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Light verbconstructionsarea semi-productive classof multiword expressionwhich have

not yet beenstudiedcomputationallyin greatdetail. Theseconstructionscombinea restricted

set of light verbs(verbsusedwith a subsetof their full semanticfeatures)with a large set

of complements;this combinationdeterminesthe predicatemeaningof the expression. In

this work we investigatethe (semi-)productivity of light verb constructionswhich employ a

predicative noun(a nounthathasanargumentstructure)astheir complement.We show that

theproductivity of theseconstructionsdependson thesemanticclassof thecomplement.We

developthreenovel computationalmeasuresfor quantifyingtheacceptabilityof candidatelight

verb constructions.Most of thesemeasuresmeetor exceedthe performanceof an informed

baseline,and re�ect distinct trendsin productivity along semanticclassesand acrosslight

verbs. Goodcorrelationandagreementwith humanjudgmentsof constructionacceptability

areachieved.
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Chapter 1

Intr oduction

1.1 Background

Recentwork in computationallinguisticshasbegunto addresstheproblemspresentedby mul-

tiwordexpressions,or MWEs (Bannardetal., 2003;Sagetal., 2002).MWEsarea largeclass

of constructions,looselyde�nedby Sagetal. (2002)as“idiosyncraticinterpretationsthatcross

word boundaries”.MWEs include�x edandsemi-�xedexpressionssuchasby and large and

kick thebucket, aswell asmoreproductiveandsyntactically-�exible expressions,suchaslight

verbconstructions.An unsolvedproblemposedby MWEs is whetheror not (andhow) they

shouldbe listed in a computationallexicon. As many MWEs aresyntactically�e xible, sim-

ple string-basedstoragemethodsareinappropriate.Further, fully compositionalstoragetech-

niquesleadto overgeneralization,asmany classesof MWE areonly semi-productive.Solving

theproblemspresentedby MWEs is “key. . . for thedevelopmentof large-scale,linguistically-

soundnaturallanguageprocessingtechnology”(Sagetal., 2002).

Our focus in this thesisis on light verb constructions(LVCs), a largely compositional

andsemi-productive classof multiword expressionfound cross-linguistically(Karimi, 1997;

Miyamoto,2000;Butt, 2003;Folli et al., 2003).Unlike someclassesof MWEs suchasverb-

particleconstructions(McCarthyet al., 2003;Baldwin andVillavicencio,2002;Villavicencio

1



CHAPTER 1. INTRODUCTION 2

andCopestake,2002),LVCshavenotyetbeenexploredcomputationallyin greatdetail.LVCs

combinea memberof a restrictedsetof “light verbs”with oneof a moreopensetof comple-

ments.Light verbsareverbswhich areemployedwith a subsetof their full semanticfeatures

(Butt, 2003);Englishlight verbsincludetake, give, andmake, amongothers.The sentences

listedin (a–c)areexamplesof LVCs formedusingthesethreelight verbs.

a. Priyatooka walk alongthebeach.

b. Allenegavea smilewhenshesaw us.

c. Randymadea joke to his friends.

Mostof themeaningof a(non-idiomatic)LVC comesfromthecomplementof theconstruction.

As shown below, thecomplementof thelight verbemployedin (a–c)contributesthemainverb

of thecorrespondingparaphraselistedin (d–f):

d. Priyawalkedalongthebeach.

e. Allenesmiledwhenshesaw us.

f. Randyjokedto his friends.

The complementsusedin (a-c) (walk, smile, and joke) are all examplesof predicative

nouns: nounsthathave anargumentstructure.Light verbconstructionsformedwith predica-

tivenoun(PN)complementsarecalledLV+PNconstructions,andarethespeci�c classof LVC

focuseduponin thisresearch.Theseconstructionsareof interestbecausetheirproductivity ap-

pearsto bepatterned.For example,thephrasestakea walk, takea stroll, andtakea run areall

acceptableLVCs,andtheircomplementsall describedifferentmannersof motion.Conversely,

thephrases*take a groan, *take a smile, and*take a wink areall unacceptableconstructions,

andtheir complementsall describemethodsof non-verbalexpression.

As hasbeensuggested,the lexical storageof LV+PN light verb constructionsis an un-

solvedproblem.StoringeverypossibleLVC is inef�cient andfurtherhasnopredictivepower,
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as it fails to take advantageof the (semi-)productivity of the expression. However, storing

generationrulesfor LVCs basedon the semanticclassof the complementmay leadto over-

generalization.The extent of the semi-productivity this classof LVCs exhibits must �rst be

determined,so thatanappropriatelexical storagemethodcanbedetermined.Computational

measuresto quantify theacceptabilityof a candidatelight verbconstructionwould be useful

in thedevelopmentof anLVC lexicon, asthey would allow quick andnuancedjudgmentsof

classproductivity andacceptability.

1.2 Statementof Purpose

Theaim of this work is to examinethe(semi-)productivity of LV+PN light verbconstructions

andto developcomputationalmeasuresfor quantifyingtheir acceptability.

We hypothesizethat the semi-productivity of LVCs dependson the semanticclassof its

complement,and test this hypothesisby examining trendsin productivity acrosssemantic

classes.CandidateLVCs are formedby combiningeachmemberof a classwith threecho-

senlight verbs—take, give, andmake. The lexical semanticverbclassesof Levin (1993)are

usedasasourcefor PNgroupings,alongwith classesautomaticallyextractedfrom thenominal

andverbalhierarchiesof WordNet2.0 (Fellbaum,1988). We hypothesizethat thesesemantic

classeswill make nuanced-enoughsemanticdistinctionsto supportgeneralizationof LVC ac-

ceptabilitytrendsat theclasslevel, andacrossthelight verbsthemselves.

Four diversecomputationalmeasuresaredevelopedto quantifytheacceptabilityof candi-

datelight verbconstructions.Thesemeasuresarepointwisemutualinformation(PMI), which

is usedasaninformedbaseline;LVC-PMI, a versionof PMI enhancedwith linguistic knowl-

edgeof LVCs; LVC-Prob, a probability formula which measuresthe likelihood of a given

predicativenounandlight verbforminganacceptableLVC; andLVC-Freq,asimplermeasure

which ratescandidateconstructionsby how frequentlythey areattestedin a corpus.Human

acceptabilityjudgmentsof eachcandidateLVC aregathered,andusedasthestandardagainst
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whichourcomputationalmeasuresareevaluated.

SincesomeacceptableLVCs arerare in smallerclassicalcorpora,the World Wide Web

is employedasa corpusin this work. We accessweb informationthrougha general-purpose

searchengine,anddevelopthreedifferenttechniquesto �lter thenoisefoundin thisdata.

1.3 Outline of Study

Theremainderof thiswork is dividedinto � vechapters.

Chapter 2: RelatedWork introducesexisting linguistic theoryof light verbsandlight verb

constructionswhich is drawn uponin this thesis,anddescribespreviouscomputationalwork

on LVCs. As someof themodelsof LVC acceptabilitypresentedin this thesisrely on point-

wisemutualinformation,anexaminationof this statisticalmeasureof collocationis included.

We alsoreview the issuesassociatedwith usinggeneral-purposesearchenginesin linguistic

research.

Chapter 3: Computational Modelsof LVC Acceptability introducesourapproachof gener-

alizingoversemanticclassesof complements,andbrie�y describesthetwosourcesfrom which

we extract theseclasses:Levin (1993)andWordNet2.0. Our four acceptabilitymeasuresare

presented:the PMI baseline,the linguistically informed LVC-PMI measure,the LVC-Prob

probabilityformula,andthesimpleLVC-Freqacceptabilityformula.

Chapter 4: Materials andMethodsdescribestherealizationof themodelspresentedin Chap-

ter3. WepresenttheLevin classesemployedin thiswork, anddescribeourmethodfor gener-

atingsemanticclassesfrom WordNet. Our techniqueof extractinginformationfrom theweb

is detailed,andmethodsdevelopedto remove noisefrom this dataspeci�ed. The statistical

measuresof associationusedto gaugetheperformanceof ourmeasuresarealsoconsidered.
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Chapter 5: Experimental Resultsdescribesthehumanacceptabilityjudgmentsusedasthe

standardin our experiments.Scoresof correlationandagreementbetweentheseandeachof

ourmeasuresarepresented,andperformanceatbotha�ne- andcoarse-grainedlevel of accept-

ability is considered.An analysisof theutility of our noise-�ltering techniquesconcludesthis

chapter.

Chapter 6: Conclusionssummarizesthecontributionsof thisworkandoutlinesits limitations.

Possiblefutureextensionsof this researcharealsopresented.



Chapter 2

RelatedWork

2.1 Intr oduction

Therearethreestrandsof researchdrawn uponin this work: thelinguistic andcomputational

analysisof LVCs,existingstatisticalmeasuresof collocation,andpastapproachesto usingthe

World Wide Webasacorpus.

The linguisticscommunityhasenjoyed a relatively long history of interestin multiword

expressions(e.g.,Bolinger,1971),andthereis a well-developedbodyof researchexamining

LVCs in several languages(Karimi, 1997;Miyamoto,2000;Butt, 2003). In contrast,in the

computationallinguisticscommunitythestudyof MWEs is only a relatively recenttrend,and

while someMWEs(suchasverb-particleconstructions)havebeenstudiedin signi�cant detail

(BaldwinandVillavicencio,2002;Bannardetal.,2003;Villavicencio,2003),thestudyof light

verbconstructionshasbeen,in comparison,largely overlooked.Nevertheless,thereis a small

bodyof computationalresearchinto LVCs available,includingSaget al. (2002),Grefenstette

andTeufel(1995),andDrasandJohnson(1996).

In many cases,computationalwork on MWEs hasusedstatisticalmeasuresof collocation

in orderto measurethemutualassociationbetweenwords.Statisticaltechniquessuchaspoint-

wisemutualinformation(ChurchandHanks,1989;Churchetal.,1991)havebecomestandard

6



CHAPTER 2. RELATED WORK 7

in measuringhow well givenelementsof anMWE predicteachother. Suchmeasuresaretyp-

ically interpretedasproviding evidenceof a meaningfullinguistic association.As they rely

uponinformationextractedfrom corpora,statisticalmeasuresof collocationtendto perform

optimallywhena largebodyof evidenceis available(TerraandClarke,2003).

Unfortunately, someLVCs, like many MWEs, appearrelatively infrequentlyin classical

corpora.Theweb,with its enormoussize,canbethoughtof asa corpuswith thepotentialto

offer evidenceof evenveryrarelinguisticphenomena.Despitetheinherentissuesof noise,it is

increasinglyrecognizedthattheuniqueproperties(andchallenges)thewebpresentscanleadto

approachesandopportunitiesunavailablewith classicalcorpora(Kilgarrif f, 2001;Turney and

Littman,2002;Kilgarrif f andGrefenstette,2004).Much work hasfocusedon discoveringthe

propertiesof webtext, andondesigningbettertechniquesfor web-basedinformationextraction

(Florescuetal., 1998;Lin, 2002).

In thenext section,linguisticandcomputationallinguisticstudiesof thepropertiesof light

verbsandlight verbconstructionsareexplored.In thesectionfollowing,statisticalmeasuresof

capturingcollocationsarestudied,andin the�nal section,existing computationalapproaches

to employing thewebasacorpusarereviewed.

2.2 Light Verb Constructions

2.2.1 Light Verbs

In orderto examinelight verb constructionswe must�rst considerthe natureof light verbs.

A light verb is a verb (usually a frequentverb with a very generalmeaning)which, when

combinedwith certaincomplements,losessomeof its normal semantics:suchusagesare

saidto be semanticallybleached(Butt andGeuder,2001). Light verbsarea cross-linguistic

phenomenon,andarefoundin languagessuchasPersian,Urdu, andJapanese(Karimi, 1997;

Butt, 2003;Miyamoto,2000). Light verbsin Englishincludegive, take, make, do, andhave,

amongothers.
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Individual light verbscanhave semanticswhich rangeover a spectrumof meaning.Con-

sider the following examplesdrawn from Butt andGeuder(2001),all of which employ the

verbgiveat varyingdegreesof “lightness”:

a. I gave thebookto Emily.

b. I gavesomeadviceto Emily.

c. I gaveakissto Emily.

We canseehow themeaningof theverbgiverangesfrom its “heavy” literal usagein the�rst

example(wheresomethingphysicalhasbeenputin therecipient'spossession),tomoreabstract

in the secondexample(wheresomethingnon-physicalis transferred,but not possessed),to

mostabstractin the�nal example,wherenothingis transferred,andnothingis possessedasa

resultof theaction.A similar spectrumof semantic“lightness”is exhibitedby all light verbs,

indicatingthatratherthanbeinga binarydistinction,therearedegreesof “heavy” and“light”

usageof light verbs.Thelight verbsfoundin LVCs tendtowardlighter, bleachedsemanticsin

mostcases,but it canbeunclear—especiallywith thelight verbmake—justhow “light” a light

verbis.1

Butt andGeuder(2001)note that the above examplesemploying give all sharea vague

senseof emission,whichmayexplainwhy onecansayI gavetheball a goodthrow, but not *I

gavetheball a goodcatch. However, givecanalsohaveapermissivequality in someLVCs,as

in Shegavethema look into theroom(Butt andGeuder,2001).It seemsclearthatlight verbs

cancontributedifferentelementsof their semanticsto differentLVCs.

Kearns(2002)arguesthattherearesomecaseswherelight verbsdonotcontributesemantic

informationto theLVC, citing thespeci�c exampleof givetherosesa prune. In this caseshe

1ConsidertheexampleThechild madea spill on thecarpet(i.e.: somethingwasspilt onto thecarpet).The
light verbmake seemsto have a heavier usagehere,especiallywhencomparedwith similar constructionssuch
asThechild tooka spill on thecarpet(i.e.: thechild fell over). While it canbedif�cult to comparedegreesof
“lightness”acrosslight verbs,thefact thatsomethingphysicalis “made” in the�rst examplesuggeststhatmake
is beingusedwith relatively heavier semantics.
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arguesthat the light verb give, ratherthanaddingsemanticcontent,insteadforcesa speci�c

meaningstructureto becreated.Althoughit is clearthereis asemanticdifferencebetweengive

therosesa pruneandprunetheroses, it is largely irrelevantto thiswork whetherthedifference

stemsfrom semanticinformationcontributedby thelight verb,or ratheris someartifactof the

light verb'spresencein theconstruction.In eithercase,thelight verbandcomplementtogether

determinethepredicate'ssemantics.

2.2.2 Light Verb Constructions

Light verb constructionsarethosewhich combinea restrictedsetof light verbswith a large

setof complementsto determinethemeaningof thepredicate.We restrictour examinationto

light verbconstructionsemploying NP complements;examplesincludetheconstructionstake

a walk andgivesomeadvice. Thesearereferredto asLV+NP light verbconstructions.Such

LVCs comprisea heterogenousclassof constructions,but alsoexhibit a numberof important

commonproperties.First,astheexamplesbelow illustrate,mostof thedistinctivemeaningof

anon-idiomaticLVC comesfrom thecomplementto thelight verb,andnot from thelight verb

itself.2

a. Everyonebut Joey tooka ride in thehot-airballoon.

b. Jeffrey wouldoftengivea tour of hishouseat theslightestprovocation.

c. Pleasegivetheshowa try beforeyou changethechannel.

d. Annabelievesshemadea favourabletradewith herfriend.

Secondly, LVCs area semi-productive classof expressions:for example,in Englishone

cantake a walk, take a stroll, take a run, andsoon. LVCs areevenmoreproductive in other

languages:Khanlari(1973)notesthatin contemporaryPersian,LVCs haveevolvedto replace

2Sincewe areinterestedin productivity, we focuson non-idiomaticLVCs,astheir behaviour is moreregular
andtheir semanticslessidiosyncratic.IdiomaticLVCsgenerallytendnot to beproductive.
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simpleverbs,leaving only ahandfulof simpleverbsin use.This (semi-)productivity raisesthe

familiar problemof whetheror not (andhow) to storeLVCs in a computationallexicon (Sag

etal., 2002).

However, LVCs are not a uniform classof constructions,contraryto what is generally

assumedin existingcomputationalwork ontheseconstructions(GrefenstetteandTeufel,1995;

DrasandJohnson,1996;Saget al., 2002). Rather, LVCs containseveraldistinct subclasses.

Kearns(2002)andothersdivide theLV+NP classof LVCs we areinterestedin into two main

subclasses,separatingthosein the LV+PN format from the remainderof the class. LV+PN

constructions,suchasthe phrasetake a stroll, aredistinguishedby employing a predicative

noun3 (PN) astheir complement.While this predicative nounmaysuper�cially seemto bea

nounobjectof thelight verb,in many waysit is behaving asa verbalelementandsharesboth

nominalandverbalproperties(Wierzbicka,1982;Butt, 2003).

LV+PN Light Verb Constructions

LV+PN constructionshave beenthe subjectof detailedlinguistic examination. Wierzbicka

(1982)performsa comprehensive semanticanalysisof onegroupof LVCs: thosein thehave

a V format. Many of the complementsemployed by Wierzbicka(1982)would be labelled

in this work aspredicative nouns. Shecreatesandexamines10 differentsubclassesof the

constructionandbuilds for eachwhatshecallsa “semanticformula” which beginsto account

for both thenuancesin productivity andthedifferencesin acceptabilityof individual LVCs.4

Theseformulaeoffer somesemantically-basedpredictiveability whenconstructingnew LVCs,

but unfortunately, asthey arenot rootedin any formal semanticsystem,their computational

applicationis dif�cult. Nevertheless,the 10 differentsubclassesof havea V constructions

whichWierzbickaidenti�es andjusti�es show thatthecomplexity of LVCsis notidiosyncratic,

3The labelling of this complementvaries in the literature,but as its salientpropertyis that it featuresan
argumentstructure,wewill referto it hereasapredicativenoun.

4Examplesof Wierzbicka's subclassesinclude“AimlessObjectlessIndividual Activity Which Could Cause
OneTo FeelGood” (which includeshavea walk) and“Tentative Action Which CouldCauseOneTo ComeTo
Know SomethingandWhichWould Not CauseOneTo FeelBadIf It Didn't” (which includeshavea try).
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Construction True Light Verb (TLV) VagueAction Verb (VAV)

Inde�nite Det. Ro gave agroanjustnow. Rogaveademonstrationtoday.

De�nite Det. * Rogave thegroanjustnow. Rogave thedemonstrationtoday.

Passive * A groanwasgivenby Ro. A demonstrationwasgivenby Ro.

Wh-Movement * Whichgroanwasgivenby Ro? Whichdemonstrationwasgivenby Ro?

Table2.1: Examplesof Light andVagueAction Verbs.

but rather, patterned.

Someof thegeneralsemanticpropertiesthatWierzbickaidenti�es applyto thelargerclass

of LV+PN light verbconstructions.For instance,WierzbickanotesthathaveLVCs arehighly

colloquial, and this appliesto other light verbsmoregenerally: onecantake a peebut not

*take a urination. Like thosein the havea V format, membersof the full classof LV+PN

constructionsgenerallydenoteeventswhich arebrief (onecantake a walk but cannotusually

?take a walk all day), lessgoal-oriented(comparegive a knock on the door with knock on

the door), andrepeatable(onecannottake a bite of a sandwichif oneintendsfor the bite to

consumeit entirely)(Wierzbicka,1982).

We adoptthe terminologyof Kearns(2002),who distinguishesLV+PN constructionsby

dividing theminto thecategoriesof TrueLight Verbs(TLVs) andVagueAction Verbs(VAVs).

TLVs are de�ned as requiring an inde�nite complementheadedby a noun in a stemform

identicalto a verb; further, theNP complementsof TLVs cannotundergo wh-movement.The

complementof a TLV cannotbemodi�ed by a relative clauseandcannotbepronominalized.

In contrast,VAVs allow theseproperties,anddo not requiretheir complementhave a verbal

stemform. Thelight verbin VAV constructionsadditionallytendsto make a moresigni�cant

semanticcontribution thanin TLVs. Examplesof TLV andVAV constructionsareshown in

Table 2.1, which is basedon Stevensonet al. (2004). TLVs are the speci�c focus of this

research.

While the division of LVCs into the two classesof TLVs andVAVs is useful, it is quite
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categorical,andthereexist constructionswhich do not �t comfortablyin eithercategory. For

example,an LVC suchasI took the walk that wasrecommendedhasall the propertiesof a

TLV, exceptthatit employsade�nite articleandis modi�ed by a relativeclause.Phrasessuch

asthesesuggestthattheclassi�cationof LV+PN light verbconstructionsinto TLVs andVAVs

is nota binarydecision:rather, TLVs andVAVs representtwo pointsin acontinuumof LVCs.

Evenwith thesecaveats,thedistinctionbetweenTLV andVAV constructionsis aninformative

one,asit distinguishespropertiesof LVCswhich hadbeforebeenblurred.

It is clearthatLVCs have bothcomplexity andnuance.The linguistic literatureexploring

theconstructionis well-developed;however, computationalstudiesof LVCs arerare. This is

perhapsdueto thefactthat,likemany MWEs,themagnitudeof LVC usagehasonly relatively

recentlybecomerecognizedin the �eld (Jackendoff, 1997). In the next section,we consider

existingcomputationalresearchinto LVCs.

2.2.3 Computational Work on LVCs

While it is true that MWEs in generalandLVCs in particulararea recentareaof interestin

the�eld of computationallinguistics,therehasbeensomepreviouswork on LVCs. Saget al.

(2002)considerLVCsto besyntactically-�exible lexicalizedphrases,andareinterestedin stor-

ing theseconstructionsin a lexicon. Thesuggestionis madethatall nounswhichcancombine

with a givenlight verbhave this informationstoredin their lexical entriesvia a semanticrela-

tion. Thus,for the light verbmake, therewould exist a semanticrelation, $&%�'( %�)+* ),(.-/%103254�6 ,

whichwouldthenbeassociatedwith eachnounmakecanlegitimatelycombinewith (Sagetal.,

2002).This approachrequiresa signi�cant amountof storage,andoffersno predictive power

as it fails to exploit the (semi-)productivity of LVCs. For example,after encounteringgive

a sigh andgive a groan, the systemwould have no preconceptionasto the validity of give

a laugh. Furthermore,this approachreducesthe validity of every LVC to a binary decision:

eithera light verb is valid with a given complement,in which casethe semanticrelation is

stored,or it is invalid, andthe lexical entry is left unaltered.Our own experimentsin rating
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LVCs,describedin Section5.1,show thatthereis a continuumof acceptabilityfor LVCs,and

further, thattheacceptabilityof agivenconstructioncanvary from personto person.

In thiswork weareinterestedin theacceptabilityof light verbconstructionsacrossaclosed

setof light verbsanda moreopensetof predicativenouns,but GrefenstetteandTeufel(1995)

take what is in somewaystheoppositeapproach.Ratherthantrying to measurehow gooda

predicativenounis with acandidatelight verb,theproblemof choosingwhich“supportverb” is

bestfor agiven“deverbalnoun” is considered.Supportverbs(SVs)areaclassof semantically

impoverishedverbsusedfor syntacticsupport: this classincludeslight verbs,but alsomore

idiosyncraticandcollocationallyrestrictedverbssuchassustain(usedin a supportingrole in

thephrasesustaininjury), lodge (lodge a complaint), andcommit(commitmurder) (Fillmore

et al., 2002). Deverbalnouns(DNs) are a subclassof predicative nounswhich are derived

from a correspondingverb. For example,thedeverbalnounproposalis derivedfrom theverb

propose.

