High Performancdarallel DBMS

ShahrantGhandeharizadelshanGao ChrisGahaganandRussKrauss

Departmenbf ComputerScience BMC Softwarelnc.
Universityof SouthernCalifornia 2101CityWestBlIvd.
Los Angeles,CA 90089,USA Houston,TX 77042 ,USA
shahram,sgao@cs.usc.edu chris gahagan@bmc.com
Abstract

Parallelismis the key to realizing high performancescalable fault tolerantdatabasenanagement
systems. With the predictedfuture databaseizesand compleity of queries,the scalability of these
systemdo hundredsandthousand®f processorss essentiafor satisfyingthe projecteddemand.This
chapterdescribeghreekey componentof a high performanceparallel databasenanagemensystem.
First, datapartitioningstrategyiesthatdistribute the workload of a tableacrosshe availablenodeswhile
minimizing the overheadof parallelism. Secondalgorithmsfor parallelprocessingf a join operator
Third, ORE asa framework that controlsthe placemenbf datato respondto changingworkloadsand
evolving hardwareplatforms.

1 Intr oduction

Databasemanagemensystems(DBMS) have becomean essentialcomponentof mary applicationdo-
mains,e.g., airline reseration, stock market trading, etc. In the arenaof high performanceDBMS, par

allel databassystemshave gainedincreasegopularity ExampleresearctprototypesncludeGammg23],

Bubba[12], XPRS[88], Volcano[54], Omeaya[34], etc. Productdrom theindustryinclude Tandems Non-
StopSQL [89], NCR’s DBC/1012[90], OracleParallel Sener [74], IBM’s DB2 paralleledition[31], etc.
Thehardwareplatformof thesemachiness typically amulti-nodeplatform,seeFigurel.a,whereeachnode
might be a computemwith oneor moredisks,seeFigurel.h In thesesystemsseveralforms of parallelism
canbe utilized to improve the performanceof the system. First, parallelismcan be appliedby executing
several queriesor transactionsimultaneously This form of parallelismis termedinter-query parallelism.
Secondjnter-operator parallelismcanbeemplo/edto executeseveral operatorsn the samequeryconcur

rently For example,multiple processorgould executetwo or morerelationaljoin operatorsof a comple

bushyjoin queryin parallel. Finally, intra-operator parallelismcanbe appliedto eachoperatorwithin a
query For example,multiple processorganbe emplo/edto executea singlerelationalselectionoperator
This paperdescribehow a systememploys thesealternatve formsof parallelism.

The placemenbf datais importantfor the alternatve forms of parallelismThis constitutesone focus
of thisbookchapter In Section2, we describethetradeofs associatedvith exploiting intra-operatoparal-
lelismto executetheselectiorpoperator This hasasignificantimpactontheperformancef acomple query
For example,if theappropriatadegreeof intra-operatoparallelismcannotbe providedfor the selectionop-
erator the performanceanddegreeof intra-operatoparallelismof the otheroperatordn a complex query
planmayseverelybelimited. Thisis speciallytruefor parallelsystemshatutilize the concepof pipelining
anddataflow to executecomplex queriesj.e., systemsuchasGammg23], Bubba[12], Volcano[54], etc.

Section3 providesan overview of threealternatve algorithmsfor parallelprocessingf the join oper
ator: sort-mege, Graceand Hybrid hash-join. We refer the interestedreaderto [52] for a comprehensi
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BMC 15.20 18.25 | 21.53
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Figure2: Hashdeclusteringdf StockrelationusingSymbolattribute.

descriptionof thesestratgliesandotheralternatvesto procesghis operatorn Sectiord, we describeORE
asa 3 stepframework that controlsthe migrationof fragmentsacrosshe nodesof a parallelDBMS. This
sectionreportson an evaluationof this techniquedor both a homogeneouand heterogeneouglatform.
Brief conclusionsandfutureresearcldirectionsareofferedin Section5.

2 Partitioning strategies

Multiprocessoiatabasenachineaitilize the conceptof horizontalpartitioning[81, 70Q] to distribute the tu-
plesof eachrelationacrosamultiple disk drives. The stratgy usedfor partitioningarelationis independent
of the storagestructureusedat eachsite. The databas@dministratofDBA) for sucha systemmustcon-
sidera variety of alternatve organizationgor eachrelation. Threepopularpartitioningstratgiesinclude:
1) round-robin,2) hashpartitioning,and 3) rangepartitioning. The first stratey distributesthe tuplesof a
relationin around-robinfashionamongthe nodes.In effect, this resultsin a completelyrandomplacement
of tupleswith a uniform distribution of tuplesacrosghe nodes.In the hashpartitioningstratgy, arandom-
izing functionis appliedto the partitioningattribute of eachtupleto selecta homesite for thattuple. In the
laststrat@y, the DBA specifiesarangeof key valuesfor eachpartitionor site. This stratgy givesa greater
degreeof controlover the distribution of tuplesacrosghesites.
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Figures2 and3 shav how hashandrangepartitioningdispersehe recordsof a Stocktableacrossa 3
nodeconfiguration. Figure 2 shavs a hashfunction that consumesachrecordand mapsit to oneof the
disksby: 1) corverting its Symbolattribute valuefrom a stringinto a 64 bit integer, and2) computingthe
remainderof this numberwhendivided by 3, the numbernodes. This reminderis the disk id andranges
betweeninteger values0, 1 and2. Figure 3 shavs rangepartitioningwherethoserecordswith a Symbol
attribute valuestartingwith letter'A’ to ‘I’ areassignedo disk 0, ‘J’ to ‘Q’ areassignedo disk 2, and‘R’
to'Z’ areassignedo disk 3. Eachpieceof thetableis termedafragment.in Figures2 and3, eachfragment
consistsof two records. The “Symbol” attribute is termedthe partitioningattribute. With rangeandhash
partitioningstratgies,thesystemmaydirectthosequerieghatreferencehepartitioningattributeto asingle
node. For example,the systemcandirecta querythatretrievesthe closingprice of “BMC” to nodel with
rangepartitioning. (With hash,this querywould be directedto node2.) This freesup the othertwo nodes
to procestherqueries.

When a transactionupdateshe partitioning attribute value of a record, the systemmight migratethe
recordfrom onenodeto anothelin orderto presere theintegrity of thepartitioningstratey. In theexample
of Figure 3, if the partitioning attribute (Symbol) value of a recordchangedrom “AXP” to “XAP”, the
systemmigratesthis recordfrom nodel to node3 to presere theintegrity of rangepartitioningstratey.

