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Abstract

We study the performanceof two representationsf word
meaningin learningnoun-modi er semanticrelations. One
representatioris basedon lexical resources,in particular
WordNet the other— on a corpus.We experimentedvith de-
cisiontrees,instance-basel@arningandSupportVectorMa-
chines All thesemethodsvork well in thislearningtask.We
reporthigh precision recallandF-scoreandsmallvariation
in performanceacrossseveral 10-fold cross-wlidationruns.
The corpus-basethethodhasthe advantageof working with
datawithout word-sensa@nnotationandperformswell over
the baseline. The WordNetbasedmethod, requiring word-
senseannotatediata,hashigherprecision.

Intr oduction

In understandinga text, it is essentialto recognizerela-

tions amongoccurrences entitiesandtheir attributes,rep-
resentedht the surfaceasverbs,nounsandtheir modi ers.

Semantigelationsdescribdnteractiondetweeranounand
its modi ers (noun-modi er relations),a verb andits argu-
ments(caserelations/semanticoles), and two clauses.In

the pastfew yearswe have seenthe NaturalLanguagePro-
cessing(NLP) community's renaved interestin analyzing
semanticaelationsespeciallybetweenverbsandtheir argu-
ments(Baker, Fillmore, & Lowe 1998), (Kipper, Dang, &

Palmer2000),nounsandtheir modi ers (Rosario& Hearst
2001). Semanticrole labelling competitiong also seemto

increaseheattractvenesof this topic.

In this paperwe considera speci ¢ supervisedearning
task: assignsemanticrelationsto noun-modi er pairsin
basenoun phrasegbaseNPs), composedonly of a noun
andits modi er. To identify suchnoun-modi er relations
we canrely only on semanticand morphologicalinforma-
tion aboutwordsthemseles. For example,in the baseNPs
iron gate brick house plastic container iron, brick, plas-
tic are substancesand gate house containerare artifacts;
this suggestsa MATERIAL relationin thesepairs. On the
otherhand,analyzingcaserelationor clause-lgel relations
is assistedy prepositionssubordinatorsgoordinatorsand
maybemoreelaboratesyntacticstructures.
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We experimentwith two methodsof representingthe
wordsin a baseNP, to be usedin MachineLearning(ML)
experimentsfor learningsemanticrelationsbetweennouns
andtheir modi ers. One methodis basedon featuresex-
tractedfrom WordNet which was designedo capture,de-
scribe,andrelateword sensesin brief, we usehyperryms
to describein more and more generaltermsthe senseof
a word in a pair. The other methodis basedon contex-
tual informationextractedfrom corpora. Contets are use-
ful for determiningword sensesasre ectedin researcton
word-sensalisambiguatiorusing a window of words sur
roundingthe target word (startingwith (Yaraowvsky 1995),
andmorerecently(Purandare& Pederser2004)). We use
grammaticalcollocations (as opposedto proximity-based
co-occurrencesxtractedfrom the British NationalCorpus,
to describeeachword in a pair. We comparethe learning
resultsproducedy usingthesetwo typesof word sensele-
scriptionswith the resultsobtainedby (Turney & Littman
2003)and(Turney 2005),who useda paraphrasenethodto
describehepairasawhole.

The datawe work with consistof noun-modi er pairsla-
belledwith 30 ne-grainedsemantiaelations,groupednto

verelationclassesExperimentgpresentedh this paperare
basednthe ve-classoarse-grainegrouping.

The corpus-basednethodgives precision,recall and F-
scoreswell above the baseline(discussedn the “Experi-
mentalsetupandresults”section) andit worksondatawith-
outword-sensannotationsThemethodbasedn WordNet
givesresultswith higherprecision,but requiresword-sense
annotatediata.

The papercontinueswith relatedwork on learningnoun-
modi er relations,descriptionof the dataandthe represen-
tationsused,presentatiorof the experimentalsetupandthe
results,andconcludesvith adiscussion.

Related Work

We focuson methodgthat analyzeandlearnsemantiaela-
tionsin noun-phrases.

