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Abstract

More and more moderncomputerapplications,from businessdecisionsupportto
scientificdataanalysis utilize visualizationtechniquego supportexploratoryactwvities.
Most visualizationtools do not scalewell with regardto the size of the datasetupon
which they operate.Specifically the level of clutteringon the screenis typically unac-
ceptableandthe performancas poor. To solve the problemof clutteringat the interface
level, visualizationtools have recentlybeenextendedo supporthierarchicalviews of the
data,with supportfor focusinganddrilling-down usinginteractve brushes.To solve the
scalabilityproblemthis thesisinvestigatesiow bestto couplea visualizationtool with a
databasenanagemergystemwithoutlosingthereal-timeresponsienesgequiredin ary
interactve application.

This integrationmustbe donecarefully Visual userinteractionsoften cannotbe ef-
ficiently realizedusing standarddatabaseperations.In our contet, the recursve pro-
cessingequiredfor the visual dataretrieval wasprohibitively expensve; respondingor
instancdo asingleuserrequestook upto 30 minutesona200,00GupledatasetWe suc-
cessfullyaddresshis problemby developingatreelabelingmethod calledMinMax tree,
that movesthe recursve processingnto an off-line precomputatiorstep. Thus, at run
time, the recursve operationdranslateinto linear costrangequeries.To furtherreduce
the responsdime, we emplo/ a main memory accessstratgy to supportincremental
loadingof datainto main memory We also proposecda novel prefetchingtechniqueto
bring datainto memorywhenthe systems idle. Prefetchings speculatre, non-pureand
adaptve. Thesetechniquesiave beenincorporatednto XmdvTool, a multidimensional
visual explorationtool, in orderto achieve scalability Thetool now efficiently scalesup
to datasetsf order10° — 10 records Lastly, we reportexperimentatesultsto assesthe

performancef the proposedechniques.
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Chapter 1

Intr oduction

1.1 Caching and Prefetchingfor Lar ge-ScaleVisualiza-
tion

Visualizationprovideseffective techniquegor theanalysisof data.While statisticsoffers
us varioustoolsfor testingmodelhypothesesandfinding modelparametersthe task of
guessingheright type of modelto useis still a procesghatcannotbe automatedThus,
whetherthedomainis stockdata,scientificdata,or the distribution of salesyisualization
playsanimportantrole in theanalysis Humanscansometimesletectpatternsaandtrends
in the underlyingdataby just looking at it, withoutbeingawarein advanceaboutwhat
datamodelthey’ll face.

Humanperceptions of coursegreatlyinfluencedoy theway datais presentedThus,
varioustechniquedor displayingdatahave beenproposedver the years,eachof which
focuseson emphasizingsomeof the datacharacteristic§l, 26, 8, 14, 30]. However,
most of thesetechniquesdo not scalewell with respectto the size of the data. As a
generalization[17] postulateshatany methodthatdisplaysa singleentity perdatapoint

invariably resultsin overlappedelementsanda corvoluteddisplaythatis not suitedfor



thevisualizationof large datasets.

A new approachthasbeenproposedecentlyfor displayinglarge dataset$16]. The
ideathereis to presentlataat differentlevels of detailbasedon applyinganaggreation
functionto a hierarchicaktructure structurehatmightresultfor instancdrom a cluster
ing process.The problemof clutteringat theinterfacelevel is solved by displayingonly
alimited setof aggreatesatatime. However, suchhierarchicasummarizationgcrease
thesizeof datato be managedy atleastoneorderof magnitude.

Storingandretrieving the datasetsefficiently hasoften beenignoredin the context
of visualizationapplications. While storing the datain main memoryand flat files is
appropriatédor smallandmoderatesizeddatasetst becomesinacceptablevhenscaling
to large datasets.One possiblesolutionto enablescalingis to integratevisualization
applicationswith databasenanagemergystems.The lastcoupleof decade®f research
in the areaof databasesan greatly contrikute to increasingthe performanceof a data
intensve applicationsuchasexploratoryvisualization.

Couplinga databasevith the visualizationtool cannotbe performedblindly though.
Techniquesusedfor main memoryprocessingretypically not efficientany moreif im-
plementedlirectly in a databasernvironment.A trivial andwell known exampleis sort-
ing. Internalsorting stratgiesdiffer significantlyfrom externalsortingones. Another
exampleis presentedn this work: the recursve processingnvolved when navigating
throughhierarchiesn main memoryis no longerappropriatewhen storing thosehier-
archieson the disk. Instead,we proposea techniquecalled MinMax trees[40, 41] that
transformgherecursve processingnto fastrangequeries.

In generaltherearetwo questiongo be answeredvhendoing suchan integration
betweenvisualizationand databaseools. Thefirst is how to mosteffectively translate
the visual exploration operationssuchas zoomingand brushinginto a databaseinder

standabldanguagesuchas SQL. The seconds how to storeand managehe resultsof



the databaseequestsn main memoryandmake subsequeninemoryaccesoperations

asefficientaspossible.This work givessolutionsfor bothquestions.

1.2 Our Approach

Our approachto reducingthe systemlateng (i.e., the on-line computationtime) is to
pushexpensve computation®off-line wheneer possible.Visualtoolsrequiredatato be
in thesameaddresspaceo accesst. In asimplemainmemorysystemthedataresides
entirelyin the mainmemory(Fig. 1.1). Whenthe visualizationtool issuesa requestthe
entirecomputationis performed‘on-demand’(i.e.,on-line). Theresultis a setof objects
(datapoints}hatis thenpassedackto the front-end. Whenthe datais movedfrom the
main memoryto persistenistorage two additionalstepshave to be present(Fig. 1.2).
First, the requestneedsto be translatednto a formatwhich is supportedby the query
processoandthenpassedo thedatabaséor processingalsoon-line). Secondtheresult
setneedso beloadedinto the main memoryandsentto the front-endfor display The
“on-demand”’computationaswell asdataloadingare /O intensve andthusno longer
fast(comparedo themainmemorycase).Our goalof minimizingthesystemateng can

be achieved by optimizingthesetwo steps.

On-demand
Request Result set Request Result set ration
ii ii|; Translation m

Loading
On-demand
computation

Figurel.1: Architectureof Figure 1.2: Architecture of database-baseithple-
main memory-basedim- mentation. Additional computationstepsare /O in-
plementation. tensve.

Our approachto makingthefirst stepefficient is to move partof the on-line compu-
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tationinto a pre-processinghase.ln our case the front-endoperationsarereducibleto

a particularclassof recursve unionsof joins anddivisionsthat operateon hierarchies.
By usingadequatere-computatiori.e., organizingthe hierarchicalstructureinto what

we call a MinMax tree), the recursve processingf the operationgn this classcanbe

reducedo rangequeries.Extensionf our methodfor non-treeaswell asfor dynamic
hierarchiedave alsobeendesignedChapterd). Comparedvith alternateapproacheso

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

be superiorin termsof bothefficiengy andfunctionality Thepreviousproposednethods
eitherdo not supportdynamicand arbitrary hierarchiespr were not ableto efficiently

scaleto large datasets.

To make the secondstepefficient, we emplgy a main memorystratgy thatsupports
incrementaloadingof datainto the mainmemory We shav thatincrementaloadingis
highly desirablegiventhe setof operationgo support(Chapters). To furtherreducethe
responsdime, we have designeda speculatre prefetcherthat bringsdatainto memory
whenthe systemis idle. The prefetcheiis basedon the propertyof exploratorysystems
that queriesremains®local”, i.e., giventhe setof currently selectedobjectswe have a
small numberof choicesof which objectscanbe selectechext. The propertyprovides
therefore“implicit hints” to the system. Additional hints might be provided by the the

dataandtheusers explorationaswell.

1.3 Contributions

Our main contrikution consistsof developinga setof techniquegshat canbe appliedto
interactve visualizationtoolsin orderto enablethemto explorelarge datasetsThechar
acteristicsof the systemto which thesetechniquescan be appliedto are presentedn

Chapter2.



We first designedand implementedan encodingtechniquethat efficiently supports
on-line retrieval of data. We further designeda high level cachepolicy thatreduceghe
lateng in the systemby incrementallyloadingthe datainto the memorybuffer. When
the systemis idle, a prefetcherwill bring into cachethe datathatis likely to be used
next. For this purpose we useda novel techniquethat combinesa low granularity of
data(objectlevel) and a “semantic” descriptionof the contentof the buffer. We also
performedexperimentsto assesghe efficiengy of our approach. First, we testedour
encodingechniqueasa stand-alonenethodandfoundthatit performedandscaledwell.
Secondyve testedthe systemo work with variousinputandunderdifferentsettings.The
systemscaleswell to supportmillions of datapointswith betweer8 and20 dimensions.
We confirmedtheimportantrole of precomputatioiin suchapplicationsandshavedthat

thebenefitof usingprefetchingexceedssignificantlytheresultfrom usingthecacheonly.

1.4 ThesisOrganization

Chapter2 presentsherelatedresearctirom boththe visualizationandthe databas@er
spectve. Chaptei3 introducedasicconceptsn visualizationanddescribe®urapproach
to achieve scalabilityfrom a front-endperspectie. It alsoformalizesthe requirements
underwhich our proposedapproachworks. The hierarchyencodingaswell asthe pro-
cessingof MinMax queriesis further presentedn Chapterd. Chapters introducesthe
memory managementspecificallythe cachingand prefetchingstratgies. The imple-
mentationof the systemis discussedn Chapter6. Experimentaresultsarereportedin
Chapter7. Finally, we presentconclusionsaswell asdirectionsfor furtherresearchn

Chapter8.



Chapter 2

RelatedWork

2.1 Visual Hierar chy Exploration

Therehasbeenconsiderableesearchin the visualizationareatoward finding effective
methodgo displayandexplore hierarchicainformation,suchasTree-Mapg37], Cone-
Trees[32] and ReconfigurableDisc Trees[22]. Most of thesemethodsprovide only
modestmodesof interactionfor navigatingthe hierarchy Navigationplaysanimportant
rolein aidinguserdo find theirway throughthecomplex structureito seewherethey are,
whatinformationis availableandhow to identify informationof interest.
Ontheotherhand,techniquedor visualexplorationof hierarchie§27] have indepen-
dentlybeenproposedHierarchyvisualizationsareevidentfor instancan mary commer
cial applicationssuchasMicrosoft Windows Explorer Norton Commanderandso on.
Themajordisadwantageof suchinterfaceshoweveris thatthereis alimited displayspace
for the hierarchy Hence,they arenot suitablefor displayinglarge datasets. The visu-
alizationtechniguewe usein this work [16, 17] hasboth the capabilityof interactvely

navigatingthe hierarchicaktructuresandthe capabilityof displayinglarge datasets.



2.2 Visualization-Databasdntegrated Systems

Integratedvisualization-databasgystemssuchas Tioga [39], IDEA [34], and DEVise
[28] representhework closestrelatedto oursin termsof problemarea.The approaches
are however different. Tioga[39] implementsa multiple browserarchitecturefor what
they call arecipe avisualquery Thesystenis ableto buffer thecomputedata;however,
the problemof translatingfront-endoperationsnto databasejueriesis not presensince
databasejueriesaredirectly (explicitly) specifiedby the graphicalinterface.IDEA [34]
is an integratedsetof tools to supportinteractve dataanalysisand exploration. Some
constrainton the datamodelareimposedby the applicationdomain,but on-line query
translationand memorymanagemenare not addressedin DEVise [28], a setof query
andvisualizationprimitivesto supportdataanalysisis provided. The numberof primi-
tivessupporteds itself relatively large. However, cachingdatais doneat the database
level using default mechanism®nly; specialmemorymanagementechniquesare not
considered.

Otherwork in the sameareaincludesdynamicquery interfaces[43, 21], dynamic
gueryhistogram¢13] anddirectmanipulatiomqueryinterfaceq20, 24,19]. They all have
avisualinterfaceanda databas®ack-end However, the operationgranslatedifferently:
to dynamicrangequeriesin [13], to temporalqueriesin [20], andto 2-D spatialqueries

in [24]. Theseworksdo notdealwith hierarchyexplorationsupport.

2.3 Relational Processingof Hierar chies

2.3.1 Join Processing

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

multiple fragmentdhatarethenstoredastuplesin separateelations[46]. Traversingthe



hierarchicalstructurein orderto gatherall fragmentgogetheror to queryspecificprop-
ertiesrequiresalarge numberof joins. Sincerelationaljoins areexpensve operationsan
immediatamprovementin handlinghierarchicaktructuress achiezedby improving join
efficiengy.

Valduriezet al. [45] introducea new accesgathfor processingoins, calleda join
index. Thejoin index is simply abinaryrelationthatcontainspairsof surrogategunique
systemidentifiers)of thetuplesthatareto bejoined. An algorithmthatusegoin indices
is alsopresentedh [45]. Thejoin index efficiently supportdhe computatiorof joins and
particularlythejoin compositionof complex objectsin the caseof adecomposedtorage
representatiof46].

Anothermethodthatspeedsip join processingiseshiddenpointerfieldsto link the
tuplesto bejoined. The hiddenpointersarespecialattributesthat containrecordidenti-
fiers. Threepointerbasedoin algorithms simplevariantsof thenested-loopssort-mege
andhybrid-hashoin, arepresente@ndanalyzedn [36].

A hash-basethethodfor large mainmemorysystemss describedn [35]. Theauthor
concentrate®n the improvementof joins basedon the traditional stratgy of sortand
meige. Threealgorithmsare evaluated:a simple hash,the GRACE hashfrom the 5th
GeneratiorSystemsandahybrid of thetwo. Whentheavailablemainmemoryexceedsat
leastthesquareootof thesizeof onerelation,thehash-basedlgorithmscansuccessfully
be appliedfor computingjoins. Their gainis especiallysignificantwhenlarge relations
areinvolved.

Theabore techniquesnalke join processingefficient, but they don't limit in any way
therecursve processingypically involved whentraversinghierarchies.The numberof

systemcallsis highandmary intermediatduplesareunnecessarilyetrieved.