In [35], we quantifiedthe performancearadeof associatedvith range hashandround-robinpartitioning
stratgiesusingthealternatve indexing mechanismgrovided by the Gammadatabasenachine.This study
revealsthatfor ashared-nothingnultiprocessodatabasenachineno partitioningstrateyy is superiorunder
all circumstancesRathey eachpartitioning stratgy outperformsthe othersfor certainquerytypes. The
majorreasorfor thisis thatthereexistsatradeof betweerexploiting intra-queryparallelismby distributing
thework performedby a queryacrosanultiple processorandthe overheadassociatedvith controllingthe
executionof a multisite query Localizingthe executionof queriesrequiringminimal amountof resources,
resultsin the bestsystemresponsdime andthroughputsincethe overheadassociateavith controllingthe
executionof the queryis eitherminimized or eliminated. On the otherhand,for queriesrequiringmore
resourcesgertaintradeofs areinvolved. In generalwith accessnethodghatresultin theretrieval of only
therelevanttuplesfrom thedisk, if theselectvity factorof thequeryis verylow, it is advantageouso localize
the executionof the queryto a singleprocessorWhile the hashpartitioningstratey localizesthe execution
of the exactmatchselectionqueriesthat referencehe partitioningattribute, the rangepartitioning stratgy
attemptsto localize the executionof all querytypesthat referencethe partitioning attribute regardlessof
their selectvity factor At the otherend of the spectrum,the round-robinpartitioning stratgy directsa
queryto all the processorsontainingthe fragmentsf thereferencedelation.

For sequentiakcanqueries,the bestresponsdime andthroughputis obsered whenthe partitioning
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stratgy constructghe smallestfragmentsize on eachnode,the executionof eachqueryis localizedto a

single node,andthe simultaneouslyexecutingqueriesare evenly dispersedacrossthe nodes. The system
generallyperformsbestwhenthe queryexecutesall by itself at a site and performsa seriesof sequential
disk requests.By localizing the executionof the queryto a single processqrthereis a higherprobability

of maintainingthe sequentiahatureof disk requestgnadeby a query free from interferenceof the other
concurrentlyexecutinggqueries.Thus,for thesequentiakcanqueriestheoptimalpartitioningstratey is the

rangepartitioningstratey.

2.1 Multi-attrib ute partitioning

Onemayfind mary alternatve multi-attribute partitioningstratgiesin theliterature. Thesecanbe cateyo-
rizedinto 3 groupsbasedntheir objectives. Thefirst strivesto optimizethe processingf thejoin operator
Examplesincludestratgjiesdescribedn [77, 61]. (Section3.1 detailsthesetwo techniques.)The second
distributesdatain a mannersothata selectionqueryperformsapproximateljthe sameamountof work on
eachnode.ExamplestratgiesincludeDisk Modulo (DM) [28], FieldwiseXOR (FX) [63], Error Correcting
Codes(ECC)[33], CoordinateModulo Distribution (CMD) [69], Hilbert Curve Allocation (HCAM) [32],
vectorbaseddeclustering15], GoldenRatio Sequence$GRS)[10]. For a comparisorof someof these
stratgiessee[72].

Thethird groupstrivesto localizethe executionof a querythatreferences partitioningattribute to as
few nodesaspossible ExamplestratgiesincludeMAGIC[36, 51] andBubbas extendedangedeclustering
stratgy [12]. A comparisorof thesetwo techniquess detailedin [46], demonstratinghe superiorityof
MAGIC.

We describethe first groupof multi-attribute declusteringechniguesn Section3.1 with a description
of the hash-joinalgorithm. While atfirst glancethe remainingtwo groupsmight appeaicontradictorythey
complemenbneanothetecausehey areappropriatdor differentqueryclassesWhile the 2*¢ approachs
appropriatdor thosequerieghatperformsuficientwork ateachnodeto eclipsetheoverheadf parallelism,
the 37¢ is appropriatdor thosethatsuffer from the overheadf coordinatingmulti-site queries.Ideally, the
laterqueryclassshouldbedirectedto onenodein orderto minimizethe overheadof parallelism.

In the following, we provide a brief descriptionof the MAGIC declusteringstratgy. MAGIC differs
from the rangeandhashpartitioningstratgjiesin two ways. First, relationsaredeclusterednto fragments
using several attributesinsteadof one. Thus, it canrestrictthe subsetof nodesusedto executeselection
operationson ary of the partitioningattributes. Secondthe numberof fragmentsandtheir assignmento
processorss determinedrom the characteristicef the selectionoperationsaccessingherelation.

In orderto furthermotivatethe MAGIC partitioningstrateyy, recallthe Stocktableof Figure4. Assume
onehalf of theaccessefermedquerytypeA) to the Stockrelationuseanequalitypredicateon the Symbol
attribute (e.g.,selectStock.allfrom StockwhereStock.Symbot “BMC”) andtheremainingquerieqtermed
type B) usea rangepredicateon the P/E attribute (e.g.,selectSymbolfrom StockwhereP/E > 10.03and
P/E < 10.09). Furthermore assumethat both queriesretrieve only a few tuples. For this workload, the
appropriateaccessnethodsarea hashindex on the Symbolattribute anda BT index on the P/E attribute of
the STOCK relation. However, eitherattribute could be selectedasthe partitioningattribute becausédoth
guerieshave minimal resourcaequirementsind,hence shouldbe executedby only oneor two processors.
Sincethe rangeandhashpartitioningstratgjies candeclustema relationonly on a singleattribute, both are
forcedto directeitherthetypeA or thetype B queriesto all the processorancurringthe overheadof using
moreprocessorghanabsolutelynecessary

On the other hand, MAGIC declusteringwould constructa two dimensionaldirectory on the Stock
relation, as shavn in Figure 4, in which eachentry correspondgo a fragment- a disjoint subsetof the
tuplesof therelation. The rows of the directorycorrespondo rangesof valuesfor the P/E attribute, while
the columnscorrespondo the intenals of the Symbolattribute value. The grid directory consistsof 36
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Figure4: A two-dimensionatleclusteringdf Stockrelationwith MAGIC.

entries(i.e., fragmentsland,assuminga systemconsistingof exactly 36 processorseachfragmentwill be
assignedo a differentprocessofthe detailsof how lesscontrived casesarehandledis describedn [36]).
For example tupleswith Symbolattribute valuesrangingfrom lettersA throughD andP/E attribute values
rangingfrom values21to 30 areassignedo processof.3.

