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Abstract

In recentyears,a variety of complex synopsisstructureshave beenproposedto capture
statisticalcorrelationspresentin databaserelations.Thegoalof thatwork hasbeento improve
cardinalityestimationduringqueryoptimizationby improvingstatisticsonbasetables. In order
to usethe correlationinformation for multi-tableestimationsaswell, synopsesmustalsobe
constructedon intermediateresulttablesduringqueryoptimization.We addressthatproblem
here,andshow how to efficiently integratemulti-dimensionalhistogramsandothercomplex
synopsisstructuresinto the searchalgorithmof a traditionalqueryoptimizersuchasthat of
SystemR.

A main challengein this work is minimizing the computationalexpenseof dynamically
computingsynopseson intermediatetablesduringqueryoptimization.We show thatoneonly
needsto constructa very small subsetof all possiblesynopsesto get the full estimationbene-
fits of multi-dimensionalmodeling.We alsoshow thatchoosingthis subsetunwiselycanhave
unacceptableperformanceoverheads.This leadsto an“estimationplanning”problemthathas
beenignoredto datein literature:how to choosethemostefficiently-computablecollectionof
intermediatesynopsesto construct,so that all the requiredcardinalityestimatescanbe com-
putedasaccuratelyaspossiblefrom thebase-tablesynopses?

In this paper, we identify andformalizetheestimationplanningproblemin thecontext of a
SystemR-styleoptimizerextendedwith complex synopsistechniquessuchasmulti-dimensional
histograms.Weproposealgorithmsthatfind verygoodestimationplansefficiently, anddiscuss
propertiesof synopsisstructuresthatmakethemamenableto efficientusein anoptimizer.

1 Intr oduction

The queryoptimizationprocess,which choosesthe bestplan for executinga query in a database
system,typically usesstatisticalinformationaboutthedatastoredin thesystemto comparedifferent
executionplans.TheearlysystemssuchasSystemR [SAC

�
79], maitainedelementaryinformation

aboutthedatabasesuchascountsof tuplesin thetables,thespreadsof valuesfor theattributes,the
presenceor absenceof indexesetc. This informationwasthenusedin conjunctionwith somesim-
plifying assumptionsaboutthedatato computethe informationthat thequeryoptimizerrequires.
Two of themostimportantassumptionsthatweretypically madeare:� Attributevalueindependenceassumption: Differentattributesin atableareassumedto bein-

dependentof eachother. Forexample,supposewehavethequery ��������	�
���
�������������	���������������� �
over an employeerelation. By makingthis assumption,the optimizercancomputethe se-
lectivity of the joint predicateto be the productof selectivities of the individual predicates
� ������	�
�� and �!�����"���#�$	������������ .
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� Join predicateindependenceassumption: Differentjoin predicatesin aqueryareassumedto
be independentof eachother. As anexample,considerthethreerelationqueryasshown in
Figure1(i) andlet theselectivities of the join predicatesbe % � and %'& . By assumingthat the
join predicates,(*),+*- ./),+ and .0),+*-213),+ areindependentof eachother, thequeryoptimizer
canestimatethesizeof thequeryresultto besimply % �54 %'& 476 ( 68496 1 6:476 . 6 .

Theseassumptionssimplify the computationof cardinality estimatessignificantly, but rarely
hold true in practice[MCS88, PI97]. Most real datasetsexhibit strongcorrelationsbetweenat-
tributesthat tend to nullify both the assumptionsmadeabove. As an example, in an employee
relation,the attributesage andsalary canbe highly correlated,resultingin large errorsin the es-
timatesmadeusingtheseassumptions.Even thoughthe error for a singlepredicateor for a sin-
gle join may not be very high, theseerrorstendto propagatemultiplicatively in a multi-way join
query[IK90, Col00, Ant93] andcanresultin very largeerrorslaterin theprocess.

To solve this problem,many complex synopsistechniqueshave beenproposedrecentlythat
capturestatisticalcorrelationsbetweenattributes of a table. Thesetechniquesinclude multi-
dimensionalhistograms[MD88, PI97],Wavelet-basedsynopses[VWI98], Sampling[SBM93, Wil91],
Dependency-basedhistograms[DGR01] amongothers. As thesetechniquesmodel the multi-
dimensionaldistribution over attributesof a tabledirectly, it is quite straightforward to usethem
to relax the attribute valueindependenceassumption.On theotherhand,useof thesetechniques
to relaxthejoin predicateindependenceassumptionrequirescombiningthesesynopsestogetherto
computesynopseson intermediatetables.

As anexample,let thedistributionsover theattribute + (assumedto take threedistinctvalues)
for the threerelations ( , . and 1 in our earlierexample,be asshown in Figure1(ii). Given this
distribution information, the selectivities of the two joins are % � -<;$=?> and % & -<;$=?> . If the
join predicatesareassumedto independentof eachother, thenthecardinalityof theresultrelation
( (A@B.7@91 ) will beestimated(usingtheformuladescribedearlier)to be > . But aswecansee,the
two join predicatesarenot independentof eachother, andthecorrectnumberof tuplesin thequery
result is actually0. This simpleexampleillustratesthat the errorsmadeusingthe join predicate
independenceassumptioncanbearbitrarily large.

To relax this assumption,synopsesneedto be built on the intermediatetablesaswell. In the
above example,building a synopsison the intermediatetable (C@D. , andthenusingthis synopsis
to estimatetheselectivity of theotherjoin will show usthat thereareno tuplesin thequeryresult.
Unfortunately, for thesekindsof complex modelingtechniques,thecomputationalcostsof building
suchsynopsescanbevery high. We show that,in general,only a very smallsubsetof possiblein-
termediatetablesynopsesis requiredto beconstructedto computeall theestimatesthatatraditional
queryoptimizersuchasthat of SystemR needs.This leadsto an “estimationplanning” problem
thathasbeenignoredin literatureto date: howto choosethemostefficiently-computable collection
of intermediatesynopsesto construct,sothatall therequiredcardinality estimatescanbecomputed
asaccuratelyaspossiblefromthebase-tablesynopses?

In this paper, we identify andanalyzethis estimationplanningproblem. We demonstratethat
goodestimationplanningcanhave optimization-timebenefitsof ordersof magnitudeover naive
estimationplanningtechniques.We thenprovide algorithmsto efficiently andeffectively perform
estimationplanning.Thoughwe will focuson multi-dimensionalhistograms,we alsodiscusshow
thealgorithmscanbeextendedto avarietyof othersynopsistechniques.

1.1 Outline of the Paper

We will begin with a brief descriptionof the relatedwork, in particular, complex synopsistech-
niquesthat have beenproposedto captureattribute correlations,aswell asthe problemof using
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Figure1: Thejoin predicateindependenceassumption

thesetechniques(Section2). Then,we will formally definetheproblemandanalyzethespaceof
solutions;we alsoshow how estimationplanningis integratedinto a traditionalqueryoptimizer
(Section3). Wewill developanexponential-timeexhaustive algorithmfor solvingtheproblem,and
developheuristics(Section4) thataremuchmoreefficient, yet consistentlyfoundvery goodplans
in our experimentalstudy. For brevity, we discussonly multi-dimensionalhistogramsin detail,but
we briefly explain how the algorithmswe proposecanbe extendedto othersynopsistechniques
(Section5). Finally, we presenta performancestudythat validatesthe claimsmadein this paper
(Section6).

2 RelatedWork

Thereis a large body of work on constructingsophisticatedsynopsisstructures;a survey appears
in [BDF

�
97]. Dueto spaceconstraints,we only discussa few of thesetechniquesin detailhere.

[SAC
�

79] recognizedthatestimatingthesizesof intermediateresultswascrucial to thesuc-
cessof queryoptimizers,and proposedusing a simple estimationtechniquebasedon assuming
uniform distributionsof attributevalues.[Chr83, PSC84]proposeusinghistogrammingtechniques
for betterestimation,but they still make theattributevalueindependenceassumptionthatwe out-
lined earlier. To our knowledge,thefirst work to considerthe effect of correlatedattributesis by
MuralikrishnaandDewitt [MD88] who proposeapproximatingthemulti-dimensionaldistribution
over the attributesof a relationdirectly. Their techniqueis very similar to the multi-dimensional
histogrammingtechniqueproposedby Poosalaand Ioannidis[PI97], called MHist. Thoughthe
constructionandtheuseof histogramsaredifferentfor thesetwo techniques,bothof thempartition
the multi-dimensionalspaceto be approximatedinto disjoint buckets,andassumeuniform distri-
bution within eachbucket. Partitioning schemeswill prove to be importantfor our discussionof
constructingsynopsesover intermediaterelations.Figure2 shows how anMHist mayapproximate
thejoint distribution over two variables.

