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Abstract

More and more moderncomputerapplications,from businessdecisionsupportto
scientificdataanalysis utilize visualizationtechniquego supportexploratoryactwvities.
Mostvisualizationtoolsdo notscalewell with regardto thesizeof thedatasetiponwhich
they operate.Specifically the level of clutteringon the screenis typically unacceptable
andthe performancas poor. To solve the problemof cluttering at the interfacelevel,
visualizationtools have recentlybeenextendedo supporthierarchicalviews of the data,
with supportfor focusinganddrilling-down usinginteractve brushes.To solve the scal-
ability problem,this thesisinvestigatefiow bestto couplesucha visualizationtool with
adatabasenanagemergystemwithoutlosingthereal-timecharacteristicequiredn ary
interactve application.

This integrationmustbe donecarefully sincevisual userinteractionsmplemented
as main memoryoperationsdo not map directly into efficient databaseperations.In
our context, the main efficiengy issueis to avoid the recursve processingequiredfor
hierarchicaldataretrieval. For this problem,we have developeda treelabelingmethod,
calledMinMax tree, that allows the movementof the on-line recursve processingnto
an off-line precomputatiorstep. Thus, at run time, the recursve processingperations
translateinto linear costrangequeries. Secondly we emplgy a main memoryaccess
stratgy to supportincrementaloadingof datainto the mainmemory To furtherreduce
therespons¢ime in the systemwe have designed speculatre non-pureprefetchetthat
bringsdatainto memorywhenthesystemis idle. Thetechnique$iave beenincorporated
into XmdvTool, amultidimensionaVisualexplorationtool, in orderto achieve scalability
Thetool efficiently scalesup now to dataset®f the order10° — 10’ records.Lastly, we
reportexperimentalresultsthat illustrate the impactof the proposedechniqueson the

systems overall performance.
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Chapter 1

Intr oduction

1.1 Caching and Prefetchingfor Lar ge-ScaleVisualiza-
tion

Visualizationis aneffective tool for theanalysisof data.While statisticoffersusvarious
tools for testingmodel hypothesesnd finding model parametersthe task of guessing
theright type of modelto useis still a procesghatcannotbe automatedThus,whether
the domainis stockdata,scientificdata,or the distribution of sales,visualizationplays
animportantrole in the analysis. Humanscan sometimesetectpatternsand trendsin
theunderlyingdataby justlooking atit, withoutbeingawarein advanceaboutwhatdata
modelthey’ll face.

Humanperceptions of coursegreatlyinfluencedoy theway datais presentedThus,
varioustechniquedor displayingdatahave beenproposedver the years,eachof which
betteremphasizesomeof the datacharacteristicsersusothers[1, 26, 8, 14, 30]. How-
ever, mostof thesetechniqueslo not scalewell with respecto the sizeof thedata.As a
generalization[17] postulateshatany methodthatdisplaysa singleentity perdatapoint

invariably resultsin overlappedelementsanda corvoluteddisplaythatis not suitedfor



thevisualizationof large datasets.

A new approachthasbeenproposedecentlyfor displayinglarge dataset$16]. The
ideahereis to presentataat differentlevels of detailbasedon applyinganaggreation
functionto a hierarchicalstructurethat resultsfrom a proximity clusteringprocess.The
problemof clutteringat the interfacelevel is solved by displayingonly a limited setof
aggr@atesatatime. However, suchhierarchicasummarizationsesultin increasinghe
sizeof all datato bemanagedy atleastoneorderof magnitudemakingthemanagement
of databecomeanissue.

Storingandretrieving the datasetsefficiently hastraditionally beenignoredin the
contet of visualizationapplications. While storing the datain main memoryand flat
filesis appropriatdor smallandmoderatesizeddatasetsit becomesinacceptablerhen
scalingto large datasetsTo enablescaling,visualizationapplicationamustthusbe inte-
gratedwith databasenanagemergystems.Thelastcoupleof decade®f researchn the
areaof databasesangreatlycontributeto increasinghe performancef a dataintensie
applicationsuchasexploratoryvisualization.

Couplinga databasevith the visualizationtool cannotbe performedblindly though.
Techniquesusedfor main memoryprocessingretypically not efficientany moreif im-
plementedlirectly in adatabasenvironment.A trivial andwell knowvn exampleis sort-
ing. Internalsorting stratgiesdiffer significantly from external sorting ones. Another
exampleis presentedn this work: the recursve processingnvolved when navigating
throughhierarchiesn main memoryis no longerappropriatevhenstoringthosehierar
chiesonthedisk. Insteadwe proposeausingatechniquecalledMinMaxtreeg40] for this
purpose.MinMax labelsthe hierarchiesandtransformedhe recursve processingnto a
setof fastrangequeries.

In generaltherearetwo questiondo be answeredvhendoing sucha visualization

— databasentegration. The first oneis how to mosteffectively translatethe visual ex-



plorationoperationsuchaszooming,brushing.etc.,into a databaseinderstandablian-
guagesuchasSQL. Thesecondneis how to storeandmanageheresultsof thedatabase
requestsnto the main memoryandmake subsequenmnemoryaccesoperationsas effi-

cientaspossible.Thiswork givessolutionsfor bothquestions.

1.2 Our Approach

Our approachto reducingthe systemlateng (i.e., the on-line computationtime) is to
pushexpensve computatioroff-line, wheneer possible.Visualtools requiredatato be
in thesameaddresspacedo accesst. In asimplemainmemorysystemthedataresides
entirelyin themainmemory(Fig. 1.1). Whenthevisualizationtool issuesarequesto the
system,the entire computationis performed‘on-demand”(i.e., on-line). Computation
resultsin a setof objectswhich is thenpassedackto the front-end. Whenthe datais
movedfrom the main memoryto persistenstoragetwo additionalprocessebave to be
presen{Fig. 1.2). First,therequestsieedto be passedo the databasandtranslatednto
aformatwhichis supportedy the queryprocessarTherequesis thenprocessedh the
databaséalsoon-line). Secondtheresultsetneedso beloadedinto the mainmemory
andsentto the graphicalinterfacefor display The “on-demand”computationaswell
asdataloadingarel/O intensve andthusno longercheap.Our goal of minimizing the
systemateny canbeachiezedby optimizingthesetwo phases.

Our approacito makingthefirst stepefficientis to move partof the on-line compu-
tationinto a pre-processinghase.Iln our case the front-endoperationsarereducibleto
a particularclassof recursve unionsof joins anddivisionsthat operateon hierarchies.
By usingadequatg@re-computatiofi.e., organizingthe hierarchicaktructureaswhatwe
calleda MinMax tree),the recursve processingf the operationsn this classcanbere-

ducedto rangequeries. Extensionsof our methodfor non-treeaswell asfor dynamic
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Request Result set Request Result set ation
ii ii|; Translation m
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Figurel.1: Architectureof Figure 1.2: Architecture of database-baseihple-
main memory-basedim- mentation. Additional computationstepsare /O in-
plementation. tensve.

hierarchiesarealsodesignedChapter4d). Comparedwith alternateapproache$or sim-
ilar problemsfrom the literature[7, 43], our hierarchylabelingmethodis shavn to be
superiorin termsof both efficiency andfunctionality The previous proposednethods
eitherdo not supportdynamicand arbitrary hierarchiespr were not ableto efficiently
scaleto large datasets.

To make the secondstepefficient, we employ a main memorystrat@y to support
incrementaloadingof datainto themainmemory We will shawv thatincrementaloading
is efficient, giventhe setof operationst needso support(Chapters). To furtherreduce
the responsdime of the system,we have designeda speculatre non-pureprefetcher
that brings datainto memorywhenthe systemis idle. The prefetcheris basedon the
propertyof navigationsystemghatqueriesemains‘local”, i.e.,giventhesetof currently
selectedbjectswe have a smallnumberof choicesof which objectsare next selected.
Thepropertyprovidestherefore‘implicit hints” to the system.Additional hintsmight be

providedby thethe specificdataandthe users navigationpreferenceaswell.

1.3 Contributions

Our maincontrikbution consistf developinga suiteof techniqueghatcanbe appliedin

interactve visualizationtoolsin orderto make themsuitablefor exploring large datasets.



