresultingin
two disk-level writes in the array back-end). If both
of thesevaluesare sufficiently small (the exact values
are device-specific)then the store is determinedto be
capacity-boundDevice-specificvaluesareinevitable,for

the capabilitiesof differentarrays(e.g. the maximum
numberof seekghattheir diskscanmake persecondpre
alsodifferent.

If thestoresarenot capacitybound,thefollowing rules
estimatethe averagenumberof I/O operationsper sec-
ond (IOPS)thatwill be generatedy the streamfor each
RAID level beingconsidered:

runsize = runcount - (requestsize, - readfrac
+requestsize, - (1 — readfrac))
trat )
10PS, = requestrate, (runslzze n 1)
runcount susize
requestrate runsize
IOPSR10, = 4 w, ( e L 1)
runcount susize
requestrate
IOPSR5, = [SqUCT8w ks
runcount

wherereadfrac is the fraction of all requeststhat are
readsn thestreamsusize isthesizeof eachstripeunitin

bytes,andndisks is thenumberof disksin the LUN. The
secondermin the secondandthird formulasdenoteghe
averagenumberof stripeunitsinvolvedin processingne
run of client requestsfor RAID 5, we assumehat each
write run involvesall the disksin the LUN. The tagger
thenselectghe RAID level thatwill resultin the smallest
numberof perdisk IOPSasthe storetag. In Figure4, six

storesweretaggedas RAID 1/0, andthe two remaining
onesweretaggedasrAID 5.

2.5 Theallocator and array designer

The goal of the allocatoris to selecta reasonablerather
thanoptimal, setof configuredarraysthat satisfythe re-
sourcerequirementsof the workload. Within the allo-
cator the searchproblemis again partitioned,by using
a hierarchyof threeprogressiely morerefinedsearches,
shavnin Figure5. At the highest(andcoarsest)evel the
allocatorconsidersonly the type and numberof arrays.
The secondlevel of the allocatorexploresthe spaceof
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arrayconfigurationsgivena fixedtypeandnumberof ar

rays.In thelowestlevel, thearraydesignedecidesow to

bestdivide eachsinglearrayinto LUNs of differentsizes
andrAID levelsto supporta subsebf theworkload.

2.5.1 Allocator models

Becausestoreshave not yet beenassignedo LUNS, the
allocatorcan only apply analyticaldevice modelsto the
aggrejateworkload(formedby addingtogethemttributes
for eachstream) partitionedby storageclass.Thealloca-
tor usessimplifiedmodelsthatassumeheworkloadto be
infinitely anduniformly divisible. Becausehesesimpli-
fied modelsignore phasing,the allocatorcan overprovi-
sion. It may alsorarely underpraision, sincein practice
theworkloadis dividedinto finite-sizepieces.

To handlestoresand streamswith large resourcere-

dividesstoresinto shaids (piecesof stores)and streams
into rills (piecesof streams).The size of the shardsand
rills is selectedsuchthattheir resourceequirementgan
be met by a single LUN of the target disk array The
currentMINERVA implementatiorof therillifier divides
storeswith capacitygreatethan2 GB into smallershards.
We chosethe 2 GB thresholdso thatall shardswvould fit
comfortablyinto LUNS built from the 4 GB disksin the
FC-30array Only oneof ourinput workloadshada sin-
gle streamwith arequestatelarge enoughto exceedthe
bandwidthand phasedutilization constraintof an entire
FC-30array sowe split it manuallyinto two shardsand
tworrills.

2.5.2 Allocator search

At the highestlevel of the search,the allocatorusesa
branch-and-bounstrateyy to choosehow mary instances
of eachtype of arrayto provision. The lower boundre-
flectsthe aggreyatecapacityandbandwidthrequirements
of theworkload,andtheresourcesvailableon the candi-
datearray Thealgorithmsearche# orderof increasing
cost, terminatingat the first configurationthat supports
theaggreyateworkload. For example,if theworkloadre-
quires300 GB of usableraID 1/0 capacity five FC-30
arrayseachfilled with thirty 4 GB disks would suffice.
In eachstepin the branch-and-boundearchthe alloca-
tor considersthe configurationwith the lowest cost. If
the allocatorcanconfigurethe arraysrepresentedy this
nodeto supportthe workload, the algorithmis complete.
Otherwiseanew candidatas addedto the populationby
simply incrementinghe numberof arrays.The searchis
boundedy thetrivial upperboundthatthe numberof ar-
raysshouldbe no greatetthanthe numberof stores.

The secondlevel of searchingtestswhethern arrays
cansupportthe workloadby searchinghe spaceof pos-
sible configurationdfor n arraysof the giventype asil-
lustratedin Figure5. It beginsby generatingarray con-

guirements MINERVA usesa rillifier that automatically figurationsthat are mixed, i.e. eacharray containsboth



RAID 1/0 andRAID 5 LUNS. To prunethe searchjt will
usethe sameconfigurationfor every mixed array For
example,if a particulartype of device cansupportboth
RAID 1/0 andRrAID 5 storagethen deviceswill be parti-
tionedinto asetof identicallyconfigureddevicesthatsup-
portsamixtureof thetwo storageclasseslf thoseconfig-
ureddevicesfail to satisfytheworkloadrequirementshe
allocatoriteratively corvertsonearrayto dedicatedcon-
taining only RAID 1/0 or RAID 5 storageclasses)and
testswhetherthe modified set of arrayscan supportthe
workload.Thebrandh andbound—biasledicatedsariant
of the allocatorperformsthis searchin reverseorder, be-
ginningwith all arraysdedicatedand corvertingthemto
mixedoneatatime.

Theallocatorusesthe arraydesigneto “build” thede-
vicesin eachof thesepartitions, determiningthe exact
configurationandparametesettingsfor a particularclass
of arrays.It is possiblethatthe arraydesignemwill fail, in
which casethe allocatorcontinueso searchthe configu-
rationspace.

In theexampleof Figure4, theallocatorgenerate@dnd
configuredtwo arrays: a mixed one, and a RAID 1/0-
dedicatedone. The taggedworkload was bandwidth-
constrainedand the aggreyate models’ calculationsde-
terminedthata secondarraywould be neededo provide
theaggregyatebandwidth.

2.5.3 Thearray designer

At the lowestlevel, the allocatorusesthe array designer
to determingheexactLUN sizesandotherparameteset-
tingsfor asinglearray Thearraydesignerembodieghe
array-specificulesfor creatingL UNs built usingthedisks
availablein the array suchasbalancingLuN placement
acrosshack-endbuseswhile meetingarray-specificon-
straintssuchasthe maximumnumberof disksper LUN
andthe maximumnumberof LUNS perarray

For a dedicatedarray the array designeralways uses
all the disksthe array can hold. It begins with a sim-

ple configuration,dividing the disksinto LUNs of equal
size (exceptfor onefinal LUN, which might be smaller).
For example,if a particulararrayallows LUNs with stripe
widths3, 4, or 9, andthereare30disksavailable thearray
designemwill build a populationof candidateconfigura-
tionswhich hasten 3-disk LUNS, seven4-disk LUNS, and
three9-disk LUNS plusa 3-disk LUN. In additionto these
threesimpleconfigurationsthearraydesigneaddsin one
morecandidateto the populationby generatinga greedy
configurationwhereL UN sizesaredeterminecdy the ca-
pacity and bandwidthrequirement®of the workload. Of

thesefour possibleconfigurationspnly thosethat satisfy
the requirement®f the workloadare consideredurther.

