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In this thesis,we attemptto usea machine-learningalgorithm,PNrule,alongwith simple

lexical andsyntacticmeasuresto detectparaphrasesin caseswheretheir existenceis rare.We

choosePNrulebecauseit wasspeci�cally developedfor classi�cationin instanceswherethe

target classis rarecomparedto otherclasseswithin the data. We testour systemboth on a

datasetwedevelopbasedonmovie reviews,andon thePASCAL RTE dataset;weobtainpoor

resultson the former, andmoderatelygoodresultson the latter. We examinewhy this is the

case,andsuggestimprovementsfor futureresearch.
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Chapter 1

Intr oduction

Merriam-Webster'sdictionaryde�nesaparaphraseas”a restatementof atext, passage,or work

giving themeaningin anotherform.” Recently, therehasbeena lot of work in computational

linguisticstowardsdevelopingsystemsthat canautomaticallydetectparaphrases.Thereare

a numberof waysin which sucha systemcould be useful; someexamplesinclude: aspart

of anautomaticsummarizationsystem,removing multiple instancesof thesameinformation;

looking for the recurrenceof an idea within a particularbody of work; detectingpolitical

talkingpointsin abodyof newsarticles;or creatingadatasetthatcanbeusedby asystemthat

automaticallylearnshow to generateparaphrases,in thesameway thatalignedsentencesare

usedin systemsthatlearnhow to translatebetweentwo languages.

Most of the work up to this point hasdealtprimarily with paraphrasesthat occurwithin

parallel corpora—situationsin which paraphrasesoccur relatively frequently, and are often

lexically similar to thetext unit they paraphrase.While this hasled to usefulsystems,we feel

thenext obviousstepis to attemptto detectparaphrasesin situationswherethey occurrarely,

andare not necessarilylexically similar to the text unit they paraphrase.In this thesis,we

attemptto do just that,usingamachinelearningtechniquein combinationwith asetof simple

lexical andsyntacticmeasures.

1



Chapter 2

Background

2.1 Paraphrases

Giventwo texts,T andP, we saythatP is a paraphraseof T if thesemanticmeaningof P is

foundentirelyin T, with thepossibleaid of world knowledge(e.g.,thata Germanshepherdis

abreedof dog).Somelossof informationis acceptable;for instance,“A dogwentto thestore.”

is anacceptableparaphraseof “A Germanshepherdranto thestore.” Thelatteris morespeci�c

thanthe former—we know the breedof thedog,andhave somesenseof the rateat which it

traveled—but both convey the samebasicmeaning. However, in a casewhereinformation

lossoccurs,theparaphraserelationshipis asymmetric;it wouldnotbeaccurateto statethat“A

Germanshepherdranto thestore.” is aparaphraseof “A dogwentto thestore.”

2.2 Why usemachinelearning to detectparaphrases?

Thereareseveralreasonsto usemachinelearningto detectparaphrases.First, there's thefact

that machine-learningapproacheshave beenusedsuccessfullyto solve many othernatural-

language-processingproblems.M�arquez(2000)listsmany of theseproblems,including:sense

discrimination,word sensedisambiguation,text classi�cation, speechrecognition,part-of-

speechtagging,text summarization,dialog act tagging,co-referenceresolution,cue phrase

2



CHAPTER 2. BACKGROUND 3

a. An OH-58helicopter, carryingacrew of two, wasonaroutinetrainingorientation

whencontactwaslostatabout11:30a.m.Saturday(9:30p.m.ESTFriday).

b. “There weretwo peopleon board,” saidBacon. “We lost radarcontactwith the

helicopterabout9:15EST(0215GMT).”

Figure2.1: Exampleof two text unitsthataresimilar, but whereneitheris a paraphraseof the

other. FromHatzivassliloglouetal. (1999).

identi�cation, machinetranslation,homographdisambiguationin speechsynthesis,accent

restoration,PP-attachmentdisambiguation,phonology, morphology, andspellingcorrection.

Second,andmoreimportantly, machinelearninghasbeenused,with somesuccess,tosolve

a very similar problem: Hatzivassliloglouet al. (1999)useit to matchsimilar pairsof small

textual units (in particular, paragraphs,althoughin theory their techniquecould be applied

to sentencesaswell). They considertwo textual units to be similar if they sharethe same

focus on a commonconcept,actor, object, or action, and if that commonactor or concept

eitherperformsor is thesubjectof thesameaction. This de�nition includesparaphrases,but

it includesothersortsof relationshipsaswell. Hatzivassliloglouetal. (1999)focusedon news

storiesaboutthesameevent,in which suchsimilar text unitsarelikely to arise;we're hoping

to detectparaphrasesin corporawherethey aremuchlesslikely to arise.

Sofar we haveshown thata machine-learningapproachcouldpotentiallybeusedto solve

theproblemof classifyingparaphrases.But we still havenotexplainedwhy it shouldbeused.

Our reasoningis basicallythis: while ideally, we'd like to simply look at the semanticsof

two textual units(in our case,clauses)anddecidewhetheror not they arethesame;however,

building semanticalformsof sentencesandrulesthatencodeworld knowledgeis verydif�cult.

Instead,we rely on syntacticandlexical cluesto decidewhetheror not onetextual unit is a

paraphraseof another. While somecluesmaybethesameacrosstheEnglishlanguage,others
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likely vary dependingupon the corpus,both due to different stylesof writing, and due to

differentcontexts. In addition, even if a clue doesexist acrossthe entire language,it may

be moreimportantwithin somecorporathanwithin others.Becausewe don't believe that it

is currentlypossibleto develop a systemthat can,out of the box, detectparaphrasesin any

corpus,we feel that it is bestto developa systemthatcanbeeasilytrainedto dealwith a new

situation.

This leadsusto our �nal point: simplicity. Machine-learningalgorithmsaremucheasierto

adaptto new situationsthanare�nely-tailored solutions.While thelattermaybepreferablein

somecases,whatwe'd like to seeis amachine-learningalgorithmcombinedwith a toolboxof

syntacticandlexical featureswhichcouldeasilybetrainedonnew corpora.Thishastheadded

bene�t of allowing peopleto easilyaddnew featuresto the toolbox(thereareany numberof

featureswe have not tried yet, someof which couldprove quiteuseful). Thereis, of course,

oneweaknessto our approach:becauseit' s a supervisedmethod,we needannotatedcorpora,

the productionof which canbe quite time consuming. This could potentiallybe overcome

usingan unsupervisedapproach,however becausesuchan approachwould requireus to de-

visea heuristicto generateexamples,we wereconcernedthat the resultingmodelwould not

accuratelyre�ect humanjudgmentaboutparaphrases.A supervisedmethodwould avoid this

problem.1

2.3 Machine learning and rar eclasses

2.3.1 What is a rar eclass?

A classis rarewhenthenumberof examplesof thatclassisproportionallyverysmallcompared

to thenumberof examplesof otherclassesin thetrainingandtestingdata.While it is dif�cult

to quantify this precisely, Joshi(2002)statesthat, while it' s possiblefor a classcoveringup

1However, anunsupervisedmethodmaywell beworth researchingin thefuture.
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to 35%of a trainingsetto beconsideredrare,a rareclassis generallyonethatcoversat most

10%of thetrainingexamples.Unlessweareconsideringtwo highly similarcorpora,it' s likely

thatparaphraseswill bea rareclassunderthisde�nition.

