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Abstract

In a state-of-the-ariXML databasean XML queryis evaluatedas a sequencef structuraljoins
in which positionsof datanodesare usedto performeachindividual structuraljoin. In this paper we
de ne the notion of socialclasseof datanodesand presenta framework of queryevaluationin which
both positionsandsocial classeof datanodesare usedwith structuraljoins to furtherimprove query
performance A socialclassof a datanodeis de ned asan equivalenceclassinducedby tagsof other
nodesthat are associatedvith the given nodein a given structuralrelation. In our framework, social
classesf datanodesare obtainedduring dataloading. Then during query compilation, queriesare
analyzedto determinerequiredstructuralrelationsamongquery nodesandto derive requiredsocial
classedor eachindividual querynode. The positionsof datanodes,the social classef datanodes,
andtherequiredsocialclasse®of querynodesare usedduring queryevaluationto provide an effective
mechanisnior Itering andindexing XML data.We presentanumberof algorithmsthatimplementthis
framawvork andreporton resultsfrom our experiments. Our resultsshav that this new methodcould

substantiallymprove performancef XML queriesthatrequiremultiple structuraljoins.

1 Intr oduction

The eXtensibleMarkup Language(XML) [BPSMMO0O] hasbeenwidely acceptedasthe standardormat

of electronicdataexchange.As XML databecomesubiquitous,the managemendf suchdatain database



systemdiecomesan increasinglyimportantresearclarea.SinceXML documentaresemistructuredhey
oftendo notconformto or evenhave aschemandthey areoftenmodeledasorderedabeledirees.To query
XML data,XML querylanguagesuchasXQuery [BCF 02] rely on pathnavigation patternsto specify
portionsof an XML datatreethatshouldbe retrieved andtransformed.Suchpath navigation patternsare
expressedspathqueriesin the proposedstandardjuerylanguageXPath[BBC 02].

Path queriescanbe viewed as patterntreesandtheir evaluationcanbe viewed asa procesf nding
all possibleembedding®f the patterntreesin the datatree. Dueto the importanceof pathqueries,mary
methodshave beenproposedor pathqueryevaluation. Thesemethodgake two differentapproachesthe
graphindex approachandthe structuraljoin approach.In the graphindex approacHCMS02, KBNKO02],
datanodesarepartitionedinto equivalenceclassedbasedon a similarity relation. Theseequivalenceclasses
de ne asummanygraphof thedatatreein whichnodegepresentheequivalenceclassesndedgegepresent
structuralrelationshipsbetweenequivalentclasses.A pathqueryis evaluatedagainstthe summarygraph
insteadof the datatree. The graphnodesthat satisfythe queryarethenusedasan index to retrieve data
nodesof theanswer The effectivenesf this approachreliescritically on the summarygraphbeingmuch
smallerthanthe datatree. However, for somedatasetsthe graphindex may becomemuchlarger thanthe
datatreeitself. In thestructurajoin approaciCVZ 02, WJLY03,AKJK 02, JLWO03 BKS02,WPJ03, a
pathqueryis evaluatedthrougha sequencef structuraljoin operationsA structuraljoin takestwo streams
of datanodesas input and producespairs of nodes,where eachpair of nodessatisfy a requiredstruc-
tural relationship. Structuraljoin algorithms[AKJK 02, ZND 01, JLWOO03 CVZ 02, WPJ03 BKSO02]
usepositionsof datanodeswithin XML documentgo quickly determinef ary two given nodeshave an
ancestodescendat or parent-childrelationship.By readinginput streamsn ascendingorderof nodepo-
sitions and keepingancestomodesin anin-memorystack,algorithmsin [AKJK 02] only needto scan
eachinput streamonce. Improved algorithmsin [CVZ 02, JLWOO03] usenodepositionbasedindexesto
skip datanodesthatdo not actuallyproduceary join result,sothatto achieve a muchbetterperformance.
Structuraljoins of aquerycanbeevaluatedn anorderdifferentfrom the orderof navigationstepsspeci ed
in the query accordingto estimatedavaluationcost. Using structuraljoins, the answerof a querycanbe
computedn a-set-at-a-timéashionwhich oftenresultsin agoodperformance.

Determiningthe optimaljoin orderfor a pathquerywith mary structuraljoinsis known to beadif cult
task[AKJK 02]. In practice,suboptimaljoin ordersare often chosenby queryoptimizers. However as

explainedin Section5, evenif anoptimaljoin orderandthe beststructuraljoin algorithmare chosento



evaluatea pathquery theremay still be mary datanodesthatarerelevantto someintermediateresult(for
example,by participatingin oneor morestructuraljoin) but areirrelevantto the nal resultof the query
We call thesenodesfalse relevantnodes.Falserelevantnodescontrikute to the overall evaluationcost,yet
aredif cult to getrid of usingtechniqueshatknow only nodepositions.Thuswe needadditionalstructural
informationto identify falserelevant nodesandto discardthemfrom input streamsof structuraljoins. In

this paper we malke thefollowing contrikutions.

1. We de ne the notion of social classesf datanodes,which are equvalenceclassesf datanodes

inducedby tagsof othernodeshatareassociatedvith the givennodesn givenstructuralrelations.

2. We presenta framavork of queryevaluationin which both positionsandsocialclasse®f datanodes
areusedwith structuraljoins to furtherimprove queryperformanceln this framework, socialclasses
of datanodesareobtainedduringdataloading. During querycompilation,explicitly expressedtruc-
tural relationsamongquery nodesare usedto derive implicitly requiredstructuralrelations,which
arethenusedto obtainrequiredsocialclassedor eachindividual querynode. The positionsof data
nodesthesocialclasse®f datanodesandtherequiredsocialclasse®f querynodesareusedduring

queryevaluationto provide aneffective mechanisnior Itering andindexing XML data.
3. We presenta numberof algorithmsthatimplementthe proposedramevork of queryevaluation.

4. We performeda numberof experimentsto evaluatethe effectivenessof socialclassbhasedmethods.
Ourresultsshav thatthesenew methodscansubstantiallymprove performancef XML querieghat
requiremultiple structuraljoins. In addition, our methodcan drasticallyreducethe differencesn
performancecausedoy differentjoin orders,thus makingthe choiceof the optimal join orderless

critical.

