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Abstract

We study the performanceof two representationsof word
meaningin learningnoun-modi�er semanticrelations. One
representationis basedon lexical resources,in particular
WordNet, theother– on a corpus.We experimentedwith de-
cisiontrees,instance-basedlearningandSupportVectorMa-
chines.All thesemethodswork well in this learningtask.We
reporthigh precision,recallandF-score,andsmallvariation
in performanceacrossseveral 10-fold cross-validationruns.
Thecorpus-basedmethodhastheadvantageof working with
datawithout word-senseannotationsandperformswell over
the baseline. The WordNet-basedmethod,requiring word-
senseannotateddata,hashigherprecision.

Intr oduction
In understandinga text, it is essentialto recognizerela-
tionsamongoccurrences1, entitiesandtheir attributes,rep-
resentedat the surfaceasverbs,nounsandtheir modi�ers.
Semanticrelationsdescribeinteractionsbetweenanounand
its modi�ers (noun-modi�er relations),a verbandits argu-
ments(caserelations/semanticroles),and two clauses.In
thepastfew yearswe have seentheNaturalLanguagePro-
cessing(NLP) community's renewed interestin analyzing
semanticrelationsespeciallybetweenverbsandtheir argu-
ments(Baker, Fillmore, & Lowe 1998),(Kipper, Dang,&
Palmer2000),nounsandtheir modi�ers (Rosario& Hearst
2001). Semanticrole labelling competitions2 alsoseemto
increasetheattractivenessof this topic.

In this paperwe considera speci�c supervisedlearning
task: assignsemanticrelationsto noun-modi�er pairs in
basenoun phrases(baseNPs), composedonly of a noun
and its modi�er. To identify suchnoun-modi�er relations
we canrely only on semanticandmorphologicalinforma-
tion aboutwordsthemselves.For example,in thebaseNPs
iron gate, brick house, plastic container: iron, brick, plas-
tic aresubstances,andgate, house, containerareartifacts;
this suggestsa MATERIAL relation in thesepairs. On the
otherhand,analyzingcaserelationor clause-level relations
is assistedby prepositions,subordinators,coordinatorsand
maybemoreelaboratesyntacticstructures.
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� This work wasdoneat theUniversityof Ottawa.
1Occurrenceencompassesall typesof events,actions,activi-

ties,processes,statesandaccomplishments(Allen 1984)
2CONLL 2004, 2005 – SemanticRole Labelling sharedtask

http://www.lsi.upc.edu/srlconll/ .

We experiment with two methodsof representingthe
wordsin a baseNP, to be usedin MachineLearning(ML)
experimentsfor learningsemanticrelationsbetweennouns
and their modi�ers. One methodis basedon featuresex-
tractedfrom WordNet, which wasdesignedto capture,de-
scribe,andrelateword senses.In brief, we usehypernyms
to describein more and more generaltermsthe senseof
a word in a pair. The other methodis basedon contex-
tual informationextractedfrom corpora.Contexts areuse-
ful for determiningword senses,asre�ected in researchon
word-sensedisambiguationusing a window of words sur-
roundingthe target word (startingwith (Yarowsky 1995),
andmorerecently(Purandare& Pedersen2004)). We use
grammaticalcollocations3 (as opposedto proximity-based
co-occurrences)extractedfrom theBritish NationalCorpus,
to describeeachword in a pair. We comparethe learning
resultsproducedby usingthesetwo typesof word sensede-
scriptionswith the resultsobtainedby (Turney & Littman
2003)and(Turney 2005),who useda paraphrasemethodto
describethepair asawhole.

Thedatawe work with consistof noun-modi�erpairsla-
belledwith 30 �ne-grainedsemanticrelations,groupedinto
� verelationclasses.Experimentspresentedin thispaperare
basedon the� ve-classcoarse-grainedgrouping.

The corpus-basedmethodgivesprecision,recall andF-
scoreswell above the baseline(discussedin the “Experi-
mentalsetupandresults”section),andit worksondatawith-
outword-senseannotations.ThemethodbasedonWordNet
givesresultswith higherprecision,but requiresword-sense
annotateddata.

Thepapercontinueswith relatedwork on learningnoun-
modi�er relations,descriptionof thedataandtherepresen-
tationsused,presentationof theexperimentalsetupandthe
results,andconcludeswith adiscussion.

RelatedWork
We focuson methodsthatanalyzeandlearnsemanticrela-
tionsin noun-phrases.

