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Abstract

Loadingof datafrom slow persistentmemory(diskstorage)to mainmemoryrepresentsa

bottleneckfor currentinteractivevisualdataexplorationapplications,especiallywhenap-

pliedto hugevolumnesof data.Semanticcachingof queriesattheclient-sideis arecently

emerging technologythat can signi�cantly improve the performanceof suchsystems,

thoughit maynot in all casesfully achieve thenearreal-timeresponsivenessrequiredby

suchinteractive applications.We henceproposeto augmentthesemanticcachingtech-

niquesby applyingprefetching.Thatis, thesystempredictstheuser'snext requesteddata

andloadsthedatainto thecacheasa backgroundprocessbeforethenext userrequestis

made. Our experimentalstudiescon�rm that prefetchingindeedachievesperformance

improvementsfor interactivevisualdataexploration.However, a givenprefetchingtech-

niqueis not alwaysableto correctlypredictchangesin a user's navigationpattern.Es-

pecially, asdifferentusersmayhavedifferentnavigationpatterns,implying thatthesame

strategy might fail for anew user. In thisresearch,wetacklethisshortcomingby utilizing

theadaptationconceptof strategy selectionto allow thechoiceof prefetchingstrategy to

changeover time both acrossaswell aswithin oneusersession.While otheradaptive

prefetchingresearchhasfocusedonre�ning asinglestrategy, we insteadhavedeveloped

a framework that facilitatesstrategy selection.For this, we exploredvariousmetricsto

measureperformanceof prefetchingstrategiesin actionandthusguidethe adaptive se-

lectionprocess.This work is the �rst to studycachingandprefetchingin thecontext of

visualdataexploration. In particular, we have implementedandevaluatedour proposed

approachwithin XmdvTool, a free-warevisualizationsystemfor visually exploringhier-

archicalmultivariatedata. We have testedour techniqueon realusertracesgatheredby

theloggingtool of oursystemaswell asonsyntheticusertraces.Our resultscon�rm that



ouradaptiveapproachimprovessystemperformanceby selectinga goodcombinationof

prefetchingstrategiesthatadaptsto theuser'schangingnavigationpatterns.
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Chapter 1

Intr oduction

1.1 Cachingand Prefetchingfor Data Visualization

Visualizationprovidesvaluabletechniquesfor theanalysisof data.While statisticsoffers

usvarioustools for testingmodelhypothesesand�nding modelparameters,the taskof

guessingtheright typeof modelto useis still a processthatcannotbeautomated.Thus,

whetherthedomainis stockdata,scienti�c data,or thedistributionof sales,visualization

playsanimportantrole in analysis.Humanscansometimesdetectpatternsandtrendsin

theunderlyingdataby just lookingat it.

Techniquesfor representingthedatagreatlyin�uence humanperception.Thus,var-

ious techniquesfor displayingdatahave beenproposedover the years,eachof which

focuseson emphasizingsomeof thecharacteristicsof data[4, 31, 9, 18, 35]. However,

mostof thesetechniquesdo not scalewell with respectto thesizeof thedata.As a gen-

eralization,[22] postulatesthat any methodthat displaysa singleentity per datapoint

invariably resultsin overlappedelementsanda convoluteddisplaythat is not suitedfor

thevisualizationof largedatasets.

For displayinglarge datasetswe [48] presentthedataat differentlevelsof detail by
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applyinganaggregationfunctionto a hierarchicalstructure,a structurethatmight result

for instancefrom aclusteringprocess.Theproblemof clutterat theinterfacelevel is thus

solvedby displayingonly alimited setof aggregatesatatime. However, suchhierarchical

summarizationsincreasethesizeof datatobemanagedbyatleastoneorderof magnitude.

Storingandretrieving the datasetsef�ciently hasoften beenignoredin the context

of visualizationapplications.While storingthedatain mainmemoryand�at �les is ap-

propriatefor small andmoderatesizeddatasets,it becomesunacceptablewhenscaling

to largedatasets.Onepossiblesolutionto enablescalingis to integratevisualizationap-

plicationswith databasemanagementsystems[40, 2, 10]. Techniquesfrom thedatabase

�eld shouldbeableto greatlycontributeto increasingtheperformanceof adataintensive

applicationsuchasexploratoryvisualization.

Althoughcouplingof visualizationtoolsanddatabasesis a challengingtaskin itself,

this work concentrateson further improving the performanceof a visualizationsystem

within the context of suchan integratedsystem. Loadingof datafrom persistentstor-

ageresultsin larger responsetimesfacedby theuserbecauseit involvesI/O operations.

Cachingthedatais oneof theoptionsin orderto achieve a betterperformance(response

time) [42]. Prefetchingthedataduringtheidle time would further improve theresponse

time [42]. Our work dealswith investigatingdifferentprefetchingtechniquesto improve

theperformanceof aninteractivesystem.

1.2 Our Approach

Our approachto reducethesystemresponsetime (i.e., theon-linecomputationtime) is

to exploit thecharacteristicsof thevisualizationenvironmentsuchas:

� Locality of exploration- Sincethegraphicalinterfaceallowstheuserlimited moves

only, theuserexplorationsarelocalcomparedto thosethatcouldbespeci�edvia a
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genericSQLqueryinterface.For this reason,apartof theuserquerymightalready

betherein thecachebecauseof theoverlapbetweenthepreviousandcurrentuser

query.

� Predictabilityof usermovements- Usersaremorepredictablebecauseof the lim-

ited typesof datarequestsfeasiblevia the visual interactive toolsandalsodueto

existenceof sometypical stylesof exploration. This is con�rmed by our analysis

of actuallog �les of usageof our tool.

� Idle time - Sincethe userwould be spendingquite sometime analyzingthe data

(displayedin differentformatsby thevisualizationsystem),thesystemwould re-

mainidle for thattime. Thisidle timecanbeusedtoprefetchthenext mostprobable

datato reducesystemresponsetime.

The locality of explorationandpredictabilityof usermovementscanbeusedto pre-

dict the most probabledatarequestedby the next userquery. Idle time allows us to

prefetchthe databeforethe next userrequestscomesin. We have alreadybeganto ex-

ploit thesecharacteristicsto developsimplestaticprefetchingschemes[16]. Thesestatic

prefetchingschemesarebasedon thecharacteristicsof bothusersanddata.This resulted

in improvementoverstaticprefetchingusingjustusercharacteristics.

Static prefetchingof data helps to improve the performanceby 32% in our sys-

tem [16]. Thesestrategiesarenot tailored for changesin the usernavigation patterns.

Static prefetchingin the context of an exploratory datavisualizationenvironmenthas

severaldrawbacks:

� No singlestaticprefetcherwill work bestfor all typesof usersascon�rmed by our

experimentalevaluation.

� Navigationpatternsof a singleuserevenwithin onesingleusagesessionis likely
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to changeastheusergainsmoreknowledgeaboutthedata,becomesmorefamiliar

with thedatavisualizationtool, or changeshergoalof exploration.

� Staticprefetchersdo not considerhow they have performedin their previouspre-

dictions.They typically generatepredictionsindependentof theirpastperformance

onpreviouspredictions.

A logical next stepis to make prefetchingadaptive. An adaptive prefetcherchanges

its predictionbehavior in responseto a changingenvironmentwith the goal of improv-

ing responsetime. We canuseusernavigation patterns,usertype, datapatternsasthe

symptomsof changingenvironmentin interactivevisualizationapplications.

Theadaptiveprefetchingtopic is multi-faceted.In this research,wetargetthespeci�c

hypothesisthat differentprefetchingstrategieswork well for differentusagesituations.

Navigationpatternsvarygreatlyandarein�uencedby theuser's inherentnavigationpref-

erence(erraticvs. directional),user's familiarity with thedataset,user's familiarity with

thevisualizationtool, andthedatapatternspresentin thedataset.As such,we focuson

investigatingstrategy selectionmechanismsthatcanadaptively shift betweenprefetching

strategieswithin agivenusersession.

1.3 Contrib utions

Our maincontribution consistsof developinga framework for adaptationof prefetching

in any interactive visualizationsystem.We have appliedthis adaptationto aninteractive

visualizationtool, but this ideacanbeextendedfor any interactive system.Thecharac-

teristicsof suchsystemfor which theframework canbeappliedis givenin Chapter2.

In thisproject,we �rst designedandimplementedsimplestaticprefetchingstrategies

that improve theperformanceof thesystemin termsof responsetime [16]. We utilized

a high level caching[42] thatreducesthesystemresponsetimeby incrementallyloading
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the datainto the cache. Whenthe systemis idle, a prefetchingstrategy will bring the

datathat is most likely to be usednext into the cache.We performedexperimentsand

evaluatedtheresultsto show thatprefetchingtogetherwith cachinghelp to improve our

system'sperformanceby about80%in somecases[16].

In this thesis,weutilizedadaptationtechniquesto �ne-tuneexistingstaticprefetching

techniquesandalsoadaptively selectbetweenalreadyexisting simpleprefetchingtech-

niques.We gatherthestatisticsaboutuser's pastexplorationanddeterminethe regions

of interestfor her. Thesestatisticsaregatheredwhenever the userchangesthe selected

datato be visualized. The regionsof interestareupdatedperiodicallyto re�ect the re-

centregionsunderconsiderationby theuser. We alsoutilizedperformancemeasurement

functionsto dynamicallyselectbetweenprefetchingtechniques.Ourevaluationcon�rms

thatadaptingbetweenstrategieshelpsto furtherimprovetheperformanceof thesystem.

1.4 ThesisOrganization

Chapter2 givesanoverview of theXmdvTool systemwhichweareusingasa testbedfor

our research.The detailsof our cachingarchitecturearespeci�ed in Chapter3. While

Chapter4 introducesstatic prefetching,Chapter5 discussesour approachto adaptive

prefetching.Wepresenttheimplementationof our framework andtheexperimentaleval-

uationin Chapters6 and7. Relatedresearchin different�elds arecoveredin Chapter8.