Next, contrasthe executionof queriesA andB whenthe Stocktableis hashpartitionedon the Symbol
attribute with whenit is declusteredisingMAGIC andtheassignmenpresentedn Figure4. QuerytypeA
is an exact matchqueryon the Symbolattribute. The hashpartitioning stratey localizesthe executionof
this queryto a single processor The MAGIC declusteringstratgy employs six processor$o executethis
guerybecauséts selectionpredicatanapsto onecolumnof thetwo dimensionablirectory As anexample,
considerthe querythat selectsherecordcorrespondingo BMC Software (Stock.Symbok “BMC”). The
predicateof this querymapsto thefirst columnof the grid directoryandprocessorg, 7, 13,19, 25,and31
areemplo/edto executeit.

QuerytypeB is arangequeryonthe P/E attribute. The hashpartitioningstratgy mustdirectthis query
to all 36 processorbecausd’/E is not the partitioning attribute. Again, MAGIC directsthis queryto six
processorsinceits predicatevaluemapsto onerow of the grid directoryandthe entriesof eachrow have
beenassignedo six different processors.If insteadthe Stock relationwas rangepartitionedon the P/E
attribute, a singleprocessowould have beenusedto executethe secondjuery;however, thenthefirst query
would have beenexecutedby all 36 processors.

Consequentlythe MAGIC partitioningstratgy usesan averageof six processorsyhile the rangeand
hashpartitioning stratgies both usean averageof 18.5 processors.ldeally, howvever, a single processor
shouldhave beenusedfor eachquerysincethey both have minimal resourcerequirementsComingcloser
to usingthe optimal numberof processorfastwo importantbenefits. First, the averageresponsdime of
both queriesis reducedbecausejueryinitiation overhead19] is reduced.Secondusingfewer processors
increasesheoverall throughpubf the systensincethe“freed” processorsanbeusedto executeadditional
queries.

3 Evaluation of the join operator usinginter-operator parallelism

A commonjoin operatoris the equi-join operator R.A = S.A. It concatenatesa tuple of R with those
tuplesof S thathave matchingvaluesfor attribute A. This sectiondescribesort-mege [26, 52, 53], Grace
hash-join[73] andHybrid hash-join[26, 86] to parallelprocesghis operator A commonfeatureof these



algorithmsis their re-partitioningof relationsR andS usingthe joining attribute A. This dividesthe join
operatorinto a collectionof disjoint joins thatcanbe processedh parallelandindependentdf oneanother
Following a descriptionof eachalgorithm, Section3.1 describeshow thesetechniquessomparewith one
anotherandtherole of multi-attribute partitioningstratgieswith thesealgorithms.

Sort-Merge

A parallelversionof sort-megejoin is astraightforvard extensionof its single-nodemplementationlts
detailsareasfollows. First, the smallerof thetwo joining relations R, is hashpartitionedusingattribute A.
Its tuplesarestoredin atemporaryfiles asthey arrive ateachnode.Next, relationSis partitionedacrosshe
K nodesusingthe samehashfunction appliedto attribute A. The useof the samehashfunctionguarantees
thatthosetuplesof R atnodel mayjoin only with thoseof S atthesamenode.In afinal step,alocal meige
join operationis performedby eachnode,in parallelwith othernodes.Theresultsmight be storedin afile
or pipelinedonto otheroperatorghatmight consumehe resultof this join operator
Grace hash-join

The Gracehash-joinalgorithm[73] worksin threesteps.In thefirst step,the algorithmhashpartitions
relationR into N bucketsusingits join attribute A. In the secondstep,it partitionsrelationSinto N buckets
usingthesamehashfunction. In thelaststep,thealgorithmprocesseeachbucket B; of R andS to compute
thejoining tuples.

Ideally, N shouldbe choserin amannersothateachbucket is almostthe sameasthe availablememory
without exceedingit. To accomplishthis objectve, the algorithmstartswith avery large valuefor N. This
reduceghe probability of a bucket exceedingthe memorysize. If the bucketsaremuchsmallerthanmain
memory seseralwill becombinedduringthethird phaseto approximatehe availablememory

This algorithmis differentthan sort-mege in one fundamentalway: In its last step,the tuplesfrom
bucket B; of R arestoredin memoryresidenthashtables(usingattribute A). Thetuplesfrom bucket B; of
S areusedto probethis hashtable for matchingtuples. Grace-joinmay usethe smallertable (sayR) to
determinghe numberof buckets: this calculationis independentf thelargertable(S).

Hybrid hash-join

TheHybrid hash-joinalsooperatesn threesteps.lts maindifferencewhencomparedvith Gracehash-
join is asfollows. It maintainsthe tuplesof the first bucket of R to build the memoryresidenthashtable
while constructinghe remainingN-1 bucketsarestoredin temporaryfiles. RelationS is partitionedusing
thesamehashfunction. Again, thelastN-1 bucketsarestoredin temporaryfiles while thetuplesin thefirst
bucket areusedto immediatelyprobethe memoryresidenthashtablefor matchingtuples.

3.1 Discussion

A comparisorof sort-mege, GraceandHybrid hash-joinalgorithms(alongwith othervariants)is reported
in [13, 25, 84]. In general GraceandHybrid provide significantsasings whencomparedwvith sort-mege.
Hybrid outperformsGraceaslong asthefirst bucket doesnotoverflow theavailablememory Assumingthat
thesizeof R andS arefixed, both Hybrid andsort-mege aresensitve to the availablememorysize. Grace
hash-joinis relatively insensitve to the amountof availablememorybecauset performsbucket tunningin
the first step. The performanceof Hybrid improves whenlarge amountsof memoryare available. Sort-
mege alsobenefits(in a step-wisemannerasa function of availablememory)becauseét cansortR andS
with fewer iterationsof readingandwriting eachtable.

One may emplg bit filters [8, 91] to improve the performanceof thesealgorithms. The conceptis
simple. An arrayof bitsis initialized to zero. During the partitioningphaseof R, a hashfunctionis applied
to the join attribute A of eachtuple andthe appropriatebit is setto one. The fully constructedit filter
is thenusedwhen partitioningrelation S. Whenreadinga recordof S, the samehashfunctionis applied
to the joining attribute of eachtuple. If the correspondingit is checled thenit is transmittedfor further
processing.Otherwise,thereis no possibility of that tuple joining andit canbe eliminatedfrom further



consideration. This minimizesthe network traffic and subsequenprocessinge.g., with sort-mege, the
eliminatedtuplesarenot sorted reducingthe numberof 1/Os.

