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Designingandtuningaccessmethods(AMs) hasalwaysbeenmore
of a blackart thana rigorousdiscipline,with performanceassess-
mentsbeingmostly reducedto presentingbottom-lineruntimeor
I/O numbers.(Thispaperpresentsananalysisframework for AMs
that gives detailedfeedbackaboutobserved pageaccessperfor-
manceandtheperformanceimplicationsof individualaspectsof an
AM design.) The framework definesperformancemetricswhich
are moremeaningfulthanbottom-linenumbersandwhich allow
the AM designerto detectand isolatedeficienciesin an AM de-
sign. The analysisprocesstakesa workload—atreeanda setof
queries—asinputandprovidesmetricsthatcharacterizetheperfor-
manceof eachqueryaswell as that of the treestructureandthe
structure-shapingaspectsof the AM implementation.Centralto
the framework is the useof the optimal behavior—which canbe
approximatedrelatively efficiently—asapointof referenceagainst
which the actualobserved performanceis measured.The perfor-
mancemetrics themselves reflect the fundamentalperformance-
relevant propertiesof the input tree. The framework appliesto
most balancedtree-structuredAMs and is not restrictedto par-
ticular typesof of dataor queries. It is implementedin amdb, a
comprehensive graphicaldesigntool for AMs thatareconstructed
on top of the GeneralizedSearchTree abstraction. Amdb com-
plementstheanalysisframework with visualizationanddebugging
functionality, allowing the AM designerto investigatethe source
of thosedeficienciesthatwerebroughtto light with thehelpof the
analysisframework.���� ��������������� � �
Despitethe large andgrowing numberof accessmethods(AMs)
thathavebeenproducedby theresearchcommunity—andalsode-
spitetheir increasingimportance,consideringtheexplosionof data
usersfind worth querying—thedesignandtuning of AMs hasal-
waysbeenmoreof ablackart thanarigorousdiscipline.Currently,
performanceanalysesarepresentedin termsof aggregateruntime
or pageaccessnumbers.Thedrawbackis thatthesenumbersdonot
allow thecontributionsof individual designideasto bequantified.
As a result,it is hardto explain performancedifferencesbetween
competingAM designs,if thosedeviate in morethanonedesign

aspect.Also, aggregateruntimeor accessnumbersdo not allow
AMs to beassessedon their own, becausecompetingAM designs
areneededto put thenumbersinto perspective.

In this paperwe presentan analysisframework for tree-struc-
tured,height-balancedAMs thatprovidesmoremeaningfulperfor-
mancemetricsthanjust aggregatenumbersandcanbe appliedto
any workload,regardlessof thetypeof dataor natureof thequeries
involved. Its salientfeaturesare:� The workload—atreeanda setof queries—isan input pa-

rameterof theanalysisandthemetricscharacterizetheper-
formanceof anAM specificallyin thecontext of thatwork-
load. This allows the framework to be usedto tunean AM
for aspecificworkloadandto compareworkloadsby running
themagainstthesameAM.� The performancemetricssolely characterizethe observed
performanceof theworkloadexecution,namelythepageac-
cesses.They donot reflectdataor querysemantics.� Centralto the analysisis the comparisonof observed per-
formancewith optimal performance,i. e., performancethat
would have beenobtainedwith a treethat is optimal for the
input workload. The performancemetricsarederived from
this comparisonandexpressperformanceloss. With sucha
pointof reference,theobservedperformancecanbeput into
perspectivewithouthaving to comparewith acompetingAM
design. Moreover, this particularpoint of referenceshows
the potential for performanceimprovement,which cannot
necessarilybediscoveredby comparingtwo alternative AM
designs.� The framework definesperformanceloss metrics for each
queryof the workload, for the nodesof the input tree and
for thestructure-shapingaspectsof theAM implementation.
Furthermore,thosemetricsare broken down to reflect the
fundamentalperformance-relevant propertiesof tree-struc-
turedAMs. Suchabreakdown is moreusefulthanaggregate
numbers,becauseit facilitatesassessingtheperformanceef-
fectsof AM designaspectsindividually.

The analysisframework is implementedin amdb, a compre-
hensive visualdesigntool for AMs built on top of theGeneralized
SearchTree (GiST) abstraction([HNP95]). Its featuresinclude:
interactive executionof search,insertanddeleteoperations;sup-
port for breakpointsandsingle-steppingthroughoperations;visu-
alizationof the tree structureandnodecontents,the latter being
user-extensible;executionof queryworkloads,gatheringof trac-
ing informationandvisualpresentationof performancemetricsand
tracinginformation.In orderto computeperformancelossmetrics,
amdb approximatespartof theworkload-optimaltree,namelythe



optimallyclusteredleaf level. Thisis achievedby modellingthein-
put w� orkloadasa hypergraphandapproximatingtheoptimalclus-
teringvia aheuristichypergraphpartitioningalgorithm.

The restof the paperis structuredasfollows. Section2 gives
anoverview of amdb anddescribestheintegrationof theanalysis
framework into a graphicaldevelopmentenvironment. Section3
briefly introducesGiST. Section4 containsadiscussionof theanal-
ysis framework, along with illustrative examples,amongthem a
testfor unindexability. Section5 discussesrelatedwork andSec-
tion 6 containstheconclusionandanoutlineof futurework.�
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Thegoalof thedevelopmentof amdb 2 wasto provide theAM de-
signerwith acomprehensive tool thatwouldcovertheentiredesign
process,rangingfrom debuggingtheinitial implementationto fine-
tuningof anAM for a specificworkload. At the coreof amdb is
theanalysisframework thatis thetopicof thispaper;it is integrated
with a collectionof modulesin an interactive, easy-to-usegraphi-
cal environment. Thosemodulesare: a visualizationcomponent
for the treestructureand its contents(the latter user-extensible);
a facility for interactive executionof treesearchesandupdatesas
well asbreakpointsandsingle-steppingthroughthosecommands,
similarto functionalityfoundin programminglanguagedebuggers;
browsersfor viewing performancenumbersderivedfrom theanal-
ysisframework.

Amdb supportsaccessmethodsdevelopedusingthepublic do-
mainlibgist packagewhich implementstheGiST abstraction.
Amdb andlibgist arewritten in Java andC++ andareportable
acrossmany versionsof UNIX aswell asMicrosoft Windows NT.
Thepackagescanbedownloadedfromhttp://gist.cs.ber-
keley.edu/.

Thissectiondescribesthevisualizationanddebuggingfeatures
andgivesanoverview of how theanalysisframework is presented
to theuser.��3465 � �7�*	*' � 89	#��� � �;: � � ����� � � 	*' � �=<
Understandingflaws in anAM designrequiresinspectingthecor-
respondingtree; thus,amdb provides interactive graphicalviews
of theentiretree,pathsandsubtreeswithin the tree,andcontents
of nodeswithin thetree.Thesearetheglobalview, treeview, and
nodeview, respectively (Fig1). Theseviewsnotonlyhelpvisualize
thetreestructureandits contents,but alsohelpvisualizeprofiling
dataandperformancemetricsby associatingthemwith nodesin
thetree(moreonthatin Section2.3).Finally, they providenaviga-
tion featuresfor moving from onelevel to another, which enables
designersto drill down to thesourceof adeficiency.

The highest-level, global view provides a manageableaggre-
gateview of theentireindex (Fig 1: 1). This representationfactors
out muchof the treestructureby mappingit onto a trianglewith
an adjustablebaselineandheight. The purposeof this view is to
projectauser-selectedtreestatisticor performancemetricontothis
abstractdisplayanddepictthevariationof thestatisticsacrossthe
total tree.Theuserchoosesbotha color map(or palette,Fig 1: 2)
anda statistic;theglobalview assignscolorsto thestatisticalval-
uesandrendersthenodesaccordingly. Nodesareconcatenatedand
mergedif necessarywith othernodeson thesamelevel. Thus,the
pixel densityof nodesincreasesgeometricallywith the level. The
usercanalsoperformanapproximatedrill-down into anareaof in-
terestby clicking on it. Subsequently, a pathfrom theroot nodeto
a nodein theneighborhoodof thespecifiedpointwill beshown in
thetreeview, a lower-level view whichshowsmoredetail.>

An initial implementationis briefly describedin [KSH98].

Thetreeview shows thestructureof thesearchtree(Fig 1: 3).
It offersanintuitivepoint-and-clickinterfacefor browsingthetree
while improving on conventionaltreenavigation interfaceswhich
becomecumbersomefor high fanouttrees.In this view, thetree’s
nodesarerepresentedby boxesandlabeledwith a uniquenumber
for reference.Eachnodeis enclosedin ascrollableandstretchable
containerwhich displaysits direct siblingsin no particularorder.
This container(Fig 1: 4) allows usersto focuson nodesof inter-
estwhile boundingtheamountof detaildisplayed.Any nodecan
be expandedor contractedby clicking on it. Whena nodeis ex-
panded,thecontainerholdingits childrenis displayedbelow it with
aline linking thetwo; whencontracted,theentiresubtreebelow the
nodeis removed. Like theglobalview, the treeview representsa
user-selectedtreestatisticor performancemetric by coloring the
nodes.With thesefeatures,ausercansimultaneouslyfocusonsev-
eral pathsandsubtreesof interestwithout beingoverwhelmedby
thewidth of thesearchtree.

