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Abstract

More and more moderncomputerapplications,from businessdecisionsupportto

scientificdataanalysis,utilize visualizationtechniquesto supportexploratoryactivities.

Most visualizationtools do not scalewell with regard to the size of the datasetupon

which they operate.Specifically, the level of clutteringon the screenis typically unac-

ceptableandtheperformanceis poor. To solve theproblemof clutteringat the interface

level, visualizationtoolshaverecentlybeenextendedto supporthierarchicalviewsof the

data,with supportfor focusinganddrilling-down usinginteractivebrushes.To solve the

scalabilityproblem,this thesisinvestigateshow bestto couplea visualizationtool with a

databasemanagementsystemwithout losingthereal-timeresponsivenessrequiredin any

interactiveapplication.

This integrationmustbedonecarefully. Visualuserinteractionsoftencannotbeef-

ficiently realizedusingstandarddatabaseoperations.In our context, the recursive pro-

cessingrequiredfor thevisualdataretrieval wasprohibitively expensive; respondingfor

instanceto asingleuserrequesttookupto 30minutesona200,000tupledataset.Wesuc-

cessfullyaddressthisproblemby developingatreelabelingmethod,calledMinMax tree,

that movesthe recursive processinginto an off-line precomputationstep. Thus,at run

time, the recursive operationstranslateinto linearcostrangequeries.To further reduce

the responsetime, we employ a main memoryaccessstrategy to supportincremental

loadingof datainto main memory. We alsoproposeda novel prefetchingtechniqueto

bringdatainto memorywhenthesystemis idle. Prefetchingis speculative,non-pure,and

adaptive. Thesetechniqueshave beenincorporatedinto XmdvTool, a multidimensional

visualexplorationtool, in orderto achieve scalability. Thetool now efficiently scalesup

to datasetsof order105 � 107 records.Lastly, wereportexperimentalresultsto assessthe

performanceof theproposedtechniques.
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Chapter 1

Intr oduction

1.1 Caching and Prefetching for Lar ge-ScaleVisualiza-

tion

Visualizationprovideseffectivetechniquesfor theanalysisof data.While statisticsoffers

usvarioustools for testingmodelhypothesesandfinding modelparameters,the taskof

guessingtheright typeof modelto useis still a processthatcannotbeautomated.Thus,

whetherthedomainis stockdata,scientificdata,or thedistributionof sales,visualization

playsanimportantrole in theanalysis.Humanscansometimesdetectpatternsandtrends

in the underlyingdataby just looking at it, without beingawarein advanceaboutwhat

datamodelthey’ ll face.

Humanperceptionis of coursegreatlyinfluencedby thewaydatais presented.Thus,

varioustechniquesfor displayingdatahave beenproposedover theyears,eachof which

focuseson emphasizingsomeof the datacharacteristics[1, 26, 8, 14, 30]. However,

most of thesetechniquesdo not scalewell with respectto the size of the data. As a

generalization,[17] postulatesthatany methodthatdisplaysasingleentityperdatapoint

invariablyresultsin overlappedelementsanda convoluteddisplaythat is not suitedfor
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thevisualizationof largedatasets.

A new approachhasbeenproposedrecentlyfor displayinglarge datasets[16]. The

ideathereis to presentdataat differentlevelsof detailbasedon applyinganaggregation

functionto ahierarchicalstructure,structurethatmight resultfor instancefrom acluster-

ing process.Theproblemof clutteringat theinterfacelevel is solvedby displayingonly

a limited setof aggregatesata time. However, suchhierarchicalsummarizationsincrease

thesizeof datato bemanagedby at leastoneorderof magnitude.

Storingandretrieving the datasetsefficiently hasoften beenignoredin the context

of visualizationapplications. While storing the datain main memoryand flat files is

appropriatefor smallandmoderatesizeddatasets,it becomesunacceptablewhenscaling

to large datasets.One possiblesolution to enablescalingis to integratevisualization

applicationswith databasemanagementsystems.Thelastcoupleof decadesof research

in the areaof databasescangreatlycontribute to increasingthe performanceof a data

intensiveapplicationsuchasexploratoryvisualization.

Couplinga databasewith thevisualizationtool cannotbeperformedblindly though.

Techniquesusedfor mainmemoryprocessingaretypically not efficient any moreif im-

plementeddirectly in a databaseenvironment.A trivial andwell known exampleis sort-

ing. Internalsortingstrategiesdiffer significantlyfrom externalsortingones. Another

exampleis presentedin this work: the recursive processinginvolved whennavigating

throughhierarchiesin main memoryis no longerappropriatewhenstoring thosehier-

archieson the disk. Instead,we proposea techniquecalledMinMax trees[40, 41] that

transformstherecursiveprocessinginto fastrangequeries.

In general,therearetwo questionsto be answeredwhendoing suchan integration

betweenvisualizationanddatabasetools. The first is how to mosteffectively translate

the visual explorationoperationssuchaszoomingandbrushinginto a databaseunder-

standablelanguagesuchasSQL. Thesecondis how to storeandmanagethe resultsof
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thedatabaserequestsin mainmemoryandmake subsequentmemoryaccessoperations

asefficientaspossible.Thiswork givessolutionsfor bothquestions.

1.2 Our Approach

Our approachto reducingthe systemlatency (i.e., the on-line computationtime) is to

pushexpensive computationsoff-line whenever possible.Visual toolsrequiredatato be

in thesameaddressspaceto accessit. In asimplemainmemorysystem,thedataresides

entirely in themainmemory(Fig. 1.1). Whenthevisualizationtool issuesa request,the

entirecomputationis performed“on-demand”(i.e.,on-line).Theresultis asetof objects

(datapoints)that is thenpassedbackto the front-end.Whenthedatais movedfrom the

main memoryto persistentstorage,two additionalstepshave to be present(Fig. 1.2).

First, the requestneedsto be translatedinto a format which is supportedby the query

processorandthenpassedto thedatabasefor processing(alsoon-line).Second,theresult

setneedsto be loadedinto themainmemoryandsentto the front-endfor display. The

“on-demand”computationaswell asdataloadingareI/O intensive andthusno longer

fast(comparedto themainmemorycase).Ourgoalof minimizingthesystemlatency can

beachievedby optimizingthesetwo steps.

Figure1.1:Architectureof
main memory-basedim-
plementation.

Figure 1.2: Architectureof database-basedimple-
mentation.Additional computationstepsareI/O in-
tensive.

Our approachto makingthefirst stepefficient is to move partof theon-linecompu-
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tation into a pre-processingphase.In our case,thefront-endoperationsarereducibleto

a particularclassof recursive unionsof joins anddivisionsthat operateon hierarchies.

By usingadequatepre-computation(i.e., organizingthehierarchicalstructureinto what

we call a MinMax tree), the recursive processingof the operationsin this classcanbe

reducedto rangequeries.Extensionsof our methodfor non-treeaswell asfor dynamic

hierarchieshave alsobeendesigned(Chapter4). Comparedwith alternateapproachesto

similar problemsfrom the literature[7, 44], our hierarchylabelingmethodis shown to

besuperiorin termsof bothefficiency andfunctionality. Thepreviousproposedmethods

eitherdo not supportdynamicandarbitraryhierarchies,or werenot ableto efficiently

scaleto largedatasets.

To make thesecondstepefficient, we employ a mainmemorystrategy thatsupports

incrementalloadingof datainto themainmemory. We show that incrementalloadingis

highly desirable,giventhesetof operationsto support(Chapter5). To furtherreducethe

responsetime, we have designeda speculative prefetcherthat bringsdatainto memory

whenthesystemis idle. Theprefetcheris basedon thepropertyof exploratorysystems

that queriesremains“local”, i.e., given the setof currentlyselectedobjectswe have a

small numberof choicesof which objectscanbe selectednext. The propertyprovides

therefore“implicit hints” to the system.Additional hints might be provided by the the

dataandtheuser’s explorationaswell.

1.3 Contrib utions

Our main contribution consistsof developinga setof techniquesthat canbe appliedto

interactivevisualizationtoolsin orderto enablethemto explorelargedatasets.Thechar-

acteristicsof the systemto which thesetechniquescan be appliedto are presentedin

Chapter2.
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We first designedand implementedan encodingtechniquethat efficiently supports

on-line retrieval of data. We furtherdesigneda high level cachepolicy that reducesthe

latency in the systemby incrementallyloadingthe datainto the memorybuffer. When

the systemis idle, a prefetcherwill bring into cachethe datathat is likely to be used

next. For this purpose,we useda novel techniquethat combinesa low granularityof

data(object level) and a “semantic”descriptionof the contentof the buffer. We also

performedexperimentsto assessthe efficiency of our approach. First, we testedour

encodingtechniqueasastand-alonemethodandfoundthatit performedandscaledwell.

Second,wetestedthesystemto work with variousinputandunderdifferentsettings.The

systemscaleswell to supportmillions of datapointswith between8 and20 dimensions.

Weconfirmedtheimportantroleof precomputationin suchapplicationsandshowedthat

thebenefitof usingprefetchingexceedssignificantlytheresultfrom usingthecacheonly.

1.4 ThesisOrganization

Chapter2 presentstherelatedresearchfrom boththevisualizationandthedatabaseper-

spective. Chapter3 introducesbasicconceptsin visualizationanddescribesourapproach

to achieve scalabilityfrom a front-endperspective. It alsoformalizesthe requirements

underwhich our proposedapproachworks. Thehierarchyencodingaswell asthe pro-

cessingof MinMax queriesis further presentedin Chapter4. Chapter5 introducesthe

memorymanagement,specificallythe cachingand prefetchingstrategies. The imple-

mentationof thesystemis discussedin Chapter6. Experimentalresultsarereportedin

Chapter7. Finally, we presentconclusionsaswell asdirectionsfor further researchin

Chapter8.

5



Chapter 2

RelatedWork

2.1 Visual Hierar chy Exploration

Therehasbeenconsiderableresearchin the visualizationareatoward finding effective

methodsto displayandexplorehierarchicalinformation,suchasTree-Maps[37], Cone-

Trees[32] and ReconfigurableDisc Trees[22]. Most of thesemethodsprovide only

modestmodesof interactionfor navigatingthehierarchy. Navigationplaysanimportant

role in aidingusersto find theirwaythroughthecomplex structure:to seewherethey are,

whatinformationis availableandhow to identify informationof interest.

Ontheotherhand,techniquesfor visualexplorationof hierarchies[27] haveindepen-

dentlybeenproposed.Hierarchyvisualizationsareevidentfor instancein many commer-

cial applications,suchasMicrosoft Windows Explorer, NortonCommander, andsoon.

Themajordisadvantageof suchinterfaceshowever is thatthereis a limited displayspace

for the hierarchy. Hence,they arenot suitablefor displayinglarge datasets.Thevisu-

alizationtechniquewe usein this work [16, 17] hasboth the capabilityof interactively

navigatingthehierarchicalstructuresandthecapabilityof displayinglargedatasets.
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2.2 Visualization-DatabaseIntegrated Systems

Integratedvisualization-databasesystemssuchas Tioga [39], IDEA [34], and DEVise

[28] representthework closestrelatedto oursin termsof problemarea.Theapproaches

arehowever different. Tioga [39] implementsa multiple browserarchitecturefor what

they call arecipe, avisualquery. Thesystemis ableto buffer thecomputeddata;however,

theproblemof translatingfront-endoperationsinto databasequeriesis not presentsince

databasequeriesaredirectly (explicitly) specifiedby thegraphicalinterface.IDEA [34]

is an integratedsetof tools to supportinteractive dataanalysisandexploration. Some

constraintson thedatamodelareimposedby theapplicationdomain,but on-linequery

translationandmemorymanagementarenot addressed.In DEVise [28], a setof query

andvisualizationprimitivesto supportdataanalysisis provided. Thenumberof primi-

tivessupportedis itself relatively large. However, cachingdatais doneat the database

level usingdefault mechanismsonly; specialmemorymanagementtechniquesarenot

considered.

Other work in the sameareaincludesdynamicquery interfaces[43, 21], dynamic

queryhistograms[13] anddirectmanipulationqueryinterfaces[20,24,19]. They all have

a visualinterfaceanda databaseback-end.However, theoperationstranslatedifferently:

to dynamicrangequeriesin [13], to temporalqueriesin [20], andto 2-D spatialqueries

in [24]. Theseworksdonotdealwith hierarchyexplorationsupport.

2.3 Relational Processingof Hierar chies

2.3.1 Join Processing

In relationalsystems,hierarchies(as compositeobjects)have to be broken down into

multiple fragmentsthatarethenstoredastuplesin separaterelations[46]. Traversingthe
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hierarchicalstructurein orderto gatherall fragmentstogetheror to queryspecificprop-

ertiesrequiresa largenumberof joins. Sincerelationaljoinsareexpensiveoperations,an

immediateimprovementin handlinghierarchicalstructuresis achievedby improving join

efficiency.

Valduriezet al. [45] introducea new accesspathfor processingjoins, calleda join

index. Thejoin index is simplyabinaryrelationthatcontainspairsof surrogates(unique

systemidentifiers)of thetuplesthatareto bejoined. An algorithmthatusesjoin indices

is alsopresentedin [45]. Thejoin index efficiently supportsthecomputationof joinsand

particularlythejoin compositionof complex objectsin thecaseof adecomposedstorage

representation[46].

Anothermethodthatspeedsup join processinguseshiddenpointerfields to link the

tuplesto bejoined. Thehiddenpointersarespecialattributesthatcontainrecordidenti-

fiers.Threepointer-basedjoin algorithms,simplevariantsof thenested-loops,sort-merge

andhybrid-hashjoin, arepresentedandanalyzedin [36].

A hash-basedmethodfor largemainmemorysystemsis describedin [35]. Theauthor

concentrateson the improvementof joins basedon the traditionalstrategy of sort and

merge. Threealgorithmsareevaluated:a simplehash,the GRACE hashfrom the 5th

GenerationSystems,andahybridof thetwo. Whentheavailablemainmemoryexceedsat

leastthesquarerootof thesizeof onerelation,thehash-basedalgorithmscansuccessfully

beappliedfor computingjoins. Their gain is especiallysignificantwhenlarge relations

areinvolved.

Theabove techniquesmake join processingefficient,but they don’t limit in any way

the recursive processingtypically involvedwhentraversinghierarchies.Thenumberof

systemcallsis highandmany intermediatetuplesareunnecessarilyretrieved.
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2.3.2 Hierarchy Encoding

Anotherwayto handlehierarchieshasemergedwith thedevelopmentof object-relational

systems[38]. Usingobjectextensionsacompositeobjectcanberepresentedusingnested

(non 1-st NF) relations. However, recursive relationsdo not alwayshave a pre-defined

depthandthereforethey cannotberepresentedusingnesting.

