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MQO is a distributedmultiple queryprocessingniddlevare
thatcanuseresourcesvailableontheGrid to optimizequery
processingor dataanalysisand visualizationapplications.
It doesso by introducingone or more proxiesthat act as
front-endsto a collectionof baclkendseners. Thebasicidea
behindthis architecturds activesemanticading, whereby
gueriescanleverageavailablecachedesultsin theproxy ei-
therdirectly or throughtransformationswWhile thisapproach
hasbeenshavn to speedup query evaluationundermulti-
client workloads,the cachinginfrastructurein the baclend
senersis not usedwell for query processing.Becausehis
collective cachinginfrastructurescaleswith the numberof
seners, it is animportantasset.In this paper we describe
adistributedmultidimensionalndexing schemehatenables
theproxyto directly consideithe cachecontentsavailableat
thebaclendsenersfor queryplanningandscheduling This
approachs shown to producebetterqueryplansandfaster
gueryresponsdéimesaswe experimentallydemonstrate.

Multiple query optimization has beenextensvely studied
in variouscontexts including relationaldatabasesnd data
analysisapplicationgdAndradeet al. 2002; Dar et al. 1996;
Godfrey and Gryz 1999; Sellis and Ghosh1990]. The ob-
jective is to exploit processingcommonalityacrossa setof

concurrentlyexecuting queriesand reduceexecutiontime
by reusing previously computedresults. Although nd-

ing a globally optimal query plan was shovn to be an
NP-completeproblem[Sellis and Ghosh1990], heuristics
can generategood plans. We have developedmiddlevare
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aimedat aiding and optimizing the developmentof appli-
cationsthat processmulti-query workloads[Andradeet al.
2004]. This middlewareis ableto ef ciently usecompu-
tational resourcesrom SMP machinesand clustersof dis-
tributed memory parallel machines. The middlevare was
alsoextendedwith aproxy servicefAndradeetal. 2002]that
allows dataanalysisandvisualizationapplicationgo bedis-
tributedontoa heterogeneouSrid computingervironment.

The Grid is an ideal ervironmentfor running applications
that needextensive computationabndstorageresourcesas

additionalresourceganbe employedincrementallyasneed
arises. For example, as new large scienti ¢ datasetsare

generateds a result of simulationsor acquisitionof sen-
sorreadingsor whenthe pool of usersinterestedn the data
increasesnew storageandprocessingesourcearerequired
in orderto keepup with the additionalload. Moreover, be-

causeof the demandfor storagecapacity bandwidth,and

faulttolerancedatasetsreoftenstoredin distributedparal-

lel storagesystems. For thesereasonsjn orderto harness
theprocessingrower of multiple replicasfor distributingthe

gueryworkload (potentiallyfrom several co-existing appli-

cations)our middlewareproxy serviceimplementsa simple

directoryservice-theLightweightDirectoryService(LDS).

LDS storesandmaintainsinformationaboutthe location of

datasetgheavailability of queryprocessingapabilitiesand

nearreal-timeloadinformationon the backenddataseners.

Wheninput datasetsireavailableon morethanonebackend

sener, the information maintainedby LDS can be usedto

distributethe queryprocessing.

Anotheruniqueaspectof our middlewareis the utilization
of an active semanticcache whereintermediateaggrejates
usedfor computinga queryaretaggedandstoredfor future
reuse. Applicationsportedto usethe middlevare canthen
leveragethosecachedesultsby eitherreusingthemdirectly
or by applyingdatatransformationgo them[Andradeetal.
2004]. While the availability of a distributedcachednfras-
tructure can substantiallydecreasehe amountof time re-
quiredto processa query goodplanningandschedulingoe-
comesharder Thatis, forwardingaqueryto baclkendseners
with lower workloadsmay actuallybe detrimentako overall
performancesinceotherbusiersenersmayhave cachedag-
gregateghatwill considerabl\speedip processingStriking



a balancebetweerreuseof cachedaggreyatesandload bal-
ancingcanbeachievedif additionalinformationis available.
For example,if the proxy s alsoawareof thecachecontents
in eachof thebaclendseners,it mightbebetterto forwarda
gueryto thesenerthathasportionsof thequeryresultsin its
semanticachegvenif it is busierthananalternatve sener.

Therehasbeenextensive researchon indexing datastruc-
tures in the past, starting with the seminal work on
R-treedGuttman1984] On the other hand, relatively lit-
tle effort hasbeendevotedto designingdistributed index-
ing schemes.Recentlywe have studiedseveral distributed
multidimensionalndexing schemesncludingreplicatedn-
dices, hierarchicalindices,and decentralizedndices[Nam
andSussmar2005;NamandSussmar2006]. For relatively
stablecon gurations(few index updates)the simplestway
to distributetheindex is to replicateit ontomultiple seners.
For dynamicallychangingindex contents,a bettermethod
consistsof partitioningthe index and storing the pieceson
multiple senersin a hierarchicalfashion,as we will de-
scribein Sectiond4. Moreover, in orderto make theindexing
more scalable maintenancef the top-level index for hier-
archicalindexing canbe decentralizedNam and Sussman
2006]. In this paperwe describehow we integratedhierar
chical distributed indexing in the multi-query optimization
middlewarein orderto improve queryplanningandschedul-
ing performance We will alsoexperimentallystudythis is-
suein the context of a computationallyexpensie computer
vision application.