After drilling down from theglobalview andtreeview, theuser
caninvestigatethe contentsof specificnodesusingamdb’s node
view (Fig 1: 5). Sincetreenodescontainarbitraryuser-defined
keys,? the accessmethoddesignermustprovide a modulewhich
displaysthe nodegiven its contents.Currently, amdb containsa
suite of moduleswhich visualizetwo-dimensionalprojectionsof
spatialdata.Oneconvenientfeatureof thenodeview is thatit high-
lights thecurrentpathin thetreeview. Thenodeview alsoallows
theuserto simulatea split@ andvisualizetheresultsby separating
the itemswith contrastingcolors. In additionto user-defineddata
visualization,amdb providesatextualdescriptionof thekeys,their
sizes,andassociatedpointers.��3A� �"!����*$*$�� � $ : � � ����� � � 	*' � �=<
Thebehavior of anAM canbedifficult to understandwithout be-
ing ableto observe its mechanics.Previously, only standardpro-
gramminglanguagedebuggingtoolswereavailablefor examining
libgist AMs. Becausethesetools aredesignedfor analyzing
low level actions,suchas a single line of sourcecode,they are
too cumbersomefor gainingan understandingof how searchand
updateoperationsbehave andinteractwith thetree.

Amdb allows a designerto single-stepthroughtreesearchand
updatecommands.Thosecommandsgenerateeventsfor various
node-orientedactions,suchasnodesplit,nodetraversal,etc., which
permitsusersto stepfrom event to event. Sincemanualstepping
canbecometedious,it alsosupportsbreakpoints.Breakpointscan
be definedon genericevents, e.g., nodeupdate,or can be tied
to a specifictreenode,e.g.,updateof node227. Whena break-
pointeventis encountered,executionis suspended,andtheuserhas
an option to single-stepthrougheventsor continueuntil the next
breakpoint. Additionally, amdb allows batchexecutionof com-
mandsvia scriptssouserscanconvenientlyrestorestate.��3ABDCFE !G� E � !#HI��)J��1*!K� � 	*' <,�7� �MLN�����9!#���
Theanalysisframework definesperformancemetricsfor eachquery
of theowrkload,nodeof theinputtreeandfor thestructure-relevant
split andinsertionstrategiesof theAM design.Thesemetricspoint
out deficienciesin theAM andtell thedesignerwhich partsof the
inputtreeor whichof thequeriesto focuson. Thevisualizationand
debuggingfeaturescomplementtheperformancemetricsby giving
thedesignerthemeansto investigateandunderstandthesourceof
thedeficiencies.O

TheGiST abstractionfactorsoutstructuralandalgorithmicaspectsthatarecom-
monto mostbalancedtree-structuredAM. Which aspectsof a specificAM areuser-
definedandwhichareprovidedby GiST is describedin Section3.P

This is achievedby callingthepickSplit()extensionfunction,whichwill beintro-
ducedin Section3.
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Figure1: AmdbUserInterface

Theper-querymetricsshow theperformancelossfor eachquery
andpinpointbadlyperformingqueries.Thesemetricsarecomple-
mentedwith tracingdatagatheredduring queryexecution; these
includetraversalpaths,CPUexecutiontime, theamountandspe-
cific locationof dataretrieved,etc. This tracingdatagivesthede-
velopera very detailedview of the behavior of eachqueryandis
instrumentalin understandingpoorlyperformingqueries.

Per-nodemetricsshow which nodesin thetreecontribute to a
query’s or to aggregateperformanceloss. Theperformancenum-
bersarevisualizedvia coloringof nodesin theglobalandtreeview,
so that ill-behaved partsof the treecanbe identifiedeasily. The
navigationanddatavisualizationfeaturesof theseviews let thede-
veloperexaminethosepartsof thetreestructureandthedatacon-
tainedtherein.Asidefrom performancenumbers,theseviews also
visualizeper-querytracingdata;for example,traversalpathsand
per-nodeCPU executiontimescanbe visualizedvery effectively
throughnodecoloring.

AM implementationmetricsshow how workloadperformance
is affectedby splitsandinsertions.This givesthedeveloperdirect
feedbackaboutthequality of theAM designandpointsout cases
wherethe designfails. The actualsplits and insertionpathsthat
deteriorateworkloadperformancecanbevisualizedwith thenode
andtreeview, respectively.

Performingan analysisof an existing tree requiresvery lit-
tle userinteraction. Essentially, the developeronly needsto pre-
parea script containingthe queriesof the workload (and a file
with keys for the insertionstrategy analysis).Amdb executesthis
scriptagainsttheinput tree,collectstherequiredtracingdata,and
computesthe performancenumbers,which arethenshown in di-
alog boxesfor easybrowsing. The tracingdataandperformance
numbersarestoredin a file to avoid recomputationfor subsequent
amdb sessions.B�R ! � !��
	�' � 89!G�TS�!-	G�
�#1 % �
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A GiST is a balancedtreewhich provides “template” algorithms
for navigating the treestructureandmodifying the treestructure
through node splits and deletes. Like all other (secondary)in-
dex trees,theGiST stores(key, RID) pairsin the leaves;theRIDs

(recordidentifiers)point to thecorrespondingrecordson the data
pages.Internalnodescontain(predicate, child page pointer)pairs;
the predicateevaluatesto true for any of the keys containedin or
reachablefrom theassociatedchild page.Thiscapturestheessence
of a tree-basedindex structure:a hierarchyof predicates,in which
eachpredicateholdstruefor all keys storedunderit in thehierar-
chy. A B U -tree ([Com79]) is a well known examplewith those
properties: the entriesin internal nodesrepresentrangeswhich
boundvaluesof keys in the leavesof therespective subtrees.An-
other example is the R-tree([Gut84]), which containsbounding
rectanglesaspredicatesin theinternalnodes.Thepredicatesin the
internalnodesof a searchtreewill subsequentlybe referredto as
subtreepredicates(SPs).

Apart from thesestructuralrequirements,a GiST doesnot im-
poseany restrictionson thekey datastoredwithin thetreeor their
organizationwithin andacrossnodes.In particular, thekey space
neednotbeordered,therebyallowingmultidimensionaldata.More-
over, thenodesof asinglelevel neednotpartitionor evencover the
entirekey space,meaningthat(a)overlappingSPsof entriesat the
sametreelevel areallowedand(b) the union of all SPscanhave
“holes” whencomparedto theentirekey space.The leaves,how-
ever, partitionthesetof storedRIDs,sothatexactlyoneleaf entry
pointsto agivendatarecord.V

A GiSTsupportsthestandardindex operations:SEARCH,which
takesa predicateandreturnsall leaf entriessatisfyingthat predi-
cate;INSERT, whichaddsa(key, RID)pairto thetree;andDELETE,
which removessucha pair from the tree. It implementstheseop-
erationswith the help of a setof extensionmethodssuppliedby
theaccessmethoddeveloper. TheGiST canbespecializedto one
of a numberof particularaccessmethodsby providing a setof ex-
tensionmethodsspecificto that accessmethod. Theseextension
methodsencapsulatetheexactbehavior of thesearchoperationas
well astheorganizationof keys within thetree.

We now provide a sketchof the implementationof the opera-
tionsandhow they usetheextensionmethods.For amoredetailed
description,togetherwith examplesof B-treeandR-treeextension
methods,seetheoriginalpaper([HNP95]).W

ThisstructuralrequirementexcludesRX -trees([SRF87]) from conformingto the
GiST structure.



SEARCH In orderto find all leafentriessatisfyingthesearchpredi-
cate,werecursively descendall subtreesfor whichtheparent
entry’s predicateis consistentwith thesearchpredicate(em-
ploying theuser-suppliedextensionmethodconsistent()).

INSERT Givena new (key, RID) pair, we mustfind a leaf to insert
it on. NotethatbecauseGiSTsallow overlappingSPs,there
maybemorethanoneleaf wherethekey couldbe inserted.
A user-suppliedextensionmethodpenalty()comparesa key
andpredicateandcomputesadomain-specificpenaltyfor in-
sertingthe key within the subtreewhoseboundsare given
by the predicate. The penaltytypically reflectshow much
the predicatehasto be expandedto accommodatethe new
key. Using this extensionmethod,we traversea singlepath
from root to leaf, following brancheswith the lowestinser-
tion penalty.

Extensioncodealsomanagestheorganizationof keyswithin
thetree. If the leaf overflows andmustbesplit, a extension
method,pickSplit(), is invokedto determinehow to distribute
thekeys betweentwo leaves. If, asa result,the parentalso
overflows, thesplitting is carriedout bottom-up.

