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Abstract

In recentyears,a variety of complex synopsisstructureshave beenproposedo capture
statisticalcorrelationspresenin databaseelations.The goalof thatwork hasbeento improve
cardinalityestimatiorduringqueryoptimizationby improving statisticsonbasetables In order
to usethe correlationinformation for multi-table estimationsaswell, synopsesnustalsobe
constructedn intermediateresulttablesduring queryoptimization. We addresghat problem
here,and shov how to efficiently integratemulti-dimensionahistogramsand other comple
synopsisstructuresnto the searchalgorithm of a traditional query optimizer suchasthat of
SystemR.

A main challengein this work is minimizing the computationalexpenseof dynamically
computingsynopse®n intermediatdablesduring queryoptimization. We shav thatoneonly
needdo constructa very small subsebf all possiblesynopsedo getthe full estimationbene-
fits of multi-dimensionamodeling.We alsoshaw thatchoosingthis subsetuinwiselycanhave
unacceptablperformanceverheadsThis leadsto an“estimationplanning” problemthathas
beenignoredto datein literature:how to choosethe mostefficiently-computablecollectionof
intermediatesynopsedo construct,so thatall the requiredcardinality estimatesanbe com-
putedasaccuratelyaspossiblefrom the base-tablesynopses?

In this paperwe identify andformalizethe estimationplanningproblemin the context of a
SystenmR-styleoptimizerextendedvith complex synopsigechniquesuchasmulti-dimensional
histogramsWe proposealgorithmsthatfind very goodestimatiorplansefficiently, anddiscuss
propertief synopsisstructureghatmake themamenabldo efficient usein anoptimizer

1 Intr oduction

The query optimizationprocesswhich chooseghe bestplan for executinga queryin a database
systemtypically usesstatisticalinformationaboutthe datastoredin thesystento comparalifferent
executionplans.TheearlysystemsuchasSystenR [SACT 79, maitainedelementarynformation
aboutthedatabassuchascountsof tuplesin thetables the spreadof valuesfor the attributes,the
presencer absencef indexesetc. This informationwasthenusedin conjunctionwith somesim-
plifying assumptiongboutthe datato computethe informationthatthe queryoptimizerrequires.
Two of themostimportantassumptionshatweretypically madeare:
¢ Attributevalueindependencassumption Differentattributesin atableareassumedo bein-

dependenof eachother Forexample supposeve havethequeryogge>40 A satary>100000 2 M P

over an employeeelation. By making this assumptionthe optimizer can computethe se-

lectivity of the joint predicateto be the productof selectvities of the individual predicates

Tage>40 ANAT 541a74>100000-



¢ Join predicateindependencassumption Differentjoin predicatesn aqueryareassumedo
beindependentf eachother As anexample,considerthe threerelationqueryasshavn in
Figurel1(i) andlet the selectvities of the join predicatede s; ands,. By assuminghatthe
join predicatesR.a = S.a andS.a = T.a areindependentdf eachother thequeryoptimizer
canestimatethe sizeof the queryresultto besimply s; x so X |R| x |T'| x |S|.

Theseassumptionsimplify the computationof cardinality estimatessignificantly but rarely
hold true in practice[MCS88, P197]. Most real datasetsexhibit strongcorrelationsbetweenat-
tributesthat tend to nullify both the assumptionsnadeabore. As an example,in an employee
relation, the attributesage and salary canbe highly correlatedresultingin large errorsin the es-
timatesmadeusing theseassumptions Even thoughthe error for a single predicateor for a sin-
gle join may not be very high, theseerrorstendto propagatemultiplicatively in a multi-way join
query[IK90, Col00, Ant93] andcanresultin very large errorslaterin the process.

To solwe this problem,mary complex synopsistechniqueshave beenproposedrecentlythat
capturestatistical correlationsbetweenattributes of a table. Thesetechniquesinclude multi-
dimensionahistogramgMD88, P197], Wavelet-basedynopsefvWI98], Sampling SBM93, Wil91],
Dependeng-basedhistograms[DGRO0O1] amongothers. As thesetechniquesmodel the multi-
dimensionaldistribution over attributesof a tabledirectly, it is quite straightforvard to usethem
to relax the attribute valueindependencassumption.On the otherhand,useof thesetechniques
to relaxthejoin predicatandependencassumptiomequirescombiningthesesynopsesogetherto
computesynopse®nintermediatdables.

As anexample,let the distributions over the attribute a (assumedo take threedistinctvalues)
for thethreerelationsR, S andT in our earlierexample,be asshovn in Figure1(ii). Giventhis
distribution information, the selectvities of the two joins ares; = 1/3 andse, = 1/3. If the
join predicatesareassumedo independentf eachother thenthe cardinalityof theresultrelation
(R ™ S X T)will beestimatequsingtheformuladescribeckarlier)to be3. But aswe cansee the
two join predicatesrenotindependentf eachother andthe correctnumberof tuplesin thequery
resultis actually0. This simpleexampleillustratesthat the errorsmadeusingthe join predicate
independencassumptiorcanbe arbitrarily large.

To relax this assumptionsynopsesieedto be built on the intermediateablesaswell. In the
above example,building a synopsison the intermediatdable R X S, andthenusingthis synopsis
to estimatethe selectvity of the otherjoin will shawv usthatthereareno tuplesin the queryresult.
Unfortunatelyfor thesekindsof complex modelingtechniquesthecomputationatostsof building
suchsynopseganbevery high. We shav that, in generalonly a very smallsubsebf possiblein-
termediatdablesynopsess requiredto beconstructedo computeall theestimateshatatraditional
queryoptimizersuchasthat of SystemR needs.This leadsto an “estimationplanning” problem
thathasbeenignoredin literatureto date: howto choosethe mostefficiently-computale collection
of intermediatesynopse$o constructsothatall therequired cardinality estimateganbecomputed
asaccumtely aspossiblefromthe base-tablesynopses?

In this paper we identify andanalyzethis estimationplanningproblem. We demonstrat¢hat
good estimationplanningcan have optimization-timebenefitsof ordersof magnitudeover nave
estimationplanningtechniques We thenprovide algorithmsto efficiently andeffectively perform
estimationplanning. Thoughwe will focuson multi-dimensionahistogramsyve alsodiscusshow
thealgorithmscanbe extendedo a variety of othersynopsidechniques.

1.1 Outline of the Paper

We will begin with a brief descriptionof the relatedwork, in particular comple synopsistech-
niquesthat have beenproposedo captureattribute correlations,aswell asthe problemof using
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Figurel: Thejoin predicatdndependencassumption

thesetechniquegSection2). Then,we will formally definethe problemandanalyzethe spaceof
solutions;we alsoshav how estimationplanningis integratedinto a traditional query optimizer
(Section3). Wewill developanexponential-timesxhaustve algorithmfor solvingthe problem,and
develop heuristics(Section4) thataremuchmoreefficient, yet consistentlyfoundvery goodplans
in our experimentalstudy For brevity, we discussonly multi-dimensionahistogramsn detail, but
we briefly explain how the algorithmswe proposecan be extendedto other synopsistechniques
(Sectionb5). Finally, we presenta performancestudythat validatesthe claims madein this paper
(Sectiono).

2 RelatedWork

Thereis a large body of work on constructingsophisticategynopsisstructures;a surney appears
in [BDF*97]. Dueto spaceconstraintsyve only discussa few of thesetechniquesn detailhere.

[SACT79] recognizedhat estimatingthe sizesof intermediateresultswascrucial to the suc-
cessof query optimizers,and proposedusing a simple estimationtechniquebasedon assuming
uniform distributionsof attribute values [Chr83, PSC84]proposeusinghistogrammingechniques
for betterestimation but they still malke the attribute valueindependencassumptiorthatwe out-
lined earlier To our knowledge,thefirst work to considerthe effect of correlatedattributesis by
Muralikrishnaand Dewitt [MD88] who proposeapproximatingthe multi-dimensionalistribution
over the attributesof a relationdirectly. Their techniqueis very similar to the multi-dimensional
histogrammingtechniqueproposedby Poosalaand loannidis[P197], called MHist. Thoughthe
constructiorandthe useof histogramsaredifferentfor thesetwo techniqueshothof thempartition
the multi-dimensionalspaceto be approximatednto disjoint buckets, andassumeuniform distri-
bution within eachbucket. Partitioning schemeswill prove to beimportantfor our discussiorof
constructingsynopse®ver intermediataelations.Figure2 shavs how an MHist may approximate
thejoint distribution over two variables.

