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Abstract

In largedatawarehousingenvironments,it is oftenadvantageousto providefast,approximateanswersto complex
aggregatequeriesbasedon statisticalsummariesof thefull data.In this paper, we demonstratethedifficulty of pro-
viding goodapproximateanswersfor join-queriesusingonly statistics(in particular, samples)from thebaserelations.
We proposejoin synopses(join samples)asaneffective solutionfor this problemandshow how precomputingjust
onejoin synopsisfor eachrelationsufficesto significantlyimprove thequality of approximateanswersfor arbitrary
querieswith foreignkey joins. Wepresentoptimalstrategiesfor allocatingtheavailablespaceamongthevariousjoin
synopseswhenthequerywork loadis known andidentify heuristicsfor thecommoncasewhenthework loadis not
known. We alsopresentefficient algorithmsfor incrementallymaintainingjoin synopsesin thepresenceof updates
to thebaserelations.Oneof ourkey contributionsis a detailedanalysisof theerrorboundsobtainedfor approximate
answersthatdemonstratesthetrade-offs in variousmethods,aswell astheadvantagesin certainscenariosof a new
subsamplingmethodwe propose. Our extensive setof experimentson the TPC-D benchmarkdatabaseshow the
effectivenessof join synopsesandvariousothertechniquesproposedin thispaper.

1 Intr oduction

Traditional query processinghasfocusedsolely on providing exact answersto queries,in a mannerthat seeksto

minimizeresponsetime andmaximizethroughput.However, in largedatarecordingandwarehousingenvironments,

providing anexactanswerto a complex querycantakeminutes,or evenhours,dueto theamountof computationand

disk I/O required.

Therearea numberof scenariosin which an exact answermay not be required,anda usermay prefera fast,

approximateanswer. For example,duringsomedrill-down querysequencesin ad-hocdatamining, initial queriesin

the sequenceareusedsolely to determinewhat the interestingqueriesare[HHW97]. An approximateanswercan

alsoprovide feedbackon how well-poseda queryis. Moreover, it canprovidea tentativeanswerto a querywhenthe

basedatais unavailable.Anotherexampleis whenthequeryrequestsnumericalanswers,andthefull precisionof the

exactansweris not needed,e.g.,a total, average,or percentagefor which only thefirst few digits of precisionareof

interest(suchastheleadingfew digitsof a total in themillions, or thenearestpercentileof apercentage).Finally, note

thattechniquesfor fastapproximateanswerscanalsobeusedin a moretraditionalrole within thequeryoptimizerto

estimateplancosts;suchanapplicationdemandsvery fastresponsetimesbut not exactanswers.

Motivatedby theabove reasoning,we studythe issueof providing approximateanswersto queriesin this paper.

Our work is tailoredto datawarehousingenvironments.In particular, we focuson providing approximateanswers to
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aggregatequerieson joins of relations.1 Our goal is provide anestimatedresponsein ordersof magnitudelesstime

thanthetime to computeanexactanswer, by avoidingor minimizing thenumberof accessesto thebasedata.

While therehasbeena flurry of recentwork in approximatequeryanswering(e.g.,[VL93, BDF
�

97, GMP97a,

GMP97b, HHW97,GM98a]), only thework by Hellersteinet al [HHW97] haslookedat theproblemof approximate

join aggregates.We considerthis to beanimportantproblemsincemostnon-trivial queries,especiallyon dataware-

housingschemas,involve joining two or moretables. For example,
���

of the
���

queriesin the TPC-D benchmark

involvequerieson joins.

We show, both theoreticallyandempirically, that schemesfor providing approximatejoin aggregatesthat rely

on usingrandomsamplesof baserelationsalonesuffer from seriousdisadvantages.(This is discussedin detail in

Sections2 and3.) Instead,we proposethe useof precomputedsamplesof a small setof distinguishedjoins —we

refer to theseprecomputedsamplesas join synopses—inorder to computeapproximatejoin aggregates. Our key

contribution is to show that for databaseschemaswith only foreignkey joins— theseschemasaretheonestypically

usedin datawarehousing—it is possibleto provide good quality approximatejoin aggregatesusing a very small

numberof join synopses.2 An importantissuearisingoutof theuseof severalsetsof statisticsis thecarefulallocation

of a limited amountof spaceamongthem. Whena queryworkloadcharacterizationis available,we show how to

designanoptimalallocationfor join synopsesthatminimizestheoverall errorin theapproximateanswerscomputed.

We discussheuristicallocationstrategiesthat work well whenthe workloadis not known. We alsoshow how join

synopsescanbemaintainedin thepresenceof updates,andshow thattheoverheadthatthey imposeis veryminimal.

An importantissuein computingapproximateanswersis that of providing confidenceboundsfor the answers.

Suchboundsgive the uservaluablefeedbackon how reliable an answeris. In addition to discussinghow tradi-

tionalmethodsfor providing confidencebounds(for example,basedon Hoeffding boundsor theCentralLimit Theo-

rem[Haa97]) applyto join synopses,weproposeanovel empiricaltechniquefor computingconfidenceboundsbased

on extractingsubsamplesfrom samples.

Thecontributionsof this paperareasfollows:� Weproposejoin synopsesasatechniquefor computingapproximatejoin aggregates.Oursolutionis applicable

to datawarehousingenvironments,which haveschemasthatinvolveonly foreignkey joins.� We presentan optimal allocationstrategy for join synopseswhenthe queryworkloadis known. We propose

allocationheuristicsfor thecasewherethequeryworkloadis unknown.� We discussthe issueof generatingconfidenceboundsfor approximatejoin aggregatesandproposea new em-

pirical techniquefor computingerrorbounds.� We presentanefficientmaintenancealgorithmfor join synopses.� Wepresenttheresultsof adetailedexperimentalstudyontheperformanceof thetechniqueswepropose.Using

theTPC-Dbenchmark,we show theadvantagesof join synopsesover samplesof baserelationsin computing

approximatejoin aggregateswith goodconfidencebounds.We alsoshow thatjoin synopsescanbemaintained

efficiently andwith minimaloverheads.

1Weabbreviatethis phraseto “approximatejoin aggregates.”
2It is, of course,not possibleto provide goodapproximateanswersto queriesof arbitrarylow selectivity with a fixedamountof storage.Our

goalis to show thatfor agivenamountof space,join synopseswork betterthanschemesthatuseonly samplesof baserelations.
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The researchin this paperwasconductedaspart of the Aqua project [GMP97a] at Bell Labs. The goal of the

Aquaprojectis to developan approximatequeryansweringengine.The enginehasbeendesignedto run on top of

any commercialDBMS. TheengineusestheDBMS to storesynopsesof theoriginal dataandprovidesapproximate

answersvia queryrewriting. Thisapproximatequeryansweringengine,whichwearein theprocessof implementing,

is basedpartlyon thetechniquesin this paper.

Therestof this paperis organizedasfollows. Section2 discussesrelatedwork in theareaof approximatequery

processing.Section3 discusseswhy samplesof basesamplesareinadequatefor computingapproximatejoin aggre-

gates.Section4 presentsjoin synopsesasa solutionto this problemwhenthedatabaseschemahasonly foreignkey

joins. Section5 discussesallocationstrategiesfor join synopses.Section6 discussesthe issueof confidencebounds

for approximateaggregatesandpresentsa novel empiricalsolutionfor computingconfidencebounds.Section7 de-

scribesanalgorithmfor maintainingjoin synopsesunderinsertionsanddeletionsto thedatabase.This is followedby

ourexperimentalstudyof thedifferenttechniquesin Section8. We concludein Section9.

2 RelatedWork

Statisticaltechniqueshave beenappliedin databasesfor more than two decadesnow, but primarily insidea query

optimizer for selectivity estimation[SAC
�

79]. However, the applicationof statisticaltechniquesto approximate

queryansweringhasstartedreceiving attentiononly veryrecently. Below, wedescribethework onapproximatequery

answeringandthework on generalstatisticaltechniquesappliedin databases.

Approximate query answering: Hellersteinet al [HHW97] proposeda framework for approximateanswersof

aggregationqueriescalledonlineaggregation, in which thebasedatais scannedin randomorderat querytime and

the approximateansweris continuouslyupdatedas the scanproceeds.Unlike Aqua, this work involvesaccessing

original dataat query time, thus beingmore costly, but at the sametime, this approachprovidesan option to get

the fully accurateanswergraduallyand it is not affectedby databaseupdates. However, the problemswith join

queriesdiscussedin this paperalsoapply to online aggregation– basically, a large fraction of the dataneedsto be

processedbeforetheerrorsbecometolerable.Othersystemssupportlimited on-lineaggregationfeatures;e.g.,theRed

Brick systemsupportsrunningCOUNT, AVG, andSUM (see[HHW97]). Sincethe scanorderusedto producethese

aggregationsis not random,theaccuracy canbequitepoor. Therehavebeenseveralrecentworkson“f ast-first”query

processing,whosegoal is to quickly provide a few tuplesof theactualqueryanswer[BM96, CK98, AZ96], but the

focusthereis notonobtainingstatisticallyrepresentativeapproximateanswers.In theAPPROXIMATE queryprocessor,

developedby Vrbsky andLiu [VL93], anapproximateanswerto aset-valuedqueryis any supersetof theexactanswer

thatis a subsetof thecartesianproduct.Thequeryprocessorusesvariousclasshierarchiesto iteratively fetchblocks

relevantto theanswer, producingtuplescertainto be in theanswerwhile narrowing thepossibleclassesthatcontain

the answer. Clearly, this work is quite different from the statisticalapproachtaken by us andby Hellersteinet al.

Finally, Matiaset al [MVN93, MVY94, MSY96] proposedandstudiedapproximatedata structures, for providing

faster(approximate)answersto datastructurequeries. For example,an approximatepriority queuereturnsa fast,

approximatemin in responseto anextract-minquery.

