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This paper studies optimizing top- k queries in middlew ares. While many assorted algorithms
have been prop osed, none is generally applicable to a wide range of possible scenarios. Existing
algorithms lack \generalit y" to support a wide range of accessscenarios and systematic \adaptiv-
it y" to account for run time speci�cs. To ful�ll this critical lacking, we aim at taking a cost-based
optimization approach: By runtime search over a space of algorithms, cost-based optimization is
general acrossa wide range of accessscenarios, yet adaptive to the speci�c accesscosts at run time.
While such optimization has been tak en for granted for relational queries from early on, it has
been clearly lacking for ranked queries. In this paper, we th us identify and address the barriers
to realizing such a uni�ed framework. As the �rst barrier, we need to de�ne a \comprehensiv e"
space encompassing all possibly optimal algorithms to search over. As the second barrier, as a
con
icting goal, such a space should also be \fo cused" enough to enable e�cien t search. For SQL
queries that are explicitly composed of relational operators, such a space by de�nition consists of
schedules of such operators (or \query plans"). In contrast, top- k queries have no such notion
of logical tasks as a unit of scheduling. We th us de�ne logical tasks of top- k queries as building
blocks to identify a comprehensive and focused space for top- k queries. We then develop e�cien t
search schemes over such space for identifying the optimal algorithm. Our study indicates that
our framework not only uni�es but also outp erforms existing algorithms speci�cally designed for
their scenarios.

CategoriesandSubjectDescriptors:H.2.4 [Systems]: QueryProcessing;H.3.3 [Inf ormation Search and Re-
trieval]: Retrieval models;H.3.4[Performanceevaluation]:

General Terms: Algorithms, Performance

Additional Key Words and Phrases: Top-k query processing, Middlew ares

1. INTRODUCTION

To enablenon-traditionalfuzzy retrieval, whichnaturallyarisesin many new applications,
top-k or ranked queriesarecrucial for matchingdataby “soft” conditions.A top-k query
selectsk top answersamonga databaseof n dataobjects,eachevaluatesm soft predi-
cates p1, . . ., pm to scoresin [0:1], aggregatedby somescoring function F (e.g., min). In

1This paper is basedon and signi�cantly extendsour preliminary works: “Minimal Probing: Supporting
ExpensivePredicatesfor Top-k Queries”in theACM SIGMOD2002.SeeSection2 for detailson theextension.
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particular, this paperfocuseson top-k queriesin a middlewaresystem–i.e., a middleware
processesqueriesover subsystems(e.g., an RDBMS integratedwith multimediasubsys-
temsor text searchengines[Fagin 1996]) or externalsystems(e.g., Web sources[Bruno
et al. 2002]), which we will generallyrefer to as sources. For suchmiddlewarequery-
ing scenarios,becauseof their inherent“dataretrieval” natureof retrieving andcombining
datafrom multiple sources,top-k querieshave emerged to be of particularimportance,
with many differentscenariosstudied(asSection2 will overview).

For top-k queriesin suchsettings,a middlewarerelieson accessing sourcesfor query
processing.Sincea middlewarecannotmanipulatedatadirectly, it mustusesomeaccess
methods(for �nding objectsand their scores)supportedby sourcesto gatherpredicate
scores.For access methods, a sourcemaysupport,for eachpredicatepi, 1) sorted access,
which returnsobjectscoresin a descendingorder, onein eachaccess,or 2) random ac-
cess,which returnsthe scorefor a given object. As a main motivation of this paper, in
a middlewaresetting,suchaccessesaretypically expensive (comparedto local computa-
tion) with varyinglatencies,which we denoteascsi andcri for sortedandrandomaccess
respectively for eachpredicatepi. To illustrate, as a concretereal scenario,considera
travel agentscenarioover theWebmiddlewaresourcesin Example1 (which will beused
asbenchmarkqueriesaswell for experimentsin Section9):

Example1: A usermayaska rankedqueryto �nd top-5 restaurants(say, in theChicago
area)that arehighly-ratedandcloseto the user's preferredlocation"myaddr" , asQ1

illustrates(in SQL-likesyntax):

selectname fr om restaurant r
order by min(p1 : rating(r.stars),p2 : close(r.addr, myaddr ))
stopafter 5 (Query Q1)

To answerthequery, our middlewarewill accessWebsourcesto evaluatepredicatep1

andp2. Figure1(a)shows onepossiblescenario:For evaluatingclose: superpages.comis
capableof 1) returningtheclose scorefor aspeci�c restaurant(i.e., randomaccess)and2)
returningrestaurantsin their descendingorderof scores(i.e., sortedaccess).For rating :
dineme.comsimilarly providesbothsortedandrandomaccesses2.

The middlewarewill coordinatetheseaccessesto �nd the top results. To characterize
this particularscenario,Figure1(a) shows the averageaccesslatency for eachpredicate
pi: In this scenario,randomaccessesaremoreexpensive in bothsources(i.e., cri > csi),
but with varying scales(i.e., cr1 = 700ms = 1

2 � cr2) andratios(i.e., cr1
cs1

= 700ms
32ms

�
22; cr2

cs2
= 1400ms

344ms
� 4).

Accessscenarioscan vary widely dependingon the sourcesinvolved, due to source
heterogeneity:To contrast,consideranotherscenarioin whichourmiddlewarenow works
with adifferentsourcehotel.com(andpossiblyalsowith alocalRDBMS),to answerquery
Q2:

selectname fr om hotel h
order by avg(p1 : close(h.addr, myaddr ), p2 : rating(h.stars),p3 : cheap(h.price))
stopafter 5 (Query Q2)

2While thesesourcesmay supporta multi-dimensionalsortedaccess,e.g., sortedby pric e + location , such
accessis orderedby a �x edandimplicit combiningfunction. As theimplicit underlyingfunctionis unclear, we
focuson leveragingone-dimensionalaccessesasothermiddlewaretop-k algorithms.
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Fig. 1. Scenariosfor (a)Q1 and(b) Q2 .
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Fig. 2. Accessscenariosandalgorithms.

In this setting,sincea sortedaccess(e.g., for close), when retrieving a hotel object,
alsoretrievesall its attributes(e.g., stars andprice), the subsequentrandomaccesses3 to
the samehotel arethusessentially“piggybacked” with zerocosts–e.g., usingstars and
price, themiddlewarecanlocally computerating andcheap. Wenotethatthisscenarioof
expensivesortedaccessessigni�cantly contrastswith thatof expensiverandomaccessesin
Figure1(a).

Existing Algorithms: To supportthesetop-k queriesin middlewares,many algorithms
have beenproposedfor variouscostscenarios.Figure2 summarizesa “matrix” of access
scenariosthat have beenstudied,eachcharacterizedby how sourcesrelatively support
eithertypeof access,e.g., cheap (cost = 1), expensive (= h), or impossible (= 1 ). As
the matrix summarizes,existing algorithmsaredesignedwith a speci�c costscenarioin
mind–For instance,a pioneeringandin�uential existing algorithmTA [Faginet al. 2001]
is intendedfor scenarioswheresortedand randomaccesscostsare comparable,while
Algorithm MPro [ChangandHwang2002] is speci�cally designedfor scenarioswhere
sortedaccessis impossible.4 While thesealgorithmspioneeredin varioustop-k settings

3 In a middleware,randomaccessesto anobjecth canonly occurafterh is �rst seenfrom sortedaccesses–or,
“no wild guess”[Faginetal. 2001].
4 In a middlewaresetting,theno wild guessconstraint[Faginet al. 2001] is oftenassumedto requireat leasta
sourcemustsupportsortedaccess.Wenotethatourapproachdoesnotmakethisassumptionandthusworkswith
andwithoutconstraint,asSection8 will discuss.
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andareappropriatefor their speci�c scenarios,we areclearly lacking “generality”, such
thatanalgorithmis typically not generallyapplicableto real-life scenarioswheresources
differ in costcharacteristics(e.g., randomaccessis cheapin somesourcewhile im possible
in another)that may even changeover time (e.g., dependingon server loads). Second,
existing algorithmsgenerallylack runtime“adaptivity”, suchthat an algorithmtypically
cannotadaptto the speci�c scenarioat hand,except somelimited attemptswith rather
ad-hocheuristic-basedadaptation(asSection2 discusses).In contrast,aswe will argue
below, a systematicadaptationto runtimespeci�cs canmake a signi�cant differencein
performance.

Our Approach: To ful�ll thiscritical lackingof generalityandadaptivity, thispaperaims
atageneral framework oversuchvariousscenariosthatis adaptive to thegivenscenarioto
minimizeaccess costs. Wenotethatsuchaccesscosts(muchlike I/O in relationalDBMS)
dominatetheoverallqueryprocessingin amiddlewarecontext, andthustheirminimization
is critical for queryef�ciency. For this objective, we �rst modelthecostof algorithmM
asthecostsof all access,parameterizedby csi andcri. Thatis, by varyingcsi andcri for
differentpredicatesandaccesses,we will capturevariouscostscenariosat runtime(e.g.,
Figure1). Suchanaggregatecostmodelis ratherstandardin many top-k queryingsettings
(e.g., [Faginet al. 2001]).Thatis, givensomealgorithmM , let Si andRi bethenumber
of sortedandrandomaccessesrespectively for predicatepi, thetotal costis

C(M ) =
∑

i

Si � csi + Ri � cri. (1)

In particular, asthemainthesisof thispaper, weproposeasystematicanduni�ed “cost-
basedoptimization”framework, whichwill adaptto variouscostscenarios–Thatis, given
a speci�c settingof costparameterscri and csi (e.g., Figure1 representstwo different
settings),we want to generateanalgorithmM thatminimizesthecorrespondingcostof
Eq. 1. While suchoptimizationhasbeentaken for grantedfor relationalqueriesfrom
earlyon [Selingeret al. 1979],it hasbeenclearlylackingfor top-k queries,despiteactive
research(whereeachalgorithmfocusesonspeci�c scenarios,asFigure2 summarizes).

Ourcost-basedoptimizationframeworkcomplementsexistingalgorithmswith its gener-
ality andadaptivity: First, in termsof principle, our framework aimsatproviding auni�ed
framework to begeneral over any arbitraryscenario.We prove thegenerality, by showing
any possiblealgorithmhasacounterpartalgorithmgeneratedby our framework, doingthe
samejob with no moreaccess(Theorem4). Our framework, beinggeneral,generatesthe
behaviors of theexisting algorithmin their targetscenarios,aswe discussfurther in Sec-
tion 8. Beyondexisting algorithms,our framework will alsohandleunstudiedscenarios.
For instance,note that the scenarioof Figure1(b), in which sortedaccesses(cost44ms
peraccess)aremoreexpensive thanrandomaccesses(zerocost),hasnotbeenspeci�cally
studied(the“none” cell in Figure2).

Second,in termsof performance, our framework is adaptive andthusenablesa poten-
tially signi�cant costdifferencefrom existing algorithms,by a systematicadaptationto
runtimespeci�cs. As an illustration, Figure3 summarizesour evaluationresults(which
will be reportedin detailsin Section9, Figure18b), comparingthe costof TA andours
over a systematicenumerationof a wide rangeof costscenarios.Observe that,our frame-
work (by runtimeadaptation)is robust over a wide rangeof scenariosandsigni�cantly
outperformsexisting algorithmTA by ordersof magnitude.Suchcostdifferenceresults

ACM TransactionsonDatabaseSystems,Vol. V, No. N, Month20YY.



� 5

��
�
� ��
�

��
� �
��
�

��
��
��
��	��

���	� 


����
��
��� 


�	��

���	� 


�

�

 �

 �

�
�

� �

�
�

� �

� �

�
�

� �

��������� �
� � �

�
�

�� �� �

Fig. 3. Adaptivity overcosts.

from ourability to adaptto runtimeparameters,suchasquerysizeor varyingaccesscosts
of predicates.

Consideringall thesebene�ts of a uni�ed framework, we now investigateandaddress
themajorbarriersfor its realization.As the�rst barrier, we needto de�ne a “comprehen-
sive” space,whichwedenoteasΩ, encompassingall possiblyoptimalalgorithmsto search
over. Second,asacon�icting goal,suchΩ shouldalsobe“focused”enoughto enableef�-
cientsearch.For SQLqueries,sinceaspaceis explicitly composedof relationaloperators
(e.g., joins andselections),analgorithmspaceΩ is, by de�nition, all queryplansof such
operatorsthatarealgebraicallyequivalent(e.g., by their commutativity andassociativity).
However, whatis a“queryplan”5 for atop-k query?It is notobvioushow atop-k query, as
anarbitraryscoringfunction,e.g., F = min(p1, p2), canbedecomposedinto logical tasks,
analogouslyto relationalqueries.

To thebestof our knowledge,our work is the �rst to realizesystematiccost-basedop-
timizationfor top-k queries,by overcomingthesedualbarriers.First, to de�ne a compre-
hensive space,weshow thatabstractingatop-k algorithmasanaccessschedulingproblem
enablesus to de�ne a comprehensive spaceΩ (Section4). Second,to de�ne a focused
space,we developtheinsightthatqueryprocessingcanfocus,without compromisingany
generality, ononly necessary choices (Section5), basedonwhichwede�ne acomprehen-
sive andfocusedalgorithmspace(Section6). With this comprehensive spaceΩ de�ned,
wefurtherreducethesearchspaceto reducetheoverheadof �nding theoptimalalgorithm
in the space.In particular, we adoptsystematicspacereductionschemes,suchasfocus-
ing on algorithmsperformingsortedaccess�rst beforeany randomaccessandthosewith
eachobjectfollowing thesamerandomaccessschedule,Wewill formally andempirically

5Weview our top-k retrieval asa“query” with a“queryplan”– In adifferentview, onemaythink rankingaspart
of arelationalqueryandthuscorrespondsto only an“operator.” To clarify, westressthatwefocusonmiddleware
scenarios,wherea rankingqueryitself is a completequeryspeci�edby scoringfunctionF andretrieval sizek.
Thus,weview top-k optimizationasidentifying theoptimalplanof schedulingvariousaccessesasoperators.

