Optimizing Top-k Queriedor MiddlewareAccess:
A Uni ed Cost-based\pproach?

Seung-won Hwang

Department of Computer Science and Engineering
Pohang University of Science and Technology
swhwang@postech.ac.kr

and

Kevin Chen-Chuan Chang

Computer Science Department

University of lllinois at Urbana-Champaign
kcchang@cs.uiuc.edu

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-
ity" to account for runtime specics. To fulll 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 ¢ accesscosts at runtime.
While such optimization has been taken for granted for relational queries from early on, it has
been clearly lacking for ranked queries. In this paper, we thus identify and address the barriers
to realizing such a unied framework. As the rst barrier, we needto de ne a \comprehensiv e"
space encompassing all possibly optimal algorithms to search over. As the second barrier, as a
conicting goal, such a space should also be \fo cused" enough to enable e cien t search. For SQL
queries that are explicity 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 thus 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 unies but also outp erforms existing algorithms speci cally designed for
their scenarios.

Cateyoriesand SubjectDescriptors:H.2.4[System$: QueryProcessingH.3.3[Information 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, which naturallyarisesn mary new applications,
top-k or ranked queriesarecrucialfor matchingdataby “soft” conditions.A top-k query
selectsk top answersamonga databasef n dataobjects,eachevaluatesm soft predi-

cates py, ..., p,, to scoresn [0:1], aggrgatedby somescoring function F (e.g., min). In

1This paperis basedon and signi cantly extendsour preliminary works: “Minimal Probing: Supporting
Expensie Predicate$or Topk Queries”in the ACM SIGMOD 2002.SeeSection2 for detailson the extension.
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particular this paperfocuseson top- queriesin a middlevaresystem-i.e., a middleware

processesjueriesover subsystemse.g., an RDBMS integratedwith multimediasubsys-
temsor text searchenginegFagin 1996]) or externalsystemge.g., Web sourcegBruno

et al. 2002]), which we will generallyreferto assources. For suchmiddlevare query-
ing scenarioshecaus®f theirinherent‘dataretrieval” natureof retrieving andcombining
datafrom multiple sourcestop-k querieshave emegedto be of particularimportance,
with mary differentscenariostudied(asSection2 will overview).

For top-k queriesin suchsettings,a middlevarerelieson accessing sourcedor query
processing Sincea middlevare cannotmanipulatedatadirectly, it mustusesomeaccess
methods(for nding objectsandtheir scores)supportedoy sourcesto gatherpredicate
scores.For access methods, a sourcemay support,for eachpredicatep;, 1) sorted access,
which returnsobjectscoresin a descendingrder onein eachaccesspr 2) random ac-
cess,which returnsthe scorefor a given object. As a main motivation of this paper in
a middleware setting,suchaccessearetypically expensve (comparedo local computa-
tion) with varyinglatencieswhich we denoteascs; andcr; for sortedandrandomaccess
respectrely for eachpredicatep;. To illustrate, asa concretereal scenario,considera
travel agentscenaricover the Web middlevaresourcesn Examplel (which will beused
ashenchmarlqueriesaswell for experimentdn Section9):

Example1: A usermayaskarankedqueryto nd top-5 restaurantgsay in the Chicago
area)that are highly-ratedand closeto the users preferredlocation"nyaddr” , as@;
illustrates(in SQL-like syntax):

selectname from restaurant r
order by min(p; : rating(r.stars),p, : close(r.addr myaddr))
stop after 5 (Query Q1)

To answerthe query our middlevarewill accesdVeb sourcedo evaluatepredicatep,
andps. Figurel(a)showvs onepossiblescenarioFor evaluatingclose: superpages.cois
capableof 1) returningthe close scorefor aspeci c restauran(i.e., randomaccessand?2)
returningrestaurantsn their descendingrderof scoreg(i.e., sortedaccess).For rating:
dineme.consimilarly providesbothsortedandrandomaccessés

The middlevarewill coordinatetheseaccesseto nd thetop results. To characterize
this particularscenario Figure 1(a) showvs the averageaccesdateny for eachpredicate
p;: In this scenariorandomaccessearemoreexpensve in bothsourcedi.e., cr; > cs;),
but with varying scales(i.e., ¢cr;y = 700ms = % cry) andratios (i.e., ¢+ = T00ms

cSs1 32ms

.cr2 _ 1400ms
22’ csy  344ms )

Accessscenarioxcan vary widely dependingon the sourcesinvolved, dueto source
heterogeneityTo contrastconsideranotherscenaridn which our middlevarenow works
with adifferentsourcehotel.com(andpossiblyalsowith alocal RDBMS),to answemquery

Q2!

selectname fromhotel h
order by avg(p1 : close(h.addy myaddr ), p, : rating(h.stars)ps : cheap(h.price))
stop after 5 (Query Q2)

2While thesesourcesmay supporta multi-dimensionalsortedaccessg.g., sortedby price + location , such
accesss orderedby a x edandimplicit combiningfunction. As theimplicit underlyingfunctionis unclear we
focuson leveragingone-dimensionaiccesseasothermiddlevaretopk algorithms.
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Fig.1. Scenariodor (a)Q1 and(b) Q2.

Random Access

cheap: expensiwe: impossible:
Sorted Access cr, =1 cr,=h Cr; = oo
cheap: FA, TA, CA,
cs;, =1 Quick-Combine | SR-Combine NRA
expensie: FA, TA, Stream-Combine
cs;=h none Quick-Combine
impossible: TAz, MPro, Upper \\
CS; = o0

Fig.2. Accessscenariogndalgorithms.

In this setting, sincea sortedaccesge.g., for close), whenretrieving a hotel object,
alsoretrievesall its attributes(e.g., stars andprice), the subsequentandomaccessesto
the samehotel are thus essentially*‘piggybacled” with zerocosts—e.g., usingstars and
price, themiddlewvarecanlocally computerating andcheap. We notethatthis scenarioof
expensve sortedaccessesigni cantly contrastsvith thatof expensve randomaccessei
Figurel(a). [

Existing Algorithms: To supportthesetop-k queriesin middlewvares,mary algorithms
have beenproposedor variouscostscenariosFigure2 summarizes “matrix” of access
scenarioghat have beenstudied,eachcharacterizedy how sourcesrelatively support
eithertype of accesse.g., cheap (cost = 1), expensive (= h), or impossible (= 1 ). As
the matrix summarizesegxisting algorithmsare designedwith a speci ¢ costscenarion
mind-For instancea pioneeringandin uential existing algorithmTA [Faginetal. 2001]
is intendedfor scenarioswvhere sortedand randomaccesscostsare comparablewhile
Algorithm MPro [Changand Hwang 2002] is speci cally designedor scenariosvhere
sortedaccesss impossible.* While thesealgorithmspioneeredn varioustop-k settings

31n amiddlevare,randomaccesset anobjecth canonly occurafterh is rst seenfrom sortedaccesseser,
“no wild guess'Faginetal. 2001].

4In amiddlevaresetting,the no wild guessconstrainfFagin etal. 2001]is often assumedo requireat leasta
sourcemustsupportsortedaccessWe notethatour approactdoesnot make this assumptiorandthusworkswith
andwithout constraintasSection8 will discuss.

ACM Transaction®n Databas&ystemsVol. V, No. N, Month 20YY.



andareappropriatefor their speci ¢ scenariosyve are clearly lacking “generality”, such
thatanalgorithmis typically not generallyapplicableto real-life scenarioavheresources
differin costcharacteristicge.g., randomaccesss cheapn somesourcewhile im possible
in another)that may even changeover time (e.g., dependingon sener loads). Second,
existing algorithmsgenerallylack runtime “adaptvity”, suchthatan algorithmtypically
cannotadaptto the speci ¢ scenarioat hand, except somelimited attemptswith rather
ad-hocheuristic-baseddaptationas Section2 discusses)In contrastaswe will amgue
belov, a systematicadaptatiorto runtime speci cs can make a signi cant differencein
performance.

Our Approach: Toful Il this critical lacking of generalityandadaptvity, this paperaims
atageneral framewvork over suchvariousscenarioshatis adaptive to thegivenscenarido
minimizeaccess costs. We notethatsuchaccessosts(muchlike l/O in relationalDBMS)
dominatetheoverallqueryprocessingn amiddlevarecontet, andthustheirminimization
is critical for queryef ciency. For this objectve, we rst modelthe costof algorithmM
asthecostsof all accessparameterizedy cs; ander;. Thatis, by varyingcs; ander; for
differentpredicatesandaccessesye will capturevariouscostscenariosat runtime (e.g.,
Figurel). Suchanaggreatecostmodelis ratherstandardn mary top-k queryingsettings
(e.g., [Faginetal.2001]). Thatis, givensomealgorithmM , let S; and R; bethenumber
of sortedandrandomaccessegespectiely for predicatep;, thetotal costis

C(M):ZSZ CSi+Ri Ccri;. (1)

In particular asthemainthesisof this paperwe proposea systemati@anduni ed “cost-
basedptimization”framewvork, whichwill adaptto variouscostscenariosThatis, given
a speci ¢ settingof costparametersr; andcs; (e.g., Figure 1 representswo different
settings) we wantto generatean algorithmM that minimizesthe correspondingostof
Eqg. 1. While suchoptimizationhasbeentaken for grantedfor relationalqueriesfrom
earlyon[Selingeretal. 1979],it hasbeenclearlylackingfor top-k queriesdespiteactive
researchi{whereeachalgorithmfocuseson speci ¢ scenariosasFigure2 summarizes).

Ourcost-basedptimizationframeavork complementsxisting algorithmswith its gener-
ality andadaptivity: First,in termsof principle, our frameavork aimsat providing auni ed
framawork to be general over ary arbitraryscenarioWe prove the generality by shaving
ary possiblealgorithmhasa counterpartlgorithmgeneratedby our framevork, doingthe
samejob with no moreaccesgTheoremd). Our framework, beinggeneral generateshe
behaiors of the existing algorithmin their target scenariosaswe discusdurtherin Sec-
tion 8. Beyond existing algorithms,our framewvork will alsohandleunstudiedscenarios.
For instance note that the scenarioof Figure 1(b), in which sortedaccessegcost44ms
peraccessaremoreexpensve thanrandomaccesse&erocost),hasnot beenspeci cally
studied(the“none” cell in Figure?2).

Secondjn termsof performance, our framevork is adaptive andthusenablesa poten-
tially signi cant costdifferencefrom existing algorithms,by a systematicadaptatiorto
runtime speci cs. As anillustration, Figure 3 summarizeour evaluationresults(which
will bereportedin detailsin Section9, Figure 18b), comparingthe costof TA andours
over a systematie@numeratiorof a wide rangeof costscenariosObsene that,our frame-
work (by runtime adaptation)s robust over a wide rangeof scenariosand signi cantly
outperformsexisting algorithm TA by ordersof magnitude. Suchcostdifferenceresults
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Fig.3. Adaptuity overcosts.

from our ability to adaptto runtimeparameterssuchasquerysizeor varyingaccessosts
of predicates.

Consideringall thesebene ts of a uni ed frameawvork, we now investigateandaddress
the majorbarriersfor its realization.As the rst barrief we needto de ne a“comprehen-
sive” spacewhichwe denoteas?, encompassingll possiblyoptimalalgorithmsto search
over. Secondasacon icting goal,suchf2 shouldalsobe“focused”enoughto enableef -
cientsearchFor SQL queriessincea spacds explicitly composef relationaloperators
(e.g., joins andselections)analgorithmspace? is, by de nition, all queryplansof such
operatorghatarealgebraicallyequivalent(e.g., by their commutatvity andassociatiity).
However, whatis a“query plan™ for atop-k query?lt is notobvioushow atop-k query as
anarbitraryscoringfunction,e.g., F = min(p;, p2), canbedecomposehto logical tasks,
analogouslyto relationalqueries.

To the bestof our knowledge,our work is the rst to realizesystematicost-baseap-
timizationfor top-k queriespy overcomingthesedual barriers.First, to de ne a compre-
hensive spacewe shav thatabstractingtop-k algorithmasanaccesschedulingoroblem
enablesus to de ne a comprehensk spacef? (Section4). Second to de ne a focused
spacewe developtheinsightthatqueryprocessinganfocus,without compromisingary
generalityon only necessary choices (Section5), basecon whichwe de ne acomprehen-
sive andfocusedalgorithmspace(Section6). With this comprehensi spacef2 de ned,
we furtherreducethe searctspaceo reducetheoverheadf nding theoptimalalgorithm
in the space.In particular we adoptsystematicspacereductionschemessuchasfocus-
ing on algorithmsperformingsortedaccessrst beforeary randomaccessandthosewith
eachobjectfollowing the samerandomaccesscheduleWe will formally andempirically

5We view ourtopk retrieval asa“query” with a“query plan”—In adifferentview, onemaythink rankingaspart
of arelationalqueryandthuscorrespondso only an“operator’ To clarify, we stresghatwe focuson middlevare
scenarioswherearankingqueryitself is a completequeryspeci ed by scoringfunction 7 andretrieval sizek.
Thus,we view topk optimizationasidentifying the optimalplanof schedulingrariousaccesseasoperators.
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armguein Section7 that suchschemesffectively reduceshe spacewithout signi cantly
compromisinghe comprehensienessWith thereducedspace?, cost-basedptimization
is to identify the optimalalgorithmM . in €2, with respecto the costmodelC, i.e.,

M opt — argminMGQC(M ) (2)

This articleis basedon andextendsthe “necessary-probprinciple” studiedin our pre-
liminary work [ChangandHwang2002] (similar heuristicsbut speci ¢ to weighted sum
scoringfunctionswas also studiedin [Bruno et al. 2002]). However, in contrastto the
necessary-probgrinciple focusingonly on schedulingandomaccesgasour preliminary
work focuseson speci ¢ scenariosvhererandomaccessostdominates)we generalize
thetechniqueso arbitraryaccessef.e., sortedaccesandrandomaccessassumedby top-
k worksandthusachieve generalapplicabilityto any top-k scenariosAs we will discuss
in Section8, suchgeneralizatiorn factrequiresconsiderablextensionsassortedaccess
fundamentallydiffersfrom randomaccessndthussigni cantly complicate®ptimization.

