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Abstract

This paper preserts an automatic approach for learning semartic cri-
teria for the mass versus count noun distinction by induction over the
lexical mappings contained in the Cyc knowledge base. This produces
accurate results (89.5%) using a decision tree that only incorporates se-
mantic features (i.e., Cyc ontological types). Comparable results (86.9%)
are obtained using OpenCyc, the publicly available version of Cyc. For
broader applicabilit y, the massnoun criteria using Cyc are converted into
criteria using WordNet, preserving the general accuracy (86.3%).

1 Intro duction

In semartic lexicons where the underlying concept is represerted separately
from the word or phrase being de ned, a lexical mapping is usedto establish
the connection betweenthe two [ON95, BD99]. For corvenience,the term lexi-
calize will refer to the processof producing these mappings, which are referred
to as lexicalizations.! Deciding whether the headword in a phrase should be

Now at Legicode, Inc.
1The term lexicalization is used in a broader sensethan that traditionally used in gram-
matical literature: \fossilized" words (i.e., no longer morphologically decomposable [HP02]).



lexicalized as a massnoun is not as straightforward as it might seem. There
are guidelinesavailable in traditional grammar texts, as well asthe more tech-
nical linguistics literature. But these mainly cover high level categories,suc
as substances,the prototypical category for massnouns, and concrete objects,
the prototypical category for count nouns. Howewer, for lower-level categories
the distinctions are not so clear, especially when the sameheadword occurs in
di erent typesof contexts. For example,\source code" represerts a massnoun
usage,whereas\p ostal code" would be a count houn usage.

In addition, sometimesthe sameword will be a massnoun in somecontexts
and a court noun in others, depending on the underlying concept. For example,
\anthrax" will be a massnoun when referring to the bacteria, but it will be a
court nounwhenreferring to the resulting skin lesions(e.g., \anthraces"). There
has beenmuch work on the coercion of count nounsinto massnouns (and vice
versa), such asthe “grinding rule' [BCL95], a special caseof which coversanimal
terms becoming mass nouns when referring to the food (e.g., \Let's have pig
tonight."). However, there has beenlittle work on determining whether terms
should be lexicalized via massnouns or count nouns. The work here illustrates
how this can be done by learning a decisiontree basedon the ontological types
of the underlying concept. Thus, it relies only upon sematriic criteria.

Motiv ation for this comesin the context of building a large-scaleknowledge
base (KB), namely Cyc [Len99. Traditionally at Cycorp, there has been a
split in the knowledge engineering, with the domain knowledge being entered
separatelyfrom the lexical knowledge. The reasonfor this is that the knowledge
engineersmight not be familiar with the linguistic considerationsnecessaryfor
performing the mappings accurately. They also might not be familiar with all
the lexicalization corvertions to allow for consistent lexical knowledge entry.
To alleviate this bottleneck, the linguistic criteria can be inferred from the
knowledge base, exploiting the large number of previous decisions made by
lexical knowledge engineersregarding speed part selection.

This problem is not just restricted to computational lexiconssuch asthe Cyc
English lexicon. As an example,web seard enginesoften provide suggestionsas
follow-ups to particular queries, albeit with infelicitous English. For instance,
in its suggestions,Yahm! exhibits some knowledge of the mass versus count
noun distinction, but it seemsto have incomplete coverage?

Query Suggestion

\luggage" over 50 Luggagelistings on Yahoo! Auctions
\table" over 100 Tableson Yahoo! Auctions

\desk" over 100 Desk on Yahoo! Auctions

This shows that “luggage'is correctly given as a massnoun, and “table' is cor-
rectly pluralized for the suggestions;however, “desk'is incorrectly left singular.
The technique presenried here can help such systemsproduce better wording
for their automatically generatedweb pages. To provide for more general ap-
plicability, an extension is included where the Cyc terms usedin the criteria

2The searches were produced using the basic search option via www.y ahoo.com.



are mapped into WordNet terms (i.e. synsets[Mil90]).2 Note that unlike an
approach that relies on a list of known massnnouns, such as from a learner's
dictionary, this can handle novel headwords provided that the underlying types
are known (e.g., closestWordNet synset).

