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ABSTRACT

Thispaperaddressetheproblemof evaluatingrankedtop-k queries
with expensve predicates.As major DBMSs now all supportex-
pensve userde ned predicatesfor Booleanqueries,we believe
suchsupportfor ranked querieswill be evenmoreimportant:First,
ranked queriesoftenneedio modeluserspeci ¢ conceptof prefer
ence relevance,or similarity, which call for dynamicuserde ned
functions. Secondmiddlewvare systemsnustincorporatesxternal
predicatedor integratingautonomousourcegypically accessible
only by perobjectqueries. Third, fuzzy joins are inherently ex-
pensve, asthey areessentiallyuserde ned operationghatdynam-
ically associatenultiple relations.Thesepredicatesbeingdynam-
ically de ned or externally accessedgannotrely on index mech-
anismsto provide zero-timesortedoutput, and mustinsteadre-
quireperobjectprobeto evaluate. The currentstandardsort-mege
framework for ranked queriescannotef ciently handlesuchpred-
icatesbecausét mustcompletelyprobeall objects,beforesorting
andmeiging themto producetop-k answers.To minimize expen-
sive probes,we thus develop the formal principle of “necessary
probes, which determinesf a probeis absolutelyrequired. We
then proposeAlgorithm MPro which, by implementingthe prin-
ciple, is provably optimal with minimal probe cost. Further we
shav thatMPro canscalewell andcanbeeasilyparallelized.Our
experimentsusingboth a real-estatdenchmarldatabasandsyn-
theticdatasetshav thatMPro enablesigni cant probereduction,
which canbe ordersof magnitudefasterthanthe standardscheme
usingcompleteprobing.

1. INTRODUCTION

In therecentyears,we have withessedsigni cant effortsin pro-
cessingranked queriesthat returntop-k results. Suchqueriesare
crucial in mary data retrieval applicationsthat retrieve data by
“fuzzy” (or “soft”) conditionsthatbasicallymodelsimilarity, rele-
vance,or preference’A multimediadatabasenay rank objectsby
their “similarity” to anexampleimage.A text searchengineorders
documentsy their “relevance”to queryterms. An e-commerce
servicemay sorttheir productsaccordingto a users “preference”
criteria[1] to facilitate purchasalecisions.For theseapplications,
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Booleanqueries(e.g., asin SQL) canbetoo restrictive asthey do

not capturepartialmatching.In contrasta ranked querycomputes
the scoresof individual fuzzypredicates(typically normalizedin

[0:1]), combineghemwith a scoringfunction andreturnsa small

numberof top-kanswers.

Example 1: Considerareal-estateetrieval systemthat maintains
adatabaséouse(id, price, size, zip, age) with housedisted for
sale.To searcHor top-5 housegnatchingherpreferenceriteria,a
user(e.g., arealtoror abuyer) mayformulatearanked queryas:
select id from house
where new(age) z, cheap(price, size) pc,
large(size) pi
order by min(z, p., pi) stop after 5 (Query 1)
Usingsomeinterfacesupportthe userdescribederpreferences
over attributesage, price, andsize by specifyingfuzzy predicates
new, cheap, andlarge (or z, p., andp; for short). For eachob-
ject,eachpredicatenapstheinputattributesto ascorein [0:1]. For
example,a housea with age=2 years,price = $150k,and size =
2000sqft mayscorenew(2)=0.9, cheap(150k,2000 = 0.85,and
large(2000=0.75.Thequeryspeci esascoringfunctionfor com-
biningthepredicatese.g., theoverallscorefor housen is min (0.9,
0.85,0.75 = 0.75. Thehighest-score8 objectswill bereturneds

This paperstudiesthe problem of supportingexpensve pred-
icatesfor ranked queries. We characterizeexpensivepredicates
asthoserequiringa call, or a probe of the correspondindunc-
tion to evaluatean object. They generallyrepresentiry non-index
predicatesWhena predicatels dynamicallyde ned or externally
accesseda pre-constructedccesgathno longerexists to return
matchingobjectsin “zerotime” For instancejn Examplel, sup-
posepredicatecheap is auserde nedfunctiongivenatquerytime,
we mustinvoke the functionto evaluatethe scorefor eachobject.
We note that, for Booleanqueries,similar expensve predicates
have beenextensiely studiedin thecontext of extensibledatabases
[2, 3]. In fact, major DBMSs (e.g., Microsoft SQL Sener, IBM
DB2, Oracle,andPostgreSQL}jodayall supportuserde ned func-
tions(which areessentiallyexpensve predicatesillowing userso
implementpredicatdunctionsin agenerabrogrammindanguage.
We believe it is importantfor ranked queriesto supportsuchpred-
icateswhichis thespeci ¢ contrikution of this paper

In fact, thereare mary goodreasondor supportingexpensve
predicatesbecausanary importantoperationsare essentiallyex-
pensve. First, supportingexpensve predicatesvill enablefunction
extensibility, sothataquerycanemplq useror application-speci ¢
predicates.Second,t will enabledataextensibilityto incorporate
external datasources(suchas a Web service)to answera query
Third, it will enablejoin operationsacrossmultiple tables;aswe
will see,afuzzy join predicates essentiallyexpensve. As far as



we know, we arethe rst to generallysupportexpensve predicates
in thecontet of rankedqueriesjn orderto handletheseoperations:

e Function Extensibility: Userde ned functionsare expensve
becaus¢hey aredynamicallyde ned andthusrequireperobject
evaluation.Notethatuserde ned functionsarecritical for func-
tion extensibility of adatabassystemto allow querieswvith non-
standardoredicatesWhile userde ned functionsarenowv com-
monly supportedn Booleansystemswe believe suchfunctions
will beevenmoreimportantfor rankedqueriespecause¢hey are
mainly intendedfor dataretrieval basedn similarity, relevance,
and preferencele.g., asin [1]). As theseconceptsare inher
entlyimpreciseanduser(or application)speci ¢, apracticalsys-
temshouldsupportad-hoccriteriato be speci cally de ned (by
usersor applicationprogrammers)Considerour real-estatex-
ample.Althoughthe systemmay provide new asbuilt-in, users
will likely have differentideasaboutcheap andlarge (say de-
pendingon their budgetandfamily sizes).lt is thusdesirableto
supporthesead-hoccriteriaasuserde ned functionsto express
userpreferences.

e Data Extensibility: A middlevaresystemcanintegratean“ex-
ternal” predicatethat canonly be evaluatedby probing an au-
tonomoussourcefor eachobject. Suchintegration may take
placewithin alooselycoupledsystem(e.g., arelationalDBMS
andan imagesearchengine). Further a middlevare may inte-
grateWebsourceswhichis morecommorthaneverin thelnter-
netage.Forinstancejn Examplel, to look for “safe” areasthe
usermay usean externalpredicatesafe(zip) thatcomputeshe
“safety” scorefor agiven zip codeby queryingsomeWebsource
(e.g., www.apbnews.com ) for the crimerateof thearea.

e Joins: Join predicatesare expensve, becausehey are inher
ently userde ned operations:In general,a join operationcan
dynamicallyassociatery attributesfrom multiple tables(asin
the Booleancontext suchasSQL), andin additionthe associat-
ing function canbe userde ned. Consequentlysincea search
mechanisntannotbe pre-computedfuzzyjoins requiresexpen-
sive probesto evaluateeachcombinedtuple (in the Cartesian
product),asis the casein Booleanqueries.To generallysupport
fuzzyjoins,aranked-querysystenmustsupportexpensve pred-
icates. For instance continuingExamplel, to nd new houses
neara high-ratingpark, the following queryjoins anotherrela-
tion park(name, zip) with the predicateclose:

select h.id, s.name from house h, park s
where new (h.age) z, rating(s.name) p,,
close(h.zip, s.2ip) p;

order by min(z, p-, p;) stop after 5 (Query 2)

While widely supportedor Booleanqueriesin major DBMSs,
expensve predicatediave not beenconsideredor ranked queries.
Thesepredicatesbe they userde ned or externally accessedsan
be arbitrarily expensve to probe, potentially requiring comple
computationor accesgo networked sources.Note thatit may ap-
pearstraightforvard to “transform” an expensve predicateinto a
“normal” one: By probingevery objectfor its score,onecanbuild
a searchindex for the predicate(to accesbjectsscoredabore a
thresholdor in the sortedorder), as requiredby the currentpro-
cessingramewvorks[4, 5, 6, 7, 8, 9, 10] (Section3.3). This naive
approachrequiresa sequentiakcan,or completeprobing over the
entiredatabaseA databasef IV objectswill needV sequential
probesfor eachexpensve predicate. Such completeprobing at
querytime is clearlyunacceptablen mostcases.

This paperaddresseprobepredicatedor ranked queries When
aranked querycontainsexpensve predicatesthe key challenges

to minimize the numberof probes. As usersonly askfor some
top-k answersjs completeprobing necessaryur resultsshav
thatthe vastmajority of the probesmaybe unnecessaryhusmak-
ing expensve predicatepracticalfor ranked queries For instance,
to retrieve top-10 (i.e., kK = 10) from a benchmarldatabaseon-
structedwith real-life data,the nave schemecanwaste97%of the
completeprobegSection6). To enableprobeminimization we de-
veloptheformal principleof necessarprobes which determinesf
aparticularprobeis absolutelynecessarfor nding k topanswers.
We thuspresentAlgorithm MPro which ensuresninimal probing,
i.e.,, it performsonly necessarprobesandis provably optimal.

Further we discussseveral useful extensionsof the algorithm.
First,we shaw thatthealgorithmdirectly supportsncrementapro-
cessingto returntop answergrogressiely, payingonly incremen-
tal cost. Second,it is easily “parallelizabl€;, to enhanceperfor
manceover largedatasetsThe parallelizationcanin principle give
linear speedup.Third, we shav thatthe algorithmcanscalewell;
the costwill scalesublinearlyin databaseize. In addition,MPro
canbeimmediatelygeneralizedor approximatgrocessingSince
approximatenswersareoftenacceptablén ranked queriegwhich
areinherently“imprecise”),we extendMPro to enabletradingef-
ciency with accurag— whichwe reportin [11].

