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ABSTRACT
Thispaperaddressestheproblemof evaluatingrankedtop- � queries
with expensive predicates.As major DBMSs now all supportex-
pensive user-de�ned predicatesfor Booleanqueries,we believe
suchsupportfor rankedquerieswill beevenmoreimportant:First,
rankedqueriesoftenneedto modeluser-speci�c conceptsof prefer-
ence,relevance,or similarity, which call for dynamicuser-de�ned
functions. Second,middlewaresystemsmustincorporateexternal
predicatesfor integratingautonomoussourcestypically accessible
only by per-objectqueries. Third, fuzzy joins are inherentlyex-
pensive,asthey areessentiallyuser-de�nedoperationsthatdynam-
ically associatemultiple relations.Thesepredicates,beingdynam-
ically de�ned or externally accessed,cannotrely on index mech-
anismsto provide zero-timesortedoutput, and must insteadre-
quireper-objectprobeto evaluate.Thecurrentstandardsort-merge
framework for rankedqueriescannotef�ciently handlesuchpred-
icatesbecauseit mustcompletelyprobeall objects,beforesorting
andmerging themto producetop- � answers.To minimizeexpen-
sive probes,we thus develop the formal principle of “necessary
probes,” which determinesif a probeis absolutelyrequired. We
thenproposeAlgorithm MPro which, by implementingthe prin-
ciple, is provably optimal with minimal probecost. Further, we
show thatMPro canscalewell andcanbeeasilyparallelized.Our
experimentsusingbotha real-estatebenchmarkdatabaseandsyn-
theticdatasetsshow thatMPro enablessigni�cant probereduction,
which canbeordersof magnitudefasterthanthestandardscheme
usingcompleteprobing.

1. INTRODUCTION
In therecentyears,we have witnessedsigni�cant efforts in pro-

cessingranked queriesthat returntop- � results. Suchqueriesare
crucial in many data retrieval applicationsthat retrieve data by
“fuzzy” (or “soft”) conditionsthatbasicallymodelsimilarity, rele-
vance,or preference:A multimediadatabasemayrankobjectsby
their “similarity” to anexampleimage.A text searchengineorders
documentsby their “relevance” to query terms. An e-commerce
servicemaysort their productsaccordingto a user's “preference”
criteria [1] to facilitatepurchasedecisions.For theseapplications,
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Booleanqueries(e.g., asin SQL) canbe too restrictive asthey do
not capturepartialmatching.In contrast,a rankedquerycomputes
the scoresof individual fuzzypredicates(typically normalizedin
[0:1]), combinesthemwith a scoringfunction, andreturnsa small
numberof top-kanswers.

Example 1: Considera real-estateretrieval systemthatmaintains
a database�����	��
 ( �
� , ��������� , ������� , ��� � , ����� ) with houseslisted for
sale.To searchfor top- � housesmatchingherpreferencecriteria,a
user(e.g., a realtoror abuyer)mayformulatea rankedqueryas:

select ��� from �����	��

where ���! #"$�����&%(' , ��)*�+�!�,"-��������� , �$�.�&�&%/��0 ,1 �2������"3�$�.�&�&%4�	5
order by 687�9,":' , ��0 , �	5;% stop after 5 (Query 1)

Usingsomeinterfacesupport,theuserdescribesherpreferences
over attributes ����� , �*�!����� , and �$�.�&� by specifyingfuzzy predicates
�4�! , ��)*�+�!� , and

1 �2�
��� (or ' , ��0 , and �	5 for short). For eachob-
ject,eachpredicatemapstheinputattributesto ascorein [0:1]. For
example,a house< with ����� =2 years,��������� = $150k,and �$�.�&� =
2000sqft mayscore �4�! =" 2% =0.9, ��)*�+�!�," 150k,2000% = 0.85,and1 �2�
���>" 2000% =0.75.Thequeryspeci�esascoringfunctionfor com-
biningthepredicates,e.g., theoverallscorefor house< is 6?7�9@" 0.9,
0.85,0.75% = 0.75.Thehighest-scored5 objectswill bereturned.

This paperstudiesthe problemof supportingexpensive pred-
icatesfor ranked queries. We characterizeexpensivepredicates
as thoserequiring a call, or a probe, of the correspondingfunc-
tion to evaluateanobject.They generallyrepresentany non-index
predicates:Whena predicateis dynamicallyde�ned or externally
accessed,a pre-constructedaccesspathno longerexists to return
matchingobjectsin “zero time.” For instance,in Example1, sup-
posepredicate��)*�+�!� is auser-de�nedfunctiongivenatquerytime,
we mustinvoke the function to evaluatethescorefor eachobject.
We note that, for Booleanqueries,similar expensive predicates
havebeenextensively studiedin thecontext of extensibledatabases
[2, 3]. In fact, major DBMSs (e.g., Microsoft SQL Server, IBM
DB2, Oracle,andPostgreSQL)todayall supportuserde�ned func-
tions(whichareessentiallyexpensive predicates)allowing usersto
implementpredicatefunctionsin ageneralprogramminglanguage.
We believe it is importantfor rankedqueriesto supportsuchpred-
icates,which is thespeci�c contribution of thispaper.

In fact, thereare many goodreasonsfor supportingexpensive
predicates,becausemany importantoperationsareessentiallyex-
pensive. First,supportingexpensivepredicateswill enablefunction
extensibility, sothataquerycanemploy useror application-speci�c
predicates.Second,it will enabledataextensibilityto incorporate
externaldatasources(suchasa Web service)to answera query.
Third, it will enablejoin operationsacrossmultiple tables;aswe
will see,a fuzzy join predicateis essentiallyexpensive. As far as



we know, we arethe�rst to generallysupportexpensive predicates
in thecontext of rankedqueries,in orderto handletheseoperations:
� Function Extensibility: User-de�ned functionsare expensive

becausethey aredynamicallyde�nedandthusrequireper-object
evaluation.Notethatuser-de�ned functionsarecritical for func-
tion extensibilityof adatabasesystem,toallow querieswith non-
standardpredicates.While user-de�ned functionsarenow com-
monly supportedin Booleansystems,we believe suchfunctions
will beevenmoreimportantfor rankedqueries,becausethey are
mainly intendedfor dataretrieval basedon similarity, relevance,
and preference(e.g., as in [1]). As theseconceptsare inher-
ently impreciseanduser(or application)speci�c, apracticalsys-
temshouldsupportad-hoccriteriato bespeci�cally de�ned (by
usersor applicationprogrammers).Considerour real-estateex-
ample.Althoughthesystemmayprovide �4�! asbuilt-in, users
will likely have differentideasabout ��)*�+�!� and

1 ������� (say, de-
pendingon their budgetandfamily sizes).It is thusdesirableto
supportthesead-hoccriteriaasuser-de�ned functionsto express
userpreferences.
� Data Extensibility: A middlewaresystemcanintegratean“ex-

ternal” predicatethat canonly be evaluatedby probingan au-
tonomoussourcefor eachobject. Such integration may take
placewithin a looselycoupledsystem(e.g., a relationalDBMS
andan imagesearchengine). Further, a middlewaremay inte-
grateWebsources,whichis morecommonthanever in theInter-
netage.For instance,in Example1, to look for “safe” areas,the
usermayuseanexternalpredicate��� � � "���� �/% thatcomputesthe
“safety” scorefor agiven ��� � codeby queryingsomeWebsource
(e.g., www.apbnews.com ) for thecrimerateof thearea.
� Joins: Join predicatesare expensive, becausethey are inher-

ently user-de�ned operations:In general,a join operationcan
dynamicallyassociateany attributesfrom multiple tables(asin
theBooleancontext suchasSQL), andin additiontheassociat-
ing function canbe user-de�ned. Consequently, sincea search
mechanismcannotbepre-computed,fuzzy joins requiresexpen-
sive probesto evaluateeachcombinedtuple (in the Cartesian
product),asis thecasein Booleanqueries.To generallysupport
fuzzyjoins,aranked-querysystemmustsupportexpensivepred-
icates.For instance,continuingExample1, to �nd new houses
neara high-ratingpark, the following queryjoins anotherrela-
tion ������� ( ���	� � , � � � ) with thepredicate� 1�
 ��� :

select ��
���� , ��
������ � from �������2
�� , ���������
where �4�! "���
;������% ' , �+�	�
� �>�4"���
.����� ��%4��� ,

� 1�
 ����"���
 ��� � , ��
 ��� �/%4�	�
order by 6?7:9,":' , ��� , � � % stop after 5 (Query 2)

While widely supportedfor Booleanqueriesin major DBMSs,
expensive predicateshave not beenconsideredfor rankedqueries.
Thesepredicates,be they userde�ned or externallyaccessed,can
be arbitrarily expensive to probe, potentially requiring complex
computationor accessto networked sources.Note that it mayap-
pearstraightforward to “transform” an expensive predicateinto a
“normal” one:By probingevery objectfor its score,onecanbuild
a searchindex for the predicate(to accessobjectsscoredabove a
thresholdor in the sortedorder), as requiredby the currentpro-
cessingframeworks [4, 5, 6, 7, 8, 9, 10] (Section3.3). This naive
approachrequiresa sequentialscan,or completeprobing, over the
entiredatabase:A databaseof � objectswill need � sequential
probesfor eachexpensive predicate. Suchcompleteprobing at
querytime is clearlyunacceptablein mostcases.

This paperaddressesprobepredicatesfor rankedqueries.When
a rankedquerycontainsexpensive predicates,thekey challengeis

to minimize the numberof probes. As usersonly ask for some
top- � answers,is completeprobingnecessary?Our resultsshow
thatthevastmajorityof theprobesmaybeunnecessary, thusmak-
ing expensive predicatespracticalfor rankedqueries.For instance,
to retrieve top- ��� (i.e., � �!�"� ) from a benchmarkdatabasecon-
structedwith real-lifedata,thenaive schemecanwaste97%of the
completeprobes(Section6). To enableprobeminimization, wede-
veloptheformalprincipleof necessaryprobes, whichdeterminesif
aparticularprobeis absolutelynecessaryfor �nding � topanswers.
We thuspresentAlgorithm MPro which ensuresminimal probing,
i.e., it performsonly necessaryprobesandis provably optimal.