Levi (1978) analyzesthe formation of nominal com-
pounds. Sheidenti es 9 recoverable deletablepredicates
(RDPs): be, cause have male, use about, for, from, in,
which, whenerasedrom a morecomplex expressiongen-
eratea nounphrase Levi writesthatrelationsexpressedy
the RDPsmay be universal,becausdrom a semantigoint

SGrammaticalcollocationsare collocatesthat appearwith the
target word in a grammaticalrelation, such as subject, object,
prepositionatomplement{Kilgarriff etal. 2004).



of view they appeatrto be quite primitive. Differentseman-
tic relationsmaybeassociateavith eachRDP. For example:

cause- causes/icausedby; have — possession/possessor;

malke — physicallyproducing/material.

Berland& Charniak(1999)andHearst(1992)work with
speci c relations,part of andtypeof respectiely. The Au-
tomatic ContentExtractionprojectis a researctprogramin
informationextractionthatfocuseson detectingspeci c re-
lations (such as employer-organization,agent-artifct) be-
tweenseventypesof entities(suchasperson,organization,
facility) in texts (Zhao & Grishman2005). Several types
of information— lexical, grammaticaland contextual — are
combinedusingkernelmethods.

Vanderwendé1994)useshand-craftedulesandadictio-
nary built from texts to nd cluesaboutthe semanticrela-
tionsin whichaword maybeinvolved. Thiswastestedwith
97 pairsextractedfrom the Brown corpus,with anaccurag
of 52%.

Several systemsuse lexical resources(domain-speci c
like MeSHor generallike WordNetor Raget's Thesaurup
to nd theappropriatdevel of generalizatiorfor wordsin a
pair, sothatwordslinked by differentrelationsareproperly
separated.

Rosario& Hearst(2001)learnnoun-modi ersemantiae-
lationsin amedicaldomain,usingneuralnetworks. Thelist
of 13relationds tailoredto theapplicationdomain.Rosario,
Hearst,& Fillmore (2002), continuingthat research)ook
manuallyfor ruleswhich classifycorrectlynouncompounds
in the medicaldomain,basedon the MeSHIexical hierar
chy. The dataare extractedautomaticallyfrom biomedical
journalarticles,andsampledfor manualanalysis.MeSHis
traversedtop-dovn to nd a level at which the nouncom-
poundsin differentrelationsareproperlyseparated.

Lauer (1995) mapswordsin nouncompoundsonto cat-
egoriesin Raget's Thesaurusin orderto nd probabilities
of occurrenceof certainnoun compoundsand their para-
phrasesThereis no automaticprocesgo nd thebestlevel
of generalization. Nastase& Szpalowicz (2003) usethe
hyperrym/hyporym structureof WordNet andRaget's The-
saurustoautomaticallynd thegeneralizatioevel in these
resourceshatbestdescribeeachsemantiaelation. Several
machindearningmethodsareusedn analyzing30 semantic
relations.Girju etal. (2005)alsouseWbrdNetandthe gen-
eralization/specializatioof word sensesn thetaskof noun
compoundnterpretation.Barker & Szpalowicz (1998)use
a memory-basegrocessto assignsemanticrelationsto a
new nounphrasepasedn previously storedexamples.The
distancemetricemploysidentity of oneor bothof thewords,
andthe connectve betweerthem(usuallya preposition).

Turney & Littman (2003) and Turney (2005) use para-
phrasessfeaturegdo analyzenoun-modi errelations.Para-
phrasesxpressmoreovertly the semantiaelationbetween
a nounandits modi er. The hypothesiscorroboratedoy
thereportedexperimentsijs thatpairswhich sharethe same
paraphraselelongto the samesemantiaelation.

Turnegy & Littman (2003) usea setof 64 joining terms
which may appeabetweerthe two wordsin a nounphrase
(in the at the becausesud that, ...). For eachheadnoun-
modi er (H-M) pairin thedatasetandfor eachjoining term
J, aqueryto Alta Vista gave the frequeng of the phrases
HJM andM JH. The128frequeng countsweregrouped
togethewith theassociatedemantiaelationin avectorthat
describedeachnoun-modi er pair, andthenan ML experi-
mentidenti ed the joining termsthat indicatea particular

semantiaelation,usinga 2-nearest-neighbowalgorithm.