[VWI98, MVWOOQ] proposeusingWaveletsto summarizea multi-dimensionaldataset. Their
approachnvolvescomputinga multi-dimensionaHaarWaveleton the data,andstoringonly the
mostsignificantcoeficients of this Wavelet asthe synopsis. Thesecoeficients canthenbe used
for selectvity estimation,andalsofor approximatequery processingCGRS00]. Aboulnagaand
Chaudhur{AC99, BCGO01]proposea differentkind of histogrammingechniquecalledself-tuning
histagramsthatarebuilt by looking only attheresultsizesof the queriesthatarebeingexecutedoy
thesystem.In termsof partitioning,bothof thesehistogrammindechniquesnayallow overlapping
buckets,somethingnot allowed by thetwo techniquesliscussedbove.
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Figure2: An exampleMHist

[DGRO1,GTKO01] proposeapplyingstatisticalmodelingtechniquego the problemof selectv-
ity estimation.Dependency-basddstagrams[DGRO01] make useof correlationdbetweerattributes
of a relationto approximatea high-dimensionatistribution with a collection of smallerdimen-
sional histograms. The smallerdimensionalityhistogramscan be built usingary histogramming
technique[GTKO01] proposehuilding a Bayesiametwork notonly over theattributesof asinglere-
lation, but acrosgelationsthroughuseof foreign-key dependencieshis techniquecanbe usedfor
selectvity estimationaswell asfor estimatingcardinalitiesof join queriesthatinvolve only foreign
key joins.

Therehasbeensurprisinglylittle work on actually using thesesynopsisstructuresduring the
gueryoptimizationprocess Mannoniet al [MCS88] addresghis problemin somedetail, but their
focusis mainly onhowto construcsynopsesntheintermediatdablesfrom thebaseablesynopses
ratherthanhow to efficiently computethe requiredcardinality estimates.The computationatom-
plexity aspecbf the problemis not critical for themasthey only considersimpleone-dimensional
synopsisstructures.

The issueof using synopsisstructuresefficiently also arisesin appmoximate query process-
ing [GGQgz]. Again, therehasbeenvery little work addressinghis problem. [DGRO1] alludeto
this problembriefly, but do not proposeary concretadeasto solveit. Thealgorithmswe presentn
this papercanbe extendedto efficiently incorporatecomplex synopsistechniquesn approximate
queryprocessin@swell (Section?).

3 Problem Definition and Analysis

In this section,we definethe estimationplanningproblemin moredetail, andanalyzethe solution
space We alsodescribehow estimationplanningfits into atraditionalqueryprocessinglgorithm.
For the sale of exposition, we will focusin this sectionon multi-dimensionakhistogramsas our
synopsidechniquesbut thediscussiorhereappliesto otherkinds of synopsigechniquesaswell.

3.1 Operationson Histograms

Beforeaddressingstimationplanning,we briefly discusgheoperationghatmustbe performedon
histogramguringthe estimationprocess.

We will usethe notation HS to denotea histogramon relation S on attribute(s)s. Thus, H
denotesa one-dimensionahistogramon relation A and attritute a, whereasH denotesa two-
dimensionahistogramonrelation B andattributesa andb.

During estimationwe needto manipulatehistogramsn a manneranalogougo the operations
ontherelationsthey summarize Hencetherearethreeoperationsappliedto histogramsiuringthe
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Figure3: Generatiorof IntermediateSynopses

estimationprocess:
e Selection: Thisinvolvesselectingonly thepartof ahistogranthatsatisfiesagivenpredicate.
Usually only rangeselectionpredicateson the relationscanbe translatednto selectionson
the histograms.

e Projection : This operationinvolvesprojectingthe histogramonto a subsef the attributes
onwhichit is built. We will denoteprojectinga histogramon relation S andattribute sets

ontotheattribute sets’ C s by HS 22 S

e Join : Joiningtwo histogramscanbe thoughtof roughly asperforminga join on the corre-
spondingelationsandbuilding ahistogranmontheresultrelation. Clearlythatis aninefficient
schemdor constructingajoin of two histogramsTheimplementatiorof histogram-joincan
be tricky anddependdargely on the histogrammingechniqueaswe will discussn Section
5. Wewill denotethis operationusingthe standardhotationfor relationaljoin, IX.

Theseoperationsare analogoudo the standardrelationaloperatorsput are performeduponand
return histogramsnot relations. Throughoutthe courseof the paper whenwe referto Selection,
Projectionand Join, we will be referringto thesevariantsover synopsesand not the traditional
operatorgver relations.

Figure 3 shavs someexamplesof theseoperationson the MHist histogramshat we outlined

earlier

3.2 Incorporating Histogramsin the Optimization Process

During the optimizationprocessthe optimizerhasto estimatethe cardinalitiesof all theinterme-
diaterelationsthatit considers.Selectionsandprojectionson basetables,if ary, canbe appliedto
the basetable histogramdlirectly to obtainhistogramson the resultrelationsusingthe selectand
projectoperationgdescribedabore. To estimatethe size of a two-tableintermediaterelation, say
RS, the optimizerneedsto performajoin on the correspondindpase-tablénistogramdo obtaina
histogramon the table R X S (denotedas RS from now on), which is thenusedto estimatethe
sizeof therelation. Similarly, to estimatethe cardinalityof athree-tabléntermediaterelation,say
R X S XT (RST), theoptimizerneeddo join the histogramson thebasetables,R, S andT, and



User Query Estimation | Estimation Plan | Cardinality Estimation| Query Executior

= Planning > and — Plan

User Query .
Histograms Query Planning

Histograms

Figure4: IncorporatingestimationPlanningin the OptimizationProcess

the resulthistogramis thenusedto estimatethe size of thatrelation. In general therearea very
large numberof waysto computethe requiredestimatesasthe sameintermediaterelationcanbe
constructedn differentwaysfrom thebaserelations.Thisleadsusto thedefinitionof anestimation
plan:

Definition 3.1 Anestimationplanis a sequencef select,projectand join opemtionson the syn-
opseghat producesestimatedor all theintermediatecardinalities that are neededor queryopti-
mization;theestimateshatare producedare asaccuiateaspossiblegiventhebasetablesynopses
1

As anexample,anave way of doingestimations to estimatehe cardinalityof eachintermedi-
aterelationseparatelyy joining togetherthe correspondindpaserelationhistograms Clearly, this
is notavery efficient estimatiorplan,asthe histogramghathave alreadybeenbuilt onintermediate
tablescanbe andshouldbe usedto computefurther estimates.Continuingwith our example,the
cardinalityof therelation RST canbe moreefficiently estimatedy joining the histogramon rela-
tion RS thathasalreadybeenbuilt andthe histogramon relationT'. This leadsusto the problem
thatwe addressn this paper.

Estimation planning problem: Givenaqueryandasetof baserelationhistogramsorresponding
to thequery find themostefficient estimatiornplanfor computingall therequiredestimateshatthe
gueryoptimizerneeds.

ThoughDefinition 3.1is quitegeneral ary estimationplanthatdoesnotreusetheintermediate
tablesynopsess clearly sub-optimal.Fromnow on, we will restrictour attentionto plansthatdo
reusesuchintermediatesynopses.

In atraditionaloptimizationalgorithm,the estimationprocesstself is performedon demandas
new intermediaterelationsare generated.The estimationplanningalgorithmswe proposein this
paperareusedasa preprocessinghasehattells the optimizerwhich intermediatesynopseshould
be constructedor optimal computationof the requiredestimategFigure4). Note that estimation
planningdoesnt createthe intermediatesynopsestself, but only decideswhich synopsego con-
struct. The creationof synopsess integratedinto the optimizers cardinality-estimatin routines
usingthe selectionprojectionandjoin operationsasdescribedn the previous section.