If theleaf’sancestors’predicatesdonot includethenew key,
they mustbeexpanded,sothat thepathfrom theroot to the
leaf reflectsthenew key. The expansionis donewith a ex-
tensionmethodunion(), which takestwo predicates,oneof
which is the new key, and returnstheir union. Like node
splitting, expansionof predicatesin parententriesis carried
out bottom-upuntil we find an ancestornodewhosepredi-
catedoesnot requireexpansion.

DELETE In order to find the leaf containingthe key we want to
delete,we againtraversemultiple subtreesas in SEARCH.
Oncetheleafis locatedandthekey is foundonit, weremove
the(key, RID) pairand,if possible,shrinktheancestors’SPs.

AlthoughtheGist abstractionprescribesalgorithmfor search-
ing and inserting,the AM designerstill hasfull control over the
performance-relevant structuralcharacteristicsof the AM. These
structuralcharacteristicsare:

Clustering Theclusteringof theindexeddataat theleaf level and
of the SPsat the internal levels determinesthe amountof
extradatathataqueryneedsto accessin orderto retrieve its
resultset.An AM designcontrolstheclusteringthroughthe
pickSplit()andpenalty()extensionmethods.

Page Utilization The pageutilization determinesthe numberof
pagesthat the indexed dataandthe SPsoccupy and there-
fore alsoinfluencesthenumberof pagesthata queryneeds
to visit. Similar to theclustering,thepageutilization is con-
trolledby thepickSplit()andpenalty()extensionmethods.

Subtree Predicates While thesizeandshapeof the indexeddata
is partof theinput(if thedatacanbecompressed,thisshould
bedonein any case),thesizeandshapeof theSPsareparam-
etersof thedesignandconsiderablyinfluenceperformance.
A SP’staskis to describe,or cover, thatpartof thedataspace
whichis presentattheleaf level of its associatedsubtree(i.e.,
the perfectSP would simply enumerateall the data items
containedin theleavesof its subtree;of course,this is prob-
lematicwith regardto thesizeof theSPs).We speakof SP
excesscoverage if theSPcoversmoreof thedataspacethan
is neededin orderto representthedatacontainedin thesub-
tree. If a SPexhibits excesscoverage,it maycausequeries
to visit morethantheminimumnumberof pagesdetermined
by theclusteringandpageutilization.
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Thegoalof theanalysisframework is to explain theobservedper-
formanceof anAM runninga user-suppliedworkload.Thesingle
ultimateperformancenumberis thetotal executiontimeof theen-
tire workload.This totaldependsonthenumberandnatureof page
accesses,the buffering policy andthe CPU time spentexamining
pages.We will for now concentrateon explaining observed page
accessesandignoretheothercomponentsof theperformanceequa-
tion. Section4.5addressestheseissues.

Insteadof simply measuringthe numberof pageaccesses,a
moremeaningfulperformancemetricis thedifferencebetweenthe
numberof pageaccessesin theactualtreeandtheoptimaltree;we
call this differencethe the performanceloss. The optimal treeis
definedasminimizing the total numberof pageaccessesover the
entireworkload.Having knowledgeof theexecutionprofile of the
workload,in particularthe resultsetsof the queries,allows us to
approximatetheoptimaltreerelatively accurately.

The analysisframework definesperformancemetricsthat are
basedon theperformancelossandfall into threegroups:

Query Metrics A querywill experiencea performancelossif the
actual tree hasinferior clustering,pageutilization, or SPs
relative to theoptimaltree.In orderto understandthenature
of the loss,we breakdown the total loss to reflecteachof
theseshortcomings.The breakdown revealshow much of
a query’s performancelossis dueto suboptimalclustering,
pageutilizationandSPs.

Node Metrics Similar to thequerymetrics,theframework defines
nodemetricsthatexpressanindividualnode’scontributionto
aggregateworkloadperformanceloss,brokendown to reflect
thelossescauseby thenode’s clustering,utilization andSP.
Suchmetricsarevaluablebecausethey helptheAM designer
identify anomaliesin thetreestructure.

Implementation Metrics The extensionmethodspickSplit() and
penalty()directly control the treestructureandtheir perfor-
mancemetricsshouldexpressto whatextentthey arerespon-
siblefor thestructuraldeteriorationthatcausesperformance
loss. Unlike query and nodemetrics, the implementation
metricscannotbederivedfrom thetracinginformationgath-
eredduring workloadexecution. Instead,we executeaddi-
tional splits and insertionsandobserve how workloadper-
formancechanges.Like queryandnodemetrics,the imple-
mentationmetricsreflectacomparisonto anoptimum,in this
casetheoptimalsplit andinsertion.

The following subsectiondiscussesthe optimal treeandhow
to constructit. Section4.2derivesthequeryperformancemetrics,
first for the leaf level, thenfor internallevels,andpresentsexam-
plesof analysesconductedwith thesemetrics.Section4.3derives
nodemetricsbasedon thequerymetrics.Section4.4discussesthe
optimal split and insertionandderivesmetricsfor the pickSplit()
andpenalty()extensionmethods;anexampleillustratesthesemet-
ricsandcompletesoneof theanalysesbegunin Section4.2.

Thepresentationof themetricsin this Sectionis purposelyin-
formal andreliesmainly on examples;we felt this would improve
readability. The input variablesandmetricsaredefinedandsum-
marizedin Table1 andTable2, respectively. ^ Variableswith sub-
script _ arequery-specificandvariableswith subscript̀ arepage-
specific. acbd , the setof “relevant” leavesof a query, containsall
accessedleavesthatcontainitemsof theresultset.e

We leave out the definition of the split and penaltymetrics,becausetheseare
combersomeandcanbederivedfrom thedescriptionsin Section4.4.
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Table1: InputVariables(ProfilingData,TreeStatisticsandDerived
Variables)
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Theoptimaltreeis definedby thefollowing characteristics:

no excess coverage, which reducesthe numberof pageaccesses
dueto overly generalSPsto 0;

optimal page utilization, whichis atargetpageutilizationchosen
by theAM designer. Wewill seethattheabsolutelevel of the
targetpageutilizationdoesnot really matter, but whatreally
mattersis to have a constantvaluethat allows comparisons
of deviationacrossnodes;

optimal clustering, whichminimizesthetotalnumberof pageac-
cessesfor theentireworkload.

A treewith thesepropertieswill executetheinvestigatedwork-
loadwith theminimal numberof pageaccesses.This treeis only
a theoreticalconstruct,sinceit is generallyimpossibleto create
reasonably-sizedSPswith no excesscoverage.Nevertheless,it is
possibleto approximatethis treewell enoughto beableto infer the
pageaccesspatternof theworkloadqueries.

Toconstructtheoptimalleaflevel,wepartitiontheindexeddata
itemssothatthetotalnumberof leafaccessesis minimizedoverthe
workload± andthepartitionsizeis equalto thetargetpagecapacity.
This taskcanbeconvertedinto a hypergraphpartitioningproblem
by modellingtheworkloadasahypergraph(eachindexeddataitem
is anodewith aweightthatis equalto its sizein bytes;eachquery,
identifiedby its resultset,is a hyperedge).Hypergraphpartition-
ing is provablyNP-hard([GJ79]), but existingapproximationalgo-
rithmswork reasonablywell in practice(Section4.6discussesthe
implementation,in particularthehypergraphpartitioning,in more
detail).

Toconstructtheoptimalinternallevels,weneedtocreatereasonably-
sizedSPswith noexcesscoverage,which is generallynotpossible.
Nevertheless,it is still possibleto reportutilizationandexcesscov-
eragelossmetricsfor those.

Figure2 servesasarunningexamplethroughouttherestof this
section. It shows the traversaltreeof a query(its traversalpaths
in the index, which form a subtreeof the index) that retrievesfive
dataitems, for which it needsto accessfour leaves in the actual
treeandtwo leavesin theoptimal tree. Thepagecapacityis four
items(to keeptheexamplesimple,dataitemsandSPsareassumed
to have thesamesize)andthetargetutilization is 75%. Occupied
slotsareshaded,andthepagesin theactualtreeareenumeratedfor
reference.Y 3A�D² �*!G�
<TL³!���)��*�=Z[	 � �9!&.0!,����� �9�
The per-queryperformancemetricsexpressperformancelossdue
to suboptimalclustering,pageutilization andSPsin theindex. At
the leaf level, thesenumbersarederived by comparingthe page
accesspatternin the actualtreewith the correspondingpatternin
the optimal tree. At the internal level, the correspondingoptimal´

Notethatclusteringto minimizethenumberof leafaccessesovertheentirework-
loadwill generallynotminimizethenumberof leafaccessesfor eachqueryindividu-
ally. Theminimumnumberof leaf accessesfor a singlequeryis thesizeof its result
setdividedby thepagesize.This usuallycannotbeachievedfor theentireworkload,
becausetheindividualqueries’clusteringrequirementsarecontradictory.
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Figure2: TraversalPathsandOptimalClusteringfor ExampleQuery

structureis not availablefor comparison,but we canstill derive a
reducedsetof themetrics,namelyexcesscoverageandutilization
loss.Thenext two subsectionsin turndescribehow thelossmetrics
arederivedfor theleaf level andtheinternallevels.Y 3 �l34�¼ !#	#)�½ ¼ ! E !G'sL³!���)����=Z[	 � �,!0.0!-���
� �9�
Foreachquery, theperformancelossattheleaflevel—actualminus
optimalleaf accesses—isdividedup into utilization,excesscover-
ageandclusteringloss.More formally:m a d*mGgIm a pd m�¾ q a rd ¾ t a rd ¾ f a dG¿

