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ABSTRACT

As partof alongertermgoalto constructanaerospac&nownledge-
base(KB), we aredevelopingtechniquegor interpretingtext about
aircraftsystemsaandthenaddingthoseinterpretationgo the KB. A
major challengein this taskis thatmuchof whatis written builds
on unstated,shared,generalknovledge aboutaircraft, and such
prior knowledgeis neededo fully understandhetext. To address
this challenge we are using a more generalKB aboutaircraft to
createstrong,prior expectationsaboutwhatmight be statedin that
text, thentreatingthe languageunderstandindgask as one of in-
crementallyextendingandrefining thatprior knowledge. The KB
constrainghe possibleinterpretation®f the text, allowing it to be
placedin the appropriatecontext andhelpingidentify whenstate-
mentscan be taken literally or needto be coercedor modifiedto
be understoodcorrectly In this paperwe presentthis approach
anddiscussts underlyingassumptiongindrangeof applicability
The significanceof this work is twofold: It illustratesthe critical
role backgroundnowledgeplaysin fully understandinganguage,
andit providesa simplemodelfor how thatunderstandingantake
place,basedon the iterative refinementof a representatiomsing
informationextractedfrom text.

1. OVERVIEW

Ourlong-termgoalis the constructiorof alarge-scaleerospace
knowledge-bas¢KB), for usein taskssuchasconcept-baseitfor-
mationretrieval (describedn [6]) andautomatedjuestion-answer-
ing aboutaircraft. To help constructthis KB, we are developing
languageprocessingechniquesgo interprettext aboutaircraft[14,
12,5], e.g.,from existing training manualsauthoredn arestricted
versionof Englishor directly from anaerospacengineer There-
sultinginterpretationis thenaddedo theKB.

A major challengein this taskis that much of whatis written
builds on unstated shared generalknowledge aboutaircraft, and
suchprior knowvledgeis neededto fully understandhe text. In
particular aliteral translationof the text is often eitherhighly in-
complete or worseincorrect,if no furtherprocessings done. For
example,consider:

(1) Thehydraulicsystenmsuppliespoverto therudder

Correctly interpretingthis sentencas surprisinglydifficult: here
the authors intent was not to asserthat somesupplyingeventis
currentlyongoing,but to referto atypicalbehaviorof thehydraulic
systemin action. Moreover, in writing this sentencethe authoris
appealingto someunstatedshared generalknowledge: Both the
authorand intendedreaderalreadyknow thata rudderis a pow-
ereddevice, that a powveredsystemtypically consistsof a power
sourceanda powereddevice, that the sourcetransmitspower via
someconduit,etc. The authorintendedthis sentenceo build upon
thisknowledge,sothatthereaderealizeghatwhat(1) is really de-
scribingis a poweed systenwithin the aircraft (asopposedo just
anisolatedsupplyingevent),andhencethatthe mary implications
of this realizationcan be inferred. For automatedanguagepro-
cessingthis ability to interprettext as specializing,refining, and
building uponbackgroundcknowledgeis essentiafor both acquir
ing the full meaningof text, andfor determiningwhich statements
canbetakenliterally or needto be coercedmodified,or setin con-
text.

To addresghis challengewe areconstructingandusingan ex-
tensie, but fairly general,knovledge-baseboutaircraft, called
AeroNet[5], to provide the knowledgeand expectationgequired
to properlyinterpretthetext. The KB containsgeneraknowledge
aboutaircraft, but doesnot containthe mary detailedfactsabout
specificairplanesor their internalsystems.lt is this latter knowl-
edgethatwe wish the systemto acquirefrom text.

In particular the knowledge baseand its underlyinginference
engineallow thesystemto constructandincrementallyrefinearep-
resentatiorof anaircraftor an aircraft subsystemFor example,a
(representationf a) specificairplanehaving n engineamaybere-
finedto onehaving two enginesto onehaving two jet enginesto
onehaving two jet enginesconnectedo thewings, etc. Themech-
anismfor doing this is structureunification[4] (similar to order
sortedfeatureunification[2]), with a correspondingemanticsn
first-orderlogic. Onecanthink of aninitial, generalrepresentation
of an airplaneas denotinga spaceof possibleairplanes,andthe
languageprocessindaskis to incrementallyrefinethis representa-
tion, by fitting (coercingandunifying) the processedext into that
representation.

