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Abstract

DesigningandtuningaccessnethodgAMs) hasalwaysbeenmore
of ablackartthana rigorousdiscipline,with performancessess-
mentsbeing mostly reducedo presentingoottom-lineruntime or
1/0 numbers(This paperpresentananalysisramevork for AMs
that gives detailedfeedbackabout obsered pageaccessperfor
manceandtheperformancémplicationsof individualaspect®f an
AM design.) The frameawvork definesperformancemetricswhich
are more meaningfulthan bottom-linenumbersand which allow
the AM designerto detectandisolatedeficienciesn an AM de-
sign. The analysisprocesdakes a workload—atree and a setof
queries—amputandprovidesmetricsthatcharacterizéhe perfor
manceof eachqueryaswell asthat of the tree structureandthe
structure-shapingspectof the AM implementation. Centralto
the framavork is the useof the optimal behaior—which canbe
approximatedelatively efficiently—asa pointof referenceagainst
which the actualobsered performancds measured.The perfor
mancemetrics themseles reflect the fundamentalperformance-
relevant propertiesof the input tree. The framevork appliesto
most balancedtree-structuredAMs and is not restrictedto par
ticular typesof of dataor queries. It is implementedn andb, a
comprehense graphicaldesigntool for AMs thatareconstructed
on top of the GeneralizedSearchTree abstraction. Amdb com-
plementgheanalysisframevork with visualizationanddehugging
functionality allowing the AM designerto investigatethe source
of thosedeficiencieghatwerebroughtto light with the helpof the
analysisframevork.

1 Introduction

Despitethe large and growing numberof accessmethods(AMs)
thathave beenproducedyy theresearcltommunity—andilsode-
spitetheirincreasingmportancegconsideringhe explosionof data
usersfind worth querying—thedesignandtuning of AMs hasal-
waysbeenmoreof ablackartthanarigorousdiscipline.Currently
performanceanalysesarepresentedn termsof aggrgateruntime
or pageaccessiumbersThedravbackis thatthesenumberglonot
allow the contritutionsof individual designideasto be quantified.
As aresult,it is hardto explain performancelifferencesetween
competingAM designs;f thosedeviate in morethanonedesign

aspect. Also, aggrgateruntime or accessaumbersdo not allow
AMs to beassessedn their own, becauseompetingAM designs
areneededo putthenumberdnto perspectie.

In this paperwe presentan analysisframevork for tree-struc-
tured,height-balanceédMs thatprovidesmoremeaningfulperfor
mancemetricsthanjust aggrgyatenumbersandcanbe appliedto
ary workload,regardles®f thetypeof dataor natureof thequeries
involved. Its salientfeaturesare:

e Theworkload—atreeanda setof queries—isaninput pa-
rameterof the analysisandthe metricscharacterizéhe per
formanceof an AM specificallyin the context of thatwork-
load. This allows the framework to be usedto tunean AM
for aspecificworkloadandto comparevorkloadsby running
themagainsthe sameAM.

e The performancemetrics solely characterizehe obsered
performancef theworkloadexecution,namelythe pageac-
cessesThey donotreflectdataor querysemantics.

e Centralto the analysisis the comparisonof obsered per
formancewith optimal performancei. e., performancehat
would have beenobtainedwith a treethatis optimalfor the
input workload. The performancenetricsare derived from
this comparisorandexpressperformancdoss. With sucha
pointof referencethe obsered performanceanbeputinto
perspectie withouthaving to comparewith acompetingAM
design. Moreover, this particularpoint of referenceshavs
the potentialfor performancemprovement,which cannot
necessarilye discoveredby comparingtwo alternatve AM
designs.

e The frameawvork definesperformancdoss metricsfor each
query of the workload, for the nodesof the input tree and
for thestructure-shapingspect®f the AM implementation.
Furthermore thosemetrics are broken down to reflectthe
fundamentalperformance-rel@ant propertiesof tree-struc-
turedAMs. Suchabreakdan is moreusefulthanaggrgate
numbershecausét facilitatesassessinthe performancef-
fectsof AM designaspectsndividually.

The analysisframeavork is implementedn andb, a compre-
hensve visualdesigntool for AMs built ontop of the Generalized
SearchTree (GiST) abstraction([HNP95]). lIts featuresinclude:
interactve executionof search,jnsertand deleteoperations;sup-
port for breakpointsaandsingle-steppinghroughoperationsyisu-
alization of the tree structureand node contents the latter being
userextensible;executionof queryworkloads,gatheringof trac-
ing informationandvisualpresentationf performancenetricsand
tracinginformation.In orderto computeperformancéossmetrics,
amdb approximatepartof the workload-optimatree,namelythe



optimally clusteredeaflevel. Thisis achievedby modellingthein-
putworkloadasa hypegraphandapproximatinghe optimal clus-
teringvia a heuristichypegraphpartitioningalgorithm.

Therestof the paperis structuredasfollows. Section2 gives
anoverview of andb anddescribegheintegrationof the analysis
framework into a graphicaldevelopmentervironment. Section3
brieflyintroduce<GiST. Section4 containsadiscussiorof theanal-
ysis framework, alongwith illustrative examples,amongthema
testfor unindexability. Section5 discusseselatedwork and Sec-
tion 6 containghe conclusiorandanoutline of futurework.

2 Amrdb: A Design Tool for Access Methods

Thegoalof thedevelopmeniof andb! wasto provide the AM de-
signerwith acomprehense tool thatwould covertheentiredesign
processrangingfrom delhuggingtheinitial implementatioro fine-
tuning of an AM for a specificworkload. At the coreof andb is
theanalysidramevork thatis thetopicof this paperit is integrated
with a collectionof modulesin aninteractve, easy-to-usgraphi-
cal ervironment. Thosemodulesare: a visualizationcomponent
for the tree structureand its contents(the latter userextensible);
a facility for interactize executionof tree searchesindupdatesas
well asbreakpointsandsingle-steppinghroughthosecommands,
similarto functionalityfoundin programmindanguagealehiggers;
browsersfor viewing performanceumbersderived from theanal-
ysisframework.

Andb supportsaccessnethodsdevelopedusingthe public do-
mainl i bgi st packagewvhichimplementghe GiST abstraction.
Andb andl i bgi st arewrittenin JaraandC++ andareportable
acrosamary versionsof UNIX aswell asMicrosoft Windows NT.
Thepackagesanbedownloadedromht t p: // gi st. cs. ber -
kel ey. edu/ .

This sectiondescribeshevisualizationanddehuggingfeatures
andgivesanovervien of how the analysisframework is presented
to theuser

2.1 Visualization Functionality

Understandindlaws in an AM designrequiresinspectingthe cor
respondingree; thus,andb providesinteractve graphicalviews
of the entiretree, pathsand subtreeswithin the tree,and contents
of nodeswithin thetree. Thesearethe globalview, treeview, and
nodeview, respectrely (Fig 1). Theseviewsnotonly helpvisualize
thetreestructureandits contentsput alsohelpvisualizeprofiling
dataand performancemetricsby associatinghemwith nodesin
thetree(moreonthatin Section2.3). Finally, they provide naviga-
tion featuresfor moving from onelevel to anotherwhich enables
designerso drill down to the sourceof adeficieng.

The highest-lgel, global view provides a manageableggre-
gateview of theentireindex (Fig 1: 1). Thisrepresentatiofactors
out muchof the tree structureby mappingit onto a triangle with
an adjustablebaselineand height. The purposeof this view is to
projectauserselectedreestatisticor performancenetricontothis
abstracdisplayanddepictthe variationof the statisticsacrosghe
total tree. The userchoosedotha color map(or palette Fig 1: 2)
anda statistic;the globalview assignsolorsto the statisticalval-
uesandrenderghenodesaccordingly Nodesareconcatenatednd
megedif necessaryith othernodeson thesamelevel. Thus,the
pixel densityof nodesincreasegeometricallywith thelevel. The
usercanalsoperformanapproximatedrill-down into anareaof in-
terestby clicking onit. Subsequent)ya pathfrom therootnodeto
anodein theneighborhoof the specifiedpointwill be shavn in
thetreeview, alower-level view which shavs moredetail.

L An initial implementatioris briefly describedn [KSH98].

Thetreeview shavs the structureof the searchtree(Fig 1: 3).
It offersanintuitive point-and-clickinterfacefor bronsingthetree
while impraving on corventionaltree navigationinterfaceswhich
becomecumbersomdor high fanouttrees.In this view, thetree’s
nodesarerepresentethy boxesandlabeledwith a uniquenumber
for referenceEachnodeis enclosedn ascrollableandstretchable
containerwhich displaysits directsiblingsin no particularorder
This container(Fig 1: 4) allows usersto focuson nodesof inter-
estwhile boundingthe amountof detail displayed.Any nodecan
be expandedor contractecby clicking onit. Whena nodeis ex-
pandedthecontaineiholdingits childrenis displayedelaw it with
aline linking thetwo; whencontractedtheentiresubtreeoelow the
nodeis removed. Like the globalview, the treeview represents
userselectedree statisticor performancemetric by coloring the
nodes With thesefeaturesa usercansimultaneouslyocusonsev-
eral pathsand subtreeof interestwithout beingoverwhelmedby
thewidth of thesearchree.

