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Abstract

Theability to computeopk matdesto XML queriesis
gaining importancedueto the increasingnumberof large
XML repositoriesTheefciency of topk queryevaluation
relieson usingscoesto pruneirr elevantanswes as early
aspossiblen theevaluationprocessin this context, evalu-
atingthesamegueryplanfor all answes mightbetoorigid
becausgat anytimein the evaluation,answes havegone
throughthesamenumberandsequencef operationswhich
limits the speedat which scoesgrow. Theefore, adaptve
guery processinghat permitsdifferent plans for different
partial matchesand maximizesthe bestscoress more ap-
propriate. In this paper we proposean architectue and
adaptivealgorithmsfor ef ciently computingop-k matdes
to XML queries.Our techniquescan be usedto evaluate
both exact and approximatematdheswhere approximation
is de ned by relaxing XPath axes.In order to computethe
scokes of query answes, we extend the traditional tf*idf
measue to accountfor documenstructuie. e conductex-
tensiveexperimentson a variety of bendymark data and
gueriesanddemonstatethe usefulnessf theadaptiveap-
proach for computingtop-k queriesin XML.

1. Intr oduction

Theability to computetopk answergo XML queriess
gainingimportancedueto the increasingnumberof large
XML repositorie$. Topk query evaluationon exact an-
swersis appropriatevhenthe answersetis largeandusers
are only interestedin the highest-qualitymatches.Topk
guerieson approximateanswersare appropriateon struc-
turally hetengeneousdata(e.g.,queryingbooksfrom dif-
ferentonline sellers).In both casesan XPath query may
havealargenumberof answersandreturningall answergo
theusermay not be desirable Oneof the prominentquery-
ing approache#n this caseis thetopk approactthatlim-
its the cardinality of answersby returningk answerswith
thehighestscores.

The efciency of topk query evaluationrelies on us-
ing intermediateanswerscoresin order to pruneirrele-
vantmatchesasearlyaspossiblein the evaluationprocess.

1 Library of Congresshttp://lcwebloc.gov/crsinfo/xml/
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In this context, evaluatingthe sameexecutionplan for all
matchedeadsto a lock-stepstyle processingvhich might
be too rigid for efcient queryprocessingAt ary time in
theevaluation,answerdave gonethroughexactlythesame
numberand sequencef operations which limits how fast
the scoresof the bestanswerscan grow. Therefore,adap-
tive queryprocessinghat permitsdifferentpartialmatches
to go throughdifferentplansis moreappropriate Adaptiv-
ity in queryprocessindnasbeenrutilizedbefore[1, 4, 12, 25]
in orderto copewith the unavailability of datasourcesand
varying dataarrival rates,by reorderingjoins in a query
plan. In this paper we study adaptie techniquedor ef-
ciently computingexactandapproximateanswergo top-k
gueriesn XML.

In order to compute approximatematchesof XPath
gueries,we adopt the query relaxation framewvork de-
ned in [3] whererelaxationssuchas the onesproposed
in [2, 11, 23] can be encodedin the query plan in or-
derto permit structurallyheterogeneouanswerso match
theoriginal queryin additionto exactanswers.

Choosingthe bestk querymatchess basedon comput-
ing answerscoresScoringgqueryanswersn the context of
XML needsto accountfor two key aspects(i) ananswer
to an XPath querymay be ary fragmentof the input doc-
umentand, (i) an XPath query consistsof several predi-
catedinking thereturnedhodeto otherquerynodesjnstead
of simply “keyword containmenin the document”.Exist-
ing efforts in Information Retrieval (IR) suchas[15, 24]
have focusedon extendingthe tf*idf (term frequeng and
inversedocumentfrequeng) measureo returndocument
fragmentsln ourwork, we extendthe tf*idf measureo ac-
countfor scoringon both structureand contentpredicates
andreturndocumenfragments.

We make thefollowing contributions:

We presentVhirlpool, a novel architecturencorporat-
ing afamily of algorithmsfor processingop-k queries
on XML documentsadaptiely.

Whirlpool is usedto computeboth exactandapprox-
imate matches.It is adaptve in permitting partial
matchego the samequeryto follow differentexecu-
tion plans,takingthetop-k natureof our probleminto

account.The key featuresof Whirlpool are: (a) a par

tial matchthatis highly likely to endup in the topk

setis processedh a prioritized mannerand(b) a par

tial matchunlikely to be in the topk setfollows the
cheapesplanthatenablests early pruning.
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Figure 1. Heterogeneous XML Database Example

We proposea novel scoring function for XML, in-

spiredby tf*idf .

We instantiatethe Whirlpool strateyy for a variety of

routing alternatves (i.e., which operationdoesa par

tial matchgo throughnext?), and prioritization alter

natives(i.e.,givenanumberof partialmatcheswvaiting

for a speci ¢ operationhow do we prioritize them?),
to obtaina family of adaptve evaluationalgorithms.

We describea real prototype,in which we imple-
mentedthe Whirlpool architectureandalgorithms.
We performa detailedexperimentalevaluationof our
algorithmson a variety of benchmarkdata setsand
qgueriesand(i) identify the tradeofs betweenrthe dif-
ferentroutingandprioritizationalternatvesamongthe
Whirlpool algorithms,(ii) demonstratehat adaptvity
paysoff in processingop-k queriesand(iii) validate
our scoringfunction.

To the bestof our knowledge,this is the rst work that
exploresperansweradaptie evaluationstrateiesfor com-
putingtopk answergo XML queries.

The paperis organizedasfollows. Section2 containsa
motivatingexamplefor relaxationandadaptvity. Section3
containsa summaryof relatedwork. Section4 presentour
scoringfunction. Section5 describeghe Whirlpool archi-
tectureandalgorithms.Extensve experimentsaregivenin
Section6. Finally, we concludein Section?.

2. Motivating Example

Relaxation: We considera datamodelfor XML wherein-
formationis representedsa forestof nodelabeledirees A
simple databasénstance containinga heterogeneousol-
lection of books,is givenin Figure 1. We represeniXML
gueriesastreepatterns anexpressve subsebf XPath.Fig-
ure 2 containsexamplesof XPath queriesandtheir corre-
spondingtree pattern.A treepatternis arootedtreewhere
nodesare labeledby elementtags,leaf nodesare labeled
by tagsandvaluesand edgesare XPath axes (e.g.,pc for
parent-child,ad for ancestoidescendant)The root of the
tree(showvnin asolid circle) representshereturnednode.
Different querieswould match differentbooksin Fig-
ure 1. For example,the queryin Figure 2(a) would match
book1(a)exactly, but would neithermatchbook1(b) (since
publisher is not a child of info ) nor book 1(c) (since
thetitte  is a descendantot a child, of book, andthe
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Figure 2. Query Tree Patterns and Relaxations

publisher informationis entirely missing).However, in-
tuitively, it makessenseo returnall threebooksas candi-
datematchessuitablyranked basedon the extent of simi-
larity of thebooksto the queryin Figure2(a).