Statistical techniques:Therehasbeenconsiderableamountof work in developingstatisticaltechniquesto solve

selectivity estimationand more recently, for datareductionin large datawarehouses.The threemajor classesof

techniquesusedaresampling(e.g.,[HÖT88, LNS90, HNS94, LN95, HNSS95, GGMS96]), histograms(e.g.,[Koo80,
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PIHS96, Poo97]), andparametricmodeling(e.g.,[CR94]). A survey of variousstatisticaltechniquesis given in the

paperby Barbaŕa et al [BDF
�

97]. GibbonsandMatiaspresenta framework for studyingsynopsisdatastructures

for massive datasets[GM98c] andintroducedtwo sampling-basedsynopses,concisesamplesandcountingsamples,

that canbeusedto obtainlargersamplesfor the samespaceandto improve approximatequeryanswersfor hot list

queries[GM98a]. Maintenancealgorithmsexist for samples[OR92, GMP97b, GM98a] andhistograms[GMP97b].

However, thesemaintenancetechniquesareapplicableonly to “base”statisticsandnot to thejoin synopsespresented

in this paper.

3 The Problemwith Joins

As pointedout in theintroduction,anapproximatequeryansweringsystemhastwo key requirements— providing an

accurateestimateof theactualanswerandproviding tight boundson the confidenceof theestimate.Unfortunately,

boththeaccuracy of theestimateandthespreadof confidenceboundsarestronglydependentonthesizeof thesample

usedto derive them. Moreover, unlesssomestatisticalpropertiescanbe guaranteedon this sample,the boundsare

usuallyverypessimistic.In thissection,wewill motivatewhy usingastraightforwardsamplingapproachcanproduce

apoorestimationqualitywhenapproximatingaggregateson multi-way joins.

A naturalsetof synopsesfor anapproximatequeryenginewould includeuniform randomsamplesof eachbase

relation(i.e., relationsin thedatabase).We refer to theseasbasesamples. The useof basesamplesto estimatethe

outputof amulti-way join, however, canproduceapoorqualityapproximation.This is for thefollowing two reasons:

1. Statistical guarantee: In general,the join of two uniform randombasesamplesis not a uniform random

sampleof theoutputof thejoin. In mostcases,thenon-uniformityintroducedby thejoin significantlydegrades

theaccuracy of theanswerandtheconfidencebounds.

2. Join output size: The join of two randomsamplestypically hasvery few tuples,even whenthe actualjoin

selectivity is fairly high. This canleadto both inaccurateanswersandvery poorconfidenceboundssincethey

critically dependon thequeryresultsize.

Considerthefirst problem.In orderfor thejoin of thebasesamplesto bea uniform randomsampleof theactual

join, theprobabilityof any two joinedtuplesto be in theformershouldbethesameastheir probability in the latter.

(This is a necessary, but not sufficient, condition.) We will usea simple2-way join counterexampleto show this is

not alwaysthecase.

a

b

b

a
a

b

a1
a2

b1

R.X
S.X

Figure1: Joinof samplesis not a sampleof joins
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Considerthe (equality)join of two relations� and � on anattribute 	 . Thedistribution of 	 valuesin thetwo

relationsaregiven in Figure1. The edgesconnectjoining tuples. Considerjoining basesamplesfrom � and � .

Assumethateachtuple is selectedfor a basesamplewith probability
��
��

. FromFigure1, we seethat 
 � and 
�� are

in the join if andonly if both 
 tuplesareselectedfrom � andtheone 
 tuple is selectedfrom � . This occurswith

probability
��
����

, sincetherearethreetuplesthatmustbeselected.On theotherhand,
 � and � � arein thejoin if and

only if thefour tuplesincidentto theseedgesareselected.Thisoccurswith probabilityonly
��
����

. Thiscontrastswith

thefactthatin a uniformrandomsampleof theactualjoin, theprobabilitythatboth 
 � and 
�� areselectedequalsthe

probabilitythatboth 
 � and � � areselected.In general,for any pairof relationsjoining onanattribute 	 , any 	 value

thatoccursin eachrelation,andoccursmorethanoncein at leastoneof therelations,introducesa biassuchthat the

join of thebasesamplesis not auniform randomsampleof theoutputof thejoin.

We now highlight thesecondproblemof smalloutputsizes.Considertwo relations,� and � , andbasesamples

comprisingof 1%of eachrelation.Thesizeof theforeignkey join between� and � is equalto thesizeof � . However

theexpectedsizeof thejoin of thebasesamplesis � � � % of thesizeof � , sincefor eachtuplein � , thereis only one

tuple in � that joins with it, andthat tuple is in thesamplefor � with only a
�
% probability. In general,considera�

-way foreignkey join and
�

basesampleseachcomprising
��
��

of thetuplesin their respective baserelations.Then

theexpectedsizeof thejoin of thebasesamplesis
��
����

of thesizeof theactualjoin. In factthebestknown confidence

interval boundsfor approximatejoin aggregatesbasedon basesamplesarequitepessimistic[Haa97].

Thus,it is in generalimpossibleto producegoodqualityapproximateanswersusingsampleson thebaserelations

alone,a fact that we further demonstratein our experiments. Sincenearly all queriesin the warehousingcontext

involve complex querieswith large numberof (foreign-key) joins, it is critical to solve this problem. In the next

sectionweprovidea solutionfor this problemanddiscussits ramifications.

4 Join Synopses

In thissectionwepresentapracticalandeffectivesolutionfor producingapproximatejoin aggregatesof goodquality.

At a high level, we proposeto precomputesamplesof join results,makingquality answerspossibleevenon complex

joins. A naivewayto precomputesuchsamplesis to executeall possiblejoin queriesof interestandcollectsamplesof

their results.However, this is not feasiblesinceit is too expensive to computeandmaintain.Our maincontribution is

to show thatby computingsamplesof theresultsof a smallsetof distinguishedjoins, we canobtainrandomsamples

of all possiblejoins in theschema.We refer to samplesof thesedistinguishedjoins asjoin synopses.Our technique

works for the starandsnowflake schemas(moreprecisely, acyclic schemaswith only foreign key joins3) typically

foundin datawarehousing[Sch97].

In orderto developthis solution,we modelthedatabaseschemaby a graphwhosenodescorrespondto relations

andwhoseedgescorrespondto everypossible2-way foreignkey join for theschema.Thekey resultwe prove is that

thereis a one-onecorrespondencebetweena tuple in a relation
�

anda tuple in the outputof any foreign key join

involving
�

andtherelationscorrespondingto oneor moreof its descendantsin thegraph.This providesuswith the

technicaltool for join synopses:a sample��� of a relation
�

canbeusedto produceanotherrelation �������� —called

3A 2-way join !#"%$&!(' , !#"*)+ !(' , is a foreignkey join if thejoin attribute is a foreignkey in !#" (i.e.,a key in !(' ). For ,.-0/ , a , -way join is a, -wayforeignkey join if thereis anordering !#"213!('�1545464517!(8 of therelationsbeingjoinedthatsatisfiesthefollowing property:for 9 +;: 1</�154=454=1�, ,>6?A@ " $B! ? is a2-way foreignkey join, where >6?A@ " is therelationobtainedby joining ! " 1�! ' 1=4=454=13! ?A@ " .
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Figure2: Directed graph for the TPC-D schema.

a join synopsisof
�
—that canbe usedto provide randomsamplesof any join involving

�
and oneor more of its

descendants.

We now move to thetechnicaldevelopmentof theresults.Considera directedacyclic graph,C , with a vertex for

eachbaserelationanda directededgefrom a vertex D to a vertex EGFH D if thereareoneor moreattributesin D ’s

relationthatconstitutea foreignkey for E ’s relation.Theedgeis labeledwith theforeignkey. An exampleis givenin

Figure2 for theTPC-Dbenchmark.We show two key lemmasaboutthepropertiesof thisgraph.

Lemma 4.1 Thesubgraphof C on the
�

nodesin any
�
-way foreignkey join mustbe a connectedsubgraphwith a

singleroot node.

Proof. Consideran ordering
��I�J �K��� J6� � on the relationsthat satisfiesthe

�
-way foreign key join propertygiven

above. Theproof is by induction,with thebasecaseof a singlenode
� I

. Let
�MLONQP �

and R�SUT I H � IWVGXKXKX�V � S3T I .
Assumethat thesubgraphCYS3T I on the

N[Z\�
nodesin R�SUT I is connectedwith a singleroot node

� I
. Since R�S3T IYV � S

is a 2-way foreignkey join, the join attributemustbea key in
� S . Thusthereis anedgedirectedfrom somenodeinCYS3T I to

� S , implying that CYS H CYS3T I^] � S is a connectedsubgraphof C . Hencethereis a directedpathin C from
� I

to
� S . Since C is acyclic,

� S_FH � I
, so

� I
, which by theinductiveassumptionis theonly root nodein CYS3T I , is theonly

rootnodeof CYS . Thelemmafollowsby induction.

We denotetherelationcorrespondingto therootnodeasthesourcerelationfor the
�
-way foreignkey join.

Lemma 4.2 There is a 1-1 correspondencebetweentuplesin a relation
��I

and tuplesin any
�
-way foreignkey join

with sourcerelation
� I

.

Proof. By the definition of a join, for eachtuple ` in the outputof a join, thereexists a tuple `ba in
� I

suchthat` projectedon the attributesin
� I

is `ba . Conversely, we claim that for eachtuple `ba in
� I

thereis exactly onetuple` in the
�
-way foreignkey join. Theclaim is shown by induction. Consideran ordering

� I J �K��� J=� � on the relations

thatsatisfiesthe
�
-way foreignkey join propertygivenabove. Theclaim trivially holdsfor thebasecaseof a single

relation
� I

. Let
�YLcN^P �

and R�SUT I H � I_V\X�XKXdV � S3T I . Assumeinductively thatfor eachtuple `ba in � I thereis exactly

onetuple ` in R�S3T I . Since R�SUT I_V � S is a2-way foreignkey join, thejoin attributemustbea key in
� S . Thusthereis at

mostonetuplein
� S joining with eachtuplein R SUT I , andfurthermore,dueto foreignkey integrity constraints,thereis
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at leastonesuchtuple. Hence,for eachtuple `ba in
� I

thereis exactly onetuple ` in R�S H R�SUT IYV � S . Theclaim, and

hencethelemma,followsby induction.

