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Abstract

Theability to computetop-k matchesto XML queriesis
gaining importancedueto the increasingnumberof large
XML repositories.Theef�ciency of top-k queryevaluation
relieson usingscoresto pruneirrelevantanswers asearly
aspossiblein theevaluationprocess.In thiscontext, evalu-
atingthesamequeryplanfor all answersmightbetoorigid
because, at any time in theevaluation,answers havegone
throughthesamenumberandsequenceof operations,which
limits the speedat which scoresgrow. Therefore, adaptive
queryprocessingthat permitsdifferent plans for different
partial matchesandmaximizesthebestscoresis more ap-
propriate. In this paper, we proposean architecture and
adaptivealgorithmsfor ef�ciently computingtop-k matches
to XML queries.Our techniquescan be usedto evaluate
bothexact andapproximatematcheswhere approximation
is de�ned by relaxingXPath axes.In order to computethe
scores of query answers, we extend the traditional tf*idf
measure to accountfor documentstructure. We conductex-
tensiveexperimentson a variety of benchmark data and
queries,anddemonstratetheusefulnessof theadaptiveap-
proach for computingtop-k queriesin XML.

1. Intr oduction

Theability to computetop-k answersto XML queriesis
gainingimportancedueto the increasingnumberof large
XML repositories1. Top-k query evaluationon exact an-
swersis appropriatewhentheanswersetis largeandusers
are only interestedin the highest-qualitymatches.Top-k
querieson approximateanswersareappropriateon struc-
turally heterogeneousdata(e.g.,queryingbooksfrom dif-
ferentonline sellers).In both cases,an XPath query may
havealargenumberof answers,andreturningall answersto
theusermaynot bedesirable.Oneof theprominentquery-
ing approachesin this caseis the top-k approachthat lim-
its the cardinalityof answersby returningk answerswith
thehighestscores.

The ef�ciency of top-k query evaluationrelies on us-
ing intermediateanswerscoresin order to prune irrele-
vantmatchesasearlyaspossiblein theevaluationprocess.

1 Library of Congress:http://lcweb.loc.gov/crsinfo/xml/
INEX: http://www.is.informatik.uni-duisburg.de/projects/inex03/

In this context, evaluatingthe sameexecutionplan for all
matchesleadsto a lock-stepstyle processingwhich might
be too rigid for ef�cient queryprocessing.At any time in
theevaluation,answershavegonethroughexactlythesame
numberandsequenceof operations, which limits how fast
the scoresof the bestanswerscangrow. Therefore,adap-
tive queryprocessingthatpermitsdifferentpartialmatches
to go throughdifferentplansis moreappropriate.Adaptiv-
ity in queryprocessinghasbeenutilizedbefore[1, 4, 12, 25]
in orderto copewith theunavailability of datasourcesand
varying dataarrival rates,by reorderingjoins in a query
plan. In this paper, we studyadaptive techniquesfor ef�-
ciently computingexactandapproximateanswersto top-k
queriesin XML.

In order to computeapproximatematchesof XPath
queries, we adopt the query relaxation framework de-
�ned in [3] whererelaxationssuchas the onesproposed
in [2, 11, 23] can be encodedin the query plan in or-
der to permit structurallyheterogeneousanswersto match
theoriginalqueryin additionto exactanswers.

Choosingthebestk querymatchesis basedon comput-
ing answerscores.Scoringqueryanswersin thecontext of
XML needsto accountfor two key aspects:(i) an answer
to an XPath querymay be any fragmentof the input doc-
umentand, (ii) an XPath query consistsof several predi-
cateslinking thereturnednodeto otherquerynodes,instead
of simply “keyword containmentin the document”.Exist-
ing efforts in Information Retrieval (IR) suchas [15, 24]
have focusedon extendingthe tf*idf (term frequency and
inversedocumentfrequency) measureto returndocument
fragments.In ourwork, weextendthetf*idf measureto ac-
count for scoringon both structureandcontentpredicates
andreturndocumentfragments.

We makethefollowing contributions:

� WepresentWhirlpool, anovel architectureincorporat-
ing afamily of algorithmsfor processingtop-k queries
onXML documentsadaptively.
Whirlpool is usedto computebothexact andapprox-
imate matches.It is adaptive in permitting partial
matchesto the samequeryto follow differentexecu-
tion plans,takingthetop-k natureof our probleminto
account.Thekey featuresof Whirlpool are:(a) a par-
tial matchthat is highly likely to endup in the top-k
setis processedin a prioritizedmanner, and(b) a par-
tial matchunlikely to be in the top-k set follows the
cheapestplanthatenablesits earlypruning.
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Figure 1. Heterogeneous XML Database Example

� We proposea novel scoring function for XML, in-
spiredby tf*idf .

� We instantiatethe Whirlpool strategy for a variety of
routing alternatives(i.e., which operationdoesa par-
tial matchgo throughnext?), andprioritization alter-
natives(i.e.,givenanumberof partialmatcheswaiting
for a speci�c operation,how do we prioritize them?),
to obtaina family of adaptiveevaluationalgorithms.

� We describea real prototype, in which we imple-
mentedtheWhirlpoolarchitectureandalgorithms.
We performa detailedexperimentalevaluationof our
algorithmson a variety of benchmarkdatasetsand
queries,and(i) identify the tradeoffs betweenthedif-
ferentroutingandprioritizationalternativesamongthe
Whirlpool algorithms,(ii) demonstratethatadaptivity
paysoff in processingtop-k queries,and(iii) validate
ourscoringfunction.

To thebestof our knowledge,this is the �rst work that
exploresper-answeradaptiveevaluationstrategiesfor com-
putingtop-k answersto XML queries.

The paperis organizedasfollows. Section2 containsa
motivatingexamplefor relaxationandadaptivity. Section3
containsa summaryof relatedwork. Section4 presentsour
scoringfunction.Section5 describesthe Whirlpool archi-
tectureandalgorithms.Extensive experimentsaregiven in
Section6. Finally, weconcludein Section7.

2. Moti vating Example

Relaxation: We considera datamodelfor XML wherein-
formationis representedasa forestof nodelabeledtrees.A
simpledatabaseinstance,containinga heterogeneouscol-
lection of books,is given in Figure1. We representXML
queriesastreepatterns, anexpressivesubsetof XPath.Fig-
ure 2 containsexamplesof XPath queriesandtheir corre-
spondingtreepattern.A treepatternis a rootedtreewhere
nodesare labeledby elementtags,leaf nodesare labeled
by tagsandvaluesandedgesareXPath axes(e.g.,pc for
parent-child,ad for ancestor-descendant).The root of the
tree(shown in a solidcircle) representsthereturnednode.

Different querieswould matchdifferent books in Fig-
ure 1. For example,the queryin Figure2(a) would match
book1(a)exactly, but wouldneithermatchbook1(b)(since
publisher is not a child of info ) nor book 1(c) (since
the title is a descendant,not a child, of book, and the

name
(psmith)

title
(wodehouse)(wodehouse)

pc

info

book

pc

./info/publisher/name = 'psmith']

title
publisher

ad

/book[.//title = 'wodehouse' and

ad

publisher

book

ad

pc

(c)

/book[.//title = 'wodehouse' and
.//publisher/name = 'psmith']

ad

(d)

/book[.//title = 'wodehouse']

bookpc

(a)

./info/publisher/name = 'psmith']

pc

/book[./title = 'wodehouse' and

info

book

(wodehouse)
title

(psmith)
name

pc

(b)

publisher

pc

pc

title

(psmith)
name

(wodehouse)

Figure 2. Query Tree Patterns and Relaxations

publisher informationis entirely missing).However, in-
tuitively, it makessenseto returnall threebooksascandi-
datematches,suitablyrankedbasedon the extent of simi-
larity of thebooksto thequeryin Figure2(a).