3.3 Problem Definition

We aregivenasetof relationsanda multi-way join queryover theserelations.For brevity, we will
assumehatthe queryonly containgoin operatorsThis queryis representeth theform of aquery
graph wherethe verticesof the querygraphcorrespondo the input relations,andan edgein the

!1n this paper we do notallow for approximationsluringthe estimationprocessWe will revisit thisissuein Section
7.
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querygraphcorresponds$o ajoin betweerthe correspondingelationsin the query Figure5 shavs
an examplequerygraphover threerelations. For eachrelationin the query we aregiven a multi-
dimensionalhistayram over all the attributesof the relationthat areinvolved in ary of the joins.
Given thesehistogramswe arerequiredto estimatethe cardinalitiesof all intermediaterelations
thatcouldbe generatedy a standardSystemR-stylequeryoptimizer.

Continuingwith our example(Figure5), the SystemR queryoptimizerwill requireestimating
the sizesof the relationsRS, ST, and RST from the three basetable histograms,(1) HE, (2)
HT', and(3) H5,. Note thatthe former two are one-dimensionahistogramswhereasthe third
histogramis a two-dimensionahistogram.Therearetwo estimationplansfor this querythatreuse
intermediatdablesynopses

1. HE ) HS, —s HES 29 prRS

H(;SI') project HI;S'

Hy X\ HI — HJT

HES W HE — HEST

The cardinalitiesof thethreeintermediateelations,R.S, ST, and RST arecomputedasthe
histogramsH2S, HPT and H?5T arebuilt. Note thatthe lasttwo histograms,H;T and
H,FST, dont actuallyneedto be built asthe estimatesanbe computedwvhile performingthe
joins. Thoughthis resultsin reductionin the amountof memoryrequiredduring estimation,
it doesnot affect the computationatostof estimation.

2. HS — H}

HEX HY — HES (estimatg RS|)

H> X HI — HT (estimatg ST))

HEMX HST — HEST (estimatg RST|)

For clarity, we do not shaw the projectoperationsxplicitly here;they canbeinferredfrom
the subscripts.

As we cansee,the histogrameT is involved in two join operationsgn thefirst plan, but only
oncein the secondplan, whereasH [ is joined oncein thefirst planandtwice in the secondplan.
If the sizesof thesetwo histogramdiffer considerablythenevenin this simpleexample,oneplan
canbesignificantlymorecost-efective thanthe otherplan.

3.4 Solution Space

Planningproblemsareonly difficult if the solutionspaces very large;thatis indeedthe casehere.
Considera n-relationjoin querywithout ary selectionpredicates.Dependingon the shapeof the
querygraph,the numberof intermediaterelationsvariesbetweenO(n?) (for a “path query”) and
2n~1 (for a “star query”) [OL90]. Now, the cardinality estimatefor ary intermediaterelationr;
canbe computedby building histogramson ary two (possiblyintermediateyelationswhosejoin

2Thoughwe assumethat the query optimizer usesa SystemR-style dynamicprogrammingalgorithm (extendedto
searchthroughbushyplans),the discussiorin this papercanbe easilyextendedto othercommercialoptimizationtech-
niqueslik e thetop-davn schemeof Cascadessedin productdike MS SQL Sener[Gra95]
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produces;. Forexample for thequerygraphof Figure5, thecardinalityof therelationRST canbe
computeckitherfrom histogram®nrelationsk andST, or from thoseonrelationsRS andT'. Note
thatthe choiceof histogramgo be usedfor estimatinghe cardinalityof someintermediateelation
is independenbf the choicemadefor otherintermediaterelations. This resultsin anexplosionin

the numberof possibilitiesfor computingthe requiredestimatesFor a starquerywith » relations,
this numbercan be (very conseratively) estimatedto be O(22"), whereasfor a n-relation path
query thereareat IeastO(n”2) solutionsto this problem(Pleaseaeferto AppendixB for a proof of

this claim).

3.5 A Constrained Solution Space

In this section,we shav how to constrainthe solution spaceso that it is easierto describethe
solutionsand searchin this smallerspace. As we will shaw, this constraintarisesnaturally and
in mary casesthe optimal solution shouldbe presentin this space. For sale of clarity, we will
temporarilyassumehatthe querygraphis atree;we shav how to relaxthis assumptionn Section
3.6.

Let T bethegivenquerytree,andlet A X B bea2-relationjoin in thisquery Let Hg.‘a anng)
bethe histogramson thesetwo relationson attribute setsS, and.S; respectiely. During the course
of estimationwe will have to join thesetwo histogramsat sometime to estimatethe cardinalityof
relation AB, asthatis the only way we have availableto computethe cardinality of this relation.
As aresultof this join, we geta histogramﬂgfﬁsb ontheintermediaterelation AB. Now, during
the estimationprocesswe might wantto storea histogramon this intermediateelationfor usein
furtherestimation.This storedhistogramcouldbe ary projectionof Hﬁaﬁsb, including H;;‘B —-i.e,
no histogramis storedfor this relation.

Thekey obserationto malke hereis thatprojectingout attributesthatparticipatein furtherjoins
limits the useof this storedhistogramfor subsequengstimation.Supposeve form the projection
H4B, andlaterwantto estimatethe cardinalityof theresultof joining AB with anotherrelationR.
If X doesnotincludethe attributesthatjoin AB with R, thenwe mustcomputethe cardinality of
ABR usingsomeotherhistogramge.g. H3E and H4).

This notion canbe formalizedinto a simple conceptuaprocedureo find all the intermediate
relationsfor which the cardinality can be estimatedusing H;‘;B andtherestof the baserelation
histograms

e Mergethetwo nodesA and B in the querygraphT to form anew nodeAB. All theedges



Figure7: Collapsingaleafedge

incidenton A and B will now beincidenton AB (exceptfor (A, B)).

e Foreveryattribute z thatis projectedout, i.e. for everyz ¢ X, remove theedgecorresponding
to thatattribute from T' (Duplicatejoin attributes,if presentcanbe renamedemporarilyso
thateachattribute correspondso exactly oneedgein thequerygraph).

¢ Enumeratéheintermediateelationsthatcanbe generatedby the connectedcomponenof T
thatcontainstherelation A B. Thesearethe only relationsfor which the cardinalitiescanbe
estimatedisingjust H4? andhistogramson baserelationsotherthan A and B.

Figure 6 shavs an exampleof how the choiceof X determineghe intermediaterelationsfor
which the cardinalitiescan be estimated. Join(S) denotesthe intermediaterelation formed by
joining therelationsin S.

Theabove discussionmmediatelyleadsusto thefollowing theorem:

Theorem 3.1 Givena querygraphT anda estimationplan P, there existsat leastoneedg e =
(U, V) € T sud that the entire multi-dimensionahistagram that is the resultof joining U and V'
is materializedn P.

Proof: Intuitively, if the entireresulthistogramis not materializedfor at leastonejoin presentn
thequery thenthereis no way to estimatethe cardinalityof the overall queryresultaccuratelyll

Definition 3.2 Givenanedge € T, the procesof materializingtheentire resulthistggramthatis
theresultof joining thetwo endpointsof e is called collapsingedgee. I

Giventhis definition,we male thefollowing claim:

Claim 3.1 In an optimal estimationplan, if the edge (A, B) is collapsed,and the resulting his-
togram is usedto estimatethe cardinality of the overall queryresult,thenthis histagram is also
usedto estimatehecardinalities of all intermediaterelationsthat containboth A and B.

Theintuition behindthis claim s that, if the bestway of estimatingthe cardinalityof the query
resultinvolvescollapsingtheedge(A, B), thenit mustalsobethebestway to computecardinality
of ary intermediateelationthatcontainsboth A and B. We will assumethatthis claim holdstrue
for restof the paper even thoughwe have not beenableto prove it in general. As we will see
in our experimentalresults,in spiteof makingthis assumptionyve arestill ableto find very good
estimationplans.