Levi (1978) analyzesthe formation of nominal com-
pounds. Sheidenti�es 9 recoverable deletablepredicates
(RDPs): be, cause, have, make, use, about, for, from, in,
which, whenerasedfrom a morecomplex expression,gen-
eratea nounphrase.Levi writesthat relationsexpressedby
theRDPsmaybeuniversal,becausefrom a semanticpoint

3Grammaticalcollocationsarecollocatesthat appearwith the
target word in a grammaticalrelation, such as subject, object,
prepositionalcomplement(Kilgarrif f et al. 2004).



of view they appearto bequiteprimitive. Differentseman-
tic relationsmaybeassociatedwith eachRDP. For example:
cause– causes/iscausedby; have – possession/possessor;
make– physicallyproducing/material.

Berland& Charniak(1999)andHearst(1992)work with
speci�c relations,part of andtypeof respectively. TheAu-
tomaticContentExtractionprojectis a researchprogramin
informationextractionthatfocuseson detectingspeci�c re-
lations (suchas employer-organization,agent-artifact) be-
tweenseventypesof entities(suchasperson,organization,
facility) in texts (Zhao & Grishman2005). Several types
of information– lexical, grammaticalandcontextual – are
combinedusingkernelmethods.

Vanderwende(1994)useshand-craftedrulesandadictio-
nary built from texts to �nd cluesaboutthe semanticrela-
tionsin whichawordmaybeinvolved.Thiswastestedwith
97pairsextractedfrom theBrown corpus,with anaccuracy
of 52%.

Several systemsuse lexical resources(domain-speci�c
like MeSHor generallike WordNetor Roget's Thesaurus)
to �nd theappropriatelevel of generalizationfor wordsin a
pair, sothatwordslinkedby differentrelationsareproperly
separated.

Rosario& Hearst(2001)learnnoun-modi�ersemanticre-
lationsin amedicaldomain,usingneuralnetworks.Thelist
of 13relationsis tailoredto theapplicationdomain.Rosario,
Hearst,& Fillmore (2002), continuingthat research,look
manuallyfor ruleswhichclassifycorrectlynouncompounds
in the medicaldomain,basedon the MeSHlexical hierar-
chy. The dataareextractedautomaticallyfrom biomedical
journalarticles,andsampledfor manualanalysis.MeSHis
traversedtop-down to �nd a level at which the nouncom-
poundsin differentrelationsareproperlyseparated.

Lauer(1995)mapswords in nouncompoundsonto cat-
egoriesin Roget's Thesaurus, in order to �nd probabilities
of occurrenceof certainnoun compoundsand their para-
phrases.Thereis no automaticprocessto �nd thebestlevel
of generalization. Nastase& Szpakowicz (2003) use the
hypernym/hyponymstructureof WordNet, andRoget'sThe-
saurus, to automatically�nd thegeneralizationlevel in these
resourcesthatbestdescribeeachsemanticrelation.Several
machinelearningmethodsareusedin analyzing30semantic
relations.Girju et al. (2005)alsouseWordNetandthegen-
eralization/specializationof wordsenses,in thetaskof noun
compoundinterpretation.Barker & Szpakowicz (1998)use
a memory-basedprocessto assignsemanticrelationsto a
new nounphrase,basedonpreviouslystoredexamples.The
distancemetricemploysidentityof oneor bothof thewords,
andtheconnectivebetweenthem(usuallya preposition).

Turney & Littman (2003) and Turney (2005) usepara-
phrasesasfeaturesto analyzenoun-modi�errelations.Para-
phrasesexpressmoreovertly thesemanticrelationbetween
a noun and its modi�er. The hypothesis,corroboratedby
thereportedexperiments,is thatpairswhichsharethesame
paraphrasesbelongto thesamesemanticrelation.

Turney & Littman (2003) usea set of 64 joining terms
which mayappearbetweenthetwo wordsin a nounphrase
(in the, at the, because, such that, ...). For eachheadnoun-
modi�er (H-M) pair in thedataset,andfor eachjoining term
J , a queryto Alta Vista gave the frequency of the phrases
H J M andM J H . The128frequency countsweregrouped
togetherwith theassociatedsemanticrelationin avectorthat
describedeachnoun-modi�er pair, andthenanML experi-
ment identi�ed the joining termsthat indicatea particular

semanticrelation,usinga 2-nearest-neighbouralgorithm.
This hasbeengeneralizedin Turney (2005) using what

he calls LatentRelationalAnalysis (LRA). For eachword
in a datasetof pairs,Lin' s thesaurus(Lin 1998)givesa set
of possiblesynonyms.All originalpairsandpairsgenerated
from synonymsareusedto mine a corpusfor paraphrases.
All paraphrasesaregatheredandafew thousandof themost
frequentonesare selected. The selectedparaphrases,the
original word pairsandthesynonym pairsareusedto build
anincidencematrix,whosedimensionalityis reducedusing
singularvaluedecomposition(Landauer& Dumais1997).
Similarity betweenpairscombinesscoresfor similarity be-
tweentheoriginalwordpairandpairsbuilt usingsynonyms.