If thereis morethanonepossibleconfigurationthearray
designemwill choosehe configurationwith the mostuni-

form LUN stripe width, becauseauniform LUN sizestend
to allow the solver and optimizerto tightly pack LUNS

ontothearrays.If multiple configurationshave the same
uniformity, the arraydesignemwill selectthe stripewidth

closestto a preferredstripewidth thatis chosernto maxi-

mize performance.

For arrayswith mixed storageclassesthe array de-
signerconsiderghe storageclassesoneat a time. Only
asmary diskswill beboundinto LUNS asareneededor
the workload at hand;this leavesunuseddisksfor other
storageclassesn the samearray A populationof can-
didateconfigurationds thenbuilt by consideringsimple
designswhich satisfy the aggreate capacityand band-
width requirement®f theworkloadandthenprogressing
to morecomple designs.First, a setof simple configu-
rationsof only oneLUN sizeis generatedvhich satisfies
theresourceequirementsTo this setof candidateonfig-
urations,a morecomple setis generatedby considering
configurationsvith LuNs of two or moredifferentstripe
widths.

Thisprocesss repeatedor everystorageclassrequired
for thearray generatinga collectionof candidateconfig-
urationsfor eachclass. A final list of the crossproduct



of eachof thesesetsis createcandpareddown to contain
only the legal combinationsbasedon the array-specific
constraints.As in the dedicatedhrraycase the arrayde-
signerchoseghe configurationwhich hasthe mostuni-
form LUN stripewidths,andin caseof atie the smallest
deviation from the preferredstripewidth.

If thearraydesignefindsthattheworkloadit wasgiven
greatlyunderutilizesa singlearray it will still configure
thatarraywith all disksconfiguredinto LUNS, to enable
the solver to usethe extra capacity The optimizerwill
remove unnecessargesourcesater

Oncethe configurationhasbeenselectedthe final as-
signmenbf targetdisksto LUNsis donein around-robin
fashionacrossdussesandthe completearraydesignis re-
turnedto theallocator It is possiblehatthearraydesigner
will not find ary design. This canoccurin caseswvhere
the allocatorrequestsequirementavhich simply cannot
bemet,or wheretheresourceequirementsirevery high,
sincethe designproceduredoesnot performan exhaus-
tive searclof thespaceof all possibleconfigurationsThe
arraydesignemwill generallyonly fail to generatea con-
figuredarrayin the extremelyrare casewherea feasible
solutionis anarraywith LuNs of morethanfour different
stripewidths per storageclass. In thatcase the allocator
will retry usinga slightly differentconfiguration;in our
experiencethesecondry wasalwayssuccessful.

2.6 The solver

Oncea set of configuredarrayshasbeenselected,the
solver assignsstoresto LUNS. We have traditionally [4]

treatedhisasamultidimensionatonstrainedin-packing
optimizationproblem. The constraintorrespondo the
performancecapabilitiesof the arrays, and the goal is
to producean assignmenthat minimizessomeobjectve
function. We evaluatethe constraintsisinganalyticalde-
vice models testingwhethera givenassignmentansup-
porttherequirementsf thestoresandstreamsFor exam-
ple,thecombinedsizeof all storesassignedo aL UN must

notexceedthecapacityit provides;norcanthephasedti-
lization of aLUN exceed100%. Currentlywe modelfour
constraints:LUN capacity LUN phasedutilization, array
busbandwidth andarraycontrollerutilization. Eachstore
mustbeassignedo a LUN matchingits tag.

In ourexamplein Figure4, thesolverwasableto fit all
storesnto asinglemixedarray Theaggreyatebandwidth
requirementsestimateda priori by the allocatorturned
outto be too pessimistichecausehey ignoredthe effect
of phasingamongstreamgor, equivalently, they assumed
thatevery streamwasoN all thetime).

We haveinvestigatedndextendedseveraloptimization
heuristics.Thefirst solver we considelis simplerandom
It consider$0 randomorderingsof storesandLuNs, and
usesa first-fit strateyy to assignstoresto LUNS, choosing
theassignmenthatminimizesthe objective function.

The remaining two solvers, Toyoda and Toyo-
daV\eighted use best-fit heuristics. We repeatedlycon-
sider all possibleassignmentf unassignedstoresto
LUNS and make the assignmentwhich is the best fit.
Whethera storefits in a LuNis determinedby applying
the constraints. The bestassignments determinedby a
heuristicfunction, calleda gradient which combineghe
objective functionthatuserscareabout(e.g.,systemcost
in the currentMINERVA implementation)ith ameasure
of how economicallythe storeutilizesunusedesources.

The solver Toyoda is our mapping of Toyoda's
method[22] to theassignmenproblem.This solver com-
putesa gradientfor each(store LUN) pair thatsenesas
an estimateof the cost/benefitradeof of assigningthe
storeto theL UN. Figure6 illustratesthisfor two storesjn
a simple2-dimensionakxample. The axeson the graph
correspondo two different resourcessuchas capacity
andphasedutilization. Thevector L indicateshow much
of eachresourcehasalreadybeenusedon this LUN, and
thevectorsS; andS, indicatehow muchof eachresource
would be consumedf storel or store2 wereassignedo
this LUN. For eachcandidatestore,the “penalty” (shovn
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Figure 6: How the Toyoda (left) and ToyodaWeighted
(right) solves selectstores. Each axis correspondgo a
resouceprovidedbytheLuN. ThevectorL describegshe
resoucesthathavealreadybeenused andthevectos S;
and S, describethe resoucesthat would be consumed
by two different storesif they were assignedo the LUN.
The Toyoda algorithm (left) will assignthe store whose
vectorprojectedonto L is shortest—irthis example Sa.
For the ToyodaWeightedalgorithm(right), thevectorL A
describegheresoucesavailableontheLuN, andtheal-
gorithmwill assignthe store whosevector's directionis
closesto thedirectionof L A—inthis example S;.

as P, and P, in thefigure) of assigningthat storeto the
currentLUN is the projectionof the vectorrepresenting
theresourcaisagdor thatstoreontothevectorrepresent-
ing theresourceslreadyconsumedThefinal gradientis

thereforefavors assigningstoresthat use the resources
remainingon the LUN in a balancedway. The Toyo-
daV\eightedsolver alsosupportsarbitraryobjective func-
tions: the final gradientis computedas objectivevalue-
cos(a). FortheMINERVA goalof aminimumcostassign-
ment,we useobjectivevalue= maxlun_cost— lun_cost
wheremaxlun_costis themaximumpossiblecostoverall
LUNSIn thesystenmbeingdesigned.

2.7 The optimizer

OnceMINERVA successfullyproducesa setof arraysthat
supportsthe input workload, we performa final global
optimizationpass. The optimizerfirst re-runsthe solver
againstheentireinputworkloadandthesetof arrayspro-
ducedin themainloop of MINERVA, to seeif thenumber
of arrayscanbereduced.This is clearly the casefor the
examplein Figure4, asthe RAID 1/0-dedicatedarrayis

notneededatall. Thearrayis deletedrom thefinal MIN-

ERVA output.

Once cost has been minimized, MINERVA then
runs the ToyodaVéighted solver to generatethe fi-

computedas(1/penalty-lun_cos), favoringassignments nal configuration, but this time with a special ob-

to LUNsthatarealreadyin useor thathave low cost. Toy-
odaiteratively assignghe storewith the highestgradient,
andrecomputeshe gradientsuntil no morestorescanbe
assignedIn practicethismeanghatLuNs arelikely to be
filled in orderof increasingost,andthatwithin eachLuN
storeswill be selectedo minimizeresourcecontention.