Further, we discussseveral usefulextensionsof the algorithm.
First,weshow thatthealgorithmdirectlysupportsincrementalpro-
cessing,to returntopanswersprogressively, payingonly incremen-
tal cost. Second,it is easily “parallelizable,” to enhanceperfor-
manceover largedatasets.Theparallelizationcanin principlegive
linearspeedup.Third, we show that thealgorithmcanscalewell;
thecostwill scalesublinearlyin databasesize. In addition,MPro
canbeimmediatelygeneralizedfor approximateprocessing.Since
approximateanswersareoftenacceptablein rankedqueries(which
areinherently“imprecise”),we extendMPro to enabletradingef-
�ciency with accuracy– whichwe reportin [11].

Note that this paperconcentrateson thealgorithmicframework
for supportingexpensive predicates,and not on other relatedis-
sues. In particular, a practicalsystemmustprovide a friendly in-
terfacefor usersor applicationprogrammersto easilyspecifyuser-
de�ned predicates.To studythis issue,we arecurrentlybuilding
a GUI front-endfor our prototypetestbed,the real-estateretrieval
system. Therearealsootherextensionsto our algorithm: It can
easilytakeadvantageof predicatecaching, whereexpensiveprobes
canbereused,e.g., duringqueryre�nementwhenpredicatesarere-
peatedin subsequentqueries.To highlight,wesummarizethemain
contributionsof thispaperasfollows:
� Expensive predicates for ranked queries: We identify, for-

mulate,andformally studytheexpensivepredicateproblemfor
rankedqueries,whichgenerallyabstractsuser-de�ned functions,
externalpredicates,andfuzzy joins. We arenot awareof other
previouswork thatformulatesthegeneralproblemof supporting
expensive predicatesfor top- � queries.
� Necessary-probe principle: We develop a simpleyet effective

principlefor determiningnecessaryprobes,whichcanbecritical
for any algorithmsthatattemptprobeoptimization.
� Probe-optimal algorithm: WepresentAlgorithm MPro, which

minimizesprobecostfor returningtop- � answers.
� Experimental evaluation: Wereportextensive experimentsus-

ing both real-life and synthesizeddatasets.Our experimental
studyindicatestheeffectivenessandpracticalityof ourapproach.

We brie�y discussrelatedwork in Section2, and thenstart in
Section3 by de�ning rankedqueries,thecostmodel,andthebase-
line processingscheme. Section4 presentsthe necessary-probe
principle for optimization,basedon which we develop Algorithm
MPro. Section5 thendiscussesseveralextensionsof thebasical-
gorithm. Section6 reportsour experimentalevaluation. Due to
spacelimitations,we leave someadditionalresults(e.g., proof,ap-
proximation,andmoreexperiments)to anextendedreport[11].

2. RELATED WORK
Expensivepredicateshave beenstudiedfor Booleanqueriesto

supportuser-de�ned functions.Severalworks(e.g., [2, 3]) address
processingexpensivepredicatesef�ciently . AsSection1 discussed,
all currentmajorDBMSs(e.g., Microsoft SQL Server, IBM DB2,



Oracle,andPostgreSQL)supportsuchpredicates.
Top-kquerieshavebeendevelopedrecentlyin two differentcon-

texts. First, in a middlewareenvironment,Fagin [7, 8] pioneered
rankedqueriesandestablishedthewell-known ��� algorithm(with
its improvementsin [9, 10]). [12] generalizesto handlingarbitrary�
-joins as combiningconstraints. As Section3 discusses,these

works assumesortedaccessof searchpredicates.This paperthus
studiesprobepredicateswithoutef�cient sortedaccess.

Secondly, ranked querieswerealsoproposedasa layer on top
of relationaldatabases,by de�ning new constructs(for returning
“top” answers)andtheir processingtechniques.For instance,[13]
proposesnew SQL clausesorder by andstop after. Carey et al.
[14, 15] thenpresentoptimizationtechniquesfor exploiting stop
after, which limits theresultcardinalitiesof queries.

In this relationalcontext, references[4, 5] studymoregeneral
ranked queriesusingscoringfunctions. In particular, [4] exploits
indicesfor querysearch,and[5] mapsrankedqueriesinto Boolean
rangequeries. Recently, PREFER[6] usesmaterialized“views”
to evaluatepreferencequeriesde�ned as linear sumsof attribute
values. Theseworks assumethat scoringfunctionsdirectly com-
bine attributes(which areessentiallysearchpredicates).We aim
at supportingexpressive user-de�ned predicates,which we believe
areessentialfor rankedqueries,asSection1 discussed.

Thispaperidenti�es andformulatesthegeneralproblemof sup-
porting expensive predicatesfor ranked queries,providing uni�ed
abstractionfor user-de�nedfunctions,externalpredicates,andfuzzy
joins. [16] developsanIR-basedsimilarity-join; we studygeneral
fuzzy joinsasarbitraryprobepredicates.Morerecently, aroundthe
sametime of our work [11], somerelatedefforts emerge,address-
ing theproblemsof

�
-joins [12] (whichareBooleanandnot fuzzy,

asjustexplained)andexternalsources[17]. In contrast,weaddress
a moregeneralanduni�ed problemof expensive predicates.

Our generalframework, in searchingfor top- � answers,adopts
thebranch-and-boundor best-�rst searchtechniques[18]. In par-
ticular, Algorithm MPro canbecastasaspecializationof ��� . Sev-
eralotherworks [17, 12, 16] alsoadoptthesamebasis.Our work
distinguishesitself in several aspects:First, we aim at a different
or moregeneralproblem(ascontrastedabove). Second,our frame-
work separatesobjectsearch (�nding objectsto probe)from pred-
icate scheduling(�nding predicatesto execute). We believe this
“clean” separationallowsusto developtheformalnotionof neces-
saryprobes(Section4.1) andconsequentlya probe-optimalalgo-
rithm (Section4.2). Thescheduling(Section4.3) is thusseparated
asa sampling-basedoptimizationphasebefore(or reoptimization
during)execution.Further, basedon thesimpleframework, wede-
velop several usefulextensions,e.g., parallelization(Section5.3)
andapproximation[11], aswell asanalyticalstudyof probescala-
bility (Section5.4).

3. RANKED QUERY MODEL
To establishthecontext of our discussion,this sectiondescribes

the semantics(Section3.1) of ranked queriesand a cost model
for expensive predicates(Section3.2). Section3.3 thendiscusses
queryprocessingusingthestandardsort-mergeframework to mo-
tivateandcontrastourwork.

3.1 Query Semantics
UnlikeBooleanquerieswhereresultsare�at sets,rankedqueries

returnsortedlists of objects(or tuples)with scoresindicatinghow
well they matchthequery. A rankedqueryis speci�edby ascoring
function �8"	��

��
"
�

�����	% , which combinesseveral fuzzy predicates
� 
 ��
�
�
���� � into anoverall queryscore for eachobject.Without loss
of generality, we assumethat scores(for individual predicatesor

����� � ��� ��� � �	�"!#���$!#���&%
' (�) *+( (�) ,.- (�) /
- (�) /
-0 (�) ,+( (�) /�, (�) *+( (�) /�,1 (�) /�( (�) /
- (�) 2
( (�) 2
(3 (�) 4+( (�) *+( (�) *+( (�) 4+(5 (�) -
( (�) /�( (�) ,+( (�) -
(

Figure 1: Dataset 1 for query �8"�' , � 0 , � 5 % � 6?7�9@":' , � 0 , � 5 % .

entirequeries)arein 6 �87 ��9 . We denoteby ��6 :;9 thescoreof predi-
cate� for object : , and �<6 :"9 thequeryscore.

Wewill useQuery1 (of Example1) asarunningexample,which
combinespredicates' , ��0 , and�	5 with � = 6?7:9,":' , ��0 , �	5-% . Wewill
illustratewith a toy example(dataset1) of objects

� <=�?>@��A#��BC�?D2� .
Figure1 shows how they scorefor eachpredicate(which will not
beknown until evaluated)andthequery;e.g., object < hasscores
'E6 <F9 � ��
 G , � 0 6 <F9 � ��
 H � , � 5 6 :"9 � ��
 I2� , andoverall �?":'J�3� 0 �+� 5 %�6 <F9
= �8":'J6 <F9K�3��0+6 <F9K�+�	5L6 <F9-% = � � � "���
 GM� ��
 H ��� ��
 I2� % = 0.75.

We candistinguishbetweenselectionandjoin predicates,asin
relationalqueries,dependingon if the operationinvolves oneor
moreobjects.A selectionpredicateevaluatessomeattributesof a
singleobject, and thus discriminates(or “selects”)objectsin the
sametable by their scores;e.g., in Query 1, ' determineshow
“new” the � ��� of a houseis. In contrast,a join predicateevaluates
(someattributesof) multiple objectsfrom multiple tables.(Wecan
thusview a join operationasa selectionover joined tuplesin the
Cartesianproductof thejoining tables.)For instance,� � in Query2
evaluateseachpairof �����	�2
 and�����	� to scoretheircloseness.Our
framework cangenerallyhandlebothkindsof predicates–we will
focuson selectionsfor simplicity, anddiscussthe extensionsfor
joins in Section5.2.

In thispaperwefocusonanimportantclassof scoringfunctions
that aremonotonic, which is typical for ranked queries[7]. Intu-
itively, in a monotonicfunction,all the predicatesin�uence posi-
tively theoverall score.Formally, � is monotonicif �8"�� 
 ��
�
�

��� � %N �8"�� 
 �
O
O�OE� � � % when P�7Q7R��S N �+S . Note that this monotonic-
ity is analogousto disallowing negation(e.g., � 
JTVU �?W ) in Boolean
queries.Sincenegationisusedonly infrequentlyin practice,webe-
lieve that monotonicfunctionswill similarly dominatefor ranked
queries. Note that a scoringfunction may be given explicitly (in
a query)or implicitly (by thesystem).For instance,a systemthat
adoptsfuzzy logic [19] will use� � 6?7:9,"	��
 , � W % asthefuzzycon-
junction.An imageor text [20] databasemaycombinevariousfea-
tureswith a user-transparentfunction, suchasEuclideandistance
or weightedaverage.

