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1 Overview
Keyword proximity searchis a user-friendly information
discovery techniquethat hasbeenextensively studiedfor
text documents.In extendingthis techniqueto structured
databases,recentworks[6, 7, 4, 2] provide keyword prox-
imity search on labeled graphs. A keyword proximity
searchdoesnot requirethe userto know the structureof
thegraph,the role of theobjectscontainingthekeywords,
or the type of the connectionsbetweenthe objects. The
usersimply submitsa list of keywordsandthe systemre-
turnsthesub-graphsthatconnecttheobjectscontainingthe
keywords.

XML andits labeledgraph/treeabstractionsarebecom-
ing the datamodel of choicefor representingsemistruc-
tured,self-describingdata,andkeyword proximity search
is well-suitedto XML documentsaswell. We describea
systemthat provides keyword proximity searchon XML
datathataremodeledaslabeledgraphsor trees,theedges
correspondto the element-subelementrelationshipandto
ID/IDREF links (in thecaseof graphs).Ourwork differs
from prior systemsfor proximity searchon labeledgraphs
in that it cantakeadvantageof knowledgeof theschema,
e.g.,the XML Schema[12], to which the XML datacon-
forms.Theschemafacilitatesthepresentationof theresults
andis alsousedin optimizing theperformanceof thesys-
tem.

The resultsof keyword proximity searchin our sys-
temaretheminimumconnectingtreesof XML fragments
(calledtargetobjects) thatcontainall thekeywordsandare
rankedaccordingto their size. Treesof smallersizesde-
note higher associationbetweenthe keywords, which is
generallytrue for reasonableschemadesigns.For exam-
ple, considerthe keyword query “Yannis,Vasilis” on the
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Figure1: SampleXML document
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on thesourceXML graphof Figure1 is
aresultof size4. Thesecondhighlightedtree(grayarrows)
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is a result of
size6. The�rst resultis consideredto bea “better” oneby
our system(aswell asby otherkeyword proximity search
systems[2, 4, 6, 7] thatusestructureto rankresults)since
the smallersizecorrespondsto the closerconnectionbe-
tween“Yannis” and “Vasilis” in the �rst solution, where
they areco-authorsof thesamepaper, asopposedto being
authorsof differentpapersoneof whichcitestheother. No-
tice thatwe allow edgesto befollowedin eitherdirection.

Thepresentationof resultsfacestwo key challengesthat
have not beenaddressedby prior systemsfor proximity
searchon labeledgraphs.First, the resultsneedto be se-
manticallymeaningfulto theuser. Towardsthis direction,
we groupthe nodesof the sourceXML graphinto target
objects, thatarepresentedto theuser. In theDBLP demo
(Figure4) we displaytargetobject�elds suchasthepaper
title andconferencealongwith a paper. For example,we
displaythefollowing targetobject:
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Figure2: Targetdecompositionof aschemagraph
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Figure3: Multi valueddependenciesin results

in the placeof the intermediate
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node. The edges
connectingthe targetobjectsin thepresentationgraphare
annotatedwith their semanticdescription.For examplethe
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�"����=#L�=�����&���

edgeis named“By”. Targetobjectsare
identi�ed by theDBA whosplitstheschemagraphin mini-
malself-containedinformationpieces(Figure2),whichwe
call Target SchemaSegments(TSS)andcorrespondto the
targetobjectspresentedto theuser.

Thesecondchallengeis to avoid overwhelmingtheuser
with a hugenumberof often trivial results,asis the case
with DISCOVER [7] andDBXplorer [2].1 Both systems
presentall treesthat connectthe keywords. In doing so
they producea largenumberof treesthatcontainthesame
piecesof informationmany times. For example,consider
the keyword query “Yannis, Vasilis” and the XML sub-
graphshown in Figure 3. Since“Yannis” and “Ullman”
co-authored� ve papers,and “Vasilis” and “Ullman” co-
authoredtwo, this XML fragmentcontains10 results,of
which four areshown below:
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Theabove resultscontaina form of redundancy similar
to multi-valueddependencies[11]: wecaninfer

M
W

and
M=Z

from
M[N

and
M�T

. In thatsense,
M\W

and
M

Z

aretrivial, once
M

N

and
M

T

aregiven. Suchtrivial resultspenalizeperfor-
manceandoverwhelmthe user. Our executionalgorithm
andpresentationinterfaceavoidsproducingandpresenting
such“duplicate” results.

