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Abstract. This paperaddresseshe methodologyof ontology construction. It identifies five
stylesof approachto ontologizing (deriving from philosophy, cognitive science,linguistics,
Al/computationallinguistics, and domain reasoning)and arguesthat they do not provide the
sameresults. It thenprovidesa more detailedexampleof one of the approaches.

1 Introduction

After nearly a decade in which statistical techniques made OontologyO a badvadadigtomputational
communitiesthereare encouragingsigns that the pendulumis swinging back. But ontologieswill be
most readily accepted by their traditional critics onlgtifeasttwo conditionsare met: good methodolo-
giesfor building andevaluatingthemaredevelopedandontologiesprove their utility in real applica-
tions. This paperaddressethe questionof the/amethodologyfor ontologybuilding, a topic that has
received relatively little attention.

Sinceontologieshavemany aspectsSection2 outlinesthe aspectof interestfor this paper,namely
ontologycontent. Section3 describegive alternativecontentconstructionmethodologieghat havebeen
adopted in the past. Section 4 provides a generic ontology construction procedure, and $rttidne
previoustwo sectiongtogetherby illustrating the language-orientednethodologywith a more detailed
accountof how ontology buildersmight proceedandwhat they might produce. Finally, Section6 ex-
presses the hope that further work on developing thio#ref ontology constructionmethodologiesan
beof use.

2 Ontology Content: Shallow Semantics

The constructionand useof ontologiesfor computationaburposeshasa long andvariedhistory. In
naturallanguageprocessingdNLP), for example pntologieswereinitially seenas the ultimate answerto
many problems, but later rejected by almost everyone when it became cléniiliiay adequatenesat
thetime wasimpossible. Recently influential NLP figuresarebeginningto recognizethata certaintype
of semanticsNveryshallowsemanticsNis probably necessaty help statisticalNLP systemsovercome
the quality performance ceilings many of them seem to have reached. Since statisticallegstehesr
operations from suitably prepared training matetta, argumentis generallythat the natureand quality
of thesesystems@erformances limited by the natureof the informationin the material. Justasyou
cannotmakegold from stone you cannotobtainsemanticallyadequatenachinetranslation,text summa-



rization, informationretrieval, questionanswering dialoguemanagementtc., without giving the sys-
temsomeaccesgo semanticsn its training.

A less extreme variardf this history was experiencedn severalothercomputationalareas. Eventu-
ally, theyall facethe samecoreproblem:semanticss important, but which semantic2 Turningto the
KnowledgeRepresentatiofKR) community,whoseorigin lies in the traditionsof mathematicslogic,
andphilosophy,doesnot help. It hasnot yet beenableto build large, widely used,general-purposse-
mantictheoriesor semanticresourcesequiredfor practicaluseat the scaleof NLP and similar applica-
tions; such semantic data and theories as do exist are alwagslimited to small-scale(or toy) appli-
cations. KR work hasbeenexcellentin developingformalismsfor representationandfor investigating
the propertiesandrequirement®f variousclasse®f deductivesystems. But for practicalapplications
such formalisms neembntent the deductive systems netdwork on something. A semantictheory of
thekind neededo supportNLP andotherapplicationsrequiresat leasta collection of (unambiguous)
semantic symbols, each carrying a clear denotatiset af rulesfor composingthesesymbols, using a
setof relations,into non-atomiaepresentationsf more-complexmeaningsandsomemethodof validat-
ing theresultsof compositiondeductionandothersemanticoperations.

Because ofhe complexity involved, contentbuilding of this sophisticationhasmostly occurredat a
smallerscale. So despitethe fact thatthe world is certainly complex enoughthat it is reasonabldo
expectmorethan 20,000individual Oatomséd meaningto be usedas building blocks, very few term
collectionsof this sizeare morethanflat enumerationgfor example Standardindustrial Classification
(SIC) codeslists of geographicaéntitiesandlocations lists of chemicals,or pumps,or plants, all with
their propertiesgtc.). Setsof symbols taxonomizedo enableinheritanceof informationandto support
inference, are often called ontologies. But except for CYC [29], large-scale terfava&t®0,000 nodes)
tendto containlittle reasoningknowledge providing mostly lexically anchorechetworksof words; the
best-knownexamplesare WordNet[10,35] andits immediatederivatessuch as EuroWordNet[46] and
other languages@ordNets(http://www.globalwordnet.org/though a few more-distanierivativessuch
asSENSUS[26] arealsoavailable. For composingatomic meaningsymbolsinto more-complexstruc-
tures,mosttheoriesproviderelations,andtypical setsof relationsrangefrom a dozenor so, such as
FillmoreOgarly caseroles[11], to maybefifty by Sowa[43]. But no acceptedstandardset of relations
existseither.