Onemaycontrolpartitioningof tablesto enhancehe performancef thejoin operator For example the
DYOPtechniqug77] distributesa datafile into asetof partitions(or buckets)by repeatedlysubdviding the
tuple spaceof multiple attribute domaing(in afashionthatis almostidenticalto the grid file algorithm). To
executea hash-joinqueryefficiently, the sizeof eachpartitionis definedto equalthe aggrgatememoryof
the processorin the system.Sincethe DY OP structurepreseresthe orderof tuplesin the attribute domain
spacethebucket formationstepof Gracehash-joinalgorithmis eliminatedandthejoin of relationsk andS
is accomplishedby readingeachrelationonly once.Similarly, [61] alsoproposesheuseof amulti-attribute
partitioningto minimize the impact of datadistribution during the constructionof the hashtable on the
innerrelationwhenexecutinga parallelhashjoin. The basicideais asfollows. AssumearelationR thatis
frequentlyjoinedwith relationsS andT. WhenR is joinedwith S,the A attribute of R is usedand,whenR
is joinedwith T, the Y attribute of R is usedasthe joining attribute. By building a grid file onthe A andY
attributesof R whichis thenusedto declustethetuplesof R, it is possibleto minimize how mary tuplesof
R areredistritutedwhenit is joinedwith eitherSor T.

4 ORE: A framework for data migration

While techniquesuchasMAGIC declustemarelationby analyzingits workload,thisworkloadmightevolve
overtime. Anotherchallengés thegradualevolution of ahomogeneousystento aheterogeneousne. This
might happerfor severalreasonsFirst, disksfail andit might be moreeconomicato purchasaewer disk
modelsthatarefasterandcheapethanthe original models.Secondthe applicationmight grow over time
(in termsof both storageand bandwidthrequirementland demandadditionalnodesfrom the underlying
hardware. Onceagain,it might be more economicalto extend the existing configurationby purchasing
newer hardwarethatis fasterthanthe original nodes.

With evolving workloadsand ervironments,datamust be re-oiganizedto respondto thesechanges.
Ideally, the parallelDBMS shouldrespondo thesechangesandfine-tunethe placemenbf data. This can
be performedat differentgranularities:1) recordlevel by repartitioningrecordsandcontrollingassignment
of recordgo eachnode[68], and2) fragmentevel [83, 93, 37] by eithermigratingfragmentfrom onenode
to anotheror breakingfragmentsnto piecesandmigratingsomeof its piecesto differentnodes.We focus
onthelaterapproachin therestof this chapter

In orderto simplify discussiorandwithout lossof generality we assumean ervironmentconsistingof
K storagedevices. In essenceeachnodeof Figure l.ais a storagedevice. Eachstoragedevice d; hasa
fixed storagecapacity C(d;), anaveragebandwidth,BW (d;), anda MeanTime To Failure, MTTF'(d;).
With oneor moreapplicationghatconsumeB,,;,;, bandwidthduring a fixed amountof time, ideally, each
disk mustcontritute a bandwidthproportionalto its BW (d;):

BW (d;)

SK, BW(d) @

Fairshare(d;) = Biotar X
Thebandwidthof adiskis afunctionof block size(8) andits physicalcharacteristic§s5, 9]: seektime,
rotationallateng, andtransferrate(tfr). It is definedas:

B

BW(d;) =t
W(d;) = tfr x B+ (tfr x (seek time + rotational latency))

(2)

Givenafixedseektime androtationallateng, BW(d;) approachedisk transferratewith largerblock sizes.
ThereareF files storedontheunderlyingstorage The numberof files might changeovertimes,causing
thevalueof F' to changeA file f; mightbe partitionedinto two or morefragmentslts numberof fragments
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is independenof the numberof storagedevices, i.e., K. Fragmentof a file may have differentsizes.
Fragment; of file f; is denotedasf; ;. In ourassumedcknvironment,two or morefragmentsof afile might
be assignedo the samedisk drive'. Moreover, a file f; may specify a certainavailability requirement
from theunderlyingsystem.For example,it may specifythatits Mean-Time-To-Data-LossMTT D L( f;),
shouldexceed200,000hours, M T'T D L., (f;) = 200,000hours.

We assumehysicaldisk drivesfail independendf oneanother Eachdisk hasacertainfailurerate[103,
87, 47], termedA fgiiure- Its mean-time-todilure (MTTF) is simply: m,llm. Whenafile (say f;) is par
titioned into n fragmentsandassignedo n disks(sayd; to d,) thenthe databecomeaunavailablein the
presencef asinglefailure?. Hence,t is definedasfollows [103, 87, 47]:

1
?:1 )‘failu're (dz)

For example,if the MTTF of disk A andB is 1 million and2 million hours,respectiely, thenthe MTTDL
of afile with fragmentsscatteredcrosshesetwo disksis 666,666hours.

We usethe EVEREST[40, 41] file systemto approximatea contiguouslayout of a file fragmenton
the disk drive. With EVEREST, the basicunit of allocationis a block, alsotermedsectionsof heightO.
EVERESTcombinegheseblocksin atree-like fashionto form larger, contiguoussections As illustratedin
Figure5, only sectionsof sizgblock) x B? (for i > 0) arevalid, wherethebaseB is asystemconfiguration
parameter If a sectionconsistsof B* blockstheni is saidto be the heightof the section. In general,B
heighti sectiongphysicallyadjacentymight be combinedto constructa height: + 1 section.

To illustrate,the disk in Figure5 consistsof 16 blocks The systemis configuredwith B = 2. Thus,
the sizeof a sectionmayvary from 1, 2, 4, 8, up to 16 blocks In essencea binarytreeis imposedupon
the sequencef blocks. The maximumheight, given by? N = [log B(ng—ggfélgﬁ 1)1, is 4. With this
organizationmposeduponthedisk drive, section®f heighti > 0 cannotstartatjustary block numbey but
only at offsetsthataremultiplesof B*. This restrictionensureghatary section,with the exceptionof the
oneatheightV, hasatotal of B — 1 adjacenbuddy sectionsof the samesizeatall times. With thebase2
organizationof Figure5, eachblock hasonebuddy

A fragmentmight berepresentedsseveral sections Eachis termeda chunk. Thefile systenmaintains
the heatof eachchunkatthe granularityof afixed offsetfrom its sectionheight. For example,with achunk

MTTDL(f;) = 3)

1As comparedith [83] thatrequireseachfragmentof afile to beassignedo a differentdisk drive.

2There hasbeena significantamountof researchon constructionof parity datablocks and redundantata, see[103] that
focuseson this for heterogeneougisks. This topic is beyond the focus of this study In this chapter we control the placement
without constructingedundantiata.

3To simplify thediscussionassumehatthe total numberof blocksis a pawer of B. Thegenerakasecanbe handledsimilarly
andis describedn [40, 41].



of height8, the systemmight maintainits heatat offset2. With B equalto 2, this meansthatthe system
maintainsthe heatof four sectionof height6 that constitutethis chunk. This enableshe reoiganization
algorithmto breaka fragmentinto mary smallerpiecesanddispersehemamongstheavailabledisk drives.