[VWI98, MVW00] proposeusingWaveletsto summarizea multi-dimensionaldataset.Their
approachinvolvescomputinga multi-dimensionalHaarWaveleton thedata,andstoringonly the
mostsignificantcoefficientsof this Wavelet asthe synopsis.Thesecoefficientscanthenbe used
for selectivity estimation,andalsofor approximatequeryprocessing[CGRS00]. Aboulnagaand
Chaudhuri[AC99, BCG01]proposea differentkind of histogrammingtechniquecalledself-tuning
histogramsthatarebuilt by lookingonly at theresultsizesof thequeriesthatarebeingexecutedby
thesystem.In termsof partitioning,bothof thesehistogrammingtechniquesmayallow overlapping
buckets,somethingnotallowedby thetwo techniquesdiscussedabove.
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[DGR01,GTK01] proposeapplyingstatisticalmodelingtechniquesto theproblemof selectiv-
ity estimation.Dependency-basedhistograms[DGR01]makeuseof correlationsbetweenattributes
of a relation to approximatea high-dimensionaldistribution with a collection of smallerdimen-
sionalhistograms.The smallerdimensionalityhistogramscanbe built usingany histogramming
technique.[GTK01] proposebuilding aBayesiannetwork notonly over theattributesof asinglere-
lation,but acrossrelationsthroughuseof foreign-key dependencies.This techniquecanbeusedfor
selectivity estimationaswell asfor estimatingcardinalitiesof join queriesthatinvolve only foreign
key joins.

Therehasbeensurprisinglylittle work on actuallyusingthesesynopsisstructuresduring the
queryoptimizationprocess.Mannoniet al [MCS88] addressthis problemin somedetail,but their
focusis mainlyonhowto constructsynopsesontheintermediatetablesfrom thebasetablesynopses
ratherthanhow to efficientlycomputetherequiredcardinalityestimates.Thecomputationalcom-
plexity aspectof theproblemis not critical for themasthey only considersimpleone-dimensional
synopsisstructures.

The issueof using synopsisstructuresefficiently also arisesin approximatequery process-
ing [GGgz]. Again, therehasbeenvery little work addressingthis problem. [DGR01] alludeto
thisproblembriefly, but donotproposeany concreteideasto solve it. Thealgorithmswepresentin
this papercanbe extendedto efficiently incorporatecomplex synopsistechniquesin approximate
queryprocessingaswell (Section7).

3 ProblemDefinition and Analysis

In this section,we definetheestimationplanningproblemin moredetail,andanalyzethesolution
space.We alsodescribehow estimationplanningfits into a traditionalqueryprocessingalgorithm.
For the sake of exposition,we will focus in this sectionon multi-dimensionalhistogramsasour
synopsistechniques,but thediscussionhereappliesto otherkindsof synopsistechniquesaswell.

3.1 Operationson Histograms

Beforeaddressingestimationplanning,webriefly discusstheoperationsthatmustbeperformedon
histogramsduringtheestimationprocess.

We will usethenotation EGF� to denotea histogramon relation . on attribute(s) % . Thus, EIH�
denotesa one-dimensionalhistogramon relation J andattribute + , whereasEIK��L denotesa two-
dimensionalhistogramonrelation M andattributes + and N .

During estimation,we needto manipulatehistogramsin a manneranalogousto theoperations
on therelationsthey summarize.Hencetherearethreeoperationsappliedto histogramsduringthe
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Figure3: Generationof IntermediateSynopses

estimationprocess:� Selection: Thisinvolvesselectingonly thepartof ahistogramthatsatisfiesagivenpredicate.
Usually, only rangeselectionpredicateson the relationscanbetranslatedinto selectionson
thehistograms.
� Projection : This operationinvolvesprojectingthehistogramontoa subsetof theattributes

on which it is built. We will denoteprojectinga histogramon relation . andattribute set %
ontotheattributeset %�OQPR% by EIF�TS ��UWV���XZY[\[:[�[$] EGF��^ .
� Join : Joiningtwo histogramscanbethoughtof roughlyasperforminga join on thecorre-

spondingrelationsandbuilding ahistogramontheresultrelation.Clearlythatis aninefficient
schemefor constructinga join of two histograms.Theimplementationof histogram-joincan
betricky anddependslargely on thehistogrammingtechniqueaswe will discussin Section
5. Wewill denotethisoperationusingthestandardnotationfor relationaljoin, @ .

Theseoperationsareanalogousto the standardrelationaloperators,but areperformeduponand
returnhistograms,not relations.Throughoutthe courseof thepaper, whenwe refer to Selection,
ProjectionandJoin, we will be referring to thesevariantsover synopses,andnot the traditional
operatorsover relations.

Figure3 shows someexamplesof theseoperationson theMHist histogramsthat we outlined
earlier.

3.2 Incorporating Histograms in the Optimization Process

During theoptimizationprocess,theoptimizerhasto estimatethecardinalitiesof all the interme-
diaterelationsthat it considers.Selectionsandprojectionson basetables,if any, canbeappliedto
thebasetablehistogramsdirectly to obtainhistogramson the resultrelationsusingtheselectand
projectoperationsdescribedabove. To estimatethe sizeof a two-tableintermediaterelation,say
(_. , theoptimizerneedsto performa join on thecorrespondingbase-tablehistogramsto obtaina
histogramon the table (`@a. (denotedas (_. from now on), which is thenusedto estimatethe
sizeof therelation.Similarly, to estimatethecardinalityof a three-tableintermediaterelation,say
(b@c.d@91 ( (_.�1 ), theoptimizerneedsto join thehistogramson thebasetables,( , . and 1 , and
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the resulthistogramis thenusedto estimatethe sizeof that relation. In general,therearea very
large numberof waysto computethe requiredestimates,asthesameintermediaterelationcanbe
constructedin differentwaysfrom thebaserelations.This leadsusto thedefinitionof anestimation
plan:

Definition 3.1: An estimationplan is a sequenceof select,projectand join operationson thesyn-
opsesthat producesestimatesfor all theintermediatecardinalities that are neededfor queryopti-
mization;theestimatesthatareproducedareasaccurateaspossiblegiventhebasetablesynopses� .

As anexample,anaivewayof doingestimationis to estimatethecardinalityof eachintermedi-
aterelationseparatelyby joining togetherthecorrespondingbaserelationhistograms.Clearly, this
is notaveryefficientestimationplan,asthehistogramsthathavealreadybeenbuilt on intermediate
tablescanbeandshouldbeusedto computefurtherestimates.Continuingwith our example,the
cardinalityof therelation (_.�1 canbemoreefficiently estimatedby joining thehistogramon rela-
tion (_. thathasalreadybeenbuilt andthehistogramon relation 1 . This leadsus to theproblem
thatwe addressin thispaper:
Estimation planning problem: Givenaqueryandasetof baserelationhistogramscorresponding
to thequery, find themostefficientestimationplanfor computingall therequiredestimatesthatthe
queryoptimizerneeds.

ThoughDefinition3.1 is quitegeneral,any estimationplanthatdoesnot reusetheintermediate
tablesynopsesis clearlysub-optimal.Fromnow on, we will restrictour attentionto plansthatdo
reusesuchintermediatesynopses.

In a traditionaloptimizationalgorithm,theestimationprocessitself is performedon demandas
new intermediaterelationsaregenerated.The estimationplanningalgorithmswe proposein this
paperareusedasapreprocessingphasethattells theoptimizerwhich intermediatesynopsesshould
beconstructedfor optimalcomputationof the requiredestimates(Figure4). Note thatestimation
planningdoesn’t createthe intermediatesynopsesitself, but only decideswhich synopsesto con-
struct. The creationof synopsesis integratedinto the optimizer’s cardinality-estimation routines
usingtheselection,projectionandjoin operationsasdescribedin theprevioussection.

3.3 Problem Definition

Wearegivenasetof relationsandamulti-way join queryover theserelations.For brevity, we will
assumethatthequeryonly containsjoin operators.Thisqueryis representedin theform of aquery
graph, wheretheverticesof thequerygraphcorrespondto the input relations,andanedgein thee

In this paper, we donotallow for approximationsduringtheestimationprocess.Wewill revisit this issuein Section
7.
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querygraphcorrespondsto a join betweenthecorrespondingrelationsin thequery. Figure5 shows
anexamplequerygraphover threerelations.For eachrelationin thequery, we aregivena multi-
dimensionalhistogram over all the attributesof the relationthat are involved in any of the joins.
Given thesehistograms,we arerequiredto estimatethe cardinalitiesof all intermediaterelations
thatcouldbegeneratedby astandardSystemR-stylequeryoptimizer& .

