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Abstract

In a state-of-the-artXML database,an XML query is evaluatedas a sequenceof structuraljoins

in which positionsof datanodesareusedto performeachindividual structuraljoin. In this paper, we

de�ne thenotionof socialclassesof datanodesandpresenta framework of queryevaluationin which

both positionsandsocialclassesof datanodesareusedwith structuraljoins to further improve query

performance.A socialclassof a datanodeis de�ned asanequivalenceclassinducedby tagsof other

nodesthat areassociatedwith the given nodein a given structuralrelation. In our framework, social

classesof datanodesare obtainedduring dataloading. Then during query compilation,queriesare

analyzedto determinerequiredstructuralrelationsamongquery nodesand to derive requiredsocial

classesfor eachindividual querynode. The positionsof datanodes,the socialclassesof datanodes,

andtherequiredsocialclassesof querynodesareusedduringqueryevaluationto provide aneffective

mechanismfor �ltering andindexing XML data.Wepresentanumberof algorithmsthatimplementthis

framework andreporton resultsfrom our experiments.Our resultsshow that this new methodcould

substantiallyimproveperformanceof XML queriesthatrequiremultiplestructuraljoins.

1 Intr oduction

The eXtensibleMarkup Language(XML) [BPSMM00] hasbeenwidely acceptedasthe standardformat

of electronicdataexchange.As XML databecomesubiquitous,themanagementof suchdatain database
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systemsbecomesanincreasinglyimportantresearcharea.SinceXML documentsaresemistructured,they

oftendonotconformto or evenhaveaschemaandthey areoftenmodeledasorderedlabeledtrees.To query

XML data,XML querylanguagessuchasXQuery [BCF
�

02] rely on pathnavigation patternsto specify

portionsof anXML datatreethatshouldberetrieved andtransformed.Suchpathnavigationpatternsare

expressedaspathqueriesin theproposedstandardquerylanguageXPath[BBC
�

02].

Pathqueriescanbe viewedaspatterntreesandtheir evaluationcanbeviewed asa processof �nding

all possibleembeddingsof thepatterntreesin thedatatree. Due to the importanceof pathqueries,many

methodshave beenproposedfor pathqueryevaluation.Thesemethodstake two differentapproaches:the

graphindex approachandthestructuraljoin approach.In thegraphindex approach[CMS02, KBNK02],

datanodesarepartitionedinto equivalenceclassesbasedonasimilarity relation.Theseequivalenceclasses

de�ne asummarygraphof thedatatreein whichnodesrepresenttheequivalenceclassesandedgesrepresent

structuralrelationshipsbetweenequivalentclasses.A pathqueryis evaluatedagainstthe summarygraph

insteadof the datatree. The graphnodesthat satisfythe queryarethenusedasan index to retrieve data

nodesof theanswer. Theeffectivenessof this approachreliescritically on thesummarygraphbeingmuch

smallerthanthedatatree. However, for somedatasets,thegraphindex maybecomemuchlarger thanthe

datatreeitself. In thestructuraljoin approach[CVZ
�

02, WJLY03,AKJK
�

02, JLWO03, BKS02,WPJ03], a

pathqueryis evaluatedthroughasequenceof structuraljoin operations.A structuraljoin takestwo streams

of datanodesas input and producespairs of nodes,whereeachpair of nodessatisfy a requiredstruc-

tural relationship.Structuraljoin algorithms[AKJK
�

02, ZND
�

01, JLWO03, CVZ
�

02, WPJ03, BKS02]

usepositionsof datanodeswithin XML documentsto quickly determineif any two given nodeshave an

ancestor-descendant or parent-childrelationship.By readinginput streamsin ascendingorderof nodepo-

sitionsandkeepingancestornodesin an in-memorystack,algorithmsin [AKJK
�

02] only needto scan

eachinput streamonce. Improved algorithmsin [CVZ
�

02, JLWO03] usenodepositionbasedindexesto

skip datanodesthatdo not actuallyproduceany join result,so that to achieve a muchbetterperformance.

Structuraljoinsof aquerycanbeevaluatedin anorderdifferentfrom theorderof navigationstepsspeci�ed

in the query, accordingto estimatedevaluationcost. Using structuraljoins, the answerof a querycanbe

computedin a-set-at-a-timefashion,whichoftenresultsin agoodperformance.

Determiningtheoptimaljoin orderfor apathquerywith many structuraljoins is known to beadif�cult

task[AKJK
�

02]. In practice,suboptimaljoin ordersareoften chosenby queryoptimizers. However as

explainedin Section5, even if an optimal join orderandthe beststructuraljoin algorithmarechosento
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evaluatea pathquery, theremaystill bemany datanodesthatarerelevant to someintermediateresult(for

example,by participatingin oneor morestructuraljoin) but areirrelevant to the �nal resultof thequery.

We call thesenodesfalserelevantnodes.Falserelevantnodescontribute to theoverall evaluationcost,yet

aredif�cult to getrid of usingtechniquesthatknow only nodepositions.Thusweneedadditionalstructural

informationto identify falserelevant nodesandto discardthemfrom input streamsof structuraljoins. In

thispaper, we make thefollowing contributions.

1. We de�ne the notion of social classesof datanodes,which areequivalenceclassesof datanodes

inducedby tagsof othernodesthatareassociatedwith thegivennodesin givenstructuralrelations.

2. We presenta framework of queryevaluationin which bothpositionsandsocialclassesof datanodes

areusedwith structuraljoins to furtherimprovequeryperformance.In this framework, socialclasses

of datanodesareobtainedduringdataloading.Duringquerycompilation,explicitly expressedstruc-

tural relationsamongquerynodesareusedto derive implicitly requiredstructuralrelations,which

arethenusedto obtainrequiredsocialclassesfor eachindividual querynode.Thepositionsof data

nodes,thesocialclassesof datanodes,andtherequiredsocialclassesof querynodesareusedduring

queryevaluationto provide aneffective mechanismfor �ltering andindexing XML data.

3. Wepresentanumberof algorithmsthatimplementtheproposedframework of queryevaluation.

4. We performeda numberof experimentsto evaluatetheeffectivenessof socialclassbasedmethods.

Our resultsshow thatthesenew methodscansubstantiallyimproveperformanceof XML queriesthat

requiremultiple structuraljoins. In addition,our methodcandrasticallyreducethe differencesin

performancecausedby different join orders,thusmakingthe choiceof the optimal join order less

critical.

Theremainingpartof this paperis organizedasfollows. In Section2, we presentbasicconceptsof XML

datamodelanddiscussourmotivationusinganexample.In Section3, wede�ne thenotionof socialclasses

of datanodesandrequiredsocialclassesof querynodes. In Section4, we presentour queryevaluation

framework andalgorithms.In Section5, we presentresultsfrom ourexperiments.In Section6, wediscuss

relatedwork. Finally, Section7 concludesthepaper.
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Figure1: An XML DataTree

2 Preliminaries and Moti vation

In this section,we brie�y introducebasicconceptsof XML datamodelandXML query. We alsodiscuss

ourmotivationusinganexample.