After an overview of the Cyc knowledgebasein the next section, Section 3
discusseghe approach taken to inferring the part of speed for lexicalizations,
along with the classi cation results. Section 4 then covers the extension to
WordNet. This is followed by a comparisonto related work in Section 5.

2 Cyc knowledge base

The Cyc knowledgebaseis a vast repository of commonsens&nowledgethat has
beenin developmert for over 15 years[Len95), cortaining over 120,000concepts
and a million assertionsthat interrelate them.* At its highest level, the KB
consistsof an ontology describing how the world is generally conceptualizedby
human beings (e.g., objects versusstu ). At the other extreme, it cortains a
grab bag of miscellaneousfacts useful for particular applications, such as web
seardiing, but not necessarilyrepresenativ e of commonsensereasoning (e.g.,
that \Dub ya" refersto PresidentGeorgeW. Bush). In betweenresidesthe area
of the KB most assa@iated with commonsensereasoning, suc as relating to
various human activities. In addition, the KB includesa broad-coverageEnglish
lexicon mapping words and phrasesto terms throughout the KB.

2.1 Ontology

Part of the ontology is a taxonomy of concepts that are partially ordered
via two hierarchical relations: isa (i.e., is-instance-of) and genls (i.e., has-
generalization). These correspond to Cruse's [Cru86] relation of dominance
and specify the type de nition for a concept. In addition, there are a variety of
non-hierarchical relations providing additional information, such as attributes,
relations to other concepts,and usagerestrictions.

Figure 1 showsthe typede nition for PhysicalDevice,® a protot ypical denota-
tum term for count nouns. Conceptnamesin Cyc generally are self-explanatory,
sodescriptions are not included unlessrelevant to the discussion. However, Ta-
ble 1 describes some of the common typesterms usedin Cyc; these are used
later in the experiments. Note that ExistingObjectType is unintuitiv ely a spe-
cialization of TemporalStu T ype.

SWordNet is a popular resource that makesexplicit the lexical relations typically contained
in dictionaries and thesauri. An online version is available at www.cogsci.princeton.edu/~wn,
along with the database les and documentation.

4These gures and the results discussedlater are based on Cyc KB version 576 and system
version 1.2577. Seewww.cyc.com/publications.h tml for detailed documentation on the KB.

5Atomic terms in the KB are called constants; there are also non-atomic terms (e.g., (L eftFn
Brain) ), for which the type de nitions are inferred automatically .

6Unless otherwise noted, all examples are taken from OpenCyc version 0.7 (KB version 567
and system version 1.2594). An online version is available at www.op encyc.org/public _servers.



Collection: PhysicalDevice

Mt: ArtifactGV ocabularyMt
isa: ExistingObje ctT ype
genls: Artifact ComplexPhysicalObject SolidTangibleProduct

Mt: ProductGMt
isa: ProductType

Figure 1: Typede nition for PhysicalDevice, a prototypical denotatum term for
court noun mappings. (G-Mt indicates a generalmicrotheory.)

The type de nition of PhysialDevice indicates that it is a collection (i.e.,
category) that is a specialization of Artifact, etc. In addition, it is an instance of
ExistingObjectType, which is typical for terms referredto by count nouns. Note
that the "Mt' labelsrefer to microtheories, which is the way that knowledgeis
organizedin Cyc to facilitate contextual inferencesaswell asto accourt for the
needsof di erent applications [Guh90].

Figure 2 shows the type de nition for Water, a prototypical denotation for
mass nouns. Although the type information for Water does not corvey any
properties that would suggesta mass noun lexicalization, the assertionsun-
der ChemialCompoundType, its type, do clearly suggestthis type of mapping.
However, sinceChemialCompoundType is a specialization of TangibleStu Com-
positionType, Water is an instanceof the latter. Thusa massnoun lexicalization
is appropriate. This illustrates that the decisiontree for the massnoun distinc-
tion needsto considerinherited types,along with immediate type assertions.