2.3.2 Hierarchy Encoding

Anotherway to handlehierarchiehrasemegedwith thedevelopmenbf object-relational
systemg38]. Usingobjectextensionsacompositeobjectcanberepresentedsingnested
(non 1-stNF) relations. However, recursve relationsdo not alwayshave a pre-defined
depthandthereforethey cannotberepresentedsingnesting.

A novelideain hierarchicaprocessingvasintroducedoy Ciacciaetal.[7]. They en-
codetreehierarchiedasedon the mathematicapropertiesof simplecontinuedractions
(SICFs).Basically eachnodeof thetreehasa uniquelabelthatencodesheancestopath
from that nodeup to theroot. The treesareassumedo be ordered(i.e., childrenhave
ordernumbers)so that the ancestompath simply corresponds$o a sequencef integers.
Thesequencgivesusthe codeof theancestor®f anodewithoutarny physicalaccesso
the data. This informationis sufficient for performingsomeoperationssuchasgetting
the first commonancestorof two nodesor testingif a nodeis the ancestorof another
one,without any recursve retrieval of data. However, givenanoden, this methodcan-
not, for example,efficiently provide thelist of descendantsf n. This limitation reduces
thenumberof operationghatcanbe supportecand, morewer, makesupdatedifficult to
handle.Anotherimportantlimitation of this methodis thatit canonly be appliedto tree
hierarchiesandnotto arbitraryhierarchies.

A similar ideawas introducedby Teuholain [44]. He useda so called signatue
for encodingthe ancestompath. The importantdifferenceof the signaturemethodto the
previous approachis that now the codeis not unique. Given a noden, the codeof n
is obtainedby applying a hashfunction to it and by concatenatinghe resultingvalue
with the codeof its parent.The non-uniquecodecanmake the quantityof dataretrieved
be muchlarger than needed. Moreover, the code obtainedby the concatenatiorof all
ancestoicodescould exceedthe available precisionfor deeptrees. A fragmentatiorof

theinitial treeandconsequenthadditionaljoins would thusneedto be performed.



2.4 Main Memory Processing

2.4.1 High Level Caching

High level cachingsystemsn whichobjectsarenotindividually identified,but ratheraset
of objectsogetheiis identifiedwith thequerythatgeneratedt, is calledsemanticacing
[12] or predicatecading [25]. Our memorymanagemeris similarto theonepresenin
semanticcaching. The buffer contentis specifiedby a setof queries. However, dueto
the specificrequirementsve hadandfor efficiengy, we appliedthe conceptf semantic
cachingquite different,enablingdatato be handledalsoat a smallergranularity(i.e., at
theobjectlevel). Otherwork in the areaof objectlevel cachingfor databasepplications
have beenaddressetbr examplein [9, 33]. Also, objectbasedcachinghasbeenstudied

recentlyin the context of webapplicationg15].

2.4.2 Prefetching

In mary interactve databasapplicationsthereis often sufficient time betweeruserre-
guests,andthereforethe amountof datathat canbe prefetcheds limited only by the
cachesize. This situationis referedto aspure prefething and constitutesan important
theoreticalmodelin analyzingthe benefitof prefetching. In practicehowever prefetch
requestsareofteninterruptedoy userrequestsresultingin lessdatabeingprefetchedat
atime. In suchcasescallednon-pue prefetding, issuesof cachereplacemenalsoneed
to beconsideredPureprefetcherganbe corvertedinto practicalnon-pureonesby com-
bining themwith a cachereplacemenstrateyy. In [11] for instancea pureprefetcheiis
usedwith theleastrecentlyused(LRU) cachereplacemenstratey, anda significantre-
ductionin thepagefaultratewasshovn. A multi-threadedmplementatiorof anon-pure
prefetchelis reportedin [42]. There,thelateny of the disk operationss improved by

usingthreads.

10



The estimationstratey, calledalsoa predictor, is usually basedon eithera proba-
bilistic modelor somerecordedstatisticg5]. A widely usedpredictorin systemssimilar
to oursis basedon Markov chaintheory[2, 23]. The mainideais that given a string
s= (aj,, i, ..., aj,) Of lettersoveranalphabe& = (a;);, we cancomputethe probability
of lettera; beingat positionn+ 1 basedon the patternsexisting in s. Markov predic-
tors have beenfirst usedin prefetchingin the context of pagedvirtual memorysystems
[2] underthe namecorrelation-basegrefetting. [23] alsousesMarkov predictorsfor

prefetchingandreportsgoodresults.

11



Chapter 3

Multi variate Data Visualization

Thework presentedn this paperwastriggeredby our goalof scalingXmdvdol to work
onlargedata[47]. XmdvTool in a softwarepackagealesignedor the explorationof mul-
tivariatedata. Thetool providesfour distinctvisualizationtechniquegscatterploimatri-
ces,parallelcoordinatesglyphs,anddimensionattacking)with interactve selectiorand
linked views. Recentefforts have producedhierarchicalparallelcoordinatesthat allow
multi-resolutiondatapresentatiofl6]. The mainideais to clusterthe datapointdased
onadistancametric,applyanaggregationfunctionto thedatapointgrom eachclusterand
have thoseaggreatevaluesdisplayedinsteadof the datapointgshemseles. The model
canbe conceptualizeds a hierarchythat providesthe capability of visualizingdataat
variouslevelsof abstraction The hierarchicalktructurecanbe exploredby interactvely
selectinganddisplayingpointsat differentlevels of detail. We termthis explorationpro-
cessnavigation In whatfollows we describehesevisual explorationoperationsn more

detailandthenprovide aformalmodelthatsummarizeshesemantic®f theseoperations.

12



3.1 Brush Basics

Selectionis a processwherebya subsetof entitieson a display is isolatedfor further
manipulation suchashighlighting, deleting,or analysis.Wills [48] defineda taxonomy
of selectionoperationsclassifyingtechniquesbasedon whethermemory of previous
selectiongs maintainedor not, whetherthe selectionis controlledby theunderlyingdata
or not, andwhatspecificinteractve tool (e.g.,brushing Jassoing)s usedto differentiate
an areaof the display He alsocreateda selectioncalculusthatenumeratesll possible
combinationf actionsbetweera previous selectionanda new selection(replace add,
subtract,intersect,andtoggle)andattemptedo identify configurationsof theseactions
thatwould be mostuseful.

Brushingis the processof interactvely paintingover a subrgion of the datadisplay
using a mouse,stylus, or otherinput device that enablesthe specificationof location
attributes.Theprinciplesof brushingwerefirst exploredby Becker andCleveland[3] and
appliedto high dimensionabkcatterplotsWard andMartin [47, 29] extendedbrushingto
permitbrushedo have the samedimensionalityasthe data(N-D insteadof 2-D). They
also exploredthe conceptsof multiple brushes,compositebrushes(formed by logical
combinationsof brushes)andfuzzybrushesthatallow pointsto be partially contained
within a brush.Haslettet al. [18] introducedthe ability to show the averagevalueof the
pointsthatarecurrentlyselectedy the brush.

Onecommonmethodof classifyingbrushingtechniquess to identify in which space
the selectionis beingperformednamelyscreeror dataspace.This canthenbe usedto
specifya containmentriterion (whethera particularpointis insideor outsidethe brush).
In screenspaceechniquesabrushis completelyspecifiedby a 2-D contiguousubspace
on the screen. In data spacetechniquesa completespecificationconsistsof eitheran

enumeratiorof the dataelementsontainedwithin the brushor the N-D boundarie®f a
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hyperbox thatencapsulatethe selection.

A third category, namelystructure spacetechniqueswhich allows selectiorbasedn
structuralrelationshipdetweerdatapoints,hasbeenintroducedn [17]. Thestructure of
adatasetspecifiegelationshipbetweerdatapoints. This structuremaybeexplicit (e.qg.,
categorical groupingsor time-basedrderings)or implicit (e.g.,resultingfrom analytic
clusteringor partitioningalgorithms). Examplesof structuresncludelinear orderings,
treehierarchiesanddirectedagyclic graphgarbitraryhierarchies)In thiswork we focus
on tree hierarchies. A treeis a corvenientmechanisnfor organizinglarge datasets.
By recursvely clusteringor partitioningdatainto relatedgroupsandidentifying suitable
summarizationgor eachcluster we can examinethe dataset methodicallyat different
levels of abstractionmoving down the hierarchy(drill-down) wheninterestingfeatures
appeaiin the summarizationgndup the hierarchy(roll-up) after sufficient information
hasbeengleanedrom a particularsubtree.

As describeckarlier brushingrequiressomecontainmentriteria. For our first con-
tainmentcriterion, we augmenteachnodein the hierarchy thatis eachcluster with a
monotonicvaluerelative to its parent.This valuecanbe, for example,the level number
the clustersize/populationpr the volume of the cluster(definedby the minimum and
maximumvaluesof the nodesn the cluster).This assignedraluedetermineghe control
for the level-of-detail. Our secondcontainmentriterionfor structure-basebrushingis
basedn thefactthateachnodein atreehasextents,denotedoy the left- andright-most
leaf nodesoriginatingfrom the node. In particular it is always possibleto drav atree
in sucha way thatall its childrenare horizontallyordered. Theseextentsensurethata
selectedsubspaces contiguousn structurespace.

A structure-basebirushis thus definedby a subrangeof the structureextentsand
level-of-detailvalues.Intuitively, if looking at a treestructurefrom the point-of-view of

its rootnode(Fig. 3.1),theextentsubrangappearssafocusregion (with thefocuspoint
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atits center),while the level-of-detailsubrangecorrespond$o a samplingratefactoror
adensity In a 2-D representationf the tree (Fig. 3.2), the subrangeorrespondo a

horizontalandverticalselectionyespecitrely.

7

A :
L(a)‘\ 1

Figure 3.1: Structure-basetbrush  Figure 3.2: Structure-basedrush
ascombinatiorof afocusregion (a) as combinationof a horizontal(a)
andadensityfactor (b). anda vertical(b) selection.

3.2 Hierarchical Clustering

In whatfollows, we describethe clusteringprocesaisedto organizethe datain Xmdv-
Tool. The clusteringphasegenerateshe hierarchicaltreewhich is further usedduring
exploration,but is not a pre-requisitdor our technique Any othermethodthatgenerates
asimilar datastructuremaybe usedaswell.

Let X beadatasetcomposeaf mdatapoints. Theelement®f X arecalledbasedata
points A hierarchicatlusterings obtainedby recursvely aggrgatingelement®f X into
intermediateggroups(clusters). Conceptuallythe hierarchicalclusteringcanbe thought
asaniterative procesf successie clusteraggreationsthat startswith the elementsof
X (m clustersof one elementeach)and endswith a large clusterthat incorporatesall
the elementof X. A stateof this transitoryprocesscanbe definedasa partition on the
element®of X. Thenext stateis alsoa partitionobtainedoy groupingsomeof thesub-sets
of the previouspartition. Two suchsuccessie partitionsarecallednested Consequently

we candefinea hierarchicallusteringof X asa sequenc®f nestedoartitions,in which
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thefirst oneis thetrivial partitionandthelastoneis the setitself. A formal definition of
hierarchicaklusteringis presentedn AppendixA.
A graphicalrepresentatiomf an exampleof hierarchicalclusteringis presentedn

Fig. 3.3 for a setof five elements{a,b,c,d,e}. We call this representatiom partition

map
{a! b! c! d! e}

. {a, b, c,d, e} '

: {abcy , {de} : {a, b, ¢} {d, e}

2 {b, c} 1 d L

| | | | | |

, @ b c d e | a {b, c} d e

a b c d e

Figure3.3: Partition mapfor atree Figure 3.4: Hierarchicaltree ob-
hierarchy tainedby clustering.

A hierarchicaklusteringmay alsobe organizedasa treestructureT, wherethe root
is thewhole X andthe leavesarebasedatapoints. A nodeof T correspond$o anaggre-
gationwheneerit hasmorethanonechild. A graphicalrepresentationf sucha cluster
tree,obtainedby hierarchicalklusteringof the samesetof five elementsis presentedn
Fig. 3.4.

Data can be hierarchicallystructuredeither explicitly, basedon explicit partitions
(suchas,for example,in categyory-drivenpartitioning)or implicitly, basedntheintrinsic
valuesof thedatapoints.In thelattercasea clusteringalgorithmneeddo be usedto form
thehierarchy We have tried two clusteringalgorithmsin our system put otherswould be

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

3.3 Structur e-Basedrushes

3.3.1 Creationand Manipulation

Figure3.5 shaws the structure-basebrushinginterfaceimplementedn XmdvTool [17].
The triangularframe depictsthe hierarchicaltree. The contournearthe bottom of the
framedelineateshe approximateshapeformedby chainingthe leaf nodes.The colored
bold contouracrossthe tree delineateghe tree cut that representshe clusterpartition
correspondingo thespecifiedevel-of-detail. XmdvTool usesa proximity-baseaoloring
schemein assigningcolorsto the partition nodes[16]. In this schemea linear orderis
imposedon the dataclustersgatheredor displayat a given level-of-detail. This linear
orderis directly derivedfrom the orderin whichthetreeis traversedwhengatheringthe
relevant nodesfor a given level-of-detail. Colorsarethenassignedo eachclusterby
looking up alinearcolormaptable. Thesamecolorsareusedfor thedisplayof thenodes
in the correspondinglatadisplay Thetwo movablehandleson the baseof the triangle,
togethemwith theape of thetriangle,form awedgein the hierarchicakpace.
Since,asshawvn before,a structure-basebrushis definedasthe intersectiorof two
independenselectionsit necessarilyollows thatsettingsucha brushrequirestwo com-
putationalphasesswell. Thefirst one,the horizontalselectionjs accomplishedhn two
steps.In thefirst stepa setof leaf nodesis initially selectedbasedonthe orderproperty
usingthetwo handlesndicatesby ein Fig. 3.5. Basically this stepcorrespondso “select
all leavesbetweerthetwo extremevaluese; andey”. Examplef initial selectionscor-
respondingo ALL andANY operatorsaaredepictedn Fig. 3.6 andFig. 3.7 respectiely.
Thebrushvaluesfor bothexamplesarenodes3 and7. Theselectedhodesarehighlighted

by ashadedegion. In thesecondohasetheinitial selections propagatedip towardsthe
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Figure3.5: Structure-basebdrushinginterfacein XmdvTool. (a) Hierarchicalktreeframe;
(b) Contourcorrespondingo currentlevel-of-detail;(c) Leaf contourapproximateshape
of hierarchicatree;(d) Structure-baseldrush;(e) Interactve brushhandles(f) Colormap
legendfor level-of-detailcontour

rootbasednwhatwe termedan ALL semantic!‘selectnodeshathave all their children
alreadyselected”(othersemanticssuchas ANY or MOST arealsopossible[40]). The
secondcomputatiorphasetheverticalselectionconsistf refiningthe setof nodeggen-
eratedn phaseone. Basically the nodeson the desiredevel-of-detailareonly retrieved

out of thewhole phaseoneselection.A formal definitionof structure-basedrushesan

befoundin AppendixA.