The third solver we considerin this paper Toyo-
daV\eighted usesthe sameapproachasToyodg but com-
putesgradientdifferently, asillustratedin the right half
of Figure 6. The vector LA representdhow much of
eachresourcas availablegiventhe setof storescurrently
assignedo the LUN. The gradientfor a storeis com-
puted as the cosineof the angle betweenthe resource
usagevector of the storeand LA, the vector represent-
ing the resourcesemainingon the LUN. This heuristic

jective function that strives to balance load across
the LUNS: objectivevalue= 1 — lun_utilization, where
lun_utilization is the currentutilization of the LUN. Thus
the algorithmwill favor assigningstoresto underutilized
LUNS. If thesolver succeed# finding a solution,there-

sult is the final outputof MINERVA. Otherwise we fall

backon the minimumcostsolutionfoundearlier

We also considertwo variantson the baselineopti-
mizer, eachusinga differentalgorithmfor the final load
balancingpass. The first, simplerandom is a versionof
therandomizedirst-fit solver: it generate$0 trial solu-
tions,andselectghe onewith thelowestvariancein LUN
utilization. The secondsimplebalance assignstoresto
LUNSsin round-robin first-fit order subjectonly to capac-
ity andutilization constraints.
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2.8 The clusterer

Initial testswith early MINERVA prototypesshoved that
the solver and optimizer did not scalewell up to work-
loadswith several hundredstores(especiallyif mary of
themwereRAID 5). Every time a storeplacementeci-
sion is consideredthe solver/optimizermust recompute
comple estimationsof LUN utilization in the presence
of inter-streamcorrelations. The high costof doing this
resultedn unacceptabljong runningtimes—in theorder
of severaldays.

To solve this problemwe startedaggreyatingmultiple

The downsideis thatthe quality of the final bin pack-
ing maysuffer, becauseve areartificially constraininghe
originalinputproblem:storedn thesameclustemwill nec-
essarilybe mappedto the sameLUN. This may restrict
the numberof packingsthe solveris allowedto consider
However, the hybrid bandwidth/capacitglusteringpol-
icy causedust a slight degradationin our experiments:
the quality (cost) of the final solutionbecameabout3%
higherfor our TPC-D casestudy

Giventhe considerablgerformancemprovementand
the negligible degradationin the quality of the solution,
we permanentlyncorporatedhis optimizationinto MiN-
ERVA. All resultsin this paperwerecomputedon a pro-

input storestogetherinto clustes and having the solver totype wherea clusterermodule pre-processethe input
mapwhole clustersto LUNs. We examinedmary possi- orkload beforethe taggerstep,anda declusteremod-
ble clusteringheuristics suchaslimiting thesizeof each || regenerateshe original setof storesat the end. For

cluster(built by a first-fit traversalon a sortedlist of in-
put stores),or the numberof storesper cluster or theto-
tal bandwidthrequirementsf all the streamsaccessing
acluster Clusteringstoreshasedourelyontheir size(ca-
pacity)oftenresultecbn clustershaving alargenumberof
streamson them, which in turn implied modestspeedup
gainsasthe runningtimesof the LUN utilization calcu-
lationsgrow quickly with this parameter The empirical
rule of thumbderivedfrom our experimentsvasto have at
most20 streamger cluster On the otherside,clustering
solely basedon an aggregatebandwidthlimit resultedin
significantlymoreexpensve solutions asmary of ourtest
workloadswere bandwidth-boundo begin with (we be-
lieve thatour clusteringtestsuiteis anunbiasedalthough
possiblysimplistic,representatioof theworkloadsMIN-
ERVA will handlein real situations). The best policy

simplicity, thesestepsarenot shavn in Figure4.

3 Evaluation

In the previoussection we describedhe MINERVA com-
ponents. In this one,we evaluateMINERVA'S accurag,
performancedesign,and usefulness. We first validate
theperformanceredictionsof our analyticalmodels,and
then use thosemodelsto explore MINERVA’S sensitv-
ity to workload changesand the effect of alternatede-
signsfor MINERVA’s componentsWe concludethe sec-
tion by measuringhe performanceof a live storagesys-
temdesignedy MINERVA to supporta decision-support
databas®enchmark.

3.1 Device modelvalidation

for clusterconstructionvasa hybrid bandwidth/capacity

limit: we addstoresto a clusteruntil the clusterreaches In orderto validateMINERVA's device modelpredictions
10MB/sbandwidth,or 2GB size.By cuttingdown onthe for a real disk array we usedthe HP SureStoreModel
numberof objectsthe solver mustdealwith, aggreation 30/FCHigh Availability (FC-30)disk array[7] asa case
leadsto dramaticperformancemprovements. This op- study
timization typically resultedin a speedumf 15x-20xfor An FC-30 supportstwo front-end controllersand up

thelongerruns. to 30 disks, which canbe configuredinto up to 8 LUNS.
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EachLUN usesa RAID 1 (mirroring), RAID 1/0 (striped
mirroring), or RAID 5 (striping with left-symmetricro-
tated parity) layout. For conveniencewe will alsouse
the term RAID 1/0 for 2-disk RAID 1 LUNS. Our FC-30
has30 disksof 4 GB each two controllersand60 MB of
cacheRAM, which was split 20:40 betweenread-cache
and write cache; sniffing (backgroundscanningof the
disksfor errors)wasdisabled. Both ports of the FC-30
arraywereconnectedy asinglel Gb/sFibreChannear
bitratedloop[2] to afour-processoHP9000K410 sener
with 1 GB of main memoryrunning HP-UX 11.0. We
usedasynthetiovorkloadgeneratogeneratingnary con-
currentrequestso simulatethe effect of multiple applica-
tionsrunningonthesener. Accuratel/O timingswereob-
tainedfrom the HP-UX in-kerneltracingfacility [20, 14].

We startedby calibratinga genericarray modelusing
read-onlyor write-only accesgatternswith uniformly-
dispersed“‘random”) requestof varioussizes. We then
validatedthe modelsby measuringhe maximumrequest
ratessupportedoy the FC-30for a richer set of micro-

benchmarkvorkloads,andcomparingthe measurements

againstthe models’ predictions. The workloadsusedin

the validation experimentvaried three parameters:re-

guestsize, readfraction andrun count. They consistof

a baselineworkload(32KB requests50%readsand,run

count= 1), plusa seriesof workloadsin which oneof the
parametersvasvariedat a time. In addition,we applied
the workloadsto several differentLUNs: 2-, 4-, and 8-

diskRAID 1/0 LUNS,and4- and8-diskRAID 5 LUNS. The
validationtestsconsistef thecross-produodf all work-

loadsandall LuNs listedin Table2—i.e. eachworkload
wasrunagainstachLUN. Thestreamsn thisexperiment
accesghe LUN synchronouslyissuinga new requestas
soonasthe previousonehascompleted.

Figure7 shawvs a subsebf theresultsfrom the valida-
tion studies(in particular for run count=1). The FC-30
servicedbetween/0 and 360 requests/sluring theseex-
periments.On average the modelsare moderatelyaccu-

Storagadevice 30-diskFC-30

Arrival time process| AFAP (asfastaspossible)
Numberof streams | At least4 perdisk
Numberof LUNS 1

Disks/ LUN

é(for RAID 1)

4, 8 (for RAID 1/0)
4, 8 (for RAID 5)

Stripeunit size 64KB
Requessize 8KB, 32KB, 64KB
Runcount 1,4,8,32
Readfraction 0,1/4,1/2, 3/4,1

Table 2: Workloadsusedto validate the analytic LUN
models. Baselinevaluesare underlined. The numberof
streamsper diskwasselectecbeforehandto nearly max-
imize throughput,and kept constantthrough all experi-
ments.