We first designedand implementedan encodingtechniquethat efficiently supportsfast
retrieval of datawhennavigating on-line. We furtherdesigneda high level cachepolicy
thatreducedhelateng in the systemby incrementallyloadingthe datainto the memory
buffer. Whenthe systemis idle, a prefetchemill bring into cachethe datathatis likely
to be usednext. For this purposewe useda techniquethat combineda low granularity
of data(objectlevel) anda “semantic”descriptionof the contentof the buffer. We also
performedexperimentsto assesghe efficiengy of our approach. First, we testedour
encodingechniqueasa stand-alonenethodandfoundthatit performedandscaledwell.
Secondwe testedthe integratedsystemto work with variousinput andunderdifferent
settings.The systemcanscalewell to supportmillions of datapointswith typically 8 to
20 dimensionsWe confirmedthe importantrole of precomputatiomn suchapplications
andshovedthatthe benefitof usingprefetchingovercomesignificantlythe oneof using

thecacheonly.

1.4 ThesisOrganization

Chapter2 presentgherelatedresearctirom boththe visualizationandthe databas@er
spectve, focusingon the two main aspects:hierarchicaldatabasgrocessingand main
memoryprocessing.Chapter3 introducessomebasicconceptsn visualizationandde-
scribeshe solutionto achieve scalabilityfrom afront-endperspectie. It alsoformalizes
themodelunderwhich our proposedapproactworks. The hierarchyencodingaswell as
the processingf resultedMinMax queriesis further presentedn Chapterd. Chapters
introduceghe memorymanagemengspecificallythe cachingandprefetchingstrateyies.
The implementatiorof the systemis discussedn Chapter6. Experimentakesultsare
reportedin Chapter7. Finally, we presentconclusionsaswell asdirectionsfor further

researchn Chapter8.



Chapter 2

RelatedWork

2.1 Visual Hierar chy Exploration

Therehave beenconsiderableesearcleffortsin thevisualizatiorareafor finding effective
methodgo displayandexplore hierarchicainformation,suchasTree-Mapg37], Cone-
Trees[32] and ReconfigurableDisc Trees[22]. Most of thesemethodsprovide only
modestmodesof interactiondor navigatingthe hierarchy Navigationhowever playsan
importantrole in aiding usersto find their way throughthe complec structure:to see
wherethey are,whatinformationis availableandhow to identify informationof interest.
Ontheotherhandtechniquedor visualexplorationof hierarchie§27] have indepen-
dentlybeenproposedHierarchyvisualizationsareevidentfor instancan mary commer
cial applicationssuchasMicrosoft Windows Explorer Norton Commanderandso on.
Themajordisadwantageof suchinterfaceshoweveris thatthereis alimited displayspace
for thehierarchy Hence they arenot suitablefor displayinglarge data. Thevisualization
techniquave usedin thiswork [16, 17] hadboththecapabilityof interactvely navigating

thehierarchicabtructuresandthe capabilityof displayinglarge datasets.



2.2 Visualization-Databasdntegrated Systems

Integratedvisualization-databasgystemssuchas Tioga [39], IDEA [34], DEVise [28]
representhe work closestrelatedto oursin termsof problemarea. The approacheare
however different. Tioga[39] implementsa multiple browserarchitecturdor whatthey
call arecipe avisualquery The systemis ableto buffer the computeddata; however,
the problemof translatingfront-endoperationsnto databasejueriesis not presensince
databasejueriesaredirectly (explicitly) specifiedby the graphicalinterface.IDEA [34]
is an integratedsetof tools to supportinteractve dataanalysisand exploration. Some
constraintoon the datamodelareimposedby the applicationdomain,but on-line query
translationand memorymanagemenare not addressedin DEVise [28], a setof query
andvisualizationprimitivesto supportdataanalysigs provided. Therelationshipamong
theseprimitivesis complex asthe numberof primitivessupporteds itself relatively large.
However, cachingdatais beingdoneatthedatabaséevel usingdefaultmechanismsenly;
specialmemorymanagemertechniquesrenotconsidered.

Otherwork in the sameareaincludesdynamicquery interfaces[42, 21], dynamic
gueryhistogramg¢13] anddirectmanipulatiomqueryinterfaceq20, 24,19]. They all have
avisualinterfaceanda databas®ack-end However, the operationgranslatedifferently:
to dynamicrangequeriesn [13], to temporalqueriesn [20] andto 2-D spatialqueriesn

[24]. Theseworksdo notdealwith hierarchyexplorationsupport.

2.3 Relational Processingof Hierar chies

2.3.1 Join Processing

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

multiple fragmentdhatarethenstoredastuplesin separateelations[45]. Traversingthe



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

Valduriezet al. [44] introducea new accesgathfor processingoins, calleda join
index. Thejoin index is simply abinaryrelationthatcontainspairsof surrogategunique
systemidentifiers)of thetuplesthatareto bejoined. An algorithmthatusegoin indices
is alsopresentedh [44]. Thejoin index efficiently supportdhe computatiorof joins and
particularlythejoin compositionof complex objectsin the caseof adecomposedtorage
representatiofd5s].

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 [43]. 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 objectstogetheiis identifiedwith thequerythatgeneratedt is calledsemanticacing
[12] or predicatecadiing [25]. Our memorymanagemenis similar to the one present
in semanticcaching. The buffer contentis specifiedby a setof queries. However, due
to the specificrequirementsve hadin our caseandfor efficiency purposesye applied
the conceptsf semanticcachingquite different,enablingdatato be handledalsoat a
smallergranularity(i.e., at objectlevel). Otherwork in the areaof objectlevel caching
for databasepplicationshave beenaddressefbr examplein [9, 33]. Also, objectbased

cachinghasbeenstudiedrecentlyin 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 cachereplacemenélsoneed
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 a non-pure
prefetchelis reportedin [41]. 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; beingon 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

The work presentedn this paperwastriggeredby our goal of addingdatabaseupport
to Xmdvbol [46]. XmdvTool in a softwarepackagelesignedor the explorationof mul-
tivariatedata. The tool providesfour distinct visualizationtechniquegscatterplotma-
trices,parallelcoordinatesglyphs,anddimensionaktacking)with interactve selections
andlinkedviews. Our recentefforts have producechierarchicaparallelcoordinatesthat
allows multi-resolutiondatapresentationThemainideais to clusterthedatapointdased
onadistancametric,applyanaggregationfunctionto thedatapointgrom eachclusterand
have thoseaggregatevaluesdisplayed,nsteadof the datapointshemseles. 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 an ernvironmentabstractiona formal modelthatsummarizeshe

semantic®f theseoperations.
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3.1 Brush Basics

Selectionis a processwherebya subsetof entitieson a display is isolatedfor further
manipulation suchashighlighting, deleting,or analysis.Wills [47] 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 dimensionakcatterplotsWard andMartin [46, 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 cateyory, namelystructule spacetechniquesthat allows selectionbasedon
structuralrelationshipsbetweerdatapointshasbeenintroducedn [17]. Thestructuse 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 examplethe 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 a tree
in sucha way thatall its childrenare horizontallyordered. Theseextentsensurethata
selectedsubspaces contiguousn structurespace.

A structure-basefirushis 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

14



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
similar a 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 nestedpartitions,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 [49] aswell asa simpleoneof ours
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[48].

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{othersemanticéike ANY or MOST arealsopossiblgd40]). Thesecond
computatiorphasethe vertical selection consistsof refiningthe setof nodesgenerated
in phaseone. Basically the nodeson the desiredlevel-of-detailare only retrieved out

of thewhole phaseoneselection.A formal definition of structure-basebdrushesanbe

foundin AppendixA.

2 8
2]

1 9
1] [4] 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
concepf level of detailto extendfor 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-basebrushesasjust introduced,implied thata naturalorderof the base
datapoints(leaf nodeshadexisted. This might not alwaysbethe case In fact,the space
upontheinitial selectionis performedwasonedimensional.Principally the initial se-
lectioncanbe performedn anarbitraryk-dimensionakpaceijf thatis preferableor the
user Particularly, we anticipatehatann-dimensionaselectiorwill beuseful.Moreover,

2-D hierarchymapsnaturallygeneralizeto n-D hierarchymaps. This extension,how-
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Figure 3.8: 2-D hierarchy map. Figure3.9: 2-D hierarchymap. Ar-
Uniform levelsof detail. bitrary level of detailfunction.

ever, is notimplementedn the currentversionof XmdvTool. It is mentionedherefor

completenesenly.