This use of domain-specific,backgroundknonledge to form
strongexpectationsaboutwhat might be saidin text hassimilar-
ities with the useof scriptsandtemplatege.g.,[7, 8]) in language
interpretation. In a similar way, scriptsencodeshared,unstated
backgroundnowledge,providing the context in which knowledge
from text shouldbe placed,andenablingguestion-answerintp go
beyondthefactsdirectly stated.Whatis new hereis the treatment
of this processasincrementatefinemenbf arepresentatiorrather
than “filling in the blanks: Ratherthan artificially dividing the
world into ‘known’ and ‘unknown’ facts (asin a template)and



thenhuntingfor the unknawn, we insteadjust have levels of ap-
proximation,andary partof the representatiorcan be be refined
througha processof logical unification. Similar ideashave been
exploredin the context of constraintlogic programming1]. This
approachcan also be seenas a particularimplementationof the
generalinterpretationasabductionframework [13], in whichthe
abductve inferencesareunifications(equalityassertionspf back-
groundknowledgewith knowledgefrom text.

2. APPROACH
2.1 Scopeof the Problem

The scopeof the problemwe are addressings constrainedn
several in importantways. First, we are processingext authored
in aninformally restrictedsublanguagef English,ratherthanfull
naturallanguage mainly consistingof full, declaratve sentences
andwithout excessie syntacticcompleity (authoredin this way
to enableeaseof understandingn particularfor readerdor whom
Englishwas not their native language). Secondwe are working
with a constraineddomain (aircraft systems) which significantly
reduceghe scopeof the targetvocahulary, problemssuchasword
ambiguity andthe amountof knowledgerequiredup front in the
AeroNetKB. Our initial work hasbeenfurther constrainedo the
subdomairof airplanehydraulicsystemsandasdatawe have been
usingtext taken from threepagesof a hydraulicstrainingmanual.
Third, thenatureof this particularapplicationdomainitself simpli-
fiestheproblem:asit essentiallyconcernsnechanicaértifacts,we
areprimarily dealingwith text describinghephysicalstructureand
behaior of mechanicahrtifacts,asopposedo (for example)text
describinghumanaffairs, or discussingpointsof view. As aresult,
thetext we areprocessingisesaconstrainedocatulary andis sim-
ple, regular, and (from a literary point of view) “boring” in style,
and posesfewer representationathallengeghan might otherwise
be the case.Finally we notethatthe backgroundAeroNetknowl-
edgebaseitself was alreadypartially constructedrom an earlier
project,andis fairly large (500 concepts1500axioms). We have
furtherextendedit for thiswork.

2.2 The KnowledgeBase

The backgroundKB, AeroNet,is encodedn the representation
languageKM, a frame-basedepresentatiodanguagesimilar to
KRL [3] andwith first-orderlogic semantic$4]. AeroNetcontains
anontology (classhierarchy)of aerospac@nd more generalcon-
cepts,andaxiomsaboutthoseconceptsThemajority of its axioms
representatageneralevel, the possibleconfigurationof physical
objects,events,andtheir relationshipdor aircraft, aircraftcompo-
nentsandbehaiors associatedvith thosecomponentsin termsof
logic, they assertfor a given conceptthe existenceof additional
objectsandrelationshipsassociateavith thatconcept(e.g.,for all
airplanegherewill exist afuselagewhichis partof thatairplane).
Theseaxiomsare importantbecausehey arethe building blocks
from which representationsf a possible specificaircraftarecon-
structedwhichin turnform thethepossibletargetsfor interpreting
naturallanguagestatementsgi.e.,astatemenis understoodby iden-
tifying which of thesepossibleaircraftconfigurationst is referring
to).