We extensiely validatethe practicalityandgeneralityof our framewvork usingbothreal-
life sourcequsingour travel agentbenchmarkscenariospnd synthesizedarbitrary mid-
dlewarescenariosTheresultsareindeedencouragingour framevork notonly uni es but
alsooutperformgheexisting algorithmsspeci cally designedor their scenarios.

In summarywe highlight our contributionsasfollows:

—We de ne acomprehenske andfocusedalgorithm spacefor top-k queriesasanessen-
tial foundationfor their cost-basedptimization.

—We developruntime optimization schemedor searchingverthespaceo nd acost-
minimal algorithm.

—We realizea conceptualuni cation of existing algorithms.Our framewvork uni es and
generalizedeyondexisting algorithms.

—We reportexperimental evaluation usingbothreal-life andsyntheticscenariogo vali-
datethegeneralityandadaptvity of our framework.

2. RELATED WORK

As overvienvedin Sectionl, mary algorithmshave beenproposedo supportop-k queries
for variouscostscenariosassummarizedn Figure?2. In particular Fagin pioneeredvith
Algorithm FA [Fagin1996]for scenariosvhererandomandsortedaccessearesupported
with uniform cost (the diagonalcells in Figure 2). ReferencdFagin et al. 2001] then
followed to proposea suite of algorithmsfor variousaccessscenarioswith a stronger
senseof optimality (i.e., instance optimality), e.g., TA (for uniform costscenarios)NRA
(whenrandomaccesss impossible) andTA ; (whensortedaccesss impossible).

While thesealgorithmsonly follow staticallydesignedehaiors andthusdo not adapt
to runtimeaccessosts,CA [Faginetal. 2001], SR-Combine [Balke etal. 2002], Quick-
Combine [Guentzeret al. 2000], and Stream-Combine [Guentzeret al. 2001] attempt
limited runtime optimization. In particular a representate algorithm CA [Fagin et al.
2001] alternatesortedand randomaccesghasesccordingto a runtime costparameter
h = cr;les;. More speci cally, unlike TA which alternatesa sortedaccesgphasethena
randomaccesphaseCA alternates sortedaccesphaseshenarandomaccesphasefo
favor sortedaccesseéwhich is h timescheaperpver randomaccessesn evaluatingthe
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undeterminegbredicatescoresTheir heuristics-basedptimizationhaslimited applicabil-
ity: Algorithm CA adaptdo a runtime parameteih— i.e., the costratio of randomversus
sortedaccessesyhich is assumedo be the samefor all predicates.In practice,suchan
assumptioris unlikely to hold: Acrossautonomousourcedor differentpredicatesthis
ratiowill bevarying (for Figurela)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 comparisonby a systemati¢cost-basedbptimization,our frameavork complements
thecurrentmatrix of existing algorithms:(1) By enumeratinga comprehensk spaceof al-
gorithms,our framework notonly uni es existing algorithmsbut alsoextendsto scenarios
wherecurrentalgorithmshave not covered(e.g., “none” cell in Figure2 andmorescenar
ios not describedby the gure). (2) By runtime searchover suchspace,our cost-based
optimizationsystematicallyoptimizeswith respecto runtime parameters,nlike existing
algorithmswith ratherlimited andpartialadaptation.

Ourframewvork extendsandgeneralizesur preliminarywork MPro [ChangandHwang
2002]. In particulay we extendMPro from focusingonly on schedulingandomaccesgas
randomaccessostdominatedn its expensve randomaccesscenariosjnto a complete
framavork schedulingarbitraryaccesseassumedby top-+ works, i.e., randomaccesand
sortedaccessandthusachieze generalpplicabilityto any top-k scenariosSection8 will
furtherdiscusgheimplicationof suchextension.

Meanwhile we notethatUpper [Brunoetal. 2002]hasalsodevelopedsimilar heuristics
for the sameexpensie randomaccessscenariosas MPro. However, in additionto the
samelimited focuson only randomaccessegheir runtime adaptatiorheuristicsfurther
speci cally assumesveighted average scoringfunctions. In contrastwe proposea more
generaladaptationframenork, which enablesto generalizeUpper to not only arbitrary
(randomandsorted)accessebut alsoany monotonicfunctions.

Finally, ranked querieshave also beenstudiedfor relational databases:References
[Carey and Kossmannl997; 1998] presentoptimization techniquesfor exploiting the
limited cardinalitiesof ranked queries. Reference$Chaudhuriand Gravano1999; Don-
jerkovic and Ramakrishnari999] then proposeto exploit probabilisticdistributionsand
histogramgespectiely, to processankqueriesasequivalentBooleanselections.

3. MOTIVATION

While assortedalgorithmshave beenproposedor supportingtop-% queries,as summa-
rized by the matrix over variousaccesscenariogin Figure?2), the currentmatrix is lack-
ing in mary aspectsin additionto lackingin termsof generalityandadaptvity asSection
1 discussedthe currentmatrix lacks conceptuablnification. While theseassortedalgo-
rithms,asdesignedor differentscenarioshaturallybehae differently, they seento share
somesubtlesimilarity; e.g., they keepretrieved objectsin someorderand terminateat
somethresholdcondition. Suchresemblancenakes us naturally wonderif they canbe
subsumedy a uni ed frameavork: This framewvork will complementxisting works, by
combiningtheminto a single “one- ts-all” implementationwhile providing insightson
how to supportheaccesscenarioyetto bestudied.

Tofulll thesecritical lackings,we proposea generalnduni ed runtimeoptimization.
We stressthat, in contrastto our runtime optimization,most currentalgorithmsare pro-
vided with a static (by design)guaranteeof instance optimality [Fagin et al. 2001]: An
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algorithm B is optimalover a classof algorithmsA anda classof databaseB, if for every
A2 AandD 2 D,C(B,D) = O(C(A, D)), for achosercostfunctionC. Thus,it allows
anoptimality ratio ¢ suchthatC(B, D) ¢ C(A, D) + ¢/, asatolerablecostdistanceto
“absoluteoptimality”. In thelack of runtimeoptimization,sucha staticguarantedaspre-
vailedin previoustop-k works,asit providesaratherstrongoptimality guaranteei,e., over
ary algorithm A anddatainstanceD. However, we stresghatthe optimality ratio ¢ is not
a constanbut variesover problemsizesg.g., accordingto [Faginetal. 2001],¢ canbeup
tom(m 1)+me- for TA for m predicatesvith aunit sortedandrandomaccesgostcs;
andcr; respectwely In otherwords,asvarying costratiosandquerysizesarecommonin
practice thedistance: is in mary casesiot aconstanto beignoredin optimization:First,

CS; Cr;
by ignoringaccess cost ratios in optimization,morespeci cally 8i, j : ; =& =1,

the optimality is meaningfulonly to limited uniform- costscenarlose.g., thecellsin the
currentmatrix. However, actualapplicationscenariosare unlikely to be uniform, espe-
cially over autonomousniddlewvare sourcege.g., % = 20 in Figurela). Secondby

ignoringquery size in optimization,or the numberof predicatesthe optimality is reduced
only with respectto database size. For processinga top-« query (aswell astraditional
Booleanqueries),the problem size of answering@ over databaseD is characterizedy

boththequerysize(i.e., jQj = m) andthedatabassize(i.e., jDj = n). However, instance
optimality assumesn asa constantwhich reduceghe optimality to only with respecto

the numberof objectsevaluated;regardless of the predicateseachobjectevaluates. (To

contrastBooleanqueryoptimizersg.g., [HellersteinandStonebrakr 1993], mainly strive

to minimize suchpredicateaccessosts.)By systematicallyadaptingto all theseruntime
costparametersour framevork aimsat generallyoptimizing for virtually all accessce-
narios(asbrie y demonstrateth Sectionl).

Ourgoalis thusto developanoptimizationframevork thatconceptuallyuni es existing
algorithms.For sucha frameawork, we take a cost-base@ptimizationapproach.Towards
thegoal,our rst taskis to de ne the algorithmspace? (Eqg. 2) to searchover. As moti-
vatedin Sectionl, sucha spacemustbe comprehensive spacefor top-k queries.Section
4 de nes a comprehensie spacefor top-k queriesby abstractinga top-k algorithmasan
accesschedulingoroblem.We thenstudy to de ne afocused spacehow to decomposa
top-k queryinto logical tasksto guidenarraving down the spacejust aswe enumerate
comprehensi andfocusedspacegor SQL queriesdby enumeratingll queryplansof logi-
calrelationaloperatorsSections identi es therequiredinformationfor answeringatop-k
gueryanddecomposes into logicaltasks basednwhichwe de ne acomprehensie and
focusedalgorithmspacefor top-k queriesin Section6.

4. DEFINING A COMPREHENSIVE SPACE

This sectionnow tacklesthe rst challengeof de ning a “comprehensie” spacethaten-
compassesll possiblealgorithms. Towardsthe goal, to understanda top-k algorithm
constitutingsucha spacewe bagin with consideringan examplealgorithm (as Example
2 will shaw) — As our runningexamplequery we will consider®; (from Examplel) for
nding top-1 restaurantj.e., thussettingretrieval sizek = 1. For our illustration, let's
assumeDatasetl (Figure5) asour examplerestaurantobjects” (i.e., uy, uo, andusz) and
their scoregwhich canonly beknown by accessinghesources)Given(@, asinput,top-
algorithmswill returnananswerK = fu3:0.7g, i.e., ug is thetop-ranked objectwith score
F [’U,g]:O?
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Fig.4. Costcomprehenseness.

Fig.5. Datasetl

Dy D Py )
*I uy |7 {1 u, |9 *] u; |7 }2 u, |9
u, |.65 u, |.8 u, |.65 u,
2 2 4 3
u, .6 | u |7 |€ u, .6 | u |7 |€
(a) Algorithm M (or TA) (b) Algorithm M
Py P> Py 12
1 2 1
v|u |7 v w9 v |u |7 u,
V0w [es] ¢ |8 u, | .65 u,
;5 u, |.6 *6 u; |.7 u, |.6 u, |7 |
(c) Algorithm M3 (d) Algorithm M4

Fig.6. Examplealgorithms.

Recallthat,asSectionl mentionedthis paperfocuseson middleware algorithms. Since
a middlewvare cannotmanipulatedatadirectly, it relies on accessmethodssupportedby
sources:1) sorted acceson predicatep;, denotedsa;; or 2) random acces®on predicate
p; for objectu,;, denotedra, (u;). To contrastwe notethatthetwo typesof accessediffer
fundamentallyin two aspects:

side-effects Sortedaccesssia; hasside-efects; To illustrate,in Figure5, the rst sa;
not only evaluatesp, [us]=.7 with the highestp; scorebut alsobounds the “maximal-
possible”scoreof p; for every “unseen”objects,e.g., u; andusy, with this last-seen
score—e.g., p1[u1] .7. In contrastrandomaccess-a;(u;) hasno effect on other
objectsthanu; itself.

progressveness Sortedaccesssa; is progressie in thatrepeatedaccessegive more
information: For instance fepeateca; evaluatesus, uq, andus in turn, asaccessing
deeper into p;'s sortedlist. Meanwhilera;(u;) returnsp;[u;| every time andthusneed
notberepeated.
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Built upontheseaccessnethods,to answera query an algorithm performsaccesses
to gathernecessargcores.To illustrate how it works, Figure 6 illustratesexamplealgo-
rithms,usinga“sorted”list for eachpredicatereferto Figure6(a)for p; andp,—in which
objectsareorderedby the correspondingpredicatescores.On the sortedlist, we will use
#and torepresensortedandrandomaccesseperformedrespectiely, andannotatey
their“time” of accesse.g., o in Figure6(a)on p, representdlgorithm M | performsa
randomaccesattime 2, for p, onthe pointedobjectus.