FromLemma4.1,we have thateachnodecanbe the sourcerelationonly for
�
-way foreignkey joins involving

its descendantsin C . For eachrelation
�
, thereis somemaximumforeignkey join (i.e., having thelargestnumberof

relations)with
�

asthesourcerelation.For example,in Figure2, e VcfgV � is themaximumforeignkey join with

sourcerelation e , and h VOijV e Vkf � V � � Vkl � VklmV � Vcf � V �Y� is themaximumforeignkey join with

sourcerelation h .

Definition 4.1 Join synopses:For each node D in C , correspondingto a relation
� I

, define ���3Dn to be the output

of the maximumforeign key join
� I0V ��o VpX�XKXqV ��r

with source
� I

. (If D hasno descendantsin C , then s H �
and �;�UD� H � I

.) Let ��t be a uniform randomsampleof
� I

. Definea join synopsis, ������t� , to be the outputof��t V ��o V\X�XKXdV ��r . Thejoin synopsesof a schemaconsistsof �;�7��t� for all D in C .

To emphasizethesamplingnatureof join synopses,we will sometimesreferto themasjoin samples.

For example,in theTPC-Dschema,thejoin synopsisfor � is simply asampleof � whereasfor e it is thejoin off
, � , anda sampleof e . Next, we show that thejoin synopsisof a relationcanbeusedto obtaina uniform random

samplefor a largesetof queries!

Theorem4.3 Let
� I&VuXKX�X%V � � , �kv � , be an arbitrary

�
-way foreignkey join, with source relation

� I
. Let D be

the nodein C correspondingto
� I

, and let �wt be a uniform randomsampleof
� I

. Let � be the setof attributesin� I J ���K� J6� � . Then,thefollowing are true:� �x�7��ty is a uniformrandomsampleof ���3Dn , with z �wt{z tuples.(FromLemma4.2.)� ��I VmX�XKXwV � � H}|�~ ���3Dn , i.e., theprojectionof �;�UD� on theattributesin
��I�J ���K� J6� � . (Trivially true fromthe

definitionof �x�UD� givenin theabovedefinition.)� |{~ ���7� t  is a uniformrandomsampleof
��I V�XKX�XdV � � ( HO|�~ �;�UD� ), with z � t z tuples.(Followsfromtheabove

two statements.)

Thuswe canextract from our synopsisa uniform randomsampleof the outputof any
�
-way foreign key join,�0v � . For example,thejoin synopsison h in theTPC-Dschemacanbeusedto obtainasampleof any join involvingh (which is true for mostqueriesin thebenchmark).Thenext lemmashows thata singlejoin synopsiscanbeused

for a largenumberof distinct joins, especiallyfor thestar-like schemascommonin datawarehouses.Here,two joins

aredistinct if they donot join thesamesetof relations.

Lemma 4.4 Froma singlejoin synopsisfor a nodewhosemaximumforeignkey join has s relations,wecanextracta

uniformrandomsampleof theoutputof betweens Zc� and � r T I Zc� distinctforeignkey joins.

Proof. Theformercasearisesif all thedescendantsof thenodeform a line in C . Thelattercasearisesif thenode

is theroot of a starof all its descendants,asin astarschema.

NotethatsinceLemma4.2failsto applyin generalfor any relationotherthanthesourcerelation,thejoining tuples

in any relation
�

otherthanthesourcerelationwill not in generalbeauniformrandomsampleof
�
. Thusdistinctjoin

synopsesareneededfor eachnode/relation.
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A limitation of our solutionof maintainingjoin synopsesis thatfor worstcaseschemas,thesizeof themaximum

foreignkey join canbeexponentialin thenumberof relationsin theschema:

Lemma 4.5 Thereexistsforeignkey schemawith � relationssuch thatthemaximumforeignkey join has � X �y��� T I=�3� � ZM�
relations.

Proof. Considera“coathanger”� S with root
� S . � S � I hasroot

� S � I with two children � and
�

eachof whichjoin to� S . It is easyto verify thatthecoathanger� S has
��Nn�}�

nodes.Consider� relationswhich arethenodesof � ��� T I=�3� �
with edgesbetweenthemdepictingtheforeignkey relationships.Thenit is easyto verify that themaximumforeign

key join has� X ����� T I=�3� � Z�� relations.

However, we canexpectsuchpathologicalschemasto beextremelyrarein real-life situations.This is becausea

schemalike theoneabove implies thepresenceof anexponentialnumberof meaningfuljoins in a schema,which is

not somethingthatweseein real-life.

Sincetuplesin join synopsesarethe resultsof multi-way joins, a possibleconcernis that they will be too large

becausethey havemany columns.To reducethecolumnsstoredfor tuplesin join synopses,wecaneliminateredundant

columns(for example,join columns)andonly storecolumnsof interest.Smallrelationscanbestoredin theirentirety,

ratherthanaspart of join synopses.To further reducethe spacerequiredfor join synopses,we canrenormalizethe

tuplesin a join synopsisinto its constituentrelationsandremoveduplicates.To theextentthatforeignkeysaremany-

to-one,this will reducethespace,althoughthekey will thenbereplicated.Of course,with renormalization,whena

tuplein ��t is deleted,onehasto deleteany joining tuplesin theconstituentrelationsaswell. This canbedoneeither

immediatelyor in a lazy fashionin a batch.Thefollowing lemma,which we statewithout proof, placesa boundon

thesizeof a renormalizedjoin synopsis.

Lemma 4.6 For anynodeD whosemaximumforeignkey join is a s -wayjoin, thenumberof tuplesin its renormalized

join synopsis�;�7��t� is at most s�z ��t{z .
As anexample,considertheTPC-Dschemain Figure2. In theTPC-Dbenchmarkdatabase,therelations

f
and� , correspondingto NationandRegion, have 25 and5 tuplesin them,respectively. Therefore,we canstorethemin

their entiretywithout consideringany samplesfor them. We canthereforeremove themfrom thegraph.We areleft

with thenodesh J l � J i J e J l , and � . Thenumberof relationsin themaximumforeignkey join correspondingto each

of thesenodes(denotedby theletter s above) is � J��bJ � JK��JK� , and
�

for h J l � J i J e J l and � respectively. Let usnow

make two simplifying assumptions:(1) thesizeof thetuplesin eachbaserelationis thesame;and(2) thenumberof

tuples,� , allocatedto eachof thejoin synopsesis thesame.By Lemma4.6,thetotalnumberof tuplesin thesynopsis

is at most z f z � z �&z �O� t s�t{z ��t�z H � ��� �k� � . Thuswe canobtain,for everypossiblejoin in theTPC-Dschema,a

uniformrandomsampleof
���

of each join result, from acollectionof join synopsesthatin totaluselessthan
�����

of

thespaceneededfor theoriginaldatabase!Notealsothatwecanfurtherreducethesizeof thejoin synopsesby taking

advantageof thefactthatmany foreignkeysaremany-to-one.

To summarize,we have shown that it is possibleto createcompactjoin synopsesof a schemawith foreign key

joins suchthatwe canobtaina randomsamplesof any join in theschema.In thenext section,we presenta detailed

analysisof decidingthesizeof thejoin synopsestakinginto accounttuplesize,queryfrequency, etc.

8



5 Allocation

In this section,we presentoptimalstrategiesfor allocatingtheavailablespaceamongthevariousjoin synopseswhen

certainpropertiesof thequerywork loadareknown andidentify heuristicsfor thecommoncasewhensuchproperties

arenot known.

5.1 Optimal strategies

We considerthe following high-level characterizationof a set, � , of querieswith selects,aggregates,groupbysand

foreignkey joins. For eachrelation, �.S , we determinethefraction, ��S , of thequeriesin � for which �.S is eitherthe

sourcerelationin a foreignkey join or thesolerelationin aquerywithout joins. For example,for the
���

queriesin the

TPC-Dbenchmark,h is thesourceor solerelationfor
� � queriesand

l � is thesourceor solerelationfor
�

queries,

andhencethefraction � S equals
� � 
���� for h , equals

�d
����
for

l � , andequalszerofor all otherrelations.

We seekto selectjoin synopsis(join sample)sizessoasto minimize theaveragerelative errorover a collection

of aggregatequeries,basedon this characterizationof thesetof queries.This canbedoneanalyticallyby minimizing

theaveragerelativeerrorbounds(i.e.,confidenceintervals)over thecollection.Althoughthis seemsto imply thatthe

optimal samplesizeallocationis specificto the type of error boundsused,we will show that a large classof error

boundssharea commonpropertythatwe will exploit for this purpose.Namely, we observe that theerrorboundsfor

COUNT, SUM, andAVG basedon thecommonly-usedHoeffding boundsand/orChebychev bounds,includingthenew

approachesdiscussedin Section6, all sharethepropertythattheerrorboundsareinverselyproportionalto � � , where� is thenumberof tuplesin the(join) sample.(Detailson theseboundsarediscussedin Section6.)

Thustheaveragerelativeerrorboundover thequeriesis proportionalto� S ��S� � S J (1)

where�wS is thenumberof tuplesallocatedto thejoin samplefor sourcerelation �.S .
Our goal is to selectthe �wS soasto minimizeEquation1 for a givenbound,

f
, on the total memoryallottedfor

join synopses.For eachsourcerelation �WS , let R�S be the sizeof a singlejoin synopsistuple for
N
. Thenwe require� S � S R S P f . We show thattheoptimalallocationselects� S to beproportionalto ��� S 
 R S  o � � :

Theorem5.1 Given
f

, and ��S and R�S for all relations �WS , taking�wS H f a X%� ��SR S�� o � �
where

f a H f 
 � �k� � � o � � R � I=� �  , minimizesEquation1 subjectto
� S � S R S P f .

Theproofappearsin theAppendix.

Note that the above analysishasignoredpredicateselectivities. We observe that the relative error boundsfor

COUNT, SUM, andAVG basedon thecommonly-usedHoeffding boundsand/orChebychev bounds,includingournew

approaches,areeitherproportionalto
��
 � � � or proportionalto

��
 � � � , where � is the selectivity. In the absence

of a characterizationof the querywork load in termsof predicateselectivities, we assumethat the selectivities are

independentof therelations.(Incorporatingaselectivity characterizationcanreadilybedone,althoughtheanalysisis

moredetailed.)Underthis assumption,ouranalysisaboveholdsgoodfor any mix of selectivities.
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Finally, notethatthesamplesizescanbeadaptedto a changingqueryloadby maintainingthefrequencies��S , and

reallocatingamongthejoin samplesasthefrequencieschange.

