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Abstract

XML repositoriesare usually queried both on
structureand content. Due to structuralhetero-
geneityof XML, queriesareofteninterpretedap-
proximatelyandtheiranswersarereturnedanked
by scores. Computinganswerscoresin XML is
an active areaof researchthat oscillatesbetween
purecontentscoringsuchasthewell-known tf*idf
andtaking structureinto account.However, none
of the existing proposaldully accountsfor struc-
ture and combinest with contentto scorequery
answers.We proposenovel XML scoringmeth-
ods that are inspired by tf*idf and that account
for both structue and contentwhile considering
gueryrelaxations Twig scoring accountdor the
moststructuie and contentandis thususedasour
referencanethod. Path scoringis anapproxima-
tionthatloosengorrelationdbetweerquerynodes
hencereducingheamountof timerequiredto ma-
nipulatescoregiuringtop- queryprocessingWe
proposeef cient datastructuresn orderto speed
up rankedqueryprocessingWe run extensie ex-
perimentsthat validate our scoringmethodsand
thatshav thatpathscoringprovidesveryhighpre-
cisionwhile improving scorecomputatiortime.

1 Intr oduction

XML datais now availablein differentformsrangingfrom
persistentrepositoriessuchasthe INEX andthe US Li-
brary of Congres<ollections to streamingdatasuchas
stock quotesand news [16]. Suchdatais often queried
on both structureand content[3, 6, 14, 18, 19]. Dueto
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the structuralheterogeneityf XML data,queriesareusu-
ally interpretedapproximately[1, 4, 5, 11, 15 andtop-
answersare returnedranked by their relevanceto the
query Thetermfrequeng (tf) andinversedocumentre-
gueny (idf) measuresproposedn Information Retrieval
(IR) [13], arewidely usedto scorekeyword queries,i.e.,
guerieson content.However, althoughsomerecentpropos-
als[3, 6,11, 15] attemptedo proposescoringmethodghat
accountfor structurefor rankinganswergo XML queries,
noneof themfully capturesothstructuie andcontentand
usesqueryrelaxationin computinganswerscores.

In this paper we proposescoringmethodsinspiredby
tf*idf to capturescoringandrankingqueriesbothon struc-
ture and content. Thesemethodsrely on queryrelaxation
techniquesippliedto structurabredicatesi.e., XPathaxes,
suchasin [1]. We de ne twig scoring asour methodof
referenceasit accountdor all structuraland contentcor-
relationsin the query However, it is time and spacecon-
sumingbecauséd requirescomputatiorof the scoresof all
relaxed versionsof a query Therefore,we proposepath
scoringas an approximationof twig scoringthat loosens
correlationshetweermguerynodeswhencomputingscores,
therebyreducingthe amountof time requiredto compute
andaccesscoregduringtop- queryprocessing.The key
ideain pathscoringis to decomposéhe twig queryinto
paths,computethe scoreof eachpathassumingndepen-
dencebetweerpaths,andcombinethesescoresnto anan-
swerscore. This is in the samespirit asthe vectorspace
modelof IR [13] whereindependence assumedbetween
guerykeywordsandanswelrscoresarecomputedasacom-
binationof individual querykeywords' scores.

In [10], we proposedinary scoringthatalsoaccounts
for structuralpredicatesand that computesanswerscores
by combiningscoresof individual child and descendants
predicatesn thequerytherebyassumingndependencbe-
tweenall predicatesThis scoringmethodis in factanap-
proximationof twig and pathscoringthat needdesstime
andspacdn exchangefor adegradationin scorequality.

Ef cient top- processingequiresthe ability to prune
partial query matchesj.e., thosethatwill never make the
top- answellist, asearlyaspossibleduringqueryevalua-



tion. Givenaqueryandascoringmethod differentanswers
might have different scoresdependingon which relaxed

form of the querythey satisfy In addition,the samean-

swermight have a differentscorefrom onescoringmethod
to anotherHowever, all our scoringmethodgyuarante¢hat

more preciseanswesto theuserqueryare assignedigher

scoles This propertycanbe usedby ary top- algorithm
since pruningis basedon determiningthe mostaccurate
scoreof a partial matchusingthe querythatthe matchsat-
is es bestatacertainpointin queryevaluationand,identi-

fying the bestscoregrowth of a partialmatch. Developing
the right datastructureand accessnethodto storescores
is a key factorin the ef cient evaluationof ranked query
answerq13]. We shav how organizingqueryrelaxations
with their scoresin a DAG structure,and using a matrix

to quickly determinethe scoreof a partial match,leadsto

ef cient queryevaluationandtop- processing.

To summarizeywe make the following contributions:

We proposetwig scoring a referencemethod for
XML thatis inspiredby tf*idf in orderto capturescor
ing queryanswersn bothstructureandcontentwhile
accountindgor queryrelaxation.We alsoproposepath
scoring anapproximatiorof twig scoringthatreduces
processingime. In addition, we discussanotherap-
proximation,binary scoring that we previously pro-
posedin [10]. All thesescoringmethodsrely on the
ability to evaluatestructuralpredicategpproximately

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 determinethe relaxed querythatis bestsatis-
ed by apartialmatchduringtop- queryprocessing
andpruneirrelevantpartialquerymatches.

We implementedall our scoringmethodsin conjunc-
tion with a top- processingalgorithm. We ran ex-
tensve experimentonrealandsyntheticdatasetand
gueriesand shaved that, comparedto twig scoring
path scoring achieves very high precisionfor top-
guerieswhile requiringmoderatdime; andthatbinary
scoringresultsin high savingsin time andspaceput
exhibits signi cant degradationin answerquality.

Relatedwork is givenin Section2. Section3 contains
exampledo motivaterelaxationscoringandtop- process-
ing. Section4 givesde nitions andthe implementatiorof
our scoring. Experimentsare detailedin Section5. We
concludeoutlining severalopenissuesn Section6.

2 RelatedWork

Scoringfor XML is anactive areaof researchl, 2,4, 6, 7,
9,10, 11, 14, 15, 17, 18, 19]. However, with the exception
of [10], noneof the existing proposalsaccountdor struc-
tural queryrelaxationswhile scoringon both structureand
content. However, we shaw in this paperthat the binary

scoringmethodthat we proposedn [10], while ef cient,
doesnot provide high quality answersomparedo theref-
erencewig scoringmethod.