3.4 Model Abstraction

We now introducea formal modelcharacterizinghe salientfeaturesof the application
domainfor the proposedechniquesthusestablishinghe applicability andscopeof our
solution. The input spaceis composedf entriesin the extent(x) dimensionandin the
level (y) dimension. Sincethe two dimensionsare independentthe spaceis actually
a Cartesiarmproductof entries. We can ervision this spaceby overlappinga 2-D grid
over the tree hierarchy(Fig. 3.10). In this representationa selectionis a sequencef
consecutie regionswith the samelevel value (Fig. 3.11). The datapoints are spatial
objectswhosedistribution may be unknovn andwhich canbe retrieved by a so called
guerymedianism Thus, theremustbe a containmentriterion that specifiesfor each
objectwhetherit is includedin the currentselectionwindow or not. In orderfor usto be

ableto implementa structure-baselrushaspreviously specifiedanorderis enforcedon
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thesetof leaf nodesandin generabn the nodeswith the sameevel-of-detailvalue.

leﬁls lc\fls
/N
/: ] :\
JAERER RN
R
/ZZ . . \
Fl] \
mxmn | 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 e

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

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

(aaejvl—k)-

. 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 advanceandcanchangeovertime.

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.

4. The activewindowmay 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 Specification

Thequestioraddresseth thissectionis “how dowe translatehevisualizationoperations
into databaseperations” For this purposeve have developedatechniquecalledMinMax
tree[40]. The methodplacesthe recursve processingn a precomputatiorstage when
labelsareassignedo all nodes.The labelsprovide a containmentriterion. Thereafter
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 nodescorrespond$o openintervalsdefinedover
atotally orderedset,calledaninitial set Theleaf nodesin suchatreeform a sequence
of non-overlappingintervals. Theinterior nodesareunionsof intenvals 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 first interval 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
2 0,.5 8 5.1
25, .5
1 4 7 9
0, .25 5, .75 75,1
3 5

.25, .375 375, .5

Figure4.1: A continuousMinMax
tree.

6 0,5
2 0,3 8 3,5
1,3
1 4 7 9
0,1 3,4 4,5
3 5
1,2 2,3

Figure 4.2: A discrete MinMax
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 the top-davn case,the nodeintervals on the samelevel have the same

size.Fig. 4.1 andFig. 4.2 presentecdn exampleof a top-dovn treeandan exampleof a

bottom-uptreerespectrely.

An importantpropertyof a MinMax treeis capturedn Theoreml andwill befurther

exploitedwhenimplementinghe navigationoperations.

25



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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0 0.25 0.375 0.50 0.75
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1
I
1 1
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1 1
I I
0 5

0

[ury

0

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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4 0,3
0,1
&
2 5 20,2 21,5
1 3 p 1 3 6
0,1 1,2 2,3

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”:
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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

The questionaddressedn this sectionis “how do we organizethe datainto memory
onceit arrivesfrom the database?”.The memoryorganizationis critical in interactve
applicationssinceit influencesthe performanceof the subsequentperations.Whena
requestor new objectsis issuedby the front-end,the differencebetweerthe new active
set(i.e., the setof objectsjust selectedandthe currentcontentof the buffer hasto be
computedast. Thus,we needto beableto know in eachmomentwhatdataresidesn the
memorywithoutfully traversingthe buffer.

A significantdifferencein the buffer managemenis madeby whetherthe buffer is
largeenoughto storeall the objectsin theactive setor not. We referto thesewo casesas
databasentensve (DBI) anddatabaseemi-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 getsreplacedXhenthe time thatwould have beenspenton bringing it
into the buffer is againin the systems overall lateng.

For this purpose,we designedand implementeda speculatre, adaptve, non-pure
stratgy for prefetching.The prefetchelis speculatre in thatit doesnt useary explicit
informationaboutthe next operationgut try to guesshem.Adaptive refersto theability
to changethe prefetchingstratgly dynamically as more informationis availablein the
system.In our case,asshovn in Chapter6, we do not fully implementthe adaptability
part. However, morethanone stratgly have beenproposedandaswe will show later,
stratgies perform betterwhen more informationis available. The prefetcheris non-
purein thatit hasto implementa non-penaltypolicy, in which useractionspreemptthe

prefetchingdecisions.

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 their IDs whenaccessetly thefront-end.In otherwords,thefront-
enddoesnt askfor the objectID = x or ID =y, instead,it passes query grequeted 10
the back-end:“are the objectswith thesecharacteristicgwithin this brush)available?”.
Thus,althoughthereare objectattributes(the extents)that uniquelyidentify eachentry;
a classicallookup for a cachekey is not possiblewhentestingwhetheran objectis in
the buffer or not. Instead,a setof queriesq, e is associateavith the buffer, similar
to semanticcaching [12]. The query grequeted iS then comparedwith eachQorert 10
determinewhat objectsfrom gequeted arenotin qicortert, andthoseobjectsareretrieved
next. This differenceresultsin factin new queries(q‘+) thatcorrespondso 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
guerieg6]. As shav in Chapter thequeriesn our casearerangequeriesandtherefore
conjunctve.

Specialattentionhasto be paidin a semanticcacheenvironmentto not allow dupli-
catesn thebuffer. Thus,whenmorethanoneq., . queryis storedn thebuffer, they are
forcedto bedisjunct. This meanghatanew grequesed querywill modify the semanticof
the existing -, 1er 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 orderedby theirextentvalue. Theordercanbeensuredy thequerymeddanism
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 measurehe likelinessthat an objectwill be neededn the nearfuture.
Theestimatiorstratey, calledalsoa predictor, is usuallybaseddn heuristics probabilis-
tic modelsor 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 efficientway to implementthis is to usetwo hash(bucket) tablesandto
hash(distribute)the objectsinto the appropriatédouckets. The objectsin the samebucket
areconnectedy adoublelinkedlist. We will explain the functionality of this organiza-

tionin Section5.1.3.

5.1.2 Probabilistic Model

Let's considera navigationgrid A = (1..1) x (1..K), asintroducedin Section3.4. Each
point from the supportset, and thus eachregion (g, Lyx) from the navigation grid, has
associategrobability 2(m, i, k) thatmeasureghelik elinessthatthe pointwill belongto
the active setafterusers next m operations Also, a probability 7*(m,i, k) will measure
the likelinessthat the point will belongto the active setat ary time during the next m
operationsObviously, we have that: P*(m,i,k) = & ,P(t,i, k), whered is aprobability
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).

The LA parametedictateshow mary operationghe predictorneedsto predict. In
generalthebiggerLA is, the morespeculatre the systembecomesandthus,the more
errorsareinvolved. We usedin our implementationran LA equalto 1. If the predic-
tion modelis very accuratggeneratesigh confidentpredictions)an LA equalto 2 may

eventuallybe used. We don't anticipatethoughthat a value greaterthan2 will ever be
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used.

We saythatprobabilitiesassignedo theobjectsareoperation-drivenif they arebased
on the probabilitiesthatthe predictorassignto the possiblenext operations.In our case
we have six possibleoperationgrestrictingor enlaging ary of thethreeactive window’s
parameters)Let usassumefor example,thatwe have anactive window w = (i1,i2,K)
andfrom this configurationgoing left with i1 is 50% probable going up with k is 25%
probable,andsoon. Then,objectsin (i1,i2, k) will have a probability of 1, objectsin
(ip — 1,i1,k) will have a probability of .50, objectsin (i1,i»,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 operationgdk 1, k |, i1 <, i1 —, i2 +,

i2 —) benumberedvith numberdrom 1 to 6 (in order).

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

MP holdstrivially in this case.

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

e LA=1. Thesix operationghatpossiblychangea givenselectiordefinefive regions
of equalprobability (Fig 5.2). Let py, ..., ps bethe probabilitiesassociateavith the

operationsThen,? canbe computedor eachregion.

- Rggion0: P=0
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Figure5.1: LA=0: two regions of Figure5.2: LA=1: five regions of
equalprobability, 0 and1. equalprobability 0, 1, ..., 4.

Regionl: P = pg

Region2: P = p3
Region 3: P = p3+ ps+ Ps
Region4: P = p3+ pa+ Ps + Pe

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+ P4+ Ps, P3+ P4+ Ps+ Pe; ---P3+ P4+ Ps+ Pe, P3+ Pa+

Ps, Ps, 0
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.

