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Abstract

XML repositoriesare usually queried both on
structureand content. Due to structuralhetero-
geneityof XML, queriesareofteninterpretedap-
proximatelyandtheiranswersarereturnedranked
by scores.Computinganswerscoresin XML is
an active areaof researchthatoscillatesbetween
purecontentscoringsuchasthewell-knowntf*idf
andtakingstructureinto account.However, none
of theexisting proposalsfully accountsfor struc-
ture andcombinesit with contentto scorequery
answers.We proposenovel XML scoringmeth-
ods that are inspired by tf*idf and that account
for both structure and contentwhile considering
queryrelaxations. Twig scoring, accountsfor the
moststructureandcontentandis thususedasour
referencemethod.Path scoringis anapproxima-
tion thatloosenscorrelationsbetweenquerynodes
hencereducingtheamountof timerequiredto ma-
nipulatescoresduringtop-

�

queryprocessing.We
proposeef�cient datastructuresin orderto speed
uprankedqueryprocessing.Werunextensiveex-
perimentsthat validateour scoringmethodsand
thatshow thatpathscoringprovidesveryhighpre-
cisionwhile improving scorecomputationtime.

1 Intr oduction
XML datais now availablein differentformsrangingfrom
persistentrepositoriessuchas the INEX andthe US Li-
brary of Congresscollections to streamingdatasuchas
stock quotesand news [16]. Suchdata is often queried
on both structureand content[3, 6, 14, 18, 19]. Due to
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thestructuralheterogeneityof XML data,queriesareusu-
ally interpretedapproximately[1, 4, 5, 11, 15] and top-

�

answersare returnedranked by their relevanceto the
query. The term frequency (tf) andinversedocumentfre-
quency (idf) measures,proposedin InformationRetrieval
(IR) [13], arewidely usedto scorekeyword queries,i.e.,
queriesoncontent.However, althoughsomerecentpropos-
als[3, 6, 11, 15] attemptedto proposescoringmethodsthat
accountfor structurefor rankinganswersto XML queries,
noneof themfully capturesbothstructure andcontentand
usesqueryrelaxationin computinganswerscores.

In this paper, we proposescoringmethodsinspiredby
tf*idf to capturescoringandrankingqueriesbothonstruc-
ture andcontent.Thesemethodsrely on queryrelaxation
techniquesappliedto structuralpredicates,i.e.,XPathaxes,
suchas in [1]. We de�ne twig scoringasour methodof
referenceasit accountsfor all structuralandcontentcor-
relationsin the query. However, it is time andspacecon-
sumingbecauseit requirescomputationof thescoresof all
relaxed versionsof a query. Therefore,we proposepath
scoringasan approximationof twig scoringthat loosens
correlationsbetweenquerynodeswhencomputingscores,
therebyreducingthe amountof time requiredto compute
andaccessscoresduring top-

�

queryprocessing.Thekey
idea in pathscoringis to decomposethe twig query into
paths,computethe scoreof eachpathassumingindepen-
dencebetweenpaths,andcombinethesescoresinto anan-
swerscore. This is in the samespirit as the vectorspace
modelof IR [13] whereindependenceis assumedbetween
querykeywordsandanswerscoresarecomputedasacom-
binationof individualquerykeywords' scores.

In [10], we proposedbinary scoringthatalsoaccounts
for structuralpredicatesandthat computesanswerscores
by combiningscoresof individual child and descendants
predicatesin thequerytherebyassumingindependencebe-
tweenall predicates.This scoringmethodis in factanap-
proximationof twig andpathscoringthat needslesstime
andspacein exchangefor adegradationin scorequality.

Ef�cient top-
�

processingrequiresthe ability to prune
partial querymatches,i.e., thosethat will never make the
top-

�

answerlist, asearlyaspossibleduringqueryevalua-



tion. Givenaqueryandascoringmethod,differentanswers
might have different scoresdependingon which relaxed
form of the query they satisfy. In addition, the samean-
swermighthaveadifferentscorefrom onescoringmethod
to another. However, all ourscoringmethodsguaranteethat
morepreciseanswersto theuserqueryareassignedhigher
scores. This propertycanbe usedby any top-

�

algorithm
sincepruning is basedon determiningthe most accurate
scoreof a partialmatchusingthequerythatthematchsat-
is�es bestatacertainpoint in queryevaluationand,identi-
fying thebestscoregrowth of a partialmatch.Developing
the right datastructureandaccessmethodto storescores
is a key factor in the ef�cient evaluationof ranked query
answers[13]. We show how organizingqueryrelaxations
with their scoresin a DAG structure,andusinga matrix
to quickly determinethescoreof a partialmatch,leadsto
ef�cient queryevaluationandtop-

�

processing.
To summarize,wemake thefollowing contributions:

� We proposetwig scoring, a referencemethod for
XML thatis inspiredby tf*idf in orderto capturescor-
ing queryanswersonbothstructureandcontentwhile
accountingfor queryrelaxation.Wealsoproposepath
scoring, anapproximationof twigscoringthatreduces
processingtime. In addition,we discussanotherap-
proximation,binary scoring, that we previously pro-
posedin [10]. All thesescoringmethodsrely on the
ability to evaluatestructuralpredicatesapproximately.

� We proposea DAG to maintain precomputedidf
scoresfor all possiblerelaxed queriesthat a partial
matchmay satisfy. We usea matrix representation
for queries,their relaxations,and partial matchesto
quickly determinetherelaxedquerythat is bestsatis-
�ed by a partialmatchduringtop-

�

queryprocessing
andpruneirrelevantpartialquerymatches.

� We implementedall our scoringmethodsin conjunc-
tion with a top-

�

processingalgorithm. We ran ex-
tensiveexperimentsonrealandsyntheticdatasetsand
queriesand showed that, comparedto twig scoring,
path scoring achieves very high precisionfor top-

�

querieswhile requiringmoderatetime;andthatbinary
scoringresultsin high savings in time andspace,but
exhibitssigni�cant degradationin answerquality.

Relatedwork is given in Section2. Section3 contains
examplesto motivaterelaxation,scoringandtop-

�

process-
ing. Section4 givesde�nitions andthe implementationof
our scoring. Experimentsare detailedin Section5. We
concludeoutliningseveralopenissuesin Section6.

2 RelatedWork
Scoringfor XML is anactiveareaof research[1, 2, 4, 6, 7,
9, 10, 11, 14, 15, 17, 18, 19]. However, with theexception
of [10], noneof the existing proposalsaccountsfor struc-
tural queryrelaxationswhile scoringonbothstructureand
content. However, we show in this paperthat the binary

scoringmethodthat we proposedin [10], while ef�cient,
doesnotprovidehighqualityanswerscomparedto theref-
erencetwig scoringmethod.