A novel ideain hierarchicalprocessingwasintroducedby Ciacciaetal. [7]. They en-

codetreehierarchiesbasedon themathematicalpropertiesof simplecontinuedfractions

(SICFs).Basically, eachnodeof thetreehasauniquelabelthatencodestheancestorpath

from that nodeup to the root. The treesareassumedto be ordered(i.e., childrenhave

ordernumbers)so that the ancestorpathsimply correspondsto a sequenceof integers.

Thesequencegivesusthecodeof theancestorsof anodewithoutany physicalaccessto

thedata. This informationis sufficient for performingsomeoperations,suchasgetting

the first commonancestorof two nodesor testingif a nodeis the ancestorof another

one,without any recursive retrieval of data. However, givena noden, this methodcan-

not, for example,efficiently provide thelist of descendantsof n. This limitation reduces

thenumberof operationsthatcanbesupportedand,moreover, makesupdatesdifficult to

handle.Anotherimportantlimitation of this methodis that it canonly beappliedto tree

hierarchiesandnot to arbitraryhierarchies.

A similar idea was introducedby Teuholain [44]. He useda so called signature

for encodingtheancestorpath. The importantdifferenceof thesignaturemethodto the

previous approachis that now the codeis not unique. Given a noden, the codeof n

is obtainedby applyinga hashfunction to it and by concatenatingthe resultingvalue

with thecodeof its parent.Thenon-uniquecodecanmake thequantityof dataretrieved

be much larger thanneeded.Moreover, the codeobtainedby the concatenationof all

ancestorcodescould exceedthe availableprecisionfor deeptrees. A fragmentationof

theinitial treeandconsequentlyadditionaljoinswould thusneedto beperformed.
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2.4 Main Memory Processing

2.4.1 High Level Caching

High level cachingsystemsin whichobjectsarenotindividually identified,but ratheraset

of objectstogetheris identifiedwith thequerythatgeneratedit, is calledsemanticcaching

[12] or predicatecaching [25]. Ourmemorymanagementis similar to theonepresentin

semanticcaching. The buffer contentis specifiedby a setof queries.However, dueto

thespecificrequirementswe hadandfor efficiency, we appliedtheconceptsof semantic

cachingquitedifferent,enablingdatato behandledalsoat a smallergranularity(i.e., at

theobjectlevel). Otherwork in theareaof objectlevel cachingfor databaseapplications

have beenaddressedfor examplein [9, 33]. Also, objectbasedcachinghasbeenstudied

recentlyin thecontext of webapplications[15].

2.4.2 Prefetching

In many interactive databaseapplications,thereis oftensufficient time betweenuserre-

quests,and thereforethe amountof datathat canbe prefetchedis limited only by the

cachesize. This situationis referedto aspure prefetching andconstitutesan important

theoreticalmodel in analyzingthe benefitof prefetching. In practicehowever prefetch

requestsareoften interruptedby userrequests,resultingin lessdatabeingprefetchedat

a time. In suchcases,callednon-pureprefetching, issuesof cachereplacementalsoneed

to beconsidered.Pureprefetcherscanbeconvertedinto practicalnon-pureonesby com-

bining themwith a cachereplacementstrategy. In [11] for instance,a pureprefetcheris

usedwith theleastrecentlyused(LRU) cachereplacementstrategy, anda significantre-

ductionin thepagefault ratewasshown. A multi-threadedimplementationof anon-pure

prefetcheris reportedin [42]. There,the latency of the disk operationsis improvedby

usingthreads.
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The estimationstrategy, calledalsoa predictor, is usuallybasedon eithera proba-

bilistic modelor somerecordedstatistics[5]. A widely usedpredictorin systemssimilar

to ours is basedon Markov chain theory [2, 23]. The main idea is that given a string

s ��� αi1 � αi2 �����	��� αin 
 of lettersoveranalphabetΣ ��� αi 
 i , wecancomputetheprobability

of letter α j beingat positionn
�

1 basedon the patternsexisting in s. Markov predic-

torshave beenfirst usedin prefetchingin thecontext of pagedvirtual memorysystems

[2] underthenamecorrelation-basedprefetching. [23] alsousesMarkov predictorsfor

prefetchingandreportsgoodresults.
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Chapter 3

Multi variate Data Visualization

Thework presentedin this paperwastriggeredby our goalof scalingXmdvTool to work

on largedata[47]. XmdvTool in asoftwarepackagedesignedfor theexplorationof mul-

tivariatedata.Thetool providesfour distinctvisualizationtechniques(scatterplotmatri-

ces,parallelcoordinates,glyphs,anddimensionalstacking)with interactiveselectionand

linkedviews. Recentefforts have producedhierarchicalparallelcoordinates,thatallow

multi-resolutiondatapresentation[16]. Themain ideais to clusterthedatapointsbased

onadistancemetric,applyanaggregationfunctionto thedatapointsfromeachclusterand

have thoseaggregatevaluesdisplayedinsteadof the datapointsthemselves. Themodel

canbe conceptualizedasa hierarchythat providesthe capabilityof visualizingdataat

variouslevelsof abstraction. Thehierarchicalstructurecanbeexploredby interactively

selectinganddisplayingpointsatdifferentlevelsof detail.We termthisexplorationpro-

cessnavigation. In whatfollowswedescribethesevisualexplorationoperationsin more

detailandthenprovideaformalmodelthatsummarizesthesemanticsof theseoperations.
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3.1 Brush Basics

Selectionis a processwherebya subsetof entitieson a display is isolatedfor further

manipulation,suchashighlighting,deleting,or analysis.Wills [48] defineda taxonomy

of selectionoperations,classifyingtechniquesbasedon whethermemoryof previous

selectionsis maintainedor not,whethertheselectionis controlledby theunderlyingdata

or not,andwhatspecificinteractive tool (e.g.,brushing,lassoing)is usedto differentiate

anareaof thedisplay. He alsocreateda selectioncalculusthatenumeratesall possible

combinationsof actionsbetweena previousselectionanda new selection(replace,add,

subtract,intersect,andtoggle)andattemptedto identify configurationsof theseactions

thatwouldbemostuseful.

Brushingis theprocessof interactively paintingover a subregion of thedatadisplay

using a mouse,stylus, or other input device that enablesthe specificationof location

attributes.Theprinciplesof brushingwerefirst exploredby BeckerandCleveland[3] and

appliedto high dimensionalscatterplots.WardandMartin [47, 29] extendedbrushingto

permitbrushesto have the samedimensionalityasthe data(N-D insteadof 2-D). They

also explored the conceptsof multiple brushes,compositebrushes(formedby logical

combinationsof brushes),andfuzzybrushes,that allow pointsto be partially contained

within a brush.Haslettet al. [18] introducedtheability to show theaveragevalueof the

pointsthatarecurrentlyselectedby thebrush.

Onecommonmethodof classifyingbrushingtechniquesis to identify in whichspace

theselectionis beingperformed,namelyscreenor dataspace.This canthenbeusedto

specifyacontainmentcriterion (whetheraparticularpoint is insideor outsidethebrush).

In screenspacetechniques,abrushis completelyspecifiedby a2-D contiguoussubspace

on the screen.In data spacetechniques,a completespecificationconsistsof eitheran

enumerationof thedataelementscontainedwithin thebrushor theN-D boundariesof a
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hyper-box thatencapsulatestheselection.

A third category, namelystructurespacetechniques,whichallowsselectionbasedon

structuralrelationshipsbetweendatapoints,hasbeenintroducedin [17]. Thestructureof

adatasetspecifiesrelationshipsbetweendatapoints.Thisstructuremaybeexplicit (e.g.,

categorical groupingsor time-basedorderings)or implicit (e.g.,resultingfrom analytic

clusteringor partitioningalgorithms). Examplesof structuresincludelinear orderings,

treehierarchies,anddirectedacyclic graphs(arbitraryhierarchies).In thiswork wefocus

on tree hierarchies. A tree is a convenientmechanismfor organizinglarge datasets.

By recursively clusteringor partitioningdatainto relatedgroupsandidentifyingsuitable

summarizationsfor eachcluster, we canexaminethe datasetmethodicallyat different

levelsof abstraction,moving down the hierarchy(drill-down) wheninterestingfeatures

appearin the summarizationsandup the hierarchy(roll-up) after sufficient information

hasbeengleanedfrom aparticularsubtree.

As describedearlier, brushingrequiressomecontainmentcriteria. For our first con-

tainmentcriterion, we augmenteachnodein the hierarchy, that is eachcluster, with a

monotonicvaluerelative to its parent.This valuecanbe,for example,thelevel number,

the clustersize/population,or the volumeof the cluster(definedby the minimum and

maximumvaluesof thenodesin thecluster).This assignedvaluedeterminesthecontrol

for the level-of-detail. Our secondcontainmentcriterionfor structure-basedbrushingis

basedon thefactthateachnodein a treehasextents,denotedby theleft- andright-most

leaf nodesoriginatingfrom the node. In particular, it is alwayspossibleto draw a tree

in sucha way that all its childrenarehorizontallyordered.Theseextentsensurethat a

selectedsubspaceis contiguousin structurespace.

A structure-basedbrushis thus definedby a subrangeof the structureextentsand

level-of-detailvalues.Intuitively, if looking at a treestructurefrom thepoint-of-view of

its rootnode(Fig.3.1),theextentsubrangeappearsasa focusregion(with thefocuspoint
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at its center),while the level-of-detailsubrangecorrespondsto a samplingratefactoror

a density. In a 2-D representationof the tree(Fig. 3.2), the subrangescorrespondto a

horizontalandverticalselection,respectively.

Figure 3.1: Structure-basedbrush
ascombinationof a focusregion (a)
andadensityfactor (b).

Figure 3.2: Structure-basedbrush
as combinationof a horizontal(a)
anda vertical(b) selection.

3.2 Hierar chical Clustering

In what follows, we describethe clusteringprocessusedto organizethe datain Xmdv-

Tool. The clusteringphasegeneratesthe hierarchicaltreewhich is further usedduring

exploration,but is not apre-requisitefor our technique.Any othermethodthatgenerates

asimilardatastructuremaybeusedaswell.

Let X beadatasetcomposedof mdatapoints.Theelementsof X arecalledbasedata

points. A hierarchicalclusteringis obtainedby recursivelyaggregatingelementsof X into

intermediategroups(clusters).Conceptually, the hierarchicalclusteringcanbe thought

asan iterative processof successive clusteraggregationsthatstartswith theelementsof

X (m clustersof oneelementeach)and endswith a large clusterthat incorporatesall

theelementsof X. A stateof this transitoryprocesscanbedefinedasa partitionon the

elementsof X. Thenext stateis alsoapartitionobtainedby groupingsomeof thesub-sets

of thepreviouspartition.Two suchsuccessivepartitionsarecallednested. Consequently,

we candefinea hierarchicalclusteringof X asa sequenceof nestedpartitions,in which
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thefirst oneis thetrivial partitionandthelastoneis thesetitself. A formal definitionof

hierarchicalclusteringis presentedin AppendixA.

A graphicalrepresentationof an exampleof hierarchicalclusteringis presentedin

Fig. 3.3 for a setof five elements� a � b � c � d � e
 . We call this representationa partition

map.

Figure3.3: Partition mapfor a tree
hierarchy.

Figure 3.4: Hierarchical tree ob-
tainedby clustering.

A hierarchicalclusteringmayalsobeorganizedasa treestructureT, wherethe root

is thewholeX andtheleavesarebasedatapoints.A nodeof T correspondsto anaggre-

gationwhenever it hasmorethanonechild. A graphicalrepresentationof sucha cluster

tree,obtainedby hierarchicalclusteringof thesamesetof five elements,is presentedin

Fig. 3.4.

Data can be hierarchicallystructuredeither explicitly, basedon explicit partitions

(suchas,for example,in category-drivenpartitioning)or implicitly, basedontheintrinsic

valuesof thedatapoints.In thelattercaseaclusteringalgorithmneedsto beusedto form

thehierarchy. Wehavetriedtwo clusteringalgorithmsin oursystem,but otherswouldbe

suitableaswell. Specifically, we have usedBIRCH [50] aswell asa simpleoneof ours
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[49].

3.3 Structur e-BasedBrushes

3.3.1 Creationand Manipulation

Figure3.5shows thestructure-basedbrushinginterfaceimplementedin XmdvTool [17].

The triangularframedepictsthe hierarchicaltree. The contournearthe bottomof the

framedelineatestheapproximateshapeformedby chainingtheleaf nodes.Thecolored

bold contouracrossthe treedelineatesthe treecut that representsthe clusterpartition

correspondingto thespecifiedlevel-of-detail.XmdvTool usesaproximity-basedcoloring

schemein assigningcolorsto the partitionnodes[16]. In this scheme,a linearorderis

imposedon the dataclustersgatheredfor displayat a given level-of-detail. This linear

orderis directly derivedfrom theorderin which thetreeis traversedwhengatheringthe

relevant nodesfor a given level-of-detail. Colorsare thenassignedto eachclusterby

lookingupa linearcolormaptable.Thesamecolorsareusedfor thedisplayof thenodes

in thecorrespondingdatadisplay. Thetwo movablehandleson thebaseof the triangle,

togetherwith theapex of thetriangle,form awedgein thehierarchicalspace.

Since,asshown before,a structure-basedbrushis definedasthe intersectionof two

independentselections,it necessarilyfollows thatsettingsucha brushrequirestwo com-

putationalphasesaswell. Thefirst one,thehorizontalselection,is accomplishedin two

steps.In thefirst stepa setof leaf nodesis initially selectedbasedon theorderproperty

usingthetwo handlesindicatesby e in Fig.3.5.Basically, thisstepcorrespondsto “select

all leavesbetweenthetwo extremevaluese1 ande2”. Examplesof initial selectionscor-

respondingto ALL andANY operatorsaredepictedin Fig. 3.6andFig. 3.7respectively.

Thebrushvaluesfor bothexamplesarenodes3 and7. Theselectednodesarehighlighted

by ashadedregion. In thesecondphase,theinitial selectionis propagateduptowardsthe
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Figure3.5: Structure-basedbrushinginterfacein XmdvTool. (a)Hierarchicaltreeframe;
(b) Contourcorrespondingto currentlevel-of-detail;(c) Leafcontourapproximatesshape
of hierarchicaltree;(d)Structure-basedbrush;(e)Interactivebrushhandles;(f) Colormap
legendfor level-of-detailcontour.

rootbasedonwhatwetermedanALL semantic:“selectnodesthathaveall theirchildren

alreadyselected”(othersemanticssuchasANY or MOST arealsopossible[40]). The

secondcomputationphase,theverticalselection,consistsof refiningthesetof nodesgen-

eratedin phaseone.Basically, thenodeson thedesiredlevel-of-detailareonly retrieved

out of thewholephaseoneselection.A formal definitionof structure-basedbrushescan

befoundin AppendixA.

Figure 3.6: ALL initial selection
with brushvalues3 and7.

Figure 3.7: ANY initial selection
with brushvalues3 and7.
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Thebrushoperations,asdescribedabove,areinherentlyrecursive.Recursiveprocess-

ing in relationaldatabasesystemscanbeextremelytime consumingandthusunsuitable

for interactiveapplications.In Chapter4 wedevelopequivalentbut non-recursivecompu-

tationmethodsfor settingstructure-basedbrushesbasedonassigningsomepre-computed

valuesto thenodesthatrecastretrievalsasrangequeries.

