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Abstract

Parallelismis the key to realizinghigh performance,scalable,fault tolerantdatabasemanagement
systems.With the predictedfuture databasesizesandcomplexity of queries,the scalabilityof these
systemsto hundredsandthousandsof processorsis essentialfor satisfyingtheprojecteddemand.This
chapterdescribesthreekey componentsof a high performanceparalleldatabasemanagementsystem.
First, datapartitioningstrategiesthatdistributetheworkloadof a tableacrosstheavailablenodeswhile
minimizing the overheadof parallelism.Second,algorithmsfor parallelprocessingof a join operator.
Third, OREasa framework thatcontrolsthe placementof datato respondto changingworkloadsand
evolving hardwareplatforms.

1 Intr oduction

Databasemanagementsystems(DBMS) have becomean essentialcomponentof many applicationdo-
mains,e.g.,airline reservation, stockmarket trading,etc. In the arenaof high performanceDBMS, par-
allel databasesystemshavegainedincreasedpopularity. ExampleresearchprototypesincludeGamma[23],
Bubba[12], XPRS[88], Volcano[54], Omega[34], etc.Productsfrom theindustryincludeTandem’s Non-
StopSQL [89], NCR’s DBC/1012[90], OracleParallelServer [74], IBM’ s DB2 paralleledition [31], etc.
Thehardwareplatformof thesemachinesis typically amulti-nodeplatform,seeFigure1.a,whereeachnode
might bea computerwith oneor moredisks,seeFigure1.b. In thesesystems,several formsof parallelism
canbe utilized to improve the performanceof the system.First, parallelismcanbe appliedby executing
severalqueriesor transactionssimultaneously. This form of parallelismis termedinter-query parallelism.
Second,inter-operator parallelismcanbeemployedto executeseveraloperatorsin thesamequeryconcur-
rently. For example,multiple processorscouldexecutetwo or morerelationaljoin operatorsof a complex
bushyjoin query in parallel. Finally, intra-operator parallelismcanbe appliedto eachoperatorwithin a
query. For example,multiple processorscanbeemployed to executea singlerelationalselectionoperator.
Thispaperdescribeshow asystememploys thesealternative formsof parallelism.

The placementof datais importantfor the alternative forms of parallelismThis constitutesonefocus
of thisbookchapter. In Section2, we describethetradeoffs associatedwith exploiting intra-operatorparal-
lelismto executetheselectionoperator. Thishasasignificantimpactontheperformanceof acomplex query.
For example,if theappropriatedegreeof intra-operatorparallelismcannotbeprovidedfor theselectionop-
erator, theperformanceanddegreeof intra-operatorparallelismof theotheroperatorsin a complex query
planmayseverelybelimited. This is speciallytruefor parallelsystemsthatutilize theconceptof pipelining
anddataflow to executecomplex queries,i.e.,systemssuchasGamma[23], Bubba[12], Volcano[54], etc.

Section3 providesanoverview of threealternative algorithmsfor parallelprocessingof the join oper-
ator: sort-merge, GraceandHybrid hash-join.We refer the interestedreaderto [52] for a comprehensive
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Figure1: Hardwareplatformof aparallelDBMS.
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Figure2: Hashdeclusteringof StockrelationusingSymbolattribute.

descriptionof thesestrategiesandotheralternativesto processthisoperator. In Section4, wedescribeORE
asa 3 stepframework thatcontrolsthemigrationof fragmentsacrossthenodesof a parallelDBMS. This
sectionreportson an evaluationof this techniquesfor both a homogeneousandheterogeneousplatform.
Brief conclusionsandfutureresearchdirectionsareofferedin Section5.

2 Partitioning strategies

Multiprocessordatabasemachinesutilize theconceptof horizontalpartitioning[81, 70] to distributethetu-
plesof eachrelationacrossmultiple diskdrives.Thestrategy usedfor partitioninga relationis independent
of thestoragestructureusedat eachsite. The databaseadministrator(DBA) for sucha systemmustcon-
sidera variety of alternative organizationsfor eachrelation. Threepopularpartitioningstrategiesinclude:
1) round-robin,2) hashpartitioning,and3) rangepartitioning. Thefirst strategy distributesthe tuplesof a
relationin a round-robinfashionamongthenodes.In effect, this resultsin acompletelyrandomplacement
of tupleswith auniform distribution of tuplesacrossthenodes.In thehashpartitioningstrategy, a random-
izing functionis appliedto thepartitioningattributeof eachtupleto selecta homesitefor thattuple. In the
laststrategy, theDBA specifiesa rangeof key valuesfor eachpartitionor site.This strategy givesa greater
degreeof controlover thedistribution of tuplesacrossthesites.
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Figure3: Rangedeclusteringof StockrelationusingSymbolattribute.

Figures2 and3 show how hashandrangepartitioningdispersethe recordsof a Stocktableacrossa 3
nodeconfiguration.Figure2 shows a hashfunction that consumeseachrecordandmapsit to oneof the
disksby: 1) converting its Symbolattributevaluefrom a string into a 64 bit integer, and2) computingthe
remainderof this numberwhendivided by 3, the numbernodes.This reminderis the disk id andranges
betweeninteger values0, 1 and2. Figure3 shows rangepartitioningwherethoserecordswith a Symbol
attributevaluestartingwith letter ‘A’ to ‘I’ areassignedto disk 0, ‘J’ to ‘Q’ areassignedto disk 2, and‘R’
to ‘Z’ areassignedto disk3. Eachpieceof thetableis termedafragment.In Figures2 and3, eachfragment
consistsof two records.The “Symbol” attribute is termedthepartitioningattribute. With rangeandhash
partitioningstrategies,thesystemmaydirectthosequeriesthatreferencethepartitioningattributeto asingle
node.For example,thesystemcandirecta querythatretrievestheclosingpriceof “BMC” to node1 with
rangepartitioning. (With hash,this querywould bedirectedto node2.) This freesup theothertwo nodes
to processotherqueries.

Whena transactionupdatesthe partitioningattribute valueof a record,the systemmight migratethe
recordfrom onenodeto anotherin orderto preserve theintegrity of thepartitioningstrategy. In theexample
of Figure3, if the partitioningattribute (Symbol)valueof a recordchangesfrom “AXP” to “XAP”, the
systemmigratesthis recordfrom node1 to node3 to preserve theintegrity of rangepartitioningstrategy.

In [35], wequantifiedtheperformancetradeoff associatedwith range,hashandround-robinpartitioning
strategiesusingthealternative indexing mechanismsprovidedby theGammadatabasemachine.Thisstudy
revealsthatfor ashared-nothingmultiprocessordatabasemachine,nopartitioningstrategy is superiorunder
all circumstances.Rather, eachpartitioningstrategy outperformsthe othersfor certainquery types. The
majorreasonfor this is thatthereexistsatradeoff betweenexploiting intra-queryparallelismby distributing
thework performedby a queryacrossmultiple processorsandtheoverheadassociatedwith controllingthe
executionof a multisitequery. Localizingtheexecutionof queriesrequiringminimal amountof resources,
resultsin thebestsystemresponsetime andthroughputsincetheoverheadassociatedwith controlling the
executionof the query is eitherminimizedor eliminated. On the otherhand,for queriesrequiringmore
resources,certaintradeoffs areinvolved. In general,with accessmethodsthatresultin theretrieval of only
therelevanttuplesfromthedisk,if theselectivity factorof thequeryisverylow, it isadvantageousto localize
theexecutionof thequeryto asingleprocessor. While thehashpartitioningstrategy localizestheexecution
of theexactmatchselectionqueriesthat referencethepartitioningattribute, therangepartitioningstrategy
attemptsto localizethe executionof all querytypesthat referencethe partitioningattribute regardlessof
their selectivity factor. At the other end of the spectrum,the round-robinpartitioning strategy directsa
queryto all theprocessorscontainingthefragmentsof thereferencedrelation.

