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ABSTRACT

This paperpresentsa principled frameavork for efbPcientprocess-
ing of ad-hoctop-k (ranking)aggreatequerieswhich provide the
k groupswith the highestaggreyatesasresults. Essentiaupport
of suchqueriesis lacking in currentsystemswhich processthe

queriesin a nad\e materialize-group-sorschemethat can be pro-

hibitively inefecient.Ourframework is basedn threefundamental
principles. TheUpperBoundPrincipledictategherequirementsf

early pruning, andthe Group-Rankingand Tuple-RankingPrinci-

plesdictategroup-orderingandtuple-orderingrequirementsThey

togetherguide the query processotoward a provably optimal tu-

ple schedulefor aggreyate query processing. We proposea new

executionframenork to apply the principlesandrequirementsWe

addresghe challengesn realizingthe framavork andimplement-
ing new queryoperatorsgnablingefPcientgroup-avareandrank-

aware query plans. The experimentalstudy validatesour frame-
work by demonstratingrdersof magnitudeperformancemprove-

mentin thenew queryplans,comparedvith thetraditionalplans.

1. INTRODUCTION

Aggregationis a key operationin OLAP (On-Line Analytical
Processing)and dominatesa variety of decisionsupportapplica-
tions suchas manufcturing, sales,stock analysis,network mon-
itoring, erc. In aggreate queries,aggrgatesare computedover
groupsby somegrouping attributes. As decisionmaking natu-
rally involves comparingandranking data,amongthe large num-
ber of groups,often only the oneswith certainsignibcancere of
interest. To supportsuchapplications,ranking (top-k) aggrgate
queriesrank the groupsby their aggr@ate valuesand return the
top k£ groupswith the highestaggreyates.Further decisionmalkers
often needto specify analysisqueriesin an ad-hoc manner with
respectto how the datais aggr@atedand ranked. Suchad-hoc
ranking criteria bt very well to the exploratory natureof decision
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supportandenablel3exible andexpressie dataanalysis.Moreover,
decisionsupportqueriesarecommonlyexecutedin an interactive
ervironmentwherethe resultsmustbe quickly presentedo users
and becomethe basisof further queries. Efficient processingof
ad-hocrop-k aggreatequeriess thuscrucial.

However, suchefbcientsupportof ad-hocrankingis critically
lacking in currentdecisionsupportsystems. Most OLAP query
processingocuseson pre-computation andfull-answer. Suchsys-
temsmaintainpre-computegimpleaggrgateshatcanonly bene-
bt queriesover theseaggrgates.Moreover, the notionsof ranking
andits optimizationaremissingascurrentsystemsalwaysprovide
full answersanddo notoptimizefor thesmallretrieval sizek. This
paperthusaimsat supportingefbcientad-hocrankingaggreates.

1.1 Query Model and Motivating Examples
Below is a sQL-like templatefor expressingrop-k aggreate

queriesand an examplequery Q. While we useLIMIT, various
RDBMS usedifferentSQL syntaxto specifyk.

SELECT gai, . gam, . QSELECT A.g, B.g, C.g, SUM(A.v
FROM Ry, ....Rp B.v+C.v) as score
WHERE ¢1 AND...AND¢; FROM A, B, C ‘ .
GROUP BY gai, ... gam WHERE A.jc=B.jc AND B.jc=C.jc
ORDER BY F GROUP BY A.g, B.g, C.g

LIMIT k ORDER BY score

LIMIT k

Thatis, the groupsare orderedby a ranking aggregate F=G(T),
whereG is anaggregate function (e.g., sum) over an expression T
onthetablecolumns(e.g., A.v+B.v+C.v). Thetop k groupswith
the highest F' valuesare returnedasthe query result. Formally;
eachgroupg={ti, ..., tn } hasaranking score F|g], debPnedas

Flg] tn}])

G(T)[g] = G(T[g]) = G(T[{ta, -
G{Tt], ..., Tltn]}). @

As theresult,@ returnsa sortedlist /C of k& groups,ranked by their
scoresaccordingto F, suchthat F[g] > F[¢'], Vg € K andVg' ¢

K. Whentherearetiesin scores,an arbitrary deterministic Otie-
brealerOfunction can be usedto determinean ordet e.g., by the
groupingattribute valuesof eachgroup.

A distinguishinggoal of our work is to supportad-hoc ranking
aggreatecriteria. With respecto G, we aim to supportnot only
standard(e.g., sum, avg), but also userdePnedaggregate func-
tions. With respectto the aggrgatedexpressionT’, we allow T’
to beary expressionfrom simply atablecolumnto very comple
formulas.Below we shov somemotivating examples.

Example 1 (Motivating Queries):
Q1:

SELECT

zipcode, AVG (income*wl+age*w2+credit*w3) as score
FROM customer
WHERE occupation='student’

GROUP BY zipcode
ORDER BY score
LIMIT 5



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,
ORDER BY score
LIMIT 5

Theabove query Q1, returnsthe best5 areago adwertisea stu-
dentinsuranceproduct,accordingto the averagecustomeiscoreof
eacharea. The scoreindicateshow likely a customemwill buy the
insurance.A managercanexplore variouswaysin computingthe
score,accordingto heranalysis.For example,a weightedaverage
of customerincome, age,and creditis usedin Q1. Query Q2
bndsthe 5 bestmatchef partcategyory andsalesareathatgener
atethe highestprobts.A pair of category andareais evaluatedoy
aggreatingtheprobtsof all salesrecordsn thatcateyory andarea.
A userdebPnedaggr@atefunctionmid_sum is usedto accommo-
datel3exible metricsin suchevaluation.For example it canremove
thetop andbottom5% (with respecto probt)salesrecordswithin
eachgroupandsumup therest,to reducetheimpactof outliers. m

S.zipcode

We emphasizehat suchad-hocaggr@ate queriesoften run in
sessionswhereusersexecuterelatedquerieswith similar Boolean
conditionsbut differentrankingcriteria, for exploratoryandinter-
active dataanalysis. For example,in the abore Q1, the manager
cantry various aggreyate function and/ormary combinationsof
the valuesof w1, w2, andws until an appropriateranking crite-
rion is determinedMoreover, suchrelatedqueriesalsoexist across
differentsession®f decisionsupporttasksover the samedata.

In this paper we concentraten a specialbut large classof ag-
gregatequeriesF'= G(T'), wherethe aggregyatefunction G satisbes
whatwe referto asthe max-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-boundedunctionsinclude mary typical aggre-
gatefunctionssuchas sum, weighted average, etc., as well as
userdePnedaggreate functions such as the mid_sum in query
Q2 above. In fact,we believe thatmostrankingaggre@atequeries
will usefunctionsthatsatisfythis property

1.2 Limitations of Current Techniques

A popularconceptuadatamodelfor OLAP is data cube [16].
A datacubeis derived from a fact table consistingof a measure
attribute anda setof dimensional attributes thatconnecto the di-
mension tables. A cubeconsistf alattice of cuboidswhereeach
cuboid correspondgo the aggreyate of the measureattribute ac-
cordingto a Group-Byover a subsebf the dimensionahttributes.
With respectto variousmeasuresand dimensionsmultiple cubes
may be necessary As a conceptualmodel, datacubeis seldom
fully materializedgiven its hugesize. Instead,in ROLAP seners,
mary materializedviews (or summary tables) are selectedto be
built to cover certaintablesandattributesfor answeringaggrgate
queries[21]. Penasive summaryandindex structuresarefurther
built uponthe basetablesandmaterializedviews.

Many worksstudiedthe problemof answeringaggreatequeries
usingviews [17, 32,11, 1, 28]. They provide signibPcantperfor
manceimprovementwhen appropriatematerializedviews for the
given query are available. However, they cannotanswerad-hoc
ranking aggr@ate queries. Materializedviews only maintainin-
formation of the pre-determined attribute or expressionusingthe
prescribed aggr@atefunction. In contrast,ad-hocranking condi-
tionsaredeterminedr dePnedn-the-fly duringdecisionmaking.
Thereforein orderto answerarankingaggrgate =G (T'), G must
be the aggrgatefunction usedwhenthe cubes(views) aremateri-
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Figure 1: Traditional plan vs. new plan.

alized or canbe derived from the materializedaggregatefunction
(e.g., avg derived from sum andcount), andT" musthappento
be simply somemeasurattribute or expressiorthatcanbederived
fromthesummarytables jnsteadof arbitrarily complex expression.
Given thevirtually inPnitechoicesof G andT in ad-hocdataanal-
ysis, the pre-computednformationeasilybecomerrelevantwhen
thequeryis differentfrom whatthe summarytablesarebuilt for.
When pre-computedcubescannotanswerthe query the pro-
cessinghasto fall backto basetables,wherethe queryis evalu-
atedby the relationalquery engineof the ROLAP sener as fol-
lows: (1) fully consumeall the input tables;(2) fully materialize
the selectionandjoin results;(3) grouptheresultsby groupingat-
tributesandcomputethe aggreyatesfor every group; (4) fully sort
thegroupsby theirrankingaggreatesand(5) reportonly thetop &
groups.Theuseris only interestedn the k top groupsinsteadof a
totalorderonall groups.Thetraditionalprocessingtratay is thus
anoverkill, with unnecessargverheadrom full scanningjoining,
grouping,andsorting. Given the large amountof datain a ware-
housingervironment,sucha nad\e materialize-group-sort scheme
canbeunacceptablynefbcient.Moreover, theuseramayhaveto go
throughit mary timesin their exploratoryandinteractve analysis
tasks.Suchinefbciengy thussignipcantlyimpactstheusefulnessf
decisionsupportapplicationsresultingin low productvity.

