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ABSTRACT
This paperpresentsa principled framework for efÞcientprocess-
ing of ad-hoctop-k (ranking)aggregatequeries,which provide the
k groupswith the highestaggregatesasresults.Essentialsupport
of suchqueriesis lacking in currentsystems,which processthe
queriesin a na¬õve materialize-group-sortschemethat canbe pro-
hibitively inefÞcient.Ourframework is basedonthreefundamental
principles.TheUpper-BoundPrincipledictatestherequirementsof
early pruning,andthe Group-RankingandTuple-RankingPrinci-
plesdictategroup-orderingandtuple-orderingrequirements.They
togetherguide the queryprocessortoward a provably optimal tu-
ple schedulefor aggregatequery processing.We proposea new
executionframework to applytheprinciplesandrequirements.We
addressthechallengesin realizingthe framework andimplement-
ing new queryoperators,enablingefÞcientgroup-awareandrank-
aware query plans. The experimentalstudy validatesour frame-
work by demonstratingordersof magnitudeperformanceimprove-
mentin thenew queryplans,comparedwith thetraditionalplans.

1. INTRODUCTION
Aggregation is a key operationin OLAP (On-Line Analytical

Processing),anddominatesa variety of decisionsupportapplica-
tions suchasmanufacturing,sales,stockanalysis,network mon-
itoring, etc. In aggregate queries,aggregatesare computedover
groupsby somegrouping attributes. As decisionmaking natu-
rally involvescomparingandrankingdata,amongthe large num-
ber of groups,often only the oneswith certainsigniÞcanceareof
interest. To supportsuchapplications,ranking (top-k) aggregate
queriesrank the groupsby their aggregatevaluesand return the
top k groupswith thehighestaggregates.Further, decisionmakers
often needto specifyanalysisqueriesin an ad-hoc manner, with
respectto how the data is aggregatedand ranked. Suchad-hoc
rankingcriteria Þt very well to the exploratorynatureof decision
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supportandenableßexible andexpressivedataanalysis.Moreover,
decisionsupportqueriesarecommonlyexecutedin an interactive
environmentwherethe resultsmustbe quickly presentedto users
and becomethe basisof further queries. Efficient processingof
ad-hoctop-k aggregatequeriesis thuscrucial.

However, suchefÞcientsupportof ad-hocranking is critically
lacking in currentdecisionsupportsystems. Most OLAP query
processingfocuseson pre-computation andfull-answer. Suchsys-
temsmaintainpre-computedsimpleaggregatesthatcanonly bene-
Þt queriesover theseaggregates.Moreover, thenotionsof ranking
andits optimizationaremissingascurrentsystemsalwaysprovide
full answersanddonotoptimizefor thesmallretrieval sizek. This
paperthusaimsatsupportingefÞcientad-hocrankingaggregates.

1.1 Query Model and Motivating Examples
Below is a SQL-like templatefor expressingtop-k aggregate

queriesandan examplequeryQ. While we useLIMIT, various
RDBMSusedifferentSQLsyntaxto specifyk.

SELECT ga1, ...,gam, F
FROM R1, ...,Rh

WHERE c1 AND ... AND cl

GROUP BY ga1, ...,gam

ORDER BY F
LIMIT k

Q:SELECT A.g, B.g, C.g, SUM(A.v
B.v+C.v) as score

FROM A, B, C
WHERE A.jc=B.jc AND B.jc=C.jc
GROUP BY A.g, B.g, C.g
ORDER BY score
LIMIT k

That is, the groupsareorderedby a ranking aggregate F=G(T ),
whereG is anaggregate function (e.g., sum) over an expression T
on thetablecolumns(e.g., A.v+B.v+C.v). Thetop k groupswith
the highestF valuesare returnedas the query result. Formally,
eachgroupg={t1, . . . , tn } hasa ranking score F [g], deÞnedas

F [g] = G(T )[g] = G(T [g]) = G(T [{t1, . . . , tn }])
= G({T [t1], . . . , T [tn ]}). (1)

As theresult,Q returnsa sortedlist K of k groups,rankedby their
scoresaccordingto F , suchthatF [g] ≥ F [g′], ∀g ∈ K and∀g′ /∈
K. Whenthereare ties in scores,an arbitrarydeterministic Òtie-
breakerÓfunction canbe usedto determinean order, e.g., by the
groupingattributevaluesof eachgroup.

A distinguishinggoal of our work is to supportad-hoc ranking
aggregatecriteria. With respectto G, we aim to supportnot only
standard(e.g., sum, avg), but also user-deÞnedaggregatefunc-
tions. With respectto the aggregatedexpressionT , we allow T
to beany expression,from simply a tablecolumnto very complex
formulas.Below we show somemotivatingexamples.

Example 1 (Motivating Queries):
Q1:
SELECT zipcode, AVG(income*w1+age*w2+credit*w3) as score
FROM customer
WHERE occupation=’student’
GROUP BY zipcode
ORDER BY score
LIMIT 5
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Q2:
SELECT P.category, S.zipcode,

MID_SUM(S.price-P.manufacturer_price) as score
FROM part as P, sales as S
WHERE P.part_key=S.part_key
GROUP BY P.category, S.zipcode
ORDER BY score
LIMIT 5

Theabove query, Q1, returnsthebest5 areasto advertisea stu-
dentinsuranceproduct,accordingto theaveragecustomerscoreof
eacharea.Thescoreindicateshow likely a customerwill buy the
insurance.A managercanexplore variouswaysin computingthe
score,accordingto heranalysis.For example,a weightedaverage
of customerÕs income,age,and credit is usedin Q1. QueryQ2
Þndsthe5 bestmatchesof partcategory andsalesareathatgener-
atethehighestproÞts.A pair of category andareais evaluatedby
aggregatingtheproÞtsof all salesrecordsin thatcategoryandarea.
A user-deÞnedaggregatefunctionmid sum is usedto accommo-
dateßexible metricsin suchevaluation.For example,it canremove
thetop andbottom5% (with respectto proÞt)salesrecordswithin
eachgroupandsumup therest,to reducetheimpactof outliers.

We emphasizethat suchad-hocaggregatequeriesoften run in
sessions,whereusersexecuterelatedquerieswith similar Boolean
conditionsbut differentrankingcriteria, for exploratoryandinter-
active dataanalysis. For example,in the above Q1, the manager
can try variousaggregate function and/ormany combinationsof
the valuesof w1, w2, andw3 until an appropriateranking crite-
rion is determined.Moreover, suchrelatedqueriesalsoexist across
differentsessionsof decisionsupporttasksover thesamedata.

In this paper, we concentrateon a specialbut largeclassof ag-
gregatequeriesF= G(T ), wheretheaggregatefunctionG satisÞes
whatwe referto asthemax-bounded property:An upper-bound of
the aggregate F over a group g, denoted by Fg , can be obtained
by applying G to the maximum values of the member tuples in g.
The classof max-boundedfunctionsincludemany typical aggre-
gatefunctionssuchassum, weighted average, etc., as well as
user-deÞnedaggregate functionssuchas the mid sum in query
Q2 above. In fact,we believe thatmostrankingaggregatequeries
will usefunctionsthatsatisfythisproperty.

1.2 Limitations of Current Techniques
A popularconceptualdatamodel for OLAP is data cube [16].

A datacubeis derived from a fact table consistingof a measure
attribute anda setof dimensional attributes thatconnectto thedi-
mension tables. A cubeconsistsof a latticeof cuboids,whereeach
cuboid correspondsto the aggregateof the measureattribute ac-
cordingto a Group-Byover a subsetof thedimensionalattributes.
With respectto variousmeasuresanddimensions,multiple cubes
may be necessary. As a conceptualmodel, datacube is seldom
fully materializedgiven its hugesize. Instead,in ROLAP servers,
many materializedviews (or summary tables) are selectedto be
built to cover certaintablesandattributesfor answeringaggregate
queries[21]. Pervasive summaryandindex structuresarefurther
built uponthebasetablesandmaterializedviews.

Many worksstudiedtheproblemof answeringaggregatequeries
usingviews [17, 32, 11, 1, 28]. They provide signiÞcantperfor-
manceimprovementwhenappropriatematerializedviews for the
given query are available. However, they cannotanswerad-hoc
ranking aggregatequeries. Materializedviews only maintainin-
formationof the pre-determined attribute or expressionusing the
prescribed aggregatefunction. In contrast,ad-hocrankingcondi-
tionsaredeterminedor deÞnedon-the-fly duringdecisionmaking.
Thereforein orderto answerarankingaggregateF=G(T ), G must
betheaggregatefunctionusedwhenthecubes(views) aremateri-
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Figure 1: Traditional plan vs. new plan.
alizedor canbe derived from the materializedaggregatefunction
(e.g., avg derived from sum andcount), andT musthappento
besimplysomemeasureattributeor expressionthatcanbederived
from thesummarytables,insteadof arbitrarilycomplex expression.
Given thevirtually inÞnitechoicesof G andT in ad-hocdataanal-
ysis, thepre-computedinformationeasilybecomeirrelevantwhen
thequeryis differentfrom whatthesummarytablesarebuilt for.

