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Abstract

Loadingof datafrom slow persistentnemory(disk storagefo mainmemoryrepresenta
bottleneckor currentinteractve visualdataexplorationapplicationsespeciallywhenap-
pliedto hugevolumnesof data.Semanticachingof queriesattheclient-sideis arecently
emeqging technologythat can signi cantly improve the performanceof suchsystems,
thoughit maynotin all casedully achiere the nearreal-timeresponsienessequiredby
suchinteractve applications.We henceproposeto augmenthe semanticcachingtech-
niquesby applyingprefetching.Thatis, thesystenmpredictstheusers next requestediata
andloadsthe datainto the cacheasa backgroundorocesseforethe next userrequesis
made. Our experimentalstudiescon rm that prefetchingindeedachieres performance
improvementdor interactve visualdataexploration. However, a givenprefetchingtech-
niqueis not alwaysableto correctly predictchangesn a users navigation pattern. Es-
pecially asdifferentusersmayhave differentnavigationpatternsjmplying thatthe same
stratgy mightfail for anew user In thisresearchwe tacklethis shortcomingoy utilizing
the adaptatiorconceptof stratgy selectionto allow the choiceof prefetchingstrateyy to
changeover time both acrossaswell aswithin one usersession.While otheradaptve
prefetchingresearcthasfocusedonre ning asinglestratgy, we insteachave developed
a framework that facilitatesstratgy selection. For this, we exploredvariousmetricsto
measurgerformanceof prefetchingstratgiesin actionandthusguidethe adaptve se-
lection process.This work is the rst to studycachingandprefetchingin the context of
visual dataexploration. In particular we have implementecandevaluatedour proposed
approactwithin XmdvTool, a free-warevisualizationsystemfor visually exploring hier-
archicalmultivariatedata. We have testedour techniqueon real usertracesgatheredy

theloggingtool of our systemaswell ason syntheticusertraces.Ourresultscon rm that



our adaptve approachmprovessystemperformancey selectinga goodcombinationof

prefetchingstratgiesthatadaptdo theusers changingnavigationpatterns.
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Chapter 1

Intr oduction

1.1 Cachingand Prefetchingfor Data Visualization

Visualizationprovidesvaluabletechniquedor theanalysisof data.While statisticsoffers
us varioustools for testingmodelhypothesesand nding modelparametersthe task of

guessingheright type of modelto useis still a procesghatcannotbe automatedThus,
whetherthedomainis stockdata,scienti ¢ data,or thedistribution of salesyisualization
playsanimportantrole in analysis.Humanscansometimesletectpatternsandtrendsin

theunderlyingdataby justlooking atit.

Techniquedor representinghe datagreatlyin uence humanperception.Thus,var
ious techniquedor displayingdatahave beenproposedover the years,eachof which
focuseson emphasizingsgomeof the characteristicef data[4, 31,9, 18, 35. However,
mostof thesetechniqueglo not scalewell with respecto the sizeof the data.As agen-
eralization,[22] postulateghat any methodthat displaysa single entity per datapoint
invariably resultsin overlappedelementsanda corvoluteddisplaythatis not suitedfor
thevisualizationof large datasets.

For displayinglarge datasetsve [48] presenthe dataat differentlevels of detail by



applyinganaggrgationfunctionto a hierarchicalstructure a structurethat might result
for instancerom a clusteringprocessThe problemof clutterattheinterfacelevel is thus
solvedby displayingonly alimited setof aggreyatesatatime. However, suchhierarchical
summarizationscreasehesizeof datato bemanagedby atleastoneorderof magnitude.

Storingandretrieving the datasetsef ciently hasoften beenignoredin the contet
of visualizationapplications.While storingthe datain mainmemoryand at les is ap-
propriatefor smallandmoderatesizeddatasets,it becomesinacceptablevhenscaling
to large datasetsOnepossiblesolutionto enablescalingis to integratevisualizationap-
plicationswith databasenanagemergystemg40, 2, 10]. Techniquedrom the database

eld shouldbeableto greatlycontributeto increasinghe performancef adataintensve
applicationsuchasexploratoryvisualization.

Although couplingof visualizationtoolsanddatabasess a challengingtaskin itself,
this work concentratesn further improving the performanceof a visualizationsystem
within the contect of suchan integratedsystem. Loading of datafrom persistentstor
ageresultsin largerresponsgimesfacedby the userbecauset involvesl/O operations.
Cachingthe datais oneof the optionsin orderto achieve a betterperformancdresponse
time) [42]. Prefetchinghe dataduringtheidle time would furtherimprove the response
time [42]. Ourwork dealswith investigatingdifferentprefetchingtechniquedo improve

the performancef aninteractve system.

1.2 Our Approach

Our approacho reducethe systemresponsdime (i.e., the on-line computatiortime) is

to exploit thecharacteristicsf the visualizationernvironmentsuchas:

Locality of exploration- Sincethegraphicalnterfaceallowstheuserimited moves

only, theuserexplorationsarelocal comparedo thosethatcouldbespeci edvia a



genericSQL queryinterface.For thisreasonapartof theuserquerymight already

betherein the cachebecaus®f the overlapbetweenhe previousandcurrentuser

query

Predictabilityof usermovements Usersaremore predictablebecausef the lim-
ited typesof datarequestdeasiblevia the visual interactve tools andalsodueto
existenceof sometypical stylesof exploration. This is con rmed by our analysis

of actuallog les of usageof ourtool.

Idle time - Sincethe userwould be spendingquite sometime analyzingthe data
(displayedin differentformatsby the visualizationsystem) the systemwould re-
mainidle for thattime. Thisidle time canbeusedo prefetchthenext mostprobable

datato reducesystenresponsgime.

Thelocality of explorationandpredictabilityof usermovementscanbe usedto pre-

dict the most probabledatarequestedy the next userquery Idle time allows us to

prefetchthe databeforethe next userrequestomesin. We have alreadybeganto ex-

ploit thesecharacteristic$o develop simplestaticprefetchingscheme$16]. Thesestatic

prefetchingschemesrebasednthecharacteristicef bothusersanddata. This resulted

in improvementover staticprefetchingusingjust usercharacteristics.

Static prefetchingof datahelpsto improve the performanceby 32% in our sys-

tem[16]. Thesestratgiesare not tailoredfor changesn the usernavigation patterns.

Static prefetchingin the context of an exploratory datavisualizationenvironmenthas

severaldravbacks:

No singlestaticprefetchemill work bestfor all typesof usersascon rmed by our

experimentalevaluation.

Navigation patternsof a singleuserevenwithin onesingleusagesessioris likely



to changeasthe usergainsmoreknowledgeaboutthe data,becomesnorefamiliar

with the datavisualizationtool, or change$ergoal of exploration.

Staticprefetcherglo not considerhow they have performedin their previous pre-
dictions. They typically generatgredictionandependentf their pastperformance

on previouspredictions.

A logical next stepis to make prefetchingadaptve. An adaptve prefetcherchanges
its predictionbehaior in responseo a changingenvironmentwith the goal of improv-
ing responsdime. We canuseusernavigation patterns,usertype, datapatternsasthe
symptomsof changingenvironmentin interactve visualizationapplications.

Theadaptve prefetchingopicis multi-facetedIn thisresearchye targetthespeci c
hypothesighat different prefetchingstratgies work well for differentusagesituations.
Navigationpatternsvary greatlyandarein uencedby theusersinherentnavigationpref-
erencglerraticvs. directional),users familiarity with the datasetusers familiarity with
thevisualizationtool, andthe datapatterngpresenin the dataset.As such,we focuson
investigatingstratgy selectiormechanismghatcanadaptvely shift betweemrefetching

stratgieswithin a givenusersession.

1.3 Contributions

Our main contribution consistsof developinga framework for adaptatiorof prefetching
in ary interactve visualizationsystem.We have appliedthis adaptatiorto aninteractve
visualizationtool, but this ideacanbe extendedfor ary interactve system.The charac-
teristicsof suchsystenfor which the framevork canbeappliedis givenin Chapter2.

In this project,we rst designedandimplementedsimplestaticprefetchingstratgies
thatimprove the performanceof the systemin termsof responseime [16]. We utilized

ahighlevel caching[42] thatreduceghe systenresponseime by incrementallyloading

4



the datainto the cache. Whenthe systemis idle, a prefetchingstratey will bring the
datathatis mostlikely to be usednext into the cache. We performedexperimentsand
evaluatedtheresultsto shaw that prefetchingtogethemwith cachinghelpto improve our
systems performancéoy about80%in somecaseg16].

In thisthesiswe utilized adaptatiortechniqueso ne-tune existing staticprefetching
techniquesandalsoadaptvely selectbetweenalreadyexisting simple prefetchingtech-
niques. We gatherthe statisticsaboutusers pastexplorationand determinethe regions
of interestfor her Thesestatisticsare gatheredvheneer the userchangeshe selected
datato be visualized. The regions of interestare updatedperiodicallyto re ect the re-
centregionsunderconsideratiorby the user We alsoutilized performanceneasurement
functionsto dynamicallyselectbetweerprefetchingechniquesOur evaluationcon rms

thatadaptingoetweerstratgjieshelpsto furtherimprove the performancef the system.

1.4 ThesisOrganization

Chapter2 givesanoverview of the XmdvTool systemwhich we areusingasatestbedor
our research.The detailsof our cachingarchitectureare speci ed in Chapter3. While
Chapter4 introducesstatic prefetching,Chapter5 discussesur approachto adaptve
prefetching.We presentheimplementatiorof our framewvork andtheexperimentaleval-
uationin Chapters$s and7. Relatedresearchn different elds arecoveredin Chapter8.

Finally, we describeour conclusionsandopenissuedor futurework in Chapter.



Chapter 2

Visualization Tool CaseStudy

Thework presentedi this paperwastriggeredby our goal of scalingXmdvbol to work
on large data[48]. Thefollowing sectionsareexplainedin moredetailsin Daniel's the-
sis[42]. XmdvTool in a software packagedesignedor the explorationof multivariate
data.Thetool providesfour distinctvisualizationtechniquegscatterplotmatrices paral-
lel coordinatesglyphs,anddimensionaktacking)that allow interactve selections.We
have producedvariousdisplaysthatallow multi-resolutiondatapresentatiof21, 54] We
clusterthe datapointdbasedon somedistancemetric, apply an aggreationfunction to
thedatapointdrom eachclusterandhave thoseaggregatevaluesdisplayednsteadof the
datapointshemseles. Themodelcanbe conceptualize@sa hierarchythatprovidesthe
capabilityof visualizingdataat variouslevelsof abstraction The hierarchicalstructure
canbe exploredby interactvely selectinganddisplayingpointsat differentlevels of de-
tail. We term this exploration processnavigation In what follows we describethese
visual explorationoperationdn moredetail andthen provide a formal modelthat sum-

marizesthe semantic®f theseoperations.