In orderto allow for suchapproximatenswersywe adopt
guery relaxationas de ned in [2, 11, 23] and formalized
in [3]. We usethreespeci c relaxations(or any composi-
tion of theserelaxations)edge generlization (replacinga
pc edgewith ad), leaf deletion (making a leaf node op-
tional) and subtee promotion(moving a subtreefrom its
parentnodeto its grand-parent)Theserelaxationscapture
approximateanswerdut still guaranteg¢hatexactmatches
to the original querycontinueto be matchedo the relaxed
query Forexample thequeryin Figure2(b) canbeobtained
from the query2(a) by applyingedgegeneralizatiorto the
edgebetweerbook andtitle . Thequeryin Figure2(c)is
obtainedfrom query2(a) by composingsubtregpromotion
(appliedto the subtreerootedat publisher ) followed by
leaf deletionappliedto info , and edgegeneralizatiorap-
plied to the edgebetweerbook andtitle . Finally, query
2(d) is obtainedfrom query 2(c) by applyingleaf deletion
on namethenon publisher .

As aresult,while queries2(a) and2(b) matchthe book
in Figure1(a)only, query2(c) matchesothbook 1(a)and
book1(b) andquery2(d) matchesll threebooks.

Exactmatchego arelaxedqueryarethedesiredapprox-
imateanswergo the original userquery In orderto distin-
guishbetweerdifferentanswersywe needto computescores
thataccountfor queryrelaxation.We focuson this issuein
Sectiord. For now, weassumehatscoresaregivenandmo-
tivatethe needfor adaptve queryprocessing.

Adaptivity: Supposenow that we are interestedn evalu-
ating a querythatlooks for the top-1 book with a title
alocation anda price , all aschildrenelementsObvi-
ously, without applyingqueryrelaxation,this querywould
be emptyif it is evaluatedon our threebooksin Figure 1.
Similarly to [2], we usea left-deepouterjoin planthaten-
codesedgegeneralizationsnd subtreepromotionsin the
guery Leafnodedn theplanarequerynodesandjoin pred-
icatescorrespondo pc andad edgesn the querytree.Let
us assumehat we evaluatethe query on our book collec-
tion enhancedvith anadditionalbook (d) having threeex-
actmatchedor title , eachoneof themwith a scoreequal
to 0.3, ve approximatematchedfor location whereap-
proximatescoresare0.3,0.2,0.1,0.1,and0.1,andoneex-
act matchfor price with score0.2. Thesescoresare as-
sociatedwith the correspondingoin predicate Eachbook
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generatemultiple tuplesin thejoin plan(onefor eachcom-
binationof book, title , location andprice ). Thus,the
scoreof atupleis thesumof theindividual predicatescores.

For simplicity, we focusonly on the computationof tu-
plesfor book 1(d).During the evaluationof book(d), some
tuplesmaybe prunedbasedn their scoresandthe scoreof
thecurrentk™ bestanswer(currentT opK ). Thisvaluede-
pendson the valuesof previously computeduples.There-
fore, the numberof prunedtuplesat eachstepdependn
previously computeduples.

We considersix join plansthatcorrespondo all permu-
tationsof title , location andprice assuminghatthe
root nodebook, is always evaluated rst. Figure 3 shows
the performanceof eachplan with increasingvalues of
currentT opK. The performancds measuredn terms of
thetotalnumberof join operationgi.e.,join predicatecom-
parisons).The gure shaws that no planis the best(even
with a small numberof generateduples— 15 tuplesin
this example).WhencurrentT opK < 0:6, the bestplan
is Plan 6 (join book with price thenwith title then
with location ). However, when0:6  currentT opK
0:7, the bestplanis Plan 5 (join book with price then
location thentitle ). Finally, when currentT opK >
0:7, Plans4 (join book with location thenprice then
titte ) 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
bestlater on, and Plan 6 becomeshad for higher values
of currentT opK. Intuitively, joining book with location
rst createghe largestnumberof intermediatetuples(5),
which is why Plans3 and 4 are bad for low values of
currentT opK . However, sincelocation  hasonly approx-
imatematcheswhencurrentT opK is high,thetuplesgen-
eratedfrom the join with location canbe prunedfaster
leadingto fewer alive intermediateuples.

Sincethe valueof currentT opK changesluringquery
evaluation staticjoin ordering(akinto selectvity-basedp-
timization) would not be optimal. Queryevaluationshould
dynamicallydecidewhich join predicateto considernext
for a giventuple basedon the valueof currentT opK us-
ing adaptve queryprocessing.

3. RelatedWork

Several query evaluationstrategies have beenproposed
for XPath. Prominentamongthemare approacheshat ex-
tendbinaryjoin plans,andrely on a combinationof index
retrieval andjoin algorithmsusingspeci ¢ structura(XPath
axes)predicateg19]. In this paper we adopta similar ap-
proachfor computingexactqueryanswers.

Several query relaxationstratgies have beenproposed
before.In the contet of graphsKanzaandSagv [18] pro-
posedmappingquery pathsto databaseaths,so long as
the databaseathincludesall the labelsof the querypath;
the inclusion neednot be contiguousor in the sameorder
which bearssomesimilaritiesto edgegeneralizatiorwith
subtregoromotion.Rewriting strateies[9, 11, 15, 23] enu-
meratepossiblequeriedderivedby transformatiorof theini-
tial query Data-relaxatiof10] computesa closureof the
documentgraphby insertingshortcutedgesbetweeneach
pairof nodesn thesamepathandevaluatingqueriesonthis
closure.Plan-relaxatiorf2] encodeselaxationsn a single
binary join plan (the sameasthe oneusedfor exactquery
evaluation).Thisencodingelieson (i) usingouterjoinsin-
steadof innerjoins in the plan (e.g.,to encodeleaf dele-
tion), and(ii) usinganorderedist of predicatege.g.,if not
child, thendescendantjo be checled, insteadof checking
just a single predicate at eachouterjoin. Outerjoin plans
wereshavn to be moreef cient thanrewriting-basedones
(evenwhenmulti-query evaluationtechniquesvere used),
dueto the exponentialnumberof relaxed querieg[2, 3]. In
this paper we useouterjoin plansfor computingapproxi-
matematches.

In relationaldatabase®xisting work hasfocusedon ex-
tendingthe evaluationof SQL queriesfor top-k processing.
None of theseworks follows an adaptive query evaluation
stratgly. Carey and Kossmanr{6] optimize top-k queries
whenthe scoringis donethrougha traditional SQL order
by clauseby limiting thecardinalityof intermediateesuls.
Otherworks [5, 8, 16] use statisticalinformationto map
topk queriesinto selectionpredicatesvhich may require
restartingquery evaluationwhenthe numberof answerds
lessthank.

Overmultiple repositoriesn amediatorsetting,Faginet
al. proposeafamily of algorithmg[13, 14], which canevalu-
atetopk queriesthatinvolve severalindependentsubsys-
tems; eachproducingscoresthat are combinedusing ar-
bitrary monotonicaggreyationfunctions.Thesealgorithms
aresequentiain thatthey completely“process”onetuple
beforemoving to thenext tuple.

