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Abstract— We discussthe challengesinvolved in adapting the
OntoSem natural language processingsystem to the Web. One
set of tasks involves processing Web documents, translating
their computed meaning representations fr om the OntoSem's
native KR languageinto the SemanticWeb 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 fr om 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. OntoSem2OWL has been developed as a
translation system to support these translations. We describe
SemNews,an implemented prototype application that demon-
strates the process.It monitors RSSfeedsof newsstories,applies
OntoSemto understand the text, and exports the computed facts
back to the Web in OWL.

I . INTRODUCTION

Thewebhasquickly grown from a modesthypertext system
of interestto computerresearchersto a ubiquitousinformation
systemincluding virtually all of humanknowledge.Today's
Webprovidesreadyaccessto not only text, images,andaudio
�les, but also to structureddata,semi-structuredinformation,
servicesand people. It offers an open, decentralized(and
uncontrollable!) environment in which anyone can publish
informationandservicescoupledwith powerful searchengines
to �nd and rank relevant information and services.All of
this is ubiquitouslyavailablefrom wired, wirelessandmobile
devices.Oh, anddid we mentionthat it' s free?

The result is an environmentenormouslyuseful to people
for research,learning,commerce,socializing,communication
and entertainment.For many people today, the �rst and
sometimesonly, resourceused to answer a question, �nd
a fact, or learn about topic 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 vast amountof machine
accessibleknowledgecanbe exploited andusedby machines
– to betterserve humanneeds,to discover new knowledgeand
to acquirefactsandknowledgeessentialto understandingtext
in a dynamicworld.

Intelligentsoftwareagentsneedknowledge,informationand
data to perform their tasks.While someweb information is
directly encodedin forms that are relatively easyfor agents
to understand,such as XML or RDF, the vast majority is
presentedas natural languagetext. We anticipatea future in
which sophisticatedtext understandingsystemswill process
text foundon thewebandpublishtheresultsof their analyses
on thewebin a form accessibleto otheragents.Onesuchform

is as documentsand annotationsencodedin SemanticWeb
languagessuch as RDF and OWL. This will make the vast
amountof information found in text documentson the Web
morereadilyandef�ciently availableto a largecommunityof
softwareagents.

At the sametime, languageunderstandingagentscan di-
rectly use information found on the web encodedin OWL
to help guide their languageunderstandingtasks.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 encyclopedic knowledge, includes
facts like “Colin Powel is the name of the current U.S.
Secretaryof State”, “Annapolis is the name of the capital
city of the State of Maryland” and “Colin Powel's boss is
George Bush”. While the SemanticWeb containsontological
and lexical knowledge, it is an especially rich and useful
sourceof facts.

We envision NLP agentsturning to the Web to �nd infor-
mation as they processtext just as a human readermight.
For example, when an NLP agent encountersthe string
Michael Chertoff in a news story, it can recognizethat it
is probablya namefrom variouslexical and syntacticclues.
Understandingwho Michael Chertoff is could be importantto
fully understandingthe rest of the text. So, our agentmight
query a SemanticWeb searchenginesuch as Swoogle [13]
to �nd relevant facts about individuals with that name.The
results,afterbeing�ltered to removeuntrustedsources,canbe
translatedfrom theoriginal RDF representationandontologies
into a form understandableby the NLP system.Thus, the
NLP systemcomesto learn that Chertoff is the headof the
U.S. Departmentof HomelandSecurity, that he was born in
ElizabethNJ in 1953,that he is a registeredRepublican,etc.

This paper describesour initial work in exploring these
ideasby adaptingthe OntoSemnatural languageprocessing
system to the Web. One set of tasks involves processing
Web documents,translatingtheir computedmeaningrepre-
sentationsfrom the OntoSem's native KR languageinto the
SemanticWeb languageOWL, and publishingthe resultsas
Web pagesand RSS feeds.Another set of tasks works in
reverse– querying the Web for facts neededby OntoSem,
translatingthem from OWL into OntoSem's native KR lan-
guageand importing the results.A central and challenging
problem underlying both setsof tasks is that of translating
knowledgebetweenOntoSem's KR languageand ontologies
andthoseof theSemanticWeb. In orderto explorethesetasks
concretely, we have developed SemNews, an implemented
prototypeapplicationthatmonitorsRSSfeedsof news stories,
applies OntoSem to understandthe text, and exports the
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computedfactsback to the Web in OWL.
The remainderof this paper is organizedas follows. We

start with a brief review of somerelatedwork on mapping
knowledge between a text understandingsystem and the
SemanticWebrepresentation.SectionIII providesanoverview
of the architectureof our implementedsystemand describes
the approachused and major issuesdiscovered in using it
to map knowledgebetweenOntoSemand OWL. SectionIV
outlinessomeof the larger issuesand challengeswe expect
to encounter. While this work is still in a preliminary stage,
we offer some thoughtson how some componentscan be
evaluatedin sectionV. SectionVI describesthe SemNews
applicationtestbedandVII describessomegeneralapplication
scenarioswehaveexploredto motivateandguideour research.
Finally, we offer someconcludingremarksin sectionVIII.