2.1 XML Data Model and XML Queries

An XML documentcontainsa sequenceof elementswhich are marked by a pair of start and end tags.

Eachelementmay containa numberof attributes,oneor moresub-elements,or a datavalue. An XML

documentis representedas an orderedlabeledtree in which nodesrepresentXML fragments(suchas,

elements,attributesanddatavalues),andedgesrepresentthe containmentof variousXML fragmentsin

elements.Internaltreenodesarelabeledwith tagsof elementsor attributes,andleafnodesarelabeledwith

datavalues.Figure1 shows thetreeof asampleXML documentwith datavaluesomittedto keepthe�gure

simple. In this XML document,the root elementhastag A, andit containsthreeB elementsandoneF

element.The�rst B elementcontainstwo C elements,andsoon.

EachXML fragment(andits nodein the XML datatree)hasa pair of startandendpositionsin the

XML document.Thesepositionsareshown in Figure1 asa pair of integers(representinga word count

from the beginning of the XML document).For example,the positionsof the leftmostB-nodeare2:13.

For simplicity, we identify datanodesby their startpositions.Structuralrelationships,suchasparent-child,

ancestor-descendant, following-preceding-siblings, etc.,arede�ned accordingto theconventionfor trees.

To bemoreprecise,a datatreeis de�ned by
�������	��
���
��

, where
�������������������������

is a setof nodes,
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 �!�#"$�

is a setof edgeswhere %

�'&(����)+*-,.


meansthatelement
�'&

containselement(or attribute)
��)

, and

/�0�21 � ����������1435�

is a setof nodelabels.For a node
�6,$�

, we denoteits labelby 798;:

�<�=�>,?


, start

positionby @�798BA�7

�<�=�

, endpositionby C�DFE

�<�G�

, andtreelevel by
1

C

�

C

1��<�=�

. In general,the @27(8BAH7

�<�G�

, C�DFE

�<�=�

,

and
1

C

�

C

1��<�=�

arereferredto asthepositionof node
�

. Thepositionsof any two datanodes
�G&

and
��)

have

thefollowing properties.

1. Intervals IJ@27(8BAH7

�<�'&��K�

C�DFE

�<��&L�LM

and IJ@27(8BAH7

�<�2)2�K�

C�DFE

�<��)H�LM

areeitherdisjointor completelynested.

2. If IJ@27(8BAH7

�<�H&N�K�

C�DFE

�<��&O�LM

contains IJ@�798BA�7

�<�2)2�K�

C�DFE

�<��)H�LM

, then
�'&

is an ancestorof
�2)

. Furthermore,if
1

C

�

C

1��<� & �P�Q1

C

�

C

1��<� ) �SRUT

,
� &

is alsotheparentof
� )

.

Thesepropertiesare the basisfor using nodepositionsto quickly determineif two datanodesare in a

containmentrelation(ancestor-descendant or parent-child).

A structuralrelationis de�ned asasubsetof thecross-productof nodes,thatis, V

�U��"W�

. Instances

of structuralrelationsareordered.For example,if %

�X&(����)�*-,?Y

8;AZC�D[7 , thesecondnode,
�2)'�

is theparent

of the�rst node,
�Z&

, but thereverseis not true. In thiscase,wesaythat
�')

is a relative of
�'&

in V .

A pathqueryconsistsof a sequenceof navigationsteps(or locationstepsin XPathterminology). For

example,“/child::A/descendant::E/following-sibling::D” is a simplepathquery that retrieves a setof D-

nodesthat are following-siblingsof someE-nodes,which in turn, are descendantsof top level ances-

tor A-nodes. In this query, “child::”, “descendant::”,and“following-sibling::” arecalledaxes,andthey

specify requiredstructuralrelationsamongdata nodesof the answer. The only node in the data tree

in Figure 1 that will satisfy the above query is the secondD-node (i.e., node10). In contrast,query

“/child::A/descendant::E[/following-sibling::D]” will retrieve the E-node(node8) instead. In this query,

the squarebracket de�nes an additionalconditionon E nodes,namelythat they must have at leastone

D-nodesibling to its right in thetree(thatis, a following-sibling).

A queryis representedby a querytreede�ned by \

�]���F^_��
>^_��
��

, where
��^

is a setof querynodes,

>^`�]�

%ba

&L�

V

�

a

)�*5c

a

&(�

a

)d,.�e^_�

V

,gf

V

�

is a setof edgeslabeledby thenamesof structuralrelations

(
f

V ) that arede�ned on datanodes,and



is the setof nodelabels. Eachdistinct edgelabel V de�nes

a requiredstructuralrelation Vih

�j�

%ka

�

a�h

*5c

%la

�

V

�

a�h

*-,]
>^m�

. For simplicity, we often refer to

both the structuralrelation V , de�ned on datanodes,and the requiredstructuralrelation V
h , de�ned on

querynodes,asthe samerelation V , althoughtechnicallythey aredifferent. Sincedifferentquerynodes

may have identicallabels,we identify querynodeswith uniquenumericidentities. Figure2 shows query
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Figure2: QueryTrees

treesof threequeries,wheretree(a) represents“/child::A/descendant::E/following-sibling::D” andtree(c)

represents“/A[/B]/C//D”. Eachquerytreehasa uniqueroot noderepresentingthedocumentroot. Nodes

labeledwith “*” arecalledoutputnodes.

Let
�n�o���	��
���
��

be an XML datatree, \

�o���p^���
>^_��
��

be a pathquery, and
f

V be the setof

structuralrelationsde�ned on
�

. An embeddingof \ (in
�

) is amappingCiq

�
^$r

�

, sothat

1. for everyquerynodea

,s�p^

, 7(8;:

�

a

�m�

798;:

�

C

�

a

���

, and

2. for everyqueryedge%`a

�

V

�

a
h

*-,t

^

, %uC

�

a

�K�

C

�

a
h

�_*-,

V , and V

,sf

V .

If C is anembeddingof \ , we saythatdatanode C

�

a

�

satis�esquerynode a . Theanswerto query \ is the

setof datanodesthatsatisfytheoutputnodein possibleembeddingsof \ . For querytree(a) in Figure2

andthedatatreein Figure1, thereexistsonly asingleembeddingwith thefollowing mapping:

Querynodea Datanode C

�

a

�

0 documentroot

1 1

2 8

3 10
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Thus,theanswercontainsasingleD-node,namelynode10.