For sequentialscanqueries,the bestresponsetime andthroughputis observed whenthe partitioning

3



strategy constructsthe smallestfragmentsizeon eachnode,the executionof eachqueryis localizedto a
singlenode,andthesimultaneouslyexecutingqueriesareevenly dispersedacrossthenodes.Thesystem
generallyperformsbestwhenthe queryexecutesall by itself at a site andperformsa seriesof sequential
disk requests.By localizing the executionof the queryto a singleprocessor, thereis a higherprobability
of maintainingthe sequentialnatureof disk requestsmadeby a query, free from interferenceof theother
concurrentlyexecutingqueries.Thus,for thesequentialscanqueries,theoptimalpartitioningstrategy is the
rangepartitioningstrategy.

2.1 Multi-attrib ute partitioning

Onemayfind many alternative multi-attributepartitioningstrategiesin theliterature.Thesecanbecatego-
rizedinto 3 groupsbasedontheirobjectives.Thefirst strivesto optimizetheprocessingof thejoin operator.
Examplesincludestrategiesdescribedin [77, 61]. (Section3.1 detailsthesetwo techniques.)Thesecond
distributesdatain a mannersothata selectionqueryperformsapproximatelythesameamountof work on
eachnode.ExamplestrategiesincludeDisk Modulo(DM) [28], FieldwiseXOR (FX) [63], ErrorCorrecting
Codes(ECC) [33], CoordinateModulo Distribution (CMD) [69], Hilbert Curve Allocation (HCAM) [32],
vector-baseddeclustering[15], GoldenRatio Sequences(GRS)[10]. For a comparisonof someof these
strategiessee[72].

Thethird groupstrivesto localizetheexecutionof a querythat referencesa partitioningattribute to as
few nodesaspossible.ExamplestrategiesincludeMAGIC [36, 51] andBubba’sextendedrangedeclustering
strategy [12]. A comparisonof thesetwo techniquesis detailedin [46], demonstratingthe superiorityof
MAGIC.

We describethefirst groupof multi-attribute declusteringtechniquesin Section3.1 with a description
of thehash-joinalgorithm.While at first glancetheremainingtwo groupsmight appearcontradictory, they
complementoneanotherbecausethey areappropriatefor differentqueryclasses.While the2

���
approachis

appropriatefor thosequeriesthatperformsufficientwork ateachnodeto eclipsetheoverheadof parallelism,
the3

�N�
is appropriatefor thosethatsuffer from theoverheadof coordinatingmulti-sitequeries.Ideally, the

laterqueryclassshouldbedirectedto onenodein orderto minimizetheoverheadof parallelism.
In the following, we provide a brief descriptionof the MAGIC declusteringstrategy. MAGIC differs

from therangeandhashpartitioningstrategiesin two ways. First, relationsaredeclusteredinto fragments
usingseveral attributesinsteadof one. Thus, it canrestrict the subsetof nodesusedto executeselection
operationson any of thepartitioningattributes. Second,thenumberof fragmentsandtheir assignmentto
processorsis determinedfrom thecharacteristicsof theselectionoperationsaccessingtherelation.

In orderto furthermotivatetheMAGIC partitioningstrategy, recalltheStocktableof Figure4. Assume
onehalf of theaccesses(termedquerytypeA) to theStockrelationuseanequalitypredicateon theSymbol
attribute(e.g.,selectStock.allfromStockwhereStock.Symbol= “BMC”) andtheremainingqueries(termed
typeB) usea rangepredicateon theP/Eattribute (e.g.,selectSymbolfrom StockwhereP/E � 10.03and
P/E   10.09). Furthermore,assumethat both queriesretrieve only a few tuples. For this workload, the
appropriateaccessmethodsareahashindex on theSymbolattributeanda B

¡
index on theP/Eattributeof

theSTOCK relation. However, eitherattribute couldbeselectedasthepartitioningattribute becauseboth
querieshave minimal resourcerequirementsand,hence,shouldbeexecutedby only oneor two processors.
Sincetherangeandhashpartitioningstrategiescandeclustera relationonly on a singleattribute,bothare
forcedto directeitherthetypeA or thetypeB queriesto all theprocessors,incurringtheoverheadof using
moreprocessorsthanabsolutelynecessary.

On the other hand,MAGIC declusteringwould constructa two dimensionaldirectory on the Stock
relation,as shown in Figure4, in which eachentry correspondsto a fragment- a disjoint subsetof the
tuplesof therelation. Therows of thedirectorycorrespondto rangesof valuesfor theP/Eattribute,while
the columnscorrespondto the intervals of the Symbolattribute value. The grid directoryconsistsof 36
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Figure4: A two-dimensionaldeclusteringof Stockrelationwith MAGIC.

entries(i.e., fragments)and,assuminga systemconsistingof exactly 36 processors,eachfragmentwill be
assignedto a differentprocessor(thedetailsof how lesscontrived casesarehandledis describedin [36]).
For example,tupleswith Symbolattributevaluesrangingfrom lettersA throughD andP/Eattributevalues
rangingfrom values21 to 30areassignedto processor13.

Next, contrasttheexecutionof queriesA andB whentheStocktableis hashpartitionedon theSymbol
attributewith whenit is declusteredusingMAGIC andtheassignmentpresentedin Figure4. QuerytypeA
is anexactmatchqueryon theSymbolattribute. Thehashpartitioningstrategy localizestheexecutionof
this queryto a singleprocessor. TheMAGIC declusteringstrategy employs six processorsto executethis
querybecauseits selectionpredicatemapsto onecolumnof thetwo dimensionaldirectory. As anexample,
considerthequerythatselectstherecordcorrespondingto BMC Software(Stock.Symbol= “BMC”). The
predicateof this querymapsto thefirst columnof thegrid directoryandprocessors1, 7, 13,19,25,and31
areemployedto executeit.

QuerytypeB is a rangequeryon theP/Eattribute.Thehashpartitioningstrategy mustdirectthisquery
to all 36 processorsbecauseP/E is not the partitioningattribute. Again, MAGIC directsthis queryto six
processorssinceits predicatevaluemapsto onerow of thegrid directoryandtheentriesof eachrow have
beenassignedto six differentprocessors.If insteadthe Stock relationwasrangepartitionedon the P/E
attribute,asingleprocessorwouldhavebeenusedto executethesecondquery;however, thenthefirst query
wouldhave beenexecutedby all 36 processors.

Consequently, theMAGIC partitioningstrategy usesanaverageof six processors,while therangeand
hashpartitioningstrategiesboth usean averageof ¢¤£�¥D¦ processors.Ideally, however, a singleprocessor
shouldhave beenusedfor eachquerysincethey bothhave minimal resourcerequirements.Comingcloser
to usingtheoptimalnumberof processorshastwo importantbenefits.First, theaverageresponsetime of
bothqueriesis reducedbecausequeryinitiation overhead[19] is reduced.Second,usingfewer processors
increasestheoverall throughputof thesystemsincethe“freed” processorscanbeusedto executeadditional
queries.