Example 2 (Example Algorithm): We illustrate, as Figure 6(a) shavs, how Algorithm
TA [Fagin et al. 2001], a representatie algorithm, processes); in Figure6(a): At time
1, it performssortedaccessesa; andsas in parallel(asrepresentedy #,), which eval-
uatep; [uz]=.7 andps[uz]=.9, with the highestp; andp, scorerespectiely. At time 2, it
computeghe nal scoresof the objectsjust seeni.e., us andus, by performingrandom
accessesas(us) andra; (ug) (asrepresentetdy ). Thealgorithmcannow terminate,
asthe nal scoreof us, i.e., F[uz] = min(0.7,0.7) = 0.7, is no lessthanthat of the
“unseen”object(i.e., u1)— As p;[uq] is boundedby the “side-efect”, i.e., p1[u4] 7,
F [u1] = min(p; [u1], p2[u1]) cannotbe higherthanF [us] = .7. L]

As Example2 shawvs one possiblealgorithm (i.e., M ; as TA), dependingon which
accessesre performedat a time, therecanbe mary differentalgorithmsansweringthe
samequery To illustrate, considerexamplealgorithmsanswering@; in Figure6: M ,
performsthe sameaccesseasTA but oneatatime andM 3 evaluatessxhaustvely using
sortedaccessedifferentalgorithms by performingdifferentaccessem differentorders,
incur differentcosts. For instance,M 4, cananswerthe samequery performingonly a
part of accesseshat Algorithm TA performs(aswe will seein Example6). Our goal
is thusto identify the costoptimal algorithm,amongmary possiblealgorithms. Toward
the goal, we mustguaranteghe algorithmspacencludesthe optimal algorithm: For this
guaranteewe rst formalizethenotionof cost comprehensiveness (asFigure4 illustrates):
While a spacef2 may not encompasshe “universe”U of all possiblealgorithms,it is
comprehensie, with respecto somecostfunction,if ary arbitraryalgorithmM in U can
nd its “counterpart™ ’ in the2 thatanswerghe samequerywith no more cost. Such{}
is thuscomprehensie enoughfor optimization;no algorithmsoutsideof the spacecanbe
betterthanall algorithmsin the spacesinceits counterpartM ’ is atleastasgoodasM .
We formalizethis notion of “comprehensienessbelav, which providesa foundationfor
nding suchaspace.

De nition 1 (CostComprehensveness): A spacef? is cost comprehensive with respect
to costfunctionC, if for ary arbitraryalgorithmM , query@, anddataseD, thereexists
analgorithmM ’ 2 © answering? over D with nomorecost,i.e.,

cM’)  CM). .

In summarywhile U is our universein principle,if somespace? satis escostcompre-
hensvenesgDe nition 1), it issufcient tosearctin Q insteadf U, i.e., argmin ,  .yCM )
= argminap coC(M ) : As akey contritution, we identify suchcomprehensie space?,
for our objective of minimizing total accessosts(Eq. 1): As akey insight,obsene Algo-
rithm M 5 (Figure6b) performingthe exact samesetof accesseasM ; (Figure6a)only
oneatatime: By performingthesamesetof accesseshetwo algorithmsanswetthe same
guerywith the exactsamecost,with respecto our objective costfunction (Eq. 1), which
aggregatesthe costsof all accesses.
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while (7 hasnot gatheredsufcient scoringinformation
for determining/C):
selectA from ary possibleaccessesa; andr a; ;
performA; updatelC; P — P U{A};

Fig. 7. Algorithm “skeleton” SEQ.

Generalizingheobsenation,justasM ; hasasequentiatounterparM o, aryM 2 U
hasasequentiatounterparM ’, which performsthe sameaccessesequentiallysuchthat
CM’) C(M ). Consequentlyaspaceof all sequentiahlgorithmsis indeedcomprehen-
sive with respecto our objective costfunction—No algorithmoutsideof the spacecanbe
betterthanall algorithmsin the space.

This comprehensenesensureshatwe will not misstheoptimalalgorithm,by consid-
eringonly sequentiahlgorithm$. More formally, we modelsuchsequentiahlgorithmsby
the skeletonSEQ in Figure 7 generatingall possiblesequentiablgorithms: At ary point
duringsuchexecution,let P (the“accesses-saaf”) bethe accesseperformedsofar (ini-
tially empty),sequentiablgorithmscontinue(in the while-loop) to selectandperforman
accesoneat eachiteration, until P hasgatheredsufcient informationto determinethe
top-k answer«.

We cannow abstracta top-k algorithmas an accessschedulingproblemto minimize
accesgosts. Our goalis thus,amonga spaceof possibleaccesscheduling,or a space
generateddy the skeleton SEQ, which we denoteas G(SEQ), to searchfor the cost-
optimaloneM ,, with respecto the costscenarioj.e.,

M opt = argminMeG(SEQ)C(M )- 3)

While we have successfulul lled our rst objective of achiering thecomprehensieness
(as Section3 motivated),we are now facingthe secondchallengeof de ning a focused
space:Unfortunately thoughcomprehensi, G(SEQ) is extremelylarge, asalgorithms
vary dependingon accessA selectedat eachiteration,which canbeany amonga hugeset
of supportedaccesses¥o illustrate,for n = 100000 objectswith m = 5 predicatesat
eachiteration,therecanbeasmary asm + m n = 500005 differentsupportedaccesses
to choosefrom, as our framevork do not make “no wild guess”assumption.(Note, if
with this assumptionrandomaccessesre restrictedto seenobjectsand thusthe upper
boundwill besmaller) G(SEQ) is thussimply too largeto identify the optimalalgorithm
efciently. Our next goalis thusto re ne the spaceto be asfocusedaspossible without
compromisinghe comprehenseness.

Towardsthe goal,asSection3 motivated,it is critical to rst decomposetop-k query
into “logical tasks"asbuilding blocks,asSections will develop,basecdbnwhichwede ne
acomprehenske andfocusedsearctspacedn Section6.

8While parallelizationcannotcontritute to our optimizationobjective of Eq 1 (or total resourceusage)jt may
bene t elapsedime whensourcesanhandleconcurrentaccesse.g., asWeb sourcegypically do. Section9
will shawv thatsuchparallelizationcansuccessfullybuild upon” our accessninimizationframework.
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5. DEFINING A FOCUSED SPACE

We now ask a fundamentalquestion: While accesamethodsare “physical means”for
gatheringobject scores,what are “logical tasks”that a top-£ query mustful lI?  Such
logical tasksaredeterminednly by the objective of a query andit is independenof ary
physical implementation. Thatis, ary algorithms(with whatever accessnethods)must
successfullycarry out thesetasks. Sucha logical view is thusa critical foundationfor
systemati@lgorithmdesign.

5.1 Logical View: Scoring Tasks

Sinceatop-k queryis notexplicitly constructedvith operatorgunlike relationalqueries),
its logical tasksare not clearfrom the queryitself. To identify logical tasks,we take an
“information-theoretic’view andask—Whatis the required informationfor answeringa
top-k query? Givena databasé®= fuy,...,u,0, ary algorithmM mustgathercertain
scoreinformationfor each objectu;, to determinethetop-k. We canthus“compose’the
work of M by a setof requiredscoring tasks, fw,...,w,g. To de ne suchtasks,let

K=fuvy,...,v;0bethetop-k answergwhereeachv; representsomeu; from D). In this
paper we assumeapplicationsrequiretop-k answergo be completelyevaluated. A task
w; is thusto gatherthe (exactor partial) scoresof objectu ;, by usingrelevantaccessesn

orderto either(if »; 2 K) computeu;'s completescoreor elseprove thatit cannotscore
higherthanv,, (the k" answer).

De nition 2 (Scoring Tasks): Consideratop-k query@ = (F, k), with top-k answerK =

fur,...,v,0. Thescoring task w; for objecty; is:

1. for u; 2 K: w; mustcomputethefinal F [u;] score;or

2. otherwisexw; mustindicate(by somepartialscoresthemaximal-possible F [ ;] score,
tight enoughto supportthatF [u;] < F [vg]. *

As aremark,notethat thesetasksare speci ed with given K (the top-k£ answersyand
F [vi] (thekt" score). Thesevaluesunfortunatelywill remainundeterminedeforequery
processings fully completed—or this “task view” to be useful, our challenge(as we
will discuss)s thusto develop mechanismsor identifying unsatis edtasksduring query
processingbeforeK andF [v;] areknown.

Example 3 (Scoring Tasks): Considerour runningexample@, over Dy =fuq, us, usg
(Figure5): For k = 1, theansweiis K= f uzg with F [u3]=.7 (thesevaluesarenotknown
until @, is processed)We canspecifythescoringtasksf wy , wo, wsg for thethreeobjects
asfollows.

Considetaskws: Sinceus 2 K, w3 mustgatherall predicatescores—p; [us] andps [uz]—
for computingF [u3]. Notews cando soin variousways,e.g., by onesortedaccesssa;
into p; (which hits u3 and returnsp; [u3]=.7) and a randomaccessras(us) (returning
p2us]=.7).

To contrasttaskws for us (andsimilarly w; for u;) needsonly to prove, by gathering
somepartialscoresthatF [us] < F [us]=.7. To doso,w- canuse,say two sortedaccesses

”Notethat,to give deterministicsemanticsywe assumehatthereareno tiesin F scores-otherwise a determin-
istic “tie-brealer” function canbe usedto determinean order e.g., by uniqueobjectIDs. Suchenforcemenbf
certaintie brealer enablesoptimizationto comparecandidatealgorithmsthatreturnthe exact samesetof top-k
results.
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OID P1 P2 F
Up .65 9 65
uo 6 .9 6
us g 9 7

Fig.8. Thescorestateof Example4.

saj into py, whichreturn rst p;[ug)=.7 andthenp; [u1]=.65: Now, sinceus. is still unseen
from thesortedlist of p,, it is boundedby thelast-seerscoreji.e., pi[us]  .65. ASF [us]
= min(p; [us], p2[us]), F [uz] cannotbehigherthanp; [ug], i.e., F[us] .65 < .7. L]

We stresshatthesescoringtasksareboth necessarandatomic: First, eachw; is nec-
essary: If ary w; is notsatis ed,M cannotproperlyhandleobjectu ;— 1) if u; is atop-k
answerM cannotreturnits nal score;2) otherwisewithoutproving F [u;] < F [vx], M
cannotsafelyexcludew; fromthetop-k. Secondeachw;, asa perobjecttask,is atomic:
For arbitraryF , w; cannotgenerallybe decomposeéhto smallerrequiredsubtasks.For
case(1) of De nition 2, whenu; 2 K, obviouslyall predicatescoresarerequired.For case
(2), no subset®f u;'s predicatescoresareabsolutelyrequired,aslong asthe upperbound
inequalitycanbeproved.

In summarywe now view queryprocessin@sequivalent to ful lling asetof (necessary
and atomic)tasksf w, .. ., w,g— Eachtaskw;, for objectu;, gathersthe requiredper
objectinformation. Only when(andclearlywhen)all thetasksareful lled, thequerycan
beanswered.

5.2 Identifying Unsatis ed Tasks

At ary pointduringprocessingsomescoringtask(de nedin De nition 2)is “unsatis ed”.
Formally, atary point, scoringtaskw; is unsatisfied with respecto theaccesseperformed
sofar, if the scoringtaskin De nition 2 is yetto beful lled. For example,whenobject
u; is oneof thetop-k resultsandit is only partially evaluatedat the point, its scoringtask
w; 1S consideredo beunsatis edandu; still needgo befurtherevaluated.To focusquery
processingit is critical to identify unsatis edtasksandcompletesuchtasksrst. However,
during query processingit is challengingto judge whethera taskis satis ed, sinceK=
foy,...,v,0, which our taskspeci cation(De nition 2) requires,is not determinecuntil
theveryend.

In fact, for our purpose,we canaddressa slightly differentproblem: Given a setof
“accesses-saaf” P that hasbeenperformed,canwe nd any unsatis edtask? Instead
of identifying all, for queryprocessingo move on, it is sufcient to nd justone. (Note
ary unsatis edtaskmusteventuallybeful lled.) Ourinsightis, by comparingthe “score
state”of objects,we canalwaysreasonsometasksto be clearly unsatis ed,regardlessof
theeventualresultK.

Example 4 (Unsatis ed Tasks): ConsiderQ; over D;: Supposeat somepoint, we have
performedP =f say, sai, sas, ra;(u2)g. Referringto Figure5, theseaccessewill gather
thefollowing scoreinformation:
Thetwo sortedaccessesa; onp; will hit p[ug] =.7 andp; [u;] = .65. Dueto “side-
effect” (Sectiord), the“unseen’objects(i.e., us) will beboundedy thelast-seerscore,
ie., P1 [’U,g] .65.
ACM Transaction®n Databas&ystemsVol. V, No. N, Month 20YY.
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Theonesortedaccessas onpy Will returnps[us] = .9, andsetupperboundsps [u4 ]
9 andp2 [U3] .9.
Therandomaccessa; (us) returnsp, [us] = .6.

Putting togethey Figure 8 summarizeghe current“score staté. For uy: The above
accessegatheredp; [u1] = .65 andpsfus] .9, andthusF [u;]  min(.65,.9) = .65.
Similarly, F [ug] = .6 andF [us] .7

At this point, while we do not know whatK will be (asDe nition 2 requires)we can
identify at least the scoringtaskws for us asunsatis ed,no matter whatK is:

if us 2 K (i.e., us will eventuallybethetop-1): ws needsto gatherexact ps[us] to

computetheF score.

if ug 62K: in this case,the top-1 is u; or ug, with F scoresof at most .65 and .6

respectiely (Figure8)—Thus,thetop-1 score(i.e., F [vg] in De nition 2) is atmost.65.

Clearly, w3 hasnot provedthatF [u3] .65, sinceus canscoreashighas.?. L]

As Example4 hints,taskw; is unsatis ed,if u; has‘potential” to bein thetop-k results
K. For suchu; (e.g., us), regardlessof whatK will be, we mustknow more aboutits
scoresto declareit aseithertop-k or not. We thusidentify whetherw; is unsatis edas
follows: We quantify the current“potential” of «; (with respectto P), and determineif
this potentialis high enoughto make thetop-% results.