Theremainingpartof this paperis organizedasfollows. In Section2, we presentasicconceptsof XML

datamodelanddiscussour motivationusinganexample.ln Section3, we de ne thenotionof socialclasses
of datanodesandrequiredsocial classef querynodes. In Section4, we presentour query evaluation
framevork andalgorithms.In Section5, we presentesultsfrom our experiments.ln Section6, we discuss

relatedwork. Finally, Section7 concludeghepaper



Figurel: An XML DataTree

2 Preliminaries and Moti vation

In this section,we brie y introducebasicconceptf XML datamodeland XML query We alsodiscuss

our motivationusinganexample.

2.1 XML Data Model and XML Queries

An XML documentcontainsa sequencef elementswhich are marked by a pair of startand endtags.
Eachelementmay containa numberof attributes,one or more sub-elementspr a datavalue. An XML
documentis representeds an orderedlabeledtree in which nodesrepreseniXML fragments(suchas,
elementsattributesand datavalues),and edgesrepresenthe containmenof variousXML fragmentsin
elementsinternaltreenodesarelabeledwith tagsof elementor attributes,andleaf nodesarelabeledwith
datavalues.Figurel shavs thetreeof asampleXML documenivith datavaluesomittedto keepthe gure
simple. In this XML documentthe root elementhastag A, andit containsthreeB elementsandone F
element.The rst B elementcontainswo C elementsandsoon.

EachXML fragment(andits nodein the XML datatree)hasa pair of startand end positionsin the
XML document. Thesepositionsare shavn in Figure 1 asa pair of integers(representing word count
from the beginning of the XML document). For example,the positionsof the leftmostB-nodeare 2:13.
For simplicity, we identify datanodesby their startpositions.Structuralrelationshipssuchasparent-child,
ancestodescendat, following-preceding-ilings, etc.,arede ned accordingo the conventionfor trees.

To bemoreprecise a datatreeis de ned by , Where is a setof nodes,



is a setof edgeswvhere meanghatelement containselement(or attribute)

, and is asetof nodelabels.For anode , we denoteits labelby , Start
positionby , endpositionby , andtreelevel by . In generalthe , ,
and arereferredto asthe positionof node . The positionsof ary two datanodes and have

thefollowing properties.

1. Intenals and areeitherdisjoint or completelynested.
2. If contains , then is an ancestorof . Furthermore|f
, isalsotheparentof

Thesepropertiesare the basisfor using node positionsto quickly determineif two datanodesarein a
containmentelation(ancestodescendaror parent-child).

A structuralrelationis de ned asa subsebf the cross-productf nodesthatis, . Instances
of structuralrelationsareordered.For example,if , theseconchode, istheparent
of the rst node, , butthereverseis nottrue.In thiscasewe saythat isarelativeof in

A pathqueryconsistof a sequencef navigation steps(or locationstepsin XPathterminology). For
example,“/child::A/descendantE/following-dbling::D” is a simple path querythat retrieves a setof D-
nodesthat are following-siblings of someE-nodes,which in turn, are descendantsf top level ances-
tor A-nodes. In this query “child::”, “descendant::”and“following-sibling::” are called axes, andthey
specify requiredstructuralrelationsamongdata nodesof the answer The only nodein the datatree
in Figure 1 that will satisfy the abose queryis the secondD-node (i.e., node 10). In contrast,query
“/child::A/descendaE[/following-sibling::D]” will retrieve the E-node(node8) instead. In this query
the squarebraclet de nes an additional condition on E nodes,namelythat they musthave at leastone
D-nodesibling toits right in thetree(thatis, afollowing-sibling).

A queryis representetly a querytreede ned by , Where isasetof querynodes,

is a setof edgedabeledby the namesof structuralrelations
() thatarede ned on datanodes,and is the setof nodelabels. Eachdistinctedgelabel de nes
a requiredstructuralrelation . For simplicity, we oftenrefer to
both the structuralrelation , de ned on datanodes,andthe requiredstructuralrelation , de ned on
guerynodes,asthe samerelation , althoughtechnicallythey aredifferent. Sincedifferentquerynodes

may have identicallabels,we identify querynodeswith uniqguenumericidentities. Figure 2 shavs query



Figure2: QueryTrees

treesof threequerieswheretree (a) represents/child::A/descendantE/following-sbling::D” andtree(c)
represent$/A[/B]/C//D”. Eachquerytreehasa uniqueroot noderepresentinghe documentroot. Nodes

labeledwith “*” arecalledoutputnodes.

Let be an XML datatree, be a pathquery and be the setof
structuralrelationsde nedon . An embeddingpf (in ) isamapping , Sothat

1. for every querynode , , and

2. for every queryedge , ,and

If isanembeddingf , we saythatdatanode satis esquerynode . Theanswerto query isthe
setof datanodesthat satisfythe outputnodein possibleembedding®f . For querytree(a) in Figure2

andthedatatreein Figurel, thereexistsonly a singleembeddingvith thefollowing mapping:

Querynode | Datanode
0 documentoot
1 1
2 8
3 10




Thus,theanswercontainsa singleD-node,namelynodel0.

A pathquerycanbe evaluatedasa sequenc®f structuraljoins, onefor eachnavigation step. For ex-
ample,the query“/child::A/descendamn E/following-sibling::D” canbe evaluatedas a sequencef three
structuraljoins for “(root)/child::A’, “A/descendant::E"and"“E/following-sibling::D”, respectrely. Con-
siderthe structuraljoin for “A/descendant::E'This structuraljoin takesa streamof A-nodes(the ancestor
stream)and a streamof E-nodes(the descendanstream)asinput, with both streamssortedin ascending
orderon startpositions,andusesthe propertiesof nodepositionsto identify E-nodeghataredescendants
of someA-nodes.Basedonits intendeduse theresultof thejoin canbe a setof A-nodes,a setof E-nodes,
or asetof A-E nodepairs. No matterwhatthe resultwill be, the basicalgorithmis the same. For each
root-to-leafpathin the datatree, the algorithm keepsancestorA-nodesin a stackto avoid scanningthe
descendardtreanrepeatedlyAs aresult,the compleity of astructuraljoin is , Where
arenumbersof nodesin thetwo input streamsand is the numberof nodesin the output. If oneor both
inputstreamhasanindex on nodeposition,theindex canbe usedto skip nodeghatdo not produceary join
output. For example,A-nodesthatarenot ancestor®f arny E-nodeandE-nodeghatarenot descendantsf
ary A-nodecouldbeskipped.Skippingirrelevantinput nodescansubstantiallymprove the performancef

structuraljoins.