Continuingwith our example(Figure5), theSystemR queryoptimizerwill requireestimating
the sizesof the relations (_. , .�1 , and (_.�1 from the threebasetable histograms,(1) EGf� , (2)
EhgL , and (3) E F��L . Note that the former two are one-dimensionalhistograms,whereasthe third
histogramis a two-dimensionalhistogram.Therearetwo estimationplansfor this querythatreuse
intermediatetablesynopses:

1. EGf� @7EIF��L [�] EIf!F��L S ��UWV��#XWY[\[:[�[$] EIf!FL
E F��L S ��UWV��#XWY[\[:[�[$] E FL
EGFL @7E gL [i] EGF gL
E f!FL @7EhgL [i] E fiF gL
Thecardinalitiesof thethreeintermediaterelations,(_. , .�1 , and (_.�1 arecomputedasthe
histogramsEIf!F��L , EIF gL and EGfiF gL arebuilt. Note that the last two histograms,EGF gL and
E f!F gL , don’t actuallyneedto bebuilt astheestimatescanbecomputedwhile performingthe
joins. Thoughthis resultsin reductionin theamountof memoryrequiredduringestimation,
it doesnotaffect thecomputationalcostof estimation.

2. E F��L [�] E F�
EGf� @7EIF� [i] EGfiF� (estimate6 (_. 6 )
EGF��L @7E gL [i] EGF g� (estimate6 .�1 6 )
E f� @7E F g� [i] E fiF g� (estimate6 (_.�1 6 )
For clarity, we do not show theprojectoperationsexplicitly here;they canbe inferredfrom
thesubscripts.

As we cansee,thehistogramE gL is involved in two join operationsin thefirst plan,but only
oncein thesecondplan,whereasE f� is joinedoncein thefirst planandtwice in thesecondplan.
If thesizesof thesetwo histogramsdiffer considerably, thenevenin this simpleexample,oneplan
canbesignificantlymorecost-effective thantheotherplan.

3.4 Solution Space

Planningproblemsareonly difficult if thesolutionspaceis very large; that is indeedthecasehere.
Considera j -relationjoin querywithout any selectionpredicates.Dependingon theshapeof the
querygraph,thenumberof intermediaterelationsvariesbetweenkmlnjporq (for a “path query”) andsutwv � (for a “star query”) [OL90]. Now, the cardinalityestimatefor any intermediaterelation x�y
canbe computedby building histogramson any two (possiblyintermediate)relationswhosejoinz

Thoughwe assumethat the queryoptimizerusesa SystemR-styledynamicprogrammingalgorithm(extendedto
searchthroughbushyplans),thediscussionin this papercanbeeasilyextendedto othercommercialoptimizationtech-
niqueslike thetop-down schemeof Cascadesusedin productslike MS SQL Server [Gra95]
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producesx$y . Forexample,for thequerygraphof Figure5, thecardinalityof therelation (_.�1 canbe
computedeitherfrom histogramsonrelations( and ./1 , or from thoseonrelations(_. and1 . Note
thatthechoiceof histogramsto beusedfor estimatingthecardinalityof someintermediaterelation
is independentof thechoicemadefor otherintermediaterelations.This resultsin anexplosionin
thenumberof possibilitiesfor computingtherequiredestimates.For a starquerywith j relations,
this numbercan be (very conservatively) estimatedto be k�l s &�� q , whereasfor a j -relationpath
query, thereareat least k�lnj t z q solutionsto thisproblem(Pleasereferto AppendixB for aproofof
this claim).

3.5 A ConstrainedSolution Space

In this section,we show how to constrainthe solution spaceso that it is easierto describethe
solutionsandsearchin this smallerspace.As we will show, this constraintarisesnaturally, and
in many casesthe optimal solution shouldbe presentin this space. For sake of clarity, we will
temporarilyassumethatthequerygraphis a tree;we show how to relaxthisassumptionin Section
3.6.

Let 1 bethegivenquerytree,andlet J�@9M bea
s
-relationjoin in thisquery. Let E HF�� and EGKF'�

bethehistogramson thesetwo relationsonattributesets. � and .QL respectively. During thecourse
of estimation,we will have to join thesetwo histogramsat sometime to estimatethecardinalityof
relation J�M , asthat is theonly way we have availableto computethecardinalityof this relation.
As a resultof this join, we geta histogramE H KF �r� F � on the intermediaterelation J�M . Now, during
theestimationprocess,we might want to storea histogramon this intermediaterelationfor usein
furtherestimation.Thisstoredhistogramcouldbeany projectionof E H KF ��� F � , including EIH K¡ – i.e.,
no histogramis storedfor this relation.

Thekey observationto makehereis thatprojectingoutattributesthatparticipatein furtherjoins
limits theuseof this storedhistogramfor subsequentestimation.Supposewe form theprojection
EIH K¢ , andlaterwantto estimatethecardinalityof theresultof joining J�M with anotherrelation ( .
If
{

doesnot includetheattributesthat join J�M with ( , thenwe mustcomputethecardinalityof
J�M�( usingsomeotherhistograms(e.g. EGK f and E H ).

This notion canbe formalizedinto a simpleconceptualprocedureto find all the intermediate
relationsfor which the cardinalitycanbe estimatedusing E H K¢ andthe restof the baserelation
histograms:� Merge thetwo nodesJ and M in thequerygraph 1 to form a new node J�M . All theedges
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incidenton J and M will now beincidenton J�M (exceptfor l£J_��M�q ).
� Foreveryattribute ¤ thatis projectedout, i.e. for every ¤ =¥ { , removetheedgecorresponding

to thatattribute from 1 (Duplicatejoin attributes,if present,canberenamedtemporarilyso
thateachattributecorrespondsto exactlyoneedgein thequerygraph).
� Enumeratetheintermediaterelationsthatcanbegeneratedby theconnectedcomponentof 1

thatcontainstherelation J�M . Thesearetheonly relationsfor which thecardinalitiescanbe
estimatedusingjust EIH K¢ andhistogramson baserelationsotherthan J and M .

Figure6 shows an exampleof how the choiceof
{

determinesthe intermediaterelationsfor
which the cardinalitiescan be estimated. �p�u�Zj�lZ.¦q denotesthe intermediaterelation formed by
joining therelationsin . .

Theabove discussionimmediatelyleadsusto thefollowing theorem:

Theorem 3.1 Givena querygraph 1 anda estimationplan � , there existsat leastoneedge §¨-
l��©���*q ¥ 1 such that theentire multi-dimensionalhistogram that is theresultof joining � and �
is materializedin � .

Proof: Intuitively, if theentireresulthistogramis not materializedfor at leastonejoin presentin
thequery, thenthereis no way to estimatethecardinalityof theoverall queryresultaccurately.

Definition 3.2: Givenanedge § ¥ 1 , theprocessof materializingtheentire resulthistogramthat is
theresultof joining thetwoendpointsof § is calledcollapsingedge§ .
Giventhisdefinition,we make thefollowing claim :

Claim 3.1 In an optimal estimationplan, if the edge l£J���M�q is collapsed,and the resultinghis-
togram is usedto estimatethe cardinality of the overall queryresult, then this histogram is also
usedto estimatethecardinalitiesof all intermediaterelationsthat containboth J and M .

Theintuition behindthis claim is that,if thebestway of estimatingthecardinalityof thequery
resultinvolvescollapsingtheedge l£J���M¨q , thenit mustalsobethebestway to computecardinality
of any intermediaterelationthatcontainsboth J and M . We will assumethat this claim holdstrue
for restof the paper, even thoughwe have not beenable to prove it in general. As we will see
in our experimentalresults,in spiteof makingthis assumption,we arestill ableto find very good
estimationplans.

Giventhis claim, we have that if theedgeconnectingrelationsJ and M is collapsed,thenthe
resultinghistogramon J�M is usedto estimatethecardinalitiesof all theintermediaterelationsthat
containJ�M . Wealsoneedto estimatethecardinalitiesof theremainingintermediaterelations.Both
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of thesecanbeachievedby recursivelysolvingmultiple smallersizedsubproblems.Thestructure
of thesubproblemscreateddependsonwhethertheedgethatis collapsedis aleafedgeor aninterior
edge.� Leaf Edge: As shown in Figure7, collapsinga leafedge l£J���M�q resultsin two subproblems

:
� A subproblemon the querygraphobtainedby merging the two nodesJ and M . The

histogramon node J3M is formedby joining thehistogramson relation J and M . The
join attribute is projectedout from E H K if it is notneededfurther.� A subproblemonthequerygraphobtainedby deletingthenodeJ andtheedgel£J_��M�q .
Again,thejoin attributecorrespondingto theleafedgecanbeprojectedout from EIK if
notneededfurther.