20
15
g 10
2 s
]
S o .
k= 8 64 KB
(0] _
& 5
10 —+— 4-disk RAID5

—— 8-disk RAID5
—e— 8-disk RAID1/0
—a— 4-disk RAID1/0
—a— 2-disk RAID1

-15
Request size

—

—+

Relative error (%)

-10-
Read fraction

Figure 7: Relativeerror in the models throughputpre-
dictions, computedas (measued—pedicted)/meased,
whenrequestsizesand read fractions deviate from the
baselinevalues. Points above the z axis representpes-
simisticmodelpredictions.
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Large,seq.| Small,random
(RAID 5) (RAID 1/0)

numberof stores 125 125
storesize(GB) 2 2
numberof streams 125 125
requestSiz¢KB) 32 8
requestRatélO/s) 16 16
readfraction (%) 25 25
runCount 10 1
onTime (s) 4 4
offTime (s) 2 2

Table 3: Characteristicsof the syntheticbaselinework-
load usedin the scalingtestsfor MINERVA. Thework-
load consistsof 250 stores, eadh with one stream; 125
stores/steamsof eadh variety.

ratebut slightly pessimisticwith ameanerrorof +5.4%,
andarangeof [-11%, +19%)].

3.2 Safetyand sensitvity

We usedthe validatedmodelsto examinethe effect of
scalingvariousworkload parametersn the designspro-
ducedby MINERVA. We will shav thatfor awide range
of inputworkloadsM INERVA consistenthydesignsstorage
systemghat supportthe workloadwhile usingresources
efficiently. We will alsoshav thattheresourcegrovided
by MINERVA changesmoothlyasthe input workloadre-
guirementsarevaried.

All of the scalingexperimentsstartwith the samesyn-
theticbaselinevorkload,andthenvary onecharacteristic
atatime. We chosethe parametersf the baselinewvork-
load,shavn in Table 3, to fulfill threecriteria. First, that
therebe a mix of storesbettersuitedto RAID 5 (large
writes) and RAID 1/0 (small writes). Second,that the
resulting systemrequiresa nontrivial numberof arrays
(muchlarger than 1), therebydemonstratindhov MIN-
ERVA can configurean interestingsystem. Third, that
eachstorebe roughly balancedn its appetitefor capac-
ity anddisk bandwidth.

Anothergoal of this setof experimentds to show that
the capacityandperformanceequirementsf every store

assignedoy MINERVA are always satisfied. This safety
propertyis equivalentto statingthat all assignedstores
passthe evaluatortest,in which analyticaldevice models
areusedto checkMINERVA’s output. Sincethe experi-
mentsdescribedn this sectionrequire much morethan
one disk array andthereforecan not be physically im-
plementedn our lab (describedat the beginning of Sec-
tion 3.1),we rely on our earlieranalysisof theevaluators
accurag to considerits predictionsindicative of the per
formancewe would obserein areal system.

3.2.1 Scalingstore sizeand bandwidth

Thefirst seriesof experimentscaleghesizeof thestores
upanddown from thebaselinevalues.Unsurprisinglyfor
smallstoresizestheworkloadis bandwidth-limitedyhile
for largestoresizestheworkloadis capacity-limitedasil-
lustratedin the uppergraphin Figure8. Thelower graph
in the figureshavs how MINERVA addressetheincreas-
ing capacityrequirementshy creatingsystemswvhoseto-
tal sizescalegoughlylinearlywith thestoresize, andthat
aremostlyor completelymadeup of RAID 5 LUNS.

We scaledthe bandwidththrough requestrate scal-
ing. At low bandwidthsthe storages capacity-boundso
RAID 5 is usedexclusively. As the bandwidthincreases,
the split into RAID 5 and RAID 1/0 disks occurs,with
thenumbersncreasindinearly to meettheincreasedie-
mands. Figure9 illustratesthis, shaving how the sys-
temsdesignecby MINERVA adaptasthe requestratein
thebaselinevorkloadis scaledup anddown.

Thelow bandwidthutilizationatlargebandwidthis due
to fragmentation. As bandwidthrequirementsncrease,
fewer andfewer storesget mappedto eachLuN (andto
eacharray) as the bandwidth becomesan increasingly
scarceresource.The numberof disk slotsusedperarray
remaindairly highthroughoutheexperimentsthisis be-
causaliskbandwidthis abottleneclaswell, andtherefore
MINERVA needsmary disksthatareonly partially filled
with data.
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Figure8: Stoe sizescalingtests: Theuppergraphshows
the average fraction of capacityusedover all LUNS, the
average of peakutilizationoverall LuNs,andthepeakar-
ray bandwidthutilization over all purchasedarrays. The
lower graph showsthe total numberof disksusedin all
arrays,andhowthosediskswere partitionedamongdisks
in RAID 5 LUNsanddisksin RAID 1/0LUNS. Each FC-30
array canhold 30 disks. Thez axisis the multiplication
factorappliedto thebaselinequantitiesin orderto derive
ead workloadusedin theexperiments.
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Figure 9: Array utilization and maleup when scaling
bandwidth.

3.2.2 Scalingthe number of stores

The next seriesof experimentsscalesthe numberof the
storesup anddown from the baselinenumberof 250. As
expected,the numberof arraysscaleslinearly with the
numberof stores,and the configurationof thosearrays
also scaleslinearly, as seenin the lower graphin Fig-
ure 10. The uppergraphin the figure shavs thatthe uti-
lization of the array resourcess consistenexceptwhen
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Figurel10: Array utilizationand maleupwhenscalingthe
numberof stores.

thereareavery smallnumberof stores.In this casethere
aresimply notenoughstorego fully exploit thearrays.

Thenumberof storeds alsothe primaryfactorin MiN-
ERVA'sruntime. As canbeseenfrom Figurell,therun-
ning time of MINERVA's Toyodasolver algorithmsgrow
guadraticallywith thetotal numberof stores.

== optimizer
@ mincost
— evaluator
= cleaner
— solver
== allocator

= tagger
0 =
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Number of stores

3000

2000

1000

Timing breakdown

800

Figure11: Runningtimes(in secondsjor theindividual
MINERVA components/henscalingthenumberof stores.

3.2.3 Varying the read/write mix

This seriesof experimentsscaleghe percentag®f reads
up anddown from the baselinevalueof 25%. Figurel12
depictsoutputconfigurationgor workloadsrangingfrom
all writes (0%) to all read5(100%).

The lower graphin that figure shavs that asthe read
fraction increasesthe storagerequirementsshift from
RAID 1/0to RAID 5. Thisis becaus¢hetaggerrulesde-
terminethat, with a smallerproportionof writes, larger
RAID 5 LUNS, which usea smallerfraction of the disk
spacefor storingredundanyg, provide more capacityper
unit cost,andsoarethe morecost-efective choicefor this
workload.