Probablythe most troublesomeaspectof conceptualOcontent§emantics however,is the near-
complete absence of methodological discussion and emerging Omethodology thesoyd thatvide to
the generalenterpriseof ontologybuilding andrelationcreationthe necessaryigor, systematicity,and
eventuallymethoddor verificationthatwould turn thiswork from anartto a science.(A notableexcep-
tion is thework on DOLCE, which makesa goodbeginning;seewww.loa-cnr.it/DOLCE.htmland [12].)
Without at least some ideas about how to validate semantic rescuwtiethe semanticsbuilder andthe
eventuakemanticsiserarein trouble. Thebuilderdoesnot know howto ensurethat what is built today
is consistentin a deepsensewith whatwasbuilt yesterday(andindeed,problemsof inconsistencyhave
plaguedall largerontology-buildingefforts sincetheir inception;for example CYC atonepoint discarded
morethanhalf its contentand startedanew). The userdoesnot know how to choosebetweenvarious
alternativesemanticheoriesand resourcesandis forcedto rely on unverifiableclaims, the builders®
reputation and/or erudition, or subjective preferences.

What to do?

3 Five Methodologiesfor Ontology Construction

The rest of this paper focuses on the problem of creating and orgainitingn ontology a set of terms,
primitive or not, with which to definemeaningin somedomain. | usethe word Oontology@uite infor-
mally here to denote any set of terms organized hierarchically according to the general propetance
relationfollowing subclasshut without additionalrequirementghat logical entailmentor other infer-
ences be defined or that tterms obey suchentailment. Thatis, Oontology®ereincludesterminology



taxonomiesuchasWordNet. While it would be niceto adoptsuchrequirementsthereality is that most
people build ontologies to support their knowledge representation needs in some practical application,
thatthey aremore concernecdhboutthe computationakffectivenessand correctnes®f their application
thanaboutthe formal completeness;orrectnesspr consistencyof the ontology per se. (Shouldthe
systemwork well evenif the ontology is somehowformally deficient,the practicalprojectsl know of
would be quite satisfied.Naturally, completeness;onsistencygtc., arewaysto ensurethat the ontol-
ogy will notleadto unwelcomesurprisesn systembehavior. But unfortunately the stricturesintroduced
by theserequirementsre usually so onerousthat they make adoptingthe requirementgantamountto
placinga severdimitation on the eventuakcopeof the ontology and henceof the whole practicalenter-
prise. Thatis, especiallyfor NLP applications,many peoplebuild their ontologiesas relatively simple
term taxonomies with some inheritance inference, but do not enforce stricter logical requirements.

When constructing an ontology (or domain model; the terms are usemhteechangeablypne can ei-
ther build everythingde novo or one canstartwith the ontologiesof othersand combine,prune, and
massage them togethereeded. In recentwork, severalontology building projectshavecreatednter-
facesto assistwith the manualmergingof ontologies. Typically, thesetools extendontology building
interfaces such as those of Ontolingua [97], Intraspect ([22] http://polaris-
md.pepperdine.edu/Overview.html) and the Stanford CML Editor§g3hcorporatingone or more vari-
antsof namematchingand otherheuristicsplus validation routinesthat checkfor consistencyof edited
results[26,20,38,34].

With regard to the creation or extensiohnew domainmodels,somework in manualknowledgeac-
quisition is developing interfaces that assist the knowledge entry wiykeontinually verifying whatis
enteredactively eliciting informationto completepartial specifications etc., using strategiesnodeled
after human tutoring procedures [24,5].

However,whatis still lackingin ontology constructionis a systematicand theoreticallymotivated
methodology that guides the builder and facilitates consistency and accuracle\alall The reasonfor
this lack is evident: today, we still do not have an adequate theory on wwhigtsesucha methodology.
It is not evenclearhow onewould beginto approachthe problemof designingtheoreticallymotivated
procedures from a suitably general point of view. Consequaithqgughmany peoplebuild ontologies
todayNseefor examplethe OntoSelectwebsiteat http://views.dfki.de/Ontologiedbr over 750 ontolo-
gies in various domainsNnot one of the builders would be able to pravii of operationalizabléests
thatcould be appliedto everyconceptand relation to inform in which caseshis or her choiceswere
wrong.