The INitiative for the Evaluation of XML retrieval
(INEX) * promotesnew scoringmethodsfor XML. INEX
now provides a collection of documentsas a testbedfor
variousscoringmethodsin the samespirit as TREC was
designedor keyword queries. Unfortunately noneof the
proposedmethodsusedin INEX asyet is basedon struc-
tural relaxationgo computescores.As aresult,the INEX
dataset@ndquerieswould needto be extendedto account
for structuralheterogeneity Therefore they could not be
usedto validateour scoringmethods. As part of this ef-
fort, XIRQL [6] is basedon a probabilisticapproacH12]
to computescoresat documentdgesand combinesthem
to computeanswerscores The scoreof eachkeyword uses
a pathexpressiorassociatedo the keyword in a queryin-
steadof document-basedcoresasin traditional IR [13].
However, no relaxationsare appliedto path expressions.
Similarly, JuruXML [3] allows usersto specify path ex-
pressionsalongwith querykeywordsand modi es vector
spacescoringby incorporatinga similarity measurébased
on the differencein length, referredto aslength normal-
ization, betweerthe pathexpressiormprovidedin the query
andtheclosestpathin the data.We believe thatrelying on
a principledway of applyingrelaxationsto XPath queries
carriesmoresemanticshanlengthnormalization.

In [18], theauthorsstudytherelationshipbetweerscor
ing methodsand XML indicesfor ef cient ranking. They
classify existing methodsaccordingto keyword and path
axes. Basedon thatclassi cation, they showv thatranking
onbothstructureandcontentarepoorly supportedy exist-
ing XML indicesand proposelR-CADG, an extensionto
dataguidego accountfor keywords,that betterintegrates
rankingon both structureand content. They shawv exper
imentally that this index outperformsexisting indicesthat
separatestructureand content. This work is complemen-
tary to ours. It considersimplepathqueriesanddoesnot
accounffor relaxations.It would be interestingto seehow
our DAG structurecould be combinedwith the IR-CADG
index to explore both structuralrelaxationsand a tighter
integrationof indiceson structureandon keywords.

Several query relaxation stratgies for graph [8] and
tree[4, 5, 6, 15] querieshave beenproposedefore.In this
paper we adoptthe relaxationframeavork de ned in [1]
sinceit capturesmostpreviously proposedelaxationsand
is generalenoughto incorporatenew relaxations. While
in [1], the focuswason de ning a relaxationframewvork
and query evaluationstratgies assuminga given scoring
function, in this paper we focus on scoringmethodsand
datastructurego evaluatetop- XML queries.

3 Motivation

We represeniXML dataas forestsof nodelabeledtrees.
Figure 1 shavs a databasénstancecontainingfragments

Ihttp://inex.is.informatik.uni-disburg.de: 2064/
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Figure2: QueryTreePatternsandRelaxations

of heterogeneousens documentg$16]. Figure2 givesex-
amplesof several queriesdrawn astrees: the root nodes
representhe returnedanswers,single and double edges
the descendanand child axes, respectiely, and nodela-
belsnamesof elementsr keywordsto be matched.

3.1 Query Relaxation

Differentqueriesmatchdifferentnews documentsn Fig-
ure 1. For example,query (a) in Figure 2 matchesdoc-
ument(a) exactly, but would neithermatchdocument(b)
(since is not a child of ) nor document(c)
(since is entirely missing). Query(b) matchesdocu-
ment(a) too sincethe only differencebetweerthis query
and query (a) is the descendanaxis between and

. Query(c) matchedothdocumentga) and(b) since

is not requiredto be a child of while query(d)
matchesll documentsn Figurel.

Intuitively, it makessensdo returnall threenews docu-
mentsascandidatamatchessuitablyrankedbasedn their
similarity to query(a) in Figure2. Querieg(b), (c) and(d)
in Figure2, correspondo structural relaxationsof theini-
tial query(a) asde nedin [1].

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

S contains Query (f), on the other

hand,is matchedby all documentshecausdhe scopeof

is broaderthanin query(e). It is thusde-

sirableto returnthesedocumentssuitably ranked on their
similarity to query(e).

In orderto achieve the above goals, we usethreere-
laxations:edge generlization (replacinga child axis with
a descendanaxis), leaf deletion(making a leaf nodeop-

tional) and subtee promotion(moving a subtreefrom its
parentnodeto its grand-parent). Theserelaxationscap-
tureall thestructuralandcontentapproximationslescribed
in the examples. However, approximatekeyword queries
basedntechniquesuchasstemmingandontologieq17],
areorthogonalo andbeyondthe scopeof this work.

Our relaxationscaptureapproximateanswersbut still
guaranteg¢hatexactmatchego theoriginal querycontinue
to be matchego therelaxed query For example,query(b)
can be obtainedfrom query (a) by applying edgerelax-
ationto the axis between and andstill guar
anteeghatdocumentavhere is a child of are
matched. Query (c) is obtainedfrom query (a) by com-
posingedgegeneralizatiorbetween and and
subtreepromotion(appliedto the subtreerootedat ).
Finally, query(d) is obtainedfrom query (c) by applying
leafdeletionto thenodes , and
Query(d) is arelaxationof query(c) whichis arelaxation
of query(b) which is a relaxationof query(a). Similarly,
query(f) in Figure2 canbe obtainedfrom query(e) by a
combinationof subtregoromotionandleaf deletion.

3.2 Answer Scoring

In orderto distinguishbetweenanswergo differentrelax-
ationsof thesamequery, we needascoringmethodto com-
putethe relevanceof eachqueryanswerto the initial user
query Thetraditionaltf*idf measuras de ned in IR for
keyword queriesagainsta documentcollection. The idf,
or inversedocumentrequeng, quanti es the relative im-
portanceof anindividual keywordin thecollectionof doc-
uments. The tf, or term frequeng, quanti es the relative
importanceof a keywordin anindividual documentin the
vectorspacemodel[13], query keywords are assumedo
be independentf eachother andthe tf*idf contribution
of eachkeyword is addedto computethe nal scoreof a
document.