Atfter drilling down from theglobalview andtreeview, theuser
caninvestigatethe contentsof specificnodesusingandb’s node
view (Fig 1: 5). Sincetree nodescontainarbitrary userdefined
keys? the accessmethoddesignemustprovide a modulewhich
displaysthe nodegiven its contents. Currently andb containsa
suite of moduleswhich visualizetwo-dimensionabprojectionsof
spatialdata.Oneconvenientfeatureof thenodeview is thatit high-
lights the currentpathin thetreeview. Thenodeview alsoallows
the userto simulatea split® andvisualizethe resultsby separating
theitemswith contrastingcolors. In additionto userdefineddata
visualizationandb providesatextual descriptiorof thekeys, their
sizes,andassociategointers.

2.2 Debugging Functionality

The behaior of an AM canbe difficult to understandvithout be-
ing ableto obsere its mechanics.Previously, only standardoro-
gramminglanguagelehuggingtools wereavailablefor examining
i bgi st AMs. Becausédhesetools are designedor analyzing
low level actions,suchasa singleline of sourcecode,they are
too cumbersomdor gainingan understandin@f how searchand
updateoperationdehae andinteractwith thetree.

Andb allows a designetto single-steghroughtreesearchand
updatecommands.Thosecommandsyeneratesventsfor various
node-orientedctions suchasnodesplit, nodetraversal etc, which
permitsusersto stepfrom eventto event. Sincemanualstepping
canbecomeedious,it alsosupportshreakpoints Breakpointscan
be definedon genericevents, e.g., hode update,or can be tied
to a specifictree node, e.g., updateof node227. Whena break-
pointeventis encounteredxecutionis suspendedndtheuserhas
an option to single-stepthrougheventsor continueuntil the next
breakpoint. Additionally, andb allows batchexecutionof com-
mandsvia scriptssouserscancorvenientlyrestorestate.

2.3 Overview of the Analysis Process

Theanalysisramevork definegperformancenetricsfor eachquery
of theowrkload,nodeof theinputtreeandfor thestructure-releant
splitandinsertionstratgiesof the AM design.Thesemetricspoint
out deficienciesn the AM andtell thedesignemhich partsof the
inputtreeor which of thequerieso focuson. Thevisualizationand
dehuggingfeaturecomplementheperformancenetricsby giving

the designeithe meango investigateandunderstandhe sourceof

thedeficiencies.

2The GiST abstractiorfactorsout structuralandalgorithmicaspectshatarecom-
monto mostbalancedree-structured\M. Which aspect®f a specificAM are user
definedandwhich areprovidedby GiST is describedn Section3.

3Thisis achievedby calling the pickSplit()extensionfunction,whichwill beintro-
ducedin Section3.
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Figurel: Amdb Userinterface

Theperquerymetricsshav theperformancéossfor eachquery
andpinpointbadly performingqueries.Thesemetricsarecomple-
mentedwith tracing datagatheredduring query execution;these
includetraversalpaths,CPU executiontime, the amountandspe-
cific locationof dataretrieved, etc. This tracingdatagivesthe de-
velopera very detailedview of the behaior of eachqueryandis
instrumentaln understandingoorly performingqueries.

Pernodemetricsshav which nodesin thetreecontritute to a
querys or to aggrgateperformancdoss. The performancenum-
bersarevisualizedvia coloringof nodesn theglobalandtreeview,
so thatill-behaved partsof the tree can be identified easily The
navigationanddatavisualizationfeaturesof theseviews let thede-
veloperexaminethosepartsof thetreestructureandthe datacon-
tainedtherein.Aside from performanceaumberstheseviews also
visualizeperquerytracingdata; for example,traversalpathsand
pernode CPU executiontimes canbe visualizedvery effectively
throughnodecoloring.

AM implementatiommetricsshav how workloadperformance
is affectedby splitsandinsertions.This givesthe developerdirect
feedbackaboutthe quality of the AM designandpointsout cases
wherethe designfails. The actualsplits and insertionpathsthat
deterioratevorkloadperformancecanbe visualizedwith the node
andtreeview, respectiely.

Performingan analysisof an existing tree requiresvery lit-
tle userinteraction. Essentially the developeronly needsto pre-
pare a script containingthe queriesof the workload (and a file
with keys for the insertionstratgy analysis). Andb executeghis
scriptagainstthe input tree, collectsthe requiredtracingdata,and
computeghe performancenumberswhich arethenshavn in di-
alog boxesfor easybrowsing. The tracingdataand performance
numbersarestoredin afile to avoid recomputatiorfor subsequent
andb sessions.

3 Generalized Search Trees

A GiST is a balancedree which provides “template” algorithms
for navigating the tree structureand modifying the tree structure
through node splits and deletes. Like all other (secondary)n-

dex treesthe GiST stores(key, RID) pairsin theleaves;the RIDs

(recordidentifiers)point to the correspondingecordson the data
pagesinternalnodescontain(predicate child page pointer) pairs;
the predicateevaluatesto true for ary of the keys containedn or
reachabldrom theassociatedhild page.This capturesheessence
of atree-basedhdex structure:a hierarchyof predicatesin which
eachpredicateholdstrue for all keys storedunderit in the hierar
chy. A BT-tree ([Com79) is a well knowvn examplewith those
properties: the entriesin internal nodesrepresentrangeswhich
boundvaluesof keys in the leavesof the respectie subtrees An-
other exampleis the R-tree ([Gut84]), which containsbounding
rectanglesspredicatesn theinternalnodes.Thepredicatesn the
internalnodesof a searchtreewill subsequentlye referredto as
subtreepredicategSPs).

Apart from thesestructuralrequirementsa GiST doesnotim-
poseary restrictionson the key datastoredwithin thetreeor their
organizationwithin andacrossnodes.In particular the key space
needhotbeorderedtherebyallowing multidimensionatiata.More-
over, thenodesof asinglelevel neednotpartitionor evencoverthe
entirekey spacemeaninghat(a) overlappingSPsof entriesatthe
sametreelevel areallowed and (b) the union of all SPscanhave
“holes” whencomparedo the entirekey space.The leaves,how-
ever, partitionthe setof storedRIDs, sothatexactly oneleaf entry
pointsto a givendatarecord?

A GiSTsupportghestandardndex operationsSEARCH, which
takes a predicateandreturnsall leaf entriessatisfyingthat predi-
cate;INSERT, whichaddsa(key, RID) pairtothetree;andDELETE,
which remoressucha pair from the tree. It implementsheseop-
erationswith the help of a setof extensionmethodssuppliedby
the accessnethoddeveloper The GiST canbe specializedo one
of anumberof particularaccessnethodsby providing a setof ex-
tensionmethodsspecificto that accesanethod. Theseextension
methodsencapsulat¢he exactbehaior of the searchoperationas
well asthe organizationof keys within thetree.

We now provide a sketchof the implementatiorof the opera-
tionsandhow they usetheextensionmethods For amoredetailed
descriptiontogethemwith examplesof B-treeandR-treeextension
methodsseetheoriginal paper([HNP95).

4This structuralrequiremenexcludesRt -trees({SRF87) from conformingto the
GiST structure.



SEARCH In ordertofind all leafentriessatisfyingthesearchpredi-
cate,werecursvely descendall subtreegor whichtheparent
entry’s predicatds consistentvith the searcltpredicatgem-
ploying the usersuppliedextensionmethodconsistent()

INSERT Givenanew (key, RID) pair, we mustfind aleafto insert
it on. Notethatbecaus&iSTsallow overlappingSPs there
may be morethanoneleaf wherethe key couldbeinserted.
A usersuppliedextensionmethodpenalty()compares key
andpredicateandcomputes domain-specifipenaltyfor in-
sertingthe key within the subtreewhoseboundsare given
by the predicate. The penaltytypically reflectshov much
the predicatehasto be expandedto accommodate¢he new
key. Usingthis extensionmethod,we traversea singlepath
from root to leaf, following brancheswith the lowestinser
tion penalty

Extensiorcodealsomanagesheorganizatiorof keys within

thetree. If the leaf overflovs andmustbe split, a extension
method pickSplit(), is invokedto determinehow to distribute
the keys betweentwo leaves. If, asaresult,the parentalso
overflows, the splitting is carriedout bottom-up.

