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Abstract

Due to the ubiquity and popularity of XML, users of-
tenare in thefollowing situation: they want to queryXML
documentswhich contain potentially interesting informa-
tion but they are unaware of the mark-upstructure that is
used. For example, it is easyto guessthe contentsof an
XML bibliographyfile whereasthemark-updependson the
methodological, cultural and personal background of the
author(s).Nonetheless,it is this hierarchical structure that
formsthebasisof XML querylanguages.

In this paperwe exploit the treestructure of XML doc-
umentsto equip users with a powerful tool, the meetop-
erator, that lets themquerydatabaseswith whosecontent
they are familiar, but without requiring knowledge of tags
and hierarchies. Our approach is basedon computing
the lowestcommonancestorof nodesin the XML syntax
tree:e.g., giventwostrings,wearelookingfor nodeswhose
offspringcontainsthesetwostrings.Thenoveltyof this ap-
proach is that the result type is unknownat query formu-
lation timeanddependenton thedatabaseinstance. If the
two stringsare an author’s nameand a year, mainly pub-
licationsof theauthor in this yearare returned.If the two
stringsare numbers the result mostlyconsistsof publica-
tions that havethenumbers asyearor page numbers. Be-
causetheresulttypeof a queryis not specifiedby theuser
wereferto thelowestcommonancestorasnearestconcept.

We alsopresenta runningexampletakenfromthebibli-
ographydomain,anddemonstratethat theoperator canbe
implementedefficiently.

1. Intr oduction

Over the pastyear, XML hasbeenconverging towards
therole of thestandarddatarepresentationformat in many

World WideWebapplications.XML takestheideaof mark-
up further thanHTML: it is not usedfor visual represen-
tation of data, but for encodingsemanticsin documents
which makesnot only a document’scharacterdatabut also
the tagsand the way they are nestedan interestingtarget
for querylanguages.In contrastto otherhierarchicaldata-
models(see[2]) like complex datamodelsor the object-
orientedmodels,XML is an incarnationof the semistruc-
turedparadigm,whichmeansthatthedatabaseschemathat
resultsfrom the mappingof a documentto a databasein-
stancetendsto be largeandirregular. It maynot be imme-
diately clearwhich partsof the databaseobey which part
of the schema.All this hindersad hoc usersandnon do-
mainexpertsin posingmeaningfulqueries,asstate-of-the-
art querylanguagesdo not fully capturethe looseschema
of many XML data.

The databasecommunityrealizedthe demandfor addi-
tionalqueryformulationaidsandproposedregularpathex-
pressions[3, 11] to allay theproblem.Querylanguageslike
XML-QL [10], Lorel [3], XQL [18] or Quilt [9] andothers
(see[7] for a comparative analysis)all supportsomefla-
vor of schemawildcardsand,thus, relieve the userof the
burdenof having to specifythecompletepathsto thedata.
Thecommonestwayto accomplishthis is to allow for spec-
ifying setsof pathswith UNIX commandline-like regular
expressionsthat areevaluatedagainstthe actualdatabase.
However thereare caseswhen regular expressiondo not
provide the power necessaryto get the intendedresults.
Considerthefollowing situationtakenfrom theareaof bib-
liographicdatabases:A userwantsto know what‘Ben Bit’
editedor publishedin ‘1999’, i.e., find therelevantpublica-
tion record(s)in an XML bibliography, but hasn’t got any
knowledgeof the schemaof the the XML file sketchedin
Figure1. Thereforetheusermaytry thefollowing query1:

1Dueto thelackof astandardquerylanguagefor XML weuseavariant
of SQL enrichedwith pathsandpathvariables(see[19]). In paths
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to the tagnamesof all nodeswhose
offspringcontainsascharacterdatathestring ‘Bit’ and,re-
spectively, ‘1999’. Evaluatedagainsttheexampledocument
shown in Figure1 theanswerlookslike:

<answer>
<result> article </result> 6 "�7/8
<result> institute </result> 6 "�%/8
<result> bibliography </result> 6 "�$98
<result> bibliography </result> 6 "�$98

</answer>

Although the answercontainsthe desiredresult, it suf-
fers from a seriousdrawback: we areonly interestedin a
subsetof theanswersthedatabasegenerates.Somenot so
interestinganswerelementsare implied by the path from
thefirst nodethat is boundto

���
, to theroot node:they are

ancestornodesof thisfirst node(e.g., the institute and
the first bibliography elementsin the answerset are
implied by the article element).Even worse,in larger
databasesthecomputationmight causea combinatorialex-
plosionof theresultsize.