When pre-computedcubescannotanswerthe query, the pro-
cessinghasto fall back to basetables,wherethe query is evalu-
atedby the relationalquery engineof the ROLAP server as fol-
lows: (1) fully consumeall the input tables;(2) fully materialize
theselectionandjoin results;(3) grouptheresultsby groupingat-
tributesandcomputetheaggregatesfor every group;(4) fully sort
thegroupsby theirrankingaggregates;and(5) reportonly thetopk
groups.Theuseris only interestedin thek top groupsinsteadof a
totalorderonall groups.Thetraditionalprocessingstrategy is thus
anoverkill, with unnecessaryoverheadfrom full scanning,joining,
grouping,andsorting. Given the large amountof datain a ware-
housingenvironment,sucha na¬õve materialize-group-sort scheme
canbeunacceptablyinefÞcient.Moreover, theusersmayhaveto go
throughit many timesin their exploratoryandinteractive analysis
tasks.SuchinefÞciency thussigniÞcantlyimpactstheusefulnessof
decisionsupportapplications,resultingin low productivity.

1.3 Contributions
In this paper, we proposea principled framework for efÞcient

processingof ad-hoctop-k aggregatequeries. We deÞnea cost
metricon thenumberof ÒconsumedÓtuples,capturingour goalof
producingonly necessary tuplesfor generatingtop k groups. We
identify the best-possiblegoal in termsof this metric that canbe
achieved by any algorithm,aswell as the must-have information
for achieving thegoal.Thekey in realizingthisgoalis to Þndsome
goodorder of producingtuples(amongmany possibleorders)that
canguidethequeryenginetoward processingthemostpromising
groupsÞrst,andexploring a grouponly whennecessary. We fur-
ther discover that a provably optimal total scheduleof tuplescan
be fully determinedby two ordersÐthe orderof retrieving groups
(group ordering) andtheorderof retrieving tuples(tuple ordering)
within eachgroup.Basedonthisview, wedevelopthreefundamen-
tal principlesanda new executionframework for processingtop-k
aggregatequeries.We summarizeour contributionsasfollows:
• Principle for optimal aggregate processing: We developthree

properties,theUpper-Bound, Group-Ranking andTuple-Ranking
Principles that leadto the exact-bounding, group-ordering and
tuple-ordering requirements, respectively. We formally show
that theoptimalaggregatequeryprocessing,with respectto our
costmetric,canbederived by following theserequirements.

• Execution framework and implementations: Guidedby the
principles,we proposea new executionframework, which en-
ablesqueryplansthatarebothgroup-aware andrank-aware. We
furtheraddressthechallengesof applyingtheprinciplesandim-
plementingthenew queryoperatorsin this framework.
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Figure 2: Top-k aggregates query processing.

• Experimental Study: We implementthe proposedtechniques
in PostgreSQL.The experimentsverify that our techniquescan
achieve ordersof magnitudeimprovementin performance;e.g.,
Figure1 comparesa new queryplanwith thetraditionalplan.

Therestof thepaperisorganizedasfollows. Wepresenttheprin-
ciplesin Section2. Section3 introducestheexecutionframework
of top-k aggregatequeryplansandtheimplementationsof physical
operators.We experimentallyevaluatetheproposedframework in
Section4. Section5 reviewsrelatedwork,andSection6 concludes.

2. PRINCIPLES: OPTIMAL AGGREGATE
PROCESSING

EfÞcientsupportof rankingaggregatequeriesis critically lack-
ing in currentsystems.To motivate,Figure2(a) illustratesthetra-
ditionalmaterialize-group-sortqueryplan,consistingof threecom-
ponents:1) tuple generation: thefrom-wheresubtreefor producing
themembertuplesof everygroup;2) group ranking: thegroup and
sort operatorsfor generatingthegroupsandrankingthem;and3)
output: the limit operatorreturningthetop-k groups.As Section1
discussed,this approachfully materializesand aggregatesall tu-
ples,and then fully materializesandsortsall groups. Sinceonly
top-k groupsarerequested,muchof theeffort is simply wasted.

Ourgoalis thusto designanew executionmodel,asFigure2(b)
contrasts.We needa new non-blockingrankagg operator, which
incrementally draws tuples,as its input from the underlyingsub-
tree,andgeneratestop groupsin the rankingorder, as its output.
For efÞciency, rankagg mustminimizeits consumptionof input tu-
ples: Although in practicethe costformula canbe quite complex
with many parameters,this inputcardinality(i.e., numberof tuples
consumed)is alwaysanessentialfactor. As our metric,for a group
g with n tuples{t1, . . ., tn }, how ÒdeepÓinto the groupshall we
process,for determiningthetop-k groups?Wereferto thisnumber
of tuplesconsumedfor g asits tuple depth, denotedHg . Our goal
is thusto minimizethetotal costof all groups,i.e., ΣgHg .

As thefoundationof ourwork, while thenew rankagg canbeim-
plementedin differentways,whataretherequirementsandguide-
linesfor any suchalgorithm?To minimizetupleconsumption(i.e.,
to stopprocessingandto prunethegroupsearly),whatinformation
mustwe have andwhat is thecriterionin suchpruning?As tuples
ßow from the underlyingsubtree,in what order shall rankagg re-
questandprocesstuples? Is therean optimal tuple schedule that
minimizesthe total tuple depths?We develop threefundamental
principlesfor determiningprovably optimal tupleschedule(Theo-
rem1) thatachievesthetheoreticalminimaltupleconsumption:the
Upper-BoundPrinciplefor earlypruning,theGroup-RankingPrin-
ciple for assertingÒinter-groupÓordering,and the Tuple-Ranking
Principlefor furtherdecidingÒintra-groupÓordering.Theseprinci-
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→ → → 95.12.13 824 rrr
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Figure 3: Relation R and some tuple orders.
plesguideour implementationof rankagg anddetermineits impact
to theunderlyingquerytree. (Thesubtreesfor tuplegenerationin
Figure2(a)and(b) usedifferentshapesto emphasizethatrankagg
requiresmodifying theunderlyingoperatorssuchasscanandjoin.)

Thefollowing queryis our runningexample.Theinput relation
R, with two attributesR.g andR.v, is shown in Figure3(a). The
querygroupsby R.g, andour following discussionrefersto those
R.g=1, 2, and3 asgroupg1, g2, andg3, respectively. The query
speciÞesa ranking aggregate function F= G(T )=sum(R.v) and
k=1. Throughoutthispaper, weassumeT is in therangeof [0, 1].

Select R.g, SUM(R.v) From R
Group By R.g Order By SUM(R.v) Limit 1

2.1 Upper-Bound Principle
Our Þrstprincipledealswith therequirementsof earlypruning:

whatinformationmust wehave in orderto prune?During process-
ing, beforeagroupg is fully evaluated,theobtainedtuplesof g can
effectively boundits ultimateaggregatescore.For arankingaggre-
gateF= G(T ), we deÞneFIg [g], themaximal possible score of g,
with respectto a setIg of obtainedtuples(Ig ⊆ g), astheupper-
boundscorethatg mayeventuallyachieve, i.e., F [g] ≤ FIg [g].

The upper-bound scoreof a group thus indicatesthe best the
groupcanachieve. For our discussion,call the lowesttop-k score
of thequeryasthethreshold, denotedθ. (For instance,θ=F [g1]=2.2
in our runningexample.) Note thatθ would not be known before
the processingends. Given a groupg, if its upper-boundscoreis
higher thanor equalto θ, it hasa chanceto make into the top k
groups. To concludethatg doesnot belongto the top k andthus
pruneit from furtherprocessing,theupper-boundscoreof g must
bebelow θ, otherwisewe may incorrectlypruneg that indeedbe-
longs to the top k. Thereforethe upper-boundscoredecidesthe
minimalnumberof tuplesthatany algorithm(thatprocessesby ob-
tainingtuples)mustobtainfrom g beforeit canpruneg. As stated
in the following property1, this minimal tuple depthis the best-
possible goal of any algorithm,due to that pruning a groupwith
lessobtainedtuplescanresultin wrongqueryanswers.

For thepropertiesandtheoremsin thispaper, weleavethedetails
of proofsin anextendedversion[25] of thepaperandonly provide
intuitive justiÞcation,asabove.

Property 1 (Best-Possible Goal): With respectto a ranking ag-
gregateF= G(T ), let the lowesttop-k groupscorebe θ. For any
groupg, let Hm i n

g be its minimal tuple depth,i.e., the numberof
tuplesto retrieve from g beforeit canbeprunedfrom furtherpro-
cessing,or otherwisedeterminedto be in the top-k groups. The
Hm i n

g is thesmallestnumberof tuplesfrom g thatmakesthemax-
imal possiblescoreof g to bebelow θ, i.e.,

Hm i n
g = min{|Ig ||FIg [g] < θ, Ig ⊆ g}, (2)

or otherwiseHm i n
g =|g| if suchadepthdoesnot exist.
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We emphasizethat, as Property1 implies, an algorithm must
havecertaininformationaboutupper-boundscorefor pruning.Var-
iousalgorithmsmayexploit variouswaysin computingFIg [g], re-
sulting in differentpruningpower, i.e., differentHm i n

g . For anal-
gorithmthathasnoknowledgeto deriveanon-trivial upper-bound,
FIg [g] would be in its most trivial form, that is, inÞnity. Such
a trivial upper-boundcannotrealizeany pruning at all, sincethe
upper-boundscorewould never go below θ.