We believe thatthe work presentedn this papermakesser-
eralcontributionsandextendsthe state-of-the-arin thearea
of distributedqueryprocessing.The mostimportantcontri-
bution is the integrationof distributed query planningwith
distributedindexing, which resultsin improvementsothin
gueryprocessingime aswell asincreasedsystemthrough-
put. Therestof the paperis organizedasfollows. In Sec-
tion 2 we discusstherresearchelatedto distributedindex-
ing and multiple query optimization. In Section3 we de-
scribethearchitectureof the MQO middleware. We discuss
how distributedindexing wasintegratedinto the queryeval-
uation processin Section4. In Section5 we describeex-
perimentalresultsfor several query schedulingapproaches,
including index-basednes,andexaminethe costsandsav-
ings of indexing measuringooth query executionand wait-
ing time, aswell asbatchexecutiontime. Finally, in Sec-
tion 6, we make concludingremarksand explore possible
extensiongo this work.

To the best of our knowledge, this paperis the rst at-
tempt to combine distributed multidimensionalindexing
with distributedqueryprocessing.The problemof integrat-
ing distributedqueryplanningwith distributedindexing and

cachingintersectsmary researchareas. From distributed
query processingo earlier efforts on managingdistributed
indices,substantiatesearcthasbeendone. In this section,
we highlight someof thework we deemmostrelevantto our
own effort.

For distributed query processing, Rodfguez-Martnez
and Roussopoulo$Rodrguez-Martnez and Roussopoulos
2000] proposeddatabasamiddlewvare (MOCHA) designed
to interconnectistributeddatasourcesThe systemhandles
datareductionoperatordy code-shippingwhich movesthe
coderequiredto procesghe queryto thelocationwherethe
dataresidesand datain ation operatorsby data-shipping
which moves the input data to the client. When data-
shippingis not an option due to the size of the datasets,
distributed applicationshave employed proxy front-ends.
Beynonet. al. [Beynonetal. 2002] proposecdh proxy-based
infrastructurdor handlingdataintensive applicationsyhich
was shown to reducethe utilization of wide-areanetwork
connectionsreducequeryresponsdime, andimprove sys-
tem scalability On the other hand, Beynon's approachas
well asotherproxy-basedpproachesncluding earlierim-
plementationsof web proxies [Wesselsand Claffy 1998],
rely on a singlelocally available cache. This approachis
inherentlylessscalablehanrelying on acollectionof cache
structuresavailable at multiple baclend seners, assuming
onecanef ciently usethem.

In order to seamlesslyintegrate multiple baclend seners
asasinglequerysener, it is necessaryo ef ciently index
the data (cachedor otherwise)that eachof them has ac-
cessto. The R-treewasone of the rst multidimensional
objectindexing datastructuresto be developed[Guttman
1984]. KamelandFaloutso§KamelandFaloutsosl 992]ex-
tendedhatwork, by proposingparallelR-treeqMultiplexed
R-trees).Oneof thelimitations of thatapproachwasthatit
targetsasingleCPUwith multiple disks. Thatlimitation was
overcomeby MasterR-treegKoudaset al. 1996]andMas-
ter Client R-trees[Schnitzerand Leutengger 1999], both
designedfor sharednothing ernvironments(i.e., distributed
memory parallel machines). Both approachesssumethat
dataset@redeclusteredisinga spacelling curveandrela-
tive stability of theindexed datasetsBoth assumptionsnay
not hold truein scenariosvheredistributeddynamiccaches
areindexedandupdatedrequently

In order to effectively leveragemultiple baclend seners
for query processingmethodsfor load balancingmust be
consideredas we previously demonstratedhroughsimula-
tion [Zhangetal. 2005]. In otherwords,the savings result-
ing from reusinga cachedresulthasto be weighedagainst
theservicetime andextraloadimposedon the senerwhere
the cachedesultis located.Onestudyin this areawascon-
ductedby Mondal et al., where workload is shifted from
heaily loadedsenersto lightly loadedsenersin shared
nothingervironmentgMondal et al. 2001]. Their approach
for loadbalancings differentfrom oursin thatourwork in-
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vestigategjueryassignmenpoliciesinsteadf moving input
datasetsroundto improve load balance.

Over the lastfew yearswe have designedandbuilt middle-
wareto supportlarge scaledataanalysisapplications[An-
dradeet al. 2004; Beynon et al. 2001; Beynon et al. 2002].
The Multi-Query Optimization[Andrade et al. 2004] mid-
dleware (MQO) is one of the resultsof this effort. MQO
provides an ervironmentbasedon C++ abstractoperators
that are customizedwhen new applicationsare rst devel-
oped and implementedor when existing applicationsare
ported. MQO tametsseveral typesof computationalplat-
forms, transparentlyemploying platform-speci c optimiza-
tions. From large SMP machines o clustersof homoge-
neousnodes,to a distributed heterogeneou&rid environ-
ment,MQQO is ableto usethe application-customizedpera-
torsfor ef cient queryplanningandscheduling.In the rest
of this discussionwe focuson MQQO's Grid con guration,
which employs a proxy componenteferredto asthe Active
Proxy-G (or APG, for short). This discussionis necessary
to provide thecontext for theintegrationof distributedcache
indexing capabilitiesnto themiddleware.