In ordertoallow for suchapproximateanswers,weadopt
query relaxationas de�ned in [2, 11, 23] and formalized
in [3]. We usethreespeci�c relaxations(or any composi-
tion of theserelaxations):edge generalization(replacinga
pc edgewith ad), leaf deletion (making a leaf nodeop-
tional) and subtree promotion(moving a subtreefrom its
parentnodeto its grand-parent).Theserelaxationscapture
approximateanswersbut still guaranteethatexactmatches
to theoriginal querycontinueto bematchesto therelaxed
query.Forexample,thequeryin Figure2(b)canbeobtained
from thequery2(a)by applyingedgegeneralizationto the
edgebetweenbook andtitle . Thequeryin Figure2(c) is
obtainedfrom query2(a)by composingsubtreepromotion
(appliedto the subtreerootedat publisher ) followed by
leaf deletionappliedto info , andedgegeneralizationap-
plied to theedgebetweenbook andtitle . Finally, query
2(d) is obtainedfrom query2(c) by applyingleaf deletion
onnamethenonpublisher .

As a result,while queries2(a)and2(b) matchthebook
in Figure1(a)only, query2(c)matchesbothbook 1(a)and
book1(b)andquery2(d)matchesall threebooks.

Exactmatchesto arelaxedqueryarethedesiredapprox-
imateanswersto theoriginal userquery. In orderto distin-
guishbetweendifferentanswers,weneedto computescores
thataccountfor queryrelaxation.We focuson this issuein
Section4.For now, weassumethatscoresaregivenandmo-
tivatetheneedfor adaptivequeryprocessing.

Adaptivity: Supposenow that we are interestedin evalu-
ating a querythat looks for the top-1 book with a title ,
a location anda price , all aschildrenelements.Obvi-
ously, without applyingqueryrelaxation,this querywould
be emptyif it is evaluatedon our threebooksin Figure1.
Similarly to [2], we usea left-deepouter-join plan thaten-
codesedgegeneralizationsand subtreepromotionsin the
query. Leafnodesin theplanarequerynodesandjoin pred-
icatescorrespondto pc andad edgesin thequerytree.Let
us assumethat we evaluatethe queryon our book collec-
tion enhancedwith anadditionalbook(d) having threeex-
actmatchesfor title , eachoneof themwith ascoreequal
to 0.3, � ve approximatematchesfor location whereap-
proximatescoresare0.3,0.2,0.1,0.1,and0.1,andoneex-
act matchfor price with score0.2. Thesescoresare as-
sociatedwith the correspondingjoin predicate.Eachbook
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Figure 3. Adaptivity Example .

generatesmultipletuplesin thejoin plan(onefor eachcom-
binationof book, title , location andprice ). Thus,the
scoreof atupleis thesumof theindividualpredicatescores.

For simplicity, we focusonly on thecomputationof tu-
plesfor book 1(d).Duringtheevaluationof book(d), some
tuplesmaybeprunedbasedon their scoresandthescoreof
thecurrentk th bestanswer(currentT opK). Thisvaluede-
pendson thevaluesof previously computedtuples.There-
fore, thenumberof prunedtuplesat eachstepdependson
previouslycomputedtuples.

We considersix join plansthatcorrespondto all permu-
tationsof title , location andprice assumingthat the
root nodebook, is alwaysevaluated�rst. Figure3 shows
the performanceof eachplan with increasingvaluesof
currentT opK . The performanceis measuredin termsof
thetotalnumberof join operations(i.e., join predicatecom-
parisons).The �gure shows that no plan is the best(even
with a small numberof generatedtuples – 15 tuples in
this example).WhencurrentT opK < 0:6, the bestplan
is Plan 6 (join book with price then with title then
with location ). However, when0:6 � currentT opK �
0:7, the bestplan is Plan 5 (join book with price then
location then title ). Finally, when currentT opK >
0:7, Plans4 (join book with location then price then
title ) and3 (join book with location thentitle then
price ) are both best.Interestingly, Plans3 and 4 are by
far the worst if currentT opK � 0:5, but becomethe
best later on, and Plan 6 becomesbad for higher values
of currentT opK . Intuitively, joining book with location
�rst createsthe largestnumberof intermediatetuples(5),
which is why Plans3 and 4 are bad for low valuesof
currentT opK . However, sincelocation hasonlyapprox-
imatematches,whencurrentT opK is high,thetuplesgen-
eratedfrom the join with location canbe prunedfaster,
leadingto feweralive intermediatetuples.

Sincethevalueof currentT opK changesduringquery
evaluation,staticjoin ordering(akinto selectivity-basedop-
timization)would not beoptimal.Queryevaluationshould
dynamicallydecidewhich join predicateto considernext
for a given tuple basedon the valueof currentT opK us-
ing adaptivequeryprocessing.

3. RelatedWork

Several queryevaluationstrategieshave beenproposed
for XPath.Prominentamongthemareapproachesthatex-
tendbinary join plans,andrely on a combinationof index
retrievalandjoin algorithmsusingspeci�c structural(XPath
axes)predicates[19]. In this paper, we adopta similar ap-
proachfor computingexactqueryanswers.

Several query relaxationstrategieshave beenproposed
before.In thecontext of graphs,KanzaandSagiv [18] pro-
posedmappingquery pathsto databasepaths,so long as
thedatabasepathincludesall the labelsof the querypath;
the inclusionneednot be contiguousor in the sameorder
which bearssomesimilarities to edgegeneralizationwith
subtreepromotion.Rewriting strategies[9, 11, 15, 23] enu-
meratepossiblequeriesderivedby transformationof theini-
tial query. Data-relaxation[10] computesa closureof the
documentgraphby insertingshortcutedgesbetweeneach
pairof nodesin thesamepathandevaluatingqueriesonthis
closure.Plan-relaxation[2] encodesrelaxationsin a single
binary join plan (the sameastheoneusedfor exactquery
evaluation).Thisencodingrelieson(i) usingouter-joinsin-
steadof inner-joins in the plan (e.g., to encodeleaf dele-
tion), and(ii) usinganorderedlist of predicates(e.g.,if not
child, thendescendant)to be checked, insteadof checking
just a singlepredicate,at eachouter-join. Outer-join plans
wereshown to bemoreef�cient thanrewriting-basedones
(evenwhenmulti-queryevaluationtechniqueswereused),
dueto theexponentialnumberof relaxedqueries[2, 3]. In
this paper, we useouter-join plansfor computingapproxi-
matematches.

In relationaldatabases,existingwork hasfocusedonex-
tendingtheevaluationof SQLqueriesfor top-k processing.
Noneof theseworks follows an adaptive queryevaluation
strategy. Carey and Kossmann[6] optimize top-k queries
whenthe scoringis donethrougha traditionalSQL order-
by clause,by limiting thecardinalityof intermediateresuls.
Other works [5, 8, 16] usestatisticalinformation to map
top-k queriesinto selectionpredicateswhich may require
restartingqueryevaluationwhenthenumberof answersis
lessthank.