2.2 Motivation

Considerthe query“/A/B/C/D” (which is the shorthandof “/child::A/child::B/child::C/child::D") against
thedatatreein Figurel, Theanswero the querycontainstwo D-nodes:nodes4 and10. This queryneeds
to computefour structuraljoins for “(root)/A”, “A/B”, “B/C” and“C/D", respectiely. If the outputof each
join is pipelinedinto the next join, thesejoins canbe performedin four differentorders,one of whichis

givenin the previous sentenceNoticethat“/A”, “A/B”, “C/D”, “B/C” is notafeasiblepipelinedjoin order
becausaeitherthe A-nodesnor the B-nodesobtainedfrom the join for “A/B” areinputto “C/D”. These
differentjoin ordersresultin differentquerycosts.Let us rst considerthe structuraljoin for “B/C”. To be
concretewe assumehatthejoin resultis a setof B-C nodepairsandthatthejoin is the rst to perform.
FromFigurel, thetwo input streamf thisjoin contains3 B-nodesand5 C-nodesrespectiely. Usingthe
algorithmof [AKJK 02], all 8 nodeswill beretrieved. If the B+-treeindex basedalgorithmof [CVZ 02]

is usedwo C-nodeswill beskippedandtheremainingé nodes(the same3 B-nodesandC-nodes3, 7, and

15) will beretrieved. If the XR-treeindex basedalgorithmof [JLWOO03J is used,then5 nodes(B-nodes



2, 14 and C-nodes3, 7, 15) will be retrieved. No matterwhich join algorithmis used,the resultof the
join will alwaysbe the threenodepairs{<2,3>, <2,7>,<14,15>}. However, amongthe threenodepairs
only <2,3>and<2,7>will contritute to the nal answer Thus, both B-node14 andC-nodel5 arefalse
relevant. In currentstructuraljoin approachthesefalserelevantnodesarenot discardeduntil muchlaterin
theevaluationprocessafterapossiblyhigh evaluationcosthasbeenpaid. It is obviously desirableor false
relevantnodeso bediscardedasearlyaspossiblen the evaluationprocessNotethatnodepositionsdo not
provide enoughinformationfor this purposethereforewe needadditionalinformation.

By analyzingthe querymoreclosely it becomeslearthatthe setof conditionsimplied by the query
is muchlarger thanjust thoseexplicitly expressed.For example,with “B/C”, the queryonly explicitly
expresseghatin orderfor aninput C-nodeto berelevantto the query it musthave a parentB-node. But
togethemwith othernavigationstepsthe queryreally impliesthatin orderfor aninput C-nodeto berelevant
to thequery it needso have an ancestotA-node,a parentB-node,anda child D-node. Any C-nodethat
doesnot satisfyall threeconditionswill be falserelevantto this query Currentstructuraljoin algorithms
checkonly theexplicitly expresseaonditionsandthatis why they areunableto identify thosefalserelevant
nodes.If all threeconditionswere checled, only C-nodes3 and7 would be retrieved during the join. An
analysisof otherstructuraljoins in this querywill leadto a similar conclusion.This motivatesusto design
ourmethod.

In orderto checkall conditionsfor eachquerynode we needio know rst, thetypesof parentschildren,
ancestorsetc. thateachdatanodehas,andsecondthe typesof parentschildren,ancestorsetc. thateach
guerynoderequirestheir matchingdatanodesto have. In the next Section,we de ne the notion of social

classedgo represensuchinformation.

3 SocialClasses

The mainideabehindthe socialclassis to partition datanodesinto equvalenceclassedasedon typesof
their parentschildren,ancestorsetc., sothatnodeswith the sametypesof parentsarein oneclassfor the
parentrelation,nodeswith the sametypesof childrenarein oneclassfor the child relation,andsoon. In

thefollowing, we presenthedetails, rst for datanodesandthenfor querynodes.



3.1 SocialClassesf Data Nodes

Although mary structuralrelationsamongdatanodescanbe de ned, in this paperwe consideronly six
structuralrelations:parent,child, ancestqrdescendanfpllowing-sibling andpreceding-siblingHowever,
ourframawvork canbe easilyextendedo includeotherstructuralrelations.

Let beastructuralrelationand beadatanode.Thesetof relativesof in isde nedby

. Therelativetagsof in isthesetof tagsof therelatvesof in , andis de ned

by

De nition 3.1 Two datanodes and aresimilarly associatedn a structuralrelation , denotedby
, if they have the samesetof relative tags,thatis, . Therelation is calledthe

associationsimilarity inducedby

It is straightforvardto shav thattheassociatiorsimilarity is anequivalencerelationonthe setof datanodes.
Thus,it inducesa partition of datanodeswhere , for ary

, andeach isanequvalenceclass calledasocialclass,asde nedin thefollowing de nition.

De nition 3.2 A socialclassinducedby a structuralrelation istheset of datanodes,suchthat,two

datanodes and if andonly if

Eachsocialclass isidenti ed by anumericidentity andhasa setof relative tags . Foreach
structuralrelation , eachdatanode is assignedo asocialclass which hastheidentity
andrelative tags . Obviously, . Figure3 shaws a classmappingtableand

identitiesof socialclasse®f somenodesof the datatreein Figurel. The classmappingtablekeepstrack
of relative tagsof socialclassesnducedby the six structuralrelations.In this table,eachcell representa
setof relative tagsof a socialclasswhereablankcell representanemptyset,anda cell marked by an*“-”
indicateshatthe socialclassdoesnot exist. Accordingto Table(b) in Figure3, node2 is in socialclass
inducedby ancestorelation,andin socialclass inducedby descendamntelation. Then,from the class

mappingtable,node2 hasanancestoA-node,anddescendamodeswith tagsC, D, andE. Thefollowing

lemmadirectly follows from previousde nitions.

Lemma 3.1 For a givendatatreeanda given structuralrelation , the setof socialclassesnducedby

formsa uniquepartition on datanodes whereeachsocialclasshasa uniquesetof relative tags. The total



| ‘\ Node | par | chi | anc| des| psb| fsb |

| Relation | \ | | | | 1 ol6]o0o|6]0]oO

ancestor ABC | AB | ACF| AF A - 5 4145142015
descendant D D.E E CD,E|BCD,EF| -

3 2 |1 2 1 0 2

parent c |B| F A - - 4 |10 1000
child D D,E E C C.E B,F

— 7 2 | 2 2 2 2 10

w-sibling D C E D,E B.F F 8 10 1]0]0]1
pre-sibling E C D B - -

(a) ClassMappingTable

(b) SocialClassldentitiesof Nodes

Figure3: SocialClasse®f DataNodes

numberof socialclassesnducedby isupperboundedoy ,where isthesetof nodelabels.