A critical featureof theKB, for this application,is thewaythese
axiomsarephysicallyencoded As well assupportinghormallogic
axioms,KM also supportsthe useof prototypesas an alternatie
syntaxfor expressingthe common‘“forall...exists..” axiom form.
In KM, aprototypeis a graphdatastructuredescribinganexample
of aconceptandis formedby Skolemizingthe existentially quan-
tified variablesin the original axiom (thus reducingit to a setof

KM Axiom (standard form)
(every Airplane has
(parts ((a Fuselage)
(a Tail with
(connected-to
((the Fuselage parts of Self))))

KM Axiom (prototype form)

Figure 1: Axioms are corverted to a prototype form, encoded
using a graph data structure, to enable matching with NLP-
generatedgraph structur es. This figure shows the axiom “All
airplaneshave a fuselageand a tail connectedto that fuselage’
in both forms.

groundassertiondetweenSkolem constants)KM’ s inferenceen-
ginehandlegrototypedn aspecialway, by assertinghatthethose
assertion$oldsfor all instance®f thatconcept(thusapplyingthe
samesemanticasthe original axiom). An illustration of theseen-
codingsis shawvn in Figurel. More detailsareof KM’ s prototype
mechanisnareavailablein [4]. (Prototypehave beenusedn other
Al languageslso,e.g.,in KRL [3]).

Thesignificanceof prototypess thatthey formthecritical bridge
from logical axiomsin the KB to the graph-like structuresoutput
by our NL processorBy syntacticallyreformulatingsentence-li&
axiomsas prototypegraphs the task of aligning text with axiom-
encodedknowvledgebecome®neof aligning,combining,andrea-
soningover graphicaldatastructuresOtherwork in NLP hassim-
ilarly foundthatencodingaxiomsusinggraphicaldatastructuress
helpful for the samereasonse.g.,[16].

2.3 Overview of the Process

Beforeprocessing unit of text, the userfirst manuallyspecifies
the object(“topic”) thetext describegeithera specificairplaneor
airplanesystem).The systemthencreatesaninitial, generakepre-
sentationof thatairplane/airplansystemusingthe KB (Stepl of
Figure2).

Processinghetext itself thenoccursin two stagesasfollows:

e First,aunitof text is processedb constructaninitial, literal,
or sometimesinderspecifiediepresentatioof thetext.

e Second,the systemsearchedor a place wherethis struc-
ture can“fit in” with the currentrepresentatiorof the air-
plane/airplanesubsystemandwhenoneis found, the struc-
tureis unified atthatpoint, hencespecializingthatrepresen-
tation.

This secondstagecould be describedas “model-basednterpre-
tation” of text, asit treatslanguageunderstandingrimarily asa
processof specializing,instantiating,and combining pre-isting
knowledgestructuresguidedby thecontenbf text. Thepre-e&isting
structuregprovide thereferencepointfor interpretingtheinputlan-
guage allowing determinatiorof whatstatementsanbetakenlit-
erally, andwhat statementsieedto be to be coercedmodified,or
setin context.

2.4 Stagel: Initial Interpretation and Nor-
malization

Considerthat the userhasstatedthat the topic is the 777-200
airplane andenteredheaircraft-relatedsentenceliscusse@arlier:
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Figure2: Textis understoodby matching a KB-compatible representationof it, extracted from initial languageprocessingagainsta
representationcontaining general expectations(derived from background knowledge). As a result, that representationis refinedto
absorb the new knowledge.(The graphs shown here are much simplified).

(1) Thehydraulicsystenmsuppliespowverto therudder

(This sentenceontainsnen knowledgeasin generalrudderscan
be poweredin otherwaysalso,e.g.,usingmechanicatables,and
not all airplaneshave hydraulic systems.Although thesegeneral
possibilitiesare pre-encodedn the KB, the KB doesnot know

which of thesearerealizedin the777-200airplane.lt is thisknowl-

edgewhich the sentenceonseys andwhich we wish the systemto

acquire).

The goal of the first stagein processings to generatean ini-
tial interpretatiorof this text, expressedn termsof AeroNets on-
tology (Figure 3). To do this, the input text is processedising
Boeings naturallanguagainderstandingystem.This systemuses
a bottom-upchartparserinterleared with semantidnterpretation,
andproduces full syntacticanalysispairedwith a semanticanal-

ysis shaving the relationsbetweenthe elementsof the sentence.