I I . RELATED WORK

Relatedwork canbe divided into threecategories:systems
thatuselanguageunderstandingtechniquesto extract informa-
tion from Webresources;systemsthattranslateknowledgeand
facts betweendifferent knowledge representationlanguages;
and languageunderstandingsystemsthat dynamicallyimport
SemanticWebknowledgeto usein languageprocessingtasks.

Considerablework has beendoneon systemsthat extract
information from text found on the web and representit in a
structuredor semistructuredformalism.Most applysimplein-
formationextractiontechniquesratherthanthekind of deeper
semanticanalysisof which OntoSemis capable.Information
extractiontoolswork bestwhenthe typesof objectsthatneed
to beidenti�ed areclearlyde�ned, for exampletheobjective in
MUC [17] wasto �nd thevariousnamedentitiesin text. Using
OntoSem,we aim to not only to provide such information,
but also convert the text meaningrepresentationof natural
languagesentencesinto SemanticWeb representations.

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

Kruger et al. [24] developed an application that learned
to extract information from talk and seminarannouncements
on the web from training data using an algorithm basedon
Stalker [27]. This systemis typical of approachesthat rely
largely on machinelearning techniquesand use little or no
languageunderstandingtechnology. Theextractedinformation
wasencodedasmarkupin DAML+OIL, a precursorto OWL,
andusedaspart of the ITTALKS system[10].

An example of anotherapproachis a systemdeveloped
by the HaystackProject [19]. This semi-automatedsystem
enabledusers to train a browser to extract SemanticWeb
contentfrom HTML documents.Usershighlight examplesof
semanticcontentand describingtheir desiredmeaning.Gen-
eralizedwrappersare then constructedto extract information
and encodethe resultsin RDF. The goal is to let individual

usersgenerateSemanticWeb contentfrom text on web pages
of interestto them.

Thereis a long historyof work involving translationcontent
from oneknowledgerepresentationlanguageto another. Most
relevanthereis work that mapsinformationbetweena frame-
based KR system (like OntoSem's) and description logic
representationsystem(like OWL).

A project closely related to our work was an effort to
map the Mikrokosmos knowledge base to OWL [8], [9].
Mikrokosmosis a precursorto OntoSemand was developed
with the original ideaof usingit asan interlinguain machine
translationrelatedwork. This project developedsomebasic
mapping functions that can create the class hierarchy and
specifythepropertiesandtheir respective domainsandranges.
In our systemwe describehow facets,numericattributeranges
canbehandledandmoreimportantlywe describea technique
for translatingthe sentencesfrom their Text Meaning Rep-
resentationto the correspondingOWL representationthereby
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 ontologyof the humananatomythat wasde-
�ned usinga frame-basedknowledgerepresentationlanguage.
Someof thechallengesfacedwerethelackof equivalentOWL
representationsfor someframebasedconstructsandscalability
andcomputationalissueswith the currentreasoners.

Schlangenet al. [33] describea systemthat that combines
a natural languageprocessingsystem with SemanticWeb
technologiesto supportthecontent-basedstorageandretrieval
of medicalpathologyreports.The NLP componentwas aug-
mentedwith abackgroundknowledgecomponentconsistingof
a domainontologyrepresentedin OWL. The resultsupported
the extraction of domain speci�c information from natural
languagereportswhichwasthenmappedbackinto a Semantic
Web representation.

The Cyc project has developed a very large knowledge
baseof commonsensefactsandreasoningcapabilities.Recent
efforts [34] includethedevelopmentof tools for automatically
annotatingdocumentsandexporting the knowledgein OWL.
The authors also highlight the dif�culties in exporting an
expressive representationlike CycL into OWL dueto lack of
equivalentconstructs.

While somesystemshave beendesignedthat make useof
knowledgebasesexpressedin OWL, we know of nonewhich
dynamicallyquerythe SemanticWeb to �nd factsasthey are
needed.