3.3.2 GeometricRepresentation

Basedon structure-basedbrushdefinition, we canextendpartition mapsto incorporate

informationaboutthe level valuealso. Theobjectsgetnow a spatialrepresentation.An

exampleof a four level hierarchyis presentedin Fig. 3.8.Wecalledthis typeof represen-

tationa2-D hierarchymap. Hierarchymapsareespeciallyusefulwhenwegeneralizethe

conceptof level of detail to extendto any typeof monotonicfunction. Suchanexample

is presentedin Fig. 3.9. In this case,two level values(initial andfinal) needto bestored

for eachobject. The semanticsof the structure-basedbrusheschangesunderhierarchy

maps.As we will seein Chapter4, it reducesto a containmentteston bothdimensions.

A typicalexamplewouldbe“selectall pointsthattouchthelevel of detailL andthebrush

interval (x, y).

3.3.3 Multidimensional Extension

The structure-basedbrushes,as just introduced,imply that a naturalorderof the base

datapoints(leaf nodes)exists. This maynot alwaysbethecase.In fact,thespaceupon

the initial selectionis performedis one dimensional. Principally, the initial selection

canbe performedin an arbitraryk-dimensionalspace,if that is preferablefor the user.

Particularly, we anticipatethat an n-dimensionalselectionwill be useful. Moreover, 2-

D hierarchymapsnaturally generalizeto n-D hierarchymapsby using n-dimensional
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Figure 3.8: 2-D hierarchy map.
Uniform levelsof detail.

Figure3.9: 2-D hierarchymap.Ar-
bitrary level of detailfunction.

objectsinsteadof rectangles.This extension,however, is not implementedin thecurrent

versionof XmdvTool.

3.4 Model Abstraction

We now introducea formal model characterizingthe salientfeaturesof the proposed

techniques,thusestablishingtheapplicabilityandscopeof oursolution.Theinput space

is composedof entriesin theextent (x) dimensionandin the level (y) dimension.Since

thetwo dimensionsareindependent,thespaceis actuallya Cartesianproductof entries.

We canenvision this spaceby overlappinga 2-D grid over thetreehierarchy(Fig. 3.10).

In this representation,a selectionis a sequenceof consecutive regions with the same

level value(Fig. 3.11). The datapointsarespatial objectswhosedistribution may be

unknown andwhich canberetrievedby a socalledquerymechanism. Thus,theremust

be a containmentcriterion that specifiesfor eachobject whetherit is includedin the

currentselectionwindow or not. In orderfor usto beableto implementastructure-based

brushaspreviouslyspecified,anorderis enforcedon thesetof leafnodesandin general
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on thenodeswith thesamelevel-of-detailvalue.

Figure 3.10: Selectionspaceab-
straction.

Figure3.11: Active window in the
selectionspace.

An exampleof transforminga treestructureinto a navigationspace(i.e., the setof

spatialobjects)is givenbelow. Thetree(Fig. 3.12)is first representedasa2-D hierarchy

mapandthenoverlappedona2-D grid of integers.

Figure3.12:A treeexample.
Figure 3.13: Navigation on a tree
supportset.

The set of characteristicsbelow identifiesthe requirementsthat a systemneedsin

orderfor ourapproachto apply(besidesproviding thenamingconventions):

1. Navigationconsistsof continuouslychangingaselectionwindow (calledtheactive

window) definedoverann � mgrid of integers(calledthenavigationgrid).
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2. Onbothaxesof thenavigationgrid, theintervalsareindexedratherthanthepoints.

Thus,on thex axis(calledtheextentaxis)theintervalsaredenotedasei , while on

they axis(calledthelevel axis)theintervalsaredenotedasLk. Thegrid is therefore

asetof rectangleregionsof theform � ei � Lk 
 (Fig. 3.14).

Figure3.14:Navigationgrid. Figure3.15:Activewindow.

3. An activewindowis a“compact”selectionof points ��� ei � Lk 
 � � ei � 1 � Lk 
 ���	���	� � ej � Lk 
 

onthesamelevel (Fig. 3.15).Thus,anactivesetis specifiedby atriplet of theform

� ei � ej � Lk 
 .
4. Eachactivewindowuniquelyidentifiesasetof spatialobjects(calledtheactiveset)

beingselectedamongtheobjectsof agivenset(calledthebaseset(Fig. 3.16)).

Figure3.16:Baseset.
Figure 3.17: Objectson the same
level aretotally ordered.

Thefollowing propertiesaboutthebasesetareassumed:

� Thereis a partial order relationshipdefinedon the objectsof the baseset.

However, thereis a total orderrelationshipamongobjectson thesamelevel

(Fig. 3.17).
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� Any activesetcancontain0, 1 or multiple objects.This number, however, is

not known in advance.

� An objectcanspreadover multiple regionson thesamelevel andcanbelong

to multiple levels.Thus,theactivewindowsarenotadditive,i.e.,theunionof

two active setscorrespondingto two windowsW1 andW2 is not necessarily

thesameas(althoughincludedin) theactive setcorrespondingto W1 � W2.

Moreover, theactive setsfor two disjoint active windows arenot necessarily

disjoint.

5. Theactivewindowmayonly changeincrementally, i.e., only oneof the threepa-

rameterscanchangeatatimeandonlyby asingleunit. Thisis anessentialproperty

exploitedby ourmemorymanagementstrategy, asshown in Section5.
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Chapter 4

Query Specificationand Processing

Thequestionaddressedin this sectionis “how do we translatethevisualexplorationop-

erationsinto databaseoperations”.For thispurposewehavedevelopedatechniquecalled

theMinMax tree[40]. Themethodplacesthe recursive processingin a precomputation

stage,whenlabelsareassignedto all nodes.Thelabelsprovide a containmentcriterion:

simply by looking at the parametersof an active window andat a node’s label, we are

ableto determinewhetherthatnodebelongsto theactiveselectionor not.

4.1 MinMax Hierar chy Encoding

A MinMax treeis a n-ary treein which nodescorrespondto openintervalsdefinedover

a totally orderedset,calledan initial set. The leaf nodesin sucha treeform a sequence

of non-overlappingintervals.Theinterior nodesareunionsof intervalscorrespondingto

their children.

Theinitial setcanbecontinuous(suchasaninterval of realnumbers)or discrete(such

asa sequenceof integers). In eithercase,the nodesarelabeledaspairsof values: the

extentsof theirinterval. As theintervalsareunionsof child intervals,it followsthatanode
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will belabeledwith theminimumextentof its first interval andthemaximumextentof its

lastinterval, i.e.,anoden having for exampletwo childrenc1 ��� α � β 
 andc2 ��� γ � δ 
 will

belabeledasn ��� α � δ 
 (AppendixB). Hence,thetreesarecalledMinMax. Examplesof

MinMax treesaredepictedfor acontinuousinitial setin Fig. 4.1andfor adiscreteinitial

setin Fig. 4.2.

Figure4.1: A continuousMinMax
tree.

Figure 4.2: A discrete MinMax
tree.

Essentially, the processof labeling the nodesis a recursive one. The intervals are

computedandassignedoff-line at the time the hierarchyis createdandtheir valueand

distribution(aswell asthetreestructureitself) dependon theclusteringmethod.Specif-

ically, the interval sizeand the distribution are influencedby whetherthe hierarchyis

createdbottom-upor top-down. In thebottom-upcase,the leaf intervalshave thesame

size,while in thetop-down case,thenodeintervalson thesamelevel have thesamesize.

Fig.4.1andFig.4.2presentanexampleof atop-down treeandanexampleof abottom-up

treerespectively.

An importantpropertyof aMinMax treeis capturedin Theorem1 andwill befurther

exploitedwhenimplementingthenavigationoperations.
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Theorem 1 Givena MinMax treeT andtwo nodesx andy of T whoseextentvaluesare

(x1, x2) and(y1, y2) respectively, nodex is anancestorof nodey if andonly if x1 � y1 and

y2 � x2.

Thetheoremis basedontheintuition thateachnodein thetreeis includedin its parent

asaninterval (asconstructed).A proofof thetheoremis givenin AppendixB.

4.2 Query ProcessingUsingMinMax

Data is representedas a relationaltable HIER. According to the the previous section,

HIER incorporatesL (the nodelevel), X (the minimum extent) and Y (the maximum

extent)aswell asn aggregatevalues:

HIER (L, X, Y, a1, ... an)

4.2.1 Static TreeHierarchies

In this sectionwe give an implementationof the navigation operationsin the caseof

a static treehierarchy, i.e., no updatesarepresentduring navigation. First, we notice

thatany treecanbe labeledasa MinMax treeif, for example,we startwith anarbitrary

continuousinitial interval as the root andrecursively divide it into equalsub-intervals,

eachsub-interval beingassignedto a child (see,for example,thebinarytreein Fig. 4.1).

ALL Structure-BasedBrushes

Having the hierarchylabeledasa MinMax tree,we can implementan ALL structure-

basedbrush(asintroducedin Section3) asa non-recursive operationbasedon the fol-

lowing property.
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Theorem 2 Giventhebrushvaluesvmin andvmax, an ALL structure-basedbrushgener-

atesthe union of all nodesn ��� n1 � n2 
 whoseextentsare fully containedin the brush

interval � vmin � vmax
 , i.e., � n1 � n2 
�� � vmin � vmax
 .
The selectiondefinedby an ALL structure-basedbrushfor the examplein Fig. 4.1

andthe brushvalues3 and7 is visually depictedin Fig. 4.3. Theselectednodesin the

figureareunderlined.A proofof Theorem2 is givenin AppendixB.

Figure4.3: An ALL structure-basedbrush.

The ALL structure-basedbrushfor a hierarchylabeledasa MinMax tree is now a

simplerangequery, expressedin SQL2as:

select *
from hier
where X >= :v_min
and Y <= :v_max
and L = :level;

ANY Structure-BasedBrushes

An ANY structure-basedbrushas definedin Section3 can also be implementedas a

non-recursiveoperation.Thenon-recursivecomputationmethodis basedonTheorem3.

Theorem 3 Giventhebrushvaluesvmin andvmax, an ANYstructure-basedbrushgener-

atesall the nodesn ��� n1 � n2 
 whoseintersectionwith the brushinterval � vmin � vmax
 is

notempty, i.e., � n1 � n2 
�� � vmin � vmax
��� /0.

The propertystatesthat all nodesthat “touch” the brushinterval are selected.As

shown in Fig. 4.4, this is intuitively true, all the underlinednodes(that are “touched”
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by theshadedbrusharea)arepartof theANY structure-basedbrushaspresentedin the

examplein Section3. A proofof Theorem3 is givenin AppendixB.

Figure4.4: An ANY structure-basedbrush.

The non-recursive queryfor an ANY structure-basedbrushdefinedover a MinMax

treeis thereforeof theform:

select *
from hier
where X < :v_max
and Y > :v_min
and L = :level;

Clearly, theabove techniqueis powerful whenthe treestructureremainsunchanged

during exploration. However, in practicenodesoften needto beaddedor removeddy-

namically. Thenext subsectionaddressesthecaseof adynamichierarchy.

4.2.2 Dynamic TreeHierarchies

In adynamichierarchy, thetree(graph)structurechangesduringexploration.Thetypeof

updatesweconsiderin thissectionareaddingnew nodes(asleaves)anddeletingexisting

nodes.If thenodeto bedeletedis aninnernode,thenwe interpretthis to meanthat the

wholesub-treerootedat thatnodeis removed.

Deletingnodes(sub-trees)in a MinMax tree doesnot requirespecialcomputation

(suchasrearrangingthetreesor re-labelingthenodes)in orderto preserve theproperties

of theMinMax trees.Deletinga subtreerootedat thenoden ��� n1 � n2 
 , for example,is

similar to settinganALL structurebasedbrushwith thebrushvaluesn1 andn2:
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delete from hier
where X >= :v_min
and Y <= :v_max;

Wheninsertinga new noden, however, the out-degreeof the parentnodechanges

andall siblingsof n (andtheir descendents)needto updatetheir intervals. We saythat

the nodeinterval “splits”. In order to increasethe efficiency of this process,we usea

two-stepmethod. First, we delaythe interval splitting by insertingsome“gaps” in the

treenodes(Section4.2.2).Second,were-labeltheaffectednodeswhensplittingby using

a fastnon-recursivemethod(Section4.2.2).

De-CompactingThe Tree

Let usconsiderthecaseof anoden ��� n1 � n2 
 thathasthreechildren.Themethodsofar

dividesthe � n1 � n2 
 interval into threesub-intervals. If a fourth nodeis inserted,n hasto

split. If, insteadof 3, we first haddividedn into more,let’s say5, intervals, the fourth

nodecouldhavebeenaddedwithoutany problem,andthusthesplittingwouldhavebeen

delayed.

Basedon this idea,we chosetheallocationmanagementsuggestedin [10]. We first

label the MinMax treeasanN-ary tree(we saythat we “allocate” N positionsfor each

node). Then,whena new nodek
�

1 is insertedin a noden which hasonly k positions

allocated,n just doublesits interval (it expandsfrom k to 2k positions)(Fig. 4.5). By

usinganamortizedanalysis,this allocationstrategy wasprovento beoptimalwhenthe

maximumnumberof elementsthathasto bestoredis unknown (andcannotbeestimated)

([10]).

Re-LabelingThe Nodes

Whenanoden ��� n1 � n2 
 splits,are-labelingprocesstakesplace.Theextentsof all nodes

in thesub-treerootedatn have to berecomputed.But, thesub-treecanbeselectedbased
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Figure4.5: Theallocationstrategy.

on then1 andn2 values.Moreover, for theselectedtuples,anaffine transformationcan

beutilized to updatetheextentvalues:

update hier
set X = :v_min+(X-:v_min)/2

Y = :v_max+(Y-:v_max)/2
where X >= :v_min
and Y <= :v_max;

4.2.3 Arbitrary Hierarchies

An arbitrary hierarchyis one in which a nodecan have more than one parent,i.e., a

non-treeacyclic di-graph(Fig. 4.6). One exampleapplicationof arbitrary hierarchies

is CAD/CAM part hierarchies. In theseapplicationsour structure-basedbrusheshave

an interestingsemantic. Given a setS of basiccomponents(the leaf nodes),an ALL

structure-basedbrushdefinesthesetof super-componentsthatcanbemanufacturedusing

only partsfrom S.An ANY structure-basedbrushgivesthesuper-componentsthatneed

to useany (at leastone)partfrom S.

Oneextensionof our methodcanbedesignedto handlearbitraryhierarchies,too. In

anarbitraryhierarchy, morethanoneinterval canbeassignedto anode.For example,by

usinga discretebottom-uplabelingfor the treein Fig. 4.6, two intervalsareassignedto

node5, asshown in Fig. 4.7.