The INitiative for the Evaluation of XML retrieval
(INEX) 1 promotesnew scoringmethodsfor XML. INEX
now provides a collection of documentsas a testbedfor
variousscoringmethodsin the samespirit asTREC was
designedfor keyword queries.Unfortunately, noneof the
proposedmethodsusedin INEX asyet is basedon struc-
tural relaxationsto computescores.As a result,theINEX
datasetsandquerieswould needto beextendedto account
for structuralheterogeneity. Therefore,they could not be
usedto validateour scoringmethods.As part of this ef-
fort, XIRQL [6] is basedon a probabilisticapproach[12]
to computescoresat documentedgesandcombinesthem
to computeanswerscores.Thescoreof eachkeyworduses
a pathexpressionassociatedto thekeyword in a queryin-
steadof document-basedscoresas in traditional IR [13].
However, no relaxationsare appliedto path expressions.
Similarly, JuruXML [3] allows usersto specify path ex-
pressionsalongwith querykeywordsandmodi�es vector
spacescoringby incorporatinga similarity measurebased
on the differencein length, referredto as lengthnormal-
ization,betweenthepathexpressionprovidedin thequery
andtheclosestpathin thedata.We believe thatrelying on
a principledway of applyingrelaxationsto XPathqueries
carriesmoresemanticsthanlengthnormalization.

In [18], theauthorsstudytherelationshipbetweenscor-
ing methodsandXML indicesfor ef�cient ranking. They
classify existing methodsaccordingto keyword andpath
axes. Basedon that classi�cation, they show that ranking
onbothstructureandcontentarepoorlysupportedby exist-
ing XML indicesandproposeIR-CADG, an extensionto
dataguidesto accountfor keywords,that betterintegrates
rankingon both structureandcontent. They show exper-
imentally that this index outperformsexisting indicesthat
separatestructureandcontent. This work is complemen-
tary to ours. It considerssimplepathqueriesanddoesnot
accountfor relaxations.It would beinterestingto seehow
our DAG structurecouldbecombinedwith theIR-CADG
index to explore both structuralrelaxationsand a tighter
integrationof indicesonstructureandonkeywords.

Several query relaxationstrategies for graph [8] and
tree[4, 5, 6, 15] querieshavebeenproposedbefore.In this
paper, we adopt the relaxationframework de�ned in [1]
sinceit capturesmostpreviously proposedrelaxationsand
is generalenoughto incorporatenew relaxations. While
in [1], the focuswason de�ning a relaxationframework
andqueryevaluationstrategies assuminga given scoring
function, in this paper, we focuson scoringmethodsand
datastructuresto evaluatetop-

�

XML queries.

3 Moti vation

We representXML dataas forestsof nodelabeledtrees.
Figure1 shows a databaseinstancecontainingfragments

1http://inex.is.informatik.uni-duisburg.de:2004/
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Figure1: HeterogeneousXML DatabaseExample
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Figure2: QueryTreePatternsandRelaxations

of heterogeneousnewsdocuments[16]. Figure2 givesex-
amplesof several queriesdrawn as trees: the root nodes
representthe returnedanswers,single and doubleedges
the descendantandchild axes, respectively, andnodela-
belsnamesof elementsor keywordsto bematched.

3.1 Query Relaxation

Differentqueriesmatchdifferentnews documentsin Fig-
ure 1. For example,query (a) in Figure 2 matchesdoc-
ument(a) exactly, but would neithermatchdocument(b)
(since .0/2143 is not a child of /654768 ) nor document(c)
(since /650768 is entirelymissing).Query(b) matchesdocu-
ment(a) too sincethe only differencebetweenthis query
and query (a) is the descendantaxis between /654768 and

59/650.:7 . Query(c) matchesbothdocuments(a)and(b)since
.;/21<3 is not requiredto bea child of /654768 while query(d)
matchesall documentsin Figure1.

Intuitively, it makessenseto returnall threenewsdocu-
mentsascandidatematches,suitablyrankedbasedon their
similarity to query(a) in Figure2. Queries(b), (c) and(d)
in Figure2, correspondto structural relaxationsof theini-
tial query(a)asde�ned in [1].

In the same manner, none of the three documents
in Figure 1 matchesquery (e) becausenone of their

59/650.:7 s contains =?>2@BA�>C=EDGF HJI6K . Query (f), on the other
hand, is matchedby all documentsbecausethe scopeof

=?>2@LA�>2=EDGF HJI6K is broader than in query (e). It is thus de-
sirableto returnthesedocumentssuitablyrankedon their
similarity to query(e).

In order to achieve the above goals,we usethreere-
laxations:edge generalization(replacinga child axiswith
a descendantaxis), leaf deletion(makinga leaf nodeop-

tional) andsubtreepromotion(moving a subtreefrom its
parentnodeto its grand-parent).Theserelaxationscap-
tureall thestructuralandcontentapproximationsdescribed
in the examples. However, approximatekeyword queries
basedontechniquessuchasstemmingandontologies[17],
areorthogonalto andbeyondthescopeof this work.

Our relaxationscaptureapproximateanswersbut still
guaranteethatexactmatchesto theoriginalquerycontinue
to bematchesto therelaxedquery. For example,query(b)
can be obtainedfrom query (a) by applying edgerelax-
ation to the axis between/650728 and 59/25;.:7 andstill guar-
anteesthatdocumentswhere 59/65;.G7 is a child of /650768 are
matched. Query (c) is obtainedfrom query (a) by com-
posingedgegeneralizationbetween/650768 and 59/25;.:7 and
subtreepromotion(appliedto thesubtreerootedat .;/21<3 ).
Finally, query(d) is obtainedfrom query(c) by applying
leafdeletionto thenodesMN>2@BA�>2=?D2OP>2QRD , 5B/65;.:7 and /650768 .
Query(d) is a relaxationof query(c) which is a relaxation
of query(b) which is a relaxationof query(a). Similarly,
query(f) in Figure2 canbe obtainedfrom query(e) by a
combinationof subtreepromotionandleafdeletion.

3.2 Answer Scoring

In orderto distinguishbetweenanswersto differentrelax-
ationsof thesamequery, weneedascoringmethodto com-
putetherelevanceof eachqueryanswerto the initial user
query. The traditional tf*idf measureis de�ned in IR for
keyword queriesagainsta documentcollection. The idf,
or inversedocumentfrequency, quanti�es the relative im-
portanceof anindividualkeyword in thecollectionof doc-
uments. The tf, or term frequency, quanti�es the relative
importanceof akeyword in anindividualdocument.In the
vectorspacemodel [13], querykeywordsareassumedto
be independentof eachother, and the tf*idf contribution
of eachkeyword is addedto computethe �nal scoreof a
document.

In ourcontext, themostaccuratescoringmethodwould
computethe score of an answertaking occurrencesof
all structuralandcontent(i.e., keyword) predicatesin the
query. For example,a matchto query (c) would be as-
signedan idf scorebasedon the fraction of the number
of S6T;UV1<1074. nodesthat have a child /650728 with a descen-
dant 5B/65;.:7 containingthekeyword MW>2@LA�>2=ED2OP>2QRD anda
descendant.;/2143 that containsthekeyword =?>C@BA�>2=EDVF HJI6K .
Sucha matchwould be assigneda tf scorebasedon the
numberof querymatchesfor thespeci�c S6T0UV1<1;74. answer.
We referto this methodastwig scoring.

While twig scoring capturesall correlationsbetween
nodesin the query, it is time andmemoryconsumingbe-
causeit requiresto computethe scoresof eachrelaxed
query. Therefore,we de�ne pathscoringthat loosensthe
correlationsbetweenquery nodesby assumingindepen-
dencebetweenroot-to-leafpathsin the query, computing
their scoresandcombiningthosescoresto computeanan-
swerscore. For example,for query (a) in Figure2, twig
scoringis basedonthenumberof S6T;UV1:1;74. nodesthathave
an /650768 with a 5B/65;.:7 containing MW>2@BA�>C=ED2OP>2QRD and a



.;/21<3 containing=6>2@BA�>2=?DGF HJI6K while pathscoringrelieson
decomposingthequeryinto its two paths,computingtheir
scoresseparatelyandcombiningthemto computeran an-
swerscore.Hence,it mightnotalwaysdistinguishbetween
answersto differentrelaxedqueriesaswell astwig scoring.