I I I . ARCHITECTURE

OntologicalSemantics(OntoSem)is a theoryof meaningin
naturallanguagetext [29]. TheOntoSemenvironmentis a rich
andextensive tool for extractingandrepresentingmeaningin
a languageindependentway. TheOntoSemsystemis usedfor
a numberof applicationssuchasmachinetranslation,question
answering,informationextractionandlanguagegeneration.It
is supportedby a constructedworld model [30] encodedas
a rich ontology. The Ontology is representedas a directed
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Fig. 1. OntoSemgoesthroughseveral basicstagesin converting a sentence
into a text meaningrepresentation(TMR).

acyclic graph using IS-A relations. It containsabout 8000
conceptsthat have on an average16 propertiesper concept.
At the topmostlevel the conceptsare:OBJECT, EVENT and
PROPERTY.

TheOntoSemontologyis expressedin a frame-basedrepre-
sentationandeachof theframescorrespondsto a concept.The
conceptsarede�ned usinga collection of slots that could be
linked using IS-A relations.A slot consistsof a PROPERTY,
FACET anda FILLER.

ONTOLOGY::= CONCEPT+
CONCEPT ::= ROOT| OBJECT-OR-EVENT

| PROPERTY
SLOT ::= PROPERTY+ FACET + FILLER

The ontology is also supportedby an Onomasticon[30],
which is a lexiconof propernames.Thelearnedinstancesfrom
the text arestoredin a fact repositorywhich essentiallyforms
the knowledgebaseof OntoSem.A moredetaileddescription
of OntoSemand its featuresis available in [30] and [3].

The OntoSemenvironmenttakes as input unrestrictedtext
andperformsdifferentsyntacticandsemanticprocessingsteps
to convert it into a set of Text Meaning Representations
(TMR). The basicstepsin processingthe sentenceto extract
themeaningrepresentationis show in �gure 1. Thepreproces-
sor dealswith identifying sentenceandword boundaries,part
of speechtagging, recognitionof namedentities and dates,
etc. The syntacticanalysisphaseidenti�es the variousclause
level dependenciesandgrammaticalconstructsof thesentence.
TheTMR is a representationof themeaningof the text andis
expressedusing the variousconceptsde�ned in the ontology.
TheTMRsareproducedasa resultof semanticanalysiswhich
usesknowledgesourcessuchaslexicon,onomasticonandfact
repository to resolve ambiguitiesand time references.Once
theTMRs aregenerated,OntoSem2OWL convertsthemto an
equivalentOWL representation.

In converting the OntoSemOntology to OWL, we are
performingthe following tasks:

� Translating the OntoSem ontology, which deals with

mappingthe semanticsof OntoSeminto a corresponding
OWL version.

� Oncetheontologyis translatedthesentencesthatusethe
ontologyaresyntacticallyconverted.

� In additionOntoSemis alsosupportedby afactrepository
which is alsomappedto OWL.

Classes,propertiesand facetsare the importantconstructs
that needto be translatedwhen converting OntoSem's frame
basedontology to its correspondingOWL version.New con-
ceptsare de�ned in OntoSemusing make-frameand related
to other conceptsusing the is-a relation. Each conceptmay
also have a correspondingde�nition. OBJECT or EVENT
are mappedto owl:Class while, PROPERTIES are mapped
to owl:ObjectProperty. ONTOLOGY-SLOTSarespecialprop-
erties that are used to structure the ontology. These are
also mappedto owl:ObjectProperty. Object de�nitions are
createdusingowl:ClassandtheIS-A relationis mappedusing
owl:subClassOf. De�nition propertyin OntoSemhasthesame
function asrdfs:labeland is mappeddirectly.

Whenever the level one parentof a conceptis of the type
PROPERTY it is translatedto owl:ObjectProperty. Properties
can also be linked to other propertiesusing the IS-A rela-
tion. In case of properties,the IS-A relation maps to the
owl:subPropertyOf. 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. OntoSemdomains are converted to rdfs:domain
and rangesare converted to rdfs:range. For some of the
propertiesOntoSemalsode�nesinversesusingtheINVERSE-
OFrelationship.It canbedirectlymappedto theowl:inverseOf
relation.Numericalattribute rangesfor propertiesarehandled
by usingxsd:restriction.