Region0: 7 =0
Regionl: P =a;b;

Region2: P = ajbs+ agh:
Region 3: P = a; (b3 + bs + bg) + (ag+as+ ag) by
Region4: P = a; (b3 + by + bs + bg) + (ag+ a4 + as + ag) by

38



Region5: P = agbs
Region 6: P = ag(bs+ bg) + (a5 + ag)bs
Region 7: P = arhy + aphy + agbs + (ag + as + ag) (b3 + ba 4 bs 4 bg)

Region 8: P = ayby + asby + as(bs+ bs+be) + (a3 + as + ag) (b3 + ba+bs +
bs)
Region 9: P = ajby + aghy + (a3 + a4 + a5 + ag) (b3 + g + bs + bg)
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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. Therefordor eachk, 2(-,K) is
monotonimnboth(—, E) and(E, +) for ary lookaheadalue(< 2). Since?*(-,k) isa
probabilitysum(&) of monotonicallyincreasingunctionson (—, E) andmonotonically
decreasindunctionson (E, +), it necessarily(p; & p2 > max p1, p2)) hasthe same
monotonicitypropertyandthereforehe MP holdsonlevel k (g.e.d.)

In whatfollows, a probabilisticmodelwith alookaheadsalueof 0, 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
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from O (anopenentry)to 1 (anobjectbeingcurrentlyin theactive set). Theobjectsin the
samebucket arelinked by a doublelinkedlist. Independentlythe buffer is alsohashed
basednthelevel value.Again,we have a bucket tablewith asmary bucketsasthelevel
values.Theobjectsin the samebucket arelinkedby a doublelinkedlist. In addition,the
headekeepsapointerto thelastelemenin thelist, too. An invariantof themodelis that,
on eachlevel, theobjectsareorderedandlinkedin thelinkedlist) by their extentvalues.
Thisis assumedo be alwayspossible asdiscussedh Chapter3.

In whatfollows we will focuson the operationghatthis structureneedsto support.
Themaintaskof acacheeplacemenpolicy istofind in thebuffer theentrieshathavethe
lowestprobabilityandto remove themwhenmoreroomis needed.The operatiomeeds
to be efficient, sinceit occursfrequently Whennew objectsarebroughtin they have to
comply to the internal organization. Updatingthe hashtablesis thenrequired. When
a requests issuedby the front-end,a containmentestis performed. The systemfirst
checkwhethertherequestediataentireresidein the memoryor not. In caseit doesnt, a
compensatiomueryhasto be sendto the loader anagentthat fetchesthe datafrom the
persistenstorage Also, thefront-endmay sent‘refresh” querieswhenall objectswithin
thecurrentselectiorareneeded An importantrequiremenof thesystenthatcomesrom
its interactve natureis thattheuserneedgo be ableto preempthe otheragentsactions.
Thus,whenthe active window changesthe loadingprocesss interruptedandwill only
restartafterrecomputinghe new probabilityvaluesfor the objects.

In conclusionthe buffer acces®perationcanbe summarizeas:

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

needed).

B: Bring new objects. Placean objectfrom the cursorbuffer into the memorybuffer
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(andrehastthe buffer entry).

C: Display active set. Getthoseobjectsfrom the buffer thatform the active 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

getthemissingobjects(if any) from thesupportset(whenanew requests issued).

In theremainingof this sectionwe will shav how this operationsareimplementedn
our buffer stratayy.

A speedup in the buffer processinganbe achiezed by usinga simplified versionof
the probability basedoucket table. Thus,insteadof storingall objectof the sameproba-
bility in onebucket, we only storethe oneswhich areextremeelementgfirst andlast)in
the level basedists. However, for a betterunderstandingf the probleml will describe
both cases.As anexamplelet us considerthe navigation grid displayedin Fig. 5.4. We
have heretwelve regionsof equalprobability, the actve windows selectingthe middle
two ones. For simplicity we considerthat only one objectresidesin eachregion. We
alsonumberthe objectsfrom 1 to 12. The picture presentghreelevelsonly 1, 2, and
3. Also, probabilitiesareassignedo eachregion andimplicitly to eachobject,basedon
a “operation-drven” probability model. Thus, objects6 and 7 have a probability of 1,
thereis 40% chancethat the window expandsto the left, andsoon. In this examplea
probability precisionof 0.1 is assumedand consequentlyL0 probability-baseduckets
arepresentTheprobabilitytableis reducedpnecanseeherefor instancehatonly 5 and
8 arehashedut of theentirelevel 2.

An importantassumptionthatis madeatthis pointis thatthequerymechanisnis able

to provide the objectsfrom the active setin boththeincreasingandthe decreasingrder

41



P1=0.0 | P,=0.3 | P,=0.3 | P,=0.0 r:/0.0]01 02 03]0.4]05]06[07 08 09|10

P:=0.4 [P;=1.0 | P,=1.0 | P;=0.1 - .
Ps=0.0 |P1y=0.2|P1;=0.2|P1,=0.0 1l -y 2
>{ 4 : 3

Figure5.4: Buffer contentfor a threelevel, twelve objectexamplein caseof a reduced
probabilitytable.
of theirextentvalue.If not,a sortingstagehasto follow all callsto thequerymechanism.

The mainideabehindthe 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 leastprobability
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 objects is equialentto retrieving elementgrom the not-
empty probability bucketsin the increasingorder of their bucket value. The operation
requireshusa scanof the probabilitytableinterleavedwith traversalsof the bucket lists.

OperationB — bring new objects is equialentto 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 higher probability objectsof the level, thenthe nev comingobject,which
hasthe highestprobabilitiesamongthe objectsnotyetin thebuffer, will necessarilypeat
theextreme.Theentrieson eachlevel areorderedbasedntheextentvalue,thereforehe

new objectis eitherthe new first elementon thatlevel’slist if it is lessthanthe previous
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first object, or the new last elementif (necessarily)t is greaterthan the previous last
element.Hashingwith respecto the probability takes unfortunatelym/2 operationsn
the averagecase wherem is the lengthof the currentprobability list. We needto make
surethanthe objectis correctlyinsertedwith 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 usinga reducedprobabilitylist.

OperationC — display active set is 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 probability tableneedsto be retuilt. And this takesn -+ n?/2 operationsn
is for deletingthelists (this canbe donetogethemith the probabilityrecomputatiorstep)
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 actve 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 oy, left(ok1), is lessthanor
equalto e; andthe right extent of ok, right(ox,) is greaterthanor equalto e. If not
included the differencebetweertheintervals (e, ey) and(left(oks), right (o)) givesus
the next request(sjo beaddressetb thequerymedianism

We now considerthe caseof areducedsimplified) probabilitytable. The compleity
of theseoperationss alsopresentedn AppendixC.

OperationA (revisited). The samescanasin the caseof a full probability tableis

neededor retrieving the first not-emptybucket. However, aftergettingthefirst element
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in the probability list, the level list is followed this time (aslong asthe entriesthere
have probabilitiesequalto the currentbucket’s probability p). Thefirst elementwith the
probabilitygreaterthanp is insertedn a probabilitylist (sinceit will remainthe extreme
elementlandthe procesgontinueswvith the next elemenin the p probabilitylist.

OperatiorB (revisited). Rehashindpasedn thelevel valuetakesthe samenumberof
operationsn caseof areducedrobabilitytable. Rehashingvith respecto theprobability
however takesexactly two operationsn this case.The new objectwill beinsertedasthe
first elementn the probability list correspondindo its probability valueandthe second
element(or the secondast) in the level list (the previous extreme)is removed from its
probabilitylist.

OperationC (revisited). OperationC doesnotchange.

OperationD (revisited). Clearly onecompletescanis necessaryor recomputinghe
probabilities(andthis scancanalsobe usedfor deletingthe probabilitylists). Sincethe
probabilitylists only containthefirst andthelastelementn thelevel lists, retuilding the
probabilitytableonly takes2m operationsywheremis thelengthof thelevel buckettable
L.

OperatiorE (revisited). OperationE doesnotchange.

5.1.4 DBI case

In this caseonly onelevel is usedatatime. Thelevel tablebecomes circularlist, while
theprobabilitytableis notatall usedsinceall entrieshave now thesameprobability The
only problemthatneedso be addresseth this context is the synchronizatiorbetweera
“producer”’procesgtheloaderthatfetcheghedata)anda“consumer”procesgthefront-
endthatdisplaysthe data). The synchronizatiorbecomesssentiain this casesincethe
two taskscannotbe completely‘serialized”any more.