Overmultiple repositoriesin amediatorsetting,Faginet
al.proposeafamily of algorithms[13, 14],whichcanevalu-
atetop-k queriesthat involve several independent“subsys-
tems,” eachproducingscoresthat are combinedusingar-
bitrary monotonicaggregationfunctions.Thesealgorithms
aresequentialin that they completely“process”onetuple
beforemoving to thenext tuple.

TheUpper[20] andMPro[7] algorithmsshow thatinter-
leaving probesontuplesresultsin substantialsavingsin ex-
ecutiontime. In addition,Upper[20] usesanadaptive per-
tupleprobeschedulingstrategy, which resultsin additional
savings in execution time when probing time dominates
queryexecutiontime.Thesetechniquesdiffer from our ap-
proachin thatall informationonatupleis retrievedthrough
a uniquetuple ID, whereasour operationsareouter-joins
thatspawn oneor moreresulttuples.ChangandHwang[7]
suggestedanextensionto MProthatevaluatesjoinsascarte-
sianproducts,thusrequiringto processa potentiallyhuge



numberof tuples.In contrast,our modelallows for evalua-
tion of all resultsof a join at once.

Top-k query evaluationalgorithmsover arbitrary joins
have beenpresentedfor multimediaapplications[21] and
relationaldatabases[17] but their ranking function com-
binesindividual tuplescores,whereas,in our scenario,the
scoreof a top-k answerdependson thejoin predicate(e.g.,
child or descendant)usedto producethe XPath approxi-
matematch(Section4). Thus,agivennodeparticipatesdif-
ferently to the �nal scoreof the approximateanswersit is
joinedwith, dependingon how gooda matchit is. In addi-
tion, existing top-k join algorithmsrequirejoin inputsto be
sorted,which is not thecasein oursetup.

Recently [19], top-k keyword queriesfor XML have
beenstudiedvia proposalsextending the work of Fagin
et al., [13, 14] to deal with a bag of single path queries.
Adaptivity andapproximationof XML queriesarenot ad-
dressedin this work. Finally, in [2], the goal wasto iden-
tify all answerswhosescoreexceedsacertainthreshold(in-
steadof top-k answers).Earlypruningwasperformedusing
branch-and-boundtechniques.Theauthorsexploreda lock-
stepadaptiveprocessingfor relaxedXML querieswhile the
presentwork exploresadaptivity onaper-answerbasis.

While our ideaof adaptive evaluationis similar to [4],
we useadaptivity in the context of exact andapproximate
XML queriesandfocuson issuessuchasexploring differ-
entroutingstrategies(Section6) thatareappropriatewhen
pruningintermediatequeryanswersfor top-k evaluation.

4. ScoringFunction

The traditionaltf*idf function is de�ned in IR, on key-
word queriesagainsta documentcollection.This function
takesinto accounttwo factors:(i) idf, or inversedocument
frequency, quanti�es therelative importanceof an individ-
ual keyword (i.e., query component)in the collection of
documents(i.e.,candidateanswers);and(ii) tf, or termfre-
quency,quanti�estherelativeimportanceof akeyword(i.e.,
query component)in an individual document(i.e., candi-
dateanswer).In the vectorspacemodel in IR [22], query
keywordsareassumedto beindependentof eachother, and
the tf*idf contribution of eachkeyword is addedto com-
putethe�nal scoreof theanswerdocument.

In thissection,wepresentaconservativeextensionof the
tf*idf function to XPath queriesagainstXML documents.
The �rst point to noteis that,unlike traditionalIR, an an-
swerto anXPathqueryneednotbeanentiredocument,but
canbeany nodein a document.Thesecondpoint is thatan
XPath query consistsof several predicateslinking the re-
turnednodeto otherquerynodes,insteadof simply “key-
word containmentin the document”(as in IR). Thus, the
XML analogsof idf and tf would needto take thesetwo
salientpointsinto consideration.

Existingefforts in IR [15, 24] havefocusedonextending
tf*idf to returndocumentfragments(insteadof wholedoc-
uments).In [24], the authorsconsiderthe useof semantic
ontologiesto computescoreson contentpredicates.In our
work, we focuson a scoringmethodthat combinespredi-

catesonbothstructureandcontent.Consideringontologies
oncontentis beyondthescopeof thispaper.

De�nition 4.1 [XPath ComponentPredicates] Consider
anXPathqueryQ, with q0 denotingthequeryanswernode,
and qi ; 1 � i � ` , denotingthe other query nodes.Let
p(q0; qi ) denotetheXPathaxisbetweenquerynodesq0 and
qi ; i � 1. Then, the componentpredicatesof Q, denoted
PQ , is thesetof predicatesf p(q0; qi )g; 1 � i � ` .

For example, the component predicates of
the XPath query/a[./b and ./c[.//d
and following-sibling::e]] is the set
f a[parent::doc-root], a[./b], a[./c],
a[.//d],a[./e] . The component predicates pro-
vide a unique decompositionof the query into a set of
“atomic predicates”.This is akin to decomposinga key-
wordqueryin IR into asetof individual “keywordcontain-
mentpredicates”.

De�nition 4.2 [XML idf] GivenanXPathquerycompo-
nentpredicatep(q0; qi ), andan XML databaseD, p's idf
againstD , idf (p(q0; qi ); D ), is givenby:

log(
j f n 2 D : tag(n) = q0g j

j f n 2 D : tag(n) = q0&( 9n0 2 D : tag(n0) = qi & p(n; n0)) g j
)

Intuitively, the idf of an XPath componentpredicate
quanti�es the extent to which q0 nodesin the databaseD
additionallysatisfyp(q0; qi ). The fewer q0 nodesthat sat-
isfy predicatep(q0; qi ), thelargeris theidf of p(q0; qi ). This
is akin to thecasein IR: thefewer thedocumentsthatcon-
tainkeywordki , thelargeris ki 's idf .

De�nition 4.3 [XML tf] Given an XPath querycompo-
nentpredicatep(q0; qi ), anda noden 2 D with tagq0, p's
tf againstnoden, tf (p(q0; qi ); n), is givenby:

j f n0 2 D : tag(n0) = qi & p(n; n0)g j

Intuitively, the tf of an XPath componentpredicatep
againsta candidateanswern 2 D quanti�esthenumberof
distinctwaysin which n satis�espredicatep. This is again
akin to thecasein IR: themorethenumberof occurrences
of keyword ki in a documentdj , the larger is thetermfre-
quency of ki in dj .

De�nition 4.4 [XML tf*idf Score] GivenanXPathquery
Q, let PQ denoteQ'ssetof componentpredicates.Givenan
XML databaseD, let N denotethesetof nodesin D that
areanswersto Q. Thenthescoreof answern 2 N is given
by:

� p i 2P Q (idf (pi ; D ) � tf (pi ; n))

Notethat,in de�ning thetf*idf scoreof anXPathquery
answer, wecloselyfollowedthevectorspacemodelof IR in
assumingindependenceof thequerycomponentpredicates.
A key advantageof this approach,aswe shall seelater, is
theability to computethis scorein an incrementalfashion
duringqueryevaluation.More sophisticated(andcomplex)
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scoresare possibleif the independenceassumptionis re-
laxed,asin probabilisticIR models[22]. We do not pursue
thatavenuefurtherin thispaper.