Becausewe use the samedata as Turney & Littman
(2003) and Turney (2005), we compare the results of
learningnoun-modi�er relationsusingWordNet-basedand
corpus-basedrepresentations,with the resultsobtainedus-
ing paraphrase-basedinformation.

Data and Representations
Lists of semanticrelationsin use rangefrom general,as
the lists in PropBank(Palmer, Gildea,& Kingsbury 2005)
andNomBank(Myerset al. 2004),to moreandmorespe-
ci�c, as in VerbNet (Kipper, Dang, & Palmer 2000) and
FrameNet(Baker, Fillmore, & Lowe 1998), to domain-
speci�c (Rosario& Hearst2001). The datawe useconsist
of 600 noun-modi�er pairs, taggedwith 30 semanticrela-
tions,groupedinto 5 classesof relationsby generalsimilar-
ity (Barker1998),(Nastase& Szpakowicz2003),(Turney &
Littman2003):

1. CAUSAL groupsrelationsenablingor opposinganoccur-
rence. Examples(H denotesthe headof a baseNP, M
denotesthemodi�er):

cause - H causesM: �u virus;
effect - H is theeffect (wascausedby) M: examanxiety;
purpose - H is for M: concerthall;

2. PARTICIPANT groupsrelationsbetweenan occurrence
andits participantsor circumstances.Examples:

agent - M performsH: studentprotest;
object - M is acteduponby H: metalseparator;
bene�ciary - M bene�ts from H: studentdiscount;

3. SPATIAL groupsrelationsthatplaceanoccurrenceat an
absoluteor relativepoint in space.Examples:

dir ection - H is directedtowardsM: outgoingmail;
location - H is thelocationof M: hometown;
location at - H is locatedat M: desertstorm;

4. TEMPORAL groupsrelationsthatplaceanoccurrenceat
anabsoluteor relativepoint in time. Examples:

fr equency - H occurseverytimeM occurs:weeklygame;
time at - H occurswhenM occurs:morningcoffee;
time thr ough - H existedwhile M existed:2-hourtrip;

5. QUALITY groupstheremainingrelationsbetweena verb
or nounandits arguments.Examples:

manner - H occursasindicatedby M: stylishwriting;
material - H is madeof M: brick house;
measure - M is a measureof H: heavyrock;



Thewordsin thepairsfrom thedatasetarealsoannotated
with partof speechandWordNet1.6wordsenses.

Wedescribetwo methodsof representingthesedata.They
areevaluatedin learningexperiments.Onerepresentationis
basedon word hypernym informationextractedfrom Word-
Net. Thesecondrepresentationreliesongrammaticalcollo-
cationinformationextractedfrom a corpus.

WordNet-basedrepresentation
WordNetwasdesignedto captureanddescribeword senses,
andinter-connectthemthrougha variety of lexical andse-
manticrelations. We make useof the hypernym/hyponym
links, to representeachheadword and modi�er in a pair
throughtheir hypernyms(ancestors)in WordNet.

WordNet's hypernym/hyponym structureis not uniform.
Somedomainsarepresentedin greaterdetail, with a �ner
distinctionin thehierarchy. Below a certainlevel, however,
regardlessof the domainrepresented,the synsetsbecome
quitespeci�c andrathertechnical,andarenothelpfulin gen-
eralization.We must�nd a representationfor thewordsin
thepairsthatstrikesabalancebetweenWordNet'sgenerality
andspeci�city extremes.The maximumdepthin WordNet
reachedby wordsin ourdatais 14. In anearlierresearchus-
ing this dataset(Nastase& Szpakowicz 2003)we observed
thatrule-basedclassi�erspick synsetsat levelsabove7. We
thereforechooselevel 7 as the cut-off point. This serves
as a form of featureselection,which provides more gen-
eral featuresto thememory-andkernel-basedsystems,and
enoughgeneralizationlevelsfor thedecisiontreeto �nd the
onesthat work bestfor the classeswe learn. This choice
is supportedby highprecision,recallandF-measurescores,
reportedin the“Experimentalsetupandresults”section.

We usea binary featurerepresentation.To representa
word, using the word senseinformation in the data, we
extract all ancestorslocatedat the cut-off level andhigher
for the correspondingword sense. This produces959
featuresto representthe headnouns,and913 featuresfor
the modi�ers, to which we add the part of speech. Each
noun-modi�erpair in thedatasetis representedasa vector:

< sm 1; :::; sm 913; posm ; sh1; :::; sh959; posh ; r elation >

shx ; smx can be 1 or 0: this synset either does or
doesnot appearasan ancestorof theheador the modi�er,
respectively. This representationwill naturallyaddressthe
problemof multiple inheritancein WordNet, sincewe can
representany numberof ancestorsof a node,just by setting
thecorrespondingelementto 1.