Thescoringmethodproposedin [10] is anotherapprox-
imation of twig scoring. We refer to it as binary scor-
ing becauseit scoresbinarypredicateswith respectto the
queryroot,andassumesindependencebetweenthosepred-
icates.In query(a) in Figure2, thatwouldamountto com-
puting thescoresof the child predicatebetweenS2T;UV1<1;7<.

and /650768 andthescoresof descendantpredicatesbetween
S6T;UE1<1;74. andeachoneof theremainingnodesin thequery
includingkeywordnodes.

3.3 Top-
�

Processing

Scoresneedto beorganizedin suchaway thathelpsto de-
terminethe highestscoreof a partial matchduring top-

�

processingin order to speedup pruning of irrelevant an-
swers.To avoid computingscoreson-demand,queryeval-
uationcouldtake advantageof thefact that idfs areshared
acrossall partial matchesthat satisfy the same(relaxed)
query. For example,all answersthat matchquery (b) in
Figure2 andnotquery(a)wouldhavethesameidf. There-
fore,weproposeto precomputeandstoreidfs for all possi-
blerelaxationsof theuserquery. Thisallowsfor fastaccess
to scorevaluesduringqueryprocessing.We usetwo data
structures:aQueryRelaxationsDAG, anda QueryMatrix,
discussedin thenext section.

4 Scoring
In this section,we formally de�ne approximateanswersto
twig queriesbasedon the notion of query relaxationand
thecorrespondingscoringmethods.

4.1 Twig Queriesand Relaxations

We usepreviously de�ned twig queries, animportantsub-
setof XPath. A twig query X (on

�

nodes)is a rootedtree
with string-labelednodesandtwo typesof edges,Y (achild
edge)and YGY (a descendantedge).2 We call the root node

Z�[:[G\	] of X thedistinguishedanswernode.
We use the term match to denotethe assignmentsof

querynodesto documentnodesthatsatisfytheconstraints
imposedby thequeryandthetermanswerto denotedocu-
mentnodesfor whichthereis amatchthatmapstherootof
thequeryto sucha node.Notethatfor a particularanswer
therecanbemultiplematchesin adocument.For example,
in the document“ ^`_bac^`dCYeac^fdgYhac^fYE_ba ” there
aretwo matchesbut only oneanswerto thequery _0YEd . We
denoteXji�k�l thesetof all answersto X in a documentk .

2Our scoring methods can be de�ned for twig queries with
any XPath axis edges. Edge generalizationand composition (sub-
tree promotion) of edges can be de�ned for all XPath axes,
e.g., a/parent::b can be generalized to a/ancestor::b ,
a/child::b/following-sibling::c canhave the subtreepro-
motiona[./child::b]/child::c . For simplicity of exposition,we
donot investigatethis issuefurtherin thispaper.

De�nition 1 Let X and Xnm betwig queries.Wesaythat Xnm

subsumesX if Xji�kolqprX m i�k�l for all documentsk .

To captureapproximateanswersto a given twig query
we generaterelaxedtwig querieson a subsetof thequery
nodesbasedon thefollowing notionof queryrelaxation:

De�nition 2 (Relaxation) Let X bea twig query. We say
that X m is a simplerelaxationof X (andwrite Xts uvX m ) if

X m
hasbeenobtainedfrom X in oneof thefollowingways:

- an edgegeneralizationrelaxation: a Y edge in X is re-
placedbya YGY edge to obtain X m ;

- a subtreepromotionrelaxation:a pattern _xw dVw Xjygz&YGYEXn{?z

is replacedby _xw dVw Xjygz%_:|~}LF•YGYEXn{?z ; or
- a leafnodedeletionrelaxation:a pattern _xw Xjy2_:|~};F€YVYVd
z

where _ is theroot of thequeryand d is a leafnodeis
replacedby _xw X•yJz .

We saythat X m is a relaxationof X (andwrite X‚s urƒ„X m )
if it is obtainedfrom X bya compositionof

�

simplerelax-
ations(

�†…ˆ‡

).

Note that,givena query X with theroot labeledby _ , the
most general relaxationis the query _ . We denotethis
queryby XŠ‰ . Every exact answerto a relaxationof X is
anapproximateanswerto X , andthesetof all approximate
answers to X in a documentk is equalto X‹‰Œi�kol .

The relaxationsde�ned above do not captureapproxi-
mating contentsuchas using stemmingor ontologieson
keywords[17]. While a detaileddiscussionof this direc-
tion is beyondthescopeof thepaper, theactualway of re-
laxing matchesto keywordsis orthogonalto theremaining
developmentin thepaper.

We organizethe setof all relaxationsof a queryinto a
directedacyclic graph(DAG) in which edgesrelaterelax-
ationsin a subsumptionrelation.We needtwo preliminary
lemmas:

Lemma 3 Let X and X
m
be twig queriessuch that X`s uˆƒ

X
m . Then Xji�k�l•pˆX

m
i�k�l for all documentsD.

Proof: Eachsimplerelaxationsatis�es the statementof
thelemma(by inspection);therestfollowsfrom transitivity
of theinclusionrelation. Ž

Lemma 4 Let X and X
m be two twig queriessuch that

X•s u•ƒ‘X
m and X

m
suˆƒ’X . Then X•“”X

m .

Proof: From Lemma3 we know that Xji�kol�p•X
m

i�k�l

and Xcm�i�k�lWp–Xji�k�l for all documentsk . Thus X‚—˜Xnm .
However, this is only possibleif X™“šX

m
(syntactically)

aseachsimplerelaxationproducesastrictly lessrestrictive
query. Ž

Equippedwith thesetwo lemmaswe canorganizethe re-
laxationsin a DAG asfollows:

De�nition 5 (RelaxationDAG) Let X be a twig query.
We de�ne

›‘œC• ž Ÿ ¡

]

“•i£¢6X
m�¤

X¥s u

ƒ

X
m'¦G§

¢Gi�X
m

§
X

m m
l

¤
X•s uˆƒ’X

mG¨
X

m
su™X

m m

¦
l
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Figure3: A QueryRelaxationsDAG

Figure 3, disregarding the numerical scoresattachedto
nodes,shows the DAG createdfor a simpli�ed query (a)
in Figure2. Givena query X , Algorithm 1 is usedto build
theDAG in a top-down fashion,startingwith a nodecon-
taining thequery X , applyingthe simplerelaxationsteps,
andmerging identicalDAG nodeson the�y . This leadsto
thefollowing result:

Algorithm 1 buildDAG Function
Require: currentDAGNode

1: Q=getQuery(currentDAGNode);
2: for eachnoden in Q do
3: if (canBeRelaxed(n,parent(n))) then
4: newDAGNode= getDAGNode(edgeGeneralize(n,Q));

©

getDAGNodechecksif a DAG nodecontainingqueryQ with
theedgegeneralizedexists,returnsit if it doesor createsit if it
doesnot.ª

5: elseif (not isQueryRoot(parent(n)))then
6: newDAGNode= getDagNode(promoteSubtree(n,Q));
7: elseif noDescendants(n)then
8: newDAGNode= getDAGNode(leafDelete(n,Q));
9: end if

10: addChild(currentDAGNode,newDAGNode);
©

addChild adds
newDAGNodeasa child of currentDAGNodein theDAG.ª

11: buildDAG(newDAGNode);
©

recursive call onnewDAGNode.ª
12: end for

Theorem6 Let X bea twig query. ThenAlgorithm1 pro-
duces

›‘œg•�ž Ÿ ¡

] .