Property 2 (Must-Have Information): For any group g, with a
trivial upper-boundFIg [g]= +∞ undereveryIg , Hm i n

g =|g|.

Thereforewe must look for a non-trivial deÞnitionof FIg [g]
in order to prune. Sincewe focuson aggregatefunctionsG that
are max-bounded(which describesa wide classof functions,as
Section1 deÞned),themaximal-possiblescorecanbeobtainedby
Eq. 3 below, which simply substitutesunknown tuple scoreswith
their maximalvalueof T , denotedby TIg .

FIg [g] = G

(
{Ti |

Ti = T [ti ] if ti ∈ Ig (seen tuples);
Ti = TIg otherwise(unseen tuples). ∀ti ∈ g}

)
. (3)

Example 2 (Maximal-Possible Scores): Considerourrunningex-
ample F=G(T )=sum(R.v). Supposethe rankagg operatorhas
processedtuplesr1 andr2; i.e., Ig1={r1}, Ig2={r2}, andIg3=φ.
Supposetheexactsizeof every groupis known a priori. As g1 has
seenonly r1 with T [r1]=.7 andthetwo unseentuples(its countis
3) canscoreashighas1.0, F [g1] canaggregatetoF [g1]≤sum(.7+
1.0×2)=2.7, or FIg1

[g1]=2.7. Similarly, FIg2
[g2]=sum(.3+1.0

×2)=2.3; FIg3
[g3]=sum(1.0×2)=2.0.

Note that Eq. 3 requiresto know TIg andthe count(size)of a
group, or at leastan upper-boundof this count, to constraintthe
numberof unknown tuples.(For example,if 4 is usedastheupper-
bound of g1Õs size in Example2, F [g1]≤sum(.7+1.0×3)=3.7.)
We refer to thesevaluesas the Ògrouping boundsÓ,consistingof
tuple count (|g|, theupper-boundof gÕssize)andtuple max (TIg ).

Eq. 3 capturesa classof deÞnitionsof maximal-possiblescore,
asdifferentwayscanbe exploredin gettingthe groupingbounds,
resultingin differentFIg [g] andthusdifferentHm i n

g . For instance,
usinginÞnity to boundthe tuple countor the tuple max resultsin
FIg [g] as inÞnity, with no pruning power. Given Eq. 3, for any
groupg, the smaller|g| andTIg , the smallerFIg [g]. Therefore
themostpruningpower, i.e., thesmallestHm i n

g , is realizedby the
exactgroupsizeandtheexacthighestT , asstatedbelow.

Requirement 1 (Exact Bounding): With respectto a rankingag-
gregateF= G(T ), let thelowesttop-k groupscorebeθ. Giventhe
deÞnitionof FIg [g] in Eq.3, to obtainthesmallestHm i n

g , wemust
use|g|=|g| andTIg =max{T [ti ] | ti ∈ g − Ig}.

BasedonRequirement1,our implementationchoiceof grouping
boundsis theexactcountof agroupas|g| andavalueverycloseto
max{T [ti ] | ti ∈ g − Ig} asT Ig . We justify thischoiceandshow
how to obtainsuchgroupingboundsin Section3.1.1.Notethatour
discussionof the following principlesis orthogonalto thechoices
of grouping bounds,which only result in different best-possible
tupledepthHm i n

g thatour algorithmsetsto achieve.

2.2 Group-Ranking Principle
Property1 givestheminimal tupledepthHm i n

g for eachg, thus
theminimaltotalcostΣgHm i n

g . Theessenceof Eq.2 liesin thatwe
shouldstopprocessinga groupassoonasit canbeexcludedfrom

top-k answers.That is, we shouldonly furtherprocessa groupif
it is proven to be absolutelynecessary, i.e., its upper-boundscore
above the thresholdθ. While Eq. 2 hints on suchÒnecessityÓ,it
doesnot suggesthow to determinethe necessity, becauseθ can
only beknown at theconclusionof a query. Thereforewe wonder,
asanalgorithmretrievestuplesoneby one,is thereanoptimaltuple
schedulethatachieves theminimumdepth?

A scheduleis determinedby inter-group andintra-group order-
ing. Our Group-Rankingprinciple assertsinter-group ordering:
Whenselectingthe next tuple t to process,how to orderbetween
groups? Which group should t be selectedfrom? (While this
work deÞnessuchinsightof Òbranch-and-boundingÓfor aggregate
queriesfor theÞrsttime, similar intuition hasalsobeenappliedto
ordering individual tuples[6, 4, 26] in top-k queries.) Thus the
Group-Ranking Principle builds upon the basisthat groupswith
higherboundsmustbeprocessedfurtherbeforeothers.

Suchboundsguideour selectionof the next tuple. LetÕs illus-
tratewith Example2: The next tuple should be selectedfrom g1.
Considerg1 vs. g2 (andsimilarly g3). If g1 will be the top-1, we
mustcompleteits score. Otherwise,sinceFIg1

[g1] > FIg2
[g2],

whatever scoreg2 can achieve, g1 can possiblydo better. Thus,
Þrst,althoughg2 is incomplete,it maynot benecessary for further
processing,sinceg1 mayturn out to betheanswer(i.e., g1 should
be processedbeforeg2). Second,even if g2 werecomplete,it is
not sufficient to declareg2 asthe top-1, sinceg1 may be a better
answer. In all cases,we mustprocessthenext tuplefrom g1.

Theabove explanationintuitively motivatesthepriority between
g1 and g2, for the specialcasewhen k=1. The Group-Ranking
Principle formally statesthis property, for generaltop-k (k ≥ 1)
situations(asaforementioned,proof in [25]), which mandatesthe
priority of currenttopk groups(i.e., g1) over others(i.e., g2).

Property 3 (Group-Ranking Principle): Let g1 be any groupin
the currenttop-k ranked by maximal-possiblescoresF andg2 be
any groupnot in thecurrenttop-k. We have 1) g1 mustbefurther
processedif g1 is not fully evaluated,2) it may not be necessary
to further processg2 even if g2 is not fully evaluated,and3) the
currenttop-k aretheanswersif they areall fully evaluated.

The Group-RankingPrinciple guidesour inter-group ordering
for query processing,by prioritizing on F . Essentially, the prin-
ciple statesthat, to avoid unnecessarytuple evaluations,our algo-
rithms mustprioritize any incompleteg1 within the currenttop-k
over thoseg2 outside.Thus,first, as theprogressive condition,to
reachtheÞnaltop-k, any suchg1 mustbefurtherprocessed(or else
thereareno enoughk completegroupsto concludeasbetterthan
g1). Second, as thestop condition,whenandonly whennosuchg1
exists, i.e., all top-k groupsarecompleted,we canconcludethese
groupsastheÞnalanswers.Below wesummarizethisrequirement.

Requirement 2 (Group Ordering): To avoid theunnecessarytu-
pleconsumption,queryprocessingshouldprioritizegroupsby their
maximal-possiblescoreF :

• (Progressive Condition) If therearesomeincompletegroupsg1

in thetop-k, thenthenext tupleshouldbeselectedfrom suchg1;

• (Stop Condition) Otherwise,we canstopandconcludethecur-
renttop-k groupsastheÞnalanswers.

Example 3 (Sample Execution 1): For our exampleF= G(T ) =
sum(R.v), to Þndthe top-1 group,Figure4(b) conceptuallyexe-
cutesRequirement2. (WediscussthecorrespondingFigure4(a)in
Section3.) We prioritize groupsby F scores,initially (3.0, 3.0,
2.0), when no tuples in any group g are seen(Ig=φ) and thus

64



limit k

rankagg

group-aware
scan

5.
4.
3.
2.
1.
0.

step

2.01.72.2*(r4, 2, .4)

2.02.3*2.2(r7, 1, .6)

2.02.32.6*(r5, 1, .9)

2.02.32.7*(r2, 2, .3)

2.03.0*2.7(r1, 1, .7)

2.03.03.0*initial

action [ ]1gF [ ]2gF [ ]3gF

R
(a) Query plan. (b) Tuple flow to rankagg.
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Figure 4: Query execution 1: GroupOnly.
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(a) Query plan. (b) Tuple flow to rankagg.

S*: Top-1 score    S: Final score

Figure 5: Query execution 2: GroupRank.

T Ig =1.0 in Equation3. As the Progressive Condition dictates,
we alwayschoosethe top-1 group (marked *) for the next tuple,
thus accessingr1 from g1, r2 from g2, . . ., and Þnally r4 from
g2. Now, sincethe top-1 groupg1 is completed(with Þnalscore
F [g1]=F [g1]=2.2), theStop Condition assertsno moreprocessing
necessary, andthuswe returng1 asthetop-1.

2.3 Tuple-Ranking Principle
Our last principle addressesthe intra-group order: When we

mustnecessarilyprocessgroupg (astheGroup-RankingPrinciple
dictates),which tuple in g shouldwe select?This tuple ordering,
togetherwith thegrouporderingjustdiscussed,will determineato-
tal scheduleof tupleaccessfor therankagg operator(Figure2(b)).