MQO's Grid con guration consistsof a proxy service(one
or moreAPGs),anapplicationqueryprocessingervice(one
or moreapplicationbackendseners),andadatacachingser
vice (oneor morecacheseners)asshovnin Figure2. Note
that applicationand cachesenerscanrun in the samead-
dressspaceas a single component. The APG works as a
front-endto thedistributedmultiple queryoptimizationsys-
tem. Whenaqueryis recevedby theproxy, it maybeableto
processhequerydirectly usingits local cache If cachedag-
gregatesalonecannotbe usedto fully computea query, the
proxy sener generatesub-queriedor the unresohed por-
tionsandrepeatshe sameprocesdor thesub-queriesiecur

sively. If no processinganbe doneby the proxy, the query
is forwardedto backendapplicationseners,which thenuse
their local cacheor directly accesshe raw datasetso com-
pute the results. The baclend applicationseners canrun
on clusternodes,sharedmemory machines,or distributed
sharedmemorymachineswith attachedarge-scalestorage
devices. Figure 1 graphicallydepictsthesedifferentcon g-
urations.APG enableghebaclendapplicationsenersto be
distributedand connectedn ary hierarchyforming a com-
putationalGrid asshavn in Figure?2.

Whenaclientsubmitsa querythroughtheproxy, theproxy's
maintaskis to locatea suitablebaclendsenerto processt.
The proxy employs a directoryservice(the Light Directory
Service— LDS), whereinformation suchasthe location of
datasetaswell asworkloadperformancemetricsarestored.
Datasetlocationsconstrainthe set of baclend seners that
canbe usedfor servicinga query(i.e., in the currentproto-
typeaquerycanonly be processedy a baclendsenerthat
hasdirect accesdo the datasetgeferredto by the query).
Performancenetricscollectedby the proxy canbe usedfor
partitioningandbalancingthe work whenmultiple baclend
seners are able to processa query When replicasexist,
the proxy hasto selectone of thembasedon a scheduling
policy. The original MQO implementationcould be con-
gured to usetwo differentpolicies[Andradeet al. 2002]:
(1) round-robinwherea replicais selectedor processing
guerybasedsolelyonwherethelastquerywasservicedand
(2) load-basedgbolicieswhere, by actively collectingmetrics
suchas CPU and disk utilization, the least busy baclend
sener with a suitablereplicais selected.Note that clients
canalsodirectly submitqueriesto baclendseners,if they
know wherethe datasetarelocated which furtherincreases
thepotentialfor loadimbalance Thatis, imperfectinforma-
tion at the APG aswell asadditionalload from senersdi-
rectly submittingqueriesto backendsenerscompoundthe
schedulingoroblem.

With the existing query schedulingpolicies, the proxy ser
vice could only leveragepreviously computedresultsthat
werepartof queriesit hadseen(i.e., queriesthat have been
submitteathroughthe proxy interface).Moreover, the proxy
cachecontentsareonly relatedto the query®nal dataprod-
uct. While we have previously shavn thatthis approactwas
indeedable to provide substantialdecrease& query exe-
cutiontime, it doesnot permitthe utilization of intermedi-
ate dataproductsthat are automaticallycachedas a query
is processethecause¢heseareonly availableat the backend
seners. Furthermorethe proxy cachecanonly grow in size
upto theavailablememoryin thenodehostingtheproxy. For
thesereasonsndin orderto generatédetterqueryplansthat
cantake into consideratiorthe contentsof remotesemantic
cachesanef cient distributedindex is needed.

The semanticcachesavailable at the backend application
senersareindependenandevict contentasneedarisesac-
cordingto their own cachereplacemenpolicieswithout ary
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Figure2: Overviav of the MQO middlevare

globalcoordination.ln generalstrongdistributedcachecon-
sisteny is expensve andinherentlynon-scalable More di-
rectly, it is very hardto keeptrack of the up-to-datecon-
tentsof remotesemanticcachesn distributed systems.On
a more positive note, strongcacheconsisteng is not really
necessanfor applicationcorrectnessas query resultscan
always be computeddirectly from the raw datasetsalbeit
with a performancepenalty Thereforejt is possibleto tol-
eratecachemisseswhich may occurwhena queryplanis
assembledbasedon staleinformation. Typically, if recom-
puting a query from scratchis cheapas measuredy 1/0
and CPU processingcosts, simple distribution of the load
acrosshaclkendsenersmay performreasonablyvell. How-
ever, mary scienti ¢ andvisualizationapplicationsareboth
dataandcomputeintensie. It is oftenfasterto reusecached
aggreyatesratherthanto generatehemfrom scratch[Kim
et al. 2005]. For theseapplications,more reuseof cached
aggrgatesandimprovedloadbalancewill decreasaverage
gueryexecutiontime andmaximizeoverall systemthrough-
put. As will be seenin the next section,we accomplished
this throughdistributedindexing.