A pathquerycanbeevaluatedasa sequenceof structuraljoins, onefor eachnavigationstep. For ex-

ample,the query “/child::A/descendant::E/following-sibling::D” canbe evaluatedasa sequenceof three

structuraljoins for “(root)/child::A”, “A/descendant::E”,and“E/following-sibling::D”, respectively. Con-

siderthestructuraljoin for “A/descendant::E”.This structuraljoin takesa streamof A-nodes(theancestor

stream)anda streamof E-nodes(the descendantstream)asinput, with both streamssortedin ascending

orderon startpositions,andusesthepropertiesof nodepositionsto identify E-nodesthataredescendants

of someA-nodes.Basedon its intendeduse,theresultof thejoin canbeasetof A-nodes,asetof E-nodes,

or a setof A-E nodepairs. No matterwhat the resultwill be, the basicalgorithmis the same.For each

root-to-leafpath in the datatree, the algorithmkeepsancestorA-nodesin a stackto avoid scanningthe

descendantstreamrepeatedly. As a result,thecomplexity of astructuraljoin is v

�

D

Rxw0Rzy{�

, whereD ,
w

arenumbersof nodesin the two input streams,and
y

is thenumberof nodesin theoutput. If oneor both

inputstreamhasanindex onnodeposition,theindex canbeusedto skipnodesthatdonotproduceany join

output.For example,A-nodesthatarenot ancestorsof any E-nodeandE-nodesthatarenot descendantsof

any A-nodecouldbeskipped.Skippingirrelevantinputnodescansubstantiallyimprove theperformanceof

structuraljoins.

2.2 Moti vation

Considerthe query“/A/B/C/D” (which is the shorthandof “/child::A/child::B/child::C/child::D”) against

thedatatreein Figure1, Theanswerto thequerycontainstwo D-nodes:nodes4 and10. This queryneeds

to computefour structuraljoins for “(root)/A”, “A/B”, “B/C” and“C/D”, respectively. If theoutputof each

join is pipelinedinto the next join, thesejoins canbe performedin four differentorders,oneof which is

givenin theprevioussentence.Noticethat“/A”, “A/B”, “C/D”, “B/C” is not a feasiblepipelinedjoin order

becauseneitherthe A-nodesnor the B-nodesobtainedfrom the join for “A/B” areinput to “C/D”. These

differentjoin ordersresultin differentquerycosts.Let us�rst considerthestructuraljoin for “B/C”. To be

concrete,we assumethat the join resultis a setof B-C nodepairsandthat the join is the �rst to perform.

FromFigure1, thetwo inputstreamsof this join contains3 B-nodesand5 C-nodes,respectively. Usingthe

algorithmof [AKJK
�

02], all 8 nodeswill beretrieved. If theB+-treeindex basedalgorithmof [CVZ
�

02]

is used,two C-nodeswill beskippedandtheremaining6 nodes(thesame3 B-nodesandC-nodes3, 7, and

15) will be retrieved. If the XR-treeindex basedalgorithmof [JLWO03] is used,then5 nodes(B-nodes
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2, 14 andC-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 contribute to the �nal answer. Thus,both B-node14 andC-node15 arefalse

relevant. In currentstructuraljoin approach,thesefalserelevantnodesarenotdiscardeduntil muchlaterin

theevaluationprocess,afterapossiblyhighevaluationcosthasbeenpaid. It is obviouslydesirablefor false

relevantnodesto bediscardedasearlyaspossiblein theevaluationprocess.Notethatnodepositionsdonot

provide enoughinformationfor thispurpose,therefore,weneedadditionalinformation.

By analyzingthequerymoreclosely, it becomesclearthat the setof conditionsimplied by the query

is much larger than just thoseexplicitly expressed.For example,with “B/C”, the queryonly explicitly

expressesthat in orderfor an input C-nodeto be relevant to thequery, it musthave a parentB-node. But

togetherwith othernavigationsteps,thequeryreally impliesthatin orderfor aninputC-nodeto berelevant

to thequery, it needsto have an ancestorA-node,a parentB-node,anda child D-node. Any C-nodethat

doesnot satisfyall threeconditionswill be falserelevant to this query. Currentstructuraljoin algorithms

checkonly theexplicitly expressedconditions,andthatis why they areunableto identify thosefalserelevant

nodes.If all threeconditionswerechecked,only C-nodes3 and7 would beretrieved during the join. An

analysisof otherstructuraljoins in this querywill leadto a similar conclusion.This motivatesusto design

ourmethod.

In orderto checkall conditionsfor eachquerynode,weneedto know �rst, thetypesof parents,children,

ancestors,etc. thateachdatanodehas,andsecond,thetypesof parents,children,ancestors,etc. thateach

querynoderequirestheir matchingdatanodesto have. In thenext Section,we de�ne thenotionof social

classesto representsuchinformation.

3 SocialClasses

Themain ideabehindthesocialclassis to partitiondatanodesinto equivalenceclassesbasedon typesof

their parents,children,ancestors,etc.,sothatnodeswith thesametypesof parentsarein oneclassfor the

parentrelation,nodeswith thesametypesof childrenarein oneclassfor thechild relation,andsoon. In

thefollowing, wepresentthedetails,�rst for datanodes,andthenfor querynodes.
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3.1 SocialClassesof Data Nodes

Although many structuralrelationsamongdatanodescanbe de�ned, in this paperwe consideronly six

structuralrelations:parent,child, ancestor, descendant,following-siblingandpreceding-sibling.However,

our framework canbeeasilyextendedto includeotherstructuralrelations.

Let V beastructuralrelationand
�

beadatanode.Thesetof relativesof
�

in V is de�ned by |x}

�<�G�	�

���

h

c

%

�����

h

*-,

V

�

. Therelative tagsof
�

in V is thesetof tagsof therelativesof
�

in V , andis de�ned

by ~ }

�<�G�	�•�

798Z:

�<�

h

�€c•�

h

,

| }

�<�=�‚�

.

De�nition 3.1 Two datanodes
� �

and
�Zƒ

aresimilarly associatedin a structuralrelation V , denotedby
� �…„

†

}

�Hƒ

, if they have thesamesetof relative tags,thatis, ~ }

�<� � �	�

~ }

�<�'ƒ2�

. Therelation
„

†

}
is calledthe

associationsimilarity inducedby V .

It is straightforwardto show thattheassociationsimilarity is anequivalencerelationonthesetof datanodes.

Thus,it inducesa partition ‡€ˆ�‰

����Š‹�����������KŠ_ŒX�

of datanodes,where •

Œ

&�Ž
�

Š
&

�]�

,
Š

&�•
Š

)
�0•

for any
‘>’

�`“

, andeach
Š_&

is anequivalenceclass,calledasocialclass,asde�ned in thefollowing de�nition.

De�nition 3.2 A socialclassinducedby a structuralrelation V is theset
Š

of datanodes,suchthat, two

datanodes
�

�
,sŠ

and
�'ƒ”,6Š

if andonly if
�

�…„

†

}

�Hƒ

.