3 Evaluation of the join operator using inter-operator parallelism

A commonjoin operatoris the equi-join operator, R.A = S.A. It concatenatesa tuple of R with those
tuplesof S thathave matchingvaluesfor attributeA. This sectiondescribessort-merge [26, 52, 53], Grace
hash-join[73] andHybrid hash-join[26, 86] to parallelprocessthis operator. A commonfeatureof these
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algorithmsis their re-partitioningof relationsR andS usingthe joining attribute A. This dividesthe join
operatorinto a collectionof disjoint joins thatcanbeprocessedin parallelandindependentof oneanother.
Following a descriptionof eachalgorithm,Section3.1 describeshow thesetechniquescomparewith one
anotherandtheroleof multi-attributepartitioningstrategieswith thesealgorithms.
Sort-Merge

A parallelversionof sort-mergejoin is astraightforwardextensionof its single-nodeimplementation.Its
detailsareasfollows. First, thesmallerof thetwo joining relations,R, is hashpartitionedusingattributeA.
Its tuplesarestoredin a temporaryfilesasthey arriveateachnode.Next, relationSis partitionedacrossthe
K nodesusingthesamehashfunctionappliedto attributeA. Theuseof thesamehashfunctionguarantees
thatthosetuplesof R atnode1 mayjoin only with thoseof Sat thesamenode.In afinal step,a localmerge
join operationis performedby eachnode,in parallelwith othernodes.Theresultsmight bestoredin a file
or pipelinedontootheroperatorsthatmightconsumetheresultof this join operator.
Gracehash-join

TheGracehash-joinalgorithm[73] worksin threesteps.In thefirst step,thealgorithmhashpartitions
relationR into N bucketsusingits join attributeA. In thesecondstep,it partitionsrelationS into N buckets
usingthesamehashfunction. In thelaststep,thealgorithmprocesseseachbucketB § of R andSto compute
thejoining tuples.

Ideally, N shouldbechosenin amannersothateachbucket is almostthesameastheavailablememory
without exceedingit. To accomplishthis objective, thealgorithmstartswith a very largevaluefor N. This
reducestheprobabilityof a bucket exceedingthememorysize. If thebucketsaremuchsmallerthanmain
memory, severalwill becombinedduringthethird phaseto approximatetheavailablememory.

This algorithmis different thansort-merge in one fundamentalway: In its last step,the tuplesfrom
bucket B § of R arestoredin memoryresidenthashtables(usingattributeA). Thetuplesfrom bucket B § of
S areusedto probethis hashtablefor matchingtuples. Grace-joinmay usethe smallertable(sayR) to
determinethenumberof buckets: this calculationis independentof thelargertable(S).
Hybrid hash-join

TheHybrid hash-joinalsooperatesin threesteps.Its maindifferencewhencomparedwith Gracehash-
join is asfollows. It maintainsthe tuplesof the first bucket of R to build thememoryresidenthashtable
while constructingtheremainingN-1 bucketsarestoredin temporaryfiles. RelationS is partitionedusing
thesamehashfunction.Again, thelastN-1 bucketsarestoredin temporaryfileswhile thetuplesin thefirst
bucket areusedto immediatelyprobethememoryresidenthashtablefor matchingtuples.

3.1 Discussion

A comparisonof sort-merge,GraceandHybrid hash-joinalgorithms(alongwith othervariants)is reported
in [13, 25, 84]. In general,GraceandHybrid provide significantsavingswhencomparedwith sort-merge.
Hybrid outperformsGraceaslongasthefirst bucketdoesnotoverflow theavailablememory. Assumingthat
thesizeof R andS arefixed,bothHybrid andsort-mergearesensitive to theavailablememorysize.Grace
hash-joinis relatively insensitive to theamountof availablememorybecauseit performsbucket tunningin
the first step. The performanceof Hybrid improveswhenlarge amountsof memoryareavailable. Sort-
mergealsobenefits(in a step-wisemannerasa functionof availablememory)becauseit cansortR andS
with fewer iterationsof readingandwriting eachtable.

One may employ bit filters [8, 91] to improve the performanceof thesealgorithms. The conceptis
simple.An arrayof bits is initialized to zero.During thepartitioningphaseof R, a hashfunctionis applied
to the join attribute A of eachtuple and the appropriatebit is set to one. The fully constructedbit filter
is thenusedwhenpartitioningrelationS. Whenreadinga recordof S, the samehashfunction is applied
to the joining attribute of eachtuple. If thecorrespondingbit is checked thenit is transmittedfor further
processing.Otherwise,thereis no possibility of that tuple joining and it canbe eliminatedfrom further
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consideration.This minimizesthe network traffic and subsequentprocessing,e.g., with sort-merge, the
eliminatedtuplesarenot sorted,reducingthenumberof I/Os.

Onemaycontrolpartitioningof tablesto enhancetheperformanceof thejoin operator. For example,the
DYOPtechnique[77] distributesadatafile into asetof partitions(or buckets)by repeatedlysubdividing the
tuplespaceof multiple attributedomains(in a fashionthatis almostidenticalto thegrid file algorithm).To
executea hash-joinqueryefficiently, thesizeof eachpartitionis definedto equaltheaggregatememoryof
theprocessorsin thesystem.SincetheDYOPstructurepreservestheorderof tuplesin theattributedomain
space,thebucket formationstepof Gracehash-joinalgorithmis eliminatedandthejoin of relationsR andS
is accomplishedby readingeachrelationonly once.Similarly, [61] alsoproposestheuseof amulti-attribute
partitioning to minimize the impactof datadistribution during the constructionof the hashtable on the
innerrelationwhenexecutinga parallelhashjoin. Thebasicideais asfollows. Assumea relationR thatis
frequentlyjoinedwith relationsS andT. WhenR is joinedwith S, theA attributeof R is usedand,whenR
is joinedwith T, theY attributeof R is usedasthejoining attribute. By building a grid file on theA andY
attributesof R which is thenusedto declusterthetuplesof R, it is possibleto minimizehow many tuplesof
R areredistributedwhenit is joinedwith eitherSor T.

4 ORE: A framework for data migration

While techniquessuchasMAGIC declusterarelationby analyzingits workload,thisworkloadmightevolve
overtime. Anotherchallengeis thegradualevolutionof ahomogeneoussystemto aheterogeneousone.This
might happenfor severalreasons.First, disksfail andit might bemoreeconomicalto purchasenewer disk
modelsthatarefasterandcheaperthantheoriginal models.Second,theapplicationmight grow over time
(in termsof both storageandbandwidthrequirement)anddemandadditionalnodesfrom the underlying
hardware. Onceagain,it might be more economicalto extend the existing configurationby purchasing
newer hardwarethatis fasterthantheoriginalnodes.