3.2 Required SocialClassesof Query Nodes

As mentionedn Section2.1, axesof navigation stepsin a queryexplicitly specifyrequiredstructuralrela-
tions betweerpairsof adjaceniguerynodes. Theseexplicit structuralrelationsmay imply additional,im-
plicitly requiredstructuralrelations.In eachembeddingf the queryto thedata,eachquerynodeis mapped
to adatanodeandall explicitly andimplicitly requiredstructuralrelationsbetweerary pair of querynodes
aresatis edby thecorrespondinglatanodesin theembeddingFor thisreasonrequiredstructuralrelations
amongguerynodesprovide critical informationfor determiningif a datanodeis falserelevant. Required
structurakelationsde ne relative tagsfor querynodesn thesameway structurakelationsdo for datanodes.
Sincedatanodesare partitionedbasedon their relative tagsin variousstructuralrelations,we canidentify
social classesvhosesetsof relative tagscontainthe requiredrelative tagsof a querynode. Thesesocial
classesrecalledrequiredsocialclasse®f the querynode. Every datanodetruly relevantto a querymust
be containedn somerequiredsocialclassof somequerynode.In thefollowing, we formalizetheseideas.

Let beapathquery beaquerynodeand bearequiredstructuralrelation. The
relatve nodesof in is asetof querynodesde ned by andtherequired
relatve tagsof in is thesetof tagsof relatvesof in  andis de ned by

. Notethatto simplify our presentationywe have overloadedsomeof our notations.

De nition 3.3 A socialclass inducedby astructurakelation is arequiredsocialclassof aquerynode
, If thesetof its relative tagscontaintherequiredrelative tagsof in |, thatis, . Theset

of identitiesof requiredsocialclasseof with respecto is de ned by

10



Lemma 3.2 Forary querynode andrequiredstructuralrelation if andonly if thequery
resultis empty and if andonly if hasnorelatvein , where is the numberof

elementsn set

Thefollowing theoremprovidesa necessargonditionfor datanodesto satisfyquerynodes.

Theorem 3.3 If adatanode satis esa querynode , thenfor eachstructuralrelation

Thus,if adatanodeis notin ary requiredsocialclassof ary querynode,it is guaranteedo beirrelevantto
the query On the otherhand,althoughall nodesthatarerelevantto the queryarein somerequiredsocial
classesnot every nodein arequiredsocialclassis relevantthethe query Theimportanceof Theorem3.3
is thatduringthe queryevaluation,we cansafelyignorenodesthatarenotin ary requiredsocialclass.

De nition 3.3is basednagivensetof requiredstructurakelationsoverquerynodes.A queryexplicitly
speci esonly a minimum setof requiredstructuralrelations. However theseexplicit relationsmay imply
mary moreimplicit requiredstructuralrelations.Thederiationof implicit requiredstructuralrelationscan
be formulatedasa logic derivation problemin which explicitly speci ed structuralrelationsform a setof
groundfacts,andimplicit requiredstructuralrelationsare derived usinga setof derivationrulesbasedon
a xpoint semantics.A detaileddescriptionof techniquedor logic derivation is beyond the scopeof this
paper Here,we brie y addressssuesaboutthederivationrules.

A requiredstructuralrelationcanbe representedsa predicate.For example,the predicateparent(X,
Y) representa requiredrelationthat X hasa parentY, whereX andY arevariablesto be boundto query
nodes A derivationruleis in theform of consequence:-amtecent. For example,ancestor(XY):-parent(X,
Z),ancestor(ZY) is aderivationrule statingthatif X hasa parentZ andZ hasanancestolY, thenX alsohas
Y asits ancestarRulessuchaschild(Y, X):-parent(X,Y) anddescendant(XY):-child(X, Y) aretrivial and
their meaningsarestraightforvard. An interestingnon-trvial derivationrule is ancestor(X)):-ancestor(Z,
Y), parent(Z,X), tag(Y) tag(X), which saysthatif Y is anancestonf Z, X is a parentof Z, andin the
query X andY have differenttags,thenY is an ancestorof X. The interestingpoint of this rule is the
conditiontag(Y) tag(X), which guaranteeshat X andY will be mappedto differentdatanodesin ary

embeddingf the query Thisruleis correctsincein a patterntree,eachquerynodecanhave at mostone

11



| parent| child | ancestor| descendant
<2,1>| <12>] <2,1> | <1,2>
<3,2>| <2,3>| <3,1> | <1,3>
<4,3>| <34>| <41> | <1,4>
<3,2> | <2,3>
<42> | <24
<4,3> <3,4>
(a) Derived StructuralRelations

query requiredrelative tags requiredsocialclasses

node |par|chi| anc | desc | psib| fsib || par| chi| anc | desc | psib] fsib
1 B B,C.D all | 6 all 5 all | all
2 A C A CD 4 (451]1,2345 45 all all
3 B D AB D 2 |1,2 1,2 1,2,45| all all
4 C AB,C 1 | all 1 all all | all

(b) RequiredSocialClasses

Figure4: Requiredsocialclasses

parent.However, if in thequery we cannotsaythatY is requiredto beanancestoof X
becaus¢hatanembeddingf thequerymaymapbothX andY to thesamedatanode.As anotherexample,
givenancestor(ZY), ancestor(ZX), andtag(Y) tag(X), we canat bestconcludethat eitherancestor(X,
Y) or ancestor(Y X) is a requiredstructuralrelation, but not both. This illustratesan interestingpoint,
namely in certainsituations althoughoneof several con icting requiredstructuralrelationsmusthold, we
cannot preciselydeterminewhich onedoes.In our method we do not usesuchuncertainderivationrules.
Althoughby doingso,we may misssomeimplicit requiredstructuralrelations the queryperformancean
still begreatlyimprovedin practice.Figure4 shaws a setof requiredstructuralrelationsderivedfrom query
“/A/B/C/D”, andtherequiredsocialclasse®f eachquerynodebasedon the classmappingtablein Figure
3. Theblankentriesin table(b) indicateemptysetsof relative tags,and“all” indicateshatall socialclasses

inducedby the correspondingtructuralrelationarerequiredby the givenquerynode.

