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Abstract— We discussthe challengesinvolved in adapting the
OntoSem natural language processingsystemto the Web. One
set of tasks involves processingWeb documents, translating
their computed meaning representations from the OntoSem's
native KR languageinto the Semantic Web languageOWL, and
publishing the results as Web pages and RSS feeds. Another
set of tasks works in reverse — querying the Web for facts
neededby OntoSem,translating them from OWL into OntoSem's
native KR languageand importing the results.A central problem
underlying both sets of tasks is that of translating knowledge
between OntoSem's KR language and ontologies and those of
the Semantic Web. OntoSem2QNL has been developed as a
translation system to support these translations. We describe
SemNews,an implemented prototype application that demon-
stratesthe processlt monitors RSSfeedsof newsstories, applies
OntoSemto understand the text, and exports the computed facts
back to the Web in OWL.

|. INTRODUCTION

Thewebhasquickly grown from a modesthypertet system
of interestto computeresearchert a ubiquitousinformation
systemincluding virtually all of humanknowledge. Today's
Web providesreadyaccesgo not only text, images,andaudio

les, but alsoto structureddata,semi-structurednformation,
servicesand people. It offers an open, decentralized(and
uncontrollable!) ervironment in which anyone can publish
informationandservicexoupledwith powerful searchengines
to nd and rank relevant information and services.All of

this is ubiquitouslyavailable from wired, wirelessand mobile

devices.Oh, and did we mentionthatit's free?

The resultis an environmentenormouslyuseful to people
for research|earning,commercesocializing,communication
and entertainment.For mary people today the rst and
sometimesonly, resourceused to answera question, nd
a fact, or learn abouttopic is a quick searchon the Web,
mediatedby a searchenginesuchasGoogle,to nd the most
relevant documentsneeded While the Web hasmadeus all
“smarter” by putting suchinformation“at our ngertips”, we
have just begun to explore how this vastamountof machine
accessibl&knowledgecanbe exploited and usedby machines
—to bettersene humanneedsto discoser new knowledgeand
to acquirefactsandknowledgeessentiato understandingext
in a dynamicworld.

Intelligentsoftwareagentseedknowledge,informationand
datato perform their tasks.While someweb information is
directly encodedin forms that are relatively easyfor agents
to understandsuch as XML or RDF, the vast majority is
presentedas naturallanguagetext. We anticipatea future in
which sophisticatedext understandingsystemswill process
text found on the web andpublishthe resultsof their analyses
onthewebin aform accessibléo otheragentsOnesuchform

is as documentsand annotationsencodedin SemanticWeb
languagessuch as RDF and OWL. This will malke the vast
amountof information found in text documentson the Web
morereadily andef ciently availableto a large communityof
software agents.

At the sametime, languageunderstandingagentscan di-
rectly use information found on the web encodedin OWL
to help guide their languageunderstandingasks.NLP sys-
tems require not only ontological knowledge (e.g., “A city
is a geopolitical region”) and lexical knowledge (e.g., “city
denotesa city”) but also a considerablebody of facts. Such
information, often called eng/clopedic knowledge, includes
facts like “Colin Powel is the name of the current U.S.
Secretaryof State”, “Annapolisis the name of the capital
city of the State of Maryland” and “Colin Pawel's bossis
Geoge Bush”. While the SemanticWeb containsontological
and lexical knowledge, it is an especiallyrich and useful
sourceof facts.

We ervision NLP agentsturning to the Web to nd infor-
mation as they processtext just as a humanreadermight.
For example, when an NLP agent encountersthe string
Michael Chertof in a news story, it can recognizethat it
is probablya namefrom variouslexical and syntacticclues.
Understandingvho Michael Chertof is could be importantto
fully understandinghe rest of the text. So, our agentmight
guery a SemanticWeb searchenginesuch as Swoogle [13]
to nd relevant facts aboutindividuals with that name.The
results,afterbeing Itered to remove untrustedsourcesganbe
translatedrom the original RDF representatioandontologies
into a form understandabldy the NLP system.Thus, the
NLP systemcomesto learn that Chertof is the headof the
U.S. Departmentof HomelandSecurity that he was born in
ElizabethNJ in 1953, that he is a registeredRepublicanetc.

This paper describesour initial work in exploring these
ideasby adaptingthe OntoSemnatural languageprocessing
systemto the Weh One set of tasks involves processing
Web documents translatingtheir computedmeaningrepre-
sentationsfrom the OntoSems native KR languageinto the
SemanticWeb languageOWL, and publishingthe resultsas
Web pagesand RSS feeds. Another set of tasksworks in
reverse— querying the Web for facts neededby OntoSem,
translatingthem from OWL into OntoSem$ natve KR lan-
guageand importing the results.A central and challenging
problem underlying both setsof tasksis that of translating
knowledge betweenOntoSems KR languageand ontologies
andthoseof the SemantidMeh In orderto explorethesetasks
concretely we have developed SemNeavs, an implemented
prototypeapplicationthat monitorsRSSfeedsof news stories,
applies OntoSemto understandthe text, and exports the



computedfactsbackto the Web in OWL.