In our context, themostaccurate scoringmethodwould
computethe score of an answertaking occurrencesof
all structuralandcontent(i.e., keyword) predicatesn the
query For example,a matchto query (c) would be as-
signedan idf scorebasedon the fraction of the number

of nodesthat have a child with a descen-
dant containingthe keyword anda
descendant that containsthe keyword .

Sucha matchwould be assigned tf scorebasedon the
numberof querymatchedor thespeci c answer
We referto this methodastwig scoring

While twig scoring capturesall correlationsbetween
nodesin the query it is time and memoryconsumingbe-
causeit requiresto computethe scoresof eachrelaxed
query Therefore we de ne path scoringthatloosensthe
correlationsbetweenquery nodesby assumingindepen-
dencebetweenroot-to-leafpathsin the query computing
their scoresandcombiningthosescoreso computeanan-
swerscore. For example,for query(a) in Figure 2, twig
scoringis basednthenumberof nodeghathave
an with a containing and a



containing while pathscoringrelieson
decomposinghe queryinto its two paths,computingtheir
scoresseparatelyand combiningthemto computeran an-
swerscore.Hencejt mightnotalwaysdistinguishbetween
answesto differentrelaxedqueriesaswell astwig scoring.
Thescoringmethodproposedn [10] is anotherapprox-
imation of twig scoring. We refer to it as binary scor
ing becauset scoresbinary predicateswith respecto the
gueryroot,andassumefdependencbetweerthosepred-
icates.In query(a)in Figure2, thatwould amountto com-
puting the scoresof the child predicatebetween

and andthe scoresf descendanpredicatedbetween
andeachoneof theremainingnodesin thequery
includingkeyword nodes.

3.3 Top- Processing

Scoremeedto beorganizedn suchaway thathelpsto de-
terminethe highestscoreof a partial matchduring top-
processingn orderto speedup pruning of irrelevant an-
swers.To avoid computingscoreson-demandgueryeval-
uationcouldtake advantageof thefactthatidfs areshared
acrossall partial matchesthat satisfy the same(relaxed)
query For example,all answergthat matchquery (b) in
Figure2 andnot query(a) would have thesamedf. There-
fore, we proposeo precomputeandstoreidfs for all possi-
blerelaxationof theuserquery Thisallowsfor fastaccess
to scorevaluesduring query processing We usetwo data
structuresa QueryRelaxationdDAG, anda QueryMatrix,
discussedhn the next section.

4 Scoring

In this section,we formally de ne approximateanswerso
twig queriesbasedon the notion of queryrelaxationand
thecorrespondingcoringmethods.

4.1 Twig Queriesand Relaxations

We usepreviously de ned twig queries animportantsub-
setof XPath. A twig query (on nodes)s arootedtree
with string-labelecdhodesandtwo typesof edges, (achild
edge)and (adescendanédge)? We call the root node
of thedistinguishecanswemode

We usethe term matc to denotethe assignment®f
guerynodesto documeninodesthat satisfythe constraints
imposedby the queryandthetermanswerto denotedocu-
mentnodesfor whichthereis amatchthatmapstheroot of
the queryto sucha node.Notethatfor a particularanswer
therecanbe multiple matchesn adocumentFor example,
in the document" " there
aretwo matchesut only oneanswerto thequery . We
denote thesetof all answerdo in adocument .

20ur scoring methods can be de ned for twig queries with
ary XPath axis edges. Edge generalizationand composition (sub-
tree promotion) of edges can be dened for all XPath axes,
e.g., al/parent::b can be generalized to a/ancestor::b
a/child::b/following-sibling::c canhave the subtreepro-
motional[./child::b]/child::c . For simplicity of exposition,we
do notinvestigatethis issuefurtherin this paper

De nition 1 Let and

subsumes if

betwig queries.We saythat
for all documents .

To captureapproximateanswerso a giventwig query
we generateaelaxedtwig querieson a subsebf the query
nodeshasedn thefollowing notionof queryrelaxation

De nition 2 (Relaxation) Let bea twig query We say
that isasimplerelaxationof (andwrite ) if
hasbeenobtainedfrom in oneof thefollowingways:

- an edgegeneralizationmelaxation:a edgein isre-
placedbya edgetoobtain ;

- asubtregoromotionrelaxation: a pattern
is replacedby ; or

- aleafnodedeletionrelaxation:a pattern

wheee istherootofthequeryand is aleafnodeis
replacedby
We saythat s arelaxationof (andwrite )

if it is obtainedfrom by a compositiorof simplerelax-
ations( ).

Notethat, givena query with theroot labeledby , the
mostgenerl relaxationis the query . We denotethis
queryby . Everyexactanswerto a relaxationof is
anapproximateansweito , andthesetof all approximate
answesto inadocument isequalto

The relaxationsde ned above do not captureapproxi-
mating contentsuchas using stemmingor ontologieson
keywords[17]. While a detaileddiscussiorof this direc-
tion is beyondthe scopeof the paperthe actualway of re-
laxing matchego keywordsis orthogonato theremaining
developmentin the paper

We organizethe setof all relaxationsof a queryinto a
directedagyclic graph(DAG) in which edgeselaterelax-
ationsin a subsumptionelation.We needtwo preliminary
lemmas:

Lemma3 Let and

. Then

Proof: Eachsimplerelaxationsatis es the statemenbf
thelemma(by inspection)therestfollowsfrom transitiity
of theinclusionrelation.

be twig queriessud that
for all document®.

Lemma4 Let and be two twig queriessud that

and . Then
Proof: FromLemma3 we know that
and for all documents . Thus

However, this is only possibleif (syntactically)
aseachsimplerelaxationproducesastrictly lessrestrictive

query

Equippedwith thesetwo lemmaswe canorganizethe re-
laxationsin a DAG asfollows:

De nition 5 (RelaxationDAG) Let
Wede ne

be a twig query
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Figure3: A QueryRelaxationdDAG

Figure 3, disrggarding the numerical scoresattachedto

nodes,shavs the DAG createdfor a simpli ed query(a)

in Figure2. Givenaquery , Algorithm 1 is usedto build

the DAG in atop-davn fashion,startingwith a nodecon-
tainingthe query , applyingthe simplerelaxationsteps,
andmeming identical DAG nodesonthe y . Thisleadsto

thefollowing result:

Algorithm 1 buildDAG Function

Require: currentDAGNode
1: Q=getQuery(current®GNode);
2: for eachnodenin Q do
3: if (canBeRelagd(n,parent())) then
4: nevDAGNode= getDAGNode(edgeGeneraé(n,Q));
getDAGNodechecksf a DAG nodecontaininggueryQ with
theedgegeneralizeaxists, returnsit if it doesor createst if it
doesnot.