Giventhis claim, we have thatif the edgeconnectingelationsA and B is collapsedthenthe
resultinghistogramon AB is usedto estimatethe cardinalitiesof all the intermediataelationsthat
containAB. Wealsoneedto estimatehecardinalitiesof theremainingntermediateelations.Both



Figure8: Collapsinganinterioredge

of thesecanbe achieved by recusively solvingmultiple smallersizedsubproblemsThe structure
of thesubproblemsreatedlepend®nwhethertheedgethatis collapseds aleafedgeor aninterior
edge.

e Leaf Edge: As shavnin Figure7, collapsingaleafedge(A, B) resultsin two subproblems

e A subproblenon the querygraphobtainedby meiging the two nodesA and B. The
histogramon node AB is formedby joining the histogramson relationA and B. The
join attribute is projectedout from H4® if it is notneededurther

¢ A subproblenonthequerygraphobtainedoby deletingthenodeA andtheedge(A, B).
Again, thejoin attribute correspondingo theleaf edgecanbe projectedoutfrom H? if
not neededurther

Thefirst subproblemis to estimatethe cardinalitiesof the intermediateresultsthatinclude
boththerelationsA and B, whereaghe secondsubproblenis to estimatethe cardinalities
of the restof therelations. The restof the histogramdrom the original problemare passed
unmodifiedto boththe subproblems.

e Interior Edge: Collapsinganinterioredge(A, B) resultsin threesubproblems&sshavn in
Figure8.

¢ Subproblenformedby meiging the two nodesA and B andjoining the histogramon
theserelationsto geta histogramonrelation AB.

¢ Two subproblemsbtainedby removing theedge( A, B) from theoriginal querygraph.

Note that, the histogramon the relation AB will belargerin dimensionalitythat either 4

or HB, evenif thejoin attributeis projectedaway immediately
The subproblemghat are createdafter collapsingan edge,if solved independenthyof eachother
may both estimatecardinalitiesof someintermediaterelations(specifically the intermediaterela-
tionsthatdo not containeither A or B). For example,Figure9 shavs theresultof collapsingthe
edgebetweerrelationsA and B in anexamplequerygraph.As we cansee boththe subproblems
sharethe computatiorof estimatingthe cardinalityof relationC D. While executingsuchan esti-
mationplan, thesecomputationsare not repeated.We will referto theseasseparatesubproblems
for sale of clarity.

As we assumehatthe Claim 3.1is true, this subspacef estimationplanscontainsthe optimal
estimationplan, andassuchwe will focusonly on this subspacef plansin the restof the paper
Note thatin spiteof imposingthis constrainton the plansconsideredthis spaces still very large.
For astarquerywith n relations the total numberof plansis still morethanO(22").

10
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3.5.1 Leaf-only Plans

The differencein the subproblemghat are createdbasedon whetherthe edgethatis collapseds
a leaf edgeor not leadsto a naturalsubclasf estimationplansthat only collapsea leaf edgeat
ary stage.We will call thesekinds of estimationplansleaf-onlyplans Theseplansform a very
importantsubspacef estimationplans. As discussecearlier collapsingan interior edgealways
createsa histogramlarger in dimensionalitythatary of the input histograms.As such,anoptimal
estimationplanrarelyinvolvescollapsinginterior edgesandthe optimal plancanbe expectedo be
oftenfoundin the spaceof leaf-onlyplans.

3.6 Cyclic Queries

Cyclic queriesarethosein which the querygraphhascycles. Therearetwo possiblescenario$iere
basednwhetherthe optimizationalgorithmitself makesuseof all thejoinsin thequery:

e Optimizer breakscycles: A commonway of dealingwith cyclesin the querygraphis to
breakthe cyclesto getanagyclic graph. Thejoin conditionsthat have beeneliminatedare
thenappliedattheendasselectionsTypically, aminimumweightspanningreeof thequery
graph,wheretheweightson theedgesarethe selectvities of the correspondingpins, is used
for this purposgKBZ86]. In thatcase the discussiorabore andthe algorithmswe develop
later canbe appliedto theresultingquerytreewithout any modifications.

Optimizer doesnot break cycles: The otherway to handlecyclic queriesis to optimize
overtheentirespaceof plansthatcouldbegeneratedby ary spanningreeof thequerygraph.
In that case the estimationplan needso estimatethe cardinalitiesof intermediaterelations
that could be generatedy ary spanningiree. We will shav how the discussiorabore can
be extendedto this casewith anexample. Considerthe querygraphasshawvn in Figure10.

Theoren®B.1is truefor this caseaswell. Accordingly let (A, B) beanedgethatis collapsed.
Then,againassuminghatClaim 3.1 holds,the cardinalitiesof all intermediateelationsthat
containbothrelationsA and B will be estimatedusingthe resultinghistogram. This gives
rise to multiple subproblemsas shavn in Figure 10, that needto be solved recursvely. In

generaltherearethreesubproblemshatcanbefoundasfollows :

e MergethenodesA and B to getanothercyclic query
¢ Deletethenodecorrespondingo relation B to getanother(possiblycyclic) query
¢ Deletethenodecorrespondingo relation A.

As before,thesesubproblemsan sharecomputationand this computationis not repeated
duringexecutionof the estimationplan.

11
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4 Algorithms

In this section,we develop algorithmsfor finding an estimationplan for a given querygraph. All
the estimationplansfound by our algorithmsresidein the constrainedolutionspacantroducedn
the previous section. We will first presentanalgorithmthatexhaustvely searcheshe constrained
solution spacein O(n2™) time and finds the optimal plan undera condition that is satisfiedby
mary histogramtechniquesAs the computationatompleity of the exhaustve algorithmmalesit
infeasiblein generalwe presentieuristicalgorithmsthataremuchmoreefficient. As we will shav
later (Section6), our heuristicsproducereasonablygoodplansin mostcases.

4.1 Partitioning Structure EquivalenceProperty

Definition 4.1 The partitioning structureof a histagram is definedto be the way the histaqgram
partitionsthe spaceit appoximatesi

As an example, for MHist-style histogramsiit is definedby the boundariesof the buckets that
the histogramcontains. For Wavelets, it is definedto be the supportsof the coeficientsthat are
stored,including the sign information[CGRS00]. The actualfrequenciesstoredwith the buckets
arenot relevantto the partitioningstructure. The partitioning structureof ary synopsistechnique
is very important,asthe computationatostof usingthe synopsess completelydeterminedy the
partitioningstructuref the synopses.

This obsenation leadsto a large reductionin the numberof estimationplansthat needto be
considered. We formalize this notion throughthe following property: Partitioning structure
equivalenceproperty : Givena histagram Hfg% onrelation R andattribute setS, thefollowingtwo
histagramshaveexactly the samepartitioning structue :

e HE wheeS' c Sand|S'|=[9| -1

o HE wheeR' = R R", for somerelation R"

In otherwords,the histogranresultingfrom projectingout a singleattribute, andthe histogram
resultingfrom joining R with someotherrelationon thatattribute andprojectingout thatattribute,
have exactly the samepartitioning structure. Going backto our earlierexample (Figure 5), this
propertymeansthathistogramsH,;9 andHlfzS have exactly the samepartitioningstructure though
theactualfrequenciesassignedo the bucketsin thesetwo histogramawill usuallybedifferent.

Thispropertyis satisfiedor all synopsigechniquesve areawareof, includingMHists, Wavelets
etc. Giventhis property following theoremholds:

Theorem4.1 Giventhe partitioning structureequivalenceproperty any sub-poblem geneated
using repeatedapplication of edgecollapsingsud that only edges associatedwith uniquejoin
attributesare collapsed,is completelyspecifiedby the attributesassociatedwvith the edgesin the
graphcorrespondingo the subpoblem.