The first subproblemis to estimatethe cardinalitiesof the intermediateresultsthat include
both the relations J and M , whereasthe secondsubproblemis to estimatethe cardinalities
of the restof the relations.The restof thehistogramsfrom theoriginal problemarepassed
unmodifiedto boththesubproblems.
� Interior Edge: Collapsinganinterior edge l£J_��M�q resultsin threesubproblemsasshown in

Figure8.
� Subproblemformedby merging the two nodesJ and M andjoining thehistogramon

theserelationsto getahistogramon relation J3M .� Two subproblemsobtainedby removing theedgel£J_��M�q from theoriginalquerygraph.

Note that, thehistogramon therelation J3M will be larger in dimensionalitythateither EIH
or EGK , evenif thejoin attribute is projectedaway immediately.

The subproblemsthat arecreatedafter collapsingan edge,if solved independentlyof eachother,
mayboth estimatecardinalitiesof someintermediaterelations(specifically, the intermediaterela-
tions thatdo not containeither J or M ). For example,Figure9 shows theresultof collapsingthe
edgebetweenrelationsJ and M in anexamplequerygraph.As we cansee,boththesubproblems
sharethecomputationof estimatingthecardinalityof relation ª¬« . While executingsuchanesti-
mationplan, thesecomputationsarenot repeated.We will refer to theseasseparatesubproblems
for sake of clarity.

As we assumethattheClaim 3.1 is true,this subspaceof estimationplanscontainstheoptimal
estimationplan,andassuchwe will focusonly on this subspaceof plansin the restof thepaper.
Notethat in spiteof imposingthis constrainton theplansconsidered,this spaceis still very large.
For astarquerywith j relations,thetotal numberof plansis still morethan k�l s &�� q .

10
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3.5.1 Leaf-only Plans

The differencein the subproblemsthat arecreatedbasedon whetherthe edgethat is collapsedis
a leaf edgeor not leadsto a naturalsubclassof estimationplansthat only collapsea leaf edgeat
any stage.We will call thesekinds of estimationplansleaf-onlyplans. Theseplansform a very
importantsubspaceof estimationplans. As discussedearlier, collapsingan interior edgealways
createsa histogramlarger in dimensionalitythatany of the input histograms.As such,anoptimal
estimationplanrarelyinvolvescollapsinginterioredgesandtheoptimalplancanbeexpectedto be
oftenfoundin thespaceof leaf-onlyplans.

3.6 Cyclic Queries

Cyclic queriesarethosein which thequerygraphhascycles.Therearetwo possiblescenarioshere
basedonwhethertheoptimizationalgorithmitself makesuseof all thejoins in thequery:� Optimizer breakscycles: A commonway of dealingwith cyclesin thequerygraphis to

breakthe cyclesto getan acyclic graph. The join conditionsthat have beeneliminatedare
thenappliedat theendasselections.Typically, aminimumweightspanningtreeof thequery
graph,wheretheweightson theedgesaretheselectivities of thecorrespondingjoins, is used
for this purpose[KBZ86]. In thatcase,thediscussionabove andthealgorithmswe develop
latercanbeappliedto theresultingquerytreewithout any modifications.
� Optimizer doesnot break cycles: The otherway to handlecyclic queriesis to optimize

over theentirespaceof plansthatcouldbegeneratedby any spanningtreeof thequerygraph.
In that case,theestimationplanneedsto estimatethecardinalitiesof intermediaterelations
that could be generatedby any spanningtree. We will show how the discussionabove can
beextendedto this casewith anexample.Considerthequerygraphasshown in Figure10.
Theorem3.1is truefor thiscaseaswell. Accordingly, let l£J���M�q beanedgethatis collapsed.
Then,againassumingthatClaim 3.1holds,thecardinalitiesof all intermediaterelationsthat
containboth relations J and M will be estimatedusingthe resultinghistogram.This gives
rise to multiple subproblemsasshown in Figure10, that needto be solved recursively. In
general,therearethreesubproblemsthatcanbefoundasfollows :
� MergethenodesJ and M to getanothercyclic query.� Deletethenodecorrespondingto relation M to getanother(possiblycyclic) query.� Deletethenodecorrespondingto relation J .

As before,thesesubproblemscansharecomputationand this computationis not repeated
duringexecutionof theestimationplan.
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4 Algorithms

In this section,we develop algorithmsfor finding anestimationplan for a givenquerygraph. All
theestimationplansfoundby our algorithmsresidein theconstrainedsolutionspaceintroducedin
theprevious section.We will first presentanalgorithmthatexhaustively searchestheconstrained
solution spacein k�lnj sut q time and finds the optimal plan undera condition that is satisfiedby
many histogramtechniques.As thecomputationalcomplexity of theexhaustive algorithmmakesit
infeasiblein general,wepresentheuristicalgorithmsthataremuchmoreefficient. As wewill show
later(Section6), ourheuristicsproducereasonablygoodplansin mostcases.

4.1 Partitioning Structure EquivalenceProperty

Definition 4.1: Thepartitioningstructureof a histogram is definedto be the way the histogram
partitionsthespaceit approximates.

As an example, for MHist-style histograms,it is definedby the boundariesof the buckets that
the histogramcontains. For Wavelets,it is definedto be the supportsof the coefficients that are
stored,including thesign information[CGRS00]. Theactualfrequenciesstoredwith the buckets
arenot relevant to thepartitioningstructure.The partitioningstructureof any synopsistechnique
is very important,asthecomputationalcostof usingthesynopsesis completelydeterminedby the
partitioningstructuresof thesynopses.

This observation leadsto a large reductionin the numberof estimationplansthat needto be
considered. We formalize this notion throughthe following property : Partitioning structure
equivalenceproperty : Givena histogram EGfF onrelation ( andattributeset . , thefollowing two
histogramshaveexactlythesamepartitioningstructure :� EGfF ^ , where ./O�®R. and 6 ./O 6 - 6 . 6 [ ;
� EGf ^F ^ , where (¯O�-�(A@9(¯O O , for somerelation (¯O O
In otherwords,thehistogramresultingfrom projectingoutasingleattribute,andthehistogram

resultingfrom joining ( with someotherrelationon thatattributeandprojectingout thatattribute,
have exactly the samepartitioningstructure. Going back to our earlierexample(Figure5), this
propertymeansthathistogramsE FL and E fiFL have exactly thesamepartitioningstructure,though
theactualfrequenciesassignedto thebucketsin thesetwo histogramswill usuallybedifferent.

Thispropertyissatisfiedfor all synopsistechniquesweareawareof, includingMHists,Wavelets
etc.Giventhisproperty, following theoremholds:

Theorem 4.1 Given the partitioning structureequivalenceproperty, any sub-problemgenerated
using repeatedapplication of edgecollapsingsuch that only edges associatedwith uniquejoin
attributesare collapsed,is completelyspecifiedby the attributesassociatedwith the edgesin the
graphcorrespondingto thesubproblem.

Proof: Wewill show this in threesteps:

12



� Givena setof attributes . correspondingto a subproblem,we candeterminewhich attribute
setstheinputhistogramsareon. Thiscanbedoneby first collapsingall theedgescorrespond-
ing to theattributesnot in . in theoriginal querygraph,andthenenumeratingtheattribute
setscorrespondingto thenodesin thisnew graph.
� This is the key stepin this proof. Now, if the join attribute associatedwith the collapsed

edgeis not associatedwith any other edge,then this join attribute can be projectedaway
immediatelyfrom all thehistogramsin theresultingsubproblems.Giventhatthepartitioning
structureequivalencepropertyholds, it is easyto seethat the partitioningstructureof any
histogramin any of the subproblemsis completelyspecifiedby the attributeson which the
histogramis built. As such,thepartitioningstructuresof theinput histogramscorresponding
to thesubproblemareuniquelydetermined.
� For computationalcomplexity purposes,only the partitioning structuresof the input his-

togramsarerelevant.Theactualfrequenciesassociatedwith thehistogramsareirrelevant.
Hence,givenasetof attributes,thereis auniquesubproblemthatis associatedwith it.

This theoremprovesveryusefulin searchingthroughtheconstrainedspaceof estimationplans.
For example,thetwo subproblemsthatarecreatedaftercollapsinga leaf edgehave thesamesetof
join attributesassociatedwith them,andassuch,theoptimalestimationplanfor solvingoneof the
subproblemsis exactly sameastheoptimalestimationplanfor theothersubproblem.