Note thatthis paperconcentratesn the algorithmicframevork
for supportingexpensve predicatesand not on otherrelatedis-
sues. In particular a practicalsystemmustprovide a friendly in-
terfacefor usersor applicationprogrammerso easilyspecifyuser
de ned predicates.To study this issue,we are currently building
a GUI front-endfor our prototypetestbedthe real-estateetrieval
system. Thereare also other extensionsto our algorithm: It can
easilytake advantageof predicatecaching, whereexpensve probes
canbereusede.g., duringqueryre nementwhenpredicatesrere-
peatedn subsequerdueries.To highlight,we summarizehemain
contritutionsof this paperasfollows:

e Expensive predicates for ranked queries: We identify, for-
mulate,andformally studythe expensivepredicateproblemfor
rankedquerieswhichgenerallyabstractsiserde nedfunctions,
externalpredicatesandfuzzy joins. We arenot aware of other
previouswork thatformulatesghegeneraproblemof supporting
expensve predicategor top-k queries.

e Necessary-probe principle: We develop a simpleyet effective
principlefor determiningnecessarprobeswhich canbecritical
for ary algorithmsthatattemptprobeoptimization.

e Probe-optimal algorithm: We presentlgorithm MPro, which
minimizesprobecostfor returningtop-k answers.

e Experimental evaluation: We reportextensiie experimentsus-
ing both real-life and synthesizeddatasets. Our experimental
studyindicategheeffectivenessandpracticalityof ourapproach.

We brie y discussrelatedwork in Section2, andthenstartin
Section3 by de ning ranked queriesthe costmodel,andthebase-
line processingscheme. Section4 presentshe necessary-probe
principle for optimization,basedon which we develop Algorithm
MPro. Section5 thendiscusseseveral extensionsof the basical-
gorithm. Section6 reportsour experimentalevaluation. Due to
spacdimitations,we leave someadditionalresults(e.g., proof, ap-
proximation,andmoreexperiments}o anextendedreport[11].

2. RELATED WORK

Expensivepredicateshave beenstudiedfor Booleanqueriesto
supportuserde ned functions.Severalworks(e.g., [2, 3]) address
processingxpensve predicate®f ciently . As Sectionl discussed,
all currentmajor DBMSs (e.g., Microsoft SQL Sener, IBM DB2,



Oracle,andPostgreSQL}upportsuchpredicates.

Top-kquerieshave beendevelopedrecentlyin two differentcon-
texts. First, in a middleware ervironment,Fagin[7, 8] pioneered
ranked queriesandestablishedhe well-known Ao algorithm(with
its improvementsn [9, 10]). [12] generalizeso handlingarbitrary
6-joins as combining constraints. As Section3 discussesthese
works assumesortedacces®f searchpredicates.This paperthus
studiesprobepredicatewithout ef cient sortedaccess.

Secondly ranked querieswere also proposedas a layer on top
of relationaldatabasedyy de ning new constructg(for returning
“top” answerspndtheir processingechniquesFor instance[13]
proposesiev SQL clausesorder by andstop after. Carey etal.
[14, 15] then presentoptimizationtechniquedor exploiting stop
after, whichlimits theresultcardinalitiesof queries.

In this relationalcontext, referenceg4, 5] study more general
ranked queriesusingscoringfunctions. In particular [4] exploits
indicesfor querysearchand[5] mapsrankedqueriesinto Boolean
rangequeries. Recently PREFER[6] usesmaterialized‘views”
to evaluatepreferencequeriesde ned as linear sumsof attribute
values. Theseworks assumehat scoringfunctionsdirectly com-
bine attributes(which are essentiallysearchpredicates).We aim
at supportingexpressie userde ned predicateswhich we believe
areessentiafor ranked queriesasSectionl discussed.

This paperidenti es andformulatesthe generalproblemof sup-
porting expensve predicategor ranked queries providing uni ed
abstractioror userde nedfunctionsexternalpredicatesandfuzzy
joins. [16] developsan IR-basedsimilarity-join; we studygeneral
fuzzyjoins asarbitraryprobepredicatesMore recently aroundthe
sametime of ourwork [11], somerelatedefforts emepge, address-
ing the problemsof 8-joins[12] (which areBooleanandnot fuzzy,
asjustexplained)andexternalsourceg17]. In contrastwe address
amoregeneralinduni ed problemof expensve predicates.

Our generalframework, in searchingor top-k answersadopts
the branch-and-boundr best- rst searchtechniqueg18]. In par
ticular, Algorithm MPro canbecastasaspecializatiorof A*. Sev-
eralotherworks[17, 12, 16] alsoadoptthe samebasis. Our work
distinguishestself in several aspects:First, we aim at a different
or moregeneraproblem(ascontrastedbaove). Secondpur frame-
work separatesbjectseach ( nding objectsto probe)from pred-
icate scheduling( nding predicatedo execute). We believe this
“clean” separatiorallows usto developtheformal notionof neces-
saryprobes(Section4.1) and consequentha probe-optimaklgo-
rithm (Section4.2). The schedulingSection4.3)is thusseparated
asa sampling-basedptimizationphasebefore (or reoptimization
during) execution.Further basedn the simpleframeawvork, we de-
velop several useful extensions,e.g., parallelization(Section5.3)
andapproximatior{11], aswell asanalyticalstudyof probescala-
bility (Section5.4).

3. RANKED QUERY MODEL

To establistithe context of our discussionthis sectiondescribes
the semanticySection3.1) of ranked queriesand a cost model
for expensve predicategSection3.2). Section3.3thendiscusses
queryprocessingisingthe standardsort-mege framevork to mo-
tivateandcontrastour work.

3.1 Query Semantics

Unlike Booleangueriesvhereresultsare at setsrankedqueries
returnsortedlists of objects(or tuples)with scoresndicatinghow
well they matchthequery A rankedqueryis speci edby ascoring
function F(t1, . .., t,»), which combinesseveral fuzzy predicates
ti,...,t, into anoverall queryscoe for eachobject. Withoutloss
of generality we assumehat scores(for individual predicatesor

OID r Pc J4 .7‘—(15, Pe, pl)
a 0.90 | 0.85 | 0.75 0.75
b 0.80 | 0.78 | 0.90 0.78
c 0.70 | 0.75 | 0.20 0.20
d 0.60 | 0.90 | 0.90 0.60
e 0.50 | 0.70 | 0.80 0.50

Figure 1: Dataset 1 for query F(z, p., p1) = min(z, pe, pi).

entirequeriesjarein [0 : 1]. We denoteby ¢[u] the scoreof predi-
catet for objectu, andF[u] thequeryscore.

Wewill useQueryl (of Examplel) asarunningexample which
combinepredicateg, p., andp; with F=min(z, p., pi). Wewill
illustrate with a toy example (datasetl) of objects{a, b,c,d,e}.
Figurel1 shavs how they scorefor eachpredicate(which will not
be known until evaluated)andthe query;e.g., objecta hasscores
z[a] = 0.9, p.[a] = 0.85, pi[u] = 0.75, andoverall 7(z, p., pi)[a]
= F(zla], pc[al, pi[a]) = min(0.9,0.85,0.75) = 0.75.

We candistinguishbetweenselectionandjoin predicatesasin
relationalqueries,dependingon if the operationinvolves one or
moreobjects. A selectionpredicatesvaluatessomeattributesof a
single object, and thus discriminateg(or “selects”) objectsin the
sametable by their scores;e.g., in Query 1, z determineshow
“new” the age of ahouseis. In contrastajoin predicatesvaluates
(someattributesof) multiple objectsfrom multiple tables.(We can
thusview ajoin operationasa selectionover joined tuplesin the
Cartesiarproductof thejoining tables.)For instancep; in Query2
evaluateseachpair of house andpark to scoretheirclosenessOur
framework cangenerallyhandlebothkinds of predicates-we will
focus on selectiongor simplicity, and discussthe extensionsfor
joinsin Section5.2.

In this papemwe focuson animportantclassof scoringfunctions
that are monotoni¢ which is typical for ranked queries[7]. Intu-
itively, in a monotonicfunction, all the predicatesn uence posi-
tively theoverall score.Formally, F is monotonicif F(t1,...,t)
> F(s1,--- ,sn) WhenVi : t; > s;. Note thatthis monotonic-
ity is analogougo disalloving negation(e.g., t1 A —t2) in Boolean
queries.Sincenegationis usedonly infrequentlyin practicewe be-
lieve that monotonicfunctionswill similarly dominatefor ranked
queries. Note that a scoringfunction may be given explicitly (in
aquery)or implicitly (by the system).For instance a systemthat
adoptsuzzylogic [19] will useF = min(t1, t2) asthefuzzycon-
junction. An imageor text [20] databasenaycombinevariousfea-
tureswith a usertransparenfunction, suchas Euclideandistance
or weightedaverage.

As results aranked queryreturnsthe top-k objectswith highest
scoresandthusalsoreferredto asatop-k query More formally,
givenretrieval sizek andscoringfunction F, a ranked queryre-
turnsalist K of k£ objects(i.e., | K| = k) with queryscoressortedin
adescendingrder suchthatF (¢;, - - - , ta)[u] > F(t1,- - - , ta)[v]
for Vu € K andVv ¢ K. For example,the top-2 query over
datasetl (Figurel) will returnthelist K = (b:0.78,a:0.75). Note
that, to give deterministicsemanticsye assumehatthereareno
ties— otherwise adeterministic'tie-brealer” functioncanbe used
to determineanorder e.g., by uniqueobjectIDs.

Notethatthetop-k interfaceis fundamentaln supportingother
interfaces .t is straightforvardto extendourtop-+ algorithm(Sec-
tion 4) to supportthe incrementalaccesg(or iterator) aswell as
thresholdinterface.We discusgheseextensiondn Section5.1.