4.1 Threestepsof ORE

Our framework consistsof 3 logical steps: monitor, predict, and migrate. We partition time into fixed
intenals, termedtime slices. During monitor, we constructa profile of the load imposedby eachfile

fragmentspertime slice. During predict, we computewhatfragmentgo migratefrom onedisk to another
in orderto enhancesystemperformance Migrate changeshe placemenbf candidatdragments.Below,

we detaileachof thesesteps.

4.1.1 Monitor

constructsa profile of the loadimposedon eachdisk drive andthe averageresponseime of eachdisk d;.
Theloadimposedondiskdrive d; is quantifiedasthebandwidthrequiredirom disk d;. It is thetotalnumber
of bytesretrievedfrom d; duringatime slicedividedby thedurationof thetime slice. Theaverageresponse
time of d; is theaverageresponse¢ime of therequestst processeduringthetimeintenal.

This procesgproduceshreetablesthatareusedby the othertwo steps:

¢ FragProfilettablemaintainsthe averageblock requessize,heat,andloadimposedby eachfragment
fi,; pertimeslice,

e Foreachdisk drive d; pertime slice, DiskProfilertablemaintaingheheat,load, standardleviationin
systemload, averageresponséime, averagequeueength,andutilization of d;.

e FragOvlptable maintainsthe OVERLAP betweentwo fragmentsper time slice. The conceptof
OVERLAP is detailedin Section4.2.

4.1.2 Predict

determinesvhat fragmentsto migrateto enhanceesponsdime. Section4.2 describeseveraltechniques
thatcanbeemployedfor thisstep.In Sectiond.3,we quantifythetradeof associatewvith thesealternatves.

4.1.3 Migrate

modifiesthe placemenbf data. We consideredwo algorithmsfor fragmentmigration. With thefirst, the
fragmentis lockedin exclusive modewhile it is migratedfrom dg,.. to dgs. This simplealgorithmprevents
updateswhile the fragmentis migrating. It is efficient and easyto implement. However, the datamight
appeaito be unavailableduringthereolganizationprocess Dueto this limitation, we ignorethis algorithm
from furtherconsideration.

The secondsupportsconcurrentupdateshy performingeachagainsttwo copiesof the migratingfrag-
ment: (a) oneon d,., termedprimary and(b) the otheron d,,;, termedsecondaryThe secondarcopy is
constructedrom the primary copy of thefragment.All readrequestsaredirectedto the primary copy. All
updatesareperformedagainstboththe primaryandsecondargopy. Themigrationprocesss abackground
taskthatis performedasednavailability of bandwidthfrom d,... It assumesomebuffer spacdor staging
datafrom primarycopy to facilitateconstructiorof its secondangopy. This buffer spacemightbe provided
asacomponenbf theembeddedievice. Dependingonits size,thesystenmightreadandwrite unitslarger
thanablock. Moreover, it might performwritesagainstd,,; in thebackgroundlependingon theamountof
free buffer space.Oncethe free spacefalls belav a certainthreshold the systemmight performwrites as
foregroundtasksthatcompetewith actve userrequestg6].
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4.2 Predict: Fragmentsto migrate

In this section,we describewo algorithmsthat strive to distribute the load of anapplicationevenly across
the K disks. ThesearetermedEVEN andEVEN(, g. As implied by theirname EVEN¢, 5 is avariantof
EVEN. A taxonomyof alternatve techniquesanbefoundin [37].
EVEN: Constrained by bandwidth

At theendof eachtime slice, EVEN computeghefair-shareof systemloadfor eachdisk drive. Next, it
identifiesthe disk with (a) maximumpositive load imbalancefermedd,., and(b) minimum negative load
imbalancetermedd,,;. (Theconceptof loadimbalances formalizedin the next paragraph.Amongstthe
fragmentsof d,., it chooseghe onewith aload closestio the minimum negative load of dg,;:. It migrates
thisfragmentfrom d,.. to dgs;. This processepeataintil eitherthereareno sourceanddestinatiordisksor
anew timeslicearrives.

The maximumpositive load imbalancepertainsto thosediskswith animposedoad greaterthantheir
fair share.For eachsuchdisk d;, its 61 (d;) = load{;)-Fairshareq;). Positive imbalanceof d; is definedas

me.f:h%. EVEN identifiesthediskwith highestsuchvalueasthesourcedisk, d,.., to migratefragments
rom.
The minimum negative load imbalancecorrespondgo thosedisks with an imposedload lessthan

their fair share. For eachsuchdisk d;, its 6 (d;) = load(;)-Fairshared;). Negative imbalanceof d; is
0°(di) __ The disk with the smallesiegative imbalancé is the destinationdisk, d;, and EVEN mi-

gratesfragmentgo this disk.

EVEN definesXTRA asthedifferencebetweerfair shareof ds,.. andits currenioad, XTRA =load(dsc)
- Fairshare(dsyc). The differencebetweenfair shareof d,s; andits currentload is termedLACKING,
LACKING = Fairshare(dgs:) - load(dgst). EVEN identifiesfragmentsfrom d,. with animposedioad
approximatelythe sameasLACKING. Next, it migrateshesefragmentd0o d ;.

EVEN¢,p: Constrained by bandwidth with Cost/BenefitConsideration

EVEN¢, g extendsEVEN by quantifying the benefitand costof eachcandidatemigrationfrom ds;.
to dgs;. The next paragraphdescribeshow the systemquantifiesthe costand benefitof eachcandidate
migration.EVEN(, g sortscandidatemigrationbasecntheir netbenefit,i.e., benefit- cost,schedulinghe
onethatprovidesgreatessavings. After eachmigration,thecostof eachcandidatemigrationis re-computed
(becausét might have changesiandthe list is resorted.Section4.3 shaws thatthis algorithmoutperforms
EVEN.

In therestof this sectionwe describehow to quantifythe benefitandcostof migratinga fragmentf; ;
from d,. t0 dgs;. Its unit of measuremeris time, i.e., milliseconds.The costof migratinga fragmentis the
totaltime spentoy d,,.. to readthefragmentandd,; to write thefragment.

The benefitof migrating f; ; is measuredn the context of previous time slices. ORE hypothesizes
virtual statewheref; ; residesond,,; andmeasuresheimprovementin averageresponsegime. In essence,
it estimatesananswetto the following question:*What would be the averageresponseime if f; ; resided
ondgs:?” By comparingthis with the obsered responsdime, we quantify the benefitof a migration. Of
course this numbermight be a negative valuewhich implies no benefitto performingthis migration. Note
thatthis methodologyassumeshatthe pastaccespatternsareanindicationof future accesgatterns.