4.2 Exhaustive Algorithm

Theorem4.1 immediatelyprovidesuswith anexhaustive algorithmthatsearchesthroughthecon-
strainedspaceof estimationplansexhaustively andfinds the optimal plansefficiently as long as
thereareno duplicatejoin attributes.We will discusshow this algorithmcanbeusedin casethere
areduplicatejoin attributesin Section4.3.

This recursive algorithmessentiallymemorizesthesolutionsfor all subproblemsin a tablein-
dexedby subsetsof attributes.Thealgorithmsworksasshown in Figure11.

Thereare exactly
s t°v � possiblesubsetsof attributes for a j relation query, and hencethis

algorithmruns in kmlnj sut q time. Note that this algorithmruns in exponentialtime even for path
queriesfor which thenumberof intermediaterelationsitself is polynomialin j ( k�lnjpo$q ) [OL90].

4.2.1 Costof Collapsing

Oneof thekey requirementsof this,andtheotheralgorithmswe develop,is theability to compute
thecostof collapsinganedge(line 8). As describedin Section3.5,this costconsistsof performing
one or two projectionsandone join. In general,it is not possibleto computethis cost without
constructingtheresultinghistogramsthemselves,but thereareseveralimportantcaseswhereit can
beestimatedaccurately. Otherwise,thealgorithmwill have to berun with approximatecosts.We
will revisit this issuein moredetail whenwe discusshow to apply thesealgorithmsto prevalent
histogrammingtechniques(Section5).

4.3 Duplicate Join Attrib utes

Theorem4.1isnotsatisfiedif thejoin attributeassociatedwith theedgeappearsmultipletimesin the
query. Thisproblemcannotbesolvedby renamingthejoin attributes.As anexample,considerthe
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Input: ±²-²lZ�¦����q , a join graph;³ , histogramson therelationsin ± ; ´ , a tableindexedby setsof
attributesthatcontainoptimalsolutionsaswell astheir costs(initialized to beemptyin thebeginning)
Output : Optimalcostof estimatingcardinalitiesfor intermediaterelationsthatcanbegeneratedby ±
begin
1. .9µ [ setof join attributespresentin ±
2. if ´ containsasolutionfor . , returnthecost
3. else
4. for eachedge§ ¥ � , do
5. collapse§ to getsmallersizedsubproblems
6. ¶ � µ [ sumof optimalcostsfor thesubproblems(foundrecursively)
7. adjust ¶ � by subtractingthecostof repeatedsubproblems
8. ¶�&·µ [ costof collapsingthisedge(thecostof performingrequiredjoinsandprojections)
9. ¶ � µ [ ¶ �/¸ ¶ &
10. done
11. let §�O ¥ � betheedgewith minimal total cost
12. updaté by addinganew entry |u./��¶�� ^ �
13. return ¶¹��^
end

Figure11: TheExhaustive Algorithm
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Figure12: DuplicateJoinAttributes

querygraphasshown in Figure12. Supposetheedge l£(*��.¦q is collapsedresultingin two subprob-
lemsasshown. Thefirst subproblemshasaninput histogramon relation (_. , EIf!F� -�EIf� @REIF� ,
whereasthesecondsubproblemhasasan input the histogramEGF� . Both thesesubproblemshave
thesamesetof join attributesassociatedwith it, evenif werenamethejoin attributesuniquely. But
clearly, thetwo histogramsEIf!F� and EGF� will not, in general,have thesamepartitioningstructures.
As such,Theorem4.1 doesnot hold in this case,and the exhaustive algorithm cannot be used
directly.

We get aroundthis problemby never collapsingedgesthat areassociatedwith duplicatejoin
attribute until thevery endwhenno otheredgesarepresentin thesubproblem.At thatpoint, the
subproblemsthatneedto besolvedusuallyinvolve low-dimensionalhistograms(usuallynot more
thanonedimensional)andassuch,collapsingthe restof the edgesin any arbitraryorder is not
computationallyexpensive.
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4.4 Heuristic Algorithms

The exhaustive algorithmdescribedabove runsin exponentialtime regardlessof the querygraph
shape,andassuch,is not feasiblein practice.Herewewill developsomesimpleintuitive heuristics
that arehighly efficient anddiscussthe circumstancesunderwhich they canbe expectedto work
well.

1. Exhaustive Search over Leaf-only Plans (EXH-LO): Insteadof using the exhaustive al-
gorithm to searchtheentireconstrainedestimationplanspace,this algorithmonly searches
throughleaf-onlyplans.Thecomplexity of this algorithmis muchlower; in fact, it is com-
parableto thecostof basicqueryoptimizationalgorithm. We establishthis correspondence
throughthefollowing theorem(Pleasereferto AppendixB for theproof) :

Theorem 4.2 There is a one-to-onecorrespondencebetweenthe subproblemsencountered
during an exhaustivesearch over leaf-onlyplansandthesubproblemsencountered in a Sys-
temR-stylequeryoptimizer.

As we have arguedbefore,the costof collapsingan interior edgeis, in general,very high
comparedto thecostof collapsinga leafedge,andassuch,theoptimalestimationplanrarely
involvescollapsinganinterior edgefor any subproblem.Hence,this algorithmusuallyfinds
anoptimalestimationplan. Note that this algorithmstill takesanexponentialtime to finish
undermany querygraphshapessuchasstarqueries.

2. Choosethe edgewith minimum/maximum costof collapsing(MIN/MAX) : As thegoal
of an estimationplan is to minimize the total costof collapsingover all collapsededges,a
heuristicthatgreedilycollapsestheedgethatrequiresminimumcostof collapsing(MIN) can
beexpectedto performwell. On theotherhand,a heuristicthatgreedilycollapsestheedge
that requiresmaximumcostof collapsing(MAX) would beexpectedto do muchworse.As
it turnsout (Section6), this is not necessarilytrue,andin fact,MIN resultsin muchslower
estimationplansthanMAX for someclassesof histogrammingtechniques.

This counter-intuitive observation can be partially explainedas follows : An edgethat is
collapsedin thebeginningis only collapsedonceduringexecutionof theestimationplan,and
assuchthecostof collapsingthatedgeis only experiencedonce.Ontheotherhand,theedges
thatarecollapsedlater in theestimationplantendto contributemultiple timesto theoverall
costof executingthe estimationplan as the later subproblemsareexecutedmultiple times
with differentinput histogramsduringtheestimation.Wewill revisit this issuein Section6.

5 Analysis of Prevalent Histogram Techniques

In thissection,we look atvarioussynopsistechniquesandanalyzetheestimationplanningproblem
for thesecases.We will discusstheMHist techniquein detail asit sharesa lot of propertieswith
theothercomplex synopsistechniquesandthenbriefly discusstheothersynopsistechniques.

5.1 MHists

MHists [PI97] approximatethedistribution by partitioningthespaceto beapproximatedinto dis-
joint bucketsrecursively. Figure13(i) shows anexampleof a2-dMHist. Thenumberson thesplits
show theorderin which thesplitsweredone.MHists areeasyto constructandmaintain,andhave
beenprovento behighly effective for selectivity estimation[PI97].
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5.1.1 Representationof MHists

Therearetwo waysto representbaserelationMHistsandtheintermediateMHiststhataregenerated
in theoptimizationprocess.

� Representationusing Bucket Boundaries (BB) [PI97]: In this representation,the bucket
boundariesof thebucketsareexplicitly representedalongwith theaveragefrequencies.Though
thebaserelationhistogramsrequirethebucketsto bedisjointof eachother, wewill allow for
overlappingbucketsin this representation.

� Representationusinga split-tr ee(ST) [DGR01]: Thishighly efficient representationstores
thesplitsthatweremadeduringconstructionof aMHist asatree.Theaveragefrequenciesare
storedat theleavesof this tree.This representationis almost k�l£º8q timesmorespace-efficient
that the representationabove, where º is the dimensionalityof the histogram.Queryingis
also fasterusingthis representationas the split-treecanbe usedto guidethe searchto the
leavesthatcontaintheanswer. Figure13(ii) shows thesplit-treefor theexampleabove.

In general,we expectthebaserelationhistogramsto bein thelatter formatdueto low storage
requirements,but during thequeryoptimizationprocess,eitheroneof the representationsmaybe
usedfor storingtheintermediateMHists thataregenerated.

5.1.2 Costof collapsing

As wewouldexpect,thecostof collapsingdependson therepresentationusedfor storingtheinter-
mediatehistograms.We will assumethat thebaserelationhistogramsarein thesplit-treeformat,
whichcanbeeasilyconvertedto theotherrepresentationif required.