2.2 English lexicon

In Cyc, natural languagelexicons are integrated directly into the KB [BD99].
There are sewral natural languagelexiconsin the KB, kept separatevia mi-
crotheories, but the English lexicon is the only full-scale one. The mapping from
phrasesto conceptsis done through a variety of lexical assertions. These fall
into two broad categories, corresponding to proper namesand common noun
phrases. Proper name assertionsmap strings to individuals in the KB (i.e.,
non-collections). For example,

(nameString Taiwan-RepublicOfChina \Nationalist China")

A denotational assertion mapsa phraseinto a concept, usually a collection. The
phraseis speci ed via a lexical word unit (i.e., lexeme concept) with optional
string modi ers. The part of speed is speci ed via the one of Cyc's Speech-
Part constarts. Syntactic information, such asthe wordform variants and their
speet parts, is stored under the constart for the word unit. For example,
Device-TheWord, the word unit for 'device', just hasa single syntactic mapping
sincethe plural form is inferred:



Concept Description

Thing the \univ ersal collection”

Partiallyln tangible things having an intangible part

Intangible things that are not physical

Individual things that are neither sets nor collections

Intangiblelndividual wholly intangible individuals

MathematicalThing atemporal, non-spatial, mathematical things

Collection natural kinds (not mathematical sets)

Partiallyln tangible-Individual individual with someintangible component

TemporalThing things with temporal extent or location

SpatialThing things with a spatial extent or location

ObjectType di eren tiated ertities (i.e., having “parts' that are
not also instances of the collection)

StuT ype undi eren tiated entities (i.e., every “part' is also
instance of the collection)

TemporalStu T ype sameas Stu T ype with respect to time slices

ExistingOb jectType temporally stu-lik e (TemporalStu T ype) but
spatially object-lik e (ObjectType)

ExistingStu T ype temporally stu-lik e (TemporalStu T ype) as well
as spatially stu-lik e (StuT ype)

Table 1: Examples of Cyc ontological types. These are used as featuresin the
experimerts.

Collection: ChemicalComp oundT ype

Mt: UniversalVocabularyMt
isa: AtemporalNecessarilyEssetialCollectionT ype CollectionType

Mt:. BaseKB
isa: SiblingDisjointCollectionT ype CollectionType PublicConstant

Mt: NaivePhysics\ocabularyMt
isa: SecondOrderCollection

Mt: UniversalVocabularyMt
genls: TangibleStu Comp ositionT ype

Collection: W ater

Mt: NaivePhysics\ocabularyMt
isa: Chemic alComp oundT ype
genls: Oxide

Figure 2: Type de nition for Water, a prototypical denotatum term for mass
noun mappings, including the de nition for ChemicalCompundType, its type.



Usage
Predicate OpenCyc Cyc
denotation 3218 | 16589
compoundString 330 | 1958
multiw ordString 1252 | 23670
headMedialString 192 871
total 4992 | 43088

Table 2: Denotational predicate usagein the Cyc English lexicon. This excludes
microtheories for non-standard lexicalizations (e.g., ComputereselexicalMt).

Constant: Device-TheWord
Mt: GeneralEnglishMt

isa: Englishword
posForms: CountNoun
singular: \device"

The simplest type of denotational mapping assaiates a particular senseof
a word with a concept via the denotation predicate (i.e., relation type). For
example,

(denotation Device-TheWord CountNoun 0 PhysicalDevice)

This indicates that sense0 of the count noun “device' refersto PhysiclDevice
via the assaiated wordforms \device" and \devices".

To accourt for phrasal mappings, three additional predicatesare used, de-
pending on the location of the headword in the phrase. These are compound-
String, headMedialString, and multiwor dString for phraseswith the headword
at the beginning, the middle, and the end, respectively. For example,

(multiw ordString (\w omen's") Wear-TheWord MassNounWomen-
sClothing)

This states that \w omen's wear" refersto WomensClothing Sincethe lexical
mapping is through a massnoun usageof the word “wear', there are no variants
of the phrase.