This hasbeengeneralizedn Turney (2005) using what
he calls Latent RelationalAnalysis (LRA). For eachword
in a datasebf pairs,Lin's thesaurugLin 1998)givesa set
of possiblesynoryms. All original pairsandpairsgenerated
from synoryms are usedto mine a corpusfor paraphrases.
All paraphrasearegatheredandafew thousandf themost
frequentonesare selected. The selectedparaphraseshe
original word pairsandthe synorym pairsareusedto build
anincidencematrix, whosedimensionalityis reducedusing
singularvalue decompositionLandauer& Dumais1997).
Similarity betweernpairscombinesscoresfor similarity be-
tweentheoriginal word pair andpairsbuilt usingsynoryms.

Becausewe use the samedata as Turney & Littman
(2003) and Turngy (2005), we comparethe results of
learningnoun-modi er relationsusing WordNetbasedand
corpus-basedepresentationsyith the resultsobtainedus-
ing paraphrase-basédformation.

Data and Representations

Lists of semanticrelationsin userangefrom general,as
thelists in PropBank(Palmet Gildea, & Kingshury 2005)
andNomBank(Myersetal. 2004),to moreandmorespe-
cic, asin VerbNet(Kipper, Dang, & Palmer 2000) and
FrameNet(Baker, Fillmore, & Lowe 1998), to domain-
speci ¢ (Rosario& Hearst2001). The datawe useconsist
of 600 noun-modi er pairs, taggedwith 30 semanticrela-
tions,groupednto 5 classe®f relationsby generakimilar-

ity (Barker1998),(Nastas& Szpalowicz 2003),(Turney &

Littman 2003):

1. CAUSAL groupsrelationsenablingor opposinganoccur
rence. Examples(H denoteshe headof a baseNP, M
denoteghemodi er):
cause - H causedM: u virus;
effect - H is theeffect (wascausedy) M: examanxiety
purpose - H is for M: concerthall;

2. PARTICIPANT groupsrelationsbetweenan occurrence
andits participantsor circumstancesExamples:
agent - M performsH: studentprotest
object - M is acteduponby H: metalsepaator;
bene ciary - M bene tsfrom H: studentdiscount

3. SPATIAL groupsrelationsthat placeanoccurrenceat an
absoluteor relative pointin space.Examples:
direction - H is directedtowardsM: outgoingmail;
location - H is thelocationof M: hometowrt
location at - H is locatedat M: desertstorm

4. TEMPORAL groupsrelationsthat placean occurrenceat
anabsoluteor relative pointin time. Examples:
frequency - H occurseverytime M occurs:weeklygame
time at - H occurswhenM occurs:morningcoffee
time through - H existedwhile M existed: 2-hourtrip;

5. QUALITY groupstheremainingrelationsbetweeraverb
or nounandits aguments Examples:
manner - H occursasindicatedby M: stylishwriting;
material - H is madeof M: brick house
measute - M is ameasuref H: heavyrod;



Thewordsin thepairsfrom the datasetairealsoannotated
with partof speectandWbrdNet1.6 word senses.

We describéwo methodof representinghesedata. They
areevaluatedn learningexperimentsOnerepresentatiors
basedn word hyperrym informationextractedfrom Word-
Net Thesecondepresentationelieson grammaticaktollo-
cationinformationextractedfrom a corpus.

WordNetbasedrepresentation

WordNetwasdesignedo captureanddescribevord senses,
andinter-connectthemthrougha variety of lexical andse-
manticrelations. We malke useof the hyperrym/hyporym
links, to representachheadword and modi er in a pair
throughtheir hyperryms(ancestorsin WordNet

WobrdNet's hyperrym/hyporym structureis not uniform.
Somedomainsare presentedn greaterdetail, with a ner
distinctionin the hierarchy Below a certainlevel, however,
regardlessof the domainrepresentedthe synsetsbecome
quitespeci c andrathertechnical andarenothelpfulin gen-
eralization. We must nd arepresentatioffor the wordsin
thepairsthatstrikesa balancebetweenNordNet'sgenerality
andspeci city extremes. The maximumdepthin WordNet
reachedy wordsin ourdatais 14. In anearlierresearchus-
ing this datase{Nastase Szpalowicz 2003)we obsened
thatrule-basedtlassi erspick synsetsatlevelsabove 7. We
thereforechooselevel 7 asthe cut-off point. This senes
as a form of featureselection,which provides more gen-
eralfeatureso the memory-andkernel-basedystemsand
enoughgeneralizatiortevelsfor thedecisiontreeto nd the
onesthat work bestfor the classesve learn. This choice
is supportedy high precisionrecallandF-measurecores,
reportedn the “Experimentalsetupandresults”section.