Finally, wedescribeourconclusionsandopenissuesfor futurework in Chapter9.
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Chapter 2

Visualization Tool CaseStudy

Thework presentedin this paperwastriggeredby our goalof scalingXmdvTool to work

on largedata[48]. Thefollowing sectionsareexplainedin moredetailsin Daniel's the-

sis [42]. XmdvTool in a softwarepackagedesignedfor the explorationof multivariate

data.Thetool providesfour distinctvisualizationtechniques(scatterplotmatrices,paral-

lel coordinates,glyphs,anddimensionalstacking)that allow interactive selections.We

haveproducedvariousdisplaysthatallow multi-resolutiondatapresentation[21, 54] We

clusterthe datapointsbasedon somedistancemetric, apply an aggregationfunction to

thedatapointsfrom eachclusterandhave thoseaggregatevaluesdisplayedinsteadof the

datapointsthemselves.Themodelcanbeconceptualizedasa hierarchythatprovidesthe

capabilityof visualizingdataat variouslevelsof abstraction. Thehierarchicalstructure

canbeexploredby interactively selectinganddisplayingpointsat differentlevelsof de-

tail. We term this explorationprocessnavigation. In what follows we describethese

visual explorationoperationsin moredetail andthenprovide a formal modelthat sum-

marizesthesemanticsof theseoperations.
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2.1 Brush Basics

Selectionis a processwherebya subsetof entitieson a display is isolatedfor further

manipulation,suchashighlighting,deleting,or analysis.Wills [51] de�ned a taxonomy

of selectionoperations,classifying techniquesbasedon whethermemoryof previous

selectionsis maintainedor not,whethertheselectionis controlledby theunderlyingdata

or not, andwhatspeci�c interactive tool (e.g.,brushing,lassoing)is usedto differentiate

anareaof thedisplay.

Brushingis theprocessof interactively paintingover a subregion of thedatadisplay

using a mouse,stylus, or other input device that enablesthe speci�cation of location

attributes.Theprinciplesof brushingwere�rst exploredby BeckerandCleveland[5] and

appliedto high dimensionalscatterplots.WardandMartin [48, 34] extendedbrushingto

permitbrushesto have thesamedimensionalityasthedata(
�

-D insteadof 2-D).

Anothercategory, namelystructurespacetechniques,whichallowsselectionbasedon

structuralrelationshipsbetweendatapoints,hasbeenintroducedin [22]. The structure

of a datasetspeci�es relationshipsbetweendatapoints. This structuremay be explicit

or implicit. Examplesof structuresincludelinearorderings,treehierarchies,anddirected

acyclic graphs.In this work we focuson treehierarchies.We have tried two clustering

algorithmsto build treehierarchiesin our system,but otherswould be suitableaswell.

Speci�cally, wehaveusedBIRCH [55], DYSECT[3] aswell asasimpleoneof ours[53].

A treeis a convenientmechanismfor organizinglargedatasets.By recursively cluster-

ing or partitioningdatainto relatedgroupsandidentifying suitablesummarizationsfor

eachcluster, we canexaminethedatasetmethodicallyat differentlevelsof abstraction,

moving down thehierarchy(drill-down) wheninterestingfeaturesappearin thesumma-

rizations,andupthehierarchy(roll-up) aftersuf�cient informationhasbeengleanedfrom

aparticularsubtree.
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As describedearlier, brushingrequiressomecontainmentcriteria. For our �rst con-

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

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

the clustersize/population,or the volumeof the cluster(de�ned by the minimum and

maximumvaluesof thenodesin thecluster).This assignedvaluedeterminesthecontrol

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

basedon thefact thateachnodein a treehasextents,denotedby theleft- andright-most

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

in sucha way that all its childrenarehorizontallyordered.Theseextentsensurethat a

selectedsubspaceis contiguousin structurespace.

A structure-basedbrushis thus de�ned by a subrangeof the structureextentsand

level-of-detailvalues.In a 2-D representationof thetree(Fig. 2.1), thesubrangescorre-

spondto ahorizontalandverticalselection,respectively.

Figure2.1: Structure-basedbrushascom-
binationof a horizontal(a) anda vertical
(b) selection.
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2.2 Structur e-BasedBrushes

Figure2.2showstheparallelcoordinatesdisplayof a� vedimensionaldatasetcontaining

16,384records.In this displaytechnique,eachof the
�

dimensionsis representedasa

verticalaxis,andthe
�

axesareorganizedasuniformly spacedlines. A dataelementin

an
�

-dimensionalspaceis mappedto a polyline that traversesacrossall of the
�

axes

crossingeachaxisatapositionproportionalto its valuefor thatdimension.For example,

in Figure2.2, thereis a polyline that intersectsthe “Spot” axisat value119, the “Mag”

axisat149,the“Potas”axisat41,andsoonto displaythetuple(Spot,Mag,Potas,Thor,

Uran)= (119,149,41,56,56).

Figure 2.2: Parallel CoordinatesDis-
play of the5-dimensionalRemoteSens-
ing datasetwith 16,384datapoints.

Figure 2.3: Structure-basedbrush in
XmdvTool. (a) Hierarchicaltree frame;
(b) Contour correspondingto current
level-of-detail; (c) Leaf contourapprox-
imates shapeof hierarchical tree; (d)
Structure-basedbrush; (e) Interactive
brushhandles;(f) Color maplegendfor
level-of-detailcontour.

As seenfrom Figure2.2,displayingall thedatato theuserat thesametime resultsin

displayclutter. Hencewe needto provide theuserwith operationssuchasdrilling down

androlling up the level of detail of the data. Towardsthis end,XmdvTool �rst clusters

the datapoints into a clusterhierarchy, andthenassociatesaggregateinformationwith
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theresultingclusters[49], suchasextentsandlevel-of-detailto mapthehierarchyinto a

two-dimensionalplane.Differentlevels in theclustertreerepresentdifferentdegreesof

abstractionof thedata.

In orderto improve thesupportfor visualnavigationthroughthis clustertreeof data

setswith millions or more records,we have designeda visual navigation tool that we

termastructure-basedbrush(asdepictedin Figure2.3)[20]. A structure-basedbrushcan

beusedto explorethedataby interactively selectinganddisplayingthedataat different

levelsof detailof theclusterhierarchy. In Figure2.3,thebrushingtool componentmarked

`e' selectscluster(s)to bedisplayed,while `b' selectsthe level of detail for theselected

cluster(s). While exploring the data,a usermay navigateby sliding the extentsof `e'

horizontally to selecta particularcluster in the tree hierarchy, or by moving the level

brush`b' vertically to displaydataatdifferentlevelsof detail.

Figure2.4: ParallelCoordinatesDisplay
of RemoteSensingdatasetafterRoll-up
operationfrom Figure2.2.

Figure 2.5: Roll-up operation of the
Structure-basedbrushfrom Figure2.3.

Figure 2.4 shows the display of the samedataset when the userperformsa roll-

up operationusingthestructure-basedbrush,correspondingto sliding thelevel-of-detail

`b' from Figure2.3 up to the settingof the brushingtool shown in Figure2.5. While

Figure2.6 shows the displaywhen the userperformsa drill-down operationusing the

structure-basedbrushin thebrushingtool asshown in Figure2.7.

10



Figure2.6: ParallelCoordinatesDisplay
of RemoteSensingdataset after Drill-
down operation.

Figure2.7: Drill-down operationof the
Structure-basedbrush.

The usernavigation operationsexpressedby our brushingtool are translatedinto

queriesto the database.The queriesare contiguousrather than ad-hoc,sincethe vi-

sualinterfaceprovidesonly controlledmeansof expressingnavigationalrequestsvia the

structure-basedbrush. Suchcontiguity of userqueriescanbe exploited whencaching

queries,as thereis a high probability of a partial query result from a prior querystill

beingrelevant(andthusin ourcache)for thenext userrequest.

Second,we notethat theusermaybeviewing thedataarounda particularregion for

a while beforemoving to anotherregion. In otherwords,theusernavigationtendsto be

composedof severalsmallandlocal movementsof thebrushingtool (queries)ratherthan

majorglobalandunrelatedmovements.

Furthermore,users' exploratory movementsare somewhat more predictablewhen

they explore the datausingsuchvisualizationtools, assuchexplorationsare different

from, say, randomaccessesvia an ad-hocSQL queryinterface. We thuspostulatethat

prefetchingmaybeasuitablemechanismfor improving theperformanceof visualization

andotherexploratoryapplications.

Sincethe userwill be examining the visual displaysfor interestingpatterns,there

typically would be delaysbetweentwo useroperations.Suchdelayscould provide us
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with theopportunityto prefetchhighly probabledatainto mainmemoryduringidle times.

To summarize,typical characteristicsof interactive visual explorationtools that can

beexploitedfor cachingandprefetchingare:

1. contiguousqueriespassedto thedatabase,

2. locality of explorationandthusdataaccess,

3. predictableuser's exploratorymovements,and

4. signi�cant delaysbetweenuseroperations.
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Chapter 3

SemanticCaching

This chapteris explainedin moredetailsin Stroe's thesis[42]. Memoryorganizationis

critical in interactive applicationssinceit in�uencesthe performanceof the subsequent

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

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

thecachehasto bequickly computed.Thus,weneedto beableto know in eachmoment

whatdataresidesin thememorywithout full traversalof thecache.

3.1 SemanticCaching

Semanticcachingis a high level type of cachein which queriesarecachedratherthan

pagesor tuples.A characteristicof theobjectsthatareplacedin thecacheis thatthey are

not referencedby their IDs whenaccessedby thefront-end.In otherwords,thefront-end

doesn't askfor objectsusingrequestssuchas ������� or ������� ; instead,it passesa

query 	�

��������������� to the back-end:“are the objectswith thesecharacteristics(within this

brush)available?”. We maintaina set of queries	��

�����

���

�

�

is associatedwith the cache,

similar to semanticcaching [12]. Thequery 	�

��������������� is thencomparedwith each	 �

�����

���

�

�
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to determinewhatobjectsfrom 	 

��������������� arenot in 	 �

�����

���

�

�

, andthoseobjectsareretrieved

next. Thisdifferenceresultsin new queries( 	 �

� ) thatcorrespondto thoseto beloadednext

objects.

Theproblemof determinethe 	 �

� queriesis usuallyknownasqueryfolding[38]. It has

beenshown that theproblemis reducibleto the querycontainmentproblem[6]. Query

containmentis undecidablein the generalcasebut decidablein the caseof conjunctive

queries[8]. As shown in Chapter2 the queriesin our caseareall rangequeries,and

thereforeconjunctive.

Specialattentionhasto bepaidin asemanticcachingenvironmentto notallow dupli-

catesin thecache.Thus,whenmorethanone 	��

�����

���

�

�

queryis storedin thecache,they are

forcedto bedisjoint. This meansthata new 	�

��������������� querywill modify thesemanticof

theexisting 	 �

�����

���

�

�

queriessuchthatthey do not referto any commonobjectsany more.

In orderto maketheobjectadditionsandsubtractionsef�cient, westoretheobjectsin

thecacheorderedby theirextentvalue.Theordercanbeensuredby thequerymechanism

itself or canbeaddedasanew processingstep.In ourcasewecanrequestthattheobjects

in all queries(asde�ned in Section2) beretrievedin orderby addinganORDEREDBY

clauseto MinMax-derivedSQLqueries.

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

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

objects.The �rst stepin implementinga replacementpolicy is to provide anestimation

strategy ableto measurethe likelihoodthat an objectwill be neededin the nearfuture.