Eachsocialclass
Š

is identi�ed by a numericidentity
‘

E

��Š5�

andhasa setof relative tags ~
}

��Ši�

. For each

structuralrelation V , eachdatanode
�

is assignedto asocialclass
Š

}

�<�G�

whichhastheidentity
‘

E

��Š

}

�<�G���

andrelative tags ~
}

��Š

}

�<�G���

. Obviously, ~
}

��Š

}

�<�G���>�

~
}

�<�G�

. Figure3 shows a classmappingtableand

identitiesof socialclassesof somenodesof thedatatreein Figure1. Theclassmappingtablekeepstrack

of relative tagsof socialclassesinducedby thesix structuralrelations.In this table,eachcell representsa

setof relative tagsof a socialclass,wherea blankcell representsanemptyset,andacell markedby an“-”

indicatesthatthesocialclassdoesnotexist. Accordingto Table(b) in Figure3, node2 is in socialclass
Ši•

inducedby ancestorrelation,andin socialclass
Š‹–

inducedby descendantrelation. Then,from theclass

mappingtable,node2 hasanancestorA-node,anddescendantnodeswith tagsC, D, andE. Thefollowing

lemmadirectly follows from previousde�nitions.

Lemma 3.1 For a givendatatreeanda givenstructuralrelation V , thesetof socialclassesinducedby V

formsa uniquepartitionon datanodes,whereeachsocialclasshasa uniquesetof relative tags.Thetotal
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Relation
Š�— Š � Š_ƒ Š_˜ Š™– Š_• Š_š

ancestor A,B,C A,B A,C,F A,F A -
descendant D D,E E C,D,E B,C,D,E,F -

parent C B F A - -
child D D,E E C C,E B,F

� w-sibling D C E D,E B,F F
pre-sibling E C D B - -

(a)ClassMappingTable

Node par chi anc des psb fsb

1 0 6 0 6 0 0
2 4 4 5 4 0 5
3 2 1 2 1 0 2
4 1 0 1 0 0 0
7 2 2 2 2 2 0
8 1 0 1 0 0 1

... ...
(b) SocialClassIdentitiesof Nodes

Figure3: SocialClassesof DataNodes

numberof socialclassesinducedby V is upperboundedby ›�œ •�œ , where



is thesetof nodelabels.

3.2 Required SocialClassesof Query Nodes

As mentionedin Section2.1,axesof navigationstepsin a queryexplicitly specifyrequiredstructuralrela-

tionsbetweenpairsof adjacentquerynodes.Theseexplicit structuralrelationsmay imply additional,im-

plicitly requiredstructuralrelations.In eachembeddingof thequeryto thedata,eachquerynodeis mapped

to adatanodeandall explicitly andimplicitly requiredstructuralrelationsbetweenany pairof querynodes

aresatis�edby thecorrespondingdatanodesin theembedding.For thisreason,requiredstructuralrelations

amongquerynodesprovide critical informationfor determiningif a datanodeis falserelevant. Required

structuralrelationsde�ne relative tagsfor querynodesin thesamewaystructuralrelationsdofor datanodes.

Sincedatanodesarepartitionedbasedon their relative tagsin variousstructuralrelations,we canidentify

socialclasseswhosesetsof relative tagscontainthe requiredrelative tagsof a querynode. Thesesocial

classesarecalledrequiredsocialclassesof thequerynode.Every datanodetruly relevant to a querymust

becontainedin somerequiredsocialclassof somequerynode.In thefollowing, we formalizetheseideas.

Let \

������^_��
ž^_��
_�

bea pathquery, a bea querynodeand V bea requiredstructuralrelation. The

relative nodesof a in V is asetof querynodesde�ned by Ÿ	|•}

�

a

�	� �

a
h

c

%/a

�

a
h

*-,

V

�

andtherequired

relative tagsof a in V is thesetof tagsof relativesof a in V andis de�ned by ~
}

�

a

�i�¡�

7(8;:

�

a�h

�¢c

a�h

,

Ÿ	|
}

�

a

�‚�

. Notethatto simplify ourpresentation,wehave overloadedsomeof ournotations.

De�nition 3.3 A socialclass
Š

inducedby astructuralrelation V is arequiredsocialclassof aquerynode

a , if thesetof its relative tagscontaintherequiredrelative tagsof a in V , that is, ~
}

�

a

�>�

~
}

��Ši�

. Theset

of identitiesof requiredsocialclassesof a with respectto V is de�ned by £	¤
}

�

a

�-�¡�

‘

E

��Š5�¢c

~
}

�

a

�¥�
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~ }

��Š5�F¦tŠ!,

‡ ˆ ‰

�

.

Lemma 3.2 For any querynodea andrequiredstructuralrelation V ,
c

£	¤ }

�

a

��cZ�Q§

if andonly if thequery

result is empty, and
c

£	¤ }

�

a

��c¨�©c

‡ ˆ ‰

c

if andonly if a hasno relative in V , where
c ª«c

is the numberof

elementsin set
ª

.

Thefollowing theoremprovidesanecessaryconditionfor datanodesto satisfyquerynodes.

Theorem 3.3 If a datanode
�

satis�esa querynode a , thenfor eachstructuralrelation V ,
‘

E

��Š

}

�<�=���…,

£	¤F}

�

a

�

.

Thus,if a datanodeis not in any requiredsocialclassof any querynode,it is guaranteedto beirrelevant to

thequery. On theotherhand,althoughall nodesthatarerelevant to thequeryarein somerequiredsocial

classes,not every nodein a requiredsocialclassis relevant thethequery. Theimportanceof Theorem3.3

is thatduringthequeryevaluation,wecansafelyignorenodesthatarenot in any requiredsocialclass.

De�nition 3.3is basedonagivensetof requiredstructuralrelationsoverquerynodes.A queryexplicitly

speci�esonly a minimumsetof requiredstructuralrelations.However theseexplicit relationsmay imply

many moreimplicit requiredstructuralrelations.Thederivationof implicit requiredstructuralrelationscan

be formulatedasa logic derivationproblemin which explicitly speci�ed structuralrelationsform a setof

groundfacts,andimplicit requiredstructuralrelationsarederived usinga setof derivation rulesbasedon

a �xpoint semantics.A detaileddescriptionof techniquesfor logic derivation is beyond thescopeof this

paper. Here,we brie�y addressissuesaboutthederivationrules.

A requiredstructuralrelationcanbe representedasa predicate.For example,the predicateparent(X,

Y) representsa requiredrelationthatX hasa parentY, whereX andY arevariablesto beboundto query

nodes.A derivationrule is in theform of consequence:-antecedent. For example,ancestor(X,Y):-parent(X,

Z),ancestor(Z,Y) is aderivationrulestatingthatif X hasaparentZ andZ hasanancestorY, thenX alsohas

Y asits ancestor. Rulessuchaschild(Y, X):-parent(X,Y) anddescendant(X,Y):-child(X, Y) aretrivial and

their meaningsarestraightforward. An interestingnon-trivial derivationrule is ancestor(X,Y):-ancestor(Z,

Y), parent(Z,X), tag(Y)
’

�

tag(X), which saysthat if Y is an ancestorof Z, X is a parentof Z, andin the

query X and Y have different tags,then Y is an ancestorof X. The interestingpoint of this rule is the

condition tag(Y)
’

�

tag(X), which guaranteesthat X andY will be mappedto differentdatanodesin any

embeddingof thequery. This rule is correctsincein a patterntree,eachquerynodecanhave at mostone
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parent child ancestor descendant

<2,1> <1,2> <2,1> <1,2>
<3,2> <2,3> <3,1> <1,3>
<4,3> <3,4> <4,1> <1,4>

<3,2> <2,3>
<4,2> <2,4>
<4,3> <3,4>

(a)DerivedStructuralRelations

query requiredrelative tags requiredsocialclasses
nodea 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 C,D 4 4,5 1,2,3,4,5 4,5 all all
3 B D A,B D 2 1,2 1,2 1,2,4,5 all all
4 C A,B,C 1 all 1 all all all

(b) RequiredSocialClasses

Figure4: Requiredsocialclasses

parent.However, if 798Z:

�<ª¬�m�

798;:

�®­��

in thequery, wecannotsaythatY is requiredto beanancestorof X

becausethatanembeddingof thequerymaymapbothX andY to thesamedatanode.As anotherexample,

given ancestor(Z,Y), ancestor(Z,X), 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 severalcon�icting requiredstructuralrelationsmusthold,we

cannot preciselydeterminewhich onedoes.In our method,we do not usesuchuncertainderivationrules.