1.3 Contributions

In this paper we proposea principled framework for efbcient
processingof ad-hoctop-k aggreate queries. We debnea cost
metric on the numberof OconsumedQples,capturingour goal of
producingonly necessary tuplesfor generatingop k groups. We
identify the best-possiblegyoal in termsof this metric that canbe
achieved by any algorithm, aswell asthe must-hae information
for achieving thegoal. Thekey in realizingthisgoalis to Pndsome
goodorder of producingtuples(amongmary possibleorders)that
canguidethe queryenginetoward processinghe mostpromising
groupsbprst,andexploring a group only when necessaryWe fur-
ther discover that a provably optimal total scheduleof tuplescan
be fully determinedby two ordersEthe order of retrieving groups
(group ordering) andtheorderof retrieving tuples(tuple ordering)
within eachgroup.Basedonthisview, we developthreefundamen-
tal principlesanda new executionframeawork for processingop-k
aggr@atequeries We summarizeour contributionsasfollows:
¢ Principle for optimal aggregate processing: We developthree

propertiesthe Upper-Bound, Group-Ranking andTuple-Ranking

Principles thatleadto the exact-bounding, group-ordering and

tuple-ordering requirements, respectiely. We formally shav

thatthe optimal aggr@atequeryprocessingwith respecto our
costmetric,canbe derived by following theserequirements.

e Execution framework and implementations: Guidedby the
principles,we proposea new executionframework, which en-
ablesqueryplansthatarebothgroup-aware andrank-aware. \We
furtheraddresshe challenge®f applyingthe principlesandim-
plementingthe new queryoperatorsn this framework.
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e Experimental Study: We implementthe proposedechniques
in PostgreSQLThe experimentsverify thatour techniquesan
achieve ordersof magnitudeimprovementin performanceg.g.,
Figurel compares new queryplanwith thetraditionalplan.

Therestof thepapelis organizedasfollows. We presentheprin-
ciplesin Section2. Section3 introduceshe executionframewvork
of rop-k aggr@atequeryplansandtheimplementationsf physical
operators.We experimentallyevaluatethe proposedramework in
Sectiord. Sectionb reviews relatedwork, andSectioné concludes.

2. PRINCIPLES:
PROCESSING

Efpcientsupportof rankingaggreatequeriesis critically lack-
ing in currentsystems.To motivate, Figure2(a)illustratesthe tra-
ditional materialize-group-soqueryplan,consistingof threecom-
ponents:1) tuple generation: thefrom-wheresubtredor producing
themembettuplesof every group;2) group ranking: the group and
sort operatordor generatinghe groupsandrankingthem;and 3)
output: thelimit operatorreturningthetop-k groups.As Sectionl
discussedthis approachfully materializesand aggreyatesall tu-
ples,andthenfully materializesand sortsall groups. Sinceonly
top-k groupsarerequestedmuchof the effort is simply wasted.

Ourgoalis thusto designa new executionmodel,asFigure2(b)
contrasts.We needa new non-blockingrankagg operator which
incrementally draws tuples,asits input from the underlyingsub-
tree,and generategop groupsin the ranking order as its output.
For efbcieng, rankagg mustminimizeits consumptiorof input tu-
ples: Althoughin practicethe costformula canbe quite comple
with mary parametershis input cardinality(i.e., numberof tuples
consumed)s alwaysanessentiafactor As our metric,for agroup
g with n tuples{t, ..., tn }, how Odeepito the groupshallwe
processfor determiningthetop-k groupsWe referto this number
of tuplesconsumedor g asits tuple depth, denotedHy. Our goal
is thusto minimizethetotal costof all groups;i.e., ¥y Hy.

Asthefoundationof ourwork, while thenew rankagg canbeim-
plementedn differentways,whataretherequirementandguide-
linesfor any suchalgorithm?To minimizetupleconsumptior(i.e.,
to stopprocessingndto prunethegroupsearly),whatinformation
mustwe have andwhatis the criterionin suchpruning?As tuples
Row from the underlyingsubtreejn whatorder shall rankagg re-
questand procesgsuples? Is therean optimal ruple schedule that
minimizesthe total tuple depths?We develop threefundamental
principlesfor determiningprovably optimal tuple schedulgTheo-
rem1) thatachieves thetheoreticaminimaltupleconsumptionthe
UpperBoundPrinciplefor early pruning,the Group-Rankingrin-
ciple for assertlngplnte{groupO)rderlng andthe Tuple-Ranking
Principlefor furtherdecidingOintra-group@rdering. Theseprinci-
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TID||Rg|Rv TID[Rv TID|Rv

r|| 1.7 r, | 4 r, 1.0
rnll2]3 r .3 r .8

rs | 3.9 rg .25 rg| .0

rll 2] 4 Group 8, Group g,

re || 1] .9 | dese. 3%12 1595  |3/53226- 518
re || 3] .7 | asce_|32255155"%.95/3 27518518
ro || 1] .6 | hwbrid 375225 15105 95|33 218
rg || 2 |.25| random 3225237517 15 05 |3228- 18518
(a) RdationR. (b) Example tuple orders for Group g,

Figure 3: Relation R and some tuple orders.

plesguideourimplementatiorof rankagg anddetermindts impact
to the underlyingquerytree. (The subtreedor tuple generatiorin
Figure2(a)and(b) usedifferentshapeso emphasizehatrankagg
requiresmodifying theunderlyingoperatorsuchasscanandjoin.)
Thefollowing queryis our runningexample. Theinput relation

R, with two attributesR.g and R.v, is shawvn in Figure3(a). The
querygroupshy R.g, andour following discussiorrefersto those
R.g=1, 2, and3 asgroupgi, g2, andgs, respectrely. The query
specibesa ranking aggr@ate function F'= G(T)=sum(R.v) and
k=1. Throughouthis paperwe assume 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 prstprinciple dealswith the requirement®f early pruning:
whatinformationmust we have in orderto prune?During process-
ing, beforeagroupy is fully evaluatedtheobtaineduplesof g can
effectively boundits ultimateaggreatescore.For arankingaggre-
gateF'= G(T'), we dePneF 'z, [g], themaximal possible score of g,
with respecto a setZy of obtainedtuples(Zy C g), astheupper
boundscorethatg mayeventuallyachieve, i.e., Flg] < T‘Ig lg].

The upperbound scoreof a group thus indicatesthe bestthe
groupcanachieve. For our discussiongall the lowesttop-k score
of thequeryastherhreshold, denoted. (For instancef=F[g;]=2.2
in our runningexample.) Note that # would not be known before
the processingends. Given a group g, if its upperboundscoreis
higherthanor equalto 6, it hasa chanceto make into the top k&
groups. To concludethat g doesnot belongto the top k£ andthus
pruneit from further processingthe upperboundscoreof g must
be belav 6, otherwisewe may incorrectlypruneg thatindeedbe-
longsto the top k. Thereforethe upperbound scoredecidesthe
minimal numberof tuplesthatary algorithm(thatprocesseby ob-
tainingtuples)mustobtainfrom g beforeit canpruneg. As stated
in the following property1, this minimal tuple depthis the best-
possible goal of ary algorithm, dueto that pruning a group with
lessobtainedtuplescanresultin wrong queryanswers.

For thepropertiesandtheoremsn this paperwe leavethedetails
of proofsin anextendedversion[25] of the paperandonly provide
intuitive justibcationasabove.

Property 1 (Best-Possible Goal): With respectto a ranking ag-
gregate F'= G(T), let the lowesttop-k groupscorebe . For ary
groupg, let Hy''" beits minimal tuple depth,i.e., the numberof
tuplesto retrieve from g beforeit canbe prunedfrom further pro-
cessing,or otherwisedeterminedo be in the top-k groups. The
Hg''" is thesmallestnumberof tuplesfrom g thatmakesthemax-

imal possiblescoreof g to bebelow 0, i.e.,
HE'™ = min{|Zg||Fz,[g] < 0,25 C g}, )

or otherwiseHy''" =|g| if suchadepthdoesnotexist. [



We emphasizehat, as Property1 implies, an algorithm must
have certaininformationaboutupperboundscorefor pruning.Var-
iousalgorithmsmay exploit variouswaysin computingT«“Ig lg], re-
sultingin differentpruningpower, i.e., differentHé“i” . Foranal-
gorithmthathasno knowledgeto derive anon-trivial upperbound,
F1,[g] would be in its mosttrivial form, thatis, inpnity. Such
a trivial upperbound cannotrealizeary pruningat all, sincethe
upperboundscorewould never go below 6.

Property 2 (Must-Have Information): For any group g, with a
trivial upperboundF'z, [g]= +oco underevery Iy, Hg''"=[g|. =

Thereforewe must look for a non-trivial dePnitionof Fz, [g]
in orderto prune. Sincewe focus on aggrgatefunctionsG that
are max-boundedwhich describesa wide classof functions, as
Sectionl debned)the maximal-possiblescorecanbe obtainedby
Eq. 3 below, which simply substitutesinknavn tuple scoreswith
their maximalvalueof T, denotedJyng .

— _ LT = T[ti] if ti € Zg (seen tuples); _
Fr,lg) =G <{T' | T = ng otherwise(unseen tuples). vt €gt)- ()

Example 2 (Maximal-Possible Scores): Consideourrunningex-
ample F=G(T)=sum/(R.v). Supposethe rankagg operatorhas
processeduplesr, andrs; i.e., Zg, ={r1}, Zg,={r2}, andZy,=¢.
Supposeheexactsizeof every groupis known apriori. As g; has
seenonly r1 with T'[r1]=.7 andthe two unseertuples(its countis
3) canscoreashighasl.0, F[g1] canaggreateto F[gi]|<sum(.7+
1.0x2)=2.7, or Fz, [g1]=2.7. Similarly, Fz,, [ga]=sum(.3+1.0
x2)=2.3; Fz,, [gs]=sum(1.0x2)=2.0. n

Note that Eq. 3 requiresto know 7'z, andthe count(size)of a
group, or at leastan upperbound of this count, to constraintthe
numberof unknavn tuples.(For example,if 4 is usedastheupper
boundof ¢:@ sizein Example2, F[g1]<sum(.7+1.0x3)=3.7.)
We refer to thesevaluesas the Grouping boundsO,consistingof
tuple count (|g|, the upperboundof g@size)andruple max (Tz,).