We attemptto connectadjective andadverbmodi�ers to
thenounhierarchyusingpertainsto andderivedfromlinks.
If this is possible,the representationof sucha word will
consist(mostly)of the representationof thenounsynsetto
which it waslinked. If sucha connectioncannotbe made,
the representationwill be lessinformative, becausethead-
jective andadverbsynsetsarenot organizedin a hierarchy
ascomplex asthenouns'.

We also perform experimentsusing information from
WordNetwhenword-senseinformation is ignored. In this
case,a word's representationcontainsthe ancestorsat and
above the cut-off level for all its possiblesenses.The pur-
poseof theseexperimentsis to measuretheimpactof know-
ing thesenseof wordsin apair for determiningthesemantic
relationbetweenthem. The representationis similar to the
onedescribedabove. The lengthof thevectorrepresenting

a pair increases:therearenow 1918(hypernym) featuresto
representtheheadnouns,and1741for themodi�er.

Corpus-basedrepresentationusinggrammatical
collocations
Contextsprovidestrongandconsistentcluesto thesenseof
aword(Yarowsky 1993).If acorpuscapturesalargesample
of languageuse,it allowsusto describethesensesof aword
throughcollocatedwords. Supposethat nounN , denoting
entity E , is the subjectof a sentence.Verbsthat co-occur
with N characterizeoccurrencesin whichE canparticipate,
for examplea child cangrow, eat,sleep,play, cry, laugh....
Adjectivesthatmodify N tell usaboutE 's attributes,sofor
exampleachild canbegood,happy, sad,small,tall, chubby,
playful, ..., andsoon.

We testsucha context-basedword-sensedescriptionfor
the task of learning noun-modi�er relations. The Word
SketchEngine(WSE) (Kilgarrif f et al. 2004)givesuscol-
locationinformationorganizedby grammaticalrelations.It
runs on a corpus– in our case,the British National Cor-
pus– andextracts,for agivenword,collocationinformation
basedandorganizedon grammaticalcategories.Thus,for a
nounthe enginebuilds a list containing:verbswith which
thenounappearsasasubject,verbswith which it appearsas
an object,the prepositionalphrasesattachedto it (grouped
by prepositions),the headnounsit modi�es, its adjectival
andnominalmodi�ers, andso on. The advantageof hav-
ing sucha resourceis that it eliminatesmost, if not all, of
the noisethat we would encounterhad we useda simple
proximity-basedprocessto gatherco-occurrences– n-grams
thatarenot properphrases,arenot connectedto thewords
weconsider, ordonotspantheentirephrase.Figure1 shows
apartialword sketchfor thenouncloud4.

cloud-n
and/or objectof subjectof a modi�er pp of-p ...
mist-n watch-v scud-v dark-j smoke-n
rain-n swirl-v drift-v scudding-j dust-n
sky-n billow-v gather-v black-j steam-n
cloud-n form-v hang-v grey-j ash-n
... ... ... ... ...

Figure1: Sample(partial) word sketchfor the nouncloud
producedby theWord SketchEngine

We producea word sketchfor eachword in eachnoun-
modi�er pair in thedata.Fromeachword sketchwe obtain
a list of stringsby concatenatingeachgrammaticalrelation
Gi with eachwordin thisrelation.Forexample,for thenoun
cloud, we will generatethe list f and/or mist,and/or rain,
...,objectof watch, objectof swirl, ...g .

Fromthestringsgeneratedfor all wordsthatappearin our
data,we �lter out the leastfrequentonesto obtaina binary
featuresetto representeachword. Thecorrespondingvalue
for a featureGi wk will be 1 for word w if w appearsin
grammaticalrelationGi with wk in thecorpus.

This featureconstructionandselectionprocessproduces
a vectorof 4969grammaticalrelation word strings.The�-
nalsetof featuresthatrepresentsthenoun-modi�erpairhas
2 * 4969features.We have chosena binary representation
ratherthana representationwhich includesfrequency infor-
mation.Wehavetwo reasons:(i) thefactthattwo wordsap-

4To simplify, we have omitted frequency andother statistical
informationthattheWSEproduces.