Althoughby doingso,we maymisssomeimplicit requiredstructuralrelations,thequeryperformancecan

still begreatlyimprovedin practice.Figure4 showsasetof requiredstructuralrelationsderivedfrom query

“/A/B/C/D”, andtherequiredsocialclassesof eachquerynodebasedon theclassmappingtablein Figure

3. Theblankentriesin table(b) indicateemptysetsof relative tags,and“all” indicatesthatall socialclasses

inducedby thecorrespondingstructuralrelationarerequiredby thegivenquerynode.

4 Evaluating Path Queries

Wenow presentourqueryevaluationframework andseveralalgorithmsthatimplementthis framework.

12



Algorithm: ComputeSocialClasses
Input: An XML datatree ¯

Output: A list ° of ±b²[³9´¶µe·�¸�³‚¹º¹»¹º³(´¶µG¼…½ ,where ² is a datanodeand ´¨µG¾ is the socialclassof ² in
structuralrelation V

&

; A classmappingtable ¿

Method:
Stack À = Á ; °6ÂxÁ ; ÃkÂ$Á'Ä

ProcessNode(root(¯ ), L M);
r = pop(S);
appendto L tuplescreatedfrom nodesin childList of r
appendto L thetuplecreatedfrom r
returnL andM

ProcessNode(n,L, M)
obtaintagsetsfor parent,ancestor, preceding-siblingof n from top(S)
push(n,S)
For eachchild c of n dobegin
ProcessNode(c,L, M)
n = pop(S)
for eachnodec in childList of top(S)do
addtag(n)to tagsetfor following-siblingof c

addtagsetfor descendantof n to thatof top(S)
addtag(n)to tagsetfor child of top(S)
addto L outputtuplesgeneratedfrom childrenof n usingM
appendn to childList of top(S)

end;

Figure5: ComputeSocialClasses

4.1 The Evaluation Framework

In our framework, socialclassesof datanodesareobtainedduringdataloadingwhenXML documentsare

shreddedinto datanodes;therequiredsocialclassesof querynodesareobtainedduringquerycompilation;

thesocialclassesandrequiredsocialclassesareusedduringqueryevaluationto �lter datanodesor to access

datanodesthroughindexes.

Duringdataloading,theXML documentis parsedto identify datanodesandtheirsocialclassesinduced

by structuralrelations. The classmappingtableis createdwhile datanodesareassignedthe identitiesof

their socialclasses.We do not assumeany speci�c storagescheme.All we requireis that the identitiesof

socialclassesof datanodescanbedirectlyobtainedfrom thenodesor from anindex structureduringquery

evaluation.

Duringquerycompilation,asetof explicitly requiredstructuralrelationsareobtainedfrom agivenpath

queryandusedto derive implicit requiredstructuralrelations.Theserequiredstructuralrelationsareusedto

obtainrequiredrelative tagsfor eachindividual querynode,which arethenusedto obtaintheidentitiesof

13



Algorithm : ComputeRequiredSocialClasses
Input: A pathquery \ , theclassmappingtable ¿

Output:A list of %`a

�

V

��
u*

, wherea is aquerynode,V is astructuralrelation,and



is a list
of identitiesof requiredsocialclassesfor a

Method:
Result-list=

•

Work-list= requiredstructuralrelationsexplicitly statedin \ .
for eachÅ in Work-list do
for eachA in Result-listdo
if Å and A derive anew instance7 basedonderivationrules
append7 to Work-list

remove Å from Work-list andappendit to Result-list
for eachquerynodea andeachstructuralrelation V

�nd theset @ of relative tagsof a in V from Result-list
�nd theset




of IDs of socialclassesin V from ¿ using @

output %`a

�

V

��
U*

Figure6: ComputeRequiredSocialClasses

requiredsocialclassesfor querynodesusingtheclassmappingtable.Theclassmappingtableis extremely

small in practice(lessthan100KB for eachdatasettested)andis keptin memoryfor betterperformance.

During queryevaluation,the identitiesof requiredsocial classesareusedto �lter databasedon the

identitiesof socialclassesof datanodesor to skipirrelevantdatausinganindex thatusesbothnodepositions

andidentitiesof socialclasses.The�ltering methodworksby comparingtheidentitiesof socialclassesof

input datanodeswith thoseof requiredsocialclassesfor the correspondinginput stream,andpreventing

falserelevantdatanodesfrom generatingany join result,thusreducingevaluationcostfor subsequentjoins.

The indexing methodworks by usingthe identitiesof requiredsocialclassesto never retrieve input data

nodesthatdo not belongto any of therequiredsocialclasses,resultingin reducedinput aswell asoutput

for thecurrentjoin.

4.2 ComputeSocialClassesfor Data Nodes

Figure5 shows analgorithmthatassignssocialclassesto datanodes.This algorithmtakesthedatatreeas

theinputandgeneratesa list of tuplesaswell astheclassmappingtable.Eachtuplecontainstheidentityof

adatanodeandtheidentitiesof socialclassesof thenode(onefor eachstructuralrelation).

Thealgorithmperformsadepth-�rst traversalof thedatatree.For eachnodeencountered,thealgorithm

builds relative tagsof thenodesfor eachstructuralrelationandkeepsanorderedlist of child nodesfor the

node.Initially, thesetsof relative tagsandthechildrenlist areempty. As thedatatreeis traversed,thetag

14



setswill be �lled with relative tagsof thedatanode,andthechildrenlist will have child nodesappended

to it. Oncethesubtreerootedat a nodeis completelytraversed,thesetsof relative tagsof eachchild of the

nodewill beusedto �nd theidentitiesof socialclassesof thatchild node.

Whena datanode D is visited,thetop of thestackcontainstheparentÆ of D andthechildrenlist of Æ

containspreceding-siblingsof D . Thusrelative tagsof D in ancestor, parentandpreceding-siblingrelations

canbedirectlyobtainedfrom Æ . Relative tagsof D in child andin descendantrelationswill stayincomplete

until all descendantsof D arevisited. So, D is pushedonto thestackat this point andthealgorithmvisits

the childrenof D recursively. Whenthe recursive calls �nish, relative tagsof D in child anddescendant

relationsarecomplete.Node D is poppedoutof thestackandits childrenareusedto generateoutputtuples.