We usea binary featurerepresentation.To representa
word, using the word senseinformation in the data, we
extract all ancestordocatedat the cut-off level and higher
for the correspondingword sense. This produces959
featuresto representhe headnouns,and 913 featuresfor
the modi ers, to which we add the part of speech. Each
noun-modi erpairin the datasets representedsa vector:

< Sm1; i Smo13; POSn; Sh1; i1\ Shose; POSy; relation >

Shx;Smx can be 1 or 0: this synset either does or
doesnot appearasan ancestoiof the heador the modi er,
respectiely. This representationvill naturallyaddresshe
problemof multiple inheritancein WordNet sincewe can
represenary numberof ancestor®f anode just by setting
thecorrespondinglemento 1.

We attemptto connectadjectve andadwerb modi ers to
thenounhierarchyusingpertainsto andderivedfromlinks.
If this is possible,the representatiorof sucha word will
consist(mostly) of the representationf the nounsynsetto
which it waslinked. If sucha connectioncannotbe made,
the representationvill be lessinformative, becausehe ad-
jective andadwerb synsetsare not organizedin a hierarchy
ascomplex asthenouns'.

We also perform experimentsusing information from
WordNetwhenword-senseénformationis ignored. In this
case,a word's representatiocontainsthe ancestorsat and
above the cut-off level for all its possiblesenses.The pur-
poseof theseexperimentds to measureheimpactof know-
ing thesensef wordsin a pairfor determininghesemantic
relationbetweerthem. The representatiois similar to the
onedescribedabove. Thelengthof the vectorrepresenting

apairincreasestherearenow 1918(hyperrym) featureso
representheheadnounsand1741for themodi er.

Corpus-based epresentationusing grammatical
collocations

Contets provide strongandconsistentluesto the senseof
aword (Yarowsky 1993).If acorpuscaptureslargesample
of languageuse,it allows usto describehesensesf aword
throughcollocatedwords. Supposehat nounN, denoting
entity E, is the subjectof a sentence.Verbsthat co-occur
with N characterizeccurrences whichE canparticipate,
for examplea child cangrow, eat, sleep play, cry, laugh....
Adjectivesthatmodify N tell usaboutE's attributes,sofor
examplea child canbegood,happy sad,small,tall, chubby
playful, ..., andsoon.

We testsucha contet-basedword-senseadescriptionfor
the task of learning noun-modi er relations. The Word
SketchEngine(WSE) (Kilgarriff etal. 2004)givesuscol-
locationinformationorganizedoy grammaticarelations. It
runs on a corpus— in our case,the British National Cor
pus—andextracts for agivenword, collocationinformation
basedandorganizedon grammaticatateyories. Thus,for a
nounthe enginebuilds a list containing: verbswith which
thenounappearssa subjectyverbswith whichit appearsas
an object, the prepositionaphrasesttachedo it (grouped
by prepositions)the headnounsit modi es, its adjectval
and nominalmodi ers, andso on. The adwantageof hav-
ing sucha resourcds thatit eliminatesmost,if not all, of
the noise that we would encounterhad we useda simple
proximity-basegrocesgo gatherco-occurrences n-grams
thatarenot properphrasesare not connectedo the words
weconsideyor donotspantheentirephrase Figurel showvs
apartialword sketchfor the nouncloud®.

cloud-n
and/or objectof subjectof a_modier pp.of-p

mist-n waitch-v scud-v  dark-j ~ smole-n
rain-n - swirl-v  drift-v scudding-j dust-n
sky-n  billow-v gatherv  black-j steam-n
cloud-n form-v grey-| ash-n

ang-v

Figure 1: Sample(partial) word sketchfor the nouncloud
producedy the Word SketchEngine

We producea word sketchfor eachword in eachnoun-
modi er pairin the data. Fromeachword sketchwe obtain
alist of stringsby concatenatingachgrammaticarelation
G; with eachwordin thisrelation.For example for thenoun
cloud, we will generateahelist f and/or.mist,and/orrain,
..., objectof_watd, objectof_swirl, ...g .

Fromthestringsgeneratedor all wordsthatappeain our
data,we Iter outthe leastfrequentonesto obtaina binary
featuresetto represeneachword. Thecorrespondingalue
for a featureG; _wy will be 1 for word w if w appearsn
grammaticatelationG; with wy in thecorpus.