As deverbal nounsusedin SV constructionshave argumentstructure,Grefenstetteand

Teufel (1995)determinepotentialSV constructionsby assumingthatusesof a deverbalnoun

which aresimilar to the usesof the correspondingverb are likely to be occurringin a sup-

port verb construction.Similarity of context is determinedby occurrencewith commonPP

arguments. GrefenstetteandTeufel (1995) �rst parsetheir corpusandextract the top three

prepositionsthat follow theverbcorrespondingto eachDN. Then,for eachDN, they extract

NPs headedby that DN and followed by a PP employing one of thesetop threeextracted

prepositions.For eachoccurrenceof oneof theseextracted“NP PP” phrasesin directobject

positionof a verb,theverb is considereda potentialsupportverb,andtheseverbsareranked

by frequency. Themostfrequentverbon this list is chosenasthe“best” supportverb. Plausi-

ble choices(whereplausibility dependson researcherintuition) areachievedsevenout of ten

times,5 andthelight verbsmakeandhavearechosen50%of thetime.

5This estimateof plausibility comesfrom a review of GrefenstetteandTeufel (1995)presentedin Drasand
Johnson(1996);GrefenstetteandTeufel(1995)donotexplicitly makethesejudgements.
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While this approachgatherssomeinterestingresults,it hasseveral �a ws. Thesmallclass

of Englishsupportverbsis left open,which allows theprocessto selectbothrejectandmake

(thetwo aretied) asthebestchoicefor thedeverbalnounsuggestion. GrefenstetteandTeufel

(1995)concedethat the verb reject is not semanticallyimpoverished.Additionally, frequent

collocationswhich employ a DN astheir headword canskew thechoiceof supportverb. For

example,the deverbalnounorder wasexpectedby the authorsto have the supportverbgive

chosenfor it, but instead,issueis selected.As thenews corpusemployedby Grefenstetteand

Teufel(1995)includesmany moreinstancesof “restrainingorders”(whicharetypically issued)

thanit doesof “orders” (which aretypically given),andastheword order andthecollocated

phraserestraining order areundifferentiatedin their extractionprocess,the “wrong” support

verbis chosen(GrefenstetteandTeufel,1995).

Morecritically, theideaof therebeingasingle“right” supportverbseemsinvalid. To have

a look at somethingand to take a look at the samething have quite similar semantics,the

choicedependingmoreon local dialectthananything else(Wierzbicka,1982;Kearns,2002).

Worse,one can both take a run (arounda �eld) and make a run (while playing sports,or

“for theborder”),andherethechoiceof light verbdramaticallychangesthesemanticsof the

construction.While theprocessof GrefenstetteandTeufel (1995)maysometimesdetermine

the mostcommonlight verb usedwith a givendeverbalnoun,this doesnot imply thatother

lesscommonusesareinvalid. Finally, thisprocessrequiresacorpuswhichcanbeparsed.This

canbedif�cult, thoughnot impossible,whenusingvery largealternative corporasuchasthe

web.

DrasandJohnson(1996), like GrefenstetteandTeufel (1995)alsoattemptto determine

whichsupportverbis bestfor agivennominalization,andachieveresultsslightly morepromis-

ing thanthoseof GrefenstetteandTeufel(1995).They considermoreglobalinformationabout

candidatesupportverbsby including eachcandidate's corpusfrequency in their model: this

servesasa roughapproximationof the frequency with which the candidateSV is usedin a

supportingcapacity. Thestrongassumptionis madethatall verbsgoverningnominalizations
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areactingassupportverbs,andtheformulaemployedis:

798;:=<?>

�@%�),*A$�%1B

CEDGF�H

CJILK

I

H

CJI (2.1)

where
798&:M<N>

is themostlikely supportverb for nominalization
<

, and
H

COI is thenumberof

timesverb P hasnominalization
<

asacomplement.

This formulacapturesthe intuition that (productive) light verbsaremoreubiquitousthan

verbswhich areunableto act in a light capacity, andfavourstheseverbs. Eighteenexample

LVCs selectedfrom thelinguistic literature(suchashavea snooze) areusedasa testset,and

the systemis run with the nominalelement(i.e., snooze) as input. The top two choicesthe

systemgeneratesfor a givencomplementarecomparedto the result that is expectedfor the

construction.A matchwith eitherresultis considereda success,andthese(relatively relaxed)

criteria generatea match14 of 18 times,for successrateof 77%.6 Of all choicesmade,the

light verbsmake andhaveappearasthe �rst choice72%of thetime, which, whencompared

with the50%rateof selectionof theseverbsin GrefenstetteandTeufel (1995),suggeststhat

moreproductivesupportverbsarebeingchosenusingDrasandJohnson'smethod.However, it

is verydif�cult to generalizefrom just thishandfulof testcases.Thesameconcernsregarding

theassumptionof a single“correct” supportverbthatapplyto GrefenstetteandTeufel(1995)

alsoapplyhere.

Thecomputationalwork onlight verbconstructionsthusfar tendsto oversimplifytheprob-

lem, blurring classesof light verbstogetherandassumingthat one“correct” light verb for a

given complementcan be chosenfrom an openset. More-appropriatemeasuresare called

for—measureswhichcanrecognizemultiple light verbsasvalid with aparticularcomplement.

Further, any suchmeasuresshouldbetestedonmorethanahandfulof examples,sothatmean-

ingful conclusionscanbedrawn.

6Wecountthethreeoccasionsin whichsparsedatapreventsthemeasurefrom producingtwo candidatesupport
verbs;DrasandJohnsondonot,andmeasuretheir own successat 14/15,or 93%.
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2.3 Statistical Measuresof Collocation

We now examineexisting statisticalmeasuresof collocationandword association,which will

bethefoundationof muchof thestatistically-basedresearchinto LVCsto follow in this thesis.

2.3.1 Collocations

Thereexistsa largebodyof work concerningstatisticalcollocationanalysis:thequanti�cation

of how often given words occurwith oneanother. As thesestatisticaltechniquesareoften

interpretedasmeasuringa relationshipbetweenwords,they have beenusedin many natural

languagetasks,suchastheautomaticcreationof thesauri(Lin, 1998a)andsynonym analysis

andselection(Turney, 2001),amongothers. While therearemany statisticalmeasures(and

variationsthereof)whichcanbeappliedto agivenlinguisticproblem(TerraandClarke,2003),

pointwisemutualinformation(PMI) hasbeenstandardlyemployedin situationswhereinone

wishesto measurethe associationbetweentwo words(Lin, 1998a,1999;TerraandClarke,

2003;Turney andLittman,2003).As ahighmutualassociationbetweenwordsis characteristic

of severaltypesof MWEs, includingLVCs(Lin, 1999),wenow explorethepropertiesof PMI

andexaminehow it haspreviouslybeenadaptedto variouslinguistic tasks.

2.3.2 PointwiseMutual Inf ormation

PMI canbemotivatedby theobservationof Firth (1957)that “You shallknow a word by the

company it keeps.” PMI is de�ned in ChurchandHanks(1989)as

QSRUT

:MVXW1YZ\[E]3VXW1YZ�^E>

�_-`4a*

^cb

Q

)

:=VcWdY�Z\[E]+VcWdY�Z�^E>

Q

)

:=VcWdY�Z\[J>

Q

)

:MVXW1YZ�^E>e (2.2)

PMI thuscomparesthe probabilityof observing
VcWdYZ�[

and
VXW1YZ�^

togetherto the proba-

bility of observing
VXW1YZ#[

and
VcWdYZf^

by chance.If
VXW1YZ#[

and
VcWdYZf^

oftendoappeartogether,

then
QSRUT

:MVXW1YZ#[3]3VcWdYZf^+>

will be gh� ; however if they shareno specialrelationship,then
QSRUT

:MVXW1YZ\[E]3VXW1YZ�^E>

is expectedto be � . If
VXW1YZ�i

usuallyappearsonly whenits complement
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word underconsiderationdoesnot, then
QSRUT

:=VcWdY�Z�[3]3VcWdYZf^3>

will be jk� . PMI thusde�nes

a continuumof association.As written above,PMI appliesonly to two words,but it hasbeen

extendedto threewordsor more(Alshawi andCarter,1994).

Onemustbe sureto categorizethe natureof this associative relationshipcarefully. PMI

measurestheability of thewordsin questionto predictoneanother:no meaningfullinguistic

relationshipis necessarilyimplied(ManningandScḧuetze,1999).However, if oneis searching

for evidenceof a linguistic associationbetweenwords,a key assumptionmadeis thata high

PMI scorere�ects suchanassociation(TerraandClarke,2003).

As notedby ManningandScḧuetze(1999),Lin (1998b),PantelandLin (2002)andoth-

ers,mutualinformationis particularlysensitive to low frequency counts.In suchcaseswhere

evidenceis low, themeasuretendsto overestimaterarecasesfor which it hasobservedsome

evidence,andunderestimaterarecasesfor which it hasnot observed evidence. Becauseof

this, Manningand Scḧuetze(1999)characterizePMI as being a good measureof indepen-

dence(sincePMI scorescloseto zerooften do indicateindependencebetweenthe wordsin

question)but a poor measureof dependence,aslow-frequency wordsmay be ratedinappro-

priately high and pollute the set of scoresl � . Attemptshave beenmadeto correct this

undesirablebehaviour. Lin (1998b)adjustssomeof the frequency countsusedin calculating

thePMI measureby subtractinga constantm from his countsof seeingthewordsin question

together. ThisallowsPMI to raterareevents(thosewith low frequency counts)uniformly n � ,

ratherthanratingtheminconsistently. But this is anunsatisfyingsolution,asit couldintroduce

new `rare'eventsinto themeasure.More-complicatedadjustmentsof PMI valuesarepresented

by Fontenelleetal. (1994)andPantelandLin (2002),in whichdiscountingfunctions,designed

to combattheskew effectsof PMI, areappliedto themeasure.

This idea of skewing (or rather, de-skewing) the output of the PMI measureis largely

abandonedwhenit is appliedto largecorpora,aslow frequency countsbecomea lesspressing

issue. When the web is employed asa corpus,the enormoussizeof the materialavailable

ensuresthatthelikelihoodof having low frequency countsis signi�cantly reduced.Techniques
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employing avanillaPMI measureonwebdatatendto outperformmorecomplicatedmeasures

designedfor smallerclassicalcorpora(Turney, 2001;Dumaiset al., 2002;Lin, 2002;Keller

andLapata,2003;Baroni andBernardini,2004). Furthermore,TerraandClarke (2003)test

PMI along with several otherstatisticalword-associationmeasuressuchas o

^

and the log-

likelihoodratio(ManningandScḧuetze,1999),and�nd thatontheirtaskof synonymselection,

unmodi�ed PMI operatingon web dataoutperformsall othermeasures.For thesereasons,

researchusingthewebasacorpustendsto focuslessonalteringtheoutputof thePMI measure

itself, andmoreon ensuringthedatabeingusedwith themeasureis accurateandappropriate.

Focusingasit doessolely on the frequenciesof word tokensandignoring any linguistic

intuition, PMI wasrecognizedearlyon asbeing“extremelysuper�cial” (ChurchandHanks,

1989). Dif ferentapproacheshave beentaken to inform PMI with linguistic knowledge.PMI

hasbeenadaptedto includewordsof context by Turney (2001),PantelandLin (2002)and

others,which allows someunrelatedsensesof a word to be �ltered from the measure.PMI

hasalsobeenalteredsothat,ratherthanemploying datafrom two words,it employsdatagath-

eredfrom clustersof relatedwords(Turney andLittman, 2003). In this way, idiosyncracies

intrinsic from usinga singleword's frequency informationaresmoothedout. Finally, Turney

(2001)exploresalternative waysof gatheringfrequency countsin aneffort to capturea more

linguistically-appropriateideaof `co-occurrence'.For his taskof synonym similarity, thenu-

meratorof the PMI formula, p

:MVcWdYZ�[+]3VcWdY�Z�^3>

, is re-interpretedas the likelihoodof seeing
VcWdYZ#[

near7
VcWdY�Z�^

. As wordsthatoccurneareachotheraremorelikely to bedescribingthe

sameconceptthanwordswhich appearfurtheraway, this increasesthe accuracy of his mea-

sure.8 All theseapproachesattemptto provide morelinguistic informationto PMI, so that it

canbetterre�ect thelinguisticphenomenonunderconsideration.

Despiteits limitations, PMI hasbeenshown to be goodat identifying LVCs, even when

7Theoperator̀ near' ( q NEAR r ) is de�ned by theAltaVistasearchengine,whichTurney employs, to return
resultswhereinq and r co-occurwithin 10words.

8In oneexperiment,accuracy increasesby 41%to 62%.It is somewhatsurprisingthatthisalterationmakesas
largea differenceasit does,giventherelatively smallwindow of 10wordsthatthe`near'operatorprovides.
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they were not speci�cally soughtout. Lin (1999) usesPMI to identify non-compositional

phrasesin text, hypothesizingthat suchphraseswill have a high mutualassociationbetween

their componentwords.However, this processalsoidenti�es many compositionalLVCs,such

as take a bite, take a turn, andmake a splash. As Bannardet al. (2003)point out, PMI is

betterthoughtof astappinginto productivity thannon-compositionality, explainingwhy such

compositionalLVCswereidenti�ed.

As long as thereis suf�cient evidenceof rare instances,PMI is an appropriatemeasure

for capturingtheassociationbetweenwordsandelementsof phrases.For a suf�ciently large

corpuswe turn to theweb,andin thenext section,theresultsof analyzingthewebasacorpus

areexplored.

2.4 The Webasa Corpus

2.4.1 Intr oduction

There is a growing recognitionthat the web is not only a corpus,but one with properties

suited to linguistic research. Keller and Lapata(2003), using the searchenginesGoogle

(www.google.com)andAltaVista(www.altavista.com),haveshown notonly highcorrelations

betweenwebfrequenciesandcorpusfrequencies,butalsocorrelationbetweenwebfrequencies

andplausibility judgements.Kilgarrif f (2001)hasgonesofar asto claim, “The corpusof the

new millenniumis theweb.” Whatmakesthewebuniqueis its size: asmuchas60 terabytes

of text data—over sixty trillion words—isavailableto besearchedonline.9 It is not only one

of the largestcorporaavailable,but alsooneof theeasiestto access,asit is freely accessible

andno further away thana searchenginerequest.As Turney (2001),Dumaiset al. (2002),

Lin (2002),KellerandLapata(2003),BaroniandVegnaduzzo(2004)andothersdemonstrate,

9This estimateis basedon Google's own estimateof their index sizeat just over 8 billion pages,anestimate
from LawrenceandGiles (1999)of 7.5 kilobytesof non-markuptext per pageof web data,anda (generous)
estimatefrom Kilgarrif f andGrefenstette(2004)of s,t bytesperword.
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simpleweb-basedapproachesto linguistic problemscanoftenoutperformmorecomplicated

approachesrelying on smaller, classicalcorpora.Thewebpromisesnew opportunitiesin cor-

puslinguistics,aslongastheproblemsandlimitationsinherentin thecorpusaredealtwith.

In thenext section,we exploredifferenttechniquesof exploiting thewebasa corpus.We

thenlook at thespeci�c propertiesof web dataacquiredvia general-purposesearchengines,

andexplorepreviouswork usingsuchwebextractiontechniques.

2.4.2 Exploiting WebData

Many differentapproacheshavebeensuggestedfor exploiting webdata.Perhapsthesimplest

approachis to useexisting general-purposesearchengines,suchasGoogleor AltaVista. Tur-

ney (2001),Villavicencio(2003)andothersemploy suchsearchengines,andthis approachis

adoptedin this thesis.Theadvantagethis techniqueoffersis thatof makinganenormouscor-

pusavailableeffectively `for free', asall of thework of developingandmaintaininganindex

of the web is doneby the searchengineorganization. However, thereareseveral disadvan-

tagesinherentin employing ageneral-purposetool (achosensearchengine)for averyspeci�c

task(linguistic research).As Kilgarrif f (2004)notes,general-purposesearchenginesare“lin-

guisticallydumb,” having no linguistic annotationandmakingno distinctionbetweenpartsof

speech.

BaroniandBernardini(2004)seekto work aroundtheselimitationsby employing asearch

engineonly to gatherpagesof interest,which are retrieved, stored,andusedto constructa

smallerprivatecorpusof webdatawith aspeci�c linguistic focus.Dependingon how speci�c

this focusis, thecorpuscanbethoughtof as“single-use”(BaroniandBernardini,2004).One

stepfurtheris thework of TerraandClarke (2003),who useno searchengineatall, but rather

privatelycrawl10 the web andusethe terabyteof general-purposeweb datagatheredastheir

10`Crawling' thewebis thestandardway of discoveringwebdata.Generally, an index is built by initializing
a recursivealgorithmwith a collectionof seedwebpages.Thealgorithmthenvisits every link on eachwebpage,
addingany new pagesencounteredto its index, andproceedsin this manneruntil stoppedor until no new pages
arediscovered.
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corpus: building, in effect, a private searchindex. Theserelatedapproacheshave several

advantagesover simpleweb searching.As moremanageablesubsetsof web dataarestored

locally, accessis quick,andmany propertiesof thecorpus(its size,for instance)canbedirectly

measuredinsteadof estimated.Furthermore,sincethecorpuscanbecomputationallylabelled

andparsed,searchesbasedon standardlinguistic criteria – a word's part of speechtag, for

instance– canalsobe run. Searchescanalsousemorecomplex andcustomizedinterfaces

thanwhatareavailablethroughcommercialsearchengines.

But theseapproachesarenot without �a w. While BaroniandBernardini(2004)do work

towardspresentingageneral-purposewebextractiontoolkit, a researcheremploying suchakit

is still splittinghisor herfocusbetweenthelinguisticproblemathandandthemaintenanceof a

corpusof webdata.Thecomputationalresourcesfor storing,maintaining,andsearchinglarge

amountsof dataarestill required,but have beenshiftedonto theshouldersof the researcher,

ratherthanbeinginvisibly handledby somegeneral-purposesearchengine.Kilgarrif f (2003),

ResnikandElkiss(2003)andothershavemovedtowardssolvingtheseproblemsby proposing

largecoverage,publicly accessiblelinguistic searchengines:engineswhich aredesignedfor

linguistsby linguists.While theseefforts have resultedin someexciting earlyresults,a stable

andcomputationallyaccessiblelinguistic searchenginewith anindex comparableto thoseof

the large general-purposesearchengineshasnot yet beendeveloped. In their absence,we

focusonusingexistinggeneral-purposesearchengines,andexploretheissuesassociatedwith

their use.

2.4.3 Exploiting Search Engines

Major general-purposesearchengines(henceforthreferredto as“searchengines”for simplic-

ity) havepreviouslybeenusedin thestudyof linguisticphenomenain general(Turney, 2001),

andMWEsin particular(Villavicencio,2003).Suchresearchhashadto dealwith thenoisyna-

tureof webdata,especiallywhencomparedto hand-built classicalcorporasuchastheBritish

NationalCorpus(BNC ReferenceGuide,2000). Typographicalerrors,ungrammaticaltext,
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andeven resultsin other languagescanall contribute noisewhich mustbe controlledfor if

accurateresultsareto beachieved.Worse,asresearchersareconstrainedby asearchinterface

not designedwith linguisticsin mind, it is oftennon-trivial to �lter out resultsunrelatedto the

speci�c typeof linguisticphenomenonin question.This leadsto anothersourceof noisein the

data:thatof the“f alsehit.” As we will see,Villavicencio(2003)andTurney (2001)bothuse

specially-designedsearchesin anattemptto minimizethissortof noise.

Villavicencio(2003)usessearchenginesin herexplorationof theclass-basedbehaviour of

verb-particleconstructions.Brie�y , verb-particleconstructions(VPCs)areMWEs that com-

binea wide rangeof verbswith a memberfrom a smallsetof particles,suchasup,on,down,

along, etc.11 Like LVCs, VPCsaresemi-productive. Thesemanticsof VPCscanrangefrom

beingcloselyrelatedin meaningto the componentverb and/orparticle,to beingcompletely

semanticallydistinct. Examplesof VPCswith variouslevelsof compositionalityincludeput

up, look up, look out, andmake out.

VillavicencioautomaticallygeneratescandidateVPCsby appendingtheparticleup to each

of the 3,100verbslisted in Levin (1993),andexaminestrendsof validity acrossclasses.In

order to determineif a candidateconstructionis valid, shesearchesa collectionof classical

corpora,which includesVPC dictionariessuchastheSinclairandMoon (1989)andtheMc-

CarthyandWalter(1997),alongwith acorpusof VPCsextractedfrom theBNC. If acandidate

constructionis notattestedin thesecorpora,sheattemptsto validateit by searchingfor it onthe

web: if any resultsarefound,sheassumesthecandidateis avalid verb-particleconstruction.

However, a searchfor the phrase“VERB up” can return resultsin which the verb and

particlearenot usedin a VPC. WhenanNP follows thephrase“VERB up”, theconstruction

could either be a VPC (run up a bill ) or a prepositionalverb (run up a hill ), and without

linguistic markup,the two casesaredif�cult to distinguish. Thereforeinsteadof searching

for the phrase“VERB up”, Villavicenciosearchesfor the phrase“VERB up for”, and thus

11VPCsarealsoreferredto in linguistic literatureas“phrasalverbs”,“compoundverbs”,and“discontinuous
verbs”,amongotherlabels.
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excludesmany (thoughnot all) instancesof this ambiguouscase.12 When the web-veri�ed

VPCsarecombinedwith theexisting dictionaries,thenumberof VPCsincreasesby 21%,for

a total of abouttwelve thousandverb-particleconstructions.Further, class-basedbehaviour is

apparent:in someclasses,suchas11.3(Verbsof Bring andTake), it is foundthatall members

form valid combinationswith theparticleup, while in others,suchas39.7(AdviceVerbs),no

valid combinationsarefound.Levin (1993)is suggestedasagoodstartingpoint for observing

patternsin productivity in verb-particleconstructions.

Therearehowever several issueswith this approach.Most critical is the “f ailure-to-�nd

fallacy,” asde�ned by Churchetal. (1991):“...whenyoudon't havemuchevidencefor some-

thing, it is very hardto know whetherit is becauseit doesn't happen,or becauseyou haven't

beenlooking for it in theright way (or in theright place).” A VPC thatis not foundby Villav-

icencio's searchesis markedasinvalid, which might not bethecase:theVPC might never be

employedin thecorpuswith for after it, or it might simply not appearin thesubsectionof the

webthatis indexedby Google.

Additionally, theassumptionthatthevalidity of agivenVPCis abinarydecisionalsoseems

suspect.LikeLVCs,VPCsseemto exhibit degreesof acceptability:someverycommonVPCs

suchascookup areacceptableto most,while otherssuchas?saut́e up are lessuniversally

accepted,but still apparentonline (Villavicencio,2003;VillavicencioandCopestake, 2002).

OnecanreadVillavicencio(2003)asapplyinga thresholdto this continuumof acceptability:

if a VPC appearsin Google's index at leastonce,it is consideredvalid. However, it is not

clearthatthis (somewhatarbitrary)wayof lookingat thedatais useful,andit is possiblemore

meaningfulthresholdscouldbedeterminedandjusti�ed.