However, relative tagsof D in the following-sibling relationwill stayincompleteuntil all of siblingsof D

arevisited.Thus, D is placedin thechildrenlist of its parentwhich is onceagainon thetopof thestack.At

thesametime, relative tagsof D in child andin descendantareusedto updaterelative tagsof theparentof

D andpreceding-siblings of D .

Whengeneratinganoutputtuplefrom anode,therelative tagsof thenodein eachstructuralrelationare

usedto obtainthe identity of thesocialclassin thatstructuralrelationfrom theclassmappingtable. New

identitiesarecreatedfor previously unseensetsof relative tagsandthe classmappingtableis updatedas

well.

4.3 DeriveRequired SocialClassesFrom Queries

During querycompilation,the setof explicitly speci�ed requiredstructuralrelationsis obtainedfrom the

setof edgesof thequerytree. As mentionedin Section3.2, generallogic derivationmethodscanbeused

to derive implicit requiredstructuralrelations.However, asimplemethodis oftensuf�cient for discovering

enoughimplicit structuralrelationsto ensuresubstantialperformancegainsin queryevaluation. Figure6

shows analgorithmof suchasimplemethod.

Thealgorithmkeepstwo listsof instancesof requiredstructuralrelations,whereeachinstanceof astruc-

tural relation V is of theform V

�

a

&L�

a

)��

, where a

&

and a

)

arequerynodes.Onelist, theWork-list, contains

instancesto beprocessed,andtheotherlist, theResult-list,containsinstancesthathavebeenprocessed.We

usea setof derivationrulesof theform V

�
�<ªs��­��

qFÇ€V

ƒH�OÈ_�K�¥�

or V

�
�<ª6��­��

qFÇ€V

ƒ'�OÈ™�K�¥�K�

V

˜Z��É¬�KÊË�K�KÌ

,

where V

&

is a requiredstructuralrelation,
È™�K�	�KÉ¬��ªs��­m�KÊ

arevariablesto beinstantiatedby querynodes,

and
Ì

is a comparisonsuchas 798;:

��ÉÍ�

’

�

798Z:

�OÈ”�

. Initially, the Work-list containsall explicit required
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structuralrelations,andtheResult-listis empty. Thealgorithmiteratively goesthroughtheWork-list. For

eachinstanceÅ in Work-list, every instanceA in Result-listis consideredto seeif the two instancescan

derive any new instanceusingany singlederivationrule. If anew instancecanbederived,it is appendedto

theWork-list. After every instancein Result-listis consideredfor Å , Å is removedfrom theWork-list and

appendedto theResult-list.Thealgorithmthencontinueswith thenext instancein Work-list. Thealgorithm

terminateswhenWork-list becomesempty.

Oncethe derivation processis completed,the instancesin Result-listaregroupedby querynodeand

structuralrelations.Eachgroupresultsin a setof relative tagsof thequerynodein thestructuralrelation.

Usingtheclassmappingtable,we canthen�nd identitiesof all requiredsocialclassesfor thequerynode.

4.4 Filtering vs. Indexing

Thereareseveral waysto extendnodepositionbasedtechniquesto usesocialclasses.In this section,we

consider�ltering andindexing.

The �ltering methodis a simpleextensionto the structuraljoin algorithms(with or without usingin-

dexes). After a datanodeis retrieved from aninput stream(maybethroughan index access)andbeforeit

is usedto producea join result,the identitiesof its socialclassesarecomparedto thoseof requiredsocial

classesof thequerynodecorrespondingto the input stream.If for every structuralrelation,the identity of

thesocialclassof thenodeis amongtheidentitiesof requiredsocialclassesin thegivenstructuralrelation,

thenthenodeis usedasusualin thejoin. Otherwise,thejoin proceedswithout usingthedatanode.Since

the nodeis retrieved before�ltering is performed,the �ltering stepdoesnot improve the performanceof

the currentjoin. However, sincethe outputof the currentjoin could be reducedby the �ltering step,the

performanceof subsequentjoins canbene�t from the �ltering. The effect of applying�ltering early in a

sequenceof structuraljoinscanquickly multiply to resultin asubstantialperformancegain.

The indexing methodis morecomplex. The ideais to index datanodesusinga combinationof node

positionsandidentitiesof socialclasses.Onepossibleway is to encodeboththepositionandsocialclasses

of a nodeinto a singlekey, andusethis key to build an index. Anotherway is to have separatekeys for

nodepositionandsocialclassesandto build amultiplekey index. Eitherway, datanodesmustbeaccessed

sequentiallyaccordingto theirpositionsin orderfor thestructuraljoin algorithmsto work appropriately.

Onecomplicationis thatwhenusingsuchanindex, thesearchkey will containonestartposition(with

or without thematchingendposition)andasetof identitiesof requiredsocialclasses.TakeaB+-treeindex
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DataSet Raw Size NodesTable ClassesTable ValuesTable

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

Table1: Sizesof DataSets

QueryId QueryExpression

Q1 /Play/Act/Prologue
Q2 /Play/Act/Scene/Speech/StageDir
Q3 /Play/Act/Scene/Speech/Subhead
Q4 /Play/Act/Scene/Speech[/Subhead]/Line
Q5 /Play[Act/Scene/preceding-sibling::Prologue]//Line
Q6 /Site/Regions/Europe/Item/Description/Text/Keyword
Q7 /Site/Regions/Europe/Item[/Featured]/Description/Text/Keyword
Q8 //Item[/Description[//Keyword][//Emph][//Bold]]
Q9 //Person[/Phone][/CreditCard][/Address]/Name
Q10 //People//Person[/Homepage]/EmailAddress

Table2: A Setof Queries

asanexample.A subtreecanbeskipped,if eithernoneof thenodesin thesubtreehastheright position(that

is beingcontainedin therangeof thesearchkey) or noneof thenodesin thesubtreebelongsto any required

socialclasses.Both the structureandalgorithmsof the index will have to be morecomplex. The design

of suchindexesis still anopenproblemandwill beaddressedin our futureresearch.In thenext Section,

we reportresultsfrom our simulationswhich illustratepotentialperformancegainsof usingour evaluation

framework.

5 Experiment Results

Thepurposeof ourexperimentsis to studytheeffectivenessof combiningsocialclasseswith nodepositions

to reducethecostof pathqueryevaluation.