Wehaveusedaprobabilityfunctionthatalsode�nesa partitionon thesetof objects.

3.1.1 CacheReplacement

Thecacheis �rst organizedasabucket tablebasedon theprobabilityvalues.Theobjects

in thecachearehashedby rounding,basedona�x ednumberof values(agivenprecision).
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Thebucketswill thushavevaluesranginguniformly from 0 (anopenentry)to 1 (anobject

beingcurrentlyin theactive set). Theobjectsin thesamebucket arelinkedby a double

linked list. Independently, thecacheis alsohashedbasedon the level value. Again, we

haveabuckettablewith asmany bucketsasthelevel values.In addition,theheaderkeeps

apointerto thelastelementin thelist.

The main taskof a cachereplacementpolicy is to �nd in the cachethe entriesthat

havethelowestprobabilityof beingusedandto removethemwhenmoreroomis needed.

Thisoperationneedsto beef�cient, sinceit occursfrequently.

Whennew objectsarebroughtin they have to complywith theinternalorganization.

Updatingthe hashtablesis thenrequired.Whena requestis issuedby the front-end,a

containmenttestis performed.Thesystem�rst checkswhethertherequesteddatareside

entirely in memoryor not. In caseit doesn't, a compensationqueryhasto besendto the

loader, anagentthatfetchesthedatafrom thepersistentstorage.Thefront-endmayalso

send“refresh”querieswhenall objectswithin thecurrentselectionareneeded.

An importantrequirementof thesystemthatcomesfrom its interactive natureis that

theuserneedsto beableto preempttheotheragents'actions.Thus,whenthecurrentse-

lectionchanges,theloadingprocessis interruptedandwill only restartafterrecomputing

thenew probabilityvaluesfor theobjects.

In conclusion,thecacheaccessoperationscanbesummarizedas:

A: Remove old objects. Gettheobjectswith thelowestprobability thatresidein the

cache(and further remove them one at a time when more room in the cacheis

needed).

B: Get new objects.Placeanobjectfrom thedatabasecursor into thememorycache

(andrehashthecacheentry).

C: Display active set. Get thoseobjectsfrom thecachethat form theactive set(and
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sendthemto thegraphicalinterfaceto have themdisplayed).

D: Recomputeprobabilities. Recomputetheprobabilitiesof theobjectsin thecache

oncetheactivewindow getschanged(to ensureaccuratepredictionsin thefuture).

E: Test containment. Testwhetherthe new active setfully residesin the cacheand

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

In theremainderof this sectionwe will show how theseoperationsareimplemented

in ourcachestrategy.

A speedup in the cacheprocessingcan be achieved by usinga simpli�ed version

of theprobability-basedbucket tablein which insteadof storingall objectsof thesame

probabilityin onebucket,weonly storetheonesthatareextremeelements(�rst andlast)

in thelevel basedlists.

As anexamplelet usconsiderthenavigationgrid displayedin Fig. 3.1. Wehavehere

twelveregionsof equalprobability, theactivewindow coveringthemiddletwo ones.For

simplicity weconsiderthatonly oneobjectresidesin eachregion. Wealsonumbertheob-

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

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

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

thewindow expandsto theleft, andsoon. In thisexampleaprobabilityprecisionof 0.1is

assumed,andconsequently10 probability-basedbucketsareused.Theprobability table

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

level 2.

An importantassumptionmadeat this point is that the querymechanismis ableto

provide theobjectsfrom theactive setin boththeincreasingandthedecreasingorderof

their extentvalue.If not,asortingstagehasto follow all callsto thequerymechanism.

Themain ideabehindthecacheaccessstrategy is to keepthesetsof objectson each
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Figure3.1: Cachecontentfor a threelevel, twelve objectexamplein caseof a reduced
probabilitytable.

level alwaysconvex in thecache(with respectto therelationof totalorderde�ned among

theobjectsof thesamelevel). This is possibledueto thefact that the lowestprobability

objectsthatneedto bereplaced(andthusremovedfrom that level list) arealwaysat the

extremeof thelist.

In whatfollows,theimplementationof thecacheaccessoperationsis described.

OperationA – remove old objectsis equivalentto retrieving elementsfrom thenon-

emptyprobability bucketsin increasingorderof their bucket value. The operationthus

requiresascanof theprobabilitytableinterleavedwith traversalsof thebucket lists.

OperationB – get new objectsis equivalentto hashinganentrywith respectto both

its level andits probabilityvalue.Hashinganentrywith respectto its level valueis done

in exactly oneor two operations.Sincethe setof entrieson eachlevel is convex and

containsthe higherprobabilityobjectsof the level, thenthe newly addedobject,which

hasthehighestprobabilityamongtheobjectsnot yet in thecache,will necessarilybeat

theextreme.Theentriesoneachlevelareorderedbasedontheextentvalue.Thereforethe

new objectis eitherthenew �rst elementon that level's list if it is lessthantheprevious

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

element.Hashingwith respectto theprobabilityunfortunatelytakes �

���

operationsin

theaveragecase,where � is the lengthof thecurrentprobability list. We needto make
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surethantheobjectis correctlyinserted(with respectto its extentvalue)in thesequence

of elementshaving thesamelevel in its probabilitybucket,sothatremoving theelements

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

ef�ciency will beimprovedthoughby usinga reducedprobabilitylist.

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

bucket (last bucket). The numberof cacheaccessesis the numberof elementsin the

bucket.

OperationD – recomputeprobabilities requiresat leastonecompletescanof the

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

However, theprobabilitytableneedsto berebuilt, andthis takes �

�

���

���

operations.�

is for deletingthelists (thiscanbedonetogetherwith theprobabilityrecomputationstep)

and ���

���

for creatingthenew ones(it is basicallyonelist insertionfor eachobject).

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

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

�


�
��

is includedin the cache,if andonly if the list correspondingto level ��� is

�

�

��
�������


�

�

� and the left extent (geometricalextremity) of �

�

�

, �

�������

�

�

���

is lessthan or

equalto
���

andthe right extent of �

�

� ,  "!�#%$

���

�

�

�

�

is greaterthanor equalto
�

�

. If not

included,the differencebetweenthe intervals
���&��
'�

�

�

and
�

�

�������

�

�

�(�'


 "!�#%$

���

�

�

�

�(�

gives

usthenext request(s)to beaddressedto thequerymechanism.
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Chapter 4

Intr oduction to Prefetching

In visualizationapplicationssuchasXmdvTool,userstypicallyspendasigni�cant amount

of timeinterpretingthegraphicalpresentationof theselecteddata,while theprocessorand

I/O systemareidle. We thuspostulatethat it is bene�cial to predictwhat datathe user

will requestnext, andstart fetchingthat datainto the cachebefore the userasksfor it.

Thus,whentheuserrequeststhatdatalater, sheshouldperceive a fasterresponsetime.

Dueto thepropertiesof visualexploration,suchasthecontiguityof queries,wecanoften

accuratelypredicttheuser's next movement.Prefetch thedatabeforetherequestcomes

from the tool is likely to beviable. The ideasof staticprefetchingthatwe presenthere

havebeenpublishedin [16].

4.1 TasksInvolved in Prefetching

Prefetchingcannotbedonein justonestep.It involvesdoingthefollowing steps:

� Predicting- The�rst stepinvolvedin prefetchingis to predictthenext mostproba-

bledata.Dif ferentprefetchingstrategieshavetheirown waysof predictingthenext

mostusefuldata. This may involve keepingstatisticsfor betterprediction. The
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infomationthatcanbegatheredmightbeaboutthedataand/ortheuser(in thecase

of interactive tools).

� Loading- Thenext stepin prefetchingis loadingthedatainto thecache.This can

bedoneby thesamemechanismresponsiblefor fetchingthedatawhenexplicitly

requestedby theuser. Thismightinvolveremoving someof thelowerprobabledata

from the cacheto make spacefor the prefetcheddata. Cachereplacementpolicy

discussedin Section3.1.1determineswhichobjectsto remove from thecache.

� Purging- Thequerydescriptorsanddatareplacedmightneedto bepurgedin order

to reducethe overheadof storinginformationthat is not required.Purging might

involve combiningdescriptorsto reducethe redundantdatadescriptions.Making

surethatthedatais storedin properorderinsidethecachestructure.

� Maintainingcachecorrectness- After loadingthe data,the cacheshouldbe in a

correctstate,asit wasbeforeprefetchingwascalled. It meansthatthedescription

of thedatashouldrepresentactualdatain thecache.This is very importantasthe

prefetchingcanget preemptedif a new userquerycomesin andwe mustassure

thatpartially loadeddatais properlycheckedin thecache.

4.2 Static PrefetchersImplemented in XmdvTool

In our target visualizationapplication,prefetchingrequestsmayoftenbe interruptedby

further userrequests,resultingin lessdatabeingprefetchedat a time. For this reason

we have designedanobject-granularitycachemanagementschemeasdescribedin Sec-

tion 3.1 so that partially prefetchedresultscan be kept in the cacheand put to future

use.

Withoutapriori knowledgeof theuserrequestpatterns[19], prefetchingmustbespec-
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Figure 4.1: Hierarchy of Prefetching
Strategies.

ulativeasit hastoguess.Wehavedevelopedseveralspeculativestrategiesfor prefetching,

asdescribedbelow, in orderto performa comparativeevaluationof their applicabilityto

exploratoryvisualizationsystems.Figure4.1 organizestheseprefetchingstrategiesinto

a hierarchybasedon differenthintsthey utilize. Theassumptionis thatthepredictorcan

discover thehintsgradually ratherthanrequiringcompleteknowledgeapriori. Theap-

proachimpliesan evolutionarybehavior; at the beginning, lessinformationis available

to the predictorandthereforethe numberof prefetchinghints that it candiscover (with

a reasonablecon�dence)is alsolow. In time,moreinformation(e.g.,statistics)becomes

available, and thereforemore patterns(and implicitly hints) can be discovered. In all

casestheprefetcherbasesits strategy onthemaximumamountof informationit can�nd.

In our case,we assumethat thepredictorcandiscover two typesof navigationpatterns.

Speci�cally, we assumethat the predictorcandetectif the usertendsto usemorefre-

quentlythecurrentnavigationdirectioninsteadof changingit, andalsoit candetectif the

databeinganalyzedhassomeregionsof interest(socalledhotregions) towardswhichthe

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

� ve prefetchingstrategies: random(S1),direction(S2),andfocus(S3). In experiments,

wealsoconsiderthecaseof notprefetching,which thenis referredto ascaseS0.
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4.2.1 RandomStrategy

41=p

41=p

41=p

41=p

Figure4.2: RandomStrategy.