2.1 Brush Basics

Selectionis a processwherebya subsetof entitieson a display is isolatedfor further
manipulation suchashighlighting, deleting,or analysis.Wills [51] de ned ataxonomy
of selectionoperationsclassifyingtechniqgueshasedon whethermemory of previous
selectionss maintainecdbdr not, whetherthe selectionis controlledby theunderlyingdata
or not, andwhatspeci c interactve tool (e.g.,brushinglassoing)is usedto differentiate
anareaof thedisplay

Brushingis the procesof interactvely paintingover a subreyion of the datadisplay
using a mouse,stylus, or other input device that enablesthe speci cation of location
attributes.Theprinciplesof brushingwere rst exploredby BeckerandCleveland[5] and
appliedto high dimensionakcatterplotsWard andMartin [48, 34] extendedbrushingto
permitbrushegdo have the samedimensionalityasthedata( -D insteadof 2-D).

Anothercateyory, namelystructure spaceechniquesywhichallows selectiorbasedn
structuralrelationshipshetweendatapoints, hasbeenintroducedin [22]. The structure
of a datasetspeci esrelationshipsetweendatapoints. This structuremay be explicit
orimplicit. Examplef structuresncludelinearorderingsireehierarchiesanddirected
agyclic graphs.In this work we focuson tree hierarchies.We have tried two clustering
algorithmsto build tree hierarchiesn our system but otherswould be suitableaswell.
Speci cally, we haveusedBIRCH [55], DY SECT[3] aswell asasimpleoneof ours[53].
A treeis a corvenientmechanisnfor organizinglarge datasets. By recursvely cluster
ing or partitioning datainto relatedgroupsandidentifying suitablesummarizationgor
eachcluster we canexaminethe datasetmethodicallyat differentlevels of abstraction,
moving down the hierarchy(drill-down) wheninterestingfeaturesappeaiin the summa-
rizations,andupthehierarchy(roll-up) aftersuf cient informationhasbeengleanedrom

aparticularsubtree.



As describecearlier brushingrequiressomecontainmencriteria. For our rst con-
tainmentcriterion, we augmenteachnodein the hierarchy thatis eachcluster with a
monotonicvaluerelative to its parent. This valuecanbe, for example,the level number
the clustersize/populationpr the volume of the cluster(de ned by the minimum and
maximumvaluesof the nodesin the cluster). This assignedraluedetermineshe control
for the level-of-detail. Our secondcontainmentriterion for structure-basetrushingis
basedon thefactthateachnodein atreehasextents,denotedby theleft- andright-most
leaf nodesoriginatingfrom the node. In particular it is alwayspossibleto draw a tree
in sucha way thatall its childrenare horizontallyordered. Theseextentsensurethat a
selectedsubspacés contiguousn structurespace.

A structure-basetirushis thusde ned by a subrangeof the structureextentsand
level-of-detailvalues.In a 2-D representationf thetree(Fig. 2.1),the subrangesorre-

spondto a horizontalandverticalselectionyespectiely.

Figure2.1: Structure-baseddrushascom-
bination of a horizontal(a) and a vertical
(b) selection.



2.2 Structur e-BasedBrushes

Figure2.2shonstheparallelcoordinateslisplayof a vedimensionatlatasetcontaining
16,384records.In this displaytechnique gachof the  dimensiongs represente@gsa
verticalaxis,andthe axesareorganizedasuniformly spacedines. A dataelementn
an -dimensionakpaceis mappedo a polyline thattraversesacrossall of the axes
crossingeachaxisata positionproportionalo its valuefor thatdimension.For example,
in Figure2.2,thereis a polyline thatintersectghe “Spot” axis at value119, the “Mag”
axisat149,the“Potas”axisat41,andsoonto displaythetuple (Spot,Mag, Potas,Thor,
Uran)=(119,149,41,56,56).

M%gH Potas or an
268.80 268.80 268.80 268.80 Tree Depth: 13

Current Depth: 3

b

-12.80 -12.80 -12.80 -12.80 -12.80

Figure 2.3: Structure-basedorush in
XmdvTool. (a) Hierarchicaltreeframe;
(b) Contour correspondingto current
level-of-detail; (c) Leaf contourapprox-
imates shape of hierarchical tree; (d)
Structure-basedorush; (e) Interactve
brushhandles;(f) Color maplegendfor
level-of-detailcontour

Figure 2.2: Parallel CoordinatesDis-
play of the 5-dimensionaRemoteSens-
ing datasetwith 16,384datapoints.

As seenfrom Figure2.2,displayingall thedatato the useratthe sametime resultsin
displayclutter Hencewe needto provide the userwith operationsuchasdrilling down
androlling up the level of detail of the data. Towardsthis end, XmdvTool rst clusters

the datapointsinto a clusterhierarchy andthenassociatesaggrgateinformationwith



theresultingclusterg49], suchasextentsandlevel-of-detailto mapthe hierarchyinto a
two-dimensionaplane. Differentlevelsin the clustertreerepresentifferentdegreesof
abstractiorof the data.

In orderto improve the supportfor visual navigationthroughthis clustertree of data
setswith millions or more records,we have designeda visual navigation tool that we
termastructue-basedrush(asdepictedn Figure2.3)[20]. A structure-basebrushcan
be usedto explore the databy interactively selectinganddisplayingthe dataat different
levelsof detailof theclusterhierarchy In Figure2.3,thebrushingool componentarked
‘e selectscluster(s)to be displayedwhile "b' selectghe level of detail for the selected
cluster(s). While exploring the data,a usermay navigate by sliding the extentsof "€
horizontally to selecta particularclusterin the tree hierarchy or by moving the level

brush’b' vertically to displaydataat differentlevels of detalil.

Figure2.4: Parallel CoordinateDisplay
of RemoteSensinglatasetafter Roll-up
operatiorfrom Figure2.2.

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

Figure 2.4 shaws the display of the samedataset when the user performsa roll-
up operationusingthe structure-baselrush,correspondingo sliding the level-of-detail
'b' from Figure 2.3 up to the settingof the brushingtool shavn in Figure 2.5. While
Figure 2.6 shows the display whenthe userperformsa drill-down operationusing the

structure-basedrushin the brushingtool asshovn in Figure2.7.

10



Figure2.6: Parallel CoordinateDisplay

of RemoteSensingdataset after Drill- g'tgurtez-rbD”';dOVKn operationof the
down operation. ructure-basefrush.

The user navigation operationsexpressedoy our brushingtool are translatedinto
gueriesto the database.The queriesare contiguousratherthan ad-hoc,sincethe vi-
sualinterfaceprovidesonly controlledmeansof expressinghavigationalrequestwia the
structure-basetrush. Suchcontiguity of userqueriescan be exploited when caching
gueries,asthereis a high probability of a partial query resultfrom a prior query still
beingrelevant(andthusin our cache)for the next userrequest.

Secondwe notethatthe usermay be viewing the dataarounda particularregion for
awhile beforemoving to anotherregion. In otherwords,the usernavigationtendsto be
composeaf severalsmallandlocal movementsof the brushingtool (queriesyatherthan
majorglobalandunrelatednovements.

Furthermore,users' exploratory movementsare someavhat more predictablewhen
they explore the datausing suchvisualizationtools, as suchexplorationsare different
from, say randomaccessesia an ad-hocSQL queryinterface. We thus postulatethat
prefetchingmay bea suitablemechanisnior improving the performancef visualization
andotherexploratoryapplications.

Sincethe userwill be examiningthe visual displaysfor interestingpatterns,there

typically would be delaysbetweentwo useroperations. Suchdelayscould provide us

11



with theopportunityto prefetchhighly probabledatainto mainmemoryduringidle times.
To summarizetypical characteristic®f interactve visual explorationtools that can

be exploitedfor cachingandprefetchingare:
1. contiguougqueriegpassedo thedatabase,
2. locality of explorationandthusdataaccess,
3. predictableusers exploratorymovementsand

4. signi cant delaysbetweeruseroperations.

12



Chapter 3

SemanticCaching

This chapters explainedin moredetailsin Stroes thesis[42]. Memory organizationis
critical in interactve applicationssinceit in uencesthe performanceof the subsequent
operations. When a requestfor new objectsis issuedby the front-end, the difference
betweerthenew active set(i.e., the setof objectgust selectedandthe currentcontentof
the cachehasto be quickly computed.Thus,we needto beableto know in eachmoment

whatdataresidedn thememorywithoutfull traversalof thecache.

3.1 SemanticCaching

Semanticcachingis a high level type of cachein which queriesare cachedratherthan
pagesor tuples.A characteristiof theobjectsthatareplacedin thecaches thatthey are

notreferencedy their IDs whenaccessedy thefront-end.In otherwords,thefront-end

doesnt askfor objectsusingrequestsuchas or ; instead,it passesa
query to the back-end:“are the objectswith thesecharacteristicgwithin this
brush)available?”. We maintaina setof queries is associatedvith the cache,
similarto semanticcaching [12]. Thequery is thencomparedvith each

13



to determinavhatobjectsfrom arenotin , andthoseobjectsareretrieved
next. Thisdifferenceresultsin new querie§ ) thatcorrespondo thoseto beloadednext
objects.

Theproblemof determinghe  querieds usuallyknown asqueryfolding[38]. It has
beenshavn thatthe problemis reducibleto the querycontainmenproblem([6]. Query
containmenis undecidablen the generalcasebut decidablein the caseof conjunctive
gueries[8]. As shavn in Chapter2 the queriesin our caseare all rangequeries,and
thereforeconjunctie.

Specialattentionhasto bepaidin a semanticachingervironmentto notallow dupli-

catesn thecache.Thus,whenmorethanone gueryis storedn thecachethey are
forcedto bedisjoint. This meanghata new querywill modify the semanticof
theexisting gueriessuchthatthey do not referto any commonobjectsary more.

