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Abstract

Due to the ubiquity and popularity of XML, uses of-
tenare in thefollowing situation: they wantto query XML
documentswhich contain potentially interesting informa-
tion but they are unawae of the mark-upstructuee that is
used. For example it is easyto guessthe contentsof an
XML bibliographyfile whereasthe mark-updepend®nthe
methodolgical, cultural and personal badkground of the
author(s).Nonethelesst is this hierarchical structure that
formsthe basisof XML querylanguages.

In this paperwe exploit the tree structuie of XML doc-
umentsto equip usess with a powerfultool, the meetop-
erator, that lets themquery databasesith whosecontent
they are familiar, but without requiring knowledg of tags
and hierarchies. Our appmac is basedon computing
the lowestcommonancestorof nodesin the XML syntax
tree:e.g., giventwo strings,weare lookingfor nodeswvhose
offspringcontainsthesetwo strings. Thenovelty of this ap-
proach is that the resulttypeis unknownat query formu-
lation time and dependenbn the databasdnstance If the
two stringsare an author's nameand a year mainly pub-
lications of the authorin this yearare returned. If the two
strings are numbes the result mostly consistsof publica-
tionsthat havethe numbes asyearor page numbes. Be-
causethe resulttypeof a queryis not specifiedby the user
wereferto thelowestcommorancestorasnearestconcept.

We also presenta running exampletaken fromthe bibli-
ographydomain,and demonstate that the operator canbe
implementeaficiently.

1. Intr oduction

Over the pastyear XML hasbeencorverging towards
therole of the standarddatarepresentatioformatin mary

World Wide Webapplications XML takestheideaof mark-
up furtherthanHTML.: it is not usedfor visual represen-
tation of data, but for encodingsemanticsin documents
which makesnot only adocuments charactedatabut also
the tagsand the way they are nestedan interestingtarget
for querylanguagesIn contrastto otherhierarchicaldata-
models(see[2]) like complex datamodelsor the object-
orientedmodels,XML is anincarnationof the semistruc-
turedparadigmwhich meanghatthedatabasschemahat
resultsfrom the mappingof a documentto a databasen-
stancetendsto be large andirregular. It maynotbeimme-
diately clearwhich partsof the databasebey which part
of the schema.All this hindersad hoc usersand non do-
main expertsin posingmeaningfulqueries asstate-of-the-
art querylanguageslo not fully capturethe looseschema
of mary XML data.

The databaseommunityrealizedthe demandfor addi-
tional queryformulationaidsandproposedegularpathex-
pression$3, 11] to allay theproblem.Querylanguagesike
XML-QL [10], Lorel [3], XQL [18] or Quilt [9] andothers
(see[7] for a comparatie analysis)all supportsomefla-
vor of schemawildcardsand, thus, relieve the userof the
burdenof having to specifythe completepathsto the data.
Thecommonestvay to accomplistthisis to allow for spec-
ifying setsof pathswith UNIX commandine-like regular
expressionghat are evaluatedagainstthe actualdatabase.
However there are caseswhen regular expressiondo not
provide the power necessaryto get the intendedresults.
Considetthefollowing situationtakenfrom theareaof bib-
liographicdatabasesA userwantsto know what‘Ben Bit’
editedor publishedn ‘1999’, i.e., find therelevantpublica-
tion record(s)in an XML bibliography but hasnt got any
knowledgeof the schemaof the the XML file sketchedin
Figurel. Thereforethe usermaytry thefollowing query:

1Dueto thelackof astandardjuerylanguagdor XML we useavariant
of SQL enrichedwith pathsandpathvariables(see[19]). In paths- de-



select $t
from x5 $t n,
e [ a .
n — x = cdata — string o1,
e [ a .
n — x = cdata — string o2,
where o; contains ‘Bit’
and o, contains ‘1999’

The querybinds$t to the tagnamesof all nodeswhose
offspring containsascharactedatathe string ‘Bit’ and,re-
spectvely, ‘1999'. Evaluatedagainstheexampledocument
shavn in Figurel theanswerdookslike:

<answer>
<result>  article </result> (03)
<result> institute </result> (02)
<result>  bibliography </result> (01)
<result>  bibliography </result> (01)
</answer>

Although the answercontainsthe desiredresult, it suf-
fers from a seriousdravback: we areonly interestedn a
subsebf the answerghe databasgeneratesSomenot so
interestinganswerelementsare implied by the path from
thefirst nodethatis boundto $¢, to theroot node:they are
ancestonodesof thisfirst node(e.g., theinstitute and
the first bibliography elementsin the answersetare
implied by the article element). Evenworse,in larger
databasethe computatiormight causea combinatorialex-
plosionof theresultsize.