Onesolutionto theproblemis to refinethequery. In gen-
eral, this involvesa fair amountof domainknowledgethat
cannotbeexpectedof ad hocusers.Therefore,we take an-
otherpathanddefinea specialoperator, the :<;=; � operator,
which gives the usermore control over the resultsgener-
atedby suchqueries.For two nodesin the syntaxtree "�$
and "�% the meetoperator :<;�; � 6 "�$ � "�%>8 simply returnsthe
lowestancestorof nodes"�$ and "�% , whichwecall thenear-
estconceptof "�$ and "�% to indicatethat the type, i.e., tag,
of the result is not specifiedby the user. Informally, this
nodeimplies all other possibleanswers. By suitably ex-
tendingthis operatorto work on setsof nodesandaddingit
asadeclarativeconstructto ourquerylanguagewegivethe
useran opportunityfor explorative queryingeven if he or
shehasonly little or no knowledgeof thedatabaseschema
andcontent. As [1, 15] point out, thereis alwaysthe no-
tion of a schemain semi-structuredor XML databases,but
it maybe large,unknown or implicit andthereforeopaque
to theuser.

While the semanticsof the operatorfor two objectsare
intuitive,it is lessclearwhathappensif therearemorethan
two nodes.This is thecaseif it is appliedto theresultof a

notesanelementrelationship, ?� andattribute relationship;@ is a schema
wildcardandmaystandfor any sequenceof tags.

full-text search.If we applytheoriginal motivationto such
an input we will endup with a combinatorialexplosionof
theresultsize.Thereforewe will alsopresenta generaliza-
tion of theoperatorthatis tailoredtowardslargeamountsof
nodes:it deliversboth intuitive resultsandhasanefficient
executionmodel.

Thestructureof thispaperis asfollows: Section2 intro-
ducesthe conceptualandphysicaldatamodelusedin this
paper. Section3 formalizesthe notionof meetfor various
inputsandalsopresentsalgorithms.Section4 expandson
theseideas. Thenwe assessthe performanceof the algo-
rithmspresentedandconcludewith areview of relatedwork
andplansfor futurework.

2. Conceptualand Physical Data Model

XML documentsarenormallyviewedfrom two perspec-
tives:aconceptualandaphysicalone.While theconceptual
perspectiveprovidesa convenientmodelfor theenduserto
formulatequeries,thephysicalmodelis gearedtowardsef-
ficient execution. The conceptualandphysicalmodelswe
presentallow for straight-forward and intuitive mappings
betweenone-anotherandform the basisfor the ideaspre-
sentedin later sections.A moredetaileddiscussionof the
modelswith aperformanceanalysiscanbefoundin [19].

XML documentsare commonlyrepresentedas syntax
trees.With string andint denotingsetsof characterstrings
and integersand oid being the set of uniqueobject iden-
tifiers (OIDs), we can definea XML documentformally
(e.g., see[23]):

Definition 1. An XML documentis a rooted tree ACB6ED �GF<�GH��GI .KJML IONP�=I .KJML IOQR� �G���KS18 with nodes D and edgesFUT DWVXD and a distinguishednode
HZY D , the root

node. The function
I .1JML ION\[ D �]39,>^�02*4_ assignslabels

to nodes,i.e., elements;
I .1JML I Q [ D ��3>,9^�02*4_`��3>,9^�02*4_

assignspairsof strings,attributesandtheirvalues,to nodes.
CharacterData(CDATA) aremodeledasa specialattribute
of �������� nodes,�G���KS [ D �a02*-, establishesa rankingto
allow for anorderamongsibling nodes.

The exampledocumentin Figure1 adheresto this data
model:elementrelationshipsaredisplayedasstraightlines,
attributerelationshipsaslabeledarcs.Theotherrepresenta-
tion detailsarelargely self-explanatory;the assignmentof
OIDs is arbitrary, e.g., depth-firsttraversalorder. We ap-
ply thecommonsimplificationnot to differentiatebetween
PCDATA andCDATA nor do we take rich datatypesinto
account.

