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Abstract

In this paper we presenta clustering exper

iment directed at the acquisition of semantic
classesfor adjectves in Catalan, using only

shallov distributionalfeatures.

We define a broad-caerageclassificationfor

adjectvesbasedn OntologicalSemanticsWe

classify along two parameter{numberof ar

gumentsand ontological kind of denotation),
achieving reliableagreementesultsamonghu-

manjudges.The clusteringprocedureachieves
acomparablagreemenscorefor oneof thepa-
rametersandalittle lower for the other

1 Intr oduction

The main hypothesisunderlyingthe tasksin Lex-
ical Acquisitioniis thatit is possibleto infer lexi-
cal propertiesrom distributional evidence takenas
a generalisatiorof a word’s linguistic behaiour in
corpora. The needfor the automaticacquisitionof
lexical informationarisedfrom the so-called‘lexi-
cal bottleneck”in NLP systemsno matterwhether
symbolic or statistical,all systemsneedmore and
morelexical informationin orderto be ableto pre-
dictaword’s behaiour, andthisinformationis very
hardandcostlyto encodemnanually

In recentresearchn thefield, themaineffort has
beento infer semanticclassedor verbs,in English
(Stevensonet al., 1999) and German(Schulteim
Walde and Brew, 2002). In this paper we con-
centrateon adjectves, which have receved lessat-
tention(seethoughHatzivassiloglouandMcKeovn
(1993) and Lapata(2001)). Our aim is to estab-
lish semanticclassedfor adjectves in Catalanby
meansof clustering, using only shallaw syntactic
evidence.We comparethe resultswith a setof ad-
jectivesclassifiedby humanjudgesaccordingto se-
mantic characteristics.Thus, we intendto induce
semantiqropertiesfrom syntacticdistribution. We
now justify eachof the choices: why adjectves,
why clustering,andwhy shallav features.

Adjectives are predicates,equivalent to verbs
when appearingin predicatve ervironments. A

Toni Badia
GLiCom
UniversitatPompeurabra
La Rambla30-32
08002Barcelona
toni . badi a@ipf . edu

Eloi Batlle
AudiovisualInstitute
UniversitatPompeurabra
Pg.Circum\al.lacib 8
08003Barcelona
el oi @ ua. upf.es

broad semanticclassificationlike the one we pro-

poseis a first stepfor characterisingheir meaning
and agumentstructure. In their modifying func-

tion, they arecrucialin restrictingthe referentsof

NPs.A goodcharacterisationf theirsemanticgan
helpidentify referentdn agiven(con)tet in dialog-
basedtasks,QuestionAnsweringsystemsor even
adwancedinformationExtractiontasks.

We believe clustering, an unsupervisedtech-
nique,to be particularlywell suitedfor our taskbe-
causethereis no well-establishedlassificatiornwe
canrely on, sothatdataexplorationis advisableor
ourtask.In clustering,objectsaregroupedogether
accordingo theirfeaturevaluedistribution, notto a
predefinectlassification(asis the casewhenusing
supervisedechniques)so that we achiea/e a better
guarantedhat we are learninga structurealready
presenin thedata.

Although adjecties are predicatesthey have a
much more limited distribution thanverbs,anddo
not presentong-distancalependenciesT herefore,
we expectthat shallav distributional featureswill
be enoughfor our task. One of the purposesof
the paperis to testwhetherthis hypothesigs right.
Thiswould make adjectie classificatiorachiezable
for languagesvith lessavailableresourceshanEn-
glish, suchasCatalan.

The paperis structuredasfollows: Section2 in-
troduceghe classificationwe areaiming at andthe
hypothesethatledto theexperimentsSection3 fo-
cusenthe methodologyusedto producethe clas-
sification; in Section4 we discussthe resultsob-
tainedsofar; finally, Section5 containssomecon-
clusionsandproposaldor furtherwork.