2 8
2
1 9
1] [a o

Figure 3.6: ALL initial selection Figure 3.7: ANY initial selection
with brushvalues3 and?. with brushvalues3 and?.
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Thebrushoperationsasdescribedbove,areinherentlyrecursve. Recursie process-
ing in relationaldatabassystemsanbe extremelytime consumingandthusunsuitable
for interactve applicationsin Chapte# we developequialentbut non-recursie compu-
tationmethoddor settingstructure-baselrushedasedn assigningsomepre-computed

valuesto thenodesthatrecastetrievalsasrangequeries.

3.3.2 Geometric Representation

Basedon structure-basetrushdefinition, we canextend partition mapsto incorporate
informationaboutthe level valuealso. The objectsgetnow a spatialrepresentationAn
exampleof afour level hierarchyis presentedh Fig. 3.8. We calledthistypeof represen-
tationa 2-D hierarchy map Hierarchymapsareespeciallyusefulwhenwe generalizehe
concepwf level of detailto extendto ary type of monotonicfunction. Suchanexample
is presentedn Fig. 3.9. In this case two level values(initial andfinal) needto be stored
for eachobject. The semanticf the structure-basetirusheschangesiunderhierarchy
maps.As we will seein Chapter4, it reducego a containmenteston bothdimensions.
A typicalexamplewould be“selectall pointsthattouchthelevel of detailL andthebrush

intenal (X, y).

3.3.3 Multidimensional Extension

The structure-basetrushesasjust introduced,imply that a naturalorder of the base
datapoints(leaf nodes)exists. This may not alwaysbethe case.In fact,the spaceupon
the initial selectionis performedis one dimensional. Principally the initial selection
canbe performedin an arbitraryk-dimensionalkpace|f thatis preferablefor the user
Particularly we anticipatethat an n-dimensionabkelectionwill be useful. Moreover, 2-

D hierarchymapsnaturally generalizeto n-D hierarchymapsby using n-dimensional
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Figure 3.8: 2-D hierarchy map. Figure3.9: 2-D hierarchymap. Ar-
Uniform levelsof detail. bitrary level of detailfunction.

objectsinsteadof rectanglesThis extension however, is notimplementedn the current

versionof XmdvTool.

3.4 Model Abstraction

We now introducea formal model characterizinghe salientfeaturesof the proposed
techniquesthusestablishinghe applicabilityandscopeof our solution. Theinput space
is composef entriesin the extent(x) dimensionandin the level (y) dimension.Since
thetwo dimensionsareindependentthe spaces actuallya Cartesiarproductof entries.
We canervision this spaceby overlappinga 2-D grid overthetreehierarchy(Fig. 3.10).
In this representationa selectionis a sequencef consecutie regions with the same
level value (Fig. 3.11). The datapoints are spatial objectswhosedistribution may be
unknavn andwhich canberetrieved by a so calledquerymedanism Thus,theremust
be a containmentcriterion that specifiesfor eachobjectwhetherit is includedin the
currentselectiorwindow or not. In orderfor usto beableto implementa structure-based

brushaspreviously specifiedanorderis enforcedon the setof leaf nodesandin general
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onthenodeswith thesamdevel-of-detailvalue.

leﬁls le\EIS
/
/N
/N
/o N\
/ T :_\
/L \
/| \
VAR 1\
mxn | extents mXxn | extents
Figure 3.10: Selectionspaceab- Figure3.11: Active window in the
straction. selectionspace.

An exampleof transforminga tree structureinto a navigationspace(i.e., the setof
spatialobjects)is givenbelow. Thetree(Fig. 3.12)is first representedsa 2-D hierarchy

mapandthenoverlappedna2-D grid of integers.

Figure 3.13: Navigation on a tree

Figure3.12: A treeexample. supportset,

The setof characteristicbelow identifiesthe requirementghat a systemneedsin

orderfor our approacho apply (besidegproviding thenamingcorventions):

1. Navigationconsistf continuouslychanginga selectionvindow (calledtheactive

window) definedoverann x mgrid of integers(calledthe navigationgrid).
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. Onbothaxesof thenavigationgrid, theintervalsareindexedratherthanthepoints.
Thus,onthex axis(calledthe extentaxis)theintenalsaredenotedase;, while on
they axis(calledthelevel axis)theintervalsaredenotedasLy. Thegridistherefore

asetof rectangleregionsof theform (g, L) (Fig. 3.14).

e e =

Figure3.14: Navigationgrid. Figure3.15: Active window.

. An activewindowis a“compact’selectiorof points{ (&, L), (€ +1, Lk), ---, (€], Lk) }
onthesamdevel (Fig. 3.15). Thus,anactive setis specifiecby atriplet of theform

(&,€j,Lk).

. Eachactivewindowuniquelyidentifiesa setof spatialobjectycalledtheactivese

beingselectecamongthe objectsof a givenset(calledthebaseset(Fig. 3.16)).

e e

Figure 3.17: Objectson the same

Figure3.16: Baseset. level aretotally ordered.

Thefollowing propertiesaboutthe basesetareassumed:

e Thereis a partial orderrelationshipdefinedon the objectsof the baseset.
However, thereis a total orderrelationshipamongobjectson the samelevel

(Fig. 3.17).
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e Any active setcancontainQ, 1 or multiple objects.This number however, is

notknown in adwance.

e An objectcanspreadover multiple regionson the samelevel andcanbelong
to multiple levels. Thus,theactive windows arenot additive, i.e., theunionof
two active setscorrespondingo two windows W1 andW?2 is not necessarily
the sameas(althoughincludedin) the active setcorrespondingo W1UW?2.
Moreover, the active setsfor two disjoint active windows arenot necessarily

disjoint.

5. Theactivewindowmay only changeincrementallyi.e., only oneof the threepa-
rameterganchangetatime andonly by asingleunit. Thisis anessentiaproperty

exploitedby our memorymanagemertdtratey, asshavn in Section5.
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Chapter 4

Query Specificationand Processing

The questionaddresseth this sectionis “how do we translatethe visual explorationop-
erationgnto databaseperations” For this purposewne have developedatechniquecalled
the MinMax tree[40]. The methodplacesthe recursve processingn a precomputation
stagewhenlabelsareassignedo all nodes.Thelabelsprovide a containmentriterion:
simply by looking at the parameter®f an actve window andat a nodes label, we are

ableto determinewhetherthatnodebelongso the active selectionor not.

4.1 MinMax Hierarchy Encoding

A MinMax treeis a n-ary treein which nodescorrespondo openintervals definedover
atotally orderedset,calledaninitial set Theleaf nodesin suchatreeform a sequence
of non-overlappingintervals. Theinterior nodesareunionsof intervals correspondingo
their children.

Theinitial setcanbecontinuougsuchasaninterval of realnumberspr discretg(such
asa sequencef integers). In eithercase,the nodesare labeledaspairsof values:the

extentsof theirinterval. As theintervalsareunionsof child intervals,it followsthatanode
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will belabeledwith theminimumextentof its firstinterval andthe maximumextentof its
lastinterval, i.e.,anoden having for exampletwo childrenc; = (a, 3) andc, = (y, d) will
belabeledasn = (a, ) (AppendixB). Hence thetreesarecalledMinMax. Examplef

MinMax treesaredepictedor a continuousnitial setin Fig. 4.1 andfor adiscretenitial

setin Fig. 4.2.
6 0,1 6 0,5
2 0,.5 8 5.1 2 0,3 8 3,5
25, .5 1,3
1 4 7 9 1 4 7 9
0, .25 5, .75 75,1 0,1 3,4 4,5
3 5 3 5
.25, .375 375, .5 1,2 2,3
Figure4.1: A continuousMinMax Figure 4.2: A discrete MinMax
tree. tree.

Essentially the processof labelingthe nodesis a recursve one. The intenals are
computedandassignedff-line at the time the hierarchyis createdandtheir valueand
distribution (aswell asthetreestructuretself) dependon the clusteringmethod.Specif-
ically, the interval size and the distribution are influencedby whetherthe hierarchyis
createdbottom-upor top-davn. In the bottom-upcase the leaf intervals have the same
size,while in thetop-davn casethe nodeintervalsonthe sameevel have the samesize.
Fig.4.1andFig. 4.2presenanexampleof atop-dovn treeandanexampleof abottom-up
treerespectrely.

An importantpropertyof a MinMax treeis capturedn Theoreml andwill befurther

exploitedwhenimplementinghe navigationoperations.
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Theorem 1 Givena MinMaxtreeT andtwo nodesx andy of T whoseextentvaluesare
(x1, X2) and(y1, y2) respectivelynodex is an ancestorof nodey if andonlyif x; <y; and

Y2 < Xo.

Thetheorems basedntheintuition thateachnodein thetreeis includedin its parent

asaninterval (asconstructed)A proofof thetheoremss givenin AppendixB.

4.2 Query ProcessingJsing MinMax

Datais representeds a relationaltable HIER. Accordingto the the previous section,
HIER incorporated. (the nodelevel), X (the minimum extent) and Y (the maximum

extent)aswell asn aggreatevalues:

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

4.2.1 Static TreeHierarchies

In this sectionwe give an implementationof the navigation operationsin the caseof
a statictree hierarchy i.e., no updatesare presentduring navigation. First, we notice
thatary treecanbelabeledasa MinMax treeif, for example,we startwith anarbitrary
continuousinitial intenal asthe root andrecursvely divide it into equalsub-intenals,

eachsub-intenal beingassignedo a child (see for example thebinarytreein Fig. 4.1).

ALL Structure-BasedBrushes

Having the hierarchylabeledas a MinMax tree, we canimplementan ALL structure-
basedbrush(asintroducedin Section3) asa non-recursie operationbasedon the fol-

lowing property
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Theorem 2 Giventhebrushvaluesvmnin andvmnayx an ALL structure-basedrushgener

atesthe union of all nodesn = (n1,nz) whoseextentsare fully containedin the brush

interval (Vmin, Vmax), 1-€., (N1,N2) € (Vmin, Vmax)-

The selectiondefinedby an ALL structure-basetrushfor the examplein Fig. 4.1
andthe brushvalues3 and?7 is visually depictedin Fig. 4.3. The selectechodesin the

figureareunderlined A proofof Theoren2 is givenin AppendixB.
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Figure4.3: An ALL structure-basebrush.

The ALL structure-basebrushfor a hierarchylabeledasa MinMax treeis now a
simplerangequery expressedn SQL2as:

select *

from hi er

where X >=:v_mn
and Y <= :v_max
and L =:level;

ANY Structure-BasedBrushes

An ANY structure-basetirushas definedin Section3 canalso be implementedas a

non-recursie operation.The non-recursie computatiormethodis basedon Theoren.

Theorem 3 Giventhe brushvaluesvmin andvmax an ANY structure-basedrushgener

atesall the nodesn = (ng,n2) whoseintersectionwith the brushinterval (Vmin, Vimax) IS

notemptyi.e., (N1, N2) N (Vmin, Vmax) 7 0.

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

showvn in Fig. 4.4, this is intuitively true, all the underlinednodes(that are “touched”
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by the shadedbrusharea)arepartof the ANY structure-baseldrushaspresentedn the

examplein Section3. A proofof Theoren3 is givenin AppendixB.
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Figure4.4: An ANY structure-baseldrush.

The non-recursie queryfor an ANY structure-basetirushdefinedover a MinMax

treeis thereforeof theform:

select *

from hi er

where X < :v_max
and Y > :v_mn
and L = :level;

Clearly, the above techniques powerful whenthe tree structureremainsunchanged
during exploration. However, in practicenodesoften needto be addedor removed dy-

namically The next subsectioraddressethe caseof a dynamichierarchy

4.2.2 Dynamic TreeHierarchies

In adynamichierarchythetree(graph)structurechangesluringexploration. Thetype of
updatesve considelin this sectionareaddingnen nodeqasleaves)anddeletingexisting
nodes.If the nodeto be deletedis aninnernode,thenwe interpretthis to meanthatthe
wholesub-treeootedatthatnodeis removed.

Deleting nodes(sub-treesjn a MinMax tree doesnot require specialcomputation
(suchasrearranginghetreesor re-labelingthe nodes)n orderto presere the properties
of the MinMax trees.Deletinga subtreerootedat the noden = (ng,ny), for example,is

similarto settingan ALL structurebasedorushwith thebrushvaluesn; andny:
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delete from hier
where X >=:v_mn
and Y <= :v_max;

Wheninsertinga nev noden, however, the out-degreeof the parentnodechanges
andall siblingsof n (andtheir descendents)eedto updatetheir intervals. We saythat
the nodeinterval “splits”. In orderto increasethe efficiengy of this processwe usea
two-stepmethod. First, we delaythe intenal splitting by insertingsome“gaps” in the
treenodeqSectiord.2.2). Secondyve re-labeltheaffectednodeswvhensplitting by using

afastnon-recursie method(Sectiord.2.2).

De-CompactingThe Tree

Let usconsidetthe caseof anoden = (ng,ny) thathasthreechildren. Themethodsofar
dividesthe (ng, np) interval into threesub-interals. If afourth nodeis insertedn hasto
split. If, insteadof 3, we first haddivided n into more, let’'s say5, intervals, the fourth
nodecouldhave beenaddedwithoutany problem,andthusthe splitting would have been
delayed.