ACM TransactionsonDatabaseSystems,Vol. V, No. N, Month20YY.
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argue in Section7 that suchschemeseffectively reducesthe spacewithout signi�cantly
compromisingthecomprehensiveness.With thereducedspaceΩ, cost-basedoptimization
is to identify theoptimalalgorithmM opt in Ω, with respectto thecostmodelC, i.e.,

M opt = argminM∈ΩC(M ). (2)

This article is basedon andextendsthe“necessary-probeprinciple” studiedin our pre-
liminary work [ChangandHwang2002] (similar heuristicsbut speci�c to weighted sum
scoringfunctionswasalsostudiedin [Bruno et al. 2002]). However, in contrastto the
necessary-probeprinciplefocusingonly on schedulingrandomaccess(asour preliminary
work focuseson speci�c scenarioswhererandomaccesscostdominates),we generalize
thetechniquesto arbitraryaccesses(i.e., sortedaccessandrandomaccess)assumedby top-
k worksandthusachieve generalapplicabilityto any top-k scenarios.As we will discuss
in Section8, suchgeneralizationin factrequiresconsiderableextensions,assortedaccess
fundamentallydiffersfrom randomaccessandthussigni�cantly complicatesoptimization.

Weextensively validatethepracticalityandgeneralityof ourframework usingbothreal-
life sources(usingour travel agentbenchmarkscenarios)andsynthesizedarbitrarymid-
dlewarescenarios.Theresultsareindeedencouraging;our framework notonly uni�es but
alsooutperformstheexistingalgorithmsspeci�cally designedfor their scenarios.

In summary, wehighlightourcontributionsasfollows:

—Wede�ne acomprehensiveandfocusedalgorithm spacefor top-k queries,asanessen-
tial foundationfor their cost-basedoptimization.

—We developruntime optimization schemesfor searchingover thespaceto �nd a cost-
minimalalgorithm.

—We realizea conceptualuni�cation of existing algorithms.Our framework uni�es and
generalizesbeyondexistingalgorithms.

—We reportexperimentalevaluation usingbothreal-lifeandsyntheticscenariosto vali-
datethegeneralityandadaptivity of our framework.

2. RELATED WORK

As overviewedin Section1, many algorithmshavebeenproposedto supporttop-k queries
for variouscostscenarios,assummarizedin Figure2. In particular, Faginpioneeredwith
Algorithm FA [Fagin1996]for scenarioswhererandomandsortedaccessesaresupported
with uniform cost (the diagonalcells in Figure 2). Reference[Fagin et al. 2001] then
followed to proposea suite of algorithmsfor variousaccessscenarios,with a stronger
senseof optimality (i.e., instance optimality), e.g., TA (for uniform costscenarios),NRA
(whenrandomaccessis impossible),andTAZ (whensortedaccessis impossible).

While thesealgorithmsonly follow staticallydesignedbehaviors andthusdo not adapt
to runtimeaccesscosts,CA [Faginetal. 2001],SR-Combine [Balke et al. 2002],Quick-
Combine [Guentzeret al. 2000], andStream-Combine [Guentzeret al. 2001] attempt
limited runtimeoptimization. In particular, a representative algorithmCA [Fagin et al.
2001] alternatessortedandrandomaccessphasesaccordingto a runtimecostparameter
h = cri/csi. More speci�cally, unlike TA which alternatesa sortedaccessphasethena
randomaccessphase,CA alternatesh sortedaccessphasesthenarandomaccessphase,to
favor sortedaccesses(which is h timescheaper)over randomaccesses,in evaluatingthe

ACM TransactionsonDatabaseSystems,Vol. V, No. N, Month20YY.
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undeterminedpredicatescores.Theirheuristics-basedoptimizationhaslimited applicabil-
ity: Algorithm CA adaptsto a runtimeparameterh– i.e., thecostratio of randomversus
sortedaccesses,which is assumedto be thesamefor all predicates.In practice,suchan
assumptionis unlikely to hold: Acrossautonomoussourcesfor differentpredicates,this
ratio will bevarying(for Figure1a)or simply zero(for 1b). Therestthreealgorithmsuse
the partial derivative of scoringfunctionsasan indicatorto optimize,which may not be
applicableto all functions(e.g., F =min in Q1).

In comparison,by asystematic“cost-based”optimization,our framework complements
thecurrentmatrixof existingalgorithms:(1) By enumeratingacomprehensivespaceof al-
gorithms,our framework notonly uni�es existingalgorithmsbut alsoextendsto scenarios
wherecurrentalgorithmshave not covered(e.g., “none” cell in Figure2 andmorescenar-
ios not describedby the �gure). (2) By runtimesearchover suchspace,our cost-based
optimizationsystematicallyoptimizeswith respectto runtimeparameters,unlike existing
algorithmswith ratherlimited andpartialadaptation.

Ourframework extendsandgeneralizesourpreliminarywork MPro [ChangandHwang
2002]. In particular, weextendMPro from focusingonly onschedulingrandomaccess(as
randomaccesscostdominatesin its expensive randomaccessscenarios)into a complete
framework schedulingarbitraryaccessesassumedby top-k works,i.e., randomaccessand
sortedaccess,andthusachievegeneralapplicabilityto any top-k scenarios.Section8 will
furtherdiscusstheimplicationof suchextension.

Meanwhile,wenotethatUpper [Brunoetal.2002]hasalsodevelopedsimilarheuristics
for the sameexpensive randomaccessscenariosasMPro. However, in addition to the
samelimited focuson only randomaccesses,their runtimeadaptationheuristicsfurther
speci�cally assumesweighted average scoringfunctions. In contrast,we proposea more
generaladaptationframework, which enablesto generalizeUpper to not only arbitrary
(randomandsorted)accessesbut alsoany monotonicfunctions.

Finally, ranked querieshave also beenstudiedfor relational databases:References
[Carey and Kossmann1997; 1998] presentoptimization techniquesfor exploiting the
limited cardinalitiesof ranked queries.References[ChaudhuriandGravano1999;Don-
jerkovic andRamakrishnan1999] thenproposeto exploit probabilisticdistributionsand
histogramsrespectively, to processrankqueriesasequivalentBooleanselections.

3. MOTIVATION

While assortedalgorithmshave beenproposedfor supportingtop-k queries,assumma-
rizedby thematrix over variousaccessscenarios(in Figure2), thecurrentmatrix is lack-
ing in many aspects:In additionto lackingin termsof generalityandadaptivity asSection
1 discussed,the currentmatrix lacksconceptualunification. While theseassortedalgo-
rithms,asdesignedfor differentscenarios,naturallybehavedifferently, they seemto share
somesubtlesimilarity; e.g., they keepretrieved objectsin someorder and terminateat
somethresholdcondition. Suchresemblancemakesus naturallywonderif they canbe
subsumedby a uni�ed framework: This framework will complementexisting works, by
combiningtheminto a single“one-�ts-all” implementation,while providing insightson
how to supporttheaccessscenariosyet to bestudied.

To ful�ll thesecritical lackings,weproposeageneralanduni�ed runtimeoptimization.
We stressthat, in contrastto our runtimeoptimization,mostcurrentalgorithmsarepro-
vided with a static (by design)guaranteeof instance optimality [Fagin et al. 2001]: An

ACM TransactionsonDatabaseSystems,Vol. V, No. N, Month20YY.
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algorithmB is optimaloveraclassof algorithmsA andaclassof databasesD, if for every
A 2 A andD 2 D, C(B,D) = O(C(A,D)), for a chosencostfunctionC. Thus,it allows
anoptimality ratio c suchthatC(B,D) � c � C(A,D) + c′, asa tolerablecostdistanceto
“absoluteoptimality”. In thelackof runtimeoptimization,suchastaticguaranteehaspre-
vailedin previoustop-k works,asit providesaratherstrongoptimalityguarantee,i.e., over
any algorithmA anddatainstanceD. However, we stressthattheoptimality ratio c is not
a constantbut variesover problemsizes,e.g., accordingto [Faginet al. 2001],c canbeup
to m(m � 1)+m cri

csi
for TA for m predicateswith aunit sortedandrandomaccesscostcsi

andcri respectively. In otherwords,asvaryingcostratiosandquerysizesarecommonin
practice,thedistancec is in many casesnot aconstantto beignoredin optimization:First,
by ignoringaccess cost ratios in optimization,morespeci�cally 8i, j : csi

csj
= cri

crj
= 1,

the optimality is meaningfulonly to limited uniform-costscenarios,e.g., the cells in the
currentmatrix. However, actualapplicationscenariosareunlikely to be uniform, espe-
cially over autonomousmiddlewaresources(e.g., cr2

cr1
= 20 in Figure1a). Second,by

ignoringquery size in optimization,or thenumberof predicates,theoptimality is reduced
only with respectto database size. For processinga top-k query(aswell as traditional
Booleanqueries),the problem size of answeringQ over databaseD is characterizedby
boththequerysize(i.e., jQj = m) andthedatabasesize(i.e., jDj = n). However, instance
optimality assumesm asa constant,which reducestheoptimality to only with respectto
the numberof objectsevaluated;regardless of the predicateseachobjectevaluates.(To
contrast,Booleanqueryoptimizers,e.g., [HellersteinandStonebraker1993],mainlystrive
to minimizesuchpredicateaccesscosts.)By systematicallyadaptingto all theseruntime
costparameters,our framework aimsat generallyoptimizing for virtually all accesssce-
narios(asbrie�y demonstratedin Section1).

Ourgoalis thusto developanoptimizationframework thatconceptuallyuni�es existing
algorithms.For sucha framework, we take a cost-basedoptimizationapproach.Towards
thegoal,our �rst taskis to de�ne thealgorithmspaceΩ (Eq. 2) to searchover. As moti-
vatedin Section1, sucha spacemustbecomprehensive spacefor top-k queries.Section
4 de�nes a comprehensive spacefor top-k queriesby abstractinga top-k algorithmasan
accessschedulingproblem.Wethenstudy, to de�ne a focused space,how to decomposea
top-k queryinto logical tasksto guidenarrowing down thespace,just aswe enumeratea
comprehensiveandfocusedspacefor SQLqueriesby enumeratingall queryplansof logi-
cal relationaloperators.Section5 identi�es therequiredinformationfor answeringatop-k
queryanddecomposesit into logical tasks,basedonwhichwede�ne acomprehensiveand
focusedalgorithmspacefor top-k queriesin Section6.

4. DEFINING A COMPREHENSIVE SPACE

This sectionnow tacklesthe �rst challengeof de�ning a “comprehensive” spacethaten-
compassesall possiblealgorithms. Towardsthe goal, to understanda top-k algorithm
constitutingsucha space,we begin with consideringan examplealgorithm(asExample
2 will show) – As our runningexamplequery, we will considerQ1 (from Example1) for
�nding top-1 restaurant,i.e., thussettingretrieval sizek = 1. For our illustration, let's
assumeDataset1 (Figure5) asour examplerestaurant“objects” (i.e., u1, u2, andu3) and
theirscores(whichcanonly beknown by accessingthesources).GivenQ1 asinput,top-k
algorithmswill returnananswerK = f u3:0.7g, i.e., u3 is thetop-rankedobjectwith score
F [u3]=0.7.

ACM TransactionsonDatabaseSystems,Vol. V, No. N, Month20YY.
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(a)AlgorithmM1 (or TA) (b) AlgorithmM2

(c) AlgorithmM3 (d) AlgorithmM4

Fig. 6. Examplealgorithms.

Recallthat,asSection1 mentioned,thispaperfocusesonmiddleware algorithms. Since
a middlewarecannotmanipulatedatadirectly, it relieson accessmethodssupportedby
sources:1) sorted accesson predicatepi, denotedsai; or 2) random accesson predicate
pi for objectuj , denotedrai(uj). To contrast,wenotethatthetwo typesof accessesdiffer
fundamentallyin two aspects:

� side-effects: Sortedaccesssai hasside-effects;To illustrate,in Figure5, the �rst sa1

not only evaluatesp1[u3]=.7 with the highestp1 scorebut alsobounds the “maximal-
possible”scoreof p1 for every “unseen”objects,e.g., u1 andu2, with this last-seen
score–e.g., p1[u1] � .7. In contrast,randomaccessrai(uj) hasno effect on other
objectsthanuj itself.

� progressiveness: Sortedaccesssai is progressive in that repeatedaccessesgive more
information: For instance,repeatedsa1 evaluatesu3, u1, andu2 in turn, asaccessing
deeper into p1's sortedlist. Meanwhilerai(uj) returnspi[uj ] every timeandthusneed
notberepeated.

ACM TransactionsonDatabaseSystems,Vol. V, No. N, Month20YY.
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Built upon theseaccessmethods,to answera query, an algorithmperformsaccesses
to gathernecessaryscores.To illustratehow it works,Figure6 illustratesexamplealgo-
rithms,usinga“sorted” list for eachpredicate–referto Figure6(a)for p1 andp2– in which
objectsareorderedby thecorrespondingpredicatescores.On thesortedlist, we will use
# and to representsortedandrandomaccessesperformedrespectively, andannotateby
their “time” of access,e.g.,  2 in Figure6(a)onp2 representsAlgorithm M 1 performsa
randomaccessat time2, for p2 on thepointedobjectu3.

Example2 (ExampleAlgorithm): We illustrate,asFigure6(a) shows, how Algorithm
TA [Fagin et al. 2001], a representative algorithm,processesQ1 in Figure6(a): At time
1, it performssortedaccessessa1 andsa2 in parallel(asrepresentedby #1), which eval-
uatep1[u3]=.7 andp2[u2]=.9, with thehighestp1 andp2 scorerespectively. At time 2, it
computesthe �nal scoresof theobjectsjust seen,i.e., u3 andu2, by performingrandom
accessesra2(u3) andra1(u2) (asrepresentedby  2). Thealgorithmcannow terminate,
as the �nal scoreof u3, i.e., F [u3] = min(0.7, 0.7) = 0.7, is no lessthan that of the
“unseen”object (i.e., u1)– As p1[u1] is boundedby the “side-effect”, i.e., p1[u1] � .7,
F [u1] = min(p1[u1], p2[u1]) cannotbehigherthanF [u3] = .7.