This caseis handledby insertingtwo copiesof node5 into theHIER table.Thus,the

first copy will beassignedthefirst interval andlabeled(0, 1) while thesecondcopy will
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Figure4.6: An arbitraryhierarchy.
Figure4.7: Bottom-uplabelingof
anarbitraryhierarchy.

beassignedthesecondinterval andlabeled(2,3). It is importantto noticethatthenumber

of additionaltuplesto beinsertedin theHIER tabledependsontheorderingof thenodes.

For example,if nodes1 and3 changetheirpositionthennode5 will belabeled(1,3)and

thusnoduplicatecopiesneedto beinserted.However, in thispaperwedonotaddressthe

problemof how to organizethehierarchynodesin orderto decreasethenumberof stored

tuples.

If morethat onecopy of the samenodeexists in the hierarchy, the (non-recursive)

implementationqueriesfor thestructure-basedbrusheschange.Thus,becausethesame

nodesmay occur multiple times in the table having different interval values,someof

thempossiblyinsideandsomeof thempossiblyoutsidethebrushinterval, theALL brush

becomes“selectthenodesthatdonot have intervalsoutsidethebrushinterval”:
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select distinct *
from hier
where L = :level
except
select *
from hier
where X > :v_ max
or Y < :v_min;

TheANY structure-basedbrushqueryalsochangesto handleduplicates:

select distinct *
from hier
where X < :v_max
and Y > :v_min
and L = :level;

While still non-recursive,thenew queriesaresignificantlymoreexpensivethanthose

designedfor treehierarchies.Therefore,whenno duplicatecopiesareused,thequeries

designedfor treehierarchiesarepreferred.
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Chapter 5

Memory Management

5.1 Caching

Thequestionsaddressedin thissectionare“how doweorganizethelocalmemory?”and

“when andwhat datado we requestfrom the database?”.The memoryorganizationis

critical in interactive applicationssinceit influencesthe performanceof the subsequent

operations.Whena requestfor new objectsis issuedby the front-end,the difference

betweenthenew activeset(i.e., thesetof objectsjustselected)andthecurrentcontentof

thebuffer hasto bequickly computed.Thus,weneedto beableto know in eachmoment

whatdataresidesin thememorywithout fully traversingthebuffer.

A significantdifferencein the buffer managementis madeby whetherthe buffer is

largeenoughto storeall theobjectsin theactivesetor not. Wereferto thesetwo casesas

databaseintensive (DBI) anddatabasesemi-intensive (DBSI). We areprimarily concern

aboutthe DBSI casewhen the active set of objectsdoesnot occupy the whole space

available,althoughwealsoproposea techniquethatwouldhandletheDBI case.

Whenthereis still spaceavailablein thememoryandthesystemis idle, we canload

additionaldatafrom the slow memory(disk). If thatdata,in full or partially, is needed
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further(beforeit getsreplaced)thenthetime thatwould have beenspentbringingit into

thebuffer is againin thesystem’soverall latency.

For thispurpose,wedesignedandimplementedaspeculative,adaptive,andnon-pure

strategy for prefetching.Theprefetcheris speculative in that it doesn’t useany explicit

information aboutthe next operationsbut tries to guessthem. Adaptive refersto the

ability to changetheprefetchingstrategy dynamically, asmoreinformationis availablein

thesystem.In ourcase,asshown in Chapter6,wedonotfully implementtheadaptability

part. However, more thanonestrategy hasbeenproposed,andaswe will show later,

strategiesperformbetterwhenmoreinformationis available.Theprefetcheris non-pure

in thatit implementsa non-penaltypolicy, in which useractionspreempttheprefetching

decisions.

5.1.1 SemanticCaching

Semanticcachingis a high level type of cachein which queriesarecachedratherthan

pagesor tuples. A characteristicof the objectsthat areplacedin the buffer is that they

arenot referencedby their IDs whenaccessedby thefront-end.In otherwords,thefront-

enddoesn’t askfor objectsusingrequestssuchas ID � x or ID � y; instead,it passes

a queryqrequested to theback-end:“are theobjectswith thesecharacteristics(within this

brush)available?”. Thus,althoughthereareobjectattributes(theextents)thatuniquely

identify eachentry, aclassicallookupfor acachekey is notpossiblewhentestingwhether

an object is in the buffer or not. Instead,a setof queriesqi
content is associatedwith the

buffer, similar to semanticcaching [12]. Thequeryqrequested is thencomparedwith each

qi
content to determinewhatobjectsfrom qrequested arenot in qi

content , andthoseobjectsare

retrievednext. This differenceresultsin new queries(qi� ) thatcorrespondto thoseto be

loadednext objects.

Theproblemof determinetheqi� queriesisusuallyknownasqueryfolding[31]. It has
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beenshown that theproblemis reducibleto the querycontainmentproblem[4]. Query

containmentis undecidablein the generalcasebut decidablein the caseof conjunctive

queries[6]. As shown in Chapter4 the queriesin our caseareall rangequeries,and

thereforeconjunctive.

Specialattentionhasto bepaidin asemanticcachingenvironmentto notallow dupli-

catesin thebuffer. Thus,whenmorethanoneqi
content queryis storedin thebuffer, they are

forcedto bedisjoint. This meansthata new qrequested querywill modify thesemanticof

theexisting qi
content queriessuchthatthey do not referto any commonobjectsany more.

As wewill show later, wepartitionourobjectsbasedonthelevel value.Thispartitioning

makesthetaskof testingfor containmentreduceto checkingtheextentvaluesonly.

In orderto maketheobjectadditionsandsubtractionsefficient,westoretheobjectsin

thebufferorderedby theirextentvalue.Theordercanbeensuredby thequerymechanism

itself or canbeaddedasanew processingstep.In ourcasewecanrequestthattheobjects

in all queries(as definedin Section4) be retrieved in orderby addingan ORDERED

BY clauseto or MinMax-derivedSQL queries.This SQL clausewill not requireextra

processingtime if westoretheobjectsin thedatabaseorderedby theirextentvalues(left,

for example). It would requireonly minimal extra processingif we storethe objects

unorderedbut haveanindex built.

A problemthatall cachestrategiesneedto solve is thecachereplacementpolicy, i.e.,

to determinewhat objectshave to be removed from the cacheto make room for new

objects.Thefirst stepin implementinga replacementpolicy is to provide anestimation

strategyabletomeasurethelikelihoodthatanobjectwill beneededin thenearfuture.The

estimationstrategy, alsocalleda predictor, is usuallybasedon heuristics,probabilistic

models,or somerecordedstatistics. In our casewe usea probability function. The

probabilityfunctionalsodefinesapartitionon thesetof objects.

Theobjectsin thememoryarethuspartitionedbasedonboththelevel andtheproba-
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bility value.An efficientwayto implementthisis to usetwo hash(bucket)tablesandhash

(distribute) theobjectsinto theappropriatebuckets. Theobjectsin thesamebucket are

connectedby a doublelinkedlist. We will explain the functionalityof this organization

in Section5.1.3.

5.1.2 Probabilistic Model

Let’s considera navigation grid ∆ ��� 1 ��� I 
 ��� 1 ��� K 
 as introducedin Chapter3. Each

point from thesupportset,andthuseachregion � ei � Lk 
 from thenavigationgrid, hasan

associatedprobability � � m� i � k
 thatmeasuresthelikelihoodthatthepointwill belongto

theactive setafteruser’s next m operations.Also, a probability �"!#� m� i � k 
 will measure

the likelihoodthat the point will belongto the active setat any time during the next m

operations.Obviously, we have: �"!#� m� i � k 
 �%$ m
t & 0� � t � i � k
 , where $ is a probability

sum,i.e., p1 $ p2 � p1
�

p2
� p1p2 (from theprincipleof inclusionandexclusion).

The lookaheadparameter(LA) is the numberof operationsconsideredin advance

whencomputingthe probabilities� and �'! , i.e., the parameterm from the definitions

above.

We saythat the monotonicityproperty(MP) holdson level k for a function (distri-

bution) f if thereexists an extent valueE � E � k 
 suchthat f �)( � k 
 is monotonicallyin-

creasingfor valueslessthanE andmonotonicallydecreasingfor valuesgreaterthanE,

i.e, for each j1 * j2 � E we have f � j1 � k 
 � f � j2 � k 
 andfor each j1 + j2 , E we have

f � j1 � k 
 � f � j2 � k 
 .
TheLA parameterdictateshow many operationsthepredictorwill predict.In general,

thebiggerLA is themorespeculative thesystembecomesandthusthemoreerrorsare

involved. We usedin our implementationan LA equalto 1. If the predictionmodel is

very accurate(generateshigh confidentpredictions)anLA equalto 2 mayeventuallybe

used.We don’t anticipatethoughthatavaluegreaterthan2 will everbeused.
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Wesaythatprobabilitiesassignedto theobjectsareoperation-drivenif they arebased

on theprobabilitiesthatthepredictorassignsto thepossiblenext operations.In our case

wehavesix possibleoperations(restrictingor enlargingany of thethreeactivewindow’s

parameters).Let usassume,for example,that we have anactive window ω �-� i1 � i2 � k

andfrom this configuration,going left with i1 is 50%probable,goingup with k is 25%

probable,andso on. Then,objectsin � i1 � i2 � k 
 will have a probability of 1, objectsin

� i1 � 1 � i1 � k 
 will have a probabilityof � 50, objectsin � i1 � i2 � k � 1
 a probabilityof � 25,

andsoon.

Theorem 4 Let∆ �.� 1 ��� I 
 � � 1 ��� K 
 bea navigationgrid. For anyoperation-drivenprob-

ability modelandany lookaheadLA = 0, 1 or 2, theMP holdson each level (1 �	� K) for

both � and �"! .

PROOF: (1) We consider� first. Let thesix operations(k / , k 0 , i1 1 , i1 2 , i2 1 ,

i2 2 ) benumbered1 to 6 (in order).

� LA=0. For any givenselectiontherearetwo regionsof equalprobability(Fig. 5.1).

MP holdstrivially in thiscase.

- Region 0: ��� 0 (unselectedpoints)

- Region 1: ��� 1 (selectedpoints)

Figure5.1: LA=0: two regionsof
equalprobability, 0 and1.

Figure5.2: LA=1: five regions of
equalprobability, 0, 1, ..., 4.
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� LA=1. Thesix operationsthatpossiblychangeagivenselectiondefinefiveregions

of equalprobability(Fig 5.2). Let p1 �3�����	� p6 betheprobabilitiesassociatedwith the

operations.Then,� canbecomputedfor eachregion.

- Region 0: ��� 0

- Region 1: ��� p1

- Region 2: ��� p3

- Region 3: ��� p3
�

p4
�

p5

- Region 4: ��� p3
�

p4
�

p5
�

p6

On levels,we have threepossibletypesof configurations(distributions);MP holds

onall of them.

- Level 1: 0 � 0 ���	��� 0
- Level 2: 0 � 0 � p1 ���	��� p1 � 0 � 0
- Level 3: 0 � p3 � p3

�
p4
�

p5 � p3
�

p4
�

p5
�

p6 ���	��� p3
�

p4
�

p5
�

p6 � p3
�

p4
�

p5 � p5 � 0
� LA=2. Let a1 �����	��� a6 be the probabilitiesassociatedwith the first useroperation

andb1 �����	��� b6 the probabilitiesassociatedwith the second.Similarly, thereare10

regionsof equalprobability(Fig. 5.3). For all theseregions � is computedbelow.

It is againeasyto seethattheMP holdsin thiscasealso.

- Region 0: ��� 0

- Region 1: ��� a1b1

- Region 2: ��� a1b3
�

a3b1

- Region 3: ��� a1 � b3
�

b5
�

b6 
 � � a3
�

a5
�

a6 
 b1

- Region 4: ��� a1 � b3
�

b4
�

b5
�

b6 
 � � a3
�

a4
�

a5
�

a6 
 b1

- Region 5: ��� a3b3

- Region 6: ��� a3 � b5
�

b6 
 � � a5
�

a6 
 b3
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- Region 7: ��� a1b2
�

a2b1
�

a4b3
� � a3

�
a5
�

a6 
 � b3
�

b4
�

b5
�

b6 

- Region8: �4� a1b2

�
a2b1

�
a4 � b3

�
b5
�

b6 
 � � a3
�

a5
�

a6 
 � b3
�

b4
�

b5
�

b6 

- Region 9: ��� a1b2

�
a2b1

� � a3
�

a4
�

a5
�

a6 
 � b3
�

b4
�

b5
�

b6 


Figure 5.3: LA=2: ten regions of
equalprobability, 0, 1, ..., 9.

(2) Let usconsider�'! now. For agivenselection,thereexistsat leastoneextentvalue

E (themedianextentof theactive set)thatdoesn’t dependon thelevel or the lookahead

value( � 2) andthatmakestheMP holdfor � onall levels.Thereforefor eachk, �5�6( � k 
 is
monotoniconboth � � ∞ � E 
 and � E � � ∞ 
 for any lookaheadvalue( � 2). Since�"!#�6( � k 
 is a

probabilitysum( $ ) of monotonicallyincreasingfunctionson � � ∞ � E 
 andmonotonically

decreasingfunctionson � E � � ∞ 
 , it necessarily(p1 $ p2 , max� p1 � p2 
 ) hasthe same

monotonicitypropertyandthereforetheMP holdson level k (q.e.d.)

In whatfollows,a probabilisticmodelwith a lookaheadvalueof 0, 1 or 2 is assumed

(sothatMP holdsonall levelsfor both � and�'! ).

5.1.3 CacheReplacement

As shown in Section5.1.1, the buffer is first organizedasa bucket table basedon the

probability values. The objectsin the buffer arehashedby rounding,basedon a fixed

numberof values(agivenprecision).Thebucketswill thushavevaluesranginguniformly

from 0 (anopenentry)to 1 (anobjectbeingcurrentlyin theactiveset).Theobjectsin the
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samebucket arelinkedby a doublelinked list. Independently, thebuffer is alsohashed

basedon thelevel value.Again,wehaveabucket tablewith asmany bucketsasthelevel

values.Theobjectsin thesamebucketarelinkedby a doublelinkedlist. In addition,the

headerkeepsa pointerto the last elementin the list. An invariantof the modelis that,

oneachlevel, theobjectsareordered(andlinkedin thelinkedlist) by theirextentvalues.

This is assumedto bealwayspossible,asdiscussedin Chapter3.

In what follows we will focuson theoperationsthat this structureneedsto support.

Themaintaskof a cachereplacementpolicy is to find in thebuffer theentriesthathave

thelowestprobabilityof beingusedandto removethemwhenmoreroomis needed.This

operationneedsto beefficient,sinceit occursfrequently.

Whennew objectsarebroughtin they have to complywith theinternalorganization.

Updatingthehashtablesis thenrequired.

When a requestis issuedby the front-end,a containmenttest is performed. The

systemfirst checkswhethertherequesteddataresideentirelyin memoryor not. In caseit

doesn’t, acompensationqueryhasto besendto the loader, anagentthatfetchesthedata

from thepersistentstorage.