To beagin with, we measurecurrent potential of an objectby its “maximal-possible”
score.De ne F p[u;] asthemaximalscorethatu; maypossiblyachiere, giventhe partial
scoreghat“accesses-saf” P hasgathered.As a standardassumptionf is monotonic,
i, F(z1,...,2m) F(y1, ,ym)When8i:x; y;: WethuscancomputeF p[u;]
by substitutingunevaluatedpredicatewith their maximal-possiblescores-Notethatp; is
boundedby the last-seerscorefrom its sortedaccessegjenotedp;. (Section4 discussed
such“side-efects” of sortedaccesses for instanceasFigure8 shaws, F p(p1, p2)[u1] =
min(p; [u1] = .65,pz = .9)=.65.Thus,formally, F »(p1, ..., pm)[u;] =

F (pi = pilu;] if P hasdeterminedp; [u;] 8i> @)
Di =Di otherwise.

Furtherwefocusonthecurrenttop-k objectsby theirpotentialsLetK p =f vy, ..., vxQ
bethesecurrenttop objectsranked by their F » scores(To illustrate,in Example4, K p =
fu3g.) Therearetwo situationsdependingn if ary currenttop objectsare“incomplete”:

First, if Kp containsary incomplete object—onethathasnot beenfully evaluated(i.e.,
with only partial scores): As Example4 arguedfor u3 (an incompletetop-1), suchv;
needsfurther accessesitherway, by De nition 2: 1) If v; is indeedthe nal top+, it
needsompleteevaluation.2) Else,it needdurtheraccesset lower its maximal-possible
score,to be safelyexcludedfrom top-k. Thus,taskw; for suchincompletev; is clearly
unsatis ed.

Second, if all objectsvy, ..., vy in Kp arecomplete:Thesecurrent top-k with respect
to P arenow indeedthe final top-k (i.e., Kp = K) (andthe query can halt with these
answers). To seewhy, we make two obsenations: 1) Every v; 2 Kp is completeand
thushasits exactscore,i.e., F [v;] = F p[v;]. 2) Every objectu; 62K », with the current
ranking,hasits maximal-possiblescorelower thanthe above exactscoresj.e., 8v; 2 K :
Fplu;] Flvj]. It followsthatthosev; arethetop-k answersfully evaluated With these
two obsenations,De nition 2 will declareall scoringtasksare satis ed andthusquery
processinganindeedhalt.
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Theoreml statesour resultson identifying unsatis edtasks.

Theorem 1 (Unsatis ed Scoring Tasks): Consideratop-k query@ = (F, k) overD =

fuy,...,u,0. With respecto asetP of performedaccessedetKp =fuvy, ..., vygbethe

currenttop-k objectsrankedby F [ ].

1. 8v; 2 Kp s.t. v; hasnotbeencompletelyevaluatedijts scoringtaskw; is unsatis ed.

2. If all v;'sarecompletethenevery scoringtaskw;, 8u; 2 D, is satis ed,andK p is the
top-k results. [

ProoF. (1) If v; 2 Kp hasnotbeencompletelyevaluatedjts scoringtaskw; is unsat-
is ed: No matterwhatK will eventuallybe,therearetwo possiblesituations:

If v; 2 K: Asits scoringtaskw; mustcomputeF [v;], thetaskis notcompleteuntil we
gatherp;[v;] for every unevaluatedpredicatep; of v;— sincev; hasnot beencompletely
evaluated suchp; mustexist andthusw; is still unsatis ed(by De nition 2, Casel). If v;
6XK: Supposéts scoringtaskw; is satis ed: It will indicatethatthereareat least k objects
u (e.g., thosein K) satisfyingF »[v;] < F [u], whichin turn satisfyF »[v,;] < Fp[u],
asF[u] Fp[u]. Meanwhile,asv; 2 Kp, thereareat most k1 objectsu F p [v;] <
F p [u], acontradiction.

(2) If all v;'s arecomplete,F [v;] = Fp[v;] > Fplu] Flu], 8 u 62Kp, andthus
Kp = K. With this,we canshaw thatscoringtaskw; is satis ed,for everyu; 2 D.

8u; 2 Kp=K: As every u; 2 K hasbeencompletelyevaluated,w; is satis ed (by
De nition 2, Casel).

8u; 62K p=K: As F[v;] > F[u;],8v; 2 K (asshown above), w; is thussatis ed (by
De nition 2, Case2).

In summary Theoreml stateghat,at arny point,top-k objectsneedto befurtherevalu-
ated,i.e., atleastoneor moresortedor randomacces®n its unevaluatedpredicate®n the
currenttop-k objectsat ary point. However, notethat, it doesnot necessarilymeansuch
objectsneedto beevaluatedcompletely

Theoreml thusprovidesanimportantbasisfor constructinga focusedspaceby guar
anteeingdo identify unsatis edtasks,if any: Condition2 givesa preciseway to determine
if therestill exist ary unsatis edtasks,while Condition1 will identify at leastsomeof
them(i.e., thoseincompletev;). Meanwhile,noteit makesno assumption®n particular
“physical” accessesWe canthusgenerallyusearbitrarytop-k accessesgjot only random
accesseasin [ChangandHwang2002]but alsosortedaccessewith progressienessand
side-efectsaswell (Section4).

6. PUTTING TOGETHER: FRAMEWORK NC

This sectiondevelopsa spacethat is both comprehensie and focused. Built upon our
algorithm abstraction(Section4) and task decomposition(Section5), Section6.1 rst
developsaframenvork NC whichinducessuchanalgorithmspace Section6.2thenshovs
thatthe spacenducedis bothcomprehensie andfocused.

6.1 The Framework

Recallthat, in relationalqueries.this spaceis inducedby an algebraic‘framework™. As
a queryis composedf relationaloperatorsan algorithm spaceconsistsof thosequery
plansthatareequialentalgebraically The algebraidframevork inducesa spaceof query
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Framework NC(Q, D): NecessaryChoices

databaseD= fui;:::;ung
Output: K, top-k objects from D w.r.t. to F
QP ; = aacesses-so-far

(2) Kp fvi;:::; vk j top-k from D ranked by Fp[]g;
(3) while (true)

(4) U fvjjv; 2 Kp;y; isincompleteg)

(5) if (U==fg) break;

®) v any object in U; = e.g., the highest-ranked
(7) N;j fsa;ra;(vj)j pilvi] is undetermined by Pg;
(8) alternatives  Nj;

(9) SelectaccessA from alternatives—= accessseletion.
(10) perform A; update Kp; P P [ fAg;

(11yeturn K= Kp;

Fig.9. Framevork NC.

plans,eachasa differentschedule Optimizationis to nd agoodscheduleof operations,
conformingto theframework.

Built on this insight, we develop a framework that, by schedulingand performingan
acces®neby oneateachiteration,generatea spaceof algorithms.For instanceaframe-
work, whereany supportedaiccessesanbescheduledhtiteration,is essentiallyatemplate
SEQ renderingaspaceof all sequentiahlgorithms(Sectiond). In contrastjn this section,
to rendera more focusedspace we develop a framework that hingeson the insight that
guery processingcanfocuson only unsatis edtasks,without compromisingoptimality.
Thatis, ourframewvork will rst identify someunsatis edtaskw; andthenfocusselection
ononly thoseaccessefor ful lling w;.

This insightis built on taskdecompositior(Section5)—thattop-k queryprocessings
equivalent to ful lling asetof (necessargndatomic)tasksf wy, . . ., w,g. With this“task
view,” during processingwhena setof accesse® hasbeenperformedwe canidentify
unsatis edtasks,by Theoreml. (Whenall tasksaresatis ed, queryprocessinganhalt,
asTheoreml alsoasserts.For ary unsatis edw;, we canconstructa setof accesses/;,
specifically for satisfyingw;, by collectingall andonly accessethat canfurther process
w;— Theseaccessesonstitutethe necessary choices for ful lling w;. More precisely IV;
will consistof ary (randomor sorted)accessethatcanreturn(exactor bounding)scores
aboutu;'s unevaluatedpredicates(As Theoremil statesfor suchunsatis edw;, its object
u; mustbestill incomplete.)

Example 5 (NecessaryChoices): Continueour runningexample. Example4 identi ed

thattaskws is unsatis ed,for objectus, with ascorestate(p;=.7,p. .9! F .7),as
Figure8 shavs. Note thatws is unsatis ed,sincethe accesses-s@f P hasnot gathered
sufcient informationfor us (for eithercaseof De nition 2). To satisfyws, we mustknow

more on ug, especiallypredicateps, with unknavn score,using someof the following

accesses:

Sortedaccessesn p,: Performingsay canlower the upperboundof psfus]: As P
(Exampled) hasalreadyone sas, the next sas will returnu; with score.8 (Figure5).
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This new last-seerscoreby sa, will give uz a “tighter” boundfor p, (from .9 to
.8).

Randomacces®n p,: Performingras (us3) will returntheexactscoreof us for ps, thus

turningus into completelyevaluated with scorestate(p,=.7,p>=.7! F=.7). In fact,

ws IS NOw satis ed.

Puttingtogether N is thusf sas, ras(us)g. n

Theorem 2 (NecessaryChoices): Givena setof performedaccesse®, let w; beanun-
satis ed scoringtask,for objectu;. Thenecessary choices for w; with respecto P is IV;
=fsa;, ra;(u;) j pilu;] is undeterminedvy P g, without performingat leastoneof which
w; remainsunsatis ed. L]

PROOF. If v; 2 K: As its scoringtaskw; mustcomputeF [v;], w; remainsunsatis ed
until we gatherp;[v;] for every unevaluatedpredicatep; of v, eitherby ra;(v;), or by sa;
accessing;, for all unevaluatedoredicatep;.

If v; 62K: As its scoringtaskw; requiresto lower the upperboundof v; below the
top-k results,w; remainsunsatis eduntil we lower the upperboundof v; eitherby eval-
uatingunevaluatedpredicateby ra;(v;), or by lowering the upperboundsby sa;, for all
unevaluatedpredicatep;.

Obsene Figure9 describingourframevork NC: At eachiteration,it identi es necessary
choiceswith Theoreml to guidethis processAt ary point, NC maintainK », thecurrent
top-k objectswith respecto accesses-s@f P, ranked by maximal-possiblecoresF | |.
Someobjectsin K» may still be incomplete which variableU collects. As Theoreml1
speci es,therearetwo situations:

1. If U = ¢: As all top-« objectsarecomplete,Theoreml assertno more unsatis ed
tasks,which is thusthe terminationconditionof NC: NC will breakthe while-loop
(sinceU = ¢), andreturnK .

2. Otherwise: SinceU & ¢, thereare incompletetop-k objects. Any suchobjectv;
correspondgo an unsatis edtaskw;, by Theoreml. NC arbitrarily picks ary such
v; (say the highest-rankd one)without compromisingoptimality, andconstructghe
necessarghoicesN; (by Theorem2) asalternatives for selectingfurther access As
eachunstati ed taskremainunsati ed until atleastoneamongits necessarghoicess
performed,arbitrarily picking one of suchunsatis edtasksdoesnot compromisethe
optimality.

NotethatNC essentiallyrelieson Theoreml to isolatea setof necessarghoices.The-
orem1 enablesan effective way to searchfor necessarghoices by maintainingK », the
currenttop-k objects.Thus,a“searchmechanism’for nding unsatis edtasksshouldre-
turntop-k objectswhenrequested-e.g., a priority queue thatordersobjectsby maximal-
possiblescoresaspriorities. Notethat,initially, all objectshave thesamemaximal-possible
score(i.e., aperfectl.0). Thisinitial conditionis simply aspecialcaseof ties: In principle,
NC will initialize (in Step2) K with somedeterministictie-breakingorder (Section5).
While ary tie-brealer canbe used for the sale of presentationpur exampleswill assume
someOID asatie-brealer, e.g., whenu; andu; tie and: > j, thenwe considern; outranks
Uj.
Obsenrethat,whenk > 1, theremaybemultipleincompletev; in Kp, ateachiteration.
We stresghatNC cansimply chooseany suchv; to proceedeg.g., theonewith thehighest
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step| pz1 |Pz|Kp |alternatives Select
1. | 1| 1|fusg|Ng=fsas;sap;rai(us);raz(us)g|sas
2. 10.7| 1 |fusg|N3=fsap;raz(us)g raz(us)

Fig.10. [llustrationof NC.

partialscore andstill ensureshecomprehensenessThereasoris that,eachsuchv; des-
ignatesanunsatis edtaskw; whichremainsunsatis eduntil someaccesss performedor
thetask,andis thus“equally” necessaryin otherwords,ary N; is “complete”(Theorem
3), which guaranteethe comprehensienesof thealgorithmspaceNC rendergTheorem
4). Example6 illustrateshow NC works.

Example 6 (Framework NC): Figure 10 shavs the executionof algorithmM 4 (Figure
6d) that NC can generate:lnitially, at Step1 (Figure 10), as all the maximal-possible
scoredtie as1.0,Kp is setto f uzg (by the highestOID, our tie-brealer), which induces
alternatives=N3. Accordingto NC, M 4 thenSelect anaccesssa; in this caseamong
thealternatives, whichreturnsp; [u3] = .7 (seeFigure5) andlowerspy to0.7.

At Step2, asall the maximal-possiblescorestie as.7, us remainsasthe top in Kp.
However, uz now inducesa smaller N3, with accessesnly for its unevaluatedpredicate
p2. M 4 thenSelect ras(us), whichreturnsps [us] = .7 andcompletes.; with F [ug]=.7.
SinceK p with ug asthetop-1 is now fully completeaccordingo NC, M 4, will halt, with
totalaccesseR (M 4) = fsaq, rasz(us)g. (]

6.2 Comprehensive and Focused Space

This sectionshavs the spaceframeavork NC rendersis not only far more focusedthan
the spaceSEQ rendersbut alsosufciently comprehensi. First, we notethat NC, by
focusingon only necessarghoicesij.e., jalternativesj = 2 m, it is clearlymorefocused
than SEQ selectingan accesfrom ary supportedaccesses,e., jalternativesj = m +
m n. Further we stresghat, althoughmorefocused NC is still comprehense enough
for optimization. This comprehensinessresultsfrom the “completeness’property of
necessarghoiceswhich NC usesasalternatives, aswe formally statebelow.