With evolving workloadsand environments,datamust be re-organizedto respondto thesechanges.
Ideally, theparallelDBMS shouldrespondto thesechangesandfine-tunetheplacementof data.This can
beperformedatdifferentgranularities:1) recordlevel by repartitioningrecordsandcontrollingassignment
of recordsto eachnode[68], and2) fragmentlevel [83, 93, 37] by eithermigratingfragmentsfrom onenode
to anotheror breakingfragmentsinto piecesandmigratingsomeof its piecesto differentnodes.We focus
on thelaterapproachin therestof this chapter.

In orderto simplify discussionandwithout lossof generality, we assumeanenvironmentconsistingof¨
storagedevices. In essence,eachnodeof Figure1.a is a storagedevice. Eachstoragedevice © § hasa

fixedstoragecapacity, ª¬«>©�§�­ , anaveragebandwidth,®°¯±«>©²§W­ , anda MeanTime To Failure, ³µ´¶´k·¸«>©²§�­ .
With oneor moreapplicationsthatconsume®k¹\º�¹\»!¼ bandwidthduringa fixedamountof time, ideally, each
diskmustcontributeabandwidthproportionalto its ®¬¯±«>©�§�­ :

·¾½�¿�À�Á%Â)½²À�Ã²«>©²§W­ÅÄÆ®Ç¹\º9¹\»!¼LÈ ®¬¯±«>© § ­ÉËÊ§\ÌLÍ ®¬¯±«>©�§�­ (1)

Thebandwidthof adisk is afunctionof blocksize( Î ) andits physicalcharacteristics[55, 9]: seektime,
rotationallatency, andtransferrate(tfr). It is definedas:

®¬¯±«>© § ­ÏÄÑÐ�Ò�ÀÓÈ Î
Î�ÔÆ«�Ð�Ò�À°ÈÕ«WÁAÃÖÃ%×¾Ð�¿�ØzÃÙÔÚÀ�Û%Ð�½�Ð9¿�ÛAÜÝ½�ÞßÞ>½²ÐNÃàÜÝá0âã­N­ (2)

Givenafixedseektimeandrotationallatency, BW( ©²§ ) approachesdisk transferratewith largerblocksizes.
Thereare · filesstoredontheunderlyingstorage.Thenumberof filesmightchangeover times,causing

thevalueof · to change.A file ÒA§ mightbepartitionedinto two or morefragments.Its numberof fragments
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is independentof the numberof storagedevices, i.e.,
¨

. Fragmentsof a file may have different sizes.
Fragmentæ of file ÒA§ is denotedas ÒA§,ç è . In our assumedenvironment,two or morefragmentsof a file might
be assignedto the samedisk drive1. Moreover, a file ÒA§ may specify a certainavailability requirement
from theunderlyingsystem.For example,it mayspecifythat its Mean-Time-To-Data-Loss,³µ´¶´kéëêk«WÒA§>­ ,
shouldexceed200,000hours,³µ´¶´kéëê7ìÅ§ � «WÒA§�­ = 200,000hours.

Weassumephysicaldiskdrivesfail independentof oneanother. Eachdiskhasacertainfailurerate[103,
87, 47], termed í<îà» § ¼Dï �Nð . Its mean-time-to-failure (MTTF) is simply: Íñ%ò�óNôDõ�ö	÷�ø . Whena file (say Òàè ) is par-
titioned into n fragmentsandassignedto Ü disks(say ©ßÍ to © � ) thenthe databecomesunavailablein the
presenceof asinglefailure2. Hence,it is definedasfollows [103, 87, 47]:

³Ë´¶´ÇéùêÇ«WÒA§>­7Ä ¢É �§\ÌLÍ í<îà» § ¼Dï �Nð «>©�§�­ (3)

For example,if theMTTF of disk A andB is 1 million and2 million hours,respectively, thentheMTTDL
of a file with fragmentsscatteredacrossthesetwo 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 height0.
EVERESTcombinestheseblocksin a tree-like fashionto form larger, contiguoussections.As illustratedin
Figure5, only sectionsof size« block­úÈ¬® § (for ¿üûþý ) arevalid, wherethebase® is asystemconfiguration
parameter. If a sectionconsistsof ® § blocksthen ¿ is saidto be the heightof the section. In general,®
height ¿ sections(physicallyadjacent)might becombinedto constructaheight ¿ÿÔÆ¢ section.

To illustrate,thedisk in Figure5 consistsof 16 blocks. Thesystemis configuredwith ®�Ä å . Thus,
thesizeof a sectionmayvary from 1, 2, 4, 8, up to 16 blocks. In essence,a binary treeis imposedupon
the sequenceof blocks. The maximumheight, given by3 � Ä������	� ® «�

� »��¤»�� § ¹��

size� block��� ­�� , is 4. With this

organizationimposeduponthediskdrive,sectionsof height ¿üû ý cannotstartat justany blocknumber, but
only at offsetsthataremultiplesof ® § . This restrictionensuresthatany section,with theexceptionof the
oneat height

�
, hasa total of ®�� ¢ adjacentbuddy sectionsof thesamesizeat all times.With thebase2

organizationof Figure5, eachblock hasonebuddy.
A fragmentmightberepresentedasseveralsections.Eachis termeda chunk. Thefile systemmaintains

theheatof eachchunkat thegranularityof afixedoffsetfrom its sectionheight.For example,with achunk
1As comparedwith [83] thatrequireseachfragmentof a file to beassignedto a differentdiskdrive.
2Therehasbeena significantamountof researchon constructionof parity datablocks and redundantdata,see[103] that

focuseson this for heterogeneousdisks. This topic is beyond the focusof this study. In this chapter, we control the placement
without constructingredundantdata.

3To simplify thediscussion,assumethatthetotal numberof blocksis a power of � . Thegeneralcasecanbehandledsimilarly
andis describedin [40, 41].
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of height8, thesystemmight maintainits heatat offset 2. With ® equalto 2, this meansthat thesystem
maintainsthe heatof four sectionof height6 that constitutethis chunk. This enablesthe reorganization
algorithmto breakafragmentinto many smallerpiecesanddispersethemamongsttheavailablediskdrives.

4.1 Threestepsof ORE

Our framework consistsof 3 logical steps: monitor, predict, and migrate. We partition time into fixed
intervals, termedtime slices. During monitor , we constructa profile of the load imposedby eachfile
fragmentspertime slice. During predict, we computewhatfragmentsto migratefrom onedisk to another
in orderto enhancesystemperformance.Migrate changestheplacementof candidatefragments.Below,
we detaileachof thesesteps.

4.1.1 Monitor

constructsa profile of the load imposedon eachdisk drive andtheaverageresponsetime of eachdisk ©²§ .
Theloadimposedondiskdrive ©�§ is quantifiedasthebandwidthrequiredfrom disk ©�§ . It is thetotalnumber
of bytesretrievedfrom ©²§ duringatimeslicedividedby thedurationof thetimeslice.Theaverageresponse
timeof © § is theaverageresponsetime of therequestsit processesduringthetime interval.

Thisprocessproducesthreetablesthatareusedby theothertwo steps:� FragProfilertablemaintainstheaverageblock requestsize,heat,andloadimposedby eachfragment
Ò §�ç è pertime slice,

� For eachdiskdrive ©²§ pertimeslice,DiskProfilertablemaintainstheheat,load,standarddeviation in
systemload,averageresponsetime,averagequeuelength,andutilization of © § .

� FragOvlp table maintainsthe OVERLAP betweentwo fragmentsper time slice. The conceptof
OVERLAP is detailedin Section4.2.