Basedon this idea,we chosethe allocationmanagemensuggestedh [10]. We first
labelthe MinMax treeasan N-ary tree (we saythatwe “allocate” N positionsfor each
node). Then,whena newv 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 allocationstratgy wasprovento be optimalwhenthe

maximumnumberof elementghathasto bestoredis unknovn (andcannotbeestimated)

([10D).

Re-Labeling The Nodes

Whenanoden = (ng,ny) splits,are-labelingporocessakesplace.Theextentsof all nodes

in thesub-treerootedat n have to berecomputedBut, the sub-treecanbe selectedased
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Figure4.5: Theallocationstratayy.

on then; andn;, values.Moreover, for the selecteduples,an affine transformatiorcan

be utilized to updatethe extentvalues:

update hier

set X=:v.mn+t(X-:v_mn)/2
Y = :v_max+(Y-:v_max)/2

where X >=:v_mn

and Y <= :v_max;

4.2.3 Arbitrary Hierarchies

An arbitrary hierarchyis onein which a node can have more thanone parent,i.e., a
non-treeagyclic di-graph(Fig. 4.6). One exampleapplicationof arbitrary hierarchies
is CAD/CAM part hierarchies. In theseapplicationsour structure-basetirusheshave
an interestingsemantic. Given a setS of basiccomponentgthe leaf nodes),an ALL
structure-baselrushdefineghesetof supercomponentshatcanbemanugcturedusing
only partsfrom S. An ANY structure-baseldrushgivesthe supercomponentshatneed
to useary (atleastone)partfrom S.

Oneextensionof our methodcanbe designedo handlearbitraryhierarchiestoo. In
anarbitraryhierarchy morethanoneintenal canbe assignedo a node.For example by
usinga discretebottom-uplabelingfor the treein Fig. 4.6, two intervalsareassignedo
node5, asshovn in Fig. 4.7.

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

first copy will beassignedhefirstinternal andlabeled(0, 1) while the secondcopy will
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Figure 4.7: Bottom-uplabeling of
anarbitraryhierarchy

Figure4.6: An arbitraryhierarchy
beassignedhesecondnterval andlabeled(2, 3). It isimportantto noticethatthenumber
of additionaltuplesto beinsertedn the HIER tabledepend®ntheorderingof thenodes.
For example,if nodesl and3 changeheir positionthennode5 will belabeled(1,3)and
thusnoduplicatecopiesneedto beinserted However, in this papemwe do notaddresshe
problemof how to organizethe hierarchynodesn orderto decreaséhe numberof stored
tuples.

If morethat one copy of the samenodeexists in the hierarchy the (non-recursie)
implementatiorqueriesfor the structure-baseldlrushexhange.Thus,becausehe same
nodesmay occur multiple timesin the table having differentinterval values,someof
thempossiblyinsideandsomeof thempossiblyoutsidethe brushinterval, the ALL brush

becomesselectthenodeshatdo not have intervals outsidethe brushinterval”:

31



select distinct *
from hi er

where L = :level
except
select *

from hi er
where X > :v_ nax
or Y <:v_mn;

The ANY structure-baseldrushqueryalsochangeso handleduplicates:

select distinct *
from hi er

where X < :v_max
and Y > :v_mn
and L =:level;

While still non-recursie,thenew queriesaresignificantlymoreexpensve thanthose
designedor treehierarchies.Therefore whenno duplicatecopiesareused,the queries

designedor treehierarchiesrepreferred.
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Chapter 5

Memory Management

5.1 Caching

Thequestionsaaddresseh this sectionare“how dowe organizethelocalmemory?”and
“when andwhat datado we requestrom the database?”.The memoryorganizationis
critical in interactve applicationssinceit influencesthe performanceof the subsequent
operations. When a requestfor new objectsis issuedby the front-end,the difference
betweerthenew active set(i.e., thesetof objectgust selectedandthe currentcontentof
thebuffer hasto be quickly computedThus,we needto beableto know in eachmoment
whatdataresidesn the memorywithoutfully traversingthe buffer.

A significantdifferencein the buffer managemenis madeby whetherthe buffer is
large enoughto storeall the objectsin theactive setor not. We referto thesewo casess
databasentensve (DBI) anddatabassemi-intensie (DBSI). We areprimarily concern
aboutthe DBSI casewhenthe active set of objectsdoesnot occupy the whole space
available,althoughwe alsoproposeatechniquehatwould handlethe DBI case.

Whenthereis still spaceavailablein the memoryandthe systemis idle, we canload

additionaldatafrom the slov memory(disk). If thatdata,in full or partially, is needed
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further (beforeit getsreplacedYhenthetime thatwould have beenspentbringingit into
thebuffer is againin thesystems$ overalllateng.

For this purposewe designecandimplementeda speculatre, adaptve, andnon-pure
stratgy for prefetching.The prefetchelis speculatre in thatit doesnt useary explicit
information aboutthe next operationshut tries to guessthem. Adaptive refersto the
ability to changeheprefetchingstratgyy dynamically asmoreinformationis availablein
thesystem.n ourcaseasshavnin Chaptei6, we donotfully implementheadaptability
part. However, more thanone stratgy hasbeenproposedandaswe will show later,
stratgiesperformbetterwhenmoreinformationis available. The prefetcheiis non-pure
in thatit implementsa non-penaltypolicy, in which useractionspreempthe prefetching

decisions.

5.1.1 SemanticCaching

Semanticcachingis a high level type of cachein which queriesare cachedratherthan
pagesor tuples. A characteristiof the objectsthat are placedin the buffer is thatthey
arenotreferencedy theirIDs whenaccessetly thefront-end.In otherwords,thefront-
enddoesnt askfor objectsusingrequestsuchasID = x or ID =y; instead,it passes
aquerydrequeted to the back-end:“are the objectswith thesecharacteristicgwithin this
brush)available?”. Thus,althoughthereare objectattributes(the extents)thatuniquely
identify eachentry, aclassicalookupfor acachekey is notpossiblevhentestingwhether
an objectis in the buffer or not. Instead,a setof queriesgly e IS associateavith the
buffer, similarto semanticcacing [12]. Thequerygrequesed Is thencomparedvith each
Ohorert 10 determinewhatobjectsfrom Orequeted @renotin Ohortert» @andthoseobjectsare
retrieved next. This differenceresultsin new queries(q‘+) thatcorrespondo thoseto be
loadednext objects.

Theproblemof determinetheqi+ gueriess usuallyknown asqueryfolding[31]. It has
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beenshavn thatthe problemis reducibleto the querycontainmenproblem[4]. Query
containments undecidablan the generalcasebut decidablein the caseof conjunctve
gueries[6]. As shavn in Chapter4 the queriesin our caseare all rangequeries,and
thereforeconjunctve.

Specialattentionhasto bepaidin asemanticachingervironmentto notallow dupli-
catesn thebuffer. Thus,whenmorethanoneq., . queryis storedn thebuffer, they are
forcedto bedisjoint. This meanghata new Qrequeted querywill modify the semanticof
the existing -, 1oy queriessuchthatthey do notreferto any commonobjectsary more.
As wewill shaw later, we partitionour objectsbasednthelevel value. This partitioning
makesthetaskof testingfor containmenteduceto checkingthe extentvaluesonly.

In orderto make theobjectadditionsandsubtractionfficient, we storetheobjectsin
thebuffer orderedoy theirextentvalue. Theordercanbeensuredy thequerymedanism
itself or canbeaddedasanew processingtep.In our casewe canrequesthattheobjects
in all queries(asdefinedin Section4) be retrieved in order by addingan ORDERED
BY clauseto or MinMax-derived SQL queries. This SQL clausewill not requireextra
processindgimeif we storethe objectsin thedatabaserderedy their extentvalues(left,
for example). It would require only minimal extra processingf we storethe objects
unorderedut have anindex built.

A problemthatall cachestratgjiesneedto solveis the cachereplacemenpolicy, i.e.,
to determinewhat objectshave to be removed from the cacheto make room for new
objects. Thefirst stepin implementinga replacemenpolicy is to provide an estimation
stratgy ableto measuré¢helik elihoodthatanobjectwill beneededn thenearfuture. The
estimationstratey, alsocalleda predictor, is usuallybasedon heuristics,probabilistic
models,or somerecordedstatistics. In our casewe usea probability function. The
probabilityfunctionalsodefinesa partitionon the setof objects.

Theobjectsin thememoryarethuspartitionedbasedn boththelevel andthe proba-
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bility value.An efficientwayto implementthisis to usetwo hash(bucket)tablesandhash
(distribute) the objectsinto the appropriatebuckets. The objectsin the samebucket are
connectedy a doublelinkedlist. We will explain the functionality of this organization

in Section5.1.3.

5.1.2 Probabilistic Model

Let's considera navigation grid A = (1..1) x (1..K) asintroducedin Chapter3. Each
pointfrom the supportset,andthuseachregion (g, Ly) from the navigationgrid, hasan
associategrobability P(m,i, k) thatmeasureghelik elihoodthatthe pointwill belongto
the active setafterusers next m operations Also, a probability 7*(m,i, k) will measure
thelikelihoodthat the point will belongto the active setat ary time during the next m
operations.Obviously, we have: P*(m,i,k) = & ,P(t,i,k), where® is a probability
sum,i.e., p1® p2 = p1+ p2 — p1p2 (from the principle of inclusionandexclusion).

The lookaheadparameter(LA) is the numberof operationsconsideredn adwance
when computingthe probabilities? and P*, i.e., the parametem from the definitions
above.

We saythat the monotonicityproperty (MP) holdson level k for a function (distri-
bution) f if thereexists an extentvalueE = E(k) suchthat f(-,k) is monotonicallyin-
creasingor valueslessthanE andmonotonicallydecreasindor valuesgreaterthanE,
i.e, for eachj; < jo < E we have f(j1,k) < f(j2,k) andfor eachj; > jo, > E we have
f(j1,k) < f(j2,K).

TheLA parametedictateshow mary operationghepredictorwill predict.In general,
the biggerLA is the morespeculatre the systembecomesandthusthe moreerrorsare
involved. We usedin our implementatioran LA equalto 1. If the predictionmodelis
very accuratggeneratesigh confidentpredictionsyan LA equalto 2 may eventuallybe

used.We don't anticipatethoughthata valuegreaterthan2 will everbeused.
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We saythatprobabilitiesassignedo the objectsareoperation-drivenif they arebased
on the probabilitiesthatthe predictorassigngo the possiblenext operationsin our case
we have six possibleoperationgrestrictingor enlaging ary of thethreeactive window’s
parameters)Let usassumefor example,thatwe have an active window w = (i1,i2,k)
andfrom this configuration goingleft with i1 is 50% probable going up with k is 25%
probable,andsoon. Then,objectsin (i,i2,k) will have a probability of 1, objectsin
(ip — 1,i1,k) will have a probability of .50, objectsin (i1,i2,k— 1) a probability of .25,

andsoon.

Theorem4 LetA = (1..1) x (1..K) bea navigationgrid. For anyopeiation-drivenprob-
ability modeland anylookahead A = 0, 1 or 2, the MP holdson ead level (1..K) for
both? and P*.

PROOF: (1) We consider? first. Let the six operationgk 1, k |, i1 <, i1 —, i2 +,

i2 —) benumberedL to 6 (in order).

e LA=0. For ary givenselectiortherearetwo regionsof equalprobability (Fig. 5.1).

MP holdstrivially in this case.

- Reggion0: P = 0 (unselectegboints)
- Reggion1: P = 1 (selectedoints)

O~
Inonou
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o
o
o
= [=]
o
o
O~
Inonou
LU LN
o
o
W= o

Figure5.1: LA=0: two regions of Figure5.2: LA=1: five regions of
equalprobability 0 and1. equalprobability 0, 1, ..., 4.
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e LA=1. Thesix operationghatpossiblychangea givenselectionrdefinefive regions
of equalprobability (Fig 5.2). Let p, ..., ps bethe probabilitiesassociateavith the

operationsThen,P canbecomputedor eachregion.

Region0: 7 =0
Regionl: P = pg

Region2: P = p3
Region 3: P = p3+ ps+ Ps
Region4: P = p3+ psa+ Ps+ Ps

Onlevels,we have threepossibletypesof configurationgdistributions);MP holds

onall of them.

- Level 1: 0,0,...0
- Level 2: 0,0, p1,-...p1,0,0

- Level 3: 0, p3, p3+ Pa+ Ps, P3+ P4+ Ps+ Pe, ---P3+ Pa+ Ps+ Pe, P3+ P4+
p57 p570

e LA=2. Let ay,...,a5 be the probabilitiesassociatedvith the first useroperation
andbs, ..., bg the probabilitiesassociatedvith the second.Similarly, thereare 10

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

It is againeasyto seethatthe MP holdsin this casealso.

- Rggion0: 7 =0

- Regionl1: P =aibh;

- Region2: P = ajbs+agh;

- Region 3: P = a; (b3 + bs + bg) + (ag+as+ ag) by

- Region4: P = a;y(bz+ by +bs+ bg) + (ag+ a4 +as + ag) by
- Region5: P = aghs

- Region 6: P = ag(bs + be) + (a5 + ag) bz
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- Region7: P = aybp + agby + asbz + (ag + as + ag) (b3 + ba + bs + bg)

- Region8: P = aybp + axby +a4(bs+ bs+ be) + (az+as +ap) (b3 + ba+bs +
bs)
- Region 9: P = ayb, + agby + (a3 + a4 + as + ag) (b3 + bg + bs + b)

EE
Inonn
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Figure5.3: LA=2: ten regions of
equalprobability 0, 1, ..., 9.

(2) LetusconsiderP* now. For agivenselectionthereexistsatleastoneextentvalue
E (the medianextentof the active set)thatdoesnt dependon the level or the lookahead
value(< 2) andthatmakestheMP holdfor 2 onall levels. Thereforefor eachk, P(-,K) is
monotonimnboth(—e, E) and(E, +) for ary lookaheadalue(< 2). Since?*(-,k) isa
probabilitysum(&) of monotonicallyincreasingunctionson (—, E) andmonotonically
decreasindunctionson (E, +), it necessarily(p; & pz > max p1, p2)) hasthe same
monotonicitypropertyandthereforehe MP holdson level k (g.e.d.)