Weperformedanumberof experimentsusingthreeXML datasets:theXMark XML benchmark[SWK
�

02],

theShakespeare's playsdataset[Bos], andtheDBLP bibliographydataset[Ley]. Dueto spacelimitations,

we only presentresultsfrom theShakespeareplaysandXMark datasets.For eachdataset,we obtainnode

positionsandsocialclassesfor datanodesduringdataloading. Thedatasetsareshreddedandstoredin a

commercialRDBMSin severaltablesincludingaNodestableandaValuestable.Nodepositionsandiden-
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tities of socialclassesarestoredin theNodestable. We implementeda variantof thealgorithmpresented

in Section4.2 in Java. This algorithmusesanSAX parserto parseXML documents.During theparsing,

it assignssocialclassidentitiesto datanodesaswell asobtainsnodepositions. It alsoobtainsthe class

mappingtable. Table1 shows the sizesof varioustablesfor the datasets.The Nodestablecontainsone

recordfor eachinternalnodeof thedatatree. Eachnodecontainsboth thenodepositionandidentitiesof

six socialclasses,oneperstructuralrelation.Thestoragesizeof theidentitiesof socialclassesamountsto

approximatelyonehalf of thenodesize.TheValuestablecontainsstringvaluesof theleafnodes.Theclass

mappingtablecontainstherelative tagsof eachsocialclassfor eachstructuralrelation.

For eachdataset,we choose� ve typesof queries.In orderto focuson performanceof structuraljoins,

we excludequerieswith value-basedconditions.Table2 shows thesetof queriesusedin our experiments.

Among thesequeries,Q1 to Q5 arefor the ShakespeareplaysdatasetandQ6 to Q10 arefor the XMark

dataset.Q1,Q2,Q3,andQ6aresimplepathquerieswith differentlengthsandinvolve only theparent-child

relationship.Q4andQ7aresimplebranchingpathqueriesthatinvolve bothparent-childrelationshipsanda

singlestepsecondarybranch.Q8,Q9andQ10arenon-trivial branchingpathqueriesinvolving bothparent-

child andancestor-descendant relationshipsandmultiple secondarybranches.Q5 is alsonon-trivial andit

involvesparent-child,ancestor-descendant, andsibling relationshipsanda secondarybranchwith multiple

steps.

We implementedthealgorithmpresentedin Section4.3 to computetherequiredsocialclassesof each

querynode. Thesetof derivation rulesusedby thealgorithmwasmanuallycreated.Thederivation rules

have the form describedin Section4.3. Sincethe classmappingtable is small enoughto be kept in the

memory, therequiredsocialclassescanbeobtainedwith a negligible costascomparedto thecostof actual

queryevaluation.

For eachquery, we generateevaluationplansin the form of left-deepjoin treeswith all possiblejoin

ordersthatallow for theoutputof eachjoin to bepipelinedinto thenext join. We consider� ve evaluation

strategiesof join trees:Naive,B+-tree,XR-tree,Class-�lter, andClass-index. All evaluationstrategiesuse

somevariationof theStackTreestructuraljoin algorithmto ensurethateachnodeaccessedin a join need

only be accessedonce. The naive evaluationusesthe original structuraljoin algorithmfor all joins. This

algorithmreadsevery nodein eachinput stream.The B+-treeevaluationusesthe position-basedB+-tree

index for eachjoin to skip over descendant(or child) nodesthat are irrelevant to the join. The XR-tree

evaluationusestheposition-basedXR-treeindex to skip irrelevantancestoranddescendantnodes.As done
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Figure7: Resultson theShakespearePlaysDataSet

in theXR-treeevaluation,theClass-�lter evaluationaccessesinputnodesusinganXR-treeindex, andadds

a �ltering stepas explainedin Section4.4. The Class-index evaluationincorporatessocial classesinto

the position-basedXR-treeindex in orderto skip over moreirrelevant nodesthanpossibleusingXR-tree

evaluationalone. In our experiments,theseevaluationstrategies aresimulatedusingSQL queriesin the

RDBMS.

Our costmetricfor comparingevaluationstrategiesis thenumberof nodesretrievedduringtheevalua-

tion of thejoin trees.Measuringtheperformanceusingthenumberof nodesretrievedis reasonablebecause

thecomplexity of theoriginalstructuraljoin algorithmis v
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, wheretheinputsize

is thenumberof nodesin theinputstreamsandtheoutputsizeis thenumberof pairsof nodesin theoutput.

In ourcase,sincetheoutputof eachjoin (exceptthelastone)is pipelinedinto thenext join andtheoutputof

thelastjoin is thesamefor all evaluationstrategiesandall join trees,therelative costsof variousevaluation

strategieson variousjoin treescanbeclearly indicatedby thenumberof input nodesretrieved. Usingthis

costmeasurefor eachquery, we identify theoptimalandworst-casejoin ordersandtheir costs,aswell as

theaveragecostof all join orders.For eachquery, theoptimalandworst-casejoin ordersarelikely to be

differentfor differentevaluationstrategies.

Figures7 and8 show the resultsof our experiments.For eachquery, the chartshows the numberof

inputnodesretrievedfor theoptimaljoin treeaswell asfor theworst-casejoin tree,andtheaveragenumber

of nodesretrievedtakingall possiblejoin treesinto consideration.
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Let uslook morecloselyattheresults.ConsiderQ1in Figure7. B+-treeevaluationis notmuchdifferent

thanthe naive evaluationfor all join orders. This is becausein this dataset,every play containsacts,but

thereareonly 12prologuesin theentiredataset.For B+-treeevaluation,nomatterwhatjoin orderis chosen,

every nodein thechild input streamparticipatesin the join. Thusit is not effective in skippingover input

nodes. For XR-tree evaluation,sincethe optimal join order is to do “Act/Prologue”before“Play/Act”,

many irrelevantparentinput nodescanbeskipped,resultingin a muchbetterperformance.However, with

theworst-casejoin orderwhich is to do “Play/Act” before“Act/Prologue”,XR-treeevaluationcannotskip

overany inputnodein the�rst join becauseeverynodeis relevantto thejoin. Sincetheresultof the�rst join

is pipelinedinto thesecondjoin andno index is availablefor this join result,XR-treeevaluationalsohas

verypoorperformancein thisworstcase.Thereasonfor Class-�lter evaluationperformingsopoorly in the

worst-casejoin orderis becausethis queryhasonly two joins andthe �ltering techniqueis not capableof

improving performancefor queriesthatconsistof only oneor two containmentjoins. The�ltering technique

preventsfalserelevantnodesfrom evergeneratingjoin resultsin orderto preventirrelevantnodesfrom being

processedin subsequentjoins. But if only onejoin remainsto beperformedafter the�ltering, theXR-tree

index is alreadycapableof skipping thesesameirrelevant nodeseven without the initial �ltering. Thus

no improvementis gainedby the �ltering. However, the Class-index techniqueis capableof improving

performancein thiscasesinceit canskip falserelevantnodesfrom theinputsof the�rst join, in preparation

for thesecondjoin of thisquery.

Q2 andQ3 show similar propertiesasQ1. Q4 is particularlyinterestingsinceit hasanemptyanswer.