In orderto make the objectadditionsandsubtraction®f cient, we storethe objectsin
thecacheorderedby theirextentvalue. Theordercanbeensuredy thequerymedanism
itself or canbeaddedasanew processingtep.In ourcasewe canrequesthattheobjects
in all queries(asde ned in Section2) beretrievedin orderby addinganORDEREDBY
clauseto MinMax-derved SQL queries.

A problemthatall cachestratgiesneedto solveis the cachereplacemenpolicy, i.e.,
to determinewhat objectshave to be removed from the cacheto make room for new
objects. The rst stepin implementinga replacemenpolicy is to provide an estimation
stratgy ableto measurdhe likelihoodthat an objectwill be neededn the nearfuture.

We have useda probability functionthatalsode nesa partitionon the setof objects.

3.1.1 CacheReplacement

Thecaches rst organizedasabudkettable basedntheprobabilityvalues.Theobjects

in thecachearehashedy rounding basedna x ednumberof valuegagivenprecision).
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Thebucketswill thushave valuesranginguniformly from O (anopenentry)to 1 (anobject
beingcurrentlyin the active set). The objectsin the samebucket arelinked by a double
linkedlist. Independentlythe cacheis alsohashedasedon the level value. Again, we
have abuckettablewith asmary bucketsasthelevel values.In addition,theheadekeeps
apointerto thelastelementn thelist.

The main task of a cachereplacemenpolicy is to nd in the cachethe entriesthat
have thelowestprobability of beingusedandto remove themwhenmoreroomis needed.
This operatiomeeddo beef cient, sinceit occursfrequently

Whennew objectsarebroughtin they have to complywith theinternalorganization.
Updatingthe hashtablesis thenrequired. Whena requesits issuedby the front-end,a
containmentestis performed.Thesystemrst checkswhethertherequestediatareside
entirelyin memoryor not. In caseit doesnt, acompensatiomgueryhasto be sendto the
loader, anagentthatfetchesthe datafrom the persistenstorage Thefront-endmayalso
send‘refresh” querieswhenall objectswithin the currentselectionareneeded.

An importantrequiremenbf the systemthatcomesfrom its interactve natureis that
theuserneedgo beableto preempthe otheragents'actions.Thus,whenthe currentse-
lectionchangestheloadingprocesss interruptedandwill only restartafterrecomputing
the new probability valuesfor the objects.

In conclusionthe cacheacces®perationcanbe summarizeds:

A: Remove old objects. Getthe objectswith the lowestprobability thatresidein the
cache(and further remove them one at a time when more room in the cacheis

needed).

B: Getnewobjects. Placeanobjectfrom the databaseursor into the memorycache

(andrehaslhthe cacheentry).

C: Display active set. Getthoseobjectsfrom the cachethat form the active set(and
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sendthemto the graphicalinterfaceto have themdisplayed).

D: Recomputeprobabilities. Recomputehe probabilitiesof the objectsin thecache

oncetheactive window getschangedto ensureaccurateredictionsn the future).

E: Testcontainment. Testwhetherthe new active setfully residesn the cacheand

getsthemissingobjects(if any) fromthesupportset(whenanew requestsissued).

In the remainderof this sectionwe will shov how theseoperationsareimplemented
in our cachestrategy.

A speedup in the cacheprocessingcan be achiered by using a simpli ed version
of the probability-baseducket tablein which insteadof storingall objectsof the same
probabilityin onebucket, we only storetheonesthatareextremeelementg rst andlast)
in thelevel basedists.

As anexamplelet usconsiderthe navigationgrid displayedn Fig. 3.1. We have here
twelve regionsof equalprobability, the active window coveringthe middletwo ones.For
simplicity we considethatonly oneobjectresidesn eachregion. We alsonumbetrtheob-
jectsfrom 1to 12. Thepicturepresent®nly threelevels(1, 2, and3). Also, probabilities
areassignedo eachregion andimplicitly to eachobject,basedon a “operation-drven”
probabilitymodel. Thus,objectst and7 have a probabilityof 1, thereis 40%chancehat
thewindow expandgo theleft, andsoon. In thisexamplea probabilityprecisionof 0.1is
assumedandconsequentlyLO probability-baseducketsareused. The probability table
is reduced;one canseeherefor instancethatonly 5 and8 are hashedout of the entire
level 2.

An importantassumptiormadeat this point is that the query mechanisnis ableto
provide the objectsfrom the active setin boththe increasingandthe decreasingrderof
their extentvalue.If not,asortingstagehasto follow all callsto the querymechanism.

Themainideabehindthe cacheaccesstratayy is to keepthe setsof objectson each
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Figure3.1: Cachecontentfor a threelevel, twelve objectexamplein caseof a reduced
probabilitytable.
level alwayscorvex in thecachgwith respecto therelationof total orderde ned among
the objectsof the samelevel). Thisis possibledueto the factthatthe lowestprobability
objectsthatneedto be replacedandthusremovedfrom thatlevel list) arealwaysatthe
extremeof thelist.

In whatfollows, theimplementatiorof the cacheacces®perationss described.

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

OperationB — get new objectsis equivalentto hashinganentrywith respecto both
its level andits probability value. Hashinganentry with respecto its level valueis done
in exactly oneor two operations. Sincethe setof entrieson eachlevel is corvex and
containsthe higherprobability objectsof the level, thenthe newly addedobject,which
hasthe highestprobability amongthe objectsnot yetin the cachewill necessarilype at
theextreme.Theentriesoneachlevel areorderetbasedntheextentvalue. Thereforehe
new objectis eitherthenew rst elementon thatlevel'slist if it is lessthanthe previous

rst object, or the new last elementif (necessarily)t is greaterthanthe previous last

element.Hashingwith respecto the probability unfortunatelytakes operationgn

theaveragecasewhere is thelengthof the currentprobability list. We needto make
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surethanthe objectis correctlyinserted(with respecto its extentvalue)in the sequence
of elementdaving thesamdevel in its probabilitybucket, sothatremoving theelements
one by onefrom the probability list leavesall the affectedlevel lists still corvex. The
ef ciency will beimprovedthoughby usinga reducedprobabilitylist.

OperationC — display active setis simply readall entriesfrom the probability 1
bucket (last bucket). The numberof cacheaccessess the numberof elementsin the
bucket.

OperationD — recompute probabilities requiresat leastone completescanof the
data. The objectspresere their level value so no changeof the level lists is needed.
However, the probabilitytableneedso bereluilt, andthis takes operations.
is for deletingthelists (this canbe donetogethemith the probabilityrecomputatiorstep)
and for creatingthenew oneg(it is basicallyonelist insertionfor eachobject).

OperationE — test containment is composedf two steps. The inclusion testis

ensuredoy the corvexity property An active set correspondingo an active window

is includedin the cache,if andonly if the list correspondingo level is
andthe left extent (geometricalextremity) of is lessthanor
equalto andtheright extentof is greaterthanor equalto . If not
included,the differencebetweenthe intervals and gives

usthenext request(sjo beaddressetb the querymetanism
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Chapter 4

Intr oduction to Prefetching

In visualizationapplicationsuchasXmdvTool, usergypically spendasigni cantamount
of timeinterpretinghegraphicapresentationf theselectedlata,while theprocessoand
I/0 systemareidle. We thuspostulatethatit is bene cial to predictwhat datathe user
will requestnext, andstartfetchingthat datainto the cachebefore the userasksfor it.

Thus,whenthe userrequestghat datalater, sheshouldperceve a fasterresponsdime.

Dueto thepropertief visualexploration,suchasthe contiguity of querieswe canoften
accuratelypredictthe users next movement.Prefett the databeforethe requestomes
from thetool is likely to be viable. The ideasof staticprefetchingthatwe presenthere

have beenpublishedn [16].

4.1 TaskslInvolvedin Prefetching

Prefetchingcannotbe donein just onestep.lt involvesdoingthefollowing steps:

Predicting- The rst stepinvolvedin prefetchings to predictthe next mostproba-
ble data.Differentprefetchingstratgieshave their own waysof predictingthe next

mostusefuldata. This may involve keepingstatisticsfor betterprediction. The
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infomationthatcanbe gatherednight be aboutthe dataand/orthe user(in thecase

of interactvetools).

Loading- Thenext stepin prefetchings loadingthe datainto the cache.This can
be doneby the samemechanisnresponsibldor fetchingthe datawhenexplicitly
requestedby theuser Thismightinvolveremoving someof thelowerprobabledata
from the cacheto make spacefor the prefetcheddata. Cachereplacemenpolicy

discussedn Section3.1.1determinesvhich objectsto remove from the cache.

Puging - Thequerydescriptorsanddatareplacednight needto be purgedin order
to reducethe overheadof storinginformationthatis not required. Puiging might
involve combiningdescriptorgdo reducethe redundantatadescriptions.Making

surethatthe datais storedin properorderinsidethe cachestructure.

Maintaining cachecorrectness After loadingthe data,the cacheshouldbe in a
correctstate,asit wasbeforeprefetchingwascalled. It meanghatthe description
of the datashouldrepresenactualdatain the cache.This is very importantasthe
prefetchingcanget preemptedf a new userquerycomesin andwe mustassure

thatpartially loadeddatais properlychecledin the cache.

4.2 Static Prefetchersimplementedin XmdvTool

In our target visualizationapplication,prefetchingrequestsnay often be interruptedby

further userrequestsyresultingin lessdatabeing prefetchedat a time. For this reason

we have designedan object-granularit)cachemanagemergchemeasdescribedn Sec-

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

Withoutapriori knowledgeof theuserrequespatterng19], prefetchingnustbespec-
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Figure 4.1: Hierarchy of Prefetching
Stratejies.

ulativeasit hasto guess We have developedseveralspeculatre stratgiesfor prefetching,
asdescribedelow, in orderto performa comparatre evaluationof their applicabilityto
exploratoryvisualizationsystems.Figure4.1 organizesheseprefetchingstrateiesinto
a hierarchybasedon differenthintsthey utilize. Theassumptions thatthe predictorcan
discover the hints gradually ratherthanrequiringcompleteknowledgeapriori. The ap-
proachimplies an evolutionarybehaior; at the beginning, lessinformationis available
to the predictorandthereforethe numberof prefetchinghintsthatit candiscover (with
areasonableon dence)is alsolow. In time, moreinformation(e.g.,statisticsoecomes
available, and thereforemore patterns(and implicitly hints) can be discovered. In all
caseghe prefetchebasests stratgly onthe maximumamountof informationit can nd.
In our case we assumehatthe predictorcandiscover two typesof navigation patterns.
Speci cally, we assumehat the predictorcandetectif the usertendsto usemore fre-
guentlythecurrentnavigationdirectioninsteadof changingt, andalsoit candetectf the
databeinganalyzedtassomeregionsof interest(socalledhotregiong towardswhichthe
userwill verylikely go, sooneror later Basedon theseassumptionswe have designed
ve prefetchingstratgies: random(S1), direction(S2),andfocus(S3). In experiments,

we alsoconsiderthe caseof not prefetchingwhich thenis referredto ascaseS0.
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4.2.1 Random Strategy

p=Y4

p=14 ¢— @ —P P=V4

v
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Figure4.2: RandomStratayy.