3.2 CostModel

Givenaquery aprocessingnginemustcombinepredicatescores
to nd thetop-k answers.We cangenerallydistinguishbetween
index predicateghat provide ef cient searchandnon-index pred-



icatesthat require perobject probes. First, systembuilt-in pred-
icates(e.g., objectattributesor standardfunctionsadoptedin [4,
5, 6]) canusepre-computedndexesto provide sortedaccessof
objectsin the descendingrderof scores.Suchseach predicates
are essentiallyof zero cost, becausehey are not actually evalu-
ated,ratherthe indexesareusedto searcH'quali ed” objects.For
instance pur real-estatexamplemay provide nearcity(h, C') for
sortinghousesh closesto agivencity C (e.g., k-nearest-neighbor
search).For Query1, we assumer to be a searchpredicate.Fig-
ure 1 ordersobjectsto stresghe sortedoutputof z.

In contrastexpensve predicatesnustrely on perobjectprobes
to evaluate becaus®f thelack of searchndexes.As Sectionl ex-
plains,suchprobepredicategienerallyrepresentiserde nedfunc-
tions, externalpredicatesandjoins. Unlike searchpredicateghat
arevirtually free, suchpredicatescan be arbitrarily expensve to
probe potentiallyrequiringcomplex computatior(for userde ned
functions),networked accesgo remoteseners(for externalpredi-
cates)or copingwith combinatorialCartesiarproductg(for joins).
Ourgoalis thusclear:to minimize probecost.

This paperthuspresents framevork for the evaluationof rank
querieswith probe predicates. To stressthis focus, we assume
(without loss of generality)queriesof the form F(z,p1,...,pn),
with a searchpredicater andsomeprobepredicatep;. Notethat,
whenthereare several searchpredicateqx1, . . ., ), the well-
known Fagin's algorithm[7] (Section3.3will discusshis standard
“sort-mege” framavork) canbecompatiblyappliedto meigethem
into asinglesortedstreame (thusin theabove abstraction)which
alsominimizesthesearchcost.

We wantto minimizethe costof probingpy, . . ., p. for answer
ing atop-k query Let A be an algorithm, we denoteits probe
costby PC(A). Assumingthat the perprobecostfor p; is C;
andthat A performsNV; probesfor p;, we modelthe probecost
asPC(A) = I, N:C;. In particular for a databasef size
N, a completeprobing system(as Section3.3 will discuss)will
cost) ", NC;. Suchcompleteprobingcostrepresentsn upper
boundof ary algorithms;mary probesareobviously unnecessary
for nding asmallnumberof top-k answers.

Our goal is to develop a probe-optimalalgorithm, which will
sufciently guaranteeninimal probecost.If A is probe-optimalijt
doesnotwasteary singleprobesgevery probeit performsis neces-
sary(by ary algorithms).Sinceprobe-optimalitympliesthateach
N; is minimal, PC(.A) overallmustbe minimal. We will present
probe-optimaklgorithmthatperformsonly necessarprobes.

We stresghat,for rankedqueriesit is importantto make thecost
“proportional” to retrieval sizek ratherthandatabassize NV, ask
canoftenbeseveralordersof magnitudesmaller(e.g., ¥ = 5 outof
N = 1000). (Section6 shavs thatour algorithmindeedillustrates
this property) This proportionalcostcanbecritical, sinceusersare
typically only interestedn a smallnumberof top results.

3.3 Baseline:the Sort-Merge Framework

Therehave beensigni cant effortsin processinganked queries
with “inexpensve” searctpredicatesThemostwell-knowvn scheme
(in amiddlevaresystemhasheenestablishedby Fagin[7] aswell
asseverallaterversiong9, 10]. Assumingonly searchpredicates,
theseschemesccesandmeige the sorted-outpustreamsf indi-
vidual predicatesuntil top-k answerganbedeterminedWe refer
to suchprocessingsa sort-mege framework.

In this paperwe considerranked querieswith expensve pred-
icates. Canwe simply adoptthe sort-mege framevork? As the
namesuggestghis standardramevork will requirecompleteprob-
ing to sortobjectsfor eachexpensve predicatebeforemeiging the
sortedstreams-Referredo asSortMerge, this naive schemdully

(search predicate: supports sorted access)

2:0.90, b:0.80, ¢:0.70, d:0.60, £:0.50 |

X

D, (expensive predicate: complete probing to sort)
“ d:0.90, 2:0.85, :0.78, :0.75, €:0.70 |

b:0.78, a:0.75

(expensive predicate: complete probing to sort)
b:0.90, d:0.90, €:0.80, a:0.75, ¢:0.20 ‘
Sort step

F=min(x, p,, p)

Top-k output Merge step

Figure 2: The baseline scheme SortMerge.

“materializes”probepredicatesnto searchpredicatesFigure?2 il-
lustratesSchemeSortMerge for Queryl, wherez is asearchpred-
icatewhile p. and p, expensve ones. The schememustperform
completeprobingfor both p. andp; to provide the sortedaccess,
andthenmemgeall thethreestreamgo nd thetop-2 answers.
Notethat,ratherthanthedesiredproportionalcost; SortMerge
alwaysrequirescompleteprobing, regardlessof the small ; i.e.,
PC(SortMerge) = > | NC;, for a databasef size N. Such
“sequential-scantostcanbeprohibitive in mostapplicationswhen
thedatabasés of aninterestingsize. This paperaddressetheprob-
lem of minimizing this probecost. In fact, aswe will see,most
probesn completeprobingaresimply unnecessarySectiont will
experimentallycomparethe baselineschemeo our algorithm.

4. MINIMAL PROBING: ALGORITHM wmpro

Givenarankedquerycharacterizetdy scoringfunction 7 (z, p1,
..., pn) andretrieval sizek, with a searchpredicater andprobe
predicate®;, . . ., pn, Our goalis to minimize the probecostfor
answeringhe query Toward this goal, we mustconfronttwo key
issues:1) Whatis the minimal-possiblegprobecost? 2) How can
we designan algorithmthat minimizesthe cost. This sectionde-
velopsa formal principle (the Necessary-ProbBrinciple)in Sec-
tion 4.1 for answeringthe former and proposesan algorithm (Al-
gorithm MPro) in Section4.2 for the latter Section4.3 discusses
the schedulingof probepredicates.

4.1 NecessaryProbes

In orderto minimize probecost,we mustdeterminef aprobeis
necessaryor nding top-k answerswith respecto scoringfunc-
tion F(z,p1,...,pn). Thissectionpresentur resultson sucha
principle(i.e., Theoreml).

To begin with, for eachobject, we sequentiallyexecuteprobes
andincrementallydetermineif further probesarenecessary(Sec-
tion 5.3 will extendto parallelprobing.) We thusneeda predicate
scheduleasasequencef pi, .. ., p,, whichde nestheirexecution
order (if probedatall). For our exampleF(z, p., p:), two sched-
ulesarepossible: (p., p1) if p. is evaluatedbeforep; or (pi, pc)
otherwise. In general,eachobjectw may de ne its own object
schedule#™, or all objectsmay sharethe sameglobal schedule
H. Our mainalgorithm(Algorithm MPro) assumesisinput such
schedulegobjector global)andis thusindependenof theschedul-
ing. For simplicity, this sectionrefersonly to a singleglobalsched-
ule H; the sameresultshold whenobjectshave their own sched-
ules.While suchschedulings NP-hardin genera[11], Sectioré.3
will discussanonlinesampling-basedchedulethateffectively (al-
mostalways) nds thebestscheduledy greedilyschedulingnore
“cost-efective” predicates.

Given a schedule{, startingfrom the sortedoutputof z, hov
shallwe proceedo probethe predicategor eachobject,in orderto
minimize suchaccesses®@nonehand,it is clearthatsomeobjects
mustbefully probed(for everyp;), whichincludeatleastthetop-k
answerdn orderto determinetheir queryscoresandranksin the
queryresults(Section3.1). On the otherhand, sinceonly some



top-k answersarerequesteds completeprobing(for every object)
necessary¥o avoid thisprohibitive cost,ourgoalis to stopasearly
aspossiblefor eath object. In fact, someobjectsmay not needto
beprobedatall, if they cannever bethetop answers.

To enableprobeminimization,we mustdetermineif a particu-
lar probeis truly necessaryor nding thetop-k answers.During
queryprocessingfor ary objectu, if p is thenext predicateon the
schedulgglobalor object-speci c),we may probep for w in order
to determinethe scorep[u]. We wantto determingf suchaprobe,
designatedy pr(u, p), is necessaryThe following de nition for-
malizesour notionof anecessarprobe.

Definition 1 (Necessary Probes): Considera ranked query with
scoringfunction F andretrieval sizek. A probepr(u, p), which
probespredicatep for objectu, is necessaryif thetop-k answers
with respecto F cannotbe determinecby ary algorithmwithout
performingthe probe,regardlesf theresultsof otherprobes. =

We stressthat this notion of necessanprobesis essentiaffor
optimizing probecost. Accordingto the de nition, aprobeis nec-
essaryonly if it is absolutelyrequired-thusit mustbe performed
by anoptimalalgorithm: First, theprobeis requiredindependenof
algorithms—ary algorithmthatreturnscorrecttop-k answersnust
pay the probe. Secondthe probeis requiredindependenbf the
outcomef otherprobes-it maybeperformedbeforeor afteroth-
ers,but the particularorderwill not changethe factthatthe probe
is required.While this notionof necessarprobesseemsntuitively
appealinghow canwe determingf aparticular probeis absolutely
required? Further given thereare mary possibleprobes(at least
one for eachobjectat ary time), how mary of themare actually
necessaryandhow to effectively nd all thenecessarprobesa\e
next developasimpleprinciplefor answeringhesequestions.

Let's startwith the rst question: howto determineif a probe
is necessary?To illustrate, consider nding the top-1 objectfor
F(z, p., p1) with datasel (Figurel), givenschedulé{ = (p., pi).
Our startingpoint, beforeary probesjs the sortedoutputof search
predicater (Figurel sortsobjectsby their z scores).We thuscan
chooseto probethe next predicatep. for ary objecta, b, ¢, d, or
e. Let'sconsiderthetop objecta anddeterminef pr(a, p.) is nec-
essary (We cansimilarly considerary otherobject.) The probe
is actuallynecessaryor answeringhe query no matterhow other
probesturn out: Assumewe cansomehw determinghetop-1 an-
swerto beobjectu withoutprobingpr(a, p.).

e Supposeu # a: Note that Flu] = min(z[u], pc[u], pi[u])
< z[u], andz[u] < 0.8 for u # a (seeFigure1). Conse-
quently Flu] < 0.8. However, without probingpr(a, p.) and
thenpr(a, p:), w may not be safelyconcludedasthetop-1. For
instance supposehatthe probeswould returnp.[a] = 1.0 and
pi[a] = 1.0, thenF[a] = min(0.9,1.0,1.0) = 0.9. Thatis, a
insteadof u shouldbethetop-1, acontradiction.

e Supposa: = a: In orderto outputa astheanswerwe musthave
fully probeda, includingpr(a, p.), to determineandreturnthe
queryscore.