One of the importantfeaturesof OntoSemontology is the
use of facets.Facetsare a way of restricting the the �llers
that can be used for a particular slot. The most commonly
usedfacetsareSEM andVALUE that indicatethe value that
the �ller can take. We can map them using owl:Restriction
thuslocally restrictingthe type of valuesa propertycantake.
The RELAXABLE-TO facetfacetindicatesthat the valuefor
the �ller can take a certain type. It is a way of specifying
“typical violations”. Oneway of handlingRELAXABLE-TO
is to add this information in an annotationand also add
this to the classespresentin the owl:Restriction. DEFAULT
and DEFAULT-MEASURE indicatethe typical valuesor the
typical unitsof measurementfor a particularproperty. Thereis
no clearway to expressdefaultsin OWL sinceit only supports
monotonicreasoningand this is one of the issuesthat have
beenexpressedfor future extensionsof OWL language[20].
The NOT facetspeci�es that certainvaluesarenot permitted
in the �ller of the slot in which this is de�ned. NOT facetcan
be handledusing the owl:disjointWith feature.

Once the OntoSemontology is converted into its corre-
spondingOWL representation,we can now translatethe text
meaningrepresentationsinto statementsin OWL. In order to
do this we can use the namespacede�ned as the OntoSem
ontology and use the correspondingconceptsto createthe
representation.In additionTMRs alsocontaincertaintriggers



4

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

A more detailed descriptionof the translation rules and
issuesaredescribedin [21].

IV. CHALLENGES

Therearea numberof challengesin trying to mapa frame
basedsystemlike OntoSemto OWL. This sectiondiscusses
someof the important issuesthat pertainto mappingof any
framebasedsystemto web representationsuchasOWL.

One of the challengesin building such a system is to
bridgethe gapbetweenthe knowledgerepresentationfeatures
that are used by natural languageprocessingsystemsand
SemanticWeb technologies.Typically NLP systemssuchas
OntoSemare supportedby frame basedrepresentationsto
constructa modelor ontologyof theworld. Suchan ontology
is then used to extract and representmeaningfrom natural
languagetext. Since OntoSemis used for natural language
processingapplications,it has a way of expressingdefaults
and exceptions.However there is no clear way of mapping
defaults to OWL sinceOWL doesnot supportnonmonotonic
reasoningandhasan openworld assumption.

Knowledgesharingis a critical factor to enableagentson
the SemanticWeb to usethis informationextractedfrom NL
text or be able to provide information that can be usedby
NLP tools. This requiresmappingacrossdifferentontologies
and translatingsentencesfrom one representationto another.
KQML [15] and KIF [16] were two such attempts that
developedprotocolsto enablesharingof largescaleknowledge
bases. Our systemmapsthe OntoSemontology to OWL and
thus makes the framework sharablewith other agentson the
web.

Ambiguity is alsoan issuewhendealingwith NL text. Hu-
manlanguagecanhaveambiguityatbothsyntacticandseman-
tic level. An exampleoften discussedis anaphora resolution,
which is the problem of identifying and resolving different
referencesto the samenamedentity. OntoSemprovidesways
for handling such referencesand resolves thesereferences,
not just within a single documentbut acrossall the facts in
its repository. This could have interestingapplicationsin the
SemanticWeb domain,especiallyin resolvingambiguitiesin
inherentin FOAF [2] descriptionsanddata.

While someof the basic mappingrules have beendevel-
oped, more needsto be done to identifying and represent
cardinalities,transitive,symmetricandinversefunctionalprop-
erties.Theseissuesarebeing investigated.

There were also interestingchallengeswhile mapping a
large ontology such as OntoSem.Although we neededthe
capabilitiesof OWL Full to representa morecompletesubset
of OntoSem's features,the resultwastoo large for OWL Full
reasonersto process.One suggestionis to build mappingsat
different levels of expressivity, 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 reference,etc. An important implication of the
translationprocessis that currently it doesnot supportany
of theseproceduralattachments.It would be interestingto
look into waysin which this informationcouldbeadditionally
incorporatedeitherinto thereasoneror theknowledgebaseof
the agentitself.

V. PRELIMINARY EVALUATION

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

Sinceour currentwork hasconcentratedon the initial step
of translatingfrom OntoSemto OWL, wewill enumeratesome
of the issuesfrom thatperspective.Translatingin theopposite
directionraisessimilar, thoughnot identical,issues.Thechief
translationmeasureswe have consideredareas follows:

� Syntactic correctness.Doesthetranslationproducesyn-
tactically correct RDF and OWL? The resulting docu-
mentscan be checked with appropriateRDF and OWL
validationsystems.