TheUpper[20] andMPro[7] algorithmsshaw thatinter-
leaving probesontuplesresultsin substantiabavingsin ex-
ecutiontime. In addition,Upper[20] usesanadaptve per
tuple probeschedulingstratey, which resultsin additional
savings in executiontime when probing time dominates
gueryexecutiontime. Thesetechniquedgliffer from our ap-
proachin thatall informationonatupleis retrievedthrough
a uniquetuple ID, whereasour operationsare outerjoins
thatspavn oneor moreresulttuples.ChangandHwang[7]
suggestednextensiornto MProthatevaluategoinsascarte-
sianproductsthusrequiringto processa potentially huge



numberof tuples.In contrastour modelallows for evalua-
tion of all resultsof ajoin atonce.

Topk query evaluationalgorithmsover arbitrary joins
have beenpresentedor multimediaapplications[21] and
relational database$17] but their ranking function com-
binesindividual tuple scoreswhereasjn our scenariothe
scoreof atopk answerdepend®n thejoin predicatge.g.,
child or descendantysedto producethe XPath approxi-
matematch(Sectiord). Thus,agivennodeparticipateslif-
ferentlyto the nal scoreof the approximateanswerst is
joinedwith, dependingon how gooda matchit is. In addi-
tion, existing top-k join algorithmsrequirejoin inputsto be
sorted whichis notthe casein our setup.

Recently[19], topk keyword queriesfor XML have
beenstudiedvia proposalsextending the work of Fagin
et al., [13, 14] to dealwith a bag of single path queries.
Adaptiity andapproximationof XML queriesarenot ad-
dressedn this work. Finally, in [2], the goal wasto iden-
tify all answersvhosescoreexceedsa certainthreshold(in-
steadf top-k answers)Early pruningwasperformedusing
branch-and-bountchniquesTheauthorsexploredalock-
stepadaptve processindor relaxed XML querieswhile the
presentvork exploresadaptvity onaperanswerbasis.

While our idea of adaptve evaluationis similar to [4],
we useadaptvity in the context of exactandapproximate
XML queriesandfocuson issuessuchasexploring differ-
entrouting strategjies(Section6) thatareappropriatevhen
pruningintermediatequeryanswerdor top-k evaluation.

4. Scoring Function

The traditionaltf*idf functionis de ned in IR, on key-
word queriesagainsta documentcollection. This function
takesinto accounttwo factors:(i) idf, or inversedocument
frequeng, quanti estherelative importanceof anindivid-
ual keyword (i.e., query component)in the collection of
documentgi.e., candidateanswers)and(ii) tf, or termfre-
gueng, quanti estherelatveimportanceof akeyword(i.e.,
guery component)in an individual document(i.e., candi-
dateanswer).In the vectorspacemodelin IR [22], query
keywordsareassumedo beindependenof eachother, and
the tf*idf contribution of eachkeyword is addedto com-
putethe nal scoreof theanswerdocument.

In thissectionwe presenticonsenative extensionof the

tf*idf functionto XPath queriesagainstXML documents.

The rst point to noteis that, unlike traditional IR, an an-
swerto an XPathqueryneednotbeanentiredocumentput
canbeary nodein adocumentThesecondointis thatan
XPath query consistsof several predicatedinking the re-
turnednodeto otherquerynodes,insteadof simply “k ey-
word containmentn the document”(asin IR). Thus,the
XML analogsof idf andtf would needto take thesetwo
salientpointsinto consideration.

Existingeffortsin IR [15, 24] have focusedon extending
tf*idf to returndocumentfragmentginsteadof whole doc-
uments).In [24], the authorsconsiderthe useof semantic
ontologiesto computescoreson contentpredicatesin our
work, we focuson a scoringmethodthat combinespredi-

cateson bothstructureandcontent.Consideringontologies
on contentis beyondthe scopeof this paper

De nition 4.1 [XPath ComponentPredicates] Consider
anXPathqueryQ, with ¢y denotingthequeryanswemode,
andg;1 i *, denotingthe other query nodes.Let
p(p; g ) denotethe XPathaxisbetweermuerynodesy, and
G;i 1. Then,the componenpredicatesof Q, denoted
Po,isthesetof predicates p(qp; g)g;1 i . |

For example, the component predicates of
the XPath queryal./b and ./c[.//d
and following-sibling::e]] is the set
f a[parent::doc-root], al./b], al./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-
word queryin IR into asetof individual “k eyword contain-
mentpredicates”.

De nition 4.2 [XML idf] GivenanXPathquerycompo-
nentpredicatep(go; ), andan XML databasd®, p's idf
againsD, idf (p(cp; G); D), is givenby:

jfn2 D :tag(n) = qgj )
jfn2 D :tag(n) = q&(9N°2 D :tag(n% = g &p(n; n%)gj

log(

Intuitively, the idf of an XPath componentpredicate
guanti es the extentto which gy nodesin the databaseé
additionally satisfy p(qo; ). The fewer gy nodesthat sat-
isfy predicatep(op; g ), thelargeris theidf of p(qo; ). This
is akinto the casein IR: thefewer the documentghatcon-
tain keywordk;, thelargeris k;'sidf.

De nition 4.3 [XML tf] Givenan XPath querycompo-
nentpredicatep(gp; G ), andanoden 2 D with tagqo, p's
tf againstoden, tf (p(q; G); n), is givenby:

jfn°2 D :tag(n® = G&p(n; n%gj
|

Intuitively, the tf of an XPath componentpredicatep
againstacandidateanswem 2 D quanti esthe numberof
distinctwaysin which n satis espredicatep. Thisis again
akinto the casein IR: the morethe numberof occurrences
of keywordk; in adocument; , thelargeris thetermfre-
queng of k; ind;.

De nition 4.4 [XML tf*idf Score] GivenanXPathquery
Q, let P denoteQ'ssetof componenpredicatesGivenan
XML databas®, let N denotethe setof nodesin D that
areanswergo Q. Thenthescoreof answem 2 N is given
by:

pi2p o (idf (pi; D) tf (pi;n))

Notethat,in de ning thetf*idf scoreof anXPathquery
answeywe closelyfollowedthevectorspacenodelof IR in
assumingndependencef thequerycomponenpredicates.
A key advantageof this approachaswe shall seelater, is
the ability to computethis scorein anincrementafashion
duringqueryevaluation.More sophisticatedandcomple)
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scoresare possibleif the independencassumptionis re-
laxed,asin probabilisticlR models[22]. We do not pursue
thatavenuefurtherin this paper

As de ned, differentexact answersto an XPath query
may alsoend up with differentscores.This is no different
fromthelIR caseof having differentdocumentshatcontain
eachof the query keywords having differentscores.Once
XPath queryrelaxationsare permitted,an approximatean-
swerto the original query Q is simply an exactanswerto
arelaxed query QP of Q. Thus,our tf*idf mechanismsuf-
ces to scoreapproximateanswerdo Q aswell.

5. Whirlpool

We rst describethe overall Whirlpool architectureand
thenpresenbur adaptve topk processinglgorithms.