Before we discusstechniqueshow to store a syntax
graphas a databaseinstance,we introducethe notion of
association. Associationsarea binary modelingconstruct
that allows a storageschemawhererelatedinformation is
semanticallyclusteredin onerelation.This impliesthatour
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Figure 1. Syntax tree of example document

model is primarily aimedat associativeretrieval of XML
documentsasopposedto navigatingretrieval. Associations
arethebasisof thestorageschemathatis introducedlater.

Definition 2. A pair 6 " �>b 8 Y (+0Ec Vd6 (e02cgfg02*-,Pfg3>,9^�02*4_h8
is calledanassociation.

The different types of associationsdescribedifferent
partsof the tree: associationsof type (e02c V (e02c represent
edges,i.e., parent-childrelationships.Both kindsof leaves,
attribute valuesandcharacterdataaremodeledby associ-
ationsof type (+0Ec V 3>,9^�0E*i_ , while associationsof type(+0Ec V 0E*-, areusedto preservethetopologyof adocument.

Definition 3. For anitem(stringor OID labelednode) " in
thesyntaxtree,we denotethesequenceof labelsalongthe
path(vertex andedgelabels)from theroot to " with j�6 "k8 .

As an exampleconsiderthe nodewith OID " 7 in Fig-
ure1; e.g., jl6 "�7/8 Bnm � mpo �2qG ��G�=rtsvu ��]���t���E����wK� ; ��x�k���E�2 oy; .
We use jl6 "k8 to describethe position of the elementin
the graphrelative to the root nodein termsof the overall
schema;it playsa similar role asthetypeor classin object
systemsand,therefore,we use jl6 "k8 to denotethe typeof
theassociation6 by� "k8 . Thesetof all pathsin a documentis
calledits pathsummary.

In the restof the paper, we adhereto the conventional
view to identify nodesin thesyntaxtreewith theOIDs as-
signedto them. However, OIDs by themselvesdo not in-
dicatein which relation the associationsthat describethe
nodearestored. For a given nodewith OID " we assume
that we can derive j�6 "k8 given an OID " . For a justifica-
tion see[8] who give an overview of similar techniquesin
object-orientedandobject-relationaldatabases.

We now show how to maptheconceptualdatamodelto
aphysicaldatabaseinstance.Thegeneralideais to storeall
associationsof thesametypein onebinaryrelation. A rela-
tion thatcontainsthetuple 6 bz� "k8 is namedj�6 "k8 , conversely
a tupleis storedin exactly onerelation.

Definition 4. GivenanXML documentA , theMonettrans-
form2 is aquadruple{}|�6EA 8 B�6 H��=~��=���G� 8 where~ B �������� ����� �����M�NM� jl6 "���8 ����9���2"�� � ">�/� �

� B �������� �G��� ���G���!��������� � � j�6 " � 8 ���� $ ���2" � � � % � �
� B �������� � ���!¡���¢/£ � j�6 "���8'���G�k�vSv���E"�� �G¤ �

H
remainstheroot of thedocument.

In the precedingdefinition
F

and o � m�;9o N arecombined
into oneset¥F B�¦!6 "�$ � "�% � ��89§ 6 "�$ � "�%�8 YgF<� � B�o � m�;po N 6 "�%�8�¨ �
o � m�;9o Q is interpretedasa set

T (e02c V 3>,9^�0E*i_ V 39,>^�0E*i_ as
well as �G���KS T (e02c V 0E*-, , and � ;=© re�/� denotesthatthevalue
of ;=© r-� is a relation name. Figure 2 displaysthe Monet
transformof theexampledocument.

Note we can easily switch from the relational per-
spective of the Monet transformto a convenient object-
oriented view, i.e., nodes in the syntax tree seen as
objects [22]: we ‘re-assemble’ an object with OID

2namedafterour implementationplatformMonet[21]
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Figure 2. Monet transform of the example document

" from those associationswhose first component is" . Therefore, it is intuitive to identify an object
by its OID; for example, the object q m2Ó9; 9� 6 " 7 8 B¦ S ; ue�2"�7 � “BB99” � � �kwK��stq��1�2"�7 � "�Ô/� � �E��� oy; �2"�7 � "�$kÕ/��¨ is easily
convertedinto aninstanceof asuitablydefinedclass�k���E�2 oy;
with membersS ; u , ��wK�Os1q�� and �E��� oy; or an instanceof a
DOM tree. Thereforean object can be regardedas a set
of associations.

