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MQO is a distributedmultiple queryprocessingmiddleware
thatcanuseresourcesavailableontheGrid to optimizequery
processingfor dataanalysisandvisualizationapplications.
It doesso by introducingone or more proxies that act as
front-endsto a collectionof backendservers.Thebasicidea
behindthis architectureis activesemanticcaching, whereby
queriescanleverageavailablecachedresultsin theproxyei-
therdirectlyor throughtransformations.While thisapproach
hasbeenshown to speedup queryevaluationundermulti-
client workloads,the cachinginfrastructurein the backend
serversis not usedwell for queryprocessing.Becausethis
collective cachinginfrastructurescaleswith the numberof
servers, it is an importantasset.In this paper, we describe
adistributedmultidimensionalindexing schemethatenables
theproxy to directlyconsiderthecachecontentsavailableat
thebackendserversfor queryplanningandscheduling.This
approachis shown to producebetterqueryplansandfaster
queryresponsetimesasweexperimentallydemonstrate.
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Multiple query optimization has beenextensively studied
in variouscontexts including relationaldatabasesanddata
analysisapplications[Andradeet al. 2002;Dar et al. 1996;
Godfrey andGryz 1999; Sellis andGhosh1990]. The ob-
jective is to exploit processingcommonalityacrossa setof
concurrentlyexecutingqueriesand reduceexecution time
by reusing previously computedresults. Although �nd-
ing a globally optimal query plan was shown to be an
NP-completeproblem[Sellis and Ghosh1990], heuristics
can generategood plans. We have developedmiddleware
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aimedat aiding and optimizing the developmentof appli-
cationsthat processmulti-queryworkloads[Andradeet al.
2004]. This middleware is able to ef�ciently usecompu-
tational resourcesfrom SMP machinesandclustersof dis-
tributed memoryparallel machines. The middleware was
alsoextendedwith aproxyservice[Andradeetal. 2002]that
allowsdataanalysisandvisualizationapplicationsto bedis-
tributedontoa heterogeneousGrid computingenvironment.

The Grid is an ideal environmentfor running applications
thatneedextensive computationalandstorageresources,as
additionalresourcescanbeemployedincrementallyasneed
arises. For example, as new large scienti�c datasetsare
generatedas a result of simulationsor acquisitionof sen-
sorreadingsor whenthepool of usersinterestedin thedata
increases,new storageandprocessingresourcesarerequired
in orderto keepup with theadditionalload. Moreover, be-
causeof the demandfor storagecapacity, bandwidth,and
fault tolerance,datasetsareoftenstoredin distributedparal-
lel storagesystems.For thesereasons,in order to harness
theprocessingpowerof multiple replicasfor distributing the
queryworkload(potentiallyfrom several co-existing appli-
cations),ourmiddlewareproxyserviceimplementsa simple
directoryservice– theLightweightDirectoryService(LDS).
LDS storesandmaintainsinformationaboutthe locationof
datasets,theavailability of queryprocessingcapabilities,and
near-real-timeloadinformationon thebackenddataservers.
Wheninputdatasetsareavailableonmorethanonebackend
server, the informationmaintainedby LDS canbe usedto
distributethequeryprocessing.

Anotheruniqueaspectof our middlewareis the utilization
of an active semanticcache,whereintermediateaggregates
usedfor computinga queryaretaggedandstoredfor future
reuse. Applicationsportedto usethe middlewarecanthen
leveragethosecachedresultsby eitherreusingthemdirectly
or by applyingdatatransformationsto them[Andradeet al.
2004]. While theavailability of a distributedcachedinfras-
tructurecan substantiallydecreasethe amountof time re-
quiredto processa query, goodplanningandschedulingbe-
comesharder. Thatis, forwardingaqueryto backendservers
with lowerworkloadsmayactuallybedetrimentalto overall
performance,sinceotherbusierserversmayhavecachedag-
gregatesthatwill considerablyspeedupprocessing.Striking



a balancebetweenreuseof cachedaggregatesandloadbal-
ancingcanbeachievedif additionalinformationis available.
For example,if theproxy is alsoawareof thecachecontents
in eachof thebackendservers,it mightbebetterto forwarda
queryto theserverthathasportionsof thequeryresultsin its
semanticcache,evenif it is busierthananalternativeserver.

Therehasbeenextensive researchon indexing datastruc-
tures in the past, starting with the seminal work on
R-trees[Guttman1984]. On the other hand,relatively lit-
tle effort hasbeendevoted to designingdistributed index-
ing schemes.Recentlywe have studiedseveral distributed
multidimensionalindexing schemes,includingreplicatedin-
dices,hierarchicalindices,anddecentralizedindices[Nam
andSussman2005;NamandSussman2006]. For relatively
stablecon�gurations(few index updates),thesimplestway
to distributetheindex is to replicateit ontomultiple servers.
For dynamicallychangingindex contents,a bettermethod
consistsof partitioningthe index andstoringthe pieceson
multiple servers in a hierarchicalfashion,as we will de-
scribein Section4. Moreover, in orderto maketheindexing
morescalable,maintenanceof the top-level index for hier-
archicalindexing canbe decentralized[Nam andSussman
2006]. In this paperwe describehow we integratedhierar-
chical distributed indexing in the multi-query optimization
middlewarein orderto improvequeryplanningandschedul-
ing performance.We will alsoexperimentallystudythis is-
suein thecontext of a computationallyexpensive computer
visionapplication.