Turney (2001)alsousesthewebasa corpus,andfor similar reasons:traditionalresources

(in this case,WordNet(Fellbaum,1988))werefound to be lacking. Turney's taskis slightly

different:givenaproblemword � (suchaslevied), asetof fouralternativewords uXvxwzy|{~}�•�wJyE€

:‚•N>

12Not all instancesareremovedbecausenon-VPCphrasesincorporatingwh-movement,suchasWhich hill did
yourun up for yourmother?, will still bereturnedby thesesearches.
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(suchasimposed, believed, requested, correlated), and,sometimes,an exampleglossof the

problemword in a sentence,his systemis to chosethe alternative word ƒ most similar in

meaningto theproblemword. Theassumptionis madethat two wordsclosein meaningare

morelikely to co-occurfrequentlythantwo wordswith moredistantsemantics—i.e.,that �

will co-occurmoreoftenwith ƒ thanwith any otheralternate.A moresophisticatedapproach

to usingthe web is explored: ratherthansearchingto seeif a given candidateis attestedor

not, as Villavicencio (2003) does,he insteadusesPMI to quantify the associationof each

„�…

uXvxwzy|{~}�•�wJyE€

:‚•N>

to theproblemword � , andchoosesthe „ with thestrongestassociation.

Dif ferenttechniquesof searchingthewebareconsideredin orderto gathermoreaccurate

data. The moststraightforward methodof gatheringthe information requiredfor PMI is to

simply determinethe numberof documentsin which a given „ and � co-occur. For each

alternateword, Turney extractsfrom AltaVista the numberof documentsin which both the

problemwordandthealternativewordareseen,usingthe †ˆ‡c‰ˆŠŒ‹ operator. (Healsogathers,

asisnecessaryfor PMI, thenumberof documentsin whichthealternativewordis seenalone.13)

AltaVista is somewhatuniquein supportingan †X‰X•Ž‡c••‹ operator,14 which returnslinks

to documentswhereinthewords † and ‹ co-occurwithin 10 words. Turney re�nes his initial

approachby employing this operatorinsteadof ‡c‰ˆŠ , and�nds accuracy increasesfrom 48%

to 62%. In practice,both thesescorestendto rank antonyms ashighly assynonyms, so he

extendsthesearchby addingtheroughquali�er “( ‡X‰XŠ‘‰c’c“ (�&’”•

„ ) ‰X•Ž‡c• “not”)” to his

searches.This increasesaccuracy by another4%, to 66%. Adding to thesearchsomecontext

wordsto thesearchextractedfrom thegloss(if available)bringsaccuracy to 74%.

Thesedifferenttechniquesof searchingAltaVista areeachaimedat solving the problem

of noisecausedby falsehits. Constrained,ashe is, by the restrictionsof AltaVista—which

13SinceTurney (2001)is interestedonly in comparingthescoresof each•—–�˜š™œ›/•OžzŸ� ~›/•J¡£¢x¤�¥ to eachother, and
never acrossdifferentproblemwords,thenumberof timestheproblemword ¦ is observedis droppedfrom the
PMI equation.

14AltaVistahassupportedthis operatorin thepast,but revisionsto its searchenginetechnologyhave,at times,
removedit. As of this writing, theNEAR operatoris onceagainsupported.This illustratesa majorconcernwith
relyingona third-partysearchengine:onehasnocontrolover thecorpusor theway it is accessed.
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provideslittle context for results—Turney mustensurethathis queriesremoveasmany of the

unwantedresultsaspossible.15 Eachsuccessive iterationof his searchtechniqueis targetedat

acertainkind of falsehit, andwith thisnoiseremoved,accuracy increases.

Turney andLittman(2002,2003)continuework in this vein;here,PMI is usedto measure

semanticorientationof a given problemword
V

. Semanticorientationcapturesthe degree

to which a word is thoughtof as being `good' or `bad': excellentand poor are canonical

examplesof wordswith apositiveandnegativesemanticorientation,respectively (Turney and

Littman, 2002). Two exemplarsetsof wordsarede�ned: a groupof wordswith a positive

semanticorientation, §©¨©ª1{,«1€ , anda groupof wordswith a negative orientation, ¬X¨©ª1{,«1€ .16

The numberof timesa problemword
V

is associatedwith each
•

¨©ª1{,«

…

§©¨©ª1{,«1€ andwith

each }�¨©ª1{,«

…

¬c¨©ª1{,«1€ is gathered,againusingAltaVista's ‰X•Ž‡X• operator. Thesenumbers

arethencombinedto form whatis calledasemanticorientationPMI formula(SO-PMI),which

subtractsthePMI of
V

with negativewordsfrom thePMI of
V

with positivewords.Thisforms

ameasureof how `good'
V

is:

7

’ -
QSRUT

:MV”>

�

K

~®�¯z°²±GD´³�®�¯z°²±zµ

QSRUT

:MV¶],•

¨©ª1{,«

>

�

K

·E®�¯z°²±.D´¸�®¯J°²±zµ

QSRUT

:=V¹]

}�¨©ª1{,«

>

(2.3)

This formula employs moredatathanprevious examplesof PMI we have seen,andcanbe

seenasaneffort to infusePMI with linguistic knowledge:themeasurèknows' which words

are`good' and`bad', andusesthis informationto make what is intendedasa moreinformed

calculationof thesemanticorientationof acandidate.In orderto evaluateSO-PMI,Turney and

Littman (2003)simplify theorientationratingsgeneratedto a binarypositive/negativechoice,

andachieve82%agreementwith athree-thousand-wordcorpusof semanticallylabelledwords.

An importantideaadvancedin thiswork is thatof collectingwebdataacrossawholeclass

15As retrieving eachdocumentreturnedwith asearchis not just infeasible(dueto thelargenumberof requests
necessary)but impossible(AltaVista,like mostsearchengines,limits thenumberof returnedlinks to documents
to 1000),oneoftenis limited to thehandfulof wordsof context providedwith eachsearchresult.

16The setof positive andnegative wordsaregood, nice, excellent, positive, fortunate, correct, superior, and
bad, nasty, poor, negative, unfortunate, wrong, inferior, respectively. They arechosenby the authorsfor their
perceivedrelative insensitivity to context (Turney andLittman,2003).
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of relatedwords,ratherthanrelying on oneword for comparison.This extra dataallows any

idiosyncrasiesassociatedwith aspeci�c wordtobesmoothedout,andmaycaptureinformation

not availableotherwise(Turney, 2002). However, it is importantthat the setsof words all

capturethe samesemanticnotion: otherwise,collecting dataacrossthesewords would be

counterproductive.17

Anotherusefulcontribution of Turney andLittman (2003)is the examinationof Laplace

smoothingon PMI with differentcorpussizes.18 It is found thaton large corpora,their PMI

measureis notparticularlysensitiveto thevalueof thesmoothingfactor. Ratherthanproviding

resistanceto noise,smoothingis usedonly to preventdivision by zero. Two conclusionsare

drawn: �rst, thatthebene�t from optimizingthesmoothingfactorfor noiseresistanceis small

for largecorpora,andsecond,thatthereis lessneedfor smoothingwhenalargecorpusis avail-

able(Turney andLittman,2003).Theseconclusionsaresigni�cant for otherwork employing

PMI andthewebasacorpus.

Theweb,andsearchenginesin particular, presentuniquepropertiesandissueswhenem-

ployedin corpuslinguistics.Extractinginformationwith searchenginesis apromisingavenue

of research,andoffersa largecorpusat very little cost,aslong asissuesof noisecanbedealt

with. Suchissuesof noiseareencounteredin our own computationalexplorationof LVCs,as

themodelswe developfor quantifyingtheacceptabilityof candidatelight verbconstructions

all employ webdataacquiredby meansof asearchengine.In thenext chapter, wepresentand

justify thesemodels.

17Turney andLittman (2003)explore usingclassesof wordswhich have a morecontext-sensitive semantic
orientation.Theirexperimentsarererunemploying º¼»¾½3¿EÀ and Á”»¾½3¿EÀ setsfeaturingwordswhicharesimilarly
frequent,but moresemanticallyvariable,to thosethathadpreviously beenemployed. Examplesof thesewords
includeclassicandcon�dence(in thepositiveset)andguilt andlost (in thenegativeset).Whenusingthesesets,
accuracy is over10%worse.

18PMI is testedwith threecorpora:thefull AltaVistacorpus;a limited AltaVistacorpusaccessedby instructing
thesearchengineto only includepagesfrom the.ca(Canadian)namespace;anda 10million-wordcorpuscalled
TASA, which is a collectionof shortdocumentsculled from a wide varietyof sourcessuchasnovelsandnews-
papers(Turney andLittman,2003). The limited AltaVistacorpusis about2% of thesizeof thefull corpus,and
TASA about0.5%of thesizeof thelimited AltaVistacorpus.



Chapter 3

Computational ModelsOf LVC

Acceptability

In thiswork weinvestigatethe(semi-)productivity of LVCsin orderto �nd ameansto quantify

how well particularlight verbsandcandidatecomplementsgotogether. Weconsiderconstruc-

tionsin whichanLV occurswith apredicativenoun(PN)—theLV+PNconstructionsdiscussed

in Section2.2. In particular, we focuson thesubclassof TrueLight Verbconstructions(Sec-

tion 2.2.2),whicharedistinguished,amongotherproperties,by employing aninde�nite deter-

minerwith a PN complementin a stemform identicalto a verb. As notedby Kearns(2002),

Wierzbicka(1982),andothers,the restrictionson which complementscanoccurwith partic-

ular light verbsin theseconstructionsappearto besemanticallypatterned:complementswith

similar semanticsseemto have thesametrendsof co-occurrenceacrosslight verbs.We wish

to examinethis hypothesisby comparingthebehaviour of thecomplementin anLVC across

semanticclasses.

Two methodsof groupingpotentialcomplementsinto semanticclassesareconsidered.As

the PNsunderconsiderationhave an argumentstructureandare identical in form to a verb,

we employ the lexical semanticverb classesof Levin (1993). However, it may be that se-

manticclasseswhich incorporatenominalinformationaremoreappropriatefor this task. We

27
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thereforealsogeneralizeacrosssemanticclassesgeneratedusingboththenominalandverbal

hierarchiesof WordNet2.0(Fellbaum,1988).For eachLevin classweconsider, wegeneratea

correspondingsetfrom WordNetgrown from arepresentativeseedword from theLevin class.

Four computationalmeasuresaredevelopedto quantify theacceptabilityof thecandidate

LVCs generatedvia our semanticclasses:PMI, LVC-PMI, LVC-Prob, and LVC-Freq. We

hypothesizethatcomparisonsof LVC acceptabilitybetweenclassesandontologies,andacross

thelight verbsthemselves,will show distinctpatternsof acceptability. Further, comparisonsof

thesemeasuresto humanjudgmentsof LVC acceptabilitywill indicatewhichapproachis best

suitedto our task.

3.1 GeneralizationacrossSemanticClasses

3.1.1 Moti vation of Approach

The classof LV+PN light verb constructions1 is interestingbecausethe productivity of an

LV appearsto be relatedto the semanticclassof the complement.Considerthe following

examples:

a. Scottgaveagroan/ gaveasigh/ gavea laugh/ gaveacry.

b. ? Scottmadea groan/ madeasigh/ madea laugh/ madeacry.

c. * Scotttooka groan/ tookasigh/ tooka laugh/ tookacry.

ThePNsgroan, sigh, laugh, andcry all describemethodsof non-verbalexpression.Fur-

thermore,they all combineto form natural-soundingLVCs with the light verb give. When

combinedwith theLV make, theconstructionof LV andPNis lessacceptable,but seemsmore

acceptablethanthoseformedwith take, which seemcompletelyunnatural.We believe, fol-

lowing Kearns(2002)andWierzbicka(1982),thattheway in whichLVs combinewith PNsto

1As ourwork focusesonLV+PN constructions,thelabelof “light verbconstruction”(“LVC”) will henceforth
beused,for simplicity's sake, to referspeci�cally to LV+PN constructions.
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form acceptableLVCs is not fully idiosyncratic,but rathersystematic.We proposeemploying

semanticclassesof PNsfrom Levin (1993)andWordNetassemanticallysimilar groupsover

which to comparetheacceptabilityof complementswith agivenlight verb.

Our approachis relatedto the ideaof substitutabilityin MWEs. Pastwork hasexamined

substitutingpartof an MWE with a semanticallysimilar word in orderto determinethepro-

ductivity of the expression—highersubstitutabilityindicatinghigherproductivity (McCarthy

et al., 2003;Lin, 1999). Similarly, in this work we explore the (semi-)productivity of LVCs

by substitutingcomplementsacrossa classof semanticallyrelatedPNs. Like Villavicencio

(2003),weexaminetrendsacrosssemanticclasses,andexpectto �nd cleardistinctionsof pro-

ductivity betweenthem.However, theapproachin this thesisdiffersfrom thatof Villavicencio

(2003)not only in focusingon LVCs, but also in its goal of quantifyinghow gooda given

candidateis. As theacceptabilityof acandidateLVC is notabinarydecisionbut insteadspans

acontinuumof acceptability, weseekto measuretheacceptabilityof eachcandidateusingthe

(continuous)measureswedevelopin Section3.2.

In additionto examiningtrendsin LVC acceptabilityacrosssemanticclasses,we explore

trendsacrossthe light verbsthemselves,to determineif therearepatternsin how individual

LVs areusedsemi-productively in LVCs. WefocusonthreecommonEnglishlight verbs:take,

give, andmake. We selecttake andgivebecausethey have nearlyoppositesemanticsbut still

occurin awiderangeof LVCs. Interestingly, it seemsthatsometypesof PNscanoccurequally

well with bothof theseLVs: onecanbothtakea tour andgivea tour, dependingonone's role

in theevent.Thelight verbmake is chosenfor its differencefrom takeandgive, asit seemsto

favourdifferenttypesof PNsin light verbconstructions.Additionally, the“light” and“heavy”

usesof makeseemmoredif�cult to distinguishthanthoseof takeandgive. Weexpectmaketo

show differentgeneralizationbehaviour whencomparedwith theothertwo light verbs.

Finally, asit maybepossiblethatclassesextractedfrom onesourceform aremoreappro-

priatefor usein LVCs thanthoseof another, wecomparethepatternsof acceptabilitybetween

therelatedsemanticclassesextractedfrom Levin (1993)andWordNet.Themethodin which
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theseclassesareacquiredis now described.

3.1.2 SourcesEmployed in Acquiring SemanticClasses

Sincethe PNs we employ have a stemform identical to a verb, the hand-constructedverb

classesof Levin (1993)may be usefulasa semanticgroupingof potentialcomplementsfor

LVCs. Examplesof Levin verb classesinclude“Verbsof Mannerof Speaking”(class37.3,

whichcontainsverbssuchasgroanandcry) and“Hit Verbs”(class18.1,includingverbssuch

asbashandwhack). We hypothesizethat theseclassesmay make detailedenoughsemantic

distinctionsto allow generalizationof LVC acceptabilityalongclasslines.

However, PNsarenot verbs,andsemanticclassesdrawn from anontologyincorporating

nominal information may form more appropriategroupings. To this end, we also employ

WordNetasa sourceof semanticclassesof PNs. In orderto meaningfullycomparetheLVCs

generatedusingWordNetsetsto thosegeneratedusingtheLevin sets,werequirethatbothsets

besemanticallysimilar to oneanother. We developa techniquewhich, givena representative

seedword from Levin (1993),generatesa setof semanticallyrelatedPNsfrom WordNet: this

processis explainedin more detail in Section4.2. In brief, we examineWordNet's “is a”

hypernym hierarchyof nouns(i.e.,astroll is akind of walk is akind of action) andthe“is one

way to” hypernym hierarchyof verbs(i.e., to stroll is oneway to walk is onewayto travel). In

bothhierarchies,we remove thosewordswhichdo not appearin boththenounandverbtrees,

therebyexcluding elementswhich arenot guaranteedto be the particulartype of predicative

nounswe focuson. Weextractcoordinateterms—wordswhichhaveaparentin commonwith

the given seedword—from eachhierarchy, and theseare usedto form setsof semantically

relatedPNscorrespondingto theLevin class.
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3.2 Acceptability Measures

We develop andevaluatefour differentcomputationalapproachesto quantifyingthe accept-

ability of candidatelight verb constructions.Thesemeasuresarepointwisemutualinforma-

tion (PMI), which hasbeenusedto measurethe productivity of differenttypesof multiword

expressionsin thepast(Lin, 1999);LVC-PMI, which canbeseenasanextensionof PMI in-

corporatinglinguisticknowledgeof LVCs;LVC-Prob,which is aprobabilityformuladesigned

to measurehow likely anLVC constructionis givenits componentlight verbandcomplement;

andLVC-Freq,asimplemeasurewhichexploitsanestimateof thenoisefoundin thedataand

rankscandidatesby their frequency of appearancein thecorpus.

3.2.1 The PMI Baseline

As noted,we focus on LVCs in which generallyonly the inde�nite determinera or an is

employed. TreatingLV+PN constructionsasa collocatedphrase,we employ PMI to measure

theassociationbetweenthelight verbandits phrasalcomplement,“a PN”.2 This is labelledas
QSRUT

:zÂ¼ÃÅÄ

•1§A¬

>

.

ThePMI scoreof a candidateLVC is interpretedasits acceptability, makingtheassump-

tion thatco-occurrenceof anLV andPN complementre�ects sharedparticipationin anLVC.

If
QSRUT

:zÂ¼ÃÅÄ

•1§A¬

>

l � , then “LV a PN” is understoodto be a good LVC; conversely, if
QSRUT

:zÂ¼ÃÅÄ

•1§A¬

>

n � , then“LV a PN” is interpretedasbeingan unacceptableconstruction.

Sincewe employ the World Wide Web asa corpus,problemsof sparsedataaremuch less

likely to skew theoutputof thePMI formula.

This usageof PMI is unchangedfrom ourpastwork in employing themeasureto quantify

LVC acceptability(Stevensonet al., 2004),andis usedhereasan informedbaseline.While

PMI candetectasigni�cant levelof cooccurrencebetweenagivenLV and“a PN” complement,

2SincesomePNsbegin with vowels,theinde�nite determinermaybeeithera or an, but it is writtenhereand
elsewherein this chapterasa for simplicity's sake.



CHAPTER 3. COMPUTATIONAL MODELS OF LVC ACCEPTABILITY 32

thisdoesnotnecessarilyimply thattheassociationbetweenthesetwo wordsis dueto frequent

usagein light verbconstructions.

3.2.2 The LVC-PMI Measure

TheLVC-PMI measureemploys bothPMI andlinguistic propertiesof LVCs in orderto make

what is intendedasa moreinformedjudgmentof candidateconstructionacceptability. LVC-

PMI is basedon previous computationalresearchinto LVC constructions,andis a modi�ed

versionof the DiffAll measurepresentedin Stevensonet al. (2004). The DiffAll measureis

now explained,asit motivatesLVC-PMI.

Dif fAll is foundedonthelinguistichypothesisthatgenerallyonly theinde�nite determiner

a (or an) is allowed in LV+PN constructions(Kearns,2002). Stevensonet al. (2004) theo-

rize that a higher mutual information value shouldthereforebe found for “LV a PN” than

for “LV [det] PN” constructions,where[det] is any de�nite determiner. A measureis de-

signedwhich incorporatesboth
QSRUT

:zÂ¼ÃÅÄ

•1§A¬

>

, which is interpretedas positive evidence

for LVC usage,and
QSRUT

:ÆÂŽÃÅÄ

«9y|w‚§A¬

>

, which is interpretedas negative evidence. While
QSRUT

:zÂ¼ÃÅÄ

•1§A¬

>

shouldindicateif “LV a PN” is a goodcollocation,the differencebetween

thetwo,
QSRUT

:ÆÂŽÃÅÄ

•1§A¬

>

�

QSRUT

:zÂ¼ÃÅÄ

«9y|w=§A¬

>

, shouldindicateif “LV aPN” is agoodLVC.

To capturethis intuition in a singlemeasure,
QSRUT

:zÂ¼ÃÅÄ

•1§A¬

>

and
QSRUT

:zÂ¼Ã¹Ä

«9y|w‚§A¬

>

are

combinedusingalinearapproximationof thelines
QSRUT

:zÂ¼ÃÅÄ

•1§A¬

>

�@� and
QLR�T

:ÆÂ¼ÃÇÄ

•1§S¬

>

�

QSRUT

:zÂ¼ÃÅÄ

«9y|w‚§S¬

>

�È� . Thesingleline which approximatesthecombinedeffect of thesetwo

PMI equationsis �¹�

QLR�T

:ÆÂ¼ÃÇÄ

•1§S¬

>

�

QSRUT

:zÂ¼ÃÅÄ

«9y|w=§A¬

>

�_� , from which theDiffAll mea-

sureis drawn:

Šc2²ÉÊ‡ˆ-5-

:ÆÂ¼ÃÇ]

§S¬

>

�@�Ç�

QSRUT

:zÂ¼Ã¹Ä
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>

�

QSRUT

:zÂ¼ÃÅÄ
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>

(3.1)

Like themeasureof synonym similarity presentedin Turney andLittman (2003),Dif fAll cap-

turesmore information aboutthe linguistic phenomenonin questionthan PMI alone. It is

hypothesizedthatDif fAll is abettermeasurementof LVC acceptabilitythan
QSRUT

:zÂ¼ÃÅÄ

•1§A¬

>

.
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On developmentdata,Stevensonet al. (2004) �nd that contraryto linguistic claims, the

de�nite determinertheis notalwaysrarein LV+PN constructions.For example,theinde�nite

LVC I took a walk is acceptable,but so too is the de�nite I took the walk that was recom-

mended.DiffAll is testedemploying differentsetsof determinersincludingthe, this, that, and

thepossessive determiners,andit is found thatmeasuresof
QSRUT

:zÂ¼ÃÅÄ

«9y|w‚§S¬

>

excluding the

performbeston developmentdata.The�nal measurethereforeemploys demonstrative deter-

miners(this, that) aswell aspossessive determiners(my, your, etc.),but doesnot includethe

de�nite determinerthe. On testdata,Dif fAll is foundto performroughlythesameasPMI on

candidateLVCs involving the light verb take, somewhatbetterthanPMI for candidateLVCs

with give, andworsethanPMI for candidateLVCswith make.

Furtherresearchperformedfor this thesissuggeststhereasonDiffAll doesnotclearlyout-

performPMI is thatactualLVC usageis morenuancedthansuggestedin thelinguistic litera-

tureandaccountedfor in themeasure.Thephenomenonof de�nite determinersbeingusedin

LVCs is not limited to the: LV+PN light verbconstructionsseempossiblewith mostde�nite

determiners.Considerthefollowing examplesinvolving thelight verbtakeandthepredicative

nounwalk:

a. I tookawalk into town.

b. I took thewalk thatwasrecommendedin thebrochure.

c. I took thatwalk yesterday.

d. Wedecidedto takeanotherwalk alongthebeach.

e. Grandfatherannouncedhewasleaving to takehiswalk.