5.2 Heuristic strategies

We next considerthreestrategies for allocatingjoin synopsesthat canbe usedin the absenceof querywork load

information.Thesecanbeusedasstartingpointsfor theadaptiveprocedureproposedabove.� EqJoin dividesup the spaceallotted,
f

, equallyamongstthe relations.Eachrelationdevotesall its allocated

spaceto join synopses.(For relationswith no descendantsin theschema,this equatesto a sampleof thebase

relation.)� CubeJoin dividesup thespaceamongsttherelationsin proportionto thecuberoot of their join synopsistuple

sizes.Eachrelationdevotesall its allocatedspaceto join synopses.� PropJoin dividesupthespaceamongsttherelationsin proportionto their join synopsistuplesizes.Eachrelation

devotesall its allocatedspaceto join synopses,andhenceeachjoin synopsishasthesamenumberof tuples.

Thus for EqJoin, CubeJoin, andPropJoin, the numberof tuplesfor a join synopsiswith tuple size R�S is inversely

proportionalto R�S , R o � �S , and
�
, respectively. When the error boundsare inverselyproportionalto � � , CubeJoin

minimizesthe averagerelative error boundswhen all frequencies��S are assumedto be equal(Theorem5.1), and

PropJoin minimizesthemaximumerrorboundwhenall frequencies��S arenonzero.

Theseallocationstrategiesusingjoin samplescanbecomparedagainstsimilar strategiesthatuseonly basesam-

ples:� EqBaseis likeEqJoin on basesamples,i.e., it devotesall its allocatedspaceto samplesof thebaserelations.� CubeBaseis likeCubeJoin on basesamples.� PropBaseis likePropJoin on basesamples.

Theexperimentalresultsin Section8 quantifytheadvantageof thejoin samplesstrategiesover thebasesamples

strategiesfor representativequeries.

6 Accuracy Measures

In thissection,wepresentadetailedanalysisof theerrorboundsobtainedfor approximateanswersthatdemonstrates

the trade-offs in variousmethods,aswell as the advantagesin certainscenariosof a new subsamplingmethodwe

propose.We considerboth traditionalerror bounds(e.g.,confidenceintervals basedon Hoeffding bounds)aswell

asempiricalboundsarising from this subsamplingprocess.Our analysisshows that the subsamplingprocesscan

noticeablyimprovetheconfidencebounds.

An importantadvantageof using join synopsesis that querieswith foreign key joins canbe treatedasqueries

without joins (single-tablequeries).Known confidenceboundsfor single-tablequeriesaremuchfasterto compute

10



Table1: Traditionalestimatesandbounds.

Aggregate Estimate� Method Boundon � Guarantee

AVG

I� � �S¡  I E�S CLT ¢K£�¤¥ no

Hoeffding � MAX
Z

MIN  K¦ Io �¨§¡© oI Tª£ yes

Chebychev (known ¥ ) «� � � I Tª£ � yes

Chebychev (estimated¥ ) ¬«� � � I Tª£ � no

Chebychev (conservative) MAX T MINo � � � I Tb£ � yes

SUM ­ � � �S¡  I E�S sameasAVG, but theboundis multipliedby ®
COUNT ® trivial � yes

andmuchmoreaccuratethantheconfidenceboundsfor multi-tablequeries(see,e.g.,[Haa96]).4 Thusin this section

weconsideronly single-tablequeries.

Thissectionsummarizesouranalysis.For simplicity, only theresultsfor querieswith nopredicatesarepresented.

Thefull details,includingtheanalysiswith predicates,canbefoundin [GM98b].

6.1 Traditional error bounds

Consideradatasetwith ® items( ® known). Let ¯ I J �K��� J ¯ ­j°²± MIN
J
MAX ³ betheresultsof applyingany arithmetic

expressionon theitemsin theset.Let E I J ���K� J E � beauniformrandomsampleof themultiset ´�¯ I J �K��� J ¯ ­Mµ . Wewish

to estimatetheaggregate(AVG, SUM, andCOUNT) on all ® valuesbasedon thissampleof � values.

Table1 summarizesthetraditionalestimatesandtheboundsfor AVG, SUM andCOUNT with no predicates,where¶ is thedesiredconfidenceprobability. Shown areupperboundsfor � suchthat ·^¸���z � Z²¹ z P �= v ¶ , where
¹

is the

preciseresultto anaggregate,and � is anestimatebasedon � samples.Theseboundsareexpressedin termsof ¥ , the

standarddeviationof the ¯ S , and ¤¥ , thesquarerootof thesamplevariance,computedfrom the E S . For theCLT bound,

which is derivedfrom theCentral Limit Theorem, (denotedthe largesampleboundin [HHW97]), ¢ £ is thequantileof

thenormaldistributionsuchthatfor astandardnormalrandomvariable,	 , ·^¸��U	 °º± Z ¢ £ J ¢ £ ³U H ¶ (e.g., ¢�» ¼�½ H � � ¾��
and ¢ » ¼ H � � � � ). Threeversionsof theChebychev boundareprovided:onewhere¥ is known,onewhere¥ is replaced

by ¤¥ (similar to theCLT bound),andonewhere ¥ is replacedby its upperbound(similar to theHoeffding bound).

The last columnindicateswhetheror not a boundis guaranteedwith probability ¶ or holdswith probability ¶ only

underlargesampleassumptions[HHW97, Haa97].

Comparingtheboundsin Table1, weseethatamongthetwo boundsusing ¤¥ , theChebychev (estimated¥ ) bound

is betterthantheCLT boundwhenever �À¿ ��
 �7¢ o£ � �[Z ¶  = . Since� mustbesufficiently largefor eitherapproximation

to hold, theChebychev boundis betterunlessthedesirederrorprobability is inverselyproportionalto � . Comparing

theguaranteedbounds,it canbeshown thatregardlessof � , theChebychev boundsarebetterfor ¶ L � � � , evenwhen

the Chebychev (conservative) boundis used. Whenno betterboundis known for ¥ than this conservative bound

( � MAX
Z

MIN  
 � ), thentheHoeffding boundis betterfor ¶ ¿G� � � . However, if ¥ is known, thenit canbeshown that

4For querieswith joins,at leastoneof which is not foreignkey, onecanusethe(muchweaker) multi-tableformulasfrom [Haa96], appliedto

thejoin synopsesrepresentingthejoins thatareforeignkey.
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for ¶ IÂÁ �ÂZ ¥ o� MAX
Z

MIN  o §¡© MAX T MIN« J
theChebychev (known ¥ ) boundis betterfor ¶ L ¶ I , andtheHoeffding boundis betterfor ¶ ¿ ¶ I .
6.2 Impr oved accuracymeasuresthrough subsampling

In thissection,we considerthefollowing estimationapproach:

1. We partitionthesetof samplepointsinto
�

subsets(subsamples),which we call “chunks”,andfor eachchunkÃ
, wecomputeanestimator, � � , basedon thesamplepointsin thechunk.

2. We reportanestimateandaboundbasedon the � � .
We canapplyany of themethodsin Table1 to obtainthechunkestimators,� � , andtheconfidenceboundson the

estimators.Sinceeachchunkestimatoris basedon only a subsample,the confidencein a singlechunkestimatoris

lessthanif it werebasedon theentiresample.However, sincethesubsamplesdonotoverlap,eachchunkestimatoris

anindependentrandomestimator, andanoverallestimatebasedonall the � � canpotentiallyresultin abetterestimate

andsmallererrorbounds.We analyzeandcomparetwo possiblechoicesfor reportinganoverall estimate� : taking

theaverageof the � � andtakingthemedianof the � � .
Previous work (see,e.g., [AMS96]) hasshown that given a procedureyielding a single randomestimator, one

can often obtain an overall estimatewith small error boundsand high confidence,as follows: Generatea set of

independentestimators,partitiontheminto subsetsandtake theaveragewithin eachsubset,andthentake themedian

of theseaverages.Thefinal errorboundsareobtainedby usingChebychev boundsto analyzethesubsetestimatorsand

Chernoff boundsto analyzetheextentto which takingthemedianbooststheconfidence.In our context, eachsample

point E S is a randomestimator, thesubsetsarethechunks,andtheoverall estimateis theaverageor themedian.The

numberof samplepointsis fixedandwe seekthebestestimateusingthesampleat hand.

Our contributionsareasfollows.� Within thegeneralchunkingframework, weproposeandexploreanumberof alternativeproceduresfor report-

ing anestimateandanerrorboundbasedon thechunks,includingvaryingthenumberof chunks.� Whereaspreviouswork on themedianhasbeenasymptoticin nature,we show theprecisetrade-offs for when

theguaranteedboundsfor themedianimproveupontheboundswith nochunking,andwhattheoptimalnumber

of chunksto usefor confidenceprobabilitiesof practicalinterest.To do this, we do not apply the asymptotic

Chernoff bounds,but insteadtheactualbounds.� Weshow thatfor desiredconfidenceprobabilitiesabove96%,thebestboundsareobtainedby takingthemedian

of a smallnumberof chunksandapplyingChebychev bounds.However, we show thatchunkingdoesnot help

either when the Hoeffding boundis usedor when the Chebychev (conservative) boundis smaller than the

Hoeffding bound.� We proposeandexplore the useof the chunkestimatorsin generatingempirical error bounds. Eachchunk

estimatorcanbeviewedasanexperimentrunonindependentsamplesof theactualdata,andtheuseris presented

with asummaryof theresultsof theseexperiments.
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Table2: Comparisonof theoptimalnumberof chunks,for guaranteedbounds.