The remainderof this paperis organizedas follows. We
start with a brief review of somerelatedwork on mapping
knowledge betweena text understandingsystem and the
SemantidNVebrepresentatiorSectionlll providesanoverview
of the architectureof our implementedsystemand describes
the approachused and major issuesdiscovered in using it
to map knowledge betweenOntoSemand OWL. SectionlV
outlinessomeof the larger issuesand challengeswe expect
to encounterWhile this work is still in a preliminary stage,
we offer some thoughtson how some componentscan be
evaluatedin sectionV. SectionVI describesthe SemNevs
applicationtestbedandVIl describesomegeneralapplication
scenariosve have exploredto motivateandguideour research.
Finally, we offer someconcludingremarksin sectionVIIl.

Il. RELATED WORK

Relatedwork canbe divided into threecatayories:systems
thatuselanguageunderstandingechniquedo extractinforma-
tion from Webresourcessystemghattranslateknowledgeand
facts betweendifferent knowledge representationanguages;
and languageunderstandingystemsthat dynamicallyimport
SemanticWeb knowledgeto usein languageprocessingasks.

Considerablenvork hasbeendone on systemsthat extract
information from text found on the web andrepresenit in a
structuredor semistructuredormalism.Most apply simplein-
formationextractiontechniquesatherthanthe kind of deeper
semanticanalysisof which OntoSemis capable.Information
extractiontools work bestwhenthe typesof objectsthat need
to beidenti ed areclearlyde ned, for examplethe objectivein
MUC [17] wasto nd thevariousnamedentitiesin text. Using
OntoSem,we aim to not only to provide such information,
but also corvert the text meaningrepresentatiorof natural
languagesentenceito SemanticWeb representations.

The TAP [32] project is an example of a system that
usessimple information extraction technologieso recognize
named entities and simple relationshipsin Web text. The
resultsarerepresenteth RDF andsupportedby a shallov but
broadknowledgebasecontainingbasiclexical andtaxonomic
information about a wide range of popular objects. TAP's
focus on web-scaleapplicationshas meantthat the language
processingt canafford to do is quite limited.

Kruger et al. [24] developedan applicationthat learned
to extract information from talk and seminarannouncements
on the web from training data using an algorithm basedon
Stallker [27]. This systemis typical of approacheghat rely
largely on machinelearning techniquesand use little or no
languageaunderstandingechnology The extractedinformation
wasencodedas markupin DAML+OIL, a precursorto OWL,
and usedas part of the ITTALKS system[10].

An example of anotherapproachis a systemdeveloped
by the Haystack Project [19]. This semi-automatedystem
enabledusersto train a browser to extract SemanticWeb
contentfrom HTML documentsUsershighlight examplesof
semanticcontentand describingtheir desiredmeaning.Gen-
eralizedwrappersare then constructedo extract information
and encodethe resultsin RDFE. The goal is to let individual

usersgenerateSemanticWWeb contentfrom text on web pages
of interestto them.

Thereis along history of work involving translationcontent
from oneknowledgerepresentatiotanguageto another Most
relevanthereis work that mapsinformationbetweena frame-
based KR system (like OntoSems) and description logic
representatiosystem(like OWL).

A project closely related to our work was an effort to
map the Mikrokosmos knowledge baseto OWL [8], [9].
Mikrokosmosis a precursorto OntoSemand was developed
with the original ideaof usingit asaninterlinguain machine
translationrelatedwork. This project developedsome basic
mapping functions that can createthe class hierarchy and
specifythe propertiesandtheir respectre domainsandranges.
In our systemwe describehow facetsnumericattributeranges
canbe handledand moreimportantlywe describea technique
for translatingthe sentencedrom their Text Meaning Rep-
resentatiorto the correspondingDWL representationhereby
providing semanticallymarked up Natural Languagetext for
useby otheragents.

Oliver et al. [11] describean approachto translatingthe
FoundationalModel of Anatomy (FMA) ontology to OWL.
FMA is a large ontology of the humananatomythat was de-
ned usinga frame-basednowledgerepresentatiofanguage.
Someof thechallengegacedwerethelack of equivalentOWL
representationfor someframebasedconstructsandscalability
and computationaissueswith the currentreasoners.

Schlangeret al. [33] describea systemthat that combines
a natural languageprocessingsystemwith Semantic Web
technologieso supportthe content-basedtorageandretrieval
of medical pathologyreports.The NLP componentwas aug-
mentedwith abackgrounknowledgecomponentonsistingof
a domainontologyrepresenteéh OWL. The resultsupported
the extraction of domain speci c information from natural
languageeportswhich wasthenmappedackinto a Semantic
Web representation.