As results,a rankedqueryreturnsthetop- � objectswith highest
scores,andthusalsoreferredto asa top- � query. More formally,
given retrieval size � andscoringfunction � , a ranked queryre-
turnsa list X of � objects(i.e., Y XVY = � ) with queryscores,sortedin
adescendingorder, suchthat �?" �LZF�
O+O
OJ���\[�%$6 :"9E]^�8" �KZF�
O+O
OJ���\[>%�6 _`9
for P=:bacX and P=_edabX . For example, the top- f query over
dataset1 (Figure1) will returnthe list X = ( > :0.78, < :0.75). Note
that, to give deterministicsemantics,we assumethat thereareno
ties– otherwise,a deterministic“tie-breaker” functioncanbeused
to determineanorder, e.g., by uniqueobjectIDs.

Notethat thetop-� interfaceis fundamentalin supportingother
interfaces.It is straightforwardto extendour top-� algorithm(Sec-
tion 4) to supportthe incrementalaccess(or iterator) as well as
thresholdinterface.Wediscusstheseextensionsin Section5.1.

3.2 Cost Model
Givenaquery, aprocessingenginemustcombinepredicatescores

to �nd the top- � answers.We cangenerallydistinguishbetween
index predicatesthatprovide ef�cient searchandnon-index pred-



icatesthat requireper-object probes. First, systembuilt-in pred-
icates(e.g., objectattributesor standardfunctionsadoptedin [4,
5, 6]) can usepre-computedindexes to provide sortedaccessof
objectsin thedescendingorderof scores.Suchsearch predicates
are essentiallyof zero cost, becausethey are not actually evalu-
ated,ratherthe indexesareusedto search“quali�ed” objects.For
instance,our real-estateexamplemayprovide �4�+�2�+��� ���4"��E���#% for
sortinghouses� closestto a givencity � (e.g., � -nearest-neighbor
search).For Query1, we assume' to bea searchpredicate.Fig-
ure1 ordersobjectsto stressthesortedoutputof ' .

In contrast,expensive predicatesmustrely on per-objectprobes
to evaluate,becauseof thelackof searchindexes.As Section1 ex-
plains,suchprobepredicatesgenerallyrepresentuser-de�nedfunc-
tions,externalpredicates,andjoins. Unlike searchpredicatesthat
are virtually free, suchpredicatescan be arbitrarily expensive to
probe,potentiallyrequiringcomplex computation(for user-de�ned
functions),networkedaccessto remoteservers(for externalpredi-
cates),or copingwith combinatorialCartesianproducts(for joins).
Ourgoalis thusclear:to minimizeprobecost.

This paperthuspresentsa framework for theevaluationof rank
querieswith probe predicates. To stressthis focus, we assume
(without lossof generality)queriesof the form �8"��R��� 
 ��
�
�
���� � % ,
with a searchpredicate' andsomeprobepredicate�	� . Note that,
when thereare several searchpredicates( � 
 ��
�
�
+�
��� ), the well-
known Fagin'salgorithm[7] (Section3.3will discussthisstandard
“sort-merge” framework) canbecompatiblyappliedto mergethem
into a singlesortedstream� (thusin theabove abstraction),which
alsominimizesthesearchcost.

Wewantto minimizethecostof probing �=Z , 
�
�
 , �;[ for answer-
ing a top- � query. Let � be an algorithm, we denoteits probe
cost by 
�� "�� % . Assumingthat the per-probecost for � � is � S
and that � performs � S probesfor ��� , we model the probecost
as 
��,"�� % ��� �S�� 
 � S�� S . In particular, for a databaseof size
� , a completeprobing system(as Section3.3 will discuss)will
cost � �S�� 
 ��� S . Suchcompleteprobingcostrepresentsanupper
boundof any algorithms;many probesareobviously unnecessary
for �nding asmallnumberof top- � answers.

Our goal is to develop a probe-optimalalgorithm, which will
suf�ciently guaranteeminimalprobecost.If � is probe-optimal,it
doesnotwasteany singleprobes;everyprobeit performsis neces-
sary(by any algorithms).Sinceprobe-optimalityimpliesthateach
� S is minimal, 
��,"�� % overall mustbeminimal. Wewill presenta
probe-optimalalgorithmthatperformsonly necessaryprobes.

Westressthat,for rankedqueries,it is importantto makethecost
“proportional” to retrieval size � ratherthandatabasesize � , as �
canoftenbeseveralordersof magnitudesmaller(e.g., � � � outof
� � �"����� ). (Section6 shows thatour algorithmindeedillustrates
thisproperty.) Thisproportionalcostcanbecritical, sinceusersare
typically only interestedin a smallnumberof top results.

3.3 Baseline: the Sort­MergeFramework
Therehave beensigni�cant efforts in processingrankedqueries

with “inexpensive” searchpredicates.Themostwell-known scheme
(in a middlewaresystem)hasbeenestablishedby Fagin[7] aswell
asseveral laterversions[9, 10]. Assumingonly searchpredicates,
theseschemesaccessandmergethesorted-outputstreamsof indi-
vidual predicates,until top- � answerscanbedetermined.We refer
to suchprocessingasa sort-merge framework.

In this paperwe considerranked querieswith expensive pred-
icates. Canwe simply adoptthe sort-merge framework? As the
namesuggests,thisstandardframeworkwill requirecompleteprob-
ing to sortobjectsfor eachexpensive predicate,beforemerging the
sortedstreams–Referredto asSortMerge, thisnaiveschemefully

d:0.90, a:0.85, b:0.78, c:0.75, e:0.70

b:0.90, d:0.90, e:0.80, a:0.75, c:0.20

a:0.90, b:0.80, c:0.70, d:0.60, e:0.50

b:0.78, a:0.75
Merge 

Algorithm

F = min(x, pc, pl)

k = 2

Sort stepMerge stepTop-k output

x

pc

pl

(expensive predicate: complete probing to sort)

(expensive predicate: complete probing to sort)

(search predicate: supports sorted access)

Figure 2: The baseline scheme SortMerge.

“materializes”probepredicatesinto searchpredicates.Figure2 il-
lustratesSchemeSortMerge for Query1,where' is asearchpred-
icatewhile � 0 and �	5 expensive ones. The schememustperform
completeprobingfor both ��0 and �	5 to provide thesortedaccess,
andthenmergeall thethreestreamsto �nd thetop- f answers.

Notethat,ratherthanthedesired“proportionalcost,” SortMerge
alwaysrequirescompleteprobing,regardlessof the small � ; i.e.,

��," SortMerge % ��� �S�� 
 ��� S , for a databaseof size � . Such
“sequential-scan”costcanbeprohibitivein mostapplications,when
thedatabaseis of aninterestingsize.Thispaperaddressestheprob-
lem of minimizing this probecost. In fact, aswe will see,most
probesin completeprobingaresimplyunnecessary–Section6 will
experimentallycomparethebaselineschemeto ouralgorithm.

4. MINIMAL PROBING: ALGORITHM MPro

Givenarankedquerycharacterizedby scoringfunction �8"�� , � 
 ,

�
�
 , �=�	% andretrieval size � , with a searchpredicate� andprobe
predicates� 
 ��
�
�

��� � , our goal is to minimize the probecost for
answeringthequery. Toward this goal,we mustconfronttwo key
issues:1) What is the minimal-possibleprobecost? 2) How can
we designan algorithmthat minimizesthe cost. This sectionde-
velopsa formal principle (the Necessary-ProbePrinciple) in Sec-
tion 4.1 for answeringthe former andproposesan algorithm(Al-
gorithmMPro) in Section4.2 for the latter. Section4.3 discusses
theschedulingof probepredicates.

4.1 NecessaryProbes
In orderto minimizeprobecost,wemustdetermineif aprobeis

necessaryfor �nding top- � answerswith respectto scoringfunc-
tion �?"��R���E

��
�
�
+���=�*% . This sectionpresentsour resultson sucha
principle(i.e., Theorem1).

To begin with, for eachobject,we sequentiallyexecuteprobes
andincrementallydetermineif furtherprobesarenecessary. (Sec-
tion 5.3will extendto parallelprobing.)We thusneeda predicate
scheduleasasequenceof �R

��
�
"

���=� , whichde�nestheirexecution
order(if probedat all). For our example �8" 'J� ��0
�3�	5 % , two sched-
ulesarepossible: " � 0 �3� 5 % if � 0 is evaluatedbefore � 5 or " � 5 �3� 0 %
otherwise. In general,eachobject : may de�ne its own object
schedule ��� , or all objectsmay sharethe sameglobal schedule
� . Our mainalgorithm(Algorithm MPro) assumesasinput such
schedules(objector global)andis thusindependentof theschedul-
ing. For simplicity, thissectionrefersonly to asingleglobalsched-
ule � ; the sameresultshold whenobjectshave their own sched-
ules.While suchschedulingis NP-hardin general[11], Section4.3
will discussanonlinesampling-basedschedulerthateffectively (al-
mostalways)�nds thebestschedulesby greedilyschedulingmore
“cost-effective” predicates.

Given a schedule� , startingfrom the sortedoutputof � , how
shallweproceedto probethepredicatesfor eachobject,in orderto
minimizesuchaccesses?Ononehand,it is clearthatsomeobjects
mustbefully probed(for every � S ), whichincludeat leastthetop- �
answersin orderto determinetheir queryscoresandranksin the
query results(Section3.1). On the otherhand,sinceonly some



top- � answersarerequested,is completeprobing(for everyobject)
necessary?To avoid thisprohibitivecost,ourgoalis to stopasearly
aspossiblefor each object. In fact,someobjectsmaynot needto
beprobedatall, if they cannever bethetopanswers.

To enableprobeminimization,we mustdetermineif a particu-
lar probeis truly necessaryfor �nding the top- � answers.During
queryprocessing,for any object : , if � is thenext predicateon the
schedule(globalor object-speci�c),we mayprobe� for : in order
to determinethescore� 6 :;9 . We wantto determineif sucha probe,
designatedby pr "	: ����% , is necessary. Thefollowing de�nition for-
malizesour notionof a necessaryprobe.