We believe thatthework presentedin this papermakessev-
eralcontributionsandextendsthestate-of-the-artin thearea
of distributedqueryprocessing.Themostimportantcontri-
bution is the integrationof distributedqueryplanningwith
distributedindexing, which resultsin improvementsboth in
queryprocessingtime aswell asincreasedsystemthrough-
put. The restof the paperis organizedasfollows. In Sec-
tion 2 we discussotherresearchrelatedto distributedindex-
ing and multiple query optimization. In Section3 we de-
scribethearchitectureof theMQO middleware.We discuss
how distributedindexing wasintegratedinto thequeryeval-
uation processin Section4. In Section5 we describeex-
perimentalresultsfor several queryschedulingapproaches,
includingindex-basedones,andexaminethecostsandsav-
ings of indexing measuringboth queryexecutionandwait-
ing time, aswell asbatchexecutiontime. Finally, in Sec-
tion 6, we make concludingremarksand explore possible
extensionsto this work.
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To the best of our knowledge, this paper is the �rst at-
tempt to combine distributed multidimensional indexing
with distributedqueryprocessing.Theproblemof integrat-
ing distributedqueryplanningwith distributedindexing and

cachingintersectsmany researchareas. From distributed
queryprocessingto earlierefforts on managingdistributed
indices,substantialresearchhasbeendone. In this section,
wehighlightsomeof thework wedeemmostrelevantto our
own effort.

For distributed query processing, Rodŕ�guez-Mart́�nez
and Roussopoulos[Rodŕ�guez-Mart́�nez and Roussopoulos
2000] proposeddatabasemiddleware (MOCHA) designed
to interconnectdistributeddatasources.Thesystemhandles
datareductionoperatorsby code-shipping, whichmovesthe
coderequiredto processthequeryto thelocationwherethe
dataresidesand data in�ation operatorsby data-shipping,
which moves the input data to the client. When data-
shipping is not an option due to the size of the datasets,
distributed applicationshave employed proxy front-ends.
Beynonet. al. [Beynonet al. 2002]proposeda proxy-based
infrastructurefor handlingdataintensiveapplications,which
was shown to reducethe utilization of wide-areanetwork
connections,reducequeryresponsetime, andimprove sys-
tem scalability. On the other hand,Beynon's approachas
well asotherproxy-basedapproaches,includingearlierim-
plementationsof web proxies [Wesselsand Claffy 1998],
rely on a single locally available cache. This approachis
inherentlylessscalablethanrelyingona collectionof cache
structuresavailable at multiple backend servers, assuming
onecanef�ciently usethem.

In order to seamlesslyintegrate multiple backend servers
asa singlequeryserver, it is necessaryto ef�ciently index
the data (cachedor otherwise)that eachof them has ac-
cessto. The R-treewas one of the �rst multidimensional
object indexing datastructuresto be developed[Guttman
1984].KamelandFaloutsos[KamelandFaloutsos1992]ex-
tendedthatwork, by proposingparallelR-trees(Multiplexed
R-trees).Oneof the limitationsof thatapproachwasthat it
targetsasingleCPUwith multipledisks.Thatlimitation was
overcomeby MasterR-trees[Koudaset al. 1996]andMas-
ter Client R-trees[Schnitzerand Leutenegger 1999], both
designedfor sharednothingenvironments(i.e., distributed
memoryparallel machines).Both approachesassumethat
datasetsaredeclusteredusinga space�lling curveandrela-
tive stability of theindexeddatasets.Both assumptionsmay
not hold truein scenarioswheredistributeddynamiccaches
areindexedandupdatedfrequently.

In order to effectively leveragemultiple backend servers
for query processing,methodsfor load balancingmust be
consideredaswe previously demonstratedthroughsimula-
tion [Zhanget al. 2005]. In otherwords,thesavings result-
ing from reusinga cachedresulthasto be weighedagainst
theservicetime andextra loadimposedon theserverwhere
thecachedresultis located.Onestudyin this areawascon-
ductedby Mondal et al., where workload is shifted from
heavily loadedservers to lightly loadedservers in shared
nothingenvironments[Mondal et al. 2001]. Their approach
for loadbalancingis differentfrom oursin thatour work in-
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Figure1: ApplicationServers with differentparallel con®g-
urations.(a) sharedmemory, (b) distributedsharedmemory,
or (c) distributedmemory

vestigatesqueryassignmentpoliciesinsteadof moving input
datasetsaroundto improveloadbalance.
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Over the last few yearswe have designedandbuilt middle-
ware to supportlarge scaledataanalysisapplications[An-
dradeet al. 2004;Beynon et al. 2001;Beynon et al. 2002].
The Multi-Query Optimization[Andradeet al. 2004] mid-
dleware (MQO) is one of the resultsof this effort. MQO
provides an environmentbasedon C++ abstractoperators
that are customizedwhennew applicationsare �rst devel-
oped and implementedor when existing applicationsare
ported. MQO targetsseveral typesof computationalplat-
forms, transparentlyemploying platform-speci�coptimiza-
tions. From large SMP machines,to clustersof homoge-
neousnodes,to a distributed heterogeneousGrid environ-
ment,MQO is ableto usetheapplication-customizedopera-
tors for ef�cient queryplanningandscheduling.In the rest
of this discussion,we focuson MQO's Grid con�guration,
which employs a proxy componentreferredto astheActive
Proxy-G(or APG, for short). This discussionis necessary
to providethecontext for theintegrationof distributedcache
indexing capabilitiesinto themiddleware.