2 Classificationand Hypothesis

As mentionedabove, the semanticclassificationof
adjectizes is not settledin theoreticallinguistics.
Much researchin formal semanticdhasfocusedon
relatvely minor classes(see Hamann(1991) for
an overvien), which causesoverageproblemsfor
NLP systems. Standarddescriptve grammarsdo
proposebroad-ceerageclassificationgseePicallo



(2002)for Catalan) but theseusuallymix morpho-
logical, syntacticand semanticcriteria. We there-
fore turnedto classificationgailoredfor NLP sys-
tems, and definedtwo parameterdargely inspired
by RaskinandNirenhurg (1995):

e unary or binary adjectves, according to
whetherthey have oneor two aguments.

e basiG objector eventadjecties, accordingto
whetherthey denotenon-decomposablgrop-
erties,or it canbe postulatedhatthey have an
objector eventcomponentn their meaning.

This classificatiorwasoriginally devisedfor sys-
temsusing an external ontology (so that semantic
representationaredirectly linkedto conceptsn the
ontology),butit is alsosuitablefor broadersettings,
aswe arguein therestof the Section.We now turn
to briefly presenthe syntaxof adjectvesin Catalan
anddiscusghe parameterin moredetail.

2.1 Syntax

The default function of the adjectve in Catalanis
that of modifying a noun; the default position is
the postnominalone (about 66% of adjectie to-
kensin the corpususedfor the experimentsmod-
ify nounspostnominally). However, someadijec-
tives can appearprenominally mainly when used
non-restrictrely (so-called“epithets”; 26% of the
tokensoccurin prenominalposition).

Theothermainfunctionof theadjective is thatof
predicatein a copularsentencg6% of the tokens).
Other predicatve contets, suchas adjunctpredi-
cates,are much lessfrequent(approx. 1% of the
adjectivesin thecorpus).

2.2 Unary vs.binary

Unary adjectves have only one argument, usu-
ally correspondingto the modified noun (a red
ball 4rg1) or the subjectin a copular sentence
(this ball 4r¢1 is red). Binary adjectives have two
alguments,one analogousto ARG1 and another
one which usually correspondgo a PP comple-
ment (a teachery g1 jealousof Mary 4grge, this
teacheryrg1 is jealous of Mary 4gge). Thus,
unaryadjectivesdenotepropertiesandbinaryadijec-
tivesdenoterelations.

Fromalinguistic point of view, we expectbinary
adjectvesto co-occurwith postponedorepositions
with asignificanthigherfrequeng thanunaryones.
Similarly, becauseof the hearinessof the PR we
expectthemto frequentlyoccurin predicatve con-
structionsthatis, afteraverh

The arity is a basic parameterfor the seman-
tic characterisatiorof ary predicate. It is use-

ful for low-level taskssuch as parsing (e.g. for
PP-attachmenambiguity within NPs), but alsofor
tasksorientedto semanticssuchas the extraction
of relationshipdetweerindividualsor concepts.

2.3 Basicdenotationvs. object componentvs.
event component

Basic adjectives denote attributes or properties
which cannotbe decomposedfor instancered or
jealous Adjectiveswhich have aneventcomponent
in their meaning(eventadjectivedor short)denote
a statethat is directly dependenbn an event, be
it simultaneour previous to the state. Examples
would be directed flipping or constitutive Sim-
ilarly, object adjectiveshave an embeddedbject
componentin their meaning: pulmonarydisease
canbeparaphrasedsdiseasdhat affectsthelungs
so that pulmonaryevokes the objectlungs Other
exampleswould be economiar agricultural.*

We expectobjectadjectivesto have arigid posi-
tion, right afteranoun(in Catalan).Any othermod-
ifiers or complementgPPs,other adjectives, etc.)
will occurafterthe objectadjectve. Thisrestriction
alsoimpliesthatthey will have verylow frequencies
for predicatve positions.

Event adjectves, on the contrary appearmost
naturallyin predicatve ervironments.Thisis prob-
ably dueto the factthat mostof themaredeverbal
andthusinherit part of the verbalagumentstruc-
ture. Thus,they tendto form largerconstituentshat
are mostly placedin predicatve position. For the
samereasonthey will appeatin postnominalposi-
tion whenactingasmaodifiers.

As for basicadjectves,mostof themcanbeused
nonrestrictiely, sothatthey will appeaboth post-
nominallyandprenominally In addition,thereis no
restrictionkeepingthemfrom appearingn predica-
tive constructionsWhencombinedwith otherkinds
of adjectves,mainly objectadjectves,they will ap-
pearat the peripheria(analisi politica seriosa ‘se-
riouspolitical analysis’).