Eq. 3 capturesa classof dePnitionsof maximal-possiblescore,
asdifferentwayscanbe exploredin gettingthe groupingbounds,
resultingin differentF'z, [¢] andthusdifferentHg''" . Forinstance,
usinginbnity to boundthe tuple countor the tuple maxresultsin
Fzg [g] asinbnity, with no pruning power. Given Eq. 3, for ary
group g, the smaller|g| andT'z,, the smaller 'z, [g]. Therefore
the mostpruningpower, i.e., the smallestHy' in isrealizedby the
exactgroupsizeandthe exacthighestT’, as statedbelow.

Requirement 1 (Exact Bounding): With respecto arankingag-
gregate F'= G(T), let thelowesttop-k groupscorebed. Giventhe
dePnitionof F'z, [g] in Eq.3, to obtainthesmallestdy''" , we must

uselg|=|g| andTz,=max{T[t] | ti € g — Iy} "

Basedon Requirement, ourimplementatiorchoiceof grouping
boundsis theexactcountof agroupasm andavaluevery closeto
max{T[t] | ti € g — Iy} asTz,. Wejustify this choiceandshav
how to obtainsuchgroupingboundsin Section3.1.1.Notethatour
discussiomof the following principlesis orthogonalto the choices
of grouping bounds,which only resultin different best-possible
tupledepthHg''" thatour algorithmsetsto achieve.

2.2 Group-Ranking Principle

Propertyl givesthe minimal tuple depthHy' " for eachg, thus
theminimaltotalcostyy Hy''" . Theessencef Eq.2liesin thatwe
shouldstopprocessinga groupassoonasit canbe excludedfrom

top-k answers.Thatis, we shouldonly further processa groupif
it is proven to be absolutelynecessaryi.e., its upperboundscore
above the thresholdd. While Eq. 2 hints on suchOnecessity@,
doesnot suggesthow to determinethe necessity because? can
only beknown atthe conclusionof a query Thereforewe wonder
asanalgorithmretrievestuplesoneby one,is thereanoptimaltuple
schedulghatachie/es the minimumdepth?

A schedulds determinedvy inter-group andintra-group order
ing. Our Group-Rankingprinciple assertsinter-group ordering:
Whenselectingthe next tuple ¢ to processhow to order betrween
groups? Which group should ¢ be selectedfrom? (While this
work dePnesuchinsight of Obranch-and-bounding® aggreyate
queriesfor the brsttime, similar intuition hasalsobeenappliedto
orderingindividual tuples[6, 4, 26] in top-k queries.) Thusthe
Group-Ranking Principle builds upon the basisthat groupswith
higherboundsmustbe processedurtherbeforeothers.

Suchboundsguide our selectionof the next tuple. Let®illus-
tratewith Example2: The next tuple should be selectedrom g; .
Considerg: vs. g2 (andsimilarly gs). If g1 will bethetop-1, we
mustcompleteits score. Otherwise,since F'z, [g1] > Fz,,[g2],
whatever scoreg, canachiese, g; canpossiblydo better Thus,
brst,althoughg. is incomplete jt maynotbenecessary for further
processingsinceg; mayturn outto bethe answer(i.e., g1 should
be processedeforeg:). Secondevenif g, werecomplete,it is
not sufficient to declareg. asthetop-1, sinceg; may be a better
answer In all caseswe mustprocesshe next tuplefrom g; .

Theabove explanationintuitively motivatesthe priority between
g1 and g2, for the specialcasewhen k=1. The Group-Ranking
Principle formally statesthis property for generaltop+ (k¢ > 1)
situations(asaforementionedproof in [25]), which mandateghe
priority of currenttop k£ groups(i.e., g1) over others(i.e., g2).

Property 3 (Group-Ranking Principle): Let g; be ary groupin
the currenttop-k ranked by maximal-possiblecoresF andg, be
ary groupnotin the currenttop-k. We have 1) gg mustbe further
processedf g; is not fully evaluated,2) it may not be necessary
to further processgs evenif g, is not fully evaluated,and 3) the
currentrop-k aretheanswersf they areall fully evaluated. [

The Group-RankingPrinciple guidesour inter-group ordering
for query processingpy prioritizing on F. Essentially the prin-
ciple statesthat, to avoid unnecessaryuple evaluations,our algo-
rithms mustprioritize ary incompleteg; within the currenttop-k
over thosegs outside. Thus,first, as the progressive condition,to
reachthebnaltop-k, any suchg; mustbefurtherprocessedor else
thereareno enoughk completegroupsto concludeasbetterthan
g1). Second, asthestop condition,whenandonly whenno suchg
exists, i.e., all top-k groupsare completedwe canconcludethese
groupsasthebnalanswersBelow we summarizehisrequirement.

Requirement 2 (Group Ordering): To avoid the unnecessarju-
ple consumptiongueryprocessinghouldprioritize groupsby their
maximal-possiblescoreF'.

e (Progressive Condition) If therearesomeincompletegroupsg:
in thetop-k, thenthenext tuple shouldbe selectedrom suchg; ;

e (Stop Condition) Otherwise we canstopandconcludethe cur-
renttop-k groupsasthe bnalanswers. [

Example 3 (Sample Execution 1): For our example F'= G(T) =
sum(R.v), to Pndthe top-1 group, Figure 4(b) conceptuallyexe-
cutesRequiremen®. (We discusghe correspondindrigure4(a)in
Section3.) We prioritize groupsby F scores,initially (3.0, 3.0,
2.0), when no tuplesin ary group g are seen(Zg=¢) and thus



t . ———r
step |action | Flg,]|Flg,]|Flg,]
f 0. |initial 3.0 |3.0 |2.0
I |1, 7 ]27 [3.0%]20
2. |ty 2, 3)|2.7* [23 |20
t 3 (s 1,.9) |26 [23 |20
4. |(rn1,6)|22 |23*]20
¥ 5. |(ry, 2,.4)122% |17 |2.0
R S*: Top-1 score  S: Final score

(a) Query plan.  (b) Tuple flow to rankagg.

Figure 4: Query execution 1: GroupOnly.

t
stepaction | Fle,] [Fle.][Fls]
1 0. |initial 3.0 |3.0 |2.0
1. (s 1,.9)|27 [3.0%[2.0
t 2. [(ry 2, 4)|2.7* |12 |20
groupé& 3. |(ry,1,.7)|2.3* |1.2 |2.0
rank-aware) |7, 7T "1 6)l22* |12 2.0
; S*: Top-1 score  S: Final score
(a) Query plan.  (b) Tuple flow to rankagg.

Figure 5: Query execution 2: GroupRank.

Tz1,=1.0 in Equation3. As the Progressive Condition dictates,
we always choosethe top-1 group (marked *) for the next tuple,
thus accessing- from g1, r2 from go, ..., and bnally r4 from
g2. Now, sincethe top-1 group g: is completed(with Pnalscore

Flg1]=F[g1]=2.2), the Stop Condition asserts10 moreprocessing
necessaryandthuswereturng; asthetop-1. [

2.3 Tuple-Ranking Principle

Our last principle addresseshe intra-group order: When we
mustnecessarilyprocesgroupg (asthe Group-RankingPrinciple
dictates),which tuplein g shouldwe select?This tuple ordering,
togethemwith thegrouporderingjustdiscussedwill determineato-
tal scheduleof tuple accesdor therankagg operator(Figure2(b)).

To startwith, we notethatdifferenttupleordersresultin different
costefbcieng, in termsof tupledepthof eachgroup.Given atuple
ordera for group g, whatwould be the resultingtuple depthHé
thatmustbe accessedRecallin Example3 we ordertuplesarbi-
trarily by tupleIDs (seerelation R in Figure3(a)),i.e., groupg: as
X1:r1—r5—77, g2 aST2:r2—1r1—7T8, andgg asx3.r3—reg. These
ordersresultin depthsHj!=3 (i.e., all of r1, r5, r7 accessed),
Hg2=2, H}3=0, as Figure 4(b) shavs. To contrast,Example4
belov shawvs how differenttuple ordersresultin differentdepths.

Example 4 (Sample Execution 2): RerunExample3 but with tu-
ple ordersas sortedby tuple scoresT=R.v in eachgroup, thus
ordering g1 asdi:rs—ri—rz, g2 asdsira—re—rs, and gs as
ds:rs—re. Thesedescendingrderstogethemwith Requiremeng,
resultin the executionof Figure 5(b). (Again, Figure5(a)is dis-
cussedin Section3.) Note that, for eachgroup, the descending
ordersortedby T effectively boundsthe T-scoreof unseertuples
by the last-seen T-score. Thus, for group gi, afterrs at stepl
with T'[rs]=rs.v=.9, F [¢1]=0.9+0.9x 2 (for 2 unseertuples)=.7.
Then,afterr; in step3, F [¢1]=0.9+0.7+0.7x 1 (for 1 unseertuple)
= 2.3. In this execution,eachgroupis accessedo depth Hg; =3,
H§2=1, and H§2=0. In particulay groupg> hasa depth H;2 = 2
and H§2 = 1 (outof 3), andthusds is abetterorderthanz;. =

To minimize thetotal costs(asthe sumof tuple depths) how do
we bndtheoptimalordera for eachgroupg suchthat Hy =Hg''" ?
Apparently this Ospace©Of ordersseemsprohibitively large: If
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therearen tuplesin eachof the m groups,aseachgrouphasn!
permutationstherewill be (n!)™ differentorders.Thus,our Prop-
erty4, ortheTuple-Ranking Principle, addressethistupleordering
issue.lt hastwo mainresults:

First, order independence: To bndthe optimal orders,shallwe
considerthe combinations amongthe ordersof different groups?it
turnsoutthat, if we follow Requiremen® for groupordering,the
optimaltupleorderof eachgroupis independentf all others.That
is, thetupledepthof agroupg dependsn only its own ordera.