Rel. class Examples PT L RT L FT L PLRA RLRA FLRA PW N RW N FW N PW N as RW N as FW N as PW S RW S FW S

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 17.37 67.05 27.60
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 59.01 28.57 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 46.42 27.46 34.51
spatial 56 (9.3%) 29.1 28.6 28.84 43.1 39.3 41.11 85.71 10.71 19.04 42.85 5.55 9.83 21.42 5.55 8.82
temporal 52 (8.7%) 66 63.5 64.72 77.3 65.4 70.85 89.47 65.38 75.55 80 8 14.54 88.57 62 72.94

Table1: Precision,recallandf-scorefor memory-basedlearningexperiments(2 nearestneighbour)

peartogether, connectedbyagrammaticalrelation,indicates
that they are related;(ii) the numberof co-occurrencesis
corpus-speci�c,andfrequency countsfrom differentcorpora
canleadto differentresults. We show that this representa-
tion givesgoodlearningresults.Frequency informationcan
beusedto �lter out noise(with thepotentialof deletingim-
portant,but infrequent,collocations)or for featureselection.

One advantageof using grammaticalcollocationsex-
tractedfrom a corpusis thatwe do not needdataannotated
with word senses. On the other hand, the representation
obtainedwill grouptogethercontextual informationfor all
possiblesensesof a word. Theempiricalresultsshow that,
despitethis,wecanstill �nd commoncharacteristicsamong
wordsinvolvedin thesamesemanticrelation.Having word-
sensedisambiguatedassociationsmay, however, leadto bet-
ter results.We will testthis hypothesisin 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 example is predictedbasedon its two nearestneigh-
bours. Table 1 shows the reportedresults when using
64 joining terms (PT L ; RT L ; FT L ) and when using LRA
(PLRA ; RLRA ; FLRA ). Here,P, RandF-scorestandfor pre-
cision,recallandF(1)measure(whichgivesthesameweight
to recall and precision). To comparetheseparaphrase-
basedrepresentationswith the corpus-basedandWordNet-
basedones, Table 1 includes the results obtainedusing
WordNetwith word senseinformation(PW N ; RW N ; FW N )
andwithout (PW N as ; RW N as ; FW N as – “WN all senses”),
and Word Sketches( PW S ; RW S ; FW S ) in methodologi-
cally similar experiments– usingan instance-basedlearner
(TiMBL v. 5.1.0(Daelemanset al. 2004)),with 2 nearest
neighbourandleave-one-outtesting.

In termsof recallandF-score,theparaphrase-basedrep-
resentationwhich useslatentrelationalanalysis(LRA) per-
formsbetterthanall theotherrepresentations.On theother
hand,it performsmorepoorly in termsof precisionin 4 of 5
relationclasses,with largedifferencesin 3 of those4 cases
(30.76%for CAUSAL, 42.61%for SPATIAL, and12.17%for
TEMPORAL) comparedto WordNetwith word-senseinfor-
mation.

Theexperimentsthatfollow usea differentmethodology.
Several 10-fold cross-validationrunsverify that the learn-
ershave a consistentperformanceon differentrandomdata
splits.Theresultsof theseexperimentsarenotdirectlycom-
parablewith theonesin Table1, becausethey areproduced
with differenttraining-testingmethods.

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

6.01(Joachims))to compareword representationmethods,
discussedabove, for the taskof learningnoun-modi�er se-
manticrelations.To give morereliableresults,we perform
� veruns.For eachrunwesplit thedatainto10randomsplits
whichpreservetheclassdistributionof theoriginaldataset.
We perform 10-fold cross-validationexperimentson these
splitswith thethreemachinelearningalgorithms,adjusting
theformattingof the �les to �t eachtool. Thesearebinary
experiments,in whichexamplesof eachrelationclassin turn
becomethepositive instances,andtherestof theexamples
becomethenegative instances.

Preliminaryrunsfoundacon�gurationfor eachclassi�er.
Theresultspresentedin this sectionwereobtainedwith the
following con�gurations:TiMBL usestheIGTREEclassi�-
cationalgorithm(decision-tree-basedoptimization)andthe
� 2 feature-weighingscheme;C5.0runswith thedefaultcon-
�guration; SVMlight usesthelinearkernel.

Empirical Resultsand Discussion
Table2 shows theresultsof learningtheassignmentof � ve
classesof semanticrelationsin binary classi�cationexper-
iments for eachrelation class. The F-scorebaselinefor
eachbinaryclassi�cationexperimentcombines(with equal
weights)the precisionwhenall examplesare classi�ed as
positive – which is equalto the percentageof examplesin
thepositiveclass– andthecorresponding100%recall.This
baselineis independentof the learningmethodused. It is
alsohigher for mostclassesthantwo alternativesthat rely
exclusively on thepresenceof thewordsin thepairs– one
usingsparsebinary vector representation,the other multi-
valuedattributes. In thesetwo cases,semanticrelationas-
signmentis simply basedonknown associations(presentin
the training data)betweena word (headnounor modi�er)
andspeci�c semanticrelations.