As Example2 shows one possiblealgorithm (i.e., M 1 as TA), dependingon which
accessesareperformedat a time, therecanbe many differentalgorithmsansweringthe
samequery. To illustrate,considerexamplealgorithmsansweringQ1 in Figure6: M 2

performsthesameaccessesasTA but oneat a time andM 3 evaluatesexhaustively using
sortedaccesses.Differentalgorithms,by performingdifferentaccessesin differentorders,
incur different costs. For instance,M 4 cananswerthe samequery, performingonly a
part of accessesthat Algorithm TA performs(as we will seein Example6). Our goal
is thusto identify the costoptimal algorithm,amongmany possiblealgorithms. Toward
thegoal,we mustguaranteethealgorithmspaceincludestheoptimalalgorithm: For this
guarantee,we�rst formalizethenotionof cost comprehensiveness (asFigure4 illustrates):
While a spaceΩ may not encompassthe “universe” U of all possiblealgorithms,it is
comprehensive,with respectto somecostfunction,if any arbitraryalgorithmM in U can
�nd its “counterpart”M ′ in theΩ thatanswersthesamequerywith no more cost.SuchΩ
is thuscomprehensive enoughfor optimization;no algorithmsoutsideof thespacecanbe
betterthanall algorithmsin thespace,sinceits counterpartM ′ is at leastasgoodasM .
We formalizethis notionof “comprehensiveness”below, which providesa foundationfor
�nding suchaspace.

De�nition 1 (CostComprehensiveness):A spaceΩ is cost comprehensive with respect
to costfunctionC, if for any arbitraryalgorithmM , queryQ, anddatasetD, thereexists
analgorithmM ′ 2 Ω answeringQ over D with nomorecost,i.e.,

C(M ′) � C(M ).

In summary, while U is ouruniversein principle,if somespaceΩ satis�escostcompre-
hensiveness(De�nition 1), it is suf�cient tosearchin Ω insteadof U, i.e., argmin

M ∈UC(M )
= argminM ∈ΩC(M ) : As a key contribution,we identify suchcomprehensive spaceΩ,
for our objective of minimizing total accesscosts(Eq.1): As a key insight,observe Algo-
rithm M 2 (Figure6b) performingtheexactsamesetof accessesasM 1 (Figure6a)only
oneata time: By performingthesamesetof accesses,thetwo algorithmsanswerthesame
querywith theexactsamecost,with respectto our objective costfunction(Eq.1), which
aggregatesthecostsof all accesses.
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while (P hasnotgatheredsuf�cient scoringinformation
for determiningK):

selectA from any possibleaccessessai andr ai ;
performA; updateK; P ← P ∪ {A};

Fig. 7. Algorithm “skeleton”SEQ.

Generalizingtheobservation,justasM 1 hasasequentialcounterpartM 2, any M 2 U
hasasequentialcounterpartM ′, whichperformsthesameaccessessequentially, suchthat
C(M ′) � C(M ). Consequently, aspaceof all sequentialalgorithmsis indeedcomprehen-
sive with respectto our objective costfunction–No algorithmoutsideof thespacecanbe
betterthanall algorithmsin thespace.

Thiscomprehensivenessensuresthatwewill notmisstheoptimalalgorithm,by consid-
eringonly sequentialalgorithms6. Moreformally, wemodelsuchsequentialalgorithmsby
theskeletonSEQ in Figure7 generatingall possiblesequentialalgorithms:At any point
duringsuchexecution,let P (the“accesses-so-far”) betheaccessesperformedsofar (ini-
tially empty),sequentialalgorithmscontinue(in thewhile-loop) to selectandperforman
accessoneat eachiteration, until P hasgatheredsuf�cient informationto determinethe
top-k answersK.

We cannow abstracta top-k algorithmasan accessschedulingproblemto minimize
accesscosts. Our goal is thus,amonga spaceof possibleaccessscheduling,or a space
generatedby the skeletonSEQ, which we denoteas G(SEQ), to searchfor the cost-
optimaloneM opt, with respectto thecostscenario,i.e.,

M opt = argmin
M∈G(SEQ)

C(M ). (3)

Whilewehavesuccessfulful�lled our�rst objectiveof achieving thecomprehensiveness
(asSection3 motivated),we arenow facingthe secondchallengeof de�ning a focused
space:Unfortunately, thoughcomprehensive, G(SEQ) is extremelylarge, asalgorithms
varydependingonaccessA selectedateachiteration,whichcanbeany amongahugeset
of supportedaccesses–To illustrate,for n = 100000 objectswith m = 5 predicates,at
eachiteration,therecanbeasmany asm + m � n = 500005 differentsupportedaccesses
to choosefrom, as our framework do not make “no wild guess”assumption.(Note, if
with this assumption,randomaccessesare restrictedto seenobjectsand thus the upper
boundwill besmaller.) G(SEQ) is thussimply too largeto identify theoptimalalgorithm
ef�ciently . Our next goal is thusto re�ne thespaceto beasfocusedaspossible,without
compromisingthecomprehensiveness.

Towardsthegoal,asSection3 motivated,it is critical to �rst decomposea top-k query
into “logical tasks”asbuilding blocks,asSection5 will develop,basedonwhichwede�ne
acomprehensive andfocusedsearchspacein Section6.

6While parallelizationcannotcontribute to our optimizationobjective of Eq 1 (or total resourceusage),it may
bene�t elapsedtime whensourcescanhandleconcurrentaccesses,e.g., asWebsourcestypically do. Section9
will show thatsuchparallelizationcansuccessfully“build upon”ouraccessminimizationframework.
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5. DEFINING A FOCUSED SPACE

We now ask a fundamentalquestion: While accessmethodsare “physical means”for
gatheringobject scores,what are “logical tasks” that a top-k query must ful�ll? Such
logical tasksaredeterminedonly by theobjective of a query, andit is independentof any
physical implementation.That is, any algorithms(with whatever accessmethods)must
successfullycarry out thesetasks. Sucha logical view is thusa critical foundationfor
systematicalgorithmdesign.

5.1 Logical View: Scoring Tasks

Sincea top-k queryis notexplicitly constructedwith operators(unlike relationalqueries),
its logical tasksarenot clearfrom the queryitself. To identify logical tasks,we take an
“information-theoretic”view andask–What is the required informationfor answeringa
top-k query? Given a databaseD= f u1, . . . , ung, any algorithmM mustgathercertain
scoreinformationfor each objectuj , to determinethetop-k. We canthus“compose”the
work of M by a setof requiredscoring tasks, f w1, . . . , wng. To de�ne suchtasks,let
K= f v1, . . . , vkg bethetop-k answers(whereeachvi representssomeuj from D). In this
paper, we assumeapplicationsrequiretop-k answersto becompletelyevaluated.A task
wj is thusto gatherthe(exactor partial)scoresof objectuj , by usingrelevantaccesses,in
orderto either(if uj 2 K) computeuj 's completescoreor elseprove that it cannotscore
higherthanvk (thekth answer).

De�nition 2 (ScoringTasks): Consideratop-k queryQ = (F , k), with top-k answersK=
f v1, . . . , vkg. Thescoring task wj for objectuj is:
1. for uj 2 K: wj mustcomputethefinal F [uj ] score;or
2. otherwise:wj mustindicate(by somepartialscores)themaximal-possible F [uj ] score,

tight enoughto supportthatF [uj ] < F [vk]. 7

As a remark,notethat thesetasksarespeci�ed with given K (the top-k answers)and
F [vk] (thekth score).Thesevalues,unfortunately, will remainundeterminedbeforequery
processingis fully completed–For this “task view” to be useful, our challenge(as we
will discuss)is thusto developmechanismsfor identifying unsatis�edtasksduring query
processing,beforeK andF [vk] areknown.

Example3 (ScoringTasks): Considerour runningexampleQ1 over D1 = f u1, u2, u3g
(Figure5): For k = 1, theansweris K= f u3g with F [u3]=.7 (thesevaluesarenot known
until Q1 is processed).Wecanspecifythescoringtasksf w1, w2, w3g for thethreeobjects
asfollows.

Considertaskw3: Sinceu3 2 K, w3 mustgatherall predicatescores–p1[u3] andp2[u3]–
for computingF [u3]. Notew3 cando so in variousways,e.g., by onesortedaccesssa1

into p1 (which hits u3 and returnsp1[u3]=.7) and a randomaccessra2(u3) (returning
p2[u3]=.7).

To contrast,taskw2 for u2 (andsimilarly w1 for u1) needsonly to prove, by gathering
somepartialscores,thatF [u2] < F [u3]=.7. To doso,w2 canuse,say, two sortedaccesses

7Notethat,to give deterministicsemantics,we assumethatthereareno tiesin F scores–otherwise,a determin-
istic “tie-breaker” functioncanbeusedto determineanorder, e.g., by uniqueobjectIDs. Suchenforcementof
certaintie breaker enablesoptimizationto comparecandidatealgorithmsthat returntheexactsamesetof top-k
results.
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OID p1 p2 F
u1 .65 � :9 � :65
u2 :6 .9 :6
u3 .7 � :9 � :7

Fig. 8. Thescorestateof Example4.

sa1 into p1, whichreturn�rst p1[u3]=.7andthenp1[u1]=.65: Now, sinceu2 is still unseen
from thesortedlist of p1, it is boundedby thelast-seenscore,i.e., p1[u2] � .65. As F [u2]
= min(p1[u2], p2[u2]), F [u2] cannotbehigherthanp1[u2], i.e., F [u2] � .65 < .7.

We stressthat thesescoringtasksarebothnecessaryandatomic:First, eachwj is nec-
essary: If any wj is not satis�ed,M cannotproperlyhandleobjectuj– 1) if uj is a top-k
answer, M cannotreturnits �nal score;2) otherwise,withoutproving F [uj ] < F [vk], M
cannotsafelyexcludeuj from thetop-k. Second,eachwj , asa per-objecttask,is atomic:
For arbitraryF , wj cannotgenerallybedecomposedinto smallerrequiredsubtasks.For
case(1) of De�nition 2,whenuj 2 K, obviouslyall predicatescoresarerequired.For case
(2), no subsetsof uj 'spredicatescoresareabsolutelyrequired,aslongastheupper-bound
inequalitycanbeproved.

In summary, wenow view queryprocessingasequivalent to ful�lling asetof (necessary
andatomic) tasksf w1, . . . , wng– Eachtaskwj , for objectuj , gathersthe requiredper-
objectinformation.Only when(andclearlywhen)all thetasksareful�lled, thequerycan
beanswered.

5.2 Identifying Unsatis�ed Tasks

At any pointduringprocessing,somescoringtask(de�ned in De�nition 2) is “unsatis�ed”.
Formally, atany point,scoringtaskwj is unsatisfied with respectto theaccessesperformed
so far, if thescoringtaskin De�nition 2 is yet to be ful�lled. For example,whenobject
ui is oneof thetop-k resultsandit is only partially evaluatedat thepoint, its scoringtask
wi is consideredto beunsatis�edandui still needsto befurtherevaluated.To focusquery
processing,it is critical to identify unsatis�edtasksandcompletesuchtasks�rst. However,
during queryprocessing,it is challengingto judgewhethera task is satis�ed, sinceK=
f v1, . . . , vkg, which our taskspeci�cation(De�nition 2) requires,is not determineduntil
theveryend.

In fact, for our purpose,we canaddressa slightly differentproblem: Given a set of
“accesses-so-far” P that hasbeenperformed,canwe �nd any unsatis�edtask? Instead
of identifying all, for queryprocessingto move on, it is suf�cient to �nd just one. (Note
any unsatis�edtaskmusteventuallybeful�lled.) Our insight is, by comparingthe“score
state”of objects,we canalwaysreasonsometasksto beclearlyunsatis�ed,regardlessof
theeventualresultK.

Example4 (Unsatis�ed Tasks): ConsiderQ1 over D1: Suppose,at somepoint,we have
performedP = f sa1, sa1, sa2, ra1(u2)g. Referringto Figure5, theseaccesseswill gather
thefollowing scoreinformation:
� Thetwo sortedaccessessa1 on p1 will hit p1[u3] = .7 andp1[u1] = .65. Dueto “side-

effect” (Section4), the“unseen”objects(i.e., u2) will beboundedby thelast-seenscore,
i.e., p1[u2] � .65.
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� Theonesortedaccesssa2 onp2 will returnp2[u2] = .9, andsetupperboundsp2[u1] �
.9 andp2[u3] � .9.

� Therandomaccessra1(u2) returnsp1[u2] = .6.

Putting together, Figure 8 summarizesthe current“score state.” For u1: The above
accessesgatheredp1[u1] = .65 andp2[u1] � .9, andthusF [u1] � min(.65, .9) = .65.
Similarly, F [u2] = .6 andF [u3] � .7

At this point, while we do not know whatK will be (asDe�nition 2 requires),we can
identify at least thescoringtaskw3 for u3 asunsatis�ed,no matter whatK is:
� if u3 2 K (i.e., u3 will eventuallybe the top-1): w3 needsto gatherexact p2[u3] to

computetheF score.
� if u3 62K: in this case,the top-1 is u1 or u2, with F scoresof at most .65 and .6

respectively (Figure8)–Thus,thetop-1 score(i.e., F [vk] in De�nition 2) is atmost.65.
Clearly, w3 hasnot provedthatF [u3] � .65, sinceu3 canscoreashighas.7.

As Example4 hints,taskwj is unsatis�ed,if uj has“potential” to bein thetop-k results
K. For suchuj (e.g., u3), regardlessof what K will be, we mustknow moreaboutits
scoresto declareit aseithertop-k or not. We thusidentify whetherwj is unsatis�edas
follows: We quantify the current“potential” of uj (with respectto P), anddetermineif
thispotentialis highenoughto make thetop-k results.