If theleaf sancestorspredicatesio notincludethenew key,
they mustbe expandedsothatthe pathfrom therootto the
leaf reflectsthe new key. The expansionis donewith a ex-
tensionmethodunion() which takestwo predicatespne of
which is the new key, and returnstheir union. Like node
splitting, expansionof predicatesn parententriesis carried
out bottom-upuntil we find an ancestomodewhosepredi-
catedoesnotrequireexpansion.

DELETE In orderto find the leaf containingthe key we want to
delete,we againtraversemultiple subtreesasin SEARCH.
Oncetheleafis locatedandthekey is foundonit, weremove
the(key, RID) pairand,if possibleshrinktheancestorsSPs.

Althoughthe Gist abstractiorprescribeslgorithmfor search-
ing andinserting,the AM designerstill hasfull control over the
performance-relant structuralcharacteristicof the AM. These
structuralcharacteristicare:

Clustering Theclusteringof theindexed dataattheleaflevel and
of the SPsat the internal levels determineghe amountof
extra datathata queryneedgo accessn orderto retrieve its
resultset. An AM designcontrolsthe clusteringthroughthe
pickSplit() andpenalty()extensionmethods.

Page Utilization The pageutilization determineshe numberof
pagesthat the indexed dataandthe SPsoccupy andthere-
fore alsoinfluenceshe numberof pageshata queryneeds
to visit. Similarto the clusteringthe pageutilizationis con-
trolled by the pickSplit() andpenalty()extensionmethods.

Subtree Predicates While the sizeand shapeof the indexed data
is partof theinput (if thedatacanbecompressedhisshould
bedonein ary case)thesizeandshapeof theSPsareparam-

etersof the designandconsiderablyinfluenceperformance.

A SP'staskis to describepr cover, thatpartof thedataspace
whichis presentttheleaflevel of its associatedubtredi.e.,

the perfect SP would simply enumerateall the dataitems

containedn theleavesof its subtreepf coursethisis prob-

lematicwith regardto the sizeof the SPs). We speakof SP

excescoverage if the SPcoversmoreof the dataspacethan

is neededn orderto representhe datacontainedn the sub-

tree. If a SPexhibits excesscoverage,it may causequeries
to visit morethantheminimumnumberof pagedetermined
by the clusteringandpageutilization.

4  Analysis Framework

The goalof theanalysisframework is to explain the obsered per

formanceof an AM runninga usersuppliedworkload. The single
ultimate performanceaumberis the total executiontime of theen-
tire workload. Thistotal depend®nthenumberandnatureof page
accesseghe buffering policy andthe CPU time spentexamining
pages.We will for now concentraten explaining obsered page
accesseandignoretheothercomponentsf theperformancequa-
tion. Sectiord.5addressethesdssues.

Insteadof simply measuringthe numberof pageaccessesa
moremeaningfulperformancenetricis the differencebetweerthe
numberof pageaccessem theactualtreeandthe optimaltree;we
call this differencethe the performancdoss The optimal treeis
definedasminimizing the total numberof pageaccessesver the
entireworkload. Having knowledgeof the executionprofile of the
workload,in particularthe resultsetsof the queries,allows usto
approximatehe optimaltreerelatively accurately

The analysisframevork definesperformancemetricsthat are
basedntheperformancdossandfall into threegroups:

Query Metrics A querywill experiencea performancdossif the
actualtree hasinferior clustering,pageutilization, or SPs
relative to the optimaltree. In orderto understandhe nature
of the loss, we breakdown the total lossto reflecteachof
theseshortcomings. The breakdavn revealshon much of
a querys performancdossis dueto suboptimalclustering,
pageutilizationandSPs.

Node Metrics Similarto thequerymetricstheframevork defines
nodemetricsthatexpressanindividualnodes contritutionto
aggr@ateworkloadperformancdoss,brokendown to reflect
thelossescauseby the nodes clustering,utilization andSP
Suchmetricsarevaluablebecaus¢hey helpthe AM designer
identify anomaliesn thetreestructure.

Implementation Metrics The extensionmethodspickSplit() and
penalty()directly controlthe tree structureandtheir perfor
manceametricsshouldexpressto whatextentthey arerespon-
siblefor the structuraldeterioratiorthatcausegperformance
loss. Unlike query and node metrics, the implementation
metricscannotbe derivedfrom thetracinginformationgath-
eredduring workload execution. Instead,we executeaddi-
tional splits andinsertionsand obsere how workload per
formancechangesLike queryandnodemetrics,theimple-
mentatiormetricsreflectacomparisorio anoptimum,in this
casetheoptimalsplit andinsertion.

The following subsectiordiscusseshe optimal tree and how
to constructt. Section4.2 derivesthe queryperformanceametrics,
first for the leaf level, thenfor internallevels, and presentsxam-
plesof analysesonductedvith thesemetrics. Section4.3 derives
nodemetricsbasedn the querymetrics.Sectiond.4 discussethe
optimal split andinsertionand derives metricsfor the pickSplit()
andpenalty()extensionmethodsanexampleillustratesthesemet-
ricsandcompleteoneof theanalysedvegunin Sectior4.2.

The presentatiomf the metricsin this Sectionis purposelyin-
formal andreliesmainly on examplesjwe felt this would improve
readability Theinput variablesandmetricsaredefinedandsum-
marizedin Table1 andTable2, respectiely.® Variableswith sub-
scriptq arequery-specifi@andvariableswith subscriptp arepage-
specific. L, the setof “relevant” leaves of a query containsall
accessetbavesthatcontainitemsof theresultset.

5We leave out the definition of the split and penalty metrics, becauseheseare
combersomandcanbederivedfrom thedescriptionsn Sectior4.4.
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Table2: Performancévietrics
Q setof queriesy in workload A treewith thesepropertieswill executetheinvestigatedvork-
L setof leafnodesin tree load with the minimal numberof pageaccessesThis treeis only
I setof internalnodesin tree a theoreticalconstruct,sinceit is generallyimpossibleto create
C [bytes] pagecapacity reasonably-size8Pswith no excesscoverage. Neverthelessit is
Rg [bytes]  sizeof resultset _ _ possibleto approximatehis treewell enougtto beableto infer the
Ly setof accesseglagesn optimalclustering pageaccespatternof theworkloadqueries.
Ly setof accesseteavesin actualtree To constructheoptimalleaflevel, we partitiontheindexeddata
L, setof relevantleavesin actualtree itemssothatthetotal numberf leafaccesseis minimizedoverthe
up [%0)] utilization workload® andthepartitionsizeis equalto thetargetpagecapacity
ug [%] average Ut'“zat'f)” seen by quUery  This taskcanbe corvertedinto a hypegraphpartitioningproblem
Uqg = Zpeyq up/|Lq| by modellingtheworkloadasa hypegraph(eachindexeddataitem
I, setof accessethternalnodesn tree is anodewith aweightthatis equalto its sizein bytes;eachquery
I setof accessethternalnodeson pathsto L;, identifiedby its resultset,is a hyperedge) Hypegraphpartition-
IZ internal ~ “leaves”  of  traversal  paths, ingisprovably NP-hard([GJ79), but existingapproximatioralgo-
Il = {p|p € I, \ I, A —~(child(p) € I, U Lq)} rithmswork reasonablyvell in practice(Section4.6 discusseshe
Q» setof queriesthataccesg |mp|§ementat|on|n particularthe hypegraphpartitioning,in more
Q, setof queriesfor whichp is relevantleaf detail). o
Tq optimalratioof accessetb retrieveddatar, = |L2[* To cons'tructheoptlmallnternalleyels,weneecto createegsonably-
C xu /R, sizedSPswith no excesscoveragewhichis generallynotpossible.

R, [bytes]
Q5,4 [bytes]
Q5 [bytes]

sizeof fractionof ¢'sresultsetfoundonp
optimalamountof accessedata,Qd , = rq * Ry q
optimal amount of accesseddata aggregated over
workload,Qj = qu% rg * Rpg

Tablel: InputVariablegProfilingData, TreeStatisticsandDerived
Variables)

4.1 Construction of Optimal Tree
Theoptimaltreeis definedby thefollowing characteristics:

no excess cover age, which reduceshe numberof pageaccesses
dueto overly generalSPsto 0;

optimal page utilization, whichis atamgetpageutilizationchosen
by theAM designerWewill seethattheabsolutdevel of the
targetpageutilization doesnot really matter but whatreally
mattersis to have a constantvalue that allows comparisons
of deviation acrossnodes;

optimal clustering, whichminimizesthetotalnumberof pageac-
cessesor the entireworkload.

Ic’; = Zpg; Up U

Neverthelessit is still possibleto reportutilizationandexcesscov-
eragelossmetricsfor those.