4 Evaluating Path Queries

We now presenbur queryevaluationframewvork andseveralalgorithmsthatimplementthis framework.

12



Algorithm: ComputeSocialClasses
Input: An XML datatree

Output: A list  of ,where is a datanodeand is the socialclassof in
structuralrelation ; A classmappingtable
Method:
Stack = ; ;
ProcessNode(root(), L M);
r=pop(S);

appendo L tuplescreatedrom nodesin childList of r
appendo L thetuplecreatedromr
returnL andM

ProcessNode(r,, M)
obtaintagsetsfor parentancestarpreceding-siblingf n from top(S)
push(n,S)
For eachchild c of n do begin
ProcessNode(d,, M)

n = pop(S)
for eachnodec in childList of top(S)do

addtag(n)to tagsetfor following-siblingof ¢
addtagsetfor descendarf n to thatof top(S)
addtag(n)to tagsetfor child of top(S)
addto L outputtuplesgeneratedrom childrenof n usingM
appench to childList of top(S)

end;

Figure5: ComputeSocialClasses

4.1 The Evaluation Framework

In our framework, socialclasse®f datanodesareobtainedduring dataloadingwhenXML documentsre
shreddednto datanodestherequiredsocialclasse®f querynodesareobtainedduringquerycompilation;
thesocialclassesndrequiredsocialclassesreusedduringqueryevaluationto Iter datanodesorto access
datanodesthroughindexes.

Duringdataloading,the XML documents parsedo identify datanodesandtheirsocialclassesnduced
by structuralrelations. The classmappingtableis createdwhile datanodesare assignedhe identitiesof
their socialclassesWe do not assumeary speci ¢ storagescheme All we requireis thatthe identitiesof
socialclasse®f datanodescanbedirectly obtainedrom the nodesor from anindex structureduringquery
evaluation.

During querycompilation,a setof explicitly requiredstructuralrelationsareobtainedrom a givenpath
gueryandusedto derive implicit requiredstructurakelations.Theserequiredstructuralrelationsareusedo

obtainrequiredrelative tagsfor eachindividual querynode,which arethenusedto obtainthe identitiesof

13



Algorithm : ComputeRequiredSocialClasses
Input: A pathquery , theclassmappingtable

Output: A list of , Where isaquerynode, isastructuralrelation,and isalist
of identitiesof requiredsocialclassegor
Method:
Result-list=

Work-list=requiredstructuralrelationsexplicitly statedn
foreach in Work-listdo

for each in Result-listdo

if and deriveanew instance basednderivationrules

append to Work-list

remove  from Work-listandappendt to Result-list
for eachquerynode andeachstructuralrelation

nd theset of relatvetagsof in from Result-list

nd theset of IDsof socialclassesn from  using
output

Figure6: ComputeRequiredSocialClasses

requiredsocialclassegor querynodesusingthe classmappingtable. The classmappingtableis extremely
smallin practice(lessthan100KB for eachdatasetested)andis keptin memoryfor betterperformance.
During query evaluation, the identitiesof requiredsocial classesare usedto lter databasedon the
identitiesof socialclasse®f datanodesor to skipirrelevantdatausinganindex thatusesothnodepositions
andidentitiesof socialclassesThe Itering methodworksby comparingtheidentitiesof socialclasse®f
input datanodeswith thoseof requiredsocial classedor the correspondingnput stream,and preventing
falserelevantdatanodesrom generatingary join result,thusreducingevaluationcostfor subsequerjbins.
The indexing methodworks by usingthe identitiesof requiredsocial classego never retrieve input data
nodesthat do not belongto ary of therequiredsocialclassesresultingin reducednput aswell asoutput

for thecurrentjoin.

4.2 Compute SocialClassedor Data Nodes

Figure5 shavs analgorithmthatassignssocialclassedo datanodes.This algorithmtakesthe datatreeas
theinputandgeneratealist of tuplesaswell asthe classmappingtable. Eachtuple containgheidentity of
adatanodeandtheidentitiesof socialclasse®f thenode(onefor eachstructuralrelation).
Thealgorithmperformsadepth- rsttraversalof thedatatree.For eachnodeencounteredhealgorithm
builds relative tagsof the nodesfor eachstructuralrelationandkeepsan orderedist of child nodesfor the

node. Initially, the setsof relative tagsandthe childrenlist areempty As thedatatreeis traversedthetag

14



setswill be lled with relative tagsof the datanode,andthe childrenlist will have child nodesappended
to it. Oncethesubtregaootedat a nodeis completelytraversed the setsof relative tagsof eachchild of the
nodewill beusedto nd theidentitiesof socialclasse®f thatchild node.

Whena datanode s visited, thetop of the stackcontainstheparent of andthechildrenlist of
containgpreceding-siblingsef . Thusrelative tagsof in ancestarparentandpreceding-siblingelations
canbedirectly obtainedrom . Relatvetagsof in child andin descendarmelationswill stayincomplete
until all descendantef arevisited. So, is pushedontothe stackat this point andthe algorithmyvisits
the childrenof recursvely. Whenthe recursve calls nish, relative tagsof in child anddescendant
relationsarecomplete Node is poppedoutof thestackandits childrenareusedto generateutputtuples.
However, relative tagsof  in the following-sibling relationwill stayincompleteuntil all of siblings of
arevisited. Thus, is placedin thechildrenlist of its parentwhichis onceagainonthetop of the stack. At
the sametime, relative tagsof in child andin descendardreusedto updaterelative tagsof the parentof

andpreceding-sibling of

Whengeneratinganoutputtuplefrom a node therelative tagsof thenodein eachstructuralrelationare
usedto obtaintheidentity of the socialclassin that structuralrelationfrom the classmappingtable. New
identitiesare createdfor previously unseersetsof relative tagsandthe classmappingtableis updatedas

well.

4.3 Derive Required SocialClassedrom Queries

During query compilation,the setof explicitly speci ed requiredstructuralrelationsis obtainedfrom the
setof edgesof the querytree. As mentionedn Section3.2, generalogic derivation methodscanbe used
to derive implicit requiredstructuralrelations.However, a simplemethodis oftensufcient for discovering
enoughimplicit structuralrelationsto ensuresubstantiaperformancegainsin queryevaluation. Figure 6
shawvs analgorithmof sucha simplemethod.