The front-endmay alsosend“refresh” querieswhenall objectswithin the current

selectionareneeded.

An importantrequirementof thesystemthatcomesfrom its interactive natureis that

theuserneedsto beableto preempttheotheragents’actions.Thus,whenthecurrentse-

lectionchanges,theloadingprocessis interruptedandwill only restartafterrecomputing

thenew probabilityvaluesfor theobjects.

In conclusion,thebuffer accessoperationscanbesummarizedas:

A: Remove old objects. Gettheobjectswith thelowestprobabilitythatresidein the

buffer (and further remove themoneat a time whenmore room in the buffer is

needed).
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B: Bring new objects. Placean object from the databasecursor into the memory

buffer (andrehashthebuffer entry).

C: Display active set. Getthoseobjectsfrom thebuffer that form theactive set(and

sendthemto thegraphicalinterfaceto have themdisplayed).

D: Recomputeprobabilities. Recomputetheprobabilitiesof theobjectsin thebuffer

oncetheactivewindow getschanged(to ensureaccuratepredictionsin thefuture).

E: Testcontainment. Testwhetherthenew active setfully residesin thebuffer and

getsthemissingobjects(if any) from thesupportset(whenanew requestis issued).

In theremaindersectionwe will show how theseoperationsareimplementedin our

buffer strategy.

A speedup in the buffer processingcanbe achieved by usinga simplified version

of the probability-basedbucket table. Thus, insteadof storingall objectsof the same

probability in onebucket, we only storetheoneswhich areextremeelements(first and

last) in the level basedlists. However, for a betterunderstandingof the problemI will

describebothcases.

As anexamplelet usconsiderthenavigationgrid displayedin Fig. 5.4. Wehavehere

twelveregionsof equalprobability, theactivewindow coveringthemiddletwo ones.For

simplicityweconsiderthatonlyoneobjectresidesin eachregion. Wealsonumbertheob-

jectsfrom 1 to 12. Thepicturepresentsonly threelevels(1, 2, and3). Also, probabilities

areassignedto eachregion andimplicitly to eachobject,basedon a “operation-driven”

probabilitymodel.Thus,objects6 and7 haveaprobabilityof 1, thereis 40%chancethat

thewindow expandsto theleft, andsoon. In thisexampleaprobabilityprecisionof 0.1is

assumed,andconsequently10 probability-basedbucketsareused.Theprobabilitytable

is reduced;onecanseeherefor instancethat only 5 and8 arehashedout of the entire

level 2.
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Figure5.4: Buffer contentfor a threelevel, twelve objectexamplein caseof a reduced
probabilitytable.

An importantassumptionmadeat this point is that the querymechanismis ableto

provide theobjectsfrom theactive setin boththeincreasingandthedecreasingorderof

theirextentvalue.If not,asortingstagehasto follow all callsto thequerymechanism.

Themainideabehindthebuffer accessstrategy is to keepthesetsof objectson each

level alwaysconvex in thebuffer (with respectto therelationof totalorderdefinedamong

theobjectsof thesamelevel). This is possibledueto thefactthat the lowestprobability

objectswhich needto be replaced(andthusremoved from that level list) arealwaysat

theextremeof thelist.

In whatfollows, theimplementationof thebuffer accessoperationsis described.For

a betterunderstanding,a full versionof theprobability tableis assumedfirst. Thecom-

plexity of theseoperationsis presentedin AppendixC.

OperationA – remove old objects is equivalentto retrieving elementsfrom thenon-

emptyprobabilitybucketsin increasingorderof their bucket value. Theoperationthus

requiresascanof theprobabilitytableinterleavedwith traversalsof thebucket lists.

OperationB – bring new objects is equivalentto hashingan entry with respectto

bothits level andits probabilityvalue.Hashinganentrywith respectto its level valueis

donein exactlyoneor two operations.Sincethesetof entriesoneachlevel is convex and

containsthe higherprobabilityobjectsof the level, thenthe newly addedobject,which

hasthehighestprobabilityamongtheobjectsnot yet in thebuffer, will necessarilybeat
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theextreme.Theentriesoneachlevelareorderedbasedontheextentvalue.Thereforethe

new objectis eitherthenew first elementon that level’s list if it is lessthantheprevious

first object, or the new last elementif (necessarily)it is greaterthan the previous last

element.Hashingwith respectto the probabilityunfortunatelytakesm7 2 operationsin

theaveragecase,wherem is the lengthof thecurrentprobability list. We needto make

surethantheobjectis correctlyinserted(with respectto its extentvalue)in thesequence

of elementshaving thesamelevel in its probabilitybucket,sothatremoving theelements

oneby onefrom the probability list leavesall the affectedlevel lists still convex. The

efficiency will beimprovedthoughby usinga reducedprobabilitylist.

OperationC – display active set is simply readall entriesfrom the probability 1

bucket (last bucket). The numberof buffer accessesis the numberof elementsin the

bucket.

OperationD – recomputeprobabilities requiresat leastonecompletescanof the

data. The objectspreserve their level value so no changeof the level lists is needed.

However, theprobabilitytableneedsto berebuilt, andthis takesn
�

n2 7 2 operations.n is

for deletingthe lists (this canbedonetogetherwith theprobability recomputationstep)

andn2 7 2 for creatingthenew ones(it is basicallyonelist insertionfor eachobject).

OperationE – test containment is composedof two steps. The inclusion test is

ensuredby the convexity property. An active set correspondingto an active window

� e1 � e2 � k 
 is includedin the buffer, if and only if the list correspondingto level Lk is

ok1 �����	��� okn and the left extent (geometricalextremity) of ok1, lef t � ok1 
 is lessthan or

equalto e1 andthe right extent of okn, right � okn 
 is greaterthanor equalto e2. If not

included,thedifferencebetweentheintervals � e1 � e2 
 and � lef t � ok1 
 � right � okn 
�
 givesus

thenext request(s)to beaddressedto thequerymechanism.

Wenow considerthecaseof a reduced(simplified)probabilitytable.Thecomplexity

of theseoperationsis alsopresentedin AppendixC.
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OperationA (revisited). The samescanas in the caseof a full probability table is

neededfor retrieving thefirst non-emptybucket. However, aftergettingthefirst element

in the probability list, the level list is followed this time (as long as the entriesthere

have probabilitiesequalto the currentbucket’s probability p). The first elementwith

probabilitygreaterthanp is insertedin aprobabilitylist (sinceit will remaintheextreme

element)andtheprocesscontinueswith thenext elementin the p probabilitylist.

OperationB (revisited). Rehashingbasedon the level valuetakesthe samenumber

of operationsasthe caseof a reducedprobability table. Rehashingwith respectto the

probability however takesexactly two operationsin this case. The new objectwill be

insertedasthefirst elementin the probability list correspondingto its probabilityvalue

and the secondelement(or the secondlast) in the level list (the previous extreme)is

removedfrom its probabilitylist.

OperationC (revisited).OperationC doesnotchange.

OperationD (revisited). Clearly, onecompletescanis necessaryfor recomputingthe

probabilities(and this scancanalsobe usedto deletethe probability lists). Sincethe

probabilitylistsonly containthefirst andthelastelementin thelevel lists,rebuilding the

probabilitytableonly takes2moperations,wherem is thelengthof thelevel bucket table

L.

OperationE (revisited).OperationE doesnotchange.

5.1.4 DatabaseIntensiveCase

In thiscaseonly onelevel is usedata time. Thelevel tablebecomesacircularlist, while

theprobabilitytableis notatall usedsinceall entrieshavenow thesameprobability. The

only problemthatneedsto beaddressedin this context is thesynchronizationbetweena

“producer”process(theloaderthatfetchesthedata)anda“consumer”process(thefront-

endthatdisplaysthedata).Thesynchronizationbecomesessentialin this casesincethe
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two taskscannotbecompletely“serialized”any more.

In theDBI case,thenumberof objectsin oneactivesetata timemaybegreaterthan

thenumbern of entriesavailablein thebuffer. Thus,while theproducerprocessadvances

in the circular list, it may attemptto overwritesomeof the old objects(Fig. 5.5). This

is acceptableif the objectsto be overwrittenhave alreadybeenreadby the front-end.

However, to assurethis functionalitythemodelmustchangeundertheDBI assumption.

Intuitively, if for instancethedatain thebuffer needsto bereada secondtime (asis the

casein a refreshprocess)thentheconsumerchangesthetraversaldirection.Theproducer

is positionedat the first non-overwrittenentry and also changesits traversaldirection

(Fig. 5.6). In this two-waytraversal procedurewe keeptwo pointersi0 andi1 positioned

at thefirst andlastelement,respectively, in thecurrentactiveset(if thoseelementsexist

in the buffer). Thesepointersdo not however take part in the synchronizationprocess.

Thesynchronizationsimplyrequiresthattheconsumerandtheproducerdonotcrossone

another. Sincethetraversaldirectionis irrelevant,we implementthis requirementby not

allowing the two pointersto take on the samevalue,no matterwhich onefollows the

other.

Figure5.5: Finishingreading.Cur-
rent objectsare paintedsolid; the
overwrittenobjectsstriped.Dashed
linesareundefinedpointers.

Figure5.6: Startingre-reading.The
traversaldirectionchangesfor both
consumerandproducer. Buffer in
aninconsistentstate.

A consistentstateis onein whichthebuffer containsasequenceof objectsthateither

startswith the first elementof the active set(referredto a α-state)or endswith the last
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one(referedto asa β-state),i.e., i0 and i1 arenot both undefined(NULL) at the same

time. An α-stateusuallyoccursafterabackwardtraversal,while anβ-stateoccursaftera

forwardtraversal.Therearesix typesof accessoperationsin theDBI case.Wewill show

thatall theseoperationsleave thebuffer in aconsistentstate.

Refreshing(re-readingthebuffer). (a) A forwardtraversalstarts.ic is setto i0, ip to

theendof thesequence(alwaysonestepbeforei0). i1 is undefinedand i0 is alsosetto

NULL. The loadingprocesscontinueswith theproducerbehindtheconsumer, until the

endof theactivesetis reachedanda terminationcharacteris placed.i1 is thenredefined.

Thewholeprocessendswhenthereaderreachestheterminationcharacter. Thebuffer is

left in a β-state.(b) A backwardtraversalsymmetricto (1a)begins. Changingthelevel.

Changingthelevelwill flushthecurrentbuffernomatterwhatthestateisandloadthenew

activesetin a forwarddirection.A β-stateis reached.Expandingthebrushfrom left. (a)

Theprocesscorrespondsto a continuationof theloadingprocessasif it weretemporary

interrupted. The terminationcharacteris removed andthe producercontinuesto place

objectsin thebuffer. Thereaderstartsreadingelementsfrom its previousposition. The

processendsagainin an α-state. A re-readoperationof type (1a) usuallyfollows. (b)

Sameas (1b). Expandingthe brushfrom right. (a) Sameas (1a). Similar with (3a)

(symmetric).Restrictingthebrushfrom left. (a) Theelementsthatno longerbelongto

theactivesetareremovedfrom thebuffer startingfrom i0. Whenthefirst elementof the

new active setis reached,an (1a) re-readprocessbegins. (b) Sameas(1b). Restricting

thebrushfrom right. (a)Sameas(1a).Similarwith (5a)(symmetric).

In conclusion,exceptfor thetwo cases(3a)and(4b),whenare-readis usuallyneeded

afterasequenceof writings,thereadingandwriting timetypically overlap(theoperations

canbecompletelyparallelized).
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5.2 Prefetching

5.2.1 GeneralCharacteristics

Computermemoriesareusuallyorganizedhierarchically. A two-level memoryconsists

of a relatively small but fastcache(suchasinternalmemory)anda relatively large but

slow memory(suchasdisk storage).The datarequestedby an applicationmustbe in

cachebeforecomputationcanproceed. If requesteddatais not in the cache,then the

applicationhasto wait while the datais fetchedfrom the slow memoryto cache. The

methodof fetchingdatainto thecacheonly whenaspecificrequesthasoccuredis refered

to asdemandfetching. In many applications,usersspenda significantamountof time

interpretingdataandtheprocessorandI/O systemaretypically idle duringthatperiod.If

thecomputercanpredictwhatdatatheuserwill requestnext, it canstartfetchingthatdata

into cache(if not alreadythere)before theuserasksfor it. Thus,whentheuserrequests

thedata,it is availablein cache,andtheuserperceivesa fasterresponsetime.

In many interactive databaseapplications,thereis oftensufficient time betweenuser

requests,andthereforethe amountof datathatcanbeprefetchedis limited only by the

cachesize. This situationis referedto aspure prefetching andconstitutesan important

theoreticalmodel in analyzingthe benefitof prefetching. In practicehowever prefetch

requestsareofteninterruptedby userrequests,resultingin lessdatabeingprefetchedata

time. In suchcases,callednon-pureprefetching, issuesof cachereplacementalsoneedto

beconsidered.Basically, pureprefetcherscanbeconvertedinto practicalnon-pureones

by combiningthemwith cachereplacementstrategies.

An informed(off-line) algorithmcanuseknowledgeaboutfutureactivity. If thepro-

gramgeneratingrequestsis known a priori, prefetchingdecisionscanbe madeoff-line

(asit is donein compiler-directedprefetching,for instance).An algorithmis speculative

(on-line) if it makesits decisionsbasedonly on thehistory. Without a priori knowledge
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or statisticsof the userrequestpatterns,as is the caseof mostof the interactive (such

ashypertext [15]) applications,prefetchingmustbespeculative (on-line). An important

requirementof speculativeprefetchingis thatthetimespentonmakingprefetchdecisions

mustbeminimal.

An algorithm is adaptiveif it hasthe ability to changeits prefetchingpolicy due

to somerun-time variations. As the accessbehaviour of a programmay vary during

its execution,changingwhento issueprefetchingrequestsor the amountof datato be

prefetchedmayinfluencetheperformanceof prefetching.

Wedesignedandimplementedaspeculative,adaptive,non-purestrategy for prefetch-

ing. Wewill describeourapproachin theremainingpartof thischapter.

5.2.2 Strategies

Our approachis to generatea hierarchyof prefetchingstrategies, basedon different

prefetchinghints. The assumptionis that the predictorcan discover the hints gradu-

ally. Theapproachimpliesanevolutionarybehaviour: at thebegining,lessinformationis

availableto thepredictorandthereforethenumberof prefetchinghintsthatit candiscover

(with a reasonableconfidence)is alsolow. In time,moreinformation(e.g.,statistics)be-

comesavailable,andthereforemorepatterns(andimplicitly hints)canbediscovered.In

all casestheprefetcherbasesits strategy on themaximumamountof informationit can

find.

