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Abstract. TheArtequaktprojectis working towardsautomatically
generatingnarrative biographiesof artistsfrom knowledgethat has
beenextractedfrom theWebandmaintainedin aknowledgebase.An
overview of the systemarchitectureis presentedhereandthe three
key componentsof thatarchitectureareexplainedin detail,namely
knowledgeextraction,informationmanagementandbiographycon-
struction.Conclusionsaredrawn from the initial experiencesof the
projectandfutureplansaredescribed.

1 INTRODUCTION

The growth of the World Wide Web (Web) andthe corpusof doc-
umentsthat it covers increasedthe demandfor contentto be anno-
tated.Suchannotationfacilitatessystematicsearchanddiscovery of
knowledgeandintelligentinformationprocessing.Annotatingexist-
ing Webdocumentsformsoneof thebasicbarrierstowardsrealising
theSemanticWeb([11], [25]).

Annotationscanberoughlyclassifiedinto two types.Thefirst is
concernedwith identifying textual entitiesin documentsthatmatch
information already existing in a knowledge base,e.g. the word
‘Rembrandt’in thedocumentis matchedto a painter’s namein the
knowledgebase.Suchannotationsarenormallyrestrictedto thetype
andamountof informationheld in the knowledgebase.The other
type of annotationis involved in locating new factual information
in documentsbasedon a given domainclassificationstructure,e.g.
‘Rembrandt’ in the documentis the ‘name’ of a ‘Painter’, where
Painter is a classin the ontologywith the relationname. This new
fact canbe assertedin theknowledgebase.This secondtype is the
mainapproachtakento annotationin theArtequaktproject.

Previous work on annotationhasdemonstratedthe valueof cou-
pling Natural LanguageProcessing(NLP) with ontologies([13],
[23]). The ontology can guide the annotationtask by restrictingit
to a specificdomainand, unlike “rigid templates”,can provide it
with knowledgeinferenceand conceptualbrowsing facilities [13].
An ontology-basedapproachfor annotationneedsto dealwith the
issuesof duplicateinformationacrossdocuments,managingontol-
ogy change,andredundantannotations[22].

Annotationcanexist in differentformsandbeusedin a varietyof
ways.Oneinterestingpossibility is to useit to restructuretheorigi-
nal sourcematerialin new ways,producinga dynamicpresentation
tailoredto theusersneeds.

Previous work on the productionof dynamicpresentationshas
highlighted the difficulties of maintaining a rhetorical structure
acrossa dynamicallyassembledsequence[20], as a consequence
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therehasbeenafocusondynamicpresentationdecisionsasopposed
to narrativeones[14]. Wheredynamicnarrative is presentit hasbeen
basedaroundrobuststory-schemasuchastheformatof a news pro-
gram(a sequenceof atomicbulletins)[12].

It is our belief that by building a story-schemalayer on top of
anontologywe cancreatedynamicstorieswithin a certaindomain.
By populatingtheontolgythroughautomaticannotationsoftwarewe
could allow thosestoriesto be constructedfrom the vastwealthof
informationthatexistson theWorld WideWeb.

1.1 The Artequakt Project

TheArtequaktprojectaimsto implementsucha systemaroundthe
domainof artistsand their paintings,automaticallyproducingtai-
loredbiographiesof artistsfrom fragmentsof informationextracted
from the Web. This is not an attemptto out-performhand-crafted
biographies,but rather to gatherinformation from a wide variety
of sourcesand target it specificallyat the interestsof a particular
reader. Thefirst stageof thisprojectconsistsof developinganontol-
ogy for thedomainof artistsandpaintings.A selectionof informa-
tion extractiontoolsandtechniquesarebeingdevelopedandapplied
thatattemptto automaticallygenerateannotatedcontentfrom online
documentsbasedon the project’s ontologyandWordNet lexicons.
Theannotationsarestoredin a knowledgebaseandwill beanalysed
for duplications.In thesecondstage,narrative constructiontoolsare
beingdevelopedto querytheknowledgebasethroughanontology-
server to searchandretrieve relevant factsor textual paragraphsand
generatea specificbiography. The automaticgenerationof tailored
biographiesis concernedwith two areasof focus.Firstly, providing
biographiesfor artistswherethereis sparseinformation available,
distributed acrossthe web. This may meanconstructingtext from
basicfactualinformationgleaned,or combiningtext from a number
of sourceswith differing interestsin theartist.Secondly, theproject
aimsto providebiographiesthataretailoredto theparticularinterests
andrequirementsof a given reader. Thesemight rangefrom rough
stereotypingsuchas “A biographysuitablefor a child” to specific
readerinterestssuchas“I’m interestedin theartist’suseof colourin
theiroil paintings”.

Theexpertiseandexperienceof threeseparateprojectsaredrawn
togetherundertheumbrellaof theArtequaktproject.Theseare:

The Artiste project - A Europeanprojectworking on a distributed
databaseof art imagesin collaborationwith partnersthat include
theLouvre,theUffizzi Gallery, theNationalGalleryandtheVic-
toriaandAlbert Museum.

The Equator IRC - An EPSRCfundedInterdisciplinaryResearch
Centrethat,amongstmany otheractivities,is investigatingtheuse



of narrative techniquesin information structuringand presenta-
tion.

The AKT IRC - An EPSRC funded Interdisciplinary Research
Centrelookingatall aspectsof theknowledgelifecycle.

Although focussingon artistsandtheir paintings,the techniques
beingdevelopedcouldbeappliedto otherdomains.

This paperwill examinetheoverall proposedArtequaktarchitec-
ture,looking at thethreemaincomponentparts,namely, knowledge
extraction,knowledgerepresentationandstorageandnarrative gen-
eration.

2 ARCHITECTURE OVERVIEW

Figure1 illustratesthesystemsarchitectureusedfor theinitial Arte-
quaktdemonstrator. Threekey areascanbeidentified.

Thefirst concernstheknowledgeextractiontools.Theseareto be
usedto extractfactualinformationitemstogetherwith sentencesand
paragraphsfrom webdocumentsthatmight bemanuallyselectedor
obtainedautomaticallyusingappropriatesearchenginetechnology.
Thefragmentsof informationarepassedto theontologyserveralong
with metadataderivedfrom thevocabularyof theontology.

Thesecondkey areais the informationmanagementandstorage.
Theinformationis beingstoredby theontologyserver andconsoli-
datedinto a knowledgebase,focusedon artistsandpaintings.

The final key area, is the narrative generation.The Artequakt
servletwill take requestsfrom a readervia a simpleweb interface.
Thereaderrequestwill usuallyincludeanartistfor whomto generate
a biographyin a particularstyle (chronology, throughthepaintings
etc.)andalsoany userinformation;for example,thenarrative might
be generatedspecificallyfor a child or an art historian.The server
thenusesstory templatesto rendera narrative from theinformation
storedin the knowledgebase.The rest of this paperwill examine
thesethreeareasin moredetail.
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Figure 1. TheArtequaktArchitecture

3 KNOWLEDGE EXTRACTION

Theaimof theknowledgeextractionsectionis to extractandidentify
factualinformationfrom theWeb-baseddocumentsandto structure
it appropriatelyfor entryinto theknowledgebase.Muchof theinfor-
mationfrom theWebis in the form of naturallanguagedocuments.
Oneof the promisingapproachesto providing easyaccessto such
documentsis centredon information extraction that reducesthem
into tabularstructuresfrom whichthefragmentsof documentscanbe
retrievedasanswersto queries.However, theeffort andtime needed
for annotatinga largenumberof texts andtheprerequisiteof acquir-
ingbackgroundknowledgethatstipulateswhichtypesof information
areextractable,aremajorchallengestowardexploiting suchextrac-
tion techniquesfor practicalpurposes([25]). Work suchas([4],[13])
investigatedtheapplicationof machinelearningtechniquesin order
to automaticallyidentify patternsfrom annotatedexampletexts.

In particular, whilst many attemptshave beenmadeto extract in-
formationfrom theWebby usingmanuallyannotatedtexts,norobust
and reliable methodologiesare yet available.Documentsfrom the
Webuselimitlessvocabularies,structuresand/orcompositionstyles
for definingapproximatelythe samecontent,implying that it is of
little useto make efforts to locaterecurrentsyntacticpatterns.For
example,althoughcontentsimilarity betweentwo biographicdoc-
umentsmight be expected,expressionsusedfor both sourcesmay
varydramatically.

Theseobservationshave ledusinitially to usea naturallanguage-
basedextractionapproachfor acomparatively deepercontentunder-
standingfrom which variouscluesconcerningsemanticandsyntac-
tic featurescanbeobtained.Theuseof anontologycoupledwith a
general-purposelexical database(WordNet[17]) asa guidancetool
for creatinginterestingrelationsis anotherdimensionof our initial
approachaiming at minimising relianceon domain-specificextrac-
tion rules. Figure 2 shows extraction resultsbasedon the exam-
ple of ‘Rembrandt’s father was a miller who died in 1630’. Two
biographicpiecesof information about ‘Rembrandt’s father’ (i.e.
‘job title (miller)’ and‘date of death(1630)’),werecapturedaswell
asthe fact that ‘Rembrandt’is a personandhe is thesonof a dead
miller.

3.1 Natural Language Information Extraction

Thecapabilityof recognisinga namedentity without theannotation
effort of humansor without theneedto createextractionrulesis one
of theobjectivesof ourapproach.Theideais to makeuseof general-
purposelexical databasesandto exploit theknowledgefrom syntac-
tical andsemanticanalysisto clarify thetypesandstructuresof given
information.Althoughtheproposedapproachmaynot beassophis-
ticatedasmanuallyannotateddefinitions,its contribution lies in its
extensibilityandpracticalnature(acceptableperformance).Weusea
paragraphasa unit of semanticanalysisinsteadof a sentence,since
muchof thecritical informationusedfor interpretingtext is scattered
in differentsentences(asobserved in [3]). Downloadeddocuments
from theWebarefirst divided into paragraphs,which arethenbro-
kendown into a groupof sentences.Theparagraphsareanalysedas
follows:

1. Syntacticalanalysis:A sentenceis decomposedinto asetof gram-
matically relatedphrases(e.g.a verb-phrase,or a noun-phrase).
We have usedtheApple PieParser, which is a bottom-upproba-
bilistic chartparserandis freelyavailable[21].

2. Semanticanalysis:



� Identificationof maincomponents: eachcompoundsentenceis
decomposedinto simplifiedstructures,eachof which contains
oneclause,i.e. a simplesentence.Eachclauseis clusteredas
oneof threeparts:subject,verb,andobject.Temporalproper-
ties are inferredfrom a verb tense(e.g. ‘past’, ‘present’),and
associatedwith thesentence.A writing style(e.g.‘first-person’,
‘third-person’)canbe derived from the personalpronounif it
existsin thesentence’s subject.

� Recognition of namedentity: two resourcesareusedfor deter-
mining whetheror not a given word denotesa person’s name.
The first is syntacticaltags,which are obtainedas the result
of thesyntacticalanalysiscarriedout by theApple PieParser.
Thesecondis gazetteersof peoplenames,which areavailable
aspart of theGATE (GeneralArchitecturefor Text Engineer-
ing, [6]) package.GATE providestext files which containper-
sonnamesassociatedwith genderattributes.A namewhich is
not definedin GATE’s text files will still be extractableif it
is taggedasa propernoun.Heuristicsandgrammarrulesare
appliedin orderto extractonly properpersonalnouns.

� Resolutionof pronounreferences(anaphoricreferences): aper-
sonalpronounrefersto a specificperson,andactsasa subject
(‘he’ or ‘she’), an object(‘him’ or ‘her’), or a marker of pos-
sessiondefiningwho owns a particularthing (‘his’ or ‘hers’).
Currentlywe areusinga simpleresolutionfunction that runs
at reasonablyfast speedobtaining the best-guessedreferent.
Threeattributes(gender, number, and structuralinformation)
areconsideredin determiningtheright referent.

� Addinga missingsubject: a clausecaninherit a subjectfrom
a main clause,sinceit is syntacticallydependenton the main
clause.

In Figure2, thegiven example‘Rembrandt’s fatherwasa miller
whodiedin 1630’ is dividedinto two clauses.Thesamesubject(i.e.
‘Rembrandt’s father’) is assignedto both clausessincethe second
clauseis dependenton thefirst one.At this stage,‘Rembrandt’was
successfullyrecognisedasa person’s name.Gazetteersprovidedby
GATE do not containthename‘Rembrandt’,whereassyntactictags
for thissentencemarkit asa propernoun.

3.2 Relation Extraction

To createa binary relationshipbetweentwo extracted individual
facts,knowledge about the pre-definedsemanticrelationswill be
required.Consultingtheontology, which specifiesvariousrelation-
ships amongclasses,will act as a basisfor decisionsconcerning
whichrelationsto use.A queryis submittedto theontologyserver to
obtainsuchknowledge.

In orderto reducetheproblemof linguistic variationbetweenre-
lationsdefinedin the ontologyandthe extractedfacts,we will use
threelexical chains(synonyms, hypernyms, andhyponyms) asde-
fined in WordNet.For example,the conceptof ‘depict’ is matched
with ‘portray’ (synonym) and‘represent’(hypernym). In orderto re-
duceover- andunder-generalisation,wewill consideronly one-level
of hypernymsandhyponymswhena givenword is a verb.

The typesof informationareidentifiedby tracingthehierarchies
of hypernyms. For example,as shown in Figure 2, ‘miller’ is ex-
tractedasthejob of Rembrandt’s fathersincethehypernymsmapto
‘worker’. Factualdata,suchasa dateor a city name,areextracted
by usingadateparsingprogramcoupledwith asimplegrammarand
thehypernymsdefinedin WordNet.In cases,wheretherearemulti-
plematches,all relationsarerepresentedin outputs.

 

 

Figure 2. An exampleof knowledgeextractionusingontologyand
WordNet

In Figure2, relationextractionfor both clausesis determinedby
thecategorisationresultsof verbs(i.e. ‘be’ and‘die’). The‘be’ verb
posesa rather difficult case,since its semanticmeaningis heav-
ily dependenton other phrases,i.e. subjectand object.According
to WordNetdefinitions,oneof its sensesstates‘work in a specific
place,with aspecificsubjector in aspecificfunction’. Sinceits syn-
onyms (i.e. ‘work’ and ‘follow’) arematchedwith ‘work’, we ex-
ploit this relation to further examinewhetheror not it is relatedto
‘job-information’.

In the secondclause,since ‘die’ can be converted to the noun
format ‘death’, the verb ‘die’ matcheswith two potentialrelations
(‘date of death’ and ‘place of death’). In this case‘date of death’
waschosensincethe ‘1630’ wasextractedfrom the samesentence
andinstantiatedasdateinformation.

Theoutputfrom this sectionis an XML-formated representation
of the facts,paragraphs,sentencesand keywords identified in the
knowledgeextractionprocess.TheXML files aresentto the ontol-
ogyserver to populatetheknowledgebase.

4 KNOWLEDGE REPRESENTATION AND
STORAGE

4.1 Artequakt Ontology

An ontologyis a conceptualisationof a domaininto a machineread-
ableformat[7]. ForArtequakttherequirementis to build anontology
to representthedomainof artistsandartefacts.This ontologyis be-
ing implementedin Prot́eǵe, which is a graphicalontologyediting
tool [18]. The main part of this ontologyis beingconstructedfrom
selectedsectionsin theCIDOC ConceptualReferenceModel (CRM
- [5]) ontology. CRM wasdevelopedby ICOM/CIDOC2 Documen-
tationStandardsGroupto representanontologyfor culturalheritage
information.It wasbuilt to facilitate the transformationof existing
disparatemuseumandculturalheritageinformationsourcesinto one
coherentsource.

TheCRM ontologyisdesignedto representartefacts,theirproduc-
tion, ownership,location,etc.This ontologywasmodifiedfor Arte-
quaktandis beingenrichedwith additionalclassesandrelationships
to representa varietyof informationrelatedto artists,their personal
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information,family relations,relationswith otherartists,detailsof
their work, etc. The Artequaktontology alsoallows the storageof
textualparagraphsor sentencesalongwith theirsourceURLssothat
ata laterpoint they canbereorganisedusingtheontologyasaguide.

4.2 Automatic Ontology Population

Thereis anincreasinginterestin building ontologiesto provideava-
rietyof knowledgeservices.Populatingontologieswith knowledgeis
labourintensive andtime consuming.Semi-automaticapproachesto
ontologypopulationhave beenfollowedby for example[23] where
relationshipscanbeaddedautomaticallybetweeninstancesif these
instancesalreadyexist in theknowledgebase,otherwiseuserinter-
ventionwill beneeded.OntoAnnotate[22] andOntoMat[8] aresup-
porting tools of user-driven ontology-basedannotations,wherethe
producedannotationscanbefed backto theontology.

In this project we are investigatingthe possibility of moving
towards a fully automaticapproachof feeding the ontology with
knowledgeextractedfrom theweb. As mentionedin section3.2,this
informationis extractedwith respectto theArtequaktontology, and
providedasXML files,oneperdocument,usingtagsmappeddirectly
from namesof classesandrelationshipsin theontology. Whenanew
XML file is produced(Figure3(a)), it will be sentto theArtequakt
ontologyserver which launchesa programto parsethereceivedfile
andpopulatetheontologywith thenewly providedknowledge(Fig-
ure3(b)).

The ontology server is basedon Java sockets and connectedto
the Artequaktknowledgebasethroughthe Prot́eǵe API. A limited
inferenceengineis beingbuilt on this server to allow queryingand
the retrieval of specificinformationfrom the ontology, for example
to getall paragraphsthatmentionthedateof birth of aspecificartist,
gettheartistof apainting,getall availablefactsaboutanartists,etc.

4.3 Consolidating the Knowledge-Base

Whenanalysingwebdocumentsaboutselectedartists,it will be in-
evitablethatweextractduplicatedinformationor evencontradictory
information.Handlingsuchinformationis challengingfor automatic
ontologypopulationapproaches.Staabet al[22] stressedthe prob-
lemof creatingduplicateobjectswhenextractingfrom differentdoc-
uments.They reliedon manuallyassignedobject-identifiersto avoid
duplication.Ourapproachis attemptingto identify andeliminatedu-
plicationsautomaticallyusinga two-stageconsolidationprocess.

Thefirst stageis for theArtequaktontologyserver to addall ex-
tractedinformationto the knowledgebaseregardlessof what is al-
readystored.This resultsin the creationof multiple instancesof
artistswith possibly the sameinformation (e.g. multiple instances
of Rembrandt).Thechallengeis to identify which of theseinstances
refer to the sameartist,andwhich onesrefer to genuinelydifferent
artistswhohappento have thesamenameor information.

Thesecondstageis to runa consolidationprocessto identify pos-
sibleduplicateinstancesin theknowledgebase,searchingfor clues
in therestof informationavailableabouttheseinstances.This is why
it is best to feed the new information to the knowledgebasefirst
(stage1), which provide theconsolidationprocesswith moreinfor-
mationto comparewith.

The consolidationprocessinvolves applying a set of heuristics.
Informationextractiontoolsaresometimesonly ableto extractfrag-
mentsof informationaboutan artist,especiallyif the sourcedocu-
mentor paragraphis smallor difficult to analyse.This resultsin the
creationof new instanceswith only oneor two factsassociatedwith

each,for exampletwo artistinstanceswith thenameRembrandt,but
oneinstancehasa locationrelationshipto Holland,while the other
hasadateof birth relationshipto 1609.Oneheuristicto applyhereis
to mergesuchshallow instancesinto oneinstanceof Rembrandtwith
bothlocationanddateof birth relations,keepingtheoriginal source
URLsof eachfact.

Another heuristic is if two instancesof same-nameartistshave
equalvaluesfor their dateandplaceof birth anddeathrelationships,
thentheseinstancesarelikely to beduplicates,in whichcasethey can
be fusedtogetherasoneinstance,otherwisethe two instanceswill
stay separate.Sucha heuristichelpsto distinguishbetweensame-
nameartists.The amountandtype of informationoverlapbetween
instancescan be usedto calculatea confidencevalue to indicate
whethercertaininstancescanbemergedor left separate.

Anotherchallengein informationconsolidationis to identify exact
matches.Identical information can exist in different versions.For
exampleconsiderthesentences:

� Rembrandtwasbornin the17thcenturyin Leiden.
� Rembrandtwasbornin 1606in theNetherlands.
� Rembrandtwasbornon July151606in Holland.

The sentencesabove provide similar informationaboutan artist,
writtenin differentformatsandspecificitylevels.To matchtheabove
sentencesit will be necessaryto enrich the currentontology with
propertemporalandgeographicalrepresentations.Someformatva-
rietiescanbedealtwith at theextractionlevel. For examplethe in-
formationextractiontoolsbeingusedin thisprojectcanidentify and
extractdatesin differentformats,andprovide it asday, month,year,
decade,etc.This informationcouldbefed to the temporalontology
andreasonedover to matchbetweendifferenttime frames.

Therehasbeenmuchwork ondevelopingdatabasesandgazetteers
of placenames,suchastheThesaurusof GeographicNames(TGN,
[9]), AlexandriaDigital Library (ADL, [10]), and WordNetwhich
alsoprovidessomegeo-information.Suchsourcescanbeintegrated
with thecurrentontologyto provide knowledgeon geographicalhi-
erarchies,placenamevariations,andotherspatialinformation[1].

5 NARRATIVE GENERATION

Whilemachinesbenefitfrom usingstructuredontologiesto exchange
information,humanbeingsneeda more intuitive interface.Oneof
themostnaturalwaysto do this is by storytelling. Thereis a wealth
of critical andphilosophicalthoughtconcerningnarrative thatcanbe
drawn on to assistin constructinga story (in this casea biography)
from theraw informationgathered.Figure4 showsonewayof view-
ing the layersthatmake up a narrative asproposedby Bal [2]. The
raw factsandchronologicalcollectionof eventsin any particulartale
is calledtheFabula. For any givenFabulawecouldpresentthefacts
from differentperspectivesandin differentsequencesto producea
Story. We could then renderany given Story into several different
formsor Narratives(e.g.a film or novel).

In Artequakttheknowledgebasecanbethoughtof asour under-
lying fabula. To producethe eventualnarrative (in our casepages
of html) we needto first arrangesub-elementsof the fabula into a
sensiblesequenceandproduceastory.

5.1 Biography Templates

Thestorystructuresweareusingarehumanauthoredbiographytem-
platesthatcontainqueriesinto theknowledgebase.



 

 

<Paragraph> 
    <url>http://search.ebi.eb.com/ebi/article/          
0,6101,36822,00.html </url> 
   <text> Rembrandt Harmenszoon van Rijn was  
born on July 15, 1606, in Leiden, the  
Netherlands… Rembrandt left the University of 
 Leiden to study painting. … He was influenced  
by the work of Caravaggio and was fascinated  
by the work of many other Italian artists. </text> 
          ….. 
      <sentence>Rembrandt Harmenszoon van Rijn 
                     was born on July    15 1606 in Leiden  
           <Painter> 
              <name>Rembrandt Harmenszoon van  
                          Rijn</name>  
              <date_of_birth>15 july 1606</date_of_birth>  
              <place_of_birth>Leiden Netherlands  
                                              </place_of_birth>            
           </Painter> 
       </sentence> 
 …..       
  <sentence> He was influenced by the work of  
                      Caravaggio 
     <Painter> 
         <name>rembrandt</name>  
         <inspired_by>Caravaggio</inspired_by>      
     </Painter> 
  </sentence> 
…… 
</Pragraph> 
 (a) (b) 

Figure 3. a)XML file of extractedinformationis sentto theontologyserver, b) Theserver createstherelevant instancesandrelationshipsin theontology.

Fabula

Story
�

Narrative
�

Story
�

Narrative
�

Narrative
�

Narrative
�

Implementation

HTML Pages

Contextual Templates

Ontology + Knowledge Base

Figure 4. TheLevelsof Narrative

Previouswork hasstoredqueriesinto anontologicalspaceasthe
destinationof navigationallinks [24], by following thelinks theuser
causesthequeriesto beexecuted(andviews theresults).With Arte-
quakt thesebasiclinks have evolved into morecomplex structures
thatarrangethequeriesinto a sequence(a biographytemplate).

The templatesarewritten in XML using the FundamentalOpen
HypermediaModel (FOHM) [16], which is capableof represent-
ing avarietyof hypermediastructuresincludingtoursandlinks. The
XML files arethenloadedinto theAuld Linky contextual structure
server[15], whichprovidespatternmatchingfacilitiesover thestruc-
turesvia HTTP.

Any given biographytemplatemay be constructedfrom several
sub-structures.Thebasicstructureusedis theSequence. This repre-
sentsa list of queriesthathave to beinstantiatedfrom theknowledge
baseandinsertedinto thebiographyin order. Thesequeriesareau-
thoredusing the vocabulary of termsdefinedwithin the ontology.
Other structuresallow more complex effects.A Conceptstructure
containsseveral queries,any of which may be usedat this point in
thebiography. A Level of Detail (LOD) structureis similar to a con-
cept,but thereis an orderingbetweenthe queriesthat corresponds
to preference(i.e. preferablythehighestnumberedqueryshouldbe
used,if that’s not possiblethenext highest,andsoon).Thesestruc-
turesmaybenested(e.g.a sequenceof concepts).

Somequeriesmayretrieve paragraphsdirectlywhile othersquery

theconsolidatedontologyfor specificfactsandconstructsentences
dynamicallyfrom the results.This canbe usefulfor factsthat have
beeninferred(andthereforethereis nocorrespondingparagraph),or
whenthereis noparagraphthatfits theliterary form of therestof the
biography(e.g.thebiographyis in third person,but all theavailable
paragraphsarein first person).

Thetemplatesalsocontaincontextual informationon which parts
of thebiographystructureareappropriatein differentcontexts (spec-
ified asa list of tag valuepairsinsidea context object).For exam-
ple imaginethat theuserhasspecifiedthat they do not have a good
knowledgeof artists.The templatestructurecanspecify that parts
of thestructureareonly availableto peoplewith a goodknowledge.
Thus,whentheuserqueriesLinky for thetemplate,theinappropriate
partsthatrequirethisareprunedaway.

Figure5 shows an examplestructurebeingpruned.In this case
a query into the ontology concerningartistic influences(here it
wouldresolve into asentenceaboutCaravaggio)is removedbecause
it would not make senseto a userwho did not have a reasonable
knowledgeof artists.Theresultingparagraphreads:

‘Rembradt Harmenszoonvan Rijn wasborn on July 15 1606 in
Leiden.Rembradt’s fatherwasa miller whodiedin 1630.His early
workwasdevotedto showingthelines,light andshade, andcolor of
thepeoplehesawabouthim.’

In thiswaythebiographystructureswill betailoredto theneedsof
eachindividualuser. Forourprototypeweareconcentratingonbroad
userclassification(child/adult,etc) but it would alsobe possibleto
incorporatemoresophisticatedusermodelling techniques(suchas
trainingsets[19]).

Onceit hasbeenretrieved from Linky the templatehasto be in-
stantiated,by makingeachqueryin turn andthenrenderingthe re-
sultsinto a html pagefor display.
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6 CONCLUSION & FUTURE WORK

In thispaperwehavedescribedthebasicarchitectureandinitial work
in theArtequaktproject.Our aim is to beableto generateautomat-
ically tailoredbiographiesfrom a knowledgebasewhich hasbeen
automaticallypopulatedby annotatingtext fragmentsextractedfrom
Webdocuments.

We arecurrentlyworking on completingtheinitial prototypesys-
tem by integrating the threemain componentsidentified in the ar-
chitecture.We will thenbeableto assesstheeffectivenessover real
datasourcesandbegin theprocessof refiningtheconstituantpartsto
improve theoverall quality of thebiographiesservedby thesystem.

Although someof the researchissuesin this processarepartic-
ularly challenging,the final objective is to have an architecturein
placewhichwill allow usto exploresomeof theresearchissuesthat
have arisensofar in moredetail; for example,morecomprehensive,
automaticconsolidationof knowledgebases,better techniquesfor
knowledgeextractionandmoresophisticatednarrativestructuringof
theknowledgefragments.To thisend,progresshasbeenmadein the
identificationof anapproachandthebuilding of aprototypedemon-
stratorfor theproject.
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