� Semantic validity . Does the translationproduceRDF
andOWL that is semanticallywell formed?An RDF or
OWL �le canbesyntacticallyvalid yet containerrorsthat
violatesemanticconstrainsin the language.For example,
an OWL class should not be disjoint with itself if it
hasany instances.SeveralOWL validationservicesmake
somesemanticchecksin addition to syntacticones.A
full semanticvalidity checkis quite dif�cult and, to our
knowledge,no systemattemptsone, even for decidable
subsetsof OWL.

� Meaning preservation. Is the meaningof the generated
OWL representationidentical to that of the OntoSem
representation?This is a verydif�cult questionto answer,
or even to formulate,given the vastdifferencesbetween
the two knowledgerepresentationsystems.However, we
caneasilyidentify someconstructs,suchasdefaults,that
clearly cannot be capturedin OWL, leadingto a lossof
information and meaningwhen going from OntoSemto
OWL.

� Featureminimization. OWL is a complex representation
language,someof whosefeaturesmake reasoningdif�-
cult. A numberof levels of complexity canbe identi�ed
(e.g., the OWL species:Lite, DL and Full). In general,
wewould like thetranslationserviceto notuseacomplex
feature unless it is absolutely required.Doing so will
reducethe complexity of reasoningwith the generated
ontology.
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� Translation complexity. Whatarethespeedandmemory
requirementsof thetranslation.Since,in general,a trans-
lation might requirereasoning,this could be an issue.

Sinceour projectis still in anearlystage,we reportonsome
preliminaryevaluationmetricscovering thebasicOntoSemto
OWL translation.

OntoSem2OWL usesthe JenaSemanticWeb Framework
[25] internally to build the OWL version of the Ontology.
The ontologiesgeneratedwere successfullyvalidated using
two automatedRDF validators: the W3C's RDF Validation
Service[4] andtheWonderWebOWL OntologyValidator[6].

Therewere a total of about8000 conceptsin the original
OntoSemontologyof which7747weresuccessfullytranslated.
The total numberof triples generatedwas 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 generatedontologiesrequired the use of the
OWL's union and inverseOf features,the results fall in the
OWL full classin termsof the the level of expressivity.

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

Based on our preliminary results, we found that On-
toSem2OWL is able to translatemost of the OntoSemon-
tology into a form that is syntacticallyvalid and, in so far as
current validatorscan tell, free of semanticproblems.Some
of the OntoSemconcepts,lesstan four percent,could not be
translatedby thecurrentsystematall. We wereableto identify
many of theconstructsthatweretranslatedwith somemeaning
loss. Chief among them were the use of default values.
However, thesewereusedrelatively sparinglyin theOntoSem
ontology. Were were not able, in general,to automatically
detectotherdifferencesbetweenthe semanticsof the original
OntoSemontologyandit' s OWL translation.This remainsan
openproblemfor further research.

VI . AN APPLICATION TESTBED

Oneof themotivationsfor integratinglanguageunderstand-
ing agentsinto the SemanticWeb is to enableapplicationsto
use the information publishedin free text along with other
SemanticWeb data.SemNews [5] is a semanticnews service
thatmonitorsdifferentRSSnewsfeedsandprovidesstructured
representationsof themeaningof news articlesfoundin them.
As new articlesappear, SemNews extractsthe summaryfrom
the RSS description and processesit with OntoSem.The
resultingTMR is thenconvertedinto 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 portalshasalsomadeavailablea numberof aggregator

tools and servicessuch as Mozilla Thunderbird,Bloglines,
my Yahoo Portal. RSS and Atom has also minimized the
needto bookmarkpages,enablingusersto monitor news and
other dynamic contentby subscribingto the feeds.Another
advantageof usingRSSis theability to providetext summaries
that aremanuallyor automaticallygenerated.

Figure2 showsthebasicarchitectureof SemNews.TheRSS
feedsfrom differentnews sourcesareaggregatedandparsed.
TheseRSS feedsare also rich in useful meta-datasuch as
informationon the author, the datewhenthe article waspub-
lished,thenews category andtag information.Theseform the
explicit meta-datathat is provided by the publisher. However
thereis a largeportionof theRSS�eld thatis essentiallyplain
text anddoesnot containany semanticsin them.It would be
of greatvalueif this text availablein descriptionandcomment
�elds for examplecould be semantacized. By using Natural
LanguageProcessing(NLP) tools suchas OntoSemwe can
convert natural languagetext into a structuredrepresentation
therebyadding additional metadatain the RSS �elds. Once
processed,it is convertedto its Text MeaningRepresentation
(TMR). OntoSemalso updatesits fact repositoriesto store
the informationfound in the sentencesprocessed.Thesefacts
extractedhelp the systemin its text analysistasks.