4.1.2 Predict

determineswhat fragmentsto migrateto enhanceresponsetime. Section4.2 describesseveral techniques
thatcanbeemployedfor thisstep.In Section4.3,wequantifythetradeoff associatedwith thesealternatives.

4.1.3 Migrate

modifiestheplacementof data. We consideredtwo algorithmsfor fragmentmigration. With thefirst, the
fragmentis lockedin exclusive modewhile it is migratedfrom ©�� � � to © � � ¹ . This simplealgorithmprevents
updateswhile the fragmentis migrating. It is efficient andeasyto implement. However, the datamight
appearto beunavailableduringthereorganizationprocess.Dueto this limitation, we ignorethis algorithm
from furtherconsideration.

Thesecondsupportsconcurrentupdatesby performingeachagainsttwo copiesof themigratingfrag-
ment: (a) oneon ©�� � � , termedprimary, and(b) theotheron © � � ¹ , termedsecondary. Thesecondarycopy is
constructedfrom theprimarycopy of thefragment.All readrequestsaredirectedto theprimarycopy. All
updatesareperformedagainstboththeprimaryandsecondarycopy. Themigrationprocessis abackground
taskthatis performedbasedonavailability of bandwidthfrom © � � � . It assumessomebuffer spacefor staging
datafrom primarycopy to facilitateconstructionof its secondarycopy. Thisbuffer spacemightbeprovided
asacomponentof theembeddeddevice. Dependingonits size,thesystemmight readandwrite unitslarger
thanablock. Moreover, it mightperformwritesagainst© � � ¹ in thebackgrounddependingon theamountof
freebuffer space.Oncethe freespacefalls below a certainthreshold,thesystemmight performwritesas
foregroundtasksthatcompetewith active userrequests[6].
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4.2 Predict: Fragmentsto migrate

In this section,we describetwo algorithmsthatstrive to distribute the loadof anapplicationevenly across
the

¨
disks.ThesearetermedEVEN andEVEN��� � . As implied by their name,EVEN�!� � is a variantof

EVEN. A taxonomyof alternative techniquescanbefoundin [37].
EVEN: Constrainedby bandwidth

At theendof eachtimeslice,EVEN computesthefair-shareof systemloadfor eachdiskdrive. Next, it
identifiesthedisk with (a) maximumpositive loadimbalance,termed©"� � � , and(b) minimumnegative load
imbalance,termed© � � ¹ . (Theconceptof loadimbalanceis formalizedin thenext paragraph.)Amongstthe
fragmentsof © � � � , it choosestheonewith a loadclosestto theminimumnegative loadof © � � ¹ . It migrates
this fragmentfrom ©�� � � to © � � ¹ . Thisprocessrepeatsuntil eithertherearenosourceanddestinationdisksor
anew timeslicearrives.

Themaximumpositive load imbalancepertainsto thosediskswith an imposedloadgreaterthantheir
fair share.For eachsuchdisk ©�§ , its # ¡ «>©�§�­ = load(©�§ )-Fairshare(©²§ ). Positive imbalanceof ©�§ is definedas$&% � � ô �' » § � ��( » �Nð � � ô � . EVEN identifiesthediskwith highestsuchvalueasthesourcedisk, ©"� � � , to migratefragments
from.

The minimum negative load imbalancecorrespondsto thosedisks with an imposedload less than
their fair share. For eachsuchdisk ©�§ , its #*)ü«>©�§�­ = load(©²§ )-Fairshare(©�§ ). Negative imbalanceof ©²§ is$�+ � � ô �' » § � ��( » �Nð � � ô � . Thedisk with thesmallestnegative imbalance4 is thedestinationdisk, © � � ¹ , andEVEN mi-
gratesfragmentsto thisdisk.

EVENdefinesXTRA asthedifferencebetweenfair shareof ©"� � � anditscurrentload,XTRA = Þ�Û�½�©<«>©�� � � ­
- ·¾½�¿�À�ÁAÂã½�À�Ã�«>©"� � � ­ . The differencebetweenfair shareof © � � ¹ andits currentload is termedLACKING,
LACKING = ·¾½�¿�À�Á%Â)½²À�Ã²«>© � � ¹9­ - Þ>Û�½�©�«>© � � ¹�­ . EVEN identifiesfragmentsfrom ©"� � � with an imposedload
approximatelythesameasLACKING. Next, it migratesthesefragmentsto © � � ¹ .
EVEN �!� � : Constrainedby bandwidth with Cost/BenefitConsideration

EVEN��� � extendsEVEN by quantifying the benefitandcostof eachcandidatemigration from d� � �
to © � � ¹ . The next paragraphdescribeshow the systemquantifiesthe cost and benefitof eachcandidate
migration.EVEN �!� � sortscandidatemigrationbasedontheirnetbenefit,i.e.,benefit- cost,schedulingthe
onethatprovidesgreatestsavings.After eachmigration,thecostof eachcandidatemigrationis re-computed
(becauseit might have changes)andthe list is resorted.Section4.3shows that this algorithmoutperforms
EVEN.

In therestof this section,we describehow to quantifythebenefitandcostof migratinga fragmentÒA§�ç è
from ©"� � � to © � � ¹ . Its unit of measurementis time, i.e.,milliseconds.Thecostof migratinga fragmentis the
total time spentby ©�� � � to readthefragmentand © � � ¹ to write thefragment.

The benefitof migrating ÒA§,ç è is measuredin the context of previous time slices. ORE hypothesizesa
virtual statewhere ÒA§�ç è resideson © � � ¹ andmeasurestheimprovementin averageresponsetime. In essence,
it estimatesananswerto thefollowing question:“What would betheaverageresponsetime if Ò §�ç è resided
on © � � ¹ ?” By comparingthis with theobserved responsetime, we quantify the benefitof a migration. Of
course,this numbermight bea negative valuewhich impliesno benefitto performingthis migration.Note
thatthismethodologyassumesthatthepastaccesspatternsareanindicationof futureaccesspatterns.

We start by describinga methodologyto estimatean answerto the hypothetical“what-if” question.
Next, we formalizehow to computethebenefit.

Ourmethodologyto estimateananswerto the“what-if” questionis fairly accurate;its highestobserved
percentageof erroris 23%. Werealizethis accuracy for two reasons:First,our embeddedSAN file system
residesin theSANswitchandobservesall blockreferencesandthestatusof eachstoragedevice. Second,we
maintainoneadditionalpieceof information,namelythedegreeof overlapbetweentwo fragments,termed

4Giventwo disks,,.- and,0/ with negativeimbalanceof -0.5and-2.0,respectively, ,0/ hastheminimumnegativeloadimbalance.
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OVERLAP(ÒA§�ç è , Ò.1 ç ¼ ). This informationis maintainedfor eachtime sliceandusedto predictresponsetime.
In orderto defineOVERLAP anddescribeourmethodology, andwithout lossof generality, assumethat

weareansweringthe“what-if” questionin thecontext of onetimeslice.To simplify thediscussionfurther,
assumethat theenvironmentconsistsof homogeneousdisk drives. (This assumptionis removedat theend
of this section.)Theaveragesystemresponsetime, 2Ç´ »43�5 , is a functionof averageresponsetime observed
by requestsreferencingeachfragment.Assuming· files, eachpartitionedinto at most 6 fragments,it is
definedas:

2Ç´ »�345 Ä
É '

§\ÌLÍ É87è0ÌLÍ 2Ç´ »�345 «WÒ §�ç è ­
· È96 (4)

Theaverageresponsetimeof a fragment,2Ç´ »43�5 «WÒA§�ç èÖ­ , is thesumof its averageservicetime, : »�345 «WÒA§�ç èÖ­ , and
wait time, ¯ »�345 «WÒA§�ç èÖ­ , of requeststhatreferenceit:

2Ç´ »�345 «WÒ §�ç è ­tÄ;: »4345 «WÒ §,ç è ­ùÔ ¯ »�345 «WÒ §�ç è ­ (5)

: »�345 «WÒA§�ç èÖ­ is a functionof thedisk it resideson andaveragerequestedblock size.For eachfragment,as
detailedin Section4.1.1,OREmaintainstheaveragerequestedblock sizein theFragProfilertable. Thus,
given a disk drive © � � ¹ anda fragment ÒA§�ç è , ORE canestimate: »43�5 «WÒA§�ç èÖ­ if ÒA§�ç è residedon © � � ¹ (usingthe
physicalcharacteristicsof © � � ¹ ).

To computē »43�5 , we notethat eachrequesthasan arrival time, ´.» � 3	¼ , that canbe registeredby the
embeddeddevice. For eachfragment ÒA§�ç è residingon disk ©�§ , we maintainwhenthe requestsreferencing
ÒA§�ç è will departthe system,termed ´ �	ð �¤» � ¹ . ´ ��ð �¤» � ¹ is estimatedby analyzingthe wait time in the queue
of ©²§ . Upon the arrival of a requestreferencingfragment Ò.1 ç ¼ , we examineall thosefragmentswith a
non-negative ´ ��ð �Ö» � ¹ . For each,we setOVERLAP( Ò.1 ç ¼=<	ÒA§�ç è ,́ÿ» � 3!¼ ) to bethedifferencebetweeńÿ» � 3	¼9«WÒ.1 ç ¼B­
and ´ ��ð �Ö» � ¹�«WÒA§,ç è%­ : OVERLAP( Ò.1 ç ¼><	ÒA§�ç è ,́.» � 3	¼ )= Max(0, ´ �	ð �¤» � ¹	«WÒA§,ç è%­?� ´ÿ» � 3	¼9«WÒ.1 ç ¼B­N­ . For a time slice,
OVERLAP(Ò.1 ç ¼=<	ÒA§�ç è ) is thesumof thoseOVERLAP( Ò.1 ç ¼><	ÒA§�ç è ,́.» � 3	¼ ) whosé.» � 3	¼ is duringthetimeslice. In
our implementation,wemaintainedOVERLAP(Ò.1 ç ¼><	Ò §,ç è ) asanintegerthatis initializedto zeroatthebegin-
ning of eachtime slice. Uponthearrival of a requestreferencingÒ.1 ç ¼ , we incrementOVERLAP( Ò.1 ç ¼=<	ÒA§�ç è )
with OVERLAP( Ò.1 ç ¼=<	ÒA§,ç è ,́.» � 3	¼ ). Thisminimizestheamountof requiredmemory.

OVERLAP( Ò.1 ç ¼=<	ÒA§�ç è ) defineshow long requestsreferencingÒ.1 ç ¼ wait in a queuebecauseof requests
that referenceÒA§�ç è . Assumingthat ÒA§,ç è and Ò.1 ç ¼ arethe only fragmentsassignedto disk ©�§ andthesystem
processes#Req(Ò.1 ç ¼ ) requeststhatreferenceÒ.1 ç ¼ , theaveragewait time for theserequestsis:

¯ »43�5 «WÒ.1 ç ¼B­7Ä
@BADC 2 êFEHGù«WÒ.1 ç ¼I<	Ò §�ç è ­ëÔ @BABC 2 êFEHG¸«WÒ.1 ç ¼I<	Ò.1 ç ¼B­J 2¾Ã�Kß«WÒ.1 ç ¼?­ (6)

It is importantto observe thefollowing two details.First,selfOVERLAP is alsodefinedfor a fragment
Ò.1 ç ¼ , i.e., thereexists a valuefor OVERLAP( Ò.1 ç ¼ , Ò.1 ç ¼ ). This enablesORE to estimatehow long requests
that referencethesamefragmentwait for oneanother. Second,this paradigmis flexible enoughto enable
OREto maintainOVERLAP( Ò.1 ç ¼=<	ÒA§�ç è ) evenwhen Ò.1 ç ¼ and ÒA§�ç è resideon differentdisks. OREusesthis to
estimatea responsetime for a hypotheticalconfigurationwhere ÒA§�ç è migratesto the disk containing Ò.1 ç ¼ .
Third, OREcanestimatetheresponsetime of a diskdrive for anarbitraryassignmentof fragmentsto disks
usingEquation4.

Basedon Equation5, therearetwo waysto enhanceresponsetime observedby requeststhatreference
a fragment.First,migratethefragmentto a fasterdisk for animprovedservicetime, : »4345 . Second,migrate
a fragmentÒ §�ç è away from thosediskswhoseresidentfragmentshave ahigh OVERLAP with Ò §�ç è . Figure6
showsthepseudo-codeto estimatethebenefitof migrating ÒA§�ç è from ©�� � � to © � � ¹ . OREmaycomputethisfor�

previous time sliceswhere
�

is anarbitrarynumber. Theonly requirementis thattheembeddeddevice
mustprovide sufficentspaceto storeall datapertainingto theseintervals.
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1. Numberof accessesprocessedby disk LNMPO&Q is RFS4S4TVUWUXMYOZQ
2. Numberof accessesprocessedby disk LN[ MI\ is R]S4S4TVUWUW[ MI\
3. Look-uptheaverageresponsetime of L.MPO&Q prior to migration,termed̂`_aMPO&Q�b cIdYeWfgO&d
4. Look-uptheaverageresponsetime of L.[ MI\ prior to migration,termed̂`_h[ MP\Ib c�dgeXf�O&d
5. Estimatetheaverageresponsetimeof L.MPO&Q aftermigration,termed̂`_aMPO&Q�b i4ej\>dPO
6. Estimatetheaverageresponsetimeof L [ MI\ aftermigration,termed̂`_ [ MP\Ib i4ej\>dPO
7. Total responsetimesavingsof L MYOZQ aftermigrationis:kmlonNpIqsr U MPO&Q = t>RFS4S4TVUWU MPOZQ�b i�e�\>dYOvu ^`_ MPO&Q�b i4ej\>dPO�wyx t=R]S4S4TVUWU MPO&Q�b c�dgeXf�O&dzu ^`_ MPO&Q�b c�dgeXf�O&dZw .
8. Total responsetimesavingsof L [ MP\ aftermigrationis:kmlonNpIqsr UW[ MI\ = t=R]S4S�TWUWUW[ MI\Ib i4ej\>dPO u ^`_a[ MI\Ib i4ej\>dPO wyx t>R]S�S4TVUXUW[ MI\Ib cIdYeWf�OZd u ^`_a[ MI\Ib cIdYeWfgO&d w .
9. Benefitof migrating {V|>b } is ~HT q TW{ pI� t�{V|�b } w = k�lNnNp�qsr UWMPO&Q�� kmlonNpIqsr UW[ MI\ .