Proof: Wewill shaw thisin threesteps.
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e Givenasetof attributesS correspondingo a subproblemywe candeterminewhich attribute
setstheinputhistogramsareon. Thiscanbedoneby first collapsingall theedgesorrespond-
ing to the attributesnotin S in the original querygraph,andthenenumeratinghe attribute
setscorrespondingo the nodesn this new graph.

e This is the key stepin this proof. Now, if the join attribute associatedvith the collapsed
edgeis not associatedvith ary otheredge,thenthis join attribute can be projectedaway
immediatelyfrom all the histogramsn theresultingsubproblemsGiventhatthe partitioning
structureequvalencepropertyholds, it is easyto seethat the partitioning structureof ary
histogramin ary of the subproblemss completelyspecifiedby the attributeson which the
histogramis built. As such,the partitioningstructuresf theinput histogramscorresponding
to the subproblenmareuniquelydetermined.

e For computationalcompleity purposes,only the partitioning structuresof the input his-
togramsarerelevant. The actualfrequenciegssociatedavith the histogramsareirrelevant.
Hence givenasetof attributes,thereis a uniquesubproblenthatis associatedvith it.

Thistheoremprovesvery usefulin searchinghroughthe constrainedpaceof estimatiorplans.
For examplethetwo subproblemshatarecreatedafter collapsinga leaf edgehave the samesetof
join attributesassociatedavith them,andassuch,the optimal estimationplanfor solvingoneof the
subproblemss exactly sameasthe optimal estimationplanfor the othersubproblem.

4.2 Exhaustive Algorithm

Theoremd.limmediatelyprovidesuswith anexhaustve algorithmthatsearcheshroughthe con-
strainedspaceof estimationplansexhaustvely andfinds the optimal plansefficiently aslong as
thereareno duplicatejoin attributes. We will discusshow this algorithmcanbe usedin casethere
areduplicatejoin attributesin Sectior4.3.

This recursve algorithmessentiallymemorizeghe solutionsfor all subproblemsn atablein-
dexed by subset®f attributes. The algorithmsworksasshavn in Figure11.

Thereare exactly 2! possiblesubsetsof attributesfor a n relation query and hencethis
algorithmrunsin O(n2") time. Note that this algorithmrunsin exponentialtime even for path
queriesfor which the numberof intermediaterelationsitself is polynomialin » (O(n?)) [OL90].

4.2.1 Costof Collapsing

Oneof thekey requirement®f this, andthe otheralgorithmswe develop, is the ability to compute
the costof collapsinganedge(line 8). As describedn Section3.5, this costconsistf performing
one or two projectionsand onejoin. In general,it is not possibleto computethis costwithout

constructingheresultinghistogramgshemseles,but thereareseveralimportantcasesvhereit can
be estimatecdhccurately Otherwise the algorithmwill have to be run with approximatecosts.We

will revisit this issuein more detail whenwe discusshow to apply thesealgorithmsto prevalent
histogrammingechniquegSection5).

4.3 Duplicate Join Attrib utes

Theoremd. lis notsatisfiedf thejoin attribute associatewith theedgeappearsnultipletimesin the
query This problemcannot be solved by renamingthejoin attributes. As anexample,considerthe
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Input: 7 = (V, E), ajoin graph;#, histogram®n therelationsin 7; M, atableindexed by setsof
attributesthatcontainoptimal solutionsaswell astheir costs(initialized to beemptyin the beginning)
Output : Optimal costof estimatingcardinalitiesfor intermediateelationsthatcanbe generatedby 7
begin

1. S «— setof join attributespresentin 7

2. if M containsasolutionfor S, returnthecost

3. else

4 for eachedgee € F, do

5. collapsee to getsmallersizedsubproblems

6. c1 <— sumof optimalcostsfor the subproblemgfoundrecursvely)

7 adjustc; by subtractinghe costof repeatedgubproblems

8. c9 +— costof collapsingthis edge(the costof performingrequiredjoins andprojections)
9. Ce €1+ o

10. done

11. lete' € E betheedgewith minimaltotal cost

12. updateM by addinganew entry{S, c. }

13.  returncy

end

Figurell: The Exhaustre Algorithm

S T
S T
REGENCH
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(Ha) (Ha) Ha) RS T

RS T
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Figurel12: DuplicateJoin Attributes

querygraphasshavn in Figure12. Supposeheedge(R, S) is collapsedesultingin two subprob-
lemsasshavn. Thefirst subproblem$iasaninput histogramonrelation RS, HES = HE x HY,
whereaghe secondsubproblemrhasasan input the histogramH_ . Both thesesubproblemsiave
the samesetof join attributesassociatedvith it, evenif we renamethejoin attributesuniquely But
clearly thetwo histogramd #5 and H? will not,in generalhave the samepartitioningstructures.
As such, Theorem4.1 doesnot hold in this case,andthe exhaustve algorithm cannot be used
directly.

We get aroundthis problemby never collapsingedgesthat are associatedvith duplicatejoin
attribute until the very endwhenno otheredgesare presentin the subproblem.At that point, the
subproblemshatneedto be solved usuallyinvolve low-dimensionahistogramgusuallynot more
than one dimensional)and as such, collapsingthe restof the edgesin ary arbitrary orderis not
computationallyexpensve.

14



4.4

Heuristic Algorithms

The exhaustve algorithmdescribedabore runsin exponentialtime regardlessof the querygraph
shapeandassuch,is notfeasiblein practice.Herewe will developsomesimpleintuitive heuristics
thatare highly efficient anddiscussthe circumstancesinderwhich they canbe expectedto work

well.

1.

Exhaustive Search over Leaf-only Plans (EXH-LO): Insteadof usingthe exhaustve al-
gorithmto searchthe entire constrainecestimationplan space this algorithmonly searches
throughleaf-only plans. The compleity of this algorithmis muchlower; in fact, it is com-
parableto the costof basicqueryoptimizationalgorithm. We establishthis correspondence
throughthefollowing theorem(Pleasaeferto AppendixB for the proof) :

Theorem4.2 Thee is a one-to-onecorrespondencéetweerthe subpoblemsencountesd
during an exhaustiveseach over leaf-onlyplansandthe subpoblemsencountezd in a Sys-
temR-stylequeryoptimizer

As we have aguedbefore,the costof collapsingan interior edgeis, in general,very high
comparedo thecostof collapsingaleafedge,andassuch theoptimalestimatiorplanrarely
involvescollapsinganinterior edgefor any subproblemHence this algorithmusuallyfinds
anoptimal estimationplan. Note thatthis algorithmstill takesan exponentialtime to finish
undermary querygraphshapesuchasstarqueries.

. Choosethe edgewith minimum/maximum costof collapsing(MIN/MAX) : Asthegoal

of anestimationplanis to minimize the total costof collapsingover all collapsededgesa
heuristicthatgreedilycollapseghe edgethatrequiresminimumcostof collapsing(MIN) can
be expectedto performwell. On the otherhand,a heuristicthat greedilycollapseghe edge
thatrequiresmaximumecostof collapsing(MAX) would be expectedto do muchworse. As
it turnsout (Section6), this is not necessarilyrue, andin fact, MIN resultsin muchslover
estimationplansthanMAX for someclasse®f histogrammingechniques.

This countefintuitive obsenration can be partially explainedas follows : An edgethat is

collapsedn thebeginningis only collapsednceduringexecutionof the estimatiorplan,and

assuchthecostof collapsingthatedgeis only experiencednce.Ontheotherhand theedges
thatarecollapsedaterin the estimationplantendto contrilute multiple timesto the overall

costof executingthe estimationplan asthe later subproblemsare executedmultiple times
with differentinput histogramsluring the estimation.We will revisit thisissuein Section6.

5 Analysisof Prevalent Histogram Techniques

In this sectionwe look atvarioussynopsidechniquesndanalyzethe estimatiorplanningproblem
for thesecases.We will discussthe MHist techniquein detailasit sharesa lot of propertieswith
the othercomplex synopsigechniquesndthenbriefly discusghe othersynopsigechniques.

5.1

MHists

MHists [P197] approximatethe distribution by partitioningthe spaceto be approximatednto dis-
joint bucketsrecursvely. Figure13(i) shavs anexampleof a 2-d MHist. Thenumberson thesplits
shaw the orderin which the splitsweredone.MHists areeasyto construcandmaintain,andhave
beenprovento be highly effective for selectvity estimationP197].