The Cyc project has developed a very large knowledge
baseof commonsensdactsandreasoningapabilities Recent
efforts [34] includethe developmentof tools for automatically
annotatingdocumentsand exporting the knowledgein OWL.
The authors also highlight the dif culties in exporting an
expressve representatiotike CycL into OWL dueto lack of
equivalentconstructs.

While somesystemshave beendesignedthat make use of
knowledgebasesexpressedn OWL, we know of nonewhich
dynamicallyquerythe SemanticWebto nd factsasthey are
needed.

I1l. ARCHITECTURE

OntologicalSemantic§OntoSem)s a theoryof meaningn
naturallanguageext [29]. The OntoSemervironmentis arich
and extensve tool for extractingandrepresentingneaningin
alanguagdandependentvay. The OntoSensystemis usedfor
anumberof applicationssuchasmachinetranslation guestion
answeringjnformation extraction and languagegeneration|t
is supportedby a constructedworld model[30] encodedas
a rich ontology The Ontology is representechs a directed



Fig. 1. OntoSemgoesthroughseveral basicstagesin converting a sentence
into a text meaningrepresentatioffTMR).

agyclic graph using IS-A relations. It containsabout 8000
conceptsthat have on an averagel16 propertiesper concept.
At the topmostlevel the conceptsare: OBJECT EVENT and
PROPERTY.

The OntoSenontologyis expressedn aframe-basedepre-
sentatiorandeachof the framescorrespondso aconceptThe
conceptsare de ned usinga collection of slotsthat could be
linked using IS-A relations.A slot consistsof a PROPERY,
FACET anda FILLER.

ONTOLOGY:= CONCEPT+
CONCEPT = ROOT| OBJECT-OR-EVENT
| PROPERTY
SLOT = PROPERTY+ FACET + FILLER

The ontology is also supportedby an Onomasticon[30],
whichis alexicon of propernamesThelearnednstancegrom
thetext arestoredin a fact repositorywhich essentiallyforms
the knowledgebaseof OntoSem A moredetaileddescription
of OntoSemandits featuresis availablein [30] and[3].

The OntoSemervironmenttakes as input unrestrictedtext
andperformsdifferentsyntacticandsemantigrocessingteps
to corvert it into a set of Text Meaning Representations
(TMR). The basicstepsin processinghe sentenceo extract
the meaningrepresentatiois shov in gure 1. The preproces-
sor dealswith identifying sentenceand word boundariespart
of speechtagging, recognitionof namedentities and dates,
etc. The syntacticanalysisphaseidenti es the variousclause
level dependencieandgrammaticatonstructof the sentence.
The TMR is a representationf the meaningof the text andis
expressedising the variousconceptsde ned in the ontology
The TMRs areproducedasa resultof semantianalysiswhich
usesknowledgesourcessuchaslexicon, onomasticorandfact
repositoryto resohe ambiguitiesand time referencesOnce
the TMRs are generatedDntoSem2®@/L corvertsthemto an
equivalentOWL representation.

In corverting the OntoSem Ontology to OWL, we are
performingthe following tasks:

Translating the OntoSem ontology which deals with

mappingthe semanticof OntoSeminto a corresponding
OWL version.

Oncethe ontologyis translatedhe sentenceshatusethe
ontology are syntacticallycorverted.

In additionOntoSenis alsosupportedy afactrepository
which is also mappedto OWL.

Classespropertiesand facetsare the important constructs
that needto be translatedwhen cornverting OntoSems frame
basedontologyto its correspondingdOWL version.New con-
ceptsare de ned in OntoSemusing male-frame and related
to other conceptsusing the is-a relation. Each conceptmay
also have a correspondingde nition. OBJECT or EVENT
are mappedto owl:Class while, PROPERIIES are mapped
to owl:ObjectPoperty ONTOLOGY-SLOT S arespecialprop-
erties that are used to structure the ontology These are
also mappedto owl:ObjectPoperty. Object de nitions are
createdusingowl:Classandthe IS-A relationis mappedusing
owl:subClassQfDe nition propertyin OntoSemhasthe same
function asrdfs:labelandis mappeddirectly.

Wheneer the level one parentof a conceptis of the type
PROPERY it is translatedo owl:ObjectPoperty. Properties
can also be linked to other propertiesusing the IS-A rela-
tion. In caseof properties,the IS-A relation mapsto the
owl:subPopertyOf Most of the propertiesalso contain the
domain and the range slots. Domain de nes the concepts
to which the property can be applied and the rangesare
the conceptsthat the property slot of an instancecan have
as llers. OntoSemdomainsare corverted to rdfs:domain
and rangesare corverted to rdfs:range. For some of the
propertieOntoSenalsode nesinverseaisingthe INVERSE-
OF relationshiplt canbedirectly mappedo the owl:inverse Of
relation. Numericalattribute rangesfor propertiesarehandled
by using xsd:restriction