Onesolutionto theproblemis to refinethequery In gen-
eral, this involvesa fair amountof domainknowledgethat
cannotbe expectedof ad hocusers.Therefore we take an-
otherpathanddefinea specialoperatoythe meet operator
which givesthe usermore control over the resultsgener
atedby suchqueries. For two nodesin the syntaxtree o,
ando, the meetoperatormeet(oy,02) simply returnsthe
lowestancestoof nodeso; ando», whichwe call thenear
estconceptof o; ando, to indicatethatthetype,i.e., tag,
of the resultis not specifiedby the user Informally, this
nodeimplies all other possibleanswers. By suitably ex-
tendingthis operatotto work on setsof nodesandaddingit
asadeclaratve constructo our querylanguageve give the
useran opportunityfor explorative queryingevenif he or
shehasonly little or no knowledgeof the databasschema
andcontent. As [1, 15 point out, thereis alwaysthe no-
tion of aschemadn semi-structuredr XML databasedyut
it may belarge, unknovn or implicit andthereforeopaque
to theuser

While the semanticof the operatorfor two objectsare
intuitive, it is lessclearwhathappensf therearemorethan
two nodes.This is the caseif it is appliedto theresultof a

notesanelementrelationship,% andattribute relationship;x is aschema
wildcardandmay standfor ary sequencef tags.

full-text searchIf we applythe original motivationto such
aninputwe will endup with a combinatorialexplosionof
theresultsize. Thereforewe will alsopresentageneraliza-
tion of theoperatotthatis tailoredtowardslargeamountof
nodes:it deliversbothintuitive resultsand hasan efficient
executionmodel.

Thesstructureof this paperis asfollows: Section2 intro-
ducesthe conceptuabnd physicaldatamodelusedin this
paper Section3 formalizesthe notion of meetfor various
inputsandalso presentslgorithms. Section4 expandson
theseideas. Thenwe assesshe performanceof the algo-
rithmspresente@ndconcludewith areview of relatedwork
andplansfor futurework.

2. Conceptualand Physical Data Model

XML documentsrenormallyviewedfrom two perspec-
tives:aconceptuaandaphysicalone.While theconceptual
perspectie providesa corvenientmodelfor theenduserto
formulatequeriesthe physicalmodelis gearedowardsef-
ficient execution. The conceptuabnd physicalmodelswe
presentallow for straight-forward and intuitive mappings
betweenone-anotheandform the basisfor the ideaspre-
sentedn later sections.A more detaileddiscussiorof the
modelswith a performancenalysiscanbefoundin [19].

XML documentsare commonlyrepresenteds syntax
trees.With string andint denotingsetsof charactestrings
and integersand oid beingthe setof unique objectiden-
tifiers (OIDs), we can definea XML documentformally
(e.g., see[23)):

Definition 1. An XML documentis a rootedtree d =
(V, E,r,labelg, labely, rank) with nodesV and edges
E C V x V anda distinguishednoder € V, the root
node. Thefunctionlabelg : V' — string assigndabels
to nodesj.e.,, elementsijabely : V — string — string
assigngairsof strings,attributesandtheirvaluesto nodes.
CharacteData(CDATA) aremodeledasa specialattribute
of cdata nodes,rank : V — int establishes rankingto
allow for anorderamongsibling nodes.

The exampledocumentn Figure 1 adheredo this data
model: elementelationshiparedisplayedasstraightlines,
attributerelationshipsaslabeledarcs.Theotherrepresenta-
tion detailsarelargely self-explanatory;the assignmenof
OIDs is arbitrary e.g., depth-firsttraversalorder We ap-
ply the commonsimplificationnot to differentiatebetween
PCDATA and CDATA nor do we take rich datatypesnto
account.