MQO's Grid con�guration consistsof a proxy service(one
or moreAPGs),anapplicationqueryprocessingservice(one
or moreapplicationbackendservers),andadatacachingser-
vice (oneor morecacheservers)asshown in Figure2. Note
that applicationandcacheserverscan run in the samead-
dressspaceas a single component. The APG works as a
front-endto thedistributedmultiple queryoptimizationsys-
tem.Whenaqueryis receivedby theproxy, it maybeableto
processthequerydirectlyusingits localcache.If cachedag-
gregatesalonecannotbeusedto fully computea query, the
proxy server generatessub-queriesfor the unresolved por-
tionsandrepeatsthesameprocessfor thesub-queries,recur-

sively. If no processingcanbedoneby theproxy, thequery
is forwardedto backendapplicationservers,which thenuse
their local cacheor directly accesstheraw datasetsto com-
pute the results. The backend applicationservers can run
on clusternodes,sharedmemorymachines,or distributed
sharedmemorymachineswith attachedlarge-scalestorage
devices. Figure1 graphicallydepictsthesedifferentcon�g-
urations.APGenablesthebackendapplicationserversto be
distributedandconnectedin any hierarchyforming a com-
putationalGrid asshown in Figure2.

Whenaclientsubmitsaquerythroughtheproxy, theproxy's
maintaskis to locatea suitablebackendserver to processit.
Theproxy employs a directoryservice(theLight Directory
Service– LDS), whereinformationsuchasthe locationof
datasetsaswell asworkloadperformancemetricsarestored.
Datasetlocationsconstrainthe set of backendservers that
canbeusedfor servicinga query(i.e., in thecurrentproto-
typea querycanonly beprocessedby a backendserver that
hasdirect accessto the datasetsreferredto by the query).
Performancemetricscollectedby theproxy canbeusedfor
partitioningandbalancingthework whenmultiple backend
servers are able to processa query. When replicasexist,
the proxy hasto selectoneof thembasedon a scheduling
policy. The original MQO implementationcould be con-
�gured to usetwo differentpolicies [Andradeet al. 2002]:
(1) round-robin,wherea replicais selectedfor processinga
querybasedsolelyonwherethelastquerywasserviced,and
(2) load-basedpolicieswhere,by actively collectingmetrics
suchas CPU and disk utilization, the least busy backend
server with a suitablereplica is selected.Note that clients
canalsodirectly submitqueriesto backendservers, if they
know wherethedatasetsarelocated,whichfurtherincreases
thepotentialfor loadimbalance.Thatis, imperfectinforma-
tion at the APG aswell asadditionalload from serversdi-
rectly submittingqueriesto backendserverscompoundthe
schedulingproblem.

With the existing queryschedulingpolicies, the proxy ser-
vice could only leveragepreviously computedresultsthat
werepartof queriesit hadseen(i.e., queriesthathave been
submittedthroughtheproxy interface).Moreover, theproxy
cachecontentsareonly relatedto thequery®nal dataprod-
uct. While wehavepreviouslyshown thatthisapproachwas
indeedable to provide substantialdecreasesin query exe-
cution time, it doesnot permit the utilization of intermedi-
ate dataproductsthat are automaticallycachedasa query
is processedbecausetheseareonly availableat thebackend
servers.Furthermore,theproxy cachecanonly grow in size
upto theavailablememoryin thenodehostingtheproxy. For
thesereasonsandin orderto generatebetterqueryplansthat
cantake into considerationthecontentsof remotesemantic
caches,anef�cient distributedindex is needed.

The semanticcachesavailable at the backend application
serversareindependentandevict contentasneedarisesac-
cordingto theirown cachereplacementpolicieswithoutany
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Figure2: Overview of theMQOmiddleware

globalcoordination.In general,strongdistributedcachecon-
sistency is expensive andinherentlynon-scalable.More di-
rectly, it is very hard to keeptrack of the up-to-datecon-
tentsof remotesemanticcachesin distributedsystems.On
a morepositive note,strongcacheconsistency is not really
necessaryfor applicationcorrectness,as query resultscan
always be computeddirectly from the raw datasets,albeit
with a performancepenalty. Therefore,it is possibleto tol-
eratecachemisses,which may occurwhena queryplan is
assembledbasedon staleinformation. Typically, if recom-
puting a query from scratchis cheapas measuredby I/O
and CPU processingcosts,simple distribution of the load
acrossbackendserversmayperformreasonablywell. How-
ever, many scienti�c andvisualizationapplicationsareboth
dataandcomputeintensive. It is oftenfasterto reusecached
aggregatesratherthanto generatethemfrom scratch[Kim
et al. 2005]. For theseapplications,more reuseof cached
aggregatesandimprovedloadbalancewill decreaseaverage
queryexecutiontime andmaximizeoverall systemthrough-
put. As will be seenin the next section,we accomplished
this throughdistributedindexing.