This parametecanagainbe usedfor basictasks
such as POS-tagging: Adjective-noun ambiguity
is notoriouslythe mostdifficult oneto solwe, and
the orderingrestrictionson the classe®f adjectves
can help to reduceit. However, it is mostuseful
for semantictasks. For instance objectadjectves
canevoke agumentsavhencombinedwith predica-
tive nouns(presidentialvisit - a presidentisits X).
For projectssuchasFrameNe{Baker et al., 1998),

!Note thatwe do not statethatadjectizesdenoteobjectsor
events,but thatthey imply an objector eventin their denota-
tion. This kind of adjectves denotegpropertiesor statesbut
with anembeddear “shadav’ argument(Pustejosky, 1995),
similarly to verbslike to butter.



thesekinds of relationshipscould be automatically
extractedif informationontheclasswereavailable.
Thesameappliesto eventadjecties,thistimebeing
predicategflipping coin - acoinflips).

2.4 Morphology vs. syntax

It could seemthat the semanticclassesestablished
for the secondparameteamountto morphological
classes:not derived (basic adjectves), denominal
(objectadjectives),anddeverbal (event adjecties).
However, althoughthereis indeeda certaincorre-
lation betweenmorphologicalclass and semantic
classwe claimthatmorphologyis not suficient for
areliableclassificatiorbecausdt is by no meansa
one-to-onaelationship.

Therearedenominaladjectveswhich are basic,
dependingon the suffix (e.g. -6s asin velgonyos
‘shy’) and on whetherthey have developeda dif-
ferentmeaningthanthe etymologicalone, suchas
maminal, ‘marginal’, which hascometo be used
assynorymousto ‘rare, outsidetlike’. Corversely
someobject adjectives are not synchronicallyde-
nominal, such as botanic, ‘botanical’. The same
happenswith event as opposedto deverbal adjec-
tives:adeverbaladjectve suchasamable(lit. ‘suit-
able to be loved’, hasderived to ‘kind, friendly’)
hasnowv a basicmeaning(we have not found arny
non-dererbal adjective to have an event-typedeno-
tation).

Our hypothesis,which will be testedon Sec-
tion 4.3, is that syntaxis more reliable than mor
phologyasa basisfor semanticclassification. The
intuition behindthis hypothesids thatif a certain
sufiix forms basicadjectves,they will behae like
ordinarybasicadjectves;similarly, if aderived ad-
jective hasundegonesemantiacchangeandasare-
sult hasshiftedclass,it will alsobehae like anor-
dinaryadjectve of thetametclass.

3 Methodology

We useda 16.5million word Catalancorpus,semi-
automatically morphologically tagged and hand-
correctedRafel, 1994). The corpuscontainsmod-
ern written sampleq1960-1988)from mosttopics
and genres. We selectedall adjectvesin the cor
puswith morethan50 occurence$2283lemmata),
including somegerundsand participleswith a pre-
dominantmodifying function (for more detailson
the selectioncriteria, cf. Sanrona (2003)).

In all the experimentswe clusteredhewholeset
of 2283 adjectves, asthe set of objectsaltersthe
vectorspaceandthusthe classificatiorresults. We
thereforeclusteredalways the samesetand chose
different subset=f the datain the evaluationand
testingphasesn orderto analysetheresults.

tag | gloss tag | gloss

*cd | clausedelimiter || aj | adjectve

*dd | def.determiner|| av | adwerb

*id | indef. det. cn | commonnoun
*pe | preposition co | coordinatingelem.
*ve | verb np | nounphrase

ey | empty

Table 1: Tagsusedin the bigram representation.
Phraséboundarymarlkerssignaledwith *.

In the evaluationphasewe useda manuallyclas-
sified subsetof 100 adjecties (tuning subsetfrom
now on). Two judgesclassifiedthemalongthe two
parametergxplainedin Section2 andtheir judge-
mentsweremeigedby oneof the authorsof the pa-
per In thetestingphasewe useda differentsubset
with 80 adjectves as Gold Standardagainstwhich
we couldcompareheclusteringresults(seeSection
3.2for detailson the manualannotatiorprocess).