Obsere that, we determineif the probeon a is necessangs-
sentiallyby comparingthe upperboundor “ceiling score”of a to
others. Thatis, while F[a] canbe ashigh asits ceiling scoreof
0.9, ary otherobjectu cannotscorehigherthan0.8 (which is the
ceiling scoreof b). In general during queryprocessingbeforean
objectwu is fully probed,the evaluatedpredicatesof « caneffec-
tively boundits ultimatequeryscore.Considera scoringfunction
F(t1,...,tn). We de ne Fr[u], the ceiling scoe of u with re-
spectto a setT’ of evaluatedpredicate(T’ C {t1,...,tn}), asthe
maximal-possiblescorethat . may eventually achieve, given the

predicatescoresin T'. Since F is monotonic,the ceiling score
can be generallyobtainedby Eq. 1 below, which simply substi-
tutesunknavn predicatescoreswith their maximal-possiblevalue
1.0. Themonotonicityof F ensureghatthe ceiling scoregive the
upperboundwhenonly T is evaluatedj.e., Flu] < F 7[u].

ift;eT .
otherwise.vz> @

To further illustrate, after pr(a, p.), what shall we probenext?
Intuitively, atleastwe have choicesof pr(a, p;) (to completea) or
pr(b, p.) (to startprobingb). Similarly to theabove, we canreason
thatthefurtherprobeona, pr(a, p;), is still necessaryTo contrast,
we shaw thatpr(b, p.) is not necessaryt this point, accordingto
De nition 1. (However, asmoreprobesaredone,at a later point,
pr(b, p.) maybecomenecessary With z[b] = 0.8 evaluatedwe
computethe ceiling scoreof b asF . [b] = 0.8. Whetherwe need
to further probeb in factdependsn otherprobes,namelythere-
mainingprobepr(a, p;) of a. (Notethata alreadyhasz[a] = 0.9
andp.[a] = 0.85 evaluated.)

Faltroonstlul = # (40

e Supposehatpr(a, p;) returnsp;[a] = 1 andthusF|[a] = 0.85.
For nding thetop-1 answeyrwe do not needto furtherevaluate
b becauseF ,;[b] = 0.8 < Fla] = 0.85, andthusb cannotmale
to thetop-1. Thatis, dependingn p;[a] = 1, we cananswetthe
querywithout probingpr(b, p.).

e Supposehat pr(a, p;) returnsp;[a] = 0 andthus Fla] = 0.
Now b becomeshe“current” top object(with thehighestceiling
scoreF (.3 [b] = 0.8). Thatis, dependingon p;[a] = 0, we can
reasorthatpr(b, p.) is necessarsimilarto pr(a, p.) abore.

Furtherwe considethesecondjuestionhowto nd all thenec-
essaryprobes?Let u be ary objectin the databaseand p be the
next unevaluatedpredicate(on the schedulel) for u. Potentially
ary probepr(u, p) might be necessaryHowever, it turnsout that
atary pointduringqueryprocessingtherewill beat mostk probes
thatarenecessaryfor nding top-k answers.Thatis, we cangen-
eralizeouranalysigseeTheoreml) to shav thatonly thoseprobes
for objectsthat arecurrentlyranked at the top-k in termsof their
ceiling scoresare necessaryNote that this conclusionenablesan
efcient way to “search”necessaryprobes:by ranking objectsin
the orderof their currentceiling scores.(As Section3 discussed,
we assumehata deterministidie-brealer will determinegheorder
of ties.) For ary objectw in thetop-k slots,its next probepr(u, p)
is necessaryTheoreml formally statesthis result(see[11] for a
proof).

Theorem 1 (Necessary-Probe Principle): Consider a ranked
querywith scoringfunction F andretrieval sizek. Givena predi-
cateschedule, let u be anobjectandp bethe next unevaluated
predicatefor w in 7. The probepr(u, p) is necessarnyif theredo
notexist k objectsvs, . .., v suchthatVv; : Fp [u] < Fp [vi]
with respectto the evaluatedpredicatesl’, andT,; of « and 4
respectiely. [

We stresghatthenotionof necessarprobesdirectly de nesthe
minimal probecostof ary correctalgorithm. First, De nition 1
generallyisolatesa classof (necessaryprobesasthoserequired
by ary algorithm. Further Theorem1 provides an “operational”
de nition to actually determineif a given probeis necessanas
well asto effectively searchthoseprobes.Puttingtogetherwe im-
mediatelyconcludethat an algorithmwill be probe-optimalSec-
tion 3.2)if it only performsnecessaryrobes which we formally
statein Lemmal (see[11] for a proof). Our goalis thusto design
suchanalgorithm.



Algorithm MPro(F, k,H,D): Minimal-probing algorithm
Input:
. f(z,pl, - ,pn): scoring function // with ezpensive predicates p1, ..., Pn-
o k: retrieval size, i.e., to return top-k answers.
® 7{: schedule of py,...,pn.
e D: input database // assume selection predicates over single relation for simplicity.
Output: K, the top-k answers with respect to F.
Procedure:
(1) Queue Initialization:
// search x over D to prepare sorted oulpul queue X.
e X < evaluate z over D
o K «+ {}, Q «+ {} /] K: output; Q: ceiling queue to prioritize by ceiling score.
// initialize Q to buffer objects priorilized by their ceiling scores from x.
// this “full” initialization is only
e while (X is not empty):
—U X.tnp() // pop nexzt top object out of X.
— Ty + {z}, u.cetling < ?Tu [u} // initialize ceiling score with z.
— Q.insert(u, u.ceiling) // insert u into Q prioritized by its ceiling score.
(2) Necessary Probing:
// set up the stop condition SC for determining if to stop probing.
o SC «+ “|K| > kii.e., there are at least k complete objects seen on the top”
e while (SC = False): /| keep performing necessary probes until SC becomes true.
—u < Q.top() // the current top object with the highest ceiling score.
if u is complete: // u is among the first k objects to be completed.
— u.score « u.ceiling; append u to K // add u to be the top-k output.
—else: // u as the top incomplete object must be probed further.
— p < next unevaluated predicate of u on schedule
— p[u] « probe pr(u,p) // pr(u,p) must be necessary by Theorem 1.
- Ty + Ty, U {p}; u.ceiling < Fr,[u]
// update the ceiling score of u, as plu] is just obtained.
— Q.insert(u, u.ceiling) // insert u back to Q prioritized by u.ceiling.
(3) Top-k Output: return in order each (u:u.score) in K

ptual; X.top() can be on demand.

Figure 3: Algorithm MPro

Lemma 1 (Probe-Optimal Algorithms): Considelarankedquery
with scoringfunction F andretrieval size k. Given a predicate
scheduleH, an algorithm A for processingthe query is probe-
optimal if A performsonly the necessanprobesas Theorem1
speci es. [

4.2 Algorithm mpro

We next develop our Algorithm MPro (for minimal probing),
which nds top-k answerswith respectto scoringfunction F(z,
p1, ..., Pn). TO beprobe-optimalbasedon Lemmal, MPro opti-
mizesprobecostby ensuringthatevery probeperformeds indeed
necessaryfor nding & top answers).

Essentially during query processingMPro keeps“searching”
for a necessaryprobeto perform next. Progressingwith more
probes,eventually MPro will have performedall (and only) the
necessaryrobes at which point thetop-k answerswill “surface’
Note that Theorem1 identi es a probe pr(u, p) asnecessaryf
u is amongthe currenttop-k in termsof ceiling scores. Thus, a
“searchmechanismfor nding necessanprobescan returntop
ceiling-scoredbjectswhenrequested- i.e., a priority queue[21]
thatbuffers objectsusingtheir ceiling scoresaspriorities.

We thus designMPro to operateon sucha queue,called ceil-
ing queueand denoted@, of objectsprioritized by their ceiling
scores. As Figure 3 shavs, MPro mainly consistsof two steps:
First, in the queueinitialization step,startingwith the sortedout-
put streamX’ of searchpredicater, MPro initializes @ basedon
initial ceiling scores?{m} [] with z beingthe only evaluatedpred-
icate(seeEg. 1). Notethat,althoughfor simplicity our discussion
assumeshat @ is fully initialized (by dranving every objectfrom
X), this initialization is only conceptual:It is importantto note
thatF (g} [-] will inducethe sameorderin Q asthe X’ streamj.e.,
if z[u] < z[v], thenF(zy[u] < Fz}[v], sinceF is monotonic.
Thus MPro canaccessY incrementallyto move objectsinto Q
whenmoreareneededor further probing. (It is entirely possible
thatsomeobjectswill notbeaccesseftom X atall.)

Secondjn the necessaryprobing step,MPro keepson request-
ing from Q thetop-priority objectu, which hasthe highestceiling

step | action ceiling queue Q output(K)
1. | initialize Q@ and K a:0.90, b:0.80, ¢:0.70, d:0.60, €:0.50 | {} (empty)
2. | probe pr(a,p.) a:0.85, b:0.80, ¢:0.70, d:0.60, €:0.50 | {}
3. | probe pr(a, p;) b:0.80, a:0.75, ¢:0.70, d:0.60, €:0.50 | {}
4. | probe pr(b, p.) b:0.78, a:0.75, ¢:0.70, d:0.60, €:0.50 | {}
5. | probe pr(b, pr) :0.78, a:0.75, ¢:0.70, d:0.60, €:0.50 | {}
6. | pop top complete ¢:0.70, d:0.60, €:0.50 b:0.78,
objects from Q into K a:0.75
7. | stop condition holds ¢:0.70, d:0.60, e:0.50 b:0.78,
output K a:0.75

Figure 4: lllustration of Algorithm MPro.

score. If u is incompletewith the next unevaluatedpredicatep,
accordingto Theoreml, pr(u, p) is necessary Thus MPro will
performthis probe,updatethe ceiling scoreof u, andinsertit back
to @ by thenew score.Ontheotherhand,if u is alreadycomplete
whenit surfacesto the top, v mustbe amongthe top-k answers,
becausets nal scoreis higherthanthe ceiling scoresof objects
still in @. Thatis, u has“surfaced”to the top-k answerswhich
MPro will move to anoutputqueuedenoted( in Figure3.