To startwith, wenotethatdifferenttupleordersresultin different
costefÞciency, in termsof tupledepthof eachgroup.Given atuple
orderα for groupg, what would be the resultingtuple depthH!

g

thatmustbeaccessed?Recallin Example3 we ordertuplesarbi-
trarily by tupleIDs (seerelationR in Figure3(a)),i.e., groupg1 as
x1:r1→r5→r7, g2 asx2:r2→r4→r8, andg3 asx3:r3→r6. These
ordersresult in depthsHx 1

g1 =3 (i.e., all of r1, r5, r7 accessed),
Hx 2

g2 =2, Hx 3
g3 =0, as Figure 4(b) shows. To contrast,Example4

below shows how differenttupleordersresultin differentdepths.

Example 4 (Sample Execution 2): RerunExample3 but with tu-
ple ordersas sortedby tuple scoresT=R.v in eachgroup, thus
ordering g1 as d1:r5→r1→r7, g2 as d2:r4→r2→r8, and g3 as
d3:r3→r6. Thesedescendingorders,togetherwith Requirement2,
result in the executionof Figure5(b). (Again, Figure5(a) is dis-
cussedin Section3.) Note that, for eachgroup, the descending
ordersortedby T effectively boundstheT -scoreof unseentuples
by the last-seen T -score. Thus, for group g1, after r5 at step1
with T [r5]=r5.v=.9, F [g1]=0.9+0.9×2 (for 2 unseentuples)=2.7.
Then,afterr1 in step3,F [g1]=0.9+0.7+0.7×1 (for 1 unseentuple)
= 2.3. In this execution,eachgroupis accessedto depthHd1

g1 =3,
Hd2

g2 =1, andHd3
g3 =0. In particular, groupg2 hasa depthHx 2

g2 = 2
andHd2

g2 = 1 (out of 3), andthusd2 is a betterorderthanx2.

To minimizethetotal costs(asthesumof tupledepths),how do
weÞndtheoptimalorderα for eachgroupg suchthatH!

g =Hm i n
g ?

Apparently, this ÒspaceÓof ordersseemsprohibitively large: If

therearen tuplesin eachof the m groups,aseachgrouphasn!
permutations,therewill be(n!)m differentorders.Thus,our Prop-
erty4,or theTuple-Ranking Principle, addressesthistupleordering
issue.It hastwo mainresults:

First, order independence: To Þndthe optimal orders,shall we
considerthecombinations amongtheordersof different groups?It
turnsout that, if we follow Requirement2 for groupordering,the
optimaltupleorderof eachgroupis independentof all others.That
is, thetupledepthof a groupg dependson only its own orderα.

Toseewhy, letÕsconsiderg2 in Figure4 and5. AsRequirement2
dictates,by theProgressive Condition,we only necessarilyaccess
a next tuplefrom thegroup,when andonly when F [g2] remainsin
thetop-k (k=1 in this case).Theexecutionhalts,astheStopCon-
dition asserts,whenthetop-k groupsarecompletedandÒsurfacedÓ
to the top, at which point F [g2]<θ andthusno longerneedsfur-
therprocessing.Thus,in Figure4,with tupleorderx2:r2→r4→r8,
F [g2] progressively lowersits upperboundsas3.0

r 2→2.3
r 4→1.7, at

which point it stops,because1.7<2.2, or 1.7<θ. To contrast,in
Figure5, the tuple orderd2 resultsin 3.0

r 4→1.2, whereit stopsas
1.2<θ. While thedifferentordersresultin differentdepthsHx 2

g2 =2
andHd2

g2 =1, both are the ÒsmallestÓdepths(underthe respective
orders)thatmakeF [g2] go below θÐwhich aredependenton only
thetupleorderof g2 andindependentof others.

Second,T -based Ranking: While groupsare independent,for
eachgroup,what ordersα as t1→· · ·→tn , out of the n! permu-
tations(for a groupof n tuples),shouldwe consider?As just ex-
plainedabove, a betterorder (e.g., d2 vs. x2) of g will decrease
theupperboundsF [g] morerapidly to go below θ with lesstuple
accesses.Whatorderscanachieve suchrapiddecreasing?

As theupperboundsF aredeÞnedby Eq.3, theanswernaturally
lies there.Therearetwo componentsin theequation:1) thescores
T [ti ] of the seen tuplesti in Ig , and2) the upperboundTIg of
theunseen tuples.Intuitively, first, agoodordercanlower theseen
scores,by accessingtupleswith the smallestT . Second, it can
alsolower the upperboundsof thoseunseen,by retrieving tuples
from highT to low, wheretheunseenareboundedby thelast-seen
tuple (asin Example4). Following this intuition, we only needto
considerT -desc/asc, aclassof ordersthatalwayschooseeitherthe
highestor the lowestfrom the unseentuplesasthe next. That is,
any otherordermustbeinferior to someorderin this class.

Property4 formalizesthe two results(proof in [25]), with our
intuitive explanationabove.

Property 4 (Tuple-Ranking Principle): With respectto a rank-
ing aggregateF=G(T ), let the lowesttop-k groupscorebeθ. For
any groupg, let H !

g be thetupledepthwith respectto tupleorder
α:t1→· · ·→tn , when the inter-group ordering follows Require-
ment2.

• (Order Independence) The depthH !
g dependson only α (the

orderof this group)andθ (the global threshold),andnot on the
orderof othergroups.SpeciÞcally, H !

g is thesmallestdepthl of
sequenceα thatmakesthethemaximalpossiblescoreof g to be
below θ, i.e.,

H !
g = minl∈[1:n ]

{l|F {t1 , . . . ,tl}[g] < θ}, (4)

or otherwiseH !
g =n if sucha depthdoesnot exist.

• (T -based Ranking) To Þndthe optimal orderα that resultsin
theminimumH !

g , i.e., H !
g =Hm i n

g , we only needto considerthe
classof ordersT -desc/asc =

{α : t1 → · · · → tn |
either T [ti ] ≥ T [tj ]∀j > i (from top);
or T [ti ] ≤ T [tj ]∀j > i (from bottom). ∀ti }. (5)
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To conclude,we summarizethe implementationimplicationsof
the Tuple-RankingPrincipleasRequirement3, which guidesour
designof aprocessingmodelfor Þndingtheoptimaltupleordering.

Requirement 3 (Tuple Ordering): If Requirement2 is followed,
to minimize the total tuple depthsacrossall groups: 1) the order
of eachgroupcanbeoptimizedindependently;and2) theoptimal
order is onefrom T -desc/asc, that resultsin the minimum H!

g as
governedby Eq.4.

2.4 Putting Together: Overall Optimality
Together, the Upper-BoundPrincipledictatesthe best-possible

goal andthe must-have information(the maximal-possiblescore)
in earlypruningfor any algorithm;basedon themaximal-possible
score,theGroup-RankingandTuple-RankingPrinciplesguidethe
tupleschedulingfor our rankagg operatorto selectively draw from
theunderlyingquerytree(Figure2(b)). We stressthat,asthe fol-
lowing Theorem1 states,the Group-RankingandTuple-Ranking
Principlesenablethe Þndingof an optimal tuple schedulewhich
processesevery groupminimally, thusachieving an overall mini-
mumtupledepthΣgHm i n

g (i.e., thebest-possiblegoal)with respect
to someupper-boundmechanismFIg [g]. While we provide proof
in [25], we notethat Requirement2 determinesan inter-groupor-
derthatonly accessesa groupwhennecessary, andRequirement3
further leadsto a Òcost-basedÓoptimal intra-grouporder for each
group,with asigniÞcantlyreducedspaceof only T -desc/ascorders.

Theorem 1 (Optimal Aggregate Processing): If queryprocessing
follows Requirements2 and 3, the numberof tuples processed
acrossall groups,i.e., ΣgHg , is the minimum possiblefor query
answering,i.e., ΣgHm i n

g .

3. EXECUTION FRAMEWORK AND
IMPLEMENTATIONS

Theprinciplesdevelopedin Section2 provide a guidelinein re-
alizing the new modelof executionplansin Figure2(b). In this
section,weproposeanexecutionframework for applyingtheprin-
ciples (Section3.1). We addressthe challengesin implementing
the new rankagg operator(Section3.2) anddiscussits impactsto
theexisting operators(Section3.3).

3.1 The Execution Framework
We designa framework to apply the principles. The frame-

work consistsof two orthogonalcomponents.TheÞrstcomponent
providesthegroupingbounds,which deÞnethemaximalpossible
scoreFIg [g], the must-have informationaccordingto the Upper-
BoundPrinciple. Thesecondcomponentschedulestupleprocess-
ing basedonthegroupingboundsby exploiting theGroup-Ranking
andTuple-RankingPrinciples. The two componentsareorthogo-
nal becausethe Grouping-RankingandTuple-Rankingprinciples
areapplicableto any groupingbounds,from which the only im-
pact is that differentboundsresult in differentbest-possibletuple
depthHm i n

g that canbe achieved by tuple scheduling.Below we
discusshow to obtainthegroupingbounds(Section3.1.1),how to
implementthe Tuple-RankingPrinciple (Section3.1.2),andhow
to implementtheGroup-RankingPrincipleandhow to enablenew
group-awareandrank-awarequeryplansthat apply the principles
(Section3.1.3).Finally, wediscussvariationsof thequeryingplans
thatareapplicableundervarioussituations(Section3.1.4).