3. NearestConceptSearch

We now formalizethesemanticsof themeetoperatorin
termsof the datamodelof the previous section. We start
from the simplecaseof finding the meet,denoted:<;=; �ÅÖ ,
of apairof nodesto themoresophisticatedcaseof applying
themeetto a setof objectssuchastheresultsof a full-text
search.

3.1 The Meet-Operator

To simplify thediscussion,weabstractfrom theexample
querygivenin theintroductionfor thetime beingandlimit
ourselvesto thebasicquestion:Giventwo nodesin thesyn-
tax tree "�$ and "�% , how can we calculate :×;�; � Ö 6 "�$ � "�%/8 .
Later, wecomebackto theinitial questionandextendon it.

We now formalizeandgeneralizethe ideassketchedin
the introductoryexample. First, we borrow somenotation
to denoteoffspring relationshipsin the schemaandin the
databaseinstance.

Definition 5. We write r1�k��s 6 " $ 8ÙØÚr1�k��s 6 " % 8 if r1�k��s 6 " % 8
is a prefix of rt���Os 6 " $ 8 (including rt���Os 6 " $ 8 B rt���Os 6 " % 8 ).
Analogously, j�6 " $ 8×Ø jl6 " % 8 if j�6 " % 8 is a prefix of jl6 " $ 8
(including j�6 " $ 8 BÛj�6 " % 8 ).

Thedifferencebetweenr1�k��s 6 "k8 and j�6 "k8 is that thelat-
ter only providesschemainformationwhereasthe former
includespartsof the actualdatabaseinstance;anotherdis-
similarity is that in a given association�E" �9b � , jl6 "k8 comes
for freeby looking at thenameof therelation;on theother
hand,to derive rt���Os 6 "k8 in generalrequiresjoins to becom-
puted. For example, rt���Os 6 "�7�8 BÜ6Gm � m9o �2qG ��G��r1svu � "�$p8 ��6 ���t��������wK� ; � "�%�8 �� 6 �������2 oy; � "�7/8 . We now use rt���Os to in-
terrelateany two objectsin adocumenttree:

Definition 6. Let " $ , " % and " 7 beobjectsin anXML syn-
tax tree.Then " 7 B�:<;�; �ÅÖ 6 " $ � " % 8 if f

1. rt���Os 6 "�$98RØÝrt���Os 6 "�7>8 ,
2. rt���Os 6 " % 8RØÝrt���Os 6 " 7 8 and

3. Þ ß "�à [ rt���Os 6 "�à�8RØárt���Os 6 "�7�8ãâär1�k��s 6 "�$98ÌØÝrt���Os 6 "�à/8ãârt���Os 6 "�%/8RØÝrt���Os 6 "�à/8 .



Notethat :<;=; � Ö doesnot dependon theorderof its ar-
guments.Eventually, we identify the following semantics
with the :<;�; ��Ö : Thenearestconceptof objects" $ and " %
is jl6�:×;�; �ÅÖ 6 " $ � " % 8�8 .
Examples. Supposewe do a full-text searchfor “Ben”
and “Bit” on the exampledocument. The resultingasso-
ciationsare å $ Bçæ �E"�è � “Ben” � and å % Bçé �E"�ê � “Bit” � (we
abbreviatetherelationnameswith æ and é ; thefull names
areeasilyrecoveredby looking themup in Figure2 or Fig-
ure1). After calculating :<;=; �ÅÖ 62å $ � å % 8 B " à we find that
thetwo associationsconstituteanauthor’sname.

A full-text searchfor “Bob” and “Byte” returns the
associations å $ B æ �E"�$Åë � “Bob Byte” � and å % Bæ �2"�$�ë � “Bob Byte” � . In this case :<;�; � Ö 6Eå $ � å %/8 B "�$�ë ,
which is a cdatanode. Fortunately, the hierarchicalinfor-
mationincludedin theMonetXML modelimmediatelyex-
hibits thatthecdatanodeis asonof anauthornode.