Before we discusstechniqueshow to store a syntax
graphas a databasénstance,we introducethe notion of
association Associationsare a binary modelingconstruct
that allows a storageschemawhererelatedinformationis
semanticallyclusteredn onerelation. Thisimpliesthatour
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Figure 1. Syntax tree of example document

modelis primarily aimedat associativeretrieval of XML
document@sopposedo navigatingretrieval. Associations
arethebasisof the storagescheméhatis introducedater.

Definition 2. A pair (0,) € oid x (0id U int U string)
is calledanassociation

The different types of associationsgdescribedifferent
partsof the tree: association®f type oid x oid represent
edgesj.e., parent-childrelationshipsBoth kinds of leaves,
attribute valuesand characterdataare modeledby associ-
ations of type oid x string, while associationof type
oid x int areusedto preserethetopologyof adocument.

Definition 3. For anitem (stringor OID labelednode)o in
the syntaxtree,we denotethe sequencef labelsalongthe
path(vertex and edgelabels)from therootto o with (o).

As an example considerthe nodewith OID o3 in Fig-
urel; eq., p(os) = bibliography = institute = article.
We use p(o) to describethe position of the elementin
the graphrelative to the root nodein termsof the overall
schemait playsa similar role asthetype or classin object
systemsand, therefore,we use (o) to denotethe type of
theassociatior(-, 0). The setof all pathsin a documenis
calledits pathsummary

In the restof the paper we adhereto the corventional
view to identify nodesin the syntaxtreewith the OIDs as-
signedto them. However, OIDs by themselesdo not in-
dicatein which relation the associationghat describethe
nodeare stored. For a given nodewith OID o we assume
that we can derive p(o) givenan OID o. For a justifica-
tion see[8] who give an overview of similar techniquesn
object-orientecindobject-relationatiatabases.

We now shav how to mapthe conceptuabatamodelto
aphysicaldatabas@stance Thegeneraideais to storeall
associationsf thesametypein onebinaryrelation A rela-
tion thatcontainsthetuple (-, 0) is namedp(o), conversely
atupleis storedin exactly onerelation.

Definition 4. GivenanXML documentl, the Monettrans-
form? is aquadrupleM;(d) = (r,E, A, T) where

B= U

(Oi,Oj,S)GE

A= U

(0i,81,52)Elabel o

- U

(0i,i)ETank

[0(0:) = s]{01,05),
[p(0i) 2 s1]{o0s, 52),

[p(0;) = rank]{o;,1)

r remainstheroot of thedocument.

In the precedingdefinition £ and label z are combined
into oneset

E= {(01,02,8)|(01,02) € E,s = labelg(02)},

label 4 isinterpretedasasetC oid x string x string as
well asrank C oid x int, and[ezpr] denoteshatthevalue
of expr is arelation name. Figure 2 displaysthe Monet
transformof the exampledocument.

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

Znamedafter ourimplementatiorplatformMonet[21]




bibliography < institute = {{01,02)},

bibliography 5 institute > article = {{o2,
bibliography 5 institute > article > key = {{o3

bibliography 5 institute > article > author = {(o3

03),{(02,013)},
,“BB99"), (013, “BK99")},

04),(013,014)},

bibliography S institute > article > author > cdata = { 014,015)},

bibliography < institute > article > author > cdata = string = {{o15, “Bob Byte™)},

bibliography > institute <> article > author = firstname = {{04, 05)},

bibliography > institute > article > author > firstname > cdata = {(0s,06)},

bibliography 5 institute > article < author firstname 5 cdata string = {({os

,"Ben”)},

bibliography > institute > article > author > lastname < cdata = {{o7,08)},

bibliography < institute 5 article 5 author = lastname 5 cdata = string = {{o0s, “Bit" )},

bibliography 5 institute > article 5 title = {{o3

09),(013,018)},

bibliography > institute > article > title > cdata = {(09, 010, (018,019))},

bibliography 5> institute > article > title 5 cdata % string = {{010, “How to Hack”), (019, “Hacking & RSI")},

bibliography > institute > article 5 year = {(03,011), (013, 016)},

bibliography S institute > article > year S cdata = {{011,012),{016,017) },

(
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(
(
(
(
(
(
bibliography = institute > article = author = lastname = {{04,07)},
(
(
(
(
(
(
(
(

bibliography < institute > article > year > cdata % string = {{012,1999"), {(017,“1999")}