Aggregate Desiredconfidence Estimate� Guaranteedboundon �
AVG � L ¶ P � ¾�� � I� � �S�  I E S «� � � I Tª£ �

e.g.,¶ H � ¾ � � » �(Ä «Å �� ¾�� �.P ¶ P � ¾�Æ�� medianof 3 chunkaverages « Å �� � � I T{Ç(È �
e.g.,¶ H � ¾�Æ ½#» ¼�É «Å �� ¾�Æ�� P ¶ medianof

�0v �
chunkaverages « Å �� � � I T{Ç2Ê �

e.g.,¶ H � ¾�¾ � H � Ë » É Ä «Å �
SUM sameasAVG, but theestimateandtheboundaremultipliedby ®

Trade-offs in guaranteedbounds with chunking: Considerthe set-updefinedin Section6.1. Partition the �
samplepointsinto

�
equal-sizedchunksandlet � � betheestimatorfor chunk

Ã
. For example,for the AVG aggregate,� � is thesumof thesamplepoints E�S in chunk

Ã
dividedby � 
 � , thenumberof samplepointsin thechunk.

We will apply the two-stepestimationapproachdiscussedabove. While our desiredconfidencein the overall

estimateis ¶ , the confidencein a singlechunkestimatorcanbe lessthan ¶ , sincewe plan to boostthis confidence

by takingthemedian.For any confidenceÌ suchthat
��
 � L Ì P ¶ , we canuseany of theapproachesin Table1 to

determineanerrorbound� � for eachchunkestimator� � . (An analysisandcomparisonof theseapproachesaregiven

laterin this section.)Let � bethemaximumof the � � , sothatfor each� � , we have:·^¸��6z � � Z�¹ z L �= v Ì{� (2)

We now applythesecondstepby takingthemedian5, ��Í , of the � � ’s. Our goalis to have ·^¸���z ��Í Z�¹ z L �= v ¶ .

Call anestimate,� , “good” if z � ZÎ¹ z L � , and“bad” otherwise.Since ��Í is themedianof the � � , we know that��Í will begoodif andonly if at leasthalf of the � � aregood.By Equation2, each� � is goodwith probabilityat leastÌÏ¿ ��
 � . Let
� a bethenumberof good � � , andlet� � HÑÐ ÊÒ�Ó� S¡ �ÔÖÕ � N�× Ì S � �_Z Ìy � T{S � (3)

Thentheprobabilitythat ��Í is badis ·^¸qØ � a PpÙ �odÚ�Û P � � . Soourgoalis attainedif � � H �ÂZ ¶ .

Recall that eachchunkestimatoris basedon � 
 � samplepoints. Thusas the numberof chunksincreases,the

quality of thechunkestimatordecreases,sothat,e.g., Ì decreasesfor a fixed � , and � increasesfor a fixed Ì . On the

otherhand,thefailureprobability � � decreasesfor a fixed Ì . Thusthebestchoicefor
�

dependson therelationshipofÌ and � in Equation2 asa functionof
�
, andthedesiredconfidence¶ H �ÂZ � � .

In the remainderof this section,we highlight our resultsanalyzingand comparingthe effects of applying the

variousmethodsin Table1, anddeterminingtheoptimalnumberof chunks.

Table2 summarizesouranalysison theuseof Chebychev for Equation2 in conjunctionwith variousvaluesfor ¶ ,

with andwithout chunking.This tableshows,for variousdesiredconfidences¶ , theoptimalchoicefor thenumberof

5If , is even,take eitherof thetwo medians.To reducethebias,selectwith equalprobability.
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Table3: Hoeffding versusChebychev (conservative). Notethatconservative chunkboundsarenever helpful in con-

junctionwith Hoeffding or Chebychev (conservative).

Aggregate Desiredconfidence Estimate� Guaranteedboundon �
AVG � L ¶ P � � � I� � �S¡  I E�S MAX T MINo � � � I Tb£ � by usingChebychev (conservative)� � � P ¶ P � ¾�¾ I� � �S¡  I E�S � MAX

Z
MIN  #¦ Io � §�© oI Tb£ by usingHoeffding

SUM sameasAVG, but theestimateandtheboundaremultipliedby ®
chunks,

�
, andtheboundthatcanbeguaranteed.Theboundis expressedin termsof Ì � , which is the Ì in Equation3

suchthat ¶ H �MZ � � . The boundsareshown for “Chebychev (known ¥ )”. Alternatively, as in Table1, we can

obtainboundsfor “Chebychev (estimated¥ )” by pluggingin ¤¥ for ¥ in Table2, where ¤¥ is computedover all the

samplepoints,not just thosein onechunk.We canalsoobtainboundsfor “Chebychev (conservative)” by pluggingin� MAX
Z

MIN  
 � for ¥ .

Next we show that chunkingdoesnot help either when the Hoeffding boundis usedor when the Chebychev

(conservative) boundis used. First, we considerthe useof Hoeffding for Equation2 in conjunctionwith various

valuesfor ¶ , with andwithout chunking.

Let � � � � bea chunkestimatorwhenusing
�0v �

chunks.For afixed � and �Q¿O� , wehaveby Hoeffding that·^¸��6z � � � � ZÀ¹ z v �= P ��� T o � � Ò � � � MAX T MIN
� Ò �

Thusthe probability that � � � � is bad is � I T I6� � times the
�
th root of the probability that � � I=� , the estimatewith no

chunking,is bad.We show in theappendixthatwith Hoeffding bounds,no chunkingis alwaysbetterthanchunking,

by proving amoregeneralresult(LemmaA.1) ontheineffectivenessof chunkingwhenanalyzedusingboundswhose

dependency on
�

is the
�
th rootof theno chunkingbounds.

Although we indicatedabove that onecanobtainboundsfor Chebychev (conservative) by pluggingin � MAX
Z

MIN  
 � for ¥ in Table2, this boundis strictly worsethantheHoeffding boundfor all probabilitiesat which chunking

is usefulfor Chebychev (conservative). For example,for � � � L ¶ P � ¾�¾ , the Hoeffding boundwith no chunkingis

smallerthanany Chebychev (conservative)boundobtainedwith or withoutchunking.ThusTable3 summarizeswhat

estimateandboundshouldbeused,if theonly boundfor ¥ is � MAX
Z

MIN  
 � .
Note that we have thusfar consideredonly equal-sizedchunks. LemmaA.2 in the appendixshows that for the

techniquesconsideredin this section,takingchunksof differentsizesonly increasestheerrorbounds.

Usingchunking for empirical error bounds: Wenext consideranovel useof thechunkestimatorsin generating

empiricalerror bounds. The motivation is the following. Often, error boundsderived analyticallyareoverly pes-

simistic: theestimatedansweris closerto theexactanswermoreoftenthanindicatedby theanalyticalbound.Papers

(suchasthisone)describingestimationtechniquescanreportonmultiple trialsof anexperimenton variousdatasets,

in orderto convincethereaderthattheestimateis moreaccuratethantheanalyticalboundsshow. However, this is not

entirelysatisfactory, asthedatasetsof interestto the reader/usermaynot exhibit thegoodbehavior of thedatasets

usedin thepaper.

We proposechunkingas a meansto report on multiple experimentsrun on the actual query and data. Each

subsampleis its own experimentontheactualqueryanddata,andtherearevariouspossibilitiesonhow to reportthese
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resultsto theuser. In Section8, westudytheeffectivenessof reportinga CLT boundusingthesamplevarianceof the

chunkestimators,or alternatively, reportingtheminimumandmaximumof thechunkestimators.Otheralternatives

includereportingvariousquantilesof the chunkestimators.The feedbackto the useris intuitively of the form:
�

independentexperimentswererun for your query, all (or say, 90%) of which fell within the range ± ¯ J6Ü ³ , with the

average(or median)being � .
6.3 Summary of this section

To summarize,an importantadvantageof using join synopsesis that querieswith foreign key joins canbe treated

asquerieswithout joins (i.e., assingle-tablequeries).Thereareseveralpopularmethods(seeTable1) for obtaining

errorboundsfor approximateanswersto (single-table)aggregationqueries.Wehavepresentedadetailedanalysisthat

demonstratestheprecisetrade-offs amongthesemethods,aswell asa methodbasedon subsamplingwhich we call

“chunking”. Within thegeneralchunkingframework, we proposedandexploreda numberof alternative procedures

for reportinganestimateandanerrorboundbasedonthechunks.Ourresults(seeTable2) showedthatfor confidence

probabilitiesabove 96%,thebestboundsareobtainedby takinga smallnumberof chunksandapplyingChebychev

(known ¥ ) or Chebychev (estimated¥ ) to the chunkestimatorsandreportingthe medianof theseestimators.For

smallerprobabilities,the bestboundsareobtainedby reportingan overall estimateignoring the chunks(which is

equivalentto takinganaverageof thechunkestimators6), andtheneitherapplyingHoeffding for guaranteedbounds

(seeTable3), applyingChebychev (estimated¥ ) for largesamplebounds,or usingthechunkestimatorsfor empirical

bounds.

7 Maintenanceof Join Synopses

In this section,we focuson themaintenanceof join synopseswhentheunderlyingbaserelationsarebeingupdated.

(We considerboth insertionsanddeletions.)The techniqueswe proposearesimpleto implementandrequireonly

infrequentaccessto thebaserelations.Note thatmaintenanceof samplesof baserelationsin thepresentof updates

wasstudiedin [GMP97b]. We focusin this sectionon maintainingjoin synopses.

Ouralgorithmfor maintaininga join synopsis�;��� t  for eachD is asfollows. Let ¶ t bethecurrentprobabilityfor

includinga newly arriving tuplefor relation D in therandomsample� t . (This probability is typically theratio of the

numberof tuplesin � t to thenumberof tuplesin D .) On aninsertof a new tuple ` into a baserelationcorresponding

to a node D in C , we do the following. Let D V � o VmXKX�X{V � r
bethemaximumforeignkey join with sourceD . (1)

We add ` to ��t with probability ¶ t . (2) If ` is addedto �wt , we addto �;�7�wty the tuple ´�` µ V ��o VjXKXKX�V ��r
. This

canbecomputedby performingat most s Zk� look-upsto thebasedata,oneeachin
��o�J �K��� J=��r . (For any key already

in �;�7�wtd , the look-upsfor it or any of its “descendants”arenot needed.)(3) If ` is addedto ��t and ��t exceedsits

targetsize,thenselectuniformly at randoma tuple `ba to evict from ��t . Remove thetuplein �;�7��t� correspondingto`ba .
Onadeleteof a tuple ` from D , wefirst determineif ` is in ��t . If ` is in ��t , wedeleteit from �wt , andremovethe

tuple in �;��� t  correspondingto ` . As in [GMP97b], if thesamplebecomestoo smalldueto many deletionsto the

sample,we repopulatethesampleby rescanningrelation D .