Word senseselevant to the domainare alsodistinguishedn this
stag€[15, 10, 9]. Following this, a setof simplemanipulatiorrules

areusedto rewrite therelevantinformationfrom theresultingstruc-
tureinto aform consistentith AeroNets pre-huilt ontology(Step
2 of Figure 2). Theserulesbuild a representationf events,en-
tities, locations,propertiesetc., in the input, and synthesizesn-

formationacrosshe sentences casef a multi-sentenceunit of

text. Contraryto the otherapplicationswherewe include a large

degreeof detaileddomaininferencingin the sentence-lel seman-
tic anddiscourse-leel interpretatiorphasein thiswork thenatural
languageaunderstandingystemis designedo producea moresu-

perficial,lessspecificinterpretatiorof theinputtext.

Oneissuewith a“pipelined” systenlik ethisis how muchdisam-
biguationandfilling in of informationshouldbe doneatthis stage.
In thiscasethesystemattemptso chooseanoverall parse/syntactic
configurationput maynotbeabletofill in all thesemantigelation-
shipsbetweenthe constituents.For example,the systemwill not
committo how elementf a 3-item nouncompoundaregrouped
together or what the semanticrelationsamongthe elementsare.
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Figure 3: During the first stage of processing,the text is
parsedand an NLP-generatedstructur e (logical form) is gener
ated. Following this, simplerewrite/renamingrules convert this
structur einto oneexpressedn terms of AeroNet’s ontology.

Thisremainsunderspecifie@t this point, to beresolhedlaterusing
theKB in stage2. Althoughthereis of coursetherisk of mistales
in this stagetherisk is partially reduceddueto the constrainedp-
plication domainandsublanguag¢amyetted. Furthermorethe NL
systendoesincludealargeamountf informationonverbsthatare
likely to occurin the applicationdomain,basedon mary yearsof
developmentto handlemaintenancenanualsand otheraerospace
document§14, 12].

2.5 Stage2: Integration with Existing Knowl-
edge

The goal of the secondstageis to correctlyintegratethis state-
mentwith the currentrepresentatiorf the topic airplane. To do
this,thesystensearchetheairplanerepresentatiorincludingpos-
sible extensionsof thatrepresentatiorfor (in this case)candidate
“supplying” eventsthatthe usermay bereferringto. Thisis illus-
tratedin Step3 of Figure2. A matchingeventis onethatis equalor
moregeneralthan(i.e., subsumes)he eventdescribedn the text.
If multiple matchesarefound,thena (currentlynaive) scoringsys-
temdetermineghebestmatch.In addition,it will alsosearch(and
againpossiblyextend) the airplanerepresentatioffior the objects
playingrolesin thatevent.

If a matchis found, thenthe text representatiotis unified with
the airplanerepresentatiomt the matchpoint, thusaddingdetails
to the airplanerepresentatiomvhich were specifiedin the text. In
graphicalterms, unification involves maximally memging the two
graphswheretwo arcscanmemgeif they denotethe samerelation-
ship, andtwo nodescanmeige if one subsumegis more general
than)the other In logical terms,unification involves recursvely
assertingequality betweenobjectsin the text representatiorand
Skoleminstancesn the currentairplanerepresentatiorsubjectto
thesameconstraintsThisis illustratedin Step4 of Figure2.

For this matchingto succeedn this straightforvard way, the
structurerepresentinghe users statementproducedin stagel,
mustcorrespondxactly with the representationatructuresused
in the KB. However, in practicethis condition may not hold for
two reasons:

Linguistic Variation: Any pieceof knowvledgecanbe expressed
in languagen a variety of differentways,resultingin a va-
riety of differentstructuresbeingoutputby the stagel pro-
cessing,only someof which may neatly correspondo the
structuresn the KB. Notethatalthoughthe stagel process-