Toseewhy, let@considery. in Figure4 and5. As Requiremeng
dictates by the Progressie Condition,we only necessarilyaccess
anext tuplefrom thegroup,when andonly when F [g] remainsin
thetop-k (k=1 in this case).The executionhalts,asthe StopCon-
dition assertswhenthetop-k groupsarecompletecandOsuricedO
to the top, at which point F [go] <6 andthusno longerneedsfur-
therprocessingThus,in Figure4, with tupleorderzs:ro—rs—rs,
F[g2] progressiely lowersits upperboundsas3.0-32.3°41.7, at
which point it stops,becausel.7<2.2, or 1.7<6. To contrast,in
Figure5, the tuple orderd, resultsin 3.0°%1.2, whereit stopsas
1.2<6. While thedifferentordersresultin differentdepthsHy 2=2
and Hgg =1, both are the Osmallest@epths(underthe respectie
orders)thatmalke F [g2] go belov Bwhich aredependenbn only
thetupleorderof g, andindependenbf others.

Second,T-based Ranking: While groupsare independentfor
eachgroup,what ordersa ast;—- - - —tn, out of the n! permu-
tations(for a group of n tuples),shouldwe consider?As just ex-
plainedabove, a betterorder (e.g., d2 vs. x2) of g will decrease
the upperboundsF [g] morerapidly to go below 6 with lesstuple
accesseslVhatorderscanachieve suchrapiddecreasing?

AstheupperboundsF aredebnedy Eq.3, theanswemnaturally
liesthere.Therearetwo componentsn theequation:1) thescores
Tti] of the seen tuplest; in Zy, and 2) the upperboundTIg of
theunseen tuples.Intuitively, first, agoodordercanlowerthe seen
scores,by accessingupleswith the smallestT’. Second, it can
alsolower the upperboundsof thoseunseenpy retrieving tuples
from high T to low, wheretheunseerareboundedby thelast-seen
tuple (asin Example4). Following this intuition, we only needto
considerT-desc/asc, aclassof ordersthatalwayschooseeitherthe
highestor the lowestfrom the unseertuplesasthe next. Thatis,
ary 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 aggrgate F=G(T), let the lowesttop-k groupscorebed. For
ary groupg, let Hé be the tuple depthwith respecto tuple order
a:ti—- - - —tn, When the inter-group ordering follows Require-
ment2.

e (Order Independence) The dep’[hHéJ dependson only « (the
orderof this group)andé (the global threshold),and not on the
orderof othergroups.SpecichaII},/Hg’J is the smallestdepth! of
sequencey thatmakesthethe maximalpossiblescoreof g to be
below 0, i.e.,

Hy =ming 0 {UF .03 19] < 0%,

or otherwiseH =n if sucha depthdoesnot exist.

e (T-based Ranking) To Pndthe optimal order « that resultsin

theminimum Hy , i.e., Hy =Hg''", we only needto considerthe
classof ordersT’-desc/asc =

(4)

either T'[t;] > T[t; V5 > 4 (from top);

fosti == tal g™ ) < Tt |V§ > 4 (from bottom)



To concludewe summarizehe implementatiorimplicationsof
the Tuple-RankingPrinciple as RequiremenB, which guidesour
designof aprocessingnodelfor Pndingtheoptimaltupleordering.

Requirement 3 (Tuple Ordering): If Requiremeng is followed,
to minimize the total tuple depthsacrossall groups: 1) the order
of eachgroupcanbe optimizedindependentlyand2) the optimal
orderis onefrom T-desc/asc, thatresultsin the minimum Hy as
governedby Eq.4. [

2.4 Putting Together: Overall Optimality

Together the UpperBound Principle dictatesthe best-possible
goal andthe must-hae information (the maximal-possiblescore)
in early pruningfor ary algorithm;basedon the maximal-possible
score the Group-Rankingand Tuple-RankingPrinciplesguidethe
tuple schedulingor our rankagg operatorto selectvely draw from
the underlyingquerytree (Figure2(b)). We stresshat, asthe fol-
lowing Theoreml statesthe Group-Rankingand Tuple-Ranking
Principlesenablethe Pndingof an optrimal tuple schedulewhich
processesvery group minimally, thus achiesing an overall mini-
mumtupledepth¥y Hg''" (i.e., thebest-possiblgoal)with respect
to someupperboundmechanismé'z, [g]. While we provide proof
in [25], we notethat Requiremen® determinesan inter-groupor-
derthatonly accessea groupwhennecessary, andRequiremen8
further leadsto a Ocost-basediptimal intra-grouporder for each
group,with asignibcantlyreducedspaceof only T-desc/asorders.

Theorem 1 (Optimal Aggregate Processing): If queryprocessing
follows Requirement2 and 3, the number of tuples processed
acrossall groups,i.e., ¥q Hg, is the minimum possiblefor query
answeringj.e., Sq Hg''" . m

3. EXECUTION FRAMEWORK AND
IMPLEMENTATIONS

The principlesdevelopedin Section2 provide a guidelinein re-
alizing the nev model of executionplansin Figure 2(b). In this
section,we proposean executionframework for applyingthe prin-
ciples (Section3.1). We addresghe challengesn implementing
the new rankagg operator(Section3.2) anddiscussts impactsto
theexisting operatorgSection3.3).

3.1 The Execution Framework

We designa frameavork to apply the principles. The frame-
work consistf two orthogonalcomponentsThe bPrstcomponent
providesthe groupingboundswhich dePnethe maximalpossible
scorefzg [¢], the must-hae information accordingto the Upper
BoundPrinciple. The secondcomponenschedulesuple process-
ing basednthegroupingboundsby exploiting the Group-Ranking
and Tuple-RankingPrinciples. The two componentsare orthogo-
nal becausehe Grouping-Rankingand Tuple-Rankingprinciples
are applicableto ary groupingbounds,from which the only im-
pactis that differentboundsresultin differentbest-possibléuple
depthHy''" thatcanbe achiered by tuple scheduling.Below we
discusshow to obtainthe groupingbounds(Section3.1.1),how to
implementthe Tuple-RankingPrinciple (Section3.1.2), and how
to implementthe Group-RankingPrincipleandhow to enablenew
group-avare andrank-avare query plansthat apply the principles
(Section3.1.3).Finally, we discussvariationsof thequeryingplans
thatareapplicableundervarioussituations(Section3.1.4).

3.1.1 Obtaining Grouping Bounds: Exploiting Upper-
Bound Principle

Basedon Requirementl, the smallestHy''" with respectto
Eq. 3 is obtainedby the tightestgroupingbounds,i.e., the exact
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tuple countandthe highestunseertuple value. In our framevork
we aim atusingthis tightestboundsfor maximalpruning.

With respecto thetuplemax, thetightestboundZ’z, =max{T’[t ]
| ti € g— Iy} isimpossibleto obtainthough.Thereasoris simply
that,withoutactuallyseeingheunseertuples,we cannotknow the
exact highestvalueamongthem. However, we canobtaina value
thatis very closeto it. For instancejf thetuplesin g areretrieved
in T-desc/asc order the T valueof thelastseentuplefrom thetop
end boundsthe value of the unseentuples. Before ary member
tuple of g is retrieved,TIg hasan initial value Ty, which is the
maximum-possiblesalue of 7" amongall the tuplesin g. A tight
Ty canbe obtainedeitherby applicationsemantidle.g., according
to the debnitionof T'), or by the indicesthat are penasively built
uponbasetablesandmaterializedviews in OLAP ervironment. It
canbeeitherglobal(e.g., usingtheoverall highestT" valueaccord-
ing totheindex), or group-specib€e.g., usingmulti-key index over
the groupingattribute andthe attributesinvolvedin 7'.)

With respecto thetuple count,thetightestbound(i.e., the exact
sizeof agroup),|g|=|g|, providesthe mostpruningpower. Looser
boundscan be also obtained. For example,we may usethe size
of abasetableto boundthe size of ary basetable group,andthe
productof basetablegroupsizesto boundthejoinedgroupsize(by
assumindull join, i.e., Cartesiarmproduct). However, suchupper
boundsareverylooseandareunlikely to realizeearly pruning. We
notethatary efpcientmethodto computea tight upperbound of
the countcanbe pluggedinto our framewvork asanotherchoiceof
the tuple count. Below we discusshow to obtainthe exacttuple
count|g|=|g|. Therearethreesituations:

e Counts ready: In decisionsupport,althoughthe rankingaggre-
gatefunction G(T') can be very ad-hoc,the join and grouping
conditionsarelargely sharedacrosamary relatedqueriesasmo-
tivatedin Sectionl. In suchanernvironment,materializedviews
arebuilt basedon the queryworkloadto cover frequentlyasled
gueryconditions.As avery basicaggrgatefunctionin OLAP, the
countof eachgroupis thus often readythroughthe materialized
views, e.g., in datacube.

Counts computed from materialized information: In certain
casesthe countsarenot directly ready but canbe efbcientlyob-
tainedby queryingthe materializedviews [17, 32,11, 1, 28]. For
example for arop-k aggr@atequerywith selectionconditionsin-
volving somedimensionalattributes(e.g., May<month<June),
a group (e.g., city=OChicago®@prrespondgo the aggreate of
multiple underlyinggroups(e.g., (city=OChicago@,onth=May)
and (city=OChicago@onth=June)). Its size can thus be ob-
tainedby aggreatinguponthe materializedviews (e.g., the view
containingthe countof each(city, month) group).