In the DBI casethenumberof objectsin oneactive setatatime maybe greaterthan
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thenumbem of entriesavailablein thebuffer. Thus,while theproducemprocessadvances
in the circular list, it may attemptto overwrite someof the old objects(Fig. 5.5). This
is acceptablaf the objectsto be overwritten have alreadybeenreadby the front-end.
However, to assurehis functionalitythe modelmustchangeunderthe DBI assumption.
Intuitively, if for instancethedatain thebuffer needgo bereada secondime (asit is 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 requireshattheconsumeandthe producerdo notcrossone
another Sincethetraversaldirectionis irrelevant,we implementthis requiremenby not
allowing the two pointersto take on the samevalue, no matterwhich onefollows the

other

##
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Figure5.5: Finishingreading.Cur  Figure5.6: Startingre-readingThe
rent objectsare paintedsolid; the  traversaldirectionchangegor both
overwrittenobjectsstripped. Dash  consumerand producer Buffer in
linesareundefinedoointers. aninconsistenstate.

A consistenstateis onein whichthe buffer containsasequencef objectsthateither
startswith thefirst elementof the active set(referedto asa-state)or endswith the last
one(referedto asan 3-state),i.e., ip andi; arenot bothundefined NULL) atthe same

time. An a-stateusuallyoccursaftera backwardtraversal while an3-stateoccursaftera
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forwardtraversal. Therearesix typesof acces®perationsn the DBI case We will shav
thatall theseoperationdeave the buffer in a consistenstate.

Refreshingre-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 reachedandaterminationcharacters placed.i1 is thenredefined.
The whole processndswhenthe readerreacheghe terminationcharacter The buffer
is left in a B-state. (b) A backward traversalsymmetricto (1a) begins. Changingthe
level. Changinghelevel will flushthecurrentbuffer no matterthe stateandloadthenew
active setin aforwarddirection. A (3-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-readprocessagins. (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
cachebeforecomputationcanproceed.If requestedatais notin cachethe application
hasto wait while the datais fetchedfrom the slowv memoryto cache. The methodof
fetching datainto the cacheonly when a specificrequesthasoccuredis referedto as
demandfetching. In mary applicationsusersspenda significanttime interpretingdata
andthe processoandl/O systemaretypically idle duringthat period. If the computer
canpredictwhatdatathe userwill requeshext, it canstartfetchingthatdatainto cache
(if notalreadythere)before the userasksfor it. Thus,whentheuserrequestshe data,it
is availablein cacheandtheuserpercevesafastemresponsg¢ime.

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

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

(online)if it makesits decisionsbasedonly on the pasthistory. Without a priori knowl-
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edgeor statisticof theuserrequespatternsasis thecaseof mostof theinteractve (such
ashypertet [15]) applications prefetchingmustbe speculatre (online). 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-purestratey for prefetch-

ing. We will describeourapproachn theremainingpartof this chapter

5.2.2 Strategies

Our approachs to generatesariousclassef prefetchingstratgies,basedon different
prefetchinghints. The assumptions thatthe predictorcandiscover the hints gradually.
Theapproachmpliesanevolutivebehaiour: atthebegining,lessinformationis available
to the predictorandthereforethe numberof prefetchinghintsthatit candiscover (with
areasonableonfidence)s alsolow. In time, moreinformation(statisticsetc) becomes
available,andthereforemorepatterngandimplicitly hints)canbediscovered.In all cases
the prefetcheshouldbaseits stratgy onthe maximumamountof informationavailable.
In ourcasewe assumehatthepredictorcandiscovertwo navigationpatterns Specif-
ically, we assumehatthe predictorcandetectf the usertendsto usemorefrequentlythe
currentnavigationdirectioninsteadof changingt andalsoit candetectf the databeing
analyzedchassomeregionsof interest(so calledhotregiong towardswhich the userwill
very likely go, sooneror later. Basedon theseassumptionsye designedhreeprefetch
stratgies: random(S1),direction(S2),andfocus(S3). In experimentswe alsoconsid-

eredthe caseof not prefetchingat all, casereferedasSo0.
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Stratgly S1(random)s basednrandomlychoosinghedirectionin whichto prefetch
next. This stratgy is appropriatewhenthe predictoreither cannotextract prefetching
hintsor provide hintswith 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 prefetchingstratgy (S2)
says“prefetchas muchdataasyou canin this givendirection”. The presumptiorthat
the next directioncanbe determineds not arbitrary It is very intuitive for instancethat
theuserwill continueto usethe samemanipulationtool for a while beforechangingto
anothermne.

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

In Chapter7 we will comparehesethreestratgies. The resultsconfirmour general
assertiorthatthe moreinformationis available,the moreefficient prefetchingis. Thus,
we canconcludethatchangingthe prefetchingstratgly assoonasmorepatternsaredis-

coveredwill improve theoverallperformance.
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Chapter 6

Implementation

6.1 SystemAr chitecture

Thework describedsofar hasbeenimplementedasextensionto XmdvTool 4.0. A high-
level diagramof the modulesthatwe addedandthe relationshipbetweerthesemodules
andtheoriginal systems presentedh Figure6.1. XmdvTool 4.0wascodedin C++ with
TCL/TK andOpenGLprimitives. The new addedmodulesarewrittenin C with ProC*
(embedde®QL) primitives.

Interaction with the original system.Theinteractionto theoriginal system(shavn
asGUI in Figure6.1) hasbeenreduceto the minimum. We implementedvhatwe called
aprepare/get-onparadigm.Thus,whentheuserissuesa new requestthefront-endonly
hasto inform the back-endaboutthe requestby calling prepase, andthenretrieve the
desiredobjectsoneatattime by repeatedlycalling get-one

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

asasetof loadingrequests.
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The query translator. Thetranslatortakesa loadingrequesiasinputand,basedon
theschemaof currenttable,translatest into SQL. Thetranslatedjueriesarethenpassed
theloadermodulefor service.

The loader. Theloaderis the only modulethat interactson-line with the database.
Its dutiesareto allocateanddeallocatehe Oracledescriptorscopy andformatdatafrom
the Oraclestructuresnto the applicationbuffer, andsoon. To determinewhich elements
needgo beremovedfrom cacheto make roomfor the new entries theloadercooperates
with the estimator

The estimator. The estimatoris the modulethat predictsthe userfuture actionsand
assigrnprobabilitiesto the buffer entriesbasedn thoseactions.

The prefetcher Runningas a separatgrocessthe prefetcheris the modulethat
generatesff-line loadingrequestgcalledprefetchingrequests)Theprefetchers started
andstoppedary timeanew requestrrivesattheGUI level. Thesynchronizatiometween
it andthe parentprocesss describedn the next section.The prefetcheicooperatesvith
the estimatorthat providesit with hintsandwith the rewriter thatcanprocesdurtherthe

prefetchingrequests.

6.2 Threadsand Synchronization

Therearetwo main threadsin the system. In addition, TK comeswith a complicated
systemof priority queuedo ensuresomefairnessandoptimizationin the system.More
preciselyTK hasidle-jobqueueshatkeeptrackof all processethatneedo beperformed
whenthe systemis idle. Refreshingits widgetsis sucha processfor instance. These
gueuesntroducea hierarchyof prioritiesandensurdor examplethatthe userimmediate
requestgpreemptother processegmostof the idle-jobsare however not interruptible).

Moreover, TK is ableto cancelsomeof therequestsn thequeuesf it candeterminghat
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Figure6.1: Systemarchitecture.The oval depictsthe initial data. Dash-linegectangles
representhreadsandprocessesSolid-linerectanglesreagents Squaresepresenineta-
knowledge. Solid arravs shav the control flow. Dasharravs show the creationof child
threads.

thoserequestarenot neededary more.
As saidbefore theprefetchethreads createdy theback-endvhenthesystemsidle
andgetscancelledassoonan explicit requests receved. A synchronizatiordiagramis

presentedn Figure6.2. Thesynchronizationvasimplementedisingthe pthreadlibrary.

6.3 Interacting with Database

In orderto load datafrom the databaseve useddynamicSQL statementsspecifically
dynamicSQL of “type 4”. Unlike the othertypesthat Oracleprovides,type 4 canbuild
dynamicSQL statementshat containan unknavn numberof select-listitemsor place-
holdersfor bind variablesandcantake explicit controlover data-typecorversionbetween
OracleandC types. To procesghis kind of dynamicSQL statementsthe programhad
to explicitly declareselectandbind descriptor SQLDAS). A selectdescriptorholdsde-

scriptionsof select-listitems, andthe addressesf outputbuffers wherethe namesand
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valuesof select-listitemsarestored. A bind descriptorholdsdescriptionsof bind vari-
ablesandindicator variables,and the addressesf input buffers wherethe namesand
valuesof bind variablesandindicatorvariablesarestored.