1Bothsystemswork onrelationaldatabases,but thepresentationchal-
lengesaresimilar.

Figure4: On-linedemooutput

Figure5: Initial presentationgraph

We handle these challenges using presentation
graphs[8], which encapsulateall the resultsof the same
schema.A presentationgraphis displayedfor eachresult
schema(seeFigure5). At any point, only a subsetof the
graphis shown (seeFigure 6), as determinedby various
navigation actionsof the user. Initially, the userseesone
resulttree

��]

. By clicking on a nodeof interestthegraph
is expandedto displaymore nodesof the sametype that
belongto result treesthat containasmany aspossibleof
the othernodesof

��]

. Towardsthis purposewe de�ne a
minimal expansionconcept.For example,clicking on the
highlighted
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node of Figure 5 displays all
"�
�"����

nodesconnectedto “Vasilis”, alongwith aminimalnumber
of nodesthat they connectto, as shown in Figure 6. In
orderto provide fast responsetimes,we employindexing
techniquesthat allow us to quickly navigate in the XML
graph/treeand �nd connectionsbetweenthe nodesthat
containthekeywords.

2 RelatedWork
Therearea numberof proposalsfor lessstructuredways
to query an XML databaseby incorporating keyword
search[5, 1] or by relaxingthesemanticsof thequerylan-
guage[9, 3]. However noneof theseworks incorporates
proximity search.Florescuet al. [5] proposean extension
to XML query languagesthat enableskeyword searchat
thegranularityof XML elements,whichhelpsnoviceusers
formulatequeries.

In [6] and[4], a databaseis viewedasa graphwith ob-
jects/tuplesasnodesandrelationshipsasedges.Relation-
shipsarede�ned basedon the propertiesof eachapplica-
tion. For example,anedgemaydenoteaprimaryto foreign



Figure6: ExpandedPresentationgraph

key relationship.In [6], theuserqueryspeci�estwo setsof
objects,the ^

�,	�I

andthe
M_��
��

objects.Theseobjectsmay
be generatedfrom two correspondingsetsof keywords.
The systemranksthe objectsin ^

��	�I

accordingto their
distancefrom the objectsin

M_��
`�

. An algorithmis pre-
sentedthat ef�ciently calculatesthesedistancesby build-
ing hub indices. In [4], answersto keyword queriesare
providedby searchingfor Steinertrees[10] thatcontainall
keywords. Heuristicsareusedto approximatethe Steiner
treeproblem.Two drawbacksof theseapproachesarethat
(a) they work on the graphof the data, which is huge,
and(b) the informationprovided by the databaseschema
if availableis ignored. In contrast,we useindexing tech-
niquesthatallow quick navigationof theXML graph/tree.

DISCOVER [7] and DBXplorer [2] work on top of a
DBMS to facilitatekeywordsearchin relationaldatabases.
They aremiddlewaresystemsin thesensethatthey canop-
erateasan additionallayeron top of existing DBMSs. In
contrast,the systemwe presentis dedicatedto providing
ef�cient keyword proximity queryingof XML databases,
by usingsophisticatedexecutionandindexing techniques.
Furthermore,we adoptan elaboratepresentationmethod
usinginteractivegraphsof results.In contrast,DISCOVER
and DBXplorer output a list of results, including trivial
ones.Finally, we handlethe inherentdifferencesof XML
from relationaldataby introducingthenotionof targetob-
jects.

3 Ar chitecture

Thearchitectureof thesystemis shown in Figure7. During
thepreprocessingstage,themasterindex is created,which
is an invertedindex that storesfor eachkeyword a a list
of elementsthat contain a . We storea setof connection
relations[8] thatallow us to quickly navigatein theXML

graph.
In thequeryprocessingstage,weretrievefrom themas-

ter index the elementsthatcontainthekeywordsandgen-
erate,in a pipelinedway, treesof target objectsthat con-
tain all the keywords. In the casewherethe databasehas
IDREFswe exploit the informationstoredin the connec-
tion relationsto ef�ciently discover the connectionsbe-
tweenthe keywords. On theotherhand,if thedatabaseis
anXML tree,we employef�cient algorithmsthatexecute
in time linearin thesizeof thekeyword lists.