6In thecaseof predicates,it is equivalentto theweightedaverageof thechunkestimators,whereeachestimatoris weightedby thenumberof

tuplesin thechunkthatsatisfythepredicate.
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Notethatthis algorithmonly performslook-upsto thebasedatawith (small)probability ¶ t . Also, whena tupleis

insertedinto a baserelation D , we never updatejoin synopsesfor any ancestorsof D . Suchupdateswould becostly,

sincetheseoperationswouldbeperformedfor every insertandfor eachancestorof D . Instead,werely ontheintegrity

constraintsto avoid thesecostlyupdates.

Theorem7.1 Theabovealgorithmproperlymaintainsall � t asuniformrandomsamplesof D andproperlymaintains

all join synopses�;��� t  .
Proof. Dueto theintegrity constraints,for eachedgefrom Ý to D , thereis exactly onetuplein D joining with each

tuple in Ý at all times. Thusany subsequenttuple insertedinto D cannotjoin with any tuple alreadyin Ý , andany

tupledeletedfrom D cannotjoin with a tuplestill in Ý .

Notethatsimilar techniqueswork in generalfor functionaldependenciesin databaseschema[Ull88].

We assumethat updatesmay be appliedin a “batch” mode. In suchenvironments,join synopsescanbe kept

effectively up-to-dateat all timeswithout any concurrency bottleneck. In an online environmentin which updates

andqueriesintermix, an approximateansweringsystemcannot afford to maintainup-to-datesynopsesthat require

examiningevery tuple, suchas the minimum and maximumvalueof an attribute, without creatinga concurrency

bottleneck.In suchenvironments,maintenanceis performedonly periodically. Approximateanswersdependingon

synopsesthatrequireexaminingevery tuplewould not take into accountthemostrecenttrendsin thedata(i.e., those

occurringsincemaintenancewaslastperformed),andhencetheaccuracy guaranteeswould beweakened.Note that

theincrementalmaintenancealgorithmdescribedin this sectioncanbeusedto computea join synopsisfrom scratch

in limited storage,in onescanof thebasedatafollowedby indexedlook-upson a small fractionof thekeys, should

sucharecomputationbenecessary.

8 Experimental Evaluation

In this section,we presentthe resultsof anexperimentalevaluationof the techniquesproposedin this paper. Using

datafrom theTPC-Dbenchmark,we show theeffectivenessof ourapproachin providing highly accurateanswersfor

approximatejoin aggregates.

We begin this sectionby describingthe experimentaltestbed. We then presentresultsfrom two classesof

experiments—accuracy experimentsandmaintenanceexperiments. In the accuracy experiments,we comparethe

accuracy of techniquesbasedonjoin synopsesto thatof techniquesbasedonbasesamples.Thetwo key parametersin

thisstudyarequeryselectivity andtotal spaceallocatedto precomputedsummaries(summarysize).We first compare

the techniquesfor a fixed selectivity andvarying summarysizeand thencomparethe techniquesfor a fixed sum-

marysizeandvaryingselectivities. We alsostudytheperformanceof thedifferentmethodsfor generatingconfidence

bounds.In themaintenanceexperiments,we studythecostof keepingthejoin synopsesup to datein thepresenceof

insertions/deletionsto the underlyingdata. We show that join synopsescanbe maintainedwith very little overhead

even whenupdatessignificantlychangethe characteristicsof the underlyingdata. Finally, we addresssomeimple-

mentationissuesthat arisein approximatequeryansweringandbriefly discussthe architectureof the Aqua system

whichwasusedto generatetheresults.
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Table4: Featuresof relationsin theTPC-Dbenchmark.

TableName # of Columns Cardinality TableName # of Columns Cardinality

Customer 8 Þ#ß#à Part 9 á2â#à
Lineitem 16 ã=ä2â2â#à Partsupplier 5 : Þ#â#à
Nation 4 25 Region 3 5

Order 9 Þ#ß2â#à Supplier 7 /#à
select avg(l extendedprice) from customer, order, lineitem, supplier, nation, region

where c custkey = o custkey and o orderkey = l orderkey and l suppkey = s suppkey

and c nationkey = s nationkey and s nationkey = n nationkey and n regionkey = r regionkey

and r name = [region] and o orderdate å + DATE [startdate] and o orderdate æ DATE [enddate]

Figure3: Query ç.è usedfor accuracy experiments.Basedon Query é � from theTPC-Dbenchmark.

8.1 Experimental testbed

We ranthetestson theTPC-Ddecisionsupportbenchmark.We useda scalefactorof �b� � for generatingour testdata.

This resultsin a databasethat is approximately�d��� megabytes.7 Table4 summarizesthe importantfeaturesof the Æ
relationsin theTPC-Ddatabase.

Ourexperimentswererunonalightly loaded296MHzUltraSPARC-II machinehaving � � � megabytesof memory

andrunningSolaris5.6.All datawaskepton a localdisk with a streamingthroughputof about5MB/second.

Query model: Thequeryusedfor the accuracy experimentsis basedon query é � in the TPC-Dbenchmarkandis

anaggregatethat is computedon the join of Lineitem, Customer, Order, Supplier, Nation andRegion.

Of the six relationsinvolved in the join, theNation andRegion relationsaresampledin their entiretyby Aqua

becauseof their low cardinality. Thiseffectively makestheproblemasdifficult asestimatinganaggregatefrom a(still

complex) four-wayjoin.

The SQL statementfor the query is given in Figure3. It computesthe averageprice of productsdeliveredby

suppliersin a nationto customerswho arein thesamenation. Theselectconditionstake threeinput parameters—

region,startdate andenddate. Theserestrictsuppliersandcustomersto bewithin aspecificregionandfocus

onbusinessconductedwithin aspecifictime interval. In thefollowing experiments,wewill varyoneor moreof these

parametersto studytheperformancefor variousqueryselectivities.

In thisstudy, wehavefocusedonly onthehardproblemof computingapproximateaggregatesonmulti-way joins.

Of course,our samplingresultsextendto thesimplecaseof singletableaggregates.Thus,dueto spaceconstraints,

we do not show any resultsfor thesingletablecase.Besides,thoseresultsqualitatively mirror theonespresentedin

thecontext of onlineaggregationfor singletableaggregates[HHW97].8

Spaceallocation schemes: Recall from Section5 that we proposeda numberof schemesfor allocatinga given

amountof summaryspaceto enableapproximatequeryanswering.For the casewherecertaincharacterizationsof

the querymix wereknown, we presentedoptimal allocationstrategiesto minimize overall error. However, for this

experimentalstudy, we assumethemorerealisticscenariowherethis informationis unavailable.Thus,we studythe

7By theTPC-Dspecification,ascalefactorof 0.3createsapproximately300megabytesof data.Dueto someoverheadin thestoragecomponent

of Aqua,thedatavolumeis slightly higherthanin thespecification.Wearecurrentlyworkingon reducingthis storageoverhead.
8Of course,weprovideasingleanswerwith errorboundswhereasthey haveprogressively refiningoutput.
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six spaceallocationschemesproposedin Section5.2, namely, EquiBase, CubeBase, PropBase, EquiJoin, CubeJoin

andPropJoin. For the purposesof this experiment,we focuson the four major relationsusedin ç è , andallocate

basesamplesandjoin synopsesonly on thoserelations.Therefore,thebasesamplingschemesdivideup thesummary

spaceamongsamplesof Lineitem, Customer, Order, andSupplier, whereasthe join synopsesschemes

distribute the summaryspaceto join synopsesfor Lineitem (which includescolumnsfrom Customer, Order,

andSupplier), for Customer (which includescolumnsfrom Order), for Order (whosejoin synopsisis just a

basesample),andfor Supplier (whosejoin synopsisis alsoabasesample).

RecallthatPropJoin givesanequalnumberof tuplesto thevarioussampleswhereasEquiJoin dividesthespace

equally. Thus,amongthevariousschemes,thesourcerelationin the4-way join in çWè , Lineitem, is allocatedthe

mostspaceby PropJoin sinceit hasthelargesttupleandtheleastspaceby EquiJoin, while CubeJoin allocatesspace

in betweenthesetwo extremes.Likewise,amongthebasesampleschemes,PropBaseallocatesthemostspaceto the

basesampleof Lineitem, thenCubeBase, thenEquiBase. In orderto avoid clutter in thegraphsthatfollow, we do

not plot CubeJoin andCubeBaseandonly show numbersfor theotherfour schemes.They cover theentirerangeof

performancefor thedifferentschemes.

Theexperimentsalsostudythesensitivity of thevariousschemesto thetotal summarysizeallocated(parameter

SummarySizein the figures). SummarySizeis variedfrom �ª� ��� to
�d�

of the total databasesize,varying the actual

summarysizein bytesfrom 420KBytesto 12.5MBytes.

8.2 Experimental results

In thissection,wepresenttheresultsof theexperimentalstudy. Thefirst threeexperimentscover theaccuracy studies

andthe final experimentaddressesthe problemof maintainingjoin synopsesduringupdatesto the underlyingdata.

It shouldbe notedthat thegraphspresentedin this sectionarea small subsetof the resultsthatwe obtained.These

resultshave beenchosenbecausethey demonstratethe differentaspectsof approximatequeryansweringusingjoin

synopses.

8.2.1 Experiment 1: Join synopsisaccuracy

In this experiment,we studytheaccuracy of the four spaceallocationschemesfor differentvaluesof summarysize

(parameterSummarySize) andfor differentqueryselectivities. We comparethe actualanswerof runningquery ç è
(Figure3) on thefull TPC-Ddatabaseagainsttheapproximateanswersobtainedfrom thedifferentschemes.