Table 2 shows the frequency of the various predicates used in the deno-
tational assertions,excluding lexicalizations that involve technical, informal or
slangterms.” Of these,9,739have a MassNounpart of speed for the headword,
comparedto 20,936for CountNoun. This subsetof the denotational assertions
forms the basisof the training data usedin the massversuscourt noun classi er,
asdiscussediater.

7Cyc was adapted for use in the Hotb ot web search engine and thus recognizes many
colorful massterms (e.g., \farm sex").



2.3 OpenCyc

In the spring of 2002, Cycorp releaseda portion of the KB as an open source
resource called OpenCyc8 It include over 8,000 atomic concept® and more
than 99,000assertions,which is roughly 7% of the ertire KB. Over time, Cycorp
intends to releaselarger parts of the KB, to promote the integration of Cyc into
intelligent applications. In addition, there are plans for a researd version of the
system closerin scope to the full KB.

Sud a public resourceas OpenCyc will be valuable for natural language
processingas well as for other areasof arti cial intelligence. The work here
shows that the lexical information represeried in the KB is not only useful
for knowledge-basedsystemsbut can also be adapted for use in applications
emplaying machine learning.

3 Inference of lexicalization part of speech

3.1 General approach

Our method of inferring the part of speed for noun lexicalizations is to apply
machine learning techniques over the lexical mappings from English words or
phrasesto Cyc terms. For ead target denotatum term, the corresponding
typesand generalizationsare extracted from the ontology. This includesterms
for which the denotatum term is an instance or specialization, either explicitly
assertedor inferable via transitivit y. For simplicity, these are referred to as
ancestor terms. The assaiation betweenthe lexicalization parts of speed and
the common ancestor terms forms the basis for the criteria usedin the mass-
court classi er.10

There are sewral possibilities in mapping this information into a feature
vector for usein machine learning algorithms. The most direct method is to
havea binary feature for eact possibleancestorterm, but this requiresthousands
of features. To prune the list of potential features, frequency considerations
can be applied, such as taking the most frequert terms that occur in type
de nition assertions. Alternativ ely, the training data can be analyzed to see
which referenceterms are most correlated with the classi cations.

For simplicity, the frequency approacd is used here. The most-frequert 256
atomic terms are selected,excluding internal constarts agged with the quoted-
Collection predicate (e.g., PublicConstant); half of theseterms are taked from
the isa assertions,and the other half from the genlsassertions. These are re-
ferred to asthe referenae terms. For instance, ObjectType is a type for 21,0420f
the denotation terms (out of 43,088 cases),comparedto 19,643for Stu T ype.

8|nformation on OpenCyc is available at www.op encyc.org.

9This excludes the 1,000+ functional concepts, such as (JuvenileFn Dog), which is used in
place of Puppy, but includes linguistic constants (e.g., Device-TheWor d).

10This same process can be applied to the full set of speed part category values; but
syntactic features would be necessaryfor accurate results.



Theseoccur at ranks 10 and 11, sothey are both included. In contrast, Hand-
Tool occursonly 226times as a generalizationterm at rank 443, soit is pruned.
Someof the top terms after pruning were shown previously in Table 1, along
with informal descriptions.

Given a training instance, suc as a denotation from a word unit into a
speci ¢ Cyc conceptusing a particular SpeechPart (e.g., MassNounor a Count-
Noun), the feature speci cation is derived by determining all the ancestorterms
of the denotatum term and converting this into a vector of occurrenceindicators,
oneindicator per referenceterm. The part of speet servesasthe classi cation
variable. For example, considerthe mapping of \heat production" to HeatPro-
ductionProcess

(multiw ordString (\heat") Produce-TheWbrd MassNoun HeatPro-
ductionProces9

The type de nition follows along with some of the ancestorterms inferred via
transitivit y (as given in the Cyc KB Browser).