As we areconcernedonly with binary classi�cation—eithera pair of sentencescontains

clausesthatareparaphrasesof oneanother, or they do not—for furtherdiscussion,borrowing

from Joshi(2002),wewill useC to referto therareclass,andNC to referto its complement.

2.3.2 What makeslearning rar eclassesdif�cult?

Joshi(2002)lists threeissuesthatarisein thecontext of arareclassthatmakelearningdif�cult

(notethatwehavesimplyborrowedJoshi's termsfor theseproblems):

Low Separability Occasionally, oneencountersa casewherethedataarenoise-freeandthe

examplescanbe classi�ed usingonly oneor two attributes. In this case,thedatahave

a high degreeof separability, and only a very simple classi�cation model is needed.

Usually, however, the recordsof classC are distributed in small clustersthroughout

varioussubspacesof the attribute space.This makesit dif�cult to �nd a large cluster

containingrecordsof classC thatdoesnot alsocontaina numberof examplesof class

NC. This low degreeof separabilitymakesclassi�cationmoredif�cult, andthusamore

complicatedmodelis required.

Multi-modality of the classesRelatedto separabilityis thefact thatC and,in particular, NC

mayconsistof differentsubclasseswith differentcharacteristics.It maybeeasyto sep-

arateC from someof thosesubclasses,but very dif�cult to separateit from others.We

will seeanexampleof this laterin thechapter.

Rarity Therarity of theclassis itself aproblem.In particular, it' sverydif�cult to avoid over-

�tting the modelto C: sincethe setof recordsin C is so muchsmallerthanthe setof

recordsin NC, it' seasyto �nd a modelthat�ts thosefew positiveexamplesexactly, but
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thendoesn't generalizewell. Thus,it performswell on thetrainingdata,but not on the

testingdata.

2.4 Rule-basedmachinelearning

Onesetof commonly-usedmethodsin machinelearningfalls into a groupthat we will call

“rule-basedmachinelearning”.Givenasdataasetof recordsmadeupof attribute-valuepairs,

a rule is asetof conditionsthata recordmustmeetin orderto beplacedinto aparticularclass.

Eachrule canthusbedescribedasa conjunctionwithin propositionallogic (Mitchell, 1997).2

Ideally, then,themodelwould consistof a singlerule for eachclass.However, recall thatwe

earliermentionedthemulti-modalityof theclasses.This meansthat it' s likely thateachclass

will bemadeup of subclasses,eachwith its own signature—thatis, its own setof valuesthat

indicateits existence. In order to handlethis, the modelmust insteadbe a setof rules; if a

recordsatis�esany singlerule that indicatesit belongsto a particularclass,it is placedinto

that class. It is thosemachine-learningapproachesthat build astheir modelsdisjunctionsof

rulesthatwearereferringto asrule-basedmachine-learningalgorithms.

2.4.1 Why rule-based?

Themainreasonwefeelthatrule-basedmachinelearningshouldbeusedfor thistaskis that,as

mentionedby Mitchell (1997)andJoshi(2002),a rule-basedmethodis easilyinterpretableby

humans.Webelievethisto beparticularlyimportantin thedomainof paraphraseidenti�cation.

Humanbeingshavesomeintuition asto whatattributesarelikely to indicatetheoccurrenceof

paraphrases.Usingarule-basedapproach,they canseehow well their intuition �ts with what's

discoveredby themachinelearningalgorithm.This is advantageousfor severalreasons:�rst,

wearemorelikely tocatcherrorsin thesoftwareweusetoobtaintheattribute-valuepairs,since

sucherrorswill causesituationswheretheresultsdonotmatchourexpectations.For example,

2Therearealsomethodsfor learning�rst-order logic models,but we arenot concernedwith these.
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if we�nd thatthepresenceof matchingtrigramsbetweentwo sentencesindicatesthatthey are

not paraphrasesof oneanother, we know that we shouldtake a secondlook at our trigram-

matchingalgorithm.Second,in thecasewherethedifferencesarenot causedby anerror, we

maylearnsomethingnew abouttheproblem.Finally, becausewe canassociatea recordwith

the rule that classi�ed it, we canlook at falsepositivesanddiscover both whatattributesare

indicatingthattheseexamplesarepositive,and,by looking at thesentencesthemselves,what

additionalattributesmight allow usto distinguishbetweenfalseandtruepositives.Theseare

opportunitiesthatlesseasilyunderstoodclassi�cationmethodsmight notafford us.

A secondreasonfor focusingon rule-basedmachinelearningis that, comparedto some

otherapproaches,theparametersto thealgorithmarerelatively intuitive. Onehasa senseof

whatit meansto haveanupperboundonthelengthof a rule,or a lowerboundon its accuracy.

Comparethis with, for example,supportvectormachines,whereonehasto decidebetween

usinga radialor anexponentialkernelspace.It' s muchmoredif�cult to understandwhatthe

latter“means”in termsof theproblemoneis trying to solve.

2.4.2 Methods for rule-basedmachinelearning

While therearea numberof methodsfor building rule-basedmodels,the two mostcommon

areto build adecisiontree,in whichcaseeachpaththroughthetreecanbeconsidereda rule3,

or to attemptto discover therulesdirectly (Mitchell, 1997).We will referto theformerasthe

“decision-tree-construction”methodor approach,andthelatterasthe“rule-induction”method

or approach.We will describeboth of theseapproaches,will explain why a rule-induction

approachis bettersuitedto casesin which thetargetclassis rare,andwill thenexplain where

therule-inductionapproachfalls shortin suchcases.

3C4.5rulesactuallyexplicitly transformsthe treeinto rules,with consequencesthat will be describedlater.
Any decisiontreecanbeviewedasaconjunctionof disjunctiverules,however.
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Figure2.2: An exampleof adecisiontree,for theclassIS-AN-APPLE.

Decision-tree-constructionmethods

In orderto understanddecision-tree-constructionmethods,it is �rst helpful to understandhow

a decisiontreeis usedto classifya record.A decisiontreeis madeup of leaf nodes,eachof

whichhasaclassassociatedwith it, andinneror decisionnodes,eachof whichhasanattribute

associatedwith it. Therearebranchesfrom eachdecisionnodecorrespondingto thepossible

valuesof its associatedattribute.In orderto classifyarecord,onesimplystartsattherootnode,

andfor eachattributepicksthepaththatcorrespondsto thevalueof thatattributein therecord,

until onereachesaleafnode.Therecordis labeledwith theclassassociatedwith theleafnode.

Notethatanattributemayonly appearoncein a givenpath;to appearmorethanoncewould

simplyberedundant,astheattributevaluefor therecordhasalreadybeendetermined.4

An exampleof adecisiontreecanbeseenin Figure2.2.Thistreetriestodeterminewhether

a fruit is anappleby meansof threeattributes:color, peel, andshape. Color cantake on the

valueyellow, red, or green; peel cantake on the valuethick or thin; andshapecantake on

4Onereaderbroughtup thequestionof whetherthis would betrueif thetreewererequiredto bebinary. The
answeris aquali�ed yes:eachattributewould haveto bereplacedwith asetof attributesthattookbinaryvalues,
andeachof thesenew attributescouldonly appearoncein eachpath.
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the valueroundor football. Eachpaththroughthe tree is distinguishedby the valuesthese

attributestake on; the�nal nodein thepathdescribeswhetherthefruit is in thetargetclassor

not. This is, of course,a fairly silly example,but nevertheless,demonstrateshow a decision

treeworks.