Counts computed from scratch: Whencountscannotbedirectly
or indirectly obtainedwe have to computeit from scratch. That
is, we replacethe ranking function F'= G(T') by count(x) and
remove theORDER BY andLIMIT clausesTheresultingquery
(let@call it count query) is executedoy ary traditionalapproach
to obtainthe counts.For instancethe countquerycorresponding
to our runningexampleis

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

In Section4, our experimentalresultsshowv thatour approachs
ordersof magnitudemore efbcientthanthe materialize-group-sort
approachwhencountsareavailable.Whenwe have to computethe
countsfrom scratch(or similarly from materializedsiews), thecost
of thebrstsinglequeryis comparabldo thatof materialize-group-
sort. More importantly the resultingcountscan be materialized
andmaintainedo benebmary subsequentelatedad-hocqueries,
thusthe costof computingthe countsis amortized.
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upper-bound as descending order.

3.1.2 T-descending Heuristic: Implementing Tuple-
Ranking Principle

As Requiremen8 statesyve only needto considetheclassof T'-
desc/asc ordersfor bndinganoptimaltuple orderof agroup.Such
ordersretrieve the tuplesfrom only the top and bottom endswith
respectto the value of T', thus exploit T-basedranking to either
reducethe seenscoresor the upperboundof thoseunseen Based
ontheintuition of retrieving tuplesfrom two ends wethusconsider
two simpleheuristicsof choosingintra-grouporder eachof which
producesarepresentatie caseof T-desc/asc, for a: t1—- - - —tn.

1. T-descending: Always choosethe tuple with the highest T-
scoreasthenext, i.e., T'[t1]>- - - >T'[tn].

2. T-ascending: Alwayschoosethe tuplewith the lowest T-score
asthenext, i.e., T[t1]<--- <T'[tn].

Example 5 (Tuple Orders): Considergroup g2 in our example.
Figure3(b) shawvs four exampleorders:descending, ascending, hy-
brid, andrandom. Thedescending andascending arespecialcases
of T'-desc/asc, hybrid is anotherinstancein T'-desc/asc, andran-
dom is anorderthatdoesnot belongto T'-desc/asc. For eachorder
the Pgureshavs how F[gs] changesin sequencee.g., descend-
ing decrease$” as3, 1.2, 1, .95 (the bnalscore).By comparison,
descending is the bestorder which lowers F' mostrapidly. (]

We chooseT -descending asour implementatiorheuristic. We
shaw thatT-descending in practiceis oftenthe bestchoicefor typ-
ical scoredistributions (e.g., uniform and normal) and aggregate
functions(e.g., sum andavg). In Figure6 we empirically compare
T-ascending (a), T-descending (d), therandomorder(r), andthe
optimal order (o) which resultsin Hg''". The tuple scoreT'[t; ]
within agroupg of n=10, 000 tuplesaregeneratedy variousdis-
tributions, in the rangeof [0, 1]. The aggreate function is sum.
(The resultsfor avg aresimilar) Supposethe maximal-possible
scoreis f after |Z§ | tuplesareretrieved by d. Ranging|Zg| from
1 to n (z-axis),we compare|Z3 |, |Z3|, |7y |, and |Z3| (y-axis), the
numberof retrieved tuplesby a, d, r, and o, respectiely, to get
their maximal-possiblescoredower thanor equalto f. Thecurve
for T-descending is thediagonalsinceit is thereferenceorder The
bgureshavsthat(1) T'-descending in mostcaseoverlapswith the
optimal order justifying our implementatiorheuristic;and(2) the
randomorderis always worsethan others,verifying that simply
choosingary orderis notappropriate.

Thereare datadistributionswhereT-descending is worsethan
other orders. For instance,let® changeg. to g4 in Figure 3(b),
which shaws four example ordersfor both g» and g5. Now, T-
ascending is the bestorder by gettinglow scoresfrom the bot-
tom(.e., rs.v=0). In generaljn a datasetif mary tuplesarein the
high scoreend, T-descending at the beginning cannoteffectively
lowertheupperboundof unseertuples,resultingin low efpcieng.

Note that more sophisticatedheuristicmay be appliedin deter
mining intra-grouptuple order For instancea heuristiccanindeed
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retrieve both the high and low scoreends,by determiningto re-
trieve from top or bottom basedon the distribution of seendata.
Suchheuristicwould require complex implementationand bring
more overheadsfor rankingon both endsandthe analysisof data
distribution. More seriously suchgreedyalgorithm basedon the
seendatamay led to local optimum. For instancejf therearesev-
eraltupleswith thesamescoreclusteredatthe high scoreend,such
heuristicmaydeterminehatretrieving tuplesfrom thetopendcan-
not reducethe upperbound of the unseentuples, thuswill only
retrieve from the bottomend. However, it may turn out thattuple
scoreglecreaseapidly afterthosewith thesamescore thusretriev-
ing from thetop endcanbemuchbetterin thelong run. Compared
with suchheuristic,T-descending is muchsimplerandempirically
almostasgoodasthe optimalorder as discussedbove.

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

To exploit the Group-RankindPrinciple,our proposechew rank-
agg operator(Figure 2(b)) explicitly controlsthe inter-group or-
dering. Insteadof passvely waiting for the underlyingsubtreeto
fully materializeall the groups,the rankagg operatoractively de-
terminesthe most promising group g accordingto the maximal-
possiblescoresof all valid groups,anddraws the next tuplein g
from theunderlyingsubtree (By Requiremeng, ary currenttop-k
incompletegroupcanbesuchg to request.WWhenthemostpromis-
ing groupis complete,its aggreyateis returnedasa queryresult.
Thereforethegroupsarealwaysoutputfrom the rankagg operator
in the ranking order of their aggrgates,eliminating the needfor
the blocking sortingoperatoiin Figure2(a).

This Oactie groupingQs a cleardeparturérom the materialize-
group-sortschemeandit requireschangingthe interfaceof oper
ators. Specibcallywe changethe GetNext methodof the iterator
to take g asa parameter Our operatorsare thus group-aware so
that groupingis seamlesslyntegratedwith otheroperations.Re-
cursiely startingfrom the rankagg operatoran upperoperatorin-
vokes the GerNext(g) method=of its lower operatorsproviding the
mostpromisinggroupg asthe parameterFor aunaryoperatorthe
samey is passedistheparameteto its lower operator For abinary
operatorsuchasjoin, g is decomposeéhto two componentg’ and
¢'' andarepassedasthe parameterso the left andthe right child
operatorsrespectiely. In responseeachoperatorsendsthe next
outputtuplefrom the designatedjroupg to its upperoperator

To enforcethe T-descending heuristic(Section3.1.2),thequery
treeunderlyingrankagg mustbe rank-aware aswell. For this pur
pose we leveragetherecentwork on rankingqueryprocessing23,
26]. However, we mustaddresghe challengesn satisfyinggroup-
awareness&ndrank-avarenessogether

Example 6: ConsideragainExample3. Figure4 illustrates(a) a
group-avare plan which we call GroupOnly and (b) its execution.
The group-avare scanoperatorcanproducetuplesfrom the group
designatedby therankagg operatormaboveit. Thetupleswithin each



group are producedin their on-disk order To contrast,Figure5
illustrates(a) a planthatis bothgroup-avareandrank-avarewhich
we call GroupRank and (b) its execution. The group- and rank-
awarescanoperatorin this plan produceguplesin the descending
orderof R.v within eachgroup. The executionsof thesetwo plans
arealreadyexplainedin Examples3 and4. Note that GroupOnly
doesnot exhaustthe tuplesin g» anddoesnot touchthe tuplesin
gs atall. 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

The group-andrank-avare query planscanbe muchmore efp-
cientthantraditional plans. We call them GroupRank plans(e.g.,
Figure5(a)). However, therecan be situationsunderwhich these
plans are inapplicableor inefbcient, thereforewe proposevari-
ations of plans. Thesevariationscover mary different applica-
ble situations,thus sene as a robust solution that provides better
stratgjies than the traditional approach. Moreover, both group-
awarenessand rank-avarenesscan bring overhead,respectiely.
For example,to enablerank-avare join, we adapttechniquesn
recentwork [23], wherethejoin operatorbuffersthe joinedtuples
in rankingqueues.Maintainingthe rankingqueuescanbring sig-
nibcantoverhead®r evenoffsettheadwantage®f processingoins
incrementally Thereforethe variationsprovide waysto trade off
their overheadsWe studythe performance®f theseplansin Sec-
tion 4. However, we leave the problemof optimizingamongmul-
tiple applicableplansasour futuretopic.

First, GroupOnly plans(e.g., Figure 4(a)), wherethe operators
aregroup-avarebut notrank-avare. Therankagg operatosstill gets
thenext tuplefrom themostpromisinggroup,but in arbitraryorder
within eachgroup. Suchplansareapplicablewhenrankingon 7'
cannotbe efbciently supported.For example,ranking processing
techniqguegequiremonotonicT [23] or splitting andinterleasing
T [26], which maynotbeapplicablein certainsituations.

Second, RankOnly planswheretheoperatorsarerank-avareonly.
Insteadof telling the underlyingoperatorthe designatedyroup,the
rankagg operatomgetsinterleaved tuplesfrom all groupsandorders
thegroupsby theiraggreatescores.