5. elseif (notisQueryRoot(parent(n)ihen
6: nevDAGNode= getDagNode(promoteSubtree(n,Q));
7:  elseif noDescendants(ithen
8: nevDAGNode= getDAGNode(leafDelei@,Q));
9:  endif
10:  addChild(currentBGNode,n&vyDAGNode); addChild adds

nevDAGNodeasa child of currentbBAGNodein the DAG.
11:  buildDAG(nevDAGNode); recursve call onnevDAGNode.

12: endfor

Theorem6 Let
duces

beatwig query ThenAlgorithm1 pro-

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

lowedsimplerelaxationgcf. De nition 2: only onesimple
relaxationappliespernodein aquery).Nodesrepresenting
theserelaxationsbecomethe children of this nodein the
DAG; new nodesareonly createdvhenthey don't already
exist. The reminderof the proof is a simpleinductionon
the distanceof a nodefrom theroot of the DAG. Termina-
tion of thealgorithmis guaranteedsthereareonly nitely
mary relaxationof a givenquery

4.2 Scoring Twig Answers

As the approximateanswergo a query aresimply an-
swersto therelaxation , our goalin this sectionis to
rankelementof by assigninghumericalvaluesus-
ing a scoring function The basicideais that scoresare
basedon consideringbestmatchesfor a given answef—
matchego theleastrelaxedqueryin the DAG.

We baseour scoringfunctionon thetf*idf measurero-
posedin IR [13]. However, we have to modify this mea-
sureto distinguishamongmatchedo differentrelaxations
of theoriginalquery We rst de ne themodi cation of the
inversedocumenfrequency(idf):

De nition 7 (idf of aRelaxation) Let and  be twig
gueriessud that and an XML documentWe
de ne

We extendthis measueto all approximateanswes

by de ning

that maximizes isa
and denotethe set of

We saythat a relaxation
mostspeci ¢ relaxationof  for

theserelaxationsby

Our idf scoringguaranteeshat answersto less approxi-
matequeriesobtainidf scoresatleastashigh asscoreso
more approximateones;this is alsothe basisfor assuring
thatthescore-monotonicityequirements metby theover
all scoreof ananswer In particular:

Lemma8 Let and be two relaxationsof  sud
that . Then for any
document .

Proof: By de nition, any answerto is an answerto

, as is arelaxed versionof . Therefore,the de-
nominatorvaluein theidf functionfor the computatiorof
is greaterthan or equalto the denominatorvalue in
theidf functionfor the computationof . It resultsthat

is de ned as
having as

Thus, sincethe idf scorefor an answer
the maximalidf valueof all relaxationsof
an answer the above lemmaalso shows that

wheneer the bestmatchfor matchesa less
relaxedquerythanthe bestmatchfor



Intuitively, the idf measureof aquery quanti esthe
extent to which answersto in  additionally satisfy
. Thus, more selectve queriesare assignedhigher idf
scoresThisis akinto thelR case:keywordsthatappeain
a documentcollectionlessfrequentlyare assignechigher
idf scores.
Note, however, thatthe idf measurede ned above as-
signsthe sameidf scoreto all exact matchesto a query
In general,all answershaving their bestmatchwith
respectto the samerelaxed query are given the sameidf
score.On the otherhand,the idf measurébecomesuseful
oncewe allow for relaxed matchego the query , asde-
scribedin Section3. Theidf scoresarethenusedto rank
relaxed matcheshasedon how closelythey matchthe re-
laxed query To distinguishbetweenmatchesof the same
relaxed querywe usethe analogueof the term frequency
(tf) measure:

De nition 9 (tf of an Answer) Let beatwig queryand
an XML document.Then,for an answer , we
de ne

for amostspeci crelaxationof for ,and

Intuitively, thetf scoreof ananswemruanti esthe number
of distinctwaysin which ananswematchesaquery This

is againakin to the IR casewherethe term frequeng in-

creasesvith the numberof occurrencesf a keywordin a

document. The nal scoringfunction for twig queriesis

basedn combiningtheidf andtf scoresWe usea lexico-

graphical idf tf orderingto satisfythescore monotonicity
requirement.

De nition 10 (Lexicographical Score) Let bean XML
document, aqueryand and appmoximateanswesto
in .Wede ne

Usingthis de nition andLemma8 we have:

Theorem11l Let , and
speci c relaxationsof for and in
sud that . Then

Note thatthe morecommoncombinationf the tf andidf
scorese.g.,the function,donotadhere
to our requiremenbf matcheso lessrelaxed queriesto be

be the most
, respectively

rankedhigher Consideyfor example thequery  posed
overtheconcatenatioof two document$
" and*“ " with

nested* " elements. Thenthe idf scoresfor
and the relaxation are and , respectrely. How-
ever, thetf measuresre and . Thusthe morecommon
tf*idf ranking would preferthe second(lessprecise)an-
swer Notealso,thatdampeninghetf factor, e.g.,usinga
function,cannotsolve thisinversionproblemaswe can
choose to bearbitrarily large.

4.3 Scoringfor Path/Binary Approximations

We usetwig scoringasthe refeencemeasureof correct-
nesssinceit accountfor the moststructureand content.
However, to computethe scoresof answerswe needto
have accesgo theidf scoresassociatedtb all relaxationsof
the original query As we pointedout in the previous sec-
tion, computing(or evenprecomputingvheneerpossible)
thesescorescanbe very expensie. Thusin orderto im-
prove ef ciency of the overall queryprocessingye de ne
approachesasedon decomposingn original twig query
to simpler queriesandthis way we reducethe numberof
differentidf scoremeededAlso, in mary caseghescores
for suchsimplerqueriesareeasierto compute.In particu-

lar, we considettwo decompositions for atwig
query
Path Decomposition thesetof all pathsn  leadingfrom

therootof toary othernodein ;and

Binary Decomposition the set of all queries
or for anodein such

that

The decompositiongor our examplequery are as fol-
lows:

Example 12 Thesetsof queries

are the Pathand Binary Decompositiong;espectivelyof a
twig query” "

For eachdecompositionye alsoneedto de ne how the
scoredfor the individual fragmentsarecombinedinto a -
nalanswerscore.Theidf measurelepend®nwhetherwe
considerjoint (correlated matchesonly or assumende-
pendenceébetweenmatchesto the individual components
of atwig query Hence we have two de nitions of idf: one
for the correlateccaseandonefor theindependentase.