15



4 4

5 10
A

O] (i

Figurel13: An exampleMHist

5.1.1 Representationof MHists

Therearetwo waysto represenbaserelationMHists andtheintermediatéviHiststhataregenerated
in the optimizationprocess.

¢ Representationusing Bucket Boundaries (BB) [P197]: In this representationthe bucket
boundarie®f thebucketsareexplicitly representedlongwith theaveragdrequenciesThough
thebaserelationhistogramsgequirethe bucketsto be disjoint of eachother we will allow for
overlappingbucketsin this representation.

e Representationusingasplit-tr ee(ST) [DGRO1]: Thishighly efficientrepresentatiostores
thesplitsthatweremadeduringconstructiorof aMHist asatree. Theaveragdrequenciesire
storedattheleavesof thistree. Thisrepresentatiors almostO(d) timesmorespace-dicient
that the representatiombore, whered is the dimensionalityof the histogram. Queryingis
alsofasterusingthis representatioms the split-treecanbe usedto guidethe searchto the
leavesthatcontainthe answer Figure13(ii) shavs the split-treefor theexampleabove.

In generalwe expectthe baserelationhistogramgo bein thelatter formatdueto low storage
requirementsbut during the query optimizationprocessgitheroneof the representationsay be
usedfor storingtheintermediatéViHists thataregenerated.

5.1.2 Costof collapsing

As we would expect,the costof collapsingdepend®n therepresentationsedfor storingtheinter
mediatehistograms.We will assumehatthe baserelationhistogramsarein the split-treeformat,
which canbeeasilycorvertedto the otherrepresentatioif required.

¢ BB-representation: As we allow overlappingbuckets,the projectionoperationis simplified
in thisrepresentationt canbeachievedby “forgetting” theinformationabouttheboundaries
alongthe attributesthat are projectedout. Join operationis more expensve aswe have to
compareeachbucket from oneinput histogranto eachbucket from the otherinput histogram
to seeif thereis anoverlaponthejoin attribute. The costof thisis O(nin9) wheren; andng
denotethe numbersof bucketsin theinput histograms Notethatit is not possibleto predict
how mary bucketsaregoingto bein theresulthistogramwithout performingthejoin itself,
unlessotherauxiliary informationis maintainedwith the histograms.

We identify oneimportantspecialcasein whichit is possibleto predictthe numberof buckets
in the resulthistogram. Whenone of the input histogramss one-dimensionaindthe join
attributeis immediatelyprojectedaway, thenthenumberof thebucketsin theresulthistogram

16



is exactly sameasthe numberof bucketsin the otherhistogram.Note that, this is the only
join operationthatis performedif thedistinctjoin attributesassumptions satisfied andwe
consideronly leaf-only estimationplans.

e ST-representation: [DGRO1]describenow join andprojectionoperationsanbeperformed
on MHists representedssplit-treessothatthe outputMHist is alsoin the sameformat. For
sale of completenessye describethesealgorithmsin AppendixA. The costof the project
operationcanbe approximatedasthe size of the resultinghistogram,whereaghe costof a
join operationis alwayslessthannino, but it is not possibleto predictit moreaccurately A
join operationcostslessin this representatiobecausehe split-treerepresentatiors usedto
eliminatecomparisondetweerbucketsthat are definitely non-oserlapping. In generalit is
not possibleto predictthe resultsizesof eitherof theseoperations Therequirementhatthe
resultbein split-treeformatresultsin a large variability in the resultsizes. This variability
alsomalkesit imperatve that we be ableto at leastestimatethe resultsizesas choosinga
bad edgeto collapsecould resultin very large intermediatehistograms. We estimatethis
numberunderworstcaseassumption®y makingjustonebottom-uppassonthetree. Briefly,
for eachnodein the subtree,we countthe numberof splits alongeachdimensionin that
subtree. If the nodeinvolves split on an attribute that is being projectedaway, thesetwo
vectorsof split countsarecombinedby assuminghatthis projectioncreatesa regulargrid on
the spacecoveredby the subtree.This generates very conserative estimateof the size of
the projection,but we foundthatit worked very well in practice.In future, we planto look
into thisissuemoreclosely

We will revisit theissueof which representatioshouldbe usedduring the queryoptimization
processn Section6.

5.2 Other SynopsisTechniques

We will briefly analyzethreeother synopsistechniqueswith regardsto applicability of the cost
modelsandalgorithmsdiscusse@bore.
¢ Wavelet-basedSynopsesAsregardso computationatompleity, Wavelet-basedynopse$vWwWi198,
MVWOO0] arevery similar to the MHist histogramdiscusseabove. In fact,[CGRS00]pro-
posestoringthesesynopsedy explicitly recordingthe bucket boundaries.The main differ-
encebetweerthesewo techniquess thatagivenWaveletcoeficient maycontritute different
valuesto the spaceassociateavith it. Thoughthe absolutevaluecontributedis the same,it
may contrilute a negative valueto someregionsof the spaceandpositive to the other In
spite of this difference,the cost modelsand the algorithmsdescribedabore canbe easily
extendedto this case.

e Self-tuning Histograms [AC99, BCGO01] : Though Self-tuning histogramsare uniquein
thatthey areconstructedvithout looking at the data,with regardsto computationakostof
histogramoperationsthesearealsovery similar to the MHist histograms.

e Dependency-basedHistograms[DGRO01] : Thesehistogramausestatisticalmodelingtech-
niquesto discorer dependenciebetweenattributes of a table and usethesedependencies
to approximatea high-dimensionaprobability distribution with a collection of smallerdi-
mensionalityhistograms.Thesehistogramsosean additionaldegreeof compl«ity asthe
smallerhistogramshave to be combinedat runtimeto geta histogramon the basetable. Un-
fortunately theapproachof combiningthesmallerhistogramsassociateavith eachbasetable
separatelyo getonehistogranmpertablecanresultin very largeintermediaténistogramsThe
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algorithmswe presentn this papercanbe usedinsteadto avoid constructionof suchlarge
tables.

We will shaw this throughan example. Considerthe querygraphasshovn in Figure 14(i)
andlet the decompositiorof the threedimensionahistogrambe asshavn in Figure 14(ii).
Composingthesetwo smaller histogramson the relation D to get a histogramon all the
attributesinvolves an operationvery similar to a join, thoughwith a slight differenceasde-
scribedin [DGRO1]. Giventhis kind of decompositionyve cancreatea nev problemto be
solved asshavn in Figure 14(iii). Essentiallyall the externaledgesareassociateavith the
smallerdimensionalhistogramsdependingon the correspondingoin attributes. The edge
(B, D) canbeattachedo eitherof thetwo histogramsn D. Now, thealgorithmsdescribed
in this papercanbe usedto solve this new problem. Note that, this nen problemwill find
the cardinalitiesof mary relationssuchas AD; thatdon't exist andthesecardinalitiesare
throwvn away. Only cardinalitiesof thoserelationsthatcontaindboth D; andDs arerequired.
Note that, the join involving the edgebetweenD; and Ds is a slightly differentkind of join
asmentionedoefore.Thisis of no consequencduringthe estimationplanningasthe costof
this join operationis similar to the costof histogram-join put during estimationcorrectjoin
shouldbeused.

Notethat,this new problemwill almostalwayscontainduplicatejoin attributes. Thoughthe
algorithmsdescribedn this papercanstill beusedto solve the new problem,we planto look
into the caseof duplicatejoin attributesin moredetailin future.

6 Performance Study

In this section,we will presenta performancestudyevaluatingthe variousalgorithmictechniques
thatwe describedn this paper We will concentrat®nthe MHist-style histogramsanddiscussoth
the BB and ST representations detail asthey presentwo extremesin compleity of operations
andassuch,cover alarge numberof othersynopsigechniquegSections).

Themainresultsof this sectioncanbe summarizedsfollows :
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Figurel7: Performancef thealgorithms(BB Representation)

e The costof estimatingthe intermediatetable cardinalitiescan be very high, especiallyfor
complex histogrammingechniques.

e Theheuristicalgorithmsproposedn this paperfind goodestimationplansvery efficiently.

e Thecostof estimationplanning,i.e., the costof finding a goodestimationplan,is morethan
offsetby the savings obtainedby usinga goodestimationplanduring estimation.