In whatfollows, a probabilisticmodelwith alookahead/alueof O, 1 or 2 is assumed

(sothatMP holdsonall levelsfor both ? and?*).

5.1.3 CacheReplacement

As shawn in Section5.1.1,the buffer is first organizedas a bucket table basedon the
probability values. The objectsin the buffer are hashedoy rounding,basedon a fixed
numberof valuesagivenprecision).Thebucketswill thushave valuesranginguniformly

from O (anopenentry)to 1 (anobjectbeingcurrentlyin theactive set). Theobjectsin the
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samebucket arelinked by a doublelinkedlist. Independentlythe buffer is alsohashed
basemdnthelevel value.Again, we have a bucket tablewith asmary bucketsasthelevel
values.Theobjectsin the samebucket arelinkedby a doublelinkedlist. In addition,the
headerkeepsa pointerto the last elementin thelist. An invariantof the modelis that,
oneachlevel, theobjectsareorderedandlinkedin thelinkedlist) by their extentvalues.
Thisis assumedo be alwayspossible asdiscussedh Chapter3.

In whatfollows we will focuson the operationghatthis structureneedsto support.
The maintaskof a cachereplacemenpolicy is to find in the buffer the entriesthathave
thelowestprobabilityof beingusedandto remove themwhenmoreroomis neededThis
operatiomeeddo beefficient, sinceit occursfrequently

Whennew objectsarebroughtin they have to complywith theinternalorganization.
Updatingthe hashtablesis thenrequired.

When a requestis issuedby the front-end, a containmentestis performed. The
systenfirst checkswhethertherequestediataresideentirelyin memoryor not. In caset
doesnt, acompensatiolgueryhasto be sendto theloader, anagentthatfetcheshedata
from thepersistenstorage.

The front-endmay also send“refresh” querieswhenall objectswithin the current
selectionareneeded.

An importantrequirementf the systemthatcomesfrom its interactve natureis that
theuserneeddo be ableto preempthe otheragents’actions.Thus,whenthe currentse-
lectionchangestheloadingprocesss interruptedandwill only restartafterrecomputing
the new probabilityvaluesfor the objects.

In conclusionthebuffer acces®perationsanbesummarizeas:

A: Remove old objects. Getthe objectswith the lowestprobability thatresidein the
buffer (and further remove them one at a time when moreroom n the buffer is

needed).
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B: Bring new objects. Placean objectfrom the databaseursor into the memory

buffer (andrehashthe buffer entry).

C: Display active set. Getthoseobjectsfrom the buffer thatform the actve set(and

sendthemto the graphicalinterfaceto have themdisplayed).

D: Recomputeprobabilities. Recomputehe probabilitiesof the objectsin the buffer

oncetheactive window getschangedto ensureaccurateredictionsn thefuture).

E: Testcontainment. Testwhetherthe new active setfully residesn the buffer and

getsthemissingobjectq(if ary) from thesupportset(whenanew requests issued).

In the remaindersectionwe will shov how theseoperationsareimplementedn our
buffer stratayy.

A speedup in the buffer processingcan be achieved by usinga simplified version
of the probability-baseducket table. Thus, insteadof storingall objectsof the same
probability in onebucket, we only storethe oneswhich are extremeelementdfirst and
last) in the level basedists. However, for a betterunderstandingf the probleml| will
describebothcases.

As anexamplelet usconsiderthe navigationgrid displayedn Fig. 5.4. We have here
twelve regionsof equalprobability, the active window coveringthe middletwo ones.For
simplicity we considethatonly oneobjectresidesn eachregion. We alsonumbeittheob-
jectsfrom 1to 12. Thepicturepresent®nly threelevels(1, 2, and3). Also, probabilities
areassignedo eachregion andimplicitly to eachobject,basedon a “operation-drven”
probabilitymodel. Thus,objectst and7 have a probabilityof 1, thereis 40%chancehat
thewindow expandgo theleft, andsoon. In thisexamplea probabilityprecisionof 0.1is
assumedandconsequentyL0 probability-baseducketsareused. The probability table
is reduced;one canseeherefor instancethatonly 5 and8 are hashedout of the entire

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

An importantassumptiormadeat this point is thatthe query mechanisris ableto
provide the objectsfrom the active setin boththeincreasingandthe decreasingrderof
their extentvalue.If not,asortingstagehasto follow all callsto thequerymechanism.

Themainideabehindthe buffer accesstratgy is to keepthe setsof objectson each
level alwayscorvex in thebuffer (with respecto therelationof total orderdefinedamong
the objectsof the samelevel). Thisis possibledueto the factthatthe lowestprobability
objectswhich needto be replacedandthusremoved from thatlevel list) arealwaysat
the extremeof thelist.

In whatfollows, theimplementatiorof the buffer acces®perationss described For
a betterunderstandinga full versionof the probabilitytableis assumedirst. The com-
plexity of theseoperationss presentedn AppendixC.

OperationA —remove old objectsis equivalentto retrieving elementgrom the non-
empty probability bucketsin increasingorderof their bucket value. The operationthus
requiresa scanof the probabilitytableinterleared with traversalsof the bucket lists.

OperationB — bring new objectsis equvalentto hashingan entry with respecto
bothits level andits probability value. Hashingan entrywith respecto its level valueis
donein exactly oneor two operationsSincethe setof entrieson eachlevel is corvex and
containsthe higherprobability objectsof the level, thenthe newly addedobject, which

hasthe highestprobabilityamongthe objectsnot yetin the buffer, will necessarilye at
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theextreme.Theentriesoneachevel areorderecbasemntheextentvalue. Thereforghe
new objectis eitherthe new first elementon thatlevel’slist if it is lessthanthe previous
first object, or the new last elementif (necessarily)t is greaterthan the previous last
element. Hashingwith respecto the probability unfortunatelytakes m/2 operationdn
the averagecase wherem s the lengthof the currentprobability list. We needto make
surethanthe objectis correctlyinserted(with respecto its extentvalue)in thesequence
of elementdaving thesamdevel in its probabilitybucket, sothatremoving theelements
oneby onefrom the probability list leaves all the affectedlevel lists still corvex. The
efficiengy will beimprovedthoughby usingareducedorobabilitylist.

OperationC — display active setis simply readall entriesfrom the probability 1
bucket (last bucket). The numberof buffer accessess the numberof elementsn the
bucket.

OperationD — recomputeprobabilities requiresat leastone completescanof the
data. The objectspresere their level value so no changeof the level lists is needed.
However, the probabilitytableneedgo berehuilt, andthistakesn+n?/2 operationsn is
for deletingthe lists (this canbe donetogetherwith the probability recomputatiorstep)
andn?/2 for creatingthe new ones(it is basicallyonelist insertionfor eachobject).

OperationE — test containment is composedf two steps. The inclusiontestis
ensuredby the corvexity property An active setcorrespondingo an actve window
(e1,e,k) is includedin the buffer, if andonly if the list correspondingo level Ly is
Ok1,---,Okn @ndthe left extent (geometricalextremity) of okq, left(ok:) is lessthanor
equalto e; andthe right extent of ox,, right(okn) is greaterthanor equalto e. If not
included thedifferencebetweertheintervals (e, e;) and(left(ok1), right(ok,)) givesus
thenext request(sjo beaddressetb thequerymedianism

We now considerthe caseof areducedsimplified) probabilitytable. The compleity

of theseoperationss alsopresentedn AppendixC.
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OperationA (revisited). The samescanasin the caseof a full probability tableis
neededor retrieving thefirst non-emptybucket. However, aftergettingthefirst element
in the probability list, the level list is followed this time (aslong asthe entriesthere
have probabilitiesequalto the currentbucket’s probability p). The first elementwith
probabilitygreaterthanp is insertedn a probabilitylist (sinceit will remainthe extreme
element@andthe procesgontinueswvith the next elemenin the p probabilitylist.

OperationB (revisited). Rehashingbasedon the level valuetakesthe samenumber
of operationsasthe caseof a reducedprobability table. Rehashingwith respecto the
probability however takes exactly two operationdn this case. The new objectwill be
insertedasthefirst elementin the probability list correspondingo its probability value
and the secondelement(or the secondlast) in the level list (the previous extreme)is
removedfrom its probabilitylist.

OperationC (revisited). OperationC doesnotchange.

OperatiornD (revisited). Clearly onecompletescanis necessaryor recomputinghe
probabilities(and this scancan also be usedto deletethe probability lists). Sincethe
probabilitylists only containthefirst andthelastelementn thelevel lists, retuilding the
probabilitytableonly takes2m operationswheremis thelengthof thelevel buckettable
L.

OperatiorE (revisited). OperationE doesnotchange.

5.1.4 Databaselntensive Case

In this caseonly onelevel is usedat atime. Thelevel tablebecomes circularlist, while
theprobabilitytableis notatall usedsinceall entrieshave now the sameprobability The
only problemthatneedso be addresseth this context is the synchronizatiorbetweera
“producer”’procesgtheloaderthatfetcheshedata)anda“consumer”procesgthefront-

endthatdisplaysthe data). The synchronizatiorbecome®ssentiain this casesincethe
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two taskscannotbe completely‘serialized”any more.

In theDBI casethenumberof objectsin oneactive setatatime maybe greaterthan
thenumbem of entriesavailablein thebuffer. Thus,while theproducemprocessadvances
in the circular list, it may attemptto overwrite someof the old objects(Fig. 5.5). This
is acceptablef the objectsto be overwritten have alreadybeenreadby the front-end.
However, to assurehis functionalitythe modelmustchangeunderthe DBI assumption.
Intuitively, if for instancethe datain the buffer needgo bereada secondime (asis the
casedn arefreshprocessjhentheconsumechangeshetraversaldirection. Theproducer
is positionedat the first non-overwritten entry and also changests traversaldirection
(Fig. 5.6). In thistwo-waytraveisal procedureve keeptwo pointersig andi; positioned
atthefirst andlastelementrespecitiely, in the currentactive set(if thoseelementsexist
in the buffer). Thesepointersdo not however take partin the synchronizatiorprocess.
Thesynchronizatiorsimply requireghatthe consumeandtheproducerdo notcrossone
another Sincethetraversaldirectionis irrelevant,we implementthis requiremenby not
allowing the two pointersto take on the samevalue, no matterwhich one follows the

other
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Figure5.5: Finishingreading.Cur- Figure5.6: Startingre-reading.The
rent objectsare paintedsolid; the  traversaldirectionchangegor both
overwrittenobjectsstriped.Dashed  consumerand producer Buffer in
linesareundefinedoointers. aninconsistenstate.

A consistenstateis onein whichthe buffer containsa sequencef objectsthateither

startswith the first elementof the active set(referredto a a-state)or endswith the last
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one (referedto asa (3-state),i.e., ip andi; arenot both undefined(NULL) at the same
time. An a-stateusuallyoccursaftera backwardtraversal while an3-stateoccursaftera

forwardtraversal. Therearesix typesof acces®perationsn the DBI case We will shav

thatall theseoperationgeave the buffer in a consistenstate.

Refreshing(re-readinghe buffer). (a) A forwardtraversalstarts.ic is setto ig, ip to
the endof the sequencéalwaysonestepbeforeip). i1 is undefinedandig is alsosetto
NULL. Theloadingprocesscontinueswith the producerbehindthe consumeruntil the
endof theactie setis reachedanda terminationcharacters placed.i; is thenredefined.
Thewhole procesendswhenthereadereachesheterminationcharacterThe buffer is
left in a 3-state.(b) A backwardtraversalsymmetricto (1a) begins. Changingthelevel.
Changinghelevelwill flushthecurrentbuffer nomatterwhatthestateis andloadthenew
active setin aforwarddirection. A (-stateis reached Expandinghebrushfrom left. (a)
The procesgorrespondso a continuationof the loadingprocessasif it weretemporary
interrupted. The terminationcharacteiis removed andthe producercontinuesto place
objectsin the buffer. The readerstartsreadingelementdrom its previous position. The
procesendsagainin an a-state. A re-readoperationof type (1a) usuallyfollows. (b)
Sameas (1b). Expandingthe brushfrom right. (a) Sameas (1a). Similar with (3a)
(symmetric). Restrictingthe brushfrom left. (a) The elementghatno longerbelongto
theactive setareremovedfrom the buffer startingfrom ig. Whenthefirst elementof the
new active setis reachedan (1a) re-readprocesshagins. (b) Sameas(1b). Restricting
thebrushfrom right. (a) Sameas(1a). Similarwith (5a) (symmetric).

In conclusiongxceptfor thetwo caseg3a)and(4b), whenare-reads usuallyneeded
afterasequencef writings, thereadingandwriting timetypically overlap(theoperations

canbecompletelyparallelized).
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5.2 Prefetching

5.2.1 General Characteristics

Computermemoriesare usuallyorganizedhierarchically A two-level memoryconsists
of arelatvely small but fastcache(suchasinternalmemory)anda relatively large but
slow memory(suchasdisk storage). The datarequestedy an applicationmustbe in
cachebefore computationcan proceed. If requestedlatais not in the cache,thenthe
applicationhasto wait while the datais fetchedfrom the slov memoryto cache. The
methodof fetchingdatainto thecacheonly whenaspecificrequeshasoccureds refered
to asdemandfetching. In mary applicationsusersspenda significantamountof time
interpretingdataandthe processoandl/O systemaretypically idle duringthatperiod. If
thecomputercanpredictwhatdatatheuserwill requeshext, it canstartfetchingthatdata
into cache(if not alreadythere)befole the userasksfor it. Thus,whentheuserrequests
thedata,it is availablein cache andthe userpercevesafasteresponsdime.

In mary interactve databasepplicationsthereis often sufficienttime betweeruser
requestsandthereforethe amountof datathatcanbe prefetcheds limited only by the
cachesize. This situationis referedto aspure prefething and constitutesan important
theoreticalmodelin analyzingthe benefitof prefetching. In practicehowever prefetch
requestareofteninterruptedoy userrequeststesultingin lessdatabeingprefetchedta
time. In suchcasescallednon-pue prefetding, issuef cachereplacemenalsoneedo
be consideredBasically pureprefetchersanbe corvertedinto practicalnon-pureones
by combiningthemwith cachereplacemenstrataies.