Theorem 3 (N; Completeness):A setof necessarghoices\V; for every j, NC identi es
for anunsatis edtaskw; is complete with respectio “accesses-s@f” P, suchthatary
algorithmhaving doneP mustcontinuewith atleastoneof V;. [

PrOOF. N;, by Theorem2, containsall accessethat cancontritute to the unsatis ed
taskw;. Sincew; is necessarySection5.1), at least one accessn N; mustbe further
executed,or w; cannotbe satis ed andthusthe querycannotbe answered.Thus, V; is
completewith respecto accesses-s@fP .

This completenesgpropertyensureghat the spaceof algorithmsgeneratedy Frame-
work NC, denotedG(NC), is comprehensk for optimization(i.e., costcomprehensie-
nessin De nition 1), asTheorem4 below states. With this guaranteeit is sufcient to
searchonly within NC for anoptimalalgorithm.

Theorem 4 (NC Comprehensveness): For ary algorithmM ; with an accesscost Cy
with respecto thecostmodelC (Eq. 1), thereexistsanalgorithmM 5 in G(NC) with cost
Cy, suchthatCy, C;. ]
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ProoOF. Considerary queryprocessingy M ; (for somequery @ over databasd).
We will shav the generalityof NC by constructing analgorithmM » in Framevork NC
for thesameprocessingsuchthatM 5 costsno morethanM ;.

Let P, bethe total accesseshatM ; hasperformed,i.e.,, P(M ;) = P;. SinceM ,
follows theiterative framevork (Figure 10), let P} bethe accessesf M , before the j*
iteration; initially, P2 = ¢. Similarly, let alternatives’ be alternatives of M 5, at jt*
iteration.

Our proofis basedn thefollowing two lemmasL; and L for every iterationj, which
we prove later.

Ly: alternatives’ \ (P;  PJ) 6 ¢,8;.
Lg: P% P1,8j.

Note that, by L;, we shav NC can constructalgorithmM » to follow the accessof
M ; ateachiteration.More speci cally, for everyiterationj, M , selectsoneaccesgrom
alternatives’ thatis performecby M ; butnotyetby M », i.e., P, Pg, whichis possible
if Pg P, 8j. Wethenshaw, by L,, suchalgorithmM 5 incursnomoreaccesshanM 1,
whenM , haltsat someiteration;j (denotedasM %) : PJ  P,. Note, thisimmediately
impliesthatC(M %)  C(M ;) aswell, becauseur costfunction (Eg. 1) is “monotonic”
to accesseperformed:If M ; performsmoretimesof every kind of accesshanM ; then
M ; will have anoverall highercostie,P(M%) P(M ;)= CMI) CM ). To
completethe proof, we now showv by inductionthat .; and L, hold; we will alsospecify
the “behavior” of M 5 for eachiteration,to shav how it canbe constructedn the NC
framework.

J = 1. ConsiderL;: We notethat, by de nition of the Framavork NC, alternatives’ is
“complete”thatary algorithm(like M ;) thathasperformedP3 musthave performedin
addition' someaccessA amongalternatives’. Thus,asM ; hasperformedP. (trivially,
sincePJ = ¢), it musthave performedaccessA 2 alternatives' in addition. Thatis, A is
in bothalternatives' andP; PJ, andthusL, holds. L, is trivial, sinceinitially PJ = ¢.

j = k: Astheinductionhypothesisassumdor j = k, thelemmashold.

What shouldalgorithmM 5 do in eachiteration? We now constructM ,, for iteration
k: If M 5 exhaustsP, which providesenoughinformationto answer@, M 5 haltsright
beforethisiteration. OtherwiseNC requireghatM 5 selectbneacces$rom alternatives”
to continue:We will letM , chooseanaccessA® thatis alsoin P, P5— SuchA* must
existby Ly, i.e., A* 2 alternatives®\ (P, PJ).

j = k+ 1: First, L; holds: By L; (just proved abore) thatPé“*1 Py, M | hasper
formede“. By thecompletenessf alternatives™™!, M ; musthave performed;in ad-
dition' to PA*!, someaccessA 2 alternatives™ ™. Thatis, A is in bothalternatives®**
andP, P *! andthusL, holds.

Second,L; holds: NotethatP5™! = P5 [ f A*g. SinceP§¥ P, (by theinduction
hypothesionL;) andA* 2 P, P (by theconstructiorof M »), it followsthatP ¥+
P, holds.

In summarywe stresghatNC, asanalgorithmgeneratingramewvork, de nes anopti-
mizationspacethatis comprehensie andfocused.Our goal,in principle, is thusto “in-
stantiate’anoptimalalgorithmM ,,. in G(NC), whichdepend®n queryanddata-speci c
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factors.Section7 will discussoptimizationtechniquegor nding M . suchthat, further
re ning Eq.3:

M opt = argminMeG(NC)C(M ). (5)

7. SEARCH: DYNAMIC OPTIMIZATION

In this sectionwe discusshow to actuallyoptimizetop-k queriesusingFrameavork NC in
Section6. As brie y discussedwith optimizationspaceG(NC) de ned, queryoptimiza-
tion problemis now identifying the costoptimalalgorithmM ,,; in Eq. 5. For systematic
optimization,we mustaddresghe following threetasks,eachof which correspondso its
counterpartn Booleanqueryoptimization:

1. Space reduction: While alreadymuchfocused,G(NC) is still too large for exhaustve
searchWethusdesigna suiteof “systematic techniqueso reducehespacefor which
we canarguehow they retainthe promisingalgorithmsin the space.

2. Cost estimation : As a groundto comparealgorithmsin the spacethe optimizermust
be ableto estimatetheir cost. Our costestimationextendsthe insight of its Boolean
counterpartaswe will discussn Section7.2.

3. Search : Within the spaceof algorithmswith their estimatectosts ,we designeffective
optimizationschemedo prioritize search.Similarly, Booleanoptimizationenumerates
plansin particularways,e.g., dynamicprogramming.

7.1 Space Reduction

While alreadymuchfocused G(NC) is still too large for exhaustve search:At eachiter-
ation,NC may Select ary type of acces®n ary unesaluatedpredicateof top-k objects.
We thus needto further focuswithin NC, with some“systematic’reductiontechniques.
Thesetechniquesontribute in two ways: First, they reducethe spacesigni cantly, while
we canargue how they retainthe promisingalgorithmsfor consideration.Second they
give “orders”to thereducedspacesothatalgorithmcanbe systematicallyienumeratedyy
varyingafew con guration parametersln particulay we usethefollowing techniquedor
optimization:

First, we chooseto focuson SR algorithms(for sorted-then-randomjyhich perform
all sa; onpredicatep;, if exists,beforeary ra,;( ). We aguefocusingon suchalgorithms
allows usto reduceour planspacewith no “loss” of optimality—Lemmal stateshat, for
ary top-k algorithm,we have its S R-counterparigatheringthe samescoreinformation,
with no morecost.

Lemma 1 (SR-counterpart): For ary algorithmM ; 2 G(NC), thereexists its SR-
counterparM , with nomorecost,i.e., C(M 3) CM 1). [

PrROOF. We prove by constructingS R-counterparM 5 of M ; with no morecost. Let
Pi bethetotal accessethatM ; hasperformedonp;, i.e., P(M 1) = >, P{. Thatis, P{
shouldbe sufcient for collectingthe sameinformationasM ; on predicatep;. We thus
constructM , to performthe sameaccessem P for every p;, but in sorted-then-random
manneri.e., P{ rst choosesvery sortedaccessn P! andthenevery randomaccessn
Pi. However, notethat, somera;(o) 2 P? will beredundantin P} if p;[o] hasbeen
alreadyevaluatedby precedingsortedaccessConsequently8i : P} P, andthusM »
terminatesasearlyasM 1, if notearlieri.e, C(M 5) C(M 1).
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step | Pr | Pz | K alternatives Select
1. 1 1 | fusg | N3 =fsas;sap;rai(us);raz(us)g || sas
2. 0.7 1 | fusg | N3z =fsay;raz(us)g sap
3. 0.7 | 0.9 | fusg | N3 =fsay;raz(us)g sa
4, 0.7 | 0.8 | fusg | N3 =fsay;raz(us)g raz(us)

Fig.11. [lllustrationof SR/Gtechniques.

Procedure Select (alternatives, ; H):

if dsa; € alternatives suchthatpy > :
A — saj;

elseif Jra; (u) € alternatives suchthatp; = next (u; H):
A —raj(u);

Fig.12. Select with SR/Gtechniques.

Secondwe assumehat randomaccesson every objectfollows the same“global” or-
derH. Thatis, whenmultiple randomaccesseskxist in alternatives, we follow some
particularorderH (given by the optimizer; SeeSection7.3) to choosewhich to perform.
To illustrate, supposingnecessarghoicesarealternatives = fra;(u1), ra;(u1)g given
H = (pi,p;), wepick ra;(u1) rst asthenext unevaluatedpredicateof u, is p; accord-
ing to H, which we denoteasnext(u;,H) = p;. Accordingto our preliminary study
[ChangandHwang2002], global schedulings aseffective aslocal schedulinglandthus
hardly compromisingcomprehenseness)while signi cantly ef cient reducingthe per
objectoverheadasexpensve predicategvaluatedat runtimemakesit infeasibleto obtain
enoughknowledgeto customizepredicateschedulingor eachobject.

By focusingon the abore two techniqueswe proposeFramavork NC with SR/G(SR-
subsefindGlobalscheduling}echniquestradinghigh ef ciency overaslightcompromise
of comprehensienessTheseaechniquesustomizehe Select routineof NC asFigurel2
shows: Now the selectionis morefocused guidedby two parameters\ = (d1,...,0,,)
andH = (pi1,...,pm), Which will be determinedby the optimizer (Section7.3). In
essenceSelect choosesortedaccessvheneer thereexists sa; which hasnt reachedhe
suggestedepthd;, i.e., p; > 6;. 8 Otherwisejt performsrandomaccessn alternatives,
by picking the next unevaluatedpredicate(accordingto H). Example7 illustrateshow
thesetechniquesactuallywork with our runningexample. (For the sale of presentation,
NC from hereon refersto the framevork with SR/Gtechniques.)

Example 7 (SR/G technigues): Considerour runningexample@; on Datasetl: Figure
11illustrateshow SR/Gtechniqueguidetheaccesselectiorof NC whenA; = (0.8, 0.8)
andH = (p1, p2).

At stepl, amongnecessarghoicesalternatives = N3, Select focuseson sa; and
sag, asthe suggestedortedaccesgdepthshaven't beenreachedyeti.e., p;r > d; = 0.8
andpz > 0 = 0.8. (We arbitrarypick one,e.g., sa;.) Similarly, at step2 and3, Select
choosessas, until it lowersps belav the suggestediepthd, afterstep3. Then,at step4,

8While rarein practice therecanbe an extremecasewherethe suggestedlepthis too shallov thatall objects
seenfrom the sortedaccessare fully evaluatedbeforeidentifying the topk results. In sucha case,NC can
incrementallyincreasehedepth,proportionallyto thethe suggestedepths.
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we performras(us), which completeghe evaluationon us. NC canthusreturnus asthe
top-lanswemwith four accesseR = f say, saq, saq, ras(us)g, asF [us] is higherthanthe
maximal-possiblescoref therest. ]

In additionto reducingthe searchspacethe SR/Gtechnique&nableto enumeratalgo-
rithms by parameterg\ andH, i.e., every SR algorithmcanbeidenti ed by (A,H) pair.
Consequentlyour optimizationproblemcannow be restatedasidentifying the minimal-
costalgorithm (A, ¢, Hopt ) suchthat (A, Hope) = argmin, 1 C((A,H)).

7.2 Cost Estimation

As aprerequisiteto identify the cost-optimalalgorithm (A, H o), we needto develop
how to estimatethe costof a SR/Gtop-k algorithm (A, H). To motivate,recallthe cost
estimationfor Booleanquery plans. The costof Booleanqueryis essentiallythe cost of
processingeachpredicatep; for the cardinality N; of the objectsthat evaluatep;. For
Booleanqueriessuchcardinalitycanestimatedy the Booleanselectvity, i.e., theratio of
thenumberof dataobjectsthatevaluatethe givenpredicatdo betrue,obtainedrom some
“statisticalsamples”ge.g., histograms.For instancejn a simple conjunctve query N; is
simply the productof the predicateselectvities of thosepredicatesvaluatedprior to p,,
multiplied by the databassize NV, assumingpredicatdndependence.

Similarly, for top-k algorithms we canestimatehe costbasedn our selectvity estima-
tion from statisticalsamplesHowever, unlike Booleanqueriescomposeaf relationalop-
eratorstheaggrejateeffect cannotbe computedanalytically aspredicateareaggrejated
by arbitrary function F. To estimatethis arbitrary aggreation, we generalizeBoolean
selectvity into the notion of “aggregate selectvity”, which is the selectvity of a setof
evaluatedpredicatesstheratio of the numberof objectswhoseaggregatescoreghatcan
still make to thetop-k answers.