De nition 13 (Path/Binary idf Score) Let  be a twig
query arelaxationof ,and anXML documentWe
de ne

for correlatedscoring and

for independenscoring

The idf scoreof an answerunderthe above assumptions
is againthe maximalidf of arelaxationcontainingthe an-
swer

Thetf measures thesamein bothcasessit is de ned
onaperanswerbasis:



De nition 14 (tf for Path/Binary) Let
arelaxationof and
, wede ne

beatwig query
an XML document.Then,for

whee isamostspeci crelaxationfor , and

Similarly to thetwig scoring,we canshaw thatthelexico-
graphical idf tf orderingof query answersasedon the
scorenbeysthe scoremonotonicityrequirement.

Note thatthe distinctionbetweenndependenandcor-
relatedscoringonly appliesfor binary and path scoring.
Altogetherwe have de ned ve scoring methods,listed
in the order of increasingprecision: binary-independent
that considersall predicatesto be independentpbinary-
correlatedthattakesinto accountcorrelationsbetweenin-
dividual binary predicatespath-independerthatassumes
independencéetweenquery paths, path-corelated that
takes into accountthe correlationboth within pathsand
acrosspathsin the query andtwig, the referencescoring
method,that takes all of the querytwig correlationsinto
account.

4.4 Top- Query Processing

In this section,we discussdatastructureghatcanbe used
by anytop- processingalgorithmto computetop- an-
swersto XML queriesef ciently.

4.4.1 Usingthe DAG

As mentionedearlie; our DAG provides a corvenient,
constant-timeaccesdo the idf valueof ary partial match
during query processing(see Figure 3 for an example).
This value can be computedusing selectvity estimation
techniquedor twig querieq11].

Note that every (even partial) matchis an exact match
to arelaxationof the original query Also, for matchesve
have:

Lemmal5 Let bea query
a matd for an answer
uniquequery sud that is a matd for

and is nota matd for in for any
ancestor of in

an XML documentand
. Thentheris a

Thusit is sufcient to associate single scorewith every
match. At eachDAG node,we keepthe maximumthe-
oreticalupperboundfor a partial matchthat satis es the
twig queryassociatedvith that node: if the query at that
nodeincludesall nodesof the original query thena par
tial matchthat satis es this twig query cannotbe further
extended,andits scoreupperboundvalueis 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 where someleaf deletionop-
erationswereapplied,we storea pointerin the DAG to the
DAG nodecontainingthe bestrelaxationsuchan incom-
plete partial matchcould satisfy In the samemannerwe
cankeeppointersin the DAG to accessnformationsuchas
the scoreupperboundvaluesof all possiblecon gurations
of partial matches(somenodesmissing, somenodesun-
known), or the maximumscoreincreasein idf value)that
would be gainedfrom checkingone of possibleunknavn
nodesin the partial match. During query evaluation,idf s
areaccessedh constantime usinga hashtableto check
thequerypartialmatchesagainsthetwig queriesstoredin
theDAG.

From Lemmas, it follows that the deepera queryis
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 the DAG, hasanidf of 1 asit consistof returning
every singledistinguishechode.

4.4.2 Usingthe Matrix

We proposea query matrix usedto apply relaxationsto
queriesduring the DAG building stepand, more impor-
tantly, to mapapartialmatchto its correspondingjueryus-
ing matrix subsumptiorduringqueryevaluation.By repre-
sentingbothpartialmatcheandqueriesn thesameframe-
work, we cancompareghemef ciently , by only requiringa
matrix comparison.

The matrix is de ned for twig querieson  nodes;we
assumehatthe nodesarenamed
De nition 16 (Matrix Representation) Let be a twig
gueryon at most nodes. We de ne a matrix
asfollows:
if thenode haslabel ;
if thenode ;
otherwise;
if ;
if thereis a pathfrom to in but
if andthere is no pathfrom
to ;

otherwise

A subsumptiomorderbetweerthesymbolsstoredin thema-
trix cellsis de ned as follows: , , and

. There exive subsumptiororder is the above
order extendedwith the diagonalrelation on the symbols.
A partial matcd matrix canbe de nedsimilarly.

It is easyto seethata lower matrix is sufcient to capture
all theinformationrepresenteth  asqueriesaretrees.
Figure 4 shows the query matrix 4(a) for the (simpli-
ed) queryfrom Figure 2(a), and several possiblepartial
matchedo this querythat canbe computedduring query
evaluation: 4(b) is a partial matchthat hasnot yet been



1 2 3 4 1 2 3 4
1 channel 1 channel
2 / item 2 I item
3 I [ title 3 ? ? ?
4 I / X link 4 I / X link
(a) Original Query (b) Partial Match
not evaluatedhor “title”
1 2 3 4 1 2 3 4
1 channel 1 channel
2 n item 2 n item
3 X X X 3 I [ title
4 I / X link 4 I / X link
(c) Final Match (d) Final Match

“title” doesnot producematch “title” is child of “item”

Figure4: QueryMatrices

checled againsttitte , hencethe correspondingntries
are setto “?"; the relationshipbetweenchannel and
item for that partial matchhasbeenrelaxedto “//”. 4(c)

is the samepartial matchas 4(b), with no title nodes
found, the correspondingnatrix entriesare then equalto

“X". Finally, 4(d) is a extensionof 4(b) for which anexact
matchfor nodetitle  hasbeenfound.

Matrices are createdfor partial matchesby checking
their binarynoderelationshipsOperation®on matricesare
performedn threesituations:to createarelaxedversionof
aqueryin the DAG building procesge.g.,by replacingall
entriesinvolvedin anedgegeneralizatiorwith their relax-
ation), to checkwhethera queryis a relaxationof another
query(matrix subsumption)pr to checkwhethera partial
matchmapsto a querypattern(matrix subsumption).