An informed(off-line) algorithmcanuseknowledgeaboutfuture actiity. If the pro-
gramgeneratingrequestss known a priori, prefetchingdecisionscan be madeoff-line
(asit is donein compilerdirectedprefetchingfor instance) An algorithmis speculative

(on-line)if it makesits decisionsbasedonly on the history. Without a priori knowledge

a7



or statisticsof the userrequestpatterns,asis the caseof mostof the interactve (such
ashypertet [15]) applicationsprefetchingmustbe speculatre (on-line). An important
requiremenbf speculatie prefetchings thatthetime spenton makingprefetchdecisions
mustbeminimal.

An algorithmis adaptiveif it hasthe ability to changeits prefetchingpolicy due
to somerun-time variations. As the accessbehaiour of a programmay vary during
its execution,changingwhento issueprefetchingrequestsor the amountof datato be
prefetchednayinfluencethe performancef prefetching.

We designedndimplemented speculatre, adaptve, non-purestrateyy for prefetch-

ing. We will describeourapproachn theremainingpartof this chapter

5.2.2 Strategies

Our approachis to generatea hierarchyof prefetchingstratgies, basedon different
prefetchinghints. The assumptions that the predictorcan discover the hints gradu-
ally. Theapproachmpliesanevolutionarybehaiour: atthebegining, lessinformationis
availableto the predictorandthereforehenumberof prefetchinghintsthatit candiscover
(with areasonableonfidence)s alsolow. In time, moreinformation(e.g.,statistics)oe-
comesavailable,andthereforemorepatterngandimplicitly hints)canbediscovered.In
all caseghe prefetchebasests stratgy on the maximumamountof informationit can
find.

In our case,we assumehat the predictorcandiscover two typesof navigation pat-
terns. Specifically we assumehatthe predictorcandetectif the usertendsto usemore
frequentlythe currentnavigationdirectioninsteadof changingt andalsoit candetectf
thedatabeinganalyzechassomeregionsof interest(socalledhotregions towardswhich
the userwill very likely go, sooneror later Basedon theseassumptionsye designed

threeprefetchingstratgies:random(S1),direction(S2),andfocus(S3). In experiments,
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we alsoconsideredhe caseof not prefetchingatall, casereferredto asSO0.

Stratgy S1(random)s basednrandomlychoosinghedirectionin whichto prefetch
next. This stratgy is appropriatewhenthe predictoreither cannotextract prefetching
hintsor provideshintswith alow confidenceneasure.

Stratgy S2 (direction)implies thatthe directionof the next operationcanbe deter
mined. Basedon patternsextractedfrom the users pastexplorationsaswell ason the
parameter®f the currentnavigation, the predictorcould assigna higher probability to
a particulardirectionversusanother Giventhe direction, this prefetchingstratey (S2)
says‘prefetchasmuchdataasyou canin this givendirection”. The presuppositionhat
the next directioncanbe determineds not arbitrary It is very intuitive for instancethat
theuserwill continueto usethe samemanipulationtool for a while beforechangingto
anotherone(eachmanipulatiortool preciselydetermine®nedirection).

Stratgy S3 (focus)usesinformationaboutthe mostprobablenext directionaswell
as hints aboutregions of high interestin the dataspace. The strategy will continueto
prefetchdatain the given direction. However, when a hot region is encounteredhe
prefetcheistopsprefetchingin thatdirection. Thereasonis thatit is very likely thatthe
userwill stopthereor atleastspendmoretimein thatregion.

In Chapter7 we compardghesethreestratgies. Theresultsconfirmour generabsser
tion thatthemoreinformationis available,themoreefficient prefetchings. Thus,we can
concludethatchangingthe prefetchingstratgy assoonasmore patternsarediscovered

will improve the overall performance.
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Chapter 6

Implementation

6.1 SystemAr chitecture

The work describedso far hasbeenimplementedasan extensionto XmdvTool 4.0. A
high-level diagramof themodulesaddedandtherelationshipgoetweerthesemodulesand
the original systemis presentedn Figure6.1. XmdvTool 4.0 was codedin C++ with
TCL/TK andOpenGLprimitives. The new addedmodulesarewrittenin C with ProC*
(embedde®QL) primitives.

Interaction with the original system.Theinteractionwith theoriginalsystem(shavn
asGUI in Figure6.1) hasbeenreducecasmuchaspossible We have implementedvhat
we calleda prepare/iteratparadigm.Thus,whentheuserissuesanew requestthefront-
endonly hasto inform theback-endabouttherequesby callingprepase, andthenretrieve
thedesiredobjectsoneat attime by repeatedlycalling iterate

The query rewriter. Theuserrequestrrivesfirst to the rewriter. This modulecon-
sultsthe informationin the buffer, anddecideswhetherthe requesttanbe immediately
senedor needsmoreinformationfrom the databaselt thenrewritesthe original query

asasetof loadingrequests.
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The query translator. Thetranslatortakesa loadingrequesiasinputand,basedon
the schemeof the currenttable, translatest into SQL. The translatedjueriesarethen
passedo theloadermodule.

The loader. Theloaderis the only modulethatdirectly interactswith the database.
Its dutiesareto allocateanddeallocatehe Oracledescriptos, copy andformatdatafrom
the Oraclestructuresnto the applicationbuffer, andsoon. To determinewvhich elements
needto be removed from cacheto make roomfor the new entriesthe loadercooperates
with the estimator

The estimator. Theestimatoiis themodulethatpredictsthefutureactionsof theuser
andassigngrobabilitiesto the buffer entriesbasedn thosepredictions.

The prefetcher Runningasa separat@rocesstheprefetcheis themodulethatgen-
erateff-line loadingrequestgcalledprefetchingequests)Theprefetcheis startedand
stoppedary time anew userrequestarrives. Thesynchronizatiorbetweerit andthe par
entprocesss describedn the next section.The prefetcheicooperatesvith the estimator

thatprovidesits hintsandwith therewriter thatprocessetheprefetchingequestsurther

6.2 Threadsand Synchronization

As shavn in Figure 6.2, thereare two threadsin the system:the main thread andthe

prefetder. In addition, TK comeswith acomplicatedsystemof priority queuedo ensure
somdairnessandoptimizationin thesystemMore precisely TK hasidle-jobqueueghat
keeptrackof all processethatneedto be performedvhenthe systemis idle. Refreshing
its widgetsis suchaprocessfor instance .Thesequeuesntroducea hierarchyof priorities
andensurefor examplethatthe immediateuserrequestpreemptotherprocessegmost
of theidle-jobsarehowever not interruptible). Moreover, TK is ableto cancelsomeof

therequestsn thequeuesf it candeterminghatthoserequestsrenotneededary more.
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Figure6.1: Systemarchitecture. The ovals depictthe flat-file data. Dashed-linerect-
anglesshow the separatiorbetweerthe on-line andthe off-line computation.Solid-line
rectanglesepresenthe agents.Squaresepresenmeta-knavledge. Solid arravs shov
the controlflow.

Thepriority queuesn TK areimportantherebecausehey explainhow the GUI functions

asaseparat@rocessHowever, they alsoaffectthe performanceasshowvn in Chapter?.
As saidbefore theprefetchethreads createdy theback-endvhenthesystemsidle

andgetscancelledassoonasanexplicit requests receved. A synchronizatiomiagramis

presentedh Figure6.2. Thesynchronizatiomvasimplementedisingthe pthreadlibrary.

6.3 Interacting with the Database

In orderto load datafrom the databasento the main memorywe useddynamicSQL
statementsspecifically dynamicSQL of “type 4”. Unlike the othertypesthat Oracle
provides, type 4 canbuild dynamic SQL statementghat containan unknavn number
of select-listitemsor placeholdergor bind variablesand cantake explicit control over
data-typecorversionbetweerOracleandC types.To processghis kind of dynamicSQL

statementsthe programhadto explicitly declareselectandbind descriptor{SQLDAS).
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Figure 6.2: Systemsynchronization. The dashed-linerectanglerepresentshe main
thread.Therectangle®ntheleft handsideof themainthreadform theprefetchethread.
The GUI actsasa separat@rocessdueto the priority queuesf TK.
A selectdescriptorholds descriptionsof select-listitems, and the addressesf output
buffers wherethe namesand valuesof select-listitems are stored. A bind descriptor
holdsdescriptionf bind variablesandindicator variables,andthe addressesf input
bufferswherethe namesandvaluesof bind variablesandindicatorvariablesarestored.
This solutionis requiredin our systemdueto the factthatthe usercandynamically
changethe dataseto be usedduring the exploration. Thus, the table which is queried

(andimplicitly the nameandnumberof theattributes,etc.) changesswell.
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Chapter 7

Experimental Results

7.1 Experimental Inputs

Performanceneasurementis systemsvherehumaninteractionis neededequiretypi-
cally someway of simulatingtheusers.Themainreasongor thatis thatexactlythesame
sequencef operationdhasto be performedmultiple times. Userinput (alsoreferredto
asuserscriptor input script from now onwards)is a sequencesf useroperationsand
the time specificationof whenthe operationsoccur In XmdvTool, the userinputis a
sequencef navigation primitivesand delays. An exampleof userscriptis presented
below:

1000 3 0.050000

1200 1 0.100000

1400 1 0.150000

1600 2 0.200000
Thefirst columncontainghetime specificationthe secondhetype of the operationand
thethird the parameter¢hatthe operatiorrequires.

Themaingoalfor ourinputsimulationis to provide “dataspecificity” and“userspeci-

ficity” to thescriptsthatwe generateln otherwordsthescriptsneedio shav how particu-
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laritiesin thedatamayaffectthenavigationandalsohow particularitiesn userbehaiour
(personapreferencesnayinfluencethesame.Theseparticularitierovide thehintsthat
we exploit whenprefetching.

We simulatethe specificityin databy using“hot regions” (Fig. 7.1). Hot regions
are placesin the navigation spacefrom where someinterestingpropertiesin the data
arevisible andwherethe userwill consequentljikely examine. Our assumptions that
sooneror latertheuserwill reachthosehotregionsandthusmoving towardthemis more
probable.Thesizeandthe numberof thesehotregionsaswell asthe probabilityof using

themarefactorsthatcanvary aswe will shaw in Section7.2.

Figure7.1: Hotregions: selectionsn thenavigationspacehatprovide usefulinsightinto
thedata.

We also simulatethe specificity in the userbehaiour. First, we usea probability
factorthat givesthe likelihoodthat the userkeepsmoving in the samedirection. This
seemgretty naturalgiventhe navigation ernvironment. Eachnavigationtool (widgetin
the GUI) correspondso a direction. The userwill usethe samenavigation tool for a
while andthenchangeto anotherone,andsoon. Secondwe distinguishvariousclasses
of delaysthatmay occur We differentiatebetweenshortdelaysthatoccurbetweertwo
consecutie eventswhen using the sametool, moderatedelayswhen, for instance the
userchangeghe navigationtool andlarge delayswhenthe useranalyzeghe data. The

probabilityvalueaswell asthedelayvaluescanbevariedaswe will showv in Section7.2.
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Giventhefactorgustdescribedtheusermovespseudo-randomlin our experiments,
i.e., someof the future possibleactionsare more probablethan others, but choosing
amongtheseactionsis still performednon-deterministically The input scriptsmay af-
fect the systems performance Therefore the resultswe presenfurther areobtainedas
theaverageof multiple runsin which the scriptsaregenerateavith the sameparameters.

The approachusedto modelusernavigation may not be the only possibleone. Ob-
viously, we feel that our methodgeneratescriptsthat are closeto real ones;however,

furtherresearchs neededo validatethis assumption.

7.2 Settings

All experimentsvereconductednanAlphav4.0878DEC station runningOracle8.1.5.
We usedC asthe hostlanguageandembedde®&QL statement$or accessinghe datain
thedatabase.

Throughoutall phasesf testingwe useddifferenttypesof datasetsboth real and
syntheticoneswith alwaysconsistentesults.However, all experimentsve reportin this
thesisarebasedn syntheticdataonly. We madethis choiceto avoid theproblemscaused
by non-homogeneousructuresn interpretingthe result,sincethe performancelepends
to somedegreeon the shapeof thetree,i.e, thedistribution of thenodesn the clustering
tree.

Thuswe usedcompletereeswith aconstanfan-out(2). Theelevendatasetsve used
have betweenl28 (sameasIRIS benchmark)and 10 million datapointspetweern8 and
20 dimensionsandbetweenl,024(21°%) and65,536216 objectsasthe maximumnumber
of pointsdisplayedat a time. The dataset®yamed:D1, D2, D3, D128,D1k, D2k, D4k,
D1k10k,D1k100k,D1k1M, D1k10M, hadrespectrely 4096,65536,131072,128,1024,
2048,4096,10000,100000,1000000and100000000bjects,anda maximumnumberof
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displayedobjectsof 2048,32768,65536,128,1024,2048,4096,1024,1024,1024,and
1024respectiely.

We alsovariedtheuserinput (numberof focusregions,delayfactor “k eepdirection”
factor)andsomesystemparametergprefetchingstratey, hintsto queryoptimizer and
sizeof thedata). In all experimentswe usednavigation scriptscontainingbetween300
and3000useroperations.

Thevalueswe measurediuringthe experimentsvere: quality, query-basedit ratio,
objects-basedit ratio, andlateng. Thequality is the numberof objectsbeingdisplayed
during a navigation session.As explainedin Chapter6, the displayrequestsn TK are
gueuedandsenedwhenthesystemis idle. However, if two displayrequestseferto the
samewidget, the older oneis cancelled.This behaiour may resultin lost information,
whenthedisplayrequestsretoofrequent.Thisis why we considethenumberof objects
beingdisplayedasa measuref thevisualquality. Thehit ratiois the numberof hits over
thetotal numberof items(queriesor objects)requestedrom the back-end.The lateng
is thetotal time, expressedn secondsin which theuserhadto wait for herrequestso be

sened,i.e.,theon-lineloadingtime.