Further let 6 be the lowestscoreof the top-k results(which we will not know a priori
until the queryis fully evaluated).Obsere thatfp [«] will eventually be on thetop-k if
fp [u] @ (sinceeventuallyonly the nal answerswill surfaceto andremainonthetop).

We thusde ne the aggregate selectivity SQ(P ,A) for asetof accesseP astheratio
of the numberof databaseobjectsu that “pass” Ep [u] 0 after sortedaccesaup to
depthA. (This selectvity notion, unlike its Boolean-predicateounterpartdependson
the aggreyate” Itering” effect of all the predicatesvaluated.) With this notion, we can
estimatethe cost of the randomaccessesfter the precedingsortedaccessphase. (We
will later discusshow to estimatethe costof sortedaccessesipto A.) Thatis, when
H=(p1,...,pm) andSQ(P(A, H,_1),A) is theratio of the numberof objectsscoring
over ¢ afterthe sortedaccesgphaseup to depthA followed by therandomaccesseap to
subschedulél; = (p1,...,p;) uptoi” predicaten the schedulethe numberof random
accessesnp; isR;, = N SQ(P(A, H,_1),A), andthe costof randomaccesghaseis
thus:

m

Son SUP(AH1).A) eri=n S SUP(AH,1),A) e
i=1 =1

We cannow formulatethe overall cost,addingthe costof sortedaccesphase.More
speci cally, denotingthe numberof objectswith p; scoreno lessthand; asn(p;, d;), the
overallcostC((A, H)) canbeformulatedasfollows:
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m m
C((AH)) = Zn(pi,éi) csi+n ZSQ(P(A, Hi—1),A) cry.
i=1 =1
Suchcostcanbe estimatedyy “simulating” the aggreate effect on the statisticalsam-

ples,mimicking the actualexecutionwith the retrieval size &k’ proportionalto the sample
sizes, i.e., k' = dt 2e. We rst mimic the sortedaccesphaseby performingsorted
accessesn thesesample(we discusshow to getsuchsampledater) up to the depthA to
getthe estimatectostof sortedaccessés We thenusethe sampledo estimatethe aggre-
gateselectvity andthusrandomaccesgosts.In principle, suchsamplesanbe obtained
from online sampling(i.e., randomlysamplethe databaset runtime), or statistics-based
synthesisIn theworstcasewhenonline samplingis unavailableor too costly, or whena
priori statisticsis not available,onecanstill generatédummy” synthesihasedon some
assumedlistribution (e.g., uniform) thatis probablyonly a crudeapproximation.Though
suchsamplesannotrepresentictualscoredistributions,they help optimizefor otherim-
portantaspectssuchasthe effectsof scoringfunctionandasymmetrybetweerpredicates.
While our optimizerwill certainlybene t from moreaccuratesamplesandstatistics Sec-
tion 9 will implementour optimizationframevork usingdummysynthesisto validateour
framework in theworstcasescenario.

7.3 Search

Toward our goal of identifying the optimal algorithm (A,,:, H,p:), we decomposehe
probleminto two subtask®f identify A,,; rst andH,,; in turn. In fact, A optimization
andH optimizationare mutually dependent. That is, we canidentify the optimal A
with respectto somerandomaccessschedulingH ;. Denotingthis optimal depthiden-
tied asAq, the optimal randomaccessschedulingfor suchdepthmay not be identical
to Hg, which we denoteasH ;. In otherwords, dueto the mutualrecursvenessn A
andH optimization, nding anoptimalpair of (A, H ¢ ) is €ssentiallycontinuingthe
above iterationsuntil the corvergence. However, for simplicity, our two-phaseapproach
was designedo performa one-iterationapproximationof the above iterative processes.
Thatis, we nd A, with respecto someinitial randomaccesschedulingH, and nd
H ¢ with respecto A, identi ed in the rst phaseaswe discusgurtherbelaw.

—A-optimization: We rst identify the optimal depthA,,;, with respecto someinitial
scheduleéH g, i.e., Agp = argminaC((A,Ho)).

—H -optimization: We thenidentify the optimal schedulingH ,,: with respectto A,
identi ed.

For H optimization,we adoptglobal predicateschedulingproposedn our preliminary
study[ChangandHwang2002]thatusesonlinesamplingto identify apredicatescheduling
with the highest Itering effect, accordingto the notion of aggrejateselectvity discussed
in 7.2.For A optimization,we rst studyhow it is speci c to runtimefactorse.g., score
functions,predicatescoredistributions,andcostscenariosasExample8 will illustrate.

9 correspondso a setof thresholdscorego reachwhich will staythe samefor samplesof ary sizeaslong as

they presere the statisticalpropertief the dataset.
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Example8 (A Optimization Possibilities): To illustrate,we continueExample7 with
adifferentdepthcon guration A, = (0.8,1). In fact, A, generateshe algorithmillus-
tratedin Figurel0: it startswith sa; aspy > d1, but choosesas(uz) nextaspz  ds.
Obsere from this examplethat differentcon gurationsimply differentaccesscosts:
While a parallel con guration of A; = (0.8,0.8) requiredfour accesse$o answerQ
(Figurell),afocused con guration A, = (0.8, 1) requiresonly two accessefrigure10).
However, notethat,this nding is only speci ¢ Q;— For instancewhenscoringfunctionF
is avg (theaveragefunction)for thesamequery@,, A; requiredessaccesse@l accesses)
thanA, (6 accesses). ]

Consequentlywe needsearchschemeshat systematicallyadaptto the givenquery in
exploringthe A spacej.e., m-dimensionakpaceof §; ... d,, = [0: 1]™. In par
ticular, we proposethreesearchschemeskFirst, we implementan approximateexhaustve
searchtothe A spacewe discretizeeachdimensiond; into asetof « nite valuesin the
range[0:1]. We canthenimplementan exhaustve searchschemeNaive, which checks
eachandevery combinationamongz™ possiblevalues.Secondwe thendeveloptwo in-
formedsearchschemesStrategies andHClimb which guidethe searchby query-driven
or generichill-climbing stratgiesrespectrely. Amongthesethreeschemesywe focuson
HClimb in particular which is generalto ary query yet evaluatedto be the mostef-
cientandeffective from our unreportedvaluation: Fromarandomstartingpoint, HClimb
simply searchesowardsneighborswith lessestimatedcost(SeeSection7.2 for costesti-
mation),until it reacheghecost-minimalcon guration. Theschemas typically enhanced
with multiple randomstartingpoints,to avoid local minimum.

8. UNIFICATION AND CONTRAST

Framevork NC0, in additionto being a generaland adaptve optimizationframework,
enablesonceptualnification of existing algorithms.It complementgxisting algorithms,
by (1) generatingimilarbehaiorswhensuchbehaiorsaredesirablewhile (2) optimizing
beyond their “static” behaiors whensuchbehaiors are not desirable.In particular we
rst discusshow it uni es andcontrastaith TA [Faginetal. 2001](Section8.1). We then
discusshow it is basedon and extendsour preliminarywork MPro [Changand Hwang
2002](Section8.2).

Sincemostexisting algorithms(as originatedin a “middleware” contet) assumeno-
wild-guesses [Faginetal. 2001],to be morecomparablewe transformNC to handlethis
restriction(while NC cangenerallywork with or without). In suchsettingsanalgorithm
cannotrefer to an object« (for randomaccesspefore“knowing” it from somesorted
access.ThusNC mustdistinguishbetween‘seen” and “unseen”objects— will remain
unseen until hit by somesortedaccesswhenit becomeseen. Weintroduceavirtual object
unseen to representll unseernobjects. Note all suchobjectssharethe samemaximal-
possiblescoreF [unseen] = F (py, ..., Db,). This virtual objectneedsspecialhandling,
as Figure 13 shawvs with query Q: First, initially all objectsare unseenso NC now
initializes K> with only the unseen. Secondwhenthis unseen is atthetop (e.g., step
1), its inducedchoicesNynseen Will containonly sortedaccessessincerandomaccess
is not allowedfor an“unseen’object,by the no-wild-guesseassumption.Third, objects

10 For notationalsimplicity, we useNC interchangeablasan abstracframavork andasthe optimal algorithm
generated.
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Fig.13. NC with nowild guesses.

(a) scenaridS; (b) scenaridS;

Fig. 14. lllustrationof TA andNC.
hit by somesortedaccessill becomé'seen” (e.g., u3 seenby sa; atstepl)— They will
bethenhandledasusualandmaysurfaceto K (e.g., uz atstep2).

8.1 Algorithm TA

We now obsere how NC uni es andcontrastaith TA, whichis anearlyandprobablythe
mostrepresentatie existing top-k algorithmsof all. As Figure?2 lists, TA aimsat access
scenariowheresortedaccessandrandomaccesshave uniform unit costs,i.e., % 1.
Let's call it the uniform scenario.As illustratedin Example2, the “behaviors” of TA can
be characterizedsfollow: (1) Equal-depth-sorted access: At eachiterationit performs
sortedaccesdo all predicates. (2) Exhaustive-random access: It then doesexhaustive
randomaccesn every seenobject. (3) Early-stop: It terminatesassoonask evaluated
objectsscoreno lessthanthe upperboundscoreof unseerobjects. We now ask: When
suchbehaiors aredesirablewould NC generatesimilar behaiors (“uni cation”)? When

not,would NC optimizebeyondsuchstatichehaiors (“contrast”)?

Uni cation: In “symmetric” casesvhereeachpredicatecontribtutesratherequallyto both
overall scoreandcost, e.g., F =avg with equalpredicateaccesscosts,NC will indeed
generateTA which is build for suchscenarioin mind: We illustrate with a scenarioS;
with scoringfunctionF = avg(p1,p2), in which the scoresof p; andp, areuniformly
distributedover [0 : 1] and8i : ¢s; = ¢r; = 1. To obsere how NC adaptsto S,
Figurel4(a)shavs acontourplot of C(A, H () with respecto A = (41, d2). NC identi es
the minimal-costA ¢, or the darkestcell marked by arectangleataround(.85, .85). To
comparethe gure alsomarksthe depthTA reachedy anoval, ataround(.87,.87).
Obsenre that the two algorithmsare indeedalmostidentical: (1) Both performequal-
depth-sorted access up to similar depths.(2) By accessinghe samedepthsthey will both
seethe samesetof objects.However, sinceNC doesnot useexhaustve randomaccessit
will only performlessrandomaccessethanTA. We thusexpectNC to be slightly better
overall. (3) TheoutputK of NC shareghe sameearly-stop conditionasTA: It terminates
whenk evaluatedobjectsscoreno lessthanthe upperboundscoreof unseerobjects.

Contrast: However, NC contrastavith TA by beingableto adapt: Even amonguniform
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Fig.15. Comparisorof TA andNC whensa = Zi Si -csj andra = Zi R; -cri,i.e,cost= sa+ ra.

scenariosin the “asymmetric”casesTA's characteristibehaiors cannotadaptwell. To
illustratesuchcasesFigurel4(b)shavs scenariaS; by only changing= toF = min (and
otherwisethe sameas S1). In contrasto avg whereevery predicatescoresymmetrically
contritutesto theoverall score,min is asymmetridn a sensehatonly onepredicatewith
minimumscoredeterminesheoverall score.Obsere how NC adaptdeyond TA andthus
generates ratherdifferentalgorithmwith lesscost(thusadarker cell). NC focusessorted
acces®np; with A, = (.81, 1), while TA performsequal-sorteéccessip to (.83, .83).

For a closerobsenation, Figure 15 compareghe relative accesscostsof TA and NC
(normalizedto thetotal costof TA as100%) in variousscenariosAs “symmetric” cases,
Figure 15(a) rst considersscenarioS;, which is ratherfavorableto TA (as explained
abore). In sucha case bothalgorithmsbehae similarly (exceptNC slightly outperforms
by goingdeepein sortedaccesset tradefuturerandomaccesses:jo contrastas“‘asym-
metric” casesFigure 15(b) considersscenarioghatintroduceasymmetry, oneat a time,
upon.sS; asfollows:

—Asymmetric function: Unlike for a symmetricfunctionlike F = avg in Sy, where
eachpredicateequallycontributesF , the optimalcon gurationfor asymmetridunction
tendsnotto beequal-depth— WhenF = min, NC adaptdo focus sortedacces®n one
predicate.

—Asymmetric scores: Unlike in scenarioS;, predicatescoredistributions may differ
signi cantly— Whenps is distributednormallywith mean.2 andvariance.1, NC adapts
to performmoresortedacces®n p, (Whichis more“selective” to distinguishobjectsby
scores).

—Asymmetric costs: Whencertainpredicatesare moreexpensve (e.g., Web-accessible
predicate) NC adaptgo replaceexpensie accesseby cheapemlternatves—\Whenp,
is threetimesmore expensve (for both sortedaccessandrandomaccessihanps, NC
outperformsTA by favoring accessesn ps.

8.2 Algorithm MPro

We next discusshow NC is basedon and extendsour preliminary work MPro [Chang
andHwang2002],a simplerrandom-only scenarigsimilarto Upper [Bruno etal. 2002]
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andTA  [Faginetal. 2001]aswe will discusdater). Consider (p1, - - -, Pms Pty - - o
pn). MPro distinguishesgwo typesof predicatesWhile p,,,+1, ..., p, aresimply ordinary
(or “indexed”) predicatesthe othergroupps, ..., p,, areexpensive predicatesThey are
“probeonly” or random-only.

8pi 2 fp1,...,pm0: p; Supportonly randomaccessvith unit coster;; thuses; =1 .
8pi 2 fpma1,-..,pn0: p; Supportsboth randomaccessandsortedaccesswith unit
coster; andcs; respectiely.