It seemsthat while “LV a PN” light verb constructionsdo occur moreoften than those

usingde�nite determiners,LVCs employing thesedeterminersarestill acceptableconstruc-

tions. Further, corpusevidenceshows that thesedeterminersareusedfrequentlyenoughin

LVCs to adverselyaffect theDiffAll measure,which is predicatedon suchLVC usagesbeing
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rare. Our testingon developmentdataindicatesthebestresultsoccurwhen
QLR�T

:ÆÂ¼Ã¹Ä

•1§A¬

>

and
QSRUT

:zÂ¼Ã¹Ä

«9y|w‚§A¬

>

areadded(ratherthansubtracted)in a two-to-oneratio. This re�ects

thelinguistic intuition thatwhile theassociationbetweenthelight verbandtheinde�nite com-

plementis themostimportantfactorin a candidateLVC's acceptability, instancesof thelight

verbemployedwith de�nite complementsalsocapturepositive informationaboutLVC usage.
QSRUT

:zÂ¼ÃÅÄ

•1§A¬

>

and
QSRUT
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>

arethereforeaddedto de�ne ourLVC-PMI measure:
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(3.2)

LVC-PMI, unlikeDiffAll, hasnoreasonto excludethe, andsoafull setof de�nite determiners

is used.

3.2.3 The LVC-Prob Measure

We now describeanalternative approachwhich doesnot employ PMI. LVC-Probis a proba-

bility formulawhichmeasuresthelikelihoodthatagivenLV andPNform anacceptableLVC.

This probability dependson both the light verb and the predicative noun,andon theseele-

mentsbeingusedin thecontext of anLVC. LVC-Probis thusde�ned asthe joint probability
Ë
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-
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, whichwe factoras:
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(3.3)

Wewill examineeachof thefactorsof ourprobabilityformulaindividually, andmotivatetheir

estimation.

The�rst factor,
Q

)

:

§A¬

>

, re�ects thelinguisticobservationthathigherfrequency wordsare

morelikely to beusedascomplementsin LVCs thanlessfrequentwords(Wierzbicka,1982).

We estimatethis probabilityby Ò~{3y+Ó

:

p¶Ô

>+Õ<

, where
<

is the numberof wordsin thecorpus.

We do not attemptto distinguishnominal from verbalusagesof the PN word token in these

counts,sinceahigherverbusemaycontributeevidenceasto thepredicativenatureof thenoun.

The
Q

)

:ÆÂŽÃ¼Ð;Ñ

§A¬

>

factorcapturesthe intuition that theprobabilityof a givenLV andPN

combiningto form anacceptableLVC dependson how often thePN formsLVCs in general.
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If a PN forms LVCs with many light verbs,thenit seemsprobablethat it will form an LVC

with a particularlight verb. However, if a PN is not often employed in LVCs, thenit is less

likely a particularcombinationof LV andPN will form an acceptableLVC. The frequency

with which a PN formsLVCs is estimatedasthenumberof timeswe observe theprototypical

LVC pattern“LV aPN” (or “LV anPN”, for PNsbeginningwith avowel) acrosspossibleLVs:
C

Ö

iØ×"[£Ò~{3y+Ó

:zÂ¼ÃXiÙÎ

•1§A¬

>

, where P is thenumberof light verbsin our study. (Notethat this is an

overestimate,sincewecannotdeterminewhich of suchusagesareindeedLVCs.) Therefore:

Q
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>ŽÚ

C

Ö

ix×"[ Ò~{3y+Ó

:ÆÂŽÃˆi\Î

•1§S¬

>

Ò~{3y+Ó

:

•1§A¬

> (3.4)

Sincewe areonly countingusagesof thePN in thecontext of an inde�nite determinerin the

numerator, wenormalizeovercountsof “a PN”.

Finally, the third factor,
Q

)

:ÆÂŽÃ�Ñ

§S¬

]£Â¼Ã¼Ð”>

, re�ects that differentLVs have varying de-

greesof acceptabilitywhenusedwith a givenPN in anLVC. We similarly estimatethis fac-

tor from corpusdatawith countsof the LV andPN in the typical LVC pattern: Ò~{Ey+Ó

:zÂ¼Ã�Î

•1§A¬

>,Õ

Ò~{3y+Ó

:

•1§A¬

>

. (Note againthat this is an overestimate,sincewe cannotknow with cer-

tainty thatagivenusageis anLVC.)

Combiningtheestimationof thethreefactorsgivesthefull estimationof LVC-Probusing

corpusdata:
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(3.5)

whereP is thenumberof light verbsfor which datais available,and
<

is thenumberof words

in thecorpus.

3.2.4 The LVC-Fr eqMeasure

Our�nal measure,LVC-Freq,is speci�cally designedto employ webdataaccessedvia linguis-

tically nä�ve searchengines.It assumesa vastbut unannotatedcorpus,onewhich is costly to
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access(eachcorpussearchcantake severalseconds)andfrom which extractingaccuratedata

is dif�cult. LVC-Freqrankstheacceptabilityof candidateLVCsby thefrequency atwhichthey

arefound in a corpus.However, rating thesecandidatesby the numberof resultsfound in a

searchfor theconstructionis problematic,asthesesearchesarevariouslyaffectedby noise.As

detailedin Section2.4.3,awebsearchfor takea walkmayreturnpageswith phrasesunrelated

to thecandidateconstruction.Wethereforeestimatethelevel of noiseaffectingeachcandidate

construction,andremove thisnoisefrom its searchresults.

Our estimateof noiseis basedon the intuition thatLVCs aremorelikely to beexpressed

without internalmodi�ers thanwith suchmodi�ers, andthat the likelihoodof seeinganLVC

with
H

modi�ers approacheszeroas
H

increases.For example,weexpecttheLVC takea walk

is morelikely to beexpressedthaninternallymodi�ed LVCs suchastake a long walk, which

arein turn moreprobablethanLVCs suchastake a long, relaxingwalk andtake a long but

stimulatingandrelaxingwalk, andsoforth. Weassumethereexistsa threshold,ë , atwhichthe

likelihoodof producinganLVC involving
H

g‘ë wordsof internalmodi�cation is negligible.

At this threshold,any resultsreturnedby asearchfor acandidatewith ë wildcardsmustinclude

only noisyphrasesunrelatedto LVC usage.

To capturetheseinternalmodi�ers, we employ wildcards(“ ì ”) which matchoneword.

Thesewildcardsaresupportedby theversionof theGooglesearchengineusedin this work.3

Thus,a searchfor take a ì walk mayreturndocumentsincludingphrasessuchastake a short

walk alongwith noise,suchastake a tip: walk with me. As morewildcardsareaddedto a

searchphrase,longerformsof noisearereturned.We searchfor eachcandidateLVC at both

thezeroand ë wildcardlevel (with ë determinedondevelopmentdata),andlabelthesesearches

Ò~{3y+Ó

:

�

>

and Ò~{3y+Ó

:

ë

>

respectively. Evidenceof LVC usage(if available)is expectedto befound

with thezerowildcardsearch,andonly noiseinvolving theLV andPN is expectedto befound

with the ë wildcardsearch.Ourestimateof noiseis removedfrom thezerowildcardsearchvia

3As detailedin AppendixC, pastupdatesto the Googlesearchenginehave at timesdiscontinuedwildcard
support.
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asimplesubtraction:
Ë

8ˆÌ

- í�)+(£î��ïÒ~{3y+Ó
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>

�•Ò~{3y+Ó

:

ë

>

(3.6)

Scoresaregenerallypositive,butaveryunacceptableconstructionmayreceiveanegativescore

if Ò~{Ey+Ó

:

�

>

is nearzero.LVC-Freqis obviously a very basicmeasure:it is designedto measure

the acceptabilityof LVCs with very few corpussamples,andshouldalso illustratewhether

thewebis largeenoughto supportsuchbasicapproachesto linguistic problems.Note that if

non-noisyaccessto our corpuswasavailable(i.e., if resultsetscontainedonly LVCs andno

otherconstructions),then Ò~{3y+Ó

:

ë

>

would be by de�nition equalto zeroandwe would simply

beemploying thenumberof instancesof LVC usage,Ò~{Ey+Ó

:

�

>

, to ratetheacceptabilityof each

candidate.Section4.3.2describesthe determinationof the valueof ë throughdevelopment

testingandlinguistic intuition.

3.2.5 Summary of Acceptability Measures

Thefour differentcomputationalmeasuresdevelopedfor quantifyingtheacceptabilityof can-

didateLVCs eachtake a slightly differentapproachto theproblem.PMI is aninformedbase-

line, LVC-PMI is intendedasan improvementon the baselinewhich incorporateslinguistic

knowledgeof LVCs, LVC-Probis a probability formula which measuresthe likelihoodof a

givenLV andPNforminganacceptableconstruction,andLVC-Freqis asimplemeasurewhich

ratescandidatesby their frequency of usagein corporaandattemptsto estimatethenoisefound

in corpusmeasurements.



Chapter 4

Materials and Methods

In this chapterwedescribetherealizationof thecomputationalmodelspresentedin Chapter3

for quantifyingtheacceptabilityof candidatelight verbconstructions,alongwith theseman-

tic classesof predicative nouns(PNs)againstwhich thesemeasuresare tested. We employ

two typesof semanticclassesin this work: a setof selectedclassesfrom Levin (1993),and

correspondingclassesautomaticallygeneratedusingWordNet2.0. In thenext section,we list

the Levin classesselected;theseclassesarechosento re�ect a rangeof productivity across

light verbs.We thenfocuson our methodof generatingcorrespondingclassesof semantically

relatedPNsfrom WordNet.Wedetaila techniquewhich,givenaseedPN,gathersasetof PNs

whicharesemanticallyrelatedto theseed.With thisprocedurein place,wedescribeamethod

for automaticallyselectinga representative seedword from eachchosenLevin class. These

seedsareusedwith thesetgenerationalgorithmto producetheWordNetsemanticclassesem-

ployed in this work. It is hopedthat the trendsin LVC productivity of the classesextracted

from WordNetwill re�ect thoseof theclassesselectedfrom Levin (1993).

Thewebextractiontechniquesusedto gatherthedatanecessaryfor our four measuresof

LVC acceptabilityarethendescribed.Weconsidertheissuesspeci�c to usingWorldWideWeb

dataacquiredvia general-purposesearchengines,anddetailthethreetechniquesdevelopedto

�lter noise. Eachis aimedat a different type of “f alsehit” returnedby the searchengine

38
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employed. In the �nal section,we considerthe two statisticalmeasureswe employ to assess

theperformanceof our computationalmeasuresof LVC acceptability. We employ Spearman

RankCorrelation(SRC),a statisticwhich captureshow often two annotatorsrank candidate

constructionsin thesamerelative order, alongwith WeightedKappa,a measureof agreement

which given a setof category labels(i.e., `poor', `fair', and`good') captureshow often two

annotatorsassignthesamelabelsto candidateconstructions.

4.1 Selectionof Levin Verb Classes

Levin (1993) is employed asa sourceof lexical semanticverb classes.Threedevelopment

andfour testclassesarechosento re�ect a rangeof productivity of complementsacrosslight

verbs: theseclassesare listed in Table 4.1. Membersof theseverb classeswhich are not

form-equivalentto a nounareremovedfrom consideration.Someclasses,suchas51.4.2,are

(accordingto researcherintuition) generallygoodwith take, slightly worsewith give, andpoor

with make. Others,suchas43.2,arebetterfor make, but poorwith take. Someclasses,suchas

18.1and18.2,allow thedative form with thelight verbgive, while otherssuchas43.2,donot.

As our evaluationprocessemploys comparisonswith humanacceptabilityjudgments,andas

thesearecostlyto gather, Levin classeswith morethan35 verbs(30 for developmentclasses)

have a randomsubsetof their membershipchosen.As a result,all testLevin classeshave no

morethan35 members,andall developmentLevin classeshaveno morethan30 members.

4.2 Generationof WordNet Classes

Our goal is to constructa semanticclassof PNsfrom WordNetwhich roughlycorrespondsto

thecoarse-grainedmeaningof eachclassselectedfrom Levin (1993),sothatwe cancompare

patternsof acceptabilityacrossthecorrespondingclasses.EachLevin classhasautomatically

extractedfrom it a singlerepresentative PN seed,which is usedasa startingpoint for our set
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DevelopmentClasses

Levin # Name Count ExampleMembers

10.4.1* WipeVerbs,Manner 30 dab, dust, scrub, wipe

17.1 Throw Verbs 30 bash, hit, shoot, throw

51.3.2* RunVerbs 30 bolt, dash, hike, streak

TestClasses

Levin # Name Count ExampleMembers

18.1,2 Hit andSwatVerbs 35 bang, kick, pound, slug

30.3 PeerVerbs 18 gaze, leer, peek, stare

43.2* SoundEmission 35 burr, clap, plop, whistle

51.4.2 Motion (non-vehicle) 10 drive, paddle, row, tack

Table4.1: Levin classeschosenfor developmentandtestdata.A `*' indicatesa randomsubsetof verbs

wasusedin theclass.

generationalgorithm.This algorithmemploys thenominalandverbalhierarchiesof WordNet

to collectaclassof PNssemanticallyrelatedto theseedprovided.

For easeof explanation,in the next sectionwe assumea methodexists for choosingan

appropriatePNseedfrom agivenLevin class,anddetailhow asetof semanticallyrelatedPNs

canbe extractedfrom WordNet. We thendescribein the sectionfollowing an algorithmfor

selectinganappropriateseed.

4.2.1 Generatinga Setof RelatedWords

Given a predicative noun seed,�

<ñð

, we wish to gathera set of semantically-relatedwords

from WordNet for usein LVCs. First, the nounandverb hierarchiesareexamined,andall

thecoordinateterms1 of �

<Nð

aregatheredinto two sets,respectively labelled
Ð

ª´ª1{,«

·

:‚•

}

µ

>

and
Ð

ª´ª1{,«1ò

:/•

}

µ

>

. Non-verbsareautomaticallyremoved from
Ð

ª´ª1{,«

·

:‚•

}

µ

>

andnon-nounsfrom

1A coordinatetermof ¤�Ÿdó is a word thatsharesat leastoneof theparentsof ¤�Ÿ1ó .
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Ð

ª´ª1{,«1ò

:/•

}

µ

>

, to help ensurethat only predicative nounsremainin the sets. The threelight

verbsweemploy in thiswork, if found,arealso�ltered. Theunionof thesetwo setsis labeled
Ð

ª´ª1{,«

:‚•

}

µ

>

. Notethatsince
•

}

µ is likely polysemous,
Ð

ª´ª1{,«

:‚•

}

µ

>

likely containssiblingsof
•

}

µ foundundermany differentparents.

We measurethreepropertiesof each�

<

…

Ð

ª´ª1{,«

:/•

}

µ

>

which canbe usedto selectPNs

mostappropriatefor the semanticclasseswe aregenerating.First, the numberof syllables

of
•

} is extractedfrom an electronicrhyming dictionary; if the word is not found in this

lexicon,thesyllablecountis estimated.Thissyllablecountcanbeusedto exploit thelinguistic

observation that that shorter, simplerwordsaretypically betterin LVCs (Wierzbicka,1982).

Secondly, thenumberof timesthestemform of thePNis usedasaverbin theBritish National

Corpus(BNC ReferenceGuide,2000)is measured.Thisis labelled
Ð

ª1ô9}�wöõ

¸N÷

:‚•

}

>

, andallows

usto makeuseof thelinguisticobservationthatwordswhicharemorefrequentlyemployedin

generalusagearemorelikely to to beemployed in LVCs. A verb in�ector is usedto ensure

that any tenseof a verb with a stemform identical to a PN is includedin
Ð

ª1ôÙ}�wMõ

¸N÷

:‚•

}

>

.

Finally, eachPN hasa WordNetcountassociatedwith it,
Ð

ª1ô9}�wEø

¸

:

�

<N>

, which is de�ned as

thenumberof times�

<

is foundassociatedwith adifferentsenseof theseed
•

}

µ .2 This is used

to capturethe intuition that a word which is moreoften associatedwith
•

}

µ likely hasmore

in commonwith it thanonewhich is not. Like
Ð

ª1ô9}�w=õ

¸?÷

:

�

<?>

,
Ð

ª1ô9}�w+ø

¸

:

�

<N>

is alsouniform

acrossverbtenses.

It wasour expectationthat thresholdscould be appliedto theseproperties. By altering

thesethresholds,we couldgeneratesetsof PNswith varyingappropriatenessfor LVCs. For

example,if only monosyllabicwordswereallowed,but no restrictionswereput on
Ð

ª1ô9}�wöõ

¸?÷

and
Ð

ª1ô9}�w+ø

¸ , thenwe would expectto generatea setcontainingshort,simplewordswhich

arelikely betterfor LVCs but which arelessrelatedto
•

}

µ . Similarly, if no ceiling wereap-

plied to thesyllablecounts,but severalthousandappearancesin theBNC andahighWordNet

2Word sensesarelistedin WordNet.For example,theverbwalk hastensenseslisted,including“using one's
feetto advance”(i.e., I walkedinsteadof driving), “make walk” (i.e., I amwalkingthedog), and“accompany or
escort”(i.e., I'll walkyouto yourcar).
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frequency wererequired,wewouldexpectto generateasmallsetincludingonly verycommon

(but potentiallymulti-syllable)wordscloselyrelatedto the seed
•

}

µ . While we did �nd that

applyingsuchthresholdsaffectedthe setsasexpected,
Ð

ª´ª1{,«

:/•

}

µ

>

would often becametoo

small to be useful. In orderfor a meaningfulcomparisonto bemadewith theLevin classes,

werequirethattheWordNetsetshaveat least35members,andtheseheavily �ltered setswere

simplytoosmall.Oursetgenerationtechniquecouldbeadaptedto gatheralargercollectionof

words,but we foundextendingour searchbeyondcoordinatetermsreturnedPNswhich were

intuitively muchlessrelatedto theseed.In the�nal experiment,no syllableceiling is applied,

andPNsmustappearin theBNC at least�fty timesto beeligible for
Ð

ª´ª1{,«

:‚•

}

µ

>

. Thereare

no restrictionson
Ð

ª1ô9}�w3ø

¸ , aswe found
Ð

ª1ô9}�w‚õ

¸N÷ capturedmuchof thesameinformation.

With thesethresholdsapplied,the remainingmembershipof
Ð

ª´ª1{,«

·

:‚•

}

µ

>

and
Ð

ª´ª1{,«1ò

:‚•

}

µ

>

is mergedinto theset ù

W1WdY�Z�:‚•

}

µ

>

, which is usedasour classof relatedwordsgatheredfrom

WordNet.

In all cases,
Ð

ª´ª1{,«ò

:‚•

}

µ

>

is muchlargerthan
Ð

ª´ª1{+«

·

:‚•

}

µ

>

, evenwithout thresholdceilings

applied. This is becauseWordNet's verb hierarchyis wider andshallower than its nounhi-

erarchy(ResnikandDiab,2000),implying a comparatively closerassociationbetweenverbs.

With thepredicativenounhopasaseed,only six otherwordsareselectedby ourprocessin the

nounhierarchy:bounce, leap, rave, spring, bound, andsquash. In contrast,ninety-eightverbs

areavailablefrom theverbhierarchy, includingwordssuchasrun, �ip , roll, jump, sail, waver,

andsoon.

With atechniquein placefor generatingclassesof semanticallyrelatedPNsfrom WordNet,

we now explore theproblemof choosinga representative seedword from eachchosenLevin

class.

4.2.2 Choosinga RepresentativeSeedWord

We wish to selecta representative seedword from eachsemanticclasschosenfrom Levin

(1993):a singlePN which bestcapturestherelevantsemanticsof theLevin classwith respect
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to LVC formation. In orderto determinewhich membersof a givenLevin classaremostrep-

resentative, we measurein eachclassthegeneraltrendof acceptabilityacrossour threelight

verbs—take, make, andgive—by examining the patternsin humanacceptabilityjudgments.

EachcandidateLVC generatedby combininga memberof a classwith our light verbshasa

humanacceptabilityratingassociatedwith it. Theseratingsrangefrom 1–5(for thedevelop-

mentLevin classes)or 1–4(for all otherclasses,aswe foundthattherangeof 1–5wasgreater

thanseemednatural).A ratingof 1 meanstheLVC seemsunnaturalto thehumanraters,while

a ratingof 4 or 5 meanstheLVC seemscompletelyacceptable.Partial ratings,suchas2.5,are

permitted.Theseratingsandthemethodwith which they aregatheredareexplainedin further

detail in Section5.1.

An approachis developedwhich allows eachlight verbwith eachclassto have a labelof

either`poor', `fair', or `good' appliedto it. Theselabelscapturetheproductivity of the light

verbin LVCswith membersof agivenclass.Predicativenounswhichweassumere�ect these

labelledtrendsto thehighestdegreepossibleareautomaticallyselectedfrom eachclass,and

usedastheseedwordsnecessaryfor thesetgenerationalgorithmpreviouslydescribed.

The SeedSelectionAlgorithm

For eachLevin classandeachLV, thehumanacceptabilityratingsareputinto buckets:a`poor'

bucket containsratingsfrom ú 1–2
>

, a `fair' bucket containsratingsfrom ú 2–3
>

, anda `good'

bucket containsratingsof 3 andabove.3 We determinethepercentageof ratingseachbucket

containsandassigneda label to theLV for thatclass.If the`poor' bucket containsmorethan

80% of the ratings,thenthe LV in questionis labelled`poor' for LVCs in that class. If the

`poor' bucketcontainslessthan50%of theratings,thentheLV is labelled`good' for theclass.

Anythingbetween50%and80%causesthelight verbto belabelled`fair'. Thelabelsthatwere

generatedfor eachclassaresummarizedin Table4.2. Theobviouslimitation of this approach

3We foundthat the1–5ratingscalewasmorediscriminatingtowardshigh-endvalueswhencomparedto the
1–4scale.Therefore,thebucket thresholdsareappliedequallyto all humanjudgments,regardlessof thescale
employed.
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DevelopmentClasses

AcceptabilityLabel

Levin # ClassDescription take give make SeedWordSelected

10.4.1* WipeVerbs,Manner poor good poor �ush

17.1 Throw Verbs fair good fair �ic k

51.3.2* RunVerbs good fair poor hop

TestClasses

AcceptabilityLabel

Levin # ClassDescription take give make SeedWordSelected

18.1,2 Hit andSwatVerbs fair good fair knock

30.3 PeerVerbs fair fair poor check

43.2* SoundEmission poor good fair ring

51.4.2 Motion (non-vehicle) good fair poor sail

Table4.2: Trendsidenti�ed for eachlight verbandclass.A `*' indicatesarandomsubsetof verbsfrom

thatclasswereused.

is thattherelativefrequency of `poor' LVCs(whichmakeupalargeproportionof themember-

shipin everyLevin class)canaffectwhich labelanLV receives.Morecomplex measureswere

explored,including thosewhich consideredonly the valuesof the `fair' and`good' buckets,

but thesemeasureschangedthe labelsappliedto LVs in only oneor two instances,andwere

consideredover�tting.