3.1 Featurerepresentation

Althoughwe alreadyhadsomehypothesesvith re-
spectto what featurescould be relevant, as dis-
cussedn Section2, we wantedto proceedasempir

ically aspossible.Recallalsofrom the Introduction
thatwe wantedto restrictoursehesto shallav dis-
tributional features.For bothreasonsywe modelled
the datain termsof blind n-gramdistribution and
thenselectedhefeatures.

The lemmatawere modelledusing pairs of bi-
grams: in a 4-word window (threeto the left and
oneto theright of the adjectve), the first two tags
formed a featureand the secondtwo tagsanother
feature.They wereencodedseparatelylueto sparse
dataconsiderationsThiswindow shouldbeenough
for the kind of informationwe gathey becauseof
the locality of the relationshipswhich mostadjec-
tivesestablishwith theiragumentqseeSection2).

We subsumedheinformationin theoriginalmor
phologicaltagsin orderto have theminimalnumber
of catagyoriesneededor ourtask,listedin Tablel1.2

In orderto furtherreducethe numberof features
in a linguistically principled way, we took phrase
boundariesnto account:All wordsbeyonda POS
consideredo beaphraseboundarymarker (seeTa-
ble 1) wereassignedhetagempty

Examplesl and 2 shav the representatiorthat
would be obtainedfor two imaginaryEnglish sen-

2Clausedelimitersare punctuationmarksother than com-
mata,relative pronounsandsubordinatingconjunctions.Coor
dinatingelementsaarecommataandcoordinatingconjunctions.
Noun phrasesare propernounsand personalbronouns.Clitic
pronounswere taggedas verbs, for they alwaysimmediately
precedeor follow averh



tences(tamget adjectie in bold face,word window
in italics; negatve numbersndicatepositionsto the
left, positive onespositionsto theright):

1. He saysthatthered ball is theoneontheleft.
-3ey-2c¢d,-1dd+1cn.

2. Hey, thisteaderis jealousof Mary!
-3ey-2¢y, -1ve+lpe.

The representatioffior sentencel statesthatthe
first elementof the 5-gram (-3; third word to the
left of the adjective) is empty (becausahe second
elements a phraseboundarymarker), thatthe sec-
ondelements aclausedelimiter(conjunctionthat),
the third one (-1; word precedingthe adjectve) is
a definitedeterminerandthe fourth one(+1; word
following theadjectie) is acommonnoun.

This representatiorschemaproduceda total of
240 differentfeature(bigram)types, 164 of which
hada prior probability < 0.001andwerediscarded.
In orderto choosethe mostadequatdeaturesfor
eachof theparametergthatis, featureghatallowed
us to distinguishunary from binary adjectves, on
theonehand,andbasicfrom eventandfrom object
adjectves, on the other), we checled the distribu-
tions of their valuesin the tuning subset Features
werechoserif they haddifferentdistributionsin the
different classeof eachparameteandthey made
linguistic senseWe foundthatbothcriteriausually
agreed,so that the selectedfeaturesare consistent
with the predictionsmadein Section2, aswill be
discussedn Sectiond. An alternatve, moreobjec-
tive selectiormethodwould beto performANOVA,
which we planto testin the nearfuture.

3.2 Gold Standard

Recallthat we could not useary previously well-
establishedclassification. We thereforebuilt our
own Gold Standardas hasbeenmentionedat the
beginning of this section.

The 80 lemmatawere independentlyannotated
by threehumanjudges(PhD studentsin Computa-
tional Linguistics,two of which haddoneresearch
on adjectves), who hadto classify eachadjectve
aseitherunaryor binary on the onehand,andei-
ther basic, event or object-denotingon the other
They receved instructionswhich referredonly to
semanticcharacteristics not to the expectedsyn-
tactic behaiour. For example,“check whetherthe
statedenotedby the adjectie is necessarilyelated
to a previous or simultaneousvent”. In addition,
they were provided with (the samerandomlycho-
sen) 18 examplesfrom the corpusfor eachof the
adjectvesto betagged.

Thejudgeswereallowed to assignalemmato a
seconctateyory in caseof polysemy(e.g.ecoromic
hasanobjectmeaning,economic’,andabasicone,
‘cheap’, lessfrequentin the corpus). However, the
agreemenscoredor polysemyjudgmentsverenot
significantat all. We cannotperformary analysis
on the clusteringresultswith respectto polysemy
until reliable scoresare obtained. 3 We therefore
ignoredpolysemyjudgementsand considerednly
the main (first) classassignedy eachjudgefor all
subsequerdnalyses.