Incrementallymoreobjectswill completeandsurfaceto K, and
MPro will eventually stopwhenthereare k suchobjects(which
will bethetop-k answers).As Figure3 shavs, MPro checksthis
stopcondition designatedC, to halt further probing. It is inter-
estingto obsere the “dual” interpretationsof SC: On onehand,
SC tells thattherearealreadyk answersn K, andthusno more
probesarenecessaryOnthe otherhand,whenSC holds,it follows
from Theoreml thatno moreprobescanbenecessarnandthusthe
top-k answeranusthave fully surfaced,which is indeedthe case.
(Wediscussn [11] how thestopconditioncanbe“customized™for
approximatejueries.)

Figure4 illustratesAlgorithm MPro for our exampleof nding
thetop 2 objectwhenF = min(z, p. ,p;) andH = (p., pi) over
datasefl (Figurel). While we shav theceiling queueQ asasorted
list, full sortingis not necessaryor a priority queue.After initial-
izedfrom thesortedoutputof z, we simply keepon probingthetop
incompleteobjectin Q, resultingin theprobespr(a, p.), pr(a, p1),
pr(b, p.), andpr(b, p;). Eachprobewill updatethe ceiling score
of the object,andthuschangingits priority in ceiling queue.Note
that Figure4 marksobjectwith anunderline(e.g., a:0.75 whenit
is fully probed,atwhich pointits ceiling scoreis actuallythe nal
score.Finally, we canstopwhenk = 2 objects(in thiscasega and
b togetherhave completecandsurfacedto thetop.

It is straightforvardto shav thatAlgorithm MPro is bothcorrect
andoptimal,aswe statein Theoren?. First, it will correctlyreturn
thetop-k answersMPro stopswhenall the k objectswith highest
ceiling scoresare all complete(asthey surfaceto K). This stop
conditionensureshatall thesek answershave nal scoreshigher
thanthe ceiling scoreof ary objectw still in Q. Thus,ary such
u, completeor not, cannotoutperformthe returnedanswersgven
with more probes,which implies the correctness.Second Algo-
rithm MPro is probe-optimal.Note that MPro always selectsthe
top ceiling-scoredncompleteobjectto probe. Theoreml asserts
thatevery suchprobeis necessarpeforethe stopconditionSC be-
comesTrue (andthusMPro halts). It follows from Lemmal that
MPro is probe-optimalpecausé only performsnecessarprobes.

Theorem 2 (Correctness and Optimality of MPro): Given scor
ing function F andretrieval sizek, Algorithm MPro will correctly
returnthe top-k answers. With respectto the given schedulet,
MPro is alsoprobe-optimal. [

4.3 Online Sampling-basedScheduling

Algorithm MPro assumes given scheduleH, with respecto
whichtheprobecostis guaranteedptimal. Givenprobepredicates
p1,. .., Pn, therearen! possibleschedulegeachasa permutation



OID T De | D F(z, pe, p1)
a 0.8(09]0.2 0.2
b 0.7 0.8 0.2 0.2
c 0.6 0.6 0.3 0.3

Figure 5: Dataset 2.

of p;). Differentschedulesanincur differentprobecost,asExam-

ple 2 below shavs. This sectiondiscusseshe problemof identi-

fying the bestschedulghatminimizesthe probecostandproposes
aneffective algorithmthatprovidessuchschedule¢o MPro.

Example 2: ConsiderF = min(z, p., pi), usingdatase® (Fig-
ure5). For probepredicateq p, p: }, two schedule${: = (p., pi)
and#» = (pi, p.) arepossibleTo nd thetopanswerwhengiven
H1 andH2, MPro will perform6 and 4 probesrespectiely (as
shavn below); #H - is thusabetterscheduldwith 33% lessprobes).

Hi: pr(aapc)v pr(aypl)v pr(bapc)v pr(b, pl)! pr(c, pC)v pr(c, pl)
Ho! pr(aapl)! pr(b: pl)! pr(ca pl)! pl’(C, pC) |

As Section4.1 discussedAlgorithm MPro cangenerallywork
with either global or object-speci c schedules. Our framewvork
chooseso focuson globalscheduling Notethatschedulingcanbe
expensve (it is NP-hardin thenumberof predicatesaswe shav in
[11]). Aswewill seepurapproachs essentiallyglobal, predicate-
by-predicate scheduling,using samplingto acquirepredicatese-
lectivities (and costs)for constructinga global scheduleonline at
querystartup. Note suchonline schedulingwill addcertainover
headto queryrun time. Perobjectschedulingwill thusincur N-
fold schedulingcostfor a databasef N objects(which may far
offsetits bene t); in addition,it may complicatethe algorithmand
potentiallyinterferewith parallelism(Section5.3).

As Section3.2discussedthe probecostof Algorithm MPro can
bewrittenasPC(MPro) =37 | N; - C;. NotethatN; (thenum-
berof necessary-probder p;) depend®nthespeci ¢ scheduleH
(e.q., in Example2, for H2, Np, = 3 andN,, = 1). To nd the
optimal scheduleye mustfurtherquantifyhow H determinesV;.
In particular whenwill anobjectu necessarilyprobep; underH?
At variousstagesof #, we denote?, for predicatesvaluatedup
to thek-pre x, i.e., Hx = {z,p1,...,pr}. Furtherletd bethe
lowestscoreof thetop-k results(which we will notknow a priori
until the queryis fully evaluated).Accordingto Theoreml, after
probingH;—1 ={z,p1,...,pi—1}, objectu will continueto probe
p; if ?Hi—l [u] is amongthe currenttop-k scores. Obsere that
7—'7{2__1 [v] will eventuallybeonthetop-k if in_I [u] > 6 (since
eventuallyonly the nal answerswill surfaceto andremainonthe
top). Thatis, MPro will only probepr(u, p;) when]_-'Hi_j [u] > 6.
We canthendeterminelV; for p; asthenumberof objectu thatsat-
ises Fgy  [u] > 6.

Wethusde ne theaggregateselectivitysﬁ(T) for asetof pred-
icatesT" astheratio of databasebjectsu that“pass” Frp[u] > 6
(andthuswill continueto be probedbeyond T'). (This selectvity
notion, unlike its Boolean-predicateounterpartdependson the
aggr@ate” Itering” effect of all the predicatesvaluated.) Thus

thenecessarprobesof p; is N; = N - SJQ(Hq;_l), and

PCMPro) = S N -82(Hi1) - Ci =N -3 82 (i) - €.

i=1 i=1

Ourgoalisto nd aschedulghatminimizesPC(MPro). How-
ever, asour extendedreport[11] shaws, this optimal scheduling
problemis NP-hardand thus generallyintractable. Sincean ex-
haustve methodmay be too expensve and impractical, we pro-
poseagreedyalgorithmthatalwayspicksthe most“cost-efective”

predicatewith alow aggreyateselectvity (thushigh ltering rate)
anda low cost. We thus usethe intuitive rank metric (as simi-
larly usedin [2] usingsingle-predicatselectvity) to representhe
cost-efectivenesof executingp; aftersomeT” predicatesasbelov
(note the rank dependson the “context” T'). Our scheduletthus
greedilyselectghehighest-rankd predicateto incrementallybuild
aschedule.
-8 uipy)
C; '

However, how canwe determinghe selectvity with respecto a
top-k thresholdd? (ThecostC; canbe provided by usersor mea-
suredby performingsomesampleprobesof p;.) Although pre-
constructedstatisticsare often usedfor query optimization, such
requirements unlikely to berealisticin our contet, becaus@red-
icatesareeither“dynamic” or “external” (Sectionl). Our schedul-
ing thus performsonline samplingto estimateselectvities. The
schedulewill sampleasmallnumberof objectsandperformcom-
pleteprobingfor their scores.While suchsamplingmay add“un-
necessary’probes, nding a good schedulecan well justify this
overheadSection6). In fact, someof the probeswill laterbenec-
essaryaryway (MPro caneasilyreusethosesamplingprobes).

Usingthe samplesye canestimatehe selectvities with respect
to thetop-k threshold. The uniform samplingwill selectsomek’
top-k objectsproportionalto thesamplesizen, i.e., k' = [k - %].
Thatis, the samplingtransformsatop-k queryonthedatabas@nto
a top-k’ queryon the samples. Thus § can be estimatedasthe
lowestF scoreof thetop-k’ sampledbbjects.

Toillustrate,supposesamplingresultsin thesamplesn Figure5
for F = min(z, p. ,pi;). Assumethatk’ = 1 for the samplesize,
andthusé= 0.3 (thetop-1 F score);let therelative costsC,,, = 1
andCjp, = 3. To schedulep. andp; after {x}, we computetheir
ranks. Sinceall sampledobjectssatisfy F, ,,; > 0.3, it follows
that S5*({z, p.}) = 2 = 1, andsimilarly $7°({z, pi}) = 1.
Consequentlysincerank(p. | {z}) = =1 = 0 andsimilarly
rank(p; | {z}) = 2, theschedulewill selectp, beforep, (result-
ingin M2 = (p1, pc) asin Example2).