@ |SUPP|ylnHPower| 2 IPrOV'a'nQ HPower

Hydraullc Ruddeﬂ ﬁ H%’S;?:rl:f |_',RUdde
System synonym

contraction
expansion s
( ) role (4)
Hydraulic
System

[Powering | Supplier
Hydraulic ‘

Figure 4: If the initial NLP-generatedstructur e fails to match

the KB, the system tries various transformations and re-
attempts matching, in order to accomodatealternative ways of

expressingthe sameknowledge. Structur es(2)-(4) show alter-

native structur esexpressingthe sameknowledgeasin (1) (see
the body of the paper for their English equivalents).

ing removessomeof thesevariationsby convertingtheinput
text into amorenormalizedform (e.g.,by converting active
and passie sentencednto the sameoutput structure),it is
notpossibleto remaove all variationsat this stage.

Expressionof Derived Facts: The representationsxplicit in the
KB only describea subsetof the thingsthat a usermight
stateor refine; on top of this, therearealsoa large number
of “derivedfacts” or “viewpoints” on thatknowledgewhich
theusercouldalsopotentiallyrefine,andwhich the matcher
needsto have accesdo if it is to alsorecognizethoseuser
inputs.

To dealwith thesephenomenaif the original matchingfails then
the systemwill try to coerce (modify) the text representatiorio

match,by applyingsimpletransformatiorrulesto boththetext rep-
resentatiorandthetargetKB structureguringmatching.Thisen-
ablesthesystento alsounderstandext expressinghesameknowl-

edgebutin alternatve ways,andto understandtatementsoncern-
ing the wider body of factsimplied by, but not explicitly statedin,

theKB structures.

For linguistic variation, the matchercurrently tries threetypes
of transformationso modify thetext representatiomamelythere-
placemenbf conceptdy nearsynorym conceptsexpandingverb-
objectcontractiongandvice versa),andremaoving/addingexplicit
mentionof roles. (Thereare also other dimensionsof linguistic
variation which we have not yet accountedfor, which we sum-
marizelater). As illustration, theseallow the (structurescorre-
spondingo) thebelow sentenceto betransformednto eachother
In particular the transformationq1) < (2), (1) < (3), and (1)
< (4) illustrate the nearsynorym, verb-objectcontractions,and
role transformationsespectiely, illustratedin Figure4:

(1) Thehydraulicsystenmsuppliespowerto therudder

(2) Thehydraulicsystem{ provides/sends/transmitsigis}
powerto therudder

(3) The hydraulicsystempowerstherudder

(4) Thehydraulicsystemis the {supplier/preider} of
powerfor therudder

By applyingthesetransformationsalternatve structuresdenot-
ing the users input are derived and matchedwith the KB if the
original structurefails to match. Note that noneof the (structures
correspondingdo) thesesentencess consideredo be the “canon-
ical representation’df the input text; rather the transformations



allow thesealternatve structuresto also be tried when searching
for amatchin theKB. Thisis important,asthestructureof thecor
respondindnowledgein the KB itself depend®n domain-specific
designdecisionsmadewhen building the KB, may vary depend-
ing on the particularconceptsnvolved, andmay changdf the KB
itself is later redesignedo changethosedesigndecisions. It also
allows the stagel NLP systemto deferapplication-dependermte-
cisionsabout(for example)which words are synoryms, andthus
remaingeneral-purposgasopposedo it “hard wiring” thosedeci-
sionsinto it, which would make it highly domain-specific).

Concerningderived facts,the matchemeedso accountfor user
statementsvhich may referto animplication of knowledgein the
KB, ratherthanjust to knowledge explicitly representedn (i.e.,
assubgraph®of) the KB prototypes.To do this, it needsto match
againstan extendedversionof the KB, extendedto containthose
implications. This extendedKB is not generatedn its entirity (it
would beimpracticalto do so);ratherit is a“virtual KB” giving the
appearancef beingthereto the matcher while in practiceparts
are generatecbn demand. To generatetheseextensions,we are
currentlyusingjust threegeneralrules, althoughclearly more are
needed:

1. “Causaltransitivity”: If X is the agentin eventE, thenadd
a representatioof X asthe agentin all the causallydowvn-
streameventsof E.