When searchingfor “Bit” and “1999” the full-text
searchreturnsthe associationså $ Bìæ �E"�ê � “Bit” � , å % Bé �2" $�% � “1999” � and å 7 B é �E" $Åí � “1999” � . Similarly,:×;�; �ÅÖ 62å $ � å % 8 B " 7 revealsthatMr “Bit” publishedanarti-
cle in “1999”; however, :×;�; � 62å $ � :×;�; � 62å % � å 7 8�8 B " % only
revealsthat thethreeassociationsarelocatedin thebiblio-
graphyof aninstitute.We thereforewill discussvariantsof
themeetoperatorto producemoreintuitiveresultsandfilter
out trivial or counter-intuitiveones.

We now considera variety of interpretationsof " B:×;�; � Ö 6 "�$ � "�%�8 . Thesepossibleviewsmake themeeta use-
ful constructin many different applicationdomains. The
following enumerationdeals with two argument objects
only, but thereasoningextendsto a largersetof objectsas
well.î r1�k��s 6�:×;�; �ÅÖ 6 " $ � " % 8�8 is the longestcommonprefix ofr1�k��s 6 "�$p8 and r1�k��s 6 "�%/8 .î r1�k��s 6 "�$p85ïðr1�k��s 6 "k8 and r1�k��s 6 "�%>85ïðr1�k��s 6 "k8 describe

thecontext of "�$ and "�% with respectto " . Depending
ontheoverallschema,thismaydescribeapart of or is
a relationshipor asequencethereof.(For two pathsñ $
and ñ % , ñ $ prefix of ñ % , ñ %òï ñ $ denotestheelements
of ñ % thatarenot includedin ñ $ .)î r1�k��s 6 " $ 85ïðr1�k��s 6 "k8 and r1�k��s 6 " % 85ïðr1�k��s 6 "k8 describe
thedifferentcontexts we seewhile traversingfrom " $
to " % or vice versa. Trivially, this is alsothe shortest
pathfrom " $ to " % .î
We canalsointerpretthe jl6�:×;�; � 6 "�$ � "�%/8 asthesmall-
estenclosingcontext of theinputobjects.î
Finally, :<;�; � Ö 6 "�$ � "�%/8 is the first nodeon rt���Os 6 "�$>8
and r1�k��s 6 "�%�8 that containsboth "�$ and "�% , i.e., the
nearestconceptof bothnodes.
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Figure 3. Function � L!L!, Ö for a pair of OIDs

3.2 Computation

In this sectionwe presentthefundamentalalgorithmsto
compute:×;�; ��Ö andtwo generalizations.Note that theal-
gorithmsin this sectiontake advantageof thephysicaldata
modelintroducedearlier. Theprefix orderamongthepaths
is usedto steerthesearchfor the lowestcommonancestor
sothatsuperfluouslook-upsareavoided.

The algorithm displayed in Figure 3 computes:×;�; � Ö 6 "�$ � "�%�8 for two objects and will be used as a
building block for more general cases. The functionr1�k� ; �t� 6 "k8 returns the parent associationof the node or
association" , basicallya hashlook-up. A remarkon the&�.13/L clause: by comparing j�6 " $ 8 and j�6 " % 8 we areable
to find the meetof thesetwo objectsasfastaspossibleas
thecomparisonsteersthesearchdirectionof thealgorithm
and avoids superfluouslook-ups. As pointedout in [19]
this informationis providedwith only little additionalcost
at bulk loadtime.

The previous algorithm operatedon two object identi-
fiers.Thenext stepwetake is to generalize� LvL!, Ö to work
with setsof OIDs � $ and � % whereall associationsin � �
areof thesametype, i.e., thereis a path ñ in thepathsum-
mary that � " Y � � [ jl6 "k8 BZñ . With this set-up,we may
generalizethe previous algorithm to what is displayedin
Figure4.