In the example,the queryexperiencesa performanceloss of
two leaf accesseswhen comparedagainstthe optimal tree. We
show how to computethelossesfor thisexample.Àc���A' � 8,	-��� � � ' �*���

Deviation from the target utilization in the re-
maining leaves is summedup as utilization loss. In the exam-
ple, leaf 2 has a utilization of 50%, which resultsin a loss ofv¬n } ¿ Á#j } ¿ Â#ÁÃgÄv�j-Å . The ideabehindthis accountingis that if
thepageshadbeenpackedmoredensely, partof theaccessescould
have beenavoided. Note that a pageutilization in excessof the
targetutilizationcountsasa negative performanceloss,i.e., a per-
formancegain.Æ�Ç#�9!#���È�9� E !G�
	G$*!0' �*���

Whenaccessinga leafduringqueryexe-
cutionthatdoesnot containany itemsof theresultset,theleaf ac-
cessis dueto excesscoveragein theleaf’s SP. Evenif thosepages
areunderutilizeddo they notcounttowardutilization loss,because
packingthemmoredenselywould not lower the total numberof
leaf accesses(unlessretrieved datawere added,but then the ac-
cessswould not countasexcesscoverageto begin with). For the
samereason,theaccesscannotcountasclusteringloss,becausethe
featureof thatnoderelevant to thequeryis its SP, not its pageuti-
lizationor clustering.In theexamplein Figure2, leaf0 is accessed
but containsno matchingitems,andthereforetheaccesscountsas
excesscoverageloss. ' ������!G��� � $É' �*���

Clusteringloss is the differencebetweenthe
conceptually“tightly packed” leaves in the index and the corre-
spondingleaves in the optimal tree. The accessedleaves in the
index become“tightly packed” by subtractingtheutilization loss.
In the example,the result set is spreadover threeleaves,or Ê j,Å
tightly packedleaves.Thedifferencebetweenthatandthetwo leaf
accesses,Ë j-Å , in theoptimaltreeis theclusteringloss.

To summarizetheleaf-level metricsestablishedfor theexample
query:excesscoveragelossis 1, utilization lossis v�j-Å andcluster-
ing loss Ë j,Å . Thesumis 2 accesses,whichis thetotalperformance
lossthattheexamplequeryexperiencesat theleaf level.

Y 3A��3A� ��� ��!G� � 	*' ½ ¼ ! E !G'JL³!���)��*�=Z[	 � �9!
Although it is not possibleto constructtheoptimal internallevels
for theworkloadin a mannersimilar to the leaf level, thecharac-
teristicsof theaccessedinternalnodesin theactualtreestill allow
usto derive two of thethreemetrics,namelyexcesscoverageloss
andutilization loss. Theremaininginternal-nodeaccessescannot
besubdividedany further. More formally:m � d�mGg � �d ¾ q a yd ¾ t a yd ¿Æ(Ç-�9!#���/�9� E !G�
	G$*!0' �*���

Similar to theleaf-level metric,accesses
to internalnodeswithout any matchingentriesarecountedasex-
cesscoverageloss. In addition,we alsocountinternalpagesthat
do not leadto any leavescontainingretrieved data;theseinternal
pagesareaccesseddueto excesscoverageof SPsin thesubtree.In
theexample,page6 doesnotcarryany matchingSPsandits access
is fully countedasexcesscoverageloss.Page4 hasamatchingSP,
but it only matchesbecauseof excesscoveragein page0’s SP, so
wecountits utilization, Ë j-Å of thetargetutilization,asexcesscov-
erage.Theremaining v9j,Å arecountedasutilization loss,because,
unlike the leavesof thetraversaltree,thepropertyof relevanceof
thesenodesis not their SPbut the SPsof their children, i. e., the
datacontainedin thisnode.Àc���A' � 89	#��� � � ' �*���

Similar to the correspondingleaf-level metric,
the sumof the deviationsfrom the targetutilization is the utiliza-
tion loss,excludingfrom considerationleaf nodesof the traversal
pathof the query. In the example,only page4 causesthe query
to experienceutilization lossat theinternallevelsin theamountofv9j,Å .

Tosummarizetheprecedingobservations:of the Ì pageaccesses
to internalnodes,Á-j-Å arecausedby excesscoverageand v�j-Å by
underutilization.Theremaining2 accessesto nodesÁ and Â cannot
besubdividedany further.Y 3AB Í ���*!;L³!G��)��*��Z[	 � �9!&.Î!-����� �,�
The per-node loss numbersare derived from the per-query loss
numbersand show which partsof the tree contribute to perfor-
mancedeterioration. More specifically, thesemetricsshow how
anode’sutilizationandclusteringpropertiesaswell asits SPaffect
workloadperformance.Generally, we sumup the per-queryloss
metricsacrossthe nodesto arrive at per-nodemetrics. Similar to
per-querymetrics,wesubdivide theaccumulatedperformanceloss
of a leaf pageinto excesscoverage,utilization andclusteringloss.
More formally:m � z mGgÏ� pz ¾ q a rz ¾ t a rz ¾ f a z�Ð `&�0a ¿



At the internal levels, we can only identify excesscoverageand
utilizationÑ loss; the remainingaccessescannotbe subdivided any
further. More formally:m � z mGgÏ� �z ¾ q a yz ¾ t a yz Ð `&�&� ¿
Figure2 will againbeusedasour runningexample.Æ�Ç#�9!#���/�,� E !��
	#$�!Ò' �����

A node’s excesscoveragelossis simply
the numberof timesthe nodewasaccessedbut no matchingdata
was found. This doesnot take into accountaccessesto internal
nodesthatarecausedsolelybyexcesscoveragein thechildren’sSP,
which arealsoclassifiedasexcesscoverageloss. In this particular
caseit is thesharedresponsibilityof thechildren,andit needsto be
apportionedto themin someway. It is notclearhow thatshouldbe
done,sothistypeof excesscoveragelossis presentlynotaccounted
for in thenodemetrics.Ó

In the example,we have pages0 and6 with excesscoverage
loss of 1 each. The excesscoverageloss of page0 shouldalso
includethedataaccessedin page4, but apportitioningthis excess
coveragelossto thechildrenis notgenerallypossible,asexplained
in theprecedingparagraph.Àc���A' � 8,	-��� � � ' �*���

A node’s utilization loss is the productof its
traversalcount(minusthoseaccessescausedby excesscoverage)
andits deviation from target utilization. In the example,pages2
and4 bothhaveautilizationof 50%,adeviationof v9j-Å . If eachof
theseweretraversed100timesacrosstheentireworkload,eachone
wouldcontribute Å-Å 2@ accessesto theentireworkloadperformance. ' ������!G��� � $I' �*���

Eachquery’s clusteringloss needsto be dis-
tributed accordingto how much eachaccessed,non-emptyleaf
contributesto total clusteringloss. We useasthe guiding princi-
ple thequality of theclusteringin a nodefor theparticular query
in question.Thequality of clusteringcanbeexpressedastheratio
of accessedto retrieveddata,andtheoptimalclusteringestablishes
a benchmarkratio againstwhich the accessedleavesin theactual
treewill bemeasured.Ô In theexample,thequeryaccesses2 leaves
in theoptimaltreeto retrieve5 dataitems,whichfill up Á-j-Å pages,
resultingin a benchmarkratioof v#¿ Ë . At leaf3, theexamplequery
accesses1 pageworthof datain orderto retrieve v9j,Å rd of thepage,
althoughaccordingto thebenchmarkratio it shouldonly have ac-
cessedv9j,ÅÕª¬v#¿ Ë g 40%of a page.The differenceof 60%is the
clusteringlossthat the nodecontributesto this query. The corre-
spondingnumbersfor pages1 and2 are n } ¿ Ë and Ì j�v9Á . Thesum
acrosstheseleavesis Ë j-Å , which is thetotal clusteringlossfor the
queryestablishedin Section4.2.1. The total per-nodeclustering
lossis simply thesumof theper-nodelossesover thequeries.Y 3 Bl34 Æ�Ç-	*Z ¯ ' !  �  ��Z ¯ 	G�
� ��� � �*)FÖ�½�	 � ��ÖN×�½ % �
!#!-�
Thisexampleillustrateshow to makeaninitial performanceassess-
mentwith thehelpof theper-queryandper-nodemetrics.Wecom-
pareR- and R

×
-treesfor rangequeriesover 8-dimensionalpoint

data;we purposelychoseto comparetwo well-known datastruc-
tures,becauseknowing how they work will make theresultsof the
analysisesierto follow.Ø

In theexperimentsconductedsofar, thoseaccessesplayedaninsignficantrole in
comparisonto theworkloadtotal. Notethattheterm ÙsÚ� alsoincludesexcesscoverage
losscreatedby child nodesthatcannotbeapportionedto thechild nodesthemselves.Û

More formally: thepagesin Ü � � causea lossof ÝJÜ � thatneedsto bedistributed
accordingto how mucheachpagein Ü � � contributes. Given ÜßÞ� , we definea bench-
markoverheadratio à �Náãâ ÜßÞ� â�ä Ý ä�å#æ]ç7èc� . Giventhatratio,we expectto accessà � äcè �xé � on eachpageê if clusteringin theactualtreewereasefficient asin the
optimal tree. Thedifferenceå � ä Ý�ëKà �säNèc��é � is ê ’s contribution to query ì ’s
clusteringloss.