Finally, GroupRank-¢ (0 < e < 1) planswhich are the sameas
GroupRank exceptthatthejoin operator®utputtuplesout-of-order
while at the sametime not in arbitrary order Sincefull ranking
canbeexpensve, we experimentwith approximationswhichtrade
rankingoverheadwith precisionof tupleranking.In aGroupRank-e
plan,upontherequesbf sendinghenext tuplefrom agivengroup,
a join operatoroutputsthetop tuplet in its rankingqueuefor that
groupif uby > ub x €, whereub, is the upperboundof ¢ andub
is theupperboundof theunseertuples.Thegreatewaluebetween
uby andub is reportedto the upperoperatoras the upperbound
of ary future tuplesto be reported. Note that the scanoperators
in GroupRank-e¢ arestill rank-avare and group-avare. It is clear
GroupRank is actuallyan extremecase,GroupRank-1. As another
extremecasejn GroupRank-0, ajoin operatoroutputsthetop tuple
in the rankingqueueof a groupwheneer the queueis not empty
NotethatGroupRank-0 is nota GroupOnly planasall seertuplesin
therankingqueuearestill ordered.

3.2 Implementing the New rankagg Operator

The iterator interface for rankagg is shovn in Figure7. The
rankagg operatoimaintainsapriority queuestoringtheupperbounds
of groupsthat are not outputyet. Note that the priority queue
in rankagg andthe ranking queuesn the group- and rank-avare
join operatorssene differentpurposes.While the rankingqueues
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1: /linput: theunderlyingoperator

2: Ilk: therequestedchumberof groups.
3: /lq: thepriority queueof groups.

4: [lg.obtained: thenumberof obtainedtuplesin g, i.e., | Zg|.
5: llg.count: thesizeof g.

Procedure Open()

1: input.Open();q.clear()

2: for eachgroupg do

3:  init_ub(g); g.insertg)

4: return
Procedure GetNext()

1: while truedo

2:  if k==0 V q.isEmpty()then
3: Close()
4: return
5. g+« q.top() .
6: if g.count==g.obtained then
7: Pnalizeub(g); k — k — 1
8: return g
9: ¢« input.GetNet(g); updateub(g,t); g.insertg)
Procedure Close()
1: input.Close();q.clear()
2: return
Figure 7: The interface methods of rankagg.
1: //g.ub: themaximal-possiblescoreof agroupg, i.e., Fz,[g].
2: llg.sum: thesumof T for obtainedtuplesin g.

3: //ng: the maximal-possiblevalue of T amongg® unseertu-
ples,retrieved in T-descending order
4: lITq: theinitial Tz, whenno tupleis obtaind.
Procedure init_ub(g)
1: g.sum < 0; g.obtained < 0
2: Tlg:Tg
3: g.ub = g.count x ng
4: return
Procedure updateub(g,t)
1: g.sum «— g.sum + T'[¢]
2: g.obtained < g.obtained + 1
3: TIQITM
4: g.ub — g.sum + (g.count — g.obtained) x ng
5: return
Procedure Pnalizeub(g)

1: //Inothingneedso bedone
2: return

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

in joins are usedto buffer tuplesfor providing ranking accesgo
the tuples, the priority queueis usedfor efbciently maintaining
the currenttop group dynamically The rankagg always getsthe
next tuple from thetop groupin the priority queueandupdatests
upperbound. Whenthe top groupis complete,it is guaranteedo
be the bestamongthosein the queue,thus can be reported. (In
RankOnly plans,a hashtable insteadof priority queueis usedto
give fastaccesdo the upperbounds.An iterationthroughthe hash
tableis performedperiodicallyandthe top groupis outputwhenit

is complete.) Below we discusshow to maintainthe routinesfor
upperboundcomputatiorandhow to managethe priority queue.

Upper-Bound Computation: For aranking aggrgate F'=G(T),
the maximal-possiblescoreof a group g with obtainedtuplesZy,
F1,[g], canbecomputedby Eg. 3. Startingfrom theinitial upper
bound,we mustkeepupdating?zy [g] whentuplesareincremen-
tally obtained.Whenthe lasttuple from g is obtained,F'z, [g] be-
comestheaggreyatevalue F'[g]. This descriptionclearlyindicates
thattheupperbounditself canbe maintainedy anexternalaggre-
gatefunction. (Let@call it upper-bound routine.) For example,in
PostgreSQLa userdebnedaggregatefunctionis debnedy anini-
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tial state astatetransitionfunction,andaPnalcalculationfunction.
Thereforefor the G in arankingaggreyatequery F=G(T), thecor
respondingipperboundroutinesconsistof init_ub, update_ub, and
finalize_ub. They areinvoked in the interfacemethodsof rankagg
(Figure7). Suchroutinescanbepre-debnedf G is a built-in func-
tion. For example,Figure8 illustratesthe upperboundroutinesfor
G=sum. As an alternatve, in GroupOnly plans,the upperbound
in theupdate_db procedureshouldbecomey.ub«—g.sum+(g.size-
g.count)xT4. WhenG is auserdebnedaggregatefunctionitself,
theupperboundroutineis debnedy straightforvardadaptatiorof
the utilities (initialization, statetransition,Pnal calculation)of G,
mainly to substitutethe value of unknovn tupleswith ng. We
omit furtherdiscussiorof thesedetails.

Efficient Ranking Priority Queue Implementation: For a rank-
ing aggregate query the total numberof groupscan be hugeal-
thoughonly thetop k groupsarerequestedFor example,joining
threetableswith 1,000 groupson eachtable canpotentially lead
to 1 billion joined groups.Managingthe upperboundsof thehuge
numberof groupsby a simple priority queueimplementationcan
thusbring signibcanbverhead.

We addresghis challengefrom two aspectsijllustratedby our
new priority queuein Figure 9. First, we populatethe priority
queueincrementally It is necessaryo insertagroupinto theprior-
ity queueonly whenits maximal-possiblescoreis amongthe cur-
renttop-k, by Requiremen®. By usinga global tuple max (the
overall highestT value acrossall groups),the tuple count effec-
tively determinesheinitial maximal-possiblecoreof every group,
basednEqg. 3. Thereforethegroupscanbeincrementallyinserted
from higherto lower counts,utilizing theindex on thetuple count.
Suchindex over summarytablesis extensively built and utilized
in decisionsupport.Moreover, therearetechniquege.g., [27]) for
gettingthe groupswith the largestsizes(incrementally). Second,
when the (incrementallyexpanding) priority queuedoesbecome
too big to btin the memory we usea 2-level virtual priority queue
q consistingof (1) anin-memorypriority queueq (implemented
by the heapalgorithm),and(2) a setof in-memorybuffer blocksof
sortedlists anda setof on-disksortedlists.

Initially, only the Pbrst batch of groups(1,000 in our experi-
ments)with the largestcountsare insertedinto ¢'. Wheneer ¢’
is full, it is emptiedandits elementsarecorvertedinto a sortedlist
(orderedby upperbounds),of which the brsttop block is keptin
buffer andtherestis sentto the disk. Whena requests issuedto
get the top element(group) from ¢, the top elementsfrom ¢’ and
from every buffer block arecomparedandthe overall top groupis
returned Whenabuffer block is exhaustedthenext block from the
correspondingortedist is readfrom thedisk into thebuffer. If the
top groupis completejt is returnedasaqueryresult,otherwisethe
next tuplefrom thegroupis obtainedo updateits upperboundand
thegroupisinsertecbackto q. It is possibleheupperboundof the
top groupbecomesmallerthanthat of the groupwith the largest
size amongthosethat are not inserted. Under suchsituation, the
next batchof groupsareinsertednto ¢'.
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With thenew priority queuepnly thetop groups(whicharemore
likely to remainatthetop) arekeptin memory in analogyto vari-
ouscachereplacemenpolicies. Moreover, mary groupsmay have
initial upperboundssmallerthanthe rop-k thresholdd, thus may
evennever be necessarilfouchedwhenthetop k& answersareob-
tained. Thereforeour concernwith the potentiallyhugenumberof
groupsis addressedasveribedby the experimentsn Section4.

3.3 Impacts to Existing Operators

In this sectionwe discusshe impactsof rankagg to otherquery
operatorsscanandjoin in particular

Scan: To be group-avare,the new scanoperatormustaccesshe
next tuplein the group g requestedy its upperoperator In [22],
a round-robinindex striding methodwas introducedto compute
on-line aggr@ateswith probabilisticguaranteesOur scanopera-
tor adoptsthe index striding technique.Multiple cursors, oneper
group,aremaintainedntheindex to enablesuchstriding. A cursor
is advancedvheneer atupleis obtainedrom thecursor However,
therearetwo importantdifferencesy1) in our casejndex retrieval
is governedby the dynamicallydesignatedyroup insteadof bxed
weights;and(2) to accessupleswithin eachgroupin thedescend-
ing orderof T, i.e., to be rank-avare,we build multi-key index, by
usingthe groupingattributeasthe brstkey andtheattributein 7" as
the secondkey. 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,
amulti-key index on (R.g, R.v) canbe usedfor accessing? and
anotherindex on (S.g, S.v) for S. (Similarly whentherearemulti-
ple groupingattributeson atable.)Notethatwe do notdiscusshow
to selecwhichindicesto build, assuchindex selectiorproblemhas
beenstudiedbefore(e.g., [18]) andis complementaryo our tech-
nigues.Whenindex on a tableis unavailable,we have to scanthe
wholetableandbuild atemporaryindex or searchstructure.

Join: For group-avarenesswhenajoin operatoris requiredto pro-
duceatupleof groupg, it outputssuchatuplefrom its buffer when
available,otherwiseit recursiely invokes the GetNext(g') andGet-
Next(g"") methodsof its left andright input operatorsrespectiely.
For instancefor theabove query supposea join operatoithatjoins
R and S is requestedy rankagg to outputthe next tuple from a
group(R.g=1, S.g=2). Thejoin operatordirectly returnsa joined
tuplefrom its buffer whenavailable. Otherwisejt requestshe next
tuplewith R.¢g=1 from R or thenext tuplewith S.g=2 from S.