As de�ned, differentexact answersto an XPath query
mayalsoendup with differentscores.This is no different
from theIR caseof having differentdocumentsthatcontain
eachof the querykeywordshaving differentscores.Once
XPathqueryrelaxationsarepermitted,anapproximatean-
swerto the original queryQ is simply an exact answerto
a relaxedqueryQ0 of Q. Thus,our tf*idf mechanismsuf-
�ces to scoreapproximateanswersto Q aswell.

5. Whirlpool

We �rst describetheoverall Whirlpool architectureand
thenpresentouradaptive top-k processingalgorithms.

5.1. Ar chitecture

Intuitively, theWhirlpoolapproachis anevaluationstrat-
egy of controlled chaos, which is extremely effective in
cheaplyand quickly identifying the top-k answersto re-
laxedXPathqueries.The“chaos” is a consequenceof per-
mitting thepossibilityof differentevaluationplansfor dif-
ferentpartialmatches;this is in sharpcontrastto the lock-
stepapproach,whereeachpartial matchgoesthroughthe
samesequenceof operations.The “control” comesfrom
makingcost-baseddecisions,insteadof choosingrandom
evaluationplans.

The key componentsof the Whirlpool architectureare
depictedin Figure4,specializedfor theXPathqueryin Fig-
ure 2(a),and its relaxations.Theseincludeservers,server
queues,thetop-k set,therouterandrouterqueue.

Serversand Server Queues.At theheartof adaptivequery
evaluationareservers,onefor eachnodein theXPath tree

pattern.Figure4 depicts� veservers,labeledwith thequery
nodelabels.

Oneof theseservers,thebook server, is specialin thatit
generatescandidatematchesto therootof theXPathquery,
which initializes the set of partial matchesthat are adap-
tively routedthroughthesystem.

Eachof the other servers,e.g., the publisher server,
maintainsa priority queueof partial matches(none of
which have previously gonethroughthis server). For each
partial matchat the headof its priority queue,it (i) com-
putesa setof extended(partialor complete)matches,each
of whichextendsthepartialmatchwith a publisher node
(if any) that is consistentwith thestructureof the queries,
(ii) computesscoresfor each of the extendedmatches,
(iii) determinesif theextendedmatchin�uencesor is in�u-
encedby thetop-k set.

Top-k Set. The system maintains a candidateset of
top-k (partial or complete) matches,along with their
scores,as the basis for determining if a newly com-
puted partial match, (i) updatesthe score of an exist-
ing match in the set, or (ii) replacesan existing match
in the set, or (iii) is pruned, and hence not consid-
eredfurther. Note that only one matchwith a given root
node is presentin the top-k set as the k returnedan-
swers must be distinct instantiationsof the query root
node. Matchesthat are completeare not processedfur-
ther, whereaspartialmatchesthatarenotprunedaresentto
therouter.

Router and Router Queue.The matchesgeneratedfrom
eachof the servers,andnot prunedafter comparisonwith
thetop-k set,aresentto therouter, whichmaintainsaqueue
basedon the maximumpossible�nal scoresof the partial
matches(Section6.1.3)over its input.For thepartialmatch
at theheadof its queue,theroutermakesthedetermination
of the next server that needsto processthe partial match,
andsendsthepartialmatchto thequeueof thatserver.

The top-k answersto theXPathquery, alongwith their
scores,areknown whenthereareno morepartialmatches
in any of theserverqueues,therouterqueue,or beingcom-
paredagainstthetop-k set.

5.2. Algorithms

We�rst describehow eachserverprocessesits inputand
then,we explain theoverall top-k queryprocessing.

5.2.1. Server Query Processing. Each server han-
dlestwo distinctsourcesof complexity:

Query relaxations: A consequenceof permitting XPath
query relaxationsis that the predicatesat a server can in-
volvea varietyof nodes.

For example, given the query in Figure 2(a), and its
Whirlpool architectureof Figure4, the server correspond-
ing to publisher needsto checkpredicatesof the form
pc(info ; publisher ) and pc(publisher ; name) for the
exact query. Supportingedgegeneralizationon the edges



Algorithm 1 ServerPredicatesGeneration
Require: QueryQ, QueryNoden f n is currentserver nodeg

1: Relaxationwith rootNode= getComposition(n,rootNode(Q));
2: structuralPredicate= Relaxationwith rootNode;
3: for eachNoden' in Q do
4: f isDescendant(a,b)evaluatesto trueif adescendantof bg;
5: if (isDescendant(n',n))then
6: Relaxationwith serverNode= getComposition(n,n');
7: conditionalPredicate+=Relaxation with serverNode;
8: end if
9: if (isDescendant(n,n') AND notRoot(n'))then

10: Relaxationwith serverNode= getComposition(n',n);
11: conditionalPredicate+=Relaxation with serverNode;
12: end if
13: end for

(info ; publisher ) and (publisher ; name) would re-
quire checking for the predicatesad(info ; publisher )
and ad(publisher ; name). Allowing for subtreepromo-
tion on the subtreerooted at publisher would require
checking for the predicate ad(book; publisher ). Fi-
nally, the possibility of leaf node deletionsmeansthat
the predicatecomparing publisher with name is op-
tional.

Adaptive query processing. Static evaluation strategies
guaranteethat all partial matchesthat arrive at a server
havegonethroughexactly thesameserveroperations.With
adaptivestrategies,differentpartialmatchesmayhavegone
throughdifferentsetsof server operations,andhencemay
havedifferentsubsetsof querynodesinstantiated.

For example, given the query in Figure 2(a), partial
matchesarriving at thepublisher server mayhave previ-
ouslygonethroughany of theotherservers;only thenode
correspondingto thequeryroot is guaranteedto bepresent.
Dealing with eachof the exponentialnumberof possible
casesseparatelywould bevery inef�cient from thepoint of
view of queryprocessing.

Therefore,we useAlgorithm 1 to generatethe set of
predicatesto becheckedfor apartialmatcharriving ateach
server.

First,givenapartialmatchattheheadof theinputqueue,
theserverusesanindex to quickly locateall matchesat that
server nodethat satisfy the relaxationof the predicatere-
lating to thequeryroot nodeof thepartialmatch(which is
guaranteedto be present)with theserver nodein theorig-
inal XPathquery. This predicateis obtainedby composing
thelabelson theedgesalongthepathfrom theserver node
to theroot in thequery.

Second,eachelementidenti�ed in the �rst stepis com-
paredwith the input partial matchby usinga conditional
predicatesequence. Sucha sequenceis createdby exam-
ining the relationshipbetweenthe server nodeand nodes
that are either its ancestorsor descendantsin the original
XPath querypattern.The predicatesareobtainedby com-
posingthe labelson the edgesfrom the server nodeto the
querytreenode.For any noden i of the partial matchthat
correspondsto a querynoderepresentedin theconditional
predicatesequence, we thencheckfor validationof there-
laxationof theconditionalpredicatewith theservernoden
(i.e.,publisher in theexample).If it is validated,wecheck
whetherit is anexactpredicatevalidation.Thisapproachof
usingconditionalpredicatesequencesat server nodesalso

Algorithm 2 Whirlpool
Require: QueryQ, k

1: relaxedQ= relax(Q);
2: plan= generateJoinPlan(relaxedQ);
3: rootN= rootNode(plan);
4: routerQueue= evaluate(rootN);
5: servers= nonRootNodes(plan);
6: for eachserver S in serversdo
7: queueAtS= evaluate(S);
8: serverQueues+= queueAtS;
9: end for

10: while (nonEmpty(routerQueue)OR(nonEmpty(serverQueues))) do
11: answer= nextAnswer(routerQueue);
12: sendToNextServer(answer);
13: for eachserver S in serversdo
14: answerAtS= nextAnswerAtS(queueAtS);
15: computeJoinAtS(answerAtS);
16: checkTopK(topKSet,answerAtS);
17: if aliveAtS(topKSet,answerAtS)then
18: backToRouter(answerAtS);
19: serverQueues-= answerAtS;
20: end if
21: end for
22: endwhile
23: returntopKSet;

enablesincrementalassignmentof updatedscoreswith ex-
tensionsto theinput partialmatch.