2. “Objectasinstrument”:If X doesEto Y, causingY todoE’
to Z, thenadda representationf Y astheinstrumentin X
doingE’ to Z.

3. “Systemfor systempart”: If X doesk, and X is a part of
systemY, thenaddarepresentationf Y asdoingE.

As a (simplified) exampleof thefirst two rulesbeingapplied,con-
siderFigure5. If theKB explicitly containsarepresentationf the
causakhain(for a cable-drvenruddercontrol systems behaior):

(5) Thepilot presses foot pedal.
(6) Thefoot pedalpulls acable.
(7) Thecablemovestherudder

Thenthevirtual KB will alsocontainrepresentationsf:

(8) The pilot movestherudderusingthefoot pedal.
(9) Thepilot movestherudderusinga cable.
(10)Thepilot pulls a cableusingthefoot pedal.
(11) Thefoot pedalmovestherudderusingacable.

As aresult,the users statements matchedagainstll thesetamget
structuresthusaccommodatingtatementsvhichrefineimplicit as
well asexplicit informationin theKB. Someof thesederivedrepre-
sentationg@reabstraction®f knowledgein theKB, while someare
alternatve viewpointson the knowledgein the KB. Also, in a few
casesthe derived representatioman violate KB constraintsj.e.,
do not make sensewvhentaken literally (e.g.,“The pilot consumes
fuel,” from “The pilot operatesheengines. and“the enginescon-
sumefuel”). Ratherthandiscardthesethey canbeviewedaskKB-
generateanetorymousrepresentation§.e.,whereanobjectstands
in placeof acloselyrelatedobject),andusedto recognizeandcor
rectly interpretsimilar usesof metorymy in theinputtext. In this
casethe inferencerulesare playing the role of metorymic trans-
formationrules(similar to thoseusedby Fasg[11]).

Returningto therunningexample(1), asAeroNetalreadyknows
thatairplaneg(in general)containruddersandsomepoweredsys-
temmustdrive them,thesearchwill find thesupplyingeventthatis
the behaior of that poweredsystem.As this matchegsubsumes)
theinputtext, thetext representatiois unifiedwith this supplying
event, resultingin the rudders power sourcebeing refinedto be

Original prototype-
based representation
of a cable—driven,
rudder control
system.

| Rudder Control Systeth

Extended (virtual)

| Rudder Control Systeih representation,

agent behavio object here showing jUSt
- ne of th itional
Bilot Scrip Rudd 0 ellodtfe?d'dto al,
subeve obie |mE’ Ied Tacts:
age ) \object The pilot moves
I (Pres Pull Move] \ the rudder"usmg
! age the pedal.
\ objec g o — 'r&trumen‘
=L
So Pedal Cabl \'MCA/eI
~ -

-
S "= gent

Figure5: To handle statementsreferring to facts not explicit in
the original representation,the matcher matchesagainsta (vir -
tual) extendedversion of the representation,extendedto also
include implied facts.

a hydraulicsystem. From here,naw thatthe systemknows a hy-
draulic systemis in the airplane,additionalfactscan be inferred
(i.e., the graphgrown further) using knowledge abouthydraulic
systemsn theKB. Thisis illustratedin Step4 of Figure2.

The significanceof this stage2 processings that, ratherthan
simply (anderroneouslypassertheexistenceof thissupplyingevent,
the systemhasdeterminedthe appropriatecontext in which that
statemenbelongs,andaddedit at thatpoint. As aresult,a fuller
meaningof thetext (namelythatit is implicitly describingpartof
the characteristibehaior of rudders power system)hasbeenac-
quired by the system,even thoughthat extra information hasnot
beenexplicitly statedn thetext.

3. STATUS AND DISCUSSION

While thestagel NL processois matureandoperate®nabroad
rangeinput languageandthe AeroNetKB is alsolarge (500 con-
cepts,1500axioms),our work on their integrationis still prelim-
inary andwe have only achieved full start-to-endhroughputon a
small numberof sentences.Part of the reasonfor this is simply
theimplementatiomot keepingup with the theory but partof it is
dueto more fundamentakhallengeof text understandingvhich
our approackcannotcurrentlyhandle. In this section,we attempt
to distinguishthesetwo aspectdy characterizinghe scopeof the
presentedpproachandcasesvhereit breaksdown.