One of the importantfeaturesof OntoSemontologyis the
use of facets.Facetsare a way of restricting the the llers
that can be usedfor a particular slot. The most commonly
usedfacetsare SEM and VALUE that indicatethe value that
the ller cantake. We can map them using owl:Restriction
thuslocally restrictingthe type of valuesa propertycantake.
The RELAXABLE-T O facetfacetindicatesthat the value for
the ller cantake a certaintype. It is a way of specifying
“typical violations”. One way of handlingRELAXABLE-TO
is to add this information in an annotationand also add
this to the classespresentin the owl:Restriction DEFAULT
and DEFAULT-MEASURE indicate the typical valuesor the
typical units of measuremerfor a particularproperty Thereis
no clearway to expressdefaultsin OWL sinceit only supports
monotonicreasoningand this is one of the issuesthat have
beenexpressedor future extensionsof OWL language[20].
The NOT facetspeci es that certainvaluesare not permitted
in the ller of the slotin which this is de ned. NOT facetcan
be handledusing the owl:disjointWith feature.

Once the OntoSemontology is corverted into its corre-
spondingOWL representationwe cannow translatethe text
meaningrepresentationsmto statementsn OWL. In orderto
do this we can use the namespaceale ned as the OntoSem
ontology and use the correspondingconceptsto createthe
representationin addition TMRs also containcertaintriggers



for 'meaning procedures'such as TRIGGER-REFERENCE
and SEEK-SPECIFICAION. Theseare actually procedural
attachmentsand hencecan not be directly mappedinto the
correspondinddWL versions.

A more detailed description of the translationrules and
issuesare describedn [21].

IV. CHALLENGES

Therearea numberof challengesn trying to mapa frame
basedsystemlike OntoSemto OWL. This sectiondiscusses
someof the importantissuesthat pertainto mappingof ary
frame basedsystemto web representatiosuchas OWL.

One of the challengesin building such a systemis to
bridgethe gapbetweenthe knowledgerepresentatioffieatures
that are used by natural languageprocessingsystemsand
SemanticWeb technologiesTypically NLP systemssuchas
OntoSemare supportedby frame basedrepresentationgo
constructa modelor ontology of the world. Suchan ontology
is then usedto extract and representmeaningfrom natural
languagetext. Since OntoSemis usedfor natural language
processingapplications,it hasa way of expressingdefaults
and exceptions.However thereis no clear way of mapping
defaultsto OWL sinceOWL doesnot supportnonmonotonic
reasoningand hasan openworld assumption.

Knowledge sharingis a critical factorto enableagentson
the SemanticWeb to usethis information extractedfrom NL
text or be able to provide information that can be usedby
NLP tools. This requiresmappingacrossdifferentontologies
and translatingsentencegrom one representationio another
KQML [15] and KIF [16] were two such attempts that
developedprotocolsto enablesharingof large scaleknowled@
bases Our systemmapsthe OntoSemontologyto OWL and
thus makes the frameawork sharablewith otheragentson the
weh

Ambiguity is alsoanissuewhendealingwith NL text. Hu-
manlanguagecanhave ambiguityat both syntacticandseman-
tic level. An exampleoften discusseds anaphog resolution
which is the problem of identifying and resolving different
referencego the samenamedentity. OntoSemprovidesways
for handling such referencesand resohes thesereferences,
not just within a single documentbut acrossall the factsin
its repository This could have interestingapplicationsin the
SemanticWeb domain,especiallyin resolvingambiguitiesin
inherentin FOAF [2] descriptionsand data.

While someof the basic mappingrules have beendevel-
oped, more needsto be done to identifying and represent
cardinalitiesfransitve, symmetricandinversefunctionalprop-
erties. Theseissuesare being investigated.

There were also interesting challengeswhile mapping a
large ontology such as OntoSem.Although we neededthe
capabilitiesof OWL Full to representa more completesubset
of OntoSemns featuresthe resultwastoo large for OWL Full
reasonerg$o process.One suggestions to build mappingsat
different levels of expressvity, for example we could have
different versionsof the OntoSemontology for OWL Lite,
DL and Full. Another approachwould be to investigatethe
possibility of partitioning the ontology into different smaller
ontologies.

OntoSem uses procedural attachmentswith conceptsin
the ontology and also in the TMRs. These are useful in
performing tasks such as referenceresolution, nding the
relative time referenceetc. An importantimplication of the
translationprocessis that currently it doesnot supportary
of theseproceduralattachmentslt would be interestingto
look into waysin which this informationcould be additionally
incorporateckeitherinto the reasoneor the knowledgebaseof
the agentitself.

V. PRELIMINARY EVALUATION

There are several dimensionsalong which this research
could be evaluated.Our translationmodel involves translat-
ing ontologiesand instanceqfacts) in both directions:from
OntoSemto an OWL versionof the OntoSemOntology and
from the OWL version of OntoSeminto OntoSem.For the
translationto be truly useful, it should also involves the
translatiorbetweerthe OWL versionof OntoSens ontologies
andfactsandthe ontologiesin commonuseon the Semantic
Web (e.g., FOAF [2], Dublin Core [26], OWL-S [7], OWL-
time [18], etc.).