A multidimensionaindex enablesupdateandsearchopera-
tions to be performedin parallel,thus providing the means
for distributing the load acrossmultiple seners. Thereare
several waysto implementa distributed semanticcachein-

dex, dependingnworkloadcharacteristicsThe bestchoice
depend®nthetypeof index operationgo be performedre-

quently(e.g.,lookups,inserts,deletesaswell asthe nature
of the expectedcachecontents.In previouswork [Nam and
Sussmar?005; Nam and Sussmar006], we have studied
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Figure3: A two-levelhierarchical index

threetypesof distributedindexing schemesindex replica-
tion, hierarchicaindexing, anddecentralizeéthdexing. Each
of them addressedlifferent needs. Since cachedobjects
storedin the middlevare baclendseners' semanticcaches
canpotentiallychangevery quickly dueto workloadcharac-
teristicsandeviction requirementstheindex replicationap-
proachis not suitablesinceit incurssigni cant overheadn
propagatingheindex changes.Similarly, the decentralized
indexing approachs not suitableeither becausét doesnot
performwell if theindex is changingrapidly. Finally, hierar
chicalindexing hasbeenshavn to work well in adistributed
ervironmentevenwhenupdatesarefrequent.

The hierarchicalindexing schemepartitionsthe index and
distributesit acrossmultiple seners. This is accomplished
by creatingatwo-level hierarchywhereaglobalindex stores
only the minimum boundingrectangle§MBRs') represent-
ing theroot nodeof eachlocal index.

Data analysisqueriestypically have at leasttwo compo-
nentsforming the query predicate: one that speci es the
kind of processingiecessaryn orderto generatehedesired
dataproduct(e.g.,sampling,aggreation, Itering, geomet-
ric transformationetc.),andanothethatspeci esthespatial
domain,usuallyin the form of an MBR, i.e., a minimum
boundingrectanglerepresentingatitude/longituderanges,
3-D spatialcoordinatesetc. Thus,notonly is the nal data
productassociatedvith multidimensionalcoordinates put
so are the intermediateaggreatescomputedas a query is
processedAll of theseaggrejatesareautomaticallycached
andindexedby themiddleware.

Figure 3 depictsa sampleinternal organizationof a hierar
chicalindex. To searchtheindex, themultidimensionapred-
icateof a queryis presentedo the global index in orderto
determinavhichlocalindex (or indices)maycontainobjects

1An MBR is a multidimensionalhypercubethat encompasseall the
multidimensionatlataobjects(pointsor hyperrectanglesstoredn thesub-
treesrootedatary givennodein thetree-basedhdex.
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relevantto the query Eachdatasener hasits own index for
the dataavailablelocally (local index). The comparisorbe-
tweenthe query's MBR andthoseMBRs de ning the local
indicesresultsin thelist of candidatéebaclendseners.

SincetheMBR for alocalindex is justapproximatenforma-
tion aboutthe datastoredin a baclendsener, it is possible
that the searchon the global index will return,in addition
to senersthat have aggrejatessatisfyingthe query oneor
morebaclendsenersthatdo not have ary dataobjectsthat
overlapthe queryrange.This mayoccurfor severalreasons,
for example,the spacewithin an MBR may not be densely
populatedbr objectsmay have beenremoved.

Integrating distributed indexing with the MQO middleware
consistedf extendingthe baclendapplicationsener with a
localindex thattracksthecontentf its semanticache. The
proxy wasextendedn orderto hostthe globalindex. Since
the systemneedsto be able to quickly insert, delete,and
searchthelocal index, we have employed SH-treeqSpatial
Hybrid trees)for thelocal index. SH-treesprovide the same
functionalityasR-treesput have betterinsertanddeleteper

formancewithout sacri cing searchperformancgNamand
Sussmar2004;NamandSussmar2006].

Eachproxy hasits own semanticcache thatis, a proxy has
bothalocal index aswell asthe globalindex for the MBRs
of thebaclendapplicationseners.Whenthe proxy recevves
gueriesfrom clients, it searchests local index rst in or-

derto locatesuitableobjectsin its own semanticcache. As-

sumingthe query cannotbe fully computedby the proxy,

theproxy generatesubquerie$or queryregionsthatarenot
fully computed.Thesesubqueriegreexpressedn termsof

aquerypredicatehatalsospeci esthe spatialdomainasan
MBR. The MBR for eachof the subqueriess thenusedto

searchthe global index to locatean applicationsener with

thegreatesamountof MBR overlapor for maximizingsome
other optimizationheuristic,as will be discussedn detalil
later.

To updatethe hierarchicalindex whena new dataobjectis
created(for example,asa resultof a querygeneratinghew
cacheableintermediateresults),the objects MBR is com-
paredagainsthe currentMBR for thelocal index root node.
If the new aggregates MBR is outsidethe currentlocal in-
dex MBR, thelocalindex MBR mustbe enlagedto include
the new dataobject. When&er the MBR of a local index
is enlaged (or shrunk, becausean objectis no longerin-
dexed), the MBR updatemust be forwardedto the global
index. Whentheglobalindex sener recevesthe updateno-
ti cation, it replaceghe old MBR relatedto thelocal index
requestinghe update. Becausdn mary casesnsert/delete
operationsnaynot changehelocalindex MBR, mary such
operationgaredonelocally without updatedeingsentto the
globalindex.