As shown in Figure4.2,strategy S1(random)is basedon randomlychoosingthedi-

rectionin whichto prefetchnext. Thedirectionsareeitherlateral(left or right at thesame

level in hierarchy)or vertical(increaseor decreaselevel of detail).Ourvisualizationtool

only allows manipulationin oneof thosefour directions(usingsix possibleoperations).

This strategy is appropriatewhenthepredictoreithercannotextractprefetchinghintsor

provideshintswith a low con�dencemeasure.

4.2.2 Dir ectionStrategy

Figure4.3: DirectionStrategy.

Strategy S2(direction)is analogousto thesequentialprefetchingschemediscussedin

many of theprefetchingpapers [11, 33]. This directionstrategy assumesthat themost

likely directionof thenext operationcanbedetermined.It is intuitive, for instance,that

the userwill continueto usethe samenavigation tool for a while beforechangingto
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anotherone. In our system,eachnavigationtool of thestructure-basedbrushhappensto

preciselycontrol onedirectiononly. Basedon a user's pastexplorations,the predictor

wouldassignprobabilitiesto all thefour directions.Theprefetchingstrategy (S2)thenis

to “prefetchdatain thedirection” currentlywith thehighestprobability. As depictedin

Figure4.3, if
�

���

�

�

and � arethe last two directionsnavigatedinto by theuser, then

thedirectionstrategy maypredict
�

�

�

�

�

asthenext directionto bevisitedby theuser

in thesamedirectionof theprevioustwo movements.

4.2.3 FocusStrategy

Figure4.4: Hot Regions.

Strategy S3(focus)usesinformationaboutthemostprobablenext direction(by keep-

ing track of user's previous movement)as well ashints aboutregionsof high interest

(hot regions,asdepictedin Figure4.4) in thedataspaceasidenti�ed basedon prior nav-

igationsof this samedataby other users. We found the hot regions for eachuserby

keepingthestatisticsof theregionsvisitedby theuserduring thepastexplorations,and

thenmaintainingall theregionsthathave frequency of visits abovea particularthreshold

ashot regions. This strategy will continueto prefetchdatain the givendirectionusing

theabovementioneddirectionheuristics.However, whena hot region is aroundthecur-

rentnavigationwindow, theprefetcherswitchesfrom thedefault directionprefetchingto

prefetchin thatnow moredesirabledirection. Thehypothesisis that theuserwill likely

stopat sucha region of interestto explorethosehot regionsonly if shegot closeenough
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to noticeit.

4.3 Disadvantagesof Static Prefetchers

Our experimentalevaluationof thesestaticprefetchingstrategies[16] shows that static

prefetchinghelpsin reducingthe responsetime visible to theuserby around30%. But

thesestatic prefetchingstrategies are not accuratein predictingthe next possibleuser

queryresultingin largenumbersof mispredictedobjectsbeingprefetchedin somecases.

Below is thelist of disadvantagesof usingstaticprefetchers:

� No single static prefetcherwill work best for all typesof usersas seenin Sec-

tions7.4.1and7.4.2.

� Navigation patternsof a single userwithin a single usagesessionare likely to

changeas the usergainsmore knowledgeaboutthe dataand becomesmore fa-

miliar with thedatavisualizationtool. This is shown in Chapter7.

� Staticprefetchersdo not considerhow they have performedin their previouspre-

dictions. They typically generatepredictionsindependentof their performanceon

previouspredictions,notallowing improvementover time.

� Focusstrategy hasa furtherdisadvantagethatyou needto know thehot regionsin

advancefor properfunctioning.Also, theseregionsmightbedifferentfor different

users.
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Chapter 5

Adaptive Prefetching

5.1 Intr oduction to AdaptiveSystems

In general,anadaptivesystemextractsfeedbackfrom its environmentin orderto monitor

theeffectsof its actionson its environment.Theadaptivesystemalsodeterminestheef-

fectsof exploiting previouslybene�cial behavior andexploringalternativebehavior [37].

Hencefeedbackis akey componentto theeffectivenessof anadaptivesystem.

Speci�cally, an adaptive prefetcherchangesits predictionbehavior in responseto a

changingenvironment.Thechangesin theenvironmentin our casearefor examplethe

changesin usernavigationpatterns,usertype,datapatterns,etc.

Adaptive prefetchingis a multi-facetedtopic. In this research,we target thespeci�c

hypothesisthat differentprefetchingstrategieswork well for differentusagesituations

(Sections7.4.1and7.4.2). Navigation patternsvary greatlyandare in�uenced by the

user's inherentnavigationpreference(erraticvs. directional),user's familiarity with the

dataset,user's familiarity with the tool, andthe datapatternspresentin the dataset.As

such,we focusour discussionin this sectionon the strategy selectionmechanismsthat

canadaptively shift betweenprefetchingstrategieswithin a givenusersession.We have
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alsoworkedwith strategy re�nementwhereweadaptthefocusstrategyby �nding regions

of interestto theuseratparticularintervals.

5.2 ProposedSolutions

5.2.1 StrategyRe�nement

Eachprefetchingstrategy hasa setof input parametersthat control how it operatesand

how well it performs.For thefocusprefetchingstrategy, for example,theinput parame-

tersincludethesetof hot regions.Input parametersuchashow muchdatato prefetchin

agivendirection(i.e.,stepsize)is commonto all prefetchingstrategies.

Oneway to improve the performanceof an individual prefetchingstrategy is to pe-

riodically re�ne the valuesof its input parametersto adaptto changingusernavigation

patterns.Re�nementinvolvesthe issuesof feedbackgathering(e.g.,what responseto

gatherandhow oftento gather)andof updatingstatistics(e.g.,what/how/whento update

statistics,how to agefeedbackandother information to give emphasisto recentactiv-

ity). In this paper, we applystrategy re�nementconceptsin creatinganAdaptive Focus

Strategy. This is discussedin Section5.3.

5.2.2 StrategySelection

Givenasetof individualprefetchingstrategies,asimpleprefetchingapproachis to select

onestrategyatthestartof ausersessionandusethatsamestrategy throughoutthesession.

A more�e xible approachthatsuitablefor adaptationis to allow thechoiceof prefetching

strategy to changeover time within a singlesessionto adaptto changingusernavigation

patterns[36]. This is called strategy selection. This involvescompetitionamongthe

individualprefetchingstrategiesin orderto bechosen.
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In usingstrategy selectionfor prefetching,every timeprefetchingneedsto bedone,a

strategy is selectedfrom a setof prefetchingstrategiesbasedon its performanceon past

prefetchingrequestswithin the currentsession.We hadindicatedearlierin this section

that extracting feedbackis important in an adaptive system. In strategy selection,we

extractfeedbackby measuringtheperformanceof eachprefetchingstrategy every time it

is selected.This helpsusmonitor if our pastselectionswerebene�cial or detrimentalto

theoverallperformanceof thesystem,andconsequentlyhelpstheadaptationframework

to decidewhatstrategy to selectnext.

Thebasicbuilding blocksof astrategy selectionroutineinclude:

1. setof strategies- a setof individual prefetchingstrategiesto choosefrom arees-

sentialfor selection,

2. performancemeasures- a setof statisticsusedto measurehow well eachprefetch-

ing strategy hasperformed,

3. astrategyselectionpolicy - asetof rulesusedto determinewhichamongcompeting

strategiesto select,and

4. a �tness function- a functionof oneor moreperformancemeasuresthatis usedby

thestrategy selectionpolicy to decidewhich strategy to select.

The detailsof our designof a completestrategy selectionframework is given in Sec-

tion 5.4.

5.3 AdaptiveFocusStrategy

Recallfrom Section4.3 thathot regionsaretheregionsin thenavigationspacewhich a

uservisits frequentlyashe/shemayhavefoundsomeinterestingpatternsin thoseregions.
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If the uservisits theseplacesfrequently, thenwe may want to prefetchandcachedata

within theseregionsin orderto reduceresponsetime.

Also recallthatin thestaticfocusstrategy, thesetof hot regionsusedfor agivenuser

sessionis pre-determinedat the startof the sessionandremainsunchangedthroughout

that usersession. The hot regions could be pre-determinedfrom pastsessionson the

samedatasetby the sameuseror from all pastusers.However, the regionsof interest

maybedifferentamongusers,andmayvary for thesameuserwithin thesamesession.

Sooneway to improve theperformanceof the focusstrategy is to updatethesetof hot

regionsperiodicallywithin the samesessionto make surethat they representthe latest

regionsof interest(i.e.,adaptto theuser's changingregionsof interest).

5.3.1 How do wedetermine the hot regions?

For any givendisplayusedfor navigation (e.g.,the structure-basedbrushin XmdvTool

in Figure2.3), we canconstructa correspondingrectangularnavigation grid similar to

Figure5.1. Any navigationalmovementsmadeby theuseron thenavigationdisplaycan

bemappedandrecordedin thisnavigationgrid.

As a concreteexample,let ustake a closerlook at thestructure-basedbrushin Xmd-

vTool (Figure2.3) which is a displayusedfor navigatinga datahierarchytree. We can

constructa correspondingnavigation grid (Figure5.1) whoserows arethe levels in the

datahierarchytree,andwhosecolumnsareequal-sizedverticalpie slicesof thedatahi-

erarchytree.Thewidth of eachcolumncanbesetto matchthepre-de�nedgranularityof

thehot regionsthatwe want to monitor, soeachcell in thenavigationgrid corresponds

to a region in the structure-basedbrush. Eachtime the usermovesover a region in the

structure-basedbrush,we recordaccessstatisticsin thecorrespondingcells in thenavi-

gationgrid. Thedetailsaboutstatisticsaregivenin thenext section.
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Figure5.1: Datastructureusedto keepaccessstatistics

5.3.2 Accessstatistics

The accessstatisticswe recordarethe total time spentby the userin a region (time of

next brushmovement- timeof currentbrushmovement).Thehypothesisis thatif a user

is interestedin a region,shewill spenda longertime viewing it. Anotheraccessstatistic

thatcouldbemonitoredis thenumberof timesa uservisiteda region; whena region is

oftenvisited,it meansits datais loadedinto memoryoftensoit is acandidatefor caching.

But this keepstrackof theregionsthatmightbefrequentlyvisitedwhenpassingthrough

to whereuserreallywantsto gobecauseof thewaynavigationspaceis structured.Unlike

theseregions,weareinterestedin theregionstheuseroftenwantsto analyze.

Theaccessstatisticsareupdatedfor everyquery(or brushmovement).To ensurethat

themostrecentregionsof interestarerecorded,werecalculatethesetof hot regionsafter

somepre-de�ned � numberof queries.Weclearthegrid againfor collectingstatisticsof

next � queriesandthisprocedureis repeatedthroughouttheusersession.