Theprecision,recallandequally-weightedF-scoreresults
for eachrepresentationare averagesof � ve individual 10-
fold cross-validationresults,plus-minusthestandarddevia-
tion for eachaverage.Becauseof classimbalance(averag-
ing 1:5 for the � ve-classproblem),accuracy is not asinfor-
mativeasprecision,recallandF-score,andis not reported.

Thedatarepresentationis veryhigh-dimensional,asit of-
tenhappensin NLPproblems.Notall featureshavethesame
effecton thelearningof noun-modi�errelations.Usingfea-
ture weightingschemesin TiMBL andC5.0's built-in fea-
tureselectiongivesbetterlearningresultsthanSVMlight in
termsof F-score.

A low standarddeviationindicatesthattheperformancein
therealworld will becloseto theestimatedaverage.A com-
binationof highprecisionandrecallvaluesandlow standard
deviation shows classesof relationsthatarelearnedwell in
a particularexperimentalcon�guration. This is thecasefor
the TEMPORAL classlearnedusing C5.0 or TiMBL with
both the WordNet-basedandthe Word Sketch-basedrepre-
sentations. In situationswhere the standarddeviation is
high,wecannotmakecon�dentpredictionsaboutfutureper-



Rel.class Baseline TiMBL C5.0 SVM light
F-score P R F-score P R F-score P R F-score

WordNet-basedrepresentation,with wordsenseinformation
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� 1.4043.05� 1.51 69.06� 1.79 50.31� 1.5657.68� 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� 1.5135.73� 1.71
TEMPORAL 15.78 92.63� 1.33 76.4� 3.4482.47� 2.55 94� 0.45 79.2� 1.6 84.73� 0.92 77.46� 8.49 52.15� 1.31 60� 1.44
WordNet-basedrepresentation,withoutword senseinformation
CAUSAL 25.43 36.63� 10.82 7.77� 1.8812.32� 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� 1.2447.88� 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� 1.8216.91� 3.30
TEMPORAL 15.78 97.10� 0.55 57.6� 4.0770.38� 3.72 83.03� 2.81 34� 2.5245.57� 2.29 61.66� 4.11 27.15� 2.7737.14� 3.00
WordSketch-basedrepresentation
CAUSAL 25.43 32.07� 3.48 19.79� 3.1223.58� 3.32 27.96� 3.74 18.5� 1.3421.12� 1.30 32.06� 12.56 7.83� 3.4112.43� 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� 0.6452.47� 0.65
QUALITY 39.16 53.52� 3.69 39.28� 1.2844.67� 1.67 43.43� 1.05 44.33� 2.5443.08� 1.31 56.53� 4.05 19.81� 0.9728.67� 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

Table2: Learningresultsfor TiMBL, C5.0,SVMlight for WordNet-basedandWord Sketch-basedrepresentations
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Figure2: F-scoresandstandarddeviation for learningwith
TiMBL

formance.
Figure 2 plotstheF-scoresandstandarddeviation for the

word representationsexplored,whenTiMBL wasthelearn-
ing method.We plot TiMBL's results,because– according
to thestandarddeviation– it wasthemoststablelearner. We
observethattheperformanceof therepresentationbasedon
WordSketches,whichdoesnotdistinguishwordsenses,per-
formsbetterthanWordNetwithout word senseinformation.
It is alsocloseto WordNetwith senseinformation.

The advantageof using corporais that no knowledge-
intensive preprocessingis necessary, and the methoddoes
not rely on otherlexical resources.Theprocessmaythere-
fore be ported to other languages. In order to use para-
phraseseffectively, a largercorpusis neededsosuf�ciently
many paraphrasescanbe found. Thesameis trueof build-
ing descriptionsof word meaningbasedon grammatical
collocationsin a corpus: the larger the corpus,the higher
thechancesthatwe �nd themostinformative collocations.
Herearesomecollocationfeaturespicked by C5.0 during
thelearningphase:happenModi�er, occurduringModi�er,

wait until Modi�er 5 indicatea TEMPORAL relation;predict
Head-noun,Head-nounand/orfear6 indicatea CAUSAL re-
lation.