� � mn_Wacb m ]!k�a

�

j

gTh

j

���

m

h  

A multidimensionalindex enablesupdateandsearchopera-
tions to be performedin parallel,thusproviding the means
for distributing the load acrossmultiple servers. Thereare
severalwaysto implementa distributedsemanticcachein-
dex, dependingonworkloadcharacteristics.Thebestchoice
dependson thetypeof index operationsto beperformedfre-
quently(e.g.,lookups,inserts,deletes)aswell asthenature
of theexpectedcachecontents.In previouswork [Nam and
Sussman2005; Nam andSussman2006], we have studied
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Figure3: A two-levelhierarchical index

threetypesof distributedindexing schemes:index replica-
tion,hierarchicalindexing,anddecentralizedindexing. Each
of them addressesdifferent needs. Since cachedobjects
storedin the middlewarebackendservers' semanticcaches
canpotentiallychangeveryquickly dueto workloadcharac-
teristicsandeviction requirements,theindex replicationap-
proachis not suitablesinceit incurssigni�cant overheadin
propagatingthe index changes.Similarly, thedecentralized
indexing approachis not suitableeither, becauseit doesnot
performwell if theindex is changingrapidly. Finally, hierar-
chicalindexing hasbeenshown to work well in adistributed
environmentevenwhenupdatesarefrequent.

The hierarchicalindexing schemepartitionsthe index and
distributesit acrossmultiple servers. This is accomplished
bycreatingatwo-levelhierarchy, whereaglobalindex stores
only theminimumboundingrectangles(MBRs1) represent-
ing therootnodeof eachlocal index.

Data analysisqueriestypically have at least two compo-
nentsforming the query predicate: one that speci�es the
kind of processingnecessaryin orderto generatethedesired
dataproduct(e.g.,sampling,aggregation,�ltering, geomet-
ric transformation,etc.),andanotherthatspeci�esthespatial
domain,usually in the form of an MBR, i.e., a minimum
boundingrectanglerepresentinglatitude/longituderanges,
3-D spatialcoordinates,etc. Thus,not only is the �nal data
productassociatedwith multidimensionalcoordinates,but
so are the intermediateaggregatescomputedas a query is
processed.All of theseaggregatesareautomaticallycached
andindexedby themiddleware.

Figure3 depictsa sampleinternalorganizationof a hierar-
chicalindex. To searchtheindex, themultidimensionalpred-
icateof a queryis presentedto the global index in orderto
determinewhichlocal index (or indices)maycontainobjects

1An MBR is a multidimensionalhypercubethat encompassesall the
multidimensionaldataobjects(pointsor hyper-rectangles)storedin thesub-
treesrootedatany givennodein thetree-basedindex.
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relevantto thequery. Eachdataserver hasits own index for
thedataavailablelocally (local index). Thecomparisonbe-
tweenthequery's MBR andthoseMBRs de�ning the local
indicesresultsin thelist of candidatebackendservers.

SincetheMBR for alocalindex is justapproximateinforma-
tion aboutthedatastoredin a backendserver, it is possible
that the searchon the global index will return, in addition
to serversthat have aggregatessatisfyingthe query, oneor
morebackendserversthatdo not have any dataobjectsthat
overlapthequeryrange.Thismayoccurfor severalreasons,
for example,thespacewithin an MBR may not be densely
populatedor objectsmayhavebeenremoved.

Integratingdistributedindexing with the MQO middleware
consistedof extendingthebackendapplicationserverwith a
localindex thattracksthecontentsof its semanticcache.The
proxy wasextendedin orderto hosttheglobal index. Since
the systemneedsto be able to quickly insert, delete,and
searchthe local index, we have employedSH-trees(Spatial
Hybrid trees)for thelocal index. SH-treesprovide thesame
functionalityasR-trees,but havebetterinsertanddeleteper-
formance,without sacri�cing searchperformance[Namand
Sussman2004;NamandSussman2006].

Eachproxy hasits own semanticcache,that is, a proxy has
botha local index aswell astheglobal index for theMBRs
of thebackendapplicationservers.Whentheproxy receives
queriesfrom clients, it searchesits local index �rst in or-
derto locatesuitableobjectsin its own semanticcache.As-
sumingthe query cannotbe fully computedby the proxy,
theproxygeneratessubqueriesfor queryregionsthatarenot
fully computed.Thesesubqueriesareexpressedin termsof
a querypredicatethatalsospeci�esthespatialdomainasan
MBR. The MBR for eachof the subqueriesis thenusedto
searchthe global index to locatean applicationserver with
thegreatestamountof MBR overlapor for maximizingsome
other optimizationheuristic,as will be discussedin detail
later.

To updatethe hierarchicalindex whena new dataobject is
created(for example,asa resultof a querygeneratingnew
cacheableintermediateresults),the object's MBR is com-
paredagainstthecurrentMBR for thelocal index rootnode.
If the new aggregate's MBR is outsidethecurrentlocal in-
dex MBR, thelocal index MBR mustbeenlargedto include
the new dataobject. Whenever the MBR of a local index
is enlarged (or shrunk,becausean object is no longer in-
dexed), the MBR updatemust be forwardedto the global
index. Whentheglobal index server receivestheupdateno-
ti�cation, it replacestheold MBR relatedto the local index
requestingthe update.Becausein many casesinsert/delete
operationsmaynot changethelocal index MBR, many such
operationsaredonelocally withoutupdatesbeingsentto the
globalindex.