To berank-avare,thejoin operatormustoutputjoinedtuplesin
the orderwith respecto 7', e.g., R.v+S.v. We adoptthe HRJN al-
gorithm [23]. The algorithm maintainsa ranking priority queue
(not to be confusedwith the priority queuein Section3.2) for
buffering joined tuples,orderedon their upperboundscores.The
toptuplefrom thequeuds outpultif its upperboundscoreis greater
thana threshold,which gives an upperboundscoreof all unseen
join combinations.Otherwise the algorithmcontinuesby reading
tuplesfrom theinputsand performsa symmetrichashjoin to gen-
eratenew join results. The thresholdis continuouslyupdatedas
new tuplesarrive. In the new implementationwe managemultiple
rankingqueuespnefor eachjoined groupandusea hashtableto
maintainthe pointersto eachrankingqueue.In GroupOnly plans,
the join operatorusesa FIFO queueinsteadof priority queueto
buffer join results(thusHRJN becomeghe hashripple join [19]).

4. EXPERIMENTS
4.1 Settings

The proposedechniquesareimplementedn PostgreSQLThe
experimentsareconductedon a PC with 2.8GHzlIntel Xeon SMP
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Figure 10: Performance of different execution plans.

(dual hyperthreadedCPUseachwith 512KB cache),2GB RAM,
and260GBRAID5 arrayof 3 SCSldisks,runningLinux 2.6.9.

We usea syntheticdataset of threetables(A, B, C) with the
sameschemaandsimilar size. Eachtablehasonejoin attributejc,
onegroupingattributeg andoneattributev thatis aggreyated.For
eachtuple, the threeattribute valuesare independentlygenerated
randomnumbers. In eachbasetable, the valuesof v follow the
uniform distribution in therangeof [0, 1]. The numberof distinct
valuesof j is 1, wherej is a conbgurablgarametecapturingjoin
selectvity. 'IJhe valuesof j follow the uniform distribution in the
rangeof [1, J.l]. Thenumberof distinctvaluesof g is g, i.e., g cap-
turesthenumberof groupson eachtable. For example wheng=10,
themaximalnumberof joinedgroupsover ABC'is g°=1, 000. The
numberof tuplescorrespondindo eachdistinctvalueof g follows
normal distribution, with averages, i.e., s is the averagesize of
basetablegroups.

We usethe starjoin query Q in Sectionl. We comparebve ex-
ecutionplans, Traditional, RankOnly, GroupOnly, GroupRank (i.e.,
GroupRank-1), andGroupRank-0. They have the sameplan struc-
turethatjoins A with B andthenwith C. Traditional is aninstance
of thematerialize-group-soglanin Figure2(a). It usessort-mege
join asthe join algorithmand scansthe basetablesby the indices
on thejoin attributes. The RankOnly, GroupOnly, GroupRank, and
GroupRank-0 usethenew rankagg operator Moreover thejoin and
scanoperatorsin theseplansare group-avare and/orrank-avare,
asdescribedn Section3.1.4. We executedtheseplansundervar-
ious conbgurationof four parameterswhich are the numberof
requestedyroups(k), the numberof groupson eachtable(g), the
averagesizeof basetablegroup(s), andthejoin selectvity (5). We
usegWsXkYjZ to annotatethe conbguratiory=10" , s=10% ,
k=10" ,and;j=10"%.

4.2 Results

We brstperformed4 setsof experiments.In eachset,we var-
ied the value of one parameteiand bxed the valuesof otherthree
parametersamongk, g, s, andj. The plan executiontime un-
derthesesettingsis shavn in Figure10. (Both z andy axesarein
logarithmicscale.)The bgureclearlyshavsthatour new plansout-
performedhetraditionalplanby ordersof magnitude Traditional is

j, Join Selectivity
(d) g=1, 000, s=10, k=10
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Figure 11: Output cardinalities.

only comparabléo the new planswhentherearenot mary groups,
the groupssizeis small, mary resultsarerequestedandjoins are
very selectve. RankOnly is as inefbcientas Traditional. It did
not Pnishafter running for fairly long undersomeconbguration
(¢=10, 000 in Figure10(a))andis excludedfrom Figure 10(c) for
the samereason. As an intuitive explanation,if the top-1 group
hasa membertuple thatis ranked at the last place,all the groups
mustbe materializedin orderto obtainthe top-1 group. This in-
dicatesthat being rank-avareitself [23, 26] doesnot helpto deal
with rop-k aggreatequeries.

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 Figure 12, we further compareGroupOnly, GroupRank
and GroupRank-0 underthe 8 conpbgurationsn Figure 10(c)(d).
For eachplan,we show theratio of its executiontime to the execu-
tion time of GroupRank. Theresultsshav thatGroupOnly in mary
casess betterthanGroupRank, verifying thattherankingoverhead
canoffsetthe advantagesf group-avarenessn certaincases.On
theotherhand theperformancés muchimproved whenwe reduce
therankingoverheadasGroupRank-0 almostalwaysoutperformed
GroupOnly andGroupRank.

We further analyzetheseplansby comparingthe output cardi-
nalitiesof their operatorsFigure11 reportsthe comparisonsinder
two conbgurations.The resultsfor otherconbgurationgre simi-
lar. Asit shaws, Traditional enforcedull materialization RankOnly
was not ableto reducethe cardinalitiesand furtherincurredrank-
ing overheadwhich explainswhy it is evenworsethan Traditional
in mary cases. GroupOnly reducedthe cardinalitiessignipcantly
by partialconsumptiorof basetablesandpartial materializatiorof
join results.GroupRank producedessjoin resultsthan GroupOnly
becausef rank-avarenessHowever, it alsoconsumednorebase
tableinputsbecausgoin operatoramustbuffer moreinputsto pro-
duceranked outputs(therankingoverhead) Finally, GroupRank-0
balancedhebenebtandoverheadf rank-avarenessasexplained
in Section3.1.4. Thereforeit consumedessnumberof basetable
inputs,althoughproducedsomemorejoin results.

To further studythe tradeof in beingrank-avare, we shawv the
performancef GroupRank-e in Figure13 by ranginge from0 to 1.
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Figure 15: The cost of computing counts from scratch.

Note that GroupRank and GroupRank-0 areextremecasedor =1
andO0, respectiely. Interestinglynoneof themis the best,which
indicatesthe choiceof e shouldbe capturedby queryoptimizer

We verify that managingthe priority queueof rankagg (Sec-
tion 3.2) doesnot requiresigniPcantoverhead althoughthe total
numberof groupscanbe potentiallyhuge. In Figure 14, we com-
parethe numberof joined groupstouchedby GroupRank-0 and
Traditional underthe 11 distinctconbgurationfrom Figure10. (We
countagroupasOtouchediDat leastl tuplefrom thegroupis pro-
ducedduringthe planexecution. Thereforethe touchedgroupsare
maintainedby the priority queueandthe top k& groupscomefrom
thetouchedgroups.)Theresultsshav thatmostof thegroupsnever
needto be touchedby the new plans,thereforeit is not expensve
to maintainthe priority queue. Figure 14 also clearly illustrates
why the new plansoutperformTraditional, togethemwith Figure11.
While Traditional processe®very group and every tuple in each
groupdueto its natureof full materializationour new planssave
signibcantlyby the early pruningresultingfrom the group-ranking
andtuple-rankingprinciples.

Our framevork requirestuple count, which canbe obtainedas
discussedn Section3.1.1. Specibcallywhenthetuple countmust
be computedfrom scratchby a countquery the costof answer
ing one ranking aggreyate query consistsof the cost of the cor-
respondingcount query and executingthe new query plan based
on the obtainedcounts. In Figure 15, we comparethe costs of
Traditional and the countquery under8 conbgurationgrom Fig-
ure10. Notethatk is irrelevantin this experimentsinceTraditional
generateghe total order of all groupsand the count query gen-
eratesthe countof every group. (Thereare overlappingconbgu-
rationsin Figure 10(a)-(d)when k is ignored, resultingin totally
8 distinct conbgurations.)The resultsverify that computingthe
countqueryis slightly cheapethanthe original rankingaggreate
query Sinceour new queryplansareordersof magnitudemoreef-
bcientthanthetraditionalplan, the total costof a countqueryand
anew planis comparabldo, or even cheapethan,thatof the tra-
ditional plan. More importantly the materializedtuple countsare
thenusedby thefuturerelatedrankingaggreyatequerieshatshare
the sameBooleanconditionswith theoriginal query(scenaridl in
Section3.1.1),or of which the tuple countcan be computedfrom
the materializedcounts(scenaria?). Neverthelessit bringsusthe
advantagesf Opayingne,gettingthefollowing (almost)freeO.

epsilon

Figure 13: Performance of GroupRank-e.
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Figure 14: Touched groups.

Discussions: We should emphasizehat althoughthe new query
plansarenot alwaysequallyefbcient they provide betterstratgies
thanthetraditionalapproachin processingop-k aggreatequeries,
undervariousapplicableconditions,asdiscussedn Section3.1.4.
Moreover, the experimentalresultsindicatethat noneof the plans
is alwaysthe bestandtheir costscanbe ordersof magnitudedif-
ferent. Their diverseapplicability and performancethus call for
new queryoptimizationtechniquesEspecially the performancef
our methodsdependson multiple parametersincluding the num-
ber of groups,the sizesof groups,the distribution of tuple scores,
thememorybuffer size,etc. Thusa costmodelincorporatingthese
parameterso estimatethe costsof plansis thekey to thenew opti-
mizer Theestimatecanenableusto chooseamongthe new plans
and even the traditional plans. Developing such cost model and
optimizerthusis animportanttopic of futureresearch.