How then would one approach such a methodology? Well, we can considemitdiagy buildersac-
tually doNthe core operation(s)Nandstudy how they justify their actions. As discussedn [1,45,21],
threesituationscanarisewhenaligning terms from two ontologies:either the two terms are exactly
equivalentpr onetermis moregenerathanthe other,or thetermsareincompatiblé. As soonasincon-
sistencies are found, one has to make a choltlelpsif oneunderstandgvhythe creatorsof the source
ontologiesdid whatthey did. Basedon lessonslearnedfrom practicalexperiencan merging parts of
several ontologies [20] and discussions with numerous individualautherhasidentified five types of
motivation,which canbe identified with five different researchapproachesthe philosophergq16,15,43];
the cognitivescientistq35,10,27,2];the linguists[31,39]; the Artificial Intelligencereasonerg30,13],
which includesthe computationallinguists[3,36]; andthe domainspecialists(too numerousto list).
Eachof thesetypesof individualsoperatesn a distinctway, resolving questionswith argumentsthat
appeato different authoritiesand patternsof reasoningand (not unexpectedlyjeadto very different re-

1 This is not quite true; conceptscan shareparts of their meanings;seediscussionlater, andin [28] and [8].
However,following generalpractice,in this paperwe limit the discussionto Odiscreteéhtologies, in which
conceptsdo not overlap.

2 A reviewerof the paperpointsout that onedoesnot haveto makea choice;one caninclude alternatives,sepa-
rating themin different namespacesaslong asone is not tied to a specific application. The point hereis
thatwhenoneis tied to an application,thenone doeshaveto makethis choice, and since one builds ontolo-
gies for applications,the problemis prevalent.



sults. (It is importantto point out right awaythatnoneof theseare correct comparedo the others;the
notion of correctnesss itself a point of methodologicatliscussion.But within eachmodeof thought, it
is of coursepossibleto be corrector wrong, to be more or lesselegant,andto developa moreor less
satisfyingsolution.)

In generating each new (candidate) ontoldgyn, the ontologizerperformsan act of creation. Stated
assimply aspossible the ontologizerhasto decidewhetherto createa term, andif so, how to placeit
with regardto the otherexistingterms(which constitutessomeportion of the actof defining the term, of
course). Then followadditional specification and definitionThis decisiorprocessplays out as follows
for the five Opersonality typesO of ontologizer:

Typel: Abstractfeaturerecombnation(the philosophers) The procedureof conceptcreationby addi-
tive feature specificationNsystematically adding new differentiaeNis tistorical methodof ontologiza-
tion; interesting examples can be foualt the way backto Aristotle. A modernversionis providedin
[43], who definesseveralhighly abstracfeatureq ConcretebAbstracPositiveDNegativestc.) and then
moreor lessmechanicallyformscombinationsof them as separateconceptsusing thesefeaturesas dif-
ferentiae. Sowalillustratesthis procedureby generatinghe topmostfew dozenconceptsandarranging
themin their combinatorylattice structure underwhich he proposes more traditionally-derivedconcept
taxonomybe arranged.With the DOLCE ontology (www.loa-cnr.it/DOLCE.html[12] employ so-called
identity criteriato determinewhethertwo conceptsarethe sameor not, and how they may differ; these
differences help establish the appropridiféerentiae. The rigor adoptedin this work, especiallythe use
of identity criteriaasa driving methodologyjs a modelfor others. In generalthe ontologizersadopting
this approachare of coursethe philosopherspncethey believethey havefound the essentiaketof se-
mantic primitives, the restfollows by logic. The approachis elegant,but unfortunatelydoesnOwork
beyondthe very mostabstractevels,andis hencenot very usefulfor practicaldomainontologies. Defin-
ing alist of the mostabstracnotionsunderlyingour conceptualizations a complexenoughtask; but it
is truly scaryto considercreatinga list of all the differentiaeone would haveto specify (andarrangein
someorder,so asto avoid the full combinatorycomplexity)in orderto define such notions as Love,
Democracy, and (even) Table.