As shown in Figure4.2, stratgy S1 (random)is basedon randomlychoosingthe di-
rectionin whichto prefetchnext. Thedirectionsareeitherlateral(left or right atthesame
level in hierarchy)or vertical (increaseor decreaséevel of detail). Our visualizationtool
only allows manipulationin oneof thosefour directions(usingsix possibleoperations).
This strateyy is appropriatevhenthe predictoreithercannotextract prefetchinghints or

provideshintswith alow con dencemeasure.

4.2.2 Direction Strategy

Figure4.3: Direction Strateyy.

Stratgy S2(direction)is analogouso the sequentiaprefetchingschemaliscussedh
mary of the prefetchingpapers[11, 33]. This directionstratgy assumeshatthe most
likely directionof the next operationcanbe determined t is intuitive, for instancethat

the userwill continueto usethe samenavigation tool for a while before changingto
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anotherone. In our systemgachnavigationtool of the structure-baseldrushhappengo
preciselycontrol onedirectiononly. Basedon a users pastexplorations,the predictor
would assignprobabilitiesto all the four directions.The prefetchingstrategy (S2)thenis
to “prefetchdatain the direction” currentlywith the highestprobability. As depictedin
Figure4.3,if and arethelasttwo directionsnavigatedinto by the user then
thedirectionstratgy may predict asthe next directionto be visited by the user

in the samedirectionof the previoustwo movements.

4.2.3 FocusStrategy

Figure4.4: Hot Regions.

Stratgy S3(focus)usesnformationaboutthe mostprobablenext direction(by keep-
ing track of users previous movement)as well as hints aboutregions of high interest
(hotregions,asdepictedn Figure4.4)in thedataspaceasidenti ed basedon prior nav-
igationsof this samedataby otherusers. We found the hot regions for eachuserby
keepingthe statisticsof the regionsvisited by the userduring the pastexplorations,and
thenmaintainingall theregionsthathave frequeng of visits above a particularthreshold
ashotregions. This strategy will continueto prefetchdatain the givendirectionusing
the above mentioneddirectionheuristics.However, whena hot region is aroundthe cur
rentnavigationwindow, the prefetcheiswitchesfrom the default directionprefetchingto
prefetchin thatnow moredesirabledirection. The hypothesiss thatthe userwill likely

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

4.3 Disadvantagesof Static Prefetchers

Our experimentalevaluationof thesestatic prefetchingstrateies[16] shavs that static
prefetchinghelpsin reducingthe responsdime visible to the userby around30%. But

thesestatic prefetchingstratgjies are not accuratein predictingthe next possibleuser
gueryresultingin large numbersof mispredictedbjectsbeingprefetchedn somecases.

Below is thelist of disadantage®f usingstaticprefetchers:

No single static prefetcherwill work bestfor all typesof usersas seenin Sec-

tions7.4.1and7.4.2.

Navigation patternsof a single userwithin a single usagesessionare likely to
changeasthe usergainsmore knowledge aboutthe dataand becomesmore fa-

miliar with the datavisualizationtool. Thisis shavn in Chapter7.

Staticprefetcherslo not considerhow they have performedin their previous pre-
dictions. They typically generategredictionsindependentf their performanceon

previouspredictions notallowing improvementovertime.

Focusstratgyy hasa furtherdisadwantagehatyou needto know the hot regionsin
advancefor properfunctioning.Also, theseregionsmight be differentfor different

users.
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Chapter 5

Adaptive Prefetching

5.1 Intr oductionto Adaptive Systems

In generalanadaptve systemextractsfeedbackrom its environmentin orderto monitor
the effectsof its actionson its ervironment. The adaptve systemalsodetermineghe ef-
fectsof exploiting previously bene cial behaior andexploring alternatve behaior [37].
Hencefeedbackis akey componento the effectivenessof anadaptve system.

Speci cally, an adaptve prefetcherchangests predictionbehaior in responsdo a
changingervironment. The changesn the ervironmentin our casearefor examplethe
changesn usernavigationpatternspusertype,datapatternsetc.

Adaptive prefetchingis a multi-facetedopic. In this researchyve targetthe speci c
hypothesighat different prefetchingstratgies work well for differentusagesituations
(Sections7.4.1and 7.4.2). Navigation patternsvary greatly and are in uenced by the
users inherentnavigation preferenceerraticvs. directional),users familiarity with the
datasetusers familiarity with thetool, andthe datapatternspresentn the dataset.As
such,we focusour discussionn this sectionon the stratgy selectionmechanismshat

canadaptvely shift betweernprefetchingstratgieswithin a givenusersessionWe have

25



alsoworkedwith strategy re nementwherewe adapthefocusstratey by nding regions

of interestto theuserat particularintenvals.

5.2 ProposedSolutions

5.2.1 Strategy Re nement

Eachprefetchingstratgy hasa setof input parametershat control how it operatesand
how well it performs.For the focusprefetchingstrategy, for example,theinput parame-
tersincludethe setof hotregions. Input parametesuchashow muchdatato prefetchin
agivendirection(i.e., stepsize)is commonto all prefetchingstratagies.

Oneway to improve the performanceof anindividual prefetchingstratayy is to pe-
riodically re ne the valuesof its input parameterso adaptto changingusernavigation
patterns. Re nementinvolvesthe issuesof feedbackgathering(e.g., what responseo
gatherandhow oftento gather)andof updatingstatistice.g.,what/hav/whento update
statistics,how to agefeedbackand otherinformationto give emphasido recentacti-
ity). In this paper we apply stratgy re nementconceptsn creatingan Adaptive Focus

Stratgy. Thisis discussednh Section5.3.

5.2.2 Strategy Selection

Givenasetof individual prefetchingstratgjies,a simpleprefetchingapproachs to select
onestratgy atthestartof ausersessiorandusethatsamestratey throughouthesession.
A more e xible approachhatsuitablefor adaptations to allow the choiceof prefetching
stratgy to changeover time within a singlesessiorto adaptto changingusernavigation
patterns[36]. This is called stratgy selection. This involves competitionamongthe

individual prefetchingstratgiesin orderto bechosen.
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In usingstrategy selectiorfor prefetchinggevery time prefetchingneed€o bedone,a
stratgy is selectedrom a setof prefetchingstratgiesbasedon its performanceon past
prefetchingrequestswithin the currentsession.We hadindicatedearlierin this section
that extracting feedbackis importantin an adaptve system. In stratgy selection,we
extractfeedbackby measuringhe performancef eachprefetchingstratgy everytimeit
is selected.This helpsus monitorif our pastselectionsverebene cial or detrimentalto
the overall performancef the systemandconsequentiyelpsthe adaptatiorframevork
to decidewhatstratey to selectnext.

Thebasicbuilding blocksof a strateyy selectionroutineinclude:

1. setof stratgjies- a setof individual prefetchingstrateiesto choosefrom are es-

sentialfor selection,

2. performanceaneasures a setof statisticsusedto measurdnow well eachprefetch-

ing stratgy hasperformed,

3. astratgy selectiomolicy - asetof rulesusedo determinevhichamongcompeting

stratgiesto selectand

4. a tness function- afunctionof oneor moreperformanceneasureshatis usedby

the stratgyy selectionpolicy to decidewhich strateyy to select.

The detailsof our designof a completestratgy selectionframenork is givenin Sec-

tion5.4.

5.3 Adaptive FocusStrategy

Recallfrom Section4.3 thathot regionsarethe regionsin the navigation spacewhich a

uservisitsfrequentlyashe/shenayhave foundsomeinterestingoatternsn thoseregions.
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If the uservisits theseplacesfrequently thenwe maywantto prefetchand cachedata
within theseregionsin orderto reduceresponséime.

Also recallthatin the staticfocusstratey, the setof hotregionsusedfor a givenuser
sessiornis pre-determinedt the startof the sessiorand remainsunchangedhroughout
that usersession. The hot regions could be pre-determinedrom pastsessionon the
samedatasetby the sameuseror from all pastusers. However, the regionsof interest
may be differentamongusers,andmay vary for the sameuserwithin the samesession.
Sooneway to improve the performanceof the focusstrateyy is to updatethe setof hot
regions periodicallywithin the samesessionto make surethatthey representhe latest

regionsof interest(i.e., adaptto theusers changingegionsof interest).

5.3.1 How do we determinethe hot regions?

For ary givendisplayusedfor navigation (e.g.,the structure-basetirushin XmdvTool
in Figure 2.3), we canconstructa correspondingectangulamavigation grid similar to
Figure5.1. Any navigationalmovementanadeby the useron the navigationdisplaycan
be mappedandrecordedn this navigationgrid.

As a concreteexample,let ustake a closerlook at the structure-basedrushin Xmd-
vTool (Figure2.3) which is a displayusedfor navigating a datahierarchytree. We can
constructa correspondingnavigation grid (Figure5.1) whoserows arethe levelsin the
datahierarchytree,andwhosecolumnsareequal-sizedsertical pie slicesof the datahi-
erarchytree. Thewidth of eachcolumncanbe setto matchthe pre-de nedgranularityof
the hot regionsthat we wantto monitor, so eachcell in the navigation grid corresponds
to aregion in the structure-basebirush. Eachtime the usermovesover aregion in the
structure-basetirush,we recordaccessstatisticsin the correspondingellsin the navi-

gationgrid. Thedetailsaboutstatisticsaregivenin the next section.
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Figure5.1: Datastructureusedto keepaccesstatistics

5.3.2 Accessstatistics

The accessstatisticswe recordarethe total time spentby the userin a region (time of
next brushmovement- time of currentborushmovement).The hypothesiss thatif auser
is interestedn aregion, shewill spendalongertime viewing it. Anotheraccesstatistic
thatcould be monitoredis the numberof timesa uservisited a region; whena regionis
oftenvisited,it meansts datais loadedinto memoryoftensoit is a candidatdor caching.
But this keepgtrackof theregionsthatmight be frequentlyvisitedwhenpassinghrough
to whereuserreallywantsto go becausef theway navigationspaces structuredUnlike
theseregions,we areinterestedn theregionsthe useroftenwantsto analyze.
Theaccesstatisticsareupdatedor every guery(or brushmovement).To ensurehat
themostrecentregionsof interestarerecordedyve recalculatehe setof hotregionsafter
somepre-de ned numberof queries.We clearthe grid againfor collectingstatisticsof

next queriesandthisproceduras repeatedhroughouthe usersession.