We observe theimpactof having word-senseinformation
whenwe comparethe resultsof learningexperimentswith
the WordNet-basedrepresentationwith and without word-
senseannotation. The differencein results is quite dra-
matic. TheF-scoresdropfor all relationclassesandall ML
methodsused.Moreover, thedifferencein resultswhenus-
ing Word Sketchesandwhenusingnon-annotateddata– in
favourof WordSketches– indicatethatwhennoword-sense
informationis available,corpus-basedworddescriptionsare
moreinformativeandusefulfor thetaskof learningseman-
tic relations. The interestingexceptionsare the recall for
thePARTICIPANT classin 2-nearestneighbourexperiments
– 92.46%comparedto the next bestoneof 88.41%– and
the precisionfor the TEMPORAL classin cross-validation
runswith TiMBL – 97.1%,comparedto the92.63%preci-
sion whenword sensesareused. The fact that an increase
in precisionis accompaniedby a sharpdrop in recall (from
76.4to 57.6)meansthat the learnerreducesthenumberof
examplesincorrectlyassignedto the temporalclass,but at
the sametime moretemporalexamplesareassignedto an
incorrectclass.Theeffect of includingall word hypernyms
is that it introducesambiguitybetweenpreviouslywell sep-
aratedwords (when senseinformation was used)through
sharedhypernymsthat do not pertainto the word sensein
thepair. This causesmoreof thepairsto becomeambigu-
ousfrom thesemanticrelationpoint of view, andthesewill
bemisclassi�ed. The pairswith strongercommonalitiesor
non-ambiguoushypernymswill befewer, but will beclassi-
�ed better. A reverseeffectexplainstheincreasein recallfor
PARTICIPANT , accompaniedby a drop in precision(from
52.16%to 47.16%)– whenmoreexamplesof theclassare
caught,but areclassi�ed lesscorrectly. PARTICIPANT con-
tainsthemostinstances,43.22%of thedataset.Previously

5object of happen-v, pp obj during-p occur-v, pp obj until-p
wait-v

6object of predict-v, and/orfear-n



discriminatinghypernymswill now cover a moreheteroge-
neousmixtureof instances.

Using WordNetwith word-senseinformationgivesvery
high results– 82.47%F-score– especiallyin termsof pre-
cision– 92.63%.This shows that indeedthereareinherited
characteristicsof word senseswhich determinethe seman-
tic relationsin which thesewords are involved. Here are
somefeatureschosenby the decisiontreemethod: f clock
time, timeg, f measure, quantity, amount,quantumg for the
modi�er indicate a TEMPORAL relation; f ill health, un-
healthiness,health problemg for the modi�er indicate a
CAUSAL relation;f causalagent,cause, causalagencyg for
theheadindicatea PARTICIPANT relation.Thefactthatre-
call is lower may suggestthat someword sensescouldnot
be connected,probablybecausewhat they sharecannotbe
capturedby thehypernym/hyponymrelation.Thewordrep-
resentationcanbeextendedto makeuseof otherrelationsin
WordNet, suchasmeronym/holonym.

Conclusionsand Future Work
We have compareddifferentmethodsof representingdata
for learning to identify semanticrelationsbetweennouns
andmodi�ers in basenounphrases.

Looking at the resultsobtainedwith the differentrepre-
sentationmethods,we canconcludethatwe candetectsuc-
cessfullythe TEMPORAL relationbetweenwordsby look-
ing at either of the following: individual word sensesas
describedby WordNet, word meaningas describedby its
contexts,or theprepositionsor paraphrasesthatconnectthe
wordsin thepair. For theotherfour relationclasses,describ-
ing aword usingsensespeci�c WordNetinformationallows
for high precisionin identifying the correctrelationclass,
but in orderto increasethenumberof relationinstancesrec-
ognized,usingcorpus-basedfeatureshelps.Whennoword-
senseinformation is available,corpora-basedfeatureswill
leadto betterresultsthanusingall wordsensesin WordNet.

As we saidpreviously, usingtheword meaningrepresen-
tation methodsdescribedgeneratesvery high dimensional
data. While we do obtain resultswell above the baseline,
it is quite likely that theML tools areoverwhelmedby the
large numberof attributes. We will experimentwith dif-
ferentfeatureselectionmethodsto �nd a smallsetof word
meaningdescriptorsthatmayproduceevenbetterresults.

Becausewe usesetsof featuresfrom different sources,
which achieve high precisionon differentclasses,we could
useco-trainingto bootstraptheautomatictaggingof a new
setof pairs(Balcan,Blum,& Yang2005).Thiswouldallow
us to incrementallyincreasea starting(small) datasetwith
examplesclassi�ed at high precision. Obtaininga larger
datasetwould helpaddresstheproblemof datasparseness.

References
Allen, J. F. 1984. Towardsa generaltheoryof actionandtime.
Arti�cial Intelligence23(2):123–154.
Baker, C. F.; Fillmore,C. J.;andLowe,J.B. 1998.TheBerkeley
FrameNetproject. In COLING-ACL 1998, 86–90.
Balcan,M.-F.; Blum, A.; andYang,K. 2005. Co-trainingand
expansion:Towardsbridgingtheoryandpractice.In Saul,L. K.;
Weiss,Y.; andBottou,L., eds.,Advancesin Neural Information
ProcessingSystems17. Cambridge,MA: MIT Press.89–96.
Barker, K., andSzpakowicz,S.1998.Semi-automaticrecognition
of noun-modi�er relationships. In Proc. of COLING-ACL '98,
96–102.

Barker, K. 1998. Semi-Automatic Recognition of Seman-
tic Relationshipsin English Technical Texts. Ph.D. Disserta-
tion, University of Ottawa, Departmentof ComputerScience.
http://www.cs.utexas.edu/users/kbarker/thesis.
Berland,M., andCharniak,E. 1999. Findingpartsin very large
corpora.In Proc.of ACL 1999, 57–67.
Daelemans,W.; Zavrel, J.;vanderSloot,K.; andvandenBosch,
A. 2004. TiMBL: Tilburg MemoryBasedLearner, version5.1.
ReferenceGuide. ILK TechnicalReport04-02, Available from
http://ilk.uvt.nl/downloads/pub/papers/ilk0402.pdf.
Girju, R.; Moldovan,D.; Tatu,M.; andAntohe,D. 2005. On the
semanticsof nouncompounds.Computer, Speech andLanguage
19(4):479–496.
Hearst,M. 1992.Automaticacquisitionof hyponymsfrom large
text corpora.In Proc.of CoLing1992, 539–545.
Joachims,T. SVM light. http://svmlight.joachims.org.
Kilgarrif f, A.; Rychly, P.; Smrz,P.; andTugwell, D. 2004. The
sketchengine.In Proc.of EURALEX2004, 105–116.
Kipper, K.; Dang, H. T.; and Palmer, M. 2000. Class-based
constructionof a verblexicon. In Proc.of AAAI2000.
Landauer, T. K., and Dumais,S. 1997. A solution to plato's
problem: The latentsemanticanalysistheoryof theacquisition,
inductionandrepresentationof knowledge.Psychological Review
(104):211–240.
Lauer, M. 1995. DesigningStatisticalLanguage Learners: Ex-
perimentson NounCompounds. Ph.D.Dissertation,Macquarie
University, Australia.
Levi, J. 1978. TheSyntaxandSemanticsof Complex Nominals.
New York: AcademicPress.
Lin, D. 1998.Automaticretrieval andclusteringof similarwords.
In Proc.of COLING-ACL '98, 768–774.
Myers, A.; Reeves,R.; Macleod,C.; Szekely, R.; Zielinska,V.;
Young,B.; andGrishman,R. 2004. TheNomBankproject: An
interim report. In HLT-EACL Workshop:Frontiers in corpusan-
notation, 24–31.
Nastase,V., andSzpakowicz, S. 2003. Exploringnoun-modi�er
semanticrelations.In Proc.of IWCS2003, 281–301.
Palmer, M.; Gildea,D.; andKingsbury, P. 2005. The proposi-
tion bank:anannotatedcorpusof semanticroles.Computational
Linguistics31(1):71–106.
Purandare,A., andPedersen,T. 2004.Wordsensediscrimination
by clusteringcontexts in vectorandsimilarity spaces.In Proc.of
CONLL2004, 41–48.
Quinlan,R. C5.0.http://www.rulequest.com.
Rosario,B., andHearst,M. 2001. Classifyingthe semanticre-
lations in noun-compoundsvia a domainspeci�c hierarchy. In
Proc.of EMNLP2001, 82–90.
Rosario,B.; Hearst,M.; andFillmore, C. 2002. Thedescentof
hierarchy, andselectionin relationalsemantics.In Proc.of ACL
2002, 417–424.
Turney, P., andLittman, M. 2003. Learninganalogiesandse-
manticrelations.TechnicalReportTechnicalReportERB-1103.
(NRC#46488),NationalResearchCouncil,Institutefor Informa-
tion Technology.
Turney, P. 2005. Measuringsemanticsimilarity by latentrela-
tionalanalysis.In Proc.of IJCAI 2005, 1136–1141.
Vanderwende,L. 1994.Algorithm for automaticinterpretationof
nounsequences.In Proc.of ACL 1994, 782–788.
Yarowsky, D. 1993.Onesensepercollocation.In ARPA Human
Language Technology Workshop.
Yarowsky, D. 1995. Unsupervisedword sensedisambiguation
rivalingsupervisedmethods.In Proc.ACL 1995, 189–196.
Zhao,S.,andGrishman,R. 2005. Extractingrelationswith inte-
gratedinformationusingkernelmethods.In Proc.of ACL 2005,
419–426.