3.1.1 Obtaining Grouping Bounds: Exploiting Upper-
Bound Principle

Basedon Requirement1, the smallestHm i n
g with respectto

Eq. 3 is obtainedby the tightestgroupingbounds,i.e., the exact

tuple countandthe highestunseentuple value. In our framework
we aim atusingthis tightestboundsfor maximalpruning.

With respectto thetuplemax,thetightestboundTIg =max{T [ti ]
| ti ∈ g−Ig} is impossibleto obtainthough.Thereasonis simply
that,withoutactuallyseeingtheunseentuples,wecannotknow the
exact highestvalueamongthem. However, we canobtaina value
that is very closeto it. For instance,if thetuplesin g areretrieved
in T -desc/asc order, theT valueof thelastseentuplefrom thetop
end boundsthe value of the unseentuples. Before any member
tuple of g is retrieved, TIg hasan initial valueT g , which is the
maximum-possiblevalueof T amongall the tuplesin g. A tight
T g canbeobtainedeitherby applicationsemantic(e.g., according
to the deÞnitionof T ), or by the indicesthat arepervasively built
uponbasetablesandmaterializedviews in OLAP environment.It
canbeeitherglobal(e.g., usingtheoverall highestT valueaccord-
ing to theindex), or group-speciÞc(e.g., usingmulti-key index over
thegroupingattributeandtheattributesinvolvedin T .)

With respectto thetuplecount,thetightestbound(i.e., theexact
sizeof a group),|g|=|g|, providesthemostpruningpower. Looser
boundscanbe alsoobtained. For example,we may usethe size
of a basetableto boundthe sizeof any basetablegroup,andthe
productof basetablegroupsizesto boundthejoinedgroupsize(by
assumingfull join, i.e., Cartesianproduct). However, suchupper-
boundsarevery looseandareunlikely to realizeearlypruning.We
note that any efÞcientmethodto computea tight upper-boundof
thecountcanbepluggedinto our framework asanotherchoiceof
the tuple count. Below we discusshow to obtain the exact tuple
count|g|=|g|. Therearethreesituations:

• Counts ready: In decisionsupport,althoughthe rankingaggre-
gate function G(T ) can be very ad-hoc,the join and grouping
conditionsarelargely sharedacrossmany relatedqueries,asmo-
tivatedin Section1. In suchan environment,materializedviews
arebuilt basedon the queryworkload to cover frequentlyasked
queryconditions.As averybasicaggregatefunctionin OLAP, the
countof eachgroupis thusoften readythroughthe materialized
views,e.g., in datacube.

• Counts computed from materialized information: In certain
cases,thecountsarenot directly ready, but canbeefÞcientlyob-
tainedby queryingthematerializedviews [17, 32,11,1, 28]. For
example,for a top-k aggregatequerywith selectionconditionsin-
volving somedimensionalattributes(e.g., May≤month≤June),
a group (e.g., city=ÔChicagoÕ)correspondsto the aggregateof
multiple underlyinggroups(e.g., (city=ÔChicagoÕ,month=May)
and (city=ÔChicagoÕ,month=June)). Its size can thus be ob-
tainedby aggregatinguponthematerializedviews (e.g., theview
containingthecountof each(city, month) group).

• Counts computed from scratch: Whencountscannotbedirectly
or indirectly obtained,we have to computeit from scratch.That
is, we replacethe ranking function F= G(T ) by count(∗) and
remove theORDER BY andLIMIT clauses.Theresultingquery
(letÕs call it count query) is executedby any traditionalapproach
to obtainthecounts.For instance,thecountquerycorresponding
to our runningexampleis

Select R.g, COUNT(∗) From R Group By R.g

In Section4, our experimentalresultsshow thatour approachis
ordersof magnitudemoreefÞcientthanthematerialize-group-sort
approachwhencountsareavailable.Whenwehaveto computethe
countsfrom scratch(or similarly from materializedviews),thecost
of theÞrstsinglequeryis comparableto thatof materialize-group-
sort. More importantly, the resultingcountscan be materialized
andmaintainedto beneÞtmany subsequentrelatedad-hocqueries,
thusthecostof computingthecountsis amortized.
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(a)Uniformdistribution in [0 : 1]. (b)Normaldistribution µ=0.5, σ=0.3. (c)Exponentialdistribution λ=1. (d)Gammadistribution α=0.5, β=0.5.

Figure 6: Number of tuples retrieved by random(r), ascending (a), descending (d), and optimal (o) order to get the same or lower
upper-bound as descending order.

3.1.2 T -descending Heuristic: Implementing Tuple-
Ranking Principle

As Requirement3 states,weonly needtoconsidertheclassof T -
desc/asc ordersfor Þndinganoptimaltupleorderof a group.Such
ordersretrieve the tuplesfrom only the top andbottomendswith
respectto the value of T , thusexploit T -basedranking to either
reducetheseenscoresor theupperboundof thoseunseen.Based
ontheintuition of retrieving tuplesfrom two ends,wethusconsider
two simpleheuristicsof choosingintra-grouporder, eachof which
producesa representative caseof T -desc/asc, for α: t1→· · ·→tn .

1. T -descending: Always choosethe tuple with the highest T -
scoreasthenext, i.e., T [t1]≥· · ·≥T [tn ].

2. T -ascending: Alwayschoosethetuplewith the lowest T -score
asthenext, i.e., T [t1]≤· · ·≤T [tn ].

Example 5 (Tuple Orders): Considergroup g2 in our example.
Figure3(b)showsfour exampleorders:descending, ascending, hy-
brid, andrandom. Thedescending andascending arespecialcases
of T -desc/asc, hybrid is anotherinstancein T -desc/asc, andran-
dom is anorderthatdoesnotbelongto T -desc/asc. For eachorder,
the Þgureshows how F [g2] changesin sequence,e.g., descend-
ing decreasesF as3, 1.2, 1, .95 (theÞnalscore).By comparison,
descending is thebestorder, which lowersF mostrapidly.

We chooseT -descending asour implementationheuristic. We
show thatT -descending in practiceis oftenthebestchoicefor typ-
ical scoredistributions (e.g., uniform and normal) and aggregate
functions(e.g., sum andavg). In Figure6 we empiricallycompare
T -ascending (a), T -descending (d), the randomorder(r), andthe
optimal order (o) which resultsin Hm i n

g . The tuple scoreT [ti ]
within a groupg of n=10, 000 tuplesaregeneratedby variousdis-
tributions, in the rangeof [0, 1]. The aggregatefunction is sum.
(The resultsfor avg are similar.) Supposethe maximal-possible
scoreis f after |Id

g | tuplesareretrieved by d. Ranging|Id
g | from

1 to n (x-axis),we compare|Ia
g |, |Id

g |, |I r
g |, and|Io

g |(y-axis), the
numberof retrieved tuplesby a, d, r, ando, respectively, to get
their maximal-possiblescoreslower thanor equalto f . Thecurve
for T -descending is thediagonalsinceit is thereferenceorder. The
Þgureshows that(1) T -descending in mostcasesoverlapswith the
optimalorder, justifying our implementationheuristic;and(2) the
randomorder is always worsethan others,verifying that simply
choosingany orderis not appropriate.

TherearedatadistributionswhereT -descending is worsethan
other orders. For instance,letÕs changeg2 to g′

2 in Figure 3(b),
which shows four exampleordersfor both g2 and g′

2. Now, T -
ascending is the bestorder, by getting low scoresfrom the bot-
tom(i.e., r8.v=0). In general,in a dataset,if many tuplesarein the
high scoreend,T -descending at the beginning cannoteffectively
lower theupper-boundof unseentuples,resultingin low efÞciency.

Note that moresophisticatedheuristicmay be appliedin deter-
mining intra-grouptupleorder. For instance,aheuristiccanindeed

retrieve both the high and low scoreends,by determiningto re-
trieve from top or bottombasedon the distribution of seendata.
Suchheuristicwould requirecomplex implementationand bring
moreoverheads,for rankingon bothendsandtheanalysisof data
distribution. More seriously, suchgreedyalgorithmbasedon the
seendatamayled to local optimum.For instance,if therearesev-
eraltupleswith thesamescoreclusteredatthehighscoreend,such
heuristicmaydeterminethatretrieving tuplesfrom thetopendcan-
not reducethe upper-boundof the unseentuples, thus will only
retrieve from the bottomend. However, it may turn out that tuple
scoresdecreaserapidlyafterthosewith thesamescore,thusretriev-
ing from thetopendcanbemuchbetterin thelongrun. Compared
with suchheuristic,T -descending is muchsimplerandempirically
almostasgoodastheoptimalorder, as discussedabove.

3.1.3 Group-Aware and Rank-Aware Plans: Exploit-
ing Group- and Tuple-Ranking Principles

To exploit theGroup-RankingPrinciple,ourproposednew rank-
agg operator(Figure 2(b)) explicitly controls the inter-group or-
dering. Insteadof passively waiting for the underlyingsubtreeto
fully materializeall the groups,the rankagg operatoractively de-
terminesthe most promisinggroup g accordingto the maximal-
possiblescoresof all valid groups,anddraws the next tuple in g
from theunderlyingsubtree.(By Requirement2, any currenttop-k
incompletegroupcanbesuchg to request.)Whenthemostpromis-
ing group is complete,its aggregateis returnedasa query result.
Therefore,thegroupsarealwaysoutputfrom therankagg operator
in the ranking orderof their aggregates,eliminating the needfor
theblockingsortingoperatorin Figure2(a).