ConsiderFigure4(a). It plotstheaverageextendedpricecomputedby thedifferentschemesfor varyingsummary

sizes.The actualansweris shown asa straightline parallelto the x-axis. Following the specificationfor query é �
in the TPC-Dbenchmark,theregion parameteris setto ASIA andtheselectionpredicateon theo orderdate

columnto therange[1/1/94,1/1/95].

Considerthetwo schemesthatuseonly samplesof thebaserelations,EquiBaseandPropBase. Figure4(a)shows

that theseschemesproduceanswersconsistentlyonly whenthe summarysizeexceeds1.5% of the database.(For

lower samplesizes,the join of the basesamplesis completelyempty!) In fact, it is not until 2% summarysizethat

theapproximateanswerproducedby themcomescloseto theactualanswer. In fact,on theleft endof thegraph(for

smallersummarysizes),theseschemeeitherproduceno outputat all (e.g.,PropBasefor 1.25%synopsissize),or

produceanswersthataresignificantlydifferentfrom therealanswer(with errorscloseto 100%in somecases).
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Figure4: Behavior of join synopsisandbasesampleallocationstrategiesfor different(a)summarysizevaluesand(b)

for differentqueryselectivities.

The schemesbasedon join synopses,EquiJoin andPropJoin, on the otherhand,not only produceoutputover

the entirerangeof summarysizestudiedbut arealso fairly accuratein estimatingthe correctanswer.9 Even for a

summarysizeof 0.1%(420 Kbytes)sharedamongall the four join synopses,the resultsfrom both the schemesare

within 14% of the actualanswer! Moreover, the variationin the answersis lower thanthe variationin the answers

from basesamplingschemes.The differencebetweenthe two typesof allocationschemesis further highlightedin

Table5, which shows thenumberof tuplesin thejoin outputfor thefour schemes.In mostcases,theschemesbased

on join synopsesproduceat leastanorderof magnitudemorenumberof tuplesthanthebasesamplingschemesdo.

As expected,PropJoin is themostaccuratesinceit assignsthemostspaceto Lineitem, therootof the4-way join.

Figure4(b) studiesthesensitivity of thefour allocationschemesfor varyingselectivities, with thesummarysize

setto
� � �d� of thedatabasesize. We changethe selectivity of query çWè by changingthe daterangein the selection

conditionon theo orderdate attribute. To control theselectivity, we fixedtheparameterenddate to 1/1/99,

the tail endof the daterangein the TPC-D specification.We variedthestartdate parameterfrom 1/1/93 to

6/1/98 in stepsof six months.Thestartdatesareshown on thex-axiswith thecorrespondingqueryselectivity

givenin bracketsbelow.

Selectivity and summarysize have a similar effect on the performanceof the basesamplingschemes.While

the answersreturnedby the EquiBaseandPropBasetechniquesarereasonablycloseto the actualanswerwhenthe

selectivity is high (left endof the ¯ -axis),theanswersfluctuatedramaticallyastheselectivity decreases.As expected,

thejoin synopsisschemes,EquiJoin andPropJoin, staycloseto theactualanswerover theentirerangedeviatingonly

slightly whentheselectivity is down to 1%.

Thesegraphsdemonstratethe advantagesof schemesbasedon join synopsesover basesamplingschemesfor

approximatejoin aggregates.Evenwith asummarysizeof only �ª� ��� , join synopsesareableto providefairly accurate

aggregateanswers.

9A detailedanalysisof theerrorboundson theseanswersis shown laterin Experiment2.
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8.2.2 Experiment 2: Analyzing accuracybounds

In thisexperiment,westudythevarioustechniquespresentedin Section6 for confidenceboundsonestimatedanswers.

Basedon the resultsof the last experiment,we focus only on PropJoin. Resultsfor other schemesbasedon join

synopsesarequalitatively similar.

Figure 5 plots the error boundsfor the PropJoin allocationschemefor a summarysize of � � . It shows the

90%confidenceboundsof threeof thefive techniquesin Table1, namely, Hoeffding, Chebychev (estimated¥ ), and

Chebychev(conservative).10 Theseboundsarecomparedwith boundsbasedonchunkstatistics.Thenumberof chunks

arevariedon the ¯ -axis. Sincethefirst threeboundsareindependentof thenumberof chunks,they areshown only

once,for ¯ H �
, on theleft.11 We first considerthechunk-independentguaranteedbounds(HoeffdingandChebychev

(conservative)), thenthe chunk-independentexperimentalbounds(Chebychev (estimated¥ )) andfinally the bounds

basedonchunkstatistics.

Recall that amongthe guaranteedbounds,Hoeffding is tighter than Chebychev (conservative)for confidence

greaterthan76% andFigure 5 reflectsthis. Next, considerthe Chebychev (estimated¥ ) bounds. It is tighter by

40% on eachendcomparedto Hoeffding. While theseboundsarenot guaranteed(they arebasedon large sample

assumptions),in all ourexperimentswe never foundthemto not overlaptherealanswer.

We now look at threechunkrelatedbounds.ChunkStd.Dev. usesthestandarddeviationof thechunkanswersto

determinethebound.Again,while notguaranteed,theseboundsaretighterthanHoeffdingandChebychev (estimated¥ ) andalwaysoverlapthe exact answer. As the numberof chunksincrease,the varianceincreasesasexpectedand

theboundsgetworse. (Recallthat thechunksizeis inverselyproportionallyto thenumberof chunkssincethetotal

amountof spaceallocatedto a join synopsisis fixed.) TheChunkMin-Max boundplotsa bar from theminimumto

themaximumvaluereturnedby the chunkresults.Thebarexpandswith increasingchunksbut alwaysincludesthe

realanswer. Finally, we alsoplot themedian,which asshown in Table2 leadsto tighterguaranteedboundswhenthe

desiredconfidenceis above ¾�� � . Sincewe usea lowerconfidencebound( ¾�� � ) in this case,we do not plot theerror

barfor themedian.

Oneof ourmotivationsfor studyingempiricalboundssuchasthoseobtainedby chunkingwasthefollowing: Even

thoughour techniquescouldproduceestimatedanswersthatwerevery closeto theactualanswer, errorboundsusing

known statisticaltechniquessuchasHoeffding werecomparatively poor. For example,in Figure 5, the estimated

answeris away from theactualanswerby ��� �d� . However, theHoeffding errorboundgivesa ¾�� � confidencerange

of ë¨��� � . Our experimentsconfirmedthe utility of usingempiricalboundsto supplementthe guaranteedstatistical

bounds. Note that the guaranteedboundsarebasedon worst caseassumptionson the datadistribution for a given

MAX andMIN; hencethegapbetweenthemandtheempiricalboundscanbemadearbitrarily largeby addinga few

outliersthat increaseMAX andMIN while not affectingtheexactanswer. Also, theuseof a smallnumberof chunks

(e.g.,5 chunks)to generatechunk-basedboundscanfurtherenhancethetrustof theuserin theestimateproducedby

theapproximateansweringsystem.

In summary, usingthetechniquesproposedin thispaper, onecandesignaqueryansweringsystemwhichnotonly

producesaccurateapproximateanswersfor complex multi-way join aggregatesbut alsoprovidesgooderrorbounds

10TheCLT boundis not shown, sinceasdiscussedin Section6.1, it is strictly worsethantheChebychev (estimatedì ) bound.TheChebychev

(known ì ) boundis not applicable,since ì , thestandarddeviation of theextendedpriceover all tuplesin thedatabasethatsatisfythepredicate,is

notknown apriori andwould beprohibitively expensive to computeat querytime.
11Notethatsomeof theboundsareslightly shiftedon their í -coordinateto avoid clutter.
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Table5: OutputSizefor thevariousallocationschemes.

BaseSamples JoinSynopses
SummarySize

EquiBase PropBase EquiJoin PropJoin

0.1% 0 0 6 25

1% 0 2 56 142

1.5% 12 4 104 228

2% 38 44 131 300

3% 38 108 195 453
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Figure5: Traditionalandsubsamplingerrorbounds. Figure6: Queryexecutiontime for variousschemes.

usingguaranteedstatisticalandheuristicempiricaltechniques.

8.2.3 Experiment 3: Query executiontiming

Figure6 plots the time taken by the variousstrategiesto executethe query(the
Ü
-axis is in logscale).The time to

executethe actualqueryis 122 secondsandis shown asa straightline nearthe top of the figure. As expected,the

responsetimesincreasewith increasingsummarysize. However, for all thesizesstudied,theexecutiontime for the

queryusingjoin synopsesis two ordersof magnitudesmaller! (Thetimesusingbasesamplesaremorethananorder

of magnitudesmallerthanthosecomputingtheactualanswer.)

Thisexperimentdemonstratesthatit is possibleto usejoin synopsesto obtainextremelyfastapproximateanswers

with minimal lossin accuracy. This is goodevidencethatapplicationssuchasdecisionsupportanddatawarehous-

ing, which canoften toleratemarginal lossin resultaccuracy, canbenefittremendouslyfrom the fasterresponsesof

approximatequeryansweringsystems.

8.2.4 Experiment 4: Join synopsismaintenance

In this section,we show experimentalresultsdemonstratingthat join synopsescanbemaintainedwith very minimal

overhead.Suchjoin synopsescangive very goodapproximateanswersevenwhenupdatessignificantlychangethe

natureof the underlyingdata. We basethis sectionon a join betweenthe Lineitem andOrder tables. The

21



select avg(l quantity) from lineitem, order

where l orderkey = o orderkey and o orderstatus = F

Figure7: Joinsynopsismaintenancequery ç ­ .
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Figure8: Theleft sideof thefigureshows aggregatevaluescomputedfrom join synopsesof varioussizes.Theright

sideshows the costof online maintenanceof the samples.Both of themareplottedagainst
� ��� J ����� updatesto the

Lineitem table.

queryusedretrieves the averagequantity of tuplesfrom the Lineitem table that have a particularvalue for the

o orderstatus column.TheSQLstatementfor thequeryis givenin Figure7.