Therearea numberof ef�cient decision-tree-constructionalgorithms,but they areall vari-

ationsof an algorithm that doesa top-down greedysearchthroughthe hypothesisspaceof

all possibledecisiontrees. Mitchell (1997),from whom we draw muchof this information,

statesthat thetwo algorithmsthatmostexemplify this approachareID3 (Quinlan,1986)and

its descendant,C4.5 (Quinlan,1993). Certainlythe latter is oneof the most,if not the most

widely-useddecision-tree-constructionalgorithms. In general,the algorithmoperatesasfol-

lows, beginning at the root nodeof a single-nodetree: The algorithmmustusesome�tness

measure,suchasinformationgain or gain ratio5, to decidewhat attribute bestseparatesthe

instancesby class.Thisattributeis thenusedasthetestfor thecurrentnode,abranchis created

for eachpossiblevalueof thatattribute,andat theendof eachbrancha new leaf nodeis cre-

ated.Theprocessis thenrepeatedfor eachof thesedescendantnodes,usingonly thosetraining

examplescoveredby theattributevalueassociatedwith thebranchleadingto thedescendant

nodeandonly thoseattributesnot alreadyselected.This continuesuntil eachpotentialpath

throughthetreeeitherhasonly oneclassassociatedwith it, or hasevery possibleattribute in

it.

Onething to noteis thatthealgorithm,asdescribedsofar, worksonly if theattributescan

only take on discretevalues. However, it is possiblefor decision-tree-constructionmethods

to handlecontinuousattributes. The idea is that insteadof using the valuesof the attribute

directly, the algorithmcreatesa new attribute Ac, which for eachrecordhasasits valuethe

truth valueof A � c, whereA is thecontinuousattribute,andc is somethreshold.To �nd this

threshold,the algorithmsortsthe training examplesby the valuesof A. Then,the algorithm

iteratively setsc to thehalfway point betweentwo adjacentexamples,andteststhis threshold

5We won't describethesemeasureshere,aswedon't usethemin our method.
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usinginformationgain.Whicheverc scoreshighestis usedasthethreshold(Mitchell, 1997).

Oneseriousweaknessof this approachis that it is proneto over-�tting. Two approaches

havebeentakento combatthisproblem:

1. stoppingthegrowth of thetreebeforeit over-�ts; or

2. allowing thetreeto over-�t, andthenpruningit.

Thelatterof thetwo approacheshasbeenshown to bemoreeffective (Mitchell, 1997),sowe

will examineit further.

One possibleimplementationof this approach,called reduced-error pruning (Quinlan,

1987),begins by splitting the training datainto a training setanda validationset. For each

decisionnode,themethodcreatesaprunedtreeby removing thesubtreerootedat thatdecision

node,making it a leaf node. It thenassignsthe most-frequently-appearingclassof training

examplescoveredby theprunednodeto thatnode. For example,if theprunednodecovered

5 examplesof classA, and7 examplesof classB, thentheprunednodewould belabeledwith

classB. If theprunedtreedoesnoworsethanthecurrenttree,it is used;otherwise,thecurrent

treeis kept.At any iterationtherecouldbeseveralpossibleprunedtreesthatdonoworsethan

thecurrenttree;in thiscase,themethodpickstheprunedtreethatmostincreasestheaccuracy

over the validationset. The ideabehindthis implementationis thatwhile the algorithmmay

befooledby noisein thetrainingset,thatsamenoiseis unlikely to bepresentin thevalidation

set.As Mitchell (1997)notes,this methodworkswell with largeamountsof trainingdata,but

will furtherreducealreadysmalltrainingsets.As we'redealingwith averyrareclass,splitting

the training datamight eliminatevital positive examples;it would be too easyto eliminate

a subclassof the target classby removing just a few examples.Thus,we caneliminatethis

approachfrom ourconsideration.

Another implementationis that usedin C4.5 (Quinlan,1993), called rule post-pruning.

Insteadof pruningthe decisiontree,Quinlan �rst converts the decisiontree into a conjunc-

tion of rules; aswe mentionedearlier, any decision-treemodelcanbe representedassucha
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conjunction;however, Quinlanmakesthis transformationexplicit. He doesso by creatinga

conjunctive rule for every paththroughthe tree. From eachrule, he removesany condition

whoseremoval doesnot reducethe accuracy of the rule set. As above, if there's morethan

onepossiblepruning,theonethatcausesthehighestincreasein accuracy is chosen.Oncethe

ruleshavebeenpruned,they aresortedby theirestimatedaccuracy, andarethenappliedin this

orderduringclassi�cation(Mitchell, 1997).

Therearetwo advantagesto thispruningmethod.First, transformingthedecisiontreeinto

aconjunctionof rulesallowsthealgorithmto take into considerationthecontext within which

a particulardecisionnodeis used. Within onepath,a decisionnodecould be vital, whereas

within anotherpath, the samedecisionnodecould be utterly irrelevant. Becausethe paths

areconvertedinto rules,the algorithmcanremove the nodewithin thecontext in which it is

irrelevant,while leaving it in thecontext in which it is vital. Reduced-errorpruningcouldonly

distinguishwhethera nodewasrelevantto thetreeasa whole,andcanonly decideto remove

it from all pathsthat go throughit, or from none. Second,by converting the pathsto rules,

thismethodremovesthedistinctionbetweendecisionsthatoccurneartheroot of thetree,and

thosethatoccurnearthe leavesof the tree. This hastwo consequences:while within a tree,

onewould almostnever remove a nodeneartheroot, becauseit hasa largeeffect on the tree

asawhole,within a ruleonemight removesuchanode,becauseit mayhave little or noeffect

within thecontext of that rule; andbookkeepingis mademucheasier, becauseoneno longer

hasto removeall thenodesbelow aremovednode.

Asidefrom pruningrulesinsteadof thedecisiontree,anotherdifferencebetweenrulepost-

pruningandreduced-errorpruningis the methodby which accuracy is estimated.Insteadof

usinga validationset,rule post-pruningusesthe training datawith a pessimisticestimateof

accuracy. It calculatesthe accuracy of a rule over the training examples,and the standard

deviation of thataccuracy, assuminga binomialdistribution. It thensubtractsthe latter from

the former. Becauseof this, for large datasets,the estimatedaccuracy will be closeto the

observedaccuracy; but, for smallerdatasets,theestimatedaccuracy will be further from the
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observedaccuracy. Thus,rulesthat cover only a few positive exampleswill have a very low

estimatedaccuracy and are more likely to be pruned. While normally this is preciselythe

behavior thatyou'd want—pruningrulesthatcoveronly a few exampleswith highaccuracy in

favor of rulesthatcover a numberof exampleswith somewhat lessaccuracy—in a casewith

rareclasses,any goodrule is likely to coveronly a few exampleswith highaccuracy. A model

with several low-coverage,high-accuracy rulesmight be preciselywhatwe'd want in sucha

case.

Thus, while rule post-pruningmight work, at leastin somesituations,it seemsthat we

might bebetterservedby modelingtherule setdirectly. With thatin mind, let's take a look at

rule induction.

Rule-induction methods

As mentionedpreviously, both decision-tree-constructionmethodsand rule-inductionmeth-

ods build modelswhich can be describedby a set of conjunctive rules. A decision-tree-

constructionmethoddoessoby searchingthehypothesisspaceof decisiontrees.In contrast,a

rule-inductionmethoddoessoby directlysearchingthehypothesisspaceof setsof conjunctive

rules(Mitchell, 1997).