� BB-representation: As weallow overlappingbuckets,theprojectionoperationis simplified
in thisrepresentation.It canbeachievedby “forgetting” theinformationabouttheboundaries
alongthe attributesthat areprojectedout. Join operationis moreexpensive aswe have to
compareeachbucket from oneinputhistogramto eachbucket from theotherinputhistogram
to seeif thereis anoverlaponthejoin attribute.Thecostof this is kmlnj � j & q wherej � and j &
denotethenumbersof bucketsin theinput histograms.Notethat it is not possibleto predict
how many bucketsaregoingto bein theresulthistogramwithout performingthejoin itself,
unlessotherauxiliary informationis maintainedwith thehistograms.

Weidentify oneimportantspecialcasein whichit is possibleto predictthenumberof buckets
in the resulthistogram.Whenoneof the input histogramsis one-dimensionalandthe join
attributeis immediatelyprojectedaway, thenthenumberof thebucketsin theresulthistogram

16



is exactly sameasthenumberof buckets in theotherhistogram.Note that, this is theonly
join operationthat is performedif thedistinct join attributesassumptionis satisfied,andwe
consideronly leaf-onlyestimationplans.

� ST-representation: [DGR01]describehow join andprojectionoperationscanbeperformed
on MHists representedassplit-treessothat theoutputMHist is alsoin thesameformat. For
sake of completeness,we describethesealgorithmsin AppendixA. Thecostof theproject
operationcanbe approximatedasthesizeof the resultinghistogram,whereasthe costof a
join operationis alwayslessthan j � jp& , but it is not possibleto predictit moreaccurately. A
join operationcostslessin this representationbecausethesplit-treerepresentationis usedto
eliminatecomparisonsbetweenbucketsthataredefinitelynon-overlapping.In general,it is
not possibleto predicttheresultsizesof eitherof theseoperations.Therequirementthat the
resultbe in split-treeformat resultsin a large variability in the resultsizes.This variability
alsomakes it imperative that we be able to at leastestimatethe result sizesaschoosinga
bad edgeto collapsecould result in very large intermediatehistograms.We estimatethis
numberunderworstcaseassumptionsby makingjustonebottom-uppassonthetree.Briefly,
for eachnodein the subtree,we count the numberof splits alongeachdimensionin that
subtree. If the nodeinvolves split on an attribute that is being projectedaway, thesetwo
vectorsof split countsarecombinedby assumingthatthisprojectioncreatesaregulargrid on
thespacecoveredby thesubtree.This generatesa very conservative estimateof thesizeof
theprojection,but we found that it worked very well in practice.In future,we plan to look
into this issuemoreclosely.

We will revisit the issueof which representationshouldbeusedduringthequeryoptimization
processin Section6.

5.2 Other SynopsisTechniques

We will briefly analyzethreeother synopsistechniqueswith regardsto applicability of the cost
modelsandalgorithmsdiscussedabove.� Wavelet-basedSynopses:As regardstocomputationalcomplexity, Wavelet-basedsynopses[VWI98,

MVW00] arevery similar to theMHist histogramsdiscussedabove. In fact,[CGRS00]pro-
posestoringthesesynopsesby explicitly recordingthebucket boundaries.Themaindiffer-
encebetweenthesetwo techniquesis thatagivenWaveletcoefficientmaycontributedifferent
valuesto thespaceassociatedwith it. Thoughtheabsolutevaluecontributedis thesame,it
may contribute a negative valueto someregionsof the space,andpositive to the other. In
spite of this difference,the cost modelsand the algorithmsdescribedabove canbe easily
extendedto thiscase.
� Self-tuning Histograms [AC99, BCG01] : ThoughSelf-tuninghistogramsare uniquein

that they areconstructedwithout looking at the data,with regardsto computationalcostof
histogramoperations,thesearealsovery similar to theMHist histograms.
� Dependency-basedHistograms [DGR01] : Thesehistogramsusestatisticalmodelingtech-

niquesto discover dependenciesbetweenattributesof a table and usethesedependencies
to approximatea high-dimensionalprobability distribution with a collectionof smallerdi-
mensionalityhistograms.Thesehistogramsposean additionaldegreeof complexity asthe
smallerhistogramshave to becombinedat runtimeto geta histogramon thebasetable.Un-
fortunately, theapproachof combiningthesmallerhistogramsassociatedwith eachbasetable
separatelyto getonehistogrampertablecanresultin very largeintermediatehistograms.The
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Figure15: Querygraphshapes;(i) pathquery, (ii) starquery, (iii) two starsquery

algorithmswe presentin this papercanbe usedinsteadto avoid constructionof suchlarge
tables.

We will show this throughan example. Considerthequerygraphasshown in Figure14(i)
andlet the decompositionof the threedimensionalhistogrambe asshown in Figure14(ii).
Composingthesetwo smallerhistogramson the relation « to get a histogramon all the
attributesinvolvesanoperationvery similar to a join, thoughwith a slight differenceasde-
scribedin [DGR01]. Given this kind of decomposition,we cancreatea new problemto be
solved asshown in Figure14(iii). Essentially, all theexternaledgesareassociatedwith the
smallerdimensionalhistogramsdependingon the correspondingjoin attributes. The edge
l£M���«¼q canbeattachedto eitherof thetwo histogramson « . Now, thealgorithmsdescribed
in this papercanbe usedto solve this new problem. Note that, this new problemwill find
the cardinalitiesof many relationssuchas J�« � that don’t exist andthesecardinalitiesare
thrown away. Only cardinalitiesof thoserelationsthatcontainsboth « � and « & arerequired.
Notethat,the join involving theedgebetween« � and «¨& is a slightly differentkind of join
asmentionedbefore.This is of no consequenceduringtheestimationplanningasthecostof
this join operationis similar to thecostof histogram-join,but duringestimation,correctjoin
shouldbeused.

Notethat,this new problemwill almostalwayscontainduplicatejoin attributes.Thoughthe
algorithmsdescribedin thispapercanstill beusedto solve thenew problem,weplanto look
into thecaseof duplicatejoin attributesin moredetail in future.

6 PerformanceStudy

In this section,we will presenta performancestudyevaluatingthevariousalgorithmictechniques
thatwedescribedin thispaper. Wewill concentrateontheMHist-stylehistogramsanddiscussboth
theBB andST representationsin detail asthey presenttwo extremesin complexity of operations
andassuch,covera largenumberof othersynopsistechniques(Section5).

Themainresultsof this sectioncanbesummarizedasfollows :
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Figure17: Performanceof thealgorithms(BB Representation)

� The costof estimatingthe intermediatetablecardinalitiescanbe very high, especiallyfor
complex histogrammingtechniques.
� Theheuristicalgorithmsproposedin thispaperfind goodestimationplansvery efficiently.
� Thecostof estimationplanning,i.e., thecostof finding a goodestimationplan,is morethan

offsetby thesavingsobtainedby usingagoodestimationplanduringestimation.

6.1 Experimental Setup

As the critical input to the estimationplanningproblemis the shapeof the querygraph,we ran
experimentsfor variousdifferent querygraphshapes.We report resultsfrom threequerygraph
topologies:(1) pathqueries,(2) starqueriesand(3) querieswith two stars(Figure15). As thecost
of computingthecardinalityestimatesonly dependsonthepartitioningstructuresof thehistograms,
we generatethebaserelationMHists randomlyasrequired,sothatwe have flexibility in choosing
thesizesof histogramsaswell thequerytopologies.All theexperimentswereconductedon adual
Pentium667MHzmachinerunningLinux with 512MB of RAM.

6.2 Cost of Estimation

With this simpleexperiment,we show thatthecostof computingtherequiredcardinalityestimates
canbevery high, especiallyif theestimationplanis not chosenintelligently. We will comparethe
estimationtimesof thenaiveestimationtechniquethatestimatesthecardinalityof eachintermediate

19



0
½

2
Í

4
Î

6
Ï

8
Ð

10
½

Number of Relations

0.0

0.2

0.4

0.6

0.8

1.0

R
un

ni
ng

 T
im

e 
(s

ec
)

Ñ

Two Stars Query

EXH-LO
Ò
EXH
MIN
Ó
MAX

0
½

2
Í

4
Î

6
Ï

8
Ð

10
½

Number of Relations

0.0

0.2

0.4

0.6

0.8

1.0

R
un

ni
ng

 T
im

e 
(s

ec
)

Ñ

Star QueryÔ

EXH
Ò
MAX
MIN
Ó

0
½

2
Í

4
Î

6
Ï

8
Ð

10
½

Number of Relations

0.0

0.2

0.4

0.6

0.8

1.0
R

un
ni

ng
 T

im
e 

(s
ec

)

Path QueryÔ

EXH-LO
Ò
EXH
MAX
Ó
MIN

Figure18: RunningTimesof thealgorithms(BB Representation)

relation separatelyusing just the baserelation histograms,and the optimal estimationplan that
reusestheintermediatesynopses.We will only show this for theBB-representationMHists, asthe
resultsarevery similar for theST-representationMHists.