This featureconstructionandselectionprocesproduces
avectorof 4969grammaticalrelation.word strings.The -
nal setof featureshatrepresentshenoun-modi er pair has
2 * 4969features.We have chosena binary representation
ratherthanarepresentatiowhich includesfrequeng infor-
mation.We have two reasons(i) thefactthattwo wordsap-

“To simplify, we have omitted frequeng and other statistical
informationthatthe WSE produces.



Rel. class Examples Pr. Rt FrL [Pira Rira FiLra

Pwn Rwn Fwn [Pwnas Rwnas Fwnas |[[Pws Rws Fws

causal 86(14.3%) [|21.2 24.4 22.68 38.8 38.4 38.59|[69.56 18.6 29.35 52.63 11.76 19.23([17.3767.0527.60
participant260(43.3%)|55.3 51.9 53.54 66 67.3 66.64|/52.16 88.41 65.61] 47.16 92.46 62.46 [|59.0128.57 38.5
quality [146(24.3%)|45.4 47.3 46.33 54.2 57.5 55.80(/54.94 34.48 42.37| 50 20.42 29 ||46.4227.4634.51
spatial 56(9.3%) |/29.1 28.6 28.84 43.1 39.3 41.11((85.71 10.71 19.04] 42.85 555 9.83 [[21.42 5.55 8.82

temporal {52 (8.7%) 66 63.564.72 77.3 65.4 70.85

89.47 65.38 75.55 80 8

14.541{88.57 62 72.94

Tablel: Precisionrecallandf-scorefor memory-basetkarningexperimentg2 nearesheighbour)

peartogetherconnectedy agrammaticatelation,indicates
that they arerelated;(ii) the numberof co-occurrencess
corpus-speci candfrequeng countsfrom differentcorpora
canleadto differentresults. We shaw thatthis representa-
tion givesgoodlearningresults.Frequeng informationcan
beusedto Iter outnoise(with the potentialof deletingim-
portant but infrequentcollocations)r for featureselection.
One advantageof using grammaticalcollocations ex-
tractedfrom a corpusis thatwe do not needdataannotated
with word senses. On the other hand, the representation
obtainedwill grouptogethercontectual informationfor all
possiblesense®f aword. The empiricalresultsshawv that,
despitethis,we canstill nd commoncharacteristicamong
wordsinvolvedin the samesemantiaelation. Having word-
sensalisambiguatedssociationsnay, however, leadto bet-
terresults.We will testthis hypothesisn futurework.

Experiments

As we write in the “Related work” section, Turney &
Littman (2003) and Turney (2005) applied the nearest
neighbour method to the task of learning semanticre-
lations on the same datasetthat we use. They used
the leave-one-outmethodto measurethe performanceof
their predictions, and the class (semanticrelation) of a
test exampleis predictedbasedon its two nearestneigh-
bours. Table 1 shows the reportedresults when using
64 joining terms (Pt ; Rt ; FrL) and when using LRA
(PLra ;RiRrA ; FLra ). Here,P,RandF-scolestandfor pre-
cision,recallandF (1) measurg¢which givesthesameweight
to recall and precision). To comparethese paraphrase-
basedrepresentationwith the corpus-basednd WordNet
basedones, Table 1 includes the results obtained using
WordNetwith word sensdanformation(Pwn ; Rwn ; Fwin )
andwithout (Pw N as; Rwnas; Fwnas — “WN all senses”),
and Word Sketches( Pws; Rws;Fws ) in methodologi-
cally similar experiments- usinganinstance-baselarner
(TiIMBL v. 5.1.0(Daelemanstal. 2004)),with 2 nearest
neighbourandlease-one-outesting.

In termsof recallandF-score the paraphrase-basedp-
resentatiorwhich usedatentrelationalanalysis(LRA) per
formsbetterthanall the otherrepresentation€On the other
hand,it performsmorepoorly in termsof precisionin 4 of 5
relationclasseswith large differencedn 3 of those4 cases
(30.76%for cauSsAL, 42.61%for SPATIAL, and12.17%for
TEMPORAL) comparedo WordNetwith word-sensenfor-
mation.