Type2: Intuitive ontological distinctions(the cognitive scientists) The oldestand most naturalreason
for creatinga newconceptis simply theintuitive feelingthat it is not the sameas anything elsealready
defined,which meanghatonehasto split it off from its near-siblingsand begin a new variation or sub-
species.Unfortunatelypeoplearenot consistentn doingso,andOsplibffOnew Oconceptsfiite actively
as the occasion demands, creating ad hoc subgroupings differentiated by wieatawe(s)are relevantto
their purposes.This playful freedomis useful for communicationand no doubtfor thoughtin general;
its resultsare sometimegecorded(by havingwordsthat namethe concepts)andsometimesiot. The
resultis a hodge-podgef wordsensdamilies whosemeaninggartly overlapbut differ on arbitrary di-
mensions, and for which no regular correspondencef®ane acrosslanguagesn general(seefor exam-

ple [8] for a very nice paperon plesionym§ in variouslanguages).Determiningthis kind of concept
formationis the specialtyof the cognitive scientist(especiallythe one interestedn language)whose
methodology (and proofurnsto devisingcleverexperimentdo measurenow peoplemakedistinctions
between close concepts. But the fluidity of the distinction process, being dependenperstin©ister-
ests,knowledge task,and othercircumstancesnakethis approachto ontology building fraught with

inconsistencyo the point of hopelessness.

Type3: Cross-linguistigphenomenéthelinguists). For somepeople,conceptanbe motivatedsimply
becauseavordsor expressiongor themappeaiin manylanguages.When many culturesindependently
nameathought,is thatnot evidenceor the existenceof thatthoughtasa separate&oncept? Whetherone
believesvygotsky[47], Sapir[42] andWhorf [49], or Piagef[41] asto which of languageandthoughtis
primary (if either),thevery closeintertwiningof themin the mind is generallyaccepted. As shown for
example in EuroWordNet [46] or the plesionym study [8], analyssads-languageifferencesuncovers
complex and fascinating interrelationships among meanings and meaning facets. N#tigalfproach

3 Near-synonymslike jungle, forest,andwoods



fits the linguistic tradition, andfor someNLP applications,especiallycross-lingualones,paying atten-
tion to manylanguagedor ontology constructionand lexicon developmentan be rewarding(seefor
example [7], about which more below). But since there are many concepts fomshigards exist, and
sinceit is easyto demonstratshadingof meaningfrom oneconcepto anotherthat suggestcontinuaof
unimagineddimensionalityno-onewill acceptheargumenthatObecausédsoin language(s)it hasto
beexactlysoin thoughtGsa final arbiter. Nonethelesswords, as the richestcomponentn our arsenal
of toolsto attackmeaningremaincentral. Thereforelanguage-inspiredntology work usually produces
word networkssuchasWordNetthat are strongesin the (typically large) middle region, corresponding
approximately to language lexicons; at both the abstract (upper) and domain-specific and pgotar)ar
region,theytendto loseexpressivautility.

Type 4: Inference-basedonceptgeneralization§the computationateasoners) For computationalsys-
tems, one creates in effect a data model. The ontology (and domain model) is so arranged tteahthose
in the domain that should be treated similarly gn@upedtogetherandtyped, so that they canin fact be
recognized and treated similarly. Such groupings tend to emphasize domain-speciiptsand produce
more abstractconceptg(i.e., upperontologies)only insofarasthey arerequiredfor grouping. For this
methodology the validation methadsl simple anddirect: Do | needseparatdreatmentof something(s)
by thesystem?If | createanappropriatsnewtype,doesthe systemwork as required? The domainterms
thustendto mirror the metadataandthe systemvariables. They must be definedin enoughdetail to
support a reasonably powerful set of operators or rules, but not be so differentiateshasetoo many
rules. This methodology is relatively clean, dependinghe eleganceof the computationakolution to
the problem. Unfortunately,however the decisionjustificationsoffered by systemsbuilderstoday are
seldominterestingto philosopherspsychologistsandlinguists. Given how many ways thereare to
achievea computationatesult,systembuildersare seldomableto expresgheir analysisof the problem
andits solutionin termsof necessarynformation transformationoperationsj.e., in compellinggeneral
information-theoretic terms that would convince tiker disciplines@pecialistsof the logical necessity
of organizing oneOs knowledge one way or another. Thisckett the heartof the inevitablecommu-
nicationbreakdownand decouplingthat occurswhensystemsbuildersandany of the other disciplinesO
researchers set out jointly to build an ontology for some application, a breakdown that mEguifiesint
effort to overcome.