5.3.3 Hot-RegionCalculation Algorithm

Figure5.2 shows the algorithmfor calculatingandupdatinghot-regions. After �nding

thehot-regions,likestaticfocusstrategy, theadaptivefocusstrategy alsousesinformation
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n queries= 100/* updatefrequency */
cutoff=0.8 /* cut-off valuefor hot-region = 80%*/
max n regions=5/* max# of Hot Regions= 5 */
initialize accessstatisticsto 0 for all cellsin navigationgrid
initialize set of hot regions=
afterservingevery userrequest

updatetheaccessstatistics
afterevery n queries

determinemaximumaccessstatisticvalue
let candidatehot regions= all cellswith accessstatistic � cutoff * maximum
amongcandidatehot regions,combineadjacentregions(within thesamerow) into singlehot region
let setof hot regions= topmax n regionshot regions
re-initializeaccessstatisticsto 0 for all cellsin grid

end
end

Figure5.2: Algorithm for calculatingthehot region(s)

aboutthemostprobablenext direction(bykeepingtrackof theuser'spreviousmovement)

aswell ashintsabouthot regions.Thisstrategy will continueto prefetchdatain thegiven

directionsimilar to thestaticdirectionprefetchingstrategy, subjectto theavailablecache

space.However, whenthereis a hot region in thedirectionof thecurrentmovement,the

prefetcherswitchesfrom thedefault directionprefetching(prefetchingasmuchpossible

in thecurrentdirection)to prefetchjust up to thehot-region. Thehypothesisis that the

userwill likely stopthereto explorethathot regionhecameacross.

5.4 StrategySelectionDetails

Thissectiongivesthedetailsof our implementationof thestrategy selectionframework.

5.4.1 Setof Indi vidual PrefetchingStrategies

For strategy selection,wehaveselectedthefollowing individualprefetchingstrategies:

� No Prefetch

� Random

� Direction
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Sometimeswhenall theprefetchingstrategiesarefailing to improvetheperformance

(perhapsbecausethetimedifferencebetweenqueriesis tooshortto allow for prefetching,

or theremainingcachespaceis alwaystoo small to accommodateprefetcheddata),it is

betternot to prefetchthedata. Hence,we have theno prefetching strategy in our list as

well.

5.4.2 PerformanceMeasures

Thequalityof a prefetchercanbemeasuredby thefollowing two factors[37]:

� Responsetime - how quickly canthe datacorrespondingto the next userrequest

be displayedto the user. A prefetcheris good if this value is low. This canbe

achievedby correctlypredictingasmany objectsbeforetheuserrequestcomesin,

thusimplying lowernotpredictedobjects.

� Network traf�c - how much communicationis requiredbetweenthe tool on the

client side and the databaseon the server side. Sinceaccessingthe database(a

slow persistentstorage)is slow, we want network traf�c to be low. This value

is determinedby thenumberof objectsretrievedfrom thedatabaseduringfetching

andprefetching.Thelowestpossiblevaluewouldoccurwhen(i) wedonotprefetch

(soby justfetching,wewill loadonly datathatis required)or (ii) wedonotprefetch

any datathatwill notberequiredin thenext userrequest.In orderto reducenetwork

traf�c, wewantto minimizethenumberof mis-predictedobjects.

Thesetwo factorssuggestthefollowing concreteperformancemeasures:

� responsetime

� numberof correctlypredictedobjects

� numberof notpredictedobjects
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� numberof mis-predictedobjects

Thelast threestatisticsmeasuretheaccuracy of a prefetcherin predictingwhich ob-

jectsareneededby thenext userquery[28]. Theseconceptsof preditionsarealsoanalo-

gousto standardprecisionandrecall metrics[23].

ResponseTime

Responsetime( ��� ) measureshow quickly thedatacorrespondingto thenext fetch query

(following theprefetch queryof interest)canbeloadedinto memory.
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(5.1)

Responsetime is easyto calculate,involveslow calculationoverheadandcanbeusedfor

comparingno-prefetchingversuswith-prefetchingexperiments.

However, any performancemeasureinvolving timemaybeaffectedbyexternalfactors

suchas the databaseserver workload, the sizeof the cache,and the presenceof a lot

of pre-emptedprefetchingoperations.Hence,caremustbe taken in interpretingresults

basedon responsetime. Also, thevalueof responsetime dependson thesizeof theuser

query. Hence,even if the prefetcherdid not mis-predictany requiredobject, the next

fetch querymaystill have a slow responsetime simply becausethequeryis large. Also,

responsetimedoesnotmeasuretheaccuracy of theprefetcher. Theresponsetimemaybe

fastsimplybecauseit is basedonpreviously fetchedobjectsby someotherprefetcher.

Prediction measurements

In order to overcomethe drawbacksof responsetime, we cameup with the following

measuresthatareinspiredby [37]:

1. Numberof correctlypredictedobjects
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Figure5.3: PredictionMeasurements

2. Numberof notpredictedobjects

3. Numberof mis-predictedobjects

Thesemetricsaredepictedin Figure5.3.

Thenumberof correctlypredictedobjects( ��� ) representsthecoverage,or thepart

of thecachecontentthatwasprefetchedandthenrequiredby thenext FETCHquery. The

largervaluesfor this, thebetter. This would never exceed100%of thenormalizeduser

query.

Thenumberof not predictedobjects(
�

� ) representsthepartof theuserquerythat

wasnot predictedby the prefetcherandhadto be demand-fetchedor weretherein the

cachebecauseof previousqueries.Thenumberof correctlypredictedandnot-predicted

objectscontributeto 100%of theuserquery.

Mis-predictedobjects( ��� ) are the part of predictedobjectsthat were incorrectly

predictedandresultedin wastedbandwidth.Smallervaluesarebetterfor thiscomponent.

It indicatestheaccuracy of theprefetcher, becauseamoreaccurateprefetcherwouldfetch

fewerobjectsthatwill notbeused.

Notethatdifferentquerysizeswould resultin differentnumbersfor thesethreemea-

surements.It is to normalizetheirvaluesto allow propercomparisonamongtheprefetch-

33



ing strategies.Oneway to normalizethesemeasurementsis givenby theformulabelow:
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Notethatwe have thedivisor for mis-predictionas
�

� �
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�

becausewe wantto

compareit with theactualrequirednumberof objects.Thevaluefor %MisPredictedcan

go beyond100%.

5.4.3 FitnessFunctions

In orderto take into accountall theperformancemeasurementsabove,we needto come

up with a function that would summarizethe overall performanceof a prefetcherwith

a singlenumber. This function,which we call a �tness function (a term taken from the

studyof GeneticAlgorithms [36]), is a functionof oneor moreperformancemeasures.

Weuseit for thestrategy selectionpolicy to decidewhichstrategy to select.
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The �tness function shouldtake into accountthe performanceof the prefetcherson

severalqueries,andnot just on onesinglequery. For this research,we chosemisclassi�-

cationcostasour �tness function. Misclassi�cationcostde�ned ascostassociatedwith

makingawrongclassi�cation(of requireddata)[50] is givenby:
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where �	� 
 is the penaltyassignedfor not predictingrequiredobjects,and � �

 is the

penaltyassignedfor mis-predictingunnecessaryobjects.Wehavesetthevalueof �
� 
 �

�

�

�

and �	�

 �

�

�

�

. As canbenotedfrom theformula,sincethenumeratorof thefraction

hasvariablesthatwewantto minimize,thelower thevaluefor misclassi�cationcost,the

bettertheprefetcher.

We chosemisclassi�cationcostfor thefollowing reasons:

� Sinceresponsetime is affectedby somany otherexternalfactors(asmentionedin

Section5.4.2),we decidednot to directly includeit in our �tness function. How-

ever, sinceresponsetime is correlatedwith thepercentageof not-predictedobjects,

it is thereforeindirectly incorporatedin themisclassi�cationcost.

� Prefetchingis likeastatisticalbinaryoutcomepredictionproblem.FromStatistics,

oneway to measurethe accuracy of sucha predictoris with the useof misclas-

si�cation cost. Misclassi�cationcosttakesinto accountthe two typesof errorsa

predictorcanmake - not predictedandmis-predicted(Figure5.3). Thecostcom-

ponents( �	� 
 and �	�

 ) representtheweightgivento eachtypeof error.

Onemisclassi�cationcostvaluecanbecalculatedfor eachprefetch query. But wedo

not want to basethestrategy selectionon just thecostof themostrecentquery;instead

we want to summarizethecostfor a seriesof recentqueries,giving moreweight to the

morerecentqueriesover theolderones.For this,weuseexponentialsmoothing:
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. Thechoiceof thesmoothingparameter

� dictatesthe aggressivenessof decayingolder values. Use � closeto
�

(e.g.,
�

�

�

) to
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Strategy Exponentiallysmoothedaveragemisclassi�cationcost # timesselected
No Prefetching 0.5 100
Random 0.4 25
Direction 0.3 225
Overall 0.4 350

Table5.1: Strategy SelectionTable

give almostequalweight to all values;use � closeto
�

�

�

(e.g.,
�

���

) to graduallydecay

the values;and use � closeto
�

�

�

(e.g.,
�

���

) to rapidly decaythe values,giving very

little weight to the older values[13]. For our system,we used0.75asthe exponential

smoothingfactorto givemoreweightto theperformanceof themostrecentqueries.We

summarizethestrategy selectioninformationin Table5.1.

We initialize this tableasfollows: Sincetheindividualprefetchingstrategiesaresup-

posedto competeagainsteachother, it is bestto putall of themonequalfooting to begin

with. Oneway to initialize the�tness functionis to settheir misclassi�cationcostsall to

0 (thebest),settingall strategiesto beequallygoodinitially. This allowsall strategiesto

beselectedduringthe�rst few callsto prefetching.Wealsoinitialize thenumberof times

selectedto 1 for all strategies. The misclassi�cationcost is calculatedfor the selected

strategy afterthenext userqueryis served.Themetricsfor only thatselectedstrategy are

updated.

5.4.4 StrategySelectionPolicy

A strategy selectionpolicy is ruleusedto determinewhichamongcompetingstrategiesto

select.Severalselectionpoliciesalreadyexist, asmentionedin theRelatedWork section

(Section8.1). For our problem,we have appliedtwo policies[36] thatarein contrastto

eachother:
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Select-Best: Thispolicy choosesthestrategy with thebest�tness functionvalue.If ties

occur, werandomlychooseamongthetiedstrategies.Onedownsideof thispolicy is that

asinglestrategy mightdominatetheselectionearlyin theprocessandnootherstrategies

mightgetselectedfrom thenonwards.

SelectProp: Thispolicy choosesastrategy with aprobabilityproportionalto its �tness

functionvalue(assumingthathigher�tness valuemeansbetterperformance).In Genetic

Algorithms [36], sucha typeof strategy is called“�tness proportionateselection”. The

generalalgorithmproceedsasfollows:

� Let
�

�

be the �tness valueof strategy ! andlet
�

�

be theoverall average�tness for

all thestrategiesi.e.,
�

�

�

�

�

���

�

�

�

�

where
�

is thenumberof prefetchingstrategiesin thetable.