Figure 2. Monet transform of the example document

o from those associationswhose first componentis
o. Therefore, it is intuitive to identify an object
by its OID; for example, the object object(o3) =
{key(o3,“BB99"), author{os, 09), title{os,011)} is easily
convertedinto aninstanceof asuitablydefinedclassarticle
with memberskey, author and title or an instanceof a
DOM tree. Thereforean object can be regardedas a set
of associations.

3. NearestConceptSeaich

We now formalizethe semanticof the meetoperatorin
termsof the datamodel of the previous section. We start
from the simple caseof finding the meet,denotedmeet p,
of apairof nodego themoresophisticatedaseof applying
the meetto a setof objectssuchasthe resultsof a full-text
search.

3.1 The Meet-Operator

To simplify thediscussionye abstracfrom theexample
guerygivenin theintroductionfor thetime beingandlimit
oursehesto thebasicquestion:Giventwo nodesn thesyn-
tax tree o; and o2, how canwe calculatemeetp(o1, 02).
Later, we comebackto theinitial questionandextendonit.

We now formalizeand generalizethe ideassketchedin
the introductoryexample. First, we borrov somenotation
to denoteoffspring relationshipsn the schemaandin the
databasénstance.

Definition 5. We write path(oy) < path(o2) if path(os)
is a prefix of path(oy) (including path(o1) = path(0s)).
Analogously p(01) < p(02) If p(02) is aprefix of p(o1)
(including p(o01) = p(02)).

The differencebetweerpath (o) andgp(o) is thatthelat-
ter only provides schemainformation whereasthe former
includespartsof the actualdatabasénstance;anotherdis-
similarity is thatin a given associationo, -), p(0) comes
for free by looking at the nameof therelation;on the other
hand,to derive path(o) in generakequiregoinsto becom-
puted. For example, path(o3) = (bibliography,o;) =
(institute,00) = (article,03). \We now use path to in-
terrelateany two objectsin adocumentree:

Definition 6. Let oy, 02 andos beobjectsin an XML syn-
taxtree. Thenos = meetp (01, 09) iff

1. path(o1) < path(os),
2. path(o2) < path(o3) and

3. Aoy : path(os) < path(os) A
path(o2) < path(oy).

path(o1) < path(os) A



Notethat meet p doesnot dependon the orderof its ar
guments. Eventually we identify the following semantics
with the meet p: The neatestconceptof objectso; ando,
is p(meetp(01,02)).

Examples. Supposewe do a full-text searchfor “Ben”
and “Bit” on the exampledocument. The resultingasso-
ciationsarea; = A(og, “Ben”) anday = B(os, “Bit” ) (we
abbreviatetherelationnameswith A and B; thefull names
areeasilyrecoveredby looking themup in Figure2 or Fig-
ure 1). After calculatingmeetp(ai,a2) = o4 we find that
thetwo associationsonstituteanauthors name.

A full-text searchfor “Bob” and “Byte” returnsthe
associationsa; = A(o15,“BobByte”) and ax =
A(o15,“Bob Byte”). In this casemeetp(ai,a2) = o015,
which is a cdatanode. Fortunately the hierarchicalinfor-
mationincludedin theMonetXML modelimmediatelyex-
hibits thatthe cdatanodeis a sonof anauthornode.

When searchingfor “Bit” and “1999” the full-text
searchreturnsthe associations;; = A{os, “Bit" ), az =
B(012,"1999") and a3 = B(o17,“1999"). Similarly,
meetp(a1,a2) = o revealsthatMr “Bit” publishedanarti-
clein “1999”; however, meet(ay, meet(az,as)) = oz only
revealsthatthe threeassociationsirelocatedin the biblio-
graphyof aninstitute. We thereforewill discussvariantsof
themeetoperatotto producemoreintuitive resultsandfilter
outtrivial or counterintuitive ones.