In our case,we assumethat the predictorcandiscover two typesof navigationpat-

terns.Specifically, we assumethat thepredictorcandetectif theusertendsto usemore

frequentlythecurrentnavigationdirectioninsteadof changingit andalsoit candetectif

thedatabeinganalyzedhassomeregionsof interest(socalledhotregions) towardswhich

the userwill very likely go, sooneror later. Basedon theseassumptions,we designed

threeprefetchingstrategies:random(S1),direction(S2),andfocus(S3). In experiments,
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wealsoconsideredthecaseof notprefetchingatall, casereferredto asS0.

StrategyS1(random)isbasedonrandomlychoosingthedirectionin whichtoprefetch

next. This strategy is appropriatewhenthe predictoreithercannotextract prefetching

hintsor provideshintswith a low confidencemeasure.

Strategy S2 (direction)implies that the directionof thenext operationcanbe deter-

mined. Basedon patternsextractedfrom the user’s pastexplorationsaswell ason the

parametersof the currentnavigation, the predictorcould assigna higherprobability to

a particulardirectionversusanother. Given the direction,this prefetchingstrategy (S2)

says“prefetchasmuchdataasyou canin this givendirection”. Thepresuppositionthat

thenext directioncanbedeterminedis not arbitrary. It is very intuitive for instancethat

theuserwill continueto usethesamemanipulationtool for a while beforechangingto

anotherone(eachmanipulationtool preciselydeterminesonedirection).

Strategy S3 (focus)usesinformationaboutthe mostprobablenext directionaswell

ashints aboutregionsof high interestin the dataspace.The strategy will continueto

prefetchdata in the given direction. However, when a hot region is encounteredthe

prefetcherstopsprefetchingin thatdirection. Thereasonis that it is very likely that the

userwill stopthereor at leastspendmoretime in thatregion.

In Chapter7 wecomparethesethreestrategies.Theresultsconfirmourgeneralasser-

tion thatthemoreinformationis available,themoreefficientprefetchingis. Thus,wecan

concludethatchangingtheprefetchingstrategy assoonasmorepatternsarediscovered

will improvetheoverallperformance.
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Chapter 6

Implementation

6.1 SystemAr chitecture

The work describedso far hasbeenimplementedasan extensionto XmdvTool 4.0. A

high-level diagramof themodulesaddedandtherelationshipbetweenthesemodulesand

the original systemis presentedin Figure6.1. XmdvTool 4.0 wascodedin C++ with

TCL/TK andOpenGLprimitives. Thenew addedmodulesarewritten in C with ProC*

(embeddedSQL)primitives.

Interaction with theoriginal system.Theinteractionwith theoriginalsystem(shown

asGUI in Figure6.1)hasbeenreducedasmuchaspossible.We have implementedwhat

wecalledaprepare/iterateparadigm.Thus,whentheuserissuesanew request,thefront-

endonlyhasto informtheback-endabouttherequestbycallingprepare, andthenretrieve

thedesiredobjectsoneatat timeby repeatedlycalling iterate.

The query rewriter. Theuserrequestarrivesfirst to therewriter. This modulecon-

sultsthe informationin thebuffer, anddecideswhetherthe requestcanbe immediately

servedor needsmoreinformationfrom thedatabase.It thenrewrites theoriginal query

asasetof loadingrequests.
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The query translator. Thetranslatortakesa loadingrequestasinput and,basedon

the schemaof the currenttable, translatesit into SQL. The translatedqueriesarethen

passedto theloadermodule.

The loader. The loaderis the only modulethatdirectly interactswith thedatabase.

Its dutiesareto allocateanddeallocatetheOracledescriptors, copy andformatdatafrom

theOraclestructuresinto theapplicationbuffer, andsoon. To determinewhichelements

needto beremovedfrom cacheto make roomfor thenew entries,the loadercooperates

with theestimator.

The estimator. Theestimatoris themodulethatpredictsthefutureactionsof theuser

andassignsprobabilitiesto thebuffer entriesbasedon thosepredictions.

The prefetcher. Runningasaseparateprocess,theprefetcheris themodulethatgen-

eratesoff-line loadingrequests(calledprefetchingrequests).Theprefetcheris startedand

stoppedany timeanew userrequestarrives.Thesynchronizationbetweenit andthepar-

entprocessis describedin thenext section.Theprefetchercooperateswith theestimator

thatprovidesits hintsandwith therewriter thatprocessestheprefetchingrequestsfurther.

6.2 Thr eadsand Synchronization

As shown in Figure6.2, thereare two threadsin the system:the main thread andthe

prefetcher. In addition,TK comeswith acomplicatedsystemof priority queuesto ensure

somefairnessandoptimizationin thesystem.Moreprecisely, TK hasidle-jobqueuesthat

keeptrackof all processesthatneedto beperformedwhenthesystemis idle. Refreshing

its widgetsis suchaprocess,for instance.Thesequeuesintroduceahierarchyof priorities

andensurefor examplethat the immediateuserrequestspreemptotherprocesses(most

of the idle-jobsarehowever not interruptible). Moreover, TK is ableto cancelsomeof

therequestsin thequeuesif it candeterminethatthoserequestsarenotneededany more.
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Figure6.1: Systemarchitecture.The ovals depict the flat-file data. Dashed-linerect-
anglesshow theseparationbetweentheon-lineandtheoff-line computation.Solid-line
rectanglesrepresentthe agents.Squaresrepresentmeta-knowledge. Solid arrows show
thecontrolflow.

Thepriority queuesin TK areimportantherebecausethey explainhow theGUI functions

asaseparateprocess.However, they alsoaffect theperformance,asshown in Chapter7.

As saidbefore,theprefetcherthreadiscreatedby theback-endwhenthesystemis idle

andgetscancelledassoonasanexplicit requestis received.A synchronizationdiagramis

presentedin Figure6.2.Thesynchronizationwasimplementedusingthepthreadlibrary.

6.3 Interacting with the Database

In order to load datafrom the databaseinto the main memorywe useddynamicSQL

statements,specifically, dynamicSQL of “type 4”. Unlike the other typesthat Oracle

provides, type 4 canbuild dynamicSQL statementsthat containan unknown number

of select-listitemsor placeholdersfor bind variablesandcantake explicit control over

data-typeconversionbetweenOracleandC types.To processthis kind of dynamicSQL

statements,theprogramhadto explicitly declareselectandbind descriptors(SQLDAs).
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Figure 6.2: Systemsynchronization. The dashed-linerectanglerepresentsthe main
thread.Therectanglesontheleft handsideof themainthreadform theprefetcherthread.
TheGUI actsasa separateprocess,dueto thepriority queuesof TK.

A selectdescriptorholds descriptionsof select-listitems, and the addressesof output

buffers wherethe namesand valuesof select-listitems are stored. A bind descriptor

holdsdescriptionsof bind variablesandindicatorvariables,andthe addressesof input

bufferswherethenamesandvaluesof bindvariablesandindicatorvariablesarestored.

This solutionis requiredin our systemdueto the fact that theusercandynamically

changethe datasetto be usedduring the exploration. Thus,the tablewhich is queried

(andimplicitly thenameandnumberof theattributes,etc.)changesaswell.
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Chapter 7

Experimental Results

7.1 Experimental Inputs

Performancemeasurementsin systemswherehumaninteractionis neededrequiretypi-

cally somewayof simulatingtheusers.Themainreasonsfor thatis thatexactly thesame

sequenceof operationshasto beperformedmultiple times. Userinput (alsoreferredto

asuserscript or input script from now onwards)is a sequencesof useroperationsand

the time specificationof whenthe operationsoccur. In XmdvTool, the userinput is a

sequenceof navigation primitivesand delays. An exampleof userscript is presented

below:

1000 3 0.050000
1200 1 0.100000
1400 1 0.150000
1600 2 0.200000

Thefirst columncontainsthetime specification,thesecondthetypeof theoperationand

thethird theparametersthattheoperationrequires.

Themaingoalfor ourinputsimulationis to provide“dataspecificity”and“userspeci-

ficity” to thescriptsthatwegenerate.In otherwordsthescriptsneedto show how particu-

54



laritiesin thedatamayaffectthenavigationandalsohow particularitiesin userbehaviour

(personalpreferences)mayinfluencethesame.Theseparticularitiesprovidethehintsthat

weexploit whenprefetching.

We simulatethe specificity in databy using “hot regions” (Fig. 7.1). Hot regions

are placesin the navigation spacefrom wheresomeinterestingpropertiesin the data

arevisible andwheretheuserwill consequentlylikely examine.Our assumptionis that

sooneror latertheuserwill reachthosehot regionsandthusmoving towardthemis more

probable.Thesizeandthenumberof thesehot regionsaswell astheprobabilityof using

themarefactorsthatcanvaryaswewill show in Section7.2.

Figure7.1: Hot regions:selectionsin thenavigationspacethatprovideusefulinsightinto
thedata.

We alsosimulatethe specificity in the userbehaviour. First, we usea probability

factor that givesthe likelihoodthat the userkeepsmoving in the samedirection. This

seemsprettynaturalgiventhenavigationenvironment. Eachnavigationtool (widget in

the GUI) correspondsto a direction. The userwill usethe samenavigation tool for a

while andthenchangeto anotherone,andsoon. Second,we distinguishvariousclasses

of delaysthatmayoccur. We differentiatebetweenshortdelaysthatoccurbetweentwo

consecutive eventswhenusing the sametool, moderatedelayswhen, for instance,the

userchangesthe navigation tool andlargedelayswhenthe useranalyzesthe data. The

probabilityvalueaswell asthedelayvaluescanbevariedaswewill show in Section7.2.
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Giventhefactorsjustdescribed,theusermovespseudo-randomlyin ourexperiments,

i.e., someof the future possibleactionsare more probablethan others,but choosing

amongtheseactionsis still performednon-deterministically. The input scriptsmay af-

fect thesystem’s performance.Therefore,theresultswe presentfurtherareobtainedas

theaverageof multiple runsin which thescriptsaregeneratedwith thesameparameters.

Theapproachusedto modelusernavigationmaynot be theonly possibleone. Ob-

viously, we feel that our methodgeneratesscriptsthat arecloseto real ones;however,

furtherresearchis neededto validatethisassumption.

7.2 Settings

All experimentswereconductedonanAlphav4.0878DECstation,runningOracle8.1.5.

We usedC asthehostlanguageandembeddedSQL statementsfor accessingthedatain

thedatabase.

Throughoutall phasesof testingwe useddifferent typesof datasets,both real and

syntheticones,with alwaysconsistentresults.However, all experimentswereportin this

thesisarebasedonsyntheticdataonly. Wemadethischoiceto avoid theproblemscaused

by non-homogeneousstructuresin interpretingtheresult,sincetheperformancedepends

to somedegreeon theshapeof thetree,i.e, thedistributionof thenodesin theclustering

tree.

Thusweusedcompletetreeswith aconstantfan-out(2). Theelevendatasetsweused

have between128(sameasIRIS benchmark)and10 million datapoints,between8 and

20dimensions,andbetween1,024(210) and65,536216 objectsasthemaximumnumber

of pointsdisplayedat a time. Thedatasetsnamed:D1, D2, D3, D128,D1k, D2k, D4k,

D1k10k,D1k100k,D1k1M, D1k10M,hadrespectively 4096,65536,131072,128,1024,

2048,4096,10000,100000,1000000,and10000000objects,andamaximumnumberof
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displayedobjectsof 2048,32768,65536,128,1024,2048,4096,1024,1024,1024,and

1024respectively.

Wealsovariedtheuserinput (numberof focusregions,delayfactor, “keepdirection”

factor)andsomesystemparameters(prefetchingstrategy, hints to queryoptimizer, and

sizeof thedata). In all experimentswe usednavigationscriptscontainingbetween300

and3000useroperations.

Thevalueswe measuredduringtheexperimentswere:quality, query-basedhit ratio,

objects-basedhit ratio,andlatency. Thequality is thenumberof objectsbeingdisplayed

during a navigationsession.As explainedin Chapter6, the displayrequestsin TK are

queuedandservedwhenthesystemis idle. However, if two displayrequestsreferto the

samewidget, theolderoneis cancelled.This behaviour may resultin lost information,

whenthedisplayrequestsaretoofrequent.Thisis why weconsiderthenumberof objects

beingdisplayedasameasureof thevisualquality. Thehit ratio is thenumberof hitsover

the total numberof items(queriesor objects)requestedfrom theback-end.The latency

is thetotal time,expressedin seconds,in whichtheuserhadto wait for herrequeststo be

served,i.e., theon-lineloadingtime.

7.3 Experiments

Experiment 1: MinMax vs. Recursive. First, we measuredthesystem’s performance

whenimplementingthe structure-basedbrushesusingboth the MinMax treetechnique

andadirectimplementationof thequeryspecification,i.e.,arecursivetechnique.As SQL

doesnot supportrecursive views, the recursive techniqueusedanadditionalattribute to

mark the tuplesselectedby that time by all previous recursionsteps. In both caseswe

usedtheschemadescribedin Chapter4 andcreatedsimpleindiceson thejoin attributes

andcompoundindiceson extentandlevel attributes.Maintainingtheindiceswasnot an
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issuebecausethetreeswerestaticduringour experiments.Theresultsof theexperiment

arepresentedin Figures7.2–7.4.As expected,theMinMax methodissubstantiallyfaster

thantherecursive onein all cases.Theseresultsshow clearlythat theapplicationof the

MinMax techniquein our systemmadevisualexplorationover largedatasetspractically

feasible,thusaccomplishingourultimategoal.

Figure7.2: MinMax vs. Recursive.
Structure-basedbrushesfor dataset
D1.

Figure7.3: MinMax vs. Recursive.
Structure-basedbrushesfor dataset
D2.

Experiment 2: Varying brush parameters. In thenext threeexperimentswe ana-

lyze thebehaviour of thesystemwhenthesizeof thebrusheschanges.Specificallywe

vary the level value,theextentvaluesandthesizeof thedataset.For theseexperiments

weuseacompoundindex on � e1 � e2 � L 
 andaNOCACHE hint for theOracle’soptimizer.

Sincethebrushesareimplementedasrangequeries,weexpectthattheresponsetimewill

vary linearlywith respectto all theseparameters.

Experiment 2a: Varying the level value. In this experiment,the extentvaluesare

constant(0 � 25� 0 � 75) andthe level valuevary in two-unit increments.As in a complete

binarytreethenumberof pointsincreasesexponentially(doubleseachlevel),weexpected

thattheresponsetime would have at mostthesamegrowth andthusbelinearin thesize

of the input. However, asonecanseein Fig. 7.5, the linearbehaviour canbeobserved

only for largelevels,while for smallonesit is almostconstant.

Experiment 2b: Varying the extent values. In this experiment,the level valueis
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Figure7.4: MinMax vs. Recursive.
Structure-basedbrushesfor dataset
D3.