� Theprobabilityof astrategy beingselectedis givenby:
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In thecaseof �tnessfunctionsinvolving responsetimewhereasmallervaluemeansbetter

�tness, this algorithmis adjustedsuchthat the probability of selectionfor a strategy is

inverselyproportionalto its �tness function.

SelectProportionate[36] strategy allows for somedegreeof exploration,i.e. allows

currently lesserperformingstrategies to be selectedandexecuted. This is designedto

preventasinglestrategy from dominatingtheselectionearlyin theprocess.
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Chapter 6

Implementation of Prefetching

Ar chitecture

6.1 SystemAr chitecture

Thecachingaswell asprefetchingstrategiesdescribedabove have all beenfully imple-

mentedandincorporatedinto XmdvTool 5.0,afreewarepackagefor theinteractivevisual

explorationof multivariatedatasetsdevelopedat WPI [53]. A high-level diagramof the

modulesaddedandthe relationshipsbetweenthesemodulesandthe original systemis

depictedin Figure6.1.XmdvTool 4.0wascodedin C++with Tcl/Tk andOpenGLprimi-

tives.Thenewly addedmodulesarewritten in C with Pro*C(embeddedSQL)primitives

for Oracle8i.First, anoff-line processclustersthe �at datasetsandthentransformsthe

hierarchicaldatainto MinMax trees[43], apre-codedindexing structurethatallowsusto

expresshierarchicalnavigationasrangequeries.Thetransformeddatais thenloadedinto

thedatabase.

Theinteractionwith theoriginalsystem(shown asGUI in Figure6.1)hasbeenencap-

sulatedasa databaseaccessAPI. We have implementedwhatwe calleda prepare/iterate
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Figure6.1: Systemarchitecture.Dotted-
line rectanglesshow the separationbe-
tweentheon-lineandtheoff-line compu-
tation. Solid-linerectanglesrepresentthe
modules. Ovals representdata. Arrows
show thecontrol�o w.

paradigm.Thuswhentheuserissuesa new request,thefront-endonly hasto inform the

back-endabouttherequestby calling theprepare function. After that it canretrieve the

desiredobjectsoneat a time from the buffer by repeatedlycalling the iterate function.

If all theobjectsneededwereunableto �t in thecache,theprocessprepare function is

calledagainto loadtheremainderof thedata.The iteratefunctionagainiteratesto dis-

play theremainderof thedata. This processcontinuesuntil all thedatato bedisplayed

areiterated.

Our semanticcacheindexesthecachecontentwith descriptorsof thequeriesusedto

retrieve thecacheddata.Thisallows for a fastlook-up,sinceonly a few set-basedopera-

tionsareperformedto comparea new queryagainstcachedqueries(seeChapter3). The

cachingarchitectureformsthefoundationfor theimplementationof all of ourprefetching

strategies.Moredetailsof our cachingsystemcanbefoundin [17].

Whenthesystemis idle, theprefetcher threadis createdwhichcommunicateswith the

estimatorto makedecisionsaboutthenext mostprobabledatato beprefetcheddepending

on theselectedprefetchingstrategy andthecurrentcachecontent.Thevisualnavigation

operationseffect a changein theactive set,a producerthreadis created,while theGUI

itself actsasconsumer. Basically, two threadsoperateconcurrentlyon the buffer data:

theconsumerandtheproducer. The active setinformationfrom theGUI is passedto a
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rewriter. The prefetchingqueryis thenpassedto a rewriter. The rewriter consultsthe

semanticsof thecache(expressedby cachedqueries)andgeneratesa setof sub-requests

to incrementallyadjustthe datain the cache. Eachsub-requestis transformedinto an

SQL queryby the translator. The queriesarepassedto the loader, which fetchesthe

necessaryobjectsfrom thedatabaseusinga cursorandplacesthemin thecache.From

here,thereaderreadsthemandsendsthemto thedisplay. Oncethereaderis donewith

the readingof data,if time permits,the prefetcherwill signal the rewriter to prefetch

thenext mostprobabledatadependingon thecurrentprefetchingstrategy. Whenever the

cacheis full, theestimatorremovestheobjectsfrom thecacheby examiningprobability

valuesthatdependon their semanticdistancefrom theactiveregion.

When the userusesthe structure-basedbrush(seeFigure2.3) to navigate to some

otherdatain theclusterhierarchy, thenthefetchingprocessis startedby themainthread

to servicetheexplicit userrequest.If theprefetcher threadis still runningin thesystem,

it is preemptedandthecontentsof thecacheareadjustedfor consistency.

6.2 AdaptivePrefetchingAr chitecture

Figure6.2showsthediagrammaticrepresentationof thecomponentsinvolvedin strategy

selection.As shown, we have a list of prefetchingstrategies. Amongthestrategiesthat

we have in the list areno prefetching strategy, randomstrategy, directionstrategy and

focusstrategy. Thesestrategies may requiresomeform of summarizationof the past

userexplorationfor prediction.For example,in thedirectionstrategy, we keeptrackof

the pasttwo useroperationsto �gure out the directionof usermovements.The focus

strategy requiresholdingstatisticsaboutall thepastexplorationssothat it can�gure out

theregionsof interestto theuser.

We also maintaina strategy table that keepsstatisticsto evaluatethe performance
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Figure6.2: AdaptivePrefetchingFramework.

of eachprefetchingstrategy. Thesummarizationsincludekeepingtrackof correctlypre-

dictedobjects,notpredictedobjects,mis-predictedobjects,localaveragemis-classi�cation

costandnumberof timeseachstrategy got selected.Thesevaluesareinitialized by the

strategy table initializer. Note that we cangive higherpreferenceto a strategy by set-

ting appropriatevaluesfor localaveragemis-classi�cationcostsfor individualstrategies.

Thesesummarizationsareupdatedwhentheuserqueryis completedandtheprefetcher

hasto selectthenext prefetchingstrategy for carryingoutprefetchoperations.

Wheneverthesystemis idle, thestrategyselectorlooksattheseperformancemeasures

anddependingon thestrategy selectionpolicy, it selectsoneof theprefetchingstrategies

from thelist. Theselectionpolicy caneitherbeselect-bestor select-proportionate.
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Chapter 7

Experimental Evaluation

7.1 Experimental Inputs

Performancemeasurementsin systemswherehumaninteractionis neededrequirelog-

ging theinformationabouttheirusagesin orderto comparetheperformancefor different

settingsfor thesamesequenceof operations.Thesamesequenceof operationshasto be

performedmultiple times,hencewecapturetheactivitiesperformedby theusersin a log

�le. Userinput (alsoreferredto asa userscript or input script from now onwards)is a

sequenceof useroperationsandthe time speci�cationof whentheoperationsoccur. In

XmdvTool, theuserinput is asequenceof navigationprimitivesanddelays.An example

of auserscriptis presentedbelow:

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

The�rst columncontainsthetime speci�cation,thesecondthetypeof theoperationand

thethird theparametersthattheoperationrequires.
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Our experimentalresultsare primarily basedon real-usertraces. We performeda

user-studywherewecollectedtracesfrom anumberof usersof our system.Thesetraces

consistedof 30 minuteseachfor 20 differentusers. Theseuserswere given real data

setsto �nd patternsandoutliers in the data. The peoplewho wereunfamiliar with the

tool weregivena practicesessionto familiarizethem�rst. Thesetraceswerethengiven

asinput to the tool andsystemsettingssuchasprefetchingstrategieswerevaried. The

valuesrecordedwereaveragedout for thesamesettingsrespectively.

We alsogeneratedsimulatedusertracesfor simulatingthe operationsperformedby

theuser. Themaingoalfor our inputsimulationis to provide“dataspeci�city” and“user

speci�city” to thescriptsthatwegenerate.Theseparticularitiesprovide thehintsthatwe

exploit whenprefetching.

7.2 Settings

All experimentswere conductedon an Windows 2000 PC, running Oracle8.1.7. We

usedC asthehostlanguageandembeddedSQL statementsfor accessingthedatain the

database.

Thedatasetweusedhas4095datapointsand8 dimensions,and2,048(
�

� �

) objectsas

themaximumnumberof pointsdisplayedat a time. Thedatasetwasnamed:D2k. In all

experimentsweusednavigationscriptscontainingbetween300and4000useroperations.

The valueswe measuredduring the experimentswere: mis-classi�cationcost,pre-

dictedobjects,network loadandresponsetime (latency). The mis-classi�cationcost is

our objective function thatwe want to optimizeby our prefetchingframework. Sinceit

representsthe predictionerrorsmadeby a prefetcher, we would like it to be aslow as

possible. The predictedobjectsare further divided into threetypes;namely, correctly

predicted, not predictedandmis-predictedobjects. Thesemeasuresareasdescribedin

43



Section5.4.2.Thenetworkload indicatesthenumberof objectsreceivedfrom theserver.

It is importantastheprefetchingstrategiessometimeswouldprefetchwrongdatathatare

not required,thus leadingto a rise of unnecessaryobjectsfrom the server. This value

shouldbe lowestfor an ideal prefetcher. The responsetime is the total time, expressed

in seconds,in which the userhadto wait for her requeststo be served, i.e., the on-line

loadingtime.

7.3 ExperimentsRelatedto StrategyRe�nement

In orderto adaptthefocusstrategy, wevariedthehot-regionupdatefrequency mentioned

in Section5.3 to �gure out the bestspeedof updatinghot-regions for adaptive focus

strategy. Below arethechartsthatdepicttheperformanceof adaptive focusstrategy for

variousdifferentupdatefrequencies.

Figure7.1: Responsetimevs. hot-regionupdatefrequency

As seenfrom theFigure7.1,thechangesin responsetime(Y-axis)is minorcompared

to the changein hot-region updatefrequency (X-axis indicatesthe updatefrequency in

termsof numberof useroperations).Evenwith highercomputationoverheadfor faster

updates(lowervaluesonX-axis), theresponsetimestill remainsunchanged.

Figure7.2 depictsthe predictionratesfor the adaptive focusstrategy. Again, these
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Figure7.2: Predictionratesvs. hot-regionupdatefrequency

ratesremainfairly similar with thechangein updatefrequency. Thesechartsshow that

theperformanceof athedaptive focusstrategy for this userremainsfairly constantwith

thechangein updatefrequency. Thissuggeststhatin orderto comeupwith ade�nite con-

clusions,wewouldhave to testadaptive focusstrategy for variationsin updatefrequency

for differentusers.