6.1 Experimental Setup

As the critical input to the estimationplanningproblemis the shapeof the query graph,we ran

experimentsfor variousdifferent query graphshapes.We reportresultsfrom threequery graph
topologies:(1) pathqueries(2) starqueriesand(3) querieswith two stars(Figure15). As the cost
of computingthecardinalityestimate®nly depend®nthepartitioningstructureof thehistograms,
we generatahe baserelationMHists randomlyasrequired,sothatwe have flexibility in choosing
thesizesof histogramsaswell the querytopologies.All the experimentsvereconducteconadual

Pentium667MHz machinerunningLinux with 512MB of RAM.

6.2 Costof Estimation

With this simpleexperimentwe shav thatthe costof computingthe requiredcardinalityestimates
canbevery high, especiallyif the estimationplanis not choserintelligently We will comparethe
estimatiorntimesof thenawe estimationtechniqueahatestimateshecardinalityof eachintermediate
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Figure18: RunningTimesof thealgorithms(BB Representation)

relation separatelyusing just the baserelation histograms,and the optimal estimationplan that
reusegheintermediatesynopsesWe will only shaw this for the BB-representatioMHists, asthe
resultsarevery similar for the ST-representatioMHists.

For thisexperiment all the histogransizeswerechoserio beequalandthetotal spaceoccupied
by the histogramsvasvariedfrom 4KB to 20KB. This is actuallysmallerthanthe typical sizesof
synopsesn currentdatabasesystemsbut the naive estimationplan doesnot finish in reasonable
time with larger histogramsizes. For comparisorpurposeswe alsoshav the runningtime of the
basicqueryoptimizationalgorithmassuminghatcomputingestimatesakeszerotime. As we can
seein Figurel6, thereis anorderof magnitudedifferencebetweerthe nave planandthe optimal
plan,especiallyfor thetwo starsquerytopology Thequeryoptimizationtime is smallerthaneither
of thesetwo estimationtimes,andbarelyregisterson thegraph.

6.3 BB-representation

We will first shaw the performancef the algorithmsaswell asthe runningtimesof thealgorithms
for the BB-representation.

6.3.1 Performanceof the Algorithms

With this experiment,we will comparethe effectivenessof the algorithmsthat we developedin
this paperin finding a good estimationplan. We comparethe threeheuristicsthat we developed
in Section4.4 with the exhaustve algorithm. The sizesof the histogramswvererandomlychosen
so that the total spaceoccupiedby the histogramss constant.We shav the runningtimesof the
estimationgplanschoserby the algorithmsaveragedover 10 runs. As we canseein Figurel7,the
optimal planis almostalwaysfoundin the spaceof leaf-only plans. Becauseof the high costof
collapsinganinterior edge,suchedgesarerarely collapsedn favor of leaf edges.For starqueries,
all the plansareleaf-onlyplansandhencewe do not shaw differentcurvesfor thesetwo algorithms
in thatcase.The MAX algorithmalsotendsto find very goodestimationplans,whereaghe other
greedyheuristic, MIN, finds muchworseplans. In fact, for the star query topology the MAX
algorithmcanbe showvn to be optimalfor thesekinds of histograms.

This performancef thegreedyheuristicss consistentvith theargumeniwe outlinedin Section
4.4. The edgesthat are collapsedearliertendto contrikute only a few timesto the overall cost
of estimation,whereasthe edgesthat are collapsedlater appearin multiple subproblemsand as
such,tendto contrilbute multiple times. As such,a heuristicthatcollapseghe minimum costedges
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Original No. | No. of buckets

of Buckets | in projected MHists

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

Tablel: Explosionafter performinga projectionon the ST-representation

greedilycanbe expectedto performworsethana heuristicthat collapsegshe maximumcostedges
first.

6.3.2 Running Time of the Algorithms

Figure 18 shaws the runningtimesfor thesealgorithmsfor the threequerytopologies. None of
the algorithmsare affectedby actualsizesof the histogramsandassuch,the compleity of each
algorithmonly depend®nthequeryshape As we cansee for the pathquerytopology therunning
time of EXH-LO is much lower thanthat of EXH. This is becausehe formeris a O(n?) time
algorithm,whereaghe latteris an exponentialtime algorithm. For starqueries all plansareleaf-
only andassuchboththealgorithmstake sametime to finish. For two starstopology thedifference
betweenthe two algorithmscan be proved to be abouta factor of 2 as can also be seenin the
correspondingyraph.Both the greedyheuristicsrun muchfasterthanthe otheralgorithms,asboth
arethemareessentiallylineartime algorithms.

The benefitsof intelligentestimationplanningcaneasilybe seenfrom thesetwo experiments.
Thedifferencebetweeragoodestimatiorplanandabadestimatioris muchlargerthantherunning
time of the MAX algorithm, and even the EXH-LO algorithmin mary cases. Consideringthat
the total spaceallocatedto histogramsin typical databasesystemss quite large, the benefitsof
estimationplanningcanbetremendous.

6.4 ST-representation

The behaiour of the estimationplanningalgorithmschanges<onsiderablyif the intermediatehis-
togramsare storedin the ST-representatior ary representatiothat doesnot allow overlapping
buckets. The main reasonbehindthis is the requirementof keepingthe resultinghistogramsn
non-o/erlappingbucketsformatresultsin alarge numberof bucketsin the histograms.

Weillustratethis phenomenothroughanexample.Tablel shavs the numberof bucketsin the
projectionsof a 6-dimensionaMHist on all 5-attritute subsetof the 6 attributes. As we cansee,
the numberof bucketsin the projectioncanbe muchlarger comparedo the numberof bucketsin
the original MHist andalso, the projectionseemto exhibit a large variability in the sizes. While
underliningthe importanceof choosingan estimationplan correctly this alsobegs the questionof
why theintermediateéhistogramshouldbestoredin thisformatatall. We will addresshisquestion
in Section6.5.
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6.4.1 Performanceof the Algorithms

Figure 19 shaws the performanceof variousestimationplanningalgorithmsin this scenario.The
experimentalsetupis the sameas abore. We do not shaw the resultsfor EXH asthe algorithm
doesnotrunin reasonabléime exceptin very smallcases.The main problemis thatcollapsingan
interioredgeresultsn ahistogranthatis largerin dimensionalitythateitherof theinputhistograms,
andin generalhasmuchlarger numberof bucketsthaneitherof them.

As we cansee,both the greedyheuristicsMAX andMIN performsmuchworsethanthe ex-
haustve algorithm EXH-LO. We have alreadyseenthe intuition behindbad performanceof the
MIN algorithm, but eventhe MAX algorithm performsbadly in this case. This is becauseavhile
choosingto collapseedgesthat have maximumcostof collapsing,this algorithmgeneratesnter
mediatehistogramswith very large sizes.For example,returningto our earlierexample(Table1),
MAX algorithmmay chooseo collapsethe edgethatresultsin creationof the histogramwith size
2537899 Thisproblemdoesnotarisein the BB representatiobecausall theprojectionsof agiven
histogramcontainexactly the samenumberof buckets.

Consideringhatthe two greedyheuristicsperformbetterunderdifferentscenariosye exper
imentedwith a hybrid versionof the two called MINMAX. This heuristicsimply runs both the
heuristicssimultaneouslhand chooseghe onewith bettercost. As we cansee,this heuristicper
formsmuchbetterthaneitherMIN or MAX, thoughstill worsethanthe exhaustve algorithm.

6.4.2 Running Time of the Algorithms

Figure20 shaws the runningtimesof the estimationplanningalgorithms.As we cansee therun-
ningtime of the EXH-LO algorithmmalesit impracticalin prettymuchall scenariosAs expected,
the greedyheuristicsMAX andMIN take muchlesstime. The MINMAX heuristicalsofinds an
estimationplanvery quickly. Note that, sincethe MIN andMAX algorithmssharea lot of com-
putation(moreprecisely creationof someskeletonhistograms)the time of MINMAX is usually
muchlessthatthe combinediime for MIN andMAX.