Type 5: Inheriteddomaindistinctions(the domainspecialists). In many ontology building enterprises,
the reason for creating and arranging concepts steitiserfrom abstractheoreticalanalysisnor experi-
mentation,but from existingdomaintheory and practice. Biologists, neuroscientistsaircraft builders,
pump manufacturergegal scholars,andanyoneelsein knowledge-intensiventerprisedind it perfectly
naturalto construcontologieshatreflecttheway their fields view their worlds; this classof ontologies
is thusoneof themostcommonin practice;seefor examplethe over 700 ontologieslisted on the Onto-
Selectwebsite(http://views.dfki.de/ontologies/§overingspacefravel, music,wine, sports,science etc.
[4]. Oftentheexerciseof actuallybuilding anontologyis promptedby the desireto work in a computa-
tional setting, and frequently the organizational discipimposedby ontology softwarecausesan expe-
rience of some enjoyment and even some reorganizatitve duilderO®wn understanding. Connecting
adomainontologyto a genericcomputationakystem(suchas a sentencegeneratorr parser)sometimes
requiresrealignmentand/orreconceptualizatioof the domaintermsinto the categoriegnterpretableby
the computationakngine;a typical solutionis to embedsuchdomainmodel(s)underan Upper Model
thatsupportghe computationasillustratedfor sentenceeneratiorin [3].

AddendumType6: Taxonomicclarity. Thereis anothemmotivationfor introducingconceptsone that
almostall ontology buildersemploy. Sometimest is simply usefulfor an ontology builder to insert
some mid-level concepts in order to create organizational clarity, wighqlicitly formulating the crite-
ria that justify their existence(estheticsand/orclarity of display are reasonaot generallydeemedsuffi-
cientto measuraup to seriousinsights derivedfrom psychologicalexperimentphilosophicalargument,
computationahecessitypr cross-linguisticcomparison).




It is tempting to consider these approaches as complemeatargpuld for exampleask the philoso-
phersto build the uppermostmostabstractregions,the cognitive scientiststo provide some overall
ontologyframeworkthatthe computationalistend domainspecialistscanthen flesh out andrefine, etc.
But thereis no guarante¢hatthe distinctionsnaturalto ontology buildersof onetype will in fact corre-
spondto or be usefulfor others@urposes.In practice,suchadmixturetendsto requirethatall parties
learn a little about every approach, ahdt one of them becomeshe ultimate arbiter, usually on irrele-
vant grounds such as personality or loudness of argument.

4 Ontology Construction Procedure

Mismatchesetweenontologiesarea sourceof never-endingliscussiorandwonder. But they are not
surprising;whenconceptcreationdecisionscanbe justified on such different groundsas listed above,
mismatches are to be expected and are not reaflyinterestingon an individual basis. The ontologies
simply differ in contentand OfocusOWhat s interestingis when one discipline deliversno insight and
anothemustcometo its aid. To preventdisastera methodologyof ontology creationshouldrecognize
this factandassignrelative priorities to the variousconceptcreationmethodsandjustification criteria a
priori, before any actual ontology building is done.

The aboveconsiderationgpply for all ontology building efforts (althoughupperontologies,given
their abstractiorfrom domainparticulars,area somewhaspecialcase).To createa domainmodel, the
methodology generally adopted (see for example [14]), which can beaafititbial graduatedefinement
is:

1. Determine the general characteristics of the ontotodye built. A list of suchcharacteristicgand
additional ones) is provided in [19], and includes the domain of interegiutheseof the ontology,
thetargetlevel of granularity,the conceptuabndtheoreticalantecedentstc. Centralto thesedeci-
sionsis selectingthe principalcriteriaof ontologization(conceptcreationandjustification methods)
and specifying their order. In this step the task/enterprise is determ@#tes domainmodelto be
usedin a computationakystem?Or is it a conceptualproductfor domainanalysisand description?
Who are the intended users/readers of the ontology, and what is their purpose with ifastfilcat
tion criteriawill theyfind mostunderstandableanddo thesecriteriamatchthe purposeor task in
mind?

2. Gather all additional knowledge resources, including starter ontologies, upper structure®threo-
ries (of, say,time andspace)glossarie®f domainterms,supportingdescriptiveand definitional ma-
terial, algorithmsandtools, existingtheoreticaldescriptionsetc.

3. Delimit the major phenomena for consideration: identify the core concepts,diyfesturesallowed,
principaldifferentiaeetc. To lay outthegeneralareastartingwith anexistingupperontology, even
onewith justsomedozennodescanbe helpful.

4. List all readily apparenterms/concepténportantfor the taskor enterprise. Theseterms may~be
derived froma (meta-)datanodel, from the algorithm of the system(to be) built, from experts@e-
portsonthe majorcomponentandprocesses thedomain,etc.

5. For each concept, explicitly record the principle(s) and factors that justify its cred@tierdefinition
may still beincompleteandinformal, but shouldcontainthe principal differentiaeand featuresof in-
terest. Also identify interrelationshipdetweenthe conceptandrelatedconceptsincluding subclass
hierarchicalization, part-wholes, equivalence/synonymy, etc.), and specify/define them.