5.1. Architecture

Intuitively, theWhirlpool approachs anevaluationstrat-
egy of contwlled chaos which is extremely effective in
cheaplyand quickly identifying the topk answersto re-
laxed XPath queries.The “chaos”is a consequencef per
mitting the possibility of differentevaluationplansfor dif-
ferentpartial matchesthis is in sharpcontrastto the lock-
stepapproachwhere eachpartial matchgoesthroughthe
samesequencenf operations.The “control” comesfrom
making cost-basedlecisions,insteadof choosingrandom
evaluationplans.

The key componentof the Whirlpool architectureare
depictedn Figure4, specializedor the XPathqueryin Fig-
ure 2(a), andits relaxations.Theseinclude seners, sener
gueuesthetopk set,therouterandrouterqueue.

Sewersand Server Queues At theheartof adaptive query
evaluationareseners,onefor eachnodein the XPathtree

patternFigure4 depicts veseners,labeledwith thequery
nodelabels.

Oneof theseseners,thebook sener, is specialin thatit
generatesandidatenatchego theroot of the XPathquery,
which initializes the set of partial matchesthat are adap-
tively routedthroughthe system.

Eachof the other seners, e.g.,the publisher sener,
maintainsa priority queueof partial matches(none of
which have previously gonethroughthis sener). For each
partial matchat the headof its priority queue,it (i) com-
putesa setof extended(partial or complete)matchesgach
of which extendsthe partialmatchwith a publisher node
(if ary) thatis consistentwith the structureof the queries,
(i) computesscoresfor each of the extended matches,
(iii) determinesf theextendedmatchin uencesorisin u-
encedby thetopk set.

Top-k Set. The system maintains a candidate set of
topk (partial or complete) matches,along with their
scores, as the basis for determiningif a newly com-
puted partial match, (i) updatesthe score of an exist-
ing matchin 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 topk set as the k returnedan-
swers must be distinct instantiationsof the query root
node. Matchesthat are completeare not processedur-
ther, whereagpartialmatcheghatarenot prunedaresentto
theroutet

Router and Router Queue. The matchesgeneratedrom
eachof the seners,and not prunedafter comparisorwith
thetopk set,aresentto therouter, whichmaintainsaaqueue
basedon the maximumpossible nal scoresof the partial
matchegSection6.1.3)over its input. For the partialmatch
attheheadof its queuetheroutermakesthedetermination
of the next sener that needsto processhe partial match,
andsendshe partialmatchto the queueof thatsener.

The topk answerdo the XPath query alongwith their
scoresareknown whenthereareno more partial matches
in ary of thesener queuestherouterqueuepr beingcom-
paredagainsthetopk set.

5.2. Algorithms

We rst describehow eachsenerprocessegs inputand
then,we explaintheoveralltop-k queryprocessing.

5.2.1. Sewver Query Processing Each sener han-
dlestwo distinctsourcesf compleity:

Query relaxations: A consequencef permitting XPath
qgueryrelaxationsis that the predicatesat a sener canin-
volve avariety of nodes.

For example, given the query in Figure 2(a), and its
Whirlpool architectureof Figure 4, the sener correspond-
ing to publisher needsto checkpredicatesof the form
pdinfo ; publisher ) and pc(publisher ;namé for the
exact query Supportingedgegeneralizatioron the edges



Algorithm 1 Sener Predicate$seneration

Algorithm 2 Whirlpool

Require: QueryQ, QueryNoden f nis currentsener nodey
1: Relaxationwith_rootNode= getComposition(n;ootNode(Q));
2: structuralPredicate Relaxationwith_rootNode;
3: for eachNoden' in Q do

4:  fisDescendant(a,l®valuatego trueif a descendantf bg;
5: if (isDescendant(n',nhen
6: Relaxationwith_senerNode= getComposition(ny');
7 conditionalPredidae+=Relaxaion_with_senerNode;
8: endif
9: if (isDescendant(m') AND notRoot(n"))then
10: Relaxationwith_senerNode= getComposition(n'n);
11: conditionalPredidae+=Relaxaion_with_senerNode;
12:  endif
13: endfor

(info ; publisher ) and (publisher ;namé 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 deletions meansthat
the predicate comparing publisher with nameis op-
tional.

Adaptive query processing Static evaluation stratgjies
guaranteethat all partial matchesthat arrive at a sener
have gonethroughexactly the sameseneroperationsWith
adaptve stratgjies,differentpartialmatchesnayhave gone
throughdifferentsetsof sener operationsandhencemay
have differentsubset®f querynodesnstantiated.

For example, given the query in Figure 2(a), partial
matchesarriving at the publisher sener may have previ-
ously gonethroughary of the otherseners;only the node
correspondingo the queryrootis guaranteetb bepresent.
Dealingwith eachof the exponentialnumberof possible
caseseparatelyvould beveryinef cient from thepoint of
view of queryprocessing.

Therefore,we use Algorithm 1 to generatethe set of
predicateso be checledfor a partialmatcharriving ateach
sener.

First,givenapartialmatchattheheadof theinputqueue,
thesenerusesanindex to quickly locateall matchestthat
sener nodethat satisfy the relaxationof the predicatere-
lating to the queryroot nodeof the partial match(whichis
guaranteedo be present)with the sener nodein the orig-
inal XPath query This predicates obtainedby composing
thelabelson the edgesalongthe pathfrom the sener node
to therootin thequery

Secondgachelementidenti ed in the rst stepis com-
paredwith the input partial matchby usinga conditional
predicatesequenceSucha sequences createdby exam-
ining the relationshipbetweenthe sener nodeand nodes
that are eitherits ancestoror descendants the original
XPath query pattern.The predicatesare obtainedby com-
posingthe labelson the edgesfrom the sener nodeto the
guerytreenode.For ary noden; of the partial matchthat
correspondso a querynoderepresenteth the conditional
predicatesequencewe thencheckfor validationof there-
laxationof the conditionalpredicatewith the sener noden
(i.e.,publisher intheexample)lf it is validatedwe check
whetherit is anexactpredicatevalidation.This approachof
usingconditionalpredicatesequencesat sener nodesalso

Require: QueryQ, k
: relaxedQ=relax(Q);

. plan= generateJoinPlan(relaxedQ);

: rootN = rootNode(plan);

: routerQueue evaluate(rootN);

seners=nonRootNodes(plan);

for eachsener Sin senersdo
gueueAtS= evaluate(S);
senerQueues= queueAts;

. endfor

10: while (nonEmpty(routerQueue)OR(nonEmpty(seeues))) do

11: answer= nextAnswer(routerQueue);

12: sendDBNextSener(answer);

13:  for eachsenerSin senersdo

CoNoUARWNE

14: answerAtS= nextAnswerAtS(queueAtS);
15: computeJoinAtS(answerAtS);

16: checkDpK(topKSet,answerAtS);

17: if aliveAtS(topKSet,answerAtShen

18: back®Router(answerAtS);

19: senerQueues= answerAtS;

20: endif

21: endfor

22: endwhile

23: returntopKSet;

enablesncrementabssignmenof updatedscoreswith ex-
tensiondo theinput partialmatch.

5.2.2. Top-k Query Processing We synthesizewo ap-
proachesgor topk queryevaluation:

Lock-step: This algorithmis similar to the one proposed
in [2]. Differentvariationsof the lock-stepalgorithmscan

be obtainedby varying the componentamplementations
(Section6.1).