7.3 Experiments

Experiment 1. MinMax vs. Recursie. First, we measuredhe systems performance
whenimplementingthe structure-basetirushesusing both the MinMax treetechnique
andadirectimplementatiorof thequeryspecificationi.e.,arecursvetechnique As SQL
doesnot supportrecursve views, the recursve techniqueusedan additionalattribute to
mark the tuplesselectedoy thattime by all previous recursionsteps. In both casesve
usedthe schemadescribedn Chapterd andcreatedsimpleindiceson thejoin attributes

andcompoundndiceson extentandlevel attributes. Maintainingthe indiceswasnot an
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issuebecausehetreeswerestaticduringour experiments.Theresultsof the experiment
arepresenteth Figures/.2—7.4. As expectedtheMinMax methods substantiallyffaster
thantherecursve onein all cases.Theseresultsshav clearlythatthe applicationof the
MinMax techniquen our systemmadevisual explorationover large datasetpractically

feasible thusaccomplishingour ultimategoal.

time (s) time (s)
2000

inMax
Recursive 1800 Recursive -]
100

1600
1400
80
1200

60 1000
40

20

0 0
0.2 0.4 0.6 0.8 1 0.2 0.4 0.6 0.8 1
right extent value right extent value

Figure7.2: MinMax vs. Recursve. Figure7.3: MinMax vs. Recursie.
Structure-basetrushedor dataset  Structure-basebrushedor dataset
D1. D2.

Experiment 2: Varying brush parameters. In the next threeexperimentsve ana-
lyze the behaiour of the systemwhenthe size of the brusheschanges.Specificallywe
vary the level value,the extentvaluesandthe size of the dataset.For theseexperiments
we useacompoundndex on (el,e2,L) andaNOCACHE hint for the Oracles optimizer
Sincethebrushesreimplementedsrangequerieswe expectthattheresponséime will
vary linearly with respecto all theseparameters.

Experiment 2a: Varying the level value. In this experiment,the extentvaluesare
constant(0.25,0.75) andthe level valuevary in two-unitincrements.As in a complete
binarytreethenumberof pointsincreasesxponentially(doublesachevel), we expected
thatthe responséime would have at mostthe samegrowth andthusbelinearin thesize
of theinput. However, asonecanseein Fig. 7.5, the linear behaiour canbe obsered
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. Recursve.
Structure-basetrushedor dataset
D3.

x
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Figure7.5: Varyingthe level value.
Functions compared against 2~.
Logarithmicy scale.

constant(11 — the leaf level in the smallestdatasetland the extent valuesvariesfrom

(0.0,0.0) to (0.0,1.0) in 0.2 incrementgcapturedon the x-axis). Thebehaiour is again

expectedto be linear This experimentis particularly importantsinceit validatesour

assumptiorthat the incrementalcomputingof brushess needed.Indeed,as showvn in

Fig. 7.6,theincreasen theresponse¢ime s linear. Thusthe processindime for alevel-

basedorushis proportionallyreducedvhencomputingit incrementally
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D2 +—
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Figure 7.6: Varying the extent
value. Functionscomparecdagainst
X+ 1.
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Figure7.7: Varyingthedatasesize.
Levels 12 and 14 not definedfor
D1.

Experiment 2c: Varying the sizeof the dataset. In this experimentwe useddataset

D4, having 218 = 262144tuples. The brushsettingsaresetto valuesfrom (0.25,0.75;8)

to (0.25,0.75;14), andthe datasethanged$rom D1 (4096tuples)to D4 (262144tuples).
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Thenumberof nodesdoubledfrom D1 to D2, from D2 to D3, andfrom D3 to D4 (shavn
onthex-axis). However, asonecanseein Fig. 7.7, theresultingtime is almostconstant.
This ensuresghatour systemndeedscaleswell to large datasets.

Experiment 3: Varying user input. In the next threeexperimentswe analyzethe
behaiour of thesystemwhenthe userinputchangesSpecificallywe vary the sizeof the
delaysbetweenevents,the numberof the hot regionsandthe probability parametethat
determinesf the currentdirectionis abandonear not. For theseexperimentsve usethe
dataseD1k100k (having atotal of 100,0000bjectsand 1,0000bjectsin the maximum
active set),andthe NOCACHE hint for the Oracles optimizer Theresultsrepresenthe
measurementfr both direction (S2) andfocus (S3) prefetchingstratgies, with mini-

mum buffer size(i.e., 1,0000bjectsin this case).
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Figure 7.8: Varying the delaysfor Figure 7.9: Varying the delaysfor
stratgy S2andS3. Measuredjual-  stratgy S2 and S3. Measuredhit
ity. ratio.

Experiment 3a: Varying the delays.In thisexperimentwve varythedelayfactor Ba-
sically, we multiply thedefault 1/10-1-5delayswith factorsof 1, 2,5, and10. Increasing
thedelaysgivestheprefetchemoretime. Thus,it is naturalthatthe quality (Fig. 7.8), hit
ratio (bothatthe objectandatthequerylevel) (Fig. 7.9),andlateng (Fig. 7.10)improve.
Also, we comparethe executionof the direction prefetchen(S2) on multiple datasizes
(D128,D1k, D2k, D4k). Thereis atendeng for the systemto performbetterthanlinear

assoonasit exceedghe shortdelayregion. Thisis expectedgiventhatfor shortdelays
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Experiment 3b: Varying the hot regions.In this experimentwe vary the numberof
hotregionsfrom 2to 5. As we expectedtheresultsshav thatthe performancelecreases
(Fig. 7.12)whenthe numberof hot regionsincreasesWe presenthereonly the hit ratio
measurementshelateny andthequality arenotrelevantsincetheinputscripthadto be
changedrom onemeasuremerb another

Experiment 3c: Varying the “k eepdirection” parameter. In this experimentwe
vary the probability of maintainingthe samedirectionwhenthe currentsequencef “in-

terruptible”operationss over. Basically the probabilityfactorgivesthelik elihoodthata
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userwill keepusingthe samemanipulatiortool. We usefactorvaluesfrom 0.2t0 0.8,in
increment®of 0.2. Theobvioustendeny is thatthehigherthefactoris, themoreaccurate
the predictionis. We againmeasuredhe hit ratio (Fig. 7.13);thelateny andthe quality
wereirrelevantdueto the changeof theinput scripts.Notethatthe systemuseshe same
predictionall thetime, whichis a probabilityof 0.6. Also, aspartof this experimentwe
vary thesizeof thedatafor thedirection(S2) stratgy (Fig. 7.14). The sametendeng is
present.

Experiment 4: Varying systemsettings. In the next threeexperimentsve analyze
how, given a “typical” userinput (suggestedy the previous set of experiments),the
performancas influencedby varioussystemsettings. We useda userscript with three
focusregions, a delay multiplication factor of 2 anda “keepdirection” factor of 0.60.
For theseexperimentsve variedthe prefetchingstrateyy, the hintsto the queryoptimizer
andthe size of the dataset.All of the resultswere obtainedasaverageof multiple runs
(typically 2 to 4), with differentinput scripts(but generatedvith the sameparameters).
The measurementfor eachpoint on the graphsis the result of the executionof 500
operationscripts.

Experiment 4a: Varying the prefetchingstrategy. In this experimentwe testedthe

four prefetcherstratgies S0, S1, S2, and S3 againsttwo datasetspamelyD1k10k and
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D1k1M. An indirectcomparisorbetweenS2 and S3 hasbeenalreadyperformedin the

previous setof experiments.The resultsconfirm that S3is typically around10% more

efficient than S2 (Fig 7.15). Someha unexpected,randomprefetching(S1) performs

closeto S2andS3for thebothdatasetgFig 7.16).
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Experiment 4b: Varying the databasecachehints. In this experimentwe evaluate

theimpactof thedatabaseachepolicy onthesystenperformanceSinceOracledoesnot

provide supportto directly controlthe 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 the databaséuffer aslong



aspossible. A “nocache”objectwill not be loadedinto the buffer. However, nothing
preventsthe optimizerto reada “nocache”objectfrom cachejf the objectis there. Thus,
the resultsof theseexperimentshave a higherdegreeof deviation. In averagehowever
boththe hit ratio (Fig 7.18)andthelateny (Fig 7.19)improvesby about10%—-30%.0n
the otherhand,the gain of usingprefetchingis usuallyat least150%—-200%.It follows
thereforghatourtechniquénasaclearadvantageoverusingacommerciatacheonly. We

variedin thisexperimentoththeprefetchstratgy (Fig 7.18)andthedatasize(Fig 7.19).
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Figure 7.20: Varying the dataset. ~ Figure 7.21: Varying the dataset.
Measuredhehit ratio. Measuredhelateng.

Experiment 4c: Varying the datasetsize. In this experimentwe testthe scalability
of our method. We usefor this purposethe dataset® 1k, D1k10k, D1k100k,D1k1M,
and D1k2M, andall the prefetchstratgies S0, S1, S2, and S3. The buffer sizeis set
to the minimumandthe Oraclehintsare“nocache”. As onecansee,the methodscales
betterthanlinear (very similar to alogarithmiccurwe). It follows thatthe methodis very
appropriatdor exploring large datasetsthe goal of thisthesis.

Discussion. Thefirst setof experimentshasdemonstratethatrecursve processing
of queriesis fartoo expensve to be appliedin interactve tools suchas XmdvTool. Fur
thermore,the useof MinMax encodingis shavn to make the problemtractable. The
experimentconfirmedagainthe gain of usingpre-computednformationto supporton-

line processing.
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Thesecondetof experimentdhasdemonstratethattheprocessingimefor astructure-
basedrushoperations only proportionako thenumberof objectsbeingselectedindin-
dependentrom whatbrushparametechangedThus,thetime requiredfor computinga
sequencef brushess proportionako thesumof theobjectsin all theseselectionsThese
experimentdully confirmedour approachof computingthe structure-basetirushesn-
crementally

Thethird setof experimentdhasanalyzedow theuserinputinfluencesheprefetcher
accurag andthusthesystenoverall efficiency. Whenthereis a clearfocusin navigation
orthereis enoughime betweerevents(requests)he performancemprovesconsiderably
Theexperimentonfirmedtheimportantrole of agoodpredictor

Thefourth setof experimentshasanalyzedhe performancef the systemfor afixed
type of userinput. The resultsshawv that prefetchinghelps. The systemperformance
improvessignificantlycomparedo the caseof usinga cachepolicy only, no matterthat
thecaches atthedatabassideor attheapplicationside. Moreover, we have shovn that

the systenmscaledetterthanlinearly with respecto thesizeof the datathatis explored.
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Chapter 8

Conclusionsand Futur e Work

8.1 Conclusions

With the increasingamountof databeingaccumulatedhowadaysthe needfor visually
exploring large datasetdecomesmore and more important. A viable way to achieve
scalabilityin visualizationis to integratevisualizationapplicationswith databasenan-
agemensystemsSuchintegrationsraisehowevertwo kind of problems First, it requires
the designof anorganizationof dataanda correspondingiuerymechanisnsuchthatall
front-endoperationganbetranslatednto efficient databaseperations Seconda good
memorymanagemenstratgy shouldbe employed in orderto reducethe overheadof
databasaccesseandthusmake theuseof the databaséransparento end-users.

This thesispresentsa solutionthat addressedoth problems. The approachis be-
ing usedto coupleXmdvTool4.0, a visualizationapplicationfor interactve exploration
of multivariatedata, with an Oracle8idatabasenanagemensystem. Experimentsfor
assessinghe methodshaved that, despitethe recursve natureof the operationsat the
interfacelevel, the processingime in our integratedsystemis only proportionalto the

numberof objectsbeingselected.Moreover, the systemscaledinearly with respecto
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thesizeof thedataset.

In summarythe maincontritutionsof our approaclare:

e The MinMax methodwasdevelopedin orderto improve the applicability of rela-
tional datasesystemdor a classof new applicationancluding visualizationtools
or CAD/CAM applications. The methodprovidesimportantadwvantagesover the
traditionalrecursve approachewhenimplementinghavigationoperationon hier-
archicalstructuresiueto its fastway to computetheancestoraindthedescendents

of thenodesn thetree.

¢ We implementedhe MinMax techniqueusingOracle8 andC asa hostlanguage
andshavedthatthe MinMax-basedjueriesperformedsignificantlyfasterthanthe
eqguvalentrecursve queries We usedthis techniqueo implementthe querymech-

anismfor XmdvTool [49].

e The cachingstratgy we employed supportsincrementaloading of datainto the
memorybuffer. By hashingthe objectsfrom the buffer basedon their level value
andby keepingheobjectsoneachevelin ordet any querycontainmentestagainst

the datain memorybecome®f compleity O(1).

¢ To furtherreducethe responseime in the systemwe designeda speculatre non-
pureprefetchetthat bringsdatainto memorywhenthe systemis idle. In orderto
ensureefficiengy atinterruption the prefetcheusesacachereplacemenpolicy that
combinesa low granularityof data(objectlevel) anda “semantic” descriptionof

the contentof the buffer.

e Usersaresyntheticallygeneratedor testingthe system.Navigation patternssim-
ulatesdataspecificityaswell asuserspecificity Moreover, a properindirectionof

theinput ensureghat exactly the samenavigation script canbe executedmultiple
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times.

e Experimentshovedthatthe proposednemorymanagemergtrat@y significantly
decreasethelateng in thesystem.Thesystennmow scaledor datasetsf theorder

10°—10 records.

8.2 FutureWork

Directionsfor furtherresearchncludeboth refining the currentapproactand makingit
moregeneraby droppingsomeof the constraintghatwe areenforcingnow.

Theefficieng in thesystencouldbefurtherimprovedby developingamoreaccurate
usermodel. A complex studywould needto recordandanalyzerealuserinput andthen
produceclasse®f patternghatinvariantly occurin real navigations. We think thatour
modelprovidesafair approximatiorof theusers.More researclis neededo validatethis
hypothesis.Oncean accuratausermodelis provided, we could designa morecomple
predictor basedon that model. If we confidentlyknow how the patterndook, the task
of extractingthe exact parametergrom a real navigation scriptis a tractablestatistical
problem.