Proof: For a query relaxationnodein the DAG andfor
every nodein that relaxationthe algorithmappliesall al-

lowedsimplerelaxations(cf. De�nition 2: only onesimple
relaxationappliespernodein aquery).Nodesrepresenting
theserelaxationsbecomethe childrenof this nodein the
DAG; new nodesareonly createdwhenthey don't already
exist. The reminderof the proof is a simple inductionon
thedistanceof a nodefrom theroot of theDAG. Termina-
tion of thealgorithmis guaranteedasthereareonly �nitely
many relaxationsof a givenquery. Ž

4.2 ScoringTwig Answers

As the approximateanswersto a query X aresimply an-
swersto the relaxation XŠ‰ , our goal in this sectionis to
rankelementsof X ‰ i�k�l by assigningnumericalvaluesus-
ing a scoring function. The basicidea is that scoresare
basedon consideringbestmatchesfor a given answer—
matchesto theleastrelaxedqueryin theDAG.

Webaseourscoringfunctionon thetf*idf measurepro-
posedin IR [13]. However, we have to modify this mea-
sureto distinguishamongmatchesto differentrelaxations
of theoriginalquery. We�rst de�ne themodi�cation of the
inversedocumentfrequency(idf ):

De�nition 7 (idf of a Relaxation) Let X and X
m be twig

queriessuch that X«s uˆƒNX
m and k an XML document.We

de�ne ¬

žN­

]®

i�X

m

l¯“
¤

X
‰

i�k�l
¤

Y
¤

X

m

i�k�l
¤€°

Weextendthismeasureto all approximateanswers >Š±�X
‰

byde�ning
¬

žN­

]®

i�>Gl¯“”²j³E´L¢

¬

žR­

]®

i�X

m

l
¤

>Š±�X

m

i�k�l
§

X¥s u

ƒ

X

m

¦
F

We saythat a relaxation X
m

that maximizes
¬

žN­

]®

i�>Gl is a
mostspeci�c relaxationof X for > and denotethe setof
theserelaxationsby µj¶x·

]®

i�>Gl .

Our idf scoringguaranteesthat answersto lessapproxi-
matequeriesobtainidf scoresat leastashigh asscoresto
moreapproximateones;this is alsothe basisfor assuring
thatthescore-monotonicityrequirementis metby theover-
all scoreof ananswer. In particular:

Lemma 8 Let X
m

and X
m m

be two relaxationsof X such
that X

m
suˆƒ†X

m m
. Then

¬

žN­

]®

i�X
m

l

…

¬

žR­

]®

i�X
m m

l for any
documentk .

Proof: By de�nition, any answerto X
m m is an answerto

X
m , as X

m m is a relaxed versionof X
m . Therefore,the de-

nominatorvaluein the idf functionfor thecomputationof
Xcm m is greaterthan or equal to the denominatorvalue in
the idf function for the computationof X . It resultsthat

¬

žN­

]
®

i�X
m

l

…

¬

žN­

]
®

i�X
m m

l . Ž

Thus, since the idf scorefor an answer > is de�ned as
the maximal idf valueof all relaxationsof X having > as
an answer, the above lemmaalsoshows that

¬

žR­

]®

i�>Gl

…

¬

žN­

]®

i�>
m

l whenever the bestmatchfor > matchesa less
relaxedquerythanthebestmatchfor >Em .



Intuitively, the idf measureof a query X quanti�es the
extent to which answersto XŠ‰ in k additionally satisfy

X . Thus, more selective queriesare assignedhigher idf
scores.This is akin to theIR case:keywordsthatappearin
a documentcollectionlessfrequentlyareassignedhigher
idf scores.

Note, however, that the idf measurede�ned above as-
signsthe sameidf scoreto all exact matchesto a query

X . In general,all answershaving their bestmatchwith
respectto the samerelaxed queryare given the sameidf
score.On theotherhand,the idf measurebecomesuseful
oncewe allow for relaxedmatchesto the query X , asde-
scribedin Section3. The idf scoresarethenusedto rank
relaxed matchesbasedon how closely they matchthe re-
laxed query. To distinguishbetweenmatchesof thesame
relaxed querywe usethe analogueof the term frequency
(tf ) measure:

De�nition 9 (tf of an Answer) Let X bea twig queryand
k an XML document.Then,for an answer>•±¸X•i�k�l , we
de�ne¹

­

]®

i�>
§

X

m

l¯“
¤

¢?º
¤

ºj³R²j³

\�»½¼n[E¾

X

mG¿%À

k
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º¯i
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¦<¤

for X
m
a mostspeci�c relaxationof X for > , and

¹

­

]®
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i�>
§

X
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l
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X

m

±Äµj¶x·

]®

i�>Gl
¦

F

Intuitively, thetf scoreof ananswerquanti�es thenumber
of distinctwaysin which ananswermatchesa query. This
is againakin to the IR casewherethe term frequency in-
creaseswith thenumberof occurrencesof a keyword in a
document. The �nal scoringfunction for twig queriesis
basedoncombiningtheidf andtf scores.We usea lexico-
graphical i idf § tf l orderingto satisfythescoremonotonicity
requirement.

De�nition 10 (Lexicographical Score) Let k beanXML
document,X a query, and > and >

m approximateanswers to
X in k . We de�ne

>nÅˆ>

m
¿

¾

i

¬
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i�>Glq^

¬
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Usingthis de�nition andLemma8 we have:

Theorem11 Let >
§

>
m

±rXŠ‰Œi�k�l , X
m

and X
m m

be themost
speci�c relaxationsof X for > and >

m
in k , respectively,

such that XnmLs u
ƒ

Xcm m . Then>?mxÅˆ> .

Notethatthemorecommoncombinationsof thetf andidf
scores,e.g.,the

¹

­

]®

i�>Gl2Ç

¬

žN­

]®

i�>Gl function,donotadhere
to our requirementof matchesto lessrelaxedqueriesto be
rankedhigher. Consider, for example,thequery _0YEd posed
over theconcatenationof two documents“ ^•_Èac^bdgYŠac^

Y?_Pa ” and“ ^É_oac^ÊH„ac^ÊdgY†a«F F�F~^¥YEHŠac^É_Pa ” with
Ë

a•{ nested“ d ” elements.Then the idf scoresfor _0YEd

and the relaxation _0YGYEd are { and y , respectively. How-
ever, thetf measuresare y and

Ë

. Thusthemorecommon
tf*idf ranking would prefer the second(lessprecise)an-
swer. Notealso,thatdampeningthetf factor, e.g.,usinga

•

[VÌ function,cannotsolvethis inversionproblemaswecan
choose

Ë

to bearbitrarily large.