An optional step of correction of the TMRs could be
performedby meansof the Dekadeenvironment[1]. This is
helpful in correctingcaseswhere the analyzersare not able
to correctlyannotatepartsof thesentence.Correctionscanbe
performedat both the syntacticprocessorand the semantic
analyzerphase.The Dekadeenvironmentcould also be used
to edit theOntoSemontologyandlexiconsor staticknowledge
sources.

As discussedin the previous sections, the meaning in
thesestructuredrepresentations,alsoknown asText Meaning
Representations(TMR), canbepreservedby mappingthemto
OWL/RDF. TheOWL versionof a document'sTMRs is stored
in aRedland-basedtriple store,allowing otherapplicationsand
usersto perform semanticqueriesover the documents.This
enablesthem to searchfor information that would otherwise
not be easyto �nd using simple keyword basedsearch.The
TMRs arealsoindexedby theSwoogleSemanticWeb Search
system[13].

Thefollowing aresomeexamplesof queriesthatgo beyond
simplekeyword searches.

� Conceptually searching for content.Considerthequery
”F ind all storiesthat havesomethingto 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 resolvingdifferent
kinds of terror eventssuchasbombingor hijacking to a
terrorist-activity concept.

� Context based querying. Answering the query ”F ind
all the eventsin which 'George Bush' was a speaker”
involves �nding the context and relation in which a
particularconceptoccurs.Usingnamedentity recognition
alone, one can only �nd that there is a story about a
namedentity of the typeperson/human,however it is not
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Fig. 2. The SemNews application,which servesasa testbedfor our work, hasa simplearchitecture.RSS(1) from multiple sourcesis aggregatedandthen
processedby the OntoSem(2) text processingenvironment.This resultsin the generationof TMRs (3) and updatesto the fact repository(4). The Dekade
environment(5) canbeusedto edit theontologyandTMRs. OntoSem2OWL (6) converts theontologyandTMRs to their correspondingOWL versions(7,8).
The TMRs arestoredin the Redlandtriple store(9) andadditionaltriples inferredby Jena(10). Therearealsomultiple viewers for searchingandbrowsing
the fact repositoryandtriple store.

directly perceivableasto what role theentity participated
in. Since OntoSemusesdeepersemantics,it not only
identi�es thevariousentitiesbut alsoextractstherelations
in which theseentities or instancesparticipate,thereby
providing additionalcontextual information.

� Reporting facts. To answer a query like ”F ind all
politicians who traveled to 'Asia'” requires reasoning
aboutpeople's roles and geography. Sincewe are using
ontologicalconceptsrather than plain text and we have
certainrelationslike meronomy/part-ofwe could recog-
nizethatColin Powel's trip to Chinawill yield ananswer.

� Knowledge sharing on the semantic web. Knowledge
sharingis critical for agentsto reasonon the semantic
web. Knowledge can be sharedby meansof using a
common ontology or by de�ning mappings between
existing ontologies.Oneof thebene�ts of usinga system
like SemNews is that it providesa mechanismfor agents
to populate various ontologies with live and updated
information. While FOAF has becomea very popular
mechanismto describea person's social network, not
everyoneon thewebhasa FOAF description.By linking

the FOAF ontology to OntoSem's ontology we could
populateadditional information and learn new instances
of foaf:personeven though these were not published
explicitly in foaf �les but as plain text descriptionsin
news articles.

TheSemNews environmentalsoprovidesa convenientway
for the users to query and browse the fact repository and
triple store. Figure 4 shows a view that lists the named
entities found in the processednews summaries.Using an
ontologyviewer theusercannavigatethroughthenewsstories
conceptuallywhile viewing the instancesthatwerefound.The
fact repositoryexplorer shown in Figures5 and6 providesa
way to view the relationsbetweendifferent instancesandsee
the news storiesin which they werefound.An advanceduser
may also query the triple store directly, using RDQL query
languageas shown in Figure 7. Additionally the systemcan
alsopublish the RSSfeedof the query resultsallowing users
or agentsto easilymonitor new answers.This is a usefulway
of handling standingqueriesand �nding news articles that
satisfya structuredquery.