Definition 1 (Necessary Probes): Considera ranked query with
scoringfunction � andretrieval size � . A probepr "	:R���4% , which
probespredicate� for object : , is necessary, if the top- � answers
with respectto � cannotbedeterminedby any algorithmwithout
performingtheprobe,regardlessof theresultsof otherprobes.

We stressthat this notion of necessaryprobesis essentialfor
optimizingprobecost.Accordingto thede�nition, a probeis nec-
essaryonly if it is absolutelyrequired–thusit mustbe performed
by anoptimalalgorithm:First,theprobeis requiredindependentof
algorithms–any algorithmthatreturnscorrecttop- � answersmust
pay the probe. Second,the probeis requiredindependentof the
outcomesof otherprobes–it maybeperformedbeforeor afteroth-
ers,but theparticularorderwill not changethe fact that theprobe
is required.While thisnotionof necessaryprobesseemsintuitively
appealing,how canwedetermineif aparticular probeis absolutely
required?Further, given therearemany possibleprobes(at least
one for eachobjectat any time), how many of themareactually
necessary, andhow to effectively �nd all thenecessaryprobes?We
next developa simpleprinciplefor answeringthesequestions.

Let's startwith the �rst question:how to determineif a probe
is necessary?To illustrate, consider�nding the top- � object for
�?" 'J�3��0��3�	5 % with dataset1 (Figure1),givenschedule� � " ��0
� �	5-% .
Ourstartingpoint,beforeany probes,is thesortedoutputof search
predicate' (Figure1 sortsobjectsby their ' scores).We thuscan
chooseto probethe next predicate� 0 for any object < , > , A , B , or
D . Let'sconsiderthetopobject < anddetermineif pr " <=�3��0$% is nec-
essary. (We cansimilarly considerany otherobject.) The probe
is actuallynecessaryfor answeringthequery, no matterhow other
probesturnout: Assumewe cansomehow determinethetop- � an-
swerto beobject : withoutprobingpr "
<C�+� 0 % .
� Suppose:��� < : Note that �<6 :"9 = 687�9,":'E6 :"9 , ��0+6 :C9 , �	5L6 :C9-%� 'J6 :"9 , and 'E6 :;9 � ��
 H for :��� < (seeFigure 1). Conse-

quently, � 6 :C9 � ��
 H . However, without probingpr "-< � ��0�% and
thenpr "
<C�3� 5 % , : maynot besafelyconcludedasthe top- � . For
instance,supposethat theprobeswould return ��0+6 <F9 � ��
 � and
��5L6 <`9 � ��
 � , then � 6 <F9 � 687�9," 0.9,1.0,1.0% � ��
 G . That is, <
insteadof : shouldbethetop- � , a contradiction.
� Suppose: � < : In orderto output < astheanswer, wemusthave

fully probed< , includingpr "
<C�+� 0 % , to determineandreturnthe
queryscore.

Observe that, we determineif the probeon < is necessaryes-
sentiallyby comparingtheupperboundor “ceiling score”of < to
others. That is, while �<6 <`9 canbe ashigh as its ceiling scoreof
0.9, any otherobject : cannotscorehigherthan ��
 H (which is the
ceiling scoreof > ). In general,duringqueryprocessing,beforean
object : is fully probed,the evaluatedpredicatesof : caneffec-
tively boundits ultimatequeryscore.Considera scoringfunction
�?"���

� 
�
�

�����*% . We de�ne ��� 6 :"9 , the ceiling score of : with re-
spectto a set � of evaluatedpredicate( ��� � � 
 ��
�
 
+��� � � ), asthe
maximal-possiblescorethat : may eventuallyachieve, given the

predicatescoresin � . Since � is monotonic,the ceiling score
can be generallyobtainedby Eq. 1 below, which simply substi-
tutesunknown predicatescoreswith their maximal-possiblevalue
��
 � . Themonotonicityof � ensuresthattheceiling scoregive the
upperboundwhenonly � is evaluated,i.e., � 6 :C9 � � � 6 :"9 .
���(" � Z � 
�
"

��� [ %�6 :"9 � � 	 � S � � S 6 :"9 if � S a
�

��S � ��
 � otherwise. P�7�� (1)

To further illustrate,after pr " <=�3� 0 % , what shall we probenext?
Intuitively, at leastwe have choicesof pr " <=�3�*5 % (to complete< ) or
pr "	>@�3� 0 % (to startprobing > ). Similarly to theabove,wecanreason
thatthefurtherprobeon < , pr "
<C�3�	5 % , is still necessary. To contrast,
we show thatpr "\>@�3��0�% is not necessaryat this point, accordingto
De�nition 1. (However, asmoreprobesaredone,at a laterpoint,
pr "	>@�3�*0�% maybecomenecessary.) With 'E6 >�9 � ��
 H evaluated,we
computetheceiling scoreof > as ��
����`6 >$9 = ��
 H . Whetherwe need
to furtherprobe > in factdependson otherprobes,namelythe re-
mainingprobepr "
<C�3� 5 % of < . (Notethat < alreadyhas 'J6 <F9 � ��
 G
and ��0+6 <F9 � ��
 H � evaluated.)
� Supposethatpr " <=�3�	5 % returns�	5K6 <`9 � � andthus � 6 <F9 � ��
 H � .

For �nding thetop- � answer, we do not needto furtherevaluate
> because��
�����6 >�9 = ��
 H�� � 6 <F9 � ��
 H � , andthus > cannotmake
to thetop- � . Thatis, dependingon �	5L6 <`9 � � , wecananswerthe
querywithoutprobingpr "	>@�3� 0 % .
� Supposethat pr " <=�3�	5-% returns �	5L6 <`9�� � and thus �<6 <`9 � � .

Now > becomesthe“current” topobject(with thehighestceiling
score� 
���� 6 >$9 = ��
 H ). That is, dependingon �	5L6 <`9 � � , we can
reasonthatpr "�>.�+� 0 % is necessary, similar to pr "-< � � 0 % above.

Further, weconsiderthesecondquestion:howto �nd all thenec-
essaryprobes?Let : be any objectin the database,and � be the
next unevaluatedpredicate(on theschedule� ) for : . Potentially,
any probepr "�:R�3�/% might benecessary. However, it turnsout that
atany pointduringqueryprocessing,therewill beat most� probes
thatarenecessary, for �nding top- � answers.That is, we cangen-
eralizeouranalysis(seeTheorem1) to show thatonly thoseprobes
for objectsthat arecurrentlyranked at the top- � in termsof their
ceiling scoresarenecessary. Note that this conclusionenablesan
ef�cient way to “search”necessaryprobes:by rankingobjectsin
the orderof their currentceiling scores.(As Section3 discussed,
weassumethatadeterministictie-breaker will determinetheorder
of ties.) For any object : in thetop- � slots,its next probepr "�:R�3�4%
is necessary. Theorem1 formally statesthis result(see[11] for a
proof).

Theorem 1 (Necessary-Probe Principle): Consider a ranked
querywith scoringfunction � andretrieval size � . Givena predi-
cateschedule� , let : beanobjectand � be thenext unevaluated
predicatefor : in � . Theprobepr "	:E�3�/% is necessary, if theredo
not exist � objects_ 
 ��
�
 

�?_�� suchthat PC_�S 7 � � � 6 :"9�� � ����� 6 _@S	9with respectto the evaluatedpredicates� � and � � � of : and _ S
respectively.

Westressthatthenotionof necessaryprobesdirectlyde�nesthe
minimal probecost of any correctalgorithm. First, De�nition 1
generallyisolatesa classof (necessary)probesas thoserequired
by any algorithm. Further, Theorem1 provides an “operational”
de�nition to actually determineif a given probe is necessaryas
well asto effectively searchthoseprobes.Puttingtogether, we im-
mediatelyconcludethat an algorithmwill be probe-optimal(Sec-
tion 3.2) if it only performsnecessaryprobes,which we formally
statein Lemma1 (see[11] for a proof). Our goal is thusto design
suchanalgorithm.
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Figure 3: Algorithm MPro

Lemma 1 (Probe-Optimal Algorithms): Considerarankedquery
with scoringfunction � and retrieval size � . Given a predicate
schedule� , an algorithm � for processingthe query is probe-
optimal if � performsonly the necessaryprobesas Theorem1
speci�es.

4.2 Algorithm MPro

We next develop our Algorithm MPro (for minimal probing),
which �nds top- � answerswith respectto scoringfunction � "�� ,
� 
 , 
�
�
 , � � % . To beprobe-optimal,basedon Lemma1, MPro opti-
mizesprobecostby ensuringthatevery probeperformedis indeed
necessary(for �nding � top answers).

Essentially, during query processing,MPro keeps“searching”
for a necessaryprobe to perform next. Progressingwith more
probes,eventually MPro will have performedall (and only) the
necessaryprobes,at which point thetop- � answerswill “surface.”
Note that Theorem1 identi�es a probepr "	:R�+�4% as necessaryif
: is amongthe currenttop- � in termsof ceiling scores.Thus,a
“searchmechanism”for �nding necessaryprobescan return top
ceiling-scoredobjectswhenrequested– i.e., a priority queue[21]
thatbuffersobjectsusingtheir ceilingscoresaspriorities.

We thusdesignMPro to operateon sucha queue,calledceil-
ing queueand denoted ú , of objectsprioritized by their ceiling
scores. As Figure3 shows, MPro mainly consistsof two steps:
First, in the queueinitialization step,startingwith thesortedout-
put streamû of searchpredicate� , MPro initializes ú basedon
initial ceilingscores��
 � ��6 O 9 with � beingtheonly evaluatedpred-
icate(seeEq.1). Notethat,althoughfor simplicity our discussion
assumesthat ú is fully initialized (by drawing every object from
û ), this initialization is only conceptual:It is importantto note
that � 
 � ��6 O 9 will inducethesameorderin ú asthe û stream,i.e.,
if � 6 :"9 � �R6 _`9 , then � 
 � � 6 :;9 � � 
 � � 6 _`9 , since � is monotonic.
Thus MPro can accessû incrementallyto move objectsinto ú
whenmoreareneededfor furtherprobing. (It is entirelypossible
thatsomeobjectswill notbeaccessedfrom û atall.)