Thelow likelihoodof globalindex updatesomesat the ex-

penseof limited knowledgeaboutobjectsavailablein thelo-

cal indices. For example,global indicesmay have a large
amountof dead space (i.e., multidimensionalregions in

which no actual objectsare located, but are indexed as a
resultof an enlagementoperationmadeto accommodata
new object)asshavn in Figure4. In the example,theroot
nodeof theindex treehasthreedescendariteenodeswhose
MBRs aredepictedasgrayrectanglesTheupperleft corner
andlowerright cornerof therootnodeMBR representiead
space.Thusif the globalindex recevesa querythatfallsin

thatarea,t will forwardthequeryto thislocal seneronly to

nd outthattheactualdatasestoredin thislocal senerdoes
notoverlapthequery

Thetradeof betweenthe amountof knowledgeavailableat
the global index versusthe amountof communicationcan
be controlledby creatingadditionalhierarchylevels. With
this change,the global index storesthe MBRs of the sec-
ond (or third) level nodesof thelocal indexes. Storing ner
grainedMBR informationreduceghe deadspaceand,asa
consequencealso reducesthe likelihood of cachemisses.
Alternatively, in orderto mitigatethis problem,we have de-
viseda simplertechniquethat employs a bitmaplive space
encodingdatastructure.The bitmapprovidesthe globalin-
dex with ner graininformationfor the root nodeMBR of
thelocalindicesby partitioningtherootnodeMBR into sev-
eralsubrgyions.If any next level treenodeoverlapstheparti-
tionedsubreyion, it is markedwith a1, otherwisewith a0, as
seenin Figure4. The additionalinformationcanbe usedto
eliminatesomefalsecachehits. This approactis very eco-
nomical for low dimensionalityobjects,asis commonfor
mary scienti ¢ datasetsyhich typically have fewer than4
dimensionge.g.,spaceandtime). For highernumbersof di-
mensionsthe bitmapencodingsuffersfrom thewell known
curseof dimensionalityproblem—the exponentialgrowth of
hypenolumeasa functionof dimensionBellman1961].



Thedistributedindex addressheissueof locatingcandidates
for executingqueriesor subquerieon behalfof the proxy.
However, picking the bestcandidatefor executinga query
requireshalancingthe potentialfor reusingaggreyatesn the
semanticcacheof an applicationsener versusthe wait to
be servicedby that sener. In extremecasesa sener with
popularaggrejatesmay be swampedwith additionalload.
Thus, queryschedulingplaysanimportantrole in load bal-
ancingand,ultimately, in overall responsdime andsystem
throughput.

In therestof thissectionwe discuss queryschedulingpoli-
cieswe have implementedaindexperimentedvith, aswill be
shownin Sectionb.

Round-Robin: Round-Robirschedulings ourbaselingol-
icy. It assignsaroughly equalnumberof queriesto eachap-
plicationsener. This techniques simple,well-understood,
and generallyperformswell when queriesand application
senersarehomogeneou®ntheotherhand,it doesnottake
into consideratiorary stateinformation, suchas semantic
cachecontentsaandbaclendseners' individual loads.

Load-based: Load-basedschedulingassignsa baclend
sener to a querybasedon theload obsenedin eachof the
baclendseners. It doessoby selectingthe leastbusy back-
endsener. Thisis donethroughMQQ's Workload Monitor
Service,which actively collects performancemetricsfrom
eachof the applicationseners,by polling themperiodically
(the polling periodis typically setto 15 seconds).Several
individual metricsare collected,suchasthe sener's inter-
nal threadpool utilization, disk readrate,andthe sizeof the
guery wait queue. Thesemetricscan be usedto infer the
sener load. For simplicity, in this paper we employedonly
the sizeof thewait queué.

Index/Overlap: This policy makes schedulingdecisions
solelybasedntheresultof aglobalindex lookupoperation.
An exceptionexistsfor theinitial n queries(n is the number
of baclend applicationseners)whereround-robinis used
for selectingthe baclend applicationsener. Whenall the
baclendsenershave recevedatleastonequeryto process,
eachwill haveintermediataesultsin its cacheandan MBR
for its local cacheindex. Usingtheseinitial MBRs, subse-
guentqueriesare forwardedto the sener that requiresthe
minimum enlagementof its currentlocal MBR (measured
by the differencein volumesof the old andnex MBRS). In
otherwords,this policy triesto keepthe MBR of eachback-
endsener assmallaspossibleto achieve goodclusteringof
guerieswith MBRs thatare“close” in the multidimensional
space.

2As will be seenin Section5, we useda volumetricreconstructiorap-
plication to provide the workload for our experiments. The experimental
queriesarereasonabljhomogeneoum termsof the amountof processing
and|l/O necessaryo computetheir results,which makesthe queuesizea
goodindicationof thesystemload.
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Figure5: Minimumdistancepolicy

Index/Distance: This policy makes schedulingdecisions
basedon the result of a global index lookup similarly to

the Index/Overlappolicy. However, insteadof looking for

the baclend sener whoseMBR hasthe greatestdegree of

overlapwith a query the proxy attemptsto locatea sener

whoselocal index root MBR is the closestto the query's

MBR (measuredsthe Euclideandistancebetweerthegeo-
metric centersof thetwo MBRS). This policy alsoattempts
to assignapproximatelythe samenumberof queriesto each
sener. It doesso by trying to keepthe MBRs of the back-
endsenersroughlythesamesizes.For example,in Figure5

the queryis forwardedto sener 2, which resultsin enlag-

ing its MBR. For a querywhosecenterfalls betweersener

1 and2's MBR centersthe proxy may forwardthe queryto

eitheroneof themwith the sameprobability. The intuition

behindthis policy is that relying purely on the amountof

overlapwill biasthe proxy towardsbackendsenerswhose
root MBRs aregeometricallylarge, because large MBR is

likely to have greateroverlapwith ary givenquery Using

the distancemethodcontributesto removing the bias,while

still maintainingthe clusteringproperty expectedfrom In-

dex/Overlap.