Developing SemNews provided a perspective on someof
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the generalproblemsof integrating a mature languagepro-
cessingsystemlike OntoSeminto a SemanticWeb oriented
application.While doing a completeand faithful translation
of knowledgefrom OntoSem's native meaningrepresentation
languageinto OWL is not feasible,we found the problemsto
be manageablein practicefor several reasons.

First, OntoSem's knowledge representationfeatures that
weremostproblematicfor translationarenot usedwith great
frequency. For example, the default values,relaxablerange
constraintsand proceduralattachmentswere used relatively
rarely in OntoSem's ontology. Thus shortcomingsin the
OWL version of OntoSem's ontology are limited and can
be circumscribed.We are also optimistic that most Semantic
Web contentwill be amenableto translationinto OntoSem's
representation.It' s likely that the majority of SemanticWeb
contentwill be encodedwith relatively simpleontologiesthat
useonly RDF andRDFSanddo not useOWL. Many of the
OWL ontologiesmay be partionableinto portionswhich do
not usedif�cult to translationfeaturesand thosethat do.

Second,the goal is not just to supporttranslationbetween
OntoSemand a completeand faithful OWL version of On-
toSem.It is unlikely that most SemanticWeb contentpro-
ducersor consumerswill useOntoSem's ontology. Rather, we
expectcommonconsensusontologieslikeFOAF, Dublin Core,
and SOUPA to emerge and be widely usedon the Semantic
Web. The real goal is thus to mediatebetweenOntoSemand
a host of such consensusontologies.We believe that these
translationsbetweenOWL ontologies will of necessitybe
inexact and thus introducesomemeaningloss or drift. So,
the translationbetweenOntoSem's native representationand
the OWL form will not be the only lossyone in the chain.

Third, theSemNewsapplicationgeneratesandexportsfacts,
ratherthanconcepts.The prospective applicationscouplinga
languageunderstandingagentand the SemanticWeb that we
have examinedsharethis focus on importing and exporting
instancelevel information.To somedegree,this obviatesmany
translation issues,since thesemostly occur at the concept
level. While we maynot beableto exactly expressOntoSem's
completeconceptof a book's author in the OWL version,
we can translatethe simple instancelevel assertionthat a
known individual is theauthorof a particularbookandfurther
translatethis into the appropriatetriple using the FOAF and
Dublin CoreRDF ontologies.

Finally, with a focuson importing and exporting instances
and assertionsof fact, we can require theseto be generated
using the native representationand reasoningsystem.Rather
than exporting OntoSem's conceptde�nitions and a handful
of factsto OWL and then using an OWL reasonerto derive
the additionalfactswhich follow, we canrequireOntoSemto
precomputeall of the relevant facts.Similarly, when import-
ing information from an OWL representation,the complete
model can be generatedand just the instancesand assertions
translatedand imported.

VI I . FURTHER APPLICATIONS

Languageunderstandingagentscouldnotonly empowerSe-
manticWebapplicationsbut alsocreatea spacewherehumans

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

andNLP toolswouldbeableto makeuseof existingstructured
or semistructuredinformationavailable.The following area
few of the exampleapplicationscenarios.

A. SemanticAnnotationand MetadataGeneration

The growing popularity of folksonomiesand social book-
markingtoolssuchasdel.icio.ushave demonstratedthat light-
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
suchasSemTag[12] andthe TAP[32] projectaim to generate
semanticallyannotatedpagesfrom alreadyexisting documents
on the web. Using OntoSemin the SemNews framework
we have been able to demonstratethe potential of large
scalesemanticannotationandautomaticmetadatageneration.
Figure 3 shows the graphical representationof the TMRs,
which arealsoexportedin OWL andstoredin a triple store.

B. GatheringInstances

Ontologiesfor the SemanticWeb de�ne the conceptsand
propertiesthat the agentscould use.By making useof these
ontologiesalongwith instancedataagentscanperformuseful
reasoningtasks.For example,an ontologycould describethat
a country is a subclassof a geopolitical entity and that a
geopoliticalentity is a subclassof a physicalentity. Automat-
ically generatinginstancedatafrom naturallanguagetext and
populatingthe ontologiescould be an important application
of suchtechnologies.For example,in SemNews you cannot
only view thedifferentnamedentitiesasshown in Figure4 but
alsoexplore the factsfound in differentdocumentsaboutthat
namedentity. As shown 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.
SinceOntoSemalsohandlesreferentialambiguities,it would
beableto identify thatan instancedescribedin onedocument
is the sameas the instancedescribedin anotherdocument.