This solutionis requiredin our systemdueto thefactthatthe datasebeingexplored,
andthusthe schemaof the table being queriedchangedynamically(i.e., table name,

numberof attributes,nameof attributes,etc.,changeduringexploration).
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Chapter 7

Experimental Results

7.1 Userlinput

Performanceneasuremenis systemsvherehumaninteractionis neededequiresome
way of simulatingthe users,so thatthey canperformthe samesequencef operations
multiple times. Given thatin our casethe simulationinfluencesthe behaiour of the
systemfrom a performancepoint of view (patternsn the navigation provide areusedby
theprefetcher)jt cannotbe arbitrary
Userinput(alsoreferedasuserscriptor inputscript)is asequencesf useroperations

alongwith parametersor thoseoperationsaandthetime specificatiorof whenthe opera-
tionsoccur It canbe bestthoughtasa sequencef navigationprimitivesanddelays.An
exampleof suchaninputstringis presentedbelow:

1000 3 0.050000

1200 1 0.100000

1400 1 0.150000

1600 2 0.200000
Onthefirst columnthereis thetime specificationpnthe secondhetypeof the operation

andonthethird the parameterghatthe operatiorrequires.
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Themainideain our approachs to provide “data specificity” and“user specificity”
to the userinput scriptsthat we generate.ln otherwordsthe scriptsneedto shov how
particularitiesin the datamay affect the navigation and also how patrticularitiesin the
user(e.g., preferencesjnay influencethe same. Theseparticularitiesin dataand user
behaiour provide the hintsthatwe exploit whenprefetching.

We simulatethe specificityin databy using“hot regions” (Fig. 7.1). Hot regionsare
placesin the navigation spacefrom wheresomepropertiesin the dataare visible and
wherethe userwill consequentlyike to be. Our assumptioris that sooneror later the
userwill reachthosehotregionsansthusmoving towardthemis slightly moreprobable.
Thesizeandthe numberof thesehot regionsaswell asthe probability of usingthemare

factorsthatcanvary asshavnin Section7.2.

Figure7.1: Hot regions: selectionsn the navigationspacehatprovidesusefulinsightof
thedata.

We also simulatethe specificityin the user First, we usea probability factor that
givesthe likelinessthatthe userkeepsmoving in the samedirection. This seemspretty
naturalgiventhe navigationenvironment;theuserwill usethe sametool for awhile and
thenchangeto anothertool, andsoon. Secondwe identifiedvariousclassef delays
thatmay occur We differentiateamongshortdelaysthat mark transitionsbetweentwo
consecutre events(suchasmoving a manipulatiortool all theway to theend),moderate

delayswhen,for instancethe userchangethe manipulationtool andlarge delayswhen
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theuseranalyzeshedata.The probabilityvalueaswell asthedelayvaluescanbevaried
asshowvn in Section7.2.

Giventhe factorswe just describedthe usermovespseudo-randomjy.e., someof
the future possibleactionsare more probablethanothers,but choosingamongtheseac-
tionsis still performedundeterministicallyHowever, theinput scriptsaffectthe systems
performanceThus,in all experimenthatwe ranwe usedmultiple scripts,generatedavith
the sameparametersThe resultsthat we presentfurther are obtainedasthe averageof
thosemultiple runs.

Theapproachusedto generatehe userinputis nottheonly possibleone. Obviously,
we feel that our methodgeneratescriptsthat are closeto real ones; however, further
researchis neededo validatethis assumption.In ary case,userinput is not essential
for ourtechnique.lt is essentiabf coursefor the “predictor”, the modulethat,asshovn
in Chapter6, providesthe probability measurdor the further operations.At this stage,
however, our work assumeshatthe predictoris given. Fromthis point on our approach

canbeapplied.

7.2 Settings

We ranasetof experimentso measureheoverall performancef our systenon standard
commerciatechnology(Oracle8i). All theexperimentsvereconductesgbnanAlphav4.0
878DEC station,runningOracle8.1.5.andhaving no concurrentlientsduringthetests.
We usedC asthe hostlanguageandembedde@&QL statement$or accessinghe datain
thedatabase.

Throughoutariousphase®f testingwe usedvariousdatasetdyothrealandsynthetic,
with alwaysconsistentesults.For theexperimentshowever, we only usedsyntheticdata.

We madethis choiceto avoid the problemsinducedby non-homogeneoustructuresn
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interpretingthe result, sincethe performancedependg¢o somedegreeon the shapeof

thetree,i.e, the distribution of the nodesin the clusteringtree. Thuswe usedcomplete
treeswith a constantfan-out(2). The eleven datasetghat we usedhave betweenl128
(sameasiris benchmark)and 10 million datapointspetween8 and 20 dimensionsand
betweerl,024(21% and65,53621% objectsthe maximumnumberof pointsdisplayedata
time. Thedatasetsverenamed:D1, D2, D3, D128,D1k, D2k, D4k, D1k10k,D1k100k,
D1k1M, D1k10M,hadrespectiely 4096,65536,131072,128,1024,2048,4096,10000,
100000,1000000,and 100000000bjects,and a maximumnumberof displayedobjects
of 2048,32768,65536,128,1024,2048,4096,1024,1024,1024,and1024respectrely.

We alsovariedtheuserinput (numberof focusregions,delayfactor “k eepdirection”
factor)andsomesystemparametergprefetchingstratgy, hintsto queryoptimizer size
of the data). In all experimentswve usednavigation scriptscontainingbetween300 and
3000useroperations.

The valuesthat we measuredluring the experimentswere: quality, query-basedhit
ratio, objects-basedtiit ratio, and latengy. The quality is the numberof objectsbeing
displayedduring a navigation session.As explainedin Chapter6, the displayrequests
in TK arequeuedandsenedwhenthe systemis idle. However, if two displayrequests
refersto thesamewidget,theolderoneis cancelledThisbehaiour mayresultin loosing
information, whenthe displayrequestsaretoo often, which might be annging for the
user Thisis why we considethe numberof objectsbeingdisplayed asa measuref the
visualquality. The {hit ratiois the numberof hits over thetotal numberof items(queries
or objects)totally requestedo the back-end. The lateng is the total time, expressed
in secondsin which the userhadto wait for herrequestgo be sened,i.e., theon-line

loadingtime.
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7.3 Experiments

Experiment 1. MinMax vs. Recursie. First, we measuredhe systems performance
whenimplementingthe structure-basetirushesusing both the MinMax treetechnique
andarecursve technigue.As SQL doesnot supportrecursve views, therecursve tech-
niqueusedanadditionalattributeto markthe selecteduplesalongtherecursiorsteps.n
bothcasesve createdsimpleindexeson thejoin attributesandcompoundndexeson ex-
tentandlevel attributes.Maintainingtheindexeswasnot anissuebecaus¢hetreeswere
staticduring our experiments.Theresultof the experimentis presentedn Figures7.2—
7.4. As expectedthe MinMax methodis substantiallyfasterthanthe recursve onein all
casesTheseesultsshav clearlythattheapplicationof the MinMax techniquen our sys-
tem madevisual explorationover large datasetpracticallyfeasible thusaccomplishing

our ultimategoal.
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Figure7.2: MinMax vs. Recursve. Figure7.3: MinMax vs. Recursve.
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 brusheshanges.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

(to keeptheimpactof the Oracles cachingsmall). Sincethe brushesareimplementeds
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rangequerieswe expectthattheresponsg¢ime will varylinearly with respecto all these
parameters.

Experiment 2a: Varying the level value. In this experiment,the extentvaluesare
constan{0.25,0.75) andthelevel valuevariesin two-unitincrements As in a complete
binary treethe numberof pointsdoubleseachlevel, we expectedthatthe responsdime
would have a similar behaiour andthusthe methodwould be linearin the size of the
input. However, asonecanseein Fig. 7.5, thelinearbehaiour canbe obseredonly for

largelevels,while for smallonesbeingalmostconstant.

0.2 0.4 0.6 0.8 1 [ 2 4 6 3 10 12 14 16
right extent value level value

Figure7.4: MinMax vs. Recursie. Figure7.5: Varyingthelevel value.