Figure2 senesasarunningexamplethroughoutherestof this
section. It shaws the traversaltree of a query (its traversalpaths
in theindex, which form a subtreeof the index) thatretrievesfive
dataitems, for which it needsto accesdour leavesin the actual
treeandtwo leavesin the optimaltree. The pagecapacityis four
items(to keepthe examplesimple,dataitemsandSPsareassumed
to have the samesize)andthe target utilization is 75%. Occupied
slotsareshadedandthepagesn theactualtreeareenumeratefor
reference.

4.2 Query Performance Metrics

The perqueryperformancemetricsexpressperformancdossdue
to suboptimalclustering pageutilization and SPsin theindex. At
the leaf level, thesenumbersare derived by comparingthe page
accessatternin the actualtreewith the correspondingpatternin
the optimal tree. At the internallevel, the correspondingptimal

8 Notethatclusteringto minimizethenumberof leafaccessesvertheentirework-
loadwill generallynot minimize the numberof leaf accessefor eachqueryindividu-
ally. The minimumnumberof leaf accessefor a singlequeryis thesizeof its result
setdivided by the pagesize. This usuallycannotbe achievedfor the entireworkload,
becaus¢heindividual queries’clusteringrequirementsrecontradictory
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structureis not availablefor comparisonput we canstill derive a
reducedsetof the metrics,namelyexcesscoverageandutilization
loss. Thenext two subsections turndescribénow thelossmetrics
arederivedfor theleaflevel andtheinternallevels.

4.2.1 Leaf-Level Performance Metrics

For eachquery theperformancdossattheleaflevel—actuaiminus
optimalleaf accesses—igdivided up into utilization, excesscover-
ageandclusteringloss.More formally:

|Lq| = |LS| + EL} + UL, + CL,.

In the example,the query experiencesa performancdoss of
two leaf accessesvhen comparedagainstthe optimal tree. We
shav how to computethelossesor this example.

Utilization loss Deviation from the target utilization in the re-
maining leaves is summedup as utilization loss. In the exam-
ple, leaf 2 hasa utilization of 50%, which resultsin a loss of
1—-0.5/0.75 = 1/3. Theideabehindthis accountingis that if
thepageshadbeenpacledmoredenselypartof theaccessesould
have beenavoided. Note that a pageutilization in excessof the
targetutilization countsasa negative performancdoss,i.e., a per
formancegain.

Excess coverage loss \Whenaccessingleafduringqueryexe-
cutionthatdoesnot containary itemsof theresultset,theleafac-
cesss dueto excesscoveragein theleaf s SP Evenif thosepages
areunderutilizeddo they not counttoward utilizationloss,because
packingthem more denselywould not lower the total numberof
leaf accessegunlessretrieved datawere added,but thenthe ac-
cessavould not countasexcesscoverageto begin with). For the
samereasontheaccesgannotcountasclusteringoss,becaus¢he
featureof thatnoderelevantto the queryis its SP, notits pageuti-
lizationor clustering.In theexamplein Figure2, leaf0 is accessed
but containsno matchingitems,andthereforethe accessountsas
excesscoverageoss.

Clustering loss Clusteringloss is the differencebetweenthe
conceptually‘tightly pacled” leavesin the index and the corre-
spondingleavesin the optimal tree. The accessedeavesin the
index become'tightly pacled” by subtractingthe utilization loss.
In the example, the resultsetis spreadover threeleaves, or 8/3
tightly pacledleaves. Thedifferencebetweerthatandthetwo leaf
accesse2/3, in theoptimaltreeis theclusteringloss.

To summarizeheleaf-level metricsestablishedor the example
query:excesscoveragdossis 1, utilizationlossis 1/3 andcluster
ing loss2/3. Thesumis 2 accessesyhichis thetotal performance
lossthatthe examplequeryexperiencesttheleaflevel.

4.2.2

Althoughit is not possibleto constructthe optimalinternallevels
for the workloadin a mannersimilar to the leaf level, the charac-
teristicsof the accessethternalnodesin the actualtreestill allow

usto derive two of thethreemetrics,namelyexcesscoverageloss
andutilization loss. The remaininginternal-nodeaccessesannot
be subdvidedary further More formally:

Internal-Level Performance

|I| = I + EL, + UL}.

Excess coverage loss Similarto theleaf-level metric,accesses
to internalnodeswithout ary matchingentriesare countedas ex-
cesscoverageloss. In addition,we alsocountinternalpagesthat
do not leadto ary leavescontainingretrieved data;theseinternal
pagesareaccessedueto excesscoverageof SPsin thesubtreeln
theexample pageb doesnotcarryary matchingSPsandits access
is fully countedasexcesscoverageoss.Page4 hasamatchingSP
but it only matchesecausef excesscoveragein page0’s SR so
we countits utilization, 2/3 of thetargetutilization, asexcesscov-
erage.Theremainingl /3 arecountedasutilizationloss,because,
unlike the leavesof the traversaltree, the propertyof relevanceof
thesenodesis not their SP but the SPsof their children,i. e, the
datacontainedn this node.

Utilization loss Similar to the correspondindeaf-level metric,
the sumof the deviationsfrom the target utilization is the utiliza-
tion loss, excluding from consideratiorieaf nodesof the traversal
pathof the query In the example,only page4 causeghe query
to experiencautilization lossat theinternallevelsin theamountof
1/3.

To summarizeheprecedingbsenrations:of the4 pageaccesses
to internalnodes,5/3 arecauseddy excesscoverageand1/3 by
underutilization.Theremaining2 accesse® nodess and7 cannot
besubdvidedary further

4.3 Node Performance Metrics

The pernodeloss numbersare derived from the perquery loss
numbersand shav which partsof the tree contribute to perfor
mancedeterioration. More specifically thesemetrics shav how
anodes utilizationandclusteringpropertiesaswell asits SPaffect
workload performance.Generally we sumup the perqueryloss
metricsacrossthe nodesto arrive at pernodemetrics. Similar to
perquerymetrics,we subdvide theaccumulategherformancdoss
of aleaf pageinto excesscoverage utilization andclusteringloss.
More formally:

|Qpl = Qp + EL, + UL, + CLy,p € L.



At the internallevels, we canonly identify excesscoverageand
utilization loss; the remainingaccessesannotbe subdvided ary
further More formally:

|Qpl = Q; + EL, + UL,,p€ 1.

Figure2 will againbeusedasour runningexample.

Excess coverage loss A nodes excesscoveragelossis simply
the numberof timesthe nodewasaccessedut no matchingdata
was found. This doesnot take into accountaccesse$o internal
nodeshatarecausedolelyby excesscoveragen thechildrens SR
which arealsoclassifiedasexcesscoverageloss. In this particular
casét is thesharedesponsibilityof thechildren,andit needgo be
apportionedo themin someway. It is notclearhow thatshouldbe
done sothistypeof excesscoveragdossis presentlynotaccounted
for in thenodemetrics’

In the example,we have pages0 and 6 with excesscoverage
loss of 1 each. The excesscoverageloss of page0O shouldalso
includethe dataaccesseéh page4, but apportitioningthis excess
coveragdossto the childrenis notgenerallypossible asexplained
in the precedingparagraph.

Utilization loss A nodes utilization lossis the productof its
traversalcount(minusthoseaccessesausedy excesscoverage)
andits deviation from tamget utilization. In the example,pages2
and4 bothhave a utilization of 50%, a deviation of 1/3. If eachof
theseweretraversedl00timesacrosgheentireworkload,eachone
would contritute33§ accesse® theentireworkloadperformance.

Clustering loss Eachquerys clusteringloss needsto be dis-
tributed accordingto how much eachaccessednon-emptyleaf
contributesto total clusteringloss. We useasthe guiding princi-
ple the quality of the clusteringin a nodefor the particular query
in question.The quality of clusteringcanbe expressedstheratio
of accessetb retrieveddata,andthe optimalclusteringestablishes
a benchmarkatio againstwhich the accesseteavesin the actual
treewill bemeasured. In theexample thequeryaccesseg leaves
in theoptimaltreeto retrieve 5 dataitems,whichfill up5/3 pages,
resultingin abenchmarkatio of 1.2. At leaf 3, the examplequery
accesses pageworth of datain orderto retrieve 1/3rd of thepage,
althoughaccordingto the benchmarkatio it shouldonly have ac-
cessed /3 = 1.2 = 40% of a page. The differenceof 60%is the
clusteringlossthat the nodecontributesto this query The corre-
spondingnumbersor pagesl and2 are—0.2 and4/15. Thesum
acrosghesdeavesis 2/3, whichis thetotal clusteringlossfor the
query establishedn Section4.2.1. The total pernodeclustering
lossis simply the sumof the pernodelossesover thequeries.