Thealgorithmkeepswo lists of instance®f requiredstructurakelationswhereeachinstanceof astruc-
turalrelation is of theform ,where and arequerynodes.Onelist, the Work-list, contains

instanceso be processedandthe otherlist, the Result-list,containdnstanceshathave beenprocessedwWe

usea setof dervationrulesof theform or ,
where is arequiredstructuralrelation, arevariablesto beinstantiatecby querynodes,
and is a comparisonsuchas . Initially, the Work-list containsall explicit required
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structuralrelations,andthe Result-listis empty Thealgorithmiteratively goesthroughthe Work-list. For
eachinstance in Work-list, every instance in Result-listis consideredo seeif the two instancesan
derive ary new instanceusingary singlederiationrule. If anew instancecanbederived,it is appendedo
the Work-list. After every instancein Result-listis consideredor , is removedfrom the Work-list and
appendedo theResult-list. Thealgorithmthencontinueswith the next instancen Work-list. Thealgorithm
terminatesvhenWork-list becomegmpty

Oncethe derivation processs completedthe instancesn Result-listare groupedby querynodeand
structuralrelations.Eachgroupresultsin a setof relative tagsof the querynodein the structuralrelation.

Usingthe classmappingtable,we canthen nd identitiesof all requiredsocialclassedor thequerynode.

4.4 Filtering vs. Indexing

Thereare several waysto extendnodepositionbasedechniguedo usesocialclasses.n this section,we
considerltering andindexing.

The Itering methodis a simple extensionto the structuraljoin algorithms(with or without usingin-
dexes). After a datanodeis retrieved from aninput stream(maybethroughanindex accessandbeforeit
is usedto producea join result,theidentitiesof its socialclassesarecomparedo thoseof requiredsocial
classe®f the querynodecorrespondingo the input stream.If for every structuralrelation,theidentity of
the socialclassof the nodeis amongtheidentitiesof requiredsocialclassesn the givenstructuralrelation,
thenthe nodeis usedasusualin the join. Otherwisethe join proceedsvithout usingthe datanode. Since
the nodeis retrieved before ltering is performedthe Itering stepdoesnotimprove the performanceof
the currentjoin. However, sincethe outputof the currentjoin could be reducedby the ltering step,the
performanceof subsequenjpins canbene t from the Itering. The effect of applying ltering earlyin a
sequencef structuraljoins canquickly multiply to resultin a substantiaperformancegain.

The indexing methodis morecompl. Theideais to index datanodesusinga combinationof node
positionsandidentitiesof socialclassesOnepossibleway is to encodéboththe positionandsocialclasses
of anodeinto a singlekey, andusethis key to build anindex. Anotherway is to have separatekeys for
nodepositionandsocialclassesandto build a multiple key index. Eitherway, datanodesmustbe accessed
sequentiallyaccordingo their positionsin orderfor the structuraljoin algorithmsto work appropriately

Onecomplicationis thatwhenusingsuchanindex, the searchkey will containonestartposition(with

or withoutthe matchingendposition)anda setof identitiesof requiredsocialclassesTake a B+-treeindex
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\ DataSet \ Raw Size \ NodesTabIe\ Classeé'able\ VaIuesTabIe\

Shalespeare 7.28MB 3.46MB 3KB 7.58MB
XMark 111.1MB | 46.88MB 97KB 111.59MB
DBLP 164.35MB| 32.50MB 32.4KB 52.18MB

Tablel: Sizesof DataSets

| Queryld | QueryExpression

Q1 /Play/Act/Prologue

Q2 [Play/Act/Scene/Speech/StageDir

Q3 /Play/Act/Scene/Speech/Subhead

Q4 /Play/Act/Scene/Speech[/Subt#hine

Q5 /Play[Act/Scene/precedimghbling::Prolague]/Line
Q6 /Site/Rgions/Europe/ltem/Despition/Text/Keyword
Q7 [/Site/Rejions/Europe/ltem[/Feated/Description/Text/Keyword
Q8 //Item[/Description[//Keyword][//EmpH][//Bold]]

Q9 /Person[/Phone][/CreditCaft}ddress]/Name
Q10 //People//Person[/Homepad&itailAddress

Table2: A Setof Queries

asanexample.A subtreecanbeskipped,f eithernoneof thenodesn thesubtreehastheright position(that
is beingcontainedn therangeof thesearchkey) or noneof thenodesn thesubtreebelongso ary required
socialclasses.Both the structureand algorithmsof the index will have to be morecomple. The design
of suchindexesis still anopenproblemandwill be addresseth our future research.n the next Section,
we reportresultsfrom our simulationswhich illustrate potentialperformancegainsof usingour evaluation

framework.

5 Experiment Results

Thepurposeof our experimentds to studytheeffectivenesof combiningsocialclassesvith nodepositions
to reducethe costof pathqueryevaluation.

We performedanumberof experimentsisingthreeXML datasetstheXMark XML benchmark[SWK 02],
the Shalespeare playsdatase{Bos|, andthe DBLP bibliographydatasefLey]. Dueto spacdimitations,
we only presentesultsfrom the Shalespearglaysand XMark datasetsFor eachdatasetye obtainnode
positionsandsocial classedor datanodesduring dataloading. The dataset@re shreddedandstoredin a

commerciaRDBMS in severaltablesincludinga Nodestableanda Valuestable.Nodepositionsandiden-
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tities of socialclassesrestoredin the Nodestable. We implementeda variantof the algorithmpresented
in Section4.2in Java. This algorithmusesan SAX parserto parseXML documents.During the parsing,
it assignssocialclassidentitiesto datanodesaswell asobtainsnodepositions. It also obtainsthe class
mappingtable. Table1 shaws the sizesof varioustablesfor the datasets.The Nodestable containsone
recordfor eachinternalnodeof the datatree. Eachnodecontainsboth the nodepositionandidentitiesof
six socialclassespneper structuralrelation. The storagesizeof theidentitiesof socialclassesamountgo
approximatelyonehalf of thenodesize. TheValuestablecontainsstringvaluesof theleafnodes.Theclass
mappingtablecontaingherelative tagsof eachsocialclassfor eachstructuralrelation.