Index/Load: This policy considergheresultsof the global
index lookupin conjunctionwith thecurrentloadassociated
with eachof the candidatebaclend seners. Basedon the
waiting queuesize, the proxy estimateghe wait time a nev
querywill probablyexperienceFor baclendsenersthatthe
global index indicatesdo not have relevant reusableaggre-
gatesthe proxy makesa pessimistiassumptiorthatno new
reusableaggregateswill be materializedandall of the wait-
ing querieswill be computedrom scratch.Corversely for
senersthatarereportedas having reusableaggreyates the
estimateoptimistically assumeghat the computationtime
will be amortizedby directly reusingthosecachedobjects.
From this assessmenthe proxy selectsthe backendsener
with the smallestiime estimateto procesghequery



Improvementsn planningandschedulingstrategjiesaretyp-
ically highly dependenbn applications,systemcharacter
istics, and workloads. In orderto shedlight on the mag-
nitude of improvementsthat can be expectedby adopting
distributedindexing, we performedexperimentaktudiesus-
ing acomputationallyintensive computewision application,
which canbe seenasa representatie examplefor mary of
thevisualizationtechniquesisedby scienti ¢ applications.

The multi-perspectivevision studio is a volumetric recon-
structionapplicationusedfor multi-peispectiveémaging. In
anervironmentwheremultiple camerasare usedfor simul-
taneouslyshootingscenesrom various perspecties, more
views candeliver moreinformationaboutthe sceneandpo-
tentially allow recovery of interesting3-dimensionalfea-
tures with high accurag and minimal intrusion into the
scengBorovikov etal. 2003].

Usersinteractwith the applicationby submittingqueries.A
guerycomputessetof volumetricrepresentationsf objects
thatfall insidea 3-dimensionabox — oneperframe— using
a subsetof the available cameras.The queryresultis a re-
constructiorof the foregroundobjectslying within the mul-
tidimensionalquery region (a pre-processingtepremoves
backgroundobjectsfrom the storedimages,producingsil-
houettey The reconstructedrolumefor a frame,i.e., the
queryresult,is representetdy anoctree whichis computed
toarequestedepthd. Deeperoctreesepresentheresulting
volumeat higherresolutions.

We employed an experimentalcon guration with 16 inde-
pendentbaclendseners— i.e., full- edged senersableto
computea volumetricreconstructiorwith accesgo replicas
of the entiredataset- anda singleproxy. Backendseners
andtheproxywereplacedondifferentnodesof aLinux clus-
ter. Eachnodeis a Pentiumlll 650 MHz processar The
nodesareconnectedy 100Mb/secswitchedEthernet.

Thedatasetve usedis a multi-perspectie sequencef 2600
framesgeneratediy 13 synchronizedcolor camerasgach
producing40 480pixelimagesat30Hz [Borovikov etal.
2003]. The testdatasets partitionedinto 32 silhouetteim-
age les (eachle is 329 MB in sizetotalingabout10 GB).
In orderto evaluatethe schedulingpolicies we replicated
the datasetsthus eachof the 16 baclendsenersstoresthe
10 GB datasetEachof the32image les containsacollec-

tion of datachunks.A chunkof datais a singleimagewhose
attributesincludea camean index andatimestamp

We created8 querybatch les that have 100 querieseach,
with variousqueryinter-arrivaltimes,simulatingmultiple si-

multaneousisersposingqueriesto the systemasa Poisson
process.The queriesin a batchwereconstructedaccording
to a syntheticworkloadmodelsincewe do not have enough
real usertracesfor the application. The workload genera-
tor emulatesa hypotheticalsituationin which userswantto

view a short, multi-second3D instantreplay of hot events
in, e.g.,a basletball game. The workload generatortakes
asinput parameters setof “hot video frames” (e.g.,slam
dunksduringthegame)thatmarktheinterestingscenesand
thelengthof a“hot interval” (i.e., thedurationof thescene),
characterizethy ameananda standardieviation.

A queryin a batchrequestsa setof reconstructiongssoci-
atedwith framesselectecdaccordingto thefollowing model.
The centerof theinterval is dravn randomlywith a uniform
distribution from the setof hot frames(10 hot frameswere
used). The lengthof the intenal is selectedrom a normal
distribution (eachhot frameis associateavith a meanvideo
segmentlength, statisticallyvarying from 34 to 62 frames).
Betweenthe rst and last frame requestedby a particular
query intermediatédramescanbe skipped,.e.,aquerymay
processvery frame, every 2nd frame, or every 4th frame.
The skip factor is randomly selected. The 3-dimensional
gueryboxwasalso x ed(queriegeconstructheentireavail-
ablevolume)andthedepthof anoctreewas6, exceptfor the
experimentsshavn in Figure8. Queriesalsouseddatafrom
all the availablecameragor reconstruction.