Our approachrelies on several mechanismsand assumptions.
First, it relieson the KB creatingstrongexpectationsaboutwhat
knowledgemight be expressedandon the text’s authorconform-
ing to thoseexpectationsln addition,it relieson thelanguagepro-
cessingand matchingprocesseso toleratevariationsin how that
knowledgemight be expressedFor the matchingprocesgo work,
thestructureof the processethnguaggthe outputof stagel) must
be correctandreasonablyloseto the structuresn the KB, andthe
sentenceseedsuficient detailto avoid excessie ambiguitywhen
matchingwith the KB. To meettheserequirementstheinput sen-



tencesneedto befairly context-independentaccurateandhave a
relatively simple structure for examplecontainingshort, declara-
tive statement@boutpropertiesof objects,relationshipsbetween
objects,and simple descriptionsof events. (The majority of sen-
tencesin the training manualtext we have beenusingmeetthese
requirements).The primary challengehasnot beenin the stagel
languageprocessingtself, but in bridging the gapbetweerits re-
sultandthestructuresn the KB. An importantcontritution of this
work hasbeenallowing a wider gap to be toleratedthroughthe
applicationof transformatiorandinferencerulesin stage2 (e.g.,
allowing sometypesof metorymy to be identifiedandcorrected),
but still thegapmustnotbetoo greatfor thedescribedapproactio
be effective.
Thereare several phenomendlinguistic and otherwise)which
canoccurwhich causeheseassumptionso beviolated,including:
1. Inaccurate/simplifieknowledge. If the useris inaccurateor
deliberatelysimplifiesin the knowvledge,resultingstructures
mayfail to matchthosein the KB. For example,

(12) The pumpsuppliesa sourceof power to the
rudder

is, strictly speakingjncorrect(the pumpsuppliespower, not

a sourceof power), andhencewill fail to matchknowledge
in theKB, evenusingtransformationsWhile heretheauthor
may simply have been‘“sloppy” accidentallyin othercases
he/shemay deliberatelymale technicallyinaccuratestate-
mentssoasto simplify for pedagogicapurposes.

2. Fluctuating(“fuzzy”) conceptboundaries. Sometimeshe
preciseboundarie®f a conceptmay subtlyvary in text. For
example,doesthe “hydraulic system”includeits controlled
devices(e.qg.,therudder)or not? Sometext treatstheanswer
asyes,othertext asno, in contrastto the KB which hasa
single, preciseanswerto this question,and cannotcopeif
theuserdeviatesfrom that. Strictly, theusers variationscor-
respondo (subtly) differentsense®f the phrase‘hydraulic
system”,but it is unrealisticto treatthemasa (potentially
large) numberof differentword senseso be disambiguated.

3. Ambiguitieswhich arenot locally resohable. Althoughthe
KB significantly restrictswaysin which the input text will
be understoodtherestill may be ambiguity (i.e., multiple
matcheswith the KB). For example,in

(13) The EDPis ontheright sideof theairplanes
engine.

the readerunderstandsthe airplanes engine” as “the air-
planes propulsionengin€; althoughto the matcheiit is am-
biguous(there are other enginesin an airplanebesidesits
propulsionengines).In thesecasesthe authoris addition-
ally relying on context andunstateccommunicatiorprotocol
to identify thepreferredmatch which we have notaccounted
for.

4. Comple sentencestructure. We assumehat the organiza-
tion of constituentof the input sentencesvill be correctly
determinedy thestagel processingHoweverthisbecomes
harderto achieve assentencegetlongerandmoreambigu-
ous.A (ratherextreme)exampleis:

(14) The RAT bladelock pin behindthe turbine
lockstheturbinebladedn averticalpositionwhen
theRAT is morethan9 degreesfrom theextended
position.

As sentencedecomemore comple, it becomesarderfor
the stagel NL systemto build a completesemanticrepre-
sentationwith all theinformationpackagedothatit canbe

usedeasilyby the KB.