We now considera variety of interpretationsof o =
meetp(01,02). Thesepossibleviews make the meeta use-
ful constructin mary differentapplicationdomains. The
following enumerationdealswith two argumentobjects
only, but the reasoningextendsto a larger setof objectsas
well.

e path(meetp(o1,02)) is thelongestcommonprefix of
path(o1) andpath(o2).

e path(o1) — path(o) andpath(o2) — path(o) describe
the context of 0, ando, with respecto o. Depending
ontheoverallschemathis maydescribeapart of oris
arelationshipor asequenc¢hereof.(For two pathsp,
andps, p; prefix of ps, po» — p; denoteshe elements
of ps thatarenotincludedin p;.)

e path(o1) — path(o) andpath(os) — path(o) describe
thedifferentcontecxts we seewhile traversingfrom o,
to o, oOr vice versa. Trivially, this is alsothe shortest
pathfrom o; to o0s.

e We canalsointerpretthe p(meet(01, 02) asthesmall-
estenclosingcontext of theinput objects.

e Finally, meetp(01,09) is the first nodeon path(o;)
and path(o2) that containsboth o, and o, i.e., the
nearestoncepbf bothnodes.

function meetp (oid o1, 0id 02) : 0id
if 01 = 02 then return oy
else
case
p(01) < p(02) : return meet p(parent(o1),02)
p(02) < p(01) : return meetp (o1, parent(02))
default : return meet p(parent(o1), parent(oz2))
end
end
end

Figure 3. Function meetp for a pair of OIDs

3.2 Computation

In this sectionwe presenthe fundamentahlgorithmsto
computemeet p andtwo generalizationsNote thatthe al-
gorithmsin this sectiontake advantageof the physicaldata
modelintroducedearlier The prefix orderamongthe paths
is usedto steerthe searchfor the lowestcommonancestor
sothatsuperfluousook-upsareavoided.

The algorithm displayed in Figure 3 computes
meetp(o1,02) for two objects and will be used as a
building block for more general cases. The function
parent(o) returnsthe parentassociationof the node or
associatiorp, basicallya hashlook-up. A remarkon the
case clause: by comparingg(oy) andp(o2) we are able
to find the meetof thesetwo objectsasfastaspossibleas
the comparisorsteershe searchdirectionof the algorithm
and avoids superfluoudook-ups. As pointedout in [19]
this informationis providedwith only little additionalcost
atbulk loadtime.

The previous algorithm operatedon two objectidenti-
fiers. Thenext stepwetakeis to generalizaneet p to work
with setsof OIDs O; andO, whereall associationsn O;
areof thesametype, i.e., thereis a pathp in the pathsum-
marythatVo € O; : p(o) = p. With this set-up,we may
generalizethe previous algorithmto what is displayedin
Figure4.

This time, the function parent(O;,0,) is a shortcut
for join(O1,0-), abinaryjoin on associationsi; (o1, 02)
and A2<02,03> so that join(A1<01,02>,A2<02,03)) =
A(o1,03) (the inner columnsare projectedout, leaving a
binary relation — associationin our terminology). Note
that we avoid a combinatoricexplosion of the result size
asmeetg computesninimal meetsj.e., assoonasthefirst
meetof o, 09, - - - € 01 UO, isfoundsubsequenneetsare
not considerecarnymorebecauséhe elementsareremoved
from the input sets. This generalizeghe minimality crite-
rion (3) of Definition 6 to setsof objectswhile still being
invariantof theinput order Also notethatwe slightly ex-
tendedthe definition of meet:we now call anodemeetif it
is the lowestcommonancestoof at leasttwo othernodes.
A salientfeatureof this andthefollowing algorithmis that



procedure meetg (OID O1, OID O3) : OID
fori=1to2

ri= {0| /\j:l,...,n;n22 Oi(0,0j)}
add toresult r
O;,:=0;—r

end

if O1 = 0 or Oz = ) then return

I:=01N02

if I # 0 then add to result I

O1:=01 -1

O3 :=02—1T

case
p(01) < p(02) : add to result meetg(parent(01), O2)
p(02) < p(01) : add to result meetg(O1, parent(O2))
default : add to result meetg (parent(O1), parent(O2))

end

end

Figure 4. Procedure meetg for two sets of
OIDs

they make heary useof the relationaloperationof the un-
derlying databasengine. In the analysiswe will seethey
indeedperformfavorably.