4.3.1 Example 1: Comparison of R- and R*-Trees

Thisexampleillustrateshow to make aninitial performanceassess-
mentwith thehelpof theperqueryandpernodemetrics.We com-
pare R- and R*-treesfor rangequeriesover 8-dimensionapoint
data;we purposelychoseto comparetwo well-known datastruc-
tures,becausé&nowving how they work will male theresultsof the
analysisesierto follow.

7In the experimentonductedsofar, thoseaccesseplayedaninsignficantrole in
comparisorio theworkloadtotal. Notethattheteer; alsoincludesexcesscoverage
losscreatedoy child nodeshatcannotbe apportionedo the child nodeshemseles.

8 More formally: the pagesin L; causealossof C'L, thatneedgo bedistributed
accordingto how mucheachpagein L; contritutes. Given L7, we definea bench-
markoverheadatiory = |Lg| * C' * u: / Rq. Giventhatratio, we expectto access
rq * Rg,p Oneachpagep if clusteringin the actualtree wereasefficient asin the
optimaltree. Thedifferenceu, * C — rq * Ry, is p's contrikution to queryq's
clusteringloss.

Thedatasetusedin the experimentconsistof 400008-dimen-
sionalpoints,with eachdimensionimited to theintenal [0, 100),
arrangednto clustersof 100 pointseach.The clustersaresphere-
shapedandhave a diameterof 10; the centerpointsof the clusters
aredistributedrandomly Thetreeswereproducecby bulk-loading
20000randomlyselecteddataitemsandindividually insertingthe
remaining20000.Thisensureshatthesplit andinsertionstratgies
arereflectedn theresultingtrees.Bulk-loadingwasdoneusingthe
STRtechniqug[LLE97]), which partitionsthedatapointsinto iso-
orientedtiles. We ran 20000squarerangequeriesover the trees,
eachwith a sidelengthof 12. The centerpoints of the queries
wererandomlyselectedtemsfrom thedataset,sothatevery query
intersectedvith a cluster Eachqueryretrieved betweenx andy
dataitems(on average20.6items).

The aggrgateresultsof this analysisare summarizedn Ta-
ble 3. Notethatalthoughthe heuristicpartitioningalgorithmwas
runtwice, it producedartitioningsof essentialljthe samequality,
resultingin nearlyidenticaloptimalclusteringpageaccessumbers
(line 2 in Table3). In thefollowing discussiorof the performance
results,we will focusontheleaflevel, sincefor this type of work-
load,R- andR*-treesarerelatively flat andthe upperlevelscanbe
buffered. Section4.5 talks moreabouthow to accountfor buffer-

ing.

R*-tree R-tree
leaflevel
actualtree,total 72,044 97,414
optimalclustering 23,262 23,224
utilizationloss 4,650 3,906
excesscoverageloss 16,895 30,171
clusteringloss 27,237 40,113
sum 72,044 97,414
internallevel
actualtree,total 90,032 116,281
utilizationloss 23,937 22,237
excesscoverageloss 32,671 49,887
unaccounted 33,424 44,157
sum 90,032 116,281

Table3: Comparisorof R- andR*-trees

Both treesexhibit relatively small utilization losseswhich in-
dicatesthatlow pageutilization is not a problemin this workload
for eitherAM. Thisis alsoreflectedn thetraversal-weightedver-
ageutilizations,which are74.28%for the R*-treeand75.75%for
theR-tree.

(XXX we needanalysisfor bulk-loadedtreesto seewhatclus-
teringlossis in thatcase.Otherwisecant claim thattreesdeterio-
ratedtree(if it turnsoutto have beennotsogoodall along)).

Whenlooking at clusteringlosseswe canseethat both AMs
deterioratethe intially good clustering(refer to analysisof bulk-
loadedtree here), the R-tree considerablymore so than the R*-
tree. Using andb, we canseethatin both casesthe clustering
lossis not spreadevenly acrossthe entire leaf level, but mostly
confinedto afew hot spots(thisis shavn in theglobalview, which
is describedn Section2; we omit a screenshotof this particular
scenarioherefor brevity). The differenceis that for the R-tree,
thesehot spotsare more frequentand more stretchedout. Given
this pattern,it is likely that the split function generallymanages
to maintaina partitionedspace(the bulk-loadingresult), but slips
in somecasesat which point deteriorationsetsin. The split and
penaltyanalysisn Sectiond.4.3will shedmorelight onthis.

(Is exc cov lossco-locatedwith clusteringloss? cant seethis
with ary of the palettes.)Looking at the pernodeexcesscoverage
loss,we canseethatthisis roughlyco-locatedwith clusteringloss.
This indicatesthatthe flawed splits thatleadto inferior clustering



alsodeterioratehe SPs.Onecanalsoseethatexcesscoverageoss
is higherin subtreeghathave a high-lossSP (is this true? EL in
subtreeandinternalnodenotthe same:internalnodes SPcanstill
betight). (Doesthis really meanarything?)

4.3.2 Example 2: Comparison of SPs for Nearest-Neighbor
Searches on Multidimensional Points

This exampleillustrateshow to evaluateandcomparedifferentSP
designsindependentlyof the remainingAM designaspects.We
comparethreedifferentSPdesigngor a populartype of workload,
nearest-neighbaueriesonmultidimensionapointdata.Thethree
typesof SPsare: minimum boundingrectanglesasemplgedin
R*-trees([BKSS90]); minimumboundingspheresasemplg/edin
SS-treeg[WR96]); acombinatiorof thetwo, whichis usedin SR-
trees([KS97]). Thelattertwo AMs werespecificallydesignedor
thetype of workloadthatunderliesour comparison.

Thedatasetusedn theexperimentonsistof 400008-dimensional

points, with eachdimensionlimited to the interval [0, 100), ar
rangednto (uniformly distributed)clustersof 100pointseach.The
clustersaresphere-shapeahdhave adiametef 10. Thequeryset
consistof 20000nearest-neighbajueriesgachcenterecnaran-
domly selectedwithout replacement)iatapoint andretrieving 20
items. In orderto eliminatethe effectsof pageutilizationandclus-
tering, we built the R*-, SS-and SR-treedy bulk-loadingthe leaf
level, sothatonly theirinternallevelsdiffer.

Leaves Internal Total
R* 15061 51486 66547
SR 15003 61699 76702

SS 134094 173350 307444
Table4: Comparisorof SPsof R*-, SS-andSR-trees

The measuredxcesscoveragelossesfor the entire workload
areshavn in Table4. EssentiallyR*- andSR-treeSPscauseabout
the sameamountof excesscoverageloss, whereashe spheresf
the SS-treehave aboutl0timesasmuchexcesscoverageoss. The
reasonis that the point setsin the leavesform clustersfor which
the MBRs have an aspectratio that significantly deviatesfrom 1.
The correspondingphereswhich have a similar diameterasthe
MBRs, suffer from amuchhighervolume. The higherexcesscov-
eragelossof the SR-treein comparisorto the R*-treeis dueto the
increasedstoragerequirement®f their SPs,which decreasethe
fanoutof internalnodes.Reducingthe fanoutleadsto anincrease
in thenumberof nodeswhich alsoincreaseshe numberof traver
salscausecy excesscoverage.

Thebadperformancef sphericalSPsin thisexamplemaywell
beanartefactof bulk-loading,which produce<lustersthatareof-
ten skinry alongone or more dimensions. If the clusterswould
have a sphericashapetheresultof the comparisommight evenfa-
vor sphericalSPs.Intuitively, though,sphericalSPsarelessrobust
regardingthe shapeof theclusterspecausenlike rectanglesthey
have thesameextentin all dimensions.

This exampleillustratesthe value of the excesscoveragemet-
ric andthe importanceof separatingndividual aspectof an AM
design.Anotherperformancestudythatcomparesphereandrect-
angleSPs([KS97]) comedo a conclusiorcontraryto ours,namely
thatspheregesultin smallerdiameterSPs,becaus¢hreeseparate
elementsof AM designswere evaluatedtogether: by comparing
insertion-loade@®R-andR*-trees theinsertionandsplit stratgies
alsocomeinto play and maskthe performanceeffects of the SP
design.

4.3.3 Example 3: Unindexability Test

As part of constructingthe optimal leaf level, we can performa
simpletestthatwill tell usif aworkloadis notindexable? evenif
it werepossibleto constructan optimaltreefor it. This testis not
limited to GiST-compliantAMs, but appliesto all index structures
thatstoreindexed dataon fixed-sizepages.