To measuregerformancewe consideredhe following met-
rics: QueryWait and ExecutionTime (QWET), QueryExe-
cutionTime(QET),andTotal Batch QueryTime(TotalBQT).
QWET is the amountof time from the momenta queryis
submittedto the systemuntil it completes.Thatis, QWET
includesthe delay (due to the proxy being busy servicing
other queries)plus the actual processingime. QET mea-
suresthe elapsedime for a queryto completefrom the mo-
mentabaclendseneris selecteduntil completionmeasured
at the proxy. HenceQET dependson the local cachehit
ratio, while QWET, to a greaterdegree,dependson load-
balancingacrossthe baclend applicationseners. Finally,
TotalBQT measureshe total executiontime for one query
batch.Fromauserstandpointlower QET andlower QWET
impliesfasterqueryturnaroundime. Lower TotalBQT im-
plieshigherquerysenerthroughput.

It shouldbenotedthattheMQO middlewarehasseveralcon-
trol knobs. In orderto focuson measuringhe performance
of the differentschedulingpolicieswithout the in uence of
cachingat the proxy, we disabledthe semanticcachein the
proxy andprocessedjueriesn FIFO ordet
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Figure6 depictssystenperformancevhenwe employeddif-
ferent query schedulingpolicies and varied the numberof
baclendseners. For this experiment,we x ed the size of
the semanticcacheat 256MB and usedLRU asthe cache
replacemenpolicy on all baclend seners. Eachapplica-
tion sener employeda singlethreadfor processingyueries,
sinceall theclusternodesareuni-processorandwould only
mauginally bene t from additionalthreads However, for the
front-endproxy, we variedthe numberof concurrenthreads
accordingto the numberof applicationseners. For exam-
ple, when16 applicationsenersareused,up to 16 threads
areallowedin the proxy, which enablesup to 16 queriesto
be simultaneouslyprocessedNote thatthis doesnot imply
thatall 16 backendsenerswill bebusy; i.e., multiple queries
may be assignedo the sameapplicationsener, depending
on how goodthe schedulingpolicy is atloadbalancing.

In general,asthe numberof applicationsenersincreases,
frequentlyusedcacheobjectsaredispersedhroughthe mul-
tiple backendsener cachesandthe per servercachehit ra-
tio drops. As a consequencehe averageQET increase®s
morequeriesarecomputedrom scratchwithout the bene t
of cachingasseenin Figure 6(a). Round-robinshovs the
worst performancein most cases. Load-basedscheduling

alsodoesnot shov good performancesinceneitherpolicy
considerghe contentsof the applicationsener caches.As
sener cachegyet populatedthe threeindex-basedschedul-
ing policiesstartto reapthe bene ts of increasedcachehit
rates,which causeglecreasedueryexecutiontime. An in-
terestingresultin Figure6(a)is thatthe Index/Overlappol-
icy doesnot shav consistenperformancedueto load im-
balance.As we discussecarlier whenthe top-level MBR
for aparticularlocalindex getsenlaged,the proxy becomes
biasedandchooseshebaclendsenerwith thelargestover
lappingMBR. Thus,a majority of queriesareforwardedto
a singleapplicationsener, which resultsin thatsener hav-
ing a longerwait queue,increasingboth QET and QWET.
Note that QET includesthe time waiting in the baclend
seners' queue,but not the time in the proxy's queue. Un-
like Index/Overlap,the othertwo index-basedpolicies— In-
dex/DistanceandIndex/Load— managdo avoid suchaload
imbalanceproblem. Although Index/Load doesnot suffer
from load imbalance,it tendsto enlage the local index
MBRs leadingto anincreasdn falsehits, asthe proxy does
not take into consideratiorthe clusteringof cachedaggre-
gates. Occasionallyit createdarge amountof deadspace
asopposedio Index/Distanceand Index/Overlap, as those
policies both favor not increasingthe MBR. On the other
hand,Index/Loadbene tsfrom bitmapencodingwhichacts
to mitigatethe deadspaceproblemaspreviously explained.
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Figure6(b) shavs the querywait andexecutiontime for the
sameexperiment. As the numberof senersincreasesthe
averageQWET seenrby the proxy decreaseasmorequeries
canbe executedconcurrently Note that while the QET im-
provementsarenotverylarge,hundredof secondsresaved
whenmeasuringQWET and QBT dueto morereuse.Sim-
ilar to the QET result,Index/Overlapoutperformsthe other
policies consistently exceptwhenusingonly a small num-
berof applicationseners(2 or 4). As seenn Figure6(c), the
total batchquerytime whenusingIndex/Distanceis around
60%to 88% of thetime whenround-robinis employed.

Figure 7 shavs performancedatafor the schedulingpoli-
ciesasa function of the applicationseners' semantiaccache
sizes.For this experimentwe used8 applicationsenersand
the proxy was con gured with 8 threads. Whenthe cache
sizeis smallerthan24 MB, all policies suffer from a high
rateof cachemissessincethe cachecannotsimultaneously
accommodatenary dataproducts.In otherwords,thecache
sizeis much smallerthanthe working set. In the experi-
ments,the total size of the mostfrequentlyusedcachedag-
gregatesvasabout24 MB. Thereforewhenthecachesizeis
smallerthanthat,queriesmayfail to nd arny cachedaggre-
gatesatall. Becauseheround-robinandload-basegbolicies
arenottargetedat maximizingreuse(althoughthey mayoc-
casionallybene t from cachehits “by accident”),relatively

speakinghey arenot severelyimpactedby smallcachesize
(20 MB) nor do they particularlybene t from additional
cachespace Sincelndex/Distanceandindex/Overlapdo not
considerthe size of the waiting queue cachemissesdueto
reducedcachesizemalke thequerieswait longer, which hurts
overallsystenthroughput.n suchacase)ndex/Loadshons
boththe fastestjueryresponsdime andthe highestsystem
throughput.