7.4 ExperimentsRelatedto StrategySelection

We claim that differentusershave differentwaysof navigating becausethey have their

own techniquesof �nding patternsfor thesamedata.Thesedifferencesin behaviors also

infer that thesameprefetchingstrategy might fail for differentusers.In additionto this,

the usernavigation patternmay alsochangeduring the samesession.This is intuitive,

astheusergoeson navigatingandlearningmoreaboutthedata,hewould havedifferent

waysof navigationtounderstandtheoveralldataandsomeparticularcharacteristicsabout

thedata.In whatfollows,weexaminetheusertracesin ourexperiments.

Below, weshow adetailedanalysisandresultsfor two realusertraceslog �les.
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7.4.1 CaseStudy I

To begin with, let's look at userA's characteristicssothatwe canknow detailsaboutthe

navigationpatternof thisuser.

UserA Characteristics

Thefollowing four chartspresentthecharacteristicsof a typical realuser. As mentioned

in Section7.1, we gatheredthe tracefrom theuserswho participatedin our userstudy.

For anonymity, let'scall thisuserA.

Figure7.3: Directionalityvs. Timefor UserA

Figure7.3showsthedirectionalityfor userA atany giventimeduringthesession.We

de�ne directionalityasthepercentageof timesin thesessionfor whichtheusercontinues

to move in the samedirection as his last movement. This can be achieved by using

differentextentsin the brushingtool we describedin Section2.2. Also, rememberthat

thereareonly 4 directionspermittedfor movementsin XmdvTool. As canbeseenfrom

thecharts,theuser's directionalitychangesa gooddeal,from being100%directionalat

timesto being40% directionalat times. But, on an averagehe stays73% directional.

Thisshowssomedifferencein usernavigationcharacteristics.

As shown in Figure 7.4, the userspeed(numberof userinputs per minute, in our

case)alsochangesover time. Sometimes,theuseris fastenoughto generatearound105
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Figure7.4: Numberof Queriesvs. Time for UserA

movementsin a minuteandsometimeshestaysidle for 2 wholeminutes.On anaverage

hehas70movementsin aminute.

Figure7.5: Regionsvisitedvs. Timefor UserA

Figure7.5depictstheregionsvisitedby theuserperminute.To betterunderstandthe

graph,considereachverticalcolumnasthestructure-basedbrushin our tool. Thespots

in thosegrids indicatethe regionsvisited during that minute. As seenfrom the chart,

theusermovementsarelocal asall thenavigationpointsareclubbedtogetherfor agiven

1 minute time frame,con�rming our hypothesisthat userstendto explore a particular

regionbeforeswitchingto thenext locationfor exploration.

Figure7.6illustratesthemovementsby theuserin bothhorizontal(left/rightdirection)

aswell asvertical (up/down direction). The lower line indicateshorizontalmovements
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Figure7.6: Brushmovementsvs. Time for UserA

by the user. The value 0 meansthe user is at the leftmost extent and value 1 means

he's at therightmostextent. Theupperline indicatestheverticalmovementsby theuser.

Value1 indicatestheuseris at thelowestlevel of detail (drill-down operation)andvalue

2 indicatesthe useris at the highestlevel of detail (roll-up operation). As seenfrom

Figure7.6, the useranalyzesdatahorizontallymostof the time with hardly any drill-

down or roll-up operationsinitially. Thenhe startsanalyzingthe samedataat different

level of detail,andsoon.

Now, let's try to analyzetheperformanceof differentprefetchingstrategiesfor user

A's trace.Thiswouldgiveusanideaabouttheperformancefor eachindividualprefetch-

ing strategy aswell asfor adaptively selectingbetweenthesestrategies.

Performancefor UserA

As demonstratedin Figure 7.7, the direction prefetchingstrategy gives the bestmis-

classi�cation costcomparedto no prefetching aswell asrandomstrategy. So it is the

bestperformeramongststatic prefetchingstrategies. This result was expectedas the

userappearsto be directional(73% as notedin Figure 7.3). Also note that for adap-

tive prefetching,themis-classi�cationcostis evenbetterasit selectsthebeststrategies,

namely, directionandno prefetchingstrategies,for improving theperformancefurther.
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Figure7.7: Mis-Classi�cationCostvs. Time for UserA

Figure7.8: Strategy selectionvs. Timefor UserA

Strategyselectionovertimefor userA is exempli�ed in Figure7.8.Sincethedirection

strategy is bestfor him, wenotethatit is theonethatgetsselectedmostof thetime. Also,

sometimesthenoprefetchingstrategy is selectedastheuserappearsabit randomatthose

time instancesandthe movementsarequick, thusindicatingnot to prefetchin orderto

reducethenumberof objectsmispredicted.Notethat therandomstrategy is hardlyever

selectedasits mis-classi�cationcostis high.

As seenfrom Figure7.9,adaptiveprefetchingstill hasthelowest% of not predicted

objects.Theperformanceis evenbettercomparedto directionstrategy asthat's thestrat-

egy selectedmostof thetimesby it andnoprefetchingto furtherimprovetheperformance

whendirectionstrategy fails.

Figure7.10shows that for % of mis-prediction,adaptiveprefetchinghasbadperfor-
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Figure7.9: % of Not predictedobjectsvs. Time for UserA

Figure7.10:% of Mis-predictedobjectsvs. Timefor UserA

mance.Thissaysthatmis-classi�cationcostis a trade-off betweenthetwo measures:not

predictedobjectsandmis-predictedobjects. Dependinguponvaluesof � � 
 and �	�

 ,

oneis chosenover theother.

As depictedin Figure7.11,% of correctlypredictedobjectsis alsohigh asaneffect

of improvementin mis-classi�cationcost.Also from Figure7.12,responsetime is better

for adaptive prefetching.But aswe will seefrom thenext section,this is not alwaysthe

casefor all users.
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Figure7.11:% of Correctlypredictedobjectsvs. Time for UserA

Figure7.12:ResponseTimevs. Timefor UserA

7.4.2 CaseStudy II

Let's look at the characteristicsof userB to comparethe behavior of this userwith the

previoususer.

UserB Characteristics

Figure7.13givesthe directionalityfor userB at any given time during thesession.As

canbeseenfrom thechart,theuser'sdirectionalityonaveragestaysaround40%.This is

very muchdifferentfrom userA. Also, notethatchangein directionalityfor this useris

prettysteadythroughout.

As shown in Figure7.14,theuserspeedagainchangeswith respectto time. Compared
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Figure7.13:Directionalityvs. Time for UserB

Figure7.14:Numberof Queriesvs. Time for UserB

to userA, userB is prettyslow andsteadywith anaverageof 40movementsperminute.

Figure7.15depictstheregionsvisitedby theuserperminute.NotethatunlikeuserA,

henavigatesvertically mostof thetime, viewing thedataat variouslevelsof abstraction

for everychosensubsetof data.

Figure7.16illustratesthemovementsby userB in horizontalandverticaldirections.

As seenfrom the �gure, the useranalyzesdatavertically mostof the time, very slowly

selectingdifferentsubsetsandvisualizingthematdifferentlevel of details.

Performancefor UserB

As demonstratedfrom Figure7.17,amongthestaticprefetchingtechniques,therandom

strategy givesthebestmis-classi�cationcostcomparedto noprefetchingaswell asdirec-
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Figure7.15:Regionsvisitedvs. Time for UserB

Figure7.16:Brushmovementsvs. Time for UserB

tion strategy. This is differentfrom whatweobservedfor userA wheredirectionstrategy

hadbetterperformance.This con�rms our claim thatno singleprefetchingstrategy wins

for all theusers.Also notethatfor adaptiveprefetching,themis-classi�cationcostis even

betterasit selectsthebeststrategiesfor improving theperformancefurther.

Strategy selectionovertimefor userB is shown in Figure7.18.Sincerandomstrategy

is bestfor him, it is the one that getsselectedmost of the time. Also, sometimesno

prefetching strategy is selectedwhen the movementsare quick, thus indicating not to

prefetchin orderto reducethe numberof objectsmispredicted.Note that the direction

strategy is hardlyeverselectedasits mis-classi�cationcostis high.

As seenfrom Figure 7.19, adaptiveprefetchingstill hasthe best% not predicted

objects,thoughthe differenceis not greatcomparedto direction strategy as that's the
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Figure7.17:Mis-Classi�cationCostvs. Timefor UserB

Figure7.18:Strategy selectionvs. Time for UserB

strategy selectedmostof thetimesby it.

As seenfrom Figures7.19and7.20again,mis-classi�cationcost is a trade-off be-

tweennot predictedobjectsandmis-predictedobjects. Thesechartsareanalogousto the

samefor userA (Figures7.19and7.20).

As depictedin Figure7.21,% of correctlypredictedobjectsfor adaptiveprefetching

is nearlythesameasfor therandomstrategy. Also from Figure7.22,theresponsetime

is similar for all thestrategies.This indicatesthatadaptiveprefetchingmight not helpto

improvetheperformanceto agoodextentif individualprefetchingstrategiesdonothave

goodimprovements.

Thestrategy selectiondonefor userA resultedin thecombinationof directionstrat-

egy with noprefetching.Ontheotherhand,thestrategy selectiondonefor userB resulted
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Figure7.19:% of Not predictedobjectsvs. Time for UserB

Figure7.20:% of Mis-predictedobjectsvs. Time for UserB

in the combinationof randomstrategy with no prefetching.In both cases,no prefetch-

ing waschosento compensatefor thehigh mis-predictiondoneby directionandrandom

strategies. This suggeststhat onecould alsoadjustthe amountof dataprefetched(i.e.

prefetchstepsize)to achieve less% of mis-predictedobjectsfor bothdirectionandran-

domstrategies.

7.4.3 Summary Charts

Thefollowing experimentswereperformedin collaborationwith Rosario.To summarize

theperformanceof ouradaptiveprefetcher, weinvestigateits effecton14realusertraces.

We did experimentson all the usertraceslisted in Section7.1. To remove the possible
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Figure7.21:% of Correctlypredictedobjectsvs. Time for UserB

Figure7.22:ResponseTimevs. Time for UserB

effect of network traf�c on the performancemeasures,especiallyresponsetime, each

experimentwasrepeated3 timesandthenthemeasureswereaveraged.To getanoverall

pictureof the performanceson eachtype of usertrace,the resultsaresummarizedfor

eachusercluster.

Figures7.23and7.24show theglobalaveragemis-classi�cationcostsandnormalized

responsetimesfor differentprefetchingstrategies,summarizedfor the3userclusters.Re-

call thatcluster1 usersaretherandom-starers,cluster3 usersarethedirectional-movers,

andcluster2 usersaretheindeterminates.