5. Otherlinguistic variations.Althoughthe NLP processowiill
normalizemary verbalternationdo acommonstructureand
thetransformatiorrulesaccountfor someadditionallinguis-
tic variationsin expressingknowledge, thereare still vari-
ationswhich have not beencovered,and hencewill not be
interpretedoy the system.

An additionalchallengeoccurswhen multiple transformationf
thetext andKB arerequiredto achieve a match,andthis hasbeen
the main obstacleto processingnulti-sentencenput. The chal-
lengehereis not somuchin generatinga single,integratedstruc-
ture representinghe multi-sentenceext (which the stagel NL
processorcando effectively), but in then matchingthat structure
againsthe KB. While smallsentence-basestructurecanbe fea-
sibly transformedo achieve amatch thetaskbecomesighly com-
plex with paragraph-equalentsizedstructuresTo dealwith longer
text units, betterinterleaving of the stagel andstage2 processing
is clearlydesirable.

4. SUMMARY AND CONCLUSION

We have presente@n approacho understandingext aboutair-
craft systemspasedon usinga KB to createstrong,prior expec-
tationsaboutwhat might be statedin thattext, andon treatingthe
languageunderstandindask as one of incrementallyrefining an
airplanerepresentatiomuild usingthis prior knowledge. The KB
constrainghe possibleinterpretation®f thetext, allowing it to be
placedin the appropriatecontext andhelpingidentify whenstate-
mentscan be taken literally or needto be coercedor modifiedto
be understooctorrectly We have alsodescribedhe assumptions
on which this approachis basedandwhich determineits rangeof
applicability

As apracticalmeansof extendinga knowvledge-basei is worth
reiteratingseveral factorsthat simplify the taskand male it more
feasible:we areworking with trainingmanualswhoselanguages
deliberatelysimplified (asopposedo technicalmaintenancenan-
uals, whoselanguagecan be more comple); the stageone NLP
systemhasbeendevelopedandusedto processnanualgfor other
purposesjor severalyears;the domainis constrainedandwe are
not attemptingto extractevery item of informationfrom thetext —
rather the systemwill simply ignoretext thatdoesnot matchary
expectationsin the airplanemodel being constructed and hence
we arenotdependenonfully understandinghe entiretext in order
to acquireat leastsomeknowledgeusingthis method(the system
will extractwhatit can,andsimply ignorethe rest). As an addi-
tional benefit,this methodopensthe possibility of knowledgeen-
try directly from anengineeusinga controlledlanguagenterface,
which we arealsoexploring, ratherthanrequiringhim/herto learn
andwork with the underlyingknownledgerepresentatiofanguage.

One of the mostdifficult challengeshasbeendeterminingthe
relationshipbetweerthe “stagel” and“stage2” processingteps,
andhow muchdecision-makinde.g.,word sensalisambiguation,
normalizatiorof thelogical forms)shouldbeperformedduringini-
tial, KB-independentext processingstagel), andhon muchwith
referenceo theKB (stage?). Too much,andthesystemmaymake
prematureanderroneousommitmentaip front; toolittle andthere
may not be enoughstructureidentifiedfor theknowledge-richpro-
cessingo operate.In practice we have deliberatelychosemot to
exploit the full power of the stagel NL processqrinsteaddelay-
ing somedecisions(e.g., normalizingthe earlier variants(2), (3)
and(4)) to the secondprocessingtage thusavoiding redundantly
hard-wiringtherequiredknowledgein the stagel lexiconandnor-
malizationrules. Similarly, thereis clearlyscopefor theKB to pro-
vide additionalguidanceduringtheinitial processingTheseissues



arecritical for any knowledge-base®lLP approacho address.
Although subjectto a numberof constraintsthe approactsug-
gestshow astronginterplaybetweerlanguagerocessingndback-
groundknowledgecanbeachiered. Thesignificanceof thiswork is
twofold: it illustratesthecritical role backgroundknowledgeplays
in fully understandinganguageandprovidesa simple modelfor
how that understandingan take place,basedon the iterative re-
finementof arepresentationsinginformationextractedfrom text.
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