Whirlpool: Algorithm 2 shows the topk evaluationalgo-

rithm thatis instantiatecby Whirlpool. A few functionsare
worth highlighting in this algorithm: nextAnswer imple-

mentsthe router decisionfor picking the next answerac-

cordingto somepolicy; sendToNextServer implementsa

routing decision(seeSection6.1.4for implementatioral-

ternatves);nextAnswerAtS implementgshepriority queue
stratgyy ateachsener(seeSection6.1.3for implementation
alternatives); computeJoinAtS computesthe join predi-

catesatasener. Thisfunctioncanimplementary join algo-

rithm. Finally, checkTopKchecksif a partial matchneeds
to be discardedor keptusingits currentscoreanddecides
to updatethetopk setaccordingly

6. Experimental Evaluation

We now discusshe implementatiorof eachcomponent
in the Whirlpool architectureThen,we describeour exper
imentalsettingsandpresenthe experimentakesults.

6.1. Implementation Alter natives

In this sectionwe discussVhirlpool' s choicesor prior-
ity queuesandroutingdecisions.

6.1.1. Scheduling betweencomponents. There are two
overall schedulingpossibilities:

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



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

Multi-thr eaded: One can allocatea thread (or more) to
eachof the seners,aswell asto therouter, andlet the sys-
temdeterminehow to scheduléghreadsThe useof priority
gueuegSection6.1.3)andadaptie routing strat@ies(Sec-
tion 6.1.4) permits“control” of queryevaluation.In addi-
tion, by using differentthreads,Whirlpool is ableto take
adwantageof availableparallelism.

6.1.2. Evaluation Algorithms.

Whirlpool-M: Our multi-threadedvariation of Whirlpool.
Eachseneris handledby anindividual thread.In addition
to senerthreadsa threadhandleshe router, andthe main
threadchecksfor terminationof top-k queryexecution.

Whirlpool-S: The single-threadedchedulingvariation of
Whirlpool. Dueto the sequentiahatureof Whirlpool-S we
slightly modi ed Whirlpool's architecturgFigure4) in our
implementatiorof Whirlpool-S apartialmatchis processed
by asenerassoonasit is routedto it, thereforethe seners'
priority queuesarenot neededandpartialmatchesareonly
keptin therouter'squeueNotethatWhirlpool-Shearssome
similarities to both Upper [20] and MPro [7]. As in both
techniquespartial matchesare consideredn the order of
their maximumpossible nal score.In addition,asin Up-
per, partial matchesareroutedto the sener usingan adap-
tive technique While Upper doesnot considerjoin evalu-
ation,MPro usea join evaluationbasedon Cartesiarprod-
uctandindividual evaluationof eachjoin predicatescoreln
contrastpurtechniquesisea differentmodelfor join eval-
uationwhereonesingleoperatiorproducesll valid join re-
sultsatonce.

LockStep:LockStepconsidersonesener atatime andpro-

cessesll partial matchessequentiallythrougha sener be-
fore proceedingo the next sener. Our default implemen-
tation of LodkStepkeepsa topk setbasedon the current
scoref partialmatchesanddiscardgartialmatcheslur-

ing execution.We also considerech variationof LodkStep
without pruningduringqueryexecution L ockStep-NoPrun
whereall partialmatchoperationsreperformedscoregor

all matchesare computed,and matchesare then sortedat
the end so that the k bestmatchescan be returned.Note
thatthe LodkStepalgorithmis very similar to the OptThies
algorithmpresenteéh [2]. Therelaxationadaptvity of Opt-
Thres which decideswhethera partial matchwill be con-
sideredfor relaxationdependingnits score,is includedin

thedefault senerimplementatiorof Whirlpool.

6.1.3. Priority Queues. Variousstratgiescanbeusedfor
sener prioritization:

FIFO: thesimplestalternatveis to procesgartialmatches
in the queuein their arrival order This schemds sensitve
to the actualorderin which partial matchesare processed,
andperformancemayvary substantially

Curr ent score: partial matcheswith highercurrentscores
will be moved to the headsof their respectie priority
gueuesThis schemsds sensitve to the orderin which par
tial matchesareinitially selectedo beprocessed.

Maximum possiblenext score: the currentscoreof a par
tial matchis addedto the maximumpossiblescoreit could
recevve from its currentsener, and partial matcheswith
higher maximum possiblenext scoreswill be moved to
the headsof their respectie priority queuesThis scheme
adaptgo the scorethatthe currentsener could contribute
to partial matchesmakingit lesssensitve to the orderin
which partialmatchesareprocessed.

Maximum possible nal score: the maximumpossible -
nal scoredetermineswhich partial matchto considemext.
This schemeis less sensitie to the order in which par
tial matchesare processedand is the most adaptive of
ourqueueprioritizationalternatves.Intuitively, thisenables
thosepartialmatcheghatarehighly likely to endup in the
topk setto beprocesseth aprioritizedmannerakinto join
ordering. Although not reporteddue to spaceconstraints,
we veri ed this conjecturexperimentally

6.1.4. Routing Decisions. Given a partial match at the
headof the router queue,the router needsto make a de-
cisiononwhich senerto choosenext for the partialmatch.
Obviously, apartialmatchshouldnotbesentto asenerthat
it hasalreadygonethrough;maintaininga bit vectoronthe
setof seners,with eachpartial matchis usedfor this task.
Theroutingchoicecouldbe madea few differentways:

Static: thesimplestlternatizeis to routeeachpartialmatch
throughthe samesequencenf seners. For homogeneous
data sets, this might actually be the strateyy of choice,
wherethe sequencean be determineda priori in a cost-
basedmanner

Score-based:the partial matchis routedto the sener that
is likely to impactits scorethe most. Two variations of

this routing techniguecan be consideredrouting the par

tial matchto thesenerthatis likely to increasats scorethe
most(maxscoe), or the least(min_scoe), basedon some
precomputedor estimatedinformation.

Size-basedthe partial matchis routedto the sener thatis
likely to producethe fewestextendedmatchesafter prun-
ing againsthetop-k set.Theintuitionis thattheoverallcost
of thetopk queryevaluationis a function of the numberof
partialmatcheghatarealive in the system.The size-based
choiceis a natural(simpli ed) analogof corventionalcost-
basedquery optimization,for the topk problem,and can
be computedusing estimatesof the numberof extensions
computedby the sener for a partial match(suchestimates
could be obtainedby usingwork on selectvity estimation
for XML), therangeof possiblescoresof theseextensions,
andthelik elihoodof theseextensionggettingprunedwhen
comparechgainsthetopk set.