S. RELATED WORK

To the bestof our knowledge,this is the brstpieceof work that
providesefbcientsupportof ad-hocrop-k aggreyatequeries.in this
sectionwe highlight therecentefforts relatedto this work.

Rankingor top-k querieshave recentlygainedmuchattentionof
theresearcltommunity Worksin this areamainly includethosein
themiddlevarescenarid13, 14,4, 6], orin RDBMSsetting [5, 12,
7,23,24,8, 26]. Noneof theseworks supportaggreatequeries.

Order optimization [31] was proposedn relationalquery opti-
mizerto avoid sortingor to minimizethenumberof sortingcolumns.
Eager aggregation [34, 9] andlazy aggregation [35] wereproposed
to optimize GROUP-BY processingoy functional dependencies.
[10, 29] proposedalgorithmsand framework for combiningorder
and grouping optimization. [33] extendedeageraggr@ationin
OLAP environmentby utilizing specialaccessnethods.

Efpcientcomputationof datacubes[2, 36, 30] focuseson shar
ing the computatioracrosdifferentcuboidsinsteadof how to pro-
cessa singlecuboid. Answeringaggr@atequeriesusingmaterial-
izedviewswas addresseéh [17,32,11,1, 28].

Semanticallysimilar to rop-k aggr@atequeriesjceberg queries
[15] retrieve only the groupsthat qualify undera Booleancondi-
tion (expressedn the HAVING clause). The techniquesn [15]
areconbnedo single-tablequeries(joins have to be materialized
beforehandpnd sum or count insteadof generalaggreatefunc-
tions. The notion of icebeg querieswas extendedto iceberg cubes
[3, 20]. Icebeg cuboidswith the samedimensionalattributesin-
volve the computatiorof anicebeg query or essentiallyaranking
aggre@atequery Theseworks focusedon pruning cuboidsin an
icebeg cube,while how to efpciently computea cuboid was not
considered Hence we considerour work to be complementaryn
evaluatingicebeg cubes.

Onlineaggreyation[22, 19] supportsipproximate queryanswes
ing by providing runningaggreateswith statisticalconpdencén-
tervals. We extendits index stridingtechniqudo supporthegroup-
awareandrank-avarescanoperator



The work closestto oursis [27], whereranking aggr@atesare
computedover a specibPedangeon somedimensionsother than
the groupingdimensions by storing pre-computedartial aggre-
gateinformationin thedatacube.Thereforet canonly supportpre-
determinedaggreatefunction andaggreyatedexpressionjacking
the ability to supportad-hocqueries. However, it is complemen-
tary to our work asit canbe usedto obtainthe group sizeswhen
there are selectionconditionsover the dimensionalattributes, as
mentionedn Section3.2.

6. CONCLUSION

We introduceda principled and systematicframevork to efb-
ciently supportad-hoctop-k (ranking) aggrgatequeries. As the
foundation,we developedthe UpperBoundPrinciplethat dictates

therequirementsf earlypruning,andtheGroup-andTuple-Ranking

Principlesthat dictate the group-orderingand tuple-orderingre-
quirementsTheprinciplestogetherrealizeoptimalaggreyatequery
processingWe proposedan executionframework for applyingthe
principlesandaddressethechallengesn implementingheframe-
work. The experimentresultsvalidateour framewvork by shaving

signibcantperformanceamprovement. To the bestof our knowl-

edge, this is the brstwork that provides efbcientsupportof ad-

hocrop-k aggr@ates.Thetechniquesddressasignibcantesearch

challengeandcanbe usefulin mary decisionsupportapplications.

Acknowledgements: We thankJiavei HanandXiaolei Li for
helpful discussionsegardingthe positioningof the paper

7. REFERENCES

[1] F N. Afrati andR. Chirkova. Selectingandusingviews to
computeaggreyatequerie(extendedabstract)In ICDT,
pages383D3972005.

S.Agarwal, R. Agrawal, P. DeshpandeA. Gupta,J.F.

NaughtonR. RamakrishnanandS. Saravagi. Onthe

computatiorof multidimensionabggreates.n VLDB,

pagess06H5211996.

K. BeyerandR. RamakrishnarBottom-upcomputatiorof

sparseandicebeg cube.ln SIGMOD, pages359D3701999.

N. Bruno,L. Gravano,andA. Marian.Evaluatingtop-k

queriesover web-accessibldatabasedn ICDE, pages

369D3802002.

M. J.Carey andD. KossmannOn sayingOenougllready!O

in SQL.In SIGMOD, pages219D2301997.

K. C.-C.ChangandS. Hwang.Minimal probing: Supporting

expensve predicategor top-k queriesln SIGMOD, pages

346D3572002.

S.ChaudhuriandL. Gravano.Evaluatingtop+ selection

queriesin VLDB, pages397D4101999.

S.ChaudhuriR. RamakrishnanandG. Weikum. Integrating

DB andIR technologiesWhatis the soundof onehand

clapping?In CIDR, pageslb122005.

S.ChaudhuriandK. Shim.Includinggroup-byin query

optimization.In VLDB, pages354D3661994.

[10] J.ClaussenA. Kemper D. KossmannandC. Wiesner
Exploiting early sortingandearly partitioningfor decision
supportqueryprocessingVLDB J., 9(3),2000.

[11] S.CohenW. Nutt,andA. SerebrenikRewriting aggreyate
queriesusingviews. In PODS, pagesl55D1661999.

[12] D. Donjerkovic andR. RamakrishnanProbabilistic
optimizationof top n queriesin VLDB, 1999.

[13] R.Fagin.Combiningfuzzy informationfrom multiple
systemsin PODS, pages216D2261996.

(2]

(3]

[4]

[5]
(6]

[7]
(8]

9]

72

[14] R.Fagin,A. Lote,andM. Naor. Optimalaggr@ation
algorithmsfor middlewvare.In PODS, 2001.

[15] M. Fang,N. ShivakumarH. Garcia-Molina,R. Motwani,
andJ.D. Ullman. Computingicebeg queriesefbciently In
VLDB, page299b310SanFranciscoCA, USA, 1998.

[16] J.Gray S. ChaudhuriA. Bosworth, A. Layman,D. Reichart,
M. VenkatraoF. Pellow, andH. PiraheshDatacube: A
relationalaggreationoperatorgeneralizinggroup-by
cross-tabandsub-totalsJ. Data Mining and Knowledge
Discovery, 1(1):29D531997.

[17] A. Gupta,V. HarinarayanandD. QuassAggregatequery
processingn datawarehousingrvironmentsin VLDB,
pages358D3691995.

[18] H. Gupta,V. HarinarayanA. RajaramanandJ.D. Uliman.
Index selectionfor OLAP. In ICDE, pages208D2191997.

[19] P.J.HaasandJ.M. Hellerstein Ripplejoins for online
aggrgation.In SIGMOD, page287H2981999.

[20] J.Han,J.Pei,G. Dong,andK. Wang.Efpcientcomputation
of icebeg cubeswith complex measuresin SIGMOD, 2001.

[21] V. HarinarayanA. RajaramanandJ.D. Uliman.
Implementingdatacubesefciently In SIGMOD
Conference, pagex205D2161996.

[22] J.M. HellersteinP. J.Haas,andH. J.Wang.Online
aggreation.In SIGMOD, pagesl7191821997.

[23] I. F llyas,W. G. Aref, andA. K. EImagarmid Supporting
top-kjoin queriesin relationaldatabasedn VLDB, pages
754D7652003.

[24] I. F llyas,R. ShahW. G. Aref, J. S. Vitter, andA. K.
Elmagarmid Rank-avarequeryoptimization.in SIGMOD,
pages203D2142004.

[25] C.Li, K. C.-C.Chang,andl. F. llyas. Efbcientprocessingf
ad-hoctop-k aggrg@atequeriesn OLAP. TechnicalReport
UIUCDCS-R-2005-2596Departmenbf ComputerScience,
UIUC, June2005.http://aim.cs.uiuc.edu.

[26] C.Li, K. C.-C.Chang|. F. llyas,andS. Song.RankSQL:
Queryalgebraandoptimizationfor relationaltop-k queries.
In SIGMOD, pagesl31D1422005.

[27] H.-G.Li, H. Yu, D. Agrawal, , andA. E. Abbadi.Ranking
aggregatesTechnicalreport, UCSB,July 2004.

[28] V. Lin, V. VassalosandP. Malakasiotis MiniCount:
Efpcientrewriting of COUNT-queriesisingviews. In ICDE,
2006.

[29] T. NeumanrandG. Moerkotte.A combinedframeawork for
groupingandorderoptimization.ln VLDB, 2004.

[30] K. A. RossandD. Srivastaa. Fastcomputatiorof sparse
datacubedn VLDB, pagesl16D1251997.

[31] D. E.SimmenE.J.Shekita,andT. Malkemus.Fundamental
techniquedor orderoptimization.In SIGMOD, 1996.

[32] D. Srivastaa, S. Dar, H. V. JagadishandA. Y. Levy.
Answeringquerieswith aggreationusingviews. In VLDB,
pages318D3291996.

[33] A. TsoisandT. K. Sellis. Thegeneralizegre-grouping
transformation/Aggregate-quenpoptimizationin the
presencef dependenciesn VLDB, pages544D6552003.

[34] W. P. Yan andP-Al. Larson.Performinggroup-bybefore
join. In ICDE, pages39D100,1994.

[35] W. P. Yan andP-Al. Larson.Eageraggreyationandlazy
aggreation.In VLDB’95, pages345D3571995.

[36] Y. Zhao,P. DeshpandeandJ.F. Naughton An array-based
algorithmfor simultaneousnultidimensionabggreates.in
SIGMOD, pagesl59D1701997.