3.2.4 Exploring workload variability

All the workloadsdiscussedso far in this sectionhave
been homogeneous:attribute values were exactly the
samefrom onestream/storéo another We now explore
the impact of more realistic, heterogeneouworkloads.
The valuefor eachattribute for eachtype of streamand
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Figure12: Array utilization and maleupwhenchanging
thereadfraction.

storeis drawn at randomfrom a log-normaldistribution.
Themeanvalueof thedistributionsarethe baselinevalue
for the attributes,from Table 3. The standarddeviation
of the distributionsarethe scalefactortimesthe baseline
valuefor thatattribute;thescalefactorrangefrom0to 1.
Themeanvalueof thedistribution doesnot changeasthe
varianceincreaseswith the scalefactor The preceding
experimentsin this sectionhad always useda standard
deviation of zero. Sincethe valuesaredravn at random

for this section,the experimentis repeated times, and
theresultsaveraged.

As the variability increasesthe capacity utilization
drops, while the numberof storesassignedto RAID 5
LUNS increases,as seenin Figure 13. This hastwo
causes. First, the baserRAID 1/0 streamsare relatively
closeto triggering the taggerrule that detectscapacity
boundworkloads. By eitherdecreasinghe requestrate,
or increasingthe capacity this rule is triggered,andthe
storeis taggedasRAID 5 (seeFigures8 and9). Second,
whenthe storesizesare uniform, it is always possibleto
packthe 2 GB storesefficiently onto LUNS built out of
4 GB disks.Butasthestandardleviationof thestoresizes
increasesuchanoptimalpackingbecomegesslik ely, de-
creasinghe capacityutilization.

3.2.5 Summary of safetyand sensitvity experiments

The experimentsin this sectionconfirm that MINERVA

designssystemsthat meetworkload requirementspro-

vide resourceghat matchthe workload needs,and use
RAID 5 or RAID 1/0 storageappropriately MINERVA'S

solutionsadaptsmoothlyto increasingwvorkloadrequire-
mentsand to variationsin other characteristicof the
workload. Exceptfor someedgecasesvhenfragmenta-
tion makessomeinefficiengy in resourcaisagéenevitable,

MINERVA generallyproducessolutionsthat meetwork-

loadrequirementsvithout significantoverprovisioning.

3.3 Evaluating the MINERVA designchoices

Therearemary componentsn MINERVA (seeFigure3)
with multiple possibledesignsfor eachcomponent. To
evaluatethe effect of our designchoices,we considered
alternatve designdor eachof thecomponentsWe started
with the baselinesetof MINERVA componentandthen
variedeachof themin isolation.We comparedhecostof
the resultingsystemdesignsfor a setof five workloads,
using publishedlist prices. Table 4 shaws the alternate
componentshatwereevaluatedor this study
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Figurel13: Array utilizationand maleupwhenscalingthe
varianceof all workloadattributes.

Component| Selections

Tagger |I0PSdisk allR10,allR5, random

Allocator Branchandbound branchandboundbias
dedicatedall dedicated

Solver Toyoda Toyodaweightedrandom

Optimizer | Toyodaweighted simplerandom,simple
balance

Table4: Thealternatechoicesfor MINERVA components
usedto evaluatethedesign.Thebaselinecomponentare
underlined.

3.3.1 Workloads

The workloadsusedin theseexperimentsarebasedon a
combinationof tracesand modelsof a diversesetof ap-
plications: an active filesystem(filesystenrjy a scientific
application(scientifig, an on-line transactiomprocessing
benchmarkoltp), a parallelizeddecision-supporench-
mark (dss-p, and a lightly-loaded filesystem(fs-light).
Table5 summarizesheperformanceharacteristicef the
workloads.

The filesystenworkloadis an extrapolationof a trace
of ourlocalfile sener, whichwasusedto createthebase-
line attributesfor afile systemstreamandstore.We then
addedhreescalingparametersvhich enablectreationof
a heterogeneousetof streamsand storesto represent.
wide varietyof file systemusageThefirst scalingparam-
eterwasthe numberof users(default 1); alargernumber
of userdranslatesnto largerrequestates,andlongeron
times. The secondparametewasthe percentagef large
filesin thefilesystem(default 15%); a greatempercentage
of largefileswill causdargerrequessizesandlargerrun
countsin the workload. Finally, the third parametexwas
simply the size of the store(default 1GB). We createda
heterogeneouset of 140 streamsand stores,with store
sizesrangingfrom .25 to 1.2 GB, the numberof users
rangingfrom 4 to 100, andthe percentagef large files
rangingfrom 5% to 35%. We took this asrepresentatie
of a heterogeneoufile systemworkload. The resulting
workloadincludedmoderatesizerequestg20 KB on av-
erage)andlittle sequentiality Thefs-light workloadrep-
resents largerfilesystenbeingaccessetessintensiely;
it wascreatedn a similarway.

Theoltp anddssworkloadsareboth takenfrom traces
of databas®enchmarksFor oltp, we modeledthe TPC-
C benchmark8] tracesanalyticallyto createa workload
generatar We thengenerateca TPC-Cworkload corre-
spondingto roughly 30 usersand 400 transactionger
minutefor usein ourtests.TPC-Cis anapplicatiorwith a
high rateof random read-mostlhaccessedNorkloaddss

18



Workload Capacity(GB)|#stores#streamsReq.size(KB)| Runcount |Readq%)
filesysten 85.7 140 140] 20.0 (13.8) 2.6 (1.3 64.2)
scientific 186.3 100 200|640.0 (385.0)93.5 (56.6) 20.0
oltp 192.5 194 182 2.0 (0.0)) 1.0 (0.0) 66.0
dss-p 49.6| 316 224) 27.6 (19.3)57.7 (124.8 98.0
fs-light 156.6 170 170, 148 (7.3)| 2.1 (0.7) 64.1

Table 5: Characteristicsof workloadsusedin the evaluation of MINERVA'S baselinecomponents.“Run count”
is the aveiage numberof consecutivesequentialaccessesnadeby a stream. Thusworkloadswith low run counts

(filesystem oltp, fs-light) haveessentiallyrandomaccess
sequentialaccessesdss-phas both streamswith random
columndist themeanand (standad deviation) for theseva

representingdecision supportsystems,was taken from

tracesof our TPC-D-inspiredbenchmark,describedin

moredetailin Section3.4. This benchmarks character
ized by long, complex database&juerieswith interesting
phasingbehaior. Someaccesseare extremelysequen-
tial, and somequite random. To obtaina dssworkload
of large enoughscalefor theseexperimentswe took two

suchtracesand combinedthemto make a single large

workload.

3.3.2 Thetagger

We comparedthe rule-basedtagger presentedn Sec-
tion 2.4 with three naive taggers: one that labeledall
storesasrAID 5, onethatlabeledall storesasrAID 1/0,
andonethatlabeledstoresatrandom.Table6 shavs how
thevarioustaggerslassifiedtheworkloads.

The different rules which the various taggersused
sometimesgave very different storagelayouts for the
various workloads. For example, the scientific work-
load (which has mary large sequentialwrites) is best
suitedfor RAID 5 storage,while the filesystenand oltp
workloads(which have mary small randomwrites) are
bettersenedwith arRAID 1/0layout. For thedss-pwork-
load all of the taggersresultedin configurationswith
nearly the samecost. This is becausefor this read-
dominatedvorkloadrRAID 5 LUNsandrAID 1/0LUNScan
provide roughly the sameeffective throughputper disk,
so the choice betweenthe two is arbitrary In practice
RAID 1/0 might be preferredfor its superiorperformance

eswhile workloadswith high run counts(scientifig have
and sequentialaccessesThe accesssizeand run count
luesacrossall streamsin theworkload.

in degradedmode,althoughM INERVA doesnot currently
take thisinto accountexplicitly.