To begin with, we measurecurrent potential of an object by its “maximal-possible”
score.De�ne F P [uj ] asthemaximalscorethatuj maypossiblyachieve,giventhepartial
scoresthat “accesses-so-far” P hasgathered.As a standardassumption,F is monotonic,
i.e., F (x1, . . . , xm) � F (y1, � � � , ym) when8i : xi � yi: We thuscancomputeF P [uj ]
by substitutingunevaluatedpredicateswith their maximal-possiblescores–Notethatpi is
boundedby the last-seenscorefrom its sortedaccesses,denotedpi. (Section4 discussed
such“side-effects” of sortedaccesses.)For instance,asFigure8 shows,F P(p1, p2)[u1] =
min(p1[u1] = .65, p2 = .9)=.65.Thus,formally, F P(p1, . . . , pm)[uj ] =

F
(

pi = pi[uj ] if P hasdeterminedpi[uj ]
pi = pi otherwise.

8i

)

(4)

Further, wefocusonthecurrenttop-k objectsby theirpotentials.Let KP = f v1, . . ., vkg
bethesecurrenttopobjectsrankedby theirF P scores.(To illustrate,in Example4, KP =
f u3g.) Therearetwo situations,dependingon if any currenttopobjectsare“incomplete”:

First, if KP containsany incomplete object–onethathasnot beenfully evaluated(i.e.,
with only partial scores):As Example4 arguedfor u3 (an incompletetop-1), suchvj

needsfurther accesseseitherway, by De�nition 2: 1) If vj is indeedthe �nal top-k, it
needscompleteevaluation.2) Else,it needsfurtheraccessesto lower its maximal-possible
score,to be safelyexcludedfrom top-k. Thus,taskwj for suchincompletevj is clearly
unsatis�ed.

Second, if all objectsv1, . . ., vk in KP arecomplete:Thesecurrent top-k with respect
to P are now indeedthe final top-k (i.e., KP = K) (and the query can halt with these
answers).To seewhy, we make two observations: 1) Every vj 2 KP is completeand
thushasits exactscore,i.e., F [vj ] = F P [vj ]. 2) Every objectui 62KP , with thecurrent
ranking,hasits maximal-possiblescorelower thantheabove exactscores,i.e., 8vj 2 K :
F P [ui] � F [vj ]. It followsthatthosevj arethetop-k answers,fully evaluated.With these
two observations,De�nition 2 will declareall scoringtasksaresatis�ed andthusquery
processingcanindeedhalt.
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Theorem1 statesour resultson identifyingunsatis�edtasks.

Theorem1 (Unsatis�ed ScoringTasks): Considera top-k queryQ = (F , k) over D =
f u1, . . . , ung. With respectto asetP of performedaccesses,let KP = f v1, . . ., vkg bethe
currenttop-k objectsrankedby F P [�].
1. 8vj 2 KP s.t. vj hasnotbeencompletelyevaluated,its scoringtaskwj is unsatis�ed.
2. If all vj 'sarecomplete,theneveryscoringtaskwj , 8uj 2 D, is satis�ed,andKP is the

top-k results.

PROOF. (1) If vj 2 KP hasnotbeencompletelyevaluated,its scoringtaskwj is unsat-
is�ed: No matterwhatK will eventuallybe,therearetwo possiblesituations:

If vj 2 K: As its scoringtaskwj mustcomputeF [vj ], thetaskis not completeuntil we
gatherpi[vj ] for every unevaluatedpredicatepi of vj– sincevj hasnot beencompletely
evaluated,suchpi mustexist andthuswj is still unsatis�ed(by De�nition 2, Case1). If vj

62K: Supposeits scoringtaskwj is satis�ed: It will indicatethatthereareat least k objects
u (e.g., thosein K) satisfyingF P [vj ] < F [u], which in turn satisfyF P [vj ] < F P [u] ,
asF [u] � F P [u]. Meanwhile,asvj 2 KP , thereareat most k � 1 objectsu F P [vj ] <

F P [u], acontradiction.

(2) If all vj 's arecomplete,F [vj ] = F P [vj ] > F P [u] � F [u], 8 u 62KP , and thus
KP = K. With this,wecanshow thatscoringtaskwi is satis�ed,for everyui 2 D.

8ui 2 KP=K: As every ui 2 K hasbeencompletelyevaluated,wi is satis�ed (by
De�nition 2, Case1).

8ui 62KP=K: As F [vj ] > F [ui], 8vj 2 K (asshown above), wi is thussatis�ed (by
De�nition 2, Case2).

In summary, Theorem1 statesthat,at any point, top-k objectsneedto befurtherevalu-
ated,i.e., at leastoneor moresortedor randomaccesson its unevaluatedpredicateson the
currenttop-k objectsat any point. However, notethat, it doesnot necessarilymeansuch
objectsneedto beevaluatedcompletely.

Theorem1 thusprovidesan importantbasisfor constructinga focusedspace,by guar-
anteeingto identify unsatis�edtasks,if any: Condition2 givesa preciseway to determine
if therestill exist any unsatis�edtasks,while Condition1 will identify at leastsomeof
them(i.e., thoseincompletevj). Meanwhile,noteit makesno assumptionson particular
“physical” accesses–We canthusgenerallyusearbitrarytop-k accesses,not only random
accessesasin [ChangandHwang2002]but alsosortedaccesseswith progressivenessand
side-effectsaswell (Section4).

6. PUTTING TOGETHER: FRAMEWORK NC

This sectiondevelopsa spacethat is both comprehensive and focused. Built upon our
algorithm abstraction(Section4) and task decomposition(Section5), Section6.1 �rst
developsaframework NC which inducessuchanalgorithmspace.Section6.2thenshows
thatthespaceinducedis bothcomprehensive andfocused.

6.1 The Framework

Recall that, in relationalqueries,this spaceis inducedby an algebraic“framework”: As
a query is composedof relationaloperators,an algorithmspaceconsistsof thosequery
plansthatareequivalentalgebraically. Thealgebraicframework inducesa spaceof query
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Framework NC(Q, D): NecessaryChoices
Input: query Q = (F (p1; : : : ; pm ), k),

databaseD= f u1; : : : ; un g
Output: K, top-k objects from D w.r.t. to F
(1) P  � ; == accesses-so-far
(2) KP  f v1; : : : ; vk j top-k from D ranked by F P [�]g;
(3) while (true)
(4) U  f vj jvj 2 KP ; vj is incompleteg)
(5) if (U== fg ) break;
(6) vj  any object in U; == e.g., the highest-ranked
(7) N j  f sai ; r ai (vj )j pi [vj ] is undetermined by Pg;
(8) alternatives N j ;
(9) SelectaccessA from alternatives;== accessselection.
(10) perform A; update KP ; P  P [ f Ag;
(11)return K= KP ;

Fig. 9. Framework NC.

plans,eachasa differentschedule.Optimizationis to �nd a goodscheduleof operations,
conformingto theframework.

Built on this insight, we develop a framework that, by schedulingandperformingan
accessoneby oneateachiteration,generatesaspaceof algorithms.For instance,a frame-
work, whereany supportedaccessescanbescheduledat iteration,is essentiallya template
SEQ renderingaspaceof all sequentialalgorithms(Section4). In contrast,in thissection,
to rendera morefocusedspace,we develop a framework that hingeson the insight that
queryprocessingcanfocuson only unsatis�edtasks,without compromisingoptimality.
Thatis, our framework will �rst identify someunsatis�edtaskwj andthenfocusselection
on only thoseaccessesfor ful�lling wj .

This insight is built on taskdecomposition(Section5)– that top-k queryprocessingis
equivalent to ful�lling asetof (necessaryandatomic)tasksf w1, . . . , wng. With this “task
view,” duringprocessing,whena setof accessesP hasbeenperformed,we canidentify
unsatis�edtasks,by Theorem1. (Whenall tasksaresatis�ed,queryprocessingcanhalt,
asTheorem1 alsoasserts.)For any unsatis�edwj , we canconstructa setof accessesNj ,
specifically for satisfyingwj , by collectingall andonly accessesthatcanfurtherprocess
wj– Theseaccessesconstitutethenecessary choices for ful�lling wj . More precisely, Nj

will consistof any (randomor sorted)accessesthatcanreturn(exactor bounding)scores
aboutuj 'sunevaluatedpredicates.(As Theorem1 states,for suchunsatis�edwj , its object
uj mustbestill incomplete.)

Example5 (NecessaryChoices): Continueour runningexample. Example4 identi�ed
that taskw3 is unsatis�ed,for objectu3, with a scorestate(p1=.7, p2 � .9 ! F � .7), as
Figure8 shows. Note thatw3 is unsatis�ed,sincetheaccesses-so-far P hasnot gathered
suf�cient informationfor u3 (for eithercaseof De�nition 2). To satisfyw3, wemustknow
more on u3, especiallypredicatep2 with unknown score,using someof the following
accesses:

� Sortedaccesseson p2: Performingsa2 can lower the upperboundof p2[u3]: As P
(Example4) hasalreadyonesa2, thenext sa2 will returnu1 with score.8 (Figure5).
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This new last-seenscoreby sa2 will give u3 a “tighter” boundfor p2 (from � .9 to
� .8).

� Randomaccessonp2: Performingra2(u3) will returntheexactscoreof u3 for p2, thus
turningu3 into completelyevaluated,with scorestate(p1=.7,p2=.7 ! F =.7). In fact,
w3 is now satis�ed.

Puttingtogether, N3 is thusf sa2, ra2(u3)g.

Theorem2 (NecessaryChoices): Givena setof performedaccessesP, let wj beanun-
satis�edscoringtask,for objectuj . Thenecessary choices for wj with respectto P is Nj

= f sai, rai(uj) j pi[uj ] is undeterminedby Pg, without performingat leastoneof which
wj remainsunsatis�ed.

PROOF. If vj 2 K: As its scoringtaskwj mustcomputeF [vj ], wj remainsunsatis�ed
until we gatherpi[vj ] for every unevaluatedpredicatepi of vj eitherby rai(vj), or by sai

accessingvj , for all unevaluatedpredicatepi.
If vj 62K: As its scoringtaskwj requiresto lower the upperboundof vj below the

top-k results,wj remainsunsatis�eduntil we lower theupperboundof vj eitherby eval-
uatingunevaluatedpredicateby rai(vj), or by lowering theupperboundsby sai, for all
unevaluatedpredicatepi.

ObserveFigure9 describingourframework NC: At eachiteration,it identi�es necessary
choices,with Theorem1 to guidethisprocess.At any point,NC maintainsKP , thecurrent
top-k objectswith respectto accesses-so-farP, rankedby maximal-possiblescoresF P [�].
Someobjectsin KP may still be incomplete,which variableU collects. As Theorem1
speci�es,therearetwo situations:

1. If U = φ: As all top-k objectsarecomplete,Theorem1 assertsno moreunsatis�ed
tasks,which is thus the terminationconditionof NC: NC will breakthe while-loop
(sinceU = φ), andreturnKP .

2. Otherwise: SinceU 6= φ, thereare incompletetop-k objects. Any suchobject vj

correspondsto an unsatis�edtaskwj , by Theorem1. NC arbitrarily picks any such
vj (say, the highest-ranked one)without compromisingoptimality, andconstructsthe
necessarychoicesNj (by Theorem2) asalternatives for selectingfurtheraccess.As
eachunstati�ed taskremainunsati�eduntil at leastoneamongits necessarychoicesis
performed,arbitrarily picking oneof suchunsatis�edtasksdoesnot compromisethe
optimality.

NotethatNC essentiallyreliesonTheorem1 to isolateasetof necessarychoices.The-
orem1 enablesaneffective way to searchfor necessarychoices,by maintainingKP , the
currenttop-k objects.Thus,a “searchmechanism”for �nding unsatis�edtasksshouldre-
turn top-k objectswhenrequested– e.g., a priority queue thatordersobjectsby maximal-
possiblescoresaspriorities.Notethat,initially, all objectshavethesamemaximal-possible
score(i.e., aperfect1.0).This initial conditionis simplyaspecialcaseof ties: In principle,
NC will initialize (in Step2) KP with somedeterministictie-breakingorder(Section5).
While any tie-breaker canbeused,for thesake of presentation,our exampleswill assume
someOID asatie-breaker, e.g., whenui anduj tie andi > j, thenweconsiderui outranks
uj .

Observethat,whenk > 1, theremaybemultiple incompletevj in KP , ateachiteration.
WestressthatNC cansimplychooseany suchvj to proceed,e.g., theonewith thehighest
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step p1 p2 KP alternatives Select
1. 1 1 f u3g N3= f sa1; sa2; r a1(u3); r a2(u3)g sa1

2. 0.7 1 f u3g N3= f sa2; r a2(u3)g ra2(u3)

Fig. 10. Illustrationof NC.

partialscore,andstill ensuresthecomprehensiveness.Thereasonis that,eachsuchvj des-
ignatesanunsatis�edtaskwj whichremainsunsatis�eduntil someaccessis performedfor
thetask,andis thus“equally” necessary. In otherwords,any Nj is “complete”(Theorem
3), which guaranteesthecomprehensivenessof thealgorithmspaceNC renders(Theorem
4). Example6 illustrateshow NC works.

Example6 (Framework NC): Figure10 shows the executionof algorithmM 4 (Figure
6d) that NC can generate:Initially, at Step1 (Figure 10), as all the maximal-possible
scorestie as1.0, KP is setto f u3g (by thehighestOID, our tie-breaker), which induces
alternatives=N3. Accordingto NC, M 4 thenSelect anaccess,sa1 in this case,among
thealternatives, which returnsp1[u3] = .7 (seeFigure5) andlowersp1 to .7.

At Step2, asall the maximal-possiblescorestie as .7, u3 remainsas the top in KP .
However, u3 now inducesa smallerN3, with accessesonly for its unevaluatedpredicate
p2. M 4 thenSelect ra2(u3), which returnsp2[u3] = .7 andcompletesu3 with F [u3]=.7.
SinceKP with u3 asthetop-1 is now fully complete,accordingto NC, M 4 will halt,with
total accessesP(M 4) = f sa1, ra2(u3)g.