5.3.3 Hot-Region Calculation Algorithm

Figure5.2 shaws the algorithmfor calculatingand updatinghot-regions. After nding

thehot-ragions,lik e staticfocusstratey, theadaptve focusstrategy alsousesnformation
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n_queries= 100/* updatefrequeng */
cutof=0.8/* cut-of valuefor hot-region = 80%*/
max.n_regions=5/* max# of Hot Regions=5*/
initialize accesstatisticsto 0 for all cellsin navigationgrid
initialize setof_hot regions=
afterservingevery userrequest
updatetheaccesstatistics
afterevery n_queries
determinemaximumaccesstatisticvalue
let candidatehot regions= all cellswith accesstatistic cutof * maximum
amongcandidatehot regions,combineadjacentegions(within the samerow) into singlehot region
let setof_hot.regions= top maxn_regionshotregions
re-initializeaccesstatisticsto O for all cellsin grid
end
end

Figure5.2: Algorithm for calculatingthe hot region(s)

aboutthemostprobablenext direction(by keepingtrackof theusers previousmovement)
aswell ashintsabouthotregions. This strategy will continueto prefetchdatain thegiven
directionsimilar to the staticdirectionprefetchingstrateyy, subjectto the availablecache
space However, whenthereis a hot region in thedirectionof the currentmovementthe
prefetcheiswitchesfrom the default directionprefetching(prefetchingasmuchpossible
in the currentdirection)to prefetchjust up to the hot-region. The hypothesids thatthe

userwill likely stopthereto explorethathotregion hecameacross.

5.4 Strategy SelectionDetails

This sectiongivesthe detailsof ourimplementatiorof the stratey selectionframeavork.

5.4.1 Setof Individual PrefetchingStrategies
For stratgyy selectionwe have selectedhefollowing individual prefetchingstrateies:

No Prefetch
Random

Direction
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Sometimesvhenall the prefetchingstrateiesarefailing to improve the performance
(perhapsdecausehetime differencebetweergueriess too shortto allow for prefetching,
or the remainingcachespaces alwaystoo smallto accommodatgrefetchedlata),it is
betternot to prefetchthe data. Hence ,we have the no prefeting stratey in our list as

well.

5.4.2 PerformanceMeasures
Thequality of a prefetchecanbe measuredby thefollowing two factors[37]:

Responsédime - how quickly canthe datacorrespondingdo the next userrequest
be displayedto the user A prefetcheris goodif this valueis low. This canbe
achieved by correctlypredictingasmary objectsbeforethe userrequestomesn,

thusimplying lower not predictedobjects.

Network trafc - how much communicationis requiredbetweenthe tool on the
client side and the databasen the sener side. Sinceaccessinghe databasda
slow persistentstorage)is slow, we want network trafc to be low. This value
is determinedy the numberof objectsretrievedfrom the databaseluringfetching
andprefetching.Thelowestpossiblevaluewould occurwhen(i) wedonotprefetch
(soby justfetching,wewill loadonly datathatis required)or (ii) we donotprefetch
ary datathatwill notberequiredn thenext userrequestin orderto reducenetwork

trafc, wewantto minimizethe numberof mis-predictedbjects.
Thesetwo factorssuggesthefollowing concretgerformanceneasures:

responsgime

numberof correctlypredictedobjects

numberof not predictedobjects
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numberof mis-predictedbjects

Thelastthreestatisticsmeasurghe accurag of a prefetcheiin predictingwhich ob-
jectsareneededy thenext userquery[28]. Theseconceptf preditionsarealsoanalo-

gousto standargrecisionandrecall metrics[23].

Responselime

Responséime( ) measurelow quickly thedatacorrespondingo thenext fetch query

(following the prefetd queryof interest)canbeloadedinto memory

(5.1)

Responséimeis easyto calculatejnvolveslow calculationoverheadandcanbe usedfor
comparingno-prefetchingrersuswith-prefetchingexperiments.

However, ary performanceneasurénvolving time maybeaffectedby externalfactors
suchasthe databasesener workload, the size of the cache,andthe presenceof a lot
of pre-emptedrefetchingoperations.Hence,caremustbe takenin interpretingresults
basedon responseime. Also, thevalueof responsgime depend®n thesizeof theuser
query Hence,evenif the prefetcherdid not mis-predictary requiredobject, the next
fetch querymay still have a slow responsdime simply becauseghe queryis large. Also,
responséime doesnotmeasurgheaccuray of theprefetcherTheresponséime maybe

fastsimply becausét is basedon previously fetchedobjectsby someotherprefetcher

Prediction measurements

In orderto overcomethe drawvbacksof responsdime, we cameup with the following

measureshatareinspiredby [37]:

1. Numberof correctlypredictedobjects
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Figure5.3: PredictionMeasurements
2. Numberof not predictedobjects
3. Numberof mis-predictedbjects

Thesemetricsaredepictedn Figure5.3.

The numberof correctlypredictedobjects( ) representshe coverage,or the part
of thecachecontentthatwasprefetchedindthenrequiredoy thenext FETCHquery The
larger valuesfor this, the better This would never exceed100%of the normalizeduser
query

The numberof not predictedobjects( ) representshe partof the userquerythat
was not predictedby the prefetcherandhadto be demand-fetchedr weretherein the
cachebecaus®f previous queries.The numberof correctlypredictedandnot-predicted
objectscontributeto 100%o0f theuserquery

Mis-predictedobjects( ) arethe part of predictedobjectsthat were incorrectly
predictedandresultedn wastedoandwidth.Smallervaluesarebetterfor thiscomponent.
It indicategheaccurayg of the prefetcherbecausemoreaccuraterefetchemwouldfetch
fewer objectsthatwill notbeused.

Notethatdifferentquerysizeswould resultin differentnumberdor thesethreemea-

surementsilt is to normalizetheir valuesto allow propercomparisoramongthe prefetch-
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ing stratgies.Oneway to normalizethesemeasurements givenby the formulabelow:

Note thatwe have the divisor for mis-predictionas becauseve wantto

compardt with theactualrequirednumberof objects.Thevaluefor %MisPredicteccan

go beyond100%.

5.4.3 FitnessFunctions

In orderto take into accountall the performanceneasurementsbove, we needto come
up with a function that would summarizethe overall performanceof a prefetchemwith
a singlenumber This function, which we call a tness function (a term taken from the
studyof GeneticAlgorithms[36]), is a function of one or more performanceneasures.

We useit for the stratgyy selectionpolicy to decidewhich stratey to select.

The tness function shouldtake into accountthe performanceof the prefetcherson
severalqueriesandnotjuston onesinglequery For this researchye chosemisclassi -
cationcostasour tness function. Misclassi cationcostde ned ascostassociatedvith

makingawrongclassi cation(of requireddata)[50] is givenby:
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where is the penaltyassignedor not predictingrequiredobjects,and is the
penaltyassignedor mis-predictingunnecessargbjects.We have setthevalueof

and . As canbenotedfrom theformula,sincethenumeratoof thefraction
hasvariableghatwe wantto minimize,the lowerthe valuefor misclassi cationcost,the
betterthe prefetcher

We chosemisclassi cationcostfor thefollowing reasons:

Sinceresponseime is affectedby so mary otherexternalfactors(asmentionedn
Section5.4.2),we decidednot to directly includeit in our tness function. How-
ever, sinceresponséime s correlatedvith the percentagef not-predictedbjects,

it is thereforendirectly incorporatedn the misclassi cationcost.

Prefetchings lik e a statisticalbinary outcomepredictionproblem.From Statistics,
oneway to measurehe accurag of sucha predictoris with the useof misclas-
si cation cost. Misclassi cation costtakesinto accountthe two typesof errorsa
predictorcanmalke - not predictedand mis-predictedFigure5.3). The costcom-

ponenty and ) representheweightgivento eachtype of error.

Onemisclassi cationcostvaluecanbe calculatedor eachprefetd query Butwe do
not wantto basethe stratgy selectionon just the costof the mostrecentquery;instead
we wantto summarizethe costfor a seriesof recentqueries,giving moreweightto the

morerecentgueriesover the olderones.For this, we useexponentialsmoothing:

where = smoothingparametebetween . The choiceof the smoothingparameter

dictatesthe aggressienessof decayingolder values. Use closeto (e.g., )to
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| Stratgyy | Exponentiallysmoothedaveragemisclassi cationcost | # timesselected|

No Prefetching 0.5 100
Random 0.4 25
Direction 0.3 225

| Overall | 0.4 | 350 |

Table5.1: Stratgyy SelectionTable

give almostequalweightto all values;use closeto (e.g., ) tograduallydecay
the values;anduse closeto (e.g., ) to rapidly decaythe values,giving very
little weightto the older values[13]. For our system,we used0.75 asthe exponential
smoothingfactorto give moreweightto the performancef the mostrecentqueries.We

summarizehe stratgy selectionnformationin Table5.1.

We initialize thistableasfollows: Sincetheindividual prefetchingstrateiesaresup-
posedo competeagainsieachother it is bestto putall of themon equalfooting to begin
with. Oneway to initialize the tness functionis to settheir misclassi cationcostsall to
0 (thebest),settingall stratgiesto be equallygoodinitially. This allows all stratgiesto
beselectedluringthe rst few callsto prefetching We alsoinitialize thenumberof times
selectedo 1 for all stratgjies. The misclassi cationcostis calculatedfor the selected
stratgy afterthenext userqueryis sened. Themetricsfor only thatselectedstratgy are

updated.

5.4.4 Strategy SelectionPolicy

A strat@y selectiorpolicy is rule usedto determinevhichamongcompetingstratgiesto
select.Severalselectionpoliciesalreadyexist, asmentionedn the RelatedWork section
(Section8.1). For our problem,we have appliedtwo policies[36] thatarein contrastto

eachother:
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Select-Best: Thispolicy chooseshestratey with thebest tness functionvalue.If ties
occur we randomlychooseamongthetied stratgies. Onedownsideof this policy is that
asinglestratgy mightdominatethe selectionearlyin the processandno otherstratgies

might getselectedrom thenonwards.