Table 6 shaws thatin all casesthe rule-basedagger
doesaswell or betterthanary of the nave taggers.The
naie taggersdo almostaswell asthe rule-basedagger
on someworkloads,althougheachperformspoorly on at
leastone,generatingonfigurationsvhicharemorecostly
thantaggerswvhich adaptto thedifferentrequirements.

3.3.3 The allocator

We evaluatedthe two allocatorspresentedn Section2.5:
branch-and-boundl first attemptsto usearrayswith mixed
storageclasseswhile brand-and-boundbias-dedcated
prefersusing arrays dedicatedto one RAID level, but
will usemixed arraysif they provide a betterfit to the
workload. We also considera naive allocator(All dedi-
cated thatproduces setof dedicatedrAaID 5 arraysand
RAID 1/0 arrays,but no mixed arrays. We hadalsocon-
sideredhaive allocatorsAllR5 andAllIR10thatignoredthe
informationprovidedby thetaggershut sincetheir effect
is similar to that of usingnaive taggerswe will not dis-
cussthemfurther Table7 summarizeshefive allocators.

Figure14 shavsthe systenmcostfor eachof thealloca-
torsondifferentworkloads.Thefigureshavsthatthetwo
versionsof the branch and boundallocatorsconsistently
producethe lowestcostsolution;thereis little or no dif-
ferencebetweerthem. The naive all-dedicatedallocator
produces highersystemcostsolutionin severalcases.
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Tagger filesystem scientific oltp dss-p fs-light

R5 | R1/0 $| R5| R1/0 $| R5| R1/0 $| R5| R1/0 $| R5| R1/0 $
IOPSdisk | 60 80 | 422 | 100 0| 310| 42| 194 | 748 316 0| 140 170 0| 170
All R5 140 0| 576 | 100 0| 310 194 0| 1101 | 316 0| 140 | 170 0| 170
All R10 0| 140 488 0 | 100 | 340 194 | 746 0| 316 148 0| 170| 255
Random 69 71| 544 | 45 55 | 380 | 100 94 990 | 168 | 148 | 148 | 87 83 | 244

Table6: Comparisorof storage classificationsandfinal systentost(in thousandof dollars) by the varioustaggers

onseveral realisticworkloads.

Allocator Description

Branch andbound Considemixedarraysfirst, thendedicatedarrays
Branch andbound—biagledicated| Considededicatedarraysfirst,thenmixedarrays
All dedicated Designonly dedicatedarrays

Table7: Alternativeallocator designs.
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Figure14: Comparisorof systentostfor variousalloca-
tors on several realisticworkloads.

3.3.4 The solver

We evaluatedthe threesolvers presentedn Section2.6.
Figure 15 shaws the systemcostfor eachof the solvers
on differentworkloads. Thereis very little, if ary, dif-
ferencefor eachof the workloadspresented After clus-
tering,aggreyationsof multiple input storesendup being
very similar in size. Only in the (lessfrequentcases)n
which bandwidthrequirementdimit clustersizethereis

= Toyoda
= Toyoda weighted
= Simple random

600 —

400

200

System cost (k$)

1l 'l

dss-p  fs-light

0-
filesystem scientific

oltp

Figure15: Comparisorof systentostfor varioussolves
on several realisticworkloads.

room for differentbin-paclersto malke slightly different
decisions.

3.3.5 The optimizer

Figure16 shavs the maximumover all LUNs of peakuti-
lization for the three optimizationalgorithmspresented
in Section2.7. For a fixed numberof LUNS, the lower
themaximumpeakutilization, thebettertheloadbalance.
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Figure 16: Comparisonof maximumLun utilization for
variousoptimizes on several realisticworkloads.Lower
barsreflecta betterload balance

For mostof theworkloads,Toyodaweightedoroducedhe
mostbalancecdtonfigurationsaccordingto this metric;in

one case,the differencebetweenthe threeoptimizeral-

gorithmsis small. Simplerandomis sometimespoorly
suitedto optimizing load balance,becaussit fills each
LUN beforemoving ontothe next. As aresultthis algo-
rithm doesnot achiese asgooda load balancefor some
workloads.

3.3.6  Summary of componentdesign

We foundthatusingM INERVA’s baselinecomponentse-
sultedin systemdesignsawith low cost. In the caseof the
fs-lightworkload,the capacityof every diskin thesystem
generatedvasfully utilized, resultingin a systemthatis
provably of the lowestpossiblecost. The dss-psolution
requiredonly 28 disks(with a possibleminimum of 24),
spreadacrosstwo arrays. Two arrayswerenecessargs
the aggreyate workload bandwidthrequiredwas higher
thana single array controller could sustain. We believe

low costdesignghatareguaranteetb meettheworkload
requirements.

The experimentgresentedn this sectioncoveronly a
smallportionof the spaceof possibleworkloadsandpos-
siblecomponentlesignsin thefuturewe planto consider
both a broaderset of workloadsand more sophisticated
components.In particular as workloadsbecomemuch
larger, andthe assignmenspacebecomedarger, we may
needbetteralgorithmsthatsearchmoreselectvely.

3.4 Whole-systemvalidation

The previous two sets of experimentshave used mi-
crobenchmarksevaluatedusing analytical performance
models.While thiskind of evaluationis helpful for show-
ing how a systemresponddo particularkinds of input or
changesit doesnot guarante¢hatthe systemworksasa
whole. We addressvhole-systenvalidationby configur
ing a systembasedn measurementsom arealapplica-
tion runningonahand-configuredystemthenre-running
theapplicationto ensurghatperformances asexpected.
Section3.4.1 describesthe applicationwe selectedfor
this validation; Section3.4.2shovs how a humanexpert
configuredheinitial systemSection3.4.3thendescribes
how MINERVA improvedon thatconfiguration.
Theexperimentestedthreehypotheses:

1. Theresourcesisedin the MINERVA-generateaon-
figuration will be no more costly than that of the
hand-configuregdystem.

2. Applicationperformancenthegeneratedonfigura-
tion will be comparabldo the hand-configuredys-
tem.

3. Theconfiguratiortoolswill find asolutionin ashort
time, with minimal humaneffort.

Thestepsof theexperimentareshavnin Figurel?. Since
wewantedto measure realsystemwe wererestrictedo

thattheseresultsdemonstratéhat M INERVA cangenerate the physicalresourcesvailable to us, which meantthe
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Figurel7: Stepdn theend-to-endralidationtest.

singleFC-30arraydescribedn Section3.1. This means
that MINERVA cannotreducethe numberof disk arrays;
it canonly improvetheperformancef theapplicationor

reducethe numberof disk drivesusedwithin the single

array

3.4.1 The application

We developeddss a decision-supporbenchmarkbased
loosely on TPC-D [9], as a suitably realistic applica-
tion. TPC-Dis awell-knowvn benchmarkhatsimulatesa
wholesalesupplierdatabasevith long-running,comple
guerieson large tables,and exhibits interestingphasing
and concurreng effects. In addition, it hasthe advan-
tage of repeatabilityand is an openspecification. This
benchmarlsimulatesa setof quasi-ad-hoclecisionsup-
port queriesagainsta large databaseThe TPC-D bench-
mark consistsof 17 differentquerieson the data,which
modelvariousbusinessquestionghat could be asked of

thedata,alongwith a streamof two differentkinds of up-
datetransactions.