Second,in thenecessaryprobingstep,MPro keepson request-
ing from ú thetop-priority object : , which hasthehighestceiling
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Figure 4: Illustration of Algorithm MPro.

score. If : is incompletewith the next unevaluatedpredicate� ,
accordingto Theorem1, pr "�:R�3�/% is necessary. Thus MPro will
performthis probe,updatetheceilingscoreof : , andinsertit back
to ú by thenew score.On theotherhand,if : is alreadycomplete
whenit surfacesto the top, : mustbe amongthe top- � answers,
becauseits �nal scoreis higher thanthe ceiling scoresof objects
still in ú . That is, : has“surfaced”to the top- � answers,which
MPro will move to anoutputqueue,denotedX in Figure3.

Incrementally, moreobjectswill completeandsurfaceto X , and
MPro will eventually stopwhenthereare � suchobjects(which
will be the top- � answers).As Figure3 shows, MPro checksthis
stopcondition, designatedP � , to halt further probing. It is inter-
estingto observe the “dual” interpretationsof P � : On onehand,
P � tells that therearealready � answersin X , andthusno more
probesarenecessary. Ontheotherhand,when P � holds,it follows
from Theorem1 thatnomoreprobescanbenecessary, andthusthe
top- � answersmusthave fully surfaced,which is indeedthecase.
(Wediscussin [11] how thestopconditioncanbe“customized”for
approximatequeries.)

Figure4 illustratesAlgorithm MPro for our exampleof �nding
thetop 2 objectwhen � � 687�9,":' , ��0 ,�	5 % and � � " ��0
�3�	5;% over
dataset1 (Figure1). While weshow theceilingqueueú asasorted
list, full sortingis not necessaryfor a priority queue.After initial-
izedfrom thesortedoutputof ' , wesimplykeeponprobingthetop
incompleteobjectin ú , resultingin theprobespr " <=�3��0�% , pr " <=�3�	5-% ,
pr "	>@�3� 0 % , andpr "	>#�3� 5 % . Eachprobewill updatethe ceiling score
of theobject,andthuschangingits priority in ceiling queue.Note
thatFigure4 marksobjectwith anunderline(e.g., < :0.75) whenit
is fully probed,at which point its ceiling scoreis actuallythe�nal
score.Finally, we canstopwhen � � f objects(in this case,< and
> together)have completedandsurfacedto thetop.

It is straightforwardto show thatAlgorithm MPro is bothcorrect
andoptimal,aswestatein Theorem2. First, it will correctlyreturn
thetop- � answers.MPro stopswhenall the � objectswith highest
ceiling scoresareall complete(as they surfaceto X ). This stop
conditionensuresthatall these� answershave �nal scoreshigher
thanthe ceiling scoreof any object : still in ú . Thus,any such
: , completeor not, cannotoutperformthe returnedanswers,even
with moreprobes,which implies the correctness.Second,Algo-
rithm MPro is probe-optimal.Note that MPro alwaysselectsthe
top ceiling-scoredincompleteobjectto probe. Theorem1 asserts
thateverysuchprobeis necessarybeforethestopcondition P � be-
comes Q*� R*� (andthusMPro halts). It follows from Lemma1 that
MPro is probe-optimal,becauseit only performsnecessaryprobes.

Theorem 2 (Correctness and Optimality of MPro): Givenscor-
ing function � andretrieval size � , Algorithm MPro will correctly
return the top- � answers.With respectto the given schedule� ,
MPro is alsoprobe-optimal.

4.3 Online Sampling­basedScheduling
Algorithm MPro assumesa given schedule� , with respectto

whichtheprobecostis guaranteedoptimal.Givenprobepredicates
�R

� 
"
�

���=� , thereare 9TS possibleschedules(eachasa permutation



����� ' � 0 � 5 �?":' , � 0 , � 5 %
< 0.8 0.9 0.2 0.2
> 0.7 0.8 0.2 0.2
A 0.6 0.6 0.3 0.3

Figure 5: Dataset 2.

of �CS ). Differentschedulescanincurdifferentprobecost,asExam-
ple 2 below shows. This sectiondiscussesthe problemof identi-
fying thebestschedulethatminimizestheprobecostandproposes
aneffective algorithmthatprovidessuchscheduleto MPro.

Example 2: Consider�!� 6?7�9@":' , ��0 , �	5 % , usingdataset2 (Fig-
ure5). For probepredicates

� � 0 , �	5 � , two schedules� 
 � " � 0 �+��5-%
and � W � "-�	5L� ��0�% arepossible.To �nd thetopanswer, whengiven
� 
 and � W , MPro will perform6 and 4 probesrespectively (as
shown below); �<W is thusabetterschedule(with ����� lessprobes).

� 
 : pr " <=���	� % , pr "-< ����

% , pr "	>#������% , pr "	>#����

% , pr "�A#������% , pr "	A#����

%
�<W : pr " <=��� 
 % , pr "	>#��� 
 % , pr "�A#��� 
 % , pr "	A���� � %
As Section4.1 discussed,Algorithm MPro cangenerallywork

with either global or object-speci�c schedules. Our framework
choosesto focusonglobalscheduling.Notethatschedulingcanbe
expensive (it is NP-hardin thenumberof predicates,asweshow in
[11]). As wewill see,ourapproachis essentiallyglobal,predicate-
by-predicatescheduling,using samplingto acquirepredicatese-
lectivities (andcosts)for constructinga global scheduleonline at
querystartup. Note suchonline schedulingwill addcertainover-
headto queryrun time. Per-objectschedulingwill thusincur � -
fold schedulingcost for a databaseof � objects(which may far
offset its bene�t); in addition,it maycomplicatethealgorithmand
potentiallyinterferewith parallelism(Section5.3).

As Section3.2discussed,theprobecostof Algorithm MPro can
bewritten as 
��," MPro % = � �S�� 
 � SRO � S . Notethat � S (thenum-
berof necessary-probesfor � S ) dependsonthespeci�c schedule�
(e.g., in Example2, for � W , ��
�� ��� and ��
�� � � ). To �nd the
optimalschedule,we mustfurtherquantifyhow � determines��S .
In particular, whenwill anobject : necessarilyprobe� S under � ?
At variousstagesof � , we denote� � for predicatesevaluatedup
to the k-pre�x, i.e., � � � � �R���R

� 
�
"

��� � � . Further, let

�
be the

lowestscoreof thetop- � results(which we will not know a priori
until thequeryis fully evaluated).Accordingto Theorem1, after
probing �<S�� 
 =

� �R��� 
 ��
"
�
����=S�� 
 � , object : will continueto probe
�CS if � ������� 6 :;9 is amongthe currenttop- � scores.Observe that

� � ����� 6 :"9 will eventuallybeon thetop- � if � � ����� 6 :"9 N � (since
eventuallyonly the�nal answerswill surfaceto andremainon the
top). Thatis,MPro will only probepr "	:R��� S % when� � ����� 6 :"9 N � .
Wecanthendetermine�QS for �=S asthenumberof object : thatsat-
is�es � � ����� 6 :;9 N � .

Wethusde�ne theaggregateselectivityP
�� " � % for asetof pred-

icates� astheratio of databaseobjects: that“pass” � � 6 :"9 N �
(andthuswill continueto be probedbeyond � ). (This selectivity
notion, unlike its Boolean-predicatecounterpart,dependson the
aggregate“�ltering” effect of all the predicatesevaluated.) Thus

thenecessaryprobesof �=S is � S = �cO>P �� "�� S�� 
 % , and


��," MPro % �
��
S�� 
 �bO>P

�� "�� S�� 
 % O � S � �bO �� S�� 
 P
�� "��VS�� 
 % O � S 


Our goalis to �nd a schedulethatminimizes 
�� " MPro % . How-
ever, as our extendedreport [11] shows, this optimal scheduling
problemis NP-hardand thusgenerallyintractable. Sincean ex-
haustive methodmay be too expensive and impractical,we pro-
poseagreedyalgorithmthatalwayspicksthemost“cost-effective”

predicatewith a low aggregateselectivity (thushigh �ltering rate)
and a low cost. We thus usethe intuitive rank metric (as simi-
larly usedin [2] usingsingle-predicateselectivity) to representthe
cost-effectivenessof executing� S aftersome� predicatesasbelow
(note the rank dependson the “context” � ). Our schedulerthus
greedilyselectsthehighest-rankedpredicateto incrementallybuild
a schedule. �

<>9/�/" � S Y�� % � ��� P
�� " �! � �=S � %
� S 


However, how canwe determinetheselectivity with respectto a
top- � threshold

�
? (Thecost � S canbeprovidedby usersor mea-

suredby performingsomesampleprobesof � S .) Although pre-
constructedstatisticsareoften usedfor queryoptimization,such
requirementis unlikely to berealisticin ourcontext, becausepred-
icatesareeither“dynamic” or “external” (Section1). Ourschedul-
ing thus performsonline samplingto estimateselectivities. The
schedulerwill sampleasmallnumberof objectsandperformcom-
pleteprobingfor their scores.While suchsamplingmayadd“un-
necessary”probes,�nding a good schedulecan well justify this
overhead(Section6). In fact,someof theprobeswill laterbenec-
essaryanyway (MPro caneasilyreusethosesamplingprobes).

Usingthesamples,wecanestimatetheselectivitieswith respect
to thetop- � threshold

�
. Theuniformsamplingwill selectsome�#"

top- � objectsproportionalto thesamplesize 9 , i.e., � " �%$
� O �&(' .
Thatis, thesamplingtransformsa top- � queryon thedatabaseinto
a top- � " query on the samples. Thus

�
can be estimatedas the

lowest � scoreof thetop- � " sampledobjects.
To illustrate,supposesamplingresultsin thesamplesin Figure5

for � � 687�9,":' , ��0 ,�	5 % . Assumethat �)" = 1 for thesamplesize,
andthus

�
= 0.3 (the top- � � score);let therelative costs�*
�� = 1

and �+
�� = 3. To schedule��0 and �	5 after
� �/� , we computetheir

ranks.Sinceall sampledobjectssatisfy ��
��-, .0/ � N ��
 � , it follows
that P2143 5� " � 'J�+��0!��% �766 � � , andsimilarly P�143 5� " � 'J�+��5 � % � 
6 .Consequently, since

�
<>9/�/" ���8Y � �/��% � 
 � 

 � � andsimilarly

�
<�9/�4" � 
 Y � �/��% � W8 , theschedulerwill select�*5 before� 0 (result-

ing in �<W = " � 
 ��� � % asin Example2).
Our schedulerthusperformssampling-basedonlinescheduling,

by continuingsuchgreedyscheduling(asjustshowed)to construct
acompleteschedule� for MPro. Notethatit is alsopossibleto ac-
tivatethesameschedulerto rescheduleafterMPro performsmore
probesand thus acquiremore accuratestatistics(of selectivities
andcosts). Our study (Section6) shows that the simple scheme
of schedulingonceat querystartupwith a smallsamplesize(e.g.,
��
��-� ) worksvery well andthenetoverheadis negligible.