Wethensearchfor predicativenounswhich,for eachof thethreeLVs, re�ect theselabelled

trends.If a givenLV is rated`poor' for a class,we look for memberswhich, whencombined

with thelight verbunderconsideration,form aconstructionwith ahumanratingof 1. If theLV

is rated`fair', PNswhich have theLVC ratedin therangeof ú 2–2.5û arechosen,andif theLV

is rated`good',PNsrated3.5or higherareselected.Ideally, asetof PNsre�ecting thegeneral

trendof theclasswouldbefoundby thisalgorithm,andwould form asetof “perfect�t” PNs.
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However, in severalof theclasses,noPNperfectly�tted theoverall trendof theclass.In these

cases,we relax our searchconstraints,andselectPNswhich are,for eachlight verb,within

onepointof �tting ourcriteria.This formsa setof “near�t” PNs.

For eachclass,thesetof perfect�t PNshasacandidateseedselectedfrom it at random.If

thiscandidategeneratesasetof at least35elementsfrom WordNet,it is chosenastheseed,and

35 membersfrom its setarerandomlychosenastheWordNetsetfor theclass.If theperfect

�t setis empty, or if noneof theperfect�t PNsgenerateaclasswith at least35 elements,then

the close�t set is usedin the samemanner. In only oneclass,30.3,did noneof the PNsin

eithertheperfector near�t setsgeneratea collectionof at least35 elements.In this casethe

remaining“poor �t” PNswereconsidered.Therearefour PNsin 30.3whichgenerateasetof a

suf�cient size,but only one,check, distinguishesitself by beingwithin our near�t constraints

for two of thethreeLVs. ThisPN is thereforechosenastheseedword for this class.Theseed

wordsselectedfor eachclassarelistedin Table4.2.

Usingtheaboveseedselectiontechnique,a singlerepresentativePN is selectedfrom each

Levin classemployedin thiswork. ThesePNsareusedasseedsin theWordNetsetgeneration

techniquedescribedin Section4.2.1to form classesof semanticallyrelatedPNs.

4.3 Extracting Data fr om the Web

In thissection,weexplorehow informationis gatheredfrom thewebaboutthecandidateLVCs

formedby combiningthelight verbstake, give, andmakewith themembersof thesesemantic

classes,alongwith thoseclassesselectedfrom Levin (1993). This datais employed by the

computationalmeasurespresentedin Chapter3 to assesstheacceptabilityof candidateLVCs.

4.3.1 The Webasa Corpus

Thesubsectionof thewebindexedby Googleis usedasa corpus,andGoogle's public search

interfaceis usedto accessthiscorpus.Thereareseveralissueswith employinggeneral-purpose
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searchenginessuchas Googlefor linguistic research,and theseissuesmust be considered

by any extractionprocedureif accuratedatais desired. Critically, punctuationis ignoredin

searchrequests,whichmeansthatsearchresultscancrossphraseor sentenceboundaries.4 For

example,a web pagewith the text It wastoo much to take. A cry escapedhis lips. may be

returnedasasearchresultfor theexactphrase“takeacry”.

Additionally, Google,like mostgeneral-purposesearchengines,limits the numberof in-

stancesreturned.No morethana thousandresultscanbe examinedfor eachsearchphrase:

anunfortunatelimitation, asit impliessearcheswhich returnlessthana thousandresultscan

beexaminedin full, while thosethatdo not canonly bepartially examinedto varyingpropor-

tions. Sincethis sampleis not random,statisticalpredictionfrom it is dif�cult. However, as

detailedin Section3.2.4,Googleoffers theadvantageof supportinga wildcard “ ì ” operator,

whichmatchesfor oneword. A searchfor takea ì walkwouldreturnlinks to pagescontaining

theLVCs take a long walk, take a shortwalk, alongwith links to pagescontainingnon-LVC

noisesuchastake a look; walk over. Similarly, onecould searchfor take a ì�ì walk, which

would returnresultscontainingLVCs suchastake a long, tiring walk, alongwith noise:Take

a bite! Then,walk over. Furtherissuesspeci�c to usingGoogledataasa corpusareexplored

in AppendixC. With thesepropertiesof thecorpusin mind, we considerin thenext section

how informationextractionis accomplished.

4.3.2 Collecting Data

Eachsearchrequestis madevia anexact-phrasesearch.Thenumberof resultsreturnedwith

eachsearch(whichwe treatasthefrequency countof thesearchedpattern)is storedin a local

database,aswell asany context wordsincludedwith the�rst thousandinstances.Notethatthis

frequency countis surelyanunderestimate,asanLVC mayoccurmorethanoncein a single

webpage;however, examiningeachdocumentto counttheactualoccurrencesof thecandidate

4As far aswe areaware,all general-purposesearchengineswith a comparablysizedindex suffer from the
samelimitation.



CHAPTER 4. MATERIALS AND METHODS 47

is infeasible,given the numberof resultsthat could be returnedandthe limit on the number

of instancesreturned.Thesizeof thecorpus,n, is estimatedat 5.6billion, thenumberof hits

returnedin asearchfor “the.” This, too, is surelyanunderestimate.

We now explore the datarequiredfor eachcomputationalmeasureof LVC acceptability.

As eachrequestsentto a searchenginecantake severalsecondsto complete,the numberof

searchesrequiredcanaffect therelative merit of a measure.We thereforeincludetheaverage

numberof searchrequestsrequiredby eachmeasure.

PointwiseMutual Inf ormation (PMI)

PMI is de�ned as
QLR�T

:ÆÂ¼ÃÇÄ

•1§S¬

>

andmeasuresthe associationbetweena given light verb

and“a PN” complement.Several countsare requiredby PMI for eachcandidateLVC: the

frequency of “LV a PN” (e.g., take a walk), the frequency of the light verb (take), and the

frequency of thecomplement(a walk). Datafrom searchesfor thecandidatewith nowildcards

(e.g.,takea walk) andwith onewildcard(e.g.,takea * walk) aresummedtogether. Usingthese

wildcardsallows usto captureadjectival useof a candidateLVC, suchastake a long walk, at

the expenseof allowing in morenoise. Developmenttestingindicatesthat while including

datawith onewildcardimprovestheperformanceof PMI, employing datawith morethanone

wildcard actsto decreaseperformance,asthe noisefound in suchsearchesoverwhelmsany

LVC usagedetected.

In orderto achieve broadercoverageandto minimizeany skew from a particulartenseof

the light verb,we searchacrossthreetensesof the light verb. This processis alsoperformed

with theLVC-PMI andLVC-Probmeasures.Any searchinvolving anLV is performedthrice,

eachemploying oneof threetenses:thebaseform (give), thepresent(gives), andthesimple

past(gave). Searchingwith additionaltensesis possible,but aseachnew tenseaddsto the

numberof searchesrequiredfor themeasure,andaseachsearchrequestcantake secondsto

complete,the threetenseswe considerarefelt to besuf�cient to achieve a broadercoverage

while not unduly increasingthe numberof searchrequestsrequired. All countsof the light
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Determiner SearchStrings

Inde�nite take/takes/tooka walk

De�nite take/takes/tookthewalk

Demonstrative take/takes/tookthis/.../which walk

Possessive take/takes/tookmy/.../theirwalk

Table4.3: Searchesnecessaryfor the LVC-PMI measureemployed with the light verb take andverb

walk, with no wildcards.

verbsandtheLVCsarecollapsedacrossthethreetenses.

Therefore,eachcandidateLVC involvesa total of eightsearchesperwildcard: onefor
<

,

threefor thecandidateLVC, threefor the LV, andonefor the complement.However, asthe

resultsfor eachsearcharecached,the countsfor
<

andfor eachLV arestoredafter the �rst

search.Thusit takesanaverageof four searchesto calculatePMI for eachcandidateLVC. We

employ theNSPpackage(BanerjeeandPedersen,2003)to calculatePMI.

LVC-PMI

LVC-PMI is aversionof PMI thatincorporateslinguisticknowledgeof LVCs,andis de�nedas

�”�

QSRUT

:zÂ¼ÃÅÄ

•1§A¬

>�Î

QSRUT

:ÆÂŽÃÅÄ

«9y|w‚§A¬

>

. Searchessimilar to thosespeci�edabovefor PMI's

“LV aPN” arealsoperformedfor eachpossible“LV [det] PN” construction,asexempli�ed in

Table4.3.This includessearchesfor boththeLVC (take[det] walk) andthecomplementalone

([det] walk) usingthefollowing determiners:the, this, that, which, whose, what, each, every,

one, no, any, my, our, your, his, her, its, andtheir. EachcandidateLVC requirestheaverage

four searchesneededfor PMI, multipliedby thenineteendeterminers,for a totalof seventy-six

searchesper predicative noun. As with PMI, LVC-PMI performsbestwhensearchesarerun

with bothzeroandonewildcard(s),andthecountscombined.
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LVC-Prob

LVC-Probis de�ned as
Q

)

:

§S¬

>

Q

)

:zÂ¼Ã¼Ð&Ñ

§A¬

>

Q

)

:ÆÂŽÃ�Ñ

§S¬

]£Â¼Ã¼Ð”>

. The
Q

)

:

§A¬

>

factoris esti-

matedby Ò~{3y+Ó

:

§A¬

>+Õ

Ò~{Ey+Ó

:

}

>

. Thenumberof resultsfoundin asearchfor theword theis again

usedasourestimatefor
<

; therefore,this factorrequiresonaverageonly theonesearchfor the

PN. We estimate
Q

)

:ÆÂŽÃ¼Ð;Ñ

§A¬

>

by
:

Ò~{3y+Ó

:

wü•1ý�y

Î

•1§S¬

>ŽÎ

Ò~{3y+Ó

:öþ�ÿ��

y

Î

•1§S¬

>ŽÎ

Ò~{3y+Ó

:��

•1ý�y

Î

•1§A¬

>,>+Õ

•1§A¬ , which requiresonaveragetensearches:onefor eachof thethreetensesconsid-

eredfor eachof the threelight verbs,plus the“a PN” search.Finally, the
Q

)

:zÂ¼Ã�Ñ

§A¬

]|ÂŽÃ¼Ðc>

factoris estimatedby Ò~{3y+Ó

:zÂ¼Ã Î

•1§S¬

>+Õ

Ò~{3y+Ó

:

•1§A¬

>

, which requiresno additionalrequests,as

thesearchesfor thecandidateLVC andthe“a PN” complementarealreadycached.Summing

thesecountstogethergivesthetotal of anaverageof elevensearchespercandidateLVC. Like

bothPMI andLVC-PMI, bestperformanceis foundwith datagatheredusingbothzeroandone

wildcard(s).

LVC-Fr eq

LVC-Freq is de�ned asthe subtractionÒ~{3y+Ó

:

�

>

� Ò~{3y+Ó

:

ë

>

. The numberof resultsfound in a

searchwith ë wildcardsis usedasan estimateof noiseaffecting thecandidateLVC, andthis

noiseis subtractedfrom the numberof resultsfound in a searchwith no wildcards,where

we expectto �nd evidenceof a valid construction.Developmentresultsindicatethat thepat-

tern in noiseacrossvaluesof ë canvary, andthis affectsthe accuracy of ratingsassignedto

candidateLVCs. Taking the averageof the frequency countsbetweensix andten wildcards,

inclusive,bothsmoothsout �uctuationsvisibleat individualwildcardlevels,andgivesthebest

agreementwith developmentdata.More thantenwildcardsblurstherelationshipbetweenLV

andcomplement,andmovesmoretowardsmeasuringthegenerallevel of noisein thecorpus,

ratherthanthespeci�c level of noiseaffectingtheLV andPNcomplement.

The LVC-Freqmeasureis slightly optimizedby choosingthe most frequenttenseof the

zerowildcard candidateLVC: on developmentdata,this led to betteragreementthansimply

merging countsacrosstensesof the light verb,aswe do with theothermeasures.Therefore,
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Measurement AverageSearchesPerNon-Dative CandidateLVC

PMI 4 � (numberof wildcards+ 1)

LVC-PMI 76 � (numberof wildcards+ 1)

LVC-Prob 11 � (numberof wildcards+ 1)

LVC-Freq 8

Table4.4: Theaveragenumberof searchesnecessaryfor anon-dative candidateLVC.

LVC-Freqrequireseightsearches:threefor determiningthemostfrequentLV tensewith zero

wildcards,and� ve for thecandidateLVC searchwith six throughtenwildcards. Thediffer-

encesin thenumberof searchesrequiredfor acandidateLVC betweenour four computational

measuresareillustratedin Table4.4.

Capturing the DativeForm

Of thethreelight verbswe searchfor, only LVCs involving givecanappearin thedative form

(i.e. “give j indirectobjectg a PN”). However, capturingLVCs in this form is important,as

previous research(Stevensonet al., 2004)indicatesthat while many PNscanappearin both

non-dative anddative LVCs, therearesomewhich canonly appearin the dative form. For

example,onecangive the door a knock andgive somethinga try, but while onecangive a

knock on thedoor, onecannot*give a try to something.

In orderto capturedativeLVCsin oursearches,weexploredusingwildcards.Searcheslike

give ì a kissandgive ì a ì kisspromisedtocapturephraseslikegiveMomakissandgiveBailey

a big kiss, but we found that thesesearchtechniquesintroducedanoverwhelmingamountof

noiseinto the measurement.We insteadperform individual searcheson a set of pronouns,

which,while requiringmany moresearchrequests,returnresultsetswhicharesigni�cantly less

noisy. A set §©{3ª1}Êª1ô9}\€ is de�ned,containing�fty-six commonpronouns.5 For eachpredicative

5The full set of pronounsis all, another, any, anybody, anyone, anything, both, each, either, everybody,
everyone, everything, few, her, hers, herself, him, himself, his, it, itself, many, me, mine, myself, neither, nobody,
none, nothing, one, others, ours, ourselves, several, some, somebody, someone, something, that, their, theirs,
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noun §S¬ andfor each§

���

…

§L{3ª1}Êª1ôÙ}\€ , asearchfor givePROa PN is performed,alongwith

relatedsearchesateachwildcardlevel. While thesesearchesdo excludeany LVCsemploying

a properor commonnoun,they still cover a large spaceof LVC usage:phrasessuchasgive

her a kiss(with zerowildcards)andgive mea big kiss(with onewildcard) aredetectedby

thesesearches.This follows Villavicencio (2003) in designingsearcheswhich, ratherthan

consideringalargecollectionof verynoisydata,insteadtargetasmallercollectionof “cleaner”

information. Suchsearchesallow us to capturea large amountof dataexhibiting the dative

form while still keepinga relatively highsignal/noiseratio.

LVCs that canappearin the dative form are �rst searchedfor with the usualnon-dative

searchprocess,and then information speci�c to the dative form is gathered. As thereare

�fty-six pronounsto searchfor, theaveragenumberof searchesrequiredfor candidateLVCs

involving give(whichmayappearin thedativeform) is �fty-six timesthoserequiredfor LVCs

involving theLVs take andmake. Searchesfor thedative form arerun for eachmeasuresave

LVC-Freq,asit is designedto explore rating LVCs usingvery little data. It is expectedthat

the comparisonof the performanceof the simplerLVC-Freq to thoseof the more informed

measuresmayprove interesting.

Finally, a very small smoothingfactor of �´�
	�� is addedto all countsemployed by our

measures.It is used,as in Turney andLittman (2003), simply to prevent division by zero:

developmenttestingindicatesit hasvery little effecton results.

4.3.3 Removing Noise

While thewebextractiontechniquesemployedby ourcomputationalmeasuresaredesignedto

eschew unwantedinformation,constraintsimposedby the corpusdictatethat resultsetswill

likely still containsigni�cant elementsof noise.Wenow describethetechniquesdevelopedfor

removing suchnoisefrom oursearchenginewebdata.

Our noise-�ltering methodsareconstrainedby what informationis madeavailableby the

them, themselves, these, they, this, us, what, which, who, whom, whose, you, yours, yourself, andyourselves.
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searchengine. EachGoogleexact phrasesearchfor a phrase� is modeledas a function,

€´y+•�{���

:

�

>

, which returnsthe numberof resultsfound for � , Ò~{3y+Ó.ô�y|}����Eª1ôÙ}�w

:

�

>

, anda setof

results, {3yE€|ôÙvxw‚€

:

�

>

. Each
Y

…

{3yE€|ô9vxw=€

:

�

>

representsa phraseresult returnedby the search

engine,andhasassociatedwith it anorderedarrayof context words, Eª1}�wJy��aw

:=Ya>

. This context

generallyspansa rangebeginningwith a few wordsbefore� andendinga few wordsafter � ,

including � itself. By examining Eª1}�wzy��aw

:=Ya>

, we attemptto identify which resultsarenoise,

anddesigntechniquesto identify andremove theseinstancesfrom {3yE€|ôÙvxw‚€

:

�

>

.

Therearetwo typesof noisefound in our data. The �rst is noiseinherentto the corpus,

including typographicerrorsandungrammaticaltext. This noiseis not targetedby our �lter -

ing methods,althoughit maybe �ltered incidentally. Thesecondis “f alsehit” noise: results

returnedwhich areunrelatedto the target of our searchrequests.We explore threedifferent

techniquesfor removing this noisefrom thewebdata. PunctuationFiltering is the �rst tech-

niquedescribed,which removesresultsthatareobviously non-LVC usesof thesearchphrase

� from {EyE€|ô9vxw‚€

:

�

>

. A techniquenamedPhraseFiltering is thenconsidered,which canremove

phrasesunrelatedto LVC usage,suchasgive him a strip of paper, from {3yE€|ôÙvxw‚€

:

give him a

strip
>

. Finally, thesimilar techniqueof Multiword Expression(MWE) Filtering is described,

whichcanremovenon-LVC multiwordexpressionssuchasgivea slideshowfrom {3yE€|ôÙvxw‚€

:

give

a slide
>

.

Punctuation Filtering

Given a setof resultsandtheir context, PunctuationFiltering extractsa �ltered set in which

all resultsinvolving internalpunctuationareremoved. Each
Y

…

{3yE€|ô9vxw=€

:

�

>

is examined,and

any
Y

with phrase-endingpunctuation(this includesperiods,commas,questionmarks,colons,

brackets,andsoforth) betweenthewordsof � is removedfrom theset.Thisis anef�cient tech-

nique,asnoisyresultsareremovedwithout incurringthecostof additionalsearchrequests.As

anexample,phraseslikeTake a shower, shave, andbegin your dayappearin theone-wildcard

{3yE€|ôÙvxw‚€

:

take a ì shave
>

: with this �ltering, all suchphrasesareremoved. Evenwith searches
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withoutwildcards,thereareoftenresultsthatcrosssentenceboundaries:phrasessuchastake?

A stroll andgive, (a smile. PunctuationFiltering removesthisnoiseaswell. Effectively, it acts

asalinguisticallyawarefront endto Google,removing its undesiredbehaviour of returningre-

sultsinvolving punctuationfor exactphraseandpunctuationfreesearchrequests.This�ltering

wasappliedto every Googlesearchperformed,with theexceptionof thosefor theLVC-Freq

measure:asLVC-Freqis basedon capturingtrendsin noise,�ltering out suchnoisewould be

counterproductive.

PhraseFiltering

In examiningdevelopmentresultswhich disagreedwith humanratings,we foundmany can-

didateLVCs hadbeenratedquite highly by computationalmeasuresbecauseof their usein

phrases.As an example,the LVC give a strip, which hadbeenratedpoorly by our human

judges,hadachievedhigh computationalrankingsdueto €´y+•�{���

:

givea strip
>

returningmany

resultsinvolving stripsof landandpaper. In fact,collocatedphrasessuchasgivea strip of pa-

per (to John)andgivehera strip of land formedthemajorityof theresultset.PhraseFiltering

is designedto remove thesephrases.

Weemploy PMI, whichhasbeenshown to work well at identifyingsigni�cant collocations,

givenalargecorpus.If aphrasesuchasstrip ofpaperis indicatedbyPMI tooccursigni�cantly

moreoftenthanchanceallows,we assumethis is anexampleof thenon-LVC phraseusageof

thePN,andremove theconstructionfrom resultset. To accomplishthis, thetop twentymost

frequentwords occurringafter the “LVC+of” constructionare consideredas candidatesfor

�ltering, andthe informationnecessaryto apply PMI to thesewordsis gathered.We justify

thechoiceof examiningonly thetop twentywordsby developmentresults,whichsuggestthat

oftenonly a few wordsfollow theLVC with signi�cant regularity, andby linguistic intuition,

aswe expect therewill not be very many suchcollocatedphrases.By consideringthe top

twentywords,we have a window expectedto be largeenoughto testand�lter all signi�cant

collocations,while not requiringthatavery largenumberof additionalsearchesbeperformed.
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However, we cannotsimply examineeach
Y

…

{3yE€|ô9vxw=€

:

�

>

, �nd which
Y

areimmediately

followedby thewordof, andrankthewordsfollowing of by frequency. As we arelimited by

thethousand-instanceceilingappliedto searchresults,theremaynotbesuf�cient examplesof

LVC usagefollowedby of in theresultsfor agivencandidateto form arepresentativesample.

In orderto gathermoreaccuratedata,we run a searchfor thecandidatefollowedby theword

of: i.e.,takea strip of. Thetoptwentywordsfollowing thisconstructionareconsidered.These

wordsareaddedto a set, }Êy��awM¨©ª1{,«1€

:

Ë

8ˆÌ Î

4��

>

, andfor each
V

…

}Êy��awM¨©ª1{,«1€

:

Ë

8ˆÌ�Î

4��

>

, we

gatherthe informationnecessaryfor PMI. Thus,we recordthe frequency of “PN of
V

” (i.e.,

strip of paper), the frequency of PN (i.e., strip), andthe frequency of “of
V

” (i.e., of paper).

We calculate
QLR�T

:

§A¬

Ä

“of w”
>

, andif it is suf�ciently large, we mark that constructionas

noise. Developmenttestingindicatedthat a PMI valueof 1.0 wasan appropriatethreshold:

higherthresholdstendednot to �lter out thetargetednoise,andloweronesremovedtoo many

valid results.Collocationswith aPMI scoreof 1.0or higherare�ltered.

To �lter out thesemarked constructionsfrom {3yE€|ôÙvxw‚€

:

Ë

8ˆÌ—>

, we calculatethe percent-

ageof {3yE€|ôÙvxw‚€

:

Ë

8ˆÌ�Î

4��

>

identi�ed asnoise,andlabel this ���

Y

m��

<

ë

I

!

iØð��

ß��! /à . We thencalcu-

late the percentageof phrasesin {3yE€|ôÙvxw‚€

:

Ë

8ˆÌ >

which are followed by of, which is labelled

�"�

Y

m#�

<

ë

°²Ýöµ%$�& '�µzß(�! =à . Multiplying thesetwo numberstogethergivesthe percentageof resultsfor

theLVC underconsiderationwhich arefollowedby of andwhich arealsoidenti�ed asnoise.

Thispercentage,���

Y

m��

<

ë

°²Ýöµ)$*& '�µOß(�! /à

���"�

Y

m#�

<

ë

I

!

iØð+�

ß(�! ‚à , is removedfrom Ò~{3y+Ó.ô�y|}����Eª1ô9}�w

:

Ë

8ˆÌ >

.

Obviously, thesearchesperformedfor “LVC+of” do not avoid thethousand-instancelimit

on Googlesearchqueries. However, they do allow us to partially relax this constraintas it

appliesto candidateLVCs. By gatheringmore detailedinformation on a speci�c subclass

of expression(the “LVC+of” constructions),we canapply any knowledgegainedaboutthis

speci�c constructionto the datare�ecting the candidateLVC itself; in effect, we focus on

particularinstanceswherenoisemayappear, andapplyany knowledgegainedto thewhole.
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MWE Filtering

Anotherinstanceof noisecomesfrom wordsusedin compoundphrasesandMWEs involving

thestemform of thepredicativenounastheir �rst word. For example,{3yE€|ôÙvxw‚€

:

givea slide
>

in-

cludesmany instancesconcerninghow onecangivea slideshowandgivea slidepresentation.