4.3 Scoring for Path/Binary Approximations

We usetwig scoringas the referencemeasureof correct-
nesssinceit accountsfor the moststructureandcontent.
However, to computethe scoresof answerswe needto
haveaccessto theidf scoresassociatedto all relaxationsof
theoriginal query. As we pointedout in theprevioussec-
tion, computing(or evenprecomputingwheneverpossible)
thesescorescanbe very expensive. Thusin order to im-
proveef�ciency of theoverall queryprocessing,we de�ne
approachesbasedon decomposingan original twig query
to simplerqueriesandthis way we reducethe numberof
differentidf scoresneeded.Also, in many casesthescores
for suchsimplerqueriesareeasierto compute.In particu-
lar, weconsidertwo decompositionsÍVÎ2ÏJÐ;ÑnÒGi�X„l for atwig
query X :

Path Decomposition thesetof all pathsin X leadingfrom
theroot of X to any othernodein X ; and

Binary Decomposition the set of all queries XŠÓÔ“

Z�[<[V\
]

Y6K or XcÓÕ“

Z	[<[G\
]

YGY6K for K anodein X such
that X«prXnÓ .

The decompositionsfor our examplequeryareas fol-
lows:

Example12 Thesetsof queries
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are thePathandBinaryDecompositions,respectively, of a
twig query“ »½¼
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For eachdecomposition,wealsoneedto de�ne how the
scoresfor theindividual fragmentsarecombinedinto a �-
nalanswerscore.Theidf measuredependsonwhetherwe
considerjoint (correlated) matchesonly or assumeinde-
pendencebetweenmatchesto the individual components
of a twig query. Hence,wehavetwo de�nitions of idf : one
for thecorrelatedcaseandonefor theindependentcase.

De�nition 13 (Path/Binary idf Score) Let X be a twig
query, X

m a relaxationof X , and k anXML document.We
de�ne

¬

žN­

]
®

i�X

m

l¯“
¤

Xn‰’i�k�l
¤

Y
¤ ×

]ÕØ�ÙEÚ	Û'Ü�Ý
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Á(á

X
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¤

for correlatedscoring, and
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Þxß
à�]ÕÁ
á

¤
Xn‰ãi�k�l

¤
Y

¤
X

Ó
i�k�l

¤

for independentscoring.

The idf scoreof an answerunderthe above assumptions
is againthemaximalidf of a relaxationcontainingthean-
swer.

Thetf measureis thesamein bothcasesasit is de�ned
onaper-answerbasis:



De�nition 14 (tf for Path/Binary) Let X bea twig query,
X m

a relaxationof X and k an XML document.Then,for
>n±oXji�k�l , wede�ne
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where X m is a mostspeci�c relaxationfor > , and
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l ¤ X
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i�>Gl ¦ F

Similarly to thetwig scoring,we canshow thatthelexico-
graphical i idf § tf l orderingof queryanswersbasedon the
scoresobeys thescoremonotonicityrequirement.

Note that thedistinctionbetweenindependentandcor-
relatedscoringonly appliesfor binary and path scoring.
Altogether we have de�ned � ve scoring methods,listed
in the order of increasingprecision: binary-independent
that considersall predicatesto be independent,binary-
correlatedthat takesinto accountcorrelationsbetweenin-
dividual binary predicates,path-independentthatassumes
independencebetweenquery paths,path-correlated, that
takes into accountthe correlationboth within pathsand
acrosspathsin the query, andtwig, the referencescoring
method,that takesall of the query twig correlationsinto
account.

4.4 Top-
�

Query Processing

In this section,we discussdatastructuresthatcanbeused
by any top-

�

processingalgorithm to computetop-
�

an-
swersto XML queriesef�ciently .

4.4.1 Using the DAG

As mentionedearlier, our DAG provides a convenient,
constant-timeaccessto the idf valueof any partial match
during query processing(seeFigure 3 for an example).
This value can be computedusing selectivity estimation
techniquesfor twig queries[11].

Note that every (even partial) matchis an exact match
to a relaxationof theoriginal query. Also, for matcheswe
have:

Lemma 15 Let X be a query, k an XML document,and
º a match for an answer >Ã±éX

‰
i�k�l . Thenthere is a

uniquequery Xnm’±

›‘œg•�ž Ÿ ¡

] such that º is a match for
>ê±ÃX

m
i�k�l and º is not a match for > in X

m m
i�k�l for any

ancestorX
m m

of X
m
in

›‘œC• žRŸ ¡

] .

Thusit is suf�cient to associatea singlescorewith every
match. At eachDAG node,we keepthe maximumthe-
oreticalupperboundfor a partial matchthat satis�es the
twig queryassociatedwith that node: if the queryat that
nodeincludesall nodesof the original query, thena par-
tial matchthat satis�es this twig querycannotbe further
extended,and its scoreupperboundvalue is equalto its
idf value;however, if the twig querydoesnot includeall

the nodesfrom the original query, e.g., if it is a relax-
ation of the original query wheresomeleaf deletionop-
erationswereapplied,westoreapointerin theDAG to the
DAG nodecontainingthe bestrelaxationsuchan incom-
pletepartial matchcould satisfy. In the samemanner, we
cankeeppointersin theDAG to accessinformationsuchas
thescoreupperboundvaluesof all possiblecon�gurations
of partial matches(somenodesmissing,somenodesun-
known), or themaximumscoreincrease(in idf value)that
would be gainedfrom checkingoneof possibleunknown
nodesin the partial match. During queryevaluation,idf s
areaccessedin constanttime usinga hashtable to check
thequerypartialmatchesagainstthetwig queriesstoredin
theDAG.

From Lemma8, it follows that the deepera query is
in the DAG, the lower its idf is. An exampleof a query
relaxationDAG for the(simpli�ed) queryfrom Figure2(a)
is givenin Figure3. Notethata, thelowest(mostrelaxed)
queryin theDAG,hasanidf of 1 asit consistsof returning
everysingledistinguishednode.

4.4.2 Using the Matrix

We proposea query matrix usedto apply relaxationsto
queriesduring the DAG building stepand, more impor-
tantly, to mapapartialmatchto its correspondingqueryus-
ing matrixsubsumptionduringqueryevaluation.By repre-
sentingbothpartialmatchesandqueriesin thesameframe-
work, wecancomparethemef�ciently , by only requiringa
matrix comparison.

Thematrix is de�ned for twig querieson K nodes;we
assumethatthenodesarenamed¢C|äë

§
FCFgF�|~ì

¦ .

De�nition 16 (Matrix Representation) Let X be a twig
query on at most K nodes. We de�ne a KîíeK matrix

ï

] asfollows:

�

ï

w ð
§

ð�zB“”_ if thenode|
Ó

±�X haslabel _ ;
ï

w ð
§

ð�zB“bñ if thenode|ÕÓŒò ±PX ;
ï

w ð
§

ð�zB“có otherwise;

�

ï

w ð
§�ô

zB“ÊY if |
Ó

Y6|BõW±�X ;
ï

w ð
§�ô

zÂ“–YVY if there is a pathfrom |
Ó to |Bõ in X but

|~Ó�Y6|
õ

ò±�X ;
ï

w ð
§�ô

zä“–ñ if |~Ó
§

|
õ

±eX andthere is no path from
|~Ó to |

õ ;
ï

w ð
§�ô

zB“có otherwise.

A subsumptionorderbetweenthesymbolsstoredin thema-
trix cells is de�ned as follows: _•^öó , YÄ^öYVY¸^‚ó , and

ñÔ^÷ó . The re�exive subsumptionorder Å is the above
order extendedwith thediagonal relationon thesymbols.
A partial match matrixcanbede�nedsimilarly.