This Òactive groupingÓis a cleardeparturefrom thematerialize-
group-sortschemeand it requireschangingthe interfaceof oper-
ators. SpeciÞcally, we changethe GetNext methodof the iterator
to take g asa parameter. Our operatorsare thusgroup-aware so
that groupingis seamlesslyintegratedwith otheroperations.Re-
cursively startingfrom therankagg operator, an upperoperatorin-
vokes the GetNext(g) methodsof its lower operators,providing the
mostpromisinggroupg astheparameter. For aunaryoperator, the
sameg is passedastheparameterto its loweroperator. For abinary
operatorsuchasjoin, g is decomposedinto two componentsg′ and
g′′ andarepassedasthe parametersto the left andthe right child
operators,respectively. In response,eachoperatorsendsthe next
outputtuplefrom thedesignatedgroupg to its upperoperator.

To enforcetheT -descending heuristic(Section3.1.2),thequery
treeunderlyingrankagg mustberank-aware aswell. For this pur-
pose,weleveragetherecentwork onrankingqueryprocessing[23,
26]. However, we mustaddressthechallengesin satisfyinggroup-
awarenessandrank-awarenesstogether.
Example 6: ConsideragainExample3. Figure4 illustrates(a) a
group-awareplan which we call GroupOnly and(b) its execution.
Thegroup-awarescanoperatorcanproducetuplesfrom thegroup
designatedby therankagg operatoraboveit. Thetupleswithin each
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group areproducedin their on-disk order. To contrast,Figure5
illustrates(a)aplanthatis bothgroup-awareandrank-awarewhich
we call GroupRank and (b) its execution. The group- and rank-
awarescanoperatorin this planproducestuplesin thedescending
orderof R.v within eachgroup.Theexecutionsof thesetwo plans
arealreadyexplainedin Examples3 and4. Note that GroupOnly
doesnot exhaustthe tuplesin g2 anddoesnot touchthe tuplesin
g3 at all. GroupRank takes even fewer stepsthan the GroupOnly
plan,by exploiting orderwithin groups.

3.1.4 Variations of Query Plans: Trading off Group-
and Rank-Awareness

Thegroup-andrank-awarequeryplanscanbemuchmoreefÞ-
cient thantraditionalplans. We call themGroupRank plans(e.g.,
Figure5(a)). However, therecanbe situationsunderwhich these
plans are inapplicableor inefÞcient, thereforewe proposevari-
ations of plans. Thesevariationscover many different applica-
ble situations,thusserve as a robust solution that providesbetter
strategies than the traditional approach. Moreover, both group-
awarenessand rank-awarenesscan bring overhead,respectively.
For example, to enablerank-aware join, we adapttechniquesin
recentwork [23], wherethe join operatorbuffers the joinedtuples
in rankingqueues.Maintainingthe rankingqueuescanbring sig-
niÞcantoverheadsor evenoffsettheadvantagesof processingjoins
incrementally. Thereforethe variationsprovide ways to tradeoff
their overheads.We studytheperformancesof theseplansin Sec-
tion 4. However, we leave theproblemof optimizingamongmul-
tiple applicableplansasour futuretopic.

First, GroupOnly plans(e.g., Figure4(a)), wherethe operators
aregroup-awarebut notrank-aware.Therankagg operatorstill gets
thenext tuplefrom themostpromisinggroup,but in arbitraryorder
within eachgroup. Suchplansareapplicablewhenrankingon T
cannotbe efÞcientlysupported.For example,rankingprocessing
techniquesrequiremonotonicT [23] or splitting andinterleaving
T [26], which maynot beapplicablein certainsituations.

Second, RankOnly planswheretheoperatorsarerank-awareonly.
Insteadof telling theunderlyingoperatorthedesignatedgroup,the
rankagg operatorgetsinterleaved tuplesfrom all groupsandorders
thegroupsby theiraggregatescores.

Finally, GroupRank-ε (0 ≤ ε ≤ 1) planswhich are the sameas
GroupRank exceptthatthejoin operatorsoutputtuplesout-of-order,
while at the sametime not in arbitraryorder. Sincefull ranking
canbeexpensive, weexperimentwith approximations,whichtrade
rankingoverheadwith precisionof tupleranking.In aGroupRank-ε
plan,upontherequestof sendingthenext tuplefrom agivengroup,
a join operatoroutputsthetop tuple t in its rankingqueuefor that
groupif ubt ≥ ub × ε, whereubt is the upper-boundof t andub
is theupper-boundof theunseentuples.Thegreatervaluebetween
ubt andub is reportedto the upperoperatoras the upper-bound
of any future tuplesto be reported. Note that the scanoperators
in GroupRank-ε arestill rank-aware and group-aware. It is clear
GroupRank is actuallyanextremecase,GroupRank-1. As another
extremecase,in GroupRank-0, a join operatoroutputsthetop tuple
in the rankingqueueof a groupwhenever the queueis not empty.
NotethatGroupRank-0 is notaGroupOnly planasall seentuplesin
therankingqueuearestill ordered.

3.2 Implementing the New rankagg Operator
The iterator interface for rankagg is shown in Figure 7. The

rankagg operatormaintainsapriority queuestoringtheupper-bounds
of groupsthat are not output yet. Note that the priority queue
in rankagg and the ranking queuesin the group- and rank-aware
join operatorsserve differentpurposes.While the rankingqueues

1: //input: theunderlyingoperator.
2: //k: therequestednumberof groups.
3: //q: thepriority queueof groups.
4: //g.obtained: thenumberof obtainedtuplesin g, i.e., |Ig |.
5: //g.count: thesizeof g.

Procedure Open()
1: input.Open();q.clear()
2: for eachgroupg do
3: init ub(g); q.insert(g)
4: return

Procedure GetNext()
1: while truedo
2: if k==0 ∨ q.isEmpty()then
3: Close()
4: return
5: g ← q.top()
6: if g.count==g.obtained then
7: Þnalizeub(g); k ← k − 1
8: return g
9: t ← input.GetNext(g); updateub(g,t); q.insert(g)

Procedure Close()
1: input.Close();q.clear()
2: return

Figure 7: The interface methods of rankagg.

1: //g.ub: themaximal-possiblescoreof agroupg, i.e., FIg [g].
2: //g.sum: thesumof T for obtainedtuplesin g.
3: //TIg : themaximal-possiblevalueof T amonggÕs unseentu-

ples,retrieved in T -descending order.
4: //T g : theinitial T Ig whenno tupleis obtaind.

Procedure init ub(g)
1: g.sum ← 0; g.obtained ← 0
2: T Ig =T g

3: g.ub = g.count × T Ig

4: return
Procedure updateub(g,t)
1: g.sum ← g.sum + T [t]
2: g.obtained ← g.obtained + 1
3: T Ig =T [t]

4: g.ub ← g.sum + (g.count − g.obtained) × T Ig

5: return
Procedure Þnalizeub(g)
1: //nothingneedsto bedone
2: return

Figure 8: The upper-bound routines for G=sum.

in joins areusedto buffer tuplesfor providing ranking accessto
the tuples, the priority queueis usedfor efÞciently maintaining
the currenttop group dynamically. The rankagg always getsthe
next tuple from thetop groupin thepriority queueandupdatesits
upper-bound. Whenthe top groupis complete,it is guaranteedto
be the bestamongthosein the queue,thus can be reported. (In
RankOnly plans,a hashtable insteadof priority queueis usedto
give fastaccessto theupper-bounds.An iterationthroughthehash
tableis performedperiodicallyandthetop groupis outputwhenit
is complete.)Below we discusshow to maintainthe routinesfor
upper-boundcomputationandhow to managethepriority queue.

Upper-Bound Computation: For a ranking aggregateF=G(T ),
the maximal-possiblescoreof a groupg with obtainedtuplesIg ,
FIg [g], canbecomputedby Eq.3. Startingfrom theinitial upper-
bound,we mustkeepupdatingFIg [g] whentuplesareincremen-
tally obtained.Whenthe last tuple from g is obtained,FIg [g] be-
comestheaggregatevalueF [g]. This descriptionclearly indicates
thattheupper-bounditself canbemaintainedby anexternalaggre-
gatefunction. (LetÕs call it upper-bound routine.) For example,in
PostgreSQL,auser-deÞnedaggregatefunctionis deÞnedby anini-
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tial state,astatetransitionfunction,andaÞnalcalculationfunction.
Thereforefor theG in arankingaggregatequeryF=G(T ), thecor-
respondingupper-boundroutinesconsistof init ub, update ub, and
finalize ub. They areinvoked in the interfacemethodsof rankagg
(Figure7). Suchroutinescanbepre-deÞnedif G is a built-in func-
tion. For example,Figure8 illustratestheupper-boundroutinesfor
G=sum. As an alternative, in GroupOnly plans,the upper-bound
in theupdate db procedureshouldbecomeg.ub←g.sum+(g.size-
g.count)×T g . WhenG is auser-deÞnedaggregatefunctionitself,
theupper-boundroutineis deÞnedby straightforwardadaptationof
the utilities (initialization, statetransition,Þnalcalculation)of G,
mainly to substitutethe value of unknown tupleswith TIg . We
omit furtherdiscussionof thesedetails.