For eachdatasetwe choose ve typesof queries.In orderto focuson performancef structuraljoins,
we excludequerieswith value-basedonditions.Table2 shavs the setof queriesusedin our experiments.
Among thesequeries, Q1 to Q5 arefor the Shalespeargplaysdatasetand Q6 to Q10 arefor the XMark
datasetQ1,Q2,Q3,andQ6 aresimplepathquerieswith differentlengthsandinvolve only the parent-child
relationship.Q4 andQ7 aresimplebranchingpathquerieghatinvolve bothparent-childrelationshipsanda
singlestepsecondanpranch.Q8, Q9 andQl10arenon-trivial branchingpathqueriesinvolving bothparent-
child andancestodescendat relationshipsandmultiple secondarypranches Q5 is alsonon-trivial andit
involves parent-child ancestodescendat, andsibling relationshipsanda secondarnpranchwith multiple
steps.

We implementedhe algorithmpresentedn Section4.3to computethe requiredsocialclasseof each
guerynode. The setof derivation rulesusedby the algorithmwasmanuallycreated.The derivationrules
have the form describedn Section4.3. Sincethe classmappingtableis small enoughto be keptin the
memory therequiredsocialclassexanbe obtainedwith a negligible costascomparedo the costof actual
gueryevaluation.

For eachquery we generatevaluationplansin the form of left-deepjoin treeswith all possiblejoin
ordersthatallow for the outputof eachjoin to be pipelinedinto the next join. We consider ve evaluation
stratgiesof join trees:Naive, B+-tree,XR-tree,Class- Iter, andClass-indg. All evaluationstratgiesuse
somevariationof the StackTee structuraljoin algorithmto ensurethateachnodeaccesseth ajoin need
only be accessednce. The naive evaluationusesthe original structuraljoin algorithmfor all joins. This
algorithmreadsevery nodein eachinput stream. The B+-treeevaluationusesthe position-based+-tree
index for eachjoin to skip over descendanfor child) nodesthat are irrelevant to the join. The XR-tree

evaluationuseghe position-base&R-treeindex to skipirrelevantancestoanddescendamodes.As done
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Figure7: Resultsonthe Shalespeard’laysDataSet

in the XR-treeevaluationthe Class- Iter evaluationaccessemput nodesusingan XR-treeindex, andadds
a ltering stepasexplainedin Section4.4. The Class-indg evaluationincorporatessocial classednto
the position-baseXR-treeindex in orderto skip over moreirrelevant nodesthan possibleusing XR-tree
evaluationalone. In our experiments theseevaluationstratgies are simulatedusing SQL queriesin the
RDBMS.

Our costmetricfor comparingevaluationstratgiesis the numberof nodesretrieved duringthe evalua-
tion of thejoin trees.Measuringhe performanceaisingthe numberof nodesetrievedis reasonabléecause
thecompleity of theoriginal structurajoin algorithmis , Wheretheinputsize
is thenumberof nodesn theinput streamsandthe outputsizeis the numberof pairsof nodesn theoutput.
In our case sincethe outputof eachjoin (exceptthelastone)is pipelinedinto the next join andthe outputof
thelastjoin is the samefor all evaluationstratgiesandall join trees therelative costsof variousevaluation
stratgieson variousjoin treescanbe clearly indicatedby the numberof input nodesretrieved. Usingthis
costmeasurdor eachquery we identify the optimal andworst-casgoin ordersandtheir costs,aswell as
the averagecostof all join orders. For eachquery the optimal andworst-casgoin ordersarelikely to be
differentfor differentevaluationstratejies.

Figures7 and 8 shaw the resultsof our experiments. For eachquery the chartshavs the numberof
inputnodegetrievedfor the optimaljoin treeaswell asfor theworst-casgoin tree,andtheaveragenumber

of nodegetrievedtakingall possiblgoin treesinto consideration.

19



Letuslook morecloselyattheresults.ConsideiQ1lin Figure7. B+-treeevaluationis notmuchdifferent
thanthe naive evaluationfor all join orders. This is becauseén this datasetgvery play containsacts,but
thereareonly 12 prologuesn theentiredatasetFor B+-treeevaluation,no matterwhatjoin orderis chosen,
every nodein the child input streamparticipatesn thejoin. Thusit is not effective in skippingover input
nodes. For XR-tree evaluation, sincethe optimal join orderis to do “Act/Prologue”before“Play/Act”,
mary irrelevant parentinput nodescanbe skipped resultingin a muchbetterperformance However, with
theworst-casgoin orderwhichis to do “Play/Act” before*Act/Prologue” XR-tree evaluationcannotskip
overary inputnodein the rst join becaus&verynodeis relevantto thejoin. Sincetheresultof the rst join
is pipelinedinto the secondoin andno index is availablefor this join result, XR-tree evaluationalsohas
very poor performanceén thisworstcase.Thereasorfor Class- Iter evaluationperformingsopoorly in the
worst-casgoin orderis becauseéhis queryhasonly two joins andthe Itering techniques not capableof
improving performancédor querieghatconsistof only oneor two containmenjoins. The ltering technique
preventsfalserelevantnodedrom ever generatingoin resultsin orderto preventirrelevantnodesdrom being
processedh subsequerbins. But if only onejoin remainsto be performedafterthe Itering, the XR-tree
index is alreadycapableof skippingthesesameirrelevant nodeseven without the initial Itering. Thus
no improvementis gainedby the Itering. However, the Class-inde techniqueis capableof improving
performancén this casesinceit canskip falserelevantnodesfrom theinputsof the rst join, in preparation
for thesecondoin of this query

Q2 andQ3 shav similar propertiesasQ1. Q4 is particularlyinterestingsinceit hasan emptyanswer
Evaluatingthis querywithout the useof socialclassesnvolvesperformingsereraljoinsonly to nd thatno
answemodessatisfythis query Both Class- Iter andClass-indg evaluationscandetectif any querynode
hasan empty setof requiredsocial classesaccordingto Lemmaa3.2, the existenceof sucha querynode
clearlyindicatesthat no datanodecanever satisfythis queryandthe answershouldbe empty Therefore,
the queryevaluationcanterminatewithout accessing singlenode. B+-treeand XR-tree evaluationswill
obtainemptyintermediateesultsandterminateearlyif the optimaljoin orderis chosenput will perform
severalunnecessaryinsif theworst-casgoin orderis chosen.

