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Abstract

Aqua is a systemfor providing fast, approxi-
mateanswergo aggreyatequerieswhicharevery
commonin OLAP applications. It hasbeende-
signedto run ontop of ary commerciarelational
DBMS. Aqua precomputesynopsegspecialsta-
tistical summariespf the original dataandstores
themin the DBMS. It providesapproximatean-
swers(with quality guaranteeshy rewriting the
gueriesto run on thesesynopses.Finally, Aqua
alsoincrementallykeepsthe synopsesip-to-date
asthedatabasehanges.

1 Motivation

Traditionalqueryprocessindasfocusedsolely on provid-
ing exactanswergo queriesjn amannethatseekgo min-
imize responsdime and maximizethroughput. However,
in largedatarecordingandwarehousingrvironmentspro-
viding an exactanswerto a complex query cantake min-
utes,or evenhours,dueto the amountof computationrand
disk I/O required.

Therearea numberof scenariosn which an exactan-
swer may not be required,and a usermay prefer a fast,
approximateanswer For example,duringsomedrill-down
query sequencefn ad-hocdatamining, initial queriesin
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thesequencareusedsolelyto determinevhattheinterest-
ing queriesare. An approximateanswercanalso provide
feedbackon how well-poseda queryis. Moreover, it can
provide atentative answelito a querywhenthe basedatais
unavailable. Anotherexampleis whenthe queryrequests
numericalanswersandthe full precisionof the exactan-
sweris not needede.g.,atotal, average or percentagéor
which only the first few digits of precisionare of interest
(suchastheleadingfew digits of a total in the millions, or
thenearespercentileof a percentage).

Motivated by theseconcerns,we have developedthe
ApproximateQUery Answering (Aqua) system. Aqua is
a systemdesignedo provide fast,approximateanswergo
aggregjateaswell as set-waluedqueries. The work is tai-
lored to datawarehousingervironments. Our goal is to
provide an estimatedesponseén ordersof magnituddess
timethanthetime to computeanexactansweyby avoiding
or minimizing the numberof accesse® the basedata.

2 Architecture

Aquais designedhsa modulethatsits on top of any SQL-
compliantDBMS managinga datawarehouse Aqua pre-
computestatisticasummarie®ntherelationsn theware-
house. Currently the statisticstake the form of various
typesof samplesandhistogramsandarestoredasregular
relationsinsidethe warehousethey arealsoincrementally
maintainedup-to-dateasthe basedatais updated.
Aquaansweraiserqueriesusingthepre-computedum-
maries. Approximateanswersare provided by rewriting
the userquery over the summaryrelationsand executing
the new query Therewriting involvessuitablyscalingthe
resultsof certainoperatorswithin the query Finally, the
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Figurel: The Aquaarchitecture.

gueryandthe approximateanswerareanalyzedo provide
guarantee®n the quality of the answer and reporterror
bounds.The high-level architectureof Aquais depictedn
Figurel, alongwith the stepstakenduring queryprocess-
ing. As new dataarrives,Aquamaintainsthe synopsesip
to date,with few or noaccesset theoriginal data.

3 Agqua Technical Results and Operational
Details

Thereare several technicalproblemsarisingin answering
approximategueries.We have identifiedandsolved a few

of them,andincorporatedhe solutionsinto Aqua. Many

of theseresultsappeain [GMP97, GM98, AGPR99. The

key featuresof Aquaareasfollows:

¢ Novel incrementaimaintenanceechniquedor keep-
ing histogramsandsamplesip-to-daten thepresence
of databaseipdates.

e Improvederrorboundshasedn a novel subsampling
scheme.

e Stratgies for allocating spaceamongvarious sum-
mary statistics.

¢ Biasedsampledor improvingtheaccurag for queries
with group-byoperations.

e Improvedsamplingtechniquegconciseandcounting
samples}hatuselessspacehantraditionalsamples.

We have shawvn thatschemesor providing approximate
answersto multi-table queriesthat rely on usingrandom
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samplesof baserelationsalone suffer from seriousdis-
adwantages. We have developedan approachwhich we
call join synopseghatovercomeshesedisadantagesWe
have shavn both theoreticallyand empirically that join
synopsegrovide highly-accurateanswersandtighter con-
fidenceboundsthansamplingfrom baserelations.