Efficient Ranking Priority Queue Implementation: For a rank-
ing aggregatequery, the total numberof groupscan be hugeal-
thoughonly the top k groupsarerequested.For example,joining
threetableswith 1, 000 groupson eachtablecanpotentially lead
to 1 billion joinedgroups.Managingtheupper-boundsof thehuge
numberof groupsby a simplepriority queueimplementationcan
thusbring signiÞcantoverhead.

We addressthis challengefrom two aspects,illustratedby our
new priority queuein Figure 9. First, we populatethe priority
queueincrementally. It isnecessaryto insertagroupinto theprior-
ity queueonly whenits maximal-possiblescoreis amongthecur-
rent top-k, by Requirement2. By usinga global tuple max (the
overall highestT valueacrossall groups),the tuple count effec-
tively determinestheinitial maximal-possiblescoreof everygroup,
basedonEq.3. Thereforethegroupscanbeincrementallyinserted
from higherto lower counts,utilizing theindex on thetuplecount.
Suchindex over summarytablesis extensively built and utilized
in decisionsupport.Moreover, therearetechniques(e.g., [27]) for
gettingthe groupswith the largestsizes(incrementally).Second,
when the (incrementallyexpanding)priority queuedoesbecome
too big to Þt in thememory, we usea2-level virtual priority queue
q consistingof (1) an in-memorypriority queueq′ (implemented
by theheapalgorithm),and(2) asetof in-memorybuffer blocksof
sortedlistsanda setof on-disksortedlists.

Initially, only the Þrst batch of groups(1, 000 in our experi-
ments)with the largestcountsare insertedinto q′. Whenever q′

is full, it is emptiedandits elementsareconvertedinto asortedlist
(orderedby upper-bounds),of which the Þrsttop block is kept in
buffer andtherestis sentto thedisk. Whena requestis issuedto
get the top element(group)from q, the top elementsfrom q′ and
from every buffer block arecomparedandtheoverall top groupis
returned.Whenabuffer block is exhausted,thenext block from the
correspondingsortedlist is readfrom thedisk into thebuffer. If the
topgroupis complete,it is returnedasaqueryresult,otherwisethe
next tuplefrom thegroupis obtainedto updateits upper-boundand
thegroupis insertedbackto q. It ispossibletheupper-boundof the
top groupbecomessmallerthanthat of the groupwith the largest
sizeamongthosethat arenot inserted. Undersuchsituation,the
next batchof groupsareinsertedinto q′.

With thenew priority queue,only thetopgroups(whicharemore
likely to remainat thetop) arekept in memory, in analogyto vari-
ouscachereplacementpolicies.Moreover, many groupsmayhave
initial upper-boundssmallerthanthe top-k thresholdθ, thusmay
evennever be necessarilytouchedwhenthetop k answersareob-
tained.Thereforeour concernwith thepotentiallyhugenumberof
groupsis addressed,asveriÞedby theexperimentsin Section4.

3.3 Impacts to Existing Operators
In this sectionwe discusstheimpactsof rankagg to otherquery

operators,scanandjoin in particular.

Scan: To be group-aware, the new scanoperatormustaccessthe
next tuple in thegroupg requestedby its upperoperator. In [22],
a round-robinindex striding methodwas introducedto compute
on-line aggregateswith probabilisticguarantees.Our scanopera-
tor adoptsthe index striding technique.Multiple cursors, oneper
group,aremaintainedontheindex to enablesuchstriding.A cursor
is advancedwhenever atupleis obtainedfrom thecursor. However,
therearetwo importantdifferences:(1) in our case,index retrieval
is governedby the dynamicallydesignatedgroup insteadof Þxed
weights;and(2) to accesstupleswithin eachgroupin thedescend-
ing orderof T , i.e., to be rank-aware,we build multi-key index, by
usingthegroupingattributeastheÞrstkey andtheattributein T as
thesecondkey. For example,for thefollowing query:

Select R.g, S.g, SUM(R.v+S.v) From R, S
Group By R.g, S.g Order By SUM(R.v+S.v) Limit 1,

a multi-key index on (R.g, R.v) canbe usedfor accessingR and
anotherindex on (S.g, S.v) for S. (Similarly whentherearemulti-
plegroupingattributesonatable.)Notethatwedonotdiscusshow
to selectwhichindicestobuild, assuchindex selectionproblemhas
beenstudiedbefore(e.g., [18]) andis complementaryto our tech-
niques.Whenindex on a tableis unavailable,we have to scanthe
wholetableandbuild a temporaryindex or searchstructure.

Join: For group-awareness,whenajoin operatoris requiredto pro-
duceatupleof groupg, it outputssuchatuplefrom its buffer when
available,otherwiseit recursively invokes theGetNext(g′) andGet-
Next(g′′) methodsof its left andright input operators,respectively.
For instance,for theabove query, supposea join operatorthatjoins
R andS is requestedby rankagg to output the next tuple from a
group(R.g=1, S.g=2). Thejoin operatordirectly returnsa joined
tuplefrom its buffer whenavailable.Otherwise,it requeststhenext
tuplewith R.g=1 from R or thenext tuplewith S.g=2 from S.

To berank-aware,thejoin operatormustoutputjoinedtuplesin
theorderwith respectto T , e.g., R.v+S.v. We adopttheHRJN al-
gorithm [23]. The algorithm maintainsa ranking priority queue
(not to be confusedwith the priority queuein Section3.2) for
buffering joined tuples,orderedon their upper-boundscores.The
toptuplefrom thequeueis outputif itsupper-boundscoreis greater
thana threshold,which gives an upper-boundscoreof all unseen
join combinations.Otherwise,thealgorithmcontinuesby reading
tuplesfrom theinputsandperformsa symmetrichashjoin to gen-
eratenew join results. The thresholdis continuouslyupdatedas
new tuplesarrive. In thenew implementation,wemanagemultiple
rankingqueues,onefor eachjoined groupandusea hashtableto
maintainthe pointersto eachrankingqueue.In GroupOnly plans,
the join operatorusesa FIFO queueinsteadof priority queueto
buffer join results(thusHRJN becomesthehashripple join [19]).

4. EXPERIMENTS
4.1 Settings

Theproposedtechniquesareimplementedin PostgreSQL.The
experimentsareconductedon a PC with 2.8GHzIntel XeonSMP
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Figure 10: Performance of different execution plans.
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(dual hyperthreadedCPUseachwith 512KB cache),2GB RAM,
and260GBRAID5 arrayof 3 SCSIdisks,runningLinux 2.6.9.

We usea syntheticdataset of threetables(A, B, C) with the
sameschemaandsimilar size.Eachtablehasonejoin attribute jc,
onegroupingattributeg andoneattributev that is aggregated.For
eachtuple, the threeattribute valuesare independentlygenerated
randomnumbers. In eachbasetable, the valuesof v follow the
uniform distribution in the rangeof [0, 1]. Thenumberof distinct
valuesof j is 1

j , wherej is a conÞgurableparametercapturingjoin
selectivity. The valuesof j follow the uniform distribution in the
rangeof [1, 1

j ]. Thenumberof distinctvaluesof g is g, i.e., g cap-
turesthenumberof groupsoneachtable.For example,wheng=10,
themaximalnumberof joinedgroupsover ABC isg3=1, 000. The
numberof tuplescorrespondingto eachdistinctvalueof g follows
normal distribution, with averages, i.e., s is the averagesize of
basetablegroups.

We usethestar-join queryQ in Section1. We compareÞve ex-
ecutionplans,Traditional, RankOnly, GroupOnly, GroupRank (i.e.,
GroupRank-1), andGroupRank-0. They have thesameplanstruc-
turethat joinsA with B andthenwith C. Traditional is aninstance
of thematerialize-group-sortplanin Figure2(a). It usessort-merge
join asthe join algorithmandscansthe basetablesby the indices
on the join attributes.TheRankOnly, GroupOnly, GroupRank, and
GroupRank-0 usethenew rankagg operator. Moreover thejoin and
scanoperatorsin theseplansaregroup-awareand/orrank-aware,
asdescribedin Section3.1.4. We executedtheseplansundervar-
ious conÞgurationsof four parameters,which are the numberof
requestedgroups(k), the numberof groupson eachtable(g), the
averagesizeof basetablegroup(s), andthejoin selectivity (j). We
usegWsXkY jZ to annotatethe conÞgurationg=10W , s=10X ,
k=10Y , andj=10−Z .

4.2 Results
We Þrstperformed4 setsof experiments.In eachset,we var-

ied the valueof oneparameterandÞxed the valuesof otherthree
parameters,amongk, g, s, and j. The plan executiontime un-
derthesesettingsis shown in Figure10. (Both x andy axesarein
logarithmicscale.)TheÞgureclearlyshowsthatournew plansout-
performedthetraditionalplanby ordersof magnitude.Traditional is

only comparableto thenew planswhentherearenot many groups,
the groupsize is small, many resultsarerequested,and joins are
very selective. RankOnly is as inefÞcient as Traditional. It did
not Þnishafter running for fairly long undersomeconÞguration
(g=10, 000 in Figure10(a))andis excludedfrom Figure10(c) for
the samereason. As an intuitive explanation,if the top-1 group
hasa membertuple that is ranked at the last place,all the groups
mustbe materializedin order to obtain the top-1 group. This in-
dicatesthat beingrank-aware itself [23, 26] doesnot help to deal
with top-k aggregatequeries.