This time, the function rt��� ; �t� 6�� $ � � %>8 is a shortcut
for Ó qk��� 6�� $ � � %/8 , a binary join on associationsæ $��E"�$ � "�%>�
and æ %��E"�% � "�7>� so that Ó q���� 62æ $��E"�$ � "�%/� � æ %)�2"�% � "�7/��8 Bæ �E"�$ � "�7>� (the inner columnsare projectedout, leaving a
binary relation – associationin our terminology). Note
that we avoid a combinatoricexplosion of the result size
as � L!L!,�� computesminimalmeets,i.e., assoonasthefirst
meetof "�$ � "�% �>b9b>b1Y � $Kf � % is foundsubsequentmeetsare
not consideredanymorebecausetheelementsareremoved
from the input sets. This generalizesthe minimality crite-
rion (3) of Definition 6 to setsof objectswhile still being
invariantof the input order. Also notethat we slightly ex-
tendedthedefinitionof meet:we now call a nodemeetif it
is the lowestcommonancestorof at leasttwo othernodes.
A salientfeatureof this andthefollowing algorithmis that
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Figure 4. Procedure � LvL!,�� for two sets of
OIDs

they make heavy useof therelationaloperationsof theun-
derlying databaseengine. In the analysiswe will seethey
indeedperformfavorably.

We now presentthe mostgeneralalgorithmof this pa-
per: it calculatesthemeetof anarbitraryinput setof nodes
groupedinto relations

H $ �?L�L?L9��H
M accordingto the type of
associationthey represent. This approachproves useful
whenwe want to combinethe resultsof full-text queries,
which may be distributedover a large numberof relation,
i.e., weextractfrom theresultsof thefull-text querystarting
pointsfrom wheretheusercanstartdisplayingandbrows-
ing thedatabase.Thealgorithmis displayedin Figure5.

In contrastto the previous algorithm, we cannotsim-
ply exploit the function Ø to comparethe pathsto steer
the search,becausethen the algorithmwould becomede-
pendenton theinput order, asthealgorithmdoesnot know
whichsubtreesof thedocumentinstancearebeingsearched
at a particularmoment. Therefore,we ratherroll up the
tree-shapedschemafrom thebottomby iteratively contract-
ing the offspringof nodeswhoseonly offspringareleaves
until wereachtherootor theemptyset.Thisway, all nodes
thataremeetsof othernodesareminimal by construction;
they areoutputandnot consideredanymore,thus,avoiding
a combinatorialexplosionof the resultsetanddependence
on theinputorder.

Comingbackto theexamplequery, we seethatafterre-
formulatingthe querywith the meetoperatorthecardinal-
ity of theanswersetreduces(from now on,we interpretthe
meetoperatorasanaggregationoperation):

select :×;�; � 6 "�$ � "�%�8
fr om � �������k��� ��ì���E�����v " $ � � ����������� ��C���E�����v " %
where "�$Ì&�(e*-,>.t02*43 ‘Bit’
and "�%û&�(e*-,>.t02*43 ‘1999’
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bea relationall of whosechildrenareleaves

w. l. o. g. let / ½ ¾ONPNON�¾ /P[ ÿTQ]\_^�\`+ �
bethechildrenof
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Figure 5. Procedure � LvL!, for arbitrary sets of
objects

Evaluatedagainsttheexampledocumentwe now obtain
thefollowing result,a truesubsetof what thesolutionpre-
sentedin theintroductionwith regularpathexpressionsre-
turned:

<answer>
<result> article </result> 6 "�7/8

</answer>

The generatedanswernow resemblesour initial intu-
ition. With somedomain-knowledge(gainedby looking
at a visualizationof the answer)the usercaninterpretthe
resultasfollows: Mr. Bit wroteanarticlein 1999.

XML documentsmay alsocontainreferences(IDs and
IDREFs) that potentially break the tree structuredefined
by theelementrelationships.Thealgorithmswe presented
only coverelementrelationshipsaswe believe thatthey of-
tencarryvery naturalsemanticsandbecausethedesignof
the meetalgorithmsremainsclearandintuitive while exe-
cutiontimesenableinteractivequerying.If we interpretthe
meetoperatorassomevariantof nearestneighborsearch,
wemightfind generalizationsongraphstructuresthatprove
usefulin certainapplicationdomains.However, thefactthat
wethenhaveto takecareof circularstructuresmayaddsig-
nificantcomplexity to our algorithms.

Finally, weremarkthatthemeetoperatoris not express-
ible in therelationalalgebra:Weneedstratifieddatalogf [2]
to calculateit.