The experimentghatfollow usea differentmethodology
Several 10-fold cross-alidationruns verify that the learn-
ershave a consistenperformanceon differentrandomdata
splits. Theresultsof theseexperimentsarenotdirectly com-
parablewith the onesin Tablel, becaus¢hey areproduced
with differenttraining-testingnethods.

We apply memory-basedearning (TiMBL v. 5.1.0
(Daelemanset al. 2004)), decisiontree induction (C5.0
v.1.16(Quinlan))andSupportVectorMachine(SVMlight v.

6.01 (Joachims)}o compareword representatiomethods,
discussedbove, for the task of learningnoun-modi er se-
manticrelations. To give morereliableresults,we perform

veruns.For eachrunwe splitthedatainto 10randomsplits
which presere the classdistribution of the original dataset.
We perform 10-fold cross-alidation experimentson these
splitswith the threemachinelearningalgorithms,adjusting
theformattingof the les to t eachtool. Thesearebinary
experimentsin whichexamplesof eachrelationclassin turn
becomethe positive instancesandthe restof the examples
becomehenegative instances.

Preliminaryrunsfoundacon gurationfor eachclassi er.

Theresultspresentedn this sectionwereobtainedwith the
following con gurations: TiIMBL useghelGTREEclassi -
cationalgorithm(decision-tree-baseaptimization)andthe

2 feature-weighingchemeC5.0runswith thedefaultcon-

guration; SVMlight usesthelinearkernel.

Empirical Resultsand Discussion

Table2 shows theresultsof learningthe assignmenof ve
classeof semanticrelationsin binary classi cation exper
iments for eachrelation class. The F-scorebaselinefor
eachbinary classi cationexperimentcombinegwith equal
weights)the precisionwhen all examplesare classi ed as
positive — which is equalto the percentagef examplesin
the positive class— andthe correspondind.00%recall. This
baselineis independenbf the learningmethodused. It is
alsohigherfor mostclasseghantwo alternatvesthat rely
exclusively on the presencef the wordsin the pairs— one
using sparsebinary vector representationthe other multi-
valuedattributes. In thesetwo casessemanticrelationas-
signments simply basedon known associationgpresenin
the training data)betweena word (headnounor modi er)
andspeci ¢ semantiaelations.

Theprecisionrecallandequally-weightedr-scoreresults
for eachrepresentatiomre averagesof ve individual 10-
fold cross-alidationresults plus-minusthe standardievia-
tion for eachaverage.Becausef classimbalance(averag-
ing 1:5for the ve-clasgproblem),accurag is not asinfor-
mative asprecision recallandF-score andis not reported.

Thedatarepresentatiois very high-dimensionalasit of-
tenhappensn NLP problems Notall featurehavethesame
effectonthelearningof noun-modi errelations.Usingfea-
ture weighting schemesn TiMBL and C5.0's built-in fea-
ture selectiongivesbetterlearningresultsthanSVMlight in
termsof F-score.

A low standardlieviationindicateghattheperformanceén
therealworld will becloseto theestimatedwverage A com-
binationof high precisionandrecallvaluesandlow standard
deviation shavs classef relationsthatarelearnedwell in
a particularexperimentalcon guration. This is the casefor
the TEMPORAL classlearnedusing C5.0 or TiMBL with
both the WordNetbasedand the Word Sletch-basedrepre-
sentations. In situationswhere the standarddeviation is
high,we cannotmake con dentpredictionsaboutfutureper