Finally, theresultsarepresentedto theuser. Thesystem
offerstwo presentationmethods:displayinga presentation
graphfor eachdifferent result schema(Figure5), or dis-
playing a full list of results(Figure4), whereeachresult
is a tree that containsevery keyword exactly once. The
former methodoffersa morecompactandnon-redundant
representation,while thelatterfavorsfasterresponsetimes.

4 PresentationGraph

In its simplestresult presentationmethod(Figure 4) the
systemoutputsresultspageby page,asin websearchen-
gine interfaces.The smallerresults,which areintuitively
more important to the user, are output �rst. This naive
presentationmethodprovidesfastresponsetimes,but may
�ood the userwith results,many of which are trivial. In
particular, aswe explainedearlier, a redundancy similar to
theoneobservedin multi-valueddependenciesemergesof-
ten. Displayingto the userresultsinvolving multi-valued
dependenciesis overwhelmingandcounter-intuitive. We
addressthe problemby providing an interactive interface
that allows navigation andhidestrivial and duplicatere-
sults,asdiscussedbelow.

The system's interactive interfacepresentsthe results
groupedby theschemato which they conform.Intuitively,
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Figure7: Architecture

resultsof thesameschemahavethesametypesof targetob-
jectsandthesametypeof connectionsbetweenthem.The
resultsaregroupedfor eachschemato summarizethedif-
ferentconnectiontypesbetweenthekeywordsandto sim-
plify thevisualizationof theresult.

Thesystemcompactstheresults'representationandof-
fersa drill-down navigationalinterfaceto theuser. In par-
ticular, a presentationgraph

��b�c,E�d

is createdfor eachre-
sult schema

E

. The presentationgraphcontainsall nodes
that participatein a resultof type

E

. A sequenceof sub-
graphs

��b
]

c,E�dfe�g�g�g�e���b=h�c,E�d

of
��b�c�Eid

is activeand is
displayedat eachpoint, as a result of the user's actions.
The initial subgraph,

��b3]�c�E�d

, is a single,arbitrarily cho-
senresult

F

of type
E

, asshown in Figure5.
An expansion

��b\j+klN�c,E�d

of
��b\j7c,E�d

onanode
	

of type
M

is de�nedasfollows.All distinctnodes
	�m

, of type
M

, of
every result

Fnm

of type
E

aredisplayedandmarkedasex-
panded(Figure6). In addition,aminimalnumberof nodes
of othertypesaredisplayed,sothattheexpandednodesap-
pearaspartof theresults.In thedemo,anexpansionon a
node

	

occurswhentheuserclicks on
	

. Noticealsothat
if theexpandednodesaretoo many to �t in thescreenthen
only the�rst 10aredisplayed.

On theotherhand,a contraction
��b

j+klN
c,E�d

of
��b

j
c,E�d

on an expandednode
	

of type
M

is de�ned as follows.

All nodesof type
M

, exceptfor
	

, arehidden.In addition,
a minimumnumberof nodesof typesotherthan

M

(those
thatarenotconnectedto

	

by someresult)arehidden.
The presentationof the resultsof a keyword queryby

theinteractivepresentationgraphsevokesthefollowing re-
quirementsfor the executionunit: First the top resultof
eachresultschema,which is theinitial presentationgraph,
mustbe computedvery quickly to provide a quick initial
responsetime to theuser. Secondtheexpansionof thepre-
sentationgraphmustbe performedon demand.This can-
not be donesimply by moving the cursorof somequery
wesubmitto theunderlyingdatabase.Instead,whenauser
clicks on a node,a new minimal setof focusedqueriesis
sentto thedatabase.

5 Statusof the Demo
The demo of the systemon the DBLP database,with
HTML interface shown in Figure 4 is available at
http://www.db.ucsd.edu/XKeyword. The presentation
graphsinterfaceis implementedas a standaloneapplica-
tion (Figures5 and6). Thisapplicationfacilitateskeyword
querieson the DBLP datasetwith subsequentinteractive
explorationof theresults.
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