Collection: HeatProductionProcess

Mt: NaivePhysicsVocabularyMt

isa: TemporalStu T ype DefaultDisjointScriptT ype
genls: Emission

(isa HeatProductionProcess?ARG?2)
32 answers for 2ARG?2 :
Collection ... StuT ype ... TemporalStu T ype Thing

(genls HeatProductionPro cess?ARG?2)

22 answers for 2ARG?2 :

Emission EnergyTransferEvent Event Evert-Lo calized
GeneralizedTransfer ... Thing TransferOut Translocation

It turns out that all of theseexceptfor EnergyTransferEventare in the reference
list. Therefore, the corresponding feature vector would have 1's in the 49 slots
corresponding to the unique referenceterms and O's in the other 207 slots, along
with MassNounfor the classi cation value.

The exampleillustrates that someof the referenceterms are not very rele-
vant to the classi cation at hand (e.g., Thing). Advanced techniques could be
usedto addressthis, such asthat usedfor collocation selectionin word-sense
disambiguation based on conditional probability [WMB98]. This is not done
here,asit complicatesthe training processwithout signi cantly improving per-
formance. The result is a table containing 30,675 feature vectors that forms
the training data. Standard machine learning algorithms can then be usedto
induce the massnoun lexicalization criteria.

3.2 Sample criteria

We use decisiontrees for this classi cation. Part of the motivation is that the
result is readily interpretable and can be incorporated directly by knowledge-



based applications. Decision trees are induced in a processthat recursively
splits the training examplesbasedon the feature that partitions the current
set of examplesto maximize the information gain [WF99]. This is commonly
doneby selectingthe feature that minimizesthe entropy of the distribution (i.e.,
yields least uniform distribution). Becausethe complete decision tree is over
300 lines long, just a few fragmerts are shown to give an idea of the criteria
being consideredin the count-mass classi cation.

(1) if ObjectType and Event and CreationEvent then
if AnimalActivit y then
CountNoun
else
MassNoun

This fragment indicates that creation events are generally lexicalized via
court noun mappings when they represern animal activities. Otherwise, mass
noun lexicalizations are used. An example of a concept inheriting from Ani-
malActivity is MakingSomething with the court term \creation". One not in-
heriting from AnimalActivity is PhysicalSynthesis with the massterm \ph ysical
synthesis."

(2) if (not ObjectType) and (not Relation) and Agent-Generic then
MassNoun

if (not ObjectType) and Relation then
CountNoun

The secondrule fragment indicates that if both ObjectType and Relation are
not ancestor terms for a concept, then the referencewill use massnouns for
conceptsthat inherit from Agent-Generic An example of this is Dissatis ed,
referred to as \dissatisfaction". The notion of generic agerts might seemodd
here, but emotional statesin Cyc are restricted to agerts. For conceptsthat
are not typed as ObjectType but are typed as Relation, the referencewill use
court nouns. For example, any UnitOfMeasure, a specialization of Relation, is
lexicalized using a court noun (e.g., \meter").

3.3 Results

Table 3 shows the results of 10-fold crossvalidation for the mass-coun classi-
cation. * This was produced using the J48 algorithm in the Weka machine
learning package [WF99].22 This shaows that the system achievesan accuracy
of 88.7%,an improvemen of 21.3 percertage points over the baselineof always

1110-fold cross validation involves randomly partitioning the data into 10 parts, each of
which serves as the test data in one trial (with the rest use for the training data). The trials
are averaged to give the overall accuracy [MS99, WF99].

12Weka is freely available via www.cs.waikato.ac.nz/~mliw eka/index.h tml.



OpenCyc Cyc
Instances 3395 | 30675
Entropy 0.74| 0.90
Baseline 79.2| 68.2
Accuracy 86.9| 895

Table 3: Mass-cour classi cation over Cyc lexical mappings and using Cyc
referenceterms asfeatures. Instancesrefersto sizeof the training data. Baseline
selectsmost frequert case.Accuracy is averagein the 10-fold crossvalidation.

selecting the most frequert case!® The OpenCyc version of the classi er also
performswell. This suggestghat su cien t data is already available in OpenCyc
to allow for good approximations for such classi cations.