Thedatasetusedin theexperimentconsistsof 400008-dimen-
sionalpoints,with eachdimensionlimited to theinterval í } Ð v }#} w ,
arrangedinto clustersof 100pointseach.Theclustersaresphere-
shapedandhave a diameterof 10; thecenterpointsof theclusters
aredistributedrandomly. Thetreeswereproducedby bulk-loading
20000randomlyselecteddataitemsandindividually insertingthe
remaining20000.Thisensuresthatthesplit andinsertionstrategies
arereflectedin theresultingtrees.Bulk-loadingwasdoneusingthe
STRtechnique([LLE97]), whichpartitionsthedatapointsinto iso-
orientedtiles. We ran 20000squarerangequeriesover the trees,
eachwith a side length of 12. The centerpoints of the queries
wererandomlyselecteditemsfrom thedataset,sothateveryquery
intersectedwith a cluster. Eachqueryretrieved betweenx andy
dataitems(onaverage20.6items).

The aggregateresultsof this analysisare summarizedin Ta-
ble 3. Note thatalthoughthe heuristicpartitioningalgorithmwas
run twice, it producedpartitioningsof essentiallythesamequality,
resultingin nearlyidenticaloptimalclusteringpageaccessnumbers
(line 2 in Table3). In thefollowing discussionof theperformance
results,we will focuson theleaf level, sincefor this typeof work-
load,R- andR

×
-treesarerelatively flat andtheupperlevelscanbe

buffered. Section4.5 talksmoreabouthow to accountfor buffer-
ing.

R
×
-tree R-tree

leaf level
actualtree,total 72,044 97,414
optimalclustering 23,262 23,224
utilization loss 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
utilization loss 23,937 22,237
excesscoverageloss 32,671 49,887
unaccounted 33,424 44,157
sum 90,032 116,281

Table3: Comparisonof R- andR
×
-trees

Both treesexhibit relatively smallutilization losses,which in-
dicatesthat low pageutilization is not a problemin this workload
for eitherAM. This is alsoreflectedin thetraversal-weightedaver-
ageutilizations,which are74.28%for theR

×
-treeand75.75%for

theR-tree.
(XXX weneedanalysisfor bulk-loadedtreesto seewhatclus-

teringlossis in thatcase.Otherwisecan’t claim thattreesdeterio-
ratedtree(if it turnsout to havebeennotsogoodall along)).

Whenlooking at clusteringlosses,we canseethat both AMs
deterioratethe intially goodclustering(refer to analysisof bulk-
loadedtree here), the R-treeconsiderablymore so than the R

×
-

tree. Using amdb, we can seethat in both casesthe clustering
loss is not spreadevenly acrossthe entire leaf level, but mostly
confinedto a few hotspots(this is shown in theglobalview, which
is describedin Section2; we omit a screenshotof this particular
scenarioherefor brevity). The differenceis that for the R-tree,
thesehot spotsaremorefrequentandmorestretchedout. Given
this pattern,it is likely that the split function generallymanages
to maintaina partitionedspace(the bulk-loadingresult),but slips
in somecases,at which point deteriorationsetsin. The split and
penaltyanalysisin Section4.4.3will shedmorelight on this.

(Is exc cov lossco-locatedwith clusteringloss?can’t seethis
with any of thepalettes.)Lookingat theper-nodeexcesscoverage
loss,wecanseethatthis is roughlyco-locatedwith clusteringloss.
This indicatesthat theflawedsplits that leadto inferior clustering



alsodeterioratetheSPs.Onecanalsoseethatexcesscoverageloss
is higherî in subtreesthat have a high-lossSP(is this true? EL in
subtreeandinternalnodenot thesame:internalnode’s SPcanstill
betight). (Doesthis reallymeananything?)Y 3 Bl3 � Æ�Ç-	*Z ¯ ' ! � �  ��Z ¯ 	#��� ��� � ��)ßSïLð�ß)��*� Í !#	#�
!-���x½ Í !#� $�1������S�!#	#���-1�!#�°� � .&��' ��� ���AZ[! � ��� � � 	*'cL³��� � ���
This exampleillustrateshow to evaluateandcomparedifferentSP
designsindependentlyof the remainingAM designaspects.We
comparethreedifferentSPdesignsfor apopulartypeof workload,
nearest-neighborqueriesonmultidimensionalpointdata.Thethree
typesof SPsare: minimum boundingrectangles,asemployed in
R
×
-trees([BKSS90]);minimumboundingspheres,asemployedin

SS-trees([WR96]); acombinationof thetwo, which is usedin SR-
trees([KS97]). Thelatter two AMs werespecificallydesignedfor
thetypeof workloadthatunderliesourcomparison.

Thedatasetusedin theexperimentconsistsof 400008-dimensional
points, with eachdimensionlimited to the interval í } Ð v }#} w , ar-
rangedinto (uniformlydistributed)clustersof 100pointseach.The
clustersaresphere-shapedandhaveadiameterof 10. Thequeryset
consistsof 20000nearest-neighborqueries,eachcenteredonaran-
domly selected(without replacement)datapoint andretrieving 20
items.In orderto eliminatetheeffectsof pageutilizationandclus-
tering,we built theR

×
-, SS-andSR-treesby bulk-loadingtheleaf

level, sothatonly their internallevelsdiffer.

Leaves Internal Total
R
×

15061 51486 66547
SR 15003 61699 76702
SS 134094 173350 307444

Table4: Comparisonof SPsof R
×
-, SS-andSR-trees

The measuredexcesscoveragelossesfor the entireworkload
areshown in Table4. Essentially, R

×
- andSR-treeSPscauseabout

the sameamountof excesscoverageloss,whereasthe spheresof
theSS-treehaveabout10timesasmuchexcesscoverageloss.The
reasonis that the point setsin the leavesform clustersfor which
the MBRs have an aspectratio that significantlydeviatesfrom 1.
The correspondingspheres,which have a similar diameteras the
MBRs,suffer from a muchhighervolume.Thehigherexcesscov-
eragelossof theSR-treein comparisonto theR

×
-treeis dueto the

increasedstoragerequirementsof their SPs,which decreasesthe
fanoutof internalnodes.Reducingthefanoutleadsto an increase
in thenumberof nodes,whichalsoincreasesthenumberof traver-
salscausedby excesscoverage.

Thebadperformanceof sphericalSPsin thisexamplemaywell
beanartefactof bulk-loading,whichproducesclustersthatareof-
ten skinny along oneor moredimensions. If the clusterswould
have asphericalshape,theresultof thecomparisonmight evenfa-
vor sphericalSPs.Intuitively, though,sphericalSPsarelessrobust
regardingtheshapeof theclusters,because,unlike rectangles,they
have thesameextentin all dimensions.

This exampleillustratesthevalueof theexcesscoveragemet-
ric andthe importanceof separatingindividual aspectsof an AM
design.Anotherperformancestudythatcomparessphereandrect-
angleSPs([KS97]) comesto aconclusioncontraryto ours,namely
thatspheresresultin smaller-diameterSPs,becausethreeseparate
elementsof AM designswere evaluatedtogether:by comparing
insertion-loadedSR-andR

×
-trees,theinsertionandsplit strategies

alsocomeinto play andmaskthe performanceeffectsof the SP
design.
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As part of constructingthe optimal leaf level, we canperforma
simpletestthatwill tell us if a workloadis not indexable,ñ evenif
it werepossibleto constructanoptimal treefor it. This testis not
limited to GiST-compliantAMs, but appliesto all index structures
thatstoreindexeddataonfixed-sizepages.