Our schedulethusperformssampling-basednline scheduling,
by continuingsuchgreedyschedulingasjust shaved)to construct
acompleteschedule for MPro. Notethatit is alsopossibleto ac-
tivatethe samescheduleto resheduleafter MPro performsmore
probesand thus acquiremore accuratestatistics(of selectvities
and costs). Our study (Section6) shavs that the simple scheme
of schedulingonceat querystartupwith a smallsamplesize(e.g.,
0.1%) worksvery well andthe netoverheads negligible.

rank(p; | T) =

5. EXTENSIONS AND SCALABILITY

BasedonthebasicalgorithmMPro, we next discusseveraluse-
ful extensionsFirst,Sections.1discusse8VPro for supportingn-
crementabccesdy the next interface.While we assumeselection
predicatesofar, Section5.2 generalize$o handlingjoins aswell.
Section5.3thenshavs thatMPro canbe easilyparallelizedo ex-
ploit availableresourcesith linear speedup Finally, Section5.4
analyticallydevelopsthe scalabilityof MPro, shawving thatits cost
growth is sub-linearin databassize. (In addition,in [11] we also
extendMPro for approximategueries.)

5.1 Incrementaland ThresholdInterfaces

Incrementabccessanbe essentiafor ranked queries asusers
oftenwantto sift throughtop answerauntil satis ed. We canim-
mediatelyextendthetop-k interfaceof Algorithm MPro to support
incrementahccesdy thenextinterface(or moregenerallynext-k).
In this mode,the systemcancontinueat whereit left off, without



startingfrom scratch.Thisincrementaéxtension referredto asAl-
gorithmiMPro, is essentiallthesameasMPro in Figure3, except
now the ceiling queueis “persistent”during incrementalaccess.
ThusiMPro will initialize @ only atthevery rst next call. Forary
subsequentall, iMPro will continueto populateXC with the next
top answeljustlike MPro.

Further it is alsodesirableto supportthresholdqueries,where
usersspecifyathreshold to retrieve objectsu suchthatF[u] > 6.
We cansupportthis interfacesimply by extendingiMPro to output
incrementallyuntil all objectsthatscoreabove 8 arereturned.

5.2 FuzzyJoins

Join predicatesare inherently expensve, asthey generallyre-
quire a probefor eachcombinationof objectsfrom participating
relations.Having studiedAlgorithm MPro for selectiorpredicates
overasingletable,we shav thatessentiallythe samealgorithmcan
handlejoin predicate®ver multiple tablesaswell. We thushave a
uni ed frameawork for bothselectionandjoin predicatesyunderthe
abstractiorof expensve predicates.

Intuitively, to unify both selectionsandjoins, we considerthem
asoperationsover the “entire” input of the query Whena query
involves multiple relations,we considerthe Cartesianproductof
all the relationsasthe input. With this conceptuaimodeling, all
predicatesare simply selectionsover the Cartesiartable. Thus,at
leastconceptually Algorithm MPro canbe appliedfor all expen-
sive predicates-selectionr joins alike.

To illustratethis conceptualini cation, considerQuery2 (Sec-
tion 1), which involvestwo relationshouse andpark. The query
usesajoin predicatep; = close(h.zip, s.address) over pairsof h
from house ands from park. For instance supposeherelations,
assetsof objects,arehouse = {a, b} andpark = {e, f}. The
Cartesiarproductis thus{(a, e}, {a, f), (b,e), (b, f)}. Notewe
use(ds, - -- ,d,) to denotea Cartesianobjectthatjoins objectd;
fromrelationr;, andwe referto d; asther; dimensione.g, {a, e)
joins a ande asthehouse andpark dimensiongespectiely. As
exampledata,Figure6 shaws the predicatescoresfor eachCarte-
sianobject. For instance sincez is a selectionover house (and
similarly p, over park), it only dependsn the correspondingli-
mensiong.g., z[{a, e)] = z[{a, f)] = 0.9.In contrastasajoin pred-
icateover bothrelations,p; depend®on bothdimensions With all
Cartesiarobjectsfully materialized Algorithm MPro candirectly
applyasif all predicatesreselections.

However, while conceptuallyoperatingon Cartesiarobjects Al-
gorithmMPro canincrementallymaterializethem. To incorporate
suchlazy materialization we useawildcard“ «” for anunmaterial-
izeddimensionin a Cartesiarobject.For instancejn Figure7, u =
{a, *) hasthe rst but not the seconddimensionmaterialized.We
then explode unmaterializeddimensionson demand. Recall that
MPro will needanobjectu only whenit surfacesto thetop of the
ceilingqueueQ (Figure3)—i.e., u hasthehighestceilingscore and
thuspr(u, p) is necessaryby Theoreml) for the next predicatep.
MPro canthuswait until this point to materializethe requireddi-
mensiong(if notyet) for p. Consideru = (a, *) andassumep.. is
to be probednext, which depend®n the unmaterializecark di-
mension.Sincethewildcardrepresentpark = {e, f}, MPro will
explodew on this newly neededdimensionto materializew into
{(a,€). (a, )}

Figure7 illustratesAlgorithm MPro for evaluatingQuery2, with
searctpredicater andexpensve predicatesvhen{= (p-, p;). Al-
gorithmMPro beginsby initializing Q with thez outputstream(of
house objects))eaving thepark dimensiorunmaterializedMPro
thenexplodesthe top objectu = {a, *) for p.., in orderto perform
necessaryprobepr(u, p-). Theresultingobjects{a, ¢) and{a, f)

OID T pr | pi || F(=, pr, pj)
{a,e) |[0.90 | 050 | 0.70 0.50
(a,f) || 0.90 | 0.80 | 0.80 0.80
(b,e) || 0.70 | 0.50 | 0.90 0.50
(b, f) || 0.70 | 0.80 | 0.30 0.30

Figure 6: Dataset 3 for join query 7= min(z, p-, p;).

step | action ceiling queue Q output(K)
1. | initialize @ and K (a,%):0.90, (b, *):0.70 {} (empty)
2. | explode (a, %) for p, (a, €):0.90, {(a, £):0.90, (b, *):0.70 | {}
into (a, €), (a, f)
3. | probe pr({a,e), pr) {a, £):0.90, (b,%):0.70, {a, €):0.50 | {}
4. | probe pr({a, f),pr) (a, £):0.80, (b, *):0.70, (a,e):0.50 | {}
5. | probe pr((a, f),p;) (a, £):0.80, (b,*):0.70, {a,€):0.50 | {}
6. | pop top complete (b, ):0.70, (a, €):0.50 {a, f):0.80

objects from Q into K
7. stop condition holds
output K

(b, %):0.70, (a, €):0.50 {a, f):0.80

Figure 7: lllustration of Algorithm MPro for a join query.

will beinsertedbackto (thetop of) Q. Sincethey sharethe same
top ceiling score(asu), MPro will orderthemwith thedeterminis-
tic tie-brealer asSection3 discussedSupposehat(a, ) becomes
the new top object; pr({a, ), p-) will thenbe the next necessary
probe.Algorithm MPro will continueasusualandeventuallyout-
put{a, £):0.80(for house a andpark f) asthetop-1 answer

5.3 Parallel Processing

WediscussedequentiaMPro which performsnecessarprobes
oneafteranother It mayappeathatsuchsequentiaprobing(asor-
deredby the ceiling queue@) cannotallow parallelization.To the
contrary we canextend MPro to executemultiple probesconcur
rently or to processmultiple chunksof dataindependently

Probe-Parallel MPro: Givenatop-k query Section4.1 obsered
thattherearegenerallymultiple necessarprobesat ary time dur
ing queryprocessingFor Algorithm MPro, asTheoreml implies,
every incompleteobjectamongthe currenttop-k (highestceiling-
scoredin K and Q) needsfurther probing. Thusthe numberof
necessarprobeswill bek initially whenall the objectsareincom-
pleteanddecreas@rogressiely to 0 until all top-k arecompleted.
Note that necessaryprobesmustbe performedsooneror later,
asthey arerequiredindependentf other probes(De nition 1)—
We canthus parallelizeMPro to executemary necessaryprobes
concurrentlyto speeduperformancevhile still maintainingprobe
minimality. Thatis, if the predicatesubsystemgfor evaluating
probes)supportconcurrentprobes(suchasa multi-threadedocal
subsystenor Web sener), the probe-paallel MPro canperform
someor all the necessarprobes(dependingon the availablecon-
curreny level), update@ with all suchprobes,and continueto
performnext batchof necessarprobes For instanceconsidempar
allelizing our examplein Figure4 whenk = 2. At line 1, MPro
will executebothpr(a, p.) andpr(b, p.). UpdatingQ accordingly
MPro will still nd a andb asthe top-2 incompleteobjects,and
thusperformpr(a, p;) andpr(b, p;). MPro will thenoutputa and
b asthetop-2 answersNotethatthis probe-paralleblgorithmper
formsthe samesetof necessaryprobes(asin Figure4), although
in adifferentorder Whenthe probetime dominatesparallelingk
probesconcurrentlywill resultin a k-fold speedup.

Data-Parallel MPro: Alternatively, we canalsoparallelizeMPro
by partitioningthedatabasandprocessingll chunksconcurrently
As Figure8 shaws, Algorithm dpMPro consistof two mainsteps:
First,in datadistribution, dpMPro will uniformly distributethein-
putdatabasé into s datachunks eachof whichis of sizel/s of



Algorithm dpMPro(F,k,H, D, s): Data-parallel MPro
Input: F, k, H, D: same as Algorithm MPro.

e s: chunking factor, i.e., number of data chunks
Output: K, the top-k answers with respect to F.

Procedure:
(1) Data Distribution: distribute objects in D uniformly
into s chunks Dy, ..., D,

(2) Incremental Merging:
K {h M {}
// K: output; M: merging queue which buffers the top object of every chunk.
e let I; be the iterator for iMPro(F,H,D;) // access D; incrementally.
e for i = 1 to s in parallel: // initialize M with top objects.
—top; « I;.next(); M.insert(top;, top;.score)
o while (|KC| < k): // until have generated enough top answers.
—u  M.top() // u outperforms any other objects still in M.
— if (Vtop; : u.score > top;.score):
// implies that u indeed outperforms any objects in all D;.
append u to K
— else: // unseen objects may be better; bring new top objects into M.
—for i =1 to s in parallel:
— top; < I;.next(); M.insert(top;, top;.score)
(3) Top-k Output: return in order each (u:u.score) in K

Figure 8: Algorithm dpMPro.