For Q5, all methodsareableto do very well in the optimal casebecausestartingwith the sidebranch
will resultin a small numberof play nodes,andthe position-basedndex canbe usedto skip over mary
irrelevantLine nodes.However, in the worst-casethejoin for “Play//Line” will bethe rst to performand

exceptin the caseof the Class-indg, all evaluationstratgieshave to retrieve all nodesn bothinputstreams
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Figure8: Resultson XMark DataSet

of this very expensve join. This explainsthetremendousostdifferencesn this query

Q6 to Q10 shaw similar results. However, Class- Iter and Class-ind® evaluationsare much more
effective in improving queryperformancesincethesequeriesrequiremorejoins. In generalthelongerthe
querypathis, themoreopportunitythereis for socialclasseto be usedto reducethe evaluationcost.

Fromexaminingtheresultsof thesequerieswe canseethatthereis a considerablemountof roomfor
improvementover usingthe Naive evaluation.B+-treeand XR-treeindexessigni cantly reducethenumber
of nodesaccessedBut the additionof socialclassbasedltering andindexing techniquego the already
efcient XR-treeindex, provides for even fewer irrelevant nodesto be accessed.One other interesting
obsenrationis thatfor the Class-indg, the performancelifferencebetweerthe optimalandworst-casgoin
ordersis oftennggligible. Thisis importantbecaus@etermininganoptimaljoin orderis a computationally
dif cult problemandwith this evaluationstrateyy, poorly chosenjoin ordersare muchlessdetrimentalto
the performancef queryevaluation.

To summarizefor the ve evaluationstratgies,Naive, B+-tree, XR-tree,Class- Iter, andClass-indg,
eachstratgyy is atleastaseffective in eliminatingirrelevantinputnodesasthepreviousstratey, respectiely.

As we canseefrom theseresults the useof the socialclassexanoftenmalke a substantiaimprovement.
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6 RelatedWork

Thecontainmentjuerywas rst consideredn [ZND 01], wherethe positionis usedto de ne containment
gueriesas SQL querieswhich performjoins on nodetables. A nev meige-join algorithmwas proposed
to replacestandardoin algorithmsfor efciently processingcontainmengueries. The StackTee family
of algorithmsfor structuraljoins wasproposedn [AKJK 02], aswell asthe term “structuraljoin.” The
complity of thesealgorithmswasshawn to belinearto the sizesof the input andoutput. Improvements
over the StackTeealgorithmswereproposedvith B+-treeindexing on descendarinput streamsandwith
XR-treeindexing on bothinput streamgAKJK 02, BKS02 ZND 01]. A methodfor join orderselection
of query plansinvolving a tree of structuraljoins is presentedn [WPJ03, whereall joins are evaluated
with someStackTee algorithm,andthe sortingoperatoris alsoincludedin the queryplan. Twig queries
areconsideredn [BKS02], whereideassimilar to that of StackTeealgorithmswereproposedo evaluate
multiple structurajoinssimultaneouslyThealgorithmutilizesmultiple linkedstackdo compactlyrepresent
multiple sequencesf parent-childand ancestodescendat relationships. However, the methodis most
effective for simpletwig queriesnvolving only parent-childrelationships.

Modeling XML queriesasquerytree patternswasproposedn [AYCLS01, CFF 02, Ram02. Tech-
niqueswerealsoproposedo rewrite querytreesbasednknown structuralconstraintsn thedata.

Usingnodepartitionsto evaluatepathqueriess notnew. Graphindex approacheall usesometype of
similarity relationto partitiondatanodesandbuild graphindexesbasednrelationship@amongequvalence
classes.In [MS99], 1l-indees are built basedon notionsof simulationand bisimulationboth of which
inducea partitionon datanodes.Nodesarein the sameequialenceclassif andonly if they have the same
incomingpathfrom root and/orthe sameoutgoingpathto leaf nodes.Dueto the strongconditionfor nodes
to be equivalent, the sizesof theseindexes can be very big, sometimesven biggerthanthe datagraph.
Severaltechniqueswvere proposedo reducethe index size. A(k)-indexes [KSBGO02] partition datanodes
basedon the notion of k-bisimilarity which placesnodesin the sameequivalenceclassif andonly if they
have the sameincomingand/oroutgoingpathsof a givenlength(k). In [KBNKO02], the processf building
thel-inde is carriedoutasasequencef interleaving stepgollowing thedirectionof theoutgoingpaths(F)
andincomingpaths(B), andis controlledby thelengthof this sequenceUnlike thesemethodsassociation
similarity represents muchmorerelaxed condition. Nodeshaving the samesetof relative tagsneednot

to have sameincomingor outgoingpaths.However, sincewe do not have pathinformationencodedn the
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nodepatrtition, structuraljoins arenecessaryor discovering paths.

7 Conclusions

In this paperwe de ne anotionof socialclasse®f XML datanodesandpresenta queryevaluationframe-
work thatusesbothnodepositionsandsocialclassego improve performancenf pathqueryevaluation. A
socialclassof anodeis de ned asanequialenceclassinducedby tagsof othernodesthatareassociated
with the given nodein the given structuralrelation. In our framework, social classesf datanodesare
obtainedduring dataloading. During querycompilation,queriesareanalyzed.Implicit requiredstructural
relationsarederived from thoseexplicitly speci edin the query andidentitiesof requiredsocialclasse®f
individual querynodesare obtainedfrom the classmappingtable. The positionsof datanodes the social
classef datanodes,andthe requiredsocial classef querynodesare usedduring query evaluationto
provide an effective mechanisnfor ltering andindexing XML data. We presenta numberof algorithms
thatimplementthis framewvork andreporton resultsfrom our experiments.Our resultsshav thatthis new
methodcansubstantiallyimprove performanceof XML querieshatrequiremultiple structuraljoins.

A numberof issuegemainto befurtherstudiedn orderto successfullyncorporateour queryevaluation
framework with existing XML queryprocessingechniqueskFirst, structuresandalgorithmsfor indexesthat
combinenodepositionandsocialclassesieedto be designed.Second ef cient methodsfor maintaining
social classedn the event of dataupdatesneedto be developed. It is also possibleto collect statistics
aboutsocialclassesandusethesestatisticsin queryoptimizationto aid in deriving the mostef cient query
evaluationplans. Anotherissueis to useboth nodepositionandsocial classedo evaluatemore complex

guerieshatmay containmultiple pathqueriesyalue-basgoins, andaggrgatefunctions.
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