It is easyto seethata lower matrix is suf�cient to capture
all theinformationrepresentedin X asqueriesaretrees.

Figure 4 shows the query matrix 4(a) for the (simpli-
�ed) query from Figure2(a), andseveral possiblepartial
matchesto this querythat canbe computedduring query
evaluation: 4(b) is a partial matchthat hasnot yet been



1 2 3 4
1 channel
2 / item
3 // / title
4 // / X link

1 2 3 4
1 channel
2 // item
3 ? ? ?
4 // / X link

(a)OriginalQuery (b) PartialMatch
not evaluatedfor “title”

1 2 3 4
1 channel
2 // item
3 X X X
4 // / X link

1 2 3 4
1 channel
2 // item
3 // / title
4 // / X link

(c) FinalMatch (d) FinalMatch
“title” doesnotproducematch “title” is child of “item”

Figure4: QueryMatrices

checked againsttitle , hencethe correspondingentries
are set to “?”; the relationshipbetweenchannel and
item for thatpartialmatchhasbeenrelaxedto “//”. 4(c)
is the samepartial matchas 4(b), with no title nodes
found, the correspondingmatrix entriesare thenequalto
“X”. Finally, 4(d) is a extensionof 4(b) for whichanexact
matchfor nodetitle hasbeenfound.

Matrices are createdfor partial matchesby checking
their binarynoderelationships.Operationsonmatricesare
performedin threesituations:to createarelaxedversionof
a queryin theDAG building process(e.g.,by replacingall
entriesinvolvedin anedgegeneralizationwith their relax-
ation), to checkwhethera queryis a relaxationof another
query(matrix subsumption),or to checkwhethera partial
matchmapsto a querypattern(matrixsubsumption).

Matrix creation and subsumption operations need
i'K�ø2YV{<l comparisonwhereK is thenumberof querynodes.
Sincequeriesareexpectedto befairly small,mostoftenno
larger than10 nodes,this producesef�cient computation
times. Eachmatrix entry hasa maximumof 4 possible
entriesthereforethereareat most ù

ìãú�û

ø relaxationsof a
givenquery;theactualnumbertendsto bemuchlower as
mostmatrix combinationsarenot possible.This looseup-
perboundalsogivesusanupperboundon thesizeof the
DAG, asthereis only oneDAG nodeperqueryrelaxation.

4.4.3 Top-
�

Algorithm

In this paper, we do not claim the top-
�

processingalgo-
rithmasacontributionsinceweusetheadaptiveprocessing
algorithmdevelopedin [10]. However, our DAG andma-
trix datastructurescould be usedby any top-

�

algorithm
to determine(i) thehighestscoreof a partialmatchduring
queryevaluationand(ii) if apartialmatchshouldbepruned
or notdependingon its scoreupperbound.

Algorithm 2 is a sketchof the top-
�

algorithmthat we
use. It startsby evaluatingthe queryroot node. Then, it
determinesthe partial matcheswith the highestscorepo-
tential usinggetHighestPotential which relieson
scoreupperboundsextractedfrom the DAG to prioritize
partialmatches.Thealgorithmthenexpandsthosematches
by computingthe next bestquery node for eachone of

them.Notethatthealgorithmtreatseachpartialmatchin-
dividually (asopposedto abatchprocessing).Whenapar-
tial matchis generated,it is checkedagainstthe top-

�

list
(updateTopK ). Thepartialmatchmaybeusedto update
thetop-

�

list or it maybecarriedto thenext stepor it may
bepruned.Thealgorithmstopswhenall querynodeshave
beenevaluatedfor all matchesin thetop-

�

list andthereis
noothermatchthatis waiting to beprocessed.

Algorithm 2 A Generictop-
�

Algorithm
Require: QueryQ, DocumentD

1: PartialMatches=getRootNodes(D,Q);
©

PartialMatchesis thesetof partiallyevaluatedanswers.ª

2: topK=empty;
©

thewhile conditionchecksif all K answersin topK arecomplete,
andif no partialmatchhaspotential�nal scoreshigherthancurrent
topK matches.ª

3: while !checkTopK(topK) do
4: currentMatch=getHighestPotential(PartialMatches);

©

partialmatchwith thehighestpotential�nal score.ª
5: newMatches=expandMatch(currentMatch,Q,D);

©

choosesthe next bestquerynodeto evaluatefor currentMatch
andmaygeneratemany new matches.ª

6: PartialMatches+=newMatches;
©

addsexpandedpartialmatchesto PartialMatches.ª

7: topK=updateTopK(newMatches);
©

updateTopK keepsthebestK answersin topKª

8: endwhile

5 Experimental Evaluation

In this sectionwe brie�y discussour implementationof
top-

�

query processingtechniquesand then presentex-
tensive quality andef�ciency evaluationsof the proposed
XML scoringmethods.

5.1 Summary of Results

Our experimentalevaluation comparesthe � ve scoring
methods: binary-independent, binary-correlated, path-
independent, path-correlated, andtwig. Twig resultsin the
perfecttop-

�

answer. Ourresultsshow thatthebinaryscor-
ing methodsallow for fastDAG preprocessingandquery
executiontimes,in exchangefor degradedanswerquality.
When scorequality is important,both path methodsof-
fer goodqualityanswers,but path-correlatedrequireshigh
preprocessingtimes. In contrast,path-independentoffers
goodanswerquality (oftenperfect),while saving in terms
of preprocessingtimes.

We implementedour top-
�

strategiessuchthat all idf s
andscoreupperboundsareaccessedthroughtheDAG.Our
(idf,tf) scoringmeasure(seeSection4.2) assignsthesame
idf s to matchesthatsharethesame(relaxed)querypattern.
Tieson suchmatchesarebrokenbasedon theanswerstf s.
Since,unlike idf, eachmatchhasan individual tf score,
it is more ef�cient to estimatethe tf of a matchduring
queryevaluationbasedon selectivity estimates(which can
bestoredin theDAG). However, in orderto avoid skewing
resultsin ourexperimentalevaluationof idf scoring,wedo
not take tf s into account.



5.2 Experimental Setup

We implementedtheDAG andquerymatrix structures,as
well as the top-

�

query processingstrategies from [10]
in C++. We ran our experimentson a RedHat 7.1 Linux
1.4GHzdual-processormachinewith 2Gbof RAM.

5.2.1 Data and Queries

To offer a comprehensive evaluationof our scoringmeth-
ods,in termsof time andspace,aswell astheir effect on
queryprocessing,we performedexperimentson synthetic
XML data.Resultson realdataaregivenin Section5.3.5.

We generatedheterogeneouscollectionsof documents
usingtheToxgenedocumentgeneratingtool3. In orderto
enablequeryrelaxation,documentsof varioussizeswere
generatedusing heterogeneousDTDs. For our synthetic
experiments,the createddocumentscontainsimple node
labels(e.g.,<a> and<b>), andU.S. statenamesas text
content.We thenranour experimentsondifferentdatasets
by assemblingdocumentsbasedon size(in termsof num-
ber of nodes). We also performedexperimentson col-
lections where we varied the parametersof the datasets
suchascorrelationor numberof exactanswers.We mea-
suredthe correlationof a datasetas the type of matches
to querypredicatesthat arepresentin the dataset:simple
binary predicates(no correlation),binary predicatesonly,
binary predicatesand simple path predicates,binary and
path predicates,and mixed (all threetypesof predicates
arepresentin the dataset).The numberof exact answers
is a percentageof thetop-

�

answersthatareexactanswers
to the query. We reportour valuesfor correlationandthe
numberof exactanswerswith respectto our default query

ü?ý .
We evaluated our scoring methods on 18 different

queriesexhibiting different sizes,query structures(twig
shapes),andcontentpredicates.We chosethese18queries
to illustrate the different possiblequery relaxationstruc-
turesthatmayhappenin a real-world scenario.