Thetestcanbestatedasfollows: If in theoptimaltreetheag-
gregatenumberof leaf accessfor theentire workloadtakeslonger
thansequentiallyscanningtheleaf level for each query, thework-
load shouldbeconsidered unindexable. Theaggregatenumberof
leafaccessesin theoptimaltreeis a lowerboundon thetotal num-
ber of pageaccessesfor the entireworkload,becauseminimally
eachqueryneedsto accessits resultset. If this lower boundtakes
longerto executethana sequentialscanof the leaf level for each
query, no actuallyconstructedtreecanbe expectedto outperform
sequentialscans. Sinceindex accessesusually result in random
accesses,a relatively small numberof leaf accesseswill take as
long asa sequentialscanof theentirelevel. Theexact ratio of se-
quentialto randomaccessesdependson thediskdrivesandtheOS
overhead,andwe will assumea ratio of 14:1asa conversionratio
representative of currenttechnology. 2 « Note that this testcannot
bereversed:failing this criteriondoesnot necessarilymeanthata
workloadis indexable,becauseit might not bepossiblein practice
to comecloseenoughto theoptimalclusteringandSPsto achieve
performancethatwill on averagebebetterthana sequentialscan.
Also notethat this testdoesnot constitutea proof of unindexabil-
ity, sincein practicewecanonly approximatetheoptimalleaf-level
clustering.Rather, the testshouldbe seenasa stronghint, which
becomesparticularlycompellingif oneis unableto improveonthe
generatedclusteringby hand.

To illustrate the usefulnessof the test,we look at two differ-
entkindsof workloads:nearest-neighborquerieson bothuniform
andclusteredsyntheticpoint dataof moderatedimensionality(16
and32). Suchdatasetsarevery popularfor performancestudiesof
accessmethodsfor high-dimensionaldatasuchasfeaturevectors.
Thedatasetsweusefor theanalysiscontain10000pointseach(ex-
perimentswith 20000and40000pointsgive identical resultsfor
appropriatelyscaledresultsetsizes).Whenapplyingtheunindex-
ability test, the averageresultset sizeof the workloadqueriesis
important: if the averageresultsetcontainsfewer itemsthanthe
numberof leafpagesdividedby theconversionratio,unindexabil-
ity cannotbe established.For the 16-dimensionaldataset, with
with a targetpagecapacityof around40pointsand250leaves,the
thresholdresultsetsizeis 18points,or

} ¿òv Ê % of thedataset.There
is alsoa correspondingupperboundfor theresultsetsize,beyond
which unindexability is ensured:a resultsetsizein excessof the
sizeof the datasetdivided by the conversionratio. For the pre-
cedingexample,this upperthresholdis at around7% of the data
set.

Figure3 plots the leaf accessesasa function of the resultset
sizefor theexampledatasets.To establishunindexability, it is suf-
ficient for aworkloadto accessmorethan7%of theleaves.For the
uniform 16-dimensionalworkload,this thresholdis reachedwhen
resultsetsizesexceedabout

} ¿ Å % of the datasetsize,a surpris-
ingly smallnumber. For theuniform32-dimensionalworkload,the
situationis a little better, becausedoublingthe numberof dimen-
sionsalsodoublesthestoragesize.Note,though,thatthethreshold
result set size doesnot doubleas well. In contrastto uniformlyó

This testassumesthattotalexecutiontimeof theworkloadunderconsiderationis
dominatedby pageaccesscost.>�ô

UsingSeagateBarracudaultra-wideSCSI-2drives,[Rie98] measuresa through-
put of ca. 9MB/s underWindows NT. Theaverageseektime androtationaldelayfor
thisdrive are7.1msand4.17ms,respectively. For 8KB transfers,this resultsin a ratio
of 14 sequentialI/Os for eachrandomI/O. In thepastyears,raw drive throughputhas
increasedfasterthanseektimesandrotationaldelayhavedecreased,sotheconversion
ratio is likely to increasein thefuture.



distributeddatasets,unindexability cannotbeestablishedfor cor-
respondingõ workloadsinvolving clustereddatasets,evenfor much
largerresultsetsizes.
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Figure3: Unindexability Test: 16- and32-dimensionaluniformly
distributedandclustereddata

Even if unindexability cannotbeestablished,it is still instruc-
tive to look at theratio of thenumberof workloadleaf accessesin
theoptimalclusteringto thenumberof pagesneededto storethere-
sultsets.Thisratio,whichwewill call theworkload-optimalaccess
overhead,is a measureof the clusterabilityof the data,given the
particularworkload: thehigherthis overhead,themoreextra data
mustbeaccessed,evenif theindex achievesoptimalclusteringand
is ableto constructSPswithoutexcesscoverage.For example,the
optimal accessoverheadof B-treeworkloadsis never worsethan
2, andthatof 2-dimensionaluniform point datais v#¿ Á on average
for 20-itemresultsets.On theotherhand,thatof 16-dimensional
uniform point datais v Ë ¿ Ë andfor 32 dimensionsthecorrespond-
ing ratio is v�ö*¿ Å . A correspondinglydefinedquery-optimalaccess
overheadcanbeusedto find “atypical” queriesin a workload,for
which theoverheaddeviatesnoticeablyfrom theaverage.

It hasbeennotedfor uniformly distributedpointsthatwith in-
creasingdimension,the distancebetweenthe nearestandfarthest
points decreases([SBGR99]). This implies that a given point is
morelikely to bea“nearestneighbor”for any querypoint in higher
dimensionsthan in lower dimensions.As a result,a given point
canbeco-retrievedwith a largervarietyof points,makingit more
difficult to co-locatewith all co-retrievedpoints.Y 3 Y � Z ¯ ' !�Z[! � ��	#��� � � L³!G��)��*��Z[	 � �9!&.Î!-����� �,�
In additionto analysingexistingtreestructures,wealsowantto as-
sessthe performanceof the structure-shapingextensionmethods,
pickSplit()andpenalty(). Our goal is to measurehow thesefunc-
tionsdeterioratethetreestructure,expressedby thederiorationof
the workload performancecausedby splits and insertions. This
cannotbederivedfrom thetracinginformation,becausethework-
loadonlycontainsqueries,andtheeffectsof structurechangescan-
notbeinferredindirectly. Instead,wesimulatesplitsandinsertions
andobserve the changesin workloadperformance;the splits and
insertionsare not carriedto avoid actually deterioratingthe tree
during the evaluationprocess.Similar to the queryandstructural
metrics,theimplementationmetricsshouldreflecttheperformance
lossin comparisonto theoptimum,whichweobtainby comparing

theeffectsof asplit of aparticularnodeor insertionof aparticular
dataitem with theeffectsof anoptimalsplit or insertion.Thefol-
lowing two subsectionsin turnderive thesplit andpenaltymetrics.Y 3 Y 3§ S ¯ ' � �ML³!���)��*�=Z[	 � �9!&.0!,����� �9�
We evaluatea split of a particularleaf nodeby comparingtheac-
tual split as producedby the pickSplit() extensionmethodto the
optimalsplit. Theoptimalsplit minimizesthetotalnumberof page
accessesto the two post-splitnodesby (a) producingperfectSPs
with no excesscoverageand(b) optimally partitioning the items
on theleafnodesothatnon-emptyaccessesto thesuccessornodes
are alsominimized. Like the optimal tree, the optimal split is a
theoreticalconstruct,becausepartitioningtheleaf itemsoptimally
will generallynot result in SPsthat completelyeliminateexcess
coverageloss.

Thisdefinitionof anoptimalsplit actuallyignorestheeffectsof
pageutilizationor thebalanceof thepageutilizationsproducedby
thesplit. Thebalanceof a split clearlyhasaneffect on theperfor-
manceof a dynamictreestructure,sincea perfectlybalancedsplit
is usuallybetteratmaintainingoverallhigherpageutilization(in an
unbalancedsplit, thefuller nodeis morelikely to bethenext node
to be split again—assumingsubsequentinsertionsarenot biased
towardthelessutilized node—whichwill resultin anoverall low-
eredpageutilization). On the negative side,a perfectlybalanced
split mighthavelessdesirableclusteringproperties.Unfortunately,
theeffectsof thedegreeof balanceof a split cannotbequantified,
at leastnot in the workloadcontext we consider. For that reason,
we leavepageutilizationourof oursplit analysisandsimplystipu-
latethattheoptimalsplit shouldbeat leastasbalancedastheactual
split. Thisway, boththeutilizationpropertiesandtheclusteringof
theoptimalsplit areat leastasgoodasthatof theactualsplit.Æ(Ç-�9!#�����9� E !G�
	G$*!÷' �*���

Assumingthat the optimal split elimi-
natesexcesscoverage,theexcesscoveragelossof theactualsplit is
thecombinedexcesscoveragein theleft andright post-splitnodes.
A split is alsoanopportunityto improve SPs:describingdatathat
previously residedon a singlenodewith two SPsallows the de-
scription to be more specific. The successmetric is the ratio of
thechangein excesscoveragelossto nÈv timesthepre-splitexcess
coverageloss,which constitutesthemaximalimprovement.Note
thatthisratiocandropbelow

}
, if thesplit producesSPswith more

excesscoveragelossthantheoriginalSP. ' �*����!��
� � $&' �*���
Thequalityof clusteringis expressedby thera-

tio of accessedto retrieveddata:thehighertheratio, themoredata
a queryneedsto accessin order to retrieve its result setand the
poorertheclusteringfrom thatquery’s perspective. Theamountof
datathat is accessedbut not retrievedexpressesclustering-related
overhead,which the optimal split minimizes. The clusteringloss
of a split thereforeis the differencein overheaddata—limitedto
the left andright nodesof a split—betweentheactualandtheop-
timal split. This is the sameasthe differencein the total amount
of accesseddata,becausethevolumeof retrieveddataremainsun-
changedby thesplits. Note that thetotal amountof accesseddata
onanodecannotgoupafterasplit: evenif eachqueryin thework-
loadthatvisits theoriginalnodewouldhave to visit bothsuccessor
nodeswouldtheamountof accesseddatastaythesame.Wecall the
amountby whichdataaccessdecreasesclusteringsavings. Thera-
tio of actualclusteringsavingsto optimalclusteringsavingsserves
asa “success’metricof thesplit thatexpressesto whatextent the
split realizesthepotentialfor improvementof clustering.
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We comparea penalty-guidedinsertionof a particulardataitem
with thecorrespondingoptimal insertion.Theoptimal insertionis
definedas: (a) not addingto the excesscoverageof the optimal
target leaf and(b) choosingasthetargetthe leaf which causesthe
smallestnumberof additionalaccessesin theworkload. Notethat
the optimal target leaf doesnot correspondto the onethat, if the
dataitem wereinsertedandtheSPactuallyupdated,would result
in thesmallestnumberof total additionalpageaccesses,including
thosedueto excesscoverage.Rather, it representsthetruetheoret-
ical optimum,which optimizeseachperformancefactor indepen-
dently.