5.2.2. Top-k Query Processing. We synthesizetwo ap-
proachesfor top-k queryevaluation:

Lock-step: This algorithm is similar to the oneproposed
in [2]. Differentvariationsof the lock-stepalgorithmscan
be obtainedby varying the componentsimplementations
(Section6.1).

Whirlpool: Algorithm 2 shows the top-k evaluationalgo-
rithm thatis instantiatedby Whirlpool. A few functionsare
worth highlighting in this algorithm: nextAnswer imple-
mentsthe routerdecisionfor picking the next answerac-
cordingto somepolicy; sendToNextServer implementsa
routing decision(seeSection6.1.4for implementational-
ternatives);nextAnswerAtS implementsthepriority queue
strategyateachserver(seeSection6.1.3for implementation
alternatives); computeJoinAtS computesthe join predi-
catesataserver. Thisfunctioncanimplementany join algo-
rithm. Finally, checkTopKchecksif a partial matchneeds
to be discardedor keptusingits currentscoreanddecides
to updatethetop-k setaccordingly.

6. Experimental Evaluation

We now discussthe implementationof eachcomponent
in theWhirlpool architecture.Then,we describeourexper-
imentalsettings,andpresenttheexperimentalresults.

6.1. Implementation Alternatives

In thissection,wediscussWhirlpool'schoicesfor prior-
ity queuesandroutingdecisions.

6.1.1. Scheduling betweencomponents.Thereare two
overall schedulingpossibilities:

Single-threaded: The simplest alternative is to have a
single-threadedimplementation of all the components



in the system.This would permit having completecon-
trol over which server processesnext the partial matchat
theheadof its input priority queue.

Multi-thr eaded: One can allocatea thread(or more) to
eachof theservers,aswell asto therouter, andlet thesys-
temdeterminehow to schedulethreads.Theuseof priority
queues(Section6.1.3)andadaptiveroutingstrategies(Sec-
tion 6.1.4)permits“control” of queryevaluation.In addi-
tion, by using different threads,Whirlpool is able to take
advantageof availableparallelism.

6.1.2. Evaluation Algorithms.

Whirlpool-M: Our multi-threadedvariationof Whirlpool.
Eachserver is handledby an individual thread.In addition
to server threads,a threadhandlestherouter, andthemain
threadchecksfor terminationof top-k queryexecution.

Whirlpool-S: The single-threadedschedulingvariation of
Whirlpool. Dueto thesequentialnatureof Whirlpool-S, we
slightly modi�ed Whirlpool'sarchitecture(Figure4) in our
implementationof Whirlpool-S: apartialmatchis processed
by aserverassoonasit is routedto it, thereforetheservers'
priority queuesarenotneeded,andpartialmatchesareonly
keptin therouter'squeue.NotethatWhirlpool-Sbearssome
similarities to both Upper [20] andMPro [7]. As in both
techniques,partial matchesareconsideredin the orderof
their maximumpossible�nal score.In addition,asin Up-
per, partialmatchesareroutedto theserver usinganadap-
tive technique.While Upper doesnot considerjoin evalu-
ation,MPro usea join evaluationbasedon Cartesianprod-
uctandindividualevaluationof eachjoin predicatescore.In
contrast,our techniquesusea differentmodelfor join eval-
uationwhereonesingleoperationproducesall valid join re-
sultsatonce.

LockStep:LockStepconsidersoneserverata timeandpro-
cessesall partialmatchessequentiallythrougha server be-
fore proceedingto the next server. Our default implemen-
tation of LockStepkeepsa top-k set basedon the current
scoresof partialmatches,anddiscardspartialmatchesdur-
ing execution.We alsoconsidereda variationof LockStep
withoutpruningduringqueryexecution,LockStep-NoPrun,
whereall partialmatchoperationsareperformed,scoresfor
all matchesarecomputed,andmatchesare thensortedat
the end so that the k bestmatchescan be returned.Note
thattheLockStepalgorithmis very similar to theOptThres
algorithmpresentedin [2]. Therelaxationadaptivity of Opt-
Thres, which decideswhethera partial matchwill be con-
sideredfor relaxationdependingon its score,is includedin
thedefaultserver implementationof Whirlpool.
6.1.3. Priority Queues.Variousstrategiescanbeusedfor
serverprioritization:
FIFO: thesimplestalternative is to processpartialmatches
in thequeuein their arrival order. This schemeis sensitive
to theactualorderin which partialmatchesareprocessed,
andperformancemayvarysubstantially.
Curr ent score: partial matcheswith highercurrentscores
will be moved to the headsof their respective priority
queues.This schemeis sensitive to theorderin which par-
tial matchesareinitially selectedto beprocessed.

Maximum possiblenext score: thecurrentscoreof a par-
tial matchis addedto themaximumpossiblescoreit could
receive from its current server, and partial matcheswith
higher maximum possiblenext scoreswill be moved to
the headsof their respective priority queues.This scheme
adaptsto the scorethat the currentserver could contribute
to partial matches,making it lesssensitive to the order in
whichpartialmatchesareprocessed.
Maximum possible�nal score: themaximumpossible�-
nal scoredetermineswhich partial matchto considernext.
This schemeis less sensitive to the order in which par-
tial matchesare processed,and is the most adaptiveof
ourqueueprioritizationalternatives.Intuitively, thisenables
thosepartialmatchesthatarehighly likely to endup in the
top-k setto beprocessedin aprioritizedmannerakinto join
ordering.Although not reporteddue to spaceconstraints,
weveri�ed this conjectureexperimentally.

6.1.4. Routing Decisions.Given a partial match at the
headof the router queue,the router needsto make a de-
cisionon whichserver to choosenext for thepartialmatch.
Obviously, apartialmatchshouldnotbesentto aserverthat
it hasalreadygonethrough;maintaininga bit vectoron the
setof servers,with eachpartialmatchis usedfor this task.
Theroutingchoicecouldbemadea few differentways:

Static: thesimplestalternativeis to routeeachpartialmatch
throughthe samesequenceof servers. For homogeneous
data sets, this might actually be the strategy of choice,
wherethe sequencecan be determineda priori in a cost-
basedmanner.

Score-based:the partial matchis routedto the server that
is likely to impact its scorethe most. Two variationsof
this routing techniquecanbe considered:routing the par-
tial matchto theserver thatis likely to increaseits scorethe
most(maxscore), or the least(min score), basedon some
precomputed,or estimated,information.

Size-based:thepartialmatchis routedto theserver that is
likely to producethe fewestextendedmatches,after prun-
ingagainstthetop-k set.Theintuition is thattheoverallcost
of thetop-k queryevaluationis a functionof thenumberof
partialmatchesthatarealive in thesystem.Thesize-based
choiceis a natural(simpli�ed) analogof conventionalcost-
basedqueryoptimization,for the top-k problem,andcan
be computedusingestimatesof the numberof extensions
computedby theserver for a partialmatch(suchestimates
could be obtainedby usingwork on selectivity estimation
for XML), therangeof possiblescoresof theseextensions,
andthelikelihoodof theseextensionsgettingprunedwhen
comparedagainstthetop-k set.