Rel.class Baseling| TiIMBL C5.0 SVM light

F-score P R F-score P R F-score P R F-score
WordNet-basedepresentationyith word sensenformation
CAUSAL | 25.43][52.96 3.98 | 23.8 2.6231.14 2.96]56.82 10 [14.33 2.13 21.8 3.25[68.66 9.68 [17.79 0.8527.48 1.30
PARTICIPANT| 60.35 [[68.86 1.78 [48.22 1.5856.22 1.65|71.65 1.75 [31.56 1.4(043.05 1.51|[69.06 1.79 [50.31 1.56(57.68 1.44
QUALITY 39.16 |[64.71 1.58 [30.24 1.19 40 1.23(68.14 5.11 [30.02 1.4839.72 1.98[66.28 2.49 [24.14 2.2334.57 2.19
SPATIAL 16.95 [|74.73 6.18 |37.86 2.3947.86 2.44|67.43 17.0328.73 5.2837.72 6.77]] 66 8.13 [25.52 1.51|35.73 1.71
TEMPORAL 15.78 |92.63 1.33 | 76.4 3.4482.47 255 94 0.45| 79.2 1.6 [84.73 0.92(77.46 8.49 [52.15 1.31] 60 1.44
WordNet-basedepresentationyithout word sensenformation
CAUSAL | 25.43 [[36.63 10.84 7.77 1.8412.32 3.00]50.73 5.75 [16.24 1.9823.68 2.62[62.40 13.2915.46 1.3724.07 1.87
PARTICIPANT| 60.35 [[67.61 1.79 [23.02 0.9733.78 1.21][73.04 1.92 [27.73 1.3739.74 1.55(63.72 2.60 [39.22 1.24{47.88 1.75
QUALITY 39.16 ||65.08 4.45 [23.16 1.1633.16 1.56|53.79 3.95 [18.39 0.9526.74 1.17[62.83 6.55 15 1.5523.75 2.27
SPATIAL 16.95 [|46.67 13.82 16.4 3.0623.18 4.75|54.93 5.09 [18.73 1.5826.59 2.50(34.66 10.5 [11.37 1.82/16.91 3.30
TEMPORAL 15.78 [|97.10 0.55| 57.6 4.07/70.38 3.72|83.03 2.81 34 2.52145.57 2.29|61.66 4.11 [27.15 2.7737.14 3.00
Word Sketch-basedepresentation
CAUSAL | 25.43 [[32.07 3.48[19.79 3.1223.58 3.32]27.96 3.74 | 18.5 1.3421.12 1.3([32.06 12.56 7.83 3.41]12.43 5.32
PARTICIPANT| 60.35 [[59.48 1.25 [51.16 1.4754.43 0.98|54.02 1.19 [53.01 1.9553.18 1.30|[71.12 1.56 [42.23 0.64/52.47 0.65
QUALITY 39.16 |[53.52 3.69 [39.28 1.2844.67 1.67(43.43 1.05 [44.33 2.54/43.08 1.31]|56.53 4.05 [19.81 0.97/28.67 1.42
SPATIAL 16.95 43 5.33[26.08 5.2330.57 5.07(32.49 6.10 [30.46 3.66 29.8 4.29| 37 8.05[13.68 1.32 19.7 2.57
TEMPORAL 15.78 || 81.9 3.17 | 73.5 5.8975.62 3.31|77.72 4.28 | 69.6 1.49 70.2 2.16[80.03 6.33 [36.81 2.83 48.3 2.44

Table?2: Learningresultsfor TIMBL, C5.0,SVMlight for WordNetbasedandWord Sketch-basedepresentations
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Figure2: F-scoresandstandardieviation for learningwith
TiMBL

formance.

Figure 2 plotsthe F-scoresandstandardieviation for the
word representationexplored,whenTiMBL wasthelearn-
ing method. We plot TIMBL 's results,because- according
to thestandardieviation— it wasthemoststablelearner We
obsene thatthe performancef therepresentatiobasedn
Word Sketcheswhichdoesnotdistinguishwordsenseger
formsbetterthanWordNetwithout word senseénformation.
It is alsocloseto WordNetwith sensenformation.

The adwantageof using corporais that no knowledge-
intensive preprocessings necessaryand the methoddoes
not rely on otherlexical resourcesThe processnaythere-
fore be portedto other languages. In orderto use para-
phrasesffectively, a larger corpusis neededso sufciently
mary paraphrasesanbe found. The sameis true of build-
ing descriptionsof word meaningbasedon grammatical
collocationsin a corpus: the larger the corpus,the higher
the chanceshatwe nd the mostinformative collocations.
Here are somecollocationfeaturespicked by C5.0 during
thelearningphasehappenModi er, occurduring Modi er,

wait until Modi er ° indicatea TEMPORAL relation;predict
Head-nounHead-nourand/orfear® indicatea CAUSAL re-
lation.