Thesystemcouldalsobefunctionally extendedby droppingsomeof the currentcon-
straints,asfor examplethe “static” assumptionThis assumptiorhastwo aspectsFirst,
we might considerdynamicchange®f the datasetlt is moreandmorecommonto ana-
lyze informationthatsuffersintensive updatesiuringthe exploration. Secondwe might
dynamicallychangethe tools that we are usingduring the explorationitself. Dynamic

clusteringor dynamiccomputatiorof aggr@ateswould be possiblefor instance.

68



Appendix A

Navigation Operations

A.1 Notation Conventions

In whatfollows,n;..n, denotea sequencefintegers{ni,n1 +1,...,nz}. Avariablevthat
takesall the valuesfromn; to ny will bedenotedoy v = n;..np. A variablev that takes

somevaluesfromn; to n; (notnecessarilall of them)will bedenotedysome v € ny..ns.

A.2 Hierarchical Clustering

Let X = {xg,X2,...,Xm} bea setof basedatapoints. Then,P = {P;,P,, ..., P,} is defined

to bea partition of X iff:

Vi<j<n: P CX (A1)
V1i<j1# j2<n: P,NP,=0 (A.2)
n

UPr =X (A.3)

We denotethe setX on which partition P is definedby support(P). Whenusingmore
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thanonepartition, weindicatethepartition numberbya supescript,e.g.: P'={P},P}, ..., P, }.
Two partitionsP't = {P!, Py, ..., Pﬁ]ill} andP'z = {P2, P2, ..., Pri,fz} are callednestedand

denotedby Pt < P'z (P'1 nestedn P'2), iff:

support(P't) = support(P'?) (A.4)

Vi<ja<m,: 31<ji<m,: P2CP! (A.5)

J2

A hierarchical clusteringof X cannowbe definedasa sequenc®y = {P!,P?,...,P¥}

of partitionsof X, where:

Pl=X (A.6)
Pk: {{Xl}v{XZ}""’{Xﬁ'&} (A-7)
Pl<P?<..<PX (A.8)

A.3 Structure BasedBrushes

Thehierarchical clusteringprocessasdescribedn AppendixA.2,resultsin a treestruc-
ture thatis formedon the P} partitions. Property(A.5) above givesusthe parentcluster
(P}i) for eath cIuster(P}i) in thetree In whatfollows, the parentof a nodeZ will be
denotedby 6(Z). Moreover, for anysetof nodesS= [JZ;, wewill denoteby 6(S) theset
of the parentsof S. Thus,8(S) = U6(%).

A structure basedbrushis basically a set-basedunction SBB: [1..m| x [1..m| —
U1 UL, Pl sudh that SBB(vi, V) = 1(ve,V2) UT(I(V1,V2)) U... U T*(I (v, v2)) and

whee:

1. 1(v1,V2) = Usomeje1.n Pl € U, Plistheinitial selectioroperator thatis applied

to theleafnodesand
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2. T(Usomejel..ni P} cu P}) = Usomejel..ni_l Pj!il cu Pj!il is a propagationoperator
that propagatestheselectiorfromonelevelto its adjacentevel. (T' is thenotation

for operator T beingappliedi times.)

Any structue-baseddrushis consequentlyully definedby providing a specification

for theoperators| andT.

A.3.1 The ALL Structure BasedBrush

In the ALL structue-basedrushesthel opemator is definedas:
Nk
1(V1,V2) = {Xug, -0, X} € | P (A.9)
j=1
TheT opemator for an ALL structure-basedrushis definedas:

Ta(S= |J P) ={zZe UP}—l\ﬂYe(U P)\S: Z=6(Y)} (A.10)

somejel..n; j=1 j=1

A.3.2 The ANY Structure BasedBrush

Thel opermator for the ANY structule-basedrushess identicalwith the onefor the ALL

brushes:
Nk
1(V1,V2) = (X, -er X, } € | P (A.11)
j=1
Thepropagationoperator T is however different:

Tanv(S= P}) = 6(9 (A.12)

somejel.n;
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A.3.3 The Relational Semanticsof Structur e-BasedBrushes

Accodingto thedefinitionsin SectionA.3.1and SectionA.3.2,the propagationoperator
corresponddgo a divisionandto a join respectively

GivenarelationR(X, Y, ...), whee x is a nodeid andy is theid of the parent of X,
and consideringS theinitial selectiondefinedby the operator I (samefor ALL and ANY
structue-basedrushes)the ALL and ANY structure-basedrushedefinethe following

relationalopemations:

k—1
SBBaLL = SU(S+RU(S+R+R)...= [ JS+R+..=R (A.13)
i=0 i times
k—1
SBBany = SU(SXR)U(SXRXR)... = iUOSM R[>§ . MR  (A.14)
= I times
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Appendix B

MinMax Hierarchy Encoding

Let 8(x) bethe parentof nodex. We definethe setsof ancestos anc(x) and descendents

desc(x) of a nodex in the hierarchy asfollows:

anc(X) ={y| 3 node; =x,nodey,...,noda_1,noda =y:Vi=2.t:

node = B(nodg_1)} (B.1)
desc(X) ={y| I node; =x,nodey,...,nodg_1,nodg =y:Vi=1l.t—1:
node = B(node 1)} (B.2)

Let now I be the “initial set” and {(as,b1), (az,b2),..., (am,bm)} be the labels of
theleaf nodesin thatinitial set,(aj,bj) CIxI,ap<by<ap<by<..<am<bmas
shownin Sectio. AMinMaxtreeis alabeledtreeof theformnode(t) = (aq ), bp) ), ¥t

whee:

a(t) =min{j | leafj € desc(node) } (B.3)
B(t) =maxj | leafj € desc(node)} (B.4)
{Ieafa(t), ...,IeafB(t)} - deSC(nOCE) (B.5)
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B.1 Proofof Theorem1l

Theorem: Givena MinMaxtreeT andtwonodesx andy of T whoseextentvaluesare
(ax,,ax,) and(ay,, ay,) respectivelynodex is an ancestorof nodey if andonlyif x; <y
andy; < Xo.

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

pliesthatif x = 6(y) thenanc(x) C anc(y). Usinginduction,wefurther getthat:

i f x=anc(y) thenanc(x) C anc(y). (B.6)

Analagously it canbe proventhatdesc() is monotonicj.e.:

if y=desc(x)) thendesc(y) C desc(X). (B.7)

Implication =: If y € desc(x) thenx; <y; <y, < Xo.
Indeed,y € desc(x) =(g.7) &, € desc(y) C desc(X) = o) X1 < y1. Similarly, y2 < x,.
Sincey; <y is true by constructionwe haveproventhatx; <y; <y» < Xp (q.ed.).
Implication <: If x; <y1 <y, <X theny € desc(x).
We will proveit by contradiction. Let z be the lowestlevel commorancestorof x andy.
Sud a nodeexistssincethe root is onecommonancestorof x andy. It is also unique
sincetwo nodesonthesamdevel cannothavecommordescendent$n a treehierarchy).
Nowif X =z ory= zthennecessarilk =y=zandx; = y1 < y» =X (g.ed.). If X# z
andy # zthenthere existsa child ¢ = (acy, 8cx,) Of z sud thatcy = anc(x) anda child
Cy = (acy;,acy,) Of z sud that ¢, = anc(y). cx # ¢y follows from the assumptiorthat
z hasthe lowestlevel amongall the commonancestos. By construction,(cxg,cx) N
(cy1,cy2) = 0. However, ¢k = anc(x) impliesthat (x1,x2) C (cxi,Cx%) andcy = anc(y)

impliesthat (y1,y2) C (cy1,cy2). Fromthe hypothesiqyi,y2) C (x1,%2) and therefore
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(0X,0%) N (Cy1, Cy2) D (¥1,Y2) # O (contradiction) (g.ed.).

B.2 Proofof Theorem?2

Theorem: Giventhe brushvaluesvmin andvmay an ALL structure-basedrushgen-
eratestheunionof all nodesx = (ay,, ax,) whoseextentsare fully containedn thebrush
interval (Vmin, Vmax), 1-€., (X1,%2) € (Vmin, Vmax) -

Proof: Letx = (ax,,ax,) beanodeand SBB= SBBa | (v1,V2) bean ALL structure-
basedbrush.

Implication C: If x e SBBthen(x,X2) C (v1,V2).
XEBB=30<i<kixeT(I(v,V2)) =a10 "3 Y ¢ T1(1(v1,V2)) : 6(y) = x =
P IX) €T 1(1(vi,v2) = ... = (P H)'(X) € TO(I(ve,V2)) = (V1,V2) = ay, € 1(V1,V2) & &, €
| (V1,V2) = X1 € (V1,V2) & X2 € (V1,V2) = V1 < X1 < X2 < Va2 = (X1, %2) C (v, V2) (g.ed.).

Implication D: If (x1,%2) C (v1,V2) thenx € SBB.

We will prove it by contradiction. If x = P! then: x ¢ SBB= 3x* € U} Pi**\
TE=3(1 (vi, Vo)) 1 x=B(X 1) = IxT2 € U2 P2\ TR=2(1 (v, 1)) : X T2 = B(X+2) =
o= e UTL PRI (e, V2) 1 X1 = B(XK) = 3xK = (agy, @a,) € desc(X) 1 X ¢ 1(va,V2) =1y

J(ag,a@2) C (X1, %) : (a1, @2) Z (V1,V2) = (X1,X%2)  (V1,V2) (contradiction)(qg.ed.).

B.3 Proofof Theorem3

Theorem: Giventhe brushvaluesvpmin andvmayx an ANY structure-basedrushgen-
eratesall thenodesx = (ay,, ax,) whoseintersectionwith the brushinterval (Vimin, Vmax)
is notemptyi.e., (X1, %2) N (Vmin, Vmax) 7 O.

Proof: Letx = (ax,,ax,) beanodeand SBB= SBBany(Vv1,V2) bean ANY structute-

basedbrush.
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Implication C: If x € SBBthen(x1,X2) N (v1,V2) # 0.
Xx€SBB=30<i<k:xeT(I(v,v2)) = I =x €& desc(x) : x € T'(I(v1,\2)) =
I+ ¢ desc(x), x € p (KT XL e TL(1(vi,v)) = ... = IXK € desc(X), x €
P DX = (g, 8q,) € 1(V1,V2) = (a1n) Vo < @1 < @2 < Vo. BUL X = (8g;,8q,) €
desc(X) =1y X1 < a1 < a <X = (X1, %X2) N (Va,V2) 2 (as,a) # 0 (g.ed.).

Implication D: If (x1,%2) N (v1,V2) # 0 thenx € SBB.

(X1,%2) N (V1,V2) 0= Tt it € (X1,%2) N (V1,V2) =t € (X1,X2) & t € (V1,V2).

t € (X1,%2) = & € desc(x) = Japath{a = x, X1, ..., X = x} froma, to x such that
XL — B(xk), X2 — (k1) .. X — B(x~2).

t € (v1,V2) = a € 1(Ve,V2) = XK€ 1(V1,V2) => (a1 XL T(I(V1,\2)) = (a1 X2 €
T2(1(v1,V2)) =(a19) - =(a12) X € TKI(I(v1,v2)) = x € T*(1(v1,v2)) = x € SBB

(q.ed).
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Appendix C

Complexity of Memory Operations

For easyreferencebuffer operationsasintroducedn Chapter5, arelistedagainhere:

A: Remove old objects. Getthe objectswith the lowestprobability thatresidein the
buffer (and further remove them one at a time when moreroom n the buffer is

needed).

B: Bring new objects. Placeanobjectfrom the cursorbuffer into the memorybuffer

(andrehastthebuffer entry).

C: Display active set. Getthoseobjectsfrom the buffer thatform the actve set(and

sendthemto thegraphicalinterfaceto have themdisplayed).

D: Recomputeprobabilities. Recomputehe probabilitiesof the objectsin the buffer

oncetheactive window getschangedto ensureaccurateredictionsn thefuture).

E: Testcontainment. Testwhetherthe new active setfully residesn the buffer and

getthemissingobjects(if ary) from thesupportset(whenanew requests issued).
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C.1 Full SizeProbability Table

In whatfollows,thecompleity of buffer acces®perationss presentedThefunctionthat
we measureavasthenumberof buffer accesses.e.,thenumberof buffer entriesthatare

visited. For a betterunderstandinga full versionof the probabilitytableis assumedirst.

e Remeeold objects

Complexity: Thereare betweenn/2 andlog n buffer accessesin average,for
thefirst elementof a singlebucket andexactly onebuffer accesdgor the following
elementsan the bucket list. Sincethe lists are usually of ordern, it follows that

operationA is O(1) with agoodprobability.

e Bring new objects

Complexity: Thereis oneoperatiorandahalf, on averagefor level basedehash-
ing andasmary asn/2 operationsn the averagefor the worstdistribution for the

probabilitybasedehashingTheoperations thereforeO(n).

¢ Displayactiveset
Complexity: Therearen buffer accessem theworstcase put thereareno unnec-
essaryones;sothatthisis optimal. The operations O(n).

e Recomputerobabilities

Complexity: Theobjectspreseretheirlevel valuesono changeof thelevel listsis
needed However, the probability tableneedsto be retuilt, andthis takesn+ n?/2
operationsn s for deletingthelists (this canbe donetogethemwith the probability
recomputatiorstep)and n?/2 for creatingthe new ones(it is basically one list

insertionfor eachobject). The operationis O(n?).

e Testcontainment
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Complexity: Testingis O(1), loadingthenext mobjectsrequiresams |A| x| B| buffer

accessesyhere|X| is thenumberof buffer accessefr operationX.

C.2 ReducedProbability Table

We now considerthe caseof a reduced simplified) probability table. We measureagain
the numberof buffer accessesAs we shall see,the complity of someoperationde-

creases.

e Remeeold objects

Complexity: Sameasbefore.

e Bring new objects
Complexity: Thereareon averagehreeanda half buffer accessefor rehashingn
this case.Theoperationis thereforeO(1).

e Displayactiveset

Complexity: Sameasbefore.

e Recomputerobabilities

Complexity: Therearen+ 2m buffer accessesSincemis constantthe operation

isO(n).

e Testcontainment

Complexity: Sameasbefore.
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