MPro aimsat minimizing randomaccessefyr perobject“probes; on expensve predi-
cates.In brief, it worksasfollows:

1. Mergetheordinarypredicate®,,, 11, ..., p, intoonesinglelist = (or, aconceptuapred-
icate),usingTA. By this meiging, we view thescoringfunctionasF (p1, . . ., pm, ).

2. Sortall objectsu by their maximal-possiblescoreF [u] (with respecto its evaluated
predicates)Let Kp bethecurrenttop-k objects.

3. At eachiteration,pick anincomplete objectv; from K. Let P; = fra;(v;)j pi[v;]
is unevaluatedsofarg. Pick a probera;(j), accordingto somepredicatescheduleH ,
from P; andexecuteit. TerminateandreturnK » whenall top-k objectsarecomplete.

In essenceMPro hasthe following characteristidehaiors: (1) x-separation: It sep-
aratesthe sortedaccess-capableredicatesj.e., py,+1, - .., Pn, from therandomaccess-
only ones,i.e., p1, ..., pm, by isolatingthe former and mewging theminto « by TA. (2)
x-stop: It will retrieve from the memged z-list in the sortedorder and stop as soonas
8v2 Kp:Fp FQ,..,1,Pmi1,--,Pn), WhereKp is the nal top-k answersand
thedepthsp,, 1, - . ., P, aredeterminedy thememging algorithmTA. (3) p-minimization:
For thoseretrieved objects MPro will minimize probecost,by nding anoptimalH.

Uni cation: As MPro aimsat minimizing randomaccessedpr expensve predicatesywe
canseethatNC, if “projected”to only thesepredicatescangenerateMPro. (With this
projection,let's ignore z-separationwhich we will discusdater) First, NC will satisfy
the samez-stopcondition: Note thatthe unseen objectfrom the z-list have F [unseen|
=F(,..., 1, Pmr1s - - -» Do), andthusthe stop-conditionholds similarly asfor TA just
discussed.

Second,NC will naturally performthe samep-minimization: As outlined above, for
probe-onlypredicatesMPro essentiallyoperateon the samemachineryasNC: i.e., sort-
ing by maximal-possiblescoresfurther probingon someincompletev; in Kp, andstop-
pingwhenK» completesFor suchincompletev;, MPro constructsa setof P;—with only
randomaccesgprobes-for furtherprobing,correspondingo alternatives of NC.

Sucha “probe-only” schemds indeeda special case thatNC will unify: As ageneral
mechanismfor suchv;, it will construct/V; with both sortedaccessandrandomaccess
(line 5, Figure9). As theseprobe-onlypredicatesdo not supportsortedaccessessuch
“specialrestrictions"arenaturallycaptureddy the cost-baseframewvork simply by setting
cs; = 1 . Theoptimizer(Section7) will thenalgorithmically“ignore” thesortedaccesses,
by con guring the sortedaccesslepthsasA: (§;=1, ..., §,,=1)—i.e., no sortedaccessat
all. NotethatMPro implicitly assumeshe sameA, by usingthe maximal-possiblecores
of thosep; asp;=1, 8¢ 2 [1 : m|. Thus,in principle, with respecto this sameA, our
optimizerwill generatehe sameglobal scheduleH. In summary NC adaptsto achieve
the samep-minimization,while usinga general-purposmechanism.

ACM Transaction®n Databas&SystemsVol. V, No. N, Month 20YY.



28

Contrast: Uni ed for probe-onlypredicateshowever, the two algorithmsdiffer funda-
mentallyfor the “ordinary” predicatesvith both sortedaccessaindrandomaccess While
NC integratestheir optimizationin exactly the sameframenork, MPro isolates(andthus
ignores)suchpredicatedy z-separationBy usingTA asa“blackbox” for meging p,,,+1,
.., pn, MPro will suffer all the contrastdhat Section8.1 discussedin particular equal-
depth-sorte@dccessnto thesepredicatesandexhaustve-randomaccess.

Remark: Although correctly uni ed for the “probe-only” special-caseNC hasgener
alizedbeyond MPro signi cantly, by generallyhandlingboth sortedaccessandrandom
access.Sucha generalizatioris non-trivial. Essentially as Section4 identi ed, sorted
accesss fundamentallydifferentwith its progressienessandside-efects. By focusingon
only randomaccessesylPro doesnot dealwith de ning a completeframeavork: Toillus-
trate,considera random-only setting,whensomev; 2 K is incomplete andthuswith
furtheraccessesay P; =frai(v;), raz(v;)g. To contrastjn its sorted-also counterpart,
by addingsortedaccesseshefurtheraccesseare N; = f saq, ra1(v;), saz, ras(v;)g.

To contrastwe identify thefollowing challengesn de ning acompleteframevork:

1. sorted accesside-effects:In random-only, suchv; canbeunivocally identi ed asre-
quired for furtherprocessinglf notpicked,v; will remainnecessarjorever. However,
in sorted-also, v; maybecomeaunnecessarfby retiringfrom currenttop-k), simply by
side-efectsfrom accessingthers.

2. sorted accesgrogressveness:In random-only, for v; just picked, with respecto a
givenschedulde.g., H = (raz(v;), rai(v;))), thenext probe(e.g., ras(v;) in P;) can
be univocally determinedo berequired. However, in sorted-also, it is not clearwhat
sucha schedulds, or whatto scheduleaxactly: As every sortedaccessanrepeatfor
progressie accessegherearegenerallyanin nite numberof suchschedulesg.g., for
Nj: (sa1, saz, raz(vj), rai(vy)), (sa1, sai, sas, raz(v;), rai(v;)), etc.

In summaryNC generalizesMPro, which focusesonly on random-only andthusre-
ducesthe optimizationto a “barebone”of nding the optimal predicateschedulingH: In
thesdimited scenariosPropertiesl and2 abore togetherunivocally determinea required
probeon a particularv; for a particularp;, i.e., the necessary probe principle [Chang
and Hwang 2002]. Tamgeting at the samescenariosUpper appliesthe sameprinciple
of evaluatingthe objectwith the highestmaximalscore;However, their runtime adapta-
tion heuristicsfurther restrictsits applicability to weightedaveragescoringfunctions,in
additionto beinglimited to randomacces®ptimization, by usingweightsfor predicate
scheduling TAz similarly evaluateghe objectwith thehighestmaximalscore but it lacks
predicateschedulingandthusalwaysevaluatesobjectscompletelywhich explainsconsis-
tently worseperformancesomparedo Upper (asreportedn [Brunoetal. 2002]).

In contrasto MPro, Upper, andTA z, thenotionof necessary choices of our NC frame-
work enablego handlebothrandomaccessndsortedaccessby identifyingthenecessary
tasksthatmustbe satis ed (Theoreml) andschedulingonly suchtasks(Theoren4).

9. EXPERIMENTS

This sectionreportsour experiments Our goalis two-fold: First, to validatetheadaptvity,
scalability andadaptvity of NC, Section9.1 studiesthe performanceof NC over awide
rangeof middleware settings,by simulatingover extensve syntheticscenarios.Second,
to validate practicality Section9.2 quanti es the absoluteperformanceof NC over real
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retrieval size(k) 100
numberof predicategm) 2
predicatescoredistribution uniform
databassize(n) 10000
scoringfunction (F) avg(p1;::i;Pm)
unit costs Viiecsi=cri =1
scoredistributions Vi : Dj = unif

Fig.16. Defaultsetting.

Web sourcesOur experimentavereconductedvith a Pentiumlll 933MHz machinewith
256M RAM, usingour implementatiorof NC in Python. Note, for runtime searchwe
use“dummy” synthesisassuminguniform distributionsfor all predicategasdiscussedn
Section7.2). While our optimizerwill certainlybene t from moreaccuratesampling,we
implementusingthesedummysynthesigunlessnotedotherwise) to validateour frame-
work in theworstcasescenariovheresamplingis expensve or eveninfeasible.

9.1 Synthetic Middleware Scenarios

In this section,we performextensve experimentgo studythe adaptvity, scalability and
generalityof NC, over variousperformancdactors. To isolateand control thesefactors,
our experimentsin this sectionusedsyntheticdatasets.In particular we synthesizeour
scenariosyaryingthefollowing performancdactors:(1) unit costscs; ander;, (2) scoring
functionF , and(3) scoredistribution D;, of eachpredicatep;.

Over varying performancedactors,our goal is to compareNC with the existing algo-
rithms listed in the matrix of Figure 2 shaws. In particular we comparewith TA, CA,
andNRA, asthe restof algorithmsin the matrix are eithernot applicableto the scenar
ios or subsumedby the algorithmsconsideredfirst, thoughAlgorithm Quick-Combine,
SR-Combine, and Stream-Combine aredesignedor the samescenariostheir limited
runtime optimizationheuristics(i.e., usingthe partial derivative of F) restrictits appli-
cability over our synthesizedscenarios.For instance they cannotsupportF =min (e.g.,
Q1). Secondtherestof algorithmscanbe consideredasthe specialcasef NC: As we
explainedearlierin Section8.2, NC uni es MPro, Upper, and TAz, designedspeci -
cally for simpler“probe-only” scenariosAs NC generalized1Pro andthereforeperforms
identicallyto MPro, we do notcompareviPro with NC.

Adaptivity of NC: To validate the adaptivity of NC over existing algorithms,we rst
compardgheperformancef thefour algorithmsyaryingoneparameteatatime asfollows
overthedefault settingdescribedn Figure16:

—Unit costs: To understandheimpactof varyingunit costs we categorizecostscenarios
into cs; > cry, cs; = cry, andes; < cry, for eachpredicatep;. In particular for m = 2,
Figure17 shavs how we synthesizesuchscenariody varyingh; = £- to %, 1, andr.

—Scoring function: To understandhe adaptvity over various scoring functions, we
evaluateover F : min, wavg (weightedaverage),and gavg (geometricaverage). For
weightedaveragewavg., = wy p1 + we p2, Wevary ¢ = Zj—i to 1 and 10 when
>, w; = 1. Similarly, we vary c to 1 and10 for geometricaveragegavg. = pi* ps?,
when) . w; = 1.

—Score distrib ution: To understandhe impactover differentdistributions, we change
D, to normaldistribution andvary its meanto .2, .5, and.8, with avariance.16.
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(hy = 55 he = Z2)[[cs2 > crz2 [Cs, = Crz[Cs; < Crp
csy > cry &2 L) 0
Csy = Cry (1 (1;1) (1)
csp < cry (r; £ (r;1) (r;n

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

Figure 18 reportsour evaluationresultsover variouscostscenariogas enumeratedn
Figure17) whencs; = 10 andese = « 10, while ¢r; andery aredeterminecby each
scenarioash; c¢s; andhs csy respectiely. First, Figure 18(a) compareghe average
total accesscost (relative to the costof NC) whenz = 1 (i.e., ¢s; = c¢sg) andr =
10. Obsenre that, NC is robustacrossall scenariosandsigni cantly outperformsexisting
algorithmsin mostscenarioshy generallyadaptingo variouscostscenarios+or instance,
when (hy1, ho) = (1, 15), NC saves67%, 73%, and 84% from the costof TA, CA, and
NRA respectiely. In additionto the robust performance®f NC, it is alsointerestingto
obsene how NC uni es existing algorithms.For instancejn uniform costscenariosg.g.,
(h1,hs) = (1,1), which is ideal for TA, NC will similarly performequal-depthsorted
accessetSection8) andperformcomparablyto TA. For scenariosvhererandomaccesss
expensve,whichis idealfor CA, e.g., (h1, h2) = (10,10), NC uni es CA andNRA, and
performscomparablyby similarly tradingsomeexpensve randomaccessewith cheaper
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Fig.19. Adaptiity of NC over scoringfunctions.

sortedaccesses.

However, in otherscenariowhereexisting algorithmsareineffective, NC outperforms
existing algorithmsby ordersof magnitude. To illustrate, Figures18(b) and (c) repeat
the samesetsof experimentschangingto » = 100 andxz = 10 respectrely. Figure18(b)
reportsheperformancesvhentheasymmetryacrossheaccesgostsof sortedandrandom
accessearemoresigni cant, i.e.,, r = 100. Obsenre thatthe costsaving of NC is even
moresigni cant in thesescenariosWhen (hy, he) = (1, 145), NC sares96%,97%,and
98%from the costof TA, CA, andNRA respectiely, astheseexisting algorithmscannot
adaptto suchasymmetryin costs. Similarly, comparedo Figure 18(a), the costsaving
of NC is more signi cant in Figure 18(c) wherethe asymmetryof accesscostsacross
predicatesaremoresigni cant, i.e., z = 2 = 10. Note,when(hy, hy) = (1, 15), NC
saves 75%, 85%, and 91% from the costof TA, CA, andNRA respectiely, by adapting
to costasymmetry as similarly obsened in the previous evaluations. In summary NC
performsrobustly acrosswide rangesof scenariosandsigni cantly outperformsexisting
algorithmswhenthey cannotadaptto the asymmetryin costs,asconsistentlyobseredin
Section8.

We now studyhow NC adaptsto othercostfactors—i.e., scoringfunctionsandscore
distributions. In particular we vary suchfactorsin four representadie cost scenarios
that bestdepictthe uni cation and contrastingbehaiors of NC to existing algorithms—
To shav the uni cation behaiors, we pick the intendedscenariosfor TA andCA, i.e.,
(h1,h2) = (1,1) and(r, r) respectiely, which we denoteasScenarioSA-intended and
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Fig.21. Scalabilityof NC overN .