We startby describinga methodologyto estimatean answerto the hypothetical*what-if” question.
Next, we formalizehow to computethe benefit.

Our methodologyto estimateananswerto the“what-if” questionis fairly accurateits highestobsered
percentagef erroris 23%. We realizethis accurag for two reasonsfirst, our embedde@&AN file system
residesn the SAN switchandobsenresall blockreferenceandthestatusof eachstoragelevice. Secondyve
maintainoneadditionalpieceof information,namelythe degreeof overlapbetweerntwo fragmentsfermed

4Giventwodisks,d; andd. with negativeimbalanceof -0.5and-2.0,respectiely, d> hastheminimumnegative loadimbalance.

10



OVERLAP(f; j, fr,)- Thisinformationis maintainedor eachtime sliceandusedto predictresponsé¢ime.

In orderto defineOVERLAP anddescribeour methodologyandwithoutlossof generalityassumehat
we areansweringhe“what-if” questionin the contet of onetime slice. To simplify thediscussiorfurther,
assumehatthe ervironmentconsistsof homogeneoudisk drives. (This assumptions removed at the end
of this section.)The averagesystenresponsdime, RTy,, is afunctionof averageresponséime obsered
by requestseferencingeachfragment. AssumingF files, eachpartitionedinto at mostG fragmentsit is
definedas:

Sy 35y RTung(fig)

RTavg = F x G (4)

Theaveragerespons¢ime of afragment,RTq,,( f; ;) is thesumof its averageservicetime, Sq.4(fi ;), and
wait time, Wy (fi,5), of requestshatreferencait:

RTavg(fi,j) = Sa'ug(fi,j) + Wavg(fi,j) (5)

Savg(fi ;) is afunctionof thediskit resideson andaveragerequestedblock size. For eachfragmentas
detailedin Section4.1.1,ORE maintainsthe averagerequestedlock sizein the FragProfilertable. Thus,
givenadisk drive d45; anda fragmentf; ;, ORE canestimateS,,,(f; ;) if fi; residedon dgs; (usingthe
physicalcharacteristicef d ;).

To computeW,,,, we notethat eachrequesthasan arrival time, 7,,,;, that canbe registeredby the
embeddedievice. For eachfragmentf; ; residingon disk d;, we maintainwhenthe requestgeferencing
fi; will departthe system,termedTyepart- Taepart 1S €Stimateddy analyzingthe wait time in the queue
of d;. Upon the arrival of a requestreferencingfragmentf; ;, we examine all thosefragmentswith a
non-ngatve Tiep,+. For eachwe setOVERLAP(fy , fi j, Turvwi) t0 bethe differencebetweenty, . (fi )
and Tdepart(fi,j): OVERLAP(fk,lafi,j’Tarvl): Max(O, Tdepart(fi,j) - Tarvl(fk,l))- For a time slice,
OVERLAP(f 4, fi ;) is thesumof thoseOVERLAP(fy, 1, fi,j Tarvi) WhOSET ;. is duringthetime slice. In
ourimplementationywe maintainedDVERLAP(f}, ;, f; j) asanintegerthatis initialized to zeroatthebegin-
ning of eachtime slice. Uponthe arrival of a requestreferencingfy ;, we incrementOVERLAP(f% i, fi,;)
with OVERLAP(f%i, fi,j, Tarv)- This minimizesthe amountof requiredmemory

OVERLAP(fx,, fi,;) defineshow long requestgeferencingf;; wait in a queuebecauseof requests
thatreferencef; ;. Assumingthat f; ; and f;; arethe only fragmentsassignedo disk d; andthe system
processe#Req(f; ;) requestshatreferencefy ;, theaveragewait time for theserequestss:

OV ERLAP(fyy, fij) + OVERLAP(fxy, fr.)
#Req(fr.1)

It is importantto obsere thefollowing two details.First, self OVERLAP is alsodefinedfor afragment
fr, 1.e., thereexists a value for OVERLAP(f;, fx;). This enablesORE to estimatehow long requests
thatreferencehe samefragmentwait for oneanother Secondthis paradigmis flexible enoughto enable
OREto maintainOVERLAP(f , fi ;) evenwhen f;, ; and f; ; resideon differentdisks. ORE usesthis to
estimatea responsdime for a hypotheticalconfigurationwhere f; ; migratesto the disk containing fy ;.
Third, ORE canestimatehe responséime of a disk drive for anarbitraryassignmentf fragmentdo disks
usingEquationd.

Basedon Equation5, therearetwo waysto enhanceesponsédime obsered by requestshatreference
afragment.First, migratethe fragmentto a fasterdisk for animprovedservicetime, S,,4,. Secondmigrate
afragmentf; ; away from thosediskswhoseresidenfragmentshave ahigh OVERLAP with f; ;. Figure6
shavsthepseudo-cod®o estimatehebenefitof migrating f; ; from d.. to dg,;. OREmaycomputethisfor
N previoustime sliceswhereN is anarbitrarynumber The only requirements thatthe embeddedlevice
mustprovide sufficentspaceo storeall datapertainingto theseintenals.

Wavg (.fk,l) = (6)
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Numberof accesseprocessetby disk ds,. is Accessgyc

Numberof accesseprocessetby disk dgs; is Accessgs

Look-upthe averageresponseime of d,. prior to migration,termedRT s, pe fore
Look-uptheaverageresponsegime of d s, prior to migration,termedRT st be fore
Estimatethe averageresponséime of d,,.. aftermigration,termedRT,,c o ter

Estimatethe averageresponseime of dg,; aftermigration,termedRT ¢ 4 f1er

N o o A~ e Dd e

Total responsédime savingsof d,,.. aftermigrationis:
Savingssrc:(Accesssrc,after X RTsrc,after) - (Accesssrc,before X RTsrc,before)-

8. Totalresponsédime savingsof d;,; aftermigrationis:
Savingsdst:(Accessdst,after X RTdst,after) - (Accessdst,before X RTdst,before)-

9. Benefitof migrating f; ; is Benefit(f; ;)=Savingssrc + Savingsqs.
Figure6: Pseudo-cod® computethe benefitof a candidatemigration.

The OVERLAP of two fragmentds maintainedn the FragOvlptable. GivenG fragmentsjn theworst
casescenariothesystenmaintains% integervalues.For examplewith a 630fragmentdG=630)and
recordsthat are 348 byteslong, in the worst casescenario the systemwould store65 megabytesof data
pertime slice. In our experimentsthe amountof requiredstoragewassignificantlylessthanthis, only 70
kilobytes per time slice. With the 80-20rule, we expectthis to hold true for almostall applications. In
Section5, we describehow ORE canemploy a circular buffer to limit the sizeof tracedatathatit gathers
from the system.