Thelow likelihoodof globalindex updatescomesat theex-
penseof limited knowledgeaboutobjectsavailablein thelo-
cal indices. For example,global indicesmay have a large
amount of dead space(i.e., multidimensionalregions in
which no actualobjectsare located,but are indexed as a
resultof an enlargementoperationmadeto accommodatea
new object)asshown in Figure4. In theexample,the root
nodeof theindex treehasthreedescendanttreenodes,whose
MBRsaredepictedasgrayrectangles.Theupperleft corner
andlower right cornerof theroot nodeMBR representdead
space.Thusif theglobal index receivesa querythat falls in
thatarea,it will forwardthequeryto this localserveronly to
�nd out thattheactualdatasetstoredin this localserverdoes
notoverlapthequery.

Thetradeoff betweentheamountof 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 informationreducesthedeadspaceand,asa
consequence,also reducesthe likelihood of cachemisses.
Alternatively, in orderto mitigatethis problem,we have de-
viseda simplertechniquethat employs a bitmaplive space
encodingdatastructure.Thebitmapprovidestheglobal in-
dex with �ner grain informationfor the root nodeMBR of
thelocal indicesby partitioningtherootnodeMBR into sev-
eralsubregions.If any next level treenodeoverlapstheparti-
tionedsubregion,it is markedwith a1,otherwisewith a0,as
seenin Figure4. Theadditionalinformationcanbeusedto
eliminatesomefalsecachehits. This approachis very eco-
nomical for low dimensionalityobjects,as is commonfor
many scienti�c datasets,which typically have fewer than4
dimensions(e.g.,spaceandtime). For highernumbersof di-
mensions,thebitmapencodingsuffersfrom thewell known
curseof dimensionalityproblem– theexponentialgrowth of
hypervolumeasa functionof dimension[Bellman1961].
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Thedistributedindex addresstheissueof locatingcandidates
for executingqueriesor subquerieson behalfof the proxy.
However, picking the bestcandidatefor executinga query
requiresbalancingthepotentialfor reusingaggregatesin the
semanticcacheof an applicationserver versusthe wait to
be servicedby that server. In extremecases,a server with
popularaggregatesmay be swampedwith additionalload.
Thus,queryschedulingplaysan importantrole in loadbal-
ancingand,ultimately, in overall responsetime andsystem
throughput.

In therestof thissection,wediscuss5 queryschedulingpoli-
cieswehaveimplementedandexperimentedwith, aswill be
shown in Section5.

Round-Robin: Round-Robinschedulingisourbaselinepol-
icy. It assignsa roughlyequalnumberof queriesto eachap-
plicationserver. This techniqueis simple,well-understood,
and generallyperformswell when queriesand application
serversarehomogeneous.Ontheotherhand,it doesnottake
into considerationany stateinformation, suchas semantic
cachecontentsandbackendservers' individual loads.

Load-based: Load-basedschedulingassignsa backend
server to a querybasedon the load observed in eachof the
backendservers.It doessoby selectingtheleastbusyback-
endserver. This is donethroughMQO's WorkloadMonitor
Service,which actively collectsperformancemetricsfrom
eachof theapplicationservers,by polling themperiodically
(the polling period is typically set to 15 seconds).Several
individual metricsarecollected,suchas the server's inter-
nal threadpool utilization,disk readrate,andthesizeof the
query wait queue. Thesemetricscan be usedto infer the
server load. For simplicity, in this paper, we employedonly
thesizeof thewait queue2.

Index/Overlap: This policy makes schedulingdecisions
solelybasedontheresultof aglobalindex lookupoperation.
An exceptionexistsfor theinitial n queries(n is thenumber
of backendapplicationservers) whereround-robinis used
for selectingthe backendapplicationserver. Whenall the
backendservershave receivedat leastonequeryto process,
eachwill have intermediateresultsin its cacheandanMBR
for its local cacheindex. Using theseinitial MBRs, subse-
quentqueriesare forwardedto the server that requiresthe
minimum enlargementof its currentlocal MBR (measured
by thedifferencein volumesof theold andnew MBRs). In
otherwords,this policy triesto keeptheMBR of eachback-
endserverassmallaspossibleto achievegoodclusteringof
querieswith MBRs thatare“close” in themultidimensional
space.

2As will beseenin Section5, we useda volumetricreconstructionap-
plication to provide the workloadfor our experiments. The experimental
queriesarereasonablyhomogeneousin termsof theamountof processing
andI/O necessaryto computetheir results,which makesthe queuesizea
goodindicationof thesystemload.
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Query

A B
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(A)

(B)

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 backendserver whoseMBR hasthe greatestdegreeof
overlapwith a query, the proxy attemptsto locatea server
whoselocal index root MBR is the closestto the query's
MBR (measuredastheEuclideandistancebetweenthegeo-
metriccentersof thetwo MBRs). This policy alsoattempts
to assignapproximatelythesamenumberof queriesto each
server. It doesso by trying to keeptheMBRs of the back-
endserversroughlythesamesizes.For example,in Figure5
the queryis forwardedto server 2, which resultsin enlarg-
ing its MBR. For a querywhosecenterfalls betweenserver
1 and2's MBR centers,theproxy mayforwardthequeryto
eitheroneof themwith thesameprobability. The intuition
behindthis policy is that relying purely on the amountof
overlapwill biasthe proxy towardsbackendserverswhose
root MBRs aregeometricallylarge,becausea largeMBR is
likely to have greateroverlapwith any given query. Using
thedistancemethodcontributesto removing thebias,while
still maintainingthe clusteringpropertyexpectedfrom In-
dex/Overlap.