Matrix creation and subsumption operations need

comparisorwhere isthenumberof querynodes.
Sincequeriesareexpectedo befairly small,mostoftenno
larger than 10 nodes,this producesef cient computation
times. Eachmatrix entry hasa maximumof 4 possible
entriesthereforethereare at most relaxationsof a
givenquery;the actualnumbertendsto be muchlower as
mostmatrix combinationsarenot possible.This looseup-
perboundalsogivesus an upperboundon the size of the
DAG, asthereis only oneDAG nodeperqueryrelaxation.

4.4.3 Top- Algorithm

In this paper we do not claim the top- processingalgo-
rithm asacontritutionsincewe usetheadaptve processing
algorithmdevelopedin [10]. However, our DAG andma-
trix datastructurescould be usedby ary top- algorithm
to determing(i) the highestscoreof a partialmatchduring
gueryevaluationand(ii) if apartialmatchshouldbepruned
or notdependingn its scoreupperbound.

Algorithm 2 is a sketchof the top- algorithmthatwe
use. It startsby evaluatingthe queryroot node. Then, it
determineghe partial matcheswith the highestscorepo-
tential using getHighestPotential which relieson
scoreupperboundsextractedfrom the DAG to prioritize
partialmatchesThealgorithmthenexpandshosematches
by computingthe next bestquery nodefor eachone of

them. Note thatthe algorithmtreatseachpartial matchin-

dividually (asopposedo a batchprocessing)Whenapar

tial matchis generatedit is checled againstthe top- list

(updateTopK ). Thepartialmatchmaybe usedto update
thetop- list or it maybe carriedto thenext stepor it may
be pruned.Thealgorithmstopswhenall querynodeshave

beenevaluatedfor all matchesn thetop- list andthereis

no othermatchthatis waiting to be processed.

Algorithm 2 A Generictop- Algorithm

Require: QueryQ, DocumentD
1: PartialMatches=getRitNodes(D,Q);
PartialMatchess the setof partially evaluatedanswers.
2: topK=empty;
thewhile conditionchecksif all K answersn topK arecomplete,
andif no partialmatchhaspotential nal scoreshigherthancurrent
topK matches.
3: while IcheckpK(topK) do
4:  currentMatch=getHighdRbtential(ParialMatches);
partialmatchwith the highestpotential nal score.
5: newMatches=gpandMatclcurreniMatch,Q,D);
chooseshe next bestquery nodeto evaluatefor currentMatch
andmaygeneratanary nev matches.
6: PartialMatches+=neMatches;
addsexpandedpartial matchedo PartialMatches.
7:  topK=update®pK(navMatches);
update®pK keepsthebestK answersn topK

8: endwhile

5 Experimental Evaluation

In this sectionwe brie y discussour implementationof
top- query processingtechniquesand then presentex-
tensie quality and ef ciency evaluationsof the proposed
XML scoringmethods.

5.1 Summary of Results

Our experimental evaluation comparesthe ve scoring
methods: binary-independent binary-correlated path-
independentpath-correlated andtwig. Twig resultsin the
perfecttop- answerOurresultsshav thatthebinary scor
ing methodsallow for fastDAG preprocessingnd query
executiontimes,in exchangefor degradedanswerguality.
When scorequality is important, both path methodsof-
fer goodquality answersbut path-corielatedrequireshigh
preprocessingimes. In contrast,path-independenbffers
goodanswerquality (often perfect),while saszing in terms
of preprocessingimes.

We implementecdour top- stratggiessuchthatall idfs
andscoreupperboundsareaccessethroughthe DAG. Our
(idf tf) scoringmeasurgseeSection4.2) assignghe same
idf sto matcheghatsharethe samg(relaxed)querypattern.
Tieson suchmatchesarebrokenbasedn theanswerdfs.
Since, unlike idf, eachmatchhasan individual tf score,
it is more efcient to estimatethe tf of a matchduring
gueryevaluationbasedn selectvity estimategwhich can
bestoredin the DAG). However, in orderto avoid skewing
resultsin our experimentakvaluationof idf scoring,we do
nottake tf s into account.



5.2 Experimental Setup

We implementedhe DAG andquerymatrix structuresas
well asthe top- query processingstratgies from [10]
in C++. We ran our experimentson a RedHat 7.1 Linux
1.4GHzdual-processomachinewith 2Gb of RAM.

5.2.1 Dataand Queries

To offer a comprehensie evaluationof our scoringmeth-
ods,in termsof time and space aswell astheir effect on
gueryprocessingwe performedexperimentson synthetic
XML data.Resultsonrealdataaregivenin Section5.3.5.
We generatecheterogeneousollectionsof documents
usingthe Toxgenedocumenigeneratingool®. In orderto
enablequeryrelaxation,documentsf varioussizeswere
generatedising heterogeneouBTDs. For our synthetic
experiments the createddocumentscontainsimple node
labels(e.g.,<a> and<b>), andU.S. statenamesastext
content.We thenranour experimentson differentdatasets
by assemblinglocumentdasedon size (in termsof num-
ber of nodes). We also performedexperimentson col-
lections where we varied the parametersf the datasets
suchascorrelationor numberof exactanswers.We mea-
suredthe correlationof a datasetas the type of matches
to query predicateghat are presentn the dataset:simple
binary predicategno correlation),binary predicatesonly,
binary predicatesand simple path predicatespinary and
path predicatesand mixed (all threetypesof predicates
are presentin the dataset). The numberof exactanswers
is apercentagef thetop- answerghatareexactanswers
to the query We reportour valuesfor correlationandthe
numberof exactanswerswith respecto our default query

We evaluated our scoring methodson 18 different
gueriesexhibiting different sizes, query structures(twig
shapes)andcontentpredicatesWe chosethesel8 queries
to illustrate the different possiblequery relaxationstruc-
turesthatmayhappenn areal-world scenario.