6. Inspectthe nascentdomainmodelfor (ir)regularity, (im)balancegtc. Then for eachmajor region
(typesof entity, typesof action,typesof state,etc.)repeatsteps3 to 5, refining existing conceptsas
needed. During thigerative refinement,recordall problematicissues;they may requireextensions
to theupperontologyor evento the basiccriteriaof ontologization.

7. Whendone,characterizehe ontology or domainmodel by recordingits essentiaparametersas
spelledoutin [19].



Working outthedetailsof this methodologytakestime andeffort. Not all aspectsapply in all cases,
andnotto all domainsor ontologizationstyles[44]. Careful study of how domainontologizersactually
instantiatethis procedurewill helpfleshouta systematianethodologyof ontologizing.

5 Example Language-Based Methodology: Annotator-Driven Concept
Granularity using Wordsenses

The core ontologization decisions outlined in the preceding section can be viewed as a gtiestioapt
granularity:given somesemanticnotion circumscribedby one or more near-synonymousvords, how
many concepts shoulohe define for them, how shouldone organizethe conceptsand how shouldone
validate thesehoices? This sectionoutlines, as example,a language-basemhethodologythat startsby
creating and validating wordsenses and then uses them to suggest conaeptairistwo parts: experi-
ences with wordsense annotation and converting wordsenses into concepts.

5.1 Experiences in Wordsense Annotation

The OntoBankproject(Weischedelet al., in prep.)is an ongoing attemptby researcherat BBN
(WeischedelRamshawet al.), the University of PennsylvanigMarcus,Palmer,et al.) andISI (Hovy et
al.) to constructa shallowsemanticversionof a collectionof texts. Should continuationfunding be
achievedthegoalis to build by handa setof onemillion sentencesvith their associateghallow seman-
tic frames. In this project, shallow semanticsancludesdisambiguated¢oncept/wordsensgymbols for
each noun, verb, and adjective; basic verb frames with relabocsnstituentsyresolvedanaphoridinks;
canonicalized representations for straightforward dates, numerical expressions, proper named erdities, and
few otherphenomena.Centralto OntoBankis the PropBankwordsensdlifferentiationand annotation
procedure [25].

The IAMTC project [7], which ended early for lack of continuatfanding after one year,hadas goal
to uncover the representational machinery required to suppanterlinguanotationfrom an analysisof
differencesacrosssevenlanguages.Projectmembersannotatedsomel50translatedtexts, eachone in
both Englishandits sourcelanguage(one of Hindi, Arabic, Korean,Japanesek-rench,and Spanish).
Similarto OntoBank,annotatiorincludedselectionof a disambiguatedoncept/wordsens®r eachnoun,
verb, andadjective;the determinatiorof anappropriateverb frame (in this case LCS thetarole frames
[6]) andits connectiondo sentenceonstituentsandthe designof a seriesof incrementallydeepening
representations en route toward the interlingua.

The authorparticipatedin both OntoBankandAMTC, in moreor lessthe samerole, as ontology
maintainer and developer. In both cases, ISidsgaontology at http://omega.isi.ed(i40,18] was used
asrepositoryof all semanticsymbols. In both projects,all nouns,verbs,and adjectiveswere annotated
by multiple people, who selected the appropriate concept@ypressthe wordsGneaning(sjn context.
Both projectspaid considerablattentionto the annotationinterface,annotatortraining, post-annotation
reconciliation discussions, and annotator agreement measures.

Of primaryinterestfor this paperis the ontological considerationghat arisewhen such annotationef-
forts are conducted. i$ relatively straightforward though not alwayseasy,to build ontologiesof spe-
cific well-circumscribeddomainsfor computationapurposes.But the picture changesomewhatwhen
the focus is annotation of wide-coverage newspaper text in the interest of creating shatlanticrepre-
sentations. In particular,the ontology maintaineris confrontedwith a streamof seeminglyunrelated
decisions about concept granularity ardology placementmore or lessonefor everyverb, noun, and
adjective encounteredl'he OntoBankmethodologyis illustrative. Following the PropBankannotation
procedure [25], thenost frequentN words of a given type (say, verbs)are selectedor annotation. For
each verb, 10@entencegontainingit areextractedfrom the corpus. Two or more annotatorsachsee
the same hundreskntenceplus a list of candidateconcept(sense)hoicesextractedirom the ontology.
Theirtaskis to selectjust thoseconceptshatexpresgshe meaning(spf theverbin a givencontext.



