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We study the problemof supportingranked queriesin
middlewareenvironments,wherequeriesareevaluatedover
multiple sources.In particular, we studyWeb middleware
scenarios,queryingovervariousWebsources.To motivate,
considera Web “travel agent”scenariofor �nding restau-
rantsandhotels,asExamples1 and2 illustrate. (We use
this real scenarioas“benchmark”queriesfor experiments
aswell.) In particular, how to accesssourceswith different
capabilitiesandcosts,to answerqueriesef�ciently? As our
Web middlewarecoordinatesvarioussources,eachsource
accesswill incur network communicationandserver com-
putation.This paperaimsat optimizingsuchaccesscosts–
which dominatethe overall query processing(like I/O in
relationalDBMS).

Example1: To �nd top-� restaurants(say, in theChicago
area)thatarehighly-ratedandcloseto “myaddr,” ausermay
aska rankedquery ��� (in SQL-likesyntax):

selectname fr om ���
	���
�����
���� r
order by ������������� �"!$# (r.stars),%'&)(�*,+ (r.addr, myaddr ) -
stopafter 5 (Query � � )
For query answering,our middlewarewill accessWeb

sourcesto evaluatethepredicates, e.g., ���.�/�"!0# , into scores
in [0:1], which arethenaggregatedby somescoringfunc-
tion 1 , e.g., 1324�5��� , to returnthehighest-scored5restau-
rants.

Our middleware can usevarioussourcesin query an-
swering:Figure1(a)showsonepossiblescenario:For eval-
uating %'&)(�*,+ : superpages.comis capableof 1) returningthe
%'&6(.*,+ scorefor a speci�c restaurant(“randomaccess”)and
2) returningrestaurantsin their descendingorderof scores
(“sortedaccess”).For ���.�/�"!0# : dineme.comsimilarly pro-
videsbothsortedandrandomaccesses.

The middleware will coordinatetheseaccessesto �nd
the top results. Suchaccessesare typically expensive (as
comparedto local computations)with varying costs: To
characterize,Figure1(a)shows theaverageaccesslatency
(thus including both network and server times) of both

Figure 1. Scenarios for (a) �7� and (b) �98 .
sortedandrandomaccess(denoted:,; and :=< respectively)
for eachpredicate: In this scenario,randomaccessesare
more expensive in both sources(i.e., :=<?>@:,; ), but with
differentactualscales(i.e., :=< ) andratios(i.e., A�BADC ).

Example2: Considerquery � 8 for thetop-� hotelsthatare
close,with high star-rating,yetwithin thebudget:

selectname fr om E
FG���$H h
order by I0JGK ( %,&6(�*,+ (h.addr, myaddr ),

����� �"!$# (h.stars),%ML�+M�ON (h.price))
stopafter 5 (Query �P8 )
Figure1(b) describesanotherscenario,with hotels.com

providing sortedaccessto all predicates. In this setting,
sincea sortedaccess(e.g., for %,&6(�*,+ ) alsoretrievesall at-
tributesof ahotel(e.g., “stars”and“price”), thesubsequent
randomaccesses1 to thesamehotel areessentiallyof zero
accesscosts–e.g., using “stars” and “price,” the middle-
warecanlocally compute�O�.�/�"!0# and %ML�+M�ON . This scenario
signi�cantly contrastswith expensive randomaccessesof
Example1.

Our goal is to develop middlewarealgorithmsto min-
imize accesscosts. While therehave beenmany middle-
warealgorithmse.g., FA [4, 10], TA, CA, NRA, TA Q [5],
Quick-Combine[6], Stream-Combine [7], SR-Combine

1In a middleware, random accesses to an object R can only occur afterR is first “seen” from sorted accesses– or, “no wild guess” [5].
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Figure 2. Access scenarios and algorithms.