:a[./blc]

:al./b][./c]

:al./b/c/d]

: a[./b[./c/)/d]

: a[./b][./c][./d]

: a[./b/c/d/e]

:a[./b[./c]/d/e]

: a[./b/c/d/elf]

: a[./b[./c/d]/elf]

: a[./b[./c[./e)/f)/d][./g]

: a[contains(./b,"AZ")]

: a[contains(.,"WI")

: a[contains(./b/c,"AL")]

: a[contains(./b,"AL")

: a[contains(.,"WA")
contains(.,"AR")]

and contains(.,"CA")]

and contains(./b,"AZ")]

and contains(.,"NV") and

: a[contains(./b,"NY") and
contains(./b/d,"NJ")]

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

: a[contains(./b/c,"TX") and

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

Shttp://wwwcs.toonto.edu/toxbxgene/

We performedour syntheticdataexperimentsvarying
different parameters:query size, query shape,document
size(in termsof numberof nodesthat satisfy eachquery
node),documentcorrelation,numberof exactanswers, .
The default parameterave usedfor our experimentsare
summarizedn Tablel.

Finally, we also ran sereral experimentson a real
datasetthe XML versionof the Wall StreetJournalTree-
bank corpora. Treebankprovides text annotationsof
English sentencesthe datasetwe use consistsof anno-
tatedWall StreetJournaltext. Sentencesrebrokenusing
tagsrepresentingariousgrammatica(phrasesandspeech
structures. For instance, <NP> represents noun phrase
within a sentencé€<S>), the nounphrasecanincludedif-
ferentpart-of-speeckuchasasingularnoun(<NN>. Tags
usedin the querieswe testedinclude: prepositionaphrase
(<PP>), verbphrasg<VP>), determinel(<DT>), interjec-
tion, (<UH>), comparatieadwerb(<RBR>, andpossessie
ending(<POS>. We ran experimentson 6 queriesof dif-
ferentsizesandshapes:

TBO: S[./UH and contains(./VP,"There")]

TB1: S[./NN[./NP]/DT]

TB2: NP[./S/PP/NN]

TB3: VP[./S/[./NP]/PP/NN]

TB4: VP[./SINP/PP/NN]

TB5: S[./VP[./RBR][./POS]
contains(./VP,"should")]

and

5.2.2 Evaluation Measures

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

DAG Size: Memory size neededo storethe DAG struc-
ture. This shavs thememorysizeneededor eachmethod.
DAG PreprocessingTime: Time neededto build the
DAG, computethe idf scoresandall optionalinformation
storedin the DAG. In orderto isolatethe effect on scores
approximatiordueto binaryandpathscoringmethodsywe
computedthe exact idf scoresby exploring all matches.
This preprocessingtepcanbe improved using selectvity
estimatiormethodssuchasin [11].
Precision: Percentagef top- answergandtheirties)that
arecorrecttop- answergor ties to the correcttop- an-
swer),accordingo the exacttwig scoringmethod.Answer
tiesareanswerdo the querythatsharethe sameidf asthe
returnedanswer Our Precisionmeasureakes possi-
ble ties into accountin orderto penalizescoringmethods
that producetoo mary possibletop- results(i.e., scoring
methodsthat producemary answerswith the samescore)
comparedo thetwig method.Theprecisionmeasurejives
someinformationaboutthequality of theanswergeturned.
Query Processinglrime: Time neededo computethetop-
answeto thequery in additionto the DAG preprocessing
time. This measureshawvs how scoredistribution impacts
gueryprocessingime.

4 http://wwecis.upenn.edufeebank/hombtml
http://wwwcs.washington.ed@search/xmldaasds/
www/repositoryhtml



| QuerySize | QueryShape| DocumentiSize |

DocumentCorrelation

| #of ExactAnswers | |

| (4nodes)] (twig) | | Mixed(with respecto ) | 12% (with respecto ) | 25 |
Tablel: ExperimentaDefault Settings
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Figure5: A QueryRelaxationdDAG for binary Scoring

5.3 Experimental Results

We now presenbur experimentakesultsfor theevaluation
of our differentscoringstrateies.

5.3.1 DAG Size

The pathandtwig scoringpotentiallyresultin differentidf

scorevaluesfor eachnodein therelaxationDAG described
in Section4. Binary scoringdoesnot assigndifferentidfs

to all DAG nodes but only to thosethatresultin different
binary query structures. In orderto save memoryspace,
and DAG preprocessindime, it is thereforepossibleto

only build asubsebf therelaxationDAG whenconsidering
binary scores.A simpleway to implementthis optimiza-
tion is to corvertthe original queryinto a binary predicate
guery andbuild therelaxationDAG from this transformed
query Figure5 shows the DAG that resultsfrom binary
scoring(assumingndependenpredicatescoringfor theidf

scorespf thequeryin Figure3. Sincethebinaryversionof

the queryis muchsimplerthanthe queryitself andresults
in fewer possiblerelaxations,ts DAG is smallerthan, or

thesamesizeasthe original relaxationDAG; 12 nodesvs.

36 nodesin our example. Experimentalevaluationshowvs

that for queriesthat do not only consistof binary predi-

catesbut also offer somecomple structuralpatternsthe

DAGsfor the twig and path scoringmethodsarean order
of magnitudelargerthanthe DAGs for the binary scoring
methods.However, thesemorecomplex DAGs arestill of

a reasonableize (1MB for our larger query ), andcan
thereforebeeasilykeptin mainmemoryduringtop- query
processing.

[,
L

o
=

DAG Preprocessing Time (in sec)
o
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Figure6: DAG Preprocessingime

5.3.2 Comparing Scoring Methods

The preprocessindimes neededto build the DAGs and
computethe idf scoresfor eachof our scoringmethods
areshown, for all 18 queriesover a small datasetjn Fig-
ure 6 (logarithmicscale). The path-corelatedmethodis
the most expensve and its cost grows rapidly with the
guerysize,with timesgreatethan100,000secsor ,
, and ; its high costis mostly dueto very expen-
sive scorecomputatiorandpropagationPath-independent
andtwig arefaster with path-independerfasterthantwig
for all non-chainqueries. For chainqueries: , , ,
, , and |, the preprocessingimesof twig and
path-independerdre similar. For thesetwo methods ex-
ploring all matchesdominategpreprocessingime. In the
caseof chainqueriesthe matchesonsideredirethe same
for twig andpath-independenpath-independers slightly
slower due to somescorepropagation(sum computation
overhead). Note that this overheadwill becomenegligi-
ble as the documentcollection size increases. The two
binary methodsare fasterthantheir path counterpartsas
they work on a smallerDAG, but they offer smallerscore
ranges. Binary-correlatedcan be expensve asthe query
sizeincreasesandis oftenmoreexpensvethantwig. Since
bothcorrelatedmethodsareoutperformedy twig, we will
notreportfurtherresultsfor thesemethodsn this paper

Figure7 shaws the precisionof top- queryevaluation
stratgies when using the threeremainingmethods. The
twig methodhasthe perfectprecision. Path-independent
hasvery goodprecision,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-independerdllows for fastpreprocess-
ing time in exchangefor somedegradationin scorequal-
ity. If scorequality is important, for chain queries,the
twig approachs the bestasit providesperfectprecision,
andis asfastaspath-independenfor querieshaving more
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comple shapespath-independentrovidesthe bestqual-
ity/preprocessingime tradeof.