Figure6: Pseudo-codeto computethebenefitof acandidatemigration.

TheOVERLAP of two fragmentsis maintainedin theFragOvlptable.Given 6 fragments,in theworst
casescenario,thesystemmaintains

7 / ¡ 7� integervalues.For examplewith a 630fragments(G=630)and
recordsthat are348 byteslong, in the worst casescenario,the systemwould store65 megabytesof data
per time slice. In our experiments,theamountof requiredstoragewassignificantlylessthanthis, only 70
kilobytesper time slice. With the 80-20rule, we expect this to hold true for almostall applications. In
Section5, we describehow OREcanemploy a circularbuffer to limit thesizeof tracedatathat it gathers
from thesystem.

4.3 Performanceevaluation of ORE

We useda tracedrivensimulationstudyto quantify theperformanceof ORE.We analyzedtwo alternative
environments:First, a homogeneousenvironmentconsistingof identicaldisk models.Second,a heteroge-
neousenvironmentconsistingof differentdisk models. For both environments,ORE providessignificant
performanceenhancements.In thefollowing, we startwith a brief overview of thetracedrivensimulation
model.Next, we presenttheobtainedresultsfor eachenvironmentandourobservations.

Thetracesweregatheredfrom a productionOracledatabasemanagementsystemon a HP workstation
configuredwith 4 gigabyteof memory, and5 terabytesof storagedevices(283raw devices).Thedatabase
consistedof 70tablesandis 27gigabytein size.Thetracesweregatheredfrom 4 pm,April 12to 1 pmApril
23, 2001. It correspondsto 23 million operationson the datablocks. The file referenceis skewed where
approximately83%of accessesreference10%of thefiles. Moreover, accessesto thetablesareburstyasa
functionof time. This is demonstratedin Figure7, wherewe plot thenumberof requeststo thesystemasa
functionof time. In all experiments,thedurationof a timesliceis 6 minutes,i.e.,eachtick on thex-axisof
thepresentedfiguresis 6 minuteslong.

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

1. Disk: This classdefinition simulatesa multi-zonedisk drive with a completeanalyticalmodel for
computingseeks,rotationallatency, andtransfertime. Whena disk objectis instantiated,it readsits
systemparametersfrom a databasemanagementsystem. Hence,we canconfigurethe modelwith
differentdisk modelsanddifferentnumberof disksfor eachmodel. A disk implementsa simplified
versionof theEVERESTfile system.
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Figure7: Numberof requestsasa functionof time.

2. Client: Theclient generatesrequestsfor thedifferentblocksby readingtheentriesin thetracefiles.

3. SAN Switch:ThisclassdefinitionimplementsasimplifiedSAN switchthatroutesmessagesbetween
the client andthe disk drives. The file manageris a componentof this module. The file manager
serviceseachrequestgeneratedby a client. It controlsandmaintainsthe placementof dataacross
disk drives. Givena requestfor a block of a file, this modulelocatesthefragmentreferencedby the
requestandresolveswhich disk containsthe referenceddata. It consultswith thefile systemof the
disk drive to identify theappropriatecylinderandtrackthatcontainsthereferencedblock.

Thefile managerimplementsthe3-stepre-organizationalgorithmof ORE,seeSection4.
We conductedexperimentswith both a large configurationconsistingof 283 raw devices that corre-

spondsto the physicalsystemthat producedthe tracesand smallerconfigurations. The smallerconfig-
urationsare fasterto simulate. The performanceresultspresentedin this chapterarebasedon onesuch
configurationconsistingof 9 disk drives. We analyzetwo environments:First, a homogeneousonecon-
sistingof nine180 gigabytedisk driveswith a transferrateof 40 megabytespersecond(MB/sec). These
disksweremodelledafterthehighdensity, Ultra160SCSI/Fibre-Channeldisksintroducedby Seagatein late
2000. Our secondenvironmentis a heterogeneousoneconsistingof threedifferentdisk models:1) three
disk drives identical to thoseusedwith the homogeneousenvironment,2) three60 gigabytedisk drives,
eachwith a transferrateof 20 MB/sec,and3) three20 gigabytedisk drives,eachwith a transferrateof 4
MB/sec.

4.4 Homogeneousconfiguration

Figure8 shows theperformanceof alternative predicttechniquesusingthetrace.Thex-axisof this figure
denotestime, i.e., differenttime slices.They-axisis thecumulative averageresponsetime. It is computed
asfollows. For eachtime slice,we computethetotal numberof requestsandthesumof all responsetimes

13



�0������� �Z��� ��¡£¢V�Z¡Y¤=��¥�¡£¦N¡Y§>¨4©�ª�§=¡*«X� ��¡!¬ ­!� � � � §=¡P®P©Zª�¯ §=°

«X� ��¡£± � � ®P¡*²´³

µ ©�¦N¡Y©�¤�¥���ª�� ¶��Z��� ©�ª

·.¨4��� �����
¸ ¡Y���º¹ »0��§=¡P¯

¼�½�¼�µ¼V½�¼�µs¾>¿ À

Á0Â4Ã�Â�Ä Å�Æ�Ç È�É*ÊVÈ�ÉYË=Å�Ì�É*ÍNÉYÎ>Ï ÐZÑ4Î>É*ÒXÇ ÃaÉ!Ó Ô!Ç Ä Ä Ç Î>ÉYÕIÐ�Ñ�Ö4Î�×

ÒWÇ Ã�É*Ø Ä Ç ÕPÉ*ÙºÚ

Û Ð"ÍNÉYÐ�Ë=Ì�Å�Ñ�Ç Ü�Å�ÆºÇ Ð�Ñ

Ý	Ï Æ�Ç Ã�Å�Ä

Þ ÉYÅ�Æ�ß à0Å�Î>ÉYÖ
áVâ�áVÛ

áVâ�áVÛ�ã=ä å

8a.Startingwith time slice1 8b. Startingwith time slice200

Figure8: Cumulative averageresponsetime for thehomogeneousenvironment

til theendof that time slice. Thecumulative averageresponsetime is the ratio of thesetwo numbers,i.e.,¹\º�¹\»	¼ �Nð � �Öº � � ð ¹ § ì ð¹\º�¹\»	¼ �NðZæ ï ð � ¹ � . If duringa time slice,no requestsareissuedthenthecumulative averageresponsetime
remainsconstant.This explainstheperiodicflat portions.

In additionto EVEN andEVEN �!� � , thesefigurespresenttheresponsetime for threeotherconfigura-
tions.Thesecorrespondto:

� No-reorganization:this representsthebaseconfigurationthatprocessesrequestswithout on-linere-
organization.

� Optimal: this configurationassignsrequeststo thedisksin a round-robinmanner, ignoringtheplace-
mentof dataandfiles referencedby eachrequest.This configurationrepresentsthe theoretical lower
boundon responsetime thatcanbeobtainedfrom the9 diskconfiguration.

� Heat-Based:This is an implementationof the re-organizationalgorithmpresentedin [83]. Briefly,
this algorithmmonitorsthe heat [19] of disksandmigratesthe fragmentwith highesttemperature
from thehottestdisk to thecoldestoneif: a) theheatof the targetdisk after this migrationdoesnot
exceedtheheatof thesourcedisk,andb) thehottestdisk doesnot have a queueof pendingrequests.
The heatof a fragmentis definedas the sumof the numberof block accessesto the fragmentper
timeunit, ascomputedusingstatisticalobservationduringsomeperiodof time. Thetemperatureof a
fragmentis theratiobetweenits heatandsize.Theheatof adisk is thesumof theheatof its assigned
fragments[19, 62].