The three classificationsvere again meged by
one of the authorsof the paperinto a single Gold
Standardset (GS from nowv on). The agreement
of the judgesamongsthemselesandwith the GS
with respecto the mainclassof eachadjectve can
befoundin Tables2 and3.

J1l J2 J3

Yagr « | Yagr « | %agr «
J2 || 0.88 0.59
J3 || 0.98 0.91| 0.90 0.67
GS| 097 0.89] 0.90 0.65] 0.98 0.90

Table2: Agreemenfor theunary/binaryparameter:
interjudge(J1,J2,J3),andwith GS

J1 J2 J3

Yagr k | Yoagr x | Yagr
J2 | 0.83 0.74
J3 || 0.88 0.80| 0.80 0.68

GS| 093 0.89] 0.83 0.74] 0.92 087

Table 3: Agreementfor the basic/@ent/objectpa-
rameter:interjudge (J1,J2,J3),andwith GS

As canbe seen,the agreemenamongjudgesis
remarkablyhigh for a lexical semanticgask: All
but onevaluesof the kappastatisticsareabore 0.6
(+/-0.13for a 95% confidenceintenal). The low-
estagreemenscoresarethoseof J2,theonly judge
who hadnot doneresearclon adjectves. This sug-
gestgthatthis judgeis anoutsiderandthatthelevel
of expertiseneededor humango performthiskind
of classificationis quite high. However, thereare
too few datafor this suspicionto be statistically
testable.

Landis and Koch (1977) considervaluesx >
0.61to indicatea substanciousagreementwhereas

3Thelow agreemernis probablytheresultof boththefuzzi-
nessof the limits betweenpolysemyandvaguenes$or adjec-
tives,andthewaytheinstructionsverewritten, asthey induced
judgesto make hard choicesanddid not stateclearly enough
the conditionsunderwhich anitem couldbe classifiedn more
thanoneclass.



Carletta(1996) saysthat 0.67 < x < 0.8 allows
just“tentative conclusiongo bedravn”. Merlo and
Stevenson(2001)reportinterjudgex valuesof 0.53
to 0.66 for a task we considerto be comparable
to ours, that of classifying verbsinto unegative,
unaccusatie and object-drop,and argue that Car
letta’s “is too stringenta scalefor our task,whichis
qualitatively quite differentfrom contentanalysis”
(Merlo andStevenson2001,396).

The resultsreportedin Tables2 and 3 are sig-
nificantly highertanthoseof Merlo and Stevenson
(2001). Althoughthey arestill notall abore 0.8, as
would be desirableaccordingto Carletta,we con-
siderthemto be strongenoughto backup boththe
classificationand the feasibility of the taskby hu-
mans. Thus, we will useGS asthe referencefor
clusteringanalysis.

4 Results

The experimentsvereperformedusingCLUTO* a
free clusteringtoolkit. We testedthe several clus-
tering approacheswvailable in the tool: two hier

archical and one flat algorithm, one of them ag-
glomeratve andthe othertwo partitional,with sev-

eral criterion functions, always using the cosine
distancemeasure. Two different combinationsof

featuresandfeaturenormalisationsvere testedfor

eachparameter The bestresultwas obtainedwith

the k-meansalgorithmandthe parameterdistedin

Table 4. However, the resultswere quite robust
throughall parametrisations.

| un, bin | bas,ev, obj

numberof clusters 2 3

numberof features 10 32

featurenormalisation| none P(F;|A;)/ P(F;)

Table4: Parametergor the clusteringsolutions.

4.1 Unary vs.binary

Figure 1 depicts the clustering solution for the
unary/binaryparameter

The agreemenbetweenGS and this clustering
solutionresultedin 0.97% and x=0.87 (x ranging
from 0.67 to 0.89 with humanjudges),thus fully
comparabldo theinterjudgeagreement.

As canbe seenin Figure 1, all binary adjectives
aretogetherin clusterl, while mostunaryonesare

“http://www-users.cs.umn.edukarypis/cluto/.