In Section6.3.1,weevaluatedifferentpartialmatchrout-
ing strategiesfor Whirlpool. In Whirlpool-S, thealgorithm
alwayschoosesthepartialmatchwith themaximumpossi-
ble �nal scoreasit is theoneon top of therouterqueue.In
addition,it is proventhat this partialmatchwill have to be
processedbeforecompletinga top-k answer[20]. We tried
severalqueuestrategiesfor bothLockStepandWhirlpool-M
asdescribedin Section6.1.3.For all con�gurationstested,a
queuebasedonthemaximumpossible�nal scoreperformed
betterthantheotherqueues.This resultis in thesamespirit



Query Document k Parallelism Scoring
Size Size Function

3 nodes(Q1), 1Mb, 3, 1, 2, 4, 1 sparse
6 nodes(Q2), 10Mb, 15, dense
8 nodes(Q3) 50Mb 75

Table 1. Evaluation parameter s (defaults in bold).

asUpper[20] asit allows for partialmatchesthatarelikely
to endup in the top-k set to be processed�rst. In the re-
mainderof this paper, resultsthat we report for LockStep
andWhirlpool-Mtechniquesassumeserverqueuesonmax-
imumpossible�nal scores.

6.2. Experimental Setup

Weimplementedthethreetop-k queryprocessingstrate-
gies in C++, using POSIX threadsfor Whirlpool-M. We
ranour experimentson a RedHat 7.1 Linux 1.4GHzdual-
processormachinewith a 2GbRAM anda SunF15K run-
ningSolaris8 with with 54CPUsrangingfrom 900MHzto
1.2GHz,and200Gbof RAM.

6.2.1. Data and Queries. We generatedseveral docu-
ments using the XMark documentgeneratingtool2. We
thenmanuallycreatedthreequeriesby isolatingXPathsub-
setsof XMark queriesthat illustrate the different relax-
ations.

Q1 : //item[./description/parlist]
Q2: //item[./description/parlist and
./mailbox/mail/text]
Q3:
//item[./mailbox/mail/text[./bold and ./keyword]
and ./name and ./incategory]

Edgegeneralizationis enabledby recursive nodesin the
DTD (e.g.,parlist ). Leaf nodedeletion is enabledby
optionalnodesin the DTD (e.g., incategory ). Finally,
subtreepromotionis enabledby sharednodes(e.g.,text ).

When a query is executedon an XML document,the
documentis parsedand nodesinvolved in the query are
storedin indexesalongwith their “Dewey” encoding3. Our
server implementationof XPath joins at eachserver usesa
simplenested-loopalgorithmbasedonDewey, sinceweare
not comparingjoin algorithmperformance.We discussthe
effect of server operationtime and its tradeoff with adap-
tiveschedulingtime in Section6.3.3.Scoresfor eachmatch
arecomputedusingthescoringfunctionpresentedin Sec-
tion 4.

6.2.2. Evaluation Parameters(x-axes) We measuredthe
performanceof ourtechniquesfor avarietyof criteria(sum-
marizedin Table1):
Query size: We consider3 querysizes:3 nodes,6 nodes,
and8 nodes(seeSection6.2.1).The numberof servers is

2 http://monetdb.cwi.nl/xml/index.html
3 http://www.oclc.org/dewey/about/about the ddc.htm
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Figure 5. Query execution time for Whirlpool-S and
Whirlpool-M , for various adaptive routing strate-
gies.

equalto thenumberof nodesinvolvedin aquery. Thenum-
berof partial matchesandthusthenumberof server oper-
ationsfor a top-k strategy is, in the worst case,exponen-
tial in thenumberof nodesinvolvedin thequery.
Document size: We considerXMark documentsof sizes
rangingfrom 1Mb to 50Mb.
Value of k: We ran experimentsfor valuesof k ranging
from 3 to 75. When the value of k increases,fewer par-
tial matchescanbepruned.
Parallelism: OurWhirlpool-Mapproachtakesadvantageof
multiple available processors.We experimentedwith this
strategyondifferentmachinesofferingvariouslevelsof par-
allelism(from 1 to 48processors).
Scoring function: We usedthe tf*idf scoringfunctionde-
scribedin Section4. Weobservedthatthetf*idf valuesgen-
eratedfor ourXMark datasetwereskewed,with somepred-
icateshaving muchhigherscoresthanothers.Giventhisbe-
havior, wedecidedto synthesizetwo typesof scoringfunc-
tion basedonthetf*idf scores, to simulatedifferenttypesof
datasets:sparse, wherefor eachpredicate,scoresarenor-
malizedbetween0 and1 to simulatedatasetswherepredi-
catesscoresareuniform,anddense, wherescorenormaliza-
tion is appliedoverall predicatesto simulatedatasetswhere
predicatescoresareskewed. (The termssparseanddense
referto theeffectof thesefunctionsonthedistributionof �-
nal scoresof partial matches.)We alsoexperimentedwith
randomlygeneratedsparseanddensescoringfunctions.A
sparsefunctionallowsfor afew partialmatchesto havevery
high scores,resultingin high k th scorevalues,which en-
ablesmore pruning. With a densescoring function, �nal
scoresof partial matchesarecloseto eachother, resulting
in lesspruning.Usingdifferentscoringfunctionspermitsto
studythe impactof scoredistribution on our performance
measures.Validatingthescoringfunctionsusingprecision
and recall is beyond the scopeof this paperand the sub-
jectof futurework.

6.2.3. Evaluation Measures (y-axes). To comparethe
performanceof thedifferenttechniques,we usethefollow-
ing metrics:
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Query Execution Time: Overall time needed to re-
turn thetop-k answers.
Number of Server Operations: This measureallowsusto
evaluatetheactualworkloadof thevarioustechniques,re-
gardlessof parallelism.
Number of Partial MatchesCreated:The fewer thecre-
atedpartial matches,the betterthe top-k queryprocessing
techniqueis at pruningduringqueryexecution.

6.3. Experimental Results

Wenow presentexperimentalresultsfor our top-k query
evaluationalgorithms.We �rst studyvariousadaptive rout-
ing strategies(Section6.3.1),andsettleonthemostpromis-
ing one. We then compareadaptive and static strategies
(Section6.3.2),andshow thatadaptiveroutingoutperforms
staticrouting whenserver operationcostdominatesin the
query execution time (Section6.3.3), and that lock-step
strategiesalwaysperformworsethanstrategiesthatlet par-
tial matchesprogressat different rates.We study the im-
pactof parallelism(Section6.3.4)andof ourevaluationpa-
rameters(Section6.3.5)onouradaptivetechniques.Finally
(Section6.3.6),we discussscalability.

6.3.1. Comparison of Adaptive Routing Strategies.
We study the performanceof adaptive routing strate-
gies for our top-k techniques(Section 6.1.4). In par-
ticular, we considered the maxscore, min score and
min alive partial matchesdescribedin Section6.1.4.