Thesefalsehits, like the phrasesidenti�ed by PhraseFiltering, in�ate the frequency counts

for thecandidateLVC andleadto computationalratingsdiffering from humanevaluations.A

processvery similar to PhraseFiltering, calledMWE Filtering, is designedto �lter out this

noise.

Here,thetop twentywordsfollowing theLVC itself areaddedto a set, }Êy��awM¨©ª1{,«1€

:+,.-

ù

>

.

For each
V

…

}Êy��awM¨©ª1{+«1€

:

Ë

8ˆÌ >

, we gatherthenecessaryinformationfor PMI: the frequency

of “PN +
V

” (e.g.,slideshow), thefrequency of PN (e.g.,slide), andthefrequency of
V

(e.g.,

show). PMI is againappliedas in PhraseFiltering, and resultswhich have a scoregreater

thanor equalto 1.0 are marked asnoise. We determinethe percentageof {3yE€|ô9vxw=€

:

�

>

iden-

ti�ed asnoise,and remove this percentagefrom Ò~{Ey+Ó.ô�y|}����Eª1ôÙ}�w

:

�

>

. The targetedsearches

for “LVC+of” that wereusedin PhraseFiltering cannotbe extendedto MWE Filtering, and

thereforethismeasurereliesonslightly coarserdata.

Theabove threetechniquesof Punctuation,Phrase,andMWE Filtering areappliedasap-

propriateto eachGooglesearchperformed.Exceptingthosefor theLVC-Freqmeasure,punc-

tuation�ltering is appliedto all searches,andbothPhraseandMWE Filteringareadditionally

appliedto all searchesfor candidateLVCs. The�ltered numberof resultsreturnedis usedby

ourcomputationalmeasures.

4.4 Statistical Measuresof Association

The two statisticalmeasureswe employ for evaluationof our experimentalresultsareSpear-

man Rank Correlation,which measuresthe linear relationshipbetweentwo setsof ratings,

andWeightedKappa(Cohen,1960,1968;Carletta,1996),which measuresagreement.Spear-
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manRankCorrelation(SRC)usestheraw ratingsof candidateconstructions,while Weighted

Kappausescategorizeddata,correspondingto labelsof LVC acceptabilityof `poor', `fair',

and`good'. WeightedKappathereforere�ects a coarserlevel of agreementthanthecorrela-

tion capturedby SRC.Wenow considerissuesassociatedwith thesetwo measuresin detail,as

bothhave idiosyncrasieswhichcanaffect theinterpretationof their results.

4.4.1 SpearmanRank Corr elation

SpearmanRankCorrelation(SRC)is usedto measurethedegreeatwhich two annotatorsrank

candidateLVCs in thesamerelative order. SRCis basedon Pearson's correlationcoef�cient

(Altman, 1991),but differs in that it is a non-parametricrankstatistic: thestatisticalranking

of datapoints,ratherthantheir values,is considered.Sincethe majority of membersin the

Levin andWordNetsemanticclasseswe employ arerated`poor', a measurelike SRC,which

doesnot assumea normaldistribution, is appropriate.To calculateSRC,thescoresassigned

to eachcandidateLVC by eachannotatorareranked, from highestto lowest. If two or more

candidatesarerankedidenticallyby anannotator, themeanrankof all tied candidatesis used.

A highSRCscoreis achievedif candidatesfrequentlyhavethesamerankingassignedto them

by bothannotators.Like Pearson's correlationcoef�cient, scoresrangefrom �/� to � : a score

of � indicatesperfectagreement,while ascoreof �/� indicatesperfectdisagreement.

Unfortunately, therearesituationsin which SRCscorescanseemnot to accuratelyre�ect

thedata.As ratingsgeneratedby ourcomputationalmeasuresarecontinuous,while thehuman

ratingsaremorediscrete,therearemany ties amongthe humanratingsandvery few, if any,

amongthoseof thecomputationalmeasures.Sucha situationcanleadto SRCscoreswhich

varysigni�cantly with slight changesto thedata.For example,giventhedatain Table4.5,the

SRCscoreis .85, indicatinga signi�cant positivecorrelation.However, if RaterB's ratingof

.25is changedslightly, to .20,theSRCshiftsto .17,indicatingamarginalpositivecorrelation.

Thisoccursbecausetheaveragerankof thetiedratings(the`1's)haschangedfrom beinglow-

estranked,whencomparedto theRaterB'srankings,to beingrankedasmid-rangeentries,and
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Raw Data RankedData

RaterA RaterB RaterA RaterB

1 .21 2.5 1

1 .22 2.5 2

1 .23 2.5 3

1 .24 2.5 4

2 .25 5 5

3 .50 6 6

Table4.5: Illustrative exampledatafor usewith SpearmanRankCorrelation.

so the SRCshiftsaccordingly. This is obviously an extremeexample,andnot a fair demon-

strationof SRC,but similar behaviour is alsoapparentto a lesserdegreein morerealisticdata

drawn from anappropriatelysizedsample.As our experimentsincludemany candidateLVCs

with humanratingsof 1, this behaviour canaffect results.We thereforealsoincludeanother

measure,WeightedKappa,which is usedalongwith SRCto presenta morecompletepicture

of thedata.

4.4.2 The Kappa Statistic

Kappa(Cohen,1960;Carletta,1996) comparesagreementof two annotatorsusingdiscrete

labelsandaccountsfor agreementdueto chance.A Kappavalueof 0 indicatesno agreement

betterthanallowedfor by chance,while Kappavaluesof � and ��� indicateperfectagreement

andperfectdisagreement,respectively. Givenan
H

�

H

contingency table,Kappais de�ned

as � �

:

��!ˆ� �

�+>+Õ#:

�¶� �

�+>

, where ��! is observed agreementand �

�

is expectedagreement.

Observed agreementis de�ned as the sum of the diagonaldivided by the total numberof

ratings: ��! �

:+:

�

]

�

>LÎ :

�

]

�

> Î

�`�²�

Î :

H

]

H

>,>+Õ<

. Expectedagreementis de�ned as �

�

�

:

�

[�01[?Î

�

^�0£^šÎ

�²�`�

Î

�21

0

1

>+Õ<

1 , where�

i

is thesumof row � and
0.i

is thesumof column 3 .

A limitation of Kappawhenappliedto orderedcategoricaldatais thatall disagreementsare
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weightedequally. If a candidateis markedby oneannotatoras`poor' andtheotheras`fair',

thisdisagreementis consideredjustasstrongasonein whichacandidateis rated`poor' by one

annotatorand`good' by another. WeightedKappa(Cohen,1968),a generalizationof Kappa

which treatsnear-agreementsasbeing“more correct” thancleardisagreements,is therefore

employed.For ourthreecategoriesof `poor', `fair', and`good',astandardlinearratingscheme

is used,in which theweightfor therow 3 , column4 is givenby �A�

:EÑ

3?�54

Ñ Õ

�

>

: full agreement

is creditedat100%,nearagreementat50%,andfull disagreementis notcredited.

To calculateWeightedKappa,computationalratingsand humanjudgmentsare put into

buckets. Again, threebucketsareemployed,correspondingto `poor', `fair', and'good' can-

didates.Thehumanratingstheemploy samethresholdsestablishedin Section4.2.2andused

throughoutthispaper. As noneof thecomputationalmeasuressavePMI areunderstoodto have

apointof noassociation,all computationalthresholdsaredeterminedthroughexperimentation

on developmentdata. A rangeof thresholdsis tested,andeachis judgedby its bucket dis-

tribution: thresholdswhich generatea distribution of candidatesmostsimilar to thoseof the

humanjudgesarechosen. In caseswheretwo or morethresholdshave bucket distributions

thatarebothoptimalandcomparableto oneother, thethresholdwith thehigherKappascore

is chosen.6 Thethresholdsemployedarelistedin Table4.6,andre�ect acoarserlevel of LVC

acceptability:ratherthancontinuouslyquantifyingtheacceptabilityof eachconstruction,we

simply requirethat it beclassi�ed as`good', `fair', or `poor'. It is believedthatbetteragree-

mentwill beachievedwith thesecoarsermeasuresthanwith theirmoredetailedversions.Note

thatasthresholdsfor thecomputationalmeasuresarechosento re�ect thebucket distribution

of thehumanratings,testsof marginalhomogeneity(whichcompareonerater'spropensityfor

usingeachratingcategory to another's) wouldnotberevealing.

However, Kappahas“paradoxes” in its interpretation,asnotedby FeinsteinandCicchetti

6ThisprocessfavoursasimilarbucketdistributionoverahighKappascore.However, theprocessof examining
Kappa�rst, andthenconsideringbucketdistributionin orderto breakties,resultsin verysimilar thresholdsbeing
chosen.Theadvantageof consideringbucket thresholds�rst is thatoutlier cases—casesin which a high Kappa
scoreis achieved,by chance,ondatawith animprobablebucketdistribution—arenot selected.
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Computational Measure `Poor' Threshold `Good' Threshold

PMI 6‘�\��� �7�a���

LVC-PMI 6��— #��8 ���ˆ�

LVC-Prob 6‘�\�98Å�:�G�

	

[+;

�7�a��8��:�G�

	

[+;

LVC-Freq 67�<8�� �7�´���a�

Table4.6: Thresholdsestablishedfor placingthe outputof eachcomputationalmeasureinto `good',

`fair', and`poor' buckets.

RaterA RaterA

Yes No Total Yes No Total

Yes 40 9 49 Yes 80 10 90

RaterB No 6 45 51 RaterB No 5 5 10

Total 46 54 100 Total 85 15 100

Table4.7: Two related=/�>= contingency tables.Both have observedagreementof .85. Theleft-hand

tablehas ?A@CB(DFE while theright-handtablehas ?G@HBJIK= .

(1990),LantzandNebenzahl(1996)andothers:datawith high observedagreementmayre-

ceive a low Kappascoreif onecategory of datais signi�cantly moreprevalent thanothers.

ConsiderTable4.7,drawn from Byrt et al. (1993).While bothcontingency tableshave a high

observedagreementof .85, the left-handtablehasa Kappascoreof .70 while the right-hand

tablehasa Kappascoreof only .32 (Byrt et al., 1993). This low scoreis dueto high agree-

menton a singlecategory causingvery high observed agreement,which affectsthe measure

of chanceagreement.As Kappais normalizedsothatchanceagreementis scoredat 0, lower

Kappascoresthanmight beexpectedarereturned.

CicchettiandFeinstein(1990)claimthisbehaviour is a “desirable”qualityof themeasure:

it canbeseenasre�ecting thedif�culty in rising above chanceagreementin situationswhere

nä�vely choosingaparticularlabelmakesagreementlikely. However, asthethresholdsfor our
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computationalmeasuresarechosensuchthattheirbucketdistributionre�ects thatof thehuman

ratings—they arenot chosento unjusti�ably favour a particularcategory—the“punishment”

appliedby Kappafor highagreementonasinglecategory is undesirable.Weagreewith Lantz

andNebenzahl(1996),Byrt etal. (1993)andothersin suggestingthattheKappastatisticalone,

asanomnibusmeasure,doesnot fully re�ect agreement.Along with Kappascores,we report

weightedobservedagreement,��� , so thata morecompletepicturemaybeshown. Note that

wecancompareKappascoresbetweenourown measures,sincethesameissuesof prevalence

apply, but comparingour Kappascoresto othersdrawn from moreevenly distributeddatais

problematic.



Chapter 5

Experimental Results

Ourexperimentsfocusonseveraldifferentaspectsof light verbconstructions.Wehypothesize

thatsemanticallysimilarcomplementsmayhavethesamepatternof co-occurrenceacrosslight

verbs,andwish to examinethis hypothesisby comparingthebehaviour of thecomplementin

an LVC acrosssemanticclasses.We expect to �nd distinct patternsof acceptabilityamong

the semanticclassesextractedfrom Levin (1993) and WordNet, and acrossthe light verbs

themselves.Webelievethedifferencesbetweenthetrendsof acceptabilityof theWordNetand

Levin classesmayindicatewhethergroupingPNsaccordingto bothnominalandverbalsenses

is moreappropriatefor LVCs thangroupingthemby verbalinformationalone.We testthese

hypothesesby comparinghumanacceptabilityjudgments,which we treatasastandard,to our

four computationalmeasures.

Theresultsof ourexperimentsarepresentedin thischapter. In thenext section,theproper-

tiesof thehumanacceptabilityjudgmentsareconsidered.Wethenexaminetheperformanceof

our computationalmeasures,�rst at themoredetailedlevel capturedby SpearmanRankCor-

relation(SRC),andthenat a coarserlevel of acceptabilitymeasuredby theWeightedKappa

statistic. Finally, we evaluatethe performanceof our data�ltering techniques,andexamine

resultswith andwithout thesetechniquesapplied.

61
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5.1 Human Acceptability Judgments

As notedin Section4.2.2,we employ pilot resultsin which two expertnative speakersof En-

glish ratetheacceptabilityof eachpotential“LV aPN” construction.On testdata,thetwo sets

of Levin classratingsyieldedlinearly weightedKappavaluesof .72, .39, and.44, for take,

give, andmake, respectively, and.53overall. WordNetclassratingsyieldedlinearly weighted

Kappavaluesof .79, .66,and.69, for take, give, andmake, respectively, and.71overall. Dis-

cussionof instancesof disagreementwhenratingLevin classesled to moreconsistency when

ratingWordNetclasses.1

Weaveragebothsetsof ratingsto form aconsensusset,in orderto judgethecomputational

measuresagainsta single standard. Before ratingswere averaged,the two ratersmet and

discussedthecasesin which they disagreedby morethanonepoint. In testdata,this led to 4%

of theratingsbeingchanged.Notethatthis is 4%of ratings,not4%of items,asin somecases

bothraterschangedtheir ratingsafterdiscussion.For any remainingdifferences,theaverage

of bothratingswasused.

We examinetrendsin humanratingsacrosslight verbsandthe semanticclassesof their

complementsby placingthe(consensus)humanratingsin bucketsof `poor', `fair', and`good'.

Again, the thresholdsestablishedin Section4.2.2areemployed: the `poor' bucket contains

ratingsfrom ú 1–2
>

, the`fair' bucketcontainsratingsfrom ú 2–3
>

, andthe`good'bucketcontains

ratingsof 3 andabove. Table5.1 shows theproportionof candidatesrated`fair' or above for

eachlight verbacrosstheLevin classes.Thelight verbsshow verydifferentacceptabilitywith

differentLevin classes—forexample,giveis fairly goodwith 43.2,while take is verybad,and

the patternis reversedfor 51.4.2. Overall, give allows moreLVCs thanthe other two light

verbs.

Table5.2 shows a similar distribution of `fair' or above ratingsfor eachlight verbacross

1Trendsweresimilar ondevelopmentdata.AgreementondevelopmentLevin classeswaslowerdueto initial
differencesin interpretationof theratings.TheLevin classesyieldedscoresof .37,.23,and.56for take, give, and
make, respectively, and.38overall. WordNetclassesachievedlinearly weightedKappascoresof .77,.70,.63for
take, give, andmake, with .71overall.
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Levin Classes

Proportionof AcceptableLVCs

Class Size take give make Overall

18.1,2 35 .23 .51 .26 .33

30.3 18 .28 .44 .17 .30

43.2* 35 .03 .54 .26 .28

51.4.2 10 .70 .30 .10 .37

Overall 96 .21 .49 .22 .31

Table5.1: Theproportionof constructionsrated`fair' or above in Levin testclasses.A `*' indicatesa

randomsubsetof verbswereusedin theclass.

WordNet Classes

Proportionof AcceptableLVCs

Class Size take give make Overall

18.1,2 35 .26 .60 .17 .34

30.3 35 .14 .20 .11 .15

43.2 35 .09 .34 .34 .26

51.4.2 35 .46 .31 .23 .33

Overall 140 .24 .36 .21 .27

Table5.2: Theproportionof constructionsrated`fair' or above in WordNettestclasses.

the WordNetclasses.Again, give allows moreLVCs thanthe other light verbs. Comparing

Levin andWordNetclasses,we �nd similar trends:class43.2is poorwith takebut betterwith

give, and51.4.2hasthe oppositepattern. While the proportionsof acceptableLVCs across

light verbsarenot identicalto thoseof the Levin classes,they arevery similar. The method

we useto choosea representativeseedfor theseWordNetclassesmayberesponsiblefor their

similarity to their Levin counterparts.
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TheseexperimentsindicatethatWordNetcanbeusedasasourceof semanticgroupingsof

PNs. This is a signi�cant result,asLevin classesappropriatefor LVCs areinfrequent.Inter-

estingly, class30.3 is the only classin which a fully representative seedcould not be found,

andthisclassexhibits thelargestoveralldifferencebetweenLevin andWordNetversions.Ex-

aminingindividual light verbs,we seethatclasses30.3and51.4.2show thelargestdifference

betweenLevin andWordNetversions;thesearealsothetwo classeswith thelargestdifference

in sizebetweenthetwo classtypes.Partof thisdifferencein theproportionof acceptableLVCs

maystemfrom thelargersamplesizein thecaseof theWordNetclasses.

5.2 Computational Measuresof LVC Acceptability

We focuson the analysisof our four computationalmeasureson unseentest data: in most

casestrendsaresimilar on developmentdata,andany differencesbetweenthe two arenoted.

Recall that we areinterpretingPMI asan informedbaseline.We �rst considerSRCresults,

which illustratethe performanceof our measuresat a �ne-grained level, andexaminetrends

in correlationby light verbbeforeconsideringmore-detailedclass-basedbehaviour. Weighted

Kappascoresarethenexplored,which re�ect the performanceof our measuresat a coarser

level of acceptability. Finally, weexaminetheperformanceof our �ltering techniques.

5.2.1 Corr elation BetweenComputational and Human Ratings

Table5.3showstrendsacrosslight verbsfor eachmeasurewhenrunagainstcandidatesdrawn

from Levin classes;Table5.4shows performancewhentestedagainstWordNetclasses.Gen-

erally, reasonablygoodcorrelationswith humanratingsareseenacrossmostmeasures.Con-

sideringperformanceacrossboth Levin andWordNet,we seethatwhile both LVC-PMI and

LVC-Proboutperformthe baseline,the latter doesso by a wider margin. The only measure

which is generallyworsethanthebaselineis LVC-Freq.

Thelight verbtake achievesthebestcorrelationson bothLevin andWordNetclasses,fol-
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SpearmanRank Corr elation Scores: Levin Classes

Light Verb PMI LVC-PMI LVC-Prob LVC-Freq

take .50 .53 .55 .51

give .27 .30 .47 .36

make .24 .33 .46 .10

average .34 .38 .49 .32

Table 5.3: SpearmanRank Correlationscoresfor eachcomputationalmeasurewhen testedagainst

candidateconstructionsdrawn from Levin classes.

SpearmanRank Corr elation Scores: WordNet Classes

Light Verb PMI LVC-PMI LVC-Prob LVC-Freq

take .59 .61 .62 .55

give .50 .52 .51 .24

make .31 .35 .33 .31

average .47 .49 .49 .37

Table 5.4: SpearmanRank Correlationscoresfor eachcomputationalmeasurewhen testedagainst

candidateconstructionsdrawn from WordNetclasses.

lowedby giveandmake. Similar patternswerefoundon developmentdata,althoughtheSRC

scoresachieved hereweregenerallyslightly higher. The poorercorrelationswith make and

give may be partly dueto the dif�culty in rating the constructions:both annotatorsreported

having moredif�culty with LVCs involving theselight verbsthanwith take.

Comparisonof correlation scoresbetweenLevin and WordNet classes

A comparisonof thecorrelationsof theLevin classesto thoseof theWordNetclassesshows

someinterestingdifferences. While the generaltrendsacrosslight verbsare the samefor
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candidatesgeneratedusingboth Levin andWordNetclasses(all measuresperformbestwith

candidatesinvolving take, for instance),LVC-PMI andLVC-Probsharesimilar performance

whenrunagainstWordNetclasses,anddo not appreciablyoutperformthebaseline.However,

the baselinePMI measureperformsconsiderablybetteragainstthe WordNetclassesthan it

doesagainsttheLevin classes,whichmayindicatethatthesecandidateconstructionsareeasier

to classifyusingPMI. (Ondevelopmentdata,theaverageSRCscoresachievedby all measures

wereverysimilar betweengroupsof semanticclasses,differingat mostby .02.) This boostin

thebaselinealsohelpsLVC-PMI achieve bettercorrelations,asit is a measurebasedon PMI.

LVC-Probdoesnot performsigni�cantly worseagainstWordNetclassesthanit doesagainst

Levin classes,but neitherdoesit perform signi�cantly better: againsta baselineachieving

bettercorrelation,it fails to distinguishitself.

LVC-Prob's failure to exceedthe performanceof the WordNetbaselinecanbe attributed

to literal usagesof commoncomplements.Any phrasewith thesameword orderof an LVC

is interpretedby all our measuresasevidenceof LVC usage.For example,thecandidatetake

a string (WordNetclass30.3) is oftenusedliterally in a programmingcontext: This function

takesa string andan integer. While this affectsbothgroupsof semanticclasses,thoseauto-

maticallyextractedfrom WordNetareprimarily affected:PNswith astemform rarelyusedas

a verbandfrequentlyusedasa nounseemmoreopento a literal interpretation,andthesePNs

aremoreoftenfoundin theWordNetclassesthanin thoseof Levin.

While all measures(incorrectly)treatsuchliteral phrasesasevidenceof LVC usage,LVC-

Probhasparticulardif�culty with literal usesof unacceptableconstructionsinvolving common

complements.Candidateconstructionssuchasmake a train (WordNetclass51.4.2)andtake

a link (WordNetclass43.2)areratedanomalouslyhigh by LVC-Probbecausethegeneralfre-

quency of thecomplement(
Q

)

:

§A¬

>

) is includedin themeasure.Whenthecomplementof a

candidateconstructionis frequentlyemployedthroughoutthecorpus,astrain andlink are,the

signi�canceof any evidenceof LVC usageis overrated.Further, asliteral usagesof alight verb

andcomplementareinterpretedasevidenceof LVC usage,thisproblemis compounded.Since
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thePMI-basedmeasuresdo not take theoverall frequency of thecomplementinto considera-

tion, they donot ratetheseunacceptablecandidatesashighly, andperformbetteragainstthese

candidatesthanLVC-Prob. PNswith commonnominalformsseemmoreopento this literal

interpretation,andasPNswith relatively rareverbsensesseemlesslikely to beincludedin the

Levin classes,this canaccountfor thelessremarkableperformanceof LVC-Probwhentested

againstWordNetcandidates.