The differencesamongthe new plansare not obvious in Fig-
ure 10(a)(b)(d)becauseTraditional and RankOnly are too far off
the scale. However, Figure 10(c) clearly illustratestheir differ-
ences. In Figure12, we further compareGroupOnly, GroupRank
and GroupRank-0 under the 8 conÞgurationsin Figure 10(c)(d).
For eachplan,weshow theratioof its executiontime to theexecu-
tion time of GroupRank. Theresultsshow thatGroupOnly in many
casesis betterthanGroupRank, verifying thattherankingoverhead
canoffset theadvantagesof group-awarenessin certaincases.On
theotherhand,theperformanceis muchimproved whenwereduce
therankingoverhead,asGroupRank-0 almostalwaysoutperformed
GroupOnly andGroupRank.

We further analyzetheseplansby comparingthe outputcardi-
nalitiesof theiroperators.Figure11reportsthecomparisonsunder
two conÞgurations.The resultsfor otherconÞgurationsaresimi-
lar. As it shows,Traditional enforcesfull materialization.RankOnly
was not ableto reducethecardinalitiesandfurther incurredrank-
ing overhead,which explainswhy it is evenworsethanTraditional
in many cases.GroupOnly reducedthe cardinalitiessigniÞcantly
by partialconsumptionof basetablesandpartialmaterializationof
join results.GroupRank producedlessjoin resultsthanGroupOnly
becauseof rank-awareness.However, it alsoconsumedmorebase
tableinputsbecausejoin operatorsmustbuffer moreinputsto pro-
ducerankedoutputs(therankingoverhead).Finally, GroupRank-0
balancedthebeneÞtsandoverheadof rank-awareness,asexplained
in Section3.1.4. Thereforeit consumedlessnumberof basetable
inputs,althoughproducedsomemorejoin results.

To further studythe tradeoff in beingrank-aware,we show the
performanceof GroupRank-ε in Figure13by rangingε from 0 to 1.
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Figure 15: The cost of computing counts from scratch.
Note thatGroupRank andGroupRank-0 areextremecasesfor ε=1
and0, respectively. Interestinglynoneof themis the best,which
indicatesthechoiceof ε shouldbecapturedby queryoptimizer.

We verify that managingthe priority queueof rankagg (Sec-
tion 3.2) doesnot requiresigniÞcantoverhead,althoughthe total
numberof groupscanbepotentiallyhuge. In Figure14, we com-
pare the numberof joined groupstouchedby GroupRank-0 and
Traditional underthe11distinctconÞgurationsfrom Figure10. (We
countagroupasÒtouchedÓif at least1 tuplefrom thegroupis pro-
ducedduringtheplanexecution.Thereforethetouchedgroupsare
maintainedby thepriority queueandthe top k groupscomefrom
thetouchedgroups.)Theresultsshow thatmostof thegroupsnever
needto be touchedby the new plans,thereforeit is not expensive
to maintainthe priority queue. Figure 14 also clearly illustrates
why thenew plansoutperformTraditional, togetherwith Figure11.
While Traditional processesevery group and every tuple in each
groupdueto its natureof full materialization,our new planssave
signiÞcantlyby theearlypruningresultingfrom thegroup-ranking
andtuple-rankingprinciples.

Our framework requirestuple count,which canbe obtainedas
discussedin Section3.1.1.SpeciÞcally, whenthetuplecountmust
be computedfrom scratchby a count query, the cost of answer-
ing one ranking aggregatequery consistsof the cost of the cor-
respondingcount query and executingthe new query plan based
on the obtainedcounts. In Figure 15, we comparethe costsof
Traditional and the count query under8 conÞgurationsfrom Fig-
ure10. Notethatk is irrelevantin this experimentsinceTraditional
generatesthe total order of all groupsand the count query gen-
eratesthe countof every group. (ThereareoverlappingconÞgu-
rationsin Figure10(a)-(d)whenk is ignored,resultingin totally
8 distinct conÞgurations.)The resultsverify that computingthe
countqueryis slightly cheaperthantheoriginal rankingaggregate
query. Sinceournew queryplansareordersof magnitudemoreef-
Þcientthanthetraditionalplan,thetotal costof a countqueryand
a new plan is comparableto, or even cheaperthan,thatof the tra-
ditional plan. More importantly, the materializedtuple countsare
thenusedby thefuturerelatedrankingaggregatequeriesthatshare
thesameBooleanconditionswith theoriginal query(scenario1 in
Section3.1.1),or of which the tuple countcanbe computedfrom
thematerializedcounts(scenario2). Nevertheless,it bringsusthe
advantagesof Òpayingone,gettingthefollowing (almost)freeÓ.

Discussions: We shouldemphasizethat althoughthe new query
plansarenotalwaysequallyefÞcient,they providebetterstrategies
thanthetraditionalapproachin processingtop-k aggregatequeries,
undervariousapplicableconditions,asdiscussedin Section3.1.4.
Moreover, the experimentalresultsindicatethatnoneof the plans
is alwaysthe bestandtheir costscanbe ordersof magnitudedif-
ferent. Their diverseapplicability and performancethus call for
new queryoptimizationtechniques.Especially, theperformanceof
our methodsdependson multiple parameters,including the num-
berof groups,thesizesof groups,thedistribution of tuplescores,
thememorybuffer size,etc. Thusacostmodelincorporatingthese
parametersto estimatethecostsof plansis thekey to thenew opti-
mizer. Theestimatescanenableusto chooseamongthenew plans
and even the traditional plans. Developing suchcost model and
optimizerthusis animportanttopic of futureresearch.

5. RELATED WORK
To thebestof our knowledge,this is theÞrstpieceof work that

providesefÞcientsupportof ad-hoctop-k aggregatequeries.In this
section,we highlight therecentefforts relatedto this work.

Rankingor top-k querieshaverecentlygainedmuchattentionof
theresearchcommunity. Worksin thisareamainly includethosein
themiddlewarescenario[13,14,4,6], or in RDBMSsetting [5, 12,
7, 23,24,8, 26]. Noneof theseworkssupportaggregatequeries.

Order optimization [31] was proposedin relationalqueryopti-
mizerto avoidsortingor to minimizethenumberof sortingcolumns.
Eager aggregation [34, 9] andlazy aggregation [35] wereproposed
to optimize GROUP-BY processingby functional dependencies.
[10, 29] proposedalgorithmsandframework for combiningorder
and groupingoptimization. [33] extendedeageraggregation in
OLAP environmentby utilizing specialaccessmethods.

EfÞcientcomputationof datacubes[2, 36, 30] focuseson shar-
ing thecomputationacrossdifferentcuboidsinsteadof how to pro-
cessa singlecuboid.Answeringaggregatequeriesusingmaterial-
izedviews was addressedin [17, 32,11,1, 28].

Semanticallysimilar to top-k aggregatequeries,iceberg queries
[15] retrieve only the groupsthat qualify undera Booleancondi-
tion (expressedin the HAVING clause). The techniquesin [15]
areconÞnedto single-tablequeries(joins have to be materialized
beforehand)andsum or count insteadof generalaggregatefunc-
tions.Thenotionof iceberg querieswas extendedto iceberg cubes
[3, 20]. Iceberg cuboidswith the samedimensionalattributesin-
volve thecomputationof aniceberg query, or essentiallya ranking
aggregatequery. Theseworks focusedon pruning cuboidsin an
iceberg cube,while how to efÞcientlycomputea cuboidwas not
considered.Hence,we considerour work to becomplementaryin
evaluatingiceberg cubes.

Onlineaggregation[22, 19] supportsapproximate queryanswer-
ing by providing runningaggregateswith statisticalconÞdencein-
tervals.Weextendits index stridingtechniqueto supportthegroup-
awareandrank-awarescanoperator.
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The work closestto ours is [27], whererankingaggregatesare
computedover a speciÞedrangeon somedimensionsother than
the groupingdimensions,by storing pre-computedpartial aggre-
gateinformationin thedatacube.Thereforeit canonly supportpre-
determinedaggregatefunctionandaggregatedexpression,lacking
the ability to supportad-hocqueries. However, it is complemen-
tary to our work asit canbe usedto obtain the groupsizeswhen
thereare selectionconditionsover the dimensionalattributes,as
mentionedin Section3.2.

6. CONCLUSION
We introduceda principled and systematicframework to efÞ-

ciently supportad-hoctop-k (ranking)aggregatequeries. As the
foundation,we developedtheUpper-BoundPrinciplethatdictates
therequirementsof earlypruning,andtheGroup-andTuple-Ranking
Principlesthat dictate the group-orderingand tuple-orderingre-
quirements.Theprinciplestogetherrealizeoptimalaggregatequery
processing.We proposedanexecutionframework for applyingthe
principlesandaddressedthechallengesin implementingtheframe-
work. Theexperimentresultsvalidateour framework by showing
signiÞcantperformanceimprovement. To the bestof our knowl-
edge,this is the Þrst work that provides efÞcientsupportof ad-
hoctop-k aggregates.ThetechniquesaddressasigniÞcantresearch
challengeandcanbeusefulin many decisionsupportapplications.

Acknowledgements: WethankJiawei HanandXiaolei Li for
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