SelectPop: This policy chooses stratgy with a probability proportionalto its tness
functionvalue(assuminghathigher tness valuemeansetterperformance)ln Genetic
Algorithms[36], suchatype of strat@y is called” tness proportionateselection”. The

generaklgorithmproceedsasfollows:

Let Dbethe tnessvalueof stratggy andlet betheoverall average tness for

all thestrateyiesi.e.,

where isthenumberof prefetchingstratgiesin thetable.

The probability of a strateyy beingselecteds givenby:

In thecaseof tnessfunctionsinvolving responséimewhereasmallervaluemeansetter
tness, this algorithmis adjustedsuchthat the probability of selectionfor a stratgyy is
inverselyproportionatlto its tness function.

SelectProportionatg36] stratey allows for somedegreeof exploration,i.e. allows
currently lesserperformingstratgjiesto be selectedand executed. This is designedo

preventasinglestrategy from dominatingthe selectiorearlyin the process.
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Chapter 6

Implementation of Prefetching

Ar chitecture

6.1 SystemAr chitecture

The cachingaswell asprefetchingstratgjiesdescribedabore have all beenfully imple-
mentedandincorporatednto XmdvTool 5.0,afreevarepackagdor theinteractve visual
explorationof multivariatedatasetsdevelopedat WPI [53]. A high-level diagramof the
modulesaddedandthe relationshipsbetweenthesemodulesandthe original systemis
depictedn Figure6.1. XmdvTool 4.0wascodedin C++with Tcl/Tk andOpenGLprimi-
tives. Thenewly addedmodulesarewrittenin C with Pro*C (embedde®QL) primitives
for Oracle8i. First, an off-line proces<lustersthe at datasetsandthentransformshe
hierarchicadatainto MinMax treeg[43], a pre-codedndexing structurethatallows usto
expresshierarchicahavigationasrangequeries.Thetransformediatais thenloadedinto
thedatabase.

Theinteractionwith theoriginal system(shovn asGUI in Figure6.1) hasbeenencap-

sulatedasa databasaccesAPIl. We have implementedvhatwe calleda prepare/iterate
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Figure6.1: Systemarchitecture.Dotted-
line rectanglesshav the separationbe-
tweenthe on-lineandthe off-line compu-
tation. Solid-linerectanglesepresenthe
modules. Ovals representata. Arrows
shav thecontrol o w.

paradigm.Thuswhenthe userissuesa new requestthe front-endonly hasto inform the

back-endaboutthe requestby calling the prepae function. After thatit canretrieve the

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

If all the objectsneededvereunableto t in the cachethe procesgprepare functionis

calledagainto loadthe remainderof the data. The iterate function againiteratesto dis-

play the remainderof the data. This processcontinuesuntil all the datato be displayed
areiterated.

Our semanticcacheindexesthe cachecontentwith descriptorsof the queriesusedto
retrieve the cacheddata. This allows for afastlook-up,sinceonly afew set-basedpera-
tionsareperformedo compareanew queryagainsttachedqueries(seeChapter3). The
cachingarchitecturdormsthefoundationfor theimplementatiorof all of our prefetching
stratgies.More detailsof our cachingsystemcanbefoundin [17].

Whenthesystenisidle, theprefetherthreads createdvhichcommunicatewith the
estimatorto make decisionsaboutthenext mostprobabledatato beprefetchedlepending
ontheselectedrefetchingstratgy andthe currentcachecontent. The visual navigation
operationseffect a changen the active set,a producerthreadis createdwhile the GUI
itself actsas consumer Basically two threadsoperateconcurrentlyon the buffer data:

the consumerandthe producer The active setinformationfrom the GUI is passedo a
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rewriter. The prefetchingqueryis thenpassedo a rewriter. The rewriter consultsthe
semantic®f the cache(expressedy cachedqueriesyandgenerates setof sub-requests
to incrementallyadjustthe datain the cache. Eachsub-requesis transformednto an
SQL queryby the translator. The queriesare passedo the loader, which fetchesthe
necessarybjectsfrom the databaseisinga cursorandplacesthemin the cache.From
here,thereaderreadsthemandsendghemto the display Oncethereaderis donewith
the readingof data,if time permits,the prefetchemwill signalthe rewriter to prefetch
the next mostprobabledatadependingon the currentprefetchingstrategly. Whenererthe
cacheis full, the estimatorremovesthe objectsfrom the cacheby examiningprobability
valuesthatdependon their semantialistancefrom the active region.

Whenthe userusesthe structure-basefirush(seeFigure 2.3) to navigateto some
otherdatain the clusterhierarchythenthefetchingprocesss startedby the mainthread
to servicethe explicit userrequest.f the prefetder threadis still runningin the system,

it is preemptedndthe contentsof the cacheareadjustedor consisteng.

6.2 Adaptive PrefetchingAr chitecture

Figure6.2shavsthediagrammaticepresentationf the componentivolvedin stratgy
selection.As shavn, we have a list of prefetchingstratgies. Amongthe stratgjiesthat
we have in the list are no prefetding stratgy, randomstrateyy, direction stratey and
focusstratgy. Thesestratgjies may require someform of summarizatiorof the past
userexplorationfor prediction. For example,in the directionstrateyy, we keeptrack of
the pasttwo useroperationgo gure out the direction of usermovements. The focus
strat@y requiresholding statisticsaboutall the pastexplorationssothatit can gure out
theregionsof interestto theuser

We also maintaina strateyy table that keepsstatisticsto evaluatethe performance
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Figure6.2: Adaptive Prefetching-ramevork.

of eachprefetchingstratgy. The summarizationgncludekeepingtrack of correctlypre-
dictedobjects hotpredictedbbjectsmis-predicteabjectsjocalaveragamis-classi cation
costandnumberof timeseachstratgy got selected.Thesevaluesareinitialized by the
stratgy tableinitializer. Note thatwe can give higherpreferenceo a stratgy by set-
ting appropriatevaluesfor local averagemis-classi cationcostsfor individual strateies.
Thesesummarizationgire updatedwvhenthe userqueryis completedandthe prefetcher
hasto selectthe next prefetchingstratey for carryingout prefetchoperations.
Wheneerthesystemsidle, thestratgy selectolooksattheseperformanceneasures
anddependingn the strategy selectionpolicy, it selectoneof the prefetchingstratgies

from thelist. Theselectionpolicy caneitherbeselect-besbr select-poportionate
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Chapter 7

Experimental Evaluation

7.1 Experimental Inputs

Performancaneasurements systemsvherehumaninteractionis neededequirelog-
gingtheinformationabouttheir usagesn orderto comparehe performancdor different
settingsfor the samesequencef operations.The samesequencef operationasto be
performedmultiple times,hencewe capturethe actiities performedoy theusersn alog
le. Userinput (alsoreferredto asa userscriptor input scriptfrom now onwards)is a
sequenc®f useroperationsandthetime speci cationof whenthe operationsoccur In
XmdvTool, theuserinputis a sequencef navigationprimitivesanddelays.An example
of auserscriptis presentedbelow:

1000 3 0.050000

1200 1 0.100000

1400 1 0.150000

1600 2 0.200000
The rst columncontainghetime speci cation,the secondhetype of the operationand

thethird the parameterghatthe operationrequires.
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Our experimentalresultsare primarily basedon real-usertraces. We performeda
userstudywherewe collectedtracesfrom a numberof usersof our system.Thesetraces
consistedof 30 minuteseachfor 20 differentusers. Theseuserswere given real data
setsto nd patternsandoutliersin the data. The peoplewho were unfamiliar with the
tool weregivena practicesessiorto familiarizethem rst. Thesetraceswerethengiven
asinput to the tool and systemsettingssuchas prefetchingstratgieswerevaried. The
valuesrecordedvereaveragedut for the samesettingsrespecitiely.

We alsogeneratesgimulatedusertracesfor simulatingthe operationgerformedby
theuser Themaingoalfor ourinput simulationis to provide “dataspeci city” and“user
speci city” to the scriptsthatwe generateTheseparticularitiesprovide the hintsthatwe

exploit whenprefetching.

7.2 Settings

All experimentswere conductedon an Windows 2000 PC, running Oracle8.1.7. We
usedC asthe hostlanguageandembedde®&QL statement$or accessinghe datain the
database.

Thedatasetve usedhas4095datapointand8 dimensionsand2,048( ) objectsas
the maximumnumberof pointsdisplayedat atime. The datasetvasnamed:D2k. In all
experimentsve usednavigationscriptscontainingbetweerB00and4000useroperations.

The valueswe measurediuring the experimentswere: mis-classi cationcost, pre-
dictedobjects,network load andresponsdime (lateng). The mis-classi cationcostis
our objectve functionthat we wantto optimize by our prefetchingframewnork. Sinceit
representshe predictionerrorsmadeby a prefetcherwe would like it to be aslow as
possible. The predictedobjectsare further divided into threetypes; namely correctly

predicted not predictedand mis-pedictedobjects. Thesemeasuresre asdescribedn
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Section5.4.2. Thenetworkload indicateghe numberof objectsrecevedfrom thesener.
It is importantasthe prefetchingstratgiessometimesvould prefetchwrongdatathatare
not required,thusleadingto a rise of unnecessargbjectsfrom the sener. This value
shouldbe lowestfor anideal prefetcher The responsdime is the total time, expressed
in secondsin which the userhadto wait for her requestgo be sened, i.e., the on-line

loadingtime.

7.3 Experiments Relatedto Strategy Re nement

In orderto adaptthefocusstratey, we variedthe hot-region updatefrequeng mentioned
in Section5.3to gure out the bestspeedof updatinghot-regions for adaptve focus
stratgy. Below arethe chartsthat depictthe performanceof adaptve focusstrateyy for

variousdifferentupdatefrequencies.

Figure7.1: Responséime vs. hot-region updatefrequeny

As seerfrom theFigure7.1,thechangesn responsé¢ime (Y-axis)is minorcompared
to the changein hot-region updatefrequeng (X-axis indicatesthe updatefrequeng in
termsof numberof useroperations).Evenwith highercomputationoverheador faster
updateglower valueson X-axis), theresponséime still remainsunchanged.