D, for agivenchunkingfactor s. (Of coursethis partitioningcan
bedoneoff-line asit is queryindependent.JYo maximizework dis-
tribution (or concurreng), we wishthattop answerwill uniformly
comefrom differentchunks. Thatis, the datadistributor musten-
surethat the chunksbe as“similar” to eachotheraspossible by
identifying anddistributing similar objects(thatwill performsimi-
larly in queries)n D to differentchunks.

Second,during incrementalmeging, dpMPro will accessand
meigetopanswersrom eachD; providedby anincrementaMPro
iterator I; (as Section5.1 discussed). dpMPro usesa meging
queueM to sorttop objectsfrom all I; by their queryscores.If
u is thetop of M, it hasoutperformedhosestill in M. dpMPro
checksif » alsooutperformsall unseerobjectsby comparingit to
the lasttop scoresof every I;. (Thesetop scoresmay have been
outputto K andnot presentin M ary more.) If so, » mustbe
the overall top (of entireD). Otherwise someunseerobjectsmay
be better anddpMPro will requesparallelaccesgo loadnew top
objectsfrom all D;. Note thatparallelloadingwill bringin more
objectsto M in just one accesgime, saving someaccesseshat
might be neededater.

Obsere thatdpMPro speedsup by distributing work to s par
allel MPro “processors”:.Consideratop-sk queryover a database
of sizesN, denotedDB(sN). First, asthe databases chunled
uniformly, the answersshould distribute uniformly amongthe s
chunks-thuseachMPro processoonly needsto nd (around)k
insteadof sk answers Further the chunkingreduceghe database
from DB(sN) to DB(N) for eachprocessor Putting together
dpMPro parallelizeshetime of nding top-sk over DB(sN) into
thatof top-k over DB(IV), reducingboththedatabasendretrieval
sizeshy s timesfor eachprocessor As Section5.4 will quantify
this reductionresultsin anoverall s-timesspeedup.

5.4 Minimal-Pr obe Scalability

SincenecessarprobegDe nition 1) arealgorithm-independent
costfor expensve predicateswe wantto understandhon muchthis
requiredcostwill be,andhow it scalesfor larger databasesNote
thatAlgorithm MPro, asaprobe-optimahlgorithm(Lemmal), ex-
ecutesxactly only necessaryprobes.Therefore MPro canbe an
effective vehiclefor understandingninimal-probingcosts.To this
end, Section6 will experimentallyevaluateminimal-probingcost
with respecto differentqueries(i.e., K and F) anddatabaseé.e.,
how objectsscoreunderF). This sectionseeksto understandin-
alytically how the minimal-costscalespy addressingnimportant

question:Givenatop-k query F(z,p1, - . .,pn), if it requiresP;
probesfor eachpredicatep; over adatabasef size N, or DB(N),
how will therequirednecessary-probescreasevhenthedatabase
is scaledup s times,i.e., DB(sN). As explained,we speci cally
studythe scalabilityof MPro to generallyanswetthis question.

To focus on scalability we assumeuniform scaling suchthat
DB(sN) will perform“statistically” similar to DB(N)-i.e., the
two databasesdliffer in sizebut not nature, so thatwe canisolate
datasizeto studyits effect. To allow analyticalstudy we approxi-
mateuniformscalingby simplyreplicatingDB(V) s timesto gen-
erateDB(sN). Wethusobtainaninterestingresult: If a database
is uniformly scaledup s times,MPro canretrieve s timesmoretop
answerswith s timesmore probecost. While we leave a formal
proof to [11], Section6 experimentallyveri es this result—over
datasetshatareonly similar but notidentical.

Theorem 3 (Probe Scalability): ConsidearanlkedqueryF(z, p1,
..., pn) @andaschedule. SupposehatDB(N) is a databasef
size N; let DB(sN) be the databaseontainingthe sV objects
generateddy replicatingDB(N) s times. PC(MPro(F, sk, H,
DB(sN)))=s - PC(MPro(F,k,H,DB(N))). L]

Theorem3 givesthe scalability of necessary-probaa general
aswell asAlgorithm MPro in particular This resultenablesses-
eral interestingobsenations. First, it shavs that MPro hasgood
data scalability, in which costincreaseis sublinearin database
size: The probesrequiredfor nding k answersfrom DB(sN)
will belessthan s timesthatfor nding the samenumberof an-
swersfrom DB(N): As the stop condition (SC in Figure 3) en-
suresAlgorithm MPro will stopearlierandpaylessprobecostfor
asmallerretrieval size,andthusPC(MPro(F, k, #, DB(sN))) <
PC(MPro(F, sk, H,DB(sN))). (Sectioné shavshow necessary-
probesincreaseover retrieval sizes.) With Theorem3, we de-
rive the sublineargrowth of cost: PC(MPro(F, k, H, DB(sN)))
< 8- PC(MPro(F,k,H,DB(N))). Sincecompleteprobing (of
thestandardsort-mege frameawvork) requiredinearincreaseMPro
will scalebetterandreducemoreprobedfor largerdatabases.

SecondMPro will enjoy goodresouce utility: If the comput-
ing resourcescalesup s times, our framewvork can receve lin-
earspeedupoy usings concurrentMPro processorén parallelin
dpMPro. As Section5.3 discusseshy reducingboththe retrieval
anddatabassizefor eachprocessqrdpMPro canreducetheprobe
costfor eachprocessoffrom PC(MPro(F, sk, H, DB(sN))) to
PC(MPro(F, k, H, DB(N))). As Theorem3 assertsthe latteris
% of the former, which meansa s-times speeduyor linear to the
resourcencrease.

Finally, it is importantto note that theseobsenrationstogether
indicatethatour framework cantake advantageof increasingcom-
puting resourceo betterscaleto larger databasestf the database
scalesup s times(resultingin sublineaicost-grevth), dpMPro with
s-timesresourceresultingin linear speedupyanfully offsetthe
potentialslovdown to achieve evenfasterprocessing.

6. EXPERIMENTS

This sectionreportsour extensve experimentsfor studyingthe
effectivenessandpracticalityof Algorithm MPro. Ourexperiments
in fact have a two-fold interpretation. On one hand, the results
speci cally quantifythepracticalperformancef Algorithm MPro.
Ontheotherhand,sinceMPro is provably probe-optimalthis em-
pirical studyalsogenerallycontrikutesto understandinghe“lower
bound”for supportingprobepredicatesin fact,asSection3.3 ex-
plains,we adoptthe SortMerge schemeasour baselinefor com-
parison—which requirescompleteprobingandthussymmetrically
de nesthe“upperbound:



Q1: select id from house
where nearcity(zip, Chicago) z,
roomy(bedroom) py, cheap(price) ps, large(size) ps
order by min(z, p;, pe, ps) stop after k
Q2: select h.id, u.name from house h, park s
where nearcity(h.zip, Chicago) z,
roomy(bedroom) py, cheap(price) pg, close(h.zip, s.zip) ps
order by min(z, p;, ps, ps) stop after k
Q3: select id from house
where nearcity(zip, Chicago) z,
roomy(bedroom) p;, cheap(price) ps, safe(zip) ps
order by min(z, p;, pe, ps) stop after k

User-defined selections:
large(size):
if (size<1500 or size>3500): return 0
else: return (size-1500)/2000
Fuzzy joins:
close(zip1, zip2):
// dist is a builtin function for computing distance.
d = dist(zipl, zip2)
if d>20: return 0
else: return (20-d)/20
External predicates:
safe(zip):
crime = query_apb(zip) // query apbnews.com.
return 1-(erime-1)/9.0

Figure 9: Benchmark queries and the expensive predicates.

We measuredwo differentperformancenetrics.Considerquery
Q = F(z,p1,...,pn). First,to quantifytherelative probeperfor
mancewe measurehow MPro saresunnecessarprobeswith the
probe ratio metric. Supposethat MPro performsN; probesfor
eachp;. In contrast,SortMerge will require N probes(where N
is the databasesize) for every probepredicate.The overall probe
ratio (in %) is thus pratio(Q) = Z%—]{,N In addition, to under
standthe saving of eachpredicatewe alsomeasuredhe predicate
proberatioaspratio(p;) = TILVJ(, Notethatpratio(Q) = pratio(p;)
+--- + pratio(p.).

Further to quantifythe“absolute”performancepur secondnet-
ric measuredhe elapsedime (in secondspasthetotal time to pro-
cessthe query This metric helpsusto gaugehow the framavork
can be practically appliedwith reasonable@esponsdime. It also
more realistically quanti es the performancevhen predicatesare
of differentcosts,becauseve measureghe actualtime, which can-
notbe shavn by countingthe numberof probesasin proberatios.

Our experimentsusedboth a “benchmark”databaséwith real-
life data)aswell assyntheticdata.To understandhe performance
of MPro in real-world scenariosSection6.1 experimentswith a
benchmarkeal-estatelatabas€essentialljthe sameasour exam-
ples). To extensiely isolate and study various parameterge.g.,
databaseize and scoringfunctions),Section6.2 reports“simula-
tions” over datasynthesizedavith standardlistributions.

Ourexperiencdoundit straightforvardto implementAlgorithm
MPro. As Figure3 shavs, MPro essentiallyoperaten a priority
queue(theceiling queue@), which we usea standarcheapimple-
mentation. We build the queueon top of a DBMS, namelyPost-
greSQL7.1.3,to take careof datastorage. Our implementation
adoptsthe Pythonprogramminglanguagefor de ning expensve
predicatessinceit is interpretecandopen-sourceln principle,ary
language®r, morepreferably graphicuserinterfacescanbe used
to de ne userfunctions. Finally, all experimentswere conducted
with a Pentiumlll 933MhzPCwith 256MB RAM.

6.1 Benchmarksover Real-Life Database
We rst reportour experimentsof benchmarkqueriesaccess-

ing a real-estatesystem(as Examplel introduced). To establish
a practicalscenariowe extractedreal datafrom realtor.com
(anauthoritatve real-estatesource).ln particular we collected(by
querying)all thefor-salehousesn Illinois, resultingin N = 20990
objectsfor relation house, eachwith attributesid, price, size,
bedroom, bath, zip, andecity. In addition,we constructe@second
relationpark of about110lllinois stateparks,eachwith attributes
name andzip.