Therearetwo methodsfor rule induction:speci�c-to-general,andgeneral-to-speci�c.The

formerisn't tractablefor high-dimensiondatasets,andsomostalgorithmsusethelatter(Agar-

wal andJoshi,2000). The mostcommonmethodfor general-to-speci�crule induction is a

methodcalledsequentialcovering(Agarwal andJoshi,2000;Mitchell, 1997),which we will

now describe.

Borrowing from Mitchell (1997),we will �rst describea subroutinecalledLEARN-ONE-

RULE. This subroutineacceptsa setof positiveandnegative trainingexamples,andoutputsa

rule that coversmany of thepositive exampleswhile covering few of thenegative examples.

This rule musthave high accuracy—mostof theexamplesit coversmustbepositive—but not

necessarilyhighcoverage—itis allowedto coveronly asmallnumberof examples.
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Onepossibleimplementationof LEARN-ONE-RULE, againtakenfrom Mitchell (1997),is

asfollows: begin with a trivial rule thatclassi�esall examplesaspositive. At eachiteration,

try all of thepossibleattribute tests,andpick whichever onemostimprovestheperformance

measureover thetrainingdata.Repeatthis until therule hasreachedanacceptablyhigh level

of accuracy. Notethatthis is a greedygeneral-to-speci�csearchthroughthespaceof possible

conjunctive rules. Thereis no backtracking,so it is possiblethata suboptimalchoicewill be

madeduringthesearch.Most rule-inductionmethodsusesomevariationof thisapproach.

Sequentialcovering is the methodby which the hypothesisspaceis searched.It works

asfollows: �rst, the training setis fed into LEARN-ONE-RULE, which returnsa singlehigh-

accuracy rule. Next, theexamplescoveredby this rule areremovedfrom thetrainingset,and

the new training set is againfed into LEARN-ONE-RULE. This processis repeateduntil the

modelhasachieveda satisfactoryoverall accuracy, or until thereremainno positiveexamples

not coveredby anexisting rule. This is oneof themostwidespreadapproachesto learninga

setof rules(Mitchell, 1997).

Sowhy is arule-inductionapproachsuperiortoadecision-tree-constructionapproach?One

mightexpect,givenMitchell'sstatementthatdecisiontreesmaybemoreeffectivewhendatais

scarce,thatadecision-tree-constructionmethodwouldbeabetterapproach.However, asJoshi

(2002)pointsout, a decision-tree-constructionmethodis evaluatedby how well it separates

the two classes,the target classandthe non-target class. This is �ne if the signaturefor the

targetclassis verypure,but this is oftennot thecasefor rareclasses.Rule-inductionmethods,

on theotherhand,areableto simply focusin on the targetclass.This givesus theability to

control the recall andprecisionof the algorithmin a way that is not possiblewith decision-

tree-constructionapproaches.This is particularlyimportantin thecaseof rareclasses.

Rareclassesare still hard

While sequentialcovering is a betterapproachto building a model to classify rare classes

thanconstructinga decisiontree, it is still far from ideal. Joshi(2002)citestwo signi�cant
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problemswith this approach.The �rst is a fairly well-known problemcalledthe problemof

smalldisjuncts(Holteetal., 1989).

A small disjunctis onethat correctlyclassi�esonly a few trainingcases.They aremuch

moreerror-pronethanlarge disjuncts(Holte et al., 1989). However, they collectively cover

a signi�cant percentageof examples,andthuscannotsimply be ignored(Weiss,1995). This

is particularly true when dealingwith rareclasses,whereeven a few missedexamplescan

leadto a far lower recall for a particularclass.Unfortunately, becausetherearefew positive

training examples,a rareclasstendsto engendersmall disjuncts—becausetherearen't that

many examplesto begin with, a rule targetinga rareclassprobablywill correctlyclassifyonly

a few trainingcases,evenif it is highly accurate.For example,if thereareonly 10 recordsin

classA, out of perhapsa total of 1000records,a ruleR whichpredictsA andcovers4 of those

examplesandno otherexamplesis highly accurateandcoversa signi�cant percentageof the

examplesof classA, but is still a smalldisjunct. To make mattersworse,sequentialcovering

removessomeof thosealready-few examplesateachiteration(Weiss,1995;Joshi,2002).

Weshouldtakeamomentto distinguishbetweenerrorsin amodel,anderrorsin adisjunct.

In bothcases,anerror is a misclassi�edrecord.However, while in a modelthis refersto both

falsepositivesandfalsenegatives,in adisjunctit refersonly to falsepositives.This is because

a disjunctclaimsonly that if a recordsatis�esit, thatrecordwill be in theclassit predicts.It

makesno claimaboutrecordsthatdo notsatisfyit.

Weiss(1995)givesseveralreasonswhy smalldisjunctsareproneto errors:

Bias Inductivebias is thepolicy by which a machinelearningalgorithmgeneralizesbeyond

the trainingexamplesit is given(Mitchell, 1997). Holte et al. (1989)found thatbiases

thatwork well for largedisjunctsdo not work well for smalldisjuncts.In particular, the

“maximumgenerality”bias,which statesthatanalgorithmshould�nd themaximally-

generaldisjunctthatmatchesa particularsetof trainingexamplesandno others,works

very poorly for small disjuncts. Holte insteadsuggestsa “selective speci�city” bias,

which,afterdecidingto createadisjunctthatmatchesasetof examples,would thende-
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cidewhatsortof biasto useto pick betweenpossibledisjunctsmatchingtheseexamples.

Unlike theotherfour problems,which wementionbelow, biasis notaprobleminherent

to datacontainingrareclasses,but insteadis a consequenceof usingmethodsdesigned

to learnmodelsthatclassifyfrequently-occurringclassesto attemptto learnmodelsthat

classifyrareclasses.

Attrib ute noise Attributenoisechangesthevaluesof the attributesof the records.This can

have differenteffects,dependingon whetherit is introducedinto the testingsetor the

trainingset.If it is introducedinto thetestingset,it cancauserecordsto bemisclassi�ed.

With rareclasses,evena few suchmisclassi�cationscanhavea largeeffecton theaccu-

racy of themodel. Worse,if it' s introducedinto thetrainingset,it cancausethewrong

model to be learned. This is particularlyproblematicwhendealingwith rareclasses;

sincethereareonly a small numberof examplesof a rareclassin the �rst place,even

a few suchtransformationscancausethetargetclassto beoverwhelmed.For example,

imaginetherearetwo classes,M andN, whichdiffer on a singlebinaryattribute:M has

thevalue0 for attributeA, andN hasthevalue1. If the two classesareapproximately

thesamesize,thena bit of attributenoisechangesthingsvery little. However, imagine

thatexamplesof classN occurover onehundredtimesmorefrequentlythanexamples

of classM. Even if just a small percentageof the N exampleshave their valuefor A

transformedinto 0 by noise,therecouldwell endup beingmoreN-classexampleswith

thatvaluethanM-classexamples.In sucha case,a machinelearningalgorithmwould

learnto classifyexampleswith M's signatureasN. Generalizationcanexacerbatethis

problem,sincethey oftenwork by removing thedistinctionbetweentwo signaturesand

thenclassifyingbothaswhichever classoccursmorefrequentlyin therecordswith the

now-indistinguishablesignatures.While we do not have to dealwith noisebeingintro-

ducedinto oursystem,theattributesweusearenoisyby thenatureof ourdata;thus,this

will beaproblemfor us.
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Missing attrib utes Whenan attribute is missing,two recordsthat would normally be easily

placedinto two differentclassesmay insteadappearto be the same. If this happens

duringtesting,thesystemwill have to guesssomehow. If it happensduringtraining,the

modelwill learnto classifysuchrecordsby whichever classappearsmorefrequently;

in the casewherethe target classis rare, this likely will be the non-target class. We

encounterthis in our latentsemanticindexing measure:someof thetextualunitscontain

no indexing terms,andthuscannotbecomparedto othertextualunits.We'll discussthis

furtherwhenwedescribeourexperiments.