Performingatop-down, penalty-guidedinsertionhasthedisad-
vantageof accumulatingthe effectsof multiple penaltycomputa-
tions. This couldbe avoidedby scanningdirectly the level above
the leaves for the minimum penaltyleaf. However, a top-down
traversalis morerealisticandalso reflectsthe quality of internal
SPs.

In ouranalysisof thepenaltyfunction,wewill againignorethe
effectson pageutilization. In the GiST framework, the shapeof
the SPcannottake the pageutilization into account—theunion()
methodis not informedof it—so that penalty()cannotdirect an
insertionbasedon the pageutilization at the leaf level. For that
reason,we assumechangein the pageutilization in responseto
insertionsto bemoreor lessrandom.Æ�Ç#�9!#���K�,� E !���	G$*!ã' �*���

This is the numberof additionalexcess
coverageaccessesto the actualtarget leaf after the insertion,as-
sumingthatoptimallynoadditionalexcesscoveragewouldbepro-
duced.Whendeterminingpre-insertionexcesscoverage,thosequeries
that intersectwith the new key needto be ignored,becausethey
would falselyshow upasa reductionin excesscoverage. ' ������!G��� � $�' �����

Thechangein clusteringquality in responseto
an insertionis reflectedby the changein overheaddatathat the
workloadqueriesneedto access.By definition,theoptimal inser-
tion minimizesadditionaloverheaddataaccess.Theclusteringloss
is thedifferencein overheaddataaccessbetweentheactualandthe
optimalsplit.Y 3 Y 3 B Æ�Ç-	*Z ¯ ' !/Y �  ��Z ¯ 	G�
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In theanalysisframework presentedsofar we completelyignored
a numberof componentsof theperformanceequation(CPUtime,
buffering, pagesize). We will now addressthesecomponentsin-
dividually andalsocommenton the usefulnessof approximation
numbersasthebasisfor ourcomparisons. L�À % � Z[!

Although CPU time canplay an importantrole in
theoverall performanceof anAM, we excludedit from theanaly-
sisframework. Thereasonis thatCPUtime is notamenableto the
sametype of analysisaspageaccesses:it is unclearhow to con-
structa modelof optimalCPUtime behavior. This is exacerbated
by thefact thattheunderlyingGiST framework hasno knowledge
of theinternalsof thestoreddataandtheassociatedextensionfunc-
tions. Anotherdrawbackof CPU time in comparisonto pageac-
cessesis that the formerdependson the quality of the implemen-
tationandtheparticularhardwareplatformtheanalysisin run on;
this implies that thesemetricsare lessgeneralthanpageaccess-
relatedmetrics. The only availablemetric is absoluteCPU time,
which shouldbe measuredseparatelyfor eachextensionfunction
andrecordedfor eachqueryaswell asaggregatedover the entire

workload.SinceCPUtime canplay animportantrole,we suggest
that an AM designerweigh it judiciouslyagainstthe pageaccess
metricsof our framework whendecidingwhichaspectsof theAM
implementationneedto beimproved.úJ�Gûï!��
� � $

Buffering hasbeenshown to reducethe numberof
I/Os for AM queries([LL98]) andits presence—astandardfeature
in all commericialDBMS—will thereforechangeobserved work-
loadperformance.Wewill outlineseveralwaysof takingbuffering
into accountin thecontext of our analysisframework. A popular
buffering techniquefor tree-structuredAMs is to pin the first few
levels of the tree([LL98] mentionsthat in their experiments,this
techniqueneverperformedworsethanLRU replacement).Modify-
ing theanalysismetricsto take this into accountis straightforward:
theobservedpageaccessesto thoseupperlevelscansimplybesub-
tracted.For otherbufferingtechniques,wecanestimateanaverage
hit rateandreducetheperformancemetricsuniformly by thatrate.
Eitherway, buffering canbedealtwith separatelyandneednot be
integratedinto our framework. Notethatin orderto integratea re-
alistic view of buffering into the framework, it is not sufficient to
simulatea buffer pool/replacementstrategy againsta serialexecu-
tion of thequeries.In realDBMSs,queriesaretypically executed
concurrentlyandindex accessis mostlikely interleaved.L³	G$*!¬Sl� 89!

Thepagesizerepresentsatradeoff betweenthedesire
to limit theamountof datathat is readfrom disk andthedesireto
amortizethepositioningoverheadovera largeamountof data.The
optimal tradeoff dependson technologicalparametersandis thus
likely to changein thefuture(currently, sequentialthroughputim-
provesatamuchhigherratethanpositioningtime,which indicates
a likely pagesizeincreasein thefuture). It is importantto beable
to evaluateAMs underdifferentpagesizes.Presumably, changing
thepagesizeaffectsclusteringandSPs,sothatthetheperformance
effectsaremorecomplex thana constantscalingin proportionto
thesizeincrease.Theanalysisframework presentedin this paper
doesnot assumea particularpagesizeandthereforecanaccomo-
dateany pagesize.Theperformancemetricsdonot by themselves
give any indicationof theeffectsof a changein thepagesize,but
thiscanbeeasilyassessedby re-runningtheanalysiswith changed
parameters.The tool we will introducein the next sectionallows
thisby settingaglobalsymbol. ��Z ¯ 	G�
� ��� � Hü� ��1¬� ¯�¯ ���GÇ-�AZ[	#��� � �MÍ ��Zø��!����

Theperformance
metricsof our analysisframework arederived from a comparison
of performancein the actualto that in the optimal tree. Unfortu-
nately, in practicewecanonly approximatetheoptimaltree,which
leavesthequestionhow thataffectstheusefulnessof reportedper-
formancenumbers.First,notethatin theoptimaltree,only cluster-
ing is approximated.Pageutilization andSPsarestipulatedto be
perfect,andthereforethecorrespondingnumbersaccuratelyreflect
the true performanceloss. In orderto approximateoptimal clus-
tering,we usea heuristicalgorithmthatperformswell in practice
but for which no boundson thequality of theclusteringis known.
Thus,reportedclusteringlossnumbersarewith regardto a “good”
clusteringratherthanthe optimum. Nevertheless,thosenumbers
are still useful information for the AM designer:if the reported
clusteringloss is positive, clusteringin the actualtree cannotbe
optimalandshouldthereforebea targetfor performanceimprove-
ment. The numberof casesin which negative clusteringlosswill
bereporteddependson theeffective qualityof theclusteringalgo-
rithm. With the algorithmcurrentlyin use(which is describedin
moredetail in Section2), we have not seena singleworkloadfor
whichnegative clusteringlosswasreported.
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During theexecutionof theworkload,amdb collectsprofiling data
for eachqueryindividually, consistingof queryresultsets(refer-
encesto retrieved items), visited pages,the numberof bytesre-
trievedperpage,etc. Theburdenthis putson theworkloadexecu-
tion is proportionalto the costof the executionitself, i.e., profil-
ing a singlepageaccessor item retrieval incursa small, constant
cost,andis negligible. For example,2500nearest-neighborqueries
on 50002-dimensionalpointstook 12.3secondswithout profiling
and13.06secondswith profiling onaDell DimensionWorkstation
333MHzIntelPentiumII processor. Thesizeof thestoredprofiling
dataandperformancemetricsdependsonanumberof factors,such
asthesizeof theresultsets,treesizeandexcesscoveragepresent
in the tree, so it cannotbe statedas a simple percentageof 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 21of 1000016-dimensionalpoints)to 40MB (for 20000
queriesretrieving 120of 4000016-dimensionalpoints).