5The feature normalisationfor the basic/@ent/objectpa-
rameterwasasfollows: for eachadjectve i andfeaturej, the
raw percentage’(F;|A;) wasdivided by the prior probability
of the feature P(Fj), so thatthe distancefrom the expected
percentageratherthanthe percentagevalue assuch,wasob-
tained.
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Figurel: ClusteringsolutionA: clusters(columns)
vs. unary(gray)andbinary (white) adjectves.

in clusterO (only 2 unaryadjectves were misclas-
sified asbinary). The clusteringclearly recognizes
amajority of objectsbearingno complementanda
minority having aregularcomplementThis param-
eter then,is quite easyandreliableto obtain.

Indeed themostrelevantfeaturedor eachcluster
matchedvery closely the hypothesesliscussedn
Section2. They aredepictedn Table5b.

cl | high values | low values
0 | -1cnt+lco,-1cnt+lced | -lap-lpe -1lvetlpe
1 | -lvetlpe -1cotlpe | -1lcn+laj

Table5: Unary/binary:mostrelevantfeatureqrep-
resentedhsin examplesl and?2).

Objectsin clusterl, correspondingo binary ad-
jectives, have high valuesfor mostof the features
containinga prepositiomafterthe adjectie (obsere
+1pe,'prepositionto theright’). Objectsin clusterQ
(unary adjectves), symmetrically have low values
for thesefeatures,and high valuesfor the default
adjectie positionin Catalan(directly postnominal:
-1cn). Thebehaiour of the objectsin cluster0 (the
biggestclusterby far) presentsnorecohesiorthan
thatof theobjectsin clusterl, whichhaveamedium
meanvaluefor mostfeatures.Thatis, binaryadjec-
tivesdo not have low valuesin thosefeaturesthat
characterizeinaryones put still significantlylower.

4.2 Basicvs.eventvs.object

Figure 2 depictsthe clusteringsolutionfor the ba-

sic/e/ent/objectparameter
Theagreemenbetweerthe GSandtheclustering

solutionwas muchlower thanfor the unary/binary



Figure2: ClusteringsolutionB: clusters(columns)
vs. basic(white), event(light gray)andobject(dark
gray)adjectves.

parameter0.73%andx=0.56 (+/-0.14at 95%c.i.;
k rangingfrom 0.51to 0.57 with humanjudges).
Ourdiagnosiss thatthisis dueto thelack of syntac-
tic homogeneityof the event-adjectie class,which
mighbedueto awrongcharacterisationf theclass.

As canbe seenin Figure 2, while objectadjec-
tivesareall in clusterO andbasicadjectvesarecon-
centratedn cluster2, eventadjectvesarescattered
throughclustersl and2. In fact, clusterl contains
seven out of the eightbinary adjectvesin GS, and
only four unaryones. It seemsthen,thatwhatis
being spottedin cluster1 are againbinary rather
than event, adjectves. If we look at the morpho-
logical type, it turnsout thatsix out of sesen event
adjectvesin clusterl (againstthreeout of sevenin
cluster2) arepatrticiples.A tentatve conclusionwe
candraw is that participlesand otherkinds of de-
verbaladjectves do not behae alike; moreawer, it
seemghatotherkindsof deverbaladjectvesbehae
quitesimilarly to basicadjectves.

It should be remarled, however, that although
event adjectives do not form a homogeneouslass
with respectto the featuresused,basicand object
adjectvesarequite clearly distinguishedrom each
otherin the clusteringsolution.

As for the featuresthat were most relevant for
eachcluster listedin Table6, they confirmtheanal-
ysisjust madeandagainmatchthe hypotheseslis-
cussedn Section2.

Lemmatain cluster O (object adjectives) have
high valuesfor the expected‘rigid” position, right
afterthenoun(-1cn)andbeforeary otheradjectve

cl | high values | low values

0 | -1cn+laj -1cn+lve | -1vetlpe,-1lvet+ldd
1 | -1lvet+lpe -lcdtlpe | -1cn+laj,-1co+lcn
2 | -1cotlcd,-1cotlco | -laj+1lpe-lcn+1laj

Table6: Basic/eent/object:mostrelevant features
(representedsin examplesl and2 above).