Note that theseresults are obtained strictly via semaric features(i.e., Cyc's
ontological types). The useof headword morphological features should improve
the performance. For instance, English has quite a few su xes indicativ e of
massnoun usages|QGLS8Y, such as “-age', -ery', and “-ism' (e.g., \baggage",
\slavery", and \idealism"). Work is underway at Cycorp to make the relations
among words more explicit, which should allow for further improvemerts.

4 Extension to WordNet

The massnoun criteria basedon the full Cyc KB requiresaccesso the KB to
be useful for incorporation in applications. The full KB is proprietary except
for certain researt purposes,so accessto it might be di cult. However, the
criteria induced over the Cyc KB can be carried over into WordNet by taking
advantage of the WordNet mapping in the KB (covering a subsetof WordNet
version 1.6). In e ect, this augmerts the WordNet lexicon with mass noun
indicators, making it easierfor applications sud as Yahw! to accourt for the
distinction.

The Cyc-to-WordNet mapping includes over 8,000 of the synsets,with em-
phasison the higher-level Cyc concepts. The mapping could be applied either to
the nal decisiontree or to the feature table prior to classi cation. The latter
is preferable, becausethe decision tree induction can then accourt for overly
generalmappings along with gapsin the mappings.

A separateclassi er basedon WordNet synsetsis produced asfollows: Each
of the Cyc referenceterm featuresis replacedby a feature for the corresponding
referencesynset. Each of these binary features indicates whether the target
denotatum synsetis a specialization of the referencesynset:

htarget-synset, has-an@stor-hypernym, reference-synset
Correspondenceis establishedby rst cheding for an assertiondirectly linking
the Cyc referenceterm to a WordNet synset. If that fails, there is a ched for

13 Accuracy here is the same as precision in information retrieval. As is often the casewith
decision trees, exactly one answer is provided for all instances, so recall equals precision.
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OpenCyc | Cyc
Instances 3395 | 30675
Entropy 0.74| 0.90
Unmapped accuracy 86.9| 89.5
Baseline 79.2| 68.2
Mapped accuracy 85.3| 86.3

Table 4: Mass-coun classi cation over Cyc lexical mappings using reference
term features mapped into WordNet. Baseline selectsmost frequert case. Un-
mapped accuracy refersto results shonvn earlier. Mapped accuracy incorporates
the WordNet mappings prior to training and classi cation (averageof 10 trials).

a linkage from one of the referenceterm's generalizationsinto WordNet. In
caseswhere there are no such synsets, the feature will not be used. In cases
where se\eral referenceterms correspond to the samesynset, the features will
be con ated.

Giventhe 256referenceterms usedfor the Cyc-basedresults (shown in Table
3), the processto establish corresppndencesyields 70 distinct features (due to
62 deletions and 124 con ations). Table 4 shows the results, indicating an
accuracy of 86.3%in mass-nounclassi cation, which is closeto that when using
the original features.

The following is a simple fragment from the resulting decisiontree:

(3) if NO3875475then f color, coloringg
if N04496504then fkind, sort, form, varietyg
CountNoun
else
MassNoun

This shownsthat color terms are generally massnounsunlessreferring to kinds of
colors (e.g., di erent pigments). In terms of WordNet, sincethe corresponding
synsetsare disjoint (i.e., not related via a common hypernym), this entails that
the massnoun lexicalization will always be preferred. In Cyc, the count noun
usageonly applieswhen conceptsare lexicalized via multi-w ord phrasesheaded
by \color" (e.g., HumanSkinColor as \skin color"). These concepts are not
represerted in WordNet, sothis doesnot produce any con icts.