Classnoise Classnoisecausesa recordto bemislabeled.Theproblemsin this situationare

similar to thosecausedby attribute noise. In our particularcase,this could ariseif an

annotatormissedaparaphrase.

Training setsize Weiss(1995)states:

Trainingsetsizealsohasanimpacton learning.Rarecaseswill haveahigher

error rate than commoncasessincethey are lesslikely to be found in the

trainingset.Thesmalldisjunctswill tendto bemoreerrorpronebecausethey

cover fewercorrectcasesthanlargedisjuncts.

We areuncertainasto why Weissbelievesthis will necessarilycausesmalldisjunctsto

bemoreerror-prone(althoughonereadersuggestedbias).However, we'd liketo addthat

thiscertainlymakesthemodelcontainingthesmalldisjunctsmoreerror-prone.Because

smalldisjunctscoveronly afew positiveexamples,if therearea lot of positiveexamples

in thepopulationthataren't in your sample(or if you stopthelearningalgorithmearly,

althoughthis is not a concernin our case),it' s far morelikely thattherewill bepositive

examplesin thetestingsetthatarenot coveredby any of thesmalldisjuncts.This leads

to a highererror ratein a modelwith small disjunctsthanin onewith large disjuncts.

Therecouldevenbepositiveexamplesthatappearin thetestingdatathatdo not have a
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similarsignatureto anythingin thetrainingdata,and,becausetheclassis rare,justafew

suchexampleswould leadto a dramaticallyhighererrorrate.

Thesecondpotentialproblemis identi�ed by Agarwal andJoshi(2000)andJoshi(2002)

asthe problemof splintered positives. This problemariseswhenthe signaturefor the target

classis a compositeof attributesthat indicatethe presenceof the target class,andattributes

that indicatetheabsenceof thenon-targetclass.Sincewe're dealingwith paraphrasesin this

thesis,let usconsideranexamplein thatdomain: imaginethatwe have a numberof pairsof

sentences,mostof which have nothingto do with oneanother. On theotherhand,a few pairs

of sentenceswill look like this:

a. Theelephantsittingon thedockwasvery large.

b. Theelephantsittingon thedockwashuge.

It wouldthusseemthatahighlexicalsimilaritybetweenapairof sentenceswouldbeagood

indicationof the presenceof our target class.However, rememberthatearlierwe mentioned

themulti-modalityof classes.Althoughpairsof unrelatedsentencesmake up a largesubclass

of the non-target class,therealso could be a subclassthat containspairs of sentenceswith

oppositemeanings.Thissubclassmight containsuchpairsas:

a. Thehorseranpastthebarnwasvery large.

b. Thehorseranpastthebarnwasverysmall.

Like the�rst pair, thispairwouldhaveaveryhigh lexical similarity. However, clearlyit is not

a paraphrase.Instead,we needsomeotherattribute,suchasthe presenceof an antonym, to

indicatethepresenceof thenon-targetclass.

We shouldemphasizethat theproblemis not thatanalgorithmusingsequentialcovering

couldn't createa model that accountedfor the presenceof suchan attribute; the problemis

with how it would do so. Becauseof its high accuracy constraints,a sequentialcovering

approachwould re�ne its currentrule, addinganotherconjunctive conditionto it (in thecase



CHAPTER 2. BACKGROUND 18

of our example,it might re�ne therule “HIGHLEXICALSIMILARITY �

� PARAPHRASE” to

“HIGHLEXICALSIMILARITY ��� ANTONYM �

� PARAPHRASE” ). However, if thecurrent

rule didn't cover very many negative examples,the algorithmmight not correctly learn the

signatureof thenon-targetclass—theadditionalconditionmightonly applyto thefew negative

examplescoveredby the rule, insteadof to the non-target classasa whole—andagainwe'd

endupwith generalizationerror(Joshi,2002).

For prevalent classes,thesetwo problemsare not very likely to arise. During its early

iterations,thealgorithmis likely to discover rulesthatcover largenumbersof positive exam-

ples,which meansthat theproblemof smalldisjunctswill only arisein later iterations,when

less-signi�cantrulesarediscovered;thesecansimply be dropped. In addition,becausethe

early-discoveredruleswould cover many positiveexamples,theruleswhich hadto bere�ned

to accountfor thepresenceof anon-targetclasswouldcovera largenumberof negativeexam-

plesaswell; if they did not, their accuracy would behigh enoughthat they would not needto

bere�ned. Thustheproblemdescribedin thepreviousparagraphwouldbeavoided.

However, for rareclasses,it is incredibly likely that both problemswill occur. For one

thing,therearen't verymany positiveexamplesto begin with, sotheproblemof smalldisjuncts

will pop up very early, even in the mostsigni�cant rules. For another, the signaturesof rare

classestendto be very impure,andbecauseof the high accuracy constraints,the sequential

coveringmethodis likely to createa large numberof very detailedrulesthat cover very few

examples.

Becausein mostsituationsparaphraseswill berarephenomena,sequential-coveringrule-

inductionmachine-learningalgorithmsare not very useful to us. Fortunately, Agarwal and

Joshihavedevelopeda rule-inductionmachine-learningalgorithmcalledPNrule(Joshi,2002;

Agarwal andJoshi,2000;Joshietal.,2001)meantspeci�cally to modelcaseswherethetarget

classis rare. Althoughthey hadin mind moresystems-orientedusessuchasdatamining for

network-intrusiondetection(Joshietal., 2001),webelievePNrulecouldbeequallyusefulfor

caseswithin computationallinguisticswhereoneis trying to modelrarephenomena,suchas
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paraphrases.WedescribePNrulebelow.

2.5 PNrule

PNruleusestwo innovationsto dealwith theproblemof modelingrareclasses:two-phaserule

induction,anda scoringmechanism.Two-phaserule inductiontakesthe placeof sequential

covering asthe methodby which the model is built, while the scoringmechanismis a post-

processingstepthat addsadditional�e xibility to the model. We will discussboth of these

innovations,beginningwith two-phaserule induction.

2.5.1 Two-phaserule induction

Agarwal andJoshi'shypothesisis thatsequential-coveringalgorithmshavetheproblemsmen-

tionedabove becausethey attemptto achieve bothhigh recallandhigh precisionat thesame

time. While this works well when the target classis prevalent, it doesnot work aswell in

situationswherethetargetclassis rare,for thereasonsmentionedpreviously. Their solutionis

to modeltheclassin two stages:in the�rst stage,they attemptto obtainhighrecall,andin the

second,they attemptto obtainhighprecision(Joshi,2002).