4.3 Performanceevaluation of ORE

We useda tracedriven simulationstudyto quantify the performanceof ORE.We analyzedwo alternatve
ernvironments:First,a homogeneousrnvironmentconsistingof identicaldisk models.Seconda heteroge-
neouservironmentconsistingof differentdisk models. For both ervironments,ORE provides significant
performanceenhancementdn thefollowing, we startwith a brief overvien of the tracedriven simulation
model.Next, we presenthe obtainedresultsfor eachenvironmentandour obsenrations.

Thetracesweregatheredrom a productionOracledatabasenanagemengystemon a HP workstation
configuredwith 4 gigabyteof memory and5 terabytef storagedevices(283raw devices). Thedatabase
consistedf 70tablesandis 27 gigabytein size. Thetraceswveregatheredrom 4 pm, April 12to 1 pm April
23,2001. It correspondso 23 million operationson the datablocks. Thefile references skewed where
approximately83% of accessereferencel 0% of thefiles. Moreover, accesse® thetablesareburstyasa
functionof time. Thisis demonstrateth Figure7, wherewe plot the numberof requestgo the systemasa
functionof time. In all experimentsthedurationof atime sliceis 6 minutes,i.e., eachtick on the x-axis of
the presentediguresis 6 minuteslong.

We usedthe Java programminglanguageto implementour simulationmodel. It consistsof 3 class
definitions:

1. Disk: This classdefinition simulatesa multi-zonedisk drive with a completeanalyticalmodelfor
computingseeksyrotationallateng, andtransfertime. Whena disk objectis instantiatedit readsits
systemparametergrom a databasenanagemensystem. Hence,we can configurethe modelwith
differentdisk modelsanddifferentnumberof disksfor eachmodel. A diskimplementsa simplified
versionof the EVERESTfile system.
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Figure7: Numberof requestasa function of time.

2. Client: Theclientgeneratesequestdor the differentblocksby readingthe entriesin thetracefiles.

3. SAN Switch: This classdefinitionimplementsa simplified SAN switchthatroutesmessagebetween
the client andthe disk drives. The file managelis a componenif this module. The file manager
serviceseachrequestgeneratedy a client. It controlsand maintainsthe placemenif dataacross
disk drives. Givenarequesfor ablock of afile, this modulelocatesthe fragmentreferencedy the
requestandresoheswhich disk containsthe referencediata. It consultswith the file systemof the
disk drive to identify the appropriatecylinder andtrack thatcontainsthereferencedlock.

Thefile manageimplementghe 3-stepre-oiganizationalgorithmof ORE, seeSection4.

We conductedexperimentswith both a large configurationconsistingof 283 raw devicesthat corre-
spondsto the physical systemthat producedthe tracesand smallerconfigurations. The smaller config-
urationsare fasterto simulate. The performanceesultspresentedn this chapterare basedon one such
configurationconsistingof 9 disk drives. We analyzetwo ervironments: First, a homogeneousne con-
sistingof nine 180 gigabytedisk driveswith a transferrate of 40 megabytesper secondMB/sec). These
disksweremodelledafterthe highdensity Ultral60SCSI/Fibre-Channealisksintroducedoy Seagatén late
2000. Our secondervironmentis a heterogeneousne consistingof threedifferentdisk models: 1) three
disk drivesidentical to thoseusedwith the homogeneousgrvironment, 2) three 60 gigabytedisk drives,
eachwith atransferrate of 20 MB/sec,and3) three20 gigabytedisk drives,eachwith a transferrate of 4
MB/sec.

4.4 Homogeneougonfiguration

Figure 8 shaws the performanceof alternatve predicttechniquesusingthetrace. The x-axis of this figure
denotegime, i.e., differenttime slices. The y-axisis the cumulatve averageresponseime. It is computed
asfollows. For eachtime slice,we computethe total numberof requestandthe sumof all responsdimes

13



Cumulative Average Response Time (Milliseconds) Cumulative Average Response Time (Milliseconds)

] 35000 -
e B e 0000 4

0000 | === = mmm e m o o
25000

SO0 e m e m e e e e
20000
40000 e m e m e e
15000 4
A0 Ao m e m e e e

10000 +
20000 L—

) 5000 4
10000 JA P EVENC_ Nt e e T —

L [ Optimal EVEN
04

0

128
255
382
09
636
763
a0
m7
144
271
398
525
652
77
a06
033

2160

2267

2414

2541

200
312
424
536
548
780
a72
984
1096
1208
1320
1432
1544
1656
1768
1880
1992
2104
2216
2328
2440
2552

Time Slice ID Time Slice ID

8a. Startingwith time slice 1 8h. Startingwith time slice 200

Figure8: Cumulatve averageresponsédime for the homogeneousrvironment

til theendof thattime slice. The cumulatve averageresponseime is the ratio of thesetwo numbersij.e.,
t"t‘t‘fnz_jsf;:je‘;gme . If duringatime slice, no requestsreissuedthenthe cumulatve averageresponseime
remainsconstant.This explainsthe periodicflat portions.

In additionto EVEN andEVEN(, g, thesefigurespresenthe responseime for threeotherconfigura-

tions. Thesecorrespondo:

¢ No-reoganization:this representshe baseconfigurationthat processesequestsvithout on-line re-
organization.

e Optimal: this configurationassigngequestg¢o the disksin around-robinmannerignoringthe place-
mentof dataandfiles referencedy eachrequest.This configurationrepresentshetheoretical lower
boundon responséime thatcanbe obtainedrom the 9 disk configuration.

e Heat-Based:This is animplementatiorof the re-oiganizationalgorithm presentedn [83]. Briefly,
this algorithm monitorsthe heat [19] of disksand migratesthe fragmentwith highesttemperature
from the hottestdisk to the coldestoneif: a)the heatof thetamgetdisk afterthis migrationdoesnot
exceedthe heatof the sourcedisk, andb) the hottestdisk doesnot have a queueof pendingrequests.
The heatof a fragmentis definedasthe sum of the numberof block accesseto the fragmentper
time unit, ascomputedusingstatisticalobseration duringsomeperiodof time. Thetemperaturef a
fragmentis theratio betweerits heatandsize. Theheatof a diskis thesumof the heatof its assigned
fragmentd19, 62].