4. Extensionsand Applications

In large databasesour algorithmsmay still deliver too
many unintuitive results. In this sectionwe proposevaria-
tions of the meetoperatorto gain morecontrol over what
the operatorreturns. In particular, we proposeto extend
themeetoperatorwith two parameters:(1) amaximumdis-
tancethatsayshow many edgesmaylie betweentwo input
objects,and(2) restrictionsof thetypeof results,i.e., if " is
a resultcandidatewe restrict j�6 "k8 to a certainsetof pathsg

; if j�6 "k8 Y g
we discard" :

:<;�; �Oh 6 H $ ��L�L?L9�GH?M 8 B¦ "×§�" Y :<;�; � 6 H $ ��L?L�L9�GH?M 8 and j�6 "k8 ÞY g ¨
For example,by setting

g
to ¦vm � mpo �2q= ��G�=rtsvu-¨ we canfil-

ter out uninterestingmatches,i.e., wherethe meetcorre-
spondsto the documentroot, in largebibliographies.This
variantis alsousedin thecasestudyin Section5.

Another interestingapplicationof the operatoris dis-
tancecalculation:thenumberof joinsexecutedwhile calcu-
lating :<;�; � Ö 6 "�$ � "�%>8 for two nodes"�$ and "�% corresponds
to the numberof edgeson the shortestpathfrom "�$ to "�% .
Sowe candefine

Ae6 " $ � " % 8 B
numberof joinswhencalculating:×;�; � Ö 6 "�$ � "�%/8 L

Building on thiswecandefineanotherrestrictedversion
thatis occasionallyusefulto blockundesiredmatches:

i ï :<;�; � Ö 6 "�$ � "�%>8 B jlk
if � 6 "�$ � "�%>8Xm i �

:<;=; � Ö 6 "�$ � "�%>8 otherwise
�

Thenumberof joins is alsoasimpleyeteffectiveheuris-
tic for establishinga rankingbetweentheresultOIDs.

We believe that it is worthwhile to apply additional
heuristicslike distancesin the sourcefile or even more
complicatedinformationretrieval techniquesto improvethe
ranking of the answerset. In particular, thesauriare a
promisingtool to helpa userfind interestingresults,espe-
cially to broadena searchthatreturnedtoo few answers.

Additionally, wementionaconvenientapplicationof the
meetoperator:stayingin thebibliographydomain,wemay
wantto know whetheracertainbibliographicalitemthatwe
found in onebibliographyalso lives in anotherbibliogra-
phy;however, wehavenoideahow therelevantinformation
is markedup. Soa goodapproachis to combinethe meet
operatorwith fulltext searchsimilar to theintroductoryex-
ampleandusetheresultsasa startingpoint for displaying
andbrowsing.
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Figure 6. Combining meet and fulltext search
(normalized)

5. Performance

In thissection,weassesstheperformancecharacteristics
of two versionsthe meetoperator: :×;�; � Ö and :<;�; � . We
will seethat the costsof theseoperatorsare negligible if
they areusedin combinationwith arelatively selectivefull-
text searchandthat theset-orientedversionof theoperator
scaleswell, i.e., linear, with respectto thecardinalityof the
inputsets.

We implementedthemeetoperatoron top of theMonet
XML module [19] within the Monet databaseserver [6].
The measurementswerecarriedout on an Silicon Graph-
ics 1400Server with 1 GB main memory, runningat 550
MHz. Two XML sourceswereused:afile of about200MB
with descriptionsof multimedia data items, extractedby
featuredetectors[20], andthe DBLP bibliography, which
is availableon the Internet[16]. For the first experiment
thetotal mainmemoryrequirementsof thedatabaseserver
wereabout120 MB, the secondexperimentscould be run
in 100MB. Note that only a fraction of the main memory
wasneededto computethemeet;mostof it wasnecessary
for our mainmemoryDBMS to loadrelationsandperform
operationson them.

Figure6 shows therun-timebehavior of a typical query
suchasthe onepresentedin the introduction;however the
underlyingdatabaseis a file of descriptionsof multi-media
dataitems. In the plot, we normalizedthe durationof the
full-text searchto an averagevalueas its executionvaries
greatlyin relationto the little time the computationof the
meetconsumes.The figure shows two things: First, the
executiontime is dominatedby the full-text search,which
takes1207ms asopposedto the 2 ms the computationof
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the meetof objectswith distancetwo. Secondly, the meet
scaleswell with respecttodistanceof theobjects.Therefore
it canserve asa sensibleandvaluableadd-onto analready
existingsearchenginefor semi-structuredor XML datathat
comesat little cost.