6.2 Comprehensive and Focused Space

This sectionshows the spaceframework NC rendersis not only far more focusedthan
the spaceSEQ rendersbut alsosuf�ciently comprehensive. First, we note that NC, by
focusingononly necessarychoices,i.e., jalternativesj = 2 � m, it is clearlymorefocused
thanSEQ selectingan accessfrom any supportedaccesses,i.e., jalternativesj = m +
m � n. Further, we stressthat,althoughmorefocused,NC is still comprehensive enough
for optimization. This comprehensivenessresultsfrom the “completeness”propertyof
necessarychoices,whichNC usesasalternatives, aswe formally statebelow.

Theorem3 (N j Completeness):A setof necessarychoicesNj for everyj, NC identi�es
for an unsatis�edtaskwj is complete with respectto `accesses-so-far” P, suchthat any
algorithmhaving doneP mustcontinuewith at leastoneof Nj .

PROOF. Nj , by Theorem2, containsall accessesthatcancontribute to theunsatis�ed
taskwj . Sincewj is necessary(Section5.1), at least one accessin Nj mustbe further
executed,or wj cannotbe satis�ed andthusthe querycannotbe answered.Thus,Nj is
complete,with respectto accesses-so-farP.

This completenesspropertyensuresthat the spaceof algorithmsgeneratedby Frame-
work NC, denotedG(NC), is comprehensive for optimization(i.e., costcomprehensive-
nessin De�nition 1), asTheorem4 below states.With this guarantee,it is suf�cient to
searchonly within NC for anoptimalalgorithm.

Theorem4 (NC Comprehensiveness):For any algorithm M 1 with an accesscost C1

with respectto thecostmodelC(Eq.1), thereexistsanalgorithmM 2 in G(NC) with cost
C2, suchthatC2 � C1.
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PROOF. Considerany queryprocessingby M 1 (for somequeryQ over databaseD).
We will show thegeneralityof NC by constructing analgorithmM 2 in Framework NC
for thesameprocessing,suchthatM 2 costsnomorethanM 1.

Let P1 be the total accessesthat M 1 hasperformed,i.e., P(M 1) = P1. SinceM 2

follows the iterative framework (Figure10), let P j
2 be theaccessesof M 2 before the jth

iteration; initially, P1
2 = φ. Similarly, let alternativesj be alternatives of M 2 at jth

iteration.
Our proof is basedon thefollowing two lemmasL1 andL2 for every iterationj, which

weprove later.

� L1: alternativesj \ (P1 � P j
2) 6= φ, 8j.

� L2: P j
2 � P1, 8j.

Note that, by L1, we show NC can constructalgorithm M 2 to follow the accessof
M 1 at eachiteration.More speci�cally, for every iterationj, M 2 selectsoneaccessfrom
alternativesi thatis performedby M 1 but notyetby M 2, i.e., P1 � P j

2 , which is possible
if P j

2 � P1, 8j. Wethenshow, by L2, suchalgorithmM 2 incursnomoreaccessthanM 1,
whenM 2 haltsat someiterationj (denotedasM j

2) : P j
2 � P1. Note, this immediately

implies thatC(M j
2) � C(M 1) aswell, becauseour costfunction(Eq. 1) is “monotonic”

to accessesperformed:If M 1 performsmoretimesof every kind of accessthanM j
2, then

M 1 will have anoverall highercost,i.e., P(M j
2) � P(M 1) =) C(M j

2) � C(M 1). To
completetheproof, we now show by inductionthatL1 andL2 hold; we will alsospecify
the “behavior” of M 2 for eachiteration, to show how it canbe constructedin the NC
framework.

� j = 1: ConsiderL1: We notethat,by de�nition of theFramework NC, alternativesj is
“complete”–thatany algorithm(likeM 1) thathasperformedP j

2 musthaveperformed̀ in
addition' someaccessA amongalternativesj . Thus,asM 1 hasperformedP1

2 (trivially,
sinceP1

2 = φ), it musthaveperformedaccessA 2 alternatives1 in addition.Thatis, A is
in bothalternatives1 andP1 � P1

2 , andthusL2 holds.L2 is trivial, sinceinitially P1
2 = φ.

� j = k: As theinductionhypothesis,assumefor j = k, thelemmashold.
What shouldalgorithmM 2 do in eachiteration? We now constructM 2 for iteration

k: If M 2 exhaustsP1, which providesenoughinformationto answerQ, M 2 haltsright
beforethisiteration.Otherwise,NC requiresthatM 2 selectoneaccessfromalternativesk

to continue:We will let M 2 chooseanaccessAk that is alsoin P1 � Pk
2 – SuchAk must

exist by L2, i .e., Ak 2 alternativesk \ (P1 � Pk
2 ).

� j = k + 1: First, L1 holds: By L1 (just provedabove) thatPk+1
2 � P1, M 1 hasper-

formedPk+1
2 . By thecompletenessof alternativesk+1, M 1 musthaveperformed,̀ in ad-

dition' to Pk+1
2 , someaccessA 2 alternativesk+1. Thatis, A is in bothalternativesk+1

andP1 � Pk+1
2 , andthusL2 holds.

Second,L1 holds: Note that Pk+1
2 = Pk

2 [ f Akg. SincePk
2 � P1 (by the induction

hypothesisonL1) andAk 2 P1 � Pk
2 (by theconstructionof M 2), it followsthatPk+1

2 �
P1 holds.

In summary, we stressthatNC, asanalgorithmgeneratingframework, de�nesanopti-
mizationspacethat is comprehensive andfocused.Our goal, in principle, is thusto “in-
stantiate”anoptimalalgorithmM opt in G(NC), whichdependsonqueryanddata-speci�c
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factors.Section7 will discussoptimizationtechniquesfor �nding M opt suchthat,further
re�ning Eq.3:

M opt = argmin
M∈G(NC)

C(M ). (5)

7. SEARCH: DYNAMIC OPTIMIZATION

In thissection,wediscusshow to actuallyoptimizetop-k queries,usingFramework NC in
Section6. As brie�y discussed,with optimizationspaceG(NC) de�ned, queryoptimiza-
tion problemis now identifying thecostoptimalalgorithmM opt in Eq.5. For systematic
optimization,we mustaddressthefollowing threetasks,eachof which correspondsto its
counterpartin Booleanqueryoptimization:

1. Space reduction: While alreadymuchfocused,G(NC) is still too large for exhaustive
search.Wethusdesignasuiteof “systematic”techniquesto reducethespace,for which
wecanarguehow they retainthepromisingalgorithmsin thespace.

2. Cost estimation : As a groundto comparealgorithmsin thespace,theoptimizermust
be ableto estimatetheir cost. Our costestimationextendsthe insight of its Boolean
counterpart,aswewill discussin Section7.2.

3. Search : Within thespaceof algorithmswith their estimatedcosts,we designeffective
optimizationschemesto prioritize search.Similarly, Booleanoptimizationenumerates
plansin particularways,e.g., dynamicprogramming.

7.1 Space Reduction

While alreadymuchfocused,G(NC) is still too largefor exhaustive search:At eachiter-
ation,NC maySelect any typeof accesson any unevaluatedpredicatesof top-k objects.
We thusneedto further focuswithin NC, with some“systematic”reductiontechniques.
Thesetechniquescontribute in two ways: First, they reducethespacesigni�cantly, while
we canarguehow they retain the promisingalgorithmsfor consideration.Second,they
give“orders” to thereducedspace,sothatalgorithmcanbesystematicallyenumerated,by
varyinga few con�gurationparameters.In particular, we usethefollowing techniquesfor
optimization:

First, we chooseto focuson SR algorithms(for sorted-then-random),which perform
all sai on predicatepi, if exists,beforeany rai(�). We arguefocusingon suchalgorithms
allows usto reduceour planspacewith no “loss” of optimality–Lemma1 statesthat,for
any top-k algorithm,we have its SR-counterpartgatheringthe samescoreinformation,
with nomorecost.

Lemma 1 (SR -counterpart): For any algorithm M 1 2 G(NC), thereexists its SR-
counterpartM 2 with nomorecost,i.e., C(M 2) � C(M 1).

PROOF. We prove by constructingSR-counterpartM 2 of M 1 with no morecost.Let
P i

1 bethetotal accessesthatM 1 hasperformedonpi, i.e., P(M 1) =
∑

i P i
1. Thatis, P i

1

shouldbesuf�cient for collectingthesameinformationasM 1 on predicatepi. We thus
constructM 2 to performthesameaccessesin P i

1 for every pi, but in sorted-then-random
manner, i.e., P i

2 �rst choosesevery sortedaccessin P i
1 andthenevery randomaccessin

P i
1. However, note that, somerai(o) 2 P i

1 will be redundantin P i
2 if pi[o] hasbeen

alreadyevaluatedby precedingsortedaccess.Consequently, 8i : P i
2 � P i

1, andthusM 2

terminatesasearlyasM 1, if notearlier, i.e., C(M 2) � C(M 1).
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step p1 p2 K alternatives Select
1. 1 1 f u3g N3 = f sa1; sa2; r a1(u3); r a2(u3)g sa1

2. 0.7 1 f u3g N3 = f sa2; r a2(u3)g sa2

3. 0.7 0.9 f u3g N3 = f sa2; r a2(u3)g sa2

4. 0.7 0.8 f u3g N3 = f sa2; r a2(u3)g ra2(u3)

Fig. 11. Illustrationof SR/Gtechniques.

ProcedureSelect (alternatives, � ;H):
if ∃sai ∈ alternatives suchthatpi > � i :

A ← sai ;
elseif ∃r ai (u) ∈ alternatives suchthatpi = next (u;H):

A ← r ai (u);

Fig. 12. Select with SR/Gtechniques.

Second,we assumethat randomaccesson every objectfollows the same“global” or-
der H . That is, whenmultiple randomaccessesexist in alternatives, we follow some
particularorderH (givenby theoptimizer;SeeSection7.3) to choosewhich to perform.
To illustrate,supposingnecessarychoicesarealternatives = f rai(u1), raj(u1)g given
H = (pi, pj), we pick rai(u1) �rst asthenext unevaluatedpredicateof u1 is pi accord-
ing to H, which we denoteasnext(u1, H ) = pi. According to our preliminarystudy
[ChangandHwang2002],globalschedulingis aseffective aslocal scheduling(andthus
hardly compromisingcomprehensiveness),while signi�cantly ef�cient reducingthe per-
objectoverhead,asexpensivepredicatesevaluatedat runtimemakesit infeasibleto obtain
enoughknowledgeto customizepredicateschedulingfor eachobject.

By focusingon theabove two techniques,we proposeFramework NC with SR/G(SR-
subsetandGlobalscheduling)techniques,tradinghighef�ciency overaslightcompromise
of comprehensiveness.ThesetechniquescustomizetheSelect routineof NC asFigure12
shows: Now theselectionis morefocused,guidedby two parameters∆ = (δ1, . . . , δm)
and H = (p1, . . . , pm), which will be determinedby the optimizer (Section7.3). In
essence,Select choosessortedaccesswhenever thereexistssai whichhasn't reachedthe
suggesteddepthδi, i.e., pi > δi. 8 Otherwise,it performsrandomaccessin alternatives,
by picking the next unevaluatedpredicate(accordingto H). Example7 illustrateshow
thesetechniquesactuallywork with our runningexample. (For the sake of presentation,
NC from hereon refersto theframework with SR/Gtechniques.)

Example7 (SR/G techniques): Considerour runningexampleQ1 on Dataset1: Figure
11illustrateshow SR/Gtechniquesguidetheaccessselectionof NC when∆1 = (0.8, 0.8)
andH = (p1, p2).

At step1, amongnecessarychoicesalternatives = N3, Select focuseson sa1 and
sa2, asthe suggestedsortedaccessdepthshaven't beenreachedyet i.e., p1 > δ1 = 0.8
andp2 > δ2 = 0.8. (We arbitrarypick one,e.g., sa1.) Similarly, at step2 and3, Select
choosessa2, until it lowersp2 below thesuggesteddepthδ2 afterstep3. Then,at step4,

8While rarein practice,therecanbe an extremecasewherethe suggesteddepthis too shallow thatall objects
seenfrom the sortedaccessare fully evaluatedbeforeidentifying the top-k results. In sucha case,NC can
incrementallyincreasethedepth,proportionallyto thethesuggesteddepths.
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we performra2(u3), which completestheevaluationonu3. NC canthusreturnu3 asthe
top-1answerwith four accessesP = f sa1, sa2, sa2, ra2(u3)g, asF [u3] is higherthanthe
maximal-possiblescoresof therest.

In additionto reducingthesearchspace,theSR/Gtechniquesenableto enumeratealgo-
rithmsby parameters∆ andH, i.e., every SRalgorithmcanbe identi�ed by (∆,H ) pair.
Consequently, our optimizationproblemcannow berestatedasidentifying theminimal-
costalgorithm(∆opt, H opt) suchthat(∆opt, H opt) = argmin∆,H C((∆, H )).

7.2 Cost Estimation

As a prerequisiteto identify thecost-optimalalgorithm(∆opt, H opt), we needto develop
how to estimatethe costof a SR/Gtop-k algorithm(∆, H ). To motivate,recall the cost
estimationfor Booleanqueryplans. The costof Booleanqueryis essentiallythe costof
processingeachpredicatepi for the cardinalityNi of the objectsthat evaluatepi. For
Booleanqueries,suchcardinalitycanestimatedby theBooleanselectivity, i.e., theratioof
thenumberof dataobjectsthatevaluatethegivenpredicateto betrue,obtainedfrom some
“statisticalsamples”,e.g., histograms.For instance,in a simpleconjunctive query, Ni is
simply theproductof thepredicateselectivities of thosepredicatesevaluatedprior to pi,
multipliedby thedatabasesizeN , assumingpredicateindependence.

Similarly, for top-k algorithms,wecanestimatethecostbasedonourselectivity estima-
tion from statisticalsamples.However, unlikeBooleanqueriescomposedof relationalop-
erators,theaggregateeffect cannotbecomputedanalytically, aspredicatesareaggregated
by arbitrary function F . To estimatethis arbitraryaggregation, we generalizeBoolean
selectivity into the notion of “aggregateselectivity”, which is the selectivity of a setof
evaluatedpredicatesastheratio of thenumberof objectswhoseaggregatescoresthatcan
still make to thetop-k answers.