Figure8.aandb shav the cumulatie averageresponséime startingwith the 1#* and200” time slice,
respectrely. Theformerrepresents cold startwhile the lateris a warm startafter 20 hoursof usingthe
framework. In bothcasesQREis a significantimprovementwhencomparedvith no-reoganization.(ORE
refersto the framevork consistingof the threepossiblealgorithms: EVEN, EVEN¢, g, andHeat-Based.)
Thepeaksn this figure correspondo the bursty arrival of requestavhich resultin the formationof queues.
EventhoughOptimal assigngequestto the nodesin around-robinmanneyit alsoobseresformationof
gueuedecausenary requestsarrive in ashortspanof time.
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Figure9: Percentagdegradationrelative to Optimal

We alsoanalyzedhe performanceof alternatve algorithmson a daily basis.This wasdoneasfollows.
We setthecumulatie averageresponsdimeto zeroatmidnightoneachday In all casesORE outperforms
no re-olganization.Whencomparedvith thetheoreticalOptimal, ORE s slower by anorderof magnitude.
Figure9 shavs how inferior EVEN, EVEN¢, p andHeat-Basedirewhencompardwith Optimal. They-
axis on this figure is the percentagalifferencebetweenan algorithm (say EVEN) and Optimal. A large
percentagalifferenceis undesirabldecausét is furtheraway from theideal. We shaw two differentdays,
correspondingo the bestandworstobsered performanceDuring day 2, ORE s 50to 300 percentslower
thanthetheoreticalOptimal. Duringday6, OREis attimesseveralordersof magnitudeslowerthanOptimal.

4.5 Heterogeneousonfiguration

We analyzedthe performanceof a heterogeneousonfigurationconsistingof 9 disk drives. Thesedisks
correspondo 3 differentdisk models:1) 180gigabytediskswith a 40 megabytepersecondransferrate,2)
60 gigabytediskswith a 20 megabytepersecondransferrate,and3) 20 gigabytediskswith a 4 megabyte
persecondransferrate. Our ervironmentconsistedf 3 disksfor eachmodel.

The experimentalketupdifferedfrom thatof Section4.4in severalways. First, we increasedhe block
sizeto 128kilobyte. With a 2 kilobyte block size,the bandwidthof eachdisk is almostidenticalbecause
the seekandrotationaldelaysconstitutemorethan99%of transfertime, seeEquation2. Secondwe do not
have Optimal becausewith a heterogeneousonfiguration the fasterdiskscanservicerequestgasterand
it is no longeroptimalto assignthe requestdo disksin a round-robinmanner Similarly, we eliminatedthe
Heat-Basedechniquebecauséts extensionto a heterogeneousnvironmentwould be similarto EVEN.

Figure 10 shavs the cumulatie averageresponseime of the systemwith EVEN, EVEN¢, g, andno-
reoiganization.Theseresultsdemonstratéhesuperiorityof OREasare-oganizationframevork. EVEN¢, g
enhanceperformancdor seseralreasonskFirst, it migratesthe fragmentswith a highimposedoadto the
fasterdisks,processing larger fraction of requestgaster Thus,whenaburstof requestss issuedto these
fragments,eachrequestspenddesstime in the queue. Second,it migratesthe fragmentsthat are refer
encedtogetheronto differentdisk drivesin orderto minimize the incurredwait time (usingthe conceptof
OVERLAP).

We comparecEVEN with EVEN(, g on a day-to-daybasis. This procedures identicalto thoseof the
homogeneousonfigurationwherethe cumulatve averageresponseime is resetto zeroat the begining of
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Figure10: Cumulative averageresponséime for the heterogeneousrnvironment

eachday 12 am. Generallyspeaking,EVEN(, g is superiorto EVEN. In Figures1l.aandb, we shav
the percentagelegradataionrelatve to EVEN(, g obsered for two differentdays,day 3 and6. These
correspondo thebestandworstobseredperformancavith EVEN. Duringday3, EVEN providesaperfor
mancethatis attimesbetterthanEVEN, . During day 6, EVEN exhibits a performancelegradationthat
is severalordersof magnitudesloverthanEVEN(, 5. In this caseno re-oganizationoutperformsEVEN.

5 Conclusionsand futur ereseach dir ections

This chaptemprovidesan overviewn of techniquedo realizea parallel,scalable high performancealatabase
managemensystem.We describedhe role of alternatve partitioningstratgiesto distribute the workload
of a queryacrossmultiple nodes.Next, we describedhe designof parallelsort-mege, GraceandHybrid
hashjoin to procesghe join operator Finally, we detailedORE asa threestepframevork that controlsthe
placemenof fragmentsan orderto respondo: a) changingworkloads,andb) dynamichardware platforms
that evolve over a period of time. We demonstratethe superiorityof this frameavork usinga tracedriven
evaluationstudy

Physicaldesignof paralleldatabasenanagemensystemss an active areaof research.Oneemeging
complementaneffort is in the areaof StorageArea Network (SAN) architecturesghat strive to minimize
the costof managingstorage A SAN is a special-purposaetwork thatinterconnectslifferentdatastorage
deviceswith seners.While therearemary definitionsfor aSAN, thereis ageneratonsensuthatit provides
accesst the granularityof a block andis typically tamgetedtoward databasepplications. A SAN might
includean embeddedtoragemanagemensoftwarein supportof virtualization. This software includesa
file systemthat separatestorageof a device from the physicaldevice, i.e., physicaldataindependence.
Virtualizationis importantbecausdt enablesfile to grow beyondthe capacityof onedisk (or disk array).
Suchembeddedile systemsanbenefitfrom ORE andits 3 stepframework [37].

Anotherimportantresearchlirectionis anonline capacityplannerthatis awareof anapplications per
formancerequirementse.g.,desiredesponséime guaranteeatpre-specifiedhroughputsThiscomponent
shoulddetectwhena systemis not meetingthe desiredrequirement@ndsuggesthangego the hardvware
platform. With a SAN, this might be anintegral componenbf the embeddedile system.Sucha capacity
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Figure1l: Percentageegradationrelative to EVEN¢, g

plannerempaversthe humanoperatorgo addresperformancdimitations effectively.

Finally, we planto extend ORE to incorporateavailability [78, 103 techniquesTheseatechniqueson-
structredundaniatain orderto continueoperationin the presencef disk failures. For example,chain
declustering59, 60, 49] constructsa backupcopy of afragmentassignedo nodel ontoanadjacennode
2. Theoriginal fragmentson nodel aretermedprimary while their backupcopieson node?2 aretermed
secondary. If nodel fails, the systemcontinuesoperationusingsecondarycopiesstoredon node2. While
ORE, seeSection4, controlsthe placemenbf databasedon the availability needsof a fragment,it does
not considerthe placemenbf primary and secondarycopieswhenmigrating fragmentsfrom one nodeto
another As a simpleexample,it canswitchtherole of primary andbackupcopiesto respondo workload
changes.
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