CA-intended. In contrast,to shav our contrastingbehaiors, we pick asymmetricsce-
narios(hy, he) = (r,%) whencs,; = cso (denotedasScenarioAl) andces; = 10 c¢so
(denotedas ScenarioA2). For brevity sale, we drop the comparisonwith NRA, which
hasshavn mostly worseor sometimessimilar performances$o CA in varioussettingsin
Figure18.

Figure 19 evaluatesthe adaptvity of NC over varying scoringfunctionsin the default
settingwith z = 1 andr = 10 (asin Figure 18a). As Section8 discussedand also
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cost ratio (to TA)

20 |

Fig.22. Scalabilityof NC overm.

obseredhere whenfunctionis symmetrice.g., F = avg, However, in all otherfunctions
with asymmetrye.g., F = wavg or F = gavg, NC will outperformexisting algorithms
thatfail to adaptto suchasymmetry Obsene that, the costdifferenceggrow signi cantly
assuchtheasymmetryof weightedandgeometricaverageincreasess.g., theweightratio
c = 22 increase$rom 1 to 10 for bothwavg. = w1 p1 +w2 pz andgavg. = pi™* p5?
mcreasesrvhenwhenz w; = 1. The sameobsenation holdstrue acrossdifferentcost
scenariospnly the costsavingsaremoredramaticwhenthereexistsadditionalasymmetry
in costseither acrossdifferentaccessypes(e.g., CA-intended) or different predicates
(e.g., Al andA2).

Figure 20 studiesthe adaptvity of NC over varying scoredistributionsin the default
settingwith z = 1 andr = 10 (asin Figure18a). Recallthat,in all our evaluationswe
usedNC usingdummysynthesigSection7.2) insteadof actualsampling.Meanwhile,in
this experimentonly, we alsoimplementtwo versionsof NC with closersampleghatrep-
resentthe datadistribution: 1) NC-Sample thatusesactualsampleof 0.1%of datasize,
2) NC-Distribution that usessynthetic“approximate”samplesthat are generatedy an
assumed-priori knowledgeof the actualdistribution (e.g., normaldistribution with mean
as0.8andvarianceas0.16). Figure20(a)studiesthe performancesf NC whenF = avg.
Obsene that,moreaccuratesamplesareindeedhelpful to adaptmorecloselyonthescore
distributions—For instance whenthe meanis 0.8, in all costscenariosNC-Sample and
NC-Distribution canadaptbetterthanNC-Dummy, by performingmoresortedaccesses
on p; which is moreselectve in distinguishingobjectsby scores.Meanwhile,notethat,
dummysynthesids equallyeffective in optimizing for other importantcostfactors(e.g.,
unit costs)-Obsene that,in ScenariofA1 andA2, while NC-Dummy doesnot know the
actualdistribution, it signi cantly outperformsexisting algorithmsby optimizingto other
runtimefactorssuchasquerysizeor accessosts,andperformsvery closelyto NC with
moreaccuratestatistics.

Scalability of NC: Figure 21 studiesthe scalability of NC varying N and k& from the
default settingin Figure 16. In particular we chooseto focuson ScenarioTA-intended,

whichis themost“dif cult” scenaricasthecostsaving of NC wasminimalin theprevious
experiments.Figure21(a)presentghe costratio of NC with respecto TA whichis ideal
for thegivenscenario.varying N = 1k, 10k, 100k, and1000% in the default settingwith

x = 1 andr = 10. It is interestingto obsene that, the costratiosare approximatelythe
sameif therelative retrieval sizeis the sameyegardlessof thedatabassize. For instance,
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fork =N 1% (i.e., k = 10,100, 1000, and10000 for N = 1k, 10k, 100k, and1000k), the
costratiosareall about95%. This obsenation shavs thatNC hasgooddata scalability—
Thatis, the costratio for nding k answerdrom databasef size sV will be less than
s timesthatfor nding the samenumberof an answerdrom databasef size N. Such
datascalabilityis promising,consideringheretrieval sizek tendsto staysmallregardless
of N, e.g., usersretrieving only the rst pageor two of searchresultsregardlessof the
numberof hits— The sameevaluationsuggestshatwhenk = 10, as N increasedrom
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 presentghe costratio of NC, with respecto the costof TA, when
varyingm = 2,3, and4 in thedefault settingwith = 1 andr = 10. Notethat,the cost
ratio signi cantly decreaseasm increaseswhich suggestshe scalabilityof NC overm,
i.e., thecostsaving of NC will scaleup astherearemorepredicateg@ndthusalargerroom
for optimization.

Generality of NC: To validatethegenerality of NC overexistingalgorithmswe now study
the performanceNC over 1000syntheticmiddlevarescenariosyarying all the threeper
formancefactorsabore atthe sametime: In particular we randomlygeneratedr; andcs;
in therangeof [1:100]units. (To betteraccommodat€A, we generateostcon gurations
accordingto its targetscenario®f expensve randomaccessby enforcinger; > cs;.) We
alsosimulateddifferentscoringfunctions,by randomlygeneratingveightw; in [1:100] of
F = wawvg, for eachcon guration. Further to simulatedifferentscoredistributions,we
randomlygeneratehe meanfor scoredistribution D; = norm.

Figure 23(a) compareghe averagetotal accessostof the threealgorithmsover these
1000randomcon gurations. Obsene that,overall, NC asa uni ed algorithmsaresfrom
TA andCA by 25%and55%in average by succesfullyadaptingto a combinationof cost
factors.We then,for closerobsenation, divide the 1000settingsinto two groupsin which
CA worksthe best(about25% of the con gurations,which we denoteas“CA-best”) and
therest. Fromsuchgrouping,we canobsere how NC unify andcontrastwith anexisting
algorithmlike CA: First, uni cation: in the CA-bestscenariogthe middle bar group of
Figure23a),NC is still the second-bestyith a smallercostmaigin to CA thanTA does.
Secondgontrastin therestof thescenariogi.e., 75%o0f thecon gurationsrepresentetly
therightmostgroupin Figure23a),NC is indeedthe best,outperformsCA signi cantly.
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Further asonewould naturallywonder will the overheadof run-timeoptimizationjus-
ti es its costsaving in accesosts?Clearly, suchoptimizationis only justi ed if it can
enablemoreaccesgostsaving thanthecomputatioroverheadf optimization.To analyze
this trade-of, we alsocomparethis saving to overhead:As the saving of accessostwill
have differentimpactsdependingntheactualresponséime ¢t of asingleunit cost,Figure
23(b) compareghis saving andoverheadwith respecto t. (Note we compareonly with
CA, asit outperformedrA in Figure23a.) Obsene thatthe optimizationoverheadof NC
canbejusti ed in alargerangeof realisticscenarios-whenthe unit time ¢ is largerthan
0.05ms.We believe thisrange( 0.05ms) coversmostmiddlenvarescenariosasthey are
characterizetby non-trivial accessosts.

9.2 Real Web Scenarios

To validatethe practicality of NC, we studyits absoluteperformanceover real-life Web
sources.As Web sourcegypically handleconcurrentaccessesye rst discusshow par
allelizationcan be built on the accesaminimizationframevork NC. We thenreportthe
experimentsn Section9.2.2.

9.2.1 Parallelizing NC for Concurrent Accesses. We now developa simpleextension
of NC to enableconcurreniaccessesTo re ect thelimitation in resourcege.g., network
bandwidthor sener load), our parallelizationassumes boundedconcurreng C, i.e., at
mostC outstandingaccessesanbe performedconcurrently

Our parallelizationis in fact straightforvard—by performingaccesseasynchronously:
Without waiting for precedingaccesseso complete,NC will continueto issuethe next
accessaslong asthe outstandingaccesseso not exceedthe concurreng limit C. The
gueueK p is updatedasynchronouslaswell, whenaer anaccessompletes.

While suchextensionachiezesspeeduy overlappingupto C accessest alsoslightly
complicategheaccesselection:RecallthatSelect (Figure12) picksa sortedaccessa;
asthenext accesswhenthe“last-seen’scorep; from theprecedingsa; hasnotreachedhe
suggestedepthd,, i.e.,p; > §;. Notethe up-to-datep; is notknown until all outstanding
sortedaccessesomplete.

However, aswaiting to get the exact p; defeatsthe whole purposeof concurrentac-
cessesye continuewith an estimatedp; instead,by computingits expecteddecrement
D;: Assumingd; is the expecteddecremendf p; aftera single sa; andn; is the number
of outstandingsa;, we estimateD; asd; n;. Initially, we setd; as%, assuminghatall n
objectsareuniformly distributedover the scorerangeof [0:1]. Then,d; canbeadaptedo
amorerealisticvaluebasedn actualscoreseturnedrom accesses.

Note, in contrastto NC, mostothertop-k algorithmshave inherentparallelism. For
instance considerTA andCA [Fagin et al. 2001], both of which performsortedaccesses
to all m predicatesn parallel. TA thenperformsrandomaccesset completelyevaluate
theobjectsseenuptom 1 randomaccessepereachof them objectsseen)while CA
maywithhold suchrandomaccesseafterh = o iterationsof parallelsortedaccessefo
tradeexpensve randomaccessewith cheapesortedaccesses.pPbsere, TA, by issuing
suchsortedandrandomasynchronouslycanoverlapupto m +m(m 1) = m? accesses.
Similarly, CA canparallelizethe sortedaccessesver multiple iterations. Thus, to better
accommodat@A andCA, ourexperimentswill boundtheconcurreng of NC to C' = m?2.

9.2.2 Results. This sectionevaluatesNC over actualWeb sources.In particular we
experimentwith the “travel-agent’scenariog); and Q- (Examplel) asour benchmark
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Fig.24. Comparisorof total accessosts.

gueries.For extensive evaluation,we combineeachwith differentscoringfunctions,i.e.,
min andavg. We usetherealWebsourcesuggestedh Figurel to accessherestaurants
and hotelsin Chicago(by issuingan additionalBooleanselection“city=Chicago”). As
thesesourcesllow sortedacces®nly in small“batches”(e.g., perpageof 25 objects) we
regard a batchaccessasa singlesortedaccessFor simplicity, predicatesareevaluatedby
linearly normalizingthe correspondingttributevalueinto [0 : 1], e.g., rating of atwo-star
hotelin the ve-starratingwill beevaluatedas% =0.4.

As metrics,we useboth the total access cost andactualelapsed time, to capturetwo
differentperformanceaspects-the resourcausage(e.g., of network andweb seners)and
processingime respectiely. Thetotal accessostis measuredy addingup the lateny
of all accessefasin Eq. 1), while the elapsedime simply measureshe processingime
(includinglocal computatiorand optimizationtime). Note, with concurrenyg, the elapsed
timeis typically shorter by overlappingsomehigh-lateny accessedJsingthesemetrics,
we compareNC with TA andCA. However, note CA is not applicablefor @, wherethe
ratio h of randomversussortedaccesgostsis 0.

Figures24(a)and (b) comparethe total accessostof TA, CA, andNC for query @+,
whenF =min andF =avg respectrely. Obsene that NC signi cantly outperformsTA,
asretrieval size k (z-axis) increases:For instancewhenk = 500 in Figure 24(a), the
accessost(y-axis) of NC is 42 secondswhich saves80% and60% from thatof TA and
CA respectiely. In fact,NC outperformsTA by adaptingto this scenariowith expensve
randomaccesseat runtime:In particulay NC performsdeepersortedaccessethanTA, to
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Fig.25. Comparisorof elapsedime.

traderandomaccessewith cheapesortedaccesses.

Similarly, Figures24(c)and(d) comparethetotal accessostfor query@,. Again, the
runtime optimizationenablesNC to outperformTA signi cantly, e.g., whenk = 10 in
Figure24(c),NC savesupto 66%from theaccessostof TA. However, in contrasto @+,
asrandomaccessearecheapethansortedaccessei thisscenarioNC generateatotally
differentalgorithm: In particular to fully exploit free randomaccessesNC “focuses”
sortedaccessesn a single predicateandevaluateghe restwith randomaccesseé.g., as
in focused con gurationin Example8), while TA still performssortedaccesseso every
predicatewith no adaptationNote, theseresultsarealsoconsistentvith our obsenations
in Section8.

Finally, Figure25 comparegheelapsedime of Q; and@s, whenF =min. Comparing
theaccesgostandelapsedime of Q; (i.e., Figure24aandFigure25a),we obsene similar
relative behaiors, thoughin differentcostrangesdueto the parallelspeedup.This con-
sisteng suggestshatNC canbene t from concurreng to the sameextentasTA andCA
which have inherentparallelism. The sameobsenation holdstrue for ), aswell, except
whenthe suggestediepthof NC is too shallow: For instancewhenk = 10, NC canan-
swerthe querywith asinglesortedaccesgto a pageof 25 hotels),andthuscannotbene t
from concurreng, while TA with moreaccessesverlapsthemandperformscomparably

10. CONCLUSION

This paperhasdevelopeda cost-basedptimizationframewvork for top-k queryingin mid-
dlewares. We develop Framavork NC asa comprehensie andfocusedalgorithmspace,
within which we designruntime searchschemedor nding optimal algorithms. Our ex-
perimentatesultsarevery encouragingFramevork NC signi cantly outperformsexisting
algorithms.Further asauni ed top-k framewvork, NC generallyworksfor awide rangeof
middlevare settings,yet adaptingat runtimeto andeven outperformsexisting algorithms
speci cally designedor their scenarios.
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