Evaluatingthisquerywithout theuseof socialclassesinvolvesperformingseveraljoinsonly to �nd thatno

answernodessatisfythis query. Both Class-�lter andClass-index evaluationscandetectif any querynode

hasan emptysetof requiredsocialclasses,accordingto Lemma3.2, the existenceof sucha querynode

clearly indicatesthatno datanodecanever satisfythis queryandtheanswershouldbeempty. Therefore,

thequeryevaluationcanterminatewithout accessinga singlenode. B+-treeandXR-treeevaluationswill

obtainemptyintermediateresultsandterminateearly if theoptimal join orderis chosen,but will perform

severalunnecessaryjoins if theworst-casejoin orderis chosen.

For Q5, all methodsareableto do very well in theoptimalcasebecausestartingwith thesidebranch

will result in a small numberof play nodes,andthe position-basedindex canbe usedto skip over many

irrelevantLine nodes.However, in theworst-case,thejoin for “Play//Line” will bethe�rst to performand

exceptin thecaseof theClass-index, all evaluationstrategieshave to retrieveall nodesin bothinputstreams
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Figure8: ResultsonXMark DataSet

of this veryexpensive join. Thisexplainsthetremendouscostdifferencesin this query.

Q6 to Q10 show similar results. However, Class-�lter and Class-index evaluationsare much more

effective in improving queryperformancesincethesequeriesrequiremorejoins. In general,thelongerthe

querypathis, themoreopportunitythereis for socialclassesto beusedto reducetheevaluationcost.

Fromexaminingtheresultsof thesequeries,wecanseethatthereis aconsiderableamountof roomfor

improvementoverusingtheNaiveevaluation.B+-treeandXR-treeindexessigni�cantly reducethenumber

of nodesaccessed.But the additionof socialclassbased�ltering andindexing techniquesto the already

ef�cient XR-tree index, provides for even fewer irrelevant nodesto be accessed.One other interesting

observationis thatfor theClass-index, theperformancedifferencebetweentheoptimalandworst-casejoin

ordersis oftennegligible. This is importantbecausedetermininganoptimaljoin orderis acomputationally

dif�cult problemandwith this evaluationstrategy, poorly chosenjoin ordersaremuchlessdetrimentalto

theperformanceof queryevaluation.

To summarize,for the� ve evaluationstrategies,Naive,B+-tree,XR-tree,Class-�lter, andClass-index,

eachstrategy isatleastaseffectivein eliminatingirrelevantinputnodesasthepreviousstrategy, respectively.

As wecanseefrom theseresults,theuseof thesocialclassescanoftenmake asubstantialimprovement.
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6 RelatedWork

Thecontainmentquerywas�rst consideredin [ZND
�

01], wherethepositionis usedto de�ne containment

queriesasSQL querieswhich performjoins on nodetables. A new merge-join algorithmwasproposed

to replacestandardjoin algorithmsfor ef�ciently processingcontainmentqueries. The StackTreefamily

of algorithmsfor structuraljoins wasproposedin [AKJK
�

02], aswell asthe term “structural join.” The

complexity of thesealgorithmswasshown to be linear to thesizesof the input andoutput. Improvements

over theStackTreealgorithmswereproposedwith B+-treeindexing on descendantinput streams,andwith

XR-treeindexing on bothinput streams[AKJK
�

02, BKS02, ZND
�

01]. A methodfor join orderselection

of queryplansinvolving a treeof structuraljoins is presentedin [WPJ03], whereall joins areevaluated

with someStackTreealgorithm,andthesortingoperatoris alsoincludedin the queryplan. Twig queries

areconsideredin [BKS02], whereideassimilar to thatof StackTreealgorithmswereproposedto evaluate

multiplestructuraljoinssimultaneously. Thealgorithmutilizesmultiplelinkedstackstocompactlyrepresent

multiple sequencesof parent-childandancestor-descendant relationships.However, the methodis most

effective for simpletwig queriesinvolving only parent-childrelationships.

Modeling XML queriesasquerytreepatternswasproposedin [AYCLS01, CFF
�

02, Ram02]. Tech-

niqueswerealsoproposedto rewrite querytreesbasedonknown structuralconstraintsin thedata.

Usingnodepartitionsto evaluatepathqueriesis not new. Graphindex approachesall usesometypeof

similarity relationto partitiondatanodesandbuild graphindexesbasedonrelationshipsamongequivalence

classes.In [MS99], 1-indexes are built basedon notionsof simulationand bisimulationboth of which

inducea partitionon datanodes.Nodesarein thesameequivalenceclassif andonly if they have thesame

incomingpathfrom rootand/orthesameoutgoingpathto leafnodes.Dueto thestrongconditionfor nodes

to be equivalent, the sizesof theseindexescanbe very big, sometimeseven bigger thanthe datagraph.

Several techniqueswereproposedto reducethe index size. A(k)-indexes[KSBG02] partition datanodes

basedon thenotionof k-bisimilarity which placesnodesin thesameequivalenceclassif andonly if they

have thesameincomingand/oroutgoingpathsof a givenlength(k). In [KBNK02], theprocessof building

the1-index is carriedoutasasequenceof interleaving stepsfollowing thedirectionof theoutgoingpaths(F)

andincomingpaths(B), andis controlledby thelengthof thissequence.Unlike thesemethods,association

similarity representsa muchmorerelaxed condition. Nodeshaving the samesetof relative tagsneednot

to have sameincomingor outgoingpaths.However, sincewe do not have pathinformationencodedin the
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nodepartition,structuraljoinsarenecessaryfor discoveringpaths.

7 Conclusions

In this paper, we de�ne anotionof socialclassesof XML datanodesandpresentaqueryevaluationframe-

work thatusesbothnodepositionsandsocialclassesto improve performanceof pathqueryevaluation.A

socialclassof a nodeis de�ned asanequivalenceclassinducedby tagsof othernodesthatareassociated

with the given nodein the given structuralrelation. In our framework, social classesof datanodesare

obtainedduringdataloading. During querycompilation,queriesareanalyzed.Implicit requiredstructural

relationsarederivedfrom thoseexplicitly speci�ed in thequery, andidentitiesof requiredsocialclassesof

individual querynodesareobtainedfrom theclassmappingtable. Thepositionsof datanodes,thesocial

classesof datanodes,andthe requiredsocialclassesof querynodesareusedduring queryevaluationto

provide aneffective mechanismfor �ltering andindexing XML data. We presenta numberof algorithms

that implementthis framework andreporton resultsfrom our experiments.Our resultsshow that this new

methodcansubstantiallyimprove performanceof XML queriesthatrequiremultiplestructuraljoins.

A numberof issuesremainto befurtherstudiedin orderto successfullyincorporateourqueryevaluation

framework with existingXML queryprocessingtechniques.First,structuresandalgorithmsfor indexesthat

combinenodepositionandsocialclassesneedto be designed.Second,ef�cient methodsfor maintaining

social classesin the event of dataupdatesneedto be developed. It is also possibleto collect statistics

aboutsocialclassesandusethesestatisticsin queryoptimizationto aid in deriving themostef�cient query

evaluationplans. Anotherissueis to useboth nodepositionandsocialclassesto evaluatemorecomplex

queriesthatmaycontainmultiplepathqueries,value-basejoins,andaggregatefunctions.
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