In a recentwork [AGP99, we demonstratehe draw-
back of uniform samplesto effectively answergroup-by
queries,a key componentf drill-down androll-up anal-
ysisin OLAP. We proposenew biasedsamplingtechniques
to addresshis handicapIncorporationof thesetechniques
into Aqua have shownn their utility in making group-by
gueriessignificantlymoreaccuraten practice.

As an illustration of query processingin Aqua, we
presentakey componentthe queryrewrite procesaisinga
simpleexample(detailsin [AGPR99). Figure2 givesan
exampleof this rewriting thattakesinto accountoin syn-
opses. The queryis basedon the schemafor the TPC-D
benchmarkWhenthequeryis submittedto Aqua, it iden-
tifies thejoin beingcomputedn the queryandrewritesthe
queryto referto theappropriatgoin synopsis Specifically
the tablenamesl i nei t emandor der are replacedby
the Aquatablenamesbs_| i nei t emandj s_order. In
this example theresultingjoin synopsids a 1% sampleof
thejoin between i nei t emandor der , sothesumag-
gregatein the selectclauseis scaledby 100. Therewritten
guerysubmittedto the warehousés shovn in Figure2(b).
(Calculationof errorboundsis not shavn herefor simplic-
ity.)

Aqua also provides a web-basedinterface to allows
usersto posequeries. A screenshobf the interfaceis



sel ect sum(l quantity)
fromlineitem order
where | _orderkey = o_orderkey
and o_orderstatus = F

sel ect 100*sun{| _quantity)
frombs_lineitem js_order
where | _orderkey = o_orderkey
where oorderstatus = F

(a) Original query

(b) Rewritten query

Figure2: Queryrewriting to usejoin synopses.
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shavnin Fig 3. It shavstheactualanswerandthe approx-
imatedanswergeneratedy Aquafor a simplified version
of Query @1 of the TPC-D suite along with the running
times. Theresultsarefor a0.1scalefctorTPC-Ddatabase
(100MB). Theapproximateanswemwindow alsoshovsthe
error boundcalculatedfor eachgroup (errB1), alongwith
a countof the tuplesusedto generatehe estimate(Aqua-
Count).

4 Related Work

Statisticaltechniqueshave beenappliedin databases$or
morethantwo decadesiow, but primarily inside a query
optimizer for selectvity estimation. However, the appli-

cation of statisticaltechniquesto approximatequery an-
sweringhasstartedreceving attentiononly very recently
Hellersteinetal. [HHW97] proposedh framework for ap-
proximate answersof aggreyation queriescalled Online
Aggregation, in which the basedatais scannedn random
orderatquerytime andthe approximateanswelis continu-
ouslyupdatedasthescanproceedsUnlike Aqua,thiswork
involvesaccessinghe basedataat querytime, thusbeing
more costly; but at the sametime, this approachprovides
thefully accurateanswermgradually Othersystemssupport
limited on-line aggreyation features;e.g., the Red Brick
systemsupportsrunning COUNT, AVG, and SUM. Since
the scanorder usedto producetheseaggreyationsis not
randomtheaccurag canbequitepoor. In theApproximate
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qgueryprocessardevelopedby Vrbsky andLiu [VL93], an
approximateanswerto a set-\aluedqueryis ary superset
of theexactanswetthatis asubsebf thecartesiamproduct.
Recently loannidisand Poosalahave developeda robust
numericalmeasurdor computingthe errorin an approxi-
mateset-\aluedqueryanswerandalsoprovidedhistogram-
basedtechniquesfor answeringcomplex queries[IP99].
Therehasalsobeensomework on using histogramsand
waveletsto approximatethe datacubefor providing ap-
proximateanswergo aggrejatequeriefPG99 VWI98].

5 Details of the Demo

Themainfocusof thedemowill beon theability of Aqua
to provide quick andhigh-qualityapproximateanswergo
gueriesof varying compleities. The datawarehousewill
consistof the popularTPC-D benchmarkdataloadedinto
a commercialDBMS. The queriesinclude mary of the
benchmarlqueriesaswell assomegeneratedby us,chosen
to demonstrat¢he benefitsof variousstatisticaltechniques
in Aqua. In particulay we will shav thatjoin synopsesut-
performbasesamplegor querieswith joins andthatbiased
sampleutperformuniform sampledor group-byqueries.
We will alsoshov someof the key featuresof the Aqua
front-end,suchasthe ability to executea queryusingary
oneof theavailablesetsof statistics.
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