For our work, we omitted the update functions
and picked a subsetcomprising 12 of the 17 TPC-D
gueries(we includedonly thosequeriesthat completed
in lessthanonehour) We believe thatthesequeriesare
a sufficient representationf a comple decisionsupport
application. To supportthis, some preliminary perfor
mancepredictionsndicatethat our dssworkloadis well-
balancedn thatit appearsapacity-bounan small, fast
disks,andbandwidth-bounadn large,slow ones.

Thetwelve querieswveredividedinto threeparallelexe-
cutionqueueswith four queriesn eachqueug(queries2,
3,13,14in queuel; 4,8,15,17in queue?; and6, 11,12,
16 in queue3d), sothat expectedexecutiontime wasbal-
ancedacrossthe queues.This alsoreplicatesreal-world
parallel query execution betterthan the regular TPC-D
benchmarlallows.

The measurementaeretaken on the samesener and
disk arraydescribedn Section3.1. The benchmarkvas
run on Oracleversion8.0.5. We usedthe HP-UX inter-
nal tracefacility to collect tracesof systembehaior in
orderto obtaindetailedworkload characterizationsThe
benchmarkhad158storeswith atotal capacityof 25 GB,
and 112 streamswith significant correlationsand anti-
correlations.The storesaremappedo LUNS usingLVM,
HP-UX'slogical volumemanager

The presentedesultsarethe averagesf five runs; we
sav standarddeviations on individual query execution
timesrangingfrom 0.4%to 12% (for the shorterqueries
thattook lessthan3 minutesto complete),althoughthe
typical standardieviation waslessthan4%. The metrics
for eachrun wereindividual querytimesandtheir arith-
meticmean.

3.4.2 Theinitial configuration

The initial manualconfigurationwas developedwith the
advice of expertsin Hewlett-Packards systembench-

22



Configuration RAID1/0 RAID1 RAIDS
(4disk) (2disk) (4disk)
Humanexperts 7 1 -
MINERVA baseline - - 4
MINERVA all RAID 1/0 4 - -

Table 8: LuUN typesand numberof LuNs for the hand-
configued,baselineMINERVA andRAID 1/0 only MIN-
ERVA configuations

marking teamthat producesthe audited TPC-D bench-
marks. The configurationis similar to the configurations
usedfor official TPC-D benchmarkeports,but adjusted
for the size of the databas@ndthe available storagede-
vices.

Thehand-configuredystentriesto maximizepotential
parallelismby striping dataaswidely aspossibleacross
all the disksin the array It usesa single FC-30disk ar
ray, dividedinto 7 LUNs of 4 diskseach,all configured
asRrAID 1/0, with the remainingtwo disksconfiguredas
an eighthrRAID 1 LUN. It furthertriesto exploit paral-
lelism by stripingdataaswidely aspossiblehencel UNs
1 through6 all containpartof mostof thedatabas¢ables.
Smalltableswerecollectedonto LUN 8, andLUN 7 was
usedastemporartablespace Thecapacityutilization of

about42%is notuntypicalfor decision-suppodatabases.

Table8 shavsthetypesof LuNsfor this configuration,
andincludesthe MINERVA-generatedconfigurationsfor
comparisor(thesearedescribedn detailin the following
section).

3.4.3 Automatically-generatedassignments

To generat@workloadfor MINERVA, we collectedtraces
whenthe querieswererun on the hand-generatedonfig-
uration,andcalculatedvariousattributesusingour work-

loadcharacterizatiotool.

This workloadinformation, plus device-specificinfor-
mation on the FC-30 array was run through MINERVA
twice. Thefirstrunusedhebaselinecomponentsf MIN-
ERVA, asdescribedn Section3.3; MINERVA designeda

systemusingRAID 5 storageonly. For comparisonasec-
ond configurationwasgeneratedvith the restrictionthat
it generatanall RAID 1/0array

In both casesMINERVA producedoptimized config-
urations that significantly reducethe numberof disks
neededthebaselineconfiguratiorusesour RAID 5 LUNS
of four diskseachandtheall RAID 1/0 configuratioralso
usesfour LUNSs of four diskseach. A detailedexamina-
tion of the assignmenshaws that MINERVA stripesta-
ble typesacrossmultiple LuNs, althoughnot as aggres-
sively asthe the humanexperts’layout. This is because
MINERVA takesinto accountthe workload requirements
of the streamaccessingachtablewhenassigningables
to LUNS. Many of thetableshave only a smallnumberof
accessesand MINERVA tendsto put a larger proportion
of thesetableson asingleLUN.

MINERVA producedhesesolutionsin 10to 13 minutes
each.

3.4.4 Evaluation

To evaluatethe quality of the assignmenivhich waspro-
ducedby MINERVA, we considerboth query execution
timesandthe perstreamaveragedor requestrateandre-
sponsdime.

The graphin Figure 18 shows individual query exe-
cution times for all three configurationsas well as the
correspondin@rithmeticmeanvalues. Comparedo the
human-generatecbnfigurationthe meanquerytime in-
creasedby 1.9%for thebaselinedVINERVA configuration,
and decreasedimproved) by 2.5% for the all RAID 1/0
configuration.

We looked at changesn the requestRaterequestSize
andrunCountattributesbecauseaheseattributescansig-
nificantly influencepredictionsfor individual device uti-
lizationsand,asaresult,theassignmendecisions.

As expected,therewere no noticeabledifferencesin
valuesof therequestSizandrunCountattribute for these
two configurationsValuesof requestRatattributeswere

23



= Human expert config - 30 disks
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Figure18: Comparisorof queryexecutiontimesfor TPC-
D on a hand-geneated array configuiation (30 disks),
MINERVA-genertedarray configuation (16 disksusing
RAID 5), andrestrictedto RAID 1/0 (alsousing16 disks).
Horizontal lines showthe arithmetic meanof the execu-
tion timeoverall queries.

significantlydifferentonly in few casegwhich canproba-
bly be attributedto normalvariancein applicationbeha-
ior), asshavn by thegraphsn Figure19.

Likewise, there is a visible discrepang for a few
This dis-
crepang may explain the slight slondown of the bench-

streamsin the responsetimes (Figure 20).

mark underthe MINERVA configurations gspeciallyfor
themixedcase.

The resultsshaov that MINERVA was able to reduce
resourceconsumptionlnumberof disksused,andthere-
fore systemcost), while preservingthe performanceof
the human-generatedonfiguration. A detailed exam-
ination of the resultsand workloadsshawv that it uses
two main characteristicef the workloadto achieve this.
First, it tendsto combinestoreswith differentcharacteris-
tics (capacity-boundersusandwidth-boundhatareac-
cessedsimultaneouslyn the sameLUN. Secondjt uses
the knowledgeof phasingbehaior andanti-correlations
betweenstreamsto colocatestoresthat don’t interfere
with eachother, while separatingtoresvhoseaccespat-
ternsare correlatedonto separata UNs. This improves
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Figure19: Comparisorof variousstreamrequestRatat-

tributevaluesfor TPC-Dbetweera hand-gneatedarray
configuation and MINERVA-geneatedarray configua-

tions(baselinausingrAID 5,andrRAID 1/00nly). Streams
are presentedn order of increasingattribute valuein the
original configuation.

loadbalancenotjust on average put alsoduringthe var-
iousphases.