Thetestcanbe statedasfollows: If in the optimaltreethe ag-
gregatenumberof leaf accesdor the entire workloadtakeslonger
than sequentiallyscanningthe leaf level for ead query the work-
load shouldbe consideed unindexable The aggrgatenumberof
leafaccessem theoptimaltreeis alower boundon thetotal num-
ber of pageaccesse$or the entire workload, becauseninimally
eachqueryneeddgo accessts resultset. If thislower boundtakes
longerto executethana sequentiakcanof the leaf level for each
query no actuallyconstructedree canbe expectedto outperform
sequentialscans. Sinceindex accessesisually resultin random
accessesa relatively small numberof leaf accesseswvill take as
long asa sequentiabcanof the entirelevel. The exactratio of se-
quentialto randomaccessedepend®n thedisk drivesandthe OS
overheadandwe will assumearatio of 14:1asa conversionratio
representatie of currenttechnology'® Note thatthis testcannot
be reversed:failing this criterion doesnot necessarilyneanthata
workloadis indexable,becausé might notbe possiblein practice
to comecloseenoughto the optimal clusteringand SPsto achieve
performancehatwill on averagebe betterthana sequentiakcan.
Also notethatthis testdoesnot constitutea proof of unindeabil-
ity, sincein practicewe canonly approximateheoptimalleaf-level
clustering. Rather the testshouldbe seenasa stronghint, which
becomeparticularlycompellingif oneis unableto improve onthe
generatedlusteringby hand.

To illustrate the usefulnesof the test, we look at two differ-
entkinds of workloads:nearest-neighbaguerieson both uniform
and clusteredsyntheticpoint dataof moderatedimensionality(16
and32). Suchdatasetsirevery popularfor performancestudiesof
accessnethoddor high-dimensionatlatasuchasfeaturevectors.
Thedatasetsve usefor theanalysiscontain10000pointseach(ex-
perimentswith 20000and 40000 points give identical resultsfor
appropriatelyscaledresultsetsizes).Whenapplyingthe unindex-
ability test, the averageresultsetsize of the workload queriesis
important: if the averageresultsetcontainsfewer itemsthanthe
numberof leaf pagedivided by the corversionratio, unindeabil-
ity cannotbe established.For the 16-dimensionalataset, with
with atargetpagecapacityof around40 pointsand250leaves,the
thresholdresultsetsizeis 18 points,or 0.18% of thedataset. There
is alsoa correspondingipperboundfor theresultsetsize,beyond
which unindeability is ensured:a resultsetsizein excessof the
size of the datasetdivided by the conversionratio. For the pre-
cedingexample, this upperthresholdis at around7% of the data
set.

Figure 3 plots the leaf accesseasa function of the resultset
sizefor theexampledatasets.To establistunindexability, it is suf-
ficientfor aworkloadto accessnorethan7% of theleaves.For the
uniform 16-dimensionaWorkload, this thresholdis reachedvhen
resultsetsizesexceedabout0.3% of the datasetsize,a surpris-
ingly smallnumber For theuniform 32-dimensionalvorkload,the
situationis a little better becauseoublingthe numberof dimen-
sionsalsodoubleghestoragesize.Note,though thatthethreshold
resultsetsize doesnot doubleaswell. In contrastto uniformly

9 This testassumethattotal executiontime of theworkloadunderconsideratiors
dominatedby pageaccesgost.
19Using Seagat@arracudaultra-wide SCSI-2drives, [Rie9§ measures through-
putof ca. 9MB/s underWindows NT. The averageseektime androtationaldelayfor
thisdrive are7.1msand4.17msrespectiely. For 8KB transfersthisresultsin aratio
of 14 sequential/Os for eachrandoml/O. In the pastyears raw drive throughputhas
increasedasterthanseektimesandrotationaldelayhave decreasedsothecorversion
ratiois likely to increasen thefuture.



distributed datasets,unindexability cannotbe establishedor cor
respondingvorkloadsinvolving clustereddatasets,evenfor much
largerresultsetsizes.
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Figure 3: Unindeability Test: 16- and32-dimensionauniformly
distributedandclustereddata

Evenif unindeability cannotbe establishedit is still instruc-
tive to look at theratio of the numberof workloadleaf accessem
theoptimalclusteringto thenumberof pagesieededo storethere-
sultsets.Thisratio,whichwewill calltheworkload-optimahccess
overhead,s a measureof the clusterabilityof the data,given the
particularworkload: the higherthis overheadthe moreextra data
mustbeaccessedvenif theindex achievesoptimalclusteringand
is ableto constructSPswithout excesscoverage.For example,the
optimal accesoverheadof B-tree workloadsis never worsethan
2, andthat of 2-dimensionalniform point datais 1.5 on average
for 20-itemresultsets. On the otherhand,that of 16-dimensional
uniform point datais 12.2 andfor 32 dimensionghe correspond-
ing ratiois 16.3. A correspondinglylefinedquery-optimalaccess
overheadcanbe usedto find “atypical” queriesin a workload, for
which the overheaddeviatesnoticeablyfrom the average.

It hasbeennotedfor uniformly distributedpointsthatwith in-
creasingdimension the distancebetweenthe nearestaindfarthest
points decrease${SBGR99]). This implies that a given point is
morelikely to bea“nearesheighbor’for any querypointin higher
dimensionghanin lower dimensions.As a result, a given point
canbe co-retrizzed with alargervariety of points,makingit more
difficult to co-locatewith all co-retrieved points.

4.4 Implementation Performance Metrics

In additionto analysingexistingtreestructuresye alsowantto as-
sessthe performanceof the structure-shapingxtensionmethods,
pickSplit() andpenalty() Our goalis to measureéhow thesefunc-
tions deterioratethe treestructure gxpressedy the deriorationof
the workload performancecausedby splits and insertions. This
cannotbe derived from the tracinginformation,becausehe work-
loadonly containgyueriesandtheeffectsof structurechangegan-
notbeinferredindirectly. Insteadwe simulatesplitsandinsertions
andobsere the changesn workload performancethe splits and
insertionsare not carriedto avoid actually deterioratingthe tree
during the evaluationprocess.Similar to the queryandstructural
metrics,theimplementatiommetricsshouldreflectthe performance
lossin comparisorto the optimum,which we obtainby comparing

theeffectsof a split of a particularnodeor insertionof a particular
dataitem with the effectsof an optimal split or insertion. Thefol-
lowing two subsectiong turnderive the split andpenaltymetrics.

441 Split Performance Metrics

We evaluatea split of a particularleaf nodeby comparingthe ac-
tual split as producedby the pickSplit() extensionmethodto the
optimalsplit. Theoptimalsplit minimizesthetotal numberof page
accesseto the two post-splitnodesby (a) producingperfectSPs
with no excesscoverageand (b) optimally partitioning the items
ontheleaf nodesothatnhon-emptyaccesseto the successonodes
are alsominimized. Like the optimal tree, the optimal split is a
theoreticalconstruct becausgartitioningthe leaf itemsoptimally
will generallynot resultin SPsthat completelyeliminateexcess
coverageoss.

Thisdefinitionof anoptimalsplit actuallyignoresthe effectsof
pageutilization or the balanceof the pageutilizationsproducedy
the split. The balanceof a split clearly hasaneffect onthe perfor
manceof a dynamictreestructure sincea perfectlybalancedsplit
is usuallybetteratmaintainingoverallhigherpageutilization(in an
unbalancedplit, thefuller nodeis morelikely to bethe next node
to be split again—assumingubsequeninsertionsare not biased
toward the lessutilized node—whichwill resultin anoverall low-
eredpageutilization). On the negative side, a perfectlybalanced
splitmighthave lessdesirableclusteringproperties Unfortunately
the effectsof the degreeof balanceof a split cannotbe quantified,
at leastnot in the workload context we consider For thatreason,
we leave pageutilization our of our split analysisandsimply stipu-
latethattheoptimalsplit shouldbeatleastasbalancedstheactual
split. Thisway, boththe utilization propertiesandthe clusteringof
theoptimalsplit areatleastasgoodasthatof theactualsplit.

Excess coverage loss Assumingthat the optimal split elimi-

natesexcessoveragetheexcesscoveragdossof theactualsplitis

thecombinedexcesscoveragen theleft andright post-splitnodes.
A splitis alsoanopportunityto improve SPs:describingdatathat
previously residedon a single nodewith two SPsallows the de-
scriptionto be more specific. The successnetric is the ratio of

thechangen excesscoveragdossto —1 timesthepre-splitexcess
coverageloss,which constituteghe maximalimprovement. Note

thatthisratio candropbelaw 0, if thesplit producesSPswith more
excesscoveragdossthanthe original SP

Clustering loss Thequality of clusteringis expressedy thera-
tio of accessetb retrieved data:thehighertheratio, themoredata
a query needsto accessn orderto retrieve its resultsetandthe
poorerthe clusteringfrom thatquerys perspectie. The amountof
datathatis accessetbut not retrieved expresselustering-related
overheadwhich the optimal split minimizes. The clusteringloss
of a split thereforeis the differencein overheaddata—limitedto
theleft andright nodesof a split—betweerthe actualandthe op-
timal split. Thisis the sameasthe differencein the total amount
of accessedata,becausehe volumeof retrieved dataremainsun-
changedy the splits. Note thatthe total amountof accessedata
onanodecannotgo up afterasplit: evenif eachqueryin thework-
loadthatvisits the original nodewould have to visit bothsuccessor
nodesvouldtheamountbf accessedatastaythesame We call the
amountby which dataaccesslecreaseslusteringsavings Thera-
tio of actualclusteringsarzingsto optimalclusteringsavingssenes
asa “success’'metric of the split that expresseso whatextentthe
split realizeghe potentialfor improvementof clustering.