We now presentthe mostgeneralalgorithm of this pa-
per:it calculategshe meetof anarbitraryinput setof nodes
groupedinto relationsry, . .., r, accordingto the type of
associationthey represent. This approachproves useful
whenwe wantto combinethe resultsof full-text queries,
which may be distributed over a large numberof relation,
i.e., we extractfrom theresultsof thefull-text querystarting
pointsfrom wherethe usercanstartdisplayingandbrows-
ing the databaseThealgorithmis displayedn Figure5.

In contrastto the previous algorithm, we cannotsim-
ply exploit the function < to comparethe pathsto steer
the search becausehenthe algorithmwould becomede-
pendenbn theinput order, asthe algorithmdoesnot know
which subtree®f thedocumeninstancearebeingsearched
at a particularmoment. Therefore,we ratherroll up the
tree-shapedchemdrom thebottomby iteratively contract-
ing the offspring of nodeswhoseonly offspring areleaves
until we reachtherootor theemptyset. Thisway, all nodes
thatare meetsof othernodesare minimal by construction;
they areoutputandnot considerecainymore,thus,avoiding
a combinatorialexplosionof the resultsetanddependence
ontheinputorder

Comingbackto the examplequery we seethatafterre-
formulatingthe querywith the meetoperatorthe cardinal-
ity of theanswersetreducegfrom now on, weinterpretthe
meetoperatorasanaggrejationoperation):

select meet(oy,09)

from x> cdata > string oy, * 5 cdata S string o2
where o; contains ‘Bit’

and o0, contains ‘1999’

procedure meet ({r1,...,7,}) : OID
if (n =0) or (n =1and |r;| = 1) then return
fori=1ton
= {O | /\j:l,...,o;022 T¢<O, 0j>}
riI=Ti—T
add to result r
end
let n bearelationall of whosechildrenareleaves
w.l. 0.g.letri,...,m (n > 1> 1) bethechildrenof n
(r1,...,7) := (parent(r1),. .., parent(r;))

pi=71

meets := ()

for:=2tol
hits :=pnNr;

r; 1= semijoin(r;, hits)
meets := meets U hits
p = pU (r; — hits)
end
add to result hits
rema/e emptyr;
meet(ry,...,Tm)
end

Figure 5. Procedure meet for arbitrary sets of
objects

Evaluatedagainsthe exampledocumentve now obtain
the following result,a true subsebf whatthe solutionpre-
sentedn theintroductionwith regular pathexpressionse-
turned:

<answer>
<result>
</answer>

article </result>

(03)

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

XML documentanay also containreferencegIDs and
IDREFs) that potentially breakthe tree structuredefined
by the elementrelationships.The algorithmswe presented
only cover elementrelationshipsaswe believe thatthey of-
ten carry very naturalsemanticandbecauséahe designof
the meetalgorithmsremainsclearandintuitive while exe-
cutiontimesenableinteractve querying.If we interpretthe
meetoperatoras somevariantof nearesineighborsearch,
we mightfind generalizationsn graphstructureghatprove
usefulin certainapplicationdomains However, thefactthat
wethenhaveto take careof circularstructuresnayaddsig-
nificantcompleity to our algorithms.

Finally, we remarkthatthe meetoperatoiis not express-
iblein therelationalalgebraWe needstratifieddatalog: [2]
to calculateit.