5. EXTENSIONS AND SCALABILITY
BasedonthebasicalgorithmMPro, wenext discussseveraluse-

ful extensions.First,Section5.1discussesiMPro for supportingin-
crementalaccessby thenext interface.While we assumeselection
predicatessofar, Section5.2generalizesto handlingjoins aswell.
Section5.3 thenshows thatMPro canbeeasilyparallelizedto ex-
ploit availableresourceswith linearspeedup.Finally, Section5.4
analyticallydevelopsthescalabilityof MPro, showing thatits cost
growth is sub-linearin databasesize. (In addition,in [11] we also
extendMPro for approximatequeries.)

5.1 Incrementaland ThresholdInterfaces
Incrementalaccesscanbeessentialfor ranked queries,asusers

often want to sift throughtop answersuntil satis�ed. We canim-
mediatelyextendthetop- � interfaceof Algorithm MPro to support
incrementalaccessby thenext interface(or moregenerallynext- � ).
In this mode,thesystemcancontinueat whereit left off, without



startingfrom scratch.This incrementalextension,referredto asAl-
gorithmiMPro, is essentiallythesameasMPro in Figure3, except
now the ceiling queueis “persistent”during incrementalaccess.
ThusiMPro will initialize ú only at thevery �rst next call. For any
subsequentcall, iMPro will continueto populateX with the next
topanswerjust like MPro.

Further, it is alsodesirableto supportthresholdqueries,where
usersspecifyathreshold

�
to retrieveobjects: suchthat � 6 :"9 N � .

Wecansupportthis interfacesimplyby extendingiMPro to output
incrementallyuntil all objectsthatscoreabove

�
arereturned.

5.2 Fuzzy Joins
Join predicatesare inherentlyexpensive, as they generallyre-

quire a probefor eachcombinationof objectsfrom participating
relations.Having studiedAlgorithm MPro for selectionpredicates
overasingletable,weshow thatessentiallythesamealgorithmcan
handlejoin predicatesover multiple tablesaswell. We thushave a
uni�ed framework for bothselectionandjoin predicates,underthe
abstractionof expensive predicates.

Intuitively, to unify bothselectionsandjoins, we considerthem
asoperationsover the “entire” input of the query. Whena query
involves multiple relations,we considerthe Cartesianproductof
all the relationsas the input. With this conceptualmodeling,all
predicatesaresimply selectionsover theCartesiantable. Thus,at
leastconceptually, Algorithm MPro canbeappliedfor all expen-
sive predicates–selectionsor joinsalike.

To illustratethis conceptualuni�cation, considerQuery2 (Sec-
tion 1), which involvestwo relations�����	�2
 and �����	� . Thequery
usesa join predicate��� = � 1�
 ����"�� 
 ��� � , ��
;� � �2�$�!�$�2% over pairsof �
from �>���	�2
 and � from ���	��� . For instance,supposetherelations,
as setsof objects,are �����	�2
 =

� < , >&� and ���	��� =
� D , �/� . The

Cartesianproductis thus
��� <=�$D�� , � <C����� , � >@��D�� , � >@�����$� . Note we

use
� B 
 �
O+O
OJ��B �	� to denotea Cartesianobjectthat joins object BMS

from relation ��
 , andwereferto BMS asthe ��
 dimension; e.g.,
� <C�?D��

joins < and D asthe �����	�2
 and �����	� dimensionsrespectively. As
exampledata,Figure6 shows thepredicatescoresfor eachCarte-
sianobject. For instance,since ' is a selectionover �����	��
 (and
similarly � � over �����	� ), it only dependson thecorrespondingdi-
mension;e.g., 'E6 � < ��D�� 9 = 'E6 � <C�
��� 9 = 0.9. In contrast,asajoin pred-
icateover bothrelations,��� dependson bothdimensions.With all
Cartesianobjectsfully materialized,Algorithm MPro candirectly
applyasif all predicatesareselections.

However, while conceptuallyoperatingonCartesianobjects,Al-
gorithmMPro canincrementallymaterializethem.To incorporate
suchlazymaterialization, weuseawildcard“ � ” for anunmaterial-
izeddimensionin aCartesianobject.For instance,in Figure7, : =� <=����� hasthe �rst but not theseconddimensionmaterialized.We
then explodeunmaterializeddimensionson demand. Recall that
MPro will needanobject : only whenit surfacesto thetop of the
ceilingqueueú (Figure3)–i.e., : hasthehighestceilingscore,and
thuspr "\: �3�/% is necessary(by Theorem1) for thenext predicate� .
MPro canthuswait until this point to materializethe requireddi-
mensions(if not yet) for � . Consider: =

� <=����� andassume� � is
to beprobednext, which dependson the unmaterialized������� di-
mension.Sincethewildcardrepresents���	��� =

� D , �/� , MPro will
explode : on this newly neededdimensionto materialize : into��� <=�?D�� , � <=�����$� .

Figure7 illustratesAlgorithmMPro for evaluatingQuery2,with
searchpredicate' andexpensivepredicateswhen � = " � � �+�	� % . Al-
gorithmMPro beginsby initializing ú with the ' outputstream(of
�>���	�2
 objects),leaving the ������� dimensionunmaterialized.MPro
thenexplodesthetop object : =

� <C����� for ��� , in orderto perform
necessaryprobepr "	:R�+� � % . Theresultingobjects

� <C�?D�� and
� <C�
���

����� � ��� �
� �	�������������
���� �"!$#�% &�' ()& &�' *
& &�' +
& &�' *)&� �"!-,�% &�' ()& &�' .)& &�' .�& &�' .�&�0/�!$#�% &�' +�& &�' *
& &�' (�& &�' *)&�0/�!-,�% &�' +�& &�' .)& &�' 1�& &�' 1�&
Figure 6: Dataset 3 for join query � = 6?7�9@" ' , � � , �	��% .
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Figure 7: Illustration of Algorithm MPro for a join query.

will be insertedbackto (thetop of) ú . Sincethey sharethesame
topceilingscore(as : ), MPro will orderthemwith thedeterminis-
tic tie-breaker asSection3 discussed.Supposethat

� <C�?D�� becomes
the new top object; pr " � <=�?D����3� � % will thenbe the next necessary
probe.Algorithm MPro will continueasusualandeventuallyout-
put

� <=����� :0.80(for ���&�	�2
 < and ���	���}� ) asthetop- � answer.

5.3 Parallel Processing
WediscussedsequentialMPro whichperformsnecessaryprobes

oneafteranother. It mayappearthatsuchsequentialprobing(asor-
deredby theceiling queueú ) cannotallow parallelization.To the
contrary, we canextendMPro to executemultiple probesconcur-
rentlyor to processmultiplechunksof dataindependently.

Probe-Parallel MPro: Givena top- � query, Section4.1 observed
that therearegenerallymultiple necessaryprobesat any time dur-
ing queryprocessing.For Algorithm MPro, asTheorem1 implies,
every incompleteobjectamongthecurrenttop- � (highestceiling-
scoredin X and ú ) needsfurther probing. Thus the numberof
necessaryprobeswill be � initially whenall theobjectsareincom-
pleteanddecreaseprogressively to � until all top- � arecompleted.

Note that necessaryprobesmustbe performedsooneror later,
as they are requiredindependentof other probes(De�nition 1)–
We can thusparallelizeMPro to executemany necessaryprobes
concurrentlyto speedupperformancewhile still maintainingprobe
minimality. That is, if the predicatesubsystems(for evaluating
probes)supportconcurrentprobes(suchasa multi-threadedlocal
subsystemor Web server), the probe-parallel MPro canperform
someor all thenecessaryprobes(dependingon theavailablecon-
currency level), update ú with all suchprobes,and continueto
performnext batchof necessaryprobes.For instance,considerpar-
allelizing our examplein Figure4 when � �cf . At line 1, MPro
will executebothpr " <=�3��0�% andpr "�>.�+��0$% . Updating ú accordingly,
MPro will still �nd < and > asthe top- f incompleteobjects,and
thusperformpr " <=�3�	5-% andpr "	>@� �	5 % . MPro will thenoutput < and
> asthetop- f answers.Notethatthis probe-parallelalgorithmper-
forms thesamesetof necessaryprobes(asin Figure4), although
in a differentorder. Whentheprobetime dominates,paralleling �
probesconcurrentlywill resultin a � -fold speedup.

Data-Parallel MPro: Alternatively, we canalsoparallelizeMPro
bypartitioningthedatabaseandprocessingall chunksconcurrently.
As Figure8 shows,Algorithm dpMPro consistsof two mainsteps:
First, in datadistribution, dpMPro will uniformly distributethein-
put database~ into � datachunks, eachof which is of size �.d�� of
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Figure 8: Algorithm dpMPro.

~ , for a givenchunkingfactor � . (Of course,this partitioningcan
bedoneoff-line asit is queryindependent.)To maximizework dis-
tribution(or concurrency), wewishthattopanswerswill uniformly
comefrom differentchunks.That is, thedatadistributor musten-
surethat the chunksbe as“similar” to eachotheraspossible,by
identifying anddistributingsimilarobjects(thatwill performsimi-
larly in queries)in ~ to differentchunks.

