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At Boeing, we are currently developing methods
for knowledge-drizen text interpretation and question-
answering,basedon matchinganalyzedinput text against
strong, backgroundexpectationsfrom a knowledge-base
(Clark et al. 2002). Our goalis to be ableto answerques-
tionsabouttext which goesbeyondfactsexplicitly statedn
the text. For example,the statemeni{1) “China launched
a meterologicalsatellite into orbit Wednesday”suggests
that (amongotherthings)therewasa rocket launch;China
probably owns the satellite; the satelliteis for monitoring
weather;the orbit is aroundEarth; etc., althoughnone of
thesefactsareexplicit in thetext.

Our approachs basedon (a) building representationef
prototypicalscenariose.g.,launchinga satellite,in alarge
knowledge-base(b) extracting fragmentsof information
from thetext of interestusingNLP techniquese.g.,subject-
verb-objectrelations,andthen (c) identifying which of the
scenario(spestmatchthe processedputtext. The system
thushasstrongexpectationsaboutwhatsortof thingsmight
happenin the world, and we seekto exploit thoseexpec-
tationsfor interpretingtext, including resolvingthe mary
typesof ambiguity which can arise. After matching,the
backgroundrepresentationprovide a sourceof additional
factsaboutthe situationdescribedn thetext, including the
large numberof factsassumedbut notexplicitly mentioned.
This additionalknowledge can be usedfor supportingin-
ference question-answeringgnd advancedsearchof a text
corpus.For example,aqueryfor rocketlauncheventswould
identify (1) asrelevant, eventhoughrocketsare not explic-
itly mentionedn thattext.

Therepresentationthemselesareconstructedy identi-
fying thekey “participants”(both objectsandevents)in the
scenarioandthencreatinga graphof relationshipghatnor-
mally exist betweerthoseparticipants Thesegraphicalrep-
resentationarecompositiona{Clark & Porter1997)in two
importantways: First, throughinheritance a representation
canbe combinedwith representationsf its generalizations
(e.g.,representationsf “launchinga satellite” and“placing
somethingn position” canbe combined).Seconddifferent
viewpoints/aspectsf aconceptsuchaslaunchinga satellite
areencodechsseparateepresentationdatructureqe.g.,the
sequencef events;thetemporalinformation;the spatialin-
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formation;goal-orientednformation). During text interpre-
tation, only thoserepresentation()f aspects/viers which
the text itself refersto will be composednto the structure
matchedwith thetext.

To matchtherepresentationaith the NLP-processetkxt
fragmentsthe systemsearche$or matchedetweerobjects
in therepresentationandobjectsmentionedn thetext; and
relationshipsin the representationand relationshipsmen-
tionedin the text. Much of the ambiguity in the source
text, e.g.,the mappingfrom syntacticto semanticroles, is
resohedat this point (ratherthanearlier),asthe knowledge
basestructuregdefineallowable/prototypicalvaysin which
variousconceptandrelationshipcanbe combined.

We are also exploring ways to efficiently build the KB
of scenariosin the first place, given that there are prob-
ably thousandsof scenariosrequiredfor a typical appli-
cation, and are looking at semi-automateavays of doing
this. We are currently exploring three avenues: use of
NLP-processedlossarydefinitionsasa startingpoint; seed-
ing of theknowledge-baseisinga Schubert-stylgenerate-
and-filterapproach(Schubert2002) (hamely producesim-
ple,text-derivedgeneralization$or ahumanto review, e.g.,
from “China launcheda satellite Wednesday'the general-
ization“countrieslaunchsatellites’canbeautomaticallyde-
rived);andmanualencoding.

This overall approachreatstext interpretation,andsub-
sequenfguestion-answeringboutthat text, fundamentally
asamodelingactiity, in which text suggestscenarianod-
els to use,and thosemodelssuggestways of interpreting
text. Although this approachis challengingfor a number
reasonsit offerssignificantpotentialfor allowing question-
answeringo go beyondfactsexplicitly statedn thevarious
text sourcesused.
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