Structure-basetirushedor dataset  Functions compared against 2*.
D3. Logarithmicy scale.

Experiment 2b: Varying the extent values. In this experiment,the level valueis
constant(11 — the leaf level in the smallestdatasetand 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, the increasen the responsdime is linear, andthusthe processingime for a
level-basedrushis proportionallyreducedvhencomputingit incrementally

Experiment 2c: Varying the size of the dataset. In this experimentwe useda
new datasetD4, having 218 = 262144tuples. The brushsettingsare setto valuesfrom

(0.25,0.75;8) to (0.25,0.75;14), andthe datasethangedrom D1 (4096tuples)to D4
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(262144tuples).Thenumberof nodesdoubledfrom D1 to D2, from D2 to D3, andfrom
D3 to D4 (shavn on the x-axis). However, asone could seein Fig. 7.7, the resulting
time is almostconstant. This ensureghat our systemcan scalewell to large datasets.
(Functiondabeled‘12” and“14” arenotdefinedin 4096,sinceD1 only haslllevels.)

Experiment 3: Varying user input. In the next threeexperimentswe analyzethe
behaiour of thesystemwhenthe userinputchangesSpecificallywe vary the sizeof the
delaysbetweerevents,the numberof the hot regionsandthe probability parametethat
determinesf the currentdirectionis abandonear not. For theseexperimentsve usethe
dataseD1k100k (having a total 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-
mumbuffer size(i.e., 1,0000bjectsin this case).

Experiment 3a: Varying the delays.In thisexperimentwve varythedelayfactor Ba-
sically, we multiply thedefault 1/10-1-5delayswith factorsof 1, 2,5, and10. Increasing
thedelaysgivesthe prefetchemoretime. Thus,it is naturallythatthe quality (Fig. 7.8),
hit ratio (both at the objectandat the querylevel) (Fig. 7.9), lateny Fig. 7.10improve
aswell. Also, we compardheexecutionof thedirectionprefetche(S2)on multiple data

sizes(D128,D1k, D2k, D4k). Thereis atendenyg herethatthe systemperformsbetter
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thanlinearly assoonasit exceedshe shortdelayregion. This is nhormalgiventhat for
shortdelaysmostof the prefetchingequestgetcancelled.

Experiment 3b: Varying the hot regions.In this experimentwe vary the numberof
hotregionsfrom 2to 5. As explainedin Section7.1,thelargestdelaysareassociatedvith
changinghefocusregion. If thesystenmpredictsatthis stagewherethe next focusregion
will be,it hasenoughtime to fetch the necessarylata,andthereforeto increasehe hit
ratio. As we expectedtheresultsshav thatthe performancalecreasef~ig. 7.12)when
thenumberof hotregionsincreasesWe presentiereonly the hit ratio measurementthe

lateny andthe quality arenot relevantsincetheinputscripthadto be changedrom one
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Experiment 3c: Varying the “k eepdirection” parameter. In this experimentwe
vary the probability of maintainingthe samedirectionwhenthe currentsequencef “in-
terruptible” operationss over. Basically the probabilityfactorgivesthelik elinesshata
userwill keepusingthesamemanipulatiortool, evenafteramoderate-sizdelayoccurs.
We usefactorvaluesfrom 0.2to 0.8, in incrementsf 0.2. Theobvioustendeny is that
the higherthe factoris, the moreaccuratehe predictionis. We againmeasuredhe hit
ratio (Fig. 7.13);the lateny andthe quality beingnon-relerantdueto the changeof the

inputscripts.Notethatthe systenuseshe samepredictionall thetime, whichis aproba-
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bility of 0.6. Also, aspartof thisexperimentwe vary thesizeof thedatafor thedirection
(S2)stratgy (Fig. 7.14). 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 theseexperimentswve variedthe prefetchingstratayy, the hintsto the queryoptimizer
andthe sizeof the dataset.All of the resultswere obtainedas averageof multiple runs
(typically 2 to 4), with differentinput scripts(but generatedvith the sameparameters).
Themeasurementsr eachpointonthegraphgs theresultof theexecutionof 500— 3000

operationscripts.

1o0k— 1kim —

50 s1 52 83 50 51 52 53

Figure 7.16: Varied prefetching Figure 7.17: Varied prefetching
stratgy for D1k10k. Measuredhe  stratgy for D1k1M. Measuredhe
lateng. lateng.

Experiment 4a: Varying the prefetchingstrategy. In this experimentwe testedthe
four prefetcherstratgies S0, S1, S2, and S3 againsttwo datasetspamelyD1k10k and
D1k1lm. An indirectcomparisorbetweenS2 and S3 hasbeenalreadyperformedin the
previous setof experiments.The resultsconfirm that S3is typically around10% more
efficient than S2 (Fig 7.15). Somehw unexpected,randomprefetching(S1) performs
nearlyaswell asS2andS3for thebothdataset¢Fig 7.16). Moreover, it seemghatS1lis

morestabilein rapportwith theinput (whengeneratedvith the sameparameters)Thus,
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we chooserandomprefetching(S1)asdefaultfor the next experiments.
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prefetchingstratgly. Measuredhe
hit ratio.

Figure7.19: Providing hintsto the
guery optimizer Varying the data
size.Measuredhelateng.

Experiment 4b: Varying the databasecachehints. In this experimentwe evaluate
theimpactof the databaseachepolicy over the systemperformanceSinceOracledoes
notprovide supporto directly controlthecachewetry to varythedegreein whichtuples
arecachedoy providing the optimizerwith cachehints. The cachehintsthatwe useare
“cache” and“nocache”. A “cache” objectwill persistin the databaséduffer as much
aspossible. A “nocache”objectwill not be loadedinto the buffer. However, nothing
preventsthe optimizerto reada “nocache”objectfrom cachejf theobjectis 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%—-299%.It follows
thereforeghatourtechniquéhasaclearadvantageoverusingacommerciatacheonly. We
variedin this experimentboththe prefetchstratgy (Fig 7.18)andthedatasize(Fig 7.19)

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 prefetchstrategies SO, S1, S2, and S3. The buffer sizeis set

to minimum and the Oracle hints are “nocache”. As one can see,the methodscales
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betterthanlinear (very similar to alogarithmiccurwe). It follows thatthe methodis very
appropriatdor exploring large datasetsthe goal of thisthesis.

Discussion.Thefirst setof experimentdiasdemonstratethatrecursve processingf
gueriessfartooexpensveto beappliedin interactve toolssuchasXmdvTool. However,
the useof MinMax encodingmakesthe problemtractable. The experimentsconfirmed
againthegainof usingpre-computedformationto supporton-line processing.

Thesecondetof experimentdhiasdemonstratethattheprocessingimefor astructure-
basedorushis only proportionalto the numberof objectsbeingselectecandindependent
from whatbrushparametechangedThus,thetime requiredfor computingasequencef
brushess proportionato thesumof theobjectsn all theseselectionsThesesxperiments
fully confirmedour approachof computingthe structure-basedrushesncrementally

Thethird setof experimentdhasanalyzechow theuserinputinfluencegheprefetcher
accuray, andthusthesystemoverallefficiengy. Whenthereis aclearfocusin navigation
orthereis enoughime betweerevents(requests)he performancéncreasesonsiderable.
Theexperimentonfirmedtheimportantrole of agoodpredictor

Thefourth setof experimentshasanalyzedhe performancef the systemfor afixed
type of userinput. The resultsshawv that prefetchinghelps. The systemperformance

improvessignificantlycomparedvith thecaseof usinga cachepolicy only, nomatterthat
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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-endoperationsaneasilybe translatednto efficient databas@perations.Second,
a good memorymanagemenstratgly shouldbe employedin orderto reducethe over
headof databasaccesseandthusmalke theuseof thedatabaséransparento end-users.
This paperpresentsa solutionthat addresseboth aspects.The approachs beingused
in couplingXmdvTool4.0,a visualizationapplicationfor interactve explorationof mul-
tivariatedata,with an Oracle8idatabasenanagemergystem.Experimentgor assessing
the methodshaved that, despitethe recursve natureof the operationsat the interface
level, the processindime in our integratedsystemis only proportionalto the numberof

objectsin the active selection. Moreover, the systemscaledinearly with respecto the
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sizeof thedataset.