þ
ÿ : a[./b/c]
þ�� : a[./b][./c]
þ�� : a[./b/c/d]
þ�� : a[./b[./c/]/d]
þ�� : a[./b][./c][./d]
þ�� : a[./b/c/d/e]
þ�� : a[./b[./c]/d/e]
þ
	 : a[./b/c/d/e/f]
þ�� : a[./b[./c/d]/e/f]
þ�� : a[./b[./c[./e]/f]/d][./g]

þ��	ÿ : a[contains(./b,"AZ")]
þ��
� : a[contains(.,"WI") and contains(.,"CA")]
þ���� : a[contains(./b/c,"AL")]
þ���� : a[contains(./b,"AL") and contains(./b,"AZ")]
þ���� : a[contains(.,"WA") and contains(.,"NV") and

contains(.,"AR")]
þ���� : a[contains(./b,"NY") and

contains(./b/d,"NJ")]
þ���� : a[contains(./b/c/d/e,"TX")]
þ���	 : a[contains(./b/c,"TX") and

contains(./b/e,"VT")]

3http://www.cs.toronto.edu/tox/toxgene/

We performedour syntheticdataexperimentsvarying
different parameters:query size, query shape,document
size(in termsof numberof nodesthat satisfyeachquery
node),documentcorrelation,numberof exact answers,

�

.
The default parameterswe usedfor our experimentsare
summarizedin Table1.

Finally, we also ran several experimentson a real
dataset:theXML versionof theWall StreetJournalTree-
bank4 corpora. Treebankprovides text annotationsof
English sentences,the datasetwe use consistsof anno-
tatedWall StreetJournaltext. Sentencesarebrokenusing
tagsrepresentingvariousgrammatical(phrases)andspeech
structures. For instance,<NP> representsa noun phrase
within a sentence(<S>), thenounphrasecanincludedif-
ferentpart-of-speechsuchasasingularnoun(<NN>). Tags
usedin thequerieswe testedinclude:prepositionalphrase
(<PP>), verbphrase(<VP>), determiner(<DT>), interjec-
tion, (<UH>), comparativeadverb(<RBR>), andpossessive
ending(<POS>). We ranexperimentson 6 queriesof dif-
ferentsizesandshapes:

TB0: S[./UH and contains(./VP,"There")]
TB1: S[./NN[./NP]/DT]
TB2: NP[./S/PP/NN]
TB3: VP[./S/[./NP]/PP/NN]
TB4: VP[./S/NP/PP/NN]
TB5: S[./VP[./RBR][./POS] and

contains(./VP,"should")]

5.2.2 Evaluation Measures

To comparethe performanceof the idf scoring mecha-
nisms,we usedthefollowing measures:

DAG Size: Memory sizeneededto storethe DAG struc-
ture.Thisshowsthememorysizeneededfor eachmethod.
DAG PreprocessingTime: Time neededto build the
DAG, computethe idf scoresandall optionalinformation
storedin theDAG. In orderto isolatetheeffect on scores
approximationdueto binaryandpathscoringmethods,we
computedthe exact idf scoresby exploring all matches.
This preprocessingstepcanbe improvedusingselectivity
estimationmethodssuchasin [11].
Precision:Percentageof top-

�

answers(andtheir ties)that
arecorrecttop-

�

answers(or ties to the correcttop-
�

an-
swer),accordingto theexacttwig scoringmethod.Answer
tiesareanswersto thequerythatsharethesameidf asthe

�����

returnedanswer. Our Precisionmeasuretakespossi-
ble ties into accountin orderto penalizescoringmethods
thatproducetoo many possibletop-

�

results(i.e., scoring
methodsthatproducemany answerswith thesamescore)
comparedto thetwig method.Theprecisionmeasuregives
someinformationaboutthequalityof theanswersreturned.
Query ProcessingTime: Timeneededto computethetop-

�

answerto thequery, in additionto theDAGpreprocessing
time. This measureshows how scoredistribution impacts
queryprocessingtime.

4 http://www.cis.upenn.edu/treebank/home.html
http://www.cs.washington.edu/research/xmldatasets/

www/repository.html



QuerySize QueryShape DocumentSize DocumentCorrelation # of ExactAnswers
�

ü?ý (4 nodes) ü?ý (twig) w

‡

§ y

‡V‡G‡

z Mixed(with respectto ü?ý ) 12%(with respectto ü?ý ) 25

Table1: ExperimentalDefaultSettings
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Figure5: A QueryRelaxationsDAG for binaryScoring

5.3 Experimental Results

We now presentourexperimentalresultsfor theevaluation
of ourdifferentscoringstrategies.

5.3.1 DAG Size

Thepathandtwig scoringpotentiallyresultin differentidf
scorevaluesfor eachnodein therelaxationDAG described
in Section4. Binary scoringdoesnot assigndifferentidf s
to all DAG nodes,but only to thosethat resultin different
binary querystructures. In order to save memoryspace,
and DAG preprocessingtime, it is thereforepossibleto
onlybuild asubsetof therelaxationDAGwhenconsidering
binary scores.A simpleway to implementthis optimiza-
tion is to convert theoriginal queryinto a binarypredicate
query, andbuild therelaxationDAG from this transformed
query. Figure5 shows the DAG that resultsfrom binary
scoring(assumingindependentpredicatescoringfor theidf
scores)of thequeryin Figure3. Sincethebinaryversionof
thequeryis muchsimplerthanthequeryitself andresults
in fewer possiblerelaxations,its DAG is smallerthan,or
thesamesizeastheoriginal relaxationDAG; 12 nodesvs.
36 nodesin our example. Experimentalevaluationshows
that for queriesthat do not only consistof binary predi-
catesbut alsooffer somecomplex structuralpatterns,the
DAGsfor the twig andpathscoringmethodsarean order
of magnitudelarger thantheDAGsfor thebinary scoring
methods.However, thesemorecomplex DAGsarestill of
a reasonablesize(1MB for our larger query ü�� ), andcan
thereforebeeasilykeptin mainmemoryduringtop-

�

query
processing.
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Figure6: DAG PreprocessingTime

5.3.2 Comparing ScoringMethods

The preprocessingtimes neededto build the DAGs and
computethe idf scoresfor eachof our scoringmethods
areshown, for all 18 queriesover a small dataset,in Fig-
ure 6 (logarithmicscale). The path-correlatedmethodis
the most expensive and its cost grows rapidly with the
querysize,with timesgreaterthan100,000secsfor ü�� , ü�� ,

ü�� , ü

y�� and ü

y

� ; its high costis mostlydueto veryexpen-
sivescorecomputationandpropagation.Path-independent
andtwig arefaster, with path-independentfasterthantwig
for all non-chainqueries. For chainqueries: ü

‡

, ü

{ , ü�� ,
ü�� , ü

y

‡

, ü

y2{ and ü

y�� , thepreprocessingtimesof twig and
path-independentaresimilar. For thesetwo methods,ex-
ploring all matchesdominatespreprocessingtime. In the
caseof chainqueries,thematchesconsideredarethesame
for twig andpath-independent,path-independentis slightly
slower due to somescorepropagation(sum computation
overhead). Note that this overheadwill becomenegligi-
ble as the documentcollection size increases. The two
binary methodsarefasterthantheir path counterparts,as
they work on a smallerDAG, but they offer smallerscore
ranges. Binary-correlatedcan be expensive as the query
sizeincreases,andis oftenmoreexpensivethantwig. Since
bothcorrelatedmethodsareoutperformedby twig, wewill
not reportfurtherresultsfor thesemethodsin this paper.