Sinceour currentwork hasconcentratedn the initial step
of translatingfrom OntoSento OWL, we will enumeratsome
of the issuesrom that perspeciie. Translatingin the opposite
directionraisessimilar, thoughnotidentical,issues.The chief
translationmeasuresve have considerechre asfollows:

Syntactic correctnessDoesthetranslationproducesyn-
tactically correct RDF and OWL? The resulting docu-
mentscan be checled with appropriateRDF and OWL
validation systems.

Semantic validity. Does the translation produce RDF
and OWL thatis semanticallywell formed?An RDF or
OWL le canbesyntacticallyvalid yet containerrorsthat
violate semanticconstraingn the languageFor example,
an OWL class should not be disjoint with itself if it
hasary instancesSereral OWL validationservicesmake
somesemanticchecksin addition to syntacticones.A
full semanticvalidity checkis quite dif cult and,to our
knowledge, no systemattemptsone, even for decidable
subsetof OWL.

Meaning presewation. Is the meaningof the generated
OWL representationdentical to that of the OntoSem
representationPhisis avery dif cult questionto answey
or even to formulate,given the vast differencesbetween
the two knowledgerepresentatiosystems However, we
caneasilyidentify someconstructssuchasdefaults,that
clearly cannot be capturedn OWL, leadingto a loss of
information and meaningwhen going from OntoSemto
OWL.

Feature minimization. OWL is acomple representation
language someof whosefeaturesmake reasoningdif -
cult. A numberof levels of compleity canbe identi ed
(e.g.,the OWL species:Lite, DL and Full). In general,
we would lik e the translationserviceto not usea complex
feature unlessit is absolutelyrequired. Doing so will
reducethe compleity of reasoningwith the generated
ontology



Translation complexity. Whatarethe speedcandmemory
requirement®f the translation Since,in generala trans-
lation might requirereasoningthis could be an issue.

Sinceour projectis still in anearly stage we reporton some
preliminary evaluationmetricscovering the basicOntoSemto
OWL translation.

OntoSem2@/L usesthe JenaSemanticWeb Framevork
[25] internally to build the OWL version of the Ontology
The ontologies generatedwere successfullyvalidated using
two automatedRDF validators:the W3C's RDF Validation
Service[4] andthe WonderWeb OWL Ontology Validator[6].

Therewere a total of about8000 conceptsin the original
OntoSenontologyof which 7747weresuccessfullfranslated.
The total numberof triples generatedvas just over 100,000.
Thesetriples includeda numberof blank nodes— RDF nodes
representingobjectswithout identi ers that are requireddue
to RDF's low-level triple representation.

Becausethe generatedontologiesrequiredthe use of the
OWL's union and inverseOf features,the resultsfall in the
OWL full classin termsof the the level of expressity.

Usingthe JenaAPI it takesabout10-40secondgo build the
model,dependinguponthe reasoneemployed. The computa-
tion of transitive closureand basicRDF Schemainferencing
takesapproximatelyten secondn a typical workstation.The
OWL Micro reasonertakes about 40 secondswhile OWL
Full reasonerfails, possibly due to the large searchspace.
The OntoSemontology in its OWL representatiorcan be
successfullyloaded into the SWOOP [22] OWL editor for
browsing, editing and further validation.

Based on our preliminary results, we found that On-
toSem2Q@VL is able to translatemost of the OntoSemon-
tology into a form thatis syntacticallyvalid and,in sofar as
currentvalidatorscan tell, free of semanticproblems.Some
of the OntoSemconceptsjesstan four percent,could not be
translatedy thecurrentsystematall. We wereableto identify
mary of the constructghatweretranslatedvith somemeaning
loss. Chief among them were the use of default values.
However, thesewereusedrelatively sparinglyin the OntoSem
ontology Were were not able, in general,to automatically
detectother differencesetweenthe semanticof the original
OntoSemontologyandit's OWL translation.This remainsan
openproblemfor further research.

VI. AN APPLICATION TESTBED

Oneof the motivationsfor integratinglanguageunderstand-
ing agentsinto the SemanticWeb is to enableapplicationsto
use the information publishedin free text along with other
SemanticWeb data.SemNaevs [5] is a semanticnews service
thatmonitorsdifferentRSSnews feedsandprovidesstructured
representationsf the meaningof news articlesfoundin them.
As new articlesappear SemNevs extractsthe summaryfrom
the RSS descriptionand processest with OntoSem.The
resultingTMR is thencorvertedinto OWL.

The need for content syndication on the Web has led
to the popularity of RSS and ATOM. Wider adoption of
thesetechnologiesby contentproviders, blogging tools and
news portalshasalso madeavailable a numberof aggreyator

tools and servicessuch as Mozilla Thunderbird, Bloglines,
my Yahoo Portal. RSS and Atom has also minimized the
needto bookmarkpagesenablingusersto monitor news and
other dynamic contentby subscribingto the feeds.Another
adwantageof usingRSSis theability to provide text summaries
that are manuallyor automaticallygenerated.