Further, let θ bethe lowestscoreof thetop-k results(which we will not know a priori
until thequeryis fully evaluated).Observe thatF P [u] will eventually beon the top-k if
F P [u] � θ (sinceeventuallyonly the�nal answerswill surfaceto andremainon thetop).

We thusde�ne the aggregate selectivity Sθ
F
(P ,∆) for a setof accessesP asthe ratio

of the numberof databaseobjectsu that “pass” F P [u] � θ after sortedaccessup to
depth∆. (This selectivity notion, unlike its Boolean-predicatecounterpart,dependson
the aggregate“�ltering” effect of all the predicatesevaluated.)With this notion,we can
estimatethe cost of the randomaccessesafter the precedingsortedaccessphase. (We
will later discusshow to estimatethe cost of sortedaccessesup to ∆.) That is, when
H = (p1, . . . , pm) andSθ

F
(P(∆, H i−1),∆) is theratio of thenumberof objectsscoring

over θ after thesortedaccessphaseup to depth∆ followedby therandomaccessesup to
subscheduleH i = (p1, . . . , pi) up to ith predicatein theschedule,thenumberof random
accesseson pi is Ri = N � Sθ

F
(P(∆, H i−1),∆), andthe costof randomaccessphaseis

thus:
m

∑

i=1

n � Sθ
F
(P(∆, H i−1),∆) � cri = n �

m
∑

i=1

Sθ
F
(P(∆, H i−1),∆) � cri.

We cannow formulatethe overall cost,addingthe costof sortedaccessphase.More
speci�cally, denotingthenumberof objectswith pi scoreno lessthanδi asn(pi, δi), the
overall costC((∆, H )) canbeformulatedasfollows:
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C((∆, H )) =

m
∑

i=1

n(pi, δi) � csi + n �
m

∑

i=1

Sθ
F
(P(∆, H i−1),∆) � cri.

Suchcostcanbeestimatedby “simulating” theaggregateeffect on thestatisticalsam-
ples,mimicking theactualexecutionwith the retrieval sizek′ proportionalto thesample
sizes, i.e., k′ = dk � s

n
e. We �rst mimic the sortedaccessphaseby performingsorted

accesseson thesesample(we discusshow to getsuchsampleslater)up to thedepth∆ to
gettheestimatedcostof sortedaccesses9. We thenusethesamplesto estimatetheaggre-
gateselectivity andthusrandomaccesscosts.In principle,suchsamplescanbeobtained
from online sampling(i.e., randomlysamplethe databaseat runtime),or statistics-based
synthesis.In theworstcase,whenonlinesamplingis unavailableor too costly, or whena
priori statisticsis not available,onecanstill generate“dummy” synthesisbasedon some
assumeddistribution (e.g., uniform) that is probablyonly a crudeapproximation.Though
suchsamplescannotrepresentactualscoredistributions,they helpoptimizefor otherim-
portantaspects,suchastheeffectsof scoringfunctionandasymmetrybetweenpredicates.
While our optimizerwill certainlybene�t from moreaccuratesamplesandstatistics,Sec-
tion 9 will implementouroptimizationframework usingdummysynthesis,to validateour
framework in theworstcasescenario.

7.3 Search

Toward our goal of identifying the optimal algorithm (∆opt, H opt), we decomposethe
probleminto two subtasksof identify ∆opt �rst andH opt in turn. In fact,∆� optimization
and H� optimizationare mutually dependent.That is, we can identify the optimal ∆
with respectto somerandomaccessschedulingH 0. Denotingthis optimal depthiden-
ti�ed as∆0, the optimal randomaccessschedulingfor suchdepthmay not be identical
to H 0, which we denoteasH 1. In otherwords,dueto the mutualrecursivenessin ∆�
andH � optimization,�nding anoptimalpair of (∆opt, H opt) is essentiallycontinuingthe
above iterationsuntil the convergence.However, for simplicity, our two-phaseapproach
wasdesignedto performa one-iterationapproximationof the above iterative processes.
That is, we �nd ∆opt with respectto someinitial randomaccessschedulingH 0 and�nd
H opt with respectto ∆opt identi�ed in the�rst phase,aswediscussfurtherbelow.

—∆-optimization: We �rst identify the optimal depth∆opt, with respectto someinitial
scheduleH 0, i.e., ∆opt = argmin∆C((∆, H 0)).

—H-optimization: We then identify the optimal schedulingH opt with respectto ∆opt

identi�ed.

For H � optimization,we adoptglobal predicateschedulingproposedin our preliminary
study[ChangandHwang2002]thatusesonlinesamplingto identifyapredicatescheduling
with thehighest�ltering effect, accordingto thenotionof aggregateselectivity discussed
in 7.2. For ∆� optimization,we �rst studyhow it is speci�c to runtimefactors,e.g., score
functions,predicatescoredistributions,andcostscenarios,asExample8 will illustrate.

9 � correspondsto a setof thresholdscoresto reach,which will staythesamefor samplesof any sizeaslong as
they preserve thestatisticalpropertiesof thedataset.
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Example8 (∆� Optimization Possibilities): To illustrate,we continueExample7 with
a differentdepthcon�guration ∆2 = (0.8, 1). In fact,∆2 generatesthe algorithmillus-
tratedin Figure10: it startswith sa1 asp1 > δ1, but choosesra2(u3) next asp2 � δ2.

Observe from this examplethat different con�gurations imply different accesscosts:
While a parallel con�guration of ∆1 = (0.8, 0.8) requiredfour accessesto answerQ1

(Figure11),a focused con�guration∆2 = (0.8, 1) requiresonly two accesses(Figure10).
However, notethat,this �nding is only speci�c Q1– For instance,whenscoringfunctionF
is avg (theaveragefunction)for thesamequeryQ1, ∆1 requireslessaccesses(4 accesses)
than∆2 (6 accesses).

Consequently, we needsearchschemesthatsystematicallyadaptto thegivenquery, in
exploring the∆� space,i.e., m-dimensionalspaceof δ1 � . . . � δm = [0 : 1]m. In par-
ticular, we proposethreesearchschemes.First,we implementanapproximateexhaustive
searchto the∆� space,we discretizeeachdimensionδi into a setof x �nite valuesin the
range[0:1]. We canthenimplementan exhaustive searchschemeNaive, which checks
eachandevery combinationamongxm possiblevalues.Second,we thendeveloptwo in-
formedsearchschemesStrategies andHClimb which guidethesearchby query-driven
or generichill-climbing strategiesrespectively. Amongthesethreeschemes,we focuson
HClimb in particular, which is generalto any query, yet evaluatedto be the most ef�-
cientandeffective from ourunreportedevaluation:Fromarandomstartingpoint,HClimb
simply searchestowardsneighborswith lessestimatedcost(SeeSection7.2 for costesti-
mation),until it reachesthecost-minimalcon�guration.Theschemeis typically enhanced
with multiple randomstartingpoints,to avoid localminimum.

8. UNIFICATION AND CONTRAST

Framework NC10, in addition to being a generaland adaptive optimizationframework,
enablesconceptualunification of existingalgorithms.It complementsexistingalgorithms,
by (1)generatingsimilarbehaviorswhensuchbehaviorsaredesirable,while (2)optimizing
beyond their “static” behaviors whensuchbehaviors arenot desirable.In particular, we
�rst discusshow it uni�es andcontrastswith TA [Faginetal. 2001](Section8.1).Wethen
discusshow it is basedon andextendsour preliminarywork MPro [ChangandHwang
2002](Section8.2).

Sincemostexisting algorithms(asoriginatedin a “middleware” context) assumeno-
wild-guesses [Faginet al. 2001],to bemorecomparable,we transformNC to handlethis
restriction(while NC cangenerallywork with or without). In suchsettings,analgorithm
cannotrefer to an objectu (for randomaccess)before“knowing” it from somesorted
access.ThusNC mustdistinguishbetween“seen” and“unseen”objects–u will remain
unseen until hit by somesortedaccess,whenit becomesseen. Weintroduceavirtual object
unseen to representall unseenobjects. Note all suchobjectssharethe samemaximal-
possiblescoreF [unseen] = F (p1, . . . , pm). This virtual objectneedsspecialhandling,
as Figure 13 shows with query Q1: First, initially all objectsare unseen,so NC now
initializesKP with only theunseen. Second,whenthis unseen is at the top (e.g., step
1), its inducedchoicesNunseen will containonly sortedaccesses,sincerandomaccess
is not allowedfor an“unseen”object,by theno-wild-guessesassumption.Third, objects

10 For notationalsimplicity, we useNC interchangeablyasanabstractframework andastheoptimalalgorithm
generated.
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Fig. 14. Illustrationof TA andNC.
hit by somesortedaccesswill become“seen” (e.g., u3 seenby sa1 at step1)– They will
bethenhandledasusualandmaysurfaceto KP (e.g., u3 atstep2).

8.1 Algorithm TA

Wenow observehow NC uni�es andcontrastswith TA, which is anearlyandprobablythe
mostrepresentative existing top-k algorithmsof all. As Figure2 lists, TA aimsat access
scenarioswheresortedaccessandrandomaccesshave uniform unit costs,i.e., cri

csi
� 1.

Let's call it theuniform scenario.As illustratedin Example2, the“behaviors” of TA can
be characterizedasfollow: (1) Equal-depth-sorted access: At eachiterationit performs
sortedaccessto all predicates.(2) Exhaustive-random access: It then doesexhaustive
randomaccesson every seenobject. (3) Early-stop: It terminatesassoonask evaluated
objectsscoreno lessthanthe upperboundscoreof unseenobjects.We now ask: When
suchbehaviors aredesirable,wouldNC generatesimilar behaviors (“uni�cation”)? When
not,wouldNC optimizebeyondsuchstaticbehaviors (“contrast”)?

Uni�cation: In “symmetric”caseswhereeachpredicatecontributesratherequallyto both
overall scoreand cost, e.g., F =avg with equalpredicateaccesscosts,NC will indeed
generateTA which is build for suchscenarioin mind: We illustratewith a scenarioS1

with scoringfunction F = avg(p1, p2), in which the scoresof p1 andp2 areuniformly
distributed over [0 : 1] and 8i : csi = cri = 1. To observe how NC adaptsto S1,
Figure14(a)showsacontourplot of C(∆, H 0) with respectto ∆ = (δ1, δ2). NC identi�es
theminimal-cost∆opt, or thedarkestcell markedby a rectangle,at around(.85, .85). To
compare,the�gure alsomarksthedepthTA reachesby anoval, ataround(.87,.87).

Observe that the two algorithmsareindeedalmostidentical: (1) Both performequal-
depth-sorted access up to similardepths.(2) By accessingthesamedepths,they will both
seethesamesetof objects.However, sinceNC doesnot useexhaustive randomaccess,it
will only performlessrandomaccessesthanTA. We thusexpectNC to beslightly better
overall. (3) TheoutputK of NC sharesthesameearly-stop conditionasTA: It terminates
whenk evaluatedobjectsscoreno lessthantheupperboundscoreof unseenobjects.

Contrast: However, NC contrastswith TA by beingableto adapt:Evenamonguniform
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Fig. 15. Comparisonof TA andNC whensa =
∑

i
Si · csi andr a =

∑

i
R i · cr i , i.e., cost = sa + r a.

scenarios,in the“asymmetric”cases,TA's characteristicbehaviors cannotadaptwell. To
illustratesuchcases,Figure14(b)showsscenarioS2 by only changingF to F = min (and
otherwisethesameasS1). In contrastto avg whereevery predicatescoresymmetrically
contributesto theoverall score,min is asymmetricin asensethatonly onepredicatewith
minimumscoredeterminestheoverallscore.Observehow NC adaptsbeyondTA andthus
generatesaratherdifferentalgorithmwith lesscost(thusadarkercell). NC focusessorted
accessonp1 with ∆opt = (.81, 1), while TA performsequal-sortedaccessup to (.83, .83).

For a closerobservation, Figure15 comparesthe relative accesscostsof TA andNC
(normalizedto thetotal costof TA as100%) in variousscenarios:As “symmetric” cases,
Figure 15(a) �rst considersscenarioS1, which is rather favorable to TA (as explained
above). In sucha case,bothalgorithmsbehave similarly (exceptNC slightly outperforms
by goingdeeperin sortedaccessesto tradefuturerandomaccesses.)To contrast,as“asym-
metric” cases,Figure15(b) considersscenariosthat introduceasymmetry, oneat a time,
uponS1 asfollows:

—Asymmetric function: Unlike for a symmetricfunction like F = avg in S1, where
eachpredicateequallycontributesF , theoptimalcon�gurationfor asymmetricfunction
tendsnot to beequal-depth– WhenF = min, NC adaptsto focus sortedaccesson one
predicate.

—Asymmetric scores: Unlike in scenarioS1, predicatescoredistributions may differ
signi�cantly– Whenp2 is distributednormallywith mean.2 andvariance.1,NC adapts
to performmoresortedaccessonp2 (which is more“selective” to distinguishobjectsby
scores).

—Asymmetric costs: Whencertainpredicatesaremoreexpensive (e.g., Web-accessible
predicate),NC adaptsto replaceexpensive accessesby cheaperalternatives–Whenp1

is threetimesmoreexpensive (for bothsortedaccessandrandomaccess)thanp2, NC
outperformsTA by favoringaccessesonp2.

8.2 Algorithm MPro

We next discusshow NC is basedon and extendsour preliminary work MPro [Chang
andHwang2002],a simplerrandom-only scenario(similar to Upper [Brunoet al. 2002]
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andTAZ [Faginet al. 2001]aswe will discusslater). ConsiderF (p1, . . ., pm, pm+1, . . .,
pn). MPro distinguishestwo typesof predicates:While pm+1, . . . , pn aresimplyordinary
(or “indexed”) predicates,theothergroupp1, . . . , pm areexpensive predicates–They are
“probeonly” or random-only.