4. Extensionsand Applications

In large databasesur algorithmsmay still deliver too
mary unintuitive results. In this sectionwe proposevaria-
tions of the meetoperatorto gain more control over what
the operatorreturns. In particulay we proposeto extend
themeetoperatomwith two parameters{1) amaximumdis-
tancethatsayshow mary edgesmaylie betweerntwo input
objects,and(2) restrictionsof thetype of resultsj.e., if o is
aresultcandidatewe restrictp(o) to a certainsetof paths
R; if p(o) € R wediscardo:

meetr(ri,...,n) =

{o| 0 € meet(ry,...,m,) andp(o) ¢ R}

For example,by settingR to {bibliography } we canfil-
ter out uninterestingmatches,i.e., wherethe meetcorre-
spondsto the documentroot, in large bibliographies.This
variantis alsousedin the casestudyin Sectionb.

Another interestingapplicationof the operatoris dis-
tancecalculation:thenumberof joins executedvhile calcu-
lating meetp (01, 02) for two nodeso; ando, corresponds
to the numberof edgeson the shortestpathfrom o; to o,.
Sowe candefine

d(Ol s 02) =
numberof joinswhencalculatingmeet p (o1, 02).

Building onthis we candefineanotherestrictedversion
thatis occasionallyusefulto block undesirednatches:

L if d(01,02) >k,

k—meetp(o1,02) = { otherwise

meetp(01,02)

Thenumberof joinsis alsoa simpleyet effective heuris-
tic for establishinga rankingbetweertheresultOIDs.

We believe that it is worthwhile to apply additional
heuristicslike distancesin the sourcefile or even more
complicatednformationretrieval technique$o improvethe
ranking of the answerset. In particulay thesauriare a
promisingtool to help a userfind interestingresults,espe-
cially to broadera searctthatreturnedtoo few answers.

Additionally, we mentiona corvenientapplicationof the
meetoperator:stayingin the bibliographydomain,we may
wantto know whethera certainbibliographicalitemthatwe
found in one bibliographyalsolivesin anotherbibliogra-
phy; however, we have noideahow therelevantinformation
is marked up. So a goodapproachis to combinethe meet
operatowith fulltext searchsimilar to theintroductoryex-
ampleandusethe resultsasa startingpoint for displaying
andbrowsing.

1218 T

T T T T T T
fulltext and meet —+—
fulltext only --->---

1216

1214

1212

elapsed time in ms

1210

1208 - R

1206 | IS (N (S N I E— E— —
0 2 4 6 8 10 12 14 16 18 20

distance (number of edges)

Figure 6. Combining meet and fulltext search
(normalized)

5. Performance

In this sectionwe assestheperformanceharacteristics
of two versionsthe meetoperator: meet p and meet. We
will seethat the costsof theseoperatorsare neggligible if
they areusedin combinatiorwith arelatively selectie full-
text searchandthatthe set-orientedsersionof the operator
scaleswell, i.e., linear, with respecto the cardinalityof the
inputsets.

We implementedhe meetoperatoron top of the Monet
XML module[19] within the Monet databasesener [6].
The measurementwere carriedout on an Silicon Graph-
ics 1400 Sener with 1 GB main memory running at 550
MHz. Two XML sourcesvereused:afile of about200MB
with descriptionsof multimedia dataitems, extracted by
featuredetectorqg20], andthe DBLP bibliography which
is available on the Internet[16]. For the first experiment
thetotal main memoryrequirement®f the databassener
wereabout120 MB, the secondexperimentscould be run
in 100 MB. Note that only a fraction of the main memory
wasneededo computethe meet;mostof it wasnecessary
for our mainmemoryDBMS to loadrelationsandperform
operationonthem.

Figure 6 shawvs the run-timebehavior of atypical query
suchasthe onepresentedn the introduction;however the
underlyingdatabasés afile of descriptionof multi-media
dataitems. In the plot, we normalizedthe durationof the
full-text searchto an averagevalue asits executionvaries
greatlyin relationto the little time the computationof the
meetconsumes. The figure shows two things: First, the
executiontime is dominatedby the full-text searchwhich
takes 1207 ms as opposedo the 2 ms the computationof
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Figure 7. Performance graph of Case Study

the meetof objectswith distancetwo. Secondlythe meet
scalesvell with respecto distanceof theobjects.Therefore
it cansene asa sensibleandvaluableadd-onto analready
existing searchenginefor semi-structuredr XML datathat
comesatlittle cost.