In Section6.3.1,we evaluatedifferentpartialmatchrout-
ing stratgiesfor Whirlpool. In Whirlpool-S the algorithm
alwayschooseghe partialmatchwith the maximumpossi-
ble nal scoreasit is theoneontop of therouterqueueln
addition,it is proventhatthis partialmatchwill have to be
processetheforecompletinga topk answerf20]. We tried
severalqueusstratgyiesfor bothLockStepandWhirlpool-M
asdescribedn Section6.1.3.For all con gurationstesteda
gueuebasednthemaximurnpossiblenal scoeperformed
betterthanthe otherqueuesThis resultis in the samespirit



Query Document| k [ Parallelism| Scoring
Size Size Function
3 nodeqQ1), 1Mb, 3, | 1,2,4,1 sparse
6 nodes(Q2), 10Mb, 15, dense
8 nodegQ3) 50Mb 75

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

asUpper[20] asit allows for partialmatcheghatarelikely
to endup in the topk setto be processedrst. In the re-
mainderof this paper resultsthat we reportfor LodkStep
andWhirlpool-Mtechniquesassumesener queueson max-
imumpossiblenal scoes

6.2. Experimental Setup

We implementedhethreetop-k queryprocessingtrate-
giesin C++, using POSIX threadsfor Whirlpool-M. We
ranour experimentson a RedHat 7.1 Linux 1.4GHzdual-
processomachinewith a2Gb RAM anda SunF15K run-
ning Solaris8 with with 54 CPUsrangingfrom 900MHzto
1.2GHz,and200Gbof RAM.

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

Q1 : /item[./description/parlist]

Q2: /iitem[./description/parlist and
/mailbox/mail/text]

Q3:

/litem[./mailbox/mail/text[./bold and ./keyword]

and ./name and ./incategory]

Edge generalizationis enabledby recursve nodesin the
DTD (e.g.,parlist ). Leaf nodedeletionis enabledby
optionalnodesin the DTD (e.g.,incategory ). Finally,
subtregoromotionis enabledby sharechodege.g. text ).

When a query is executedon an XML document,the
documentis parsedand nodesinvolved in the query are
storedin indexesalongwith their “Dewey” encoding. Our
senerimplementatiorof XPath joins at eachsener usesa
simplenested-loomlgorithmbasedn Dewey, sincewe are
not comparingjoin algorithmperformanceWe discusshe
effect of sener operationtime andits tradeof with adap-
tive schedulingimein Section6.3.3.Scoredor eachmatch
are computedusingthe scoringfunction presentedn Sec-
tion 4.

6.2.2. Evaluation Parameters(x-axes) We measuredhe
performancef ourtechniquegor avarietyof criteria(sum-
marizedin Tablel):

Query size: We consider3 querysizes:3 nodes,6 nodes,
and 8 nodes(seeSection6.2.1). The numberof senersis

2 http://monetdizwi.nl/xmlindex.html
3 http://wwwoclc.og/devey/aboufabout 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 nodesnvolvedin aquery Thenum-
ber of partial matchesandthusthe numberof sener oper
ationsfor a topk stratgy is, in the worst case,exponen-
tial in thenumberof nodesinvolvedin the query
Document size: We considerXMark documentsof sizes
rangingfrom 1Mb to 50Mb.

Value of k: We ran experimentsfor valuesof k ranging
from 3 to 75. Whenthe value of k increasesfewer par
tial matchesanbepruned.

Parallelism: OurWhirlpool-M approachakesadvantageof
multiple available processorsWe experimentedwith this
stratgy ondifferentmachine®fferingvariouslevelsof par
allelism(from 1 to 48 processors).

Scoring function: We usedthe tf*idf scoringfunction de-
scribedin Sectiord. We obseredthatthetf*idf valuesgen-
eratedor our XMark datasetwereskewed,with somepred-
icateshaving muchhigherscoreghanothers Giventhisbe-
havior, we decidedto synthesizdéwo typesof scoringfunc-
tion basednthetf*idf scokes to simulatedifferenttypesof
datasetssparse wherefor eachpredicate scoresare nor-
malizedbetweerD and1 to simulatedatasetsvherepredi-
catesscoreareuniform,anddensewherescorenormaliza-
tion is appliedoverall predicateso simulatedatasetsvhere
predicatescoresare skewed. (The termsspaise anddense
referto theeffect of thesefunctionson thedistribution of -
nal scoresof partial matches.)NVe also experimentedwith
randomlygeneratedparseanddensescoringfunctions.A
sparsdunctionallowsfor afew partialmatchedo havevery
high scoresresultingin high k™ scorevalues,which en-
ablesmore pruning. With a densescoring function, nal
scoresof partial matchesare closeto eachother, resulting
in lesspruning.Usingdifferentscoringfunctionspermitsto
studythe impactof scoredistribution on our performance
measuresValidatingthe scoringfunctionsusing precision
andrecall is beyond the scopeof this paperand the sub-
jectof futurework.

6.2.3. Evaluation Measures (y-axes). To comparethe
performancef the differenttechniqueswe usethefollow-
ing metrics:



B max(STATIC) Emedian(STATIC) BImin(STATIC) OADAPTIVE

Query Execution Time (in seconds)

LockStep-NoPrun LockStep Whirlpool-S Whirlpool-M

Figure 6. Query execution time for LockStep-
NoPrun, LockStep, Whirlpool-S and Whirlpool-M ,
for static and adaptive routing strategies (linear
scale).

Query Execution Time: Overall time neededto re-
turnthetopk answers.

Number of Server Operations: This measurallows usto
evaluatethe actualworkloadof the varioustechniquesre-
gardlesof parallelism.

Number of Partial Matches Created: The fewer the cre-
atedpartial matchesthe betterthe topk queryprocessing
techniquds at pruningduringqueryexecution.

6.3. Experimental Results

We now presenexperimentakesultsfor ourtop-k query
evaluationalgorithmsWe rst studyvariousadaptve rout-
ing stratgies(Section6.3.1),andsettleonthemostpromis-
ing one. We then compareadaptve and static stratgjies
(Section6.3.2),andshav thatadaptve routingoutperforms
staticrouting whensener operationcostdominatesn the
guery execution time (Section6.3.3), and that lock-step
stratgiesalwaysperformworsethanstratgiesthatlet par
tial matchesprogressat differentrates.We study the im-
pactof parallelism(Section6.3.4)andof our evaluationpa-
rametergSection6.3.5)on ouradaptie techniquesFinally
(Section6.3.6),we discussscalability

6.3.1. Comparison of Adaptive Routing Strategies.
We study the performanceof adaptve routing strate-
gies for our topk techniques(Section 6.1.4). In par
ticular, we consideredthe maxscow, min.scoe and
min_alive_partial_ matdesdescribedn Section6.1.4.
Figure5 shavsthequeryexecutiontime for Whirlpool-S
andWhirlpool-M for thethreerouting stratgiesfor the de-
fault settingof Table1. Choosingsenersthatincreasepar
tial matchscoresthe most(maxscoe) doesnot resultin
fastexecutionsasit reducegthe pruning opportunities.In
contrasta score-basedtrat@y thataimsat decreasingar
tial matchesscores(min_scoe) performsreasonablywell.
By basingrouting decisionson the numberof alive partial
matchesafter the sener operation the size-basedtratey
(min_alive_partial matdeg is able to prune more partial

Wmax(STATIC) Emedian(STATIC) Omin(STATIC) DADAPTIVE
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Figure 7. Number of server operations for Lock-
Step, Whirlpool-S and Whirlpool-M , for static and
adaptive routing strategies (linear scale).