Figure 7.2 depictsthe predictionratesfor the adaptve focus stratgy. Again, these
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Figure7.2: Predictionratesvs. hot-region updatefrequeny

ratesremainfairly similar with the changein updatefrequeng. Thesechartsshow that
the performancenf athedaptie focusstratay for this userremainsfairly constantwith
thechangen updatdrequeng. Thissuggestshatin orderto comeupwith ade nite con-
clusions we would have to testadaptve focusstratayy for variationsin updatefrequeng

for differentusers.

7.4 Experiments Relatedto Strategy Selection

We claim that differentusershave differentwaysof navigating becausehey have their
own technique®f nding patterndor the samedata. Thesedifferencesn behaiors also
infer thatthe sameprefetchingstrategy mightfail for differentusers.In additionto this,
the usernavigation patternmay also changeduring the samesession.This is intuitive,
astheusergoeson navigatingandlearningmoreaboutthe data,he would have different
waysof navigationto understantheoveralldataandsomeparticularcharacteristicabout
thedata.In whatfollows, we examinethe usertracesin our experiments.

Below, we shav adetailedanalysisandresultsfor two realusertracedog les.
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7.4.1 CaseStudyl

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

navigation patternof this user

User A Characteristics

Thefollowing four chartspresenthe characteristicef atypical realuser As mentioned
in Section7.1, we gatheredhe tracefrom the userswho participatedn our userstudy

For anorymity, let's call this userA.

Figure7.3: Directionalityvs. Time for UserA

Figure7.3shownsthedirectionalityfor userA atarny giventime duringthesessionWe
de ne directionalityasthe percentagef timesin thesessiorfor whichtheusercontinues
to move in the samedirection as his last movement. This can be achiezed by using
differentextentsin the brushingtool we describedn Section2.2. Also, remembethat
thereareonly 4 directionspermittedfor movementsn XmdvTool. As canbe seenfrom
the charts,the users directionalitychanges gooddeal,from being100%directionalat
timesto being40% directionalat times. But, on an averagehe stays73% directional.
This shovs somedifferencen usernavigationcharacteristics.

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

case)alsochange®vertime. Sometimesthe useris fastenoughto generatearound105
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Figure7.4: Numberof Queriesvs. Time for UserA

movementsn a minuteandsometimese staysidle for 2 whole minutes.On anaverage

hehas70 movementsn aminute.

Figure7.5: Reggionsvisitedvs. Time for UserA

Figure7.5depictstheregionsvisited by the userperminute. To betterunderstandhe
graph,considereachvertical columnasthe structure-baselirushin our tool. The spots
in thosegrids indicatethe regions visited during that minute. As seenfrom the chart,
theusermovementsarelocal asall the navigationpointsareclubbedtogetherfor agiven
1 minutetime frame, con rming our hypothesighat userstendto explore a particular
region beforeswitchingto the next locationfor exploration.

Figure7.6illustrateshemovementdy theuserin bothhorizontal(left/right direction)

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

by the user The value 0 meansthe useris at the leftmost extent and value 1 means
he's at the rightmostextent. The upperline indicatesthe verticalmovementsy the user
Valuel indicatesthe useris atthelowestlevel of detail (drill-down operation)andvalue
2 indicatesthe useris at the highestlevel of detail (roll-up operation). As seenfrom
Figure 7.6, the useranalyzesdatahorizontally most of the time with hardly any drill-
down or roll-up operationgnitially. Thenhe startsanalyzingthe samedataat different
level of detail,andsoon.

Now, let's try to analyzethe performanceof differentprefetchingstratgiesfor user
A'strace.Thiswould give usanideaaboutthe performancdor eachindividual prefetch-

ing stratgy aswell asfor adaptvely selectingbetweerthesestratgies.

Performancefor User A

As demonstratedn Figure 7.7, the direction prefetchingstratgy givesthe bestmis-
classi cation costcomparedo no prefetding aswell asrandomstratey. Soit is the
bestperformeramongststatic prefetchingstratgies. This result was expectedas the
userappeardo be directional (73% as notedin Figure 7.3). Also notethat for adap-
tive prefetching the mis-classi cationcostis even betterasit selectshe beststratayies,

namely directionandno prefeting stratgies,for improving the performancdurther.
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Figure7.7: Mis-Classi cationCostvs. Time for UserA

Figure7.8: Stratgy selectiorvs. Timefor UserA

Stratgy selectiorovertimefor userA is exempli ed in Figure7.8. Sincethedirection
strat@y is bestfor him, we notethatit is the onethatgetsselectednostof thetime. Also,
sometimesheno prefetting stratgy is selectedastheuserappears bit randomatthose
time instancesand the movementsare quick, thusindicatingnot to prefetchin orderto
reducethe numberof objectsmispredicted Note thattherandomstrateyy is hardly ever
selectedhsits mis-classi cationcostis high.

As seenfrom Figure7.9, adaptiveprefetchingstill hasthe lowest% of not predicted
objects.The performances evenbettercomparedo directionstratgyy asthat's the strat-
egy selectednostof thetimesby it andno prefetdiingto furtherimprovetheperformance
whendirectionstratayy fails.

Figure7.10shaws thatfor % of mis-predictionadaptiveprefetchinghasbadperfor
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Figure7.9: % of Not predictedobjectsvs. Time for UserA

Figure7.10: % of Mis-predictedobjectsvs. Time for UserA

mance.This saysthatmis-classi cationcostis atrade-of betweerthetwo measuresnot
predictedobjectsand mis-predictedobjects Dependinguponvaluesof and ,
oneis choserovertheother

As depictedin Figure7.11,% of correctlypredictedobjectsis alsohigh asan effect
of improvementin mis-classi cationcost. Also from Figure7.12,respons¢ime is better
for adaptve prefetching.But aswe will seefrom the next section thisis not alwaysthe

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

Figure7.12: Responsdimevs. Timefor UserA

7.4.2 CaseStudyll

Let's look at the characteristic®f userB to comparethe behaior of this userwith the

previoususer

User B Characteristics

Figure7.13 givesthe directionalityfor userB at ary giventime during the session.As
canbeseerfrom thechart,the users directionalityon averagestaysaround40%. Thisis
very muchdifferentfrom userA. Also, notethatchangen directionalityfor this useris
pretty steadythroughout.

As shavnin Figure7.14 theuserspeedagainchangesvith respectotime. Compared
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Figure7.13: Directionalityvs. Time for UserB

Figure7.14: Numberof Queriesvs. Time for UserB

to userA, userB is pretty slow andsteadywith anaverageof 40 movementgerminute.
Figure7.15depictstheregionsvisitedby theuserperminute.Notethatunlike userA,
he navigatesvertically mostof thetime, viewing the dataat variouslevels of abstraction
for every chosersubsebf data.
Figure7.16illustratesthe movementsy userB in horizontalandverticaldirections.
As seenfrom the gure, the useranalyzeslatavertically mostof the time, very slowly

selectingdifferentsubsetsandvisualizingthemat differentlevel of details.

Performancefor User B

As demonstratefrom Figure7.17,amongthe staticprefetchingtechniquesthe random

strat@y givesthebestmis-classi cationcostcomparedo no prefetdhingaswell asdirec-
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Figure7.15: Regionsvisitedvs. Time for UserB

Figure7.16: Brushmovementsss. Time for UserB

tion stratgy. Thisis differentfrom whatwe obsenedfor userA wheredirectionstratey
hadbetterperformanceThis con rms our claim thatno singleprefetchingstratgy wins
for all theusers Also notethatfor adaptve prefetchingthemis-classi cationcostis even
betterasit selectghebeststratgiesfor improving the performancdurther.

Stratgy selectiorovertimefor userB is shavn in Figure7.18. Sincerandomstrateyy
is bestfor him, it is the one that getsselectedmostof the time. Also, sometimeso
prefetding stratgy is selectedwhenthe movementsare quick, thus indicating not to
prefetchin orderto reducethe numberof objectsmispredicted.Note that the direction
strat@y is hardly ever selectedasits mis-classi cationcostis high.

As seenfrom Figure 7.19, adaptive prefetchingstill hasthe best% not predicted

objects,thoughthe differenceis not greatcomparedo direction stratgy asthat's the
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Figure7.17:Mis-Classi cationCostvs. Time for UserB

Figure7.18: Stratgy selectiorvs. Time for UserB

stratgy selectednostof thetimesby it.

As seenfrom Figures7.19and 7.20 again,mis-classi cationcostis a trade-of be-
tweennot predictedobjectsandmis-piedictedobjects Thesechartsareanalogoudo the
samefor userA (Figures7.19and7.20).

As depictedin Figure7.21,% of correctlypredictedobjectsfor adaptiveprefetching
is nearlythe sameasfor therandomstrategy. Also from Figure7.22,theresponsdime
is similar for all the stratgies. This indicatesthatadaptve prefetchingmight not helpto
improve the performanceo a goodextentif individual prefetchingstratgiesdo not have
goodimprovements.

The stratg)y selectiondonefor userA resultedin the combinationof directionstrat-

egy with no prefetching.Ontheotherhand thestratey selectiordonefor 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 casesno prefetch-
ing waschoserto compensatéor the high mis-predictiondoneby directionandrandom
stratgies. This suggestghat one could also adjustthe amountof dataprefetched(.e.
prefetchstepsize)to achieve less% of mis-predictedbjectsfor bothdirectionandran-

domstrateies.

7.4.3 Summary Charts

Thefollowing experimentsnvereperformedn collaborationwith Rosario.To summarize
theperformancef ouradaptve prefetcherwe investigatdts effecton 14 realusertraces.

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

Figure7.22: Responsdimevs. Time for UserB

effect of network trafc on the performancemeasuresespeciallyresponsdime, each
experimentwasrepeate® timesandthenthe measuresvereaveraged.To getanoverall
picture of the performance®n eachtype of usertrace,the resultsare summarizedor
eachusercluster

Figures7.23and7.24shav theglobalaveragamis-classi cationcostsandnormalized
responséimesfor differentprefetchingstrat@ies,summarizedor the3 userclusters Re-
call thatclusterl usersaretherandom-starersluster3 usersarethedirectional-meers,
andcluster2 usersaretheindeterminates.