Figure5 showsthequeryexecutiontimefor Whirlpool-S
andWhirlpool-M for thethreeroutingstrategiesfor thede-
fault settingof Table1. Choosingserversthat increasepar-
tial matchscoresthe most (maxscore) doesnot result in
fastexecutionsas it reducesthe pruningopportunities.In
contrast,a score-basedstrategy thataimsatdecreasingpar-
tial matchesscores(min score) performsreasonablywell.
By basingroutingdecisionson thenumberof alive partial
matchesafter the server operation,the size-basedstrategy
(min alive partial matches) is able to prunemore partial
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matches,and thereforedecreaseits workload (numberof
serveroperations),resultingin lowerqueryexecutiontimes.
Becausemin alive partial matchesperformsbetterthanall
othertestedroutingstrategiesoverall con�gurationstested
for our adaptive Whirlpool-SandWhirlpool-M techniques,
we will usemin alive partial matchesasWhirlpool's rout-
ing strategy in therestof this paper.

6.3.2. Adaptive vs. Static Routing Strategies. We now
compareadaptiveroutingstrategiesagainststaticones.Fig-
ures6 and 7 show thequeryexecutiontimeandthenumber
of serveroperationsneededfor Whirlpool-SandWhirlpool-
M, aswell asfor both LockStepandLockStep-NoPrunus-
ing thedefaultvaluesin Table1.For all techniques,wecon-
sideredall (120)possiblepermutationsof thestaticrouting
strategy, whereall partialmatchesgo throughtheserversin
thesameorder. In addition,for Whirlpool-SandWhirlpool-
M, we consideredour adaptivestrategy (seeSection6.3.1).
For both LockStepstrategies, all partial matcheshave to
go throughoneserver beforethenext server is considered,
LockStepis thus static by nature.This implementationof
LockStepis similar to the OptThres algorithm presented
in [2].

For all techniques,we reportthe min, max andmedian
valuesfor thestaticrouting strategy. A perfectqueryopti-
mizer would choosethe queryplan that resultsin the min
valueof thestaticroutingstrategy. A �rst observationfrom
Figures6 and 7 is that for a given staticrouting strategy,
Whirlpool-M is fasterthan Whirlpool-S, which in turn is
fasterthanLockStep. Thus,allowing somepartial matches
to progressfasterthan others,by letting them being pro-
cessedearlierby moreservers,resultsin savings in query
executiontime andtotal numberof server operations.The
no-pruningversionof LockStepis obviously worsethanall
othertechniques,proving thebene�tsof pruningwhenpro-
cessingtop-k queries.In addition,for bothWhirlpool-Sand
Whirlpool-M, we seethatour adaptive routingstrategy re-
sultsin queryexecutiontimesat leastasef�cient asthebest
of thestaticstrategies.(For densescoringfunctions,adap-
tive routingstrategiesresultedin muchbetterperformance
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thanthe beststaticstrategy.) Interestingly, for this default
setting,Whirlpool-M performsslightly moreserver opera-
tionsthanWhirlpool-S. However, thebetterperformanceof
Whirlpool-M is dueto its useof parallelism(2 processors
areavailableonourdefaultmachine)to speedupquerypro-
cessingtime.

Since Whirlpool always outperforms LockStep, and
Whirlpool's adaptive routing strategy performsas well as
or betterthanits staticone,we will only considertheadap-
tiveroutingversionsof Whirlpool-SandWhirlpool-Min the
restof this paper. ThetermsWhirlpool-SandWhirlpool-M
will now referto their adaptiveversions.

6.3.3. Cost of Adaptivity. While adaptivity allows to re-
ducethenumberof serveroperations,andthereforeleadsto
reductionin queryprocessingtime, it alsohassomeover-
headcost. In Figure 8, we comparethe total query exe-
cution time of Whirlpool-Swith both static and adaptive
routing strategies to that of the best LockStepexecution
(bothwith andwithout pruning).Resultsarepresentedrel-
ative to the bestLockStep-NoPrunquery execution time.
(We do not presentresults for Whirlpool-M in this sec-
tion asit is dif�cult to isolatethe threadingoverheadfrom
the adaptivity overhead.)While for static routing strate-
gies,an adaptive per-tuple strategy (Whirlpool-S-STATIC)
alwaysoutperformstheLockSteptechniquesby about50%,
theadaptiveversionof Whirlpool-Sperformsworsethanthe
othertechniquesif serveroperationsarevery fast(lessthan
0.5msecs).For query executionswhereserver operations
take morethan0.5msecseach,Whirlpool-S-ADAPTIVEis
10% fasterthan its static counterpart.(For larger queries
or documents,the tipping point is lower than0.5msecs,as
thepercentageof tuplesprunedasa resultof adaptivity in-
creases.)Adaptivity is then useful when server operation
timedominatesin thequeryexecutiontime.However, when
server operationsareextremelyfast,theoverheadof adap-
tivity is tooexpensive.Theseresultsaresimilar to whatwas
observedin [12] and [20]. As a �nal observation,in scenar-
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Figure 9. Ratio of Whirlpool-M 's quer y execution
time over Whirlpool-S 's quer y execution time .

ios wheredatais storedon disk, server operationcostsare
likely to rise; in suchscenarios,adaptivity is likely to pro-
vide importantsavings in queryexecutiontimes.In thefu-
ture,weplanonperformingadaptivity operations“in bulk”,
by groupingtuplesbasedon similarity of scoresor nodes,
in orderto decreaseadaptivity overhead.

In this paper, we presentresultsfor thecasewherejoin
operationscostaround1.8msecseach.

6.3.4. Effect of Parallelism. We now studythe effect of
parallelismon the query executiontime of Whirlpool-M.
Note that in Whirlpool-M, the numberof threadsis equal
to the numberof servers in the query + 2 (router thread
and main thread),thus Whirlpool-M is limited in its par-
allelism.To show themaximumspeedupdueto parallelism
of Whirlpool-M we performedexperimentsover anin�nite
numberof processors.(The actual numberof processors
usedin the experimentis 54, which is much higher than
the10processorsthatWhirlpool-Mwould usefor Q3.)

Unlike Whirlpool-M, Whirlpool-Sis a sequentialstrat-
egy, thus its execution time is not affected by the avail-
able parallelism. To evaluate the impact of parallelism
on Whirlpool-M executiontime, we ran experimentson a
10Mb documentfor all threequeries,using15 asthevalue
for k, on four differentmachineswith 1, 2, 4 and1 pro-
cessorsrespectively.4 We then computedthe speedupof
Whirlpool-M over the execution time of Whirlpool-S,
and report our resultsin Figure 9. When thereis no par-
allelism, i.e., when the number of available processors
is equal to one, the performanceof Whirlpool-M com-
pared to that of Whirlpool-S depends on the query
size: Whirlpool-M can take more than twice the time of
Whirlpool-Sfor smallqueriesbut becomesfaster, whenpar-
allelismis available,for largequeries.Whenmultiple pro-
cessorsare available, Whirlpool-M becomesfaster than
Whirlpool-S, up to 1.5 timesfasterwith two processors,up
to 1.95timesfasterwith four processors,andup to a maxi-
mumof almost3.5 timesfasterwhenthenumberof avail-

4 Our 4-processorsmachineis actuallya dualXeonmachinewith four
“logical” processors.
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able processorsis unlimited. For Q1, Whirlpool-M is not
faster than Whirlpool-S, even when parallelism is avail-
able,asQ1 only hasthreeserversanddoesnottakeasmuch
advantageof parallelismasQ2 andQ3, makingthethread-
ing overheadexpensive in comparisonto the gainsof par-
allelism. In addition, Q1 is evaluatedfasterthan Q2 and
Q3, and is thus more penalizedby the threadingover-
head.For Q2 andQ3, Whirlpool-M takesadvantageof par-
allelism,with betterresultsfor thelargerQ3 thanQ2, asit
is a largerquery.