Figure2 shavsthebasicarchitectureof SemNevs. TheRSS
feedsfrom differentnews sourcesare aggrgyatedand parsed.
TheseRSS feedsare also rich in useful meta-datasuch as
information on the author the datewhenthe article was pub-
lished,the news category andtaginformation. Theseform the
explicit meta-datahatis provided by the publisher However
thereis alarge portionof the RSS eld thatis essentiallyplain
text and doesnot containany semanticdn them. It would be
of greatvalueif this text availablein descriptionandcomment
elds for example could be semantacizedBy using Natural
LanguageProcessingNLP) tools suchas OntoSemwe can
corvert naturallanguagetext into a structuredrepresentation
therebyadding additional metadatain the RSS elds. Once
processedit is convertedto its Text Meaning Representation
(TMR). OntoSemalso updatesits fact repositoriesto store
the informationfound in the sentencegrocessedThesefacts
extractedhelp the systemin its text analysistasks.

An optional step of correction of the TMRs could be
performedby meansof the Dekadeervironment[]. This is
helpful in correctingcaseswhere the analyzersare not able
to correctlyannotatepartsof the sentenceCorrectionscanbe
performedat both the syntactic processorand the semantic
analyzerphase.The Dekadeernvironmentcould also be used
to editthe OntoSenontologyandlexiconsor staticknowledge
sources.

As discussedin the previous sections,the meaning in
thesestructuredrepresentationslso known as Text Meaning
RepresentationdMR), canbe preseredby mappingthemto
OWL/RDF. The OWL versionof adocument TMRsiis stored
in aRedland-basettiple store,allowing otherapplicationsand
usersto perform semanticqueriesover the documentsThis
enablesthemto searchfor information that would otherwise
not be easyto nd using simple keyword basedsearch.The
TMRs arealsoindexed by the Swoogle SemantidWeb Search
system[13].

The following aresomeexamplesof queriesthatgo beyond
simple keyword searches.

Conceptually searching for content. Considerthe query
"Find all storiesthat havesomethingo do with a place
and a terrorist activity”. Here the goal is to nd the
contentor the story, but essentiallyby meansof using
ontological conceptsrather than string literals. So for
example, since we are using the ontological concepts
here,we could actually bene t from resolving different
kinds of terror eventssuchasbombingor hijackingto a
terrorist-actvity concept.

Context based querying. Answering the query "Find
all the eventsin which 'George Bush' was a spealer”
involves nding the context and relation in which a
particularconcepibccurs.Usingnamedentity recognition
alone,one canonly nd that thereis a story abouta
namedentity of the type person/humarhowever it is not



Fig. 2. The SemNeavs application,which senes asa testbedfor our work, hasa simple architectureRSS(1) from multiple sourcess aggrgatedandthen
processedy the OntoSem(2) text processingervironment. This resultsin the generationof TMRs (3) and updatesto the fact repository(4). The Dekade
ervironment(5) canbe usedto edit the ontologyand TMRs. OntoSem2®@/L (6) corvertsthe ontologyand TMRs to their correspondingdWL versions(7,8).
The TMRs are storedin the Redlandtriple store(9) and additionaltriples inferred by Jena(10). Thereare also multiple viewers for searchingand browsing

the fact repositoryandtriple store.

directly percevableasto whatrole the entity participated
in. Since OntoSemusesdeepersemantics,it not only
identi es thevariousentitiesbut alsoextractstherelations
in which theseentities or instancesparticipate,thereby
providing additionalcontectual information.

Reporting facts. To answer a query like "Find all

politicians who traveledto 'Asia™ requiresreasoning
aboutpeoples roles and geographySincewe are using
ontological conceptsratherthan plain text and we have
certainrelationslike meronomy/part-ofve could recog-
nizethatColin Powel's trip to Chinawill yield ananswer
Knowledge sharing on the semantic web. Knowledge
sharingis critical for agentsto reasonon the semantic
weh Knowledge can be sharedby meansof using a
common ontology or by de ning mappings between
existing ontologies Oneof the bene ts of usinga system
like SemNaevs is thatit providesa mechanisnfor agents
to populate various ontologies with live and updated
information. While FOAF has becomea very popular
mechanismto describea person$ social network, not

everyoneon the web hasa FOAF description By linking

the FOAF ontology to OntoSems ontology we could

populateadditionalinformation and learn new instances
of foaf:personeven though these were not published
explicitly in foaf les but as plain text descriptionsin

news articles.