It is apparent that the nature of the concept alternatives and the @ddhisir definition are of central
importance. Omega, which for a large part is derived from the lexical network WotdiNatly contains
too many closealternatives confusingthe annotatorgannotatorselectionagreementvhen given Word-
Net sensessoptionsis only around70% for nouns). For example the verb Odrive(®as22 sensesn
WordNet, including separate senses for drivirgueas chauffeuranddriving a car as oneOsvork. In an
employment domain, the difference between chauffeur, taxi driver, andkatdesf employeddriver may
beimportant,butin generaltextsthis distinctionis oftennot made,or it is soimplicit that many people
donOt make it, leading to different annotator choices.

In contrastthe MIKROKOSMOS ontology[33,32], anothersourceof conceptsfor Omega,almost
alwaysofferstoo little granularity;it hasonly one symbolfor all vehicles,including cars, buses,air-
planesgetc. Ideally,onewould like somethingn betweenjust enoughconceptso expressthe semantic
differences that most people easily agree on in the context of the text.

5.2 From Words to Concepts: Hierarchical Graduated Refinement

Palmerandcolleaguesisesensecreation/compressioto build PropBank;they have developeda well-

testedprocedure.A slightly moreelaboratedand formalized procedurewas developedat I1SI to mirror

appropriate wordsenses in the Omega ontology, wioickhis work was extendedo accommodatsepa-
rately wordsenses and concepts [18]. This sense creation procedure is interesting to gretfoerfectly
illustratesthe problemof the ontologybuilder,andthe needfor a strict methodology. For example,how
many senses (concepts) should one define for the word OdriveQ? Different mmé@heBankproduced
quite different results, which differed from thecisionsof PropBankOsxpertsensecreator. The contin-
ual graduated refinement procedure outlinbdveis asfollows: startingwith the word anda numberof

examplesentencesepresentingll/mostof its meaningsjdentify andsplit out the most semantically
differentsense(cluster)andcreatea branchpointin the evolving tree;thenfor eachbranch,repeatthe

process downward. At each split write dothe criteria, or at leasta descriptionof the difference;these
give a hint atthethoughtprocesdor later discussiorandmay eventuallyallow oneto define more-formal
differentiae. For example, consider the following sentences for OdriveO:

1. Drive the demons out of her and teach her to stay away from my husband!!

Shortly before nine | drove my jalopy to the street facing the Lake and parked the car in shadows.

2
3. He drove carefully in the direction of the brief tour they had taken earlier.
4

Her screamsplit up the silenceof the car, accompaniedy therattling of the freight, and then
Cappycameoff the floor, his legsdriving him hard.

5. With an untrained local labor pool, many experts believe, that policy arivd businessegrom
the city.

6. Treasury Undersecretary David Mulford defended TreasuryOsffortsthis fall to drive downthe
value of the dollar.

7. Even today range riders will come uporummifiedbodiesof menwho attemptednhothing more
difficult than a twenty-milehike and slowly lost direction, were tortured by the heat, driven mad
by the constant and unfulfilled promise of the landscape, and who finally died.

8. Cows were kept in backyard barns, and boys were hiredve themto and from the pastureon

the edgeof town.

How many concepts/senseshouldonecreate? In WordNet, Odrive®as22 senses. Employing our
procedure of hierarchical graduated refinement on these (and additional) settenaet)oranda student
separately found 7 major senses, in the oodiehe wordsenséhierarchybelow (hints for differentiateare
indicated in angle brackets, as well as sentence numbers with focal words):



QiriveO

<move in desired direction> <other,various>
7: @rive madd
<physical> <non-physical>
5: busm\‘: demons
<direct> <propel> <motivate>
2,3:cr!1r 4: Ielgs 8:|cattle

Given moresentencesadditionalsubsensesanbe found, including driving a tool (Qirive the ham-
melO) under <propel>, driving non-cardr{@ a bulldozed) under <direct>, employmentlii@e ataxi for
workO) or phrasal expressiondr{@ a hard bargai®) under <other>, etc.