In ordertounderstandthesestages,it' simportanttounderstandtwoconcepts:rule-accuracy

andsupport. Let ussaywe have a rule R. A rule, asmentionedabove,hasa setof conditions

onsomesetof attributes.If theattributesof aparticularrecordmeettheconditionsof thatrule,

thenwe cansaythat the recordsatis�esthoseconditions.Eachrule predictsthat the records

thatsatisfyits conditionswill beof a particularclass.Now, let therebesometrainingsetT,

let S � T bethesetof recordsthatsatisfyR'sconditions,andlet S��� Sbethesetof recordsin

Sthatarefrom theclassthatR is trying to predict. Thenthesupportof R is � S� , andtherule-

accuracy of R is � S������� S� . In otherwords,supportis thenumberof recordsthata rule covers,

whereasrule-accuracy is thepercentageof therecordscoveredby therule'sconditionsthatare

in theclassthattherulepredicts(Joshi,2002).
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Now thatwe've de�ned thesetwo terms,we canexplain thetwo stages.The�rst stageis

calledtheP-stage,andtherulesdiscoveredwithin it arecalledP-rules.In someways,it works

muchthesameway assequentialcovering: at eachiteration,a rule is formed,andtherecords

coveredby thatrulearethenremovedfrom consideration.However, insteadof simplyusinga

high-accuracy constraint,P-rulesarediscoveredusinga�tness functionthatbalancesaccuracy

with support. This leavesus with more falsepositives(and thus lower accuracy) than in a

sequential-covering algorithm,but without rulesthat cover only a tiny numberof examples.

Theideais thatin thisstage,thealgorithmshouldmaximizerecallat theexpenseof precision,

up to acertainpoint.

Thesecondstageis calledtheN-stage,andtherulesdiscoveredwithin it arecalledN-rules.

Thisstageoperatesontheunionof thesetsof recordscoveredby theP-rules.Thepointof this

stageis to learnrulesthatwill removesomeof thefalsepositivesfrom thelaststage;thatis, the

N-rulespredicttheabsenceof thetargetclass.Theproblemis thattheserulescanalsoremove

true positives;Agarwal andJoshicall this introducingfalsenegatives(Joshi,2002;Agarwal

andJoshi,2000). Aside from the fact that the training dataarenow the recordscoveredby

the P-rules,andthat the target classis now in effect the non-target class,the N-stageworks

basicallythe sameway the P-stagedid. The idea is that in this stage,the algorithmshould

attemptto maximizeprecision.

Eachstagecanbethoughtof asanouterandinnerloop. Theinnerloop �nds thebestrule

it can,accordingto someevaluationmeasureandinputparameters.Theouterloop looksat the

rule producedby the inner loop, and,againaccordingto certainparameters,decideswhether

or not to addit to thesetof rulesin themodel. Eachof thefour loopshasits own criteria for

stopping.We'll referto theinnerloopas“re�ning rules”,andtheouteras“addingrules.”

Re�ning rules

First we shoulddescribewhat, precisely, a rule looks like in PNrule. PNruleallows for two

typesof attributes:categoricalandcontinuous.GivenacategoricalattributeAcat andavaluev,
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PNruleallows for two conditions:Acat � v andAcat �

� v. For a continuousattributeAcont and

two values,vl andvr, wherevl � vr, PNruleallowsfor threeconditions:Acont �

vl, Acont � vr,

andvl � Acont � vr. A rule is aconjunctionof theseconditions.

The re�nement stepworks much like the function LEARN-ONE-RULE describedin the

sectiononrule-inductionmethods:it is feda trainingsetof examples,andreturnsthebestrule

it can�nd accordingto someevaluationmetric. In boththeP-stageandtheN-stage,re�nement

worksthesameway, with theexceptionof thestoppingconditions.Beginningwith theempty

rule,at eachiterationthealgorithmcreatesa setof potentialre�nementsby, for eachpossible

condition,conjoiningthecurrentbestruleto thatcondition.Eachof thesepotentialre�nements

is scoredby theevaluationmetric,andthenthealgorithmdecideswhetherto replacethecurrent

bestrulewith thebestof there�nementsaccordingto certaincriteria,whichwediscussbelow.

Any evaluationmetric will be calculatedusing the training data. However, in order to

improve the reliability of the evaluationmetric, the training datacanbe split randomlyinto

two sets—inthis case,the metric is calculatedon eachof the sets,andthe minimum of the

two valuesis used.Thecriterionfor whetheror not this happensrelieson theinput parameter

MinCExamplesToSplit. If thenumberof targetclassexamplesin theoriginal trainingsetis

greaterthanthis parameter, themetric is calculatedin this fashion.Theideais that if therule

really doesdo a goodjob of discriminatingbetweenthe classes,it shoulddo so in any large

sampleof the data,andthat thus,testingon two randomsetsof the datawill help avoid the

problemof �tting to noise.If therearenotenoughtargetclassexamplesin theoriginal training

set,theevaluationmetricis simplycalculatedoverall of thetrainingdata.

For eachstage,therearedifferentcriteriafor acceptingthere�ned rule. Thesealsofunction

asstoppingcriteria: oncea potentialre�nement is not accepted,the algorithmstopslooking

for new re�nementsandreturnsthecurrentbestrule. Thestoppingcriteriaaredeterminedby

parametersinputby theuser.

For the P-stage,the relevant input parameteris MinSupFractionP, which is somevalue

between0 and1, inclusive. To understandhow this stageworks,let uslook atFigure2.3. The
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Figure2.3: Rulere�nementduringtheP-stage

algorithmbegins with the emptyrule. It createsa setof potentialre�nementsand�nds the

bestone,asdescribedabove. It thenchecksto seewhetherthe re�ned rule hashigh-enough

support—therule musthave a supportvalueof at leastMinSupFractionP � ntc, wherentc is

thenumberof trainingexamplesthatarein thetargetclass.If thesupportis not high enough,

the potentialre�nement is rejected,andthe algorithmstopsre�ning the rule. Otherwise,the

algorithmchecksto seewhetherthere�ned rule is higherscoring,accordingto theevaluation

metric,thanthecurrentbestrule. If it is not, there�ned rule is rejected,andre�nementstops.

Otherwise,there�ned rulebecomesthecurrentbestrule,andtheprocessbeginsagain.

For theN-stage,therelevantinput parameteris MinRecallN.6 Figure2.4 is anillustration

of rule-re�nementin thisstage.As wecanseefrom theillustration,it is verysimilarto therule-

re�nementprocessin theP-stage.To seethedifference,look at thediamondjust beneaththe

stepwherethebestre�nementis found.In Figure2.3,thiswasthepointatwhichthealgorithm

6Thisparameteris not listedin Joshi(2002).However, thedescriptionof theN-stagein Joshi(2002)suggests
thatthis parameteris necessary.
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Figure2.4: Rulere�nementduringtheN-stage

checked to seewhetherthesupportof the re�ned rule washigh enough;if this criterionwas

not met, the re�nementwasrejected,while if it wasmet, the algorithmthenchecked to see

if the re�ned rule washigherscoringthanthe currentbestrule. In this stage,the algorithm

checksto seewhetherthemodelincluding the re�ned rule hasa high-enoughrecall—higher

thanMinRecallN. If this criterion is met, then,like in theP-stage,the algorithmgoeson to

seewhetherthe re�ned rule is higherscoringthanthecurrentbestrule. However, if it is not

met,there�nementis accepted, and,settingthecurrentbestruleto there�ned rule,theprocess

startsagain.