Second,during incrementalmerging, dpMPro will accessand
mergetopanswersfrom each~�S providedby anincrementalMPro
iterator

� S (as Section5.1 discussed). dpMPro usesa merging
queueÏ to sort top objectsfrom all

� S by their queryscores.If
: is the top of Ï , it hasoutperformedthosestill in Ï . dpMPro
checksif : alsooutperformsall unseenobjectsby comparingit to
the last top scoresof every

� S . (Thesetop scoresmay have been
output to X and not presentin Ï any more.) If so, : must be
theoverall top (of entire ~ ). Otherwise,someunseenobjectsmay
bebetter, anddpMPro will requestparallelaccessto loadnew top
objectsfrom all ~ S . Note thatparallelloadingwill bring in more
objectsto Ï in just oneaccesstime, saving someaccessesthat
mightbeneededlater.

Observe that dpMPro speedsup by distributing work to � par-
allel MPro “processors”:Considera top- ��� queryover a database
of size �"� , denoted~|Ð "��"� % . First, as the databaseis chunked
uniformly, the answersshoulddistribute uniformly amongthe �
chunks–thuseachMPro processoronly needsto �nd (around) �
insteadof ��� answers.Further, thechunkingreducesthedatabase
from ~ÑÐ "��"� % to ~|Ð "�� % for eachprocessor. Putting together,
dpMPro parallelizesthetimeof �nding top- ��� over ~|Ð "��"� % into
thatof top- � over ~|Ð "�� % , reducingboththedatabaseandretrieval
sizesby � timesfor eachprocessor. As Section5.4 will quantify,
this reductionresultsin anoverall � -timesspeedup.

5.4 Minimal­Pr obeScalability
Sincenecessaryprobes(De�nition 1) arealgorithm-independent

costfor expensivepredicates,wewantto understandhow muchthis
requiredcostwill be,andhow it scalesfor largerdatabases.Note
thatAlgorithmMPro, asaprobe-optimalalgorithm(Lemma1),ex-
ecutesexactly only necessaryprobes.Therefore,MPro canbean
effective vehiclefor understandingminimal-probingcosts.To this
end,Section6 will experimentallyevaluateminimal-probingcost
with respectto differentqueries(i.e., � and � ) anddatabases(i.e.,
how objectsscoreunder � ). This sectionseeksto understandan-
alytically how theminimal-costscales,by addressinganimportant

question:Givena top- � query �?"��R��� 
 ��
�
�
���� � % , if it requires
�S
probesfor eachpredicate�	� over adatabaseof size � , or ~ÑÐ "�� % ,
how will therequirednecessary-probesincreasewhenthedatabase
is scaledup � times,i.e., ~|Ð "��"� % . As explained,we speci�cally
studythescalabilityof MPro to generallyanswerthisquestion.

To focus on scalability, we assumeuniform scaling, suchthat
~|Ð "��"� % will perform“statistically” similar to ~|Ð "�� % – i.e., the
two databasesdiffer in sizebut not nature, so that we canisolate
datasizeto studyits effect. To allow analyticalstudy, we approxi-
mateuniformscalingby simplyreplicating~|Ð "�� % � timesto gen-
erate~|Ð "��"� % . We thusobtainan interestingresult: If a database
is uniformly scaledup � times,MPro canretrieve � timesmoretop
answers,with � timesmoreprobecost. While we leave a formal
proof to [11], Section6 experimentallyveri�es this result–over
datasetsthatareonly similarbut not identical.

Theorem 3 (Probe Scalability): Considerarankedquery�8"�� , � 
 ,

�
�
 , � � % anda schedule� . Supposethat ~|Ð "�� % is a databaseof
size � ; let ~|Ð "��"� % be the databasecontainingthe � � objects
generatedby replicating ~|Ð "�� % � times. 
��," MPro "&� , ��� , � ,
~|Ð "��"� %+%+% = � O 
 �," MPro "	�<�$�=�
� �H~|Ð "�� %+%+% .

Theorem3 gives the scalabilityof necessary-probesin general
aswell asAlgorithm MPro in particular. This resultenablessev-
eral interestingobservations. First, it shows that MPro hasgood
data scalability, in which cost increaseis sublinearin database
size: The probesrequiredfor �nding � answersfrom ~ÑÐ "��"� %
will be lessthan � timesthat for �nding the samenumberof an-
swersfrom ~|Ð "�� % : As the stopcondition ( P � in Figure3) en-
sures,Algorithm MPro will stopearlierandpaylessprobecostfor
asmallerretrieval size,andthus 
��," MPro "	�<���=�
� �H~|Ð "�� � % %+%��

��," MPro "	� � ��� �
� �D~ÑÐ "��"� %+%+% . (Section6showshow necessary-
probesincreaseover retrieval sizes.) With Theorem3, we de-
rive thesublineargrowth of cost: 
 �," MPro "\� �$�=�
� �H~|Ð "��"� %+%+%� � O 
�� " MPro "	�<�+�J�
� �H~|Ð "�� %+%3% . Sincecompleteprobing(of
thestandardsort-mergeframework) requireslinearincrease,MPro
will scalebetterandreducemoreprobesfor largerdatabases.

Second,MPro will enjoy goodresource utility: If the comput-
ing resourcescalesup � times, our framework can receive lin-
earspeedupby using � concurrentMPro processorsin parallelin
dpMPro. As Section5.3 discusses,by reducingboth theretrieval
anddatabasesizefor eachprocessor, dpMPro canreducetheprobe
cost for eachprocessorfrom 
�� " MPro "	� � ��� �
� �H~|Ð "�� � %+%+% to

��," MPro "	� ��� � � �@~ÑÐ "�� %+%+% . As Theorem3 asserts,the latter is
Ò of the former, which meansa � -timesspeedupor linear to the
resourceincrease.

Finally, it is importantto note that theseobservationstogether
indicatethatour framework cantake advantageof increasingcom-
puting resourceto betterscaleto largerdatabases:If thedatabase
scalesup � times(resultingin sublinearcost-growth),dpMPro with
� -timesresource(resultingin linear speedup)canfully offset the
potentialslowdown to achieve evenfasterprocessing.

6. EXPERIMENTS
This sectionreportsour extensive experimentsfor studyingthe

effectivenessandpracticalityof AlgorithmMPro. Ourexperiments
in fact have a two-fold interpretation. On one hand, the results
speci�cally quantifythepracticalperformanceof AlgorithmMPro.
Ontheotherhand,sinceMPro is provablyprobe-optimal,thisem-
pirical studyalsogenerallycontributesto understandingthe“lower
bound”for supportingprobepredicates.In fact,asSection3.3ex-
plains,we adopttheSortMerge schemeasour baselinefor com-
parison– which requirescompleteprobingandthussymmetrically
de�nesthe“upperbound.”
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Figure 9: Benchmark queries and the expensive predicates.

Wemeasuredtwo differentperformancemetrics.Considerqueryç
= �8"��R���R
+��
�
�
����=�	% . First, to quantifytherelative probeperfor-

mance,we measurehow MPro savesunnecessaryprobeswith the
probe ratio metric. Supposethat MPro performs �QS probesfor
each� � . In contrast,SortMerge will require � probes(where �
is thedatabasesize)for every probepredicate.The overall probe
ratio (in � ) is thus �*�+���
� 
 " ç % = è�é�2êpë & �� & . In addition, to under-
standthesaving of eachpredicate,we alsomeasuredthepredicate
proberatioas ���3���
� 
 " ����% =

& �� & . Notethat ���+�	�
� 
 " ç % = ���3���
� 
 " � Z %
+ O
O�O + ���+�	�
� 
 " �;[�% .

Further, to quantifythe“absolute”performance,oursecondmet-
ric measuredtheelapsedtime(in seconds)asthetotal time to pro-
cessthequery. This metric helpsus to gaugehow the framework
canbe practicallyappliedwith reasonableresponsetime. It also
morerealisticallyquanti�es the performancewhenpredicatesare
of differentcosts,becausewe measuretheactualtime,which can-
notbeshown by countingthenumberof probesasin proberatios.

Our experimentsusedboth a “benchmark”database(with real-
life data)aswell assyntheticdata.To understandtheperformance
of MPro in real-world scenarios,Section6.1 experimentswith a
benchmarkreal-estatedatabase(essentiallythesameasour exam-
ples). To extensively isolateand study variousparameters(e.g.,
databasesizeandscoringfunctions),Section6.2 reports“simula-
tions” over datasynthesizedwith standarddistributions.

Ourexperiencefoundit straightforwardto implementAlgorithm
MPro. As Figure3 shows,MPro essentiallyoperatesona priority
queue(theceiling queueú ), which we usea standardheapimple-
mentation.We build the queueon top of a DBMS, namelyPost-
greSQL7.1.3, to take careof datastorage. Our implementation
adoptsthe Pythonprogramminglanguagefor de�ning expensive
predicates,sinceit is interpretedandopen-source.In principle,any
languagesor, morepreferably, graphicuserinterfacescanbeused
to de�ne userfunctions. Finally, all experimentswereconducted
with a PentiumIII 933MhzPCwith 256MBRAM.

6.1 Benchmarksover Real­Life Database
We �rst report our experimentsof benchmarkqueriesaccess-

ing a real-estatesystem(asExample1 introduced). To establish
a practicalscenario,we extractedreal datafrom realtor.com
(anauthoritative real-estatesource).In particular, we collected(by
querying)all thefor-salehousesin Illinois, resultingin � � f��@G�G��
objectsfor relation �����	��
 , eachwith attributes ��� , ���!�
�!� , ������� ,ì �+�2� 
"
 � ,

ì ���-) , ��� � , and ��� ��� . In addition,weconstructedasecond
relation ������� of about110Illinois stateparks,eachwith attributes
���	� � and ��� � .

Ourexperimentsconsideredabenchmarkscenarioof �nding top
housesaroundChicagofor a small family of four members.We
thuscreatedthreebenchmarkqueries,asFigure9 (upper)shows.
Thequeriesuseasearchpredicate�4�+�2�3��� ���4":��� � , �#% which returns
housesclosestto � (e.g., � = Chicago ) in order. All theothers
( � 
"
 � � , ��)*�+�!� ,

1 �2����� , � 1�
 ��� , and �!� � � ) areprobepredicates;Fig-
ure9 (lower) alsoshows someof them.Notethatthethreequeries
only differ in predicate�5í . In particular,

1 �2�
��� , � 1�
 � � , and �!� � � rep-
resentincreasinglymorecomplex andexpensive operations–i.e.,
simpleuser-de�ned functions,joins,andexternalpredicates.