Index/Load: This policy considerstheresultsof theglobal
index lookupin conjunctionwith thecurrentloadassociated
with eachof the candidatebackendservers. Basedon the
waiting queuesize,theproxy estimatesthewait time a new
querywill probablyexperience.For backendserversthatthe
global index indicatesdo not have relevant reusableaggre-
gates,theproxymakesapessimisticassumptionthatnonew
reusableaggregateswill bematerializedandall of thewait-
ing querieswill be computedfrom scratch.Conversely, for
serversthat arereportedashaving reusableaggregates,the
estimateoptimistically assumesthat the computationtime
will be amortizedby directly reusingthosecachedobjects.
From this assessment,the proxy selectsthe backendserver
with thesmallesttimeestimateto processthequery.
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Improvementsin planningandschedulingstrategiesaretyp-
ically highly dependenton applications,systemcharacter-
istics, and workloads. In order to shedlight on the mag-
nitude of improvementsthat can be expectedby adopting
distributedindexing, we performedexperimentalstudiesus-
ing acomputationallyintensivecomputervisionapplication,
which canbe seenasa representative examplefor many of
thevisualizationtechniquesusedby scienti�c applications.
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The multi-perspectivevision studio is a volumetric recon-
structionapplicationusedfor multi-perspectiveimaging. In
anenvironmentwheremultiple camerasareusedfor simul-
taneouslyshootingscenesfrom variousperspectives,more
views candeliver moreinformationaboutthesceneandpo-
tentially allow recovery of interesting3-dimensionalfea-
tures with high accuracy and minimal intrusion into the
scene[Borovikov et al. 2003].

Usersinteractwith theapplicationby submittingqueries.A
querycomputesasetof volumetricrepresentationsof objects
that fall insidea 3-dimensionalbox – oneperframe– using
a subsetof the availablecameras.The queryresult is a re-
constructionof theforegroundobjectslying within themul-
tidimensionalquery region (a pre-processingstepremoves
backgroundobjectsfrom the storedimages,producingsil-
houettes). The reconstructedvolume for a frame, i.e., the
queryresult,is representedby anoctree,which is computed
to arequesteddepthd. Deeperoctreesrepresenttheresulting
volumeat higherresolutions.
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We employed an experimentalcon�guration with 16 inde-
pendentbackendservers– i.e., full-�edged serversable to
computea volumetricreconstructionwith accessto replicas
of the entiredataset– anda singleproxy. Backendservers
andtheproxywereplacedondifferentnodesof aLinux clus-
ter. Eachnodeis a PentiumIII 650 MHz processor. The
nodesareconnectedby 100Mb/secswitchedEthernet.

Thedatasetweusedis amulti-perspectivesequenceof 2600
framesgeneratedby 13 synchronizedcolor cameras,each
producing640 � 480pixel imagesat30Hz [Borovikov etal.
2003]. The testdatasetis partitionedinto 32 silhouetteim-
age�les (each�le is 329MB in sizetotalingabout10 GB).
In order to evaluatethe schedulingpolicies we replicated
the datasets,thuseachof the 16 backendserversstoresthe
10 GB dataset.Eachof the32 image�les containsa collec-

tion of datachunks.A chunkof datais asingleimagewhose
attributesincludea camera index anda timestamp.

We created8 querybatch�les that have 100 querieseach,
with variousqueryinter-arrival times,simulatingmultiplesi-
multaneoususersposingqueriesto thesystemasa Poisson
process.Thequeriesin a batchwereconstructedaccording
to a syntheticworkloadmodelsincewe do not have enough
real usertracesfor the application. The workloadgenera-
tor emulatesa hypotheticalsituationin which userswant to
view a short,multi-second3D instantreplay of hot events
in, e.g., a basketball game. The workload generatortakes
as input parametersa setof “hot video frames”(e.g.,slam
dunksduringthegame)thatmarktheinterestingscenes,and
thelengthof a “hot interval” (i.e., thedurationof thescene),
characterizedby ameananda standarddeviation.

A queryin a batchrequestsa setof reconstructionsassoci-
atedwith framesselectedaccordingto thefollowing model.
Thecenterof theinterval is drawn randomlywith a uniform
distribution from thesetof hot frames(10 hot frameswere
used). The lengthof the interval is selectedfrom a normal
distribution (eachhot frameis associatedwith a meanvideo
segmentlength,statisticallyvarying from 34 to 62 frames).
Betweenthe �rst and last frame requestedby a particular
query, intermediateframescanbeskipped,i.e.,a querymay
processevery frame,every 2nd frame,or every 4th frame.
The skip factor is randomlyselected. The 3-dimensional
queryboxwasalso�x ed(queriesreconstructtheentireavail-
ablevolume)andthedepthof anoctreewas6, exceptfor the
experimentsshown in Figure8. Queriesalsouseddatafrom
all theavailablecamerasfor reconstruction.