� 8pi 2 f p1, . . . , pmg: pi supportsonly randomaccesswith unit costcri; thuscsi = 1 .
� 8pi 2 f pm+1, . . . , png: pi supportsboth randomaccessandsortedaccess,with unit

costcri andcsi respectively.

MPro aimsatminimizing randomaccesses,or per-object“probes,” onexpensive predi-
cates.In brief, it worksasfollows:

1. Mergetheordinarypredicatespm+1, . . . , pn into onesinglelist x (or, aconceptualpred-
icate),usingTA. By thismerging,weview thescoringfunctionasF (p1, . . . , pm, x).

2. Sort all objectsu by their maximal-possiblescoreF [u] (with respectto its evaluated
predicates).Let KP bethecurrenttop-k objects.

3. At eachiteration,pick anincomplete objectvj from KP . Let Pj = f rai(vj)j pi[vj ]
is unevaluatedsofarg. Pick a proberai(j), accordingto somepredicatescheduleH ,
from Pj andexecuteit. TerminateandreturnKP whenall top-k objectsarecomplete.

In essence,MPro hasthe following characteristicbehaviors: (1) x-separation: It sep-
aratesthe sortedaccess-capablepredicates,i.e., pm+1, . . . , pn, from the randomaccess-
only ones,i.e., p1, . . . , pm, by isolatingthe former andmerging theminto x by TA. (2)
x-stop: It will retrieve from the merged x-list in the sortedorder and stop as soonas
8v 2 KP : F [v] � F (1,. . . , 1, pm+1,. . . , pn), whereKP is the �nal top-k answers,and
thedepthspm+1, . . ., pn aredeterminedby themergingalgorithmTA. (3) p-minimization:
For thoseretrievedobjects,MPro will minimizeprobecost,by �nding anoptimalH .

Uni�cation: As MPro aimsat minimizing randomaccesses,for expensive predicates,we
canseethat NC, if “projected” to only thesepredicates,cangenerateMPro. (With this
projection,let's ignorex-separation,which we will discusslater.) First, NC will satisfy
thesamex-stopcondition: Note that theunseen objectfrom thex-list have F [unseen]
= F (1, . . ., 1, pm+1, . . ., pn), andthusthe stop-conditionholdssimilarly asfor TA just
discussed.

Second,NC will naturallyperformthe samep-minimization: As outlinedabove, for
probe-onlypredicates,MPro essentiallyoperateson thesamemachineryasNC: i.e., sort-
ing by maximal-possiblescores,furtherprobingon someincompletevj in KP , andstop-
pingwhenKP completes.For suchincompletevj , MPro constructsasetof Pj– with only
randomaccessprobes–for furtherprobing,correspondingto alternatives of NC.

Sucha “probe-only” schemeis indeeda special case thatNC will unify: As a general
mechanism,for suchvj , it will constructNj with both sortedaccessandrandomaccess
(line 5, Figure9). As theseprobe-onlypredicatesdo not supportsortedaccesses,such
“specialrestrictions”arenaturallycapturedby thecost-basedframework simplyby setting
csi = 1 . Theoptimizer(Section7) will thenalgorithmically“ignore” thesortedaccesses,
by con�guring thesortedaccessdepthsas∆: (δ1=1, . . ., δm=1)– i.e., no sortedaccessat
all. NotethatMPro implicitly assumesthesame∆, by usingthemaximal-possiblescores
of thosepi aspi=1, 8i 2 [1 : m]. Thus, in principle, with respectto this same∆, our
optimizerwill generatethe sameglobal scheduleH . In summary, NC adaptsto achieve
thesamep-minimization,while usingageneral-purposemechanism.
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Contrast: Uni�ed for probe-onlypredicates,however, the two algorithmsdiffer funda-
mentallyfor the“ordinary” predicateswith bothsortedaccessandrandomaccess.While
NC integratestheir optimizationin exactly thesameframework, MPro isolates(andthus
ignores)suchpredicatesby x-separation.By usingTA asa“blackbox” for mergingpm+1,

. . . , pn, MPro will suffer all thecontraststhatSection8.1discussed:In particular, equal-
depth-sortedaccessinto thesepredicates,andexhaustive-randomaccess.

Remark: Although correctly uni�ed for the “probe-only” special-case,NC hasgener-
alizedbeyond MPro signi�cantly, by generallyhandlingboth sortedaccessandrandom
access.Sucha generalizationis non-trivial. Essentially, asSection4 identi�ed, sorted
accessis fundamentallydifferentwith its progressivenessandside-effects.By focusingon
only randomaccesses,MPro doesnot dealwith de�ning a completeframework: To illus-
trate,considera random-only setting,whensomevj 2 KP is incomplete,andthuswith
furtheraccesses,say, Pj = f ra1(vj), ra2(vj)g. To contrast,in its sorted-also counterpart,
by addingsortedaccesses,thefurtheraccessesareNj = f sa1, ra1(vj), sa2, ra2(vj)g.

To contrast,we identify thefollowing challengesin de�ning acompleteframework:

1. sortedaccessside-effects:In random-only, suchvj canbeunivocally identi�ed asre-
quired for furtherprocessing.If notpicked,vj will remainnecessaryforever. However,
in sorted-also, vj maybecomeunnecessary(by retiringfrom currenttop-k), simplyby
side-effectsfrom accessingothers.

2. sorted accessprogressiveness:In random-only, for vj just picked,with respectto a
givenschedule(e.g., H = (ra2(vj), ra1(vj))), thenext probe(e.g., ra2(vj) in Pj) can
beunivocally determinedto berequired. However, in sorted-also, it is not clearwhat
sucha scheduleis, or what to scheduleexactly: As every sortedaccesscanrepeatfor
progressive accesses,therearegenerallyanin�nite numberof suchschedules;e.g., for
Nj : (sa1, sa2, ra2(vj), ra1(vj)), (sa1, sa1, sa2, ra2(vj), ra1(vj)), etc.

In summary, NC generalizesMPro, which focusesonly on random-only andthusre-
ducestheoptimizationto a “barebone”of �nding theoptimalpredicateschedulingH: In
theselimited scenarios,Properties1 and2 above togetherunivocally determinea required
probeon a particularvj for a particularpi, i.e., the necessary probe principle [Chang
and Hwang 2002]. Targeting at the samescenarios,Upper appliesthe sameprinciple
of evaluatingthe objectwith the highestmaximalscore;However, their runtimeadapta-
tion heuristicsfurther restrictsits applicability to weightedaveragescoringfunctions,in
additionto being limited to randomaccessoptimization,by usingweightsfor predicate
scheduling.TAZ similarly evaluatestheobjectwith thehighestmaximalscore,but it lacks
predicateschedulingandthusalwaysevaluatesobjectscompletely, whichexplainsconsis-
tentlyworseperformancescomparedto Upper (asreportedin [Brunoetal. 2002]).

In contrastto MPro, Upper, andTAZ , thenotionof necessary choices of ourNC frame-
work enablesto handlebothrandomaccessandsortedaccess,by identifyingthenecessary
tasksthatmustbesatis�ed(Theorem1) andschedulingonly suchtasks(Theorem4).

9. EXPERIMENTS

Thissectionreportsourexperiments.Ourgoalis two-fold: First, to validatetheadaptivity,
scalability, andadaptivity of NC, Section9.1 studiestheperformanceof NC over a wide
rangeof middlewaresettings,by simulatingover extensive syntheticscenarios.Second,
to validatepracticality, Section9.2 quanti�es the absoluteperformanceof NC over real
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retrieval size(k) 100
numberof predicates(m) 2
predicatescoredistribution uniform
databasesize(n) 10000
scoringfunction(F) avg(p1 ; : : : ; pm )
unit costs ∀i : csi = cr i = 1
scoredistributions ∀i : D i = unif

Fig. 16. Default setting.

Websources.Our experimentswereconductedwith a PentiumIII 933MHzmachinewith
256M RAM, usingour implementationof NC in Python. Note, for runtimesearch,we
use“dummy” synthesisassuminguniform distributionsfor all predicates(asdiscussedin
Section7.2). While our optimizerwill certainlybene�t from moreaccuratesampling,we
implementusingthesedummysynthesis(unlessnotedotherwise),to validateour frame-
work in theworstcasescenariowheresamplingis expensive or eveninfeasible.

9.1 Synthetic Middleware Scenarios

In this section,we performextensive experimentsto studytheadaptivity, scalability, and
generalityof NC, over variousperformancefactors.To isolateandcontrol thesefactors,
our experimentsin this sectionusedsyntheticdatasets.In particular, we synthesizeour
scenarios,varyingthefollowing performancefactors:(1) unit costscsi andcri, (2) scoring
functionF , and(3) scoredistributionDi, of eachpredicatepi.

Over varying performancefactors,our goal is to compareNC with the existing algo-
rithms listed in the matrix of Figure2 shows. In particular, we comparewith TA, CA,
andNRA, asthe restof algorithmsin the matrix areeithernot applicableto the scenar-
ios or subsumedby thealgorithmsconsidered:First, thoughAlgorithm Quick-Combine,
SR-Combine, andStream-Combine aredesignedfor the samescenarios,their limited
runtimeoptimizationheuristics(i.e., using the partial derivative of F ) restrict its appli-
cability over our synthesizedscenarios.For instance,they cannotsupportF =min (e.g.,
Q1). Second,therestof algorithmscanbeconsideredasthespecialcasesof NC: As we
explainedearlier in Section8.2, NC uni�es MPro, Upper, and TAZ , designedspeci�-
cally for simpler“probe-only”scenarios.As NC generalizesMPro andthereforeperforms
identicallyto MPro, wedonotcompareMPro with NC.

Adaptivity of NC: To validatethe adaptivity of NC over existing algorithms,we �rst
comparetheperformanceof thefour algorithms,varyingoneparameteratatimeasfollows
over thedefault settingdescribedin Figure16:

—Unit costs:To understandtheimpactof varyingunit costs,wecategorizecostscenarios
into csi > cri, csi = cri, andcsi < cri, for eachpredicatepi. In particular, for m = 2,
Figure17showshow wesynthesizesuchscenariosby varyinghi = cri

csi
to 1

r
, 1, andr.

—Scoring function: To understandthe adaptivity over variousscoring functions, we
evaluateover F : min, wavg (weightedaverage),andgavg (geometricaverage).For
weightedaveragewavgc = w1 � p1 + w2 � p2, we vary c = w2

w1
to 1 and10 when

∑

i wi = 1. Similarly, we vary c to 1 and10 for geometricaveragegavgc = pw1
1 � pw2

2 ,
when

∑

i wi = 1.
—Score distrib ution: To understandthe impactover differentdistributions,we change

D2 to normaldistributionandvary its meanto .2, .5, and.8, with avariance.16.
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(h1 = cr 1
cs1

; h2 = cr 2
cs2

) cs2 > cr2 cs2 = cr2 cs2 < cr2

cs1 > cr1 ( 1
r ; 1

r ) ( 1
r ; 1) ( 1

r ; r )
cs1 = cr1 (1; 1

r ) (1; 1) (1; r )
cs1 < cr1 (r; 1

r ) (r; 1) (r; r )

Fig. 17. Unit costscenarios.
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Fig. 18. Adaptivity of NC overunit costs

Figure18 reportsour evaluationresultsover variouscostscenarios(asenumeratedin
Figure17) whencs1 = 10 andcs2 = x � 10, while cr1 andcr2 aredeterminedby each
scenarioash1 � cs1 andh2 � cs2 respectively. First, Figure18(a)comparesthe average
total accesscost (relative to the cost of NC) when x = 1 (i.e., cs1 = cs2) and r =
10. Observe that,NC is robustacrossall scenariosandsigni�cantly outperformsexisting
algorithmsin mostscenarios,by generallyadaptingto variouscostscenarios–For instance,
when(h1, h2) = (1, 1

10 ), NC saves67%, 73%, and84% from the costof TA, CA, and
NRA respectively. In additionto the robust performancesof NC, it is alsointerestingto
observe how NC uni�es existing algorithms.For instance,in uniform costscenarios,e.g.,
(h1, h2) = (1, 1), which is ideal for TA, NC will similarly performequal-depthsorted
accesses(Section8) andperformcomparablyto TA. For scenarioswhererandomaccessis
expensive,which is idealfor CA, e.g., (h1, h2) = (10, 10), NC uni�es CA andNRA, and
performscomparablyby similarly tradingsomeexpensive randomaccesseswith cheaper
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Fig. 19. Adaptivity of NC overscoringfunctions.

sortedaccesses.
However, in otherscenarioswhereexisting algorithmsareineffective, NC outperforms

existing algorithmsby ordersof magnitude. To illustrate, Figures18(b) and (c) repeat
thesamesetsof experiments,changingto r = 100 andx = 10 respectively. Figure18(b)
reportstheperformanceswhentheasymmetryacrosstheaccesscostsof sortedandrandom
accessesaremoresigni�cant, i.e., r = 100. Observe that the costsaving of NC is even
moresigni�cant in thesescenarios–When(h1, h2) = (1, 1

100 ), NC saves96%,97%,and
98%from thecostof TA, CA, andNRA respectively, astheseexisting algorithmscannot
adaptto suchasymmetryin costs. Similarly, comparedto Figure18(a), the costsaving
of NC is more signi�cant in Figure 18(c) wherethe asymmetryof accesscostsacross
predicatesaremoresigni�cant, i.e., x = cs2

cs1
= 10. Note,when(h1, h2) = (1, 1

10 ), NC
saves75%,85%,and91% from the costof TA, CA, andNRA respectively, by adapting
to costasymmetry, assimilarly observed in the previous evaluations. In summary, NC
performsrobustly acrosswide rangesof scenariosandsigni�cantly outperformsexisting
algorithmswhenthey cannotadaptto theasymmetryin costs,asconsistentlyobservedin
Section8.

We now studyhow NC adaptsto othercost factors–i.e., scoringfunctionsandscore
distributions. In particular, we vary such factorsin four representative cost scenarios
that bestdepict the uni�cation andcontrastingbehaviors of NC to existing algorithms–
To show the uni�cation behaviors, we pick the intendedscenariosfor TA andCA, i.e.,
(h1, h2) = (1, 1) and(r, r) respectively, which we denoteasScenariosTA-intended and
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Fig. 21. Scalabilityof NC overN .