The speedupstopsincreasingwhenthe numberof pro-
cessorsexceedsthe numberof threadsneededto evaluate
the query. Our examplequeriesdo not take advantageof
parallelismgreaterthanthe numberof serversinvolved in
thequery+ 2 (routerandmain threads).ThusQ1 doesnot
bene�t from morethan5 processors,Q2 from morethan8
processors,andQ3 from morethan10 processors.If more
parallelismis available,we couldcreateseveralthreadsfor
thesameserver, thusincreasingparallelismevenmore.This
is thesubjectof futurework.

6.3.5. Varying Evaluation Parameters. We now study
theeffectof our parametersfrom Section6.2.2.
Varying Query size: Figure 10 shows the query execu-
tion time for both Whirlpool-S and Whirlpool-M for our
threesamplequeries(Table1), on a logarithmicscale.The
query executiontime grows exponentiallywith the query
size.Becauseof the logarithmicscale,the differencesbe-
tweenWhirlpool-Sand Whirlpool-M are larger than they
appearon the plot. The differencebetweenWhirlpool-M
and Whirlpool-Squery executiontime increaseswith the
sizeof thequery, with Whirlpool-S20%fasterfor Q1 and
Whirlpool-M 48% fasterfor Q3 (k=15), sincethe thread-
ing overheadhaslessimpacton largerqueries.
Varying k: Figure10reportstheeffectof varyingthenum-
berof matchesreturnedin thetop-k answer. Thequeryexe-
cutiontime is linearwith respectto k. Interestingly, thedif-
ferencein queryexecutiontime betweenWhirlpool-Sand
Whirlpool-Mincreaseswith k. This increaseis moresignif-
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Figure 11. Query execution time for Whirlpool-S
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icant for largerquerysizes,andWhirlpool-M is up to 60%
fasterthanWhirlpool-Sfor Q3, k=75.Thenumberof server
operationsexhibitsasimilarbehavior (althoughatasmaller
scale),with 8% fewer server operationfor Whirlpool-M
for the Q3, k=75 setting.This is rathercounter-intuitive:
[7] provedthatsequentialtop-k algorithmsbasedon prob-
ing the partial matchwith the highestpossible�nal score,
asdoesWhirlpool-S, minimizesthe total numberof oper-
ationswith respectto a given routing strategy. Sinceour
implementationsof Whirlpool-SandWhirlpool-M usethe
samerouting strategy, Whirlpool-Sshouldalwaysperform
fewer server operations.The explanationlies in our adap-
tive routing strategy: min alive partial matches relies on
scoreestimates,server selectivity andcurrenttop-k values
to make its choice.This last parameter, currenttop-k val-
ues,changesduringqueryexecution.Monitoringtheexecu-
tionsof Whirlpool-SandWhirlpool-M show thattop-k val-
uesgrow fasterin Whirlpool-M thanin Whirlpool-S, which
may lead to different routing choicesfor the samepartial
match,making the algorithmsfollow, in effect, different
schedulesfor thesamepartialmatch.By makingbetterrout-
ing choices,Whirlpool-M resultsin fewer partial matches
beingcreatedthanWhirlpool-S.

Varying Document Size: Figure 11 reportson the effect
of the XML documentsize on the query executiontime.
Theexecutiontimegrowsexponentiallywith thedocument
size;thelargerthedocument,themorepartialmatcheswill
have to be evaluatedresulting in more server operations
and thus longerqueryexecutiontimes.For a small docu-
ment,theresultis quitefast(lessthan1.2secfor all queries
tested),makingthethreadsoverheadin Whirlpool-Mexpen-
sivecomparedto Whirlpool-Sexecutiontime.However, for
mediumandlargedocuments,Whirlpool-M becomesup to
92%fasterthanWhirlpool-S(Q2, 50M document,k=15).

Varying Scoring Function: We experimentedwith differ-
ent scoringfunctions:both sparseanddensevariationsof
the tf*idf scoringfunction, aswell as randomlygenerated
scoringfunctionsthatweredesignedto haveeitherdenseor



DocumentSize 1M 10M 50M
Q1 100% 93.12% 85.66%
Q2 100% 49.56% 57.66%
Q3 100% 39.59% 31.20%

Table 2. Percenta ge of par tial matc hes created by
Whirlpool-M , as a function of the maxim um possi-
ble number of par tial matc hes, for diff erent quer y
and doc. sizes.

sparseproperties.Weobservedthatsparsescoringfunctions
leadto fasterqueryexecutiontimes(dueto fasterpruning).
In contrast,with densescoringfunctions,the relative dif-
ferencesbetweenWhirlpool-M andWhirlpool-Sis greater
with Whirlpool-M resultingin greatersavings in termsof
queryprocessingtime,numberof serveroperationsandpar-
tial matchescreated,overWhirlpool-S.

6.3.6. Scalability. A top-k processing technique over
XML documentshas to deal with the explosion of par-
tial matchesthat occurswhen query and documentsizes
increase.To measurethescalabilityof Whirlpool, we con-
sidered the number of partial matchescreated during
queryexecution,asa ratio of themaximumpossiblenum-
ber of such partial matches.The total number of par-
tial matchesis obtainedby running an algorithm with no
pruning (LockStep-NoPrun). Table 2 shows that the per-
centage of total possible partial matches created by
Whirlpool-M signi�cantly decreaseswith the docu-
mentandquerysizes.The bene�ts of pruningaremodest
for small queries. While all partial matches are cre-
atedfor Q1, for which tuplesgeneratedby the root server
do not create“spawned” tuplesin the join servers,prun-
ing allows to reducethe numberof operationsof these
partial tuples.For large queries(Q3), Whirlpool-M evalu-
ateslessthan40% of thepartialmatcheson the10M doc-
ument, and less than 32% on the 50M document.By
pruning partial matches based on score information,
Whirlpool-M (and Whirlpool-S) exhibits good scalabil-
ity in bothqueryanddocumentsize.

7. Conclusion

In this paper, we presentedWhirlpool, anadaptive eval-
uationstrategy for computingexactandapproximatetop-k
answersof XPath queries.Our resultsshowed that adap-
tivity is very appropriatefor top-k queriesin XML. We
observed that the bestadaptive strategy focuseson mini-
mizing the intermediatenumberof alive partial matches;
this is analogousto traditional query optimization in
RDBMS,wherethefocusis onminimizing intermediateta-
ble sizes.By letting partial matchesprogressat different
rates,Whirlpool resultsin fasterqueryexecutiontimes.In
addition,Whirlpool scaleswell whenqueryanddocument
sizesincrease.While thefocusin this paperis not on eval-
uating XPath scoring functions,we show that Whirlpool
adaptsitself to environmentswhere scoresof interme-

diate answersare either sparseor dense.We studiedthe
effect of parallelismon our Whirlpool approachesandob-
served thatalthoughWhirlpool-M is betterfor mostcases,
if parallelism is not available, or if query or document
size is small, Whirlpool-M threadingoverheadmay re-
sult in decreasedperformance.In contrast,for largequeries
and documents,Whirlpool-M exploits available paral-
lelism andresultsin signi�cant savings in queryexecution
time over Whirlpool-S. We are investigatingnew direc-
tions suchas increasingthe numberof threadsper server
for maximalparallelism.
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