Figure7.23shows that, on average stratgy selectionimprovesthe misclassi cation
costfor the random-starerand directional-maers, and only improvessslightly for the

indeterminates.This could be due to fact that the randomand directional prefetchers
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Figure7.23: Global AverageMis-classi cationCost(Averaged)or DifferentUserClus-
ters

Figure7.24:NormalizedRespons&ime (Averaged)or DifferentUserClusters

do not have direct control over how muchthey prefetchandthushave large numberof
mispredictions.With stratgy selection thereis the optionto switchto 'no prefetching’
whenthemovementdecomanorerandomandmorefrequentthusminimizingthenum-
ber of mispredictionswhich in turn minimizesmisclassi cationcost. This obsenation
leadsusto considerre ning therandomanddirectionalprefetchergo allow the prefetch
stepsizeto changeover time. For indeterminateusers,strategy selectionimprovedthe
misclassi cationcostonly slightly comparedo the staticprefetchingstratagies.
Figure7.24shows that,on average stratgy selectiondoesnot improve theresponse
time comparedo the static prefetcherdor the random-starerand directional-mwers.

Recallthatresponseime is affectedby several externalfactors(listedin Section5.4.2).
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As such the exactreasorbehindthesesummarypatterndgs hardto pinpoint.

We alsotriedtheSelectProff thess-proportionatetratayy selectiorpolicy (described
in Section5.4.4)to investigataf a moreexploratoryapproachSelectProp)s betterthan
a greedyapproach(SelectBest) Our experimentsshaved that SelectPropyieldedworst

resultscomparedo SelectBest.
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Chapter 8

RelatedWork

8.1 Adaptive Prefetching

Therehasbeenmuchresearctperformedon adaptve prefetchingfor differentapplica-
tions. We list someof thisresearchhereandpoint outbothhow thesehave in uencedour
approachanddifferencedo our approach.

Davisonetal. [14] proposeda solutionfor predictingthe next usercommandn the
Unix shell promptby usingsimple Markov chainpredictors. Thesestatistics,collected
for eachuser areagedovertimein orderto emphasizéhe recentcommandsy theuser
This solution utilizes the conceptsof stratgy re nementandinformationaging. It has
provideduswith inspirationfor extendingthe staticfocusstratey into anadaptve focus
stratey.

Tcheunetal. [46] proposedan adaptve sequentiaprefetchingscheméor hardware,
which is similar to our static direction strat@y (analogoudo sequentiaprefetchingin
mary of the /O prefetchingstratayies). It adaptsto a users stepsizeto make surethat
only the bestdatagetsin the memory This solutionutilizes stratey re nementbut not

stratgy selection.We notethatthe users stepsizecanbe oneof the baseparameterghat
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canbeadaptedn our approachhowever, we did not geta chanceto experimentwith it
sowe list it in the FutureWork section.

Someresearchefforts utilize the conceptof learning (insteadof stratgy selection
nor stratgy re nement)in decidingthe next adaptve actionto take. Srikantetal. [1]
presenta datamining approachto gatheringsequentiabatternsabouttime-seriesdata.
This algorithm can also be usedto predictthe next usermovement. [44] discusses
modelfor capturinguserbehaior that may be necessaryo adaptto the changesn the
userpatterns.Learningis onepotentialenhancemerfor adaptatiorthatwe currentlydo
notapplyin our system.

We notethattheseresearclefforts have focusedon taking onestratgly andadapting
it (i.e., stratgy re nement). In our approachywe utilize strategy selectionin additionto
stratgy re nement.

[7] describesstatisticscollectionfor databaseénanagemensystemghat keepstrack
of dataaccesgharacteristicésuchasdatapagespf theclientmachine.Thisis analogous
to our modelof usertracecollectionto keeptrack of theaccesgatternsy the user

Several stratgy selectionpoliciesalreadyexist in various elds, including Genetic
Algorithms ( tness-proportionateselection,sigmascaling, elitism, rank selection tour
namentselection steady-statselection)36] andOperatingSystemglottery scheduling
[47]). For our approachwe chose tness-proportionateselectionbecauset allows for
exploration(vs. exploitation),andit is quick andeasyto calculate(minimal overhead).
However, otherselectionmethodsmay needto be experimentedn the future to assess
thistrade-of in overheadss. potentialperformancegain.

For performancesvaluation, we extractedthe idea of using mis-predicted/nopre-
dicted/correctlypredictedstatisticsfrom [28]. Theideaof a tness functionin stratey
selectionis inspiredby tness functionsin GeneticAlgorithms[36]. Furthermoresince

prefetchingooils down to a statisticalclassi cationproblem,we lookedinto the Statistics
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eld for ideasfor tnessfunctionandfoundmisclassi cationcost[50].

8.2 Caching

Semanticachings usedor client-sidecachingandreplacemenin aclient-senerdatabase
system.t is aimedlargely atproviding supportfor navigationalacces$o data(suchasvi-
sualizationapplications).We have implementeda cachingstructureinspiredby [30, 12]
asit providesefcient supportfor accesgdo data. In particular we have developeda
hash-basebtbok-upstructurethatallows replacemenat the object-granularityevel [43].
Thoughcachingis necessaryor visualizationapplicationsand necessarilya prerequi-
site for supportof prefetchingour researchreportedhereconcentratesn the trade-ofs

betweerdifferentprefetchingstratayies.

8.3 DatabaseSupport for Interacti ve Applications

Much work hasbeendonein recentyearson visual interactiontools, including [40, 45,
26,15, 25, 29, 27, 24]. Integratedvisualization-databasgystemssuchas Polaris[40],
Tioga[41], IDEA [39] andDEVise [32] representhe work mostcloselyrelatedto ours
in termsof developingtoolsfor visualdataexplorationsupport.The speci ¢ approaches
takenarehowever different.

Polaris[40] is aninterfacefor exploring large multi-dimensionaldatabasethat ex-
tendsthe well-known Pivot Tableinterface rst popularizedoy Microsoft Excel. Similar
to our structure-basebirush,Polarisincludesan interfacefor constructingvisual speci-
cations of table-basedjraphicaldisplaysandthe ability to generatea setof relational
gueriesrom thevisualspeci cations.But Polarisdoesnotincludecachingandprefetch-

ing to improve the performance.
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Tioga[41, 2] implementsa multiple browserarchitecturdor arecipe avisualquery
Theproblemof translatingfront-endoperationsnto databasejueriess not presensince
databasgueriesareexplicitly speci edbythegraphicainterface.Also, they donotcache
thequeriesn theirsystem.VIDA [52] is avisualizationtool (anextensionof DataSplash
[2]) thatis developedin an attemptto solve the cluttering problemby providing goal-
directedzooming

Infostill [10] is a dataanalysisapplicationthat focuseson assistinguserswith all
stagesof dataanalysis. It doesnot take client-sidecachinginto consideratiorfor im-
proving the performancef thetool. IDEA [39] is anintegratedsetof toolsthatsupports
interactve dataanalysisandexploration. Thistool focuseson multiple displayviews like
XmdvTool, but on-line querytranslationand memorymanagemenarenot addresseth
thatwork. In DEVise [32], a setof queryandvisualizationprimitivesto supportdata
analysisis provided. The numberof primitivessupporteds relatively large. However,
cachingdatais doneat the databasdevel using the default mechanismsnly; special
memorymanagemertechniquessin our work arenot studied.

Unlike prior work, we aim to focuson the interactionsbetweerthe two areas:Visu-
alizationandDatabasesIn particular we worked on adaptve prefetchingusingstratey

selectionin this context.
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Chapter 9

Conclusionsand Futur e Work

9.1 Summary and Conclusions

We rst designedandimplementedsimple static prefetchingstratgiesthatimprove the
performancef thesystemnin termsof responséime. We utilized ahighlevel caching42]
thatreduceghe systemresponsdime by incrementallyloadingthe datainto the cache.
We developeda framenork for adaptatiorfor prefetchingn ary interactve visualization
system.

Fromourexperimentsye have shovn thatprefetchings alwaysbetterthannoprefetch-
ing, asit helpsin improving the responsdime. But prefetchingalsocomeswith mis-
predictedobjectsthatleadto arisein network traf c.

Our casestudiesshavedthat differentusershave differentnavigation patternsn our
system.In additionto that,we have alsoshawn thatfor the sameuser the navigationpat-
ternvary within the samesession.Theseclaimshave beenanalyzedoy our casestudies.
We have alsoseenthat differentprefetchingstrateyieswork well for differentusers.For
thisreasongdifferentprefetchingstratgiesarebetterat differentinstance®f time during

the sameusersession.
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The choiceof tness function is importantin evaluatingthe succesof a strategy
selectionapproach.In prefetchingthe choiceof tness functionis tricky becaus€l) it
requiresatrade-of betweerseveralcompetingperformanceneasuresand(2) it begsthe
guestionof how muchweight shouldbe givento morerecentperformancenformation.
We have experimentedvith responsdime asa tness functionandalso gured out the
dravbacksof usingit asexplainedin Section5.4.3.

Overall, we have shavn that allowing the choiceof prefetchingstratey to change
overtimeis betterthanhard-codinghechoiceupfront,evenwhenthereis someoverhead

inherentdueto maintainingstatisticsfor stratgy evaluationin the selectiornprocess.

9.2 FutureWork

In the experimentalsection,we have notedpossiblenext stepsin improving the quality
of prefetcherdasedon the resultswe saw. In this section,we summarizeall thesenext
stepsaswell aslist otherpossibleoptions.

For bothdirectionandrandomstrateyies,we canadjusttheamountof dataprefetched
(e.g.,by adjustingthe prefetchstepsizeor having a x edprefetchbuffer size).

We canexplore otherstrate)y selectionpoliciesand tness functions. Thereare sev-
eral other stratgy selectionpolicies aslisted in the RelatedWork section,aswell as
severalotherwaysto combinethe performanceneasureandproducea tness function.

Comparisorof the performanceof stratgy selectionagainststrat@gy re nementcan
be oneof theworksthatmightbringto light somenew points. Otherresearclon adaptve
prefetchinghave mostlyfocusedonre ning asinglestratgy. Which adaptatiorapproach
worksbetterfor adaptve prefetchingor visualdataexplorationtools?

In our currentimplementationwe attemptto prefetchafter every userquery This

may not be good especiallywhenthe useris moving very fastand henceuserqueries
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areissuedoneatfterthenotherquickly. We candeferprefetchingn orderto improve the
performancef thesystem.

In situationswhenthe datasetsarevery largeandthe cachesizeis limited, onecould
measurghe performancef a prefetchetbasedon the accurayg of the predictionandnot

basedon the actualnumberof predictedobjectsthatgotloadedinto thelimited cache.
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