Case Study. We now take a look at a meet query run
againsttheDBLP bibliography[16]. We preparedthebib-
liographyby bulk loadingit into MonetXML asdescribed
in [19]. We now want to list all publicationsin the ICDE
proceedingsof a certainyear. To achieve this,we do a full-
text searchfor thestrings“ICDE” andtheyearandcalculate
themeetsof theresultsaccordingto algorithm :<;�; �Ph with
thedocumentrootexcludedfrom thesetof possibleresults.
To demonstratethatthealgorithmsscaleswe iteratively ex-
tendthesearchinterval from 1999backto 1984(notethat
therewasno ICDE in 1985,hencethe small stepat about
1100on thex-axis),which givesuscontrolover thesizeof
theresultset.Theresultsresembleto a largedegreeour in-
tuition andconsistmostly of the ICDE publicationsof the
respective year (therewere just two falsepositives). The
graphin Figure7 showsthetimeelapsedfor calculatingthe
meet,e.g., for a result set of 1000 publicationsthe com-
putationtakes about threeseconds(the time the full-text
searchtakesis not includedin this figure).Notethatthein-
putsetsarefairly large: they containall associationswhose
stringcomponentcontainstheyear, i.e., all publicationsin
thebibliographybetween1984and1999areinvolved.This
demonstratesthatthealgorithmscaleswell to largedatasets
andis suitablefor interactivequerying.

We finally remarkthat the performancebehavior of the
meetmaydiffer on differentunderlyingphysicaldatamod-
els: not all XML-to-databasemappingspreserve asmuch
information as the Monet model. However, we expect

querieswith smallresultsetsto performfavorablyonmany
relationalmodels.

6. RelatedWork

Therehavebeena numberof attemptsto makequerying
XML documentsor semi-structureddataeasierfor users.
In [12] theauthorsenrichXML-QL with keywordsearchon
subtreesof certaintags.TheDBMS Lore[17] alsosupports
keywordanddistancesearch.Thedifferenceto our work is
thattheresulttypeshave to bemadeexplicit in thequeries,
which is what the meetoperatoravoids andhenceallows
simplerqueryformulation. Furthermore,by restrictingthe
resulttypes,theoperatorcanbeusedto implementkeyword
searchasa specialcase. In [13] the authorspresentalgo-
rithmsfor proximity searchin graphs;theirqueriesfollow a
‘Find objectsfrom o $ Nearobjectsfrom o % ’ patternwhere
theuserhasto specifysetso $ and o % ; thereforeformulating
thesequeriesalsorequiresmoredomain-knowledgethanis
neededfor meetqueries.

Anotherview onourwork is thatwearetrying to exploit
theinherentsemanticsencodedin thetaghierarchies;avery
interestingapproachto combiningknowledgefrom outside
thedatabasewith internalknowledgeis [14]. However, this
approachis of differentnatureandonly complementaryto
ours.

Thealgorithmicproblemof finding lowestcommonan-
cestorsyet novel to XML processingas a query primi-
tive hasa long history in databasesandcodeoptimization,
see[5, 4]. We alsoassumethatespeciallyrelationalXML
QueryprocessorsthatsupportXQL’sbeforeandafter pred-
icatesalreadyprovide someof the functionality a full im-
plementationof themeetoperatorrequires.

7. Conclusion

We have introducedthe :×;�; � operator, a tool that lets
usersqueryXML databaseswith whosecontentthey arefa-
miliar with but whoseschemaor structurethey areunaware
of. We have shown that it neatly fits currentXML data-
modelsandthatquerylanguagescanbeeasilyextendedto
incorporatethe additionalfunctionality. Furthermore,we
demonstratedthatthealgorithmsyield usefulresultsonreal
world dataand scalewell, enablinginteractive querying.
Thenovelty of our work is that theresulttypeof thequery
is not specifiedby the userbut dependenton the database
instancequeried.Thereforewe referredto meetqueriesas
nearestconceptqueries.

Futureresearchwill include further investigationsinto
expandingtheapplicationsof themeetoperatorwith respect
to information retrieval techniques;someaspectsare al-
readypresentin thispaperlikerankingandrestrictions.We



arealsolooking at how to incorporateviews andIDREFs,
which maybreakthetreestructureof thedatabase,into the
searchprocess.
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