(+1aj). They arefurthercharacterisethy not occur
ing as predicateqlow value for -1ve). As for ob-
jectsin clusterl, their featuresare very similar to
the binary clusterl above. Finally, cluster2 (basic
adjectves) presentghe predictedflexibility: its ad-
jectives occurin coordinatingconstructiong-1co,
+1co) and appearfurther from the headnounthan
otheradjectves(low valuefor -1cn+1aj).

4.3 What about morphology?

Oneof the hypothesesve wantedto test,asstated
in Section2.4,is that syntacticinformationis more
reliable than morphologicalinformation in order
to establishsemanticclassesfor adjectves. We
thereforeexpect agreemenbetweenthe clustering
solution and GS to be higher than the agreement
with a classificationbasedon morphologicalclass.
Fromthemanualannotatiorin Sanrona (2003),we
mappedhe classesasin Table7, following thedis-
cussionin Section2.®

morph | sem
notderived | basic
denominal | object
deverbal event
participle | event

Table7: Mappingfrom morphologyto semantics.

The agreementbetweenthis classificationand
the GS was 0.65% and k=0.49, much lower than
the agreemenbetweenclusteringand GS reported
above (0.73%andx 0.56).

Actually, 13 outof 35denominahdjectves,7 out
of 13 deverbaladjectvesand5 out of 15 participles
wereconsideredo bebasicin theGS.Mostof these
mismatchesrecausedy changesn meaning(e.g.
mea@nic, ‘mechanical’doesnot only mean'related
to mechanics’put ‘monotone’). Themorphological
mappingworks bestfor nonderved adjectves: 14
out of 16 were basicin denotation(the remaining
two wereclassifiedasobject). Thus,our hypothesis
seemgo be bacledup by thedataavailable.

Notethatthistestcannotbeperformedor theunary/binary
parameterfor thereis no clearhypothesiswith respecto the
morphology-semantiasmiapping.



5 Conclusionsand futur e work

In this paperwe have pursueda line of research
that seekgto inducesemanticclassedor adjecties
from distributional evidence.Our currentresultsin-
dicatethatit is possible,at leastfor Catalan. We
believe thattheapproacttouldbestraightforvardly
extendedto otherindoeuropeatanguagessuchas
SpanishGermanor English.

The resulting clusterslargely correspondo the
targetedclassesn both parameters:unary vs. bi-
naryontheonehand,andbasic-propertys. event-
componentss. object-componernin the other This
is aremarkableesultconsideringa)thatthehuman
judgesbasedtheir decisionson semanticcriteria,
whereaghe featuresusedcorrespondedo shallav
distributional evidence and(b) thatwe usedanun-
supervisedechnique We have shavn thatfor apart
of speechwith alimited syntacticdistribution such
asadjectves, this kind of informationis enoughto
achieve abroadsemantialassification.

Our resultsalso indicate that a semanticclassi-
fication basedon syntacticdistribution is superior
to onebasedon morphologicaklass,mostly dueto
casewherethe adjectve hasundegonediachronic
changen meaning.

However, thereis a classthatis not well identi-
fied: eventadjectives. The clusteringonly identifies
thosethatarebinary thussimply overlappingwith
thefirst parameter The remainingeventadjecties
seenmto behae like basicones.

Therefore,the first taskin future work will be
to review the definition and characterisatiownf this
class. Also, asthe presentanalysisis basedon a
small sampleof manuallyannotatechdjectves, we
intend to obtain a larger Gold Standard,in order
to establishstatisticallymorereliableresults. This
will alsoallow further analysisof the data,e.g.to
checkto whatextenterrorsin the clusteringresults
correspondo disagreemerttetweerhumanjudges;
or haw far from the centroidare objectsfor which
judgesdisagree.Furtherexperimentswith alterna-
tive modelling stratgies and clusteringalgorithms
shouldbe alsoperformed,so thata global analysis
of theapproactcanbe made.

We would also like to investigatewhat are the
limits of adjectve classificationusingonly shallav
distributional features,and what kinds of informa-
tion would be adequateto enrich the modelling.
Lastbut notleast,we have to work on thedefinition
of polysemywithin our task,sothatwe canachie/e
significantagreemenscoresamongjudgesandin-
tegratethis parametein the experiment.
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