We also comparedhe processingime neededo eval-
uateatop- querywith the differentscoringmethodsus-
ing the top- query evaluationstratgyies from [10]. The
twig andpathtechniquesesultsin similar queryexecution
times. However, we obsened that the binary approaches
may result in slightly fasterquery processingtimes, as
more partial matchesend up with the highestscores,al-
lowing to identify atop- setearlierin the executionand
discardlow-quality matchesfaster This makes binary-
independenthe methodof choicewhentime is anissue.
An in-depthcomparisorof the performancef top- query
processingtratgiesis beyondthe scopeof this paper We
referthereaderto [10] for moredetailson this subject.

In therestof this sectionwe studythe differentparam-
etersthat affect quality andspeedof our proposedscoring
methods.

5.3.3 Varying the DocumentCollection Size

Figures8 showvstheeffectof documensize,in termsof the
numberof documenhodeghatmatcheachquerynode,on
the precisionof path-independentn a subsetof the syn-
thetic dataqueries. While precisionis mostly affectedby
datadistribution, larger documentsnay endup producing
moretiesto thetop- answerswhichin turnleadsto lower
precisionvalues. Precisionresultsfor path-independent
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Figure 9: Precisionfor Datasetswith variousdegreesof
Correlation

(Figure8) aregoodoverall. Thequerieghatsuffer themost
from the simpli ed path scoringcomparedo the complex
twig scoringarethosequeriesthat have twig patternsthat
have branchingnodesbelow the root node,asthe correla-
tion in thesepatternss lost by the path-independergcor
ing. Notethatthe chainqueries , and havelow
precisionfor onedatasetthis is partly dueto the factthat
mostof the answerdo thesequeriesare relaxed answers,
andexhibit a twig pattern(dueto subtregpromotion),and
to the presenceof multiple ties in the answerset. Since
our precisionmeasurepenalizesscoring approacheghat
producemary tiesto thetop- answerssomequeriesex-
hibit low valuesof precisionfor path-independentn these
casesmary answergendto be assignechigh scores re-
sultingin low precisionvalues althoughthe exactanswers
arepartof the high scoringanswers Note that this beha-
ior is data-andquery-dependentyhich is the reasonwhy
haslow precisionfor the mediumdatasetwhile  and
have low precisionfor thelarge datasetIn addition,we
comparedpath-independerdandtwig preprocessingimes.
Theresultsareconsistentvith thosein Figure6, andshowv
thatpath-independergllows for fasteDAG preprocessing
timesthantwig whenthe querydoesnot consistof asingle
chain.Whenquerieshave multiple paths(or binary) predi-
catesthe savingsin preprocessingme canbesigni cant:
up to 83% for the binary query , and72% for the twig

query

5.3.4 Effect of Correlation

We now look at the effect of datacorrelationon the qual-
ity of top- answers. Figure 9 shavs the precisionfor
our scoringmethodsfor ~ on datasetsxhibiting differ-
entanswettypes;for example thebinary datasebnly pro-
ducesanswerghat consistof binary predicateswhile the
mixeddataseproducesanswerghatexhibit all threepred-
icatepatterns:binary, pathandtwig. As expectedassoon
assomeof the answershave comple predicategtwig or
binary), the precisionof the binary-independenscoring
methoddrops. Interestingly path-independenprecision
staysequalto onefor all datasetswith the notableexcep-
tion of the binary non-corielatedpath dataset. Note that
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for thatparticulardatasetpath-independertbp- answers
have anaccurag of 64% (64% of thereturnedanswersare

partof the topanswersasreturnedby twig), however, the

precisionis muchlower, aspath-independentturnsahigh

numberof ties.

Path-independenhas a perfect precisionfor datasets
that producecorrelatedpathsand twig answers. While
path-independentloesnot take this correlationinto ac-
count, the scoreorderingof the answerds not impacted,
asthe underlyingpredicatedistribution is uniform. When
individual path predicateshave very differentidf values,
path-independerdnsweramay be of low quality because
thescoreorderingof answersnaybedifferentfrom thatof
twig. In effect, this meansthat sibling DAG nodes(DAG
nodeghatdo nothave anancestor/descendamationship,
andthereforehave no orderingconstrainton their scores)
may have their scoreorderingreversedbetweenthe twig
andpath-independerDAGs. We believe thatthis situation
doesnot happervery oftenin practice.

5.3.5 RealDocumentCollections

Figure 10 shows the precisionvaluesfor our 6 queries
over the Treebankdataset.We consideredwo fragments
of the datasetwith differentsizes. Resultsare consistent
with what we obsened for syntheticdata, with binary-
independenbffering low precision,and path-independent
offering high precision often perfect.For our real dataex-
perimentspath-independeribwestprecisionwas0.4, but
in two thirdsof thequerytestedpath-independergxhibited
perfectprecision.

As future work, we plan to extendthe INEX datasets
andqueriesn orderto validateour scoringmethods.

6 Conclusion

We presented family of scoringmethodsjnspiredby the
tf*idf approachthataccountbothfor the structureandthe
contentin XML documents. Our methodsscorerelaxed
answergo XML queriesin away thatguaranteeghatthe
closeran answeris to the exact query the higheris its
score. We also proposedef cient implementationstruc-
turesto speedup XML top- queryevaluationin this set-
ting. We are planningto investigatestreamingscenarios,

wherenew datais constantlyaddedo thedatasetBy keep-
ing the DAG structuredor queriesthatusersareinterested
in andupdatingthe scoreinformationin a dynamicfashion
we believe thatwe canprovide anef cient andhigh quality
top- queryansweringapproactfor athroughput-oriented
streamingramework .
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