Ourexperimentxonsiderecbenchmarlscenariof nding top
housesaroundChicagofor a small family of four members.We
thuscreatedthreebenchmarkqueries,as Figure 9 (upper)shaws.
Thequeriesusea searctpredicatenearcity (zip, C') whichreturns
house<losestto C (e.g., C = Chicago ) in order All the others
(roomy, cheap, large, close, andsafe) areprobepredicatesFig-
ure9 (lower) alsoshavs someof them. Note thatthethreequeries
only differin predicateps. In particular large, close, andsafe rep-
resentincreasinglymore comple« and expensve operations-i.e.,
simpleuserde ned functions,joins, andexternalpredicates.

For eachquery we measuredhe proberatios andthe elapsed
time. Figures10(a)—(c)plot the proberatios (the y-axis) with re-
spectto differentretrieval sizek (the z-axis), bothlogarithmically
scaled.Eachgraphshaws four curvesfor pratio(p:), pratio(pz),
andpratio(ps), andtheir sumasthe overall proberatio. For in-
stancefor @ in Figure10(a),whenk = 10 (to retrieve top-10),
p1 requires3% probes,p, 0.4%, andps 0.1%, which sumup to
3.5%. In otherwords,since N = 20990 andn = 3, theratios
translateto 1889, 252, and63 probes(with atotal of 2204) out of
thenN = 62970 completeprobes.Obsene thatthe vastmajority
of completeprobesaresimply unnecessargndwasted-in thiscase
96.5% or 60766 probes.As alsoexpectedthe proberatio (relatve
cost)is smallerfor smallerk; e.g., for k = 1, theoverall proberatio
isonly 1.4%. As Section3 discussedsuch“proportionalcost” is
crucialfor top-k queriesasusersaretypically interestedn only a
smallnumberof top answers.In fact, Figure 10(b)—(c)only shav
thetoprangek < 0.1% - N to stresghis critical rangeof interest.

Figures10(d)—(f) comparethe elapsedtimes (for gaugingthe
“absolute” performance)f the baselineSortMerge schemeand
MPro. NotethatweimplementedSortMerge by completelyprob-
ing all objectsand at the sametime computingthe F scoresto
createa functionalindex [22]. (Thusthe comparisonin fact fa-
vors SortMerge, whoseseparatémerge” phasecombiningmul-
tiple predicatestreamswas not included.) The SortMerge cost
thus consistsof the startupprobing andincrementalindex access
costs. (The latteris not obserablein Q> and @3 asthe probing
costsdominate.) Referringto Figure 10(f), whenk = 10, MPro
respondedh 408secondswhile SortMerge takes21009seconds.
Thatis, we obsere that, when probe predicatesare truly expen-
sive asin @3 (with externalpredicatesafe), our framevork canbe
ordersof magnitudefasterthanthe standardSortMerge scheme.
Suchspeedupcan potentially turn an overnightqueryinto anin-
teractive one. Thefuzzy join of Q2 demonstratesimilar speedup,
from 1368secondgo 26 second®r 1.9% time (for & = 10).

Finally, we notethatour schedulef{Sectiord.3) effectively iden-
ti ed thebestschedulevith 0.1% samplingwhich correspondso
lessthana secondoverheadat querystartup. We will reportmore
extensie schedulingesultslaterwith simulations.

6.2 Simulationsover Synthetic Datasets

We next performextensive experimentso studyvariousperfor
mancefactors.To isolateandcontrol differentparametersour ex-
perimentsin this sectionusedsyntheticdatasets.Our con gura-
tions arecharacterizedby the following parameters(1) Database
size N: 1k, 10k, and 100k. (2) Scoredistribution D: the distri-
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Figure 11: Different database sizes N with (D=norm , F=min).

butionsof individual predicatescores,ncluding the standardunif
(uniform)andnorm (normal)distributionsaswell asfunif, ahome-
brew “ ltered-uniform” distribution (seebelow). (3) Scoringfunc-
tion F: min, avg (average)andgavg (geometricaverage).

We isolate eachparameterto study its impact on MPro. All
queriesare of the form F(z, p1,p2,p3) (asin Section6.1). We
concludewith quantifying the effectivenessof our schedulingal-
gorithm (Sectioré.3).

N: Database Size. Figure 11 presentshe performancezvalua-
tion for N = 1k, 10k, and 100k. when F=min and D=norm.
It is interestingto obsere that, the proberatiosareapproximately
the sameif therelativeretrieval sizeis the sameregardlesof the
databassize.For instancefor k = N - 1% (i.e., k = 10, 100,and
1000for NV =1k, 10k, and100k respectiely), the probe-ratiosare
all about8%. Similarly, the probe-ratiosfor k = N - 0.1% are
about3%. This obserationis critical in evaluatingthe scalability
of MPro over N: As Section3 explained,it is presumablehatthe
retrieval sizewill beindependenof thedatabassize V; i.e., users
will probablyinterestedn only the very top hits. MPro will thus
be relatively (comparedo the baselinescheme)noreef cient for
largerdatabasesyhich shaws its scalabilityover N.

Note that this “constant-ratio”obsenration also veri es Theo-
rem3. For (k = 10, N = 1k), the probecostis 8% - n - N (where
n is the numberof predicates) Now let s = 10; we obsered that
(sk = 100,sN = 10k) costs8% - n - sN, i.e., s timesmore. That
is, whenthe databasés scaledup s times,MPro retrievess times
moretop answerswith s timesmoreprobecost.

D: Score Distribution. Figurel12(a)presenthe resultswith dif-
ferentscoredistributions, which characterizeoredicates.The left
gure presentshe resultsfor normaldistribution (with mean0.5
andvariance0.16),which shav similar proportional-cosbehaior
over k (asin thebenchmarlqueries).The secondlistribution funif

simulates' ltering” predicatesAs we obseredin ourbenchmark
queriesreal-life predicatesirelikelyto“ Iter out” acertainportion

of data;e.g., thelarge predicatgFigure9) disquali es78%objects
with zeroscores(astheir sizes areout of the desiredrange). We

de ne funif(f) (for Iter ed uniform) to simulatesuchpredicates,
where f% objectsscore0 andthe restare uniformly distributed.

Theright gure (Figurel2a)plotsthe costfor funif(75). Obsere

thatsuch ltering malkesMPro moreeffective—MPro canleverage
the ltering to lowerthe ceiling scoresf disquali ed objectsearly

andthusfocuson the promisingones.

JF: Scoring Function. To understandheimpactof scoringfunc-
tions (which can form the basisof how a practical systemmay
choosearticularfunctionsto support) we comparesomecommon
scoringfunctions:min (Figurel2a)andsomerepresentate aver-
agefunctions(Figure12b), namelyarithmeticaverageavg : (= +
p1+p2+ps) /4 andgeometricaveragegavg := (z-p1-pa2-ps)/4.

We foundthatmin is naturallythe leastexpensve, asit allows
low scorego effectively decreaséheceilingscoresandthus” Iter”
furtherprobes.(In contrast;naz will betheworstcaserequiring
completeprobing.) The averagefunctionsperformsimilarly, with
F = gavg beingabout5% to 10% cheapethanavg.

Scheduling Effectiveness. We quantify the aveiage scheduling
performanceover different predicatecon gurations (p;, p2, ps)

characterizedy costs(C1, C», C3) anddistributions (funif( f1),

funif(f2), funif(f3)). Werandomlygenerated 00con gurationsof

(Cl, Cz, 03) and(fl, f2, f3), with C; in [0100] andfi in [2575]

For eachscheduleof a con guration, we measurethe costratio

(relative to completeprobing),i.e., %

For k =1, 10,and 100, our scheduledetermines schedulégor
eachcon guration, with 0.1% and 1% sampling(over N = 20k
objects).Figure 13 compareghe averagecostratiosof our sched-
uler with thoseof the bestandworstschedulegwhich werefound
by exhaustie enumeration)Notethatthenetschedulingoverhead
(the extra probecostsincurredby sampling)is shav in darkatthe
top of the0.1% and1% bars.Obsenre thatour schedulegenerates
the bestschedulesn mostcaseswith a very small samplesize of
0.1% (andthusthe averageprobecostclosely approximateghat
of the bestschedule). It is interestingto contrastwith 1% sam-
pling: First, while 1%, with moresampling,givesexactly the best
schedulgastheir light barsare of the sameheightsin Figure13),
its highersamplingoverheadmalesit overall lessattractive than
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0.1%. Secondfor largerk (e.g., k = 100),the netoverheadf 1%
becomedesssigni cant, becausef the increasingprobereusing
by MPro- thuslargersamplingsizecanbejusti ed by largerk.

7. CONCLUSION

We have presentedur framevork andalgorithmsfor evaluating
ranked querieswith expensve probepredicate.We identi ed that
supportingprobe predicatesare essential in orderto incorporate
userde ned functions,externalpredicatesandfuzzy joins. Unlike
the existing work which assume®nly searchpredicateghat pro-
vide sortedaccesspurwork addressegenerallysupportingexpen-
sive predicatedor rankedqueries.In particular we proposedilgo-
rithm MPro which minimizesprobeaccesseasmuchaspossible.
As abasis,we developedthe principle of necessarprobesfor de-
terminingif a probeis truly necessaryn answeringatop-k query
Our algorithmis thus provably optimal, basedon the necessary-
probeprinciple. Further we shawv that MPro canscalewell and
canbeeasilyparallelizedandit supportsapproximatior{11]).

We have implementedthe mechanisndescribedin this paper
basedon which we performedextensive experimentswith both
real-life databaseandsyntheticdatasetsThe resultsarevery en-
couraging. Our experimentsshav that the probe cost of Algo-
rithm MPro is desirablyproportionalto the retrieval size. It can
eliminateasmuchas97% probesor our benchmarlqueriesvhen

= 10, which canbe ordersof magnitudeasterthanthe standard
schemawith completeprobing. We believe thatour framewvork can
enablepracticalsupporfor expensve predicatesn rankedqueries.
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