Framew ork NC(Q, D): NecessaryChoices
Input: query Q = (F(p1, . . . , pm), k),

databaseD= {u1, . . . , un}
Output: K, top-k objects from D w.r.t. to F
1) P ← φ; //accesses-so-far
2) KP ← {v1, . . . , vk | top-k from D ranked by FP [·]};
3) while (U ← {vj |vj ∈ KP ; vj is incomplete})
4) vj ← any object in U ; //e.g., the highest-ranked
5) Nj ← {sai, rai(vj )| pi[vj ] is undetermined by P};

alternatives← Nj ;
6) SelectaccessA from alternatives;//accessselection.
7) perform A; update KP ; P ← P ∪ {A};
8) return K= KP ;

Figure 3. Framework NC.
[1], MPro [3], andUpper [2], supportingdifferentsubspace
of scenariosasFigure2 illustrates,wearguethey donotsat-
isfy Web queryingrequirements,by compromisinggener-
ality andadaptivity: First, they have mostlybeendesigned
with speci�c cost scenariosin mind (e.g., FA for scenar-
ioswheresortedaccessandrandomaccesshavesame“uni-
form” costsfor all predicates),while Web sourcesarehet-
erogeneouswith widely varyingaccesscapabilitiesandcost
(e.g., asrealsourcesshow in Figure1). Second,they largely
lack systematicruntimeoptimization,while Web costsce-
nariosdynamicallychangeover time (e.g., dependingon
sourceloadandavailability).

Towardthis goalof generalyet adaptive framework, we
take a “cost-basedoptimization” approach–By dynamic
searchover a space_ of possiblealgorithms,cost-based
optimizationis generalacrossvirtually all cost scenarios,
yetadaptiveto thespeci�c oneat runtime.While suchopti-
mizationhasbeen“takenfor granted”for relationalqueries
from early on [9], it hasbeenclearly lacking for ranked
queries,due to the following challenges:To begin with,
what is a “complete”yet “focused”space_ of top-̀ algo-
rithms,to searchover?Giventhespace,whatis aneffective
searchschemeto identify theoptimalalgorithmin _ ?

Our work realizessuchcost-basedoptimizationfor top-
` queries,accomplishedby systematicallyaddressingsuch
challenges:First, we developa focusedalgorithmspaceto
searchover, without compromisinggenerality. To induce
this space,our approachhingeson developingan abstract
framework, inspiredby relationalalgebraicframework with
logical operators: Our framework NC (Figure 3) identi-
�es “logical tasks” for top-̀ queriessuchthat querypro-
cessingis equivalentto ful�lling a set of (necessaryand
atomic) tasks a3b �,ced3dedec)bSfXg . With this view, Framework
NC achieves both generality and speci�city by focusing
only on unsatis�ed tasks–As Figure 3 illustrates,during

0
20
40
60
80

100
120
140
160
180
200

10 50 100 500

to
ta

l a
cc

es
s 

co
st

(s
ec

)

k

TA
NC

15
20
25
30
35
40
45
50
55
60

10 50 100

to
ta

l a
cc

es
s 

co
st

(s
ec

)

k

TA
NC

(a) � � (b) � 8
Figure 4. Comparison of total access costs.

processing,whena setof accessesh hasbeenperformed,
Framework NC focuseson a set of accessesikj , speci�-
cally satisfyingunsatis�ed blj . Second,with completeand
focusedsearchspace_ de�ned, we developsystematicop-
timizationschemes,whichareempiricallyvalidatedto well
balanceboththeoverheadandthequalityof optimization.

In summary, ourcontributionsareasfollows:m Conceptual uni�cation: By realizing cost-basedopti-
mization,our framework uni�es andgeneralizesbeyond
existingtop-̀ algorithms,asourextendedreport[8] dis-
cusses.m Practical optimization: By dynamic searchover the
space,our framework indeedoptimizesto the speci�c
accesscostsat run time–Figure4 showshow our frame-
work outperformsexistingalgorithmsin ourWebbench-
mark scenarios. However, we stressthat, while we
studyWeb querying,our approachis generallyapplica-
ble in any middleware environments(e.g., multimedia
systems[10]), whereaccesscostsare signi�cant– Our
extendedreport[8] reportsourextensiveevaluationover
awiderrangeof synthesizedmiddlewaresettingsaswell.
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