Figure7.5: Varyingthelevel value.
Functions compared against 2x.
Logarithmicy scale.

constant(11 – the leaf level in the smallestdataset)and the extent valuesvariesfrom

� 0 � 0 � 0 � 0
 to � 0 � 0 � 1 � 0
 in 0 � 2 increments(capturedon thex-axis). Thebehaviour is again

expectedto be linear. This experimentis particularly importantsinceit validatesour

assumptionthat the incrementalcomputingof brushesis needed.Indeed,asshown in

Fig. 7.6,theincreasein theresponsetime is linear. Thustheprocessingtime for a level-

basedbrushis proportionallyreducedwhencomputingit incrementally.

Figure 7.6: Varying the extent
value. Functionscomparedagainst
x
�

1.

Figure7.7: Varyingthedatasetsize.
Levels 12 and 14 not definedfor
D1.

Experiment 2c: Varying the sizeof the dataset.In thisexperimentweuseddataset

D4, having 218 � 262144tuples.Thebrushsettingsaresetto valuesfrom � 0 � 25� 0 � 75;8

to � 0 � 25� 0 � 75;14
 , andthedatasetchangesfrom D1 (4096tuples)to D4 (262144tuples).
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Thenumberof nodesdoubledfrom D1 to D2, from D2 to D3, andfrom D3 to D4 (shown

on thex-axis). However, asonecanseein Fig. 7.7,theresultingtime is almostconstant.

Thisensuresthatoursystemindeedscaleswell to largedatasets.

Experiment 3: Varying user input. In the next threeexperimentswe analyzethe

behaviour of thesystemwhentheuserinputchanges.Specificallywevary thesizeof the

delaysbetweenevents,thenumberof thehot regionsandtheprobabilityparameterthat

determinesif thecurrentdirectionis abandonedor not. For theseexperimentsweusethe

datasetD1k100k(having a total of 100,000objectsand1,000objectsin the maximum

active set),andtheNOCACHE hint for theOracle’s optimizer. Theresultsrepresentthe

measurementsfor both direction(S2) andfocus(S3) prefetchingstrategies,with mini-

mumbuffer size(i.e.,1,000objectsin thiscase).

Figure7.8: Varying the delaysfor
strategy S2andS3.Measuredqual-
ity.

Figure7.9: Varying the delaysfor
strategy S2 and S3. Measuredhit
ratio.

Experiment 3a: Varying the delays.In thisexperimentwevarythedelayfactor. Ba-

sically, wemultiply thedefault1/10–1–5delayswith factorsof 1, 2,5, and10. Increasing

thedelaysgivestheprefetchermoretime. Thus,it is naturalthatthequality (Fig. 7.8),hit

ratio(bothat theobjectandat thequerylevel) (Fig. 7.9),andlatency (Fig. 7.10)improve.

Also, we comparethe executionof the directionprefetcher(S2) on multiple datasizes

(D128,D1k, D2k, D4k). Thereis a tendency for thesystemto performbetterthanlinear

assoonasit exceedstheshortdelayregion. This is expectedgiventhat for shortdelays
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Figure7.10: Varyingthedelaysfor
strategy S2 and S3. Measuredla-
tency.

Figure7.11: Varyingthedelaysfor
variousdatasets.Measuredquality.

mostof theprefetchingrequestsgetcancelled.

Figure7.12:Varyingthenumberof
hot regions. Measuredboth query
andobjecthit ratio.

Figure7.13: Varying the “keepdi-
rection” factor. Measuredquery
andobjecthit ratio.

Experiment 3b: Varying the hot regions.In thisexperimentwevary thenumberof

hot regionsfrom 2 to 5. As weexpected,theresultsshow thattheperformancedecreases

(Fig. 7.12)whenthenumberof hot regionsincreases.We presenthereonly thehit ratio

measurements,thelatency andthequalityarenot relevantsincetheinputscripthadto be

changedfrom onemeasurementto another.

Experiment 3c: Varying the “k eepdir ection” parameter. In this experimentwe

vary theprobabilityof maintainingthesamedirectionwhenthecurrentsequenceof “in-

terruptible”operationsis over. Basically, theprobabilityfactorgivesthelikelihoodthata
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Figure7.14: Varying the “keepdi-
rection” factorfor variousdatasets.
Measuredthehit ratio.

Figure 7.15: Varying prefetching
strategy. Measured object and
queryhit ratio.

userwill keepusingthesamemanipulationtool. We usefactorvaluesfrom 0.2to 0.8,in

incrementsof 0.2.Theobvioustendency is thatthehigherthefactoris, themoreaccurate

thepredictionis. We againmeasuredthehit ratio (Fig. 7.13);thelatency andthequality

wereirrelevantdueto thechangeof theinputscripts.Notethatthesystemusesthesame

predictionall thetime,which is a probabilityof 0.6. Also, aspartof this experiment,we

vary thesizeof thedatafor thedirection(S2)strategy (Fig. 7.14).Thesametendency is

present.

Experiment 4: Varying systemsettings. In thenext threeexperimentswe analyze

how, given a “typical” user input (suggestedby the previous set of experiments),the

performanceis influencedby varioussystemsettings.We useda userscript with three

focusregions,a delaymultiplication factorof 2 anda “keepdirection” factorof 0.60.

For theseexperimentswevariedtheprefetchingstrategy, thehintsto thequeryoptimizer

andthesizeof the dataset.All of the resultswereobtainedasaverageof multiple runs

(typically 2 to 4), with differentinput scripts(but generatedwith thesameparameters).

The measurementsfor eachpoint on the graphsis the result of the executionof 500

operationscripts.

Experiment 4a: Varying the prefetchingstrategy. In thisexperimentwe testedthe

four prefetcherstrategiesS0, S1, S2, andS3 againsttwo datasets,namelyD1k10k and
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Figure 7.16: Varied prefetching
strategy for D1k10k. Measuredthe
latency.

Figure 7.17: Varied prefetching
strategy for D1k1M. Measuredthe
latency.

D1k1M. An indirectcomparisonbetweenS2andS3hasbeenalreadyperformedin the

previous setof experiments.The resultsconfirm that S3 is typically around10%more

efficient thanS2 (Fig 7.15). Somehow unexpected,randomprefetching(S1) performs

closeto S2andS3for thebothdatasets(Fig 7.16).

Figure 7.18: Providing hints to
the query optimizer. Varying the
prefetchingstrategy. Measuredthe
hit ratio.

Figure7.19: Providing hints to the
query optimizer. Varying the data
size.Measuredthelatency.

Experiment 4b: Varying the databasecachehints. In this experimentwe evaluate

theimpactof thedatabasecachepolicy onthesystemperformance.SinceOracledoesnot

provide supportto directly control the cache,we try to vary the degreein which tuples

are cachedby providing the optimizerwith cachehints. The cachehints that we use

are“cache”and“nocache”.A “cache”objectwill persistin thedatabasebuffer aslong
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aspossible. A “nocache”objectwill not be loadedinto the buffer. However, nothing

preventstheoptimizerto reada“nocache”objectfrom cache,if theobjectis there.Thus,

the resultsof theseexperimentshave a higherdegreeof deviation. In averagehowever

boththehit ratio (Fig 7.18)andthelatency (Fig 7.19)improvesby about10%–30%.On

theotherhand,thegainof usingprefetchingis usuallyat least150%–200%.It follows

thereforethatourtechniquehasaclearadvantageoverusingacommercialcacheonly. We

variedin thisexperimentboththeprefetchstrategy (Fig 7.18)andthedatasize(Fig 7.19).

Figure 7.20: Varying the dataset.
Measuredthehit ratio.

Figure 7.21: Varying the dataset.
Measuredthelatency.

Experiment 4c: Varying the datasetsize. In this experimentwe testthescalability

of our method. We usefor this purposethe datasetsD1k, D1k10k, D1k100k,D1k1M,

andD1k2M, andall the prefetchstrategiesS0, S1, S2, andS3. The buffer size is set

to theminimumandtheOraclehintsare“nocache”.As onecansee,themethodscales

betterthanlinear(very similar to a logarithmiccurve). It follows thatthemethodis very

appropriatefor exploring largedatasets,thegoalof this thesis.

Discussion.Thefirst setof experimentshasdemonstratedthat recursive processing

of queriesis far too expensive to beappliedin interactive toolssuchasXmdvTool. Fur-

thermore,the useof MinMax encodingis shown to make the problemtractable. The

experimentsconfirmedagainthegainof usingpre-computedinformationto supporton-

line processing.
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Thesecondsetof experimentshasdemonstratedthattheprocessingtimefor astructure-

basedbrushoperationis only proportionalto thenumberof objectsbeingselectedandin-

dependentfrom whatbrushparameterchanged.Thus,thetime requiredfor computinga

sequenceof brushesis proportionalto thesumof theobjectsin all theseselections.These

experimentsfully confirmedour approachof computingthestructure-basedbrushesin-

crementally.

Thethird setof experimentshasanalyzedhow theuserinput influencestheprefetcher

accuracy andthusthesystemoverallefficiency. Whenthereis aclearfocusin navigation

or thereis enoughtimebetweenevents(requests)theperformanceimprovesconsiderably.

Theexperimentsconfirmedtheimportantroleof agoodpredictor.

Thefourth setof experimentshasanalyzedtheperformanceof thesystemfor a fixed

type of userinput. The resultsshow that prefetchinghelps. The systemperformance

improvessignificantlycomparedto thecaseof usinga cachepolicy only, no matterthat

thecacheis at thedatabasesideor at theapplicationside.Moreover, we haveshown that

thesystemscalesbetterthanlinearlywith respectto thesizeof thedatathatis explored.
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Chapter 8

Conclusionsand Futur eWork

8.1 Conclusions

With the increasingamountof databeingaccumulatednowadays,the needfor visually

exploring large datasetsbecomesmore andmore important. A viable way to achieve

scalability in visualizationis to integratevisualizationapplicationswith databaseman-

agementsystems.Suchintegrationsraisehowevertwo kind of problems.First, it requires

thedesignof anorganizationof dataanda correspondingquerymechanismsuchthatall

front-endoperationscanbetranslatedinto efficient databaseoperations.Second,a good

memorymanagementstrategy shouldbe employed in order to reducethe overheadof

databaseaccessesandthusmake theuseof thedatabasetransparentto end-users.

This thesispresentsa solution that addressesboth problems. The approachis be-

ing usedto coupleXmdvTool4.0,a visualizationapplicationfor interactive exploration

of multivariatedata,with an Oracle8idatabasemanagementsystem. Experimentsfor

assessingthe methodshowed that, despitethe recursive natureof the operationsat the

interfacelevel, the processingtime in our integratedsystemis only proportionalto the

numberof objectsbeingselected.Moreover, the systemscaleslinearly with respectto
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thesizeof thedataset.

In summary, themaincontributionsof ourapproachare:

� TheMinMax methodwasdevelopedin orderto improve theapplicabilityof rela-

tional datasetsystemsfor a classof new applicationsincludingvisualizationtools

or CAD/CAM applications.The methodprovidesimportantadvantagesover the

traditionalrecursiveapproacheswhenimplementingnavigationoperationsonhier-

archicalstructuresdueto its fastway to computetheancestorsandthedescendents

of thenodesin thetree.

� We implementedtheMinMax techniqueusingOracle8 andC asa hostlanguage

andshowedthattheMinMax-basedqueriesperformedsignificantlyfasterthanthe

equivalentrecursivequeries.Weusedthis techniqueto implementthequerymech-

anismfor XmdvTool [49].

� The cachingstrategy we employed supportsincrementalloadingof datainto the

memorybuffer. By hashingtheobjectsfrom thebuffer basedon their level value

andbykeepingtheobjectsoneachlevel in order, any querycontainmenttestagainst

thedatain memorybecomesof complexity O � 1
 .
� To furtherreducetheresponsetime in thesystem,we designeda speculative non-

pureprefetcherthatbringsdatainto memorywhenthesystemis idle. In orderto

ensureefficiency at interruption,theprefetcherusesacachereplacementpolicy that

combinesa low granularityof data(objectlevel) anda “semantic”descriptionof

thecontentof thebuffer.

� Usersaresyntheticallygeneratedfor testingthesystem.Navigationpatternssim-

ulatesdataspecificityaswell asuserspecificity. Moreover, a properindirectionof

the input ensuresthatexactly thesamenavigationscriptcanbeexecutedmultiple
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times.

� Experimentsshowedthattheproposedmemorymanagementstrategy significantly

decreasedthelatency in thesystem.Thesystemnow scalesfor datasetsof theorder

105–107 records.

8.2 Futur eWork

Directionsfor further researchincludeboth refining thecurrentapproachandmakingit

moregeneralby droppingsomeof theconstraintsthatweareenforcingnow.

Theefficiency in thesystemcouldbefurtherimprovedby developingamoreaccurate

usermodel.A complex studywould needto recordandanalyzerealuserinput andthen

produceclassesof patternsthat invariantlyoccurin realnavigations. We think thatour

modelprovidesafair approximationof theusers.Moreresearchis neededto validatethis

hypothesis.Onceanaccurateusermodelis provided,we coulddesigna morecomplex

predictor, basedon that model. If we confidentlyknow how the patternslook, the task

of extractingthe exact parametersfrom a real navigation script is a tractablestatistical

problem.

Thesystemcouldalsobefunctionallyextendedby droppingsomeof thecurrentcon-

straints,asfor examplethe“static” assumption.This assumptionhastwo aspects.First,

we might considerdynamicchangesof thedataset.It is moreandmorecommonto ana-

lyze informationthatsuffersintensiveupdatesduringtheexploration.Second,we might

dynamicallychangethe tools that we areusingduring the explorationitself. Dynamic

clusteringor dynamiccomputationof aggregateswouldbepossiblefor instance.
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Appendix A

Navigation Operations

A.1 Notation Conventions

In whatfollows, 8:9 ��� 8<; denotea sequenceof integers � n1 � n1
�

1 ���	����� n2 
 . A variablev that

takesall thevaluesfromn1 to n2 will bedenotedby =��.8:9 �	� 8<; . A variablev that takes

somevaluesfromn1 to n2 (notnecessarilyall of them)will bedenotedby >6?A@CBD=FEG8:9 ��� 8<; .

A.2 Hierar chical Clustering

Let X ��� x1 � x2 ���	����� xm
 bea setof basedatapoints.Then,P �.� P1 � P2 ���	���	� Pn 
 is defined

to bea partition of X iff:

H
1 � j � n : Pj � X (A.1)

H
1 � j1 �� j2 � n : Pj1 � Pj2 � /0 (A.2)

nI
j & 1

Pj � X (A.3)

We denotethesetX on which partition P is definedby support(P). Whenusingmore
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thanonepartition,weindicatethepartitionnumberbyasuperscript,e.g.: Pi �J� Pi
1 � Pi

2 ���	����� Pi
ni

 .