The SemNaevs ervironmentalsoprovidesa corvenientway
for the usersto query and browse the fact repository and
triple store. Figure 4 shavs a view that lists the named
entities found in the processedhens summaries.Using an
ontologyviewer the usercannavigatethroughthe news stories
conceptuallywhile viewing the instanceghatwerefound. The
fact repositoryexplorer shovn in Figures5 and 6 providesa
way to view the relationsbetweendifferentinstancesand see
the news storiesin which they werefound. An advanceduser
may also query the triple store directly, using RDQL query
languageas shawvn in Figure 7. Additionally the systemcan
alsopublishthe RSSfeed of the queryresultsallowing users
or agentsto easily monitor nev answersThis is a usefulway
of handling standingqueriesand nding news articles that
satisfy a structuredquery

Developing SemNevs provided a perspectie on some of



the generalproblemsof integrating a maturelanguagepro-
cessingsystemlike OntoSeminto a SemanticWeb oriented
application.While doing a completeand faithful translation
of knowledgefrom OntoSems natve meaningrepresentation
languagento OWL is not feasible,we found the problemsto
be manageablén practicefor several reasons.

First, OntoSems knowledge representationfeatures that
were mostproblematicfor translationare not usedwith great
frequeng. For example, the default values, relaxablerange
constraintsand proceduralattachmentsvere used relatively
rarely in OntoSems ontology Thus shortcomingsin the
OWL version of OntoSem$ ontology are limited and can
be circumscribedWe are also optimistic that most Semantic
Web contentwill be amenableo translationinto OntoSems
representationlt's likely that the majority of Semanticweb
contentwill be encodedwith relatively simple ontologiesthat
useonly RDF and RDFS and do not use OWL. Many of the
OWL ontologiesmay be partionableinto portionswhich do
not usedif cult to translationfeaturesandthosethat do.

Secondthe goal is not just to supporttranslationbetween
OntoSemand a completeand faithful OWL version of On-
toSem.lIt is unlikely that most SemanticWeb content pro-
ducersor consumersvill useOntoSems ontology Rather we
expectcommonconsensusntologiedike FOAF, Dublin Core,
and SOUR to emepge and be widely usedon the Semantic
Weh The real goal is thusto mediatebetweenOntoSemand
a host of such consensuntologies.We believe that these
translationsbetween OWL ontologieswill of necessitybe
inexact and thus introduce some meaningloss or drift. So,
the translationbetweenOntoSems native representatiorand
the OWL form will not be the only lossyonein the chain.

Third, the SemNevs applicationgeneratesndexportsfacts,
ratherthan conceptsThe prospectre applicationscoupling a
languageunderstandingagentand the SemanticWeb that we
have examinedsharethis focus on importing and exporting
instancdevel information.To somedegree this obviatesmary
translationissues,since these mostly occur at the concept
level. While we may not be ableto exactly expressOntoSems
complete conceptof a book's authorin the OWL version,
we can translatethe simple instancelevel assertionthat a
known individual is the authorof a particularbook andfurther
translatethis into the appropriatetriple using the FOAF and
Dublin Core RDF ontologies.

Finally, with a focus on importing and exporting instances
and assertionsof fact, we can requiretheseto be generated
using the native representatiomnd reasoningsystem.Rather
than exporting OntoSems conceptde nitions and a handful
of factsto OWL andthen usingan OWL reasonetto derive
the additionalfactswhich follow, we canrequireOntoSemto
precomputeall of the relevant facts. Similarly, whenimport-
ing information from an OWL representationthe complete
model can be generatedand just the instancesand assertions
translatedand imported.

VIl. FURTHER APPLICATIONS

Languagaunderstandinggentscouldnot only empaver Se-
manticWeb applicationsbut alsocreatea spacevherehumans

Fig. 3. A graphicalview of the TMRs generatedTMRs are also exported
in OWL.

andNLP toolswould beableto make useof existing structured
or semistructuredinformation available. The following are a
few of the exampleapplicationscenarios.

A. SemanticAnnotationand MetadataGeneation

The growing popularity of folksonomiesand social book-
markingtools suchasdel.icio.ushave demonstratethatlight-
weight tagging systemsare useful and practical. Metadata
is also available in RSS and ATOM feeds, while someuse
the Dublin Core ontology Some NLP and statistical tools
suchas Semmg[1g andthe TAP[32] projectaim to generate
semanticallyannotategpagesrom alreadyexisting documents
on the weh Using OntoSemin the SemNevs framework
we have been able to demonstratethe potential of large
scalesemanticannotationand automaticmetadatageneration.
Figure 3 shaws the graphical representatiorof the TMRs,
which are also exportedin OWL andstoredin a triple store.

B. Gatheringlnstances

Ontologiesfor the SemanticWeb de ne the conceptsand
propertiesthat the agentscould use.By making useof these
ontologiesalongwith instancedataagentscanperformuseful
reasoningasks.For example,an ontology could describethat
a country is a subclassof a geopolitical entity and that a
geopoliticalentity is a subclasf a physicalentity. Automat-
ically generatingnstancedatafrom naturallanguageext and
populatingthe ontologiescould be an important application
of suchtechnologiesFor example,in SemNe&vs you can not
only view thedifferentnamedentitiesasshowvn in Figure4 but
alsoexplore the factsfound in differentdocumentsaaboutthat
namedentity. As shovn in 5 and 6, we could start browsing
from an instanceof the entity type 'NATION' and explore
the variousfactsthat werefound in the text aboutthat entity.
SinceOntoSemalso handlesreferentialambiguities,it would
be ableto identify thataninstancedescribedn onedocument
is the sameasthe instancedescribedn anotherdocument.