5 Related work

We are unaware of other approaciesto the automatic determination of the
mass-coun distinction, using either statistical or traditional knowledge-based
frameworks. However, there has beenmuch work on the interpretation of mass
terms in the formal sematriics literature, especially with regard to logical form
represertation and quanti er scopingissues(e.g., [L n89, PS84). Bunt [Bun85]

11



preseris an accourt of massterm interpretation via his EnsembleTheory, which
is built up around part-whole relations, using an alternativ e set theory axioma-
tization which usesthe subsetoperation ( ) rather than the instance operation
(2) asa primitiv e. Note that his and related work addressa di erent aspect of
massterm interpretation, namely how the terms are interpreted in context. For
example, he shows how the ensenble approach facilitates modeling of the mod-
i cation of massnouns(e.g.,\the snow in the garden"), avoiding problemsthat
occur with traditional set-theoretical approades. In cortrast, we addressthe
creation of lexical mappings of massterms into concepts,which can be viewed
as precompiling massnoun preferencednto the lexicon. In fact, this could serve
asinput into Bunt's processfor massnoun interpretation.

Quirk et al. [QGLS85 provide rough guidelines for whether nouns will be
massnounsor count nounsbasedon the type of the denotation term. For exam-
ple, count nounsrefer to individual countable ertities whereasmassnouns refer
to undi erentiated masses(or continua). Huddleston and Pullum [HPO2] pro-
vide similar guidelinesbut do provide more details on the di erences involved.
For instance, the main criteria for massterms is that the conceptsbe perceived
asbeinginherertly unbounded. This accourts for heterogeneouollectionsthat
are given massnoun lexicalizations (e.g., \luggage").

Gillon [Gil99] suggeststhat the mass-coun distinction can be determined
using the notion of aggregation. In particular, the denotations of count nouns
refer to setsmade up of elemerts that are the minimal aggregatesfor which the
term applies. In contrast, the denotations of massnounsrefer to a singleton set
consisting of the maximal aggregatefor which the term applies. For example,
\bird" denotesthe setof all the individual avian animals, whereas\fowl" denotes
the set whose sole member is the aggregation of the avian animals (loosely
speaking, the sameset viewed collectively). This is an elegart accourt of the
distinction, but it does not admit of an immediate decision procedure. For
example, most collectionsin Cyc are not speci cally typed asto whether they
are undi eren tiated aggregatesor not. There is the Stu T ype versusObjectType
distinction, but this is generallyapplied to the high-level collections. In addition,
dueto multiple inheritance, there are many lower-level collectionsthat are both
typed as Stu T ype and ObjectType.

There has beenmore work on “corversions'from count noun usagesto mass
noun and vice versa. For example, the grinding rule mertioned earlier [BCL95]
cornverts a court noun interpretation for an individuated object into a mass
noun interpretation for a substance. The animal grinding rule is a special case
for when court nounsthat refer to animals are used as massnouns to refer to
the animal used as food. Gillon [Gil99] generalizesthis and similar casesto
a rule that converts a count noun usagefor any object to a massnoun usage
referring to an aggregatepart of the object (e.g., meat in the caseof the animal
grinding rule).
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6 Conclusion

This paper shaws that an accurate decision procedure (89.5%) for determining
mass-coun distinction in lexicalizations can be induced from the lexical map-
pings in the Cyc KB. This relies solely on semartic information, in particular
Cyc's ontological types,illustrating the degreeto which this distinction can be
made without syntactic considerations. In practice, it should be augmerted
with other criteria such as onesbasedon the morphology of the headword for
the mappings. Although the main approach relies on Cyc's conceptual distinc-
tions, the results can be incorporated in other applications via the WordNet
mapping.

Future work will investigateadditional featuresfor the mass-coun lexicaliza-
tion classi er, in particular features basedon morphology. In addition, we will
look into how nounsin context might be classi ed asto being count nouns or
massnouns. We will also investigate both extensionsin the cortext of general
speet-part classi cation for lexicalizations. This would complemen existing
part-of-speedt taggersby allowing for more detailed tag types.

In closing, given the recert releaseof OpenCyc, we encourageothers to
investigate how information in the Cyc knowledgebasecan be exploited to infer
criteria for other interesting phenomenarelated to natural languageprocessing
and other intelligent applications.
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