A humanexpertwith accesso thesameworkloadchar
acterizatiordatathat MINERVA useswould probablyde-
sign a similarly efficient system. Even for this small
benchmarlexample(158 stores) however, the combina-
torial compleity is likely to bedauntingfor a human;for
largersystemghetaskbecomesvenmoredifficult.

Theexperimentatesultsdemonstrat¢hat MINERVA is
capableof handlingcomple, real-lifeworkloadsandgen-
eratingreasonabldayoutsin a completelyautonomous
fashionin a shorttime. It produceda configurationthat
usedsignificantlyfewer devices,without resultingin sig-
nificant application-leel performancedegradation. Al-
thoughtheresponséimesperstreamvariedfrom theorig-
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Figure20: Comparisorof deviceresponséimesfor TPC-
D betweena hand-genemted array configuation and
MINERVA-genertedarray configuiations(baselinausing
RAID 5,andrAID 1/0only).

inal configurationin a few casesthe executiontimesfor
eachof thetwelve queriesverecomparable.

4 Relatedwork

Gelb[13] inspiredmuchof our work, by suggestinghat
the logical view of databe separatedrom physicalde-
vice characteristico simplify theuseandadministration
of storage. To the bestof our knowledge, no existing
tool will automaticallydesignandconfigurestoragesys-
tems.Commerciaproductsor storagananagemerguch
asIBM Tivoli, HP SureStore CompagSANworks, CA
Unicenterand HighGround StorageResourceManager
provide somedegreeof abstractiorfor thestoragedevices
anddata,aswell assomemanagementools. However,
theseproductgust allow systemadministratordo imple-
menttheir device configurationanddataplacementleci-

sionsmoreeasily;a humanis still requiredto make most
decisions.

Previousresearcthasappliedoptimizationtechniques
to the file assignmenproblem Files, typically charac-
terizedby the probability thatthey will beaccesseffom
particularnodesin a network, are mappedo storagede-
viceswith the aim of optimizing someobjective suchas
communicationoverheador reliability [3, 10, 19]. Our
work is most closely relatedto the variant wherefiles
characterizely sizeandaccessateareplacedonagiven
setof storagedevices,with theaim of minimizing access
latengy or maximizingthroughput[24]. However, these
approacheslo not designthe systemthatwill efficiently
provide the neededjuality of service;they make useof a
givensystemsothatan objective functionis maximized,
regardlessof applicationrequirements.We alsoallow a
richer characterizatiorof applicationbehaior than has
beenconsideredn the past,includingmeasuresf local-
ity, ON-OFF phasingandcorrelationsbetweerworkloads.
In addition, MINERVA alsohandlesdisk arrays,not just
simpledisk drives,andoptimizestheir parametesettings
aswell asthedataplacement.

MINERVA is thefirst publishedapproactwhichrecasts
the resourceprovisioning problemin a constrainedop-
timization framenvork. Becauseof that, we have eval-
uateddiversestandardoptimizationtechniquego deter
mine how suitablethey were for this particular prob-
lem. Our problemcanbe viewed asa variantof a multi-
constrainknapsaclor of amultidimensionabin-packing.
As such,we have adaptedsereralstandardeuristicgo fit
our specificproblem.For example we usetraditionalbin-
packingheuristicd6] suchasrandomizedndgreedyver-
sionsof a basicfirst-fit algorithm. We have alsoadapted
the gradientmetric of [22] to work with our non-linear
constraints.Othercommonheuristicapproache#clude
simulatedannealing11], relaxationapproachef23, 19
and geneticalgorithms[5]. We have tried geneticalgo-
rithmsfor our problem,but foundthatthey did no better
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thanthe simplerandfasterheuristicgpresentedh this pa-
per, becaus®f the high costof evaluatingeachtrial solu-
tion.

We useanalyticalmodelsof storagedevicesto predict
thethroughputhata storagedevice candeliverasafunc-
tion of theworkloadbeingimposedonit. Therehasbeen
considerablevork in analyticalperformancenodelingof
disk arrays(e.g.[15, 21, 17]), but the majority of these
studiesare restrictedto far simpler workloads(suchas
Poissorrequesarrivals)thanthosewe support.We found
thatsuchsimplisticworkloadmodelsresulteconhighpre-
diction errorsfor our real-life workloads,hencethe need
to capturemoreaspect®f workloadsanddevices.

5 Conclusions

Configuringandplanninglarge storagesystemsby hand
is a lengthyprocessproneto errorsandguesswrk, and
thereis no goodway to evaluatethe quality of theresults
shortof building the system—whichis expensve, slow,

andnotalwayspossible.MINERVA addresseall of these
issues:it designsstoragesystemghatareasgoodasor

betterthan the onesproducedby people;it doesso in

minutesratherthandays;andit accompaniethemwith

predictionsof the resultingsystems performance.This
malkesMINERVA capableof providing substantiasupport
for the resource-praisioning stepof storagesystemde-
sign.

Ourevaluationof MINERVA shavedthat:

¢ it cangeneratgyood (and sometimesprovably op-
timal) configurationsover a wide rangeof synthetic
workloads,aswell asa comple, multi-phasereal-
world benchmark;

o thesetof attributesusedto describestoragedevices
and workloadsseemsto capturewhat is neededo
malke goodconfigurationdecisions;

¢ the sequencingof tasks(choosingthe storagede-
vices,configuringthem,andplacingdataontothem)

is aviableway of breakingthecirculardependencies
betweertheassignmenandconfigurationsubtasks;

¢ thechoiceof algorithmsin eachof the components
was important, and the choicesusedin MINERVA
wereappropriatén mostareaqsave thatthe simple
randomheuristicwasslightly betterthan Toyodafor
thesolwer step).

The experimental results with the dss benchmark
demonstratethat MINERVA is capableof handlingreal-
istic workloads. For this testcase,MINERVA produced
two configurationsin a relatively shortamountof time
that had performancecomparabldo the hand-generated
one,andweremuchcheaperThiswasdonewithoutover
simplifying the problemor its solution: for example,all
threeconfigurationspreaddatabasetablesover multiple
LUNS. The MINERVA solutionalsoaccuratelypredicted
theperformancef theresultingstoragesystem.

In our futurework, we planto try backtrackingolvers;
to generalizethe currenttaggerand allocator heuristics
to supporta wider rangeof arrays;to extendour device
modelsto increasetheir accurag, broadentheir scope,
and improve their efficiengy; andto extend the work-
load requirementgo include reliability. Another possi-
ble improvementis to make MINERVA handleotheropti-
mizationobjectivesthanminimizing the purchaseostof
the system(e.g. “minimize yearly managementosts”).
Thisextensionmpactsalmostall of thecurrentM INERVA
componentsin the generalcase the objective would be
anothetinput suppliedby the systemadministratoto our
tool. We believe thatour formulationasa constraine@p-
timizationproblemis powerful enoughto handleall these
extensionswithoutfundamentathangesWe arealsoen-
gagedn gatheringalibrary of realworkloadswith hetero-
geneity phasingandcomplicatedaccespatterngo drive
MINERVA to its limits.

Although progresss neededeforehuman-staed ca-
pacity planningcentersbecomeobsolete MINERVA gen-
eratesgood storagesystemdesignswith much less ex-
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penseandtime thanis the casetoday Our resultsindi-

catethat MINERVA is animportantsteptowardsthe ulti-

mategoal of developinga fully-automateccapacityplan-

ning system. Of equalimportance,MINERVA was able
to successfullyredicttheresultingsystems performance

beforeit wasbuilt. We concludethat automaticstorage

systemconfigurations bothfeasibleandpromising.
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