We considerthemaintenanceof a join synopsisfor Lineitem astuplesareinsertedinto theLineitem table,

usingthealgorithmof Section7. Note that insertionsinto othertablesin theschemacansafelybe ignoredin main-

tainingtheLineitem join synopsis.Figure8(a)plotstheaggregatevaluescomputedfrom join synopsesof different

sizes. Even for extremelysmall sizes,the join synopsisis ableto track the actualaggregatevaluequite closelyde-

spitesignificantchangesin the datadistribution. Figure8(b) thenshows that maintenanceof join synopsesis very

inexpensive,by plotting theaveragefractionof theinsertedLineitem tuplesthatareactuallyinsertedinto the join

synopsis.In accordancewith thealgorithmof Section7, we go to thebasedataonly whena tupleis insertedinto the

join synopsis.It is clearfrom thefigurethatthisnumberis asmallfractionof thetotalnumberof tuplesinserted.(For

example,whenmaintainingasampleof
� ����� tuplesandprocessing

� ��� J ����� inserts,wego to thebasedataonly ��Æd���
times.)

8.2.5 Summary of experiments

Theexperimentalresultsin this sectionempiricallydemonstratethevalidity of thetechniquesproposedin this paper.

Theresultsshow that join synopsescanbeusedto computeapproximatejoin aggregatesextremelyquickly, andthat

theperformanceof join synopsesis superiorto thatof basesamplingschemes.Further, theresultsalsoshow thatjoin

synopsescanbemaintainedinexpensively duringupdates.Finally, theresultsindicatethatempiricalerrorboundsare

agoodcomplementto traditionalguaranteedboundson approximateanswers.
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Figure9: TheAquaarchitecture.

select sum(l quantity)

from lineitem, order

where l orderkey = o orderkey

and o orderstatus = F

select 100*sum(l quantity)

from LOsynopsis

where o orderstatus = F

select 100*sum(l quantity), chunkid

from LOsynopsis

where o orderstatus = F

groupby chunkid

(a)Originalquery (b) Rewrittenquery (c) Rewritten for chunks

Figure10: Queryrewriting to usejoin synopses.

8.3 Ar chitecture

As discussedin theintroduction,thework in thispaperwasdoneaspartof theApproximateQUeryAnswering(Aqua)

project[GMP97a] at Bell Labs.We arecurrentlyin theprocessof implementingtheAquasystem.In thissection,we

briefly describecertainaspectsof theAquasystemrelevantto the implementationof join synopses.This sectioncan

alsobeviewedasonepossibleway to implementjoin synopsesin aDBMS.

Aquais designedasamodulethatsitsontopof aDBMS managingadatawarehouse.Aquaprecomputesstatistical

summarieson therelationsin thewarehouse.Currently, thestatisticstake theform of samplesandhistogramswhich

arestoredasregularrelationsinsidethewarehouse;they arealsoincrementallymaintainedup-to-dateasthebasedata

is updated.

Aqua answersuserqueriesusingthe precomputedsummaries.Approximateanswersareprovidedby rewriting

theuserqueryover the summaryrelationsandexecutingthenew query. The rewriting involvessuitablyscalingthe

resultsof certainoperatorswithin thequery. Finally, the queryandtheapproximateanswerareanalyzedto provide

guaranteeson thequality of theanswer(Section6). Thehigh-level architectureof Aquais depictedin Figure9.

We now give two examplesof queryrewriting in Aqua that illustratesthe useof join synopses,highlighting the

rewriting processwith andwithoutchunks.Furtherdetailsontherewriting procedureareprovidedelsewhere[GMP97a].

Considerthe query in Figure 10(a). It is a variation of the updatequery ACB shown in Figure 7, except that

it computesthe SUM ratherthanthe AVG aggregate.Further, assumethatLOsynopsis is a D5E sampleof the join

betweentheLineitem andOrder tables.Whenthequeryis submittedto Aqua,it identifiesthejoin beingcomputed

in thequeryandrewritesthequeryto referto theLOsynopsis table.Therewrittenquerysubmittedto thewarehouse

is shown in Figure10(b). (Calculationof errorboundsis not shown herefor simplicity.)

Recallthatwe usechunksto provideempiricalguaranteeson theapproximateanswerscomputedby Aqua.Since
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the numberof chunksis fixed beforequery time, oneapproachto implementingchunksis to materializethemas

separatetablesandrun thetransformedqueryon eachchunk. However, this canbeexpensive. Instead,to avoid this

overhead,we make useof thegroup-byoperation,asfollows. We addanextra columnto eachjoin synopsisrelation

andpopulateit randomlywith a valuein the range FGD�HIHJH K�L , where K is the desirednumberof chunks. This is done

at the time the join synopsisis created,not at querytime. At querytime, we rewrite the queryto includethis extra

columnasa (possiblyadditional)group-bycolumn,andexecutethequery. In a postprocessingstep,we assemblethe

estimate(e.g.,take themedianor theaverage)andthebound,andreturntheresult.In thisway, all chunksarehandled

with a singlequery. Figure10(c)shows thequeryin Figure10(a)transformedto usedchunks.Notethatchunkidis a

columnthat is addedto theLOsynopsis tableto identify chunks.(Onceagain,computationof errorboundsis not

shown in thefigurefor simplicity.)

In additionto theissueof join synopses,weareinvestigatingseveralotherissuesin Aqua.Theseincludetheuseof

othersynopsisdatastructures,suchasthosediscussedin [GM98c, GM98a], andproviding approximateanswersfor

general(non-aggregate)queriesthat returna setof tuples,eitherby usingsamples[GMP97a] or histograms[IP98].

Furtherdetailson Aquacanbefoundin [GMP97a, GPA M 98].

9 Conclusions

In this paper, we have focusedon theimportantproblemof computingapproximateanswersto aggregatescomputed

on multi-way joins. For datawarehousingenvironmentswith schemasthat involve only foreign-key joins, we have

proposedjoin synopsesasa solutionto this problem. We have shown that schemesbasedon join synopsesprovide

betterperformancethanschemesbasedon basesamplesfor computingapproximatejoin aggregates. Further, we

have alsoshown that join synopsescanbemaintainedefficiently duringupdatesto the underlyingdata. Finally, we

have exploredtheuseof empiricalconfidenceboundsfor approximateanswersandhave shown that they area good

complementto traditionalguaranteedbounds.

Samplingis becomingincreasinglyessentialin datawarehousingandotherapplications.Hence,it is important

to eliminateany fundamentalproblemsthat limit its applicability to complex queries.This paperidentifiesonesuch

problemandpresentsacompletesolutionto it. Aspartof thissolution,wealsodevelopnovelerroranalysistechniques.
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A Appendix

Proof. (of Theorem5.1) Sinceadditionalsamplepoints only decreaseEquation1, the optimal solution hasNPORQ OTS�O>UWV
. Assumefirst that

SJO4U D for all X . Let Y bethenumberof sourcerelations.Considertheoptimalchoice
of
Q O

’s thatminimizesEquation1. Considerany Z�[\K^]WY , Z`_U K . If we set
Q�a Ucb

and d UeVgf Nihkjl a@m n Q h sothatQon U d f`b thenwehave thatin theoptimalsolutiontheexpressionp aq b`r p nq d f`b
26



is minimizedfor
b
. To find thevalueof

b
minimizing theexpressionabovewe find whenits derivative is zero:Ds p a but(v\w\x r Ds p n�y d fzb({|t�v|w\x$UW} H

Substitutingback
Q a U~b

and
Q n U d fzb we getQ�aQ n U�� p ap n�� x|w\v H

Sincethis holdsfor everypair Z�_U K and
N O Q O UWV

, we getthatQ O UPV p O x|w\vN a p a x\w\v H
Now considerthegeneralcasewherethe

S O
maybedistinctandgreaterthanone.Let

Qu�O U Q O S O
and

p �O U p O q S O
.

Thenwe canrewrite theexpressionto minimizeas
N O��J��q � �� where

N O Qu�O U~V
. Usingthesolutionderivedabovewe

getthattheexpressionis minimizedforQ �O U~V p �O x\w\vN a p �a x\w\v UWV p O x\w\v S O�� w\vN a p a x|w\v S a � w@v H
Thereforewehave Q O U Q �Ok� S O UPV y p O � SJOk{ x|w\vN a p a x\w\v S a � w\v H
Lemma A.1 Considera familyof boundsof theform��� y@� �R� n�� fz� ����� { ]���� � w n [ (4)

for some� � D andsome� , }z� � � D . Thenfor all K���D , the boundsobtainedby applyingEquation4 with no
chunkingaresmallerthantheboundsobtainedbyapplyingEquation4 to thechunkestimators

��� n��
andthenapplying

Equation3 to themedian,
�
�n

, of thechunkestimators.

Proof. Let K8�cD bethenumberof chunks.We plug in   U D f ��� � w n into Equation3, resultingin�"� y@� � �n fz� ����� {¡U ¢\£¤5¥¦ O lu§ � K X � y D f �I� � w n { O y ��� � w n { n t OU � n � r ¢@£¤5¥¦ O l � � K X � y D f ��� � w n { O y ��� � w n { n t O �����¨[
sinceeachtermin thesummationis positivewhen

}1� � � D , and � n � � . Thustheerror, � , without chunkingis less
thantheerrortakingthemedianof K©�cD chunks.

Lemma A.2 In eachof thetechniquesdescribedin Section6.2usingchunkingandtakingthemedian,theerror bound,�
, is minimizedwhenall thechunksare thesamesize.

Proof. Let K be the numberof chunks,and let
Q � [IHJHIHJ[ Q n be the chunksizes. Then,

N nO l � Q O U Q
. For the

mediantechnique,the   in Equation2 is determinedfrom Equation3, basedon the given ª and K . For this   , we
wish to minimizethe

�
in Equation2. Thuswe wish to minimizethemaximumof thechunkerrorbounds

� � [JHIHIHJ[ �«n ;
this is accomplishedwhenall suchboundsareequal. In eachof the techniquesdescribedin Section6.2, thebounds
are functionsof   , MAX, MIN, ¬ , ­¬ , and/or

Q O
. Of these,only

Q O
may differ from chunk to chunk (e.g., recall

that ­¬ is computedover the entiresample),and
� O

is proportionalto D � q Q O . Thusall
� O

areequalpreciselywhenQ � U Q x U¯®I®J®�U Qon U Q � K .
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