6.5 Which representationto use?

As we have seenthechoiceof thealgorithmsto useandtheir performancés greatlyaffectedby the
representationisedto storetheintermediataesults. This begsthe question: which representation
shouldbe usedduring the optimizationprocess? BB-representatioimasthe advantagethatit is
very simpleto useandimplement,and alsodoesnot leadto the samekind of variability asseen
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Figure21: Comparisorbetweerthetwo representations

with the ST-representation.On the other hand,if the orderin which attributes are collapsedis
optimal,the ST-representationanresultin hugesavingsin estimatiortime. Thisis mainly because
of two factors: (1) thesplit-treestructurecanguidethejoin procedurevery effectively to eliminate
unnecessargomparisonsdetweenbuckets, and (2) the projection operationcan resultin small
histogramdecausehis representatioeliminatesary overlapbetweerbucketswithin a histogram.

Figure21 shavs theresultsof anexperimentconductedo shav thedifferencebetweerestima-
tion costsbasedntherepresentationsed.As with thefirst experiment(Section6.2,the histogram
sizeswerechoseno be equalandthe total spaceoccupiedby the histogramsvasvariedbetween
8KB and 48KB. As we can see,for the two-starsquery and the path query the ST representa-
tion resultsin significantsavzings in estimationcost, whereador a starqueryon 8 relations,the
BB-representatioperformsbetter In fact, if the ST-representatiois usedfor the starquery the
intermediatehistogramsizesare so large thatit is not possibleto executethe estimationplan for
large histogramsizes.Thisis mainly becaus®f the 7-dimensionainput histogranthat,in general,
producewery large projections.

This experimentsuggestghat the ST-representatiorshould be usedin general,exceptwhen
large high-dimensionalityhistogramsare presentin the input. A hybrid algorithm that switches
betweenthe two representations not feasibleasit is computationallyery expensve to corvert
from the BB-representatioto the ST-representation.
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7 Conclusions

With theincreasinguseof complex summarizatioriechniquedor bettercardinalityestimation the
guestionof usingtheseoptimally becomewery importantasthe computationatostof usingthese
compl techniquescan be quite high. In this paper we shav how this problemnaturally arises
whena SystemR-style optimizationalgorithmis extendedto use multi-dimensionalhistograms,
andwe develop algorithmsfor finding good estimationplansto computethe requiredestimates.
Our experimentakesultsvalidateboththe needfor betterestimationplanningandthe performance
of ouralgorithms.

We hopeto extend this work in mary directions. One of the importantquestionsthat needs
to be answereds whetherthe compleity of the estimationprocesscan be reducedsignificantly
if the intermediatesynopseghat are constructedare not requiredto be as accurateas possible
given the basetable synopses.We also planto addresdifferent query optimizationalgorithms,
asthe intermediaterelationsthat are encounterediuring the processdependsignificantly on the
optimization algorithm used. For example, randomizedalgorithms[IK90] require costingonly
a limited numberof query plans, and the estimationprocedureshouldbe able to estimateonly
thoseintermediatetable cardinalitiesthat are requiredefficiently. Approximatequery answering
is anotherareawherethe techniquesdevelopedin this papercould be used. With increasinguse
of complex synopsistechniquedor this purpose,approximatequeryingcan be computationally
expensve for large queriesandassuch,estimationplanningmay have to be employedfor efficient
useof thesynopses.
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A Projectand join operationson ST-representationMHists

A.1 Projection

Let'ssaywewantto projectad-dimensionaMHist onattributesA,, ... , A; onattributesAq, ... , A4 1.
Considetthe simplecasewhereonly thetop split (the veryfirst split madeduringthe construction)
is on attribute A4, whereagrestof the splits on the otherdimensions.Let T; and T, be the two
childrenof theroot node.Notethatboththesesplit-treesrepresena partition of the same(d — 1)-
dimensionalspace. If we wantto project A4 out, thenthesethis particular(d — 1)-dimensional
spacemustbe split sothatit agreeswith bothT;. andT;. Thisis doneby iteratingover all buckets
of T; andsplitting the spaceoccupiedby eachof the bucketsaccordingto 7. Thisis doneby first
finding out which of the splits containedn T, arerelevantto this bucket andthenappendinghat
portionof T, to thecorrespondindeaf. Notethat, this particularoperationcanalsobethoughtof as
aspatial join betweerthe bucketsof 7; and7,.. We do not usea spatialjoin algorithmfor this, but
suchanalgorithmcouldbeusedif the naive algorithmturnsoutto be computationallyexpensve.

The projectionalgorithmworks bottom-upusingthe above ideato eliminateary splitson A4,
recursvely. New bucket frequenciesare computedduring this processaswell. Pleaserefer to
[DGRO1]for details. Projectionghatinvolve projectingout multiple attributescanbe donesimul-
taneouslhusingthis algorithm.

A.2 Multiplication

Multiplication usesa very similar algorithmasabove. As a matterfact, both theseoperationause
a commonroutineasdescribedn [DGRO0]]. Let us saywe wantto multiply two histogramsH;

and H, thatareon attributes A, ... , A4, By,... ,Be andAy,... ,A4,C1,... ,C} resp.,to geta
histogramon attributes A, ... , Ag, B1,... , B¢, C1,... ,Cy. This operationcanbe thoughtof as
anspatialjoin wheretwo bucketsarecombinedto producea new bucketin theresultif thereis an
overlapin therangesof attributes A4, ... , A3. Weimplementthis by iteratingover all the buckets
of H; andfinding the relevant splits in Ho that split the spaceoccupiedby that bucket. Again,
more sophisticatedpatialjoin algorithmscould be usedinstead,but the compleity of the above
operationis upperboundedby the |H, || Hz|, where|H| denotesthe numberof bucketsin these
histogramsandthis numberis never very large aslong asthe intermediatehistogramsare created
intelligently.
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B Proofs
Here,we will briefly outline proofsof the claimswe make in this paper

Theorem B.1 The numberof waysof computingall the intermediaterelation cardinalities for a
n-relation star queryis larger than O(2%"), wherasfor a path query there are at IeastO(n”Z)
distinctpossibilities.

Proof: Both thesederivationsusethe fact that the cardinality of anintermediaterelation may be
estimatediusinghistogramsn ary two intermediataelationsthatcangeneratehisrelationthrough
ajoin, andthe choicemadefor ary intermediateelationis independentf the choicefor ary other
intermediateelation.

Star query: Givenanintermediaterelation consistingof k£ baserelations,therearek — 1 possi-
ble joins that cangeneratehis relation. Sincethereare (Zj) intermediaterelationswith k base
relationseach this givesusthefollowing formulafor thetotal numberof possibilities:

1 n—1
1

=L (k — 1)(2: ) > 9=(:T1) — 92!

Notethatthisis avery conserative estimate.

Path query : Therearek — 1 differentjoins thatcangeneratary givenintermediateelationcon-
sistingof k£ baserelations.This givesthefollowing expressiorfor thetotal numberof possibilities

Ml (n—k+ DM > I (- k4 )M > (5)00)

B.1 Proofof Theorem4.2

We will prove this by constructinga correspondencbetweenintermediaterelationsencountered
duringthe optimizationalgorithmandthe subproblemgeneratediuring our searchalgorithm.
Thefirst subproblemwhichis alsothe original problem,is assignedo the queryresult,ie., the
intermediaterelationthat consistsof all baserelations. Let (R, S) be aleaf edgein this problem,
andlet R be the relationwith degreel. Collapsingthis edgeresultsin exactly one subproblem
for our searchalgorithm,thoughduring estimation this subproblermeedgo be executedwith two
differentsetsof input histograms.We will assignthis subproblento theintermediateelationthat
consistsof all baserelationsexceptthe relation R. As we cansee,eachsubproblenthat canbe
generatect this stagewill beassignedo a differentintermediateelationthroughthis processBy
proceedingecursvely on the subproblemsa correspondenceanbe constructedhatassignseach
subproblento a uniqueintermediaterelation.
|
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