For thisexperiment,all thehistogramsizeswerechosento beequalandthetotalspaceoccupied
by thehistogramswasvariedfrom 4KB to 20KB. This is actuallysmallerthanthetypical sizesof
synopsesin currentdatabasesystems,but the naive estimationplan doesnot finish in reasonable
time with largerhistogramsizes.For comparisonpurposes,we alsoshow therunningtime of the
basicqueryoptimizationalgorithmassumingthatcomputingestimatestakeszerotime. As we can
seein Figure16, thereis anorderof magnitudedifferencebetweenthenaive planandtheoptimal
plan,especiallyfor thetwo starsquerytopology. Thequeryoptimizationtime is smallerthaneither
of thesetwo estimationtimes,andbarelyregisterson thegraph.

6.3 BB-representation

Wewill first show theperformanceof thealgorithmsaswell astherunningtimesof thealgorithms
for theBB-representation.

6.3.1 Performanceof the Algorithms

With this experiment,we will comparethe effectivenessof the algorithmsthat we developedin
this paperin finding a goodestimationplan. We comparethe threeheuristicsthat we developed
in Section4.4 with the exhaustive algorithm. The sizesof the histogramswererandomlychosen
so that the total spaceoccupiedby the histogramsis constant.We show the runningtimesof the
estimationsplanschosenby thealgorithmsaveragedover 10 runs.As we canseein Figure17, the
optimal plan is almostalwaysfound in the spaceof leaf-only plans. Becauseof the high costof
collapsinganinterior edge,suchedgesarerarelycollapsedin favor of leaf edges.For starqueries,
all theplansareleaf-onlyplansandhencewedonotshow differentcurvesfor thesetwo algorithms
in thatcase.TheMAX algorithmalsotendsto find very goodestimationplans,whereastheother
greedyheuristic,MIN, finds much worseplans. In fact, for the star query topology, the MAX
algorithmcanbeshown to beoptimalfor thesekindsof histograms.

Thisperformanceof thegreedyheuristicsis consistentwith theargumentweoutlinedin Section
4.4. The edgesthat arecollapsedearlier tend to contribute only a few times to the overall cost
of estimation,whereasthe edgesthat arecollapsedlater appearin multiple subproblemsandas
such,tendto contributemultiple times.As such,a heuristicthatcollapsestheminimumcostedges
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Original No. No. of buckets
of Buckets in projectedMHists
100 94,152,179,679,833,916
200 410,422,619,2806,3066,3331
500 1553,1860,2454,15229,17671,23394
1000 5438,6947,11644,57428,61757,101421
2000 18869,22739,48573,190104,246900,463324
5000 93011,152519,242515,945354,1702143,2537899

Table1: Explosionafterperforminga projectionon theST-representation

greedilycanbeexpectedto performworsethana heuristicthatcollapsesthemaximumcostedges
first.

6.3.2 Running Time of the Algorithms

Figure18 shows the runningtimes for thesealgorithmsfor the threequery topologies. Noneof
thealgorithmsareaffectedby actualsizesof thehistograms,andassuch,thecomplexity of each
algorithmonly dependsonthequeryshape.As wecansee,for thepathquerytopology, therunning
time of EXH-LO is much lower than that of EXH. This is becausethe former is a k�lnj & q time
algorithm,whereasthe latter is anexponentialtime algorithm. For starqueries,all plansareleaf-
only andassuchboththealgorithmstakesametimeto finish. For two starstopology, thedifference
betweenthe two algorithmscan be proved to be abouta factor of

s
as can also be seenin the

correspondinggraph.Both thegreedyheuristicsrun muchfasterthantheotheralgorithms,asboth
arethemareessentiallylineartime algorithms.

Thebenefitsof intelligentestimationplanningcaneasilybeseenfrom thesetwo experiments.
Thedifferencebetweenagoodestimationplanandabadestimationis muchlargerthantherunning
time of the MAX algorithm, andeven the EXH-LO algorithm in many cases.Consideringthat
the total spaceallocatedto histogramsin typical databasesystemsis quite large, the benefitsof
estimationplanningcanbetremendous.

6.4 ST-representation

Thebehaviour of theestimationplanningalgorithmschangesconsiderablyif theintermediatehis-
togramsarestoredin the ST-representationor any representationthat doesnot allow overlapping
buckets. The main reasonbehindthis is the requirementof keepingthe resultinghistogramsin
non-overlappingbucketsformatresultsin a largenumberof bucketsin thehistograms.

Weillustratethisphenomenonthroughanexample.Table1 shows thenumberof bucketsin the
projectionsof a 6-dimensionalMHist on all 5-attribute subsetsof the6 attributes. As we cansee,
thenumberof bucketsin theprojectioncanbemuchlargercomparedto thenumberof bucketsin
the original MHist andalso,the projectionseemto exhibit a large variability in the sizes. While
underliningtheimportanceof choosinganestimationplancorrectly, this alsobegs thequestionof
why theintermediatehistogramsshouldbestoredin thisformatatall. Wewill addressthisquestion
in Section6.5.

21



0
Å

10
Å

20
Å

30
Å

40
Å

Total Space occupied by the histograms (in KB)Æ
0.0

0.5

1.0

1.5

2.0
A

ve
ra

ge
 E

st
im

at
io

n 
C

os
t

Path Query (10 Relations)

EXH-LO
È
MAX
É
MIN
MAXMIN

0
Å

10
Å

20
Å

30
Å

40
Å

Total Space occupied by the histograms (in KB)Æ
0

5

10

15

A
ve

ra
ge

 E
st

im
at

io
n 

C
os

t

Ê

Star Query (6 Relations)Ë Õ

EXH-LO
È
MAX
É
MIN
MAXMIN

0
Å

10
Å

20
Å

30
Å

40
Å

Total Space occupied by the histograms (in KB)Æ
0

5

10

15

A
ve

ra
ge

 E
st

im
at

io
n 

C
os

t

Ê

Two Stars Query (8 Relations)

EXH-LO
È
MAX
É
MIN
MAXMIN

Figure19: Performanceof thealgorithms(STRepresentation)

6.4.1 Performanceof the Algorithms

Figure19 shows theperformanceof variousestimationplanningalgorithmsin this scenario.The
experimentalsetupis the sameasabove. We do not show the resultsfor EXH asthe algorithm
doesnot run in reasonabletime exceptin very smallcases.Themainproblemis thatcollapsingan
interioredgeresultsin ahistogramthatis largerin dimensionalitythateitherof theinputhistograms,
andin general,hasmuchlargernumberof bucketsthaneitherof them.

As we cansee,both the greedyheuristicsMAX andMIN performsmuchworsethanthe ex-
haustive algorithmEXH-LO. We have alreadyseenthe intuition behindbadperformanceof the
MIN algorithm,but even the MAX algorithmperformsbadly in this case.This is becausewhile
choosingto collapseedgesthat have maximumcostof collapsing,this algorithmgeneratesinter-
mediatehistogramswith very largesizes.For example,returningto our earlierexample(Table1),
MAX algorithmmaychooseto collapsetheedgethatresultsin creationof thehistogramwith size
2537899. Thisproblemdoesnotarisein theBB representationbecauseall theprojectionsof agiven
histogramcontainexactly thesamenumberof buckets.

Consideringthat the two greedyheuristicsperformbetterunderdifferentscenarios,we exper-
imentedwith a hybrid versionof the two calledMINMAX. This heuristicsimply runs both the
heuristicssimultaneouslyandchoosestheonewith bettercost. As we cansee,this heuristicper-
formsmuchbetterthaneitherMIN or MAX, thoughstill worsethantheexhaustive algorithm.

6.4.2 Running Time of the Algorithms

Figure20 shows therunningtimesof theestimationplanningalgorithms.As we cansee,therun-
ning timeof theEXH-LO algorithmmakesit impracticalin prettymuchall scenarios.As expected,
the greedyheuristicsMAX andMIN take muchlesstime. The MINMAX heuristicalsofinds an
estimationplan very quickly. Note that, sincethe MIN andMAX algorithmssharea lot of com-
putation(moreprecisely, creationof someskeletonhistograms),the time of MINMAX is usually
muchlessthatthecombinedtime for MIN andMAX.