Figure8.aandb show thecumulative averageresponsetime startingwith the1¹ ( and200¹ ( time slice,
respectively. The former representsa cold startwhile the later is a warmstartafter 20 hoursof usingthe
framework. In bothcases,OREis asignificantimprovementwhencomparedwith no-reorganization.(ORE
refersto the framework consistingof the threepossiblealgorithms:EVEN, EVEN�!� � , andHeat-Based.)
Thepeaksin thisfigurecorrespondto theburstyarrival of requestswhich resultin theformationof queues.
EventhoughOptimalassignsrequeststo thenodesin a round-robinmanner, it alsoobservesformationof
queuesbecausemany requestsarrive in ashortspanof time.
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Figure9: Percentagedegradationrelative to Optimal

We alsoanalyzedtheperformanceof alternative algorithmson a daily basis.This wasdoneasfollows.
Wesetthecumulativeaverageresponsetimeto zeroatmidnightoneachday. In all cases,OREoutperforms
no re-organization.Whencomparedwith thetheoreticalOptimal,OREis slower by anorderof magnitude.
Figure9 shows how inferior EVEN, EVEN�!� � andHeat-Basedarewhencompardwith Optimal. They-
axis on this figure is the percentagedifferencebetweenan algorithm(sayEVEN) andOptimal. A large
percentagedifferenceis undesirablebecauseit is furtheraway from theideal. We show two differentdays,
correspondingto thebestandworstobservedperformance.During day2, OREis 50 to 300percentslower
thanthetheoreticalOptimal.Duringday6,OREisattimesseveralordersof magnitudeslowerthanOptimal.

4.5 Heterogeneousconfiguration

We analyzedthe performanceof a heterogeneousconfigurationconsistingof 9 disk drives. Thesedisks
correspondto 3 differentdiskmodels:1) 180gigabytediskswith a40megabytepersecondtransferrate,2)
60 gigabytediskswith a 20 megabytepersecondtransferrate,and3) 20 gigabytediskswith a 4 megabyte
persecondtransferrate.Ourenvironmentconsistedof 3 disksfor eachmodel.

Theexperimentalsetupdifferedfrom thatof Section4.4 in severalways.First,we increasedtheblock
sizeto 128kilobyte. With a 2 kilobyte block size,thebandwidthof eachdisk is almostidenticalbecause
theseekandrotationaldelaysconstitutemorethan99%of transfertime,seeEquation2. Second,wedonot
have Optimalbecause,with a heterogeneousconfiguration,the fasterdiskscanservicerequestsfasterand
it is no longeroptimalto assigntherequeststo disksin a round-robinmanner. Similarly, we eliminatedthe
Heat-Basedtechniquebecauseits extensionto aheterogeneousenvironmentwouldbesimilar to EVEN.

Figure10 shows thecumulative averageresponsetime of thesystemwith EVEN, EVEN �!� � , andno-
reorganization.Theseresultsdemonstratethesuperiorityof OREasare-organizationframework. EVEN�!� �
enhancesperformancefor several reasons.First, it migratesthefragmentswith a high imposedloadto the
fasterdisks,processinga larger fractionof requestsfaster. Thus,whena burstof requestsis issuedto these
fragments,eachrequestspendslesstime in the queue. Second,it migratesthe fragmentsthat are refer-
encedtogetherontodifferentdisk drivesin orderto minimize the incurredwait time (usingtheconceptof
OVERLAP).

We comparedEVEN with EVEN��� � on a day-to-daybasis.This procedureis identicalto thoseof the
homogeneousconfigurationwherethecumulative averageresponsetime is resetto zeroat thebegining of
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Figure10: Cumulative averageresponsetime for theheterogeneousenvironment

eachday, 12 am. Generallyspeaking,EVEN �!� � is superiorto EVEN. In Figures11.aandb, we show
the percentagedegradataionrelative to EVEN��� � observed for two different days,day 3 and 6. These
correspondto thebestandworstobservedperformancewith EVEN.Duringday3, EVEN providesaperfor-
mancethatis at timesbetterthanEVEN��� � . During day6, EVEN exhibits aperformancedegradationthat
is severalordersof magnitudeslower thanEVEN��� � . In this case,no re-organizationoutperformsEVEN.

5 Conclusionsand futur e research dir ections

This chapterprovidesanoverview of techniquesto realizea parallel,scalable,high performancedatabase
managementsystem.We describedtherole of alternative partitioningstrategiesto distribute theworkload
of a queryacrossmultiple nodes.Next, we describedthedesignof parallelsort-merge,GraceandHybrid
hashjoin to processthejoin operator. Finally, we detailedOREasa threestepframework thatcontrolsthe
placementof fragmentsin orderto respondto: a) changingworkloads,andb) dynamichardwareplatforms
thatevolve over a periodof time. We demonstratedthesuperiorityof this framework usinga tracedriven
evaluationstudy.

Physicaldesignof paralleldatabasemanagementsystemsis anactive areaof research.Oneemerging
complementaryeffort is in the areaof StorageArea Network (SAN) architecturesthat strive to minimize
thecostof managingstorage.A SAN is a special-purposenetwork thatinterconnectsdifferentdatastorage
deviceswith servers.While therearemany definitionsfor aSAN,thereisageneralconsensusthatit provides
accessat the granularityof a block andis typically targetedtoward databaseapplications.A SAN might
includean embeddedstoragemanagementsoftwarein supportof virtualization. This softwareincludesa
file systemthat separatesstorageof a device from the physicaldevice, i.e., physicaldataindependence.
Virtualizationis importantbecauseit enablesa file to grow beyondthecapacityof onedisk (or disk array).
Suchembeddedfile systemscanbenefitfrom OREandits 3 stepframework [37].

Anotherimportantresearchdirectionis anonlinecapacityplannerthatis awareof anapplication’s per-
formancerequirements,e.g.,desiredresponsetimeguaranteesatpre-specifiedthroughputs.Thiscomponent
shoulddetectwhena systemis not meetingthedesiredrequirementsandsuggestchangesto thehardware
platform. With a SAN, this might bean integral componentof theembeddedfile system.Sucha capacity
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plannerempowersthehumanoperatorsto addressperformancelimitationseffectively.
Finally, we planto extendOREto incorporateavailability [78, 103] techniques.Thesetechniquescon-

struct redundantdatain order to continueoperationin the presenceof disk failures. For example,chain
declustering[59, 60,49] constructsa backupcopy of a fragmentassignedto node1 ontoanadjacentnode
2. The original fragmentson node1 aretermedprimary while their backupcopieson node2 aretermed
secondary. If node1 fails, thesystemcontinuesoperationusingsecondarycopiesstoredon node2. While
ORE,seeSection4, controlsthe placementof databasedon the availability needsof a fragment,it does
not considertheplacementof primary andsecondarycopieswhenmigratingfragmentsfrom onenodeto
another. As a simpleexample,it canswitchtherole of primaryandbackupcopiesto respondto workload
changes.
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