4.4.2 Penalty Performance Metrics

We comparea penalty-guidednsertionof a particulardataitem
with the correspondingptimalinsertion. The optimalinsertionis
definedas: (a) not addingto the excesscaverageof the optimal
targetleaf and(b) choosingasthe targetthe leaf which causeghe
smallestnumberof additionalaccesses the workload. Note that
the optimal tamget leaf doesnot correspondo the onethat, if the
dataitem wereinsertedandthe SPactuallyupdatedwould result
in the smallesthumberof total additionalpageaccessesncluding
thosedueto excesscoverage Ratherit representthetruetheoret-
ical optimum,which optimizeseachperformanceactorindepen-
dently

Performingatop-davn, penalty-guidednsertionhasthedisad-
vantageof accumulatinghe effectsof multiple penaltycomputa-
tions. This could be avoidedby scanningdirectly the level above
the leaves for the minimum penaltyleaf. However, a top-davn
traversalis morerealisticand alsoreflectsthe quality of internal
SPs.

In our analysisof the penaltyfunction,we will againignorethe
effectson pageutilization. In the GiST framework, the shapeof
the SP cannottake the pageutilization into account—theaunion()
methodis not informed of it—so that penalty() cannotdirect an
insertionbasedon the pageutilization at the leaf level. For that
reason,we assumechangein the pageutilization in responseo
insertiongo be moreor lessrandom.

Excess coverage loss This is the numberof additionalexcess
coverageaccesse$o the actualtarget leaf after the insertion, as-
sumingthatoptimally no additionalexcesscoveragewould bepro-
duced.Whendeterminingpre-insertiorexcesscoveragethosequeries
that intersectwith the nev key needto be ignored,becausdahey
would falselyshav up asareductionin excesscoverage.

Clustering loss Thechangein clusteringquality in responseo
an insertionis reflectedby the changein overheaddatathat the
workloadqueriesneedto access By definition,the optimalinser
tion minimizesadditionaloverheaddataaccessTheclusteringoss
is thedifferencein overheadlataaccesdetweertheactualandthe
optimalsplit.

4.4.3 Example 4: Comparison of R-tree and R*-tree Split
and Insertion Strategies

4.5 Miscellaneous

In the analysisframeavork presentedo far we completelyignored
a numberof component®f the performanceequation(CPU time,
buffering, pagesize). We will nowv addresshesecomponentsn-
dividually and also commenton the usefulnesf approximation
numbersasthebasisfor our comparisons.

CPU Time Although CPU time canplay animportantrole in
the overall performancef an AM, we excludedit from theanaly-
sisframewvork. Thereasons that CPUtime is notamenabléo the
sametype of analysisaspageaccessesit is unclearhow to con-
structa modelof optimal CPU time behaior. Thisis exacerbated
by thefactthatthe underlyingGiST frameavork hasno knowledge
of theinternalsof thestoreddataandtheassociatedxtensionfunc-
tions. Anotherdravbackof CPUtime in comparisorto pageac-
cessess thatthe former dependon the quality of the implemen-
tationandthe particularhardware platformthe analysisin runon;
this implies that thesemetricsare lessgeneralthan pageaccess-
relatedmetrics. The only available metricis absoluteCPU time,
which shouldbe measuredeparatelyfor eachextensionfunction
andrecordedor eachqueryaswell asaggrgatedover the entire

workload. SinceCPUtime canplay animportantrole, we suggest
thatan AM designemeighit judiciously againstthe pageaccess
metricsof our framevork whendecidingwhich aspectof the AM
implementatiomeedto beimproved.

Buffering Buffering hasbeenshavn to reducethe numberof

1/0sfor AM querieq[LL98]) andits presence—atandardeature
in all commericiaDBMS—will thereforechangeobsered work-

loadperformanceWe will outlineseveralwaysof takingbuffering

into accountin the context of our analysisframevork. A popular
buffering techniquefor tree-structured\Ms is to pin the first few

levels of thetree ([LL98] mentionsthatin their experiments this

techniquenever performedvorsethanLRU replacement)Modify-

ing theanalysiametricsto take this into accounts straightforvard:

theobseredpageaccesse® thoseupperevelscansimply besub-
tracted.For otherbuffering techniqueswe canestimateanaverage
hit rateandreducethe performancenetricsuniformly by thatrate.
Eitherway, buffering canbe dealtwith separatelyandneednot be
integratedinto our framewvork. Notethatin orderto integrateare-

alistic view of buffering into the framawork, it is not sufficient to

simulatea buffer pool/replacemendtratgy againsta serialexecu-
tion of the queries.In real DBMSs, queriesaretypically executed
concurrentlyandindex accesss mostlikely interleaved.

Page Size Thepagesizerepresentatradeof betweerthedesire
to limit theamountof datathatis readfrom disk andthe desireto
amortizethe positioningoverheadver alargeamountof data.The
optimal tradeof dependn technologicaparameterandis thus
likely to changein thefuture (currently sequentiathroughpuim-
provesata muchhigherratethanpositioningtime, whichindicates
alikely pagesizeincreasen thefuture). It is importantto be able
to evaluateAMs underdifferentpagesizes.Presumablychanging
thepagesizeaffectsclusteringandSPs sothatthetheperformance
effectsare more complex thana constantscalingin proportionto
the sizeincrease.The analysisframevork presentedn this paper
doesnot assumea particularpagesize andthereforecanaccomo-
dateary pagesize. The performancenetricsdo not by themseles
give ary indicationof the effectsof a changen the pagesize,but
this canbeeasilyassessely re-runningtheanalysiswith changed
parametersThe tool we will introducein the next sectionallows
this by settinga globalsymbol.

Comparison with Approximation Numbers Theperformance
metricsof our analysisframevork arederived from a comparison
of performancen the actualto thatin the optimaltree. Unfortu-
nately in practicewe canonly approximatehe optimaltree,which
leavesthe questiorhow thataffectsthe usefulnes®f reportedper
formancenumbersFirst, notethatin theoptimaltree,only cluster
ing is approximated Pageutilization and SPsare stipulatedto be
perfectandthereforehecorrespondingumbersaccuratelyeflect
the true performancdoss. In orderto approximateoptimal clus-
tering, we usea heuristicalgorithmthat performswell in practice
but for which no boundson the quality of the clusteringis known.
Thus,reportedclusteringlossnumbersarewith regardto a “good”
clusteringratherthanthe optimum. Neverthelessthosenumbers
are still usefulinformationfor the AM designer:if the reported
clusteringlossis positive, clusteringin the actualtree cannotbe
optimalandshouldthereforebe a targetfor performancemprove-
ment. The numberof casedn which negative clusteringlosswill
bereporteddepend®n the effective quality of the clusteringalgo-
rithm. With the algorithmcurrentlyin use(which is describedn
moredetailin Section2), we have not seena singleworkloadfor
which neggative clusteringlosswasreported.



4.6 Implementation

During theexecutionof theworkload,andb collectsprofiling data
for eachqueryindividually, consistingof queryresultsets(refer
encesto retrieved items), visited pages,the numberof bytesre-
trieved perpage etc. The burdenthis putson the workloadexecu-
tion is proportionalto the costof the executionitself, i.e., profil-
ing a single pageaccessor item retrieval incursa small, constant
cost,andis nggligible. For example ,2500nearest-neighbaueries
on 50002-dimensionapointstook 12.3secondswvithout profiling
and13.06secondsvith profiling onaDell DimensionWorkstation
333MHzlIntel Pentiumll processorThesizeof thestoredprofiling
dataandperformancenetricsdepend®nanumberof factors such
asthesizeof theresultsets treesizeandexcesscoveragepresent
in the tree, so it cannotbe statedas a simple percentagef the
treesize. Informally speaking the sizesarefairly moderate.For
example,the profile sizesfor the workloadsusedin the unindex-
ability testsin Section4.3.3rangefrom 1.4MB (for 5000queries
retrieving 21 of 1000016-dimensiongboints)to 40MB (for 20000
queriegetrieving 1200f 4000016-dimensionapoints).