6.5 Which representationto use?

As wehaveseen,thechoiceof thealgorithmsto useandtheirperformanceis greatlyaffectedby the
representationusedto storetheintermediateresults.This begsthequestion: which representation
shouldbe usedduring the optimizationprocess? BB-representationhasthe advantagethat it is
very simpleto useandimplement,andalsodoesnot leadto the samekind of variability asseen
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Figure20: RunningTimesof thealgorithms(STRepresentation)
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Figure21: Comparisonbetweenthetwo representations

with the ST-representation.On the other hand, if the order in which attributesare collapsedis
optimal,theST-representationcanresultin hugesavingsin estimationtime. This is mainlybecause
of two factors: (1) thesplit-treestructurecanguidethejoin procedureveryeffectively to eliminate
unnecessarycomparisonsbetweenbuckets, and (2) the projectionoperationcan result in small
histogramsbecausethis representationeliminatesany overlapbetweenbucketswithin ahistogram.

Figure21shows theresultsof anexperimentconductedto show thedifferencebetweenestima-
tion costsbasedontherepresentationused.As with thefirst experiment(Section6.2,thehistogram
sizeswerechosento beequalandthe total spaceoccupiedby thehistogramswasvariedbetween
8KB and 48KB. As we can see,for the two-starsquery and the path query, the ST representa-
tion resultsin significantsavings in estimationcost,whereasfor a starqueryon 8 relations,the
BB-representationperformsbetter. In fact, if the ST-representationis usedfor the starquery, the
intermediatehistogramsizesareso large that it is not possibleto executethe estimationplan for
largehistogramsizes.This is mainlybecauseof the7-dimensionalinput histogramthat,in general,
producesvery largeprojections.

This experimentsuggeststhat the ST-representationshouldbe usedin general,except when
large high-dimensionalityhistogramsarepresentin the input. A hybrid algorithmthat switches
betweenthe two representationsis not feasibleasit is computationallyvery expensive to convert
from theBB-representationto theST-representation.
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7 Conclusions

With theincreasinguseof complex summarizationtechniquesfor bettercardinalityestimation,the
questionof usingtheseoptimally becomesvery importantasthecomputationalcostof usingthese
complex techniquescanbe quite high. In this paper, we show how this problemnaturallyarises
whena SystemR-styleoptimizationalgorithmis extendedto usemulti-dimensionalhistograms,
andwe develop algorithmsfor finding goodestimationplansto computethe requiredestimates.
Our experimentalresultsvalidateboththeneedfor betterestimationplanningandtheperformance
of ouralgorithms.

We hopeto extend this work in many directions. Oneof the importantquestionsthat needs
to be answeredis whetherthe complexity of the estimationprocesscanbe reducedsignificantly
if the intermediatesynopsesthat are constructedare not requiredto be as accurateas possible
given the basetable synopses.We alsoplan to addressdifferentqueryoptimizationalgorithms,
as the intermediaterelationsthat areencounteredduring the processdependsignificantlyon the
optimizationalgorithm used. For example, randomizedalgorithms[IK90] requirecostingonly
a limited numberof query plans,and the estimationprocedureshouldbe able to estimateonly
thoseintermediatetablecardinalitiesthat arerequiredefficiently. Approximatequeryanswering
is anotherareawherethe techniquesdevelopedin this papercould be used. With increasinguse
of complex synopsistechniquesfor this purpose,approximatequeryingcan be computationally
expensive for largequeries,andassuch,estimationplanningmayhave to beemployedfor efficient
useof thesynopses.
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A Project and join operationson ST-representationMHists

A.1 Projection

Let’ssaywewanttoprojectad-dimensionalMHist onattributesÝ¬Þ�ßràràrà�ß�Ý3á onattributesÝ_Þ�ßràràràpß�Ý�á�â Þ .
Considerthesimplecasewhereonly thetopsplit (thevery first split madeduringtheconstruction)
is on attribute Ý3á , whereasrestof the splits on the otherdimensions.Let ãQä and ãQå be the two
childrenof theroot node.Notethatboththesesplit-treesrepresenta partitionof thesameæ£ç�è2é$ê -
dimensionalspace. If we want to project Ý�á out, then thesethis particular æ£ç�è�é$ê -dimensional
spacemustbesplit sothat it agreeswith both ãQå and ãQä . This is doneby iteratingover all buckets
of ã�ä andsplitting thespaceoccupiedby eachof thebucketsaccordingto ãQå . This is doneby first
finding out which of thesplitscontainedin ã!å arerelevant to this bucket andthenappendingthat
portionof ãQå to thecorrespondingleaf. Notethat,thisparticularoperationcanalsobethoughtof as
a spatial join betweenthebucketsof ã�ä and ãQå . We do not usea spatialjoin algorithmfor this,but
suchanalgorithmcouldbeusedif thenaive algorithmturnsout to becomputationallyexpensive.

Theprojectionalgorithmworks bottom-upusingtheabove ideato eliminateany splits on Ý�á
recursively. New bucket frequenciesare computedduring this processas well. Pleaserefer to
[DGR01] for details.Projectionsthat involve projectingout multiple attributescanbedonesimul-
taneouslyusingthisalgorithm.

A.2 Multiplication

Multiplication usesa very similar algorithmasabove. As a matterfact,both theseoperationsuse
a commonroutineasdescribedin [DGR01]. Let us saywe want to multiply two histogramsëìÞ
and ë�í thatareon attributes Ý¬Þ�ßràràrà�ß�Ý3á\ß�î_Þ�ßràràrà�ß�î�ï and Ý¬Þrßràràrà�ß�Ý3á�ß�ð·Þ�ßràràrà�ß�ðòñ resp.,to geta
histogramon attributes Ý_Þrßràràrà�ß�Ý�á�ß�î�Þ�ßràràrà�ß�î¯ï�ß�ð·Þ�ßràràrà�ß�ðòñ . This operationcanbethoughtof as
anspatialjoin wheretwo bucketsarecombinedto producea new bucket in theresultif thereis an
overlapin therangesof attributes Ý Þ ßràràrà�ß�Ý�á . We implementthis by iteratingover all thebuckets
of ëìÞ andfinding the relevant splits in ë�í that split the spaceoccupiedby that bucket. Again,
moresophisticatedspatialjoin algorithmscould be usedinstead,but thecomplexity of the above
operationis upperboundedby the ó ëìÞ'óôó ë�í°ó , where ó ëBó denotesthe numberof buckets in these
histograms,andthis numberis never very largeaslong asthe intermediatehistogramsarecreated
intelligently.
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B Proofs

Here,we will briefly outlineproofsof theclaimswemake in thispaper.

Theorem B.1 Thenumberof waysof computingall the intermediaterelation cardinalities for aõ -relation star query is larger than ö�æW÷ í�ø ê , whereasfor a path query, there are at least ömæ õ�ù?ú ê
distinctpossibilities.

Proof: Both thesederivationsusethe fact that the cardinalityof an intermediaterelationmay be
estimatedusinghistogramsonany two intermediaterelationsthatcangeneratethis relationthrough
a join, andthechoicemadefor any intermediaterelationis independentof thechoicefor any other
intermediaterelation.
Star query: Given an intermediaterelationconsistingof û baserelations,thereare ûTèüé possi-
ble joins that cangeneratethis relation. Sincethereare ý ù â Þþ â Þ#ÿ intermediaterelationswith û base
relationseach,thisgivesusthefollowing formulafor thetotal numberof possibilities:

� ù â Þþ�� í æWû¨ècé$ê æ ø����� ��� ê
	 ÷ � æ ø����� ��� ê

 ÷ í ø����

Notethatthis is avery conservative estimate.
Path query : Thereare û�ècé differentjoins thatcangenerateany givenintermediaterelationcon-
sistingof û baserelations.This givesthefollowing expressionfor thetotal numberof possibilities
: � ù â Þþ�� Þ æ õ è9û��üé$ê þ â Þ 	 � ù�� íþ�� Þ æ õ è9û���é$ê þ â Þ 	�� õ

÷
����� ù�ú��

B.1 Proof of Theorem 4.2

We will prove this by constructinga correspondencebetweenintermediaterelationsencountered
duringtheoptimizationalgorithmandthesubproblemsgeneratedduringoursearchalgorithm.

Thefirst subproblem,which is alsotheoriginal problem,is assignedto thequeryresult,ie., the
intermediaterelationthat consistsof all baserelations.Let æ��*ß��¦ê be a leaf edgein this problem,
and let � be the relationwith degree1. Collapsingthis edgeresultsin exactly onesubproblem
for oursearchalgorithm,thoughduringestimation,this subproblemneedsto beexecutedwith two
differentsetsof input histograms.We will assignthis subproblemto theintermediaterelationthat
consistsof all baserelationsexcept the relation � . As we cansee,eachsubproblemthat canbe
generatedat this stagewill beassignedto a differentintermediaterelationthroughthisprocess.By
proceedingrecursively on thesubproblems,a correspondencecanbeconstructedthatassignseach
subproblemto a uniqueintermediaterelation.
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