matchesand thereforedecreaséts workload (numberof
seneroperations)resultingin lower queryexecutiontimes.
Becausemin_ alive_partial_matdesperformsbetterthanall
othertestedrouting strategiesover all con gurationstested
for our adaptve Whirlpool-SandWhirlpool-M techniques,
we will usemin_alive_partial_mathesasWhirlpool s rout-
ing strat@y in therestof this paper

6.3.2. Adaptive vs. Static Routing Strategies. We now
compareadaptie routingstratgiesagainsstaticones Fig-
ures6 and 7 shav thequeryexecutiontime andthenumber
of seneroperationsieededor Whirlpool-SandWhirlpool-
M, aswell asfor both LockStepand LodkStep-NoPrurus-
ing thedefaultvaluesin Tablel. For all techniqueswe con-
sideredall (120) possiblepermutation®f the staticrouting
stratgyy, whereall partialmatchegjo throughthe senersin
thesameordet In addition,for Whirlpool-SandWhirlpool-
M, we consideredur adaptve stratgyy (seeSection6.3.1).
For both LockStepstrateyies, all partial matcheshave to
go throughonesener beforethe next seneris considered,
LodkStepis thus static by nature.This implementationof
LodkStepis similar to the OptThees algorithm presented
in [2].

For all techniqueswe reportthe min, max and median
valuesfor the staticrouting stratey. A perfectqueryopti-
mizerwould choosethe query plan that resultsin the min
valueof thestaticroutingstrategyy. A rst obsenationfrom
Figures6 and 7 is thatfor a given staticrouting strateyy,
Whirlpool-M is fasterthan Whirlpool-S which in turn is
fasterthanLodckStep Thus, allowing somepartial matches
to progressfasterthan others,by letting them being pro-
cesseckarlierby moreseners,resultsin savingsin query
executiontime andtotal numberof sener operationsThe
no-pruningversionof LodkStepis obviously worsethanall
othertechniquesproving thebene tsof pruningwhenpro-
cessingop-k queriesin addition,for bothWhirlpool-Sand
Whirlpool-M, we seethat our adaptve routing strateyy re-
sultsin queryexecutiontimesatleastasef cient asthebest
of the static stratgjies. (For densescoringfunctions,adap-
tive routing stratgjiesresultedin muchbetterperformance
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Figure 8. Ratio of the query execution time of the
diff erent techniques over Loc kStep-NoPrun 's best
query execution time, for diff erent join operation
cost values.

thanthe beststatic strateyy.) Interestingly for this default
setting,Whirlpool-M performsslightly more sener opera-
tionsthanWhirlpool-S However, the betterperformancef
Whirlpool-M is dueto its useof parallelism(2 processors
areavailableonourdefaultmachine}o speedip querypro-
cessingime.

Since Whirlpool always outperforms LockStep and
Whirlpool's adaptve routing strateggy performsaswell as
or betterthanits staticone,we will only considerthe adap-
tiveroutingversionsof Whirlpool-Sandwhirlpool-Min the
restof this paper The termsWhirlpool-SandWhirlpool-M
will now referto their adaptie versions.

6.3.3. Cost of Adaptivity. While adaptvity allows to re-
ducethenumberof seneroperationsandtherefordeadsto
reductionin query processingime, it alsohassomeover
headcost. In Figure 8, we comparethe total query exe-
cution time of Whirlpool-Swith both static and adaptve
routing strat@ies to that of the best LockStepexecution
(bothwith andwithout pruning).Resultsare presentedel-
ative to the bestLodkStep-NoPrurguery executiontime.
(We do not presentresultsfor Whirlpool-M in this sec-
tion asit is dif cult to isolatethe threadingoverheadrom
the adaptvity overhead.)While for static routing strate-
gies,an adaptve pertuple stratgyy (Whirlpool-S-SRATIC)
alwaysoutperformghe LodkStepechniquedy about50%,
theadaptve versionof Whirlpool-Sperformswvorsethanthe
othertechniquesf seneroperationsareveryfast(lessthan
0.5msecs)For query executionswhere sener operations
take more than0.5msecsach,Whirlpool-S-ADAPTIVEis
10% fasterthanits static counterpart(For larger queries
or documentsthe tipping pointis lower than0.5msecsas
the percentagef tuplesprunedasa resultof adaptvity in-
creases.Adaptivity is then useful when sener operation
time dominatesn thequeryexecutiontime. However, when
sener operationare extremelyfast,the overheadof adap-
tivity is too expensve. Theseresultsaresimilarto whatwas
obsenedin [12] and [20]. Asa nal obsenation,in scenar
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Figure 9. Ratio of Whirlpool-M 's query execution
time over Whirlpool-S 's query execution time.

ios wheredatais storedon disk, sener operationcostsare
likely to rise;in suchscenariosadaptvity is likely to pro-
vide importantsavingsin queryexecutiontimes.In thefu-
ture,we planonperformingadaptvity operationsin bulk”,
by groupingtuplesbasedon similarity of scoresor nodes,
in orderto decreasadaptvity overhead.

In this paper we presentesultsfor the casewherejoin
operationgostaroundl.8 msecsach.

6.3.4. Effect of Parallelism. We now studythe effect of
parallelismon the query executiontime of Whirlpool-M.
Note thatin Whirlpool-M, the numberof threadsis equal
to the numberof senersin the query + 2 (routerthread
and main thread),thus Whirlpool-M is limited in its par
allelism.To shav the maximumspeeduplueto parallelism
of Whirlpool-M we performedexperimentsover anin nite
numberof processors(The actual numberof processors
usedin the experimentis 54, which is much higher than
the 10 processorghat Whirlpool-M would usefor Q3.)
Unlike Whirlpool-M, Whirlpool-Sis a sequentialstrat-
egy, thus its executiontime is not affected by the avail-
able parallelism. To evaluate the impact of parallelism
on Whirlpool-M executiontime, we ran experimentson a
10Mb documenfor all threequeriesusingl15 asthevalue
for k, on four differentmachineswith 1, 2, 4 and1 pro-
cessorsrespectiely.* We then computedthe speedupof
Whirlpool-M over the execution time of Whirlpool-§
and reportour resultsin Figure 9. Whenthereis 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 dependson the query
size: Whirlpool-M can take more than twice the time of
Whirlpool-Sfor smallqueriesbut becomegasterwhenpar
allelismis available,for large queries Whenmultiple pro-
cessorsare available, Whirlpool-M becomesfaster than
Whirlpool-S up to 1.5timesfasterwith two processorsp
to 1.95timesfasterwith four processorsandup to a maxi-
mum of almost3.5 timesfasterwhenthe numberof avail-

4 Our4-processorsachineis actuallya dual Xeon machinewith four
“logical” processors.
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able processorss unlimited. For Q1, Whirlpool-M is not
fasterthan Whirlpool-S even when parallelismis avail-
able,asQ1 only hasthreesenersanddoesnottake asmuch
adwantageof parallelismasQ2 andQ3, makingthethread-
ing overheadexpensie in comparisorto 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 alargerquery

The speedupstopsincreasingwhenthe numberof pro-
cessorexceedsthe numberof threadsneededo evaluate
the query Our example queriesdo not take advantageof
parallelismgreaterthanthe numberof senersinvolvedin
thequery+ 2 (routerandmainthreads) ThusQ1 doesnot
bene t from morethan5 processorsQ?2 from morethan8
processorsandQ3 from morethan 10 processorslf more
parallelismis available,we could createseveralthreadsfor
thesamesener, thusincreasingparallelismevenmore.This
is the subjectof futurework.