Finally, boththeLevin andWordNetclassesincludePNswith stemformscommonlyused

asadjectivesandrarelyusedasnouns.For example,thePN clear hasonly two nounsenses

listedin WordNet,bothof whichseemrelatively rareandspeci�c: clearasin escapingpunish-

ment(Lookslike you're in theclear), andclear asin beingin theopen:We left theforestand

into theclear. However, while thecandidategivea clear is rated`poor' by bothannotators,it

is ratedquitehighly by thecomputationalmeasures,whichhurtscorrelationscores.Thisis pri-

marily dueto its useasanadjective: many phraseswerefoundreferencingclearexplanations,

signals,pictures,etc. As will bediscussedin Section5.2.3,while someof thesephraseswere

�ltered, not every instanceappearswith enoughfrequency to be �agged, andthoseinstances

�agged canbesubjectto underestimation.

While the classesautomaticallyextractedfrom WordNetmay be morenoisy than those

selectedfrom Levin (1993),theWordNetsetsneverthelesshave averageSRCscoresexceed-

ing thoseof the Levin classes.As thereare a limited numberof Levin classesappropriate

for our task, the useof WordNetasa sourcefor semanticgroupingsof predicative nounsis

recommended.

Trendsin acceptability by semanticclass

Table 5.5 shows class-basedSRC scoreson unseencandidateLVCs generatedwith Levin

(1993), while Table 5.6 shows the sameinformation with unseencandidatesgeneratedus-

ing WordNet. Distinct trendsin LVC acceptabilityareshown by theseclasses.Examining

SRCperformanceon Levin classesalone,we seethat,with two exceptions,LVC-PMI meets
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SpearmanRank Correlation Scores: Levin Classes

Light Verb Class PMI LVC-PMI LVC-Prob LVC-Freq

18.1,2 .47 .56 .54 .49

30.3 .56 .57 .60 .53

take 43.2* .43 .43 .51 .31

51.4.2 .54 .54 .55 .69

average .50 .53 .55 .51

std.dev. .06 .06 .04 .16

18.1,2 .26 .26 .54 .41

30.3 .28 .45 .62 .72

give 43.2* .39 .36 .45 .48

51.4.2 .16 .13 .25 L .19

average .27 .30 .47 .36

std.dev. .09 .14 .16 .39

18.1,2 .29 .45 .52 .45

30.3 .26 .47 .43 L .03

make 43.2* .09 .07 .17 L .40

51.4.2 .32 .32 .73 .38

average .24 .33 .46 .10

std.dev. .11 .18 .23 .39

all average .34 .38 .49 .32

std.dev. .14 .16 .15 .35

Table5.5: SpearmanRankCorrelationscoresfor eachcomputationalmeasureacrosseachlight verb

andLevin class.A `*' indicatesa randomsubsetof verbswereusedin theclass.

or exceedsthebaselineacrossall light verbsandclasses.We seefurtherthatin every instance

LVC-Proboutperformsthe baseline.The only measureto performgenerallyworsethanthe

baselineis LVC-Freq,which at worst achievesnegative correlationson the semanticclasses
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SpearmanRank Correlation Scores: WordNet Classes

Light Verb Class PMI LVC-PMI LVC-Prob LVC-Freq

18.1,2 .55 .62 .69 .49

30.3 .38 .39 .46 .45

take 43.2 .63 .64 .59 .48

51.4.2 .78 .79 .74 .78

average .59 .61 .62 .55

std.dev. .17 .16 .12 .15

18.1,2 .57 .60 .63 .41

30.3 .57 .57 .51 .14

give 43.2 .65 .66 .49 .25

51.4.2 .23 .23 .42 .17

average .50 .52 .51 .24

std.dev. .19 .19 .09 .12

18.1,2 .44 .47 .45 .22

30.3 .40 .34 .34 .45

make 43.2 .13 .35 .14 .20

51.4.2 .27 .25 .38 .37

average .31 .35 .33 .31

std.dev. .14 .09 .13 .12

all average .47 .49 .49 .37

std.dev. .19 .18 .16 .18

Table5.6: SpearmanRankCorrelationscoresfor eachcomputationalmeasureacrosseachlight verb

andWordNetclass.

foundmostdif�cult by theothermeasures.Again, againstWordNetclasses,PMI, LVC-PMI,

andLVC-Probperformsimilarly.

Someof the worst correlations,for all measures,arewith the Levin andWordNetclass
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43.2(Verbsof SoundEmission).Here,it seemedthatseveralsalientsensesof thewordswere

missedby the humanraters. While it is acknowledgedthat using only two ratersto reach

consensusis not ideal,it washopedthattwo raterswith differentbackgroundswouldbeaware

of mostsensesof a givencandidateLVC. However, this wasnot alwaysthe case:class43.2

in particularhasmany instancesin which therearesensesunfamiliar to thehumanraters.For

example,thecandidatetakea click is rated`1' by bothraters,yet it is amongthehighest-rated

candidatesof all measures.This is primarily dueto phrasesusingtheconstructionin anonline

sense,suchastakea click here(with yourmouse),takea clickonthewild side, etc:suchusages

wereunfamiliar to bothannotators.Thephrasemake a click similarly revealedusagessuchas

makea click onthebuttonwhichwerethoughtby humanannotatorsto belargelyunacceptable.

Thisunderlinesthedif�culty for humansin ratingasemi-productiveconstruction.

Levin class51.4.2is thesemanticclassmostsusceptibleto theswingsin SRCdiscussedin

Section4.4.1:with tenmembers,it is thethesmallestclassemployedin our experiments,and

further, 70%of its candidateLVCs involving thelight verbmakearerated1 (unacceptable)by

thehumanannotators.Comparingtheperformanceof ourfour measuresonthisparticularclass

andlight verb,we seethat LVC-Prob's correlationof .73 signi�cantly outperformsthe other

measures,all of which have SRCscoreslessthan .38. While thesescoresdo re�ect better

correlationin the caseof LVC-Prob, this differenceis slightly exaggerateddue to the high

proportionof tied ratings.LVC-Probbene�ts from this exaggerationbecauseof theratingsit

assignsto thethreenon-tiedmembersin this class,while theothermeasuresdonot.

While theperformanceof LVC-Freqon givecandidateLVCs drawn from WordNetis well

below that of the baseline,LVC-Freqoutperformsthe baselineon candidateLVCs involving

givedrawn from Levin. This is somewhatsurprising,asLVC-Freqdoesnot detectthedative

form, but this high SRCis accompaniedby a very high standarddeviation, indicatingsigni�-

cant�uctuation in results.Theclasswith which LVC-Freqachievesits bestperformancewith

give, Levin class30.3, includesmany PNssuchaspeepandsniff which canbe employed in

bothdative andnon-dative LVCs. Correspondingly, themembersof Levin class51.4.2,with
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which LVC-Freqachievesits worstLevin give correlation,includesmany candidatecomple-

mentssuchasride andpaddlewhichseemto beemployedmostoftenin dativeLVCs.

Finally, it is worth noting that commontypographicerrorsform an unexpectedlystrong

sourceof noisein sometestclasses.This affectssomecandidatesmorethanothers:a partic-

ular exampleis the unacceptablecandidatemake a think from WordNetclass30.3,which is

ratedhighly by computationalmeasuresdueto a substantialnumberof resultswhich areclear

typographicerrors.Phraseslike make a think sauceareobviously intendedeitherto bemake

a thick sauceor make a thin sauce, but asour measureshave no way of knowing this, these

phrasesareconsideredto be evidencefor LVC usage.This typo seemsespeciallyprevalent

becausethewordsthin andthick areeachoneerroneouskeystrokeaway from theword think.

5.2.2 AgreementBetweenComputational and Human Ratings

We now inspectthe performanceof our computationalmeasureswhena coarserlevel of ac-

ceptabilityis considered,in whichanacceptabilitylabelof `poor', `fair', or `good' is appliedto

eachcandidateconstructionratherthanamorepreciserating.Table5.7showsWeightedKappa

andweightedobservedagreementfor theLevin classes,andTable5.8 shows thesameinfor-

mationfor theWordNetclasses.With theacceptabilitythresholdsdevelopedin Section4.4.2

applied,all measuresgenerallyperformcomparablywell. LVC-ProbandLVC-Freqslightly

outperformthe PMI-basedmeasureswhentestedagainstLevin classes,while again,against

theWordNetclasses,thedifferencesbetweenmeasuresarelesspronounced.Most interesting

is the performanceof LVC-Freq,which achievesthe bestperformanceof all measureswhen

testedagainstLevin classes,andonly moderatelyunderperformswhentestedagainstWordNet

classes.It seemsclearthatwhile thecomputationalmeasuresdo not all make thesame�ne-

graineddistinctionsof LVC acceptability, they performmoresimilarly at thesimplertaskof

merelydistinguishinggoodcandidateconstructionsfrom fair andpoorones.

Valuesof �#� aregenerallylow, for the reasonsof prevalency discussedin Section4.4.2.

While the“paradox”of low Kappascoreswith highobservedagreementappliesto all classes,
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Linearly WeightedKappa and Agreement

Levin Classes

Light Verb PMI LVC-PMI LVC-Prob LVC-Freq

�\� �#� �#� �#� �#� �#� �\� �#�

take .44 .77 .43 .79 .39 .85 .35 .80

give .23 .59 .25 .59 .36 .77 .56 .86

make .13 .81 .17 .79 .18 .82 .14 .82

average .27 .71 .26 .72 .28 .81 .30 .81

Table5.7: WeightedKappa( ?
� ) andweightedobserved agreement(M

� ) for eachcomputationalmea-

surewhentestedagainstcandidateconstructionsfrom Levin classes.

Linearly WeightedKappa and Agreement

WordNet Classes

Light Verb PMI LVC-PMI LVC-Prob LVC-Freq

�\� �\� �\� �#� �#� �#� �\� �#�

take .57 .88 .52 .86 .50 .86 .42 .82

give .35 .74 .36 .74 .42 .80 .27 .73

make .26 .80 .22 .78 .22 .74 .27 .73

average .39 .82 .39 .81 .36 .80 .30 .75

Table5.8: WeightedKappa( ?
� ) andweightedobserved agreement(M

� ) for eachcomputationalmea-

surewhentestedagainstcandidateconstructionsfrom WordNetclasses.

Levin class43.2, whencombinedwith the light verb take, illustratesthis issueparticularly

well. Thesimilar contingency tablesgeneratedhereby thePMI andLVC-Probmeasuresare

shown in Table5.9. Both the PMI andLVC-Probmeasureshave approximatelyequal(and

very high) weightedobserved agreementof � ���� , but while PMI has ��� � ��N�N , LVC-Prob
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HumanRatings HumanRatings

Poor Fair Good Total Poor Fair Good Total

Poor 34 0 0 34 Poor 33 1 0 34

PMI Fair 0 0 1 1 LVC-Prob Fair 1 0 0 1

Good 0 0 0 0 Good 0 0 0 0

Total 34 0 1 35 Total 34 1 0 35

Table5.9: Two IO�PI contingency tablesfor theLevin class43.2with thelight verbtake. Theleftmost

tablere�ects thePMI measure,andhasa weightedKappascoreof .66. Therightmosttablere�ects the

LVC-Probmeasure,andhasa ? � @CLQBRE<I . Bothhave high observedagreementof STBJUFV .

has �\� � �����a� . Examplessuchasthesemake it clearthatour resultsaresusceptibleto large

swingsin Kappascoreswith only slightchangesin agreement.For thisreason,�"� is considered

to beamoretelling (andreliable)wayof comparingperformancebetweenmeasures,although

averageKappascoresarenot discountedentirely. The trendsacrossaverage�"� and �#� are

quitesimilar.

5.2.3 Analysisof Filtering Techniques

Threetechniquesfor �ltering World Wide Web dataacquiredvia a generalpurposesearch

engine,describedin Section4.3.3,areexploredin this work. Brie�y , thesemethodsarePunc-

tuation Filtering, which removes internally-punctuatedphrasessuchas take. A walk from

searchresults;PhraseFiltering,whichremovesnon-LVC phraseslikegivea strip of land from

thesearchresultsfor thecandidategivea strip; andMultiword Expression(MWE) Filtering,

whichremovesmultiwordexpressionslikegivea slidepresentationfrom thesearchresultsfor

the candidateLVC give a slide. In Table5.10we comparethe SRCscoresof the LVC-Prob

measurewhenno �ltering is applied,whenonly PunctuationFiltering is applied,andwhenall

three�ltering techniquesareapplied.While thedatawe considerherere�ects only thecorre-

lation scoresof theLVC-Probmeasure,thesametrendsarefoundwhen�ltering is appliedto
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LVC-Prob SpearmanRank Correlation ScoresAcrossFiltering Levels

No Filtering PunctuationFiltering Full Filtering

Class take give make avg. take give make avg. take give make avg.

18.1,2 .50 .55 .56 .53 .52 .54 .55 .54 .54 .54 .52 .53

30.3 .60 .61 .41 .54 .62 .61 .41 .55 .60 .62 .43 .55

43.2* .49 .46 .13 .36 .49 .44 .10 .34 .51 .45 .17 .38

51.4.2 .62 .29 .79 .57 .57 .29 .79 .55 .55 .25 .73 .51

18.1,2-wn .66 .61 .40 .55 .69 .61 .38 .56 .69 .63 .45 .59

30.3-wn .40 .49 .31 .40 .46 .54 .31 .44 .46 .51 .34 .44

43.2-wn .56 .45 .15 .39 .57 .45 .12 .38 .59 .49 .14 .41

51.4.2-wn .76 .48 .43 .56 .78 .45 .40 .54 .74 .42 .38 .51

average .58 .50 .41 .49 .59 .49 .40 .49 .59 .49 .40 .49

Table5.10:SpearmanRankCorrelationresultsusingLVC-Probwith no �ltering is applied,with Punc-

tuationFiltering applied,andwith Punctuation,Phrase,andMWE Filtering all applied.A `*' indicates

arandomsubsetof verbswereusedin theclass.Classesendingwith `-wn' aregeneratedwith WordNet.

thePMI andLVC-PMI measuresaswell.2

Punctuation Filtering

PunctuationFiltering haslittle effect on correlationscores. AverageSRC scoreswith and

without PunctuationFiltering appliedarenearlyidentical;however, this is becausenoisedue

to internalpunctuationtendsto applyapproximatelyequallyto all candidatesconsidered.No

semanticclassor light verb is especiallysensitive to this sourceof noise,althoughall suffer

from it. On average,PunctuationFiltering removed 4% of instancesfrom resultsets,with a

standarddeviation of 1%. While correlationresultsfail to changesigni�cantly, Punctuation

Filtering is anef�cient �ltering method,asmany instancesof noiseareremovedat very little

2Recallthatno �ltering wasappliedto theLVC-Freqmeasure,as�ltering out noisein this measurewould be
counterproductive.
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cost:noadditionalsearchesarerequired.Onsearcheswith nowildcards,PunctuationFiltering

hasvery few falsepositives,as it is rare for acceptableLVCs without internalmodi�cation

to have internalpunctuation.On searcheswith wildcards,PunctuationFiltering continuesto

remove thetargetednoise,althoughit doesbegin to �lter out morevalid LVCs. We therefore

considerPunctuationFiltering to bebene�cial,evenif resultsdonot changeconsiderably.

Phraseand MWE Filtering

Very little overall changeis observedwhenPhraseandMWE Filtering areapplied.Thereis a

slight improvementin someclasses,but this is coupledwith a decreasein correlationin other

classes;overall, resultsarevery similar. Threereasonsareapparentfor this behaviour: �rst,

someLVCs appearmoreoften with phraseandMWE modi�cation thanwithout. Secondly,

while instancesof noiseare�ltered from results,soareinstancesof valid LVC usage.Finally,

thesamplesizeavailableto the�ltering techniquesis typically insuf�cient to correctlyestimate

theprevalenceof noise.Wenow considertheseissuesin moredetail.

We assumewith �ltering techniquesthat any LVC capableof appearingwith phraseor

MWE modi�cation is just ascapableof appearingwithout it, but therearecaseswherethis is

notanappropriateassumption.TheLVC takea leap(WordNetclass51.4.2)is agoodexample

of this. While the LVC take a leap (off a building) seemsacceptable,the collocatedphrase

andnearidiom take a leap of faith is so prevalent that it forms the majority of the context

returnedwith thephrasetakea leap. Additionally, thoughto a lesserextent,thephrasestakea

leapforward andtakea leapbackward arealsoverycommon.Theseconstructionsare�agged

(incorrectly)asnoiseand�ltered; with themremoved,evidenceof LVC usageof take a leap

is reducedby 54%. TheLVC is judgedby computationalmeasuresto bemuchpoorerthanit

otherwisewouldbe.

BothPhraseFilteringandMWE Filteringareclearlycapableof erroneously�agging collo-

catedphrasesassociatedwith anLVC asnoise.Like take a leapforward, othervery common

phrasesareremovedfrom differentcandidates:givea knock has�ltered thephraseknock any-
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way, alongwith suchnoiseasknock out (punch).ThePMI thresholdsemployedby our�ltering

techniquesareestablishedtominimizethesefalsepositives,but they dostill occasionallyoccur.

Most critically, the thousand-instanceceiling on Googlesearchesseverely constrainsthe

PhraseandMWE �ltering techniques.While we attemptto work aroundthis constraintwith

focusedsearchesfor speci�c phenomena(the“LVC+of” searchesdetailedin Section4.3.3),it

is mostoftenthecasethat the �ltering measuresareextrapolatingfrom a relatively smalland

non-randomsortedsample.As a result,theamountof noiseaffectingcandidatestendsto be

underestimatedto variousdegrees,andaninsuf�cient numberof resultsareremovedto appre-

ciably altercandidates'scores.We did attemptvarioustechniquesfor increasingtheamount

of resultsremovedwhena noisyresultis identi�ed, but thesetechniqueswould oftenincrease

theskew: someclassesimproved,othersgot worse,andtheoverall effect wasminimal. The

failureof these�ltering techniquesto havea largeimpacton improving correlationcanbepar-

tially attributedto a lack of data,stemmingfrom the limited methodsavailablefor accessing

our corpus. As an example,WordNetclass43.2hasthe candidategive a phoneratedquite

highby computationalmeasures—ashighassecondplaceby LVC-Prob. Mostof theevidence

comesfrom phraseslikephonecall, phonenumber, etc.WhenMWE Filtering is appliedthese

phrasesareidenti�ed and�ltered, but asextrapolationfrom thethousandinstancesavailableis

unreliable,MWE Filtering tendsto underestimate.After MWE Filtering is applied,thecandi-

dategivea phoneis reducedin rankbut still remainsratedinappropriatelyhigh, appearingin

themiddlerangeof candidatesandabove candidatesthatseemmoreacceptable,suchasgive

a click.

5.2.4 Summary of Experimental Results

Our experimentsshow thatLVC-PMI is a slightly improvedmeasureover PMI at the taskof

ratingcandidatelight verbconstructions,andthatLVC-Probis moremarkedly improvedover

bothPMI andLVC-PMI. TheLVC-Freqmeasurewasfoundto bepooratmaking�ne-grained

distinctionsof acceptability, but comparableto the othermeasuresat makingcoarse-grained
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distinctions.

We hypothesizedthatwhile PMI shouldindicatea collocation,LVC-PMI shouldfocuson

LVCs in particular, and LVC-PMI doesshow slightly strongercorrelations. Further, LVC-

PMI is an improvementover previous work on LVCs, asunlike the earlierDif fAll measure

(Stevensonet al., 2004), it generallyexceedsthe performanceof PMI acrossall light verbs.

LVC-Probhasthebestperformanceandis the preferredmeasure,asit requiresonly slightly

moredatathanPMI, andfar lessthanLVC-PMI.

Distinctpatternsof acceptabilitywerefoundacrossthesemanticclassof thecomplementto

anLVC, aswell asacrosslight verbsthemselves.Semanticallysimilarcomplementsareshown

to have the samepatternof co-occurrenceacrosslight verbs. In general,the resultscon�rm

our hypothesisthat thesemanticclassof thecomplementis highly relevant to measuringthe

acceptabilityof “LV aPN” LVCs.

WordNetclassesareshown to re�ect thetrendsin LVC usageof theLevin classfrom which

their seedis taken.While theWordNetclassesincludemorememberswhich areusedliterally

thanthoseof the Levin classes,they do provide a usefulway of groupingtogethersemantic

classesof LVC complements.This is an importantresult, as Levin classesappropriatefor

LVCsareinfrequent.

TheLVC-Probmeasurehasparticulardif�culty in ratingtheacceptabilityof literal candi-

dateswith verycommoncomplements,andmany instancesof suchcandidatesarefoundin the

WordNetclasses.This accountsfor theworseperformanceof LVC-ProbagainsttheWordNet

classes,whencomparedto thebaseline.However, despitethis behaviour LVC-Probperforms

just as well as the baselinewhen testedagainstWordNet classes,and outperformsit when

testedagainstLevin classes,whereliteral candidatesarelesscommon.

Finally, a needto look in moredetailat thepropertiesof differentlight verbsis indicated.

The light verbmake, which we hypothesizedto have behaviour differentfrom take andgive,

doesperformworsethantake, but ataboutthesamelevel asgive. Gatheringhumanratingsfor

giveandmake is dif�cult, however, which mayexplain thelow correlationscores.Candidates
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involving the light verb take, with which we achieve our bestresults,were easiestfor our

annotatorsto rate.



Chapter 6

Conclusions

Light verbconstructionsarea semi-productiveclasswhich, like mostmultiword expressions,

posethefamiliarproblemof whetheror not (andhow) they shouldbelistedin acomputational

lexicon. Our goal in this work hasbeento investigatethe (semi-)productivity of light verb

constructionsandto developcomputationalmeasuresfor quantifyingtheir acceptability. We

focusedon theparticularclassof light verbconstruction(LVC) which employs a predicative

noun(PN) as its complement.We predictedthat distinct patternsof acceptabilitywould be

found acrosssemanticclassesandlight verbs,andhave shown this to be the case.Pilot ex-

perimentswhich capturehumanacceptabilityjudgmentsof light verbconstructionshavebeen

performedandusedasagoldstandardwith whichto judgecomputationalapproachescapturing

their acceptability.

CandidateLVCs wereformedby combiningthe Englishlight verbstake, give, andmake

with complementsdrawn from two differentontologies.The semanticverb classesof Levin

(1993)wereemployed,alongwith automaticallyconstructedsemanticclassesextractedfrom

boththenominalandverbalhierarchiesof WordNet2.0 (Fellbaum,1988). A novel approach

wasemployed to extract appropriatecomplementsfrom WordNet for usein LVCs, and the

semanticclassesgeneratedby this approachareshown to re�ect the trendsin acceptability

foundin correspondingLevin classes.
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We developedfour differentcomputationalmeasuresfor quantifyingLVC acceptability,

andwe have comparedtheperformanceof thesemeasuresacrossontologies,light verbs,and

semanticclasses.We haveexaminedtheperformanceof thesemeasuresbothata �ne-grained

level of acceptability, at which all candidateconstructionshave a uniqueacceptabilityscore

assigned,and at a coarserlevel, at which only rank labelsof `poor', `fair', and `good' are

assigned.EachcomputationalmeasureemploysWorld Wide Webdatagatheredvia a general-

purposesearchengine,andwe have testedtheperformanceof eachwith andwithout various

novel approachesto �ltering web dataapplied. In this chapter, we discusscontributionsand

limitationsof ourwork, anddetailpossibleextensions.