To understandthis difference,rememberthatanexamplecoveredby anN-rule is not cov-

eredby themodel.If therecallof themodeldropstoo low in theN-stage,it meansthecurrent

N-rule coverstoo many positiveexamples.Themoreconditionsoneaddsto a rule, thefewer

examplesthatrulewill cover. Thus,by re�ning anN-rule,thealgorithmcanincreasetherecall

of themodel.
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Figure2.5: Addingnew P-rules

Adding rules

Likerule-re�nement,thisprocessis virtually identicalfor theP-stageandtheN-stage,but with

differentstoppingconditions.Startingwith no rules,at eachiterationa new rule is obtained

from the re�nement function. Dependingon the stage,differentinput parametersdetermine

whetherthenew rule is addedto themodel,or whetherthecurrentstageshouldend.As with

sequentialcovering,whenevera rule is addedto themodel,all recordscoveredby thatruleare

removedfrom thetrainingset.

For theP-stage,therearetworelevantinputparameters:MinCoveragePandMinAccuracyP.

Theprocessis illustratedin Figure2.5. Thealgorithmbeginswith anemptyrule set,and,us-

ing therule-re�nementfunction,�nds thehighest-scoringpotentialrule. It �rst checksto see
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Figure2.6: AddingN-rules

whetherthecurrentsetof rulescoverat leastMinCoveragePexamples.If they do not, it adds

thepotentialrule to therule setandgoeson to �nd thenext best-scoringpotentialrule. This

allows the userto choosethe minimum recall for the P-stage.If the rulesdo cover at least

MinCoveragePexamples,the algorithmchecksto seewhetherthe accuracy of the potential

rule is greaterthanMinAccuracyP. If it is, it addsthepotentialrule to therule set,andgoes

on to �nd thenext best-scoringpotentialrule. If it doesnot, it stopsaddingrulesto thesetand

exits theP-stage.Thus,in thisstage,thealgorithmaddsP-rulesuntil aminimumrecallis met,

andthenonly addsfurtherP-rulesif they meetaparticularaccuracy constraint.

For theN-stage,there'sonly oneinputparameter:MaximumLengthIncr ease7. As canbe

seenin Figure2.6,theprocessof addingN-rulesis very similar to thatof addingP-rules.The

differenceis that insteadof having two conditionswhich could leadto a potentialrule being

addedto theset,thereis only onecondition:wouldtheadditionof thepotentialN-rule increase

theminimumdescriptionlengthof themodelby morethanMaximumLengthIncr ease? If it

7Again, this parameterwasnot listedin Joshi(2002),but seemednecessaryto thealgorithm.
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would not, the potentialrule is addedto the rule set. Otherwise,the algorithmstopsadding

rules to the setandexits the N-stage. The minimum descriptionlengthof the model is the

numberof bits it would take to encodethe model,plus the numberof bits it would take to

encodetheerrorsmadeby themodel. Using this asa stoppingcriterionallows thealgorithm

to tradeoff betweenthe modelcomplexity andthe numberof errors. A high valuefor this

parametermeansthatthealgorithmis allowedto adda lot of complexity in orderto remove a

smallnumberof errors;a low valuemeansthealgorithmcanonly addcomplexity if in doing

soit removesa largenumberof errors.Notethattoohighavaluewould leadto over-�tting.

Evaluation metric

As mentionedabove, rule re�nementin bothstagesrelieson someevaluationmetric to deter-

mine whethera re�nement is an improvementover a currentrule or not. Accordingto Joshi

(2002), this metric shouldcapturethreethings: the ability of a rule to distinguishmembers

of the target classfrom thoserecordsnot in the target class,the supportof that rule, andthe

accuracy of thatrule. Naturally, a rule with high supportandhigh accuracy shouldbegivena

high scoreby themetric. Joshi(2002)notesthat thereareseveralpossiblemetrics,including

Gini index, informationgain,gain-ratio,andchi-squarestatistics.However, theonethatAgar-

wal andJoshide�ne, andthatwe implement,is calledZ-number, andis basedon thez-testin

statistics.

Let therebe somerule R, with accuracy aR andsupportsR. Let S be the currenttraining

data(which, asmentionedearlier, changeover eachiteration)andlet S� � Sbetheexamples

in S that are in the target class. ThenaC �

�

S�

�

�

S
� would be the meanof the target classwere

it normally distributedandcenteredat the rateachievedby randomguessing.Sincethis is a

binaryproblem,sC ��� aC �

1 � aC �

givesusthestandarddeviation of thetargetclass.Using

this, theZ-numberis:

ZR ���

sR �

aR � aC �

sC

Therearetwo thingsgoingon in thismeasure.First, it' smeasuringthenumberof standard
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deviations the meanof the rule is away from the meanof the target class. A large positive

Z-numberindicatesthattherulepredictsthepresenceof thetargetclasswith high con�dence,

while a largenegativeZ-numberindicatestherulepredictstheabsenceof thetargetclasswith

high con�dence. Second,the Z-numberis weightedby thesquareroot of the rule's support.

Thisgivespreferenceto ruleswith highsupport,andalsoallowsfor theaccuracy/supporttrade-

off mentionedearlierin this thesis.

2.5.2 Scoringmechanism

The secondimportantinnovation in PNrule is the scoringmechanism.Without the scoring

mechanism,the modelwould simply predict that a recordis in the target classif it satis�es

theconditionsof someP-rulewhile satisfyingnoneof theN-rule conditions.However, recall

thattheN-rulesweretrainedon theunionof theexamplescoveredby theP-rules.Thus,while

we have a goodsenseof theeffect anN-rule hason theoverall numberof falsepositives,we

do not have any senseon how well it works towardsremoving thefalsepositivescausedby a

particularP-rule.Let'sassumewehaveaP-ruleandtwo N-rules.OneN-ruledoesanexcellent

job of removing the typesof falsepositivestheP-rulecauses;theotherdoesnot. It standsto

reasonthata recordthat is coveredby theconditionsof theP-ruleandthe �rst N-rule is less

likely to be in thetargetclassthanonethat is coveredby theconditionsof theP-ruleandthe

secondN-rule.

Furthermore,it' spossiblethatfor a particularP-rule,aparticularN-rule introducesa large

numberof falsenegatives.If onecouldgivesuchaP-rule/N-rulecombinationa low score,one

couldrecover thosefalsenegatives.

Thus,Agarwal andJoshidevelopa scoringmechanismthatestimatesthe posteriorprob-

ability of a recordbelongingto the target classgiven the particularP-ruleandthe particular

N-rule it satis�estheconditionsof, andassignsa scoreto eachrecordaccordingly. Thealgo-

rithm thendeterminesa thresholdth, wherea recordis in the targetclassif its scoreis � th,

thatmaximizestheF1 score.
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Figure2.7: Assignmentof accuracy scoresto P-rule/N-rulecombinations.

In orderto understandthescoringmechanism,it' s bestto think of theoriginal modelasa

forestof trees,with eachtreecorrespondingto a P-rule. Thesetreesareorderedin thesame

ordertheP-ruleswereoriginally discovered,from mostto leastsigni�cant. Givenarecord,we

attemptto applyeachP-ruleto it in order. If noneof theP-ruleconditionscanbesuccessfully

matched,thentherecorddoesnot belongto thetargetclass.