Figure7 shows theprecisionof top-
�

queryevaluation
strategies when using the threeremainingmethods. The
twig methodhasthe perfectprecision. Path-independent
hasverygoodprecision,oftenequalto 1, or close.binary-
independenthas the worst precision, as it doesnot of-
fer a �ne granularityof scores. If time is the main con-
straint,thenbinary-independentallowsfor fastpreprocess-
ing time in exchangefor somedegradationin scorequal-
ity. If scorequality is important, for chain queries,the
twig approachis the bestas it providesperfectprecision,
andis asfastaspath-independent; for querieshaving more
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Figure7: Top-
�

Precision
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Figure8: Top-
�

Precisionfor path-IndependentScoring

complex shapes,path-independentprovidesthebestqual-
ity/preprocessingtime tradeoff.

We alsocomparedthe processingtime neededto eval-
uatea top-

�

querywith the differentscoringmethodsus-
ing the top-

�

query evaluationstrategies from [10]. The
twig andpathtechniquesresultsin similarqueryexecution
times. However, we observed that the binary approaches
may result in slightly fasterquery processingtimes, as
more partial matchesend up with the highestscores,al-
lowing to identify a top-

�

setearlier in the executionand
discardlow-quality matchesfaster. This makes binary-
independentthe methodof choicewhentime is an issue.
An in-depthcomparisonof theperformanceof top-

�

query
processingstrategiesis beyondthescopeof this paper. We
referthereaderto [10] for moredetailson this subject.

In therestof this section,we studythedifferentparam-
etersthataffect quality andspeedof our proposedscoring
methods.

5.3.3 Varying the DocumentCollection Size

Figures8 showstheeffectof documentsize,in termsof the
numberof documentnodesthatmatcheachquerynode,on
the precisionof path-independenton a subsetof the syn-
thetic dataqueries.While precisionis mostly affectedby
datadistribution, largerdocumentsmayendup producing
moretiesto thetop-

�

answers,whichin turn leadsto lower
precisionvalues. Precisionresultsfor path-independent
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Figure 9: Precisionfor Datasetswith variousdegreesof
Correlation

(Figure8)aregoodoverall.Thequeriesthatsuffer themost
from thesimpli�ed pathscoringcomparedto thecomplex
twig scoringarethosequeriesthat have twig patternsthat
have branchingnodesbelow theroot node,asthecorrela-
tion in thesepatternsis lost by thepath-independentscor-
ing. Note that the chainqueriesü

{ , ü�� and ü�� have low
precisionfor onedataset:this is partly dueto the fact that
mostof the answersto thesequeriesarerelaxed answers,
andexhibit a twig pattern(dueto subtreepromotion),and
to the presenceof multiple ties in the answerset. Since
our precisionmeasurepenalizesscoringapproachesthat
producemany ties to the top-

�

answers,somequeriesex-
hibit low valuesof precisionfor path-independent. In these
cases,many answerstend to be assignedhigh scores,re-
sultingin low precisionvalues,althoughtheexactanswers
arepartof thehigh scoringanswers.Notethat this behav-
ior is data-andquery-dependent,which is the reasonwhy

ü

{ haslow precisionfor themediumdataset,while ü�� and
ü�� have low precisionfor thelargedataset.In addition,we
comparedpath-independentandtwig preprocessingtimes.
Theresultsareconsistentwith thosein Figure6, andshow
thatpath-independentallowsfor fasterDAG preprocessing
timesthantwig whenthequerydoesnotconsistof asingle
chain.Whenquerieshavemultiple paths(or binary)predi-
cates,thesavingsin preprocessingtime canbesigni�cant:
up to 83% for the binary query ü

ù , and72% for the twig
query ü

� .

5.3.4 Effect of Corr elation

We now look at theeffect of datacorrelationon thequal-
ity of top-

�

answers. Figure 9 shows the precisionfor
our scoringmethodsfor ü?ý on datasetsexhibiting differ-
entanswertypes;for example,thebinarydatasetonly pro-
ducesanswersthat consistof binary predicates,while the
mixeddatasetproducesanswersthatexhibit all threepred-
icatepatterns:binary, pathandtwig. As expected,assoon
assomeof the answershave complex predicates(twig or
binary), the precisionof the binary-independentscoring
methoddrops. Interestingly, path-independentprecision
staysequalto onefor all datasets,with thenotableexcep-
tion of the binary non-correlatedpath dataset.Note that
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Figure10: Precisionfor theTreebankDatasets

for thatparticulardataset,path-independenttop-
�

answers
haveanaccuracy of 64%(64%of thereturnedanswersare
partof the

�

topanswersasreturnedby twig), however, the
precisionis muchlower, aspath-independentreturnsahigh
numberof ties.

Path-independenthas a perfect precisionfor datasets
that producecorrelatedpathsand twig answers. While
path-independentdoesnot take this correlation into ac-
count, the scoreorderingof the answersis not impacted,
astheunderlyingpredicatedistribution is uniform. When
individual path predicateshave very different idf values,
path-independentanswersmay be of low quality because
thescoreorderingof answersmaybedifferentfrom thatof
twig. In effect, this meansthat sibling DAG nodes(DAG
nodesthatdonothaveanancestor/descendantrelationship,
andthereforehave no orderingconstrainton their scores)
may have their scoreorderingreversedbetweenthe twig
andpath-independentDAGs.We believethatthissituation
doesnothappenveryoftenin practice.

5.3.5 RealDocumentCollections

Figure 10 shows the precisionvaluesfor our 6 queries
over the Treebankdataset.We consideredtwo fragments
of the dataset,with differentsizes. Resultsareconsistent
with what we observed for syntheticdata, with binary-
independentoffering low precision,andpath-independent
offeringhigh precision,oftenperfect.For our realdataex-
periments,path-independentlowestprecisionwas0.4,but
in two thirdsof thequerytestedpath-independentexhibited
perfectprecision.

As future work, we plan to extend the INEX datasets
andqueriesin orderto validateour scoringmethods.

6 Conclusion
We presenteda family of scoringmethods,inspiredby the
tf*idf approach,thataccountbothfor thestructureandthe
contentin XML documents.Our methodsscorerelaxed
answersto XML queriesin a way thatguaranteesthat the
closeran answeris to the exact query, the higher is its
score. We also proposedef�cient implementationstruc-
turesto speedup XML top-

�

queryevaluationin this set-
ting. We areplanningto investigatestreamingscenarios,

wherenew datais constantlyaddedto thedataset.By keep-
ing theDAG structuresfor queriesthatusersareinterested
in andupdatingthescoreinformationin adynamicfashion
webelievethatwecanprovideanef�cient andhighquality
top-

�

queryansweringapproachfor a throughput-oriented
streamingframework .
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