In summarythe maincontritutionsof our approaclare:

e TheMinMax methodwasdevelopedn orderto improvethesuitability of relational
systemdor a classof new applicationssuchasvisualizationtools or CAD/CAM
applicationsThe methodprovidesimportantadwvantage®ver thetraditionalrecur
sive approachesvhenimplementingnavigation operationson hierarchicalstruc-
turesdueto its fastway to computethe ancestorandthe descendentsf thenodes

in thetree.

¢ We implementedhe MinMax techniqueusingOracle7 andC asa hostlanguage
andshavedthatthe MinMax-basedjueriesperformedsignificantlyfasterthanthe
equvalentrecursve queries.We usedthe sametechniquefurtherto implementthe

guerymechanisnior XmdvTool [48].

e Thecachestratgyy we employedsupportsncrementaloadingof datainto themem-
ory buffer. By hashingheobjectsfrom the buffer basedntheir level valueandby
keepingthe objectson eachlevel in order ary querycontainmentestagainstthe

datain memorybecome®f compleity O(1).

¢ To furtherreducetheresponseime 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 Usersaresyntheticallygeneratedh the system Navigationpatternsimulatesiata
specificityaswell asuserspecificity Moreover, a properindirectionof the input

ensureshatexactly the samenavigationscriptcanbe executedmultiple times.
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e Experimentshovedthatthe proposednemorymanagemergtrat@y significantly
decreasethelateng in thesystem.Thesystennow scaledor datasetsf theorder

10°—10 records.

8.2 FutureWork

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

Theefficieng in thesystencouldbefurtherimprovedby developingamoreaccurate
usermodel. A comple study would needto recordand analyzereal input and then
produceclasse®f patternghatinvariantly occurin real navigations. We think thatour
model provides a fair approximationof the users,for our purposes.More researchs
neededo validatethis hypothesis.Oncean accurateusermodelis provided, we could
designa morecomple predictor basedon thatmodel. If we confidentlyknow how the
patterndook lik e, thetaskof extractingthe exactparameterfrom arealnavigationscript
is atractablestatisticalproblem.

Thesystemcouldalsobefunctionallyextendedby droppingsomeof the currentcon-
strains,asfor examplethe “static” assumption.This assumptiorhastwo aspectsFirst,
we mightconsideithedynamicchangeof thedatasetlt is moreandmorecommonto an-
alyzeinformationthatsuffersintensve updatesiuringtheexploration. Secondwe might
dynamicallychangethe tools that we are using during the explorationitself. Dynamic

clusteringor dynamiccomputatiorof aggrejateswvould be possiblefor instance.
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Appendix A

Navigation Operations

A.1 Notation Conventions

In whatfollows,n;..ny will denotea sequencefintegers{n;,n1+1,...,np}. Avariablev
thattakesall thevaluesfromny to ny will bedenotedyv = n;..ny. Avariablev thattakes

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

We firstdefinetheanc(x) anddesc(x) the setsof ancestos anddescendentsf a nodex in

thehierarchy:

anc(X) ={y| 3 node; =x,nodey,...,noda_1,node =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)

Letnow I bethe*initial set” and{(as,b1), (az,b2),...,(am,bm)} bethelabelsof the
leafnodesn thatinitial set,(aj,b;) C I x I,a; <by <apx <by < ... <am < byasshown

in Sectior4. A MinMaxtreeis a labeledtreeof theformnode < (aqt), bg(t)), whee:

a(t) =min{j | leaf; € 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

Letx = (ay,, ax,) andy = (ay,,ay,) betwonodesn thetree
We first noticethat anc() is a monotonicfunction. Indeed relation(B.1) impliesthat

if x= 0(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 monotonicallyi.e.:

i f 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) =2 X1 < y1. Similarly, y2 < x,.
Sincey; <y is true by constructionwe haveprovedthatx; <y; < y» < Xp (q.ed.).

Implication <: If x3 <y1 <y, < X theny € desc(X).
We will proveit by contradiction. Let z be the lowestlevel commorancestorof x andy.
Sud a nodeexistssincetherootis onecommorancestorof x andy. It is alsouniquesince
two nodesonthesamdevelcannothavecommordescendentdNowif x=zor y=zthen
necessarilx =y =zandx; =y1 <y> = X2 (g.ed.). If Xx# zandy # z thenthere exists
a child cx = (acx, acx,) 0f z sud that ¢, = anc(x) anda child ¢, = (acy,, acy,) of zsuh
that c, = anc(y). cx # ¢y followsfromthe assumptiorthat z hasthe lowestlevel among
all the commonancestos. By construction,(Cxi,Cx) N (Cy1,Cy2) = 0. However, cx =
anc(x) impliesthat (x1, x2) C (cxg,C%) andcy = anc(y) impliesthat (y1,y2) C (Cy1,Cy»).
Fromthe hypothesigyi, y2) C (X1,X2) andtherefore (cx, cx2) N (Cy1,Cy2) D (Y1,Y2) # 0

(contradiction)(g.ed.).
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B.2 Proofof Theorem?2

Letx = (ay,, ax,) beanodeand SBB= SBBa( | (V1,V2) bean ALL structure-basedrush.
Implication C: If x € SBBthen(xg,x2) C (v1,V2).

XEBB=I0<i<k:xeT(I(v,V2)) =a10 "3 Y E T 1(1(v1,\2)) 1 B(y) = x=

P IX) €T 1(I(vi,v2) = ... = (P H)'(X) € TO(I(ve,V2)) = (V1,V2) = ay, €1 (V1,V2) & &, €

I (V1,V2) = X1 € (V1,V2) & X2 € (V1,V2) = V1 < X1 < X2 < Vo = (X1, %X2) C (v1,V2) (g.ed.).
Implication D: If (x1,%2) C (v1,V2) thenx € SBB.

We will prove it by contradiction. If x = Pl then: x ¢ SBB= X" € U} Pi**\

TE=3(1 (vi, Vo)) 1 x=B(X 1) = 32 € U2 P2\ TH=2(1 (v, 1)) : X T2 = B(X+2) =

o= e T PRI (e, V2) 1 X1 = B(XK) = 3XK = (ag,, @a,) € desc(X) 1 X ¢ 1(va,V2) =1y

J(ag, a2) C (X1, %2) : (a1, 832) ¢ (V1,V2) = (X1,%2) Z (V1,V2) (contradiction)(q.ed.).

B.3 Proofof Theorem3

Letx = (ay,, ay,) beanodeand SBB = SBBany(V1,V2) bean ANYstructue-basedrush.
Implication C: If x € SBBthen(x1,X2) N (v1,Vv2) # 0.
X€ BB=3I0<i<k:xeT(I(vg,v2)) = T =x e desc(x) : x€ T'(1(vy,V2)) =
XL € desc(x), x € p (KT XL e TL(1(vp, ) = ... = IXK € desc(X), x €
P (XT) DX = (Bay,8ay) € 1(V1,V2) =na1y Vi <a < a <Vvy. But, XK = (ag,,aa,) €
desc(X) =1y X1 <@ < a <X = (X1, %2) 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 :t € (X1, %2) N (V1,V2) =t € (X1,X2) & t € (v1,V2).
t € (x1,X2) = & € desc(x) = Japath{a = X, X1, ..., X = x} froma to x such that
XK1= g(x), X2 =g(x 1), ... . x =8(x1).

k

te (vi,Vo) = a € 1(v1,V2) =X €1 (V1, Vo) = (a1 XL ET(1(V1, V) = (a1 X2 €

T2(1(v1,V2)) =(a12) - =(a12) X € THI(1(v1,V2)) = x € T (I (v1,v2)) = x € SBB
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(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 in the averageone operationanda half for level basedre-
hashingandasmary asn/2 operationsn the averagefor theworstdistribution for

the probabilitybasedehashingTheoperationis thereforeO(n).

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

e Recomputerobabilities

Complexity: Theobjectspreseretheirlevel valuesono changeof thelevel listsis
neededHowever, the probabilitytableneeddgo berekuilt. And thistakesn+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 areducedsimplified) probabilitytable. We measuredgain
the numberof buffer accessesAs we shall see,the complity of someoperationde-

creases.

e Remeeold objects

Complexity: Sameasbefore.

e Bring new objects
Complexity: Therearein theaveragethreeanda half buffer accessefor rehashing
in this case.The operationis thereforeO(1).

e Displayactiveset

Complexity: Sameasbefore.

e Recomputerobabilities

Complexity: Thereareatn-+2mbuffer accessesSincemis constanttheoperation

isO(n).

e Testcontainment

Complexity: Sameasbefore.
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