Adopting the abovéierarchicalgraduatedefinementproceduré is usefulfor severalreasons. It sup-
portshumananalysisand agreemenby systematicallyremovingthe mostglaringly differentcases. It
helpssuggestlifferentiae. It allowsoneto vary the granularityat will by simply endingthe differentia-
tion process sooner or later, and by grouping together as undifferentisgedsdBower than the chosen
level. This capabilityis extremelyuseful when one separatesvord sensefrom ontology concepts. As
arguedin for example[37] anddiscussedn [17], not all wordsense@n the sensehierarchyneed(or
should)be convertedinto ontologicalcategoriegconcepts). The sensehierarchicalizatiorfor OdriveO
above for example requiresat leastthreedistinct concepts namely Odrivemad((i.e., somethinglike
Cause-Mental-Instabilitythe nonphysicakensegroup (rootedin somethinglike Cause-State-Change-
toward-Desired-Value), and the physical group (rodtedCause-Movement-in-Desired-Directiorgspec-
tively. Being so different, the first of thesewill be insertedinto the ontology at a point quite remote
from theothertwo. Further,sentencd, Odrivehedemonsout of herOmaybetreatedat two levels: the
surface-metaphorical (in which case Odemams@phoricallystandsfor Qillness@ndthe driving is non-
physical),or the Otrue€emantic(in which casethe meaningis somethinglike Heal-of-Mental-Disorder,
andthereis nodriving, evenmetaphorically).In the latter case,sentencel would also be classifiedin a
regionof the ontologyquite remotefrom the otherconcepts.

Onecancontinueontologizingthe sensehierarchyto the extentone wishesto (or can)formalize the
differentiae and one believes further distinctovidesvaluableadditionalexplanatoryor computational
utility. Eachstepof ontologizationrequiresplacingthe newly formedconceptinto the growing ontology
whereappropriate. This procedurenakesapparenthatthereis no direct homomorphismof the sense
hierarchyinto the ontology,thoughassensesireOcloser®wer downin the hierarchy,one would expect
their ontologicalequivalentsalsoto be closerin the ontology.

It is agoodreasorto stopontologizingthe senséhierarchywhenno obviously most-differentsenseor
senseggroupcanbeidentified, thatis, whenit is possibleto split the remaininggroupin severalequally
goodwaysaccordingto differentcriteria. At this point,onehasmost probablyreacheda level of seman-
tic homogeneityat which severalfeaturescombinein equalmeasureo form the conceptOsniqueiden-
tity.

Cross-language studies are useful in helping to identify a division betdsmrsspace@nd Oontology
spaceQln the|AMTC project,whenthelanguagesn question(Hindi, Arabic, Korean,French,Spanish,

4 Sensedifferentiationin PropBankis not performedhierarchicallyas shown here;the expertproducesa flat
list. Nonethelesstrainedstaff can easily estimatethe level of granularitythat will ensurean inter-annotator
agreemenbdf over 90% (the targetvalue in OntoBank;this figure, on averagerequireda 50% reduction of
WordNetsensesfor example).



and Japanese) provided different words (and hence usually also sétesdésgnslation(by variousprofes-
sional-qualitytranslatorsjnto English,thenthe granularityof the conceptin questionhadto be suchas
to representthe sensescommon acrossthe various translations,while their individual, language-
idiosyncratic, facets of difference remained in the sense hierarchy. One can the$ thonktologyspaced
astheinterlingual representatioisymbols(symbolscapturingcommon,or commonenough, meaning
aspects)pf Osensspace@sthe multi-lingual representatiosymbols(symbolsfor senseghat may or
may not co-occur acrosanguagesbut that are mappedio meaningsno more specificthanthey denote
themselves), and of Olexical space® asahelingualrepresentation symbols (namely, therds of each
language).Thereis a complexmany-to-manymappingacrosshothgaps.

6 Conclusion

The two-stage methodologyNcreating wordsenses and annotating théetetoninegranularity, followed
by conversion of (part of) the sense hieraraitp ontology conceptshasseveraldesirableproperties. It

is Oempirical®, in the sense that the semantic distinctness of a set of wordsensectralidaiesan be
validatedthroughannotatoragreement.This givesan upperboundon the granularityof concepts,and
interestinglyblendslinguistic and cognitive motivationsin a computationalsetting. The hierarchical
graduated refinememrocedures easily extensibleto finer detail, and providessuggestediifferentiaefor

formalization. The overall methodologyaccommodatesomparisonacrossand incorporationof different
languages by separating language-dependent wordsenses from language-independent concepts.

It is not claimed that the methodology described here is a provermgoadequatelyexplored,method-
ology for ontologycreation. But giventheincreasinglypressingneedfor more attentionto methodology
in current-dayontologycreationiit is to be hopedthatthesethoughtswill inspire further exploration. In
addition,hopefullythe newinterestin ontologieswill usherin morework on methodologyaswell. It is
a fascinating and rewarding direction of research.
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