Hypergraphpartitioning is usedto constructthe optimal leaf
level usedfor the queryandnodeanalysis,the optimal treeused
for the implementationanalysisandtheoptimal split usedfor the
pickSplit() analysis.This taskis performedby the public domain
packagehMetis from theUniversityof Minnesota([KAKS97]).
HMetis employs heuristicsto approximatetheoptimalpartition-
ing (which itself is NP-hard). Although designedprimarily 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 theequivalenthMetis-partitionedleaf level. Thelattereven
slightly improvedtheclusteringof theHilbert-sortedleaflevel (one
hasto keepin mind that even a perfectlysquaregrid partitioning
might besuboptimalfor a givensetof queries,becausethequeries
might prefera differentgrid origin or a differentaspectratio). We
alsofound caseswherethehMetis-producedclusteringwas in-
ferior to space-partitioned([LLE97]), bulk-loadedleaf levels, but
theperformancedifferencewasminusculeandthetwo clusterings
werepracticallyidentical. Usinghypergraphpartitioningto arrive
ataclusteringof thedataitemsrequiresthateachdataitembecov-
eredby asufficiently largenumberof queries,andfurthermorethat
thequeriesthemselvesaresufficiently diverse(whereestablishing
“sufficiently” is an areaof futurework). For the experimentalre-
sults presentedearlier, we tried to be conservative and executed
half asmany queriesasthereweredataitems. Thequeriesthem-
selveswerecenteredon uniformly selecteddataitemssothateven
coveragewasensured.

In contrastto theanalysisof thequeriesandthetreestructure,
analyzingthe pickSplit() function canbe fairly runtimeintensive.
Thereasonis thattheevaluationof thepost-splitandpost-insertion
excesscoveragerequiresre-runningall the queriesin the general
case.Thiswouldnotbethecaseif thequerypredicatecanbeeval-
uatedby solelylooking at theSP, which is not truefor all typesof
queries.For example,nearest-neighborqueriesmaintainauxiliary
state,in this casea priority queue,which is neededto determineif
aparticularsubtreeis traversed.Re-runningall queriesmightmake
theanalysisa lengthyprocess,but at leastit doesnot requireuser
interaction.ù Öð!�' 	#��!G�0þÃ�*�=\ù�34ÿ��� �*!#Ç0Lß!G��)��*��Z[	 � �,!
Pagel, et al. ([PSW95]) study index clusteringin a mannervery
similar to that of our analysisframework, alsousingan idealized
goal of an optimal clusteringto establishlower boundson page
accesses.They focus on window queriesover multidimensional

datasets,andapply simulatedannealingto find an approximation
to the optimal clustering. In their complexity analysis,they usea
graphmodelfor clusteringthatis not unlike our useof hypergraph
partitioning.

The literatureis rife with performancestudiesof variousin-
dex structures,especiallyfor multidimensionalquerying. Gaede
andGünthersurvey over50differentmultidimensionalindex struc-
tures([GG98]),mostof whichwereintroducedwith aperformance
studyto demonstratetheir efficacy. [GG98]alsosurveys anumber
of comparative studiesof multidimensionalindexes,andattempts
to unify theresultsinto apartialorderingof quality; this is compli-
catedby thevariancein theworkloadsthatthestudiesexamine.

Mostof thestudiesin theliteraturedonotanalyzeperformance
resultsbeyondcomparingthenumberof pageaccesseson a given
workload. Somestudiesprovide analysesor intuitions of vary-
ing complexity to justify thepageaccessmeasurements,oftenwith
domain-andworkload-specificarguments.Asanexample,[BKSS90]
explains (and visually illustrates)the efficacy of their nodesplit
techniquewith argumentsabout the virtues of squarebounding
boxes,which arenot clearlytranslatableto otherdatadomains,or
to workloadsof querieswith highaspectratio.

Thereis alsoabodyof work on describingor predictingmulti-
dimensionalindex performanceusingformalmodels([FK94,BF95,
PSTW93, KF93, PSW95, PS96, TS96]). Thesepapersprovide in-
sightinto theperformanceof differentindexing techniqueson var-
ious syntheticworkloadsof queriesand data. They often make
ratherstrictassumptionsabouttheworkloadsthey model(e.g.,many
studyonly squarequeries).Thesemodelsshedlight on the chal-
lengesof multidimensionalindexing in general,but arenot neces-
sarily helpful to a userstudyinga particularworkloadof queries
anddata.Mappingfrom a user’s workloadto oneof thesemodels
is notgenerallypossible.ù�3A� ��� �*!#Ç 5 � �7��	*' � 89	#��� � � 	 � �T� � �AZ[	#��� � �
To our knowledge,amdb is thefirst tool of its kind to allow index
developersto debug andanalyzetheir implementations.Naturally,
its variousvisualizationand debugging componentshave prece-
dentsin the literature. Amdb significantlyextendsmany of these
approaches,andunifiestheminto asingleframework for index de-
velopers.

Thereareanumberof toolsfor visualizingandanimatingsearch
treedatastructuresandalgorithms;acompendiumof referencesis
maintainedon theWorld-Widethesetoolsfocuson displayingtree
structures,typically in a “nodesandarrows” visualization.This is
usefulonly for pedagogicalpurposes,sincesuchdiagramsdo not
scaleto thesizeof databaseindexes.

BrabecandSametprovide a suiteof Java appletsfor a variety
of 2-dimensionalspatialdatabasesearchtrees,including R-trees
anda hostof quad-treevariants[BS98]. Thevisualizationsfocus
on a geographic,2-dimensionalview of the data domain, akin to
amdb’s “nodeview” but spanningall nodesof oneor morelevels.
Usersmay observe SPsanddataitemsduring insertion,deletion
andsplitting, with a large but fixed setof split algorithms.Some
simple domain-specificstatisticsare displayedper level. Again,
the focusof thesetools seemsto be pedagogic;the authorsnote
that the visualizationsdo not scaleto the fanoutstypical in most
trees.DEVise[LRB U 97] is ageneral-purposedataexplorationand
visualizationsystem,which hasbeendemonstratedto beeffective
in helpingR-treedevelopmentanddebugging. As in the work of
BrabecandSamet,DEVise wasusedin this scenarioto visualize
a2-dimensionalspacecontainingdatapointsandboundingrectan-
gles. DEVise itself providesno facility for animatingindex algo-
rithmsor characterizingperformance.
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This paperpresentsananalysisframework for tree-structuredbal-
ancedAMs that can be usedto evaluatethe pageaccessperfor-
manceof user-definedqueryworkloads. The framework is inde-
pendentof theparticulartypeof datato index or thenatureof the
queries.It only requiresasinput thedataandtracinginformation
gatheredduringqueryexecution.

Theanalysisderivesmetricsfrom the tracinginformationthat
characterizetheperformanceof thequeries,the treestructureand
thestructure-shapingpartsof theAM design.Themetricsspecify
the performancelosswhencomparingthe observed performance
againstthatof anassumedoptimal treestructure.Theoptimumis
approximatedviahypergraphpartitioningandbyassumingthatSPs
have no excesscoverage.The lossnumbersarefurther refinedto
reflectthe threefundamentalstructuralperformancefactors:clus-
tering,pageutilizationandthesubtreepredicates.

The metricsprovided by the analysispresenta moredetailed
view of theperformanceof anAM designthansimplebottom-line
runtimeor I/O numbers.They let thedesignerexamineaspectsof
anAM designin isolationandallow moreinsightful comparisons
of AMs. As such,they aremeantto bea designaid, not thebasis
for anautomatictool thatproducesAM designs.

TheAM designtoolamdb incorporatestheanalysisframework
aswell asotherfeaturesthatsupportthedesignof GiST-compliant
AMs. Amdb lets theusersingle-stepthroughindividual index op-
erationsandsetbreakpointsoneventsof interest.Thevisualization
featuresallow navigation andinspectionof the treestructureand
the datacontainedin treenodes.The latter is user-extensible,so
that the visualizationis not tied to a fixed set of datatypes. To
facilitate the analysisprocess,amdb gathersthe requiredtracing
informationduringworkloadexecutionanddisplaysthecomputed
performancemetricsbothvisuallyandtextually.

Thereareseveralquestionswe wantto investigatein morede-
tail in the future. Section4 mentionsthat for thehypergraphpar-
titioning to produce“good” clusters—thosethat reflect semantic
proximity of thedataitems—thequeriesin theworkloadmustnot
only be representative, but alsocover the entiredataset to a suf-
ficient degree. What the requirednumberandshapeof queriesin
a workload shouldbe needsto be establishedmore clearly. We
alsoplan on extendingthe analysisframework to other, moreex-
otic tree-structuredaccessmethods(suchasnon-balancedtreesor
key-transformingtrees,suchasRU -trees)and hash-basedaccess
methods.The main challengewill be the constructionof optimal
structuresfor theseAMs.�+�#\ � �GHF' !G�*$*!�Z[! � �
Paul Aoki not only wasgave valuablecommentson thepaperand
contributedgreatlyto theclarity of thepresentation,healsoimple-
mentedthelibgist R-, SS-andSR-treesandprovided uswith
anSTRpartitioningtool for spatialdata.Ö�!-)�!G�
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