CA-intended. In contrast,to show our contrastingbehaviors, we pick asymmetricsce-
narios(h1, h2) = (r, 1

r
) whencs1 = cs2 (denotedasScenarioA1) andcs1 = 10 � cs2

(denotedasScenarioA2). For brevity sake, we drop the comparisonwith NRA, which
hasshown mostlyworseor sometimessimilar performancesto CA in varioussettingsin
Figure18.

Figure19 evaluatesthe adaptivity of NC over varying scoringfunctionsin the default
settingwith x = 1 and r = 10 (as in Figure 18a). As Section8 discussedand also
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observedhere,whenfunctionis symmetric,e.g., F = avg, However, in all otherfunctions
with asymmetry, e.g., F = wavg or F = gavg, NC will outperformexisting algorithms
that fail to adaptto suchasymmetry. Observe that,thecostdifferencesgrow signi�cantly
assuchtheasymmetryof weightedandgeometricaverageincreases,e.g., theweightratio
c = w2

w1
increasesfrom 1 to 10 for bothwavgc = w1 � p1 + w2 � p2 andgavgc = pw1

1 � pw2
2

increaseswhenwhen
∑

i wi = 1. The sameobservation holdstrue acrossdifferentcost
scenarios,only thecostsavingsaremoredramaticwhenthereexistsadditionalasymmetry
in costseither acrossdifferent accesstypes(e.g., CA-intended) or different predicates
(e.g., A1 andA2).

Figure20 studiesthe adaptivity of NC over varying scoredistributions in the default
settingwith x = 1 andr = 10 (asin Figure18a). Recallthat, in all our evaluations,we
usedNC usingdummysynthesis(Section7.2) insteadof actualsampling.Meanwhile,in
this experimentonly, wealsoimplementtwo versionsof NC with closersamplesthatrep-
resentthedatadistribution: 1) NC-Sample thatusesactualsamplesof 0.1%of datasize,
2) NC-Distribution that usessynthetic“approximate”samplesthat aregeneratedby an
assumeda-priori knowledgeof theactualdistribution (e.g., normaldistributionwith mean
as0.8andvarianceas0.16).Figure20(a)studiestheperformanceof NC whenF = avg.
Observe that,moreaccuratesamplesareindeedhelpful to adaptmorecloselyon thescore
distributions–For instance,whenthemeanis 0.8, in all costscenarios,NC-Sample and
NC-Distribution canadaptbetterthanNC-Dummy, by performingmoresortedaccesses
on p1 which is moreselective in distinguishingobjectsby scores.Meanwhile,notethat,
dummysynthesisis equallyeffective in optimizing for other importantcostfactors(e.g.,
unit costs)–Observe that,in ScenariosA1 andA2, while NC-Dummy doesnot know the
actualdistribution, it signi�cantly outperformsexisting algorithmsby optimizingto other
runtimefactorssuchasquerysizeor accesscosts,andperformsvery closelyto NC with
moreaccuratestatistics.

Scalability of NC: Figure 21 studiesthe scalability of NC varying N and k from the
default settingin Figure16. In particular, we chooseto focuson ScenarioTA-intended,
whichis themost“dif �cult” scenarioasthecostsaving of NC wasminimal in theprevious
experiments.Figure21(a)presentsthecostratio of NC with respectto TA which is ideal
for thegivenscenario.varyingN = 1k, 10k, 100k, and1000k in thedefault settingwith
x = 1 andr = 10. It is interestingto observe that, thecostratiosareapproximatelythe
sameif therelative retrieval sizeis thesame,regardlessof thedatabasesize.For instance,
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Fig. 23. Generalityof NC.

for k = N �1% (i.e., k = 10, 100, 1000, and10000 for N = 1k, 10k, 100k, and1000k), the
costratiosareall about95%. This observationshows thatNC hasgooddata scalability–
That is, the cost ratio for �nding k answersfrom databaseof sizesN will be less than
s timesthat for �nding the samenumberof an answersfrom databaseof sizeN . Such
datascalabilityis promising,consideringtheretrieval sizek tendsto staysmallregardless
of N , e.g., usersretrieving only the �rst pageor two of searchresultsregardlessof the
numberof hits– The sameevaluationsuggeststhat whenk = 10, asN increasesfrom
N = 1k to N = 10k, 100k, and1000k, i.e., 10� , 100� , and1000-fold, thecostincreases
sub-linearlyby 6� , 37� , and215-fold, asFigure21(b)presents.

Similarly, Figure22 presentsthecostratio of NC, with respectto thecostof TA, when
varyingm = 2, 3, and4 in thedefault settingwith x = 1 andr = 10. Notethat,thecost
ratio signi�cantly decreasesasm increases,which suggeststhescalabilityof NC over m,
i.e., thecostsaving of NC will scaleupastherearemorepredicatesandthusa largerroom
for optimization.

Generality of NC: Tovalidatethegenerality of NC overexistingalgorithms,wenow study
theperformanceNC over 1000syntheticmiddlewarescenarios,varyingall the threeper-
formancefactorsaboveat thesametime: In particular, werandomlygeneratedcri andcsi

in therangeof [1:100]units. (To betteraccommodateCA, wegeneratecostcon�gurations
accordingto its targetscenariosof expensive randomaccess,by enforcingcri > csi.) We
alsosimulateddifferentscoringfunctions,by randomlygeneratingweightwi in [1:100]of
F = wavg, for eachcon�guration. Further, to simulatedifferentscoredistributions,we
randomlygeneratethemeanfor scoredistributionDi = norm.

Figure23(a)comparesthe averagetotal accesscostof the threealgorithmsover these
1000randomcon�gurations.Observe that,overall, NC asa uni�ed algorithmsavesfrom
TA andCA by 25%and55%in average,by succesfullyadaptingto a combinationof cost
factors.We then,for closerobservation,divide the1000settingsinto two groupsin which
CA worksthebest(about25%of thecon�gurations,which we denoteas“CA-best”) and
therest.Fromsuchgrouping,wecanobserve how NC unify andcontrastwith anexisting
algorithmlike CA: First, uni�cation: in the CA-bestscenarios(the middle bar groupof
Figure23a),NC is still thesecond-best,with a smallercostmargin to CA thanTA does.
Second,contrast:in therestof thescenarios(i.e., 75%of thecon�gurationsrepresentedby
therightmostgroupin Figure23a),NC is indeedthebest,outperformsCA signi�cantly.
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Further, asonewould naturallywonder, will theoverheadof run-timeoptimizationjus-
ti�es its costsaving in accesscosts?Clearly, suchoptimizationis only justi�ed if it can
enablemoreaccesscostsaving thanthecomputationoverheadof optimization.To analyze
this trade-off, we alsocomparethis saving to overhead:As thesaving of accesscostwill
havedifferentimpactsdependingontheactualresponsetime t of asingleunit cost,Figure
23(b)comparesthis saving andoverhead,with respectto t. (Notewe compareonly with
CA, asit outperformedTA in Figure23a.)Observe that theoptimizationoverheadof NC
canbe justi�ed in a largerangeof realisticscenarios–whentheunit time t is larger than
0.05ms.We believe this range(� 0.05ms) coversmostmiddlewarescenarios,asthey are
characterizedby non-trivial accesscosts.

9.2 Real Web Scenarios

To validatethe practicalityof NC, we studyits absoluteperformanceover real-life Web
sources.As Websourcestypically handleconcurrentaccesses,we �rst discusshow par-
allelizationcanbe built on the accessminimization framework NC. We thenreport the
experimentsin Section9.2.2.

9.2.1 Parallelizing NC for Concurrent Accesses. We now developa simpleextension
of NC to enableconcurrentaccesses.To re�ect the limitation in resources(e.g., network
bandwidthor server load),our parallelizationassumesa boundedconcurrency C, i.e., at
mostC outstandingaccessescanbeperformedconcurrently.

Our parallelizationis in fact straightforward–by performingaccessesasynchronously:
Without waiting for precedingaccessesto complete,NC will continueto issuethe next
access,aslong asthe outstandingaccessesdo not exceedthe concurrency limit C. The
queueKP is updatedasynchronouslyaswell, whenever anaccesscompletes.

While suchextensionachievesspeedupby overlappingup to C accesses,it alsoslightly
complicatestheaccessselection:RecallthatSelect (Figure12) picksa sortedaccesssai

asthenext access,whenthe“last-seen”scorepi from theprecedingsai hasnotreachedthe
suggesteddepthδi, i .e., pi > δi. Notetheup-to-datepi is not known until all outstanding
sortedaccessescomplete.

However, as waiting to get the exact pi defeatsthe whole purposeof concurrentac-
cesses,we continuewith an estimatedpi instead,by computingits expecteddecrement
Di: Assumingdi is theexpecteddecrementof pi aftera singlesai andni is thenumber
of outstandingsai, we estimateDi asdi � ni. Initially, we setdi as 1

n
, assumingthatall n

objectsareuniformly distributedover thescorerangeof [0:1]. Then,di canbeadaptedto
amorerealisticvaluebasedonactualscoresreturnedfrom accesses.

Note, in contrastto NC, most other top-k algorithmshave inherentparallelism. For
instance,considerTA andCA [Faginet al. 2001],bothof which performsortedaccesses
to all m predicatesin parallel. TA thenperformsrandomaccessesto completelyevaluate
theobjectsseen(up to m � 1 randomaccessespereachof them objectsseen),while CA
maywithholdsuchrandomaccessesafterh = cri

csi
iterationsof parallelsortedaccesses(to

tradeexpensive randomaccesseswith cheapersortedaccesses.)Observe, TA, by issuing
suchsortedandrandomasynchronously, canoverlapupto m+m(m � 1) = m2 accesses.
Similarly, CA canparallelizethesortedaccessesover multiple iterations.Thus,to better
accommodateTA andCA, ourexperimentswill boundtheconcurrency of NC to C = m2.

9.2.2 Results. This sectionevaluatesNC over actualWeb sources.In particular, we
experimentwith the “travel-agent”scenariosQ1 andQ2 (Example1) asour benchmark
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Fig. 24. Comparisonof total accesscosts.

queries.For extensive evaluation,we combineeachwith differentscoringfunctions,i.e.,
min andavg. WeusetherealWebsourcessuggestedin Figure1 to accesstherestaurants
andhotelsin Chicago(by issuingan additionalBooleanselection“city=Chicago”). As
thesesourcesallow sortedaccessonly in small“batches”(e.g., perpageof 25objects),we
regarda batchaccessasa singlesortedaccess.For simplicity, predicatesareevaluatedby
linearlynormalizingthecorrespondingattributevalueinto [0 : 1], e.g., rating of atwo-star
hotelin the� ve-starratingwill beevaluatedas 2

5 = 0.4.
As metrics,we useboth the total access cost andactualelapsed time, to capturetwo

differentperformanceaspects–theresourceusage(e.g., of network andwebservers)and
processingtime respectively. The total accesscostis measuredby addingup the latency
of all accesses(asin Eq. 1), while theelapsedtime simply measurestheprocessingtime
(includinglocal computationandoptimizationtime). Note,with concurrency, theelapsed
time is typically shorter, by overlappingsomehigh-latency accesses.Usingthesemetrics,
we compareNC with TA andCA. However, noteCA is not applicablefor Q2 wherethe
ratioh of randomversussortedaccesscostsis 0.

Figures24(a)and(b) comparethe total accesscostof TA, CA, andNC for queryQ1,
whenF =min andF =avg respectively. Observe that NC signi�cantly outperformsTA,
as retrieval sizek (x-axis) increases:For instance,whenk = 500 in Figure24(a), the
accesscost(y-axis)of NC is 42 seconds,which saves80%and60%from thatof TA and
CA respectively. In fact,NC outperformsTA by adaptingto this scenariowith expensive
randomaccessesat runtime:In particular, NC performsdeepersortedaccessesthanTA, to
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Fig. 25. Comparisonof elapsedtime.

traderandomaccesseswith cheapersortedaccesses.
Similarly, Figures24(c)and(d) comparethetotal accesscostfor queryQ2. Again, the

runtimeoptimizationenablesNC to outperformTA signi�cantly, e.g., whenk = 10 in
Figure24(c),NC savesup to 66%from theaccesscostof TA. However, in contrastto Q1,
asrandomaccessesarecheaperthansortedaccessesin thisscenario,NC generatesatotally
different algorithm: In particular, to fully exploit free randomaccesses,NC “focuses”
sortedaccesseson a singlepredicateandevaluatestherestwith randomaccesses(e.g., as
in focused con�guration in Example8), while TA still performssortedaccessesto every
predicatewith no adaptation.Note,theseresultsarealsoconsistentwith our observations
in Section8.

Finally, Figure25 comparestheelapsedtime of Q1 andQ2, whenF =min. Comparing
theaccesscostandelapsedtimeof Q1 (i.e., Figure24aandFigure25a),weobservesimilar
relative behaviors, thoughin differentcostrangesdueto the parallelspeedup.This con-
sistency suggeststhatNC canbene�t from concurrency to thesameextentasTA andCA
which have inherentparallelism.Thesameobservationholdstrue for Q2 aswell, except
whenthesuggesteddepthof NC is too shallow: For instance,whenk = 10, NC canan-
swerthequerywith asinglesortedaccess(to apageof 25hotels),andthuscannotbene�t
from concurrency, while TA with moreaccessesoverlapsthemandperformscomparably.

10. CONCLUSION

Thispaperhasdevelopedacost-basedoptimizationframework for top-k queryingin mid-
dlewares.We develop Framework NC asa comprehensive andfocusedalgorithmspace,
within which we designruntimesearchschemesfor �nding optimalalgorithms.Our ex-
perimentalresultsareveryencouraging:Framework NC signi�cantly outperformsexisting
algorithms.Further, asauni�ed top-k framework, NC generallyworksfor awiderangeof
middlewaresettings,yet adaptingat runtimeto andevenoutperformsexisting algorithms
speci�cally designedfor their scenarios.
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