For eachquery, we measuredthe proberatiosand the elapsed
time. Figures10(a)–(c)plot the proberatios(the î -axis) with re-
spectto differentretrieval size � (the � -axis),bothlogarithmically
scaled.Eachgraphshows four curvesfor ���+�	�
� 
 "-� Z2% , ���3���
� 
 " �Tï�% ,
and ���+���
� 
 " �5í % , andtheir sumasthe overall proberatio. For in-
stance,for

ç 
 in Figure10(a),when � � �"� (to retrieve top- �"� ),
�R
 requires��� probes,� W ��
 ð � , and � 6 ��
���� , which sumup to��
 � � . In otherwords,since � � f��@G�G�� and 9 � � , the ratios
translateto �+H�H@G , f2��f , and ñ�� probes(with a total of f�f	�7ð ) out of
the 9�� �òñ`f#G`I�� completeprobes.Observe thatthevastmajority
of completeprobesaresimplyunnecessaryandwasted–in thiscase
G�ñ�
 ��� or ñ���I7ñ7ñ probes.As alsoexpected,theproberatio (relative
cost)is smallerfor smaller� ; e.g., for � � � , theoverallproberatio
is only ��
 ð � . As Section3 discussed,such“proportionalcost” is
crucial for top- � queries,asusersaretypically interestedin only a
smallnumberof top answers.In fact,Figure10(b)–(c)only show
thetop range� � ��
���� O"� to stressthiscritical rangeof interest.

Figures10(d)–(f) comparethe elapsedtimes (for gaugingthe
“absolute” performance)of the baselineSortMerge schemeand
MPro. NotethatweimplementedSortMerge by completelyprob-
ing all objectsand at the sametime computingthe � scoresto
createa functional index [22]. (Thus the comparisonin fact fa-
vors SortMerge, whoseseparate“merge” phasecombiningmul-
tiple predicatestreamswas not included.) The SortMerge cost
thusconsistsof the startupprobingandincrementalindex access
costs. (The latter is not observable in

ç W and
ç 6 as the probing

costsdominate.)Referringto Figure10(f), when � �!�"� , MPro
respondedin 408seconds,while SortMerge takes21009seconds.
That is, we observe that, whenprobepredicatesare truly expen-
sive asin

ç 6 (with externalpredicate�!� � � ), our framework canbe
ordersof magnitudefasterthanthe standardSortMerge scheme.
Suchspeedupcanpotentially turn an overnightquery into an in-
teractive one.Thefuzzy join of

ç W demonstratessimilar speedup,
from 1368secondsto 26 secondsor ��
 G�� time(for � � �"� ).

Finally, wenotethatourscheduler(Section4.3)effectively iden-
ti�ed thebestschedulewith ��
��-� sampling,which correspondsto
lessthana secondoverheadat querystartup.We will reportmore
extensive schedulingresultslaterwith simulations.

6.2 Simulationsover SyntheticDatasets
We next performextensive experimentsto studyvariousperfor-

mancefactors.To isolateandcontroldifferentparameters,our ex-
perimentsin this sectionusedsyntheticdatasets.Our con�gura-
tionsarecharacterizedby the following parameters.(1) Database
size � : 1k, 10k, and100k. (2) Scoredistribution

�
: the distri-
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Figure 10: Results for benchmark queries.
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Figure 11: Different database sizes � with (
�

=norm , � = 687�9 ).

butionsof individual predicatescores,including thestandardunif
(uniform)andnorm (normal)distributionsaswell asfunif, ahome-
brew “�ltered-uniform” distribution (seebelow). (3) Scoringfunc-
tion � : 687�9 , <M_·¶ (average),and ¶><�_·¶ (geometricaverage).

We isolateeachparameterto study its impact on MPro. All
queriesare of the form �?"��R��� 
 ���=W#��� 6 % (as in Section6.1). We
concludewith quantifyingthe effectivenessof our schedulingal-
gorithm(Section4.3).
� : Database Size. Figure 11 presentsthe performanceevalua-
tion for � = 1k, 10k, and 100k. when � = 687�9 and

�
=norm.

It is interestingto observe that,theproberatiosareapproximately
thesameif therelativeretrieval sizeis thesame,regardlessof the
databasesize.For instance,for � � � O���� (i.e., � = 10,100,and
1000for � = 1k, 10k, and100k respectively), theprobe-ratiosare
all about H � . Similarly, the probe-ratiosfor � � � O���
���� are
about � � . This observation is critical in evaluatingthescalability
of MPro over � : As Section3 explained,it is presumablethatthe
retrieval sizewill beindependentof thedatabasesize � ; i.e., users
will probablyinterestedin only thevery top hits. MPro will thus
be relatively(comparedto thebaselinescheme)moreef�cient for
largerdatabases,whichshows its scalabilityover � .

Note that this “constant-ratio”observation also veri�es Theo-
rem3. For ( � = 10, � = 1k), theprobecostis H � O&9 O	� (where
9 is thenumberof predicates).Now let � = 10; we observed that
( ��� = 100, �"� = 10k) costsH�� O�9 O���� , i.e., � timesmore. That
is, whenthedatabaseis scaledup � times,MPro retrieves � times
moretopanswers,with � timesmoreprobecost.�

: Score Distribution. Figure12(a)presentthe resultswith dif-
ferentscoredistributions,which characterizepredicates.The left
�gure presentsthe resultsfor normaldistribution (with mean0.5
andvariance0.16),which show similar proportional-costbehavior
over � (asin thebenchmarkqueries).Theseconddistribution funif

simulates“�ltering” predicates.As we observedin our benchmark
queries,real-lifepredicatesarelikely to “�lter out” acertainportion
of data;e.g., the

1 �2����� predicate(Figure9) disquali�es78%objects
with zeroscores(astheir ������� s areout of the desiredrange). We
de�ne funif "$��% (for �lter ed uniform) to simulatesuchpredicates,
where � % objectsscore0 andthe restareuniformly distributed.
Theright �gure (Figure12a)plots thecostfor funif "LI2� % . Observe
thatsuch�ltering makesMPro moreeffective–MPro canleverage
the�ltering to lower theceilingscoresof disquali�ed objectsearly
andthusfocuson thepromisingones.

� : Scoring Function. To understandthe impactof scoringfunc-
tions (which can form the basisof how a practical systemmay
chooseparticularfunctionsto support),wecomparesomecommon
scoringfunctions: 6?7�9 (Figure12a)andsomerepresentative aver-
agefunctions(Figure12b),namelyarithmeticaverage<�_·¶ 74"��¹¸
� 
 ¸�� W�¸�� 6 %�d	ð andgeometricaverage¶><�_·¶87 � "�� O � 
 O � W"O � 6 % 
»º½¼ .

We foundthat 6?7�9 is naturallythe leastexpensive, asit allows
low scorestoeffectively decreasetheceilingscoresandthus“�lter”
furtherprobes.(In contrast,6?< � will betheworstcase,requiring
completeprobing.) Theaveragefunctionsperformsimilarly, with
� �¾¶><�_·¶ beingabout ��� to ��� � cheaperthan <�_·¶ .

Scheduling Effectiveness. We quantify the average scheduling
performanceover different predicatecon�gurations ( � Z , � ï , �pí )
characterizedby costs( � 
 , � W , � 6 ) anddistributions (funif "$� 
 % ,
funif "$� W % , funif "$� 6 % ). Werandomlygenerated100con�gurationsof
" � 
 � � W#� � 6 % and "$� 
 ���#W@��� 6 % , with � S in [0:100]and �.S in [25:75].
For eachscheduleof a con�guration, we measurethe cost ratio
(relative to completeprobing),i.e., è é�2êpëÀ¿ � & �è é�2êpë ¿ � & .

For � = 1, 10, and100,our schedulerdeterminesa schedulefor
eachcon�guration, with ��
���� and ��� sampling(over � = 20k
objects).Figure13 comparestheaveragecostratiosof our sched-
uler with thoseof thebestandworstschedules(which werefound
by exhaustive enumeration).Notethatthenetschedulingoverhead
(theextra probecostsincurredby sampling)is show in darkat the
topof the ��
���� and ��� bars.Observe thatourschedulergenerates
the bestschedulesin mostcaseswith a very small samplesizeof
��
��-� (and thus the averageprobecostcloselyapproximatesthat
of the bestschedule). It is interestingto contrastwith ��� sam-
pling: First, while �-� , with moresampling,givesexactly thebest
schedule(astheir light barsareof thesameheightsin Figure13),
its highersamplingoverheadmakes it overall lessattractive than
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��
���� . Second,for larger � (e.g., � = 100),thenetoverheadof ���
becomeslesssigni�cant, becauseof the increasingprobereusing
by MPro– thuslargersamplingsizecanbejusti�ed by larger � .

7. CONCLUSION
Wehave presentedour framework andalgorithmsfor evaluating

ranked querieswith expensive probepredicate.We identi�ed that
supportingprobepredicatesareessential,in order to incorporate
user-de�ned functions,externalpredicates,andfuzzy joins. Unlike
the existing work which assumesonly searchpredicatesthat pro-
videsortedaccess,ourwork addressesgenerallysupportingexpen-
sivepredicatesfor rankedqueries.In particular, weproposedAlgo-
rithm MPro which minimizesprobeaccessesasmuchaspossible.
As a basis,we developedtheprincipleof necessaryprobesfor de-
terminingif a probeis truly necessaryin answeringa top- � query.
Our algorithm is thus provably optimal, basedon the necessary-
probeprinciple. Further, we show that MPro canscalewell and
canbeeasilyparallelized(andit supportsapproximation[11]).

We have implementedthe mechanismdescribedin this paper,
basedon which we performedextensive experimentswith both
real-life databasesandsyntheticdatasets.Theresultsarevery en-
couraging. Our experimentsshow that the probecost of Algo-
rithm MPro is desirablyproportionalto the retrieval size. It can
eliminateasmuchas G`I � probesfor our benchmarkquerieswhen
� � �"� , which canbeordersof magnitudefasterthanthestandard
schemewith completeprobing.Webelieve thatour framework can
enablepracticalsupportfor expensivepredicatesin rankedqueries.

Acknowledgements: WethankDivyakantAgrawal andWen-Syan
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