6.3.5. Varying Evaluation Parameters. We now study
theeffect of our parametergrom Section6.2.2.

Varying Query size: Figure 10 shows the query execu-
tion time for both Whirlpool-S and Whirlpool-M for our
threesamplequeries(Table 1), on alogarithmicscale.The
guery executiontime grows exponentiallywith the query
size.Becauseof the logarithmic scale,the differencesbe-
tween Whirlpool-S and Whirlpool-M are larger than they
appearon the plot. The differencebetweenWhirlpool-M
and Whirlpool-S query executiontime increaseswith the
sizeof the query with Whirlpool-S20% fasterfor Q1 and
Whirlpool-M 48% fasterfor Q3 (k=15), sincethe thread-
ing overheachaslessimpacton largerqueries.

Varying k: Figure10reportsthe effect of varyingthenum-
berof matchegeturnedn thetopk answerThequeryexe-
cutiontime is linearwith respecto k. Interestingly thedif-
ferencein queryexecutiontime betweenwhirlpool-Sand
Whirlpool-Mincreasesvith k. Thisincreasas moresignif-

icantfor larger querysizes,andWhirlpool-M is up to 60%

fasterthanWhirlpool-Sfor Q3, k=75. Thenumberof sener

operationgxhibits a similarbehavior (althoughatasmaller
scale),with 8% fewer sener operationfor Whirlpool-M

for the Q3, k=75 setting. This is rather counterintuitive:

[7] provedthatsequentiatop-k algorithmsbasedon prob-

ing the partial matchwith the highestpossible nal score,
asdoesWhirlpool-S minimizesthe total numberof oper

ationswith respectto a given routing strategy. Sinceour

implementationof Whirlpool-Sand Whirlpool-M usethe

samerouting stratgy, Whirlpool-Sshouldalvays perform
fewer sener operationsThe explanationlies in our adap-
tive routing stratgy: min_alive_partial_ matdes relies on

scoreestimatessener selectvity andcurrenttopk values
to make its choice.This last parametercurrenttopk val-

ues,changesluringqueryexecution.Monitoringthe execu-
tions of Whirlpool-SandWhirlpool-M shaw thattopk val-

uesgrow fasterin Whirlpool-M thanin Whirlpool-S which

may lead to differentrouting choicesfor the samepartial

match, making the algorithmsfollow, in effect, different
schedule$or thesamepartialmatch By makingbetterrout-

ing choices,Whirlpool-M resultsin fewer partial matches
beingcreatedhanWhirlpool-S

Varying Document Size: Figure 11 reportson the effect
of the XML documentsize on the query executiontime.
The executiontime grows exponentiallywith the document
size;thelargerthedocumentthe morepartialmatcheswill
have to be evaluatedresultingin more sener operations
andthuslonger query executiontimes. For a small docu-
ment,theresultis quitefast(lessthanl.2 secfor all queries
tested) makingthethreadsoverheadn Whirlpool-Mexpen-
sive comparedo Whirlpool-Sexecutiontime. However, for
mediumandlarge documentsWhirlpool-M becomesip to
92%fasterthanWhirlpool-S(Q2, 50M documentk=15).

Varying Scoring Function: We experimentedvith differ-
ent scoringfunctions:both sparseand densevariationsof
the tf*idf scoringfunction, aswell asrandomlygenerated
scoringfunctionsthatweredesignedo have eitherdenseor



| DocumentSize | IM | 10M | 50M |

Q1 100% | 93.12% | 85.66%
Q2 100% | 49.56% | 57.66%
Q3 100% | 39.59% | 31.20%

Table 2. Percentage of partial matches created by
Whirlpool-M , as a function of the maxim um possi-
ble number of partial matc hes, for diff erent query
and doc. sizes.

sparseropertiesWe obsenedthatsparsescoringfunctions
leadto fasterqueryexecutiontimes(dueto fasterpruning).
In contrast,with densescoringfunctions,the relative dif-

ferenceshetweenWhirlpool-M and Whirlpool-Sis greater
with Whirlpool-M resultingin greatersavings in termsof

gueryprocessindgime, numberof seneroperationandpar

tial matchesreatedpver Whirlpool-S

6.3.6. Scalability. A topk processingtechnique over
XML documentshasto deal with the explosion of par
tial matchesthat occurswhen query and documentsizes
increaseTo measurahe scalability of Whirlpool, we con-
sidered the number of partial matches created during
gueryexecution,asa ratio of the maximumpossiblenum-
ber of such partial matches.The total number of par
tial matcheds obtainedby running an algorithmwith no
pruning (LodkStep-NoPruj Table 2 shaws that the per
centage of total possible partial matches created by
Whirlpool-M  signi cantly decreaseswith the docu-
mentand query sizes.The bene ts of pruningare modest
for small queries. While all partial matchesare cre-
atedfor Q1, for which tuplesgeneratedy the root sener
do not create“spawvned” tuplesin the join seners, prun-
ing allows to reducethe numberof operationsof these
partial tuples.For large queries(Q3), Whirlpool-M evalu-
ateslessthan40% of the partial matcheson the 10M doc-
ument, and less than 32% on the 50M document.By
pruning partial matches based on score information,
Whirlpool-M (and Whirlpool-§ exhibits good scalabil-
ity in bothqueryanddocumensize.

7. Conclusion

In this paper we presentedVhirlpool, anadaptie eval-
uationstrateyy for computingexactandapproximateop-k
answersof XPath queries.Our resultsshaved that adap-
tivity is very appropriatefor topk queriesin XML. We
obsened that the bestadaptve strateyy focuseson mini-
mizing the intermediatenumberof alive partial matches;
this is analogousto traditional query optimization in
RDBMS, wherethefocusis on minimizing intermediatda-
ble sizes.By letting partial matchesprogressat different
rates,Whirlpool resultsin fasterqueryexecutiontimes.In
addition,Whirlpool scaleswell whenqueryanddocument
sizesincreaseWhile the focusin this paperis not on eval-
uating XPath scoring functions, we shav that Whirlpool
adaptsitself to ernvironmentswhere scoresof interme-

diate answersare either sparseor dense.We studiedthe

effect of parallelismon our Whirlpool approachesndob-

senedthat althoughWhirlpool-M is betterfor mostcases,
if parallelismis not available, or if query or document
size is small, Whirlpool-M threading overheadmay re-

sultin decreasegerformanceln contrastfor largequeries
and documents, Whirlpool-M exploits available paral-
lelism andresultsin signi cant savingsin queryexecution
time over Whirlpool-S We are investigatingnew direc-

tions suchasincreasingthe numberof threadsper sener

for maximalparallelism.
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