Let's assumethereexists a P-rulefor which the conditionscanbe, however, andlook at

thecorrespondingtree,illustratedin Figure2.7. This �gure requiresa bit of explanation.The

root of the treeis labeledwith theaccuracy of theP-rulebeforeany N-rulesareapplied,and

with thenumberof positiveandnegativeexamplesit covers.Like theP-rules,theN-rulesare

orderedfrom mostto leastsigni�cant. Thecirclenodesrepresenttheaccuracy of theexamples

that have not hadtheir classi�cationsdetermined:they arecoveredby the conditionsof the

currentP-rule,but it is unknown whetherantheconditionsof anN-rule will alsocover some

of them. Thesquarenodesrepresentthescoresassignedto examplesthatarecoveredby the

conditionsof a particularP-rule/N-rulecombination,or, in thecaseof thebottomright-most
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node,theconditionsof a P-ruleandnot of any N-rule. We usetwo differentshapesfor these

nodesto highlight the fact that the valuesin the inner nodesrepresentthe accuracy of the

recordscoveredby thatnode,while thevaluesin the leaf nodesrepresentthescoresassigned

to thoseleaf nodes;we will explain the distinctionfurtherbelow. The squarenodesarealso

labeledwith anN-ruleandthenumberof positiveandnegativeexamplesthattheconditionsof

boththeP-ruleandtheN-rulecover.

Our eventualgoal is to assigna score,within therangeof � 0 � 1� , to eachof the leaf nodes.

This scorere�ects themodel's con�dencethat therecordthat reachesthatnodeis within the

target class. In orderto calculatethis con�dencemeasure,we �rst have to �nd the accuracy

at eachof the inner nodes. In order to understandhow this is done,it is importantto �rst

understandwhathappensaswe descendthetree.We canthink of eachlevel of thetreeasthe

applicationof a particularN-rule. We begin with all of therecordscoveredby theP-rule.We

applyeachN-rule in turn, removing someof therecords,while othersremain. In Figure2.7,

theremovedrecordsendup in theleft branchesof thetree,while thosethat remainendup in

theright.

Thus,welabeltherootnodewith theinitial accuracy of theP-rule, � S��� ��� S� —in otherwords,

thenumberof truepositivescoveredby theconditionsof theP-ruleoverthenumberof records

coveredby the conditionsof the P-rule. Every time an N-rule is applied,someof the false

positivesareremoved, alongwith someof the true positives. This changesthe accuracy of

the setof recordsthat remaincovered—werecordthis accuracy in the right-branchingchild

nodeof thecurrentinnernode.Wesimplyrepeatthisprocessuntil all of theN-ruleshavebeen

applied.

In order to assigna scoreto eachof the leaf nodes,we want to take into accountthe

accuracy, not of all the N-rules, but insteadof only thoseN-rules that are signi�cant with

regard to thecurrentP-rule. In orderto determinesigni�cance,we usetwo input parameters,

MinSupportScore andMinZ (for the examplein Figure2.7, MinSupportScore is setto 3,

andMinZ is setto 2). If anN-rule passesthesetwo criteria,we useits accuracy asthescore
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for the leaf node. This is what occursfor both N2 andN4 in Figure2.7. If it doesnot pass

thesetwo criteria,weusetheaccuracy of its parentinnernode.

The ideabehindMinSupportScore is fairly simple. Basically, in orderfor an N-rule to

causea signi�cant differencein theaccuracy of a P-rule,its conditionsmustcover somemin-

imum numberof records.For instance,in mostcases,anN-rule whoseconditionscovereda

singlerecordwould not make muchdifferenceoneway or theotherin theaccuracy of theP-

rule. This minimumnumberis setthroughMinSupportScore. We canseethis in Figure2.7:

N1 coversonenegativeexampleandno positiveexamples,andthushasa supportof 1, which

is lessthantheMinSupportScore of 3. Thus,insteadof usingits own accuracy, which would

be0,asthescore,weusetheaccuracy of its parent,whichis 0 � 6. In additionto thisparameter's

effectson individual leaf nodes,if at any point thesupportof oneof theinnernodesdropsbe-

low 2 � MinSupportScore, all leafnodesbelow it areassignedtheaccuracy of its parentnode.

Thishelpsto preventthescoringmechanismfrom �tting to noise.

The useof the secondparameter, MinZ , is a little morecomplicated.In orderto under-

standit, we have to introducea slightly differentversionof theZ-number:Zn �

�

nP �

aN �

aP �

sP
.

aN is theaccuracy of thecurrentN-rule, aP is theaccuracy of its parentdecisionnode,nP is

thesupportof its parentnode,ands p ��� aP �

1 � aP �

is thestandarddeviation of therecords

coveredby theparentnode.If theabsolutevalueof theleafnode'sZ-numberis at leastMinZ ,

thenit is signi�cant with regardto the currentP-rule,andthus its accuracy shouldbe used.

For an examplewherethe Z-numberis too low, however, look at N3 in Figure2.7. It cov-

ers3 positive examplesand1 negative example,so its supportis high enoughto satisfythe

MinSupportScore requirement.However, its accuracy is 0 � 75,which is fairly closeto its par-

ent node's accuracy of approximately0 � 734. In fact, its Z-numberis
�

15
�

0 � 75
�

0 � 734
�

�

0 � 734
�

1
�

0 � 734
�

� 0 � 14,

considerablylessthantheMinZ requirementof 2.

Now thatwe have takena look atexampleswheretheN-ruledoesnotmeetoneof thetwo

requirements,let us look at an examplewhereboth of the requirementsaremet: that of N2.

N2 covers1 positive and3 negative examples,which givesit a supportof 4, so it passesthe
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MinSupportScore requirement.Its Z-numberis
�

19
�

0 � 25
�

0 � 63
�

�

0 � 63
�

1
�

0 � 63
�

�

� 3 � 43,theabsolutevalueof

which is higher thanour MinZ requirementof 2. Thus,N2 is assignedthe accuracy of the

examplesit covers.

We shouldalsotake a momentto clarify a point that may be confusing: for a nodecor-

respondingto an N-rule, we arehopingthat the accuracy will be low—after all, accuracy is

basedon theratio of thenumberof positiveexamplescoveredby therule to thetotal number

of recordscoveredby therule, andfor N-ruleswe want theformer to be low. Thus,we want

a large,negative Z-numberhere;it meansthat theaccuracy of theN-rule nodeis muchlower

thanthat of its parentnode. The low scorethat the nodewill thenbe accordedre�ects the

low con�dencethat themodelhasthat the recordscoveredby thatnodewill be in the target

class. This is alsowhy, if an N-rule fails the MinSupportScore or MinZ test,the accuracy

of its parentis taken; if the N-rule isn't signi�cant with regardto a speci�c P-rule,a record

coveredby theconditionsof thatP-ruleis aslikely to be in the targetclasswhencoveredby

theconditionsof thatN-ruleasit is whennotcovered.

However, thereis no guaranteethat the accuracy of a P-rule/N-rulecombinationwill be

very low. While every N-rule shoulddo a reasonablejob of removing falsepositivesfrom the

recordscoveredby the union of all P-rules,for a particularP-rule,a particularN-rule may

not only fail to remove many falsepositives,but insteadmay remove mostly true positives.

This could leadto a situationwhereif a recordis coveredby the conditionsof a speci�c P-

rule/N-rule combination,it will have a higher chanceof being in the target classthan if it

werecoveredby the conditionsof the P-rulealone! This is why we careaboutthe absolute

valueof the Z-number. While we arehopingfor a large, negative Z-number, it is important

to recognizeinstanceswherewe �nd a large,positiveZ-number, too. For anexampleof such

a situation, look at N4 in Figure 2.7. While underthe union of all P-rulesN4 must have

covereda numberof negative examples,underthis particularP-rule it coversnone;instead,

it covers4 positive examples,giving it a supportof 4—higherthanthe requirement—andan

accuracy of 1 � 0, higherthanthatof its parent(approximately0 � 727).This givesit a Z-number
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of
�

11
�

1 � 0
�

0 