To measureperformance,we consideredthefollowing met-
rics: QueryWait andExecutionTime(QWET), QueryExe-
cutionTime(QET),andTotal BatchQueryTime(TotalBQT).
QWET is the amountof time from the momenta query is
submittedto the systemuntil it completes.That is, QWET
includesthe delay (due to the proxy being busy servicing
other queries)plus the actualprocessingtime. QET mea-
surestheelapsedtime for a queryto completefrom themo-
mentabackendserver is selecteduntil completionmeasured
at the proxy. HenceQET dependson the local cachehit
ratio, while QWET, to a greaterdegree,dependson load-
balancingacrossthe backend applicationservers. Finally,
TotalBQT measuresthe total executiontime for onequery
batch.Fromauserstandpoint,lowerQETandlowerQWET
implies fasterqueryturnaroundtime. Lower TotalBQT im-
plieshigherqueryserver throughput.

It shouldbenotedthattheMQOmiddlewarehasseveralcon-
trol knobs. In orderto focuson measuringtheperformance
of thedifferentschedulingpolicieswithout the in�uence of
cachingat theproxy, we disabledthesemanticcachein the
proxyandprocessedqueriesin FIFOorder.
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Figure6 depictssystemperformancewhenweemployeddif-
ferent query schedulingpolicies and varied the numberof
backendservers. For this experiment,we �x ed the sizeof
the semanticcacheat 256MB andusedLRU as the cache
replacementpolicy on all backend servers. Eachapplica-
tion server employeda singlethreadfor processingqueries,
sinceall theclusternodesareuni-processorsandwouldonly
marginally bene�t from additionalthreads.However, for the
front-endproxy, wevariedthenumberof concurrentthreads
accordingto the numberof applicationservers. For exam-
ple, when16 applicationserversareused,up to 16 threads
areallowed in theproxy, which enablesup to 16 queriesto
besimultaneouslyprocessed.Note that this doesnot imply
thatall 16backendserverswill bebusy, i.e.,multiplequeries
may be assignedto the sameapplicationserver, depending
onhow goodtheschedulingpolicy is at loadbalancing.

In general,as the numberof applicationservers increases,
frequentlyusedcacheobjectsaredispersedthroughthemul-
tiple backendserver cachesandtheper servercachehit ra-
tio drops. As a consequence,theaverageQET increasesas
morequeriesarecomputedfrom scratchwithout thebene�t
of cachingasseenin Figure6(a). Round-robinshows the
worst performancein most cases. Load-basedscheduling

alsodoesnot show goodperformance,sinceneitherpolicy
considersthe contentsof the applicationserver caches.As
server cachesgetpopulated,the threeindex-basedschedul-
ing policiesstart to reapthe bene�ts of increasedcachehit
rates,which causesdecreasedqueryexecutiontime. An in-
terestingresultin Figure6(a) is that the Index/Overlappol-
icy doesnot show consistentperformancedue to load im-
balance.As we discussedearlier, whenthe top-level MBR
for aparticularlocal index getsenlarged,theproxybecomes
biasedandchoosesthebackendserverwith thelargestover-
lappingMBR. Thus,a majority of queriesareforwardedto
a singleapplicationserver, which resultsin thatserver hav-
ing a longerwait queue,increasingboth QET andQWET.
Note that QET includes the time waiting in the backend
servers' queue,but not the time in the proxy's queue. Un-
like Index/Overlap,theothertwo index-basedpolicies– In-
dex/DistanceandIndex/Load– manageto avoid sucha load
imbalanceproblem. Although Index/Load doesnot suffer
from load imbalance,it tends to enlarge the local index
MBRs leadingto anincreasein falsehits,astheproxy does
not take into considerationthe clusteringof cachedaggre-
gates. Occasionally, it createslarge amountof deadspace
as opposedto Index/Distanceand Index/Overlap,as those
policies both favor not increasingthe MBR. On the other
hand,Index/Loadbene�tsfrom bitmapencoding,whichacts
to mitigatethedeadspaceproblemaspreviouslyexplained.
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Figure9: WorkloadComparison

Figure6(b) shows thequerywait andexecutiontime for the
sameexperiment. As the numberof servers increases,the
averageQWETseenby theproxydecreasesasmorequeries
canbeexecutedconcurrently. Note thatwhile theQET im-
provementsarenotverylarge,hundredsof secondsaresaved
whenmeasuringQWET andQBT dueto morereuse.Sim-
ilar to theQET result,Index/Overlapoutperformstheother
policiesconsistently, exceptwhenusingonly a small num-
berof applicationservers(2 or 4). As seenin Figure6(c),the
total batchquerytime whenusingIndex/Distanceis around
60%to 88%of thetime whenround-robinis employed.

Figure 7 shows performancedata for the schedulingpoli-
ciesasa functionof theapplicationservers' semanticcache
sizes.For thisexperiment,weused8 applicationserversand
the proxy wascon�gured with 8 threads. Whenthe cache
size is smallerthan24 MB, all policiessuffer from a high
rateof cachemisses,sincethecachecannotsimultaneously
accommodatemany dataproducts.In otherwords,thecache
size is much smaller than the working set. In the experi-
ments,thetotal sizeof themostfrequentlyusedcachedag-
gregateswasabout24MB. Therefore,whenthecachesizeis
smallerthanthat,queriesmayfail to �nd any cachedaggre-
gatesatall. Becausetheround-robinandload-basedpolicies
arenot targetedat maximizingreuse(althoughthey mayoc-
casionallybene�t from cachehits “by accident”),relatively

speakingthey arenot severelyimpactedby smallcachesize
( � 20 MB) nor do they particularlybene�t from additional
cachespace.SinceIndex/DistanceandIndex/Overlapdonot
considerthesizeof thewaiting queue,cachemissesdueto
reducedcachesizemakethequerieswait longer, whichhurts
overallsystemthroughput.In suchacase,Index/Loadshows
both the fastestqueryresponsetime andthehighestsystem
throughput.