Case Study. We now take a look at a meetquery run
againstthe DBLP bibliography[16]. We preparedhe bib-
liographyby bulk loadingit into Monet XML asdescribed
in [19]. We now wantto list all publicationsin the ICDE
proceeding®f a certainyear To achiese this, we do a full-
text searcHor thestrings‘ICDE” andtheyearandcalculate
the meetsof theresultsaccordingto algorithmmeet g with
thedocumentoot excludedfrom the setof possibleresults.
To demonstrat¢éhatthe algorithmsscaleswe iteratively ex-
tendthe searchinterval from 1999 backto 1984 (notethat
therewasno ICDE in 1985, hencethe small stepat about
11000n the x-axis),which givesus control over the size of
theresultset. Theresultsresembleo alarge degreeour in-
tuition andconsistmostly of the ICDE publicationsof the
respectie year (therewere just two false positives). The
graphin Figure7 shavsthetime elapsedor calculatingthe
meet, e.g., for a result setof 1000 publicationsthe com-
putationtakes aboutthree secondg(the time the full-text
searchakesis notincludedin this figure). Notethatthein-
putsetsarefairly large: they containall associationsvhose
string componentontainsthe year i.e., all publicationsin
thebibliographybetweerl984and1999areinvolved. This
demonstratethatthealgorithmscaleswell to largedatasets
andis suitablefor interactive querying.

We finally remarkthatthe performancebehavior of the
meetmay differ on differentunderlyingphysicaldatamod-
els: not all XML-to-databasemappingspresere as much
information as the Monet model. However, we expect

guerieswith smallresultsetsto performfavorablyon mary
relationalmodels.

6. Related Work

Therehave beena numberof attemptgo make querying
XML documentsor semi-structuredlataeasierfor users.
In [12] theauthorsenrichXML-QL with keywordsearchon
subtree®f certaintags. The DBMS Lore[17] alsosupports
keyword anddistancesearch Thedifferenceto our work is
thattheresulttypeshave to be madeexplicit in thequeries,
which is what the meetoperatoravoids and henceallows
simplerqueryformulation. Furthermorepy restrictingthe
resulttypes theoperatoicanbeusedto implementeyword
searchasa specialcase. In [13] the authorspresentalgo-
rithmsfor proximity searchin graphstheir queriesollow a
‘Find objectsfrom S; Nearobjectsfrom S, patternwhere
theuserhasto specifysetsS; andS.; thereforeformulating
thesequeriesalsorequiresmoredomain-knavledgethanis
neededor meetqueries.

Anotherview onourwork is thatwe aretrying to exploit
theinherentsemanticencodedn thetaghierarchiesavery
interestingapproacho combiningknowledgefrom outside
thedatabasevith internalknowledgeis [14]. However, this
approachs of differentnatureandonly complementaryo
ours.

The algorithmicproblemof finding lowestcommonan-
cestorsyet novel to XML processingas a query primi-
tive hasa long history in databaseandcodeoptimization,
see[5, 4]. We alsoassumehat especiallyrelational XML
QueryprocessorshatsupportXQL's befoile andafter pred-
icatesalreadyprovide someof the functionality a full im-
plementatiorof the meetoperatorequires.

7.Conclusion

We have introducedthe meet operator a tool that lets
usergqueryXML databasewith whosecontenthey arefa-
miliar with but whoseschemaor structurethey areunavare
of. We have shown that it neatlyfits current XML data-
modelsandthatquerylanguagesanbe easilyextendedto
incorporatethe additionalfunctionality. Furthermorewe
demonstratethatthealgorithmsyield usefulresultsonreal
world dataand scalewell, enablinginteractve querying.
The novelty of our work is thatthe resulttype of the query
is not specifiedby the userbut dependenbn the database
instancequeried. Thereforewe referredto meetqueriesas
nearestoncepiueries.

Futureresearchwill include further investigationsinto
expandingtheapplicationof themeetoperatomith respect
to information retrieval techniques;some aspectsare al-
readypresentn this paperik e rankingandrestrictions.We



arealsolooking at how to incorporateviews and IDREFs,
which may breakthetreestructureof the databaseinto the
searctprocess.
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