Two partitionsPi1 ��� Pi1
1 � Pi1

2 �3�����	� Pi1
ni1

 andPi2 �.� Pi2

1 � Pi2
2 �����	��� Pi2

ni2

 are callednestedand

denotedbyPi1 K Pi2 (Pi1 nestedin Pi2), iff:

support � Pi1 
 � support � Pi2 
 (A.4)

H
1 � j2 � ni2 : L 1 � j1 � ni1 : Pi2

j2 � Pi1
j1

(A.5)

A hierarchical clusteringof X cannowbedefinedasa sequencePX �4� P1 � P2 �����	��� Pk 

of partitionsof X, where:

P1 � X (A.6)

Pk �.�M� x1 
 � � x2 
 �����	��� � xm 
M
 (A.7)

P1 K P2 K ���	� K Pk (A.8)

A.3 Structur eBasedBrushes

Thehierarchical clusteringprocess,asdescribedin AppendixA.2,resultsin a treestruc-

ture that is formedon thePi
j partitions. Property(A.5)abovegivesustheparentcluster

(Pi1
j1

) for each cluster(Pi2
j2

) in the tree. In what follows, the parent of a nodeZ will be

denotedby θ � Z 
 . Moreover, for anysetof nodesS �4N Zt , wewill denoteby θ � S
 theset

of theparentsof S. Thus,θ � S
 � N θ � Zt 
 .
A structure basedbrush is basically a set-basedfunction SBB : O 1 ���mPQ�RO 1 ���mP 2

N k
i & 1 N ni

j & 1Pi
j such that SBB� v1 � v2 
 � I � v1 � v2 
 � T � I � v1 � v2 
3
 � �	��� � Tk S 1 � I � v1 � v2 
�
 and

where:

1. I � v1 � v2 
 � N somej T 1 UVU nk
Pk

j � N nk
j & 1Pk

j is theinitial selectionoperator that is applied

to theleafnodes,and
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2. T � N somej T 1 UWU ni
Pi

j � N Pi
j 
 � N somej T 1 UVU ni X 1 Pi S 1

j � N Pi S 1
j is a propagationoperator

thatpropagatestheselectionfromonelevel to its adjacentlevel. (T i is thenotation

for operator T beingappliedi times.)

Anystructure-basedbrushis consequentlyfully definedby providing a specification

for theoperators I andT.

A.3.1 The ALL Structure BasedBrush

In theALL structure-basedbrushes,theI operator is definedas:

I � v1 � v2 
 ��� xv1 ���	����� xv2 
 �
nkI
j & 1

Pk
j (A.9)

TheT operator for anALL structure-basedbrushis definedas:

TALL � S � I
somej T 1 UVU ni

Pi
j 
 � � Z E

niI
j & 1

Pi S 1
j Y[Z L Y E\�

niI
j & 1

Pi
j 
A] S: Z � θ � Y 
 
 (A.10)

A.3.2 The ANY Structure BasedBrush

TheI operator for theANYstructure-basedbrushesis identicalwith theonefor theALL

brushes:

I � v1 � v2 
 ��� xv1 ���	����� xv2 
 �
nkI
j & 1

Pk
j (A.11)

Thepropagationoperator T is howeverdifferent:

TANY � S � I
somej T 1 UWU ni

Pi
j 
 � θ � S
 (A.12)
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A.3.3 The Relational Semanticsof Structure-BasedBrushes

According to thedefinitionsin SectionA.3.1andSectionA.3.2,thepropagationoperator

correspondsto a divisionandto a join respectively.

Givena relation R(x, y, ...), where x is a nodeid and y is the id of the parent of x,

andconsideringStheinitial selectiondefinedby theoperator I (samefor ALL andANY

structure-basedbrushes),theALL andANYstructure-basedbrushesdefinethefollowing

relationaloperations:

SBBALL � S �^� S _ R
 �^� S _ R _ R
 ����� �
k S 1I
i & 0

S _ R _ �	��� _ R` acb d
i times

(A.13)

SBBANY � S �^� S e R
 �^� S e R e R
 ���	� �
k S 1I
i & 0

S e R e �	��� e R` acb d
i times

(A.14)
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Appendix B

MinMax Hierar chy Encoding

Let θ � x
 betheparentof nodex. We definethesetsof ancestors anc(x) anddescendents

desc(x) of a nodex in thehierarchyasfollows:

anc � x
 �.� y Y L node1 � x � node2 �����	��� nodet S 1 � nodet � y :
H
i � 2 �	� t :

nodei � θ � nodei S 1 
 
 (B.1)

desc � x
 ��� y Y L node1 � x � node2 �����	��� nodet S 1 � nodet � y :
H
i � 1 �	� t � 1 :

nodei � θ � nodei � 1 
 
 (B.2)

Let now f be the “initial set” and ��� a1 � b1 
 � � a2 � b2 
 ���	���	� � am � bm
 
 be the labels of

the leaf nodesin that initial set, � a j � b j 
g� f'�hf , a1 � b1 � a2 � b2 � ����� � am � bm as

shownin Section4. A MinMaxtreeis a labeledtreeof theformnode� t 
 �4� aα i t j � bβ i t j 
 � H t,
where:

α � t 
 � min� j Y leaf j E desc � nodet 
 
 (B.3)

β � t 
 � max� j Y leaf j E desc � nodet 
 
 (B.4)

� leafα i t j ���	����� leafβ i t j 
 � desc � nodet 
 (B.5)
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B.1 Proof of Theorem1

Theorem: Givena MinMaxtreeT andtwonodesx andy of T whoseextentvaluesare

� ax1 � ax2 
 and � ay1 � ay2 
 respectively, nodex is anancestorof nodey if andonly if x1 � y1

andy2 � x2.

Proof: We first noticethat anc() is a monotonicfunction. Indeed,relation(B.1) im-

pliesthat if x � θ � y
 thenanc � x
k� anc � y
 . Usinginduction,wefurtherget that:

i f x � anc � y
 thenanc � x
l� anc � y
 � (B.6)

Analogously, it canbeproventhat desc() is monotonic,i.e.:

i f y � desc � x
�
 thendesc � y
�� desc � x
 � (B.7)

Implication m : If y E desc � x
 thenx1 � y1 � y2 � x2.

Indeed,y E desc � x
 m i B U 7j ay1 E desc � y
g� desc � x
 m i B U 2j x1 � y1. Similarly, y2 � x2.

Sincey1 � y2 is truebyconstruction,wehaveproventhatx1 � y1 � y2 � x2 (q.e.d.).

Implication n : If x1 � y1 � y2 � x2 theny E desc � x
 .
We will proveit by contradiction. Let z bethe lowestlevel commonancestorof x andy.

Such a nodeexistssincethe root is onecommonancestorof x and y. It is also unique

sincetwonodesonthesamelevelcannothavecommondescendents(in a treehierarchy).

Nowif x � z or y � z thennecessarilyx � y � z andx1 � y1 � y2 � x2 (q.e.d.). If x �� z

andy �� z thenthere existsa child cx �o� acx1 � acx2 
 of z such that cx = anc(x) anda child

cy �p� acy1 � acy2 
 of z such that cy = anc(y). cx �� cy follows from the assumptionthat

z has the lowestlevel amongall the commonancestors. By construction, � cx1 � cx2 
q�
� cy1 � cy2 
 � /0. However, cx = anc(x) impliesthat � x1 � x2 
r� � cx1 � cx2 
 and cy = anc(y)

implies that � y1 � y2 
�� � cy1 � cy2 
 . From the hypothesis� y1 � y2 
�� � x1 � x2 
 and therefore
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� cx1 � cx2 
A� � cy1 � cy2 
ks � y1 � y2 
��� /0 (contradiction)(q.e.d.).

B.2 Proof of Theorem2

Theorem: Giventhebrushvaluesvmin andvmax, an ALL structure-basedbrushgen-

eratestheunionof all nodesx �%� ax1 � ax2 
 whoseextentsare fully containedin thebrush

interval � vmin � vmax
 , i.e., � x1 � x2 
�� � vmin � vmax
 .
Proof: Let x ��� ax1 � ax2 
 bea nodeandSBB � SBBALL � v1 � v2 
 bean ALL structure-

basedbrush.

Implication � : If x E SBBthen � x1 � x2 
k� � v1 � v2 
 .
x E SBB m L 0 � i � k : x E T i � I � v1 � v2 
�
 m i A U 10j Z L y 7E T i S 1 � I � v1 � v2 
�
 : θ � y
 � x m
pS 1 � x
 E T i S 1 � I � v1 � v2 
�
 m �	��� mt� p S 1 
 i � x
 E T0 � I � v1 � v2 
�
 � I � v1 � v2 
 m ax1 E I � v1 � v2 
 & ax2 E
I � v1 � v2 
 m x1 EG� v1 � v2 
 & x2 EG� v1 � v2 
 m v1 � x1 � x2 � v2 mu� x1 � x2 
v� � v1 � v2 
 (q.e.d.).

Implication s : If � x1 � x2 
�� � v1 � v2 
 thenx E SBB.

We will prove it by contradiction. If x � Pi
j then: x 7E SBB m L xi � 1 E N ni w 1

j & 1 Pi � 1
j ]

Tk S i S 1 � I � v1 � v2 
�
 : x � θ � xi � 1 
 mxL xi � 2 E N ni w 2
j & 1 Pi � 2

j ] Tk S i S 2 � I � v1 � v2 
�
 : xi � 1 � θ � xi � 2 
 m
���	� mxL xk E N nk

j & 1Pk
j ] I � v1 � v2 
 : xk S 1 � θ � xk 
 mxL xk �y� aa1 � aa2 
 E desc � x
 : xk 7E I � v1 � v2 
 m i T1j

Lz� a1 � a2 
�� � x1 � x2 
 : � a1 � a2 
��{ � v1 � v2 
 m � x1 � x2 
|�{ � v1 � v2 
 (contradiction)(q.e.d.).

B.3 Proof of Theorem3

Theorem: Giventhebrushvaluesvmin andvmax, an ANYstructure-basedbrushgen-

eratesall thenodesx ��� ax1 � ax2 
 whoseintersectionwith thebrushinterval � vmin � vmax

is not empty, i.e., � x1 � x2 
A� � vmin � vmax
��� /0.

Proof: Let x ��� ax1 � ax2 
 bea nodeandSBB � SBBANY � v1 � v2 
 bean ANYstructure-

basedbrush.
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Implication � : If x E SBBthen � x1 � x2 
A� � v1 � v2 
|�� /0.

x E SBB m L 0 � i � k : x E T i � I � v1 � v2 
�
 m L xk S i � x E desc � x
 : x E T i � I � v1 � v2 
�
 m
L xk S i � 1 E desc � x
 � x E p S 1 � xk S i 
 : xi � 1 E T i S 1 � I � v1 � v2 
�
 m ���	� m L xk E desc � x
 � x E
pS 1 � xk S 1 
 : xk �}� aa1 � aa2 
 E I � v1 � v2 
 m i A U 11j v1 � a1 � a2 � v2. But, xk �}� aa1 � aa2 
 E
desc � x
 m i T1j x1 � a1 � a2 � x2 m � x1 � x2 
�� � v1 � v2 
�s � a1 � a2 
��� /0 (q.e.d.).

Implication s : If � x1 � x2 
�� � v1 � v2 
��� /0 thenx E SBB.

� x1 � x2 
�� � v1 � v2 
��� /0 m~L t : t E�� x1 � x2 
A� � v1 � v2 
�� t E\� x1 � x2 
 & t E\� v1 � v2 
 .
t EG� x1 � x2 
 m at E desc � x
 m�L a path � at � xk � xk S 1 �3�����	� xi � x 
 fromat to x such that

xk S 1 � θ � xk 
 � xk S 2 � θ � xk S 1 
 ���	����� xi � θ � xi S 1 
 .
t E^� v1 � v2 
 m at E I � v1 � v2 
 m xk E I � v1 � v2 
 m i A U 12j xk S 1 E T � I � v1 � v2 
�
 m i A U 12j xk S 2 E

T2 � I � v1 � v2 
�
 m i A U 12j ����� m i A U 12j xi E Tk S i � I � v1 � v2 
�
 m x E Tk S i � I � v1 � v2 
�
 m x E SBB

(q.e.d).
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Appendix C

Complexity of Memory Operations

For easyreference,buffer operations,asintroducedin Chapter5, arelistedagainhere:

A: Remove old objects. Gettheobjectswith thelowestprobabilitythatresidein the

buffer (and further remove themoneat a time whenmore room in the buffer is

needed).

B: Bring new objects. Placeanobjectfrom thecursorbuffer into thememorybuffer

(andrehashthebuffer entry).

C: Display active set. Getthoseobjectsfrom thebuffer that form theactive set(and

sendthemto thegraphicalinterfaceto have themdisplayed).

D: Recomputeprobabilities. Recomputetheprobabilitiesof theobjectsin thebuffer

oncetheactivewindow getschanged(to ensureaccuratepredictionsin thefuture).

E: Testcontainment. Testwhetherthenew active setfully residesin thebuffer and

getthemissingobjects(if any) from thesupportset(whenanew requestis issued).
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C.1 Full SizeProbability Table

In whatfollows,thecomplexity of bufferaccessoperationsispresented.Thefunctionthat

wemeasuredwasthenumberof buffer accesses,i.e.,thenumberof buffer entriesthatare

visited.For abetterunderstanding,a full versionof theprobabilitytableis assumedfirst.

� Removeold objects

Complexity: Thereare betweenn7 2 and log n buffer accesses,in average,for

thefirst elementof a singlebucket andexactly onebuffer accessfor thefollowing

elementsin the bucket list. Sincethe lists areusuallyof ordern, it follows that

operationA is O � 1
 with agoodprobability.

� Bring new objects

Complexity: Thereis oneoperationandahalf, onaverage,for level basedrehash-

ing andasmany asn7 2 operationsin theaveragefor theworstdistribution for the

probabilitybasedrehashing.Theoperationis thereforeO � n
 .
� Displayactiveset

Complexity: Therearen buffer accessesin theworstcase,but therearenounnec-

essaryones;sothatthis is optimal.Theoperationis O � n
 .
� Recomputeprobabilities

Complexity: Theobjectspreservetheir level valuesonochangeof thelevel lists is

needed.However, theprobabilitytableneedsto berebuilt, andthis takesn
�

n2 7 2
operations:n is for deletingthelists (thiscanbedonetogetherwith theprobability

recomputationstep)and n2 7 2 for creatingthe new ones(it is basicallyone list

insertionfor eachobject).Theoperationis O � n2 
 .
� Testcontainment
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Complexity: Testingis O � 1
 , loadingthenext mobjectsrequiresm � YA Y � YB Y buffer

accesses,where YX Y is thenumberof buffer accessesfor operationX.

C.2 ReducedProbability Table

We now considerthecaseof a reduced(simplified)probabilitytable.We measureagain

the numberof buffer accesses.As we shall see,the complexity of someoperationsde-

creases.

� Removeold objects

Complexity: Sameasbefore.

� Bring new objects

Complexity: Thereareonaveragethreeandahalf buffer accessesfor rehashingin

thiscase.Theoperationis thereforeO � 1
 .
� Displayactiveset

Complexity: Sameasbefore.

� Recomputeprobabilities

Complexity: Therearen
�

2m buffer accesses.Sincem is constant,theoperation

is O � n
 .
� Testcontainment

Complexity: Sameasbefore.
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