Figure8 shows performancefor the schedulingpoliciesas
the octreedepthincreases.The higherthe depth,the more
computationallyexpensive a querybecomesdue to the in-
creasedresolution of the volumetric reconstruction. In-
creasedresolutiontranslatesinto morespaceneededto com-
pute and cachethe results. Note that computationalcost
andmemoryrequirementincreaseexponentiallywith octree
depth. We ran 8 applicationservers,eachwith a 256 MB
semanticcache. While we expectedthat the bene�ts from
cachehits would have an exponentialimpacton theperfor-
mance,becausewe kept the cachesize �x ed, we only ob-
serveda minor effect. Note that increaseddepthcreatesin-
creaseddataproductsizes,causingincreasedcacheeviction
activity andadditionalcachemisses. In measuringsystem
throughput,the performancegapbetweennon-index based
andindex basedpoliciesincreasesslightly asthe computa-
tion time increases.When the depth is 5, the total query



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

Finally, usingthesyntheticworkloadgeneratorwedescribed
earlier, wecreated8 differentqueryworkloadswith different
meaninter-arrival timesto controltheamountof concurrent
load presentedto the system. Note that the resultsfor dif-
ferentworkloadsdepictedin Figure9 arenot directly com-
parable.Not only aretheinter-arrival timesdifferent,but so
arethe thequeriesandthe inducedworksetfor caching. In
otherwords,differentquerieshave differentcachehit rates,
causingdifferencesin processingtime, which is unlikely to
bea functionof queryinter-arrival time.

In this experiment,8 applicationserverswereused.As seen
in Figure9, theIndex/Distancepolicy showsthebestperfor-
mancein mostcases,with theothertwo index-basedpolicies
alsooutperformingtheround-robinandload-basedpolicies.
In Figure9(a),asexpected,weseethatQETis notgreatlyaf-
fectedby theinter-arrival time. In measuringquerywait time
(Figure 9(b)), when the proxy server receives queriesat a
veryhighrate( � 2 secondsonaveragebetweenqueries),In-
dex/Loadshows betterperformancethanIndex/Overlapand
Index/Distancebecauseof betterloadbalancing.Thequery
wait andexecutiontime dropsdramaticallywhenthe inter-
arrival time is greaterthan 10 seconds,becausethe inter-
arrival time becomeslarger than the averagequery execu-
tion time (10seconds� 8 servers= 80 � QET). With large
inter-arrival times,QWEThasalmostthesamevalueasQET
for a query, sincealmostno querieshave to wait. In Fig-
ure 9(c), whentheaverageinter-arrival time is greaterthan
12 seconds,we seethat the total querybatchtime tendsto
stay aroundthe samevalue, irrespective of the scheduling
policy employed. This is becauseQBT only dependson the
QET of the few lastqueriessincethesystemis very lightly
loaded.

To summarize,we have learnedthe following lessonsfrom
theexperimentalstudy. First, distributedindexing helpsim-
proveoverall queryprocessingperformance,measuredboth
by systemthroughputandby queryresponsetime. Second,
loadbalancingis asimportantafactorin overallperformance
ascachehit ratesfor thedistributedsemanticcachinginfras-
tructure. Third, index-basedschedulingthat considersboth
load balancingand clusteringproperties(Index/Distance)
tendsto outperformlessinformedpolicies. Furthermore,it
is morestable,rarelyperformingbadlycomparedto thepoli-
ciesthatuselessinformation.

� �

i

h

e

�

k`_Kmni

h

In this paper, we have describedhow a distributed multi-
dimensionalindexing schemecanbe usedby a distributed
multiple queryoptimizationmiddlewaresystemto generate

betterqueryplans,leveraginginformationaboutthecontents
of remotesemanticcaches. Experimentalresultsobtained
using a visualizationapplicationshow that employing this
informationfor queryschedulingresultsin bothlowerquery
responsetimeandbettersystemthroughputthanround-robin
or load-basedscheduling.To thebestof ourknowledge,this
is the�rst work thatshowsthatdistributedmultidimensional
indexing helpsimprove queryprocessingperformancefor a
realdistributedqueryprocessingsystem.

Whilewebelievewehavemadeprogressin distributedquery
planningandschedulinganddemonstratedthis experimen-
tally, ultimately, planning and schedulingin conjunction
must be usedin order to be able to keepa set of cached
intermediateresultsthat betterrepresentthe relevant work-
ing set in a distributed fashion. We intend to extend this
work usingdifferentdataanalysisapplicationsaswell asdif-
ferentworkloadpro�les in WAN-basedheterogeneousenvi-
ronments.We postulatethatundermany circumstancesdata
migrationtechniquesand,possibly, pre-computationof fre-
quentlyusedcachedaggregatesby idle backendserverscan
help to further improve queryprocessingperformance.By
disseminatingtheworksetof reusableaggregates,wait times
canbe decreasedasthat will allow the proxy to usemulti-
ple backendserversfor a higherpercentageof queries,ulti-
matelyproviding betterworkloaddistribution.
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