Hypegraph partitioningis usedto constructthe optimal leaf
level usedfor the query and nodeanalysis the optimal tree used
for the implementatioranalysisandthe optimal split usedfor the
pickSplit() analysis. This taskis performedby the public domain
packagenMet i s from the University of Minnesota([KAKS97]).
HMet i s employs heuristicsto approximatethe optimal partition-
ing (which itself is NP-hard). Although designedorimarily with
VLSI applicationsin mind, we neverthelessfound it to produce
high-quality partitionings. As an example, we comparedan R-
tree bulk-loadedwith 2-dimensional Hilbert-value-sortedpoints
with theequivalenthMet i s-partitionedeaflevel. Thelattereven
slightly improvedtheclusteringof theHilbert-sortedeaflevel (one
hasto keepin mind that even a perfectly squaregrid partitioning
might be suboptimafor a givensetof queriespecause¢hequeries
might prefera differentgrid origin or a differentaspectatio). We
alsofound caseswvherethe hMet i s-producedclusteringwasin-
ferior to space-partitionedLLE97]), bulk-loadedleaf levels, but
the performancelifferencewasminusculeandthe two clusterings
werepracticallyidentical. Using hypegraphpartitioningto arrive
ataclusteringof thedataitemsrequireshateachdataitembecov-
eredby asuficiently largenumberof queriesandfurthermorethat
the queriesthemselesare suficiently diverse(whereestablishing
“sufficiently” is an areaof future work). For the experimentalre-
sults presenteckarlier we tried to be conserative and executed
half asmary queriesasthereweredataitems. The queriesthem-
seleswerecenteredn uniformly selecteddataitemssothateven
coveragewasensured.

In contrasto the analysisof the queriesandthe treestructure,
analyzingthe pickSplit() function can be fairly runtimeintensve.
Thereasoris thatthe evaluationof the post-splitandpost-insertion
excesscoveragerequiresre-runningall the queriesin the general
case.Thiswould notbethecasef thequerypredicatecanbeeval-
uatedby solelylooking atthe SR, which is not truefor all typesof
queries.For example,nearest-neighbajueriesmaintainauxiliary
state,in this casea priority queuewhichis neededo determindf
aparticularsubtreas traversed Re-runningall queriesmightmake
the analysisa lengthyprocessput at leastit doesnot requireuser
interaction.

5 Related Work

5.1 Index Performance

Pagel, et al. ([PSW99) studyindex clusteringin a mannervery
similar to that of our analysisframework, alsousingan idealized
goal of an optimal clusteringto establishlower boundson page
accesses.They focuson window queriesover multidimensional

datasetsand apply simulatedannealingto find an approximation
to the optimal clustering. In their compleity analysisthey usea
graphmodelfor clusteringthatis not unlike our useof hypegraph
partitioning.

The literatureis rife with performancestudiesof variousin-
dex structuresespeciallyfor multidimensionalquerying. Gaede
andGunthersuney over50differentmultidimensionaindex struc-
tures([GG98]), mostof whichwereintroducedvith aperformance
studyto demonstraté¢heir efficagy. [GG98] alsosuneys anumber
of comparatie studiesof multidimensionaindexes, andattempts
to unify theresultsinto a partialorderingof quality; thisis compli-
catedby thevariancein theworkloadsthatthe studiesexamine.

Mostof thestudiedn theliteraturedo notanalyzeperformance
resultsbeyond comparingthe numberof pageaccesseen a given
workload. Somestudiesprovide analysesor intuitions of vary-
ing compleity to justify thepageaccessneasurementsftenwith
domain-andworkload-specifiaguments As anexample [BKSS90]
explains (and visually illustrates)the efficacy of their node split
techniquewith argumentsaboutthe virtues of squarebounding
boxes,which arenot clearly translatabldéo otherdatadomains.or
to workloadsof querieswith high aspectatio.

Thereis alsoa bodyof work on describingor predictingmulti-
dimensionaindex performanceisingformalmodelq[FK94, BF95,
PSTW93 KF93, PSW95 PS96 TS96]). Thesepapersprovide in-
sightinto the performancef differentindexing technique®n var-
ious syntheticworkloadsof queriesand data. They often malke
ratherstrictassumptionabouttheworkloadshey model(e.g.,mary
studyonly squarequeries). Thesemodelsshedlight on the chal-
lengesof multidimensionaindexing in generalbut arenot neces-
sarily helpful to a userstudyinga particularworkload of queries
anddata. Mappingfrom a users workloadto oneof thesemodels
is notgenerallypossible.

5.2 Index Visualization and Animation

To our knowledge,andb is thefirst tool of its kind to allow index
developersto delug andanalyzetheirimplementationsNaturally,
its various visualizationand dehugging componentshave prece-
dentsin the literature. Anmdb significantlyextendsmary of these
approachesandunifiestheminto a singleframewvork for index de-
velopers.

Thereareanumberof toolsfor visualizingandanimatingsearch
treedatastructuresandalgorithms;a compendiunof referencess
maintainedn the World-Wide thesetoolsfocuson displayingtree
structurestypically in a“nodesandarrans” visualization. Thisis
usefulonly for pedagogicapurposessincesuchdiagramsdo not
scaleto thesizeof databaséndexes.

Brabecand Sametprovide a suiteof Java appletsfor a variety
of 2-dimensionakpatialdatabasesearchtrees,including R-trees
anda hostof quad-treevariants|[BS98]. The visualizationsfocus
on a geographic2-dimensionalview of the data domain akin to
amdb’s“nodeview” but spanningall nodesof oneor morelevels.
Usersmay obsere SPsand dataitems during insertion, deletion
andsplitting, with a large but fixed setof split algorithms. Some
simple domain-specificstatisticsare displayedper level. Again,
the focus of thesetools seemsto be pedagogicithe authorsnote
that the visualizationsdo not scaleto the fanoutstypical in most
trees.DEVise[LRB T97] is ageneral-purposeataexplorationand
visualizationsystemwhich hasbeendemonstratetb be effective
in helping R-treedevelopmentanddelugging. As in the work of
Brabecand Samet,DEVise was usedin this scenariato visualize
a2-dimensionaspacecontainingdatapointsandboundingrectan-
gles. DEViseitself providesno facility for animatingindex algo-
rithmsor characterizingperformance.



6 Conclusion

This paperpresentsan analysisframavork for tree-structuredbal-
ancedAMs that can be usedto evaluatethe pageaccessperfor
manceof userdefinedqueryworkloads. The framevork is inde-
pendenbf the particulartype of datato index or the natureof the
queries.It only requiresasinput the dataandtracinginformation
gatheredduringqueryexecution.

The analysisderives metricsfrom the tracinginformationthat
characterizéhe performanceof the queries the treestructureand
the structure-shapingartsof the AM design.The metricsspecify
the performancdoss when comparingthe obsered performance
againsthatof anassumedaptimaltreestructure.The optimumis
approximatedia hypegraphpartitioningandby assuminghatSPs
have no excesscoverage. The lossnumbersare further refinedto
reflectthe threefundamentaktructuralperformancédactors: clus-
tering, pageutilization andthe subtreepredicates.

The metricsprovided by the analysispresenta more detailed
view of the performancef anAM designthansimplebottom-line
runtimeor 1/0 numbers.They let the designerexamineaspectof
anAM designin isolationandallow moreinsightful comparisons
of AMs. As such,they aremeantto be a designaid, not the basis
for anautomatidool thatproducesAM designs.

TheAM designtool andb incorporatesheanalysiframeavork
aswell asotherfeatureghatsupportthe designof GiST-compliant
AMs. Andb letsthe usersingle-steghroughindividual index op-
erationsandsetbreakpoint®n eventsof interest.Thevisualization
featuresallow navigation andinspectionof the tree structureand
the datacontainedn tree nodes. The latter is userextensible,so
that the visualizationis not tied to a fixed set of datatypes. To
facilitate the analysisprocessandb gathersthe requiredtracing
informationduringworkloadexecutionanddisplaysthe computed
performancenetricsbothvisually andtextually.

Thereareseveral questionsve wantto investigatdan morede-
tail in the future. Section4 mentionsthatfor the hypegraphpar
titioning to produce“good” clusters—thosé¢hat reflect semantic
proximity of the dataitems—thequeriesin the workloadmustnot
only be representatie, but also cover the entire datasetto a suf-
ficient degree. Whatthe requirednumberand shapeof queriesin
a workload shouldbe needsto be establishednore clearly We
alsoplan on extendingthe analysisframevork to other more ex-
otic tree-structure@ccessnethodgsuchasnon-balancedreesor
key-transformingtrees,suchas R*-trees)and hash-basedccess
methods.The main challengewill be the constructionof optimal
structuredor theseAMs.
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