We obsene theimpactof having word-sensénformation
whenwe comparethe resultsof learningexperimentswith
the WordNetbasedrepresentatiorwith and without word-
senseannotation. The differencein resultsis quite dra-
matic. The F-scoregiropfor all relationclassesandall ML
methodsused.Moreover, the differencein resultswhenus-
ing Word Sketchesandwhenusingnon-annotatedata— in
favourof Word Sketches-indicatethatwhennoword-sense
informationis available,corpus-basediord descriptionsare
moreinformative andusefulfor the taskof learningseman-
tic relations. The interestingexceptionsare the recall for
the PARTICIPANT classin 2-nearesheighbourexperiments
— 92.46%comparedo the next bestone of 88.41%— and
the precisionfor the TEMPORAL classin cross-alidation
runswith TIMBL — 97.1%,comparedo the 92.63%preci-
sionwhenword sensesreused. The factthatanincrease
in precisionis accompaniedby a sharpdropin recall (from
76.4t0 57.6) meangthatthe learnerreduceshe numberof
examplesincorrectly assignedo the temporalclass,but at
the sametime moretemporalexamplesare assignedo an
incorrectclass. The effect of includingall word hyperryms
is thatit introducesambiguitybetweerpreviously well sep-
aratedwords (when senseinformation was used)through
sharedhyperrymsthat do not pertainto the word sensan
the pair. This causesnore of the pairsto becomeambigu-
ousfrom the semantiaelationpoint of view, andthesewill
be misclassi ed. The pairswith strongercommonalitiesor
non-ambiguousyperrymswill befewer, but will beclassi-

ed better A reverseeffectexplainstheincreasen recallfor
PARTICIPANT , accompaniedy a dropin precision(from
52.16%to 47.16%)— whenmoreexamplesof the classare
caughtbut areclassi edlesscorrectly PARTICIPANT con-
tainsthe mostinstances43.22%of the dataset.Previously

Sobjectof happen-y pp.obj_during-p occury, pp.obj_until-p
wait-v
Sobjectof predict-y and/orfearn




discriminatinghyperrymswill now cover amoreheteroge-
neousmixture of instances.

Using WordNet with word-sensénformation gives very
high results— 82.47%F-score— especiallyin termsof pre-
cision—92.63%.This showvs thatindeedthereareinherited
characteristic®f word sensesvhich determinethe seman-
tic relationsin which thesewords are involved. Here are
somefeatureschosenby the decisiontree method: f clock
time timeg, f measue, quantity amount,quantung for the
modi er indicatea TEMPORAL relation; fill health, un-
healthiness,health probleng for the modi er indicate a
CAUSAL relation;f causalagent,cause causalagencyg for
the headindicatea PARTICIPANT relation. Thefactthatre-
call is lower may suggesthat someword sensesould not
be connectedprobablybecausevhat they sharecannotbe
captureddy thehyperrym/hyporymrelation. Theword rep-
resentatiortanbe extendedo make useof otherrelationsin
WordNet suchasmerorym/holorym.

Conclusionsand Futur e Work

We have compareddifferentmethodsof representinglata
for learningto identify semanticrelationsbetweennouns
andmodi ers in basenounphrases.

Looking at the resultsobtainedwith the differentrepre-
sentatiormethodswe canconcludethatwe candetectsuc-
cessfullythe TEMPORAL relationbetweenwordsby look-
ing at either of the following: individual word sensesas
describedby WordNet word meaningas describedby its
contets, or the prepositionor paraphrasethatconnecthe
wordsin thepair. For theotherfour relationclassesgescrib-
ing aword usingsensespeci ¢ WordNetinformationallows
for high precisionin identifying the correctrelation class,
butin orderto increasahe numberof relationinstancesec-
ognizedusingcorpus-basetkatureshelps.Whenno word-
senseinformationis available, corpora-basedeatureswill
leadto betterresultsthanusingall word sensesn WordNet

As we saidpreviously, usingtheword meaningrepresen-
tation methodsdescribedgeneratesery high dimensional
data. While we do obtainresultswell above the baseline,
it is quite likely thatthe ML tools are overwhelmedby the
large numberof attributes. We will experimentwith dif-
ferentfeatureselectionmethodsto nd asmall setof word
meaningdescriptorghatmay produceevenbetterresults.

Becausewe usesetsof featuresfrom differentsources,
which achieve high precisionon differentclasseswe could
useco-trainingto bootstrapthe automatictaggingof a new
setof pairs(Balcan,Blum, & Yang2005). Thiswould allow
us to incrementallyincreasea starting(small) datasetwith
examplesclassi ed at high precision. Obtaininga larger
datasetvould helpaddresshe problemof datasparseness.
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