Figure7.23shows that,on average,strategy selectionimprovesthemisclassi�cation

cost for the random-starersanddirectional-movers,andonly improvesslightly for the

indeterminates.This could be due to fact that the randomand directionalprefetchers

56



Figure7.23:GlobalAverageMis-classi�cationCost(Averaged)For DifferentUserClus-
ters

Figure7.24:NormalizedResponseTime(Averaged)For DifferentUserClusters

do not have direct control over how muchthey prefetchandthushave large numberof

mispredictions.With strategy selection,thereis theoption to switch to 'no prefetching'

whenthemovementsbecomemorerandomandmorefrequent,thusminimizingthenum-

ber of mispredictionswhich in turn minimizesmisclassi�cationcost. This observation

leadsusto considerre�ning therandomanddirectionalprefetchersto allow theprefetch

stepsizeto changeover time. For indeterminateusers,strategy selectionimproved the

misclassi�cationcostonly slightly comparedto thestaticprefetchingstrategies.

Figure7.24shows that,on average,strategy selectiondoesnot improve theresponse

time comparedto the static prefetchersfor the random-starersand directional-movers.

Recallthat responsetime is affectedby severalexternalfactors(listed in Section5.4.2).
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As such,theexactreasonbehindthesesummarypatternsis hardto pinpoint.

WealsotriedtheSelectProp(�tness-proportionate)strategyselectionpolicy (described

in Section5.4.4)to investigateif a moreexploratoryapproach(SelectProp)is betterthan

a greedyapproach(SelectBest).Our experimentsshowedthatSelectPropyieldedworst

resultscomparedto SelectBest.
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Chapter 8

RelatedWork

8.1 AdaptivePrefetching

Therehasbeenmuchresearchperformedon adaptive prefetchingfor differentapplica-

tions.Welist someof thisresearchhereandpointoutbothhow thesehave in�uencedour

approachanddifferencesto ourapproach.

Davisonet al. [14] proposeda solutionfor predictingthenext usercommandin the

Unix shell promptby usingsimpleMarkov chainpredictors.Thesestatistics,collected

for eachuser, areagedover time in orderto emphasizetherecentcommandsby theuser.

This solutionutilizes the conceptsof strategy re�nementandinformationaging. It has

provideduswith inspirationfor extendingthestaticfocusstrategy into anadaptive focus

strategy.

Tcheunet al. [46] proposedanadaptivesequentialprefetchingschemefor hardware,

which is similar to our staticdirectionstrategy (analogousto sequentialprefetchingin

many of the I/O prefetchingstrategies). It adaptsto a user's stepsizeto make surethat

only thebestdatagetsin thememory. This solutionutilizesstrategy re�nementbut not

strategy selection.Wenotethattheuser'sstepsizecanbeoneof thebaseparametersthat
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canbeadaptedin our approach;however, we did not geta chanceto experimentwith it

sowe list it in theFutureWork section.

Someresearchefforts utilize the conceptof learning(insteadof strategy selection

nor strategy re�nement) in decidingthe next adaptive actionto take. Srikantet al. [1]

presenta datamining approachto gatheringsequentialpatternsabouttime-seriesdata.

This algorithm can also be usedto predict the next usermovement. [44] discussesa

modelfor capturinguserbehavior that may be necessaryto adaptto the changesin the

userpatterns.Learningis onepotentialenhancementfor adaptationthatwe currentlydo

notapplyin oursystem.

We notethat theseresearchefforts have focusedon takingonestrategy andadapting

it (i.e., strategy re�nement). In our approach,we utilize strategy selectionin additionto

strategy re�nement.

[7] describesstatisticscollectionfor databasemanagementsystemsthat keepstrack

of dataaccesscharacteristics(suchasdatapages)of theclientmachine.Thisis analogous

to ourmodelof usertracecollectionto keeptrackof theaccesspatternsby theuser.

Several strategy selectionpoliciesalreadyexist in various�elds, including Genetic

Algorithms (�tness-proportionateselection,sigmascaling,elitism, rank selection,tour-

namentselection,steady-stateselection)[36] andOperatingSystems(lottery scheduling

[47]). For our approach,we chose�tness-proportionateselectionbecauseit allows for

exploration(vs. exploitation),andit is quick andeasyto calculate(minimal overhead).

However, otherselectionmethodsmay needto be experimentedin the future to assess

this trade-off in overheadvs. potentialperformancegain.

For performanceevaluation,we extractedthe idea of using mis-predicted/notpre-

dicted/correctlypredictedstatisticsfrom [28]. The ideaof a �tness function in strategy

selectionis inspiredby �tness functionsin GeneticAlgorithms[36]. Furthermore,since

prefetchingboilsdown to astatisticalclassi�cationproblem,welookedinto theStatistics
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�eld for ideasfor �tness functionandfoundmisclassi�cationcost[50].

8.2 Caching

Semanticcachingis usedfor client-sidecachingandreplacementin aclient-serverdatabase

system.It is aimedlargelyatproviding supportfor navigationalaccessto data(suchasvi-

sualizationapplications).We have implementeda cachingstructureinspiredby [30, 12]

as it provides ef�cient supportfor accessto data. In particular, we have developeda

hash-basedlook-upstructurethatallows replacementat theobject-granularitylevel [43].

Thoughcachingis necessaryfor visualizationapplicationsandnecessarilya prerequi-

site for supportof prefetching,our researchreportedhereconcentrateson the trade-offs

betweendifferentprefetchingstrategies.

8.3 DatabaseSupport for Interacti veApplications

Much work hasbeendonein recentyearson visual interactiontools, including [40, 45,

26, 15, 25, 29, 27, 24]. Integratedvisualization-databasesystemssuchasPolaris[40],

Tioga[41], IDEA [39] andDEVise [32] representthework mostcloselyrelatedto ours

in termsof developingtoolsfor visualdataexplorationsupport.Thespeci�c approaches

takenarehoweverdifferent.

Polaris[40] is an interfacefor exploring large multi-dimensionaldatabasesthat ex-

tendsthewell-known Pivot Tableinterface�rst popularizedby Microsoft Excel. Similar

to our structure-basedbrush,Polarisincludesan interfacefor constructingvisual speci-

�cations of table-basedgraphicaldisplaysandthe ability to generatea setof relational

queriesfrom thevisualspeci�cations.But Polarisdoesnot includecachingandprefetch-

ing to improvetheperformance.
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Tioga[41, 2] implementsa multiple browserarchitecturefor a recipe, a visualquery.

Theproblemof translatingfront-endoperationsinto databasequeriesis notpresentsince

databasequeriesareexplicitly speci�edby thegraphicalinterface.Also, they donotcache

thequeriesin theirsystem.VIDA [52] is avisualizationtool (anextensionof DataSplash

[2]) that is developedin an attemptto solve the clutteringproblemby providing goal-

directedzooming.

Infostill [10] is a dataanalysisapplicationthat focuseson assistinguserswith all

stagesof dataanalysis. It doesnot take client-sidecachinginto considerationfor im-

proving theperformanceof thetool. IDEA [39] is anintegratedsetof toolsthatsupports

interactivedataanalysisandexploration.This tool focusesonmultipledisplayviews like

XmdvTool, but on-linequerytranslationandmemorymanagementarenot addressedin

that work. In DEVise [32], a setof queryandvisualizationprimitivesto supportdata

analysisis provided. The numberof primitivessupportedis relatively large. However,

cachingdatais doneat the databaselevel using the default mechanismsonly; special

memorymanagementtechniquesasin ourwork arenotstudied.

Unlike prior work, we aim to focuson the interactionsbetweenthetwo areas:Visu-

alizationandDatabases.In particular, we workedon adaptiveprefetchingusingstrategy

selectionin this context.
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Chapter 9

Conclusionsand Futur eWork

9.1 Summary and Conclusions

We �rst designedandimplementedsimplestaticprefetchingstrategiesthat improve the

performanceof thesystemin termsof responsetime. Weutilizedahighlevelcaching[42]

that reducesthe systemresponsetime by incrementallyloadingthedatainto thecache.

We developeda framework for adaptationfor prefetchingin any interactivevisualization

system.

Fromourexperiments,wehaveshownthatprefetchingisalwaysbetterthannoprefetch-

ing, as it helpsin improving the responsetime. But prefetchingalsocomeswith mis-

predictedobjectsthatleadto a risein network traf�c.

Our casestudiesshowedthatdifferentusershave differentnavigationpatternsin our

system.In additionto that,wehavealsoshown thatfor thesameuser, thenavigationpat-

ternvary within thesamesession.Theseclaimshave beenanalyzedby our casestudies.

We have alsoseenthatdifferentprefetchingstrategieswork well for differentusers.For

this reason,differentprefetchingstrategiesarebetteratdifferentinstancesof timeduring

thesameusersession.
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The choiceof �tness function is important in evaluatingthe successof a strategy

selectionapproach.In prefetching,thechoiceof �tness function is tricky because(1) it

requiresa trade-off betweenseveralcompetingperformancemeasures,and(2) it begsthe

questionof how muchweightshouldbegivento morerecentperformanceinformation.

We have experimentedwith responsetime asa �tness functionandalso�gured out the

drawbacksof usingit asexplainedin Section5.4.3.

Overall, we have shown that allowing the choiceof prefetchingstrategy to change

overtimeis betterthanhard-codingthechoiceupfront,evenwhenthereis someoverhead

inherentdueto maintainingstatisticsfor strategy evaluationin theselectionprocess.

9.2 Futur eWork

In theexperimentalsection,we have notedpossiblenext stepsin improving thequality

of prefetchersbasedon the resultswe saw. In this section,we summarizeall thesenext

stepsaswell aslist otherpossibleoptions.

For bothdirectionandrandomstrategies,wecanadjusttheamountof dataprefetched

(e.g.,by adjustingtheprefetchstepsizeor having a �x edprefetchbuffer size).

We canexploreotherstrategy selectionpoliciesand�tness functions.Therearesev-

eral other strategy selectionpolicies as listed in the RelatedWork section,as well as

severalotherwaysto combinetheperformancemeasuresandproducea �tness function.

Comparisonof theperformanceof strategy selectionagainststrategy re�nementcan

beoneof theworksthatmightbringto light somenew points.Otherresearchonadaptive

prefetchinghavemostlyfocusedonre�ning asinglestrategy. Whichadaptationapproach

worksbetterfor adaptiveprefetchingfor visualdataexplorationtools?

In our currentimplementation,we attemptto prefetchafter every userquery. This

may not be goodespeciallywhen the useris moving very fastandhenceuserqueries
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areissuedoneafterthenotherquickly. We candeferprefetchingin orderto improve the

performanceof thesystem.

In situationswhenthedatasetsarevery largeandthecachesizeis limited, onecould

measuretheperformanceof a prefetcherbasedon theaccuracy of thepredictionandnot

basedon theactualnumberof predictedobjectsthatgot loadedinto thelimited cache.
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