C. Provenanceand Trust

Provenanceinvolves identifying sourceof information and
trackingthehistoryof wheretheinformationcamefrom. Trust
is a measureof the degreeof con�denceonehasfor a source



8

Fig. 4. Varioustypesof namedentitiescanbe identi®edandexplored in SemNews.

Fig. 5. Fact repositoryexplorer for the namedentity 'Mexico'. Shows that
the entity hasa relation 'nationality-of' with CITIZEN-235.

Fig. 6. Fact repositoryexplorer for the instanceCITIZEN-235 shows that
the citizen is an agent-ofan ESCAPE-EVENT.

of information. While theseare somewhat hard to quantify
andarea function of a numberof differentparameters,there
can be signi�cant indicatorsof trust and provenancealready
presentin the text andcould be extractedby the agent.News
report typically describesomeof the provenanceinformation
aswell asothermetadatathatcaneffect trustsuchastemporal
information.This type of information would be importantin
applicationswhere agentsneedto make decisionsbasedon
the validity of certaininformation.

D. Reasoning

While currently reasoningon the SemanticWeb is enabled
by using the ontologiesand SemanticWeb documents,there
could be potentially vast knowledge presentin natural lan-
guage.It would be usefulto build knowledgebasesthatcould
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
wouldneedto reasonin presenceof inconsistentor incomplete
annotationsas well. Reasoningcould be supportedfrom not
justsemanticwebdataandnaturallanguagetext but alsobased
on provenance.Developingmeasuresfor provenanceandtrust
would alsohelp in decidingthe degreeof con�dencethat the
reasoningenginemay have in the usingcertainassertionsfor
reasoning.

E. Ontology Enrichment

Knowledgeacquisitionis one of the most expensive steps
in developing large scale SemanticWeb applications.Even
within the framework of OntoSem,the OntoSemontology
has beendevelopedand perfectedover yearsof researchin
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Fig. 7. This SemNews interfaceshows the resultsfor queryªFind all humansandwhat are they the bene®ciary-ofº

linguistics, NLP and knowledge representation.In order to
make the task of a knowledge engineereasier, we could
possibly use the existing ontologieson the SemanticWeb
to suggestnew concepts,relationsor even properties.As an
exampleconsiderthe conceptof �sh, in OntoSemthere are
about4 differentvarietiesof �sh that have beende�ned. We
couldnow usea semanticsearchenginesuchasSwoogle[13]
to �nd new typesof �sh and suggestsomeof the properties
that could be usedin order to describe�sh in the ontology.

F. Natural Language Interfaceto SemanticWeb

While the SemanticWeb is primarily for useby machines
and the informationavailableon it is in machineunderstand-
able format, the end goal is still to assistthe humanusers
in their tasks.Using technologiesfrom questionanswering
and languagegeneration, it would be helpful to provide
capabilitiesthroughwhich userscan interactwith their agent
throughnaturallanguage,thus reducingthe cognitive load in
formulating the task in a machinereadableformat.

VI I I . CONCLUSION

Naturallanguageprocessingagentscanprovidea serviceby
analyzingtext documentson theWebandpublishingSemantic
Web annotationsand documentsthat captureaspectsof the
text's meaning.Their outputwill enablemany moreagentsto
bene�t from the knowledgeand facts expressedin the text.
Similarly, languageprocessingagentsneed a wide variety
of knowledgeand facts to correctly understandthe text they
process.Much of the neededknowledge may be found on
the Web alreadyencodedin RDF andOWL andthuseasyto
import.

One of the key problemsto be solved in order to inte-
grate languageunderstandingagentsinto the SemanticWeb
is translatingknowledge and information from their native
representationsystemsto SemanticWeb languages.We have

describedinitial work aimedatpreparingthetheOntoSemlan-
guageunderstandingsystemto be integratedinto applications
on the Web. OntoSemis a large scale,sophisticatednatural
languageunderstandingsystemthatusesacustomframe-based
knowledgerepresentationsystemwith an extensive ontology
and lexicon. These have been developed over many years
and are adaptedto the special needsof text analysis and
understanding.

We have describeda translationsystem,OntoSem2OWL,
that is being usedto translateOntoSem's ontology into the
SemanticWeblanguageOWL. While thetranslatoris not able
to handleall of OntoSem's representationalfeatures,it is able
to translatea large andusefulsubset.The translatorhasbeen
used to develop SemNews as a prototypeof a systemthat
readssummariesof webnewsstoriesandpublishesOntoSem's
understandingof their meaningon the web encodedin OWL.
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