Figure 8 shavs performancédor the schedulingpoliciesas
the octreedepthincreases.The higherthe depth,the more
computationallyexpensve a query becomegdueto the in-
creasedresolution of the volumetric reconstruction. In-
creasedesolutiontranslatesnto morespaceneededo com-
pute and cachethe results. Note that computationalcost
andmemoryrequirementncreaseaxponentiallywith octree
depth. We ran 8 applicationseners, eachwith a 256 MB
semanticcache. While we expectedthat the bene ts from
cachehits would have an exponentialimpacton the perfor
mance,becauseve keptthe cachesize x ed, we only ob-
seneda minor effect. Note thatincreasedlepthcreatesn-
creasedlataproductsizes,causingincreaseatacheeviction
activity and additionalcachemisses. In measuringsystem
throughput,the performancegap betweennon-inde based
andindex basedpoliciesincreaseslightly asthe computa-
tion time increases. When the depthis 5, the total query



batchtime (QBT) with Index/Distanceschedulingis 72%
that of load-basedscheduling,but it is 63% that of load-
basedschedulingvhenthedepthis 7.

Finally, usingthesynthetioworkloadgeneratowe described
earlier we created differentqueryworkloadswith different
meaninter-arrival timesto controlthe amountof concurrent
load presentedo the system. Note that the resultsfor dif-
ferentworkloadsdepictedin Figure9 arenot directly com-
parable.Not only aretheinter-arrival timesdifferent,but so
arethe the queriesandthe inducedworksetfor caching.In
otherwords, differentquerieshave differentcachehit rates,
causingdifferencesn processingime, which is unlikely to
beafunctionof queryinter-arrival time.

In this experiment,8 applicationsenerswereused.As seen
in Figure9, theIndex/Distancepolicy shavsthebestperfor

mancen mostcaseswith theothertwo index-basedolicies
alsooutperformingthe round-robinandload-basegbolicies.
In Figure9(a),asexpectedwe seethatQET s notgreatlyaf-

fectedby theinter-arrival time. In measuringjuerywait time

(Figure 9(b)), when the proxy sener receives queriesat a

veryhighrate( 2 second®naveragebetweergueries)|n-

dex/Load shows betterperformancahanindex/Overlapand
Index/Distancebecausef betterload balancing.The query
wait and executiontime dropsdramaticallywhenthe inter-

arrival time is greaterthan 10 secondsbecausehe inter-

arrival time becomedarger than the averagequery execu-
tion time (10seconds 8seners=80 QET). With large
inter-arrivaltimes,QWET hasalmostthesamevalueasQET

for a query sincealmostno querieshave to wait. In Fig-

ure 9(c), whenthe averageinter-arrival time is greaterthan
12 secondswe seethat the total querybatchtime tendsto

stay aroundthe samevalue, irrespectve of the scheduling
policy employed. Thisis becaus€BT only dependn the

QET of the few last queriessincethe systemis very lightly

loaded.

To summarizewe have learnedthe following lessondrom
the experimentaktudy First, distributedindexing helpsim-
prove overall queryprocessingerformancemeasuredoth
by systemthroughputandby queryresponséime. Second,
loadbalancings asimportantafactorin overallperformance
ascachehit ratesfor the distributedsemantiacachinginfras-
tructure. Third, index-basedschedulinghat considersoth
load balancingand clustering properties(Index/Distance)
tendsto outperformlessinformedpolicies. Furthermorejt
is morestablerarelyperformingbadlycomparedo thepoli-
ciesthatuselessinformation.

In this paper we have describedhow a distributed multi-
dimensionalindexing schemecan be usedby a distributed
multiple queryoptimizationmiddlewvaresystemto generate

betterqueryplans leveragingnformationaboutthecontents
of remotesemanticcaches. Experimentalresultsobtained
using a visualizationapplicationshav that employing this
informationfor queryschedulingesultsin bothlower query
responséime andbettersystenthroughputhanround-robin
or load-basedcheduling.To thebestof our knowledge this
isthe rst work thatshavs thatdistributedmultidimensional
indexing helpsimprove queryprocessingerformancedor a
realdistributedqueryprocessingystem.

While we believewe have madeprogressn distributedquery
planningand schedulingand demonstratedhis experimen-
tally, ultimately, planning and schedulingin conjunction
must be usedin orderto be ableto keepa set of cached
intermediateresultsthat betterrepresenthe relevant work-
ing setin a distributed fashion. We intend to extend this
work usingdifferentdataanalysisapplicationsaswell asdif-
ferentworkloadpro les in WAN-basedheterogeneousrvi-
ronments We postulatehatundermary circumstancedata
migrationtechniquesand,possibly pre-computatiorof fre-
guentlyusedcachedaggreyatesby idle baclendsenerscan
help to furtherimprove query processingoerformance.By
disseminatingheworksetof reusableaggreyateswait times
canbe decreasedsthatwill allow the proxy to usemulti-
ple baclendsenersfor a higherpercentag®ef queries,ulti-
matelyproviding betterworkloaddistribution.
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