6.1 Summary of Contrib utions

Statistical measuresof LVC acceptability. Threenovel measuresaresuggestedfor quan-

tifying LVC acceptability. LVC-PMI is an extensionof pointwisemutual information(PMI)

incorporatinglinguistic knowledge,LVC-Prob is a probability formula which measuresthe

likelihoodof a givenlight verbandpredicative nouncomplementforming anacceptablecon-

struction,andLVC-Freqis a simplemeasurewhich ratescandidateLVCs by their frequency

of usagein anoisycorpus.While LVC-PMI andLVC-ProbbothoutperformthebaselinePMI

measure,LVC-Probdoessoby awidermargin, andrequireslessdatathanLVC-PMI.

Fine- and coarse-grainedevaluation of measures. The PMI, LVC-PMI, LVC-Prob and

LVC-Freqmeasureall performat differentlevels whennuanceddistinctionsof acceptability

are desired. The bestmeasureis LVC-Prob, which outperformsthe baselinePMI measure

when testedagainstLevin classes,and performsjust as well when testedagainstWordNet

classes.However, our resultsshow that at a coarserlevel of acceptability, at which only a

labelof `good', `fair', or `poor' is desired,all measuresperformaboutequallywell. LVC-Freq

canbeusedasa quick, inexpensivemeasurefor roughlyquantifyingLVC acceptability, while

LVC-Probcanbeemployedwhenmore-detaileddistinctionsarecalledfor.
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Generationof semanticclassesof predicativenouns. Ourpreviouswork focusedonclasses

from Levin (1993),whichhasonly asmallnumberof semanticclassesappropriatefor ourtask.

Wehavedetailedhereanapproachwhichallowssetsof semanticallyrelatedpredicativenouns

to beextractedfrom WordNet.A processfor choosingarepresentativeseedfrom aLevin class

is alsospeci�ed. Whensucha seedis employed, the WordNetsetsareshown to re�ect the

trendsof LVC acceptabilityfound in the correspondingLevin classfrom which the seedis

taken.

An exploration of wildcards in web data. As someLVCs arerarein smallerclassicalcor-

pora,our computationalmeasuresemploy datagatheredfrom publicwebsearchengines.This

give usaccessto a vastbut noisycorpus,accessto which is limited by thesearchenginein-

terface.Wildcards,which matchfor oneword, weretestedin our experiments.For example,

a searchfor take a * walk may returnpagescontainingphraseslike take a long walk. While

thesesearchesallow morecomplex LVC usageto bedetected,they alsoallow in morenoise.

Variouslevelsof wildcardsweretested,andresultsindicatedthatusingdatawith nowildcards

andonewildcard, combined,gave the highestconsensusbetweencomputationalandhuman

ratings.This resultis signi�cant for futurework on LVCs employing webdata,andmayalso

apply to otherconstructionswhich canappearin similar internally-modi�ed forms, suchas

verb-particleconstructions.

A survey of the stateof the art. A survey of thestateof theart is providedbothin the�eld

of linguistic analysisof light verbconstructions,andthe�eld of computationalapproachesto

LVCs. Additionally, variouswebextractiontechniquesareconsideredandevaluated.

6.2 Limitations and Futur eDir ections

Mor e-detailedweb data. While a large corpusis requiredfor suf�cient evidenceof LVC

usageto be found, usinga general-purposesearchenginesuchasGoogleis limiting, asthe
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informationreturnedwith queriesis often too sparsefor linguistic application. As a result,

all of the computationalmeasuresarecapableof consideringnon-LVC usageof a candidate

constructionasevidenceof LVC usage.Unfortunately, without part-of-speechtagsandwith

very little context available,it is dif�cult to distinguishthephrasegive a clear (explanation)

from theLVC givea tour. Thislimitation negativelyaffectstheaccuracy of all measures,andis

tied to ourdecisionto employ asearchengineasourmeansof accessingtheweb. Approaches

employing aprivatecrawl of webdatamayhelpsolve theseissues,aslinguisticmarkupcould

beautomaticallyapplied;further, thedevelopmentof robust,public,linguistically-awaresearch

enginesis encouraged.

Different approachesto �ltering web data. It is clear that our approachto �ltering web

datais generallytoo conservative. The focuson extrapolatingfrom the �rst 1000resultsis

likely inappropriate,andit is possiblethat measureswhich rely on further searchenginere-

questsarecalledfor. While this doesincur anadditionalcost,it would allow a moredetailed

processto take place. Two approachessuggestthemselves. Oneis to re-runsearchesafter a

phraseis identi�ed by the noise�ltering techniques.For example,if take a leap hasof faith

identi�ed asnoiseby PhraseFiltering,thenasearchcouldberunfor “takea leap” � “of faith”

(or “takea leap” NOT NEAR “of faith” , if suchoperatorsaresupportedby thesearchengine),

andnew sourcesof noisesearchedfor in theseresults.Thesesearcheswould removeall docu-

mentsin which theconstructionandthetargetedword or phraseco-occur. While they clearly

overestimatetheprevalenceof thetargetednoise,suchanoverestimationmaybeanacceptable

one.

A secondtechniquemaybe to simply performadditionalsearchesfor thecandidateLVC

combinedwith eachnoisy phraseidenti�ed. If a phrase� is to be removed from the results

of a searchfor ƒ , rather than examining the thousandinstancesreturnedby the searchfor

ƒ for instancesof � and extrapolatingto the whole, we could insteadsearchfor ƒ

Î

� and

subtractthe numberof resultsfound herefrom thosefound for ƒ . For example, if phone
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call and phonenumberwere �agged as noise affecting the candidateLVC give a phone,

Ò~{3y+Ó.ô�y|}����Eª1ô9}�w

:

give a phone
>

could have subtractedfrom it Ò~{3y+Ó.ô�y|}���WEª1ô9}�w

:

give a phone

call
>

andÒ~{3y+Ó.ô�y|}����Eª1ô9}�w

:

givea phonenumber
>

. Thisprocessmight �lter thetargetedphrases

moreaccurately, but requiresadditionalsearchesfor eachelementof noiseidenti�ed. It may

also be that correlationwith humanrankingswould drop using sucha technique,as these

searchesarethemselvessusceptibleto the issuesof “f alsehit” noisethey aretrying to elimi-

nate.Futurework exploring theseapproachesis calledfor.

Removing inappropriate membersfr om semanticclasses. Both the Levin andWordNet

classesincludememberswhicharemorecommonlyusedasadjectivesthanasnounsor verbs,

or haveonly veryrarenominalsenses.Wecouldalterourmethodof choosingPNsfrom Levin

andWordNet,requiringthatcandidatemembersbefrequentlyemployedasbotha nounanda

verb. This would move to excludesuchinappropriatemembers.TheBritish NationalCorpus,

which featurespart-of-speechtags,is usedin thiswork to ensurethatacandidateis frequently

usedasa verb: requiringthata candidatealsobefrequentlyusedasa nounwouldbea simple

changethatwould likely increasethequalityof oursemanticclasses.

Mor e extensive human judgments of LVC acceptability. While thehumanratingsof can-

didateLVC acceptabilityusedin this work enabledus to gaugetheperformanceof our com-

putationalmeasures,thereweresalientsensesof complementsthatwerenotconsideredby our

two judges. It could be that usingjudgmentsof acceptabilitytaken from many raterswould

solve someof theproblemsstemmingfrom usingonly two judges.Additionally, asthesetof

averageratingsacrossseveralraterswould likely bemore�ne grainedthanthesetof average

ratingsacrosstwo raters,the issuesof comparingdiscreteto continuousdataassociatedwith

SpearmanRankCorrelationwouldbelessened.However, suchratingsareexpensiveto gather.



Appendix A

SemanticClassesand Human

Acceptability Judgments

Thisappendixcontainsa full listing of thesemanticclassesandthehumanacceptabilityjudg-

mentsusedin evaluatingthis work. Eachnumericalentry representsthe consensushuman

judgmentof the acceptabilityof the candidateconstructionformedby the predicative noun

(PN) listedto theleft andlight verblistedabove. Ratingsrangefrom 1 (completelyunaccept-

able)to 4 (completelyacceptable),andpartial ratingsarepermitted.A `*' aftera Levin class

numberindicatesa randomsubsetof theverbsin theclasswereused.
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Levin Classes18.1,2

PN take give make

bang 1 2.5 2

bash 1 2.75 1.5

batter 1 1 2

beat 1 2 2.5

bump 2 2.25 1.75

butt 1 1.5 1

dash 2.25 1 3.5

drum 1 1 1

hammer 1.5 1.5 1

hit 3.5 3.5 3.25

kick 3.75 4 3

knock 2 3.5 1.75

lash 1 1 1

pound 1 1 1

rap 1 2.25 2.5

slap 1.5 2.5 1

smack 1.5 2.5 1

smash 1 1.5 1

strike 1 1.5 1

tamp 1.5 1.5 1

tap 1 3 1.75

thump 1 1.75 1.75

thwack 1.5 2 1.5

whack 1.75 2 1

bite 4 4 1

claw 1 1 1

paw 1 1 1

peck 1.5 1.5 1

punch 3.25 3.5 1.75

scratch 1.5 2.75 1.75

shoot 1 2.5 1

slug 1 1.5 1

stab 4 2.5 3.25

swat 1 1.5 1

swipe 1.5 1 1.25

Levin Class30.3

PN take give make

check 1.5 2 3.25

gape 1 1 1

gawk 1 1 1

gaze 1 1 1

glance 3 2.75 1

glare 1 2.5 1

goggle 1 1 1

leer 1 2.25 1.5

listen 2.5 3 1

look 4 4 1.75

ogle 1 1 1

peek 3.5 2 1

peep 1 1.75 3.25

peer 1.5 1 1

sniff 3.25 2.75 1.5

snoop 1.25 1 1

squint 1 1 1.25

stare 1 1 1
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Levin Class43.2*

PN take give make

beat 1 1.5 2.25

bellow 1 3 2.25

boom 1 2.5 2.25

bubble 1 1 1.25

burr 1 1 1

clang 1 2.25 2

clank 1 1.5 1.5

clap 1 2 1.5

click 1 3 2

crunch 1 1 1.5

cry 1.5 4 1.5

hum 1 2.75 1.75

jingle 1 2 1.75

knock 2 3.5 1.75

peal 1 2.5 1

pipe 1 1 1

plink 1 1 1.5

plonk 1 1 1.5

plop 1.25 2 2

putter 1 1 1

ring 1 3.25 1.5

screech 1 3.25 2.25

shriek 1 3.25 1.75

shrill 1 1 1

snap 1 1 1

sputter 1 2 1.5

strike 1 1 1

thunk 1 1.75 1.5

tick 1 2 1.5

ting 1 1.25 1.5

trill 1 2 2

trumpet 1 1.25 1

vroom 1 1.5 1.25

whir 1 2.5 2

whistle 1 3 1.75

Levin Class51.4.2

PN take give make

cruise 4 2.5 2.25

drive 4 1.75 1.5

�y 1 1 1

oar 1 1 1

paddle 2.5 1.25 1

pedal 1.5 1 1

ride 4 4 1

row 2 1.25 1

sail 3.5 2 1

tack 2 1.25 2
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WordNet Classes18.1,2

PN take give make

bang 1.25 2.5 2.5

bash 1 2.75 1.5

batter 1 1 1

beat 1.5 2.25 1.75

blow 3 2 1

box 1 1 1

clash 1 1 1

click 1 2.5 2.5

crack 1.5 2.5 1.5

cry 1.5 4 1.5

drip 1 1 1.5

drum 1 1 1

hum 1 2 1.5

lash 1 1 1

lick 3.5 4 1

pat 1 3.5 1

pick 2.25 1.5 1

poke 2.25 2.75 1

pound 1 1.5 1

rattle 1 2.75 2.75

roll 2.5 3 1.25

shame 1 1 1

shoot 1 1 1

sigh 1 4 1.5

slap 1.75 3 1.25

smack 1.25 2.5 1

snap 1 2.5 1

splash 1.5 1.5 4

stab 4 4 3

step 4 1 1

swing 4 2 1.5

thump 1 2.25 2.5

tip 3 3.5 1

trample 1.25 1 1

whip 1 1 1

WordNet Class30.3

PN take give make

add 1 1 1

bluff 1 1 1.5

chill 2.5 3.25 1

chip 1 1.5 1

clean 1 1 1

clear 1 1 1

control 1 1 1

cook 1 1 1

cool 1 1 1

dawn 1 1 1

exchange 2 2 3.75

�ll 1 1.25 1

�t 1.5 2.5 1

�y 1 1 1

freeze 1 1 1

grace 1 1 1

heat 1 1 1

increase 2.25 2.25 2.25

name 1.5 3.5 4

open 1 1 1

parallel 1 1 1

pin 1 1 1

plot 1 1 1.5

poison 1 1 1

project 1 1 1

put 1 1 1

redress 1 1 1

rest 4 4 1

run 4 2.25 4

separate 1 1 1

sketch 1.25 1.5 1

spike 1 1.5 1.75

string 1 1 1

temper 1 1 1

think 1 1 1
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WordNet Class43.2

PN take give make

bang 1.25 2.5 2.5

beat 1.5 2.25 1.75

chatter 1 1 1

click 1 2.5 2.5

couple 1 1 1

drip 1 1 1.5

drum 1 1 1

echo 1 1.75 3

fax 1 1 1

glue 1 1 1

harness 1 1 1

hitch 1 1.75 1

insert 1 1 1

institute 1 1 1

knock 2.25 3.75 2

land 1 1 1

lead 3.5 3 1

link 1 1 2.75

lodge 1 1 1

mutter 1 2.25 1.5

phone 1 1 1

play 1 1 3.5

pop 1 2.5 2.5

rap 1 2.5 2.5

rattle 1 2.5 2.5

round 1 1 1

sigh 1 4 3

surround 1 1 1

tack 2.75 1 1

tackle 1 1 1

tap 1 3.5 2

telephone 1 1 1

tether 1 1 1

thump 1 2.25 2.25

top 1 1 1

WordNet Class51.4.2

PN take give make

budge 1 1.5 1

bustle 1 1 1.5

chop 1.5 2.5 1

click 1 2.5 2.5

climb 2.5 2.25 2

crash 1.75 2.5 3.75

cruise 4 1.5 1

dance 1 1.5 1.25

dodge 1 1 1

duck 1 1 1

falter 1 1 1

feed 1 1 1

�e x 1 1.5 1

�inch 1 1 1

hitch 1 1.75 1

hop 3.5 2.5 1

hurl 1 1.5 1

kick 2.75 4 2

leap 4 3 3

leave 4 2.75 1

mount 1 1 1

roll 2.5 2.5 1.25

row 2 1.5 1

run 4 2 3.75

sail 4 1.25 1

shrink 1 1 1

slip 3 1 1

spring 1 1 1

startle 1 1 1

sweep 2.5 2.5 2.5

train 4 1 1

trip 4 1 1

tumble 4 1 1

twist 2 2 2

wobble 1.25 1.5 1



Appendix B

AgreementScoresby SemanticClass

Thisappendixcontainsthefull agreementscores(includingWeightedKappa,observedagree-

ment,andweightedobservedagreement)achievedby eachcomputationalmeasureagainstthe

Levin andWordNetclasses.A `*' aftera Levin classnumberindicatesa randomsubsetof the

verbsin theclasswereused.
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Linearly WeightedKappa and AgreementScores- Levin Classes

Light Verb Class PMI LVC-PMI LVC-Prob LVC-Freq

? � M ! M � ? � M ! M � ? � M ! M � ? � M ! M �

18.1,2 .29 .51 .67 .34 .57 .69 .46 .74 .83 .30 .57 .70

30.3 .31 .61 .67 .51 .72 .78 .64 .78 .86 .72 .78 .89

take 43.2* .66 .97 .99 .38 .91 .96 L .03 .94 .97 L .04 .89 .90

51.4.2 .49 .60 .75 .49 .60 .75 .51 .60 .75 .40 .50 .70

avg. .44 .67 .77 .43 .70 .79 .39 .77 .85 .35 .68 .80

std.dev. .17 .20 .15 .08 .16 .12 .29 .14 .09 .31 .18 .11

18.1,2 .07 .26 .46 .11 .29 .47 .28 .54 .71 .30 .63 .79

30.3 .19 .44 .53 .17 .39 .50 .38 .67 .75 .67 .78 .89

give 43.2* .18 .34 .51 .22 .40 .56 .19 .60 .73 .40 .63 .80

51.4.2 .48 .80 .85 .48 .80 .85 .60 .80 .90 .87 .90 .95

avg. .23 .46 .59 .25 .47 .59 .36 .65 .77 .56 .73 .86

std.dev. .18 .24 .18 .17 .23 .17 .19 .11 .09 .25 .13 .08

18.1,2 .25 .71 .77 .22 .69 .76 .46 .77 .84 .54 .71 .84

30.3 .37 .89 .92 .53 .89 .92 .47 .83 .86 .44 .89 .89

make 43.2* L .10 .46 .66 L .08 .46 .60 L .12 .57 .79 L .26 .51 .71

51.4.2 .00 .80 .90 .00 .80 .90 L .11 .70 .80 L .15 .70 .85

avg. .13 .72 .81 .17 .71 .79 .18 .72 .82 .14 .70 .82

std.dev. .22 .19 .12 .27 .19 .15 .34 .11 .04 .40 .15 .08

all avg. .27 .60 .71 .26 .61 .72 .28 .70 .81 .30 .69 .81

std.dev. .22 .23 .17 .21 .22 .17 .27 .12 .07 .32 .13 .08

TableB.1: Measuresof agreementfor eachcomputationalmeasureacrosseachlight verb andLevin

class.Observedagreementis measuredby M

! andweightedobservedagreementby M

� .
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Linearly WeightedKappa and AgreementScores- WordNet Classes

Light Verb Class PMI LVC-PMI LVC-Prob LVC-Freq

? � M ! M � ? � M ! M � ? � M ! M � ? � M ! M �

18.1,2 .42 .63 .79 .45 .66 .79 .69 .86 .90 .54 .74 .81

30.3 .63 .89 .94 .51 .89 .93 .31 .77 .83 .34 .71 .79

take 43.2 .53 .86 .91 .48 .81 .90 .37 .83 .89 .19 .77 .84

51.4.2 .71 .80 .87 .65 .77 .84 .61 .71 .83 .62 .74 .83

avg. .57 .79 .88 .52 .78 .86 .50 .79 .86 .42 .74 .82

std.dev. .13 .12 .07 .09 .10 .06 .19 .06 .04 .19 .02 .02

18.1,2 .42 .54 .73 .39 .51 .70 .48 .60 .79 .38 .54 .73

30.3 .44 .71 .81 .45 .74 .81 .27 .66 .76 L .02 .54 .64

give 43.2 .43 .60 .77 .52 .66 .81 .37 .69 .80 .19 .57 .70

51.4.2 .09 .43 .63 .11 .43 .63 .55 .74 .87 .32 .60 .79

avg. .35 .57 .74 .36 .59 .74 .42 .67 .80 .22 .56 .71

std.dev. .17 .12 .08 .18 .14 .09 .12 .06 .05 .18 .03 .06

18.1,2 .46 .77 .86 .41 .77 .83 .31 .66 .79 .27 .66 .76

30.3 .29 .80 .86 .11 .77 .80 .14 .66 .70 .27 .66 .69

make 43.2 .05 .51 .71 .17 .63 .77 .12 .57 .71 .17 .57 .71

51.4.2 .24 .63 .76 .19 .60 .70 .31 .66 .77 .36 .66 .77

avg. .26 .68 .80 .22 .69 .78 .22 .64 .74 .27 .64 .73

std.dev. .17 .13 .07 .13 .09 .06 .10 .04 .04 .08 .04 .04

all avg. .39 .70 .82 .39 .71 .81 .36 .70 .80 .30 .65 .75

std.dev. .18 .13 .08 .17 .11 .07 .17 .09 .06 .18 .08 .06

TableB.2: Measuresof agreementfor eachcomputationalmeasureacrosseachlight verbandWordNet

class.Observedagreementis measuredby M
! andweightedobservedagreementby M

� .



Appendix C

UsingGoogleasa Corpus

In Section4.3.1theissueswith usingwebdataasacorpus—speci�cally, webdataindexedby

andaccessedthrougha general-purposesearchengine—aredetailed.Theseissuesincludethe

ceilingonresultsreturnedwhich is appliedby mostsearchengines,alongwith issuesof noise,

both to intrinsic to the corpus(e.g., ungrammaticaltext, typographicerrors)anddue to the

limitationsof thesearchinterface(e.g.,resultswith internalpunctuation,non-LVC usages,and

soon.). However, therearefurther issuesmorecloselyassociatedwith our particularchoice

of searchengine,and in this appendix,we explore the concernsrelatedto usingGooglein

linguistic research.

Changesto the corpus Shortly after the dataneededfor our measurementswasgathered,

Googledramaticallyincreasedthe sizeof its index, from 5.6 to 8 billion pages.The Google

index is updatedoftenasnew datais madeavailable,but it is not oftensucha large increase

in sizeis observed. This highlightswhat is simultaneouslyanadvantageanddisadvantageof

usingsearchengines:while the sizeof the corpusavailable to this experimenthasdoubled

with nocostto theresearcher, hadwebeengatheringinformationat thetimeof theshift in the

index, thenumberswould have beeninconsistent.Theexisting datawould have to have been

thrown out, andnew informationgathered.This changein theGooglecorpusalsohighlights

theimportance,whenusingsearchenginedataasacorpus,of gatheringdataovera shorttime
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period:if thecorpuschangessigni�cantly, frequency countswill notbecomparable.Thedata

requiredfor themeasurespresentedin this thesiswasgatheredin a � ve-weekperiodbeginning

in October, 2004,andthenumberof resultsfoundfor ourbaselinesearch(the) did not change

duringthis timeperiod.

Accessingthe corpus A primaryconcernwith usingthedataavailablein a searchengineas

a corpusis thattheinterfaceemployedto accessthis corpus(eitherthroughthepublic web,or

throughamoreprivateAPI) is subjectto change.This issueis highlightedby Google'ssupport

of wildcards1: asthis documentwasbeingprepared,Googledroppedsupportfor this search

operator, only to resumesupporta few weekslater. Wildcardshadbeenremovedtemporarily

from Google's searchinterfacein the past,andwhile they arenow onceagainavailable, it

is neverthelessdisappointingto have sucha usefultool for corpusresearchremovedwithout

warning.

In�ated counts Véronis(2005b)notesthat in earlyJanuary, thenumberof resultsreturned

by a Googlesearchrequestappearto have beensigni�cantly overestimated,while further re-

searchshowsthatthisproblemappearsto havebeen�x ed(Véronis,2005a).Theseanomalous

resultsmaybeassociatedwith Google'sshift to alargerindex (Véronis,2005c).It is dif�cult to

applytheseobservationsto ourown data,asourmeasurementsweregatheredbeforeGoogle's

increasein index size. However, this countin�ation appearsto have beensystematic,andnot

particularto any searchphrase:in otherwords,if countswerein�ated, they werein�ated uni-

formly acrosssearches.Becauseof this, if countin�ation did affect thedatagatheredfor the

measurespresentedin this thesis,it would not have affectedour results.Scoresof correlation

andagreementwouldbeidentical.

1Wildcardsaresearchtermswhichmatchfor oneword. For example,anexact-phrasesearchfor takea * walk
mayreturnlinks to pagescontainingthephrasestake a shortwalk, takea longwalk, andsoforth.
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