C. Provenanceand Trust

Provenanceinvolvesidentifying sourceof information and
trackingthe history of wheretheinformationcamefrom. Trust
is a measureof the degreeof con denceonehasfor a source



Fig. 4. Varioustypesof namedentitiescanbe identi®edand exploredin SemNevs.

Fig. 5. Factrepositoryexplorer for the namedentity 'Mexico'. Shaws that
the entity hasa relation 'nationality-of with CITIZEN-235.

Fig. 6. Factrepositoryexplorer for the instanceCITIZEN-235 shavs that
the citizen is an agent-ofan ESCAPE-EVENT

of information. While theseare someavhat hard to quantify
and are a function of a numberof differentparametersthere
can be signi cant indicatorsof trust and provenancealready
presentin the text and could be extractedby the agent.News
reporttypically describesomeof the provenanceinformation
aswell asothermetadatdhatcaneffect trustsuchastemporal
information. This type of information would be importantin

applicationswhere agentsneedto make decisionsbasedon

the validity of certaininformation.

D. Reasoning

While currentlyreasoningon the SemanticWeb is enabled
by using the ontologiesand SemanticWeb documentsthere
could be potentially vast knowledge presentin natural lan-
guage It would be usefulto build knowledgebaseshatcould
not only reasonbasedon explicit information available in
them,but alsouseinformationextractedform naturallanguage
text to augmenttheir reasoning.One of the implications of
using the information extracted from natural languagetext
in reasoningapplicationsis that agentson the SemanticWeb
would needto reasonn presenc®f inconsistenbr incomplete
annotationsas well. Reasoningcould be supportedfrom not
justsemantiavebdataandnaturallanguageext but alsobased
on provenanceDevelopingmeasure$or provenanceandtrust
would alsohelpin decidingthe degreeof con dencethatthe
reasoningenginemay have in the using certainassertiongor
reasoning.

E. Ontology Enrichment

Knowledge acquisitionis one of the most expensve steps
in developing large scale SemanticWeb applications.Even
within the framework of OntoSem,the OntoSemontology
has beendevelopedand perfectedover yearsof researchin



Fig. 7. This SemNevs interface shavs the resultsfor query2Find all humansand what are they the bene®ciary-df

linguistics, NLP and knowledge representationin order to

male the task of a knowledge engineereasier we could
possibly use the existing ontologieson the SemanticWeb
to suggestew conceptsrelationsor even properties.As an
example considerthe conceptof sh, in OntoSemthere are
about4 differentvarietiesof sh that have beende ned. We
could now usea semanticsearchenginesuchas Swoogle[13]

to nd new typesof sh andsuggestsomeof the properties
that could be usedin orderto describe sh in the ontology

F. Natural Languaye Interfaceto SemantidAeb

While the SemanticWeb is primarily for useby machines
andthe information available on it is in machineunderstand-
able format, the end goal is still to assistthe humanusers
in their tasks. Using technologiesfrom questionanswering
and language generation,it would be helpful to provide
capabilitiesthroughwhich userscaninteractwith their agent
throughnaturallanguagethus reducingthe cognitive load in
formulating the taskin a machinereadableformat.

VIII. CONCLUSION

Naturallanguageprocessinggentsanprovide a serviceby
analyzingtext document®n the Web andpublishingSemantic
Web annotationsand documentsthat captureaspectsof the
text's meaning.Their outputwill enablemary moreagentsto
bene t from the knowledge and facts expressedin the text.
Similarly, languageprocessingagentsneed a wide variety
of knowledge and factsto correctly understandhe text they
process.Much of the neededknowledge may be found on
the Web alreadyencodedn RDF and OWL andthuseasyto
import.

One of the key problemsto be solved in order to inte-
grate languageunderstandingagentsinto the SemanticWeb
is translating knowledge and information from their native
representatiosystemsto SemanticWeb languagesWe have

describednitial work aimedat preparinghethe OntoSenian-

guageunderstandingystemto be integratedinto applications
on the Weh OntoSemis a large scale,sophisticatechatural

languagaunderstandingystenthatusesa customframe-based
knowledgerepresentatiorsystemwith an extensie ontology

and lexicon. These have been developed over mary years
and are adaptedto the special needsof text analysisand

understanding.

We have describeda translationsystem,OntoSem2@L,
that is being usedto translateOntoSems ontology into the
SemantidVeblanguageOWL. While the translatoris not able
to handleall of OntoSems representationdkaturesit is able
to translatea large and useful subset.The translatorhasbeen
usedto develop SemNeavs as a prototype of a systemthat
readssummarie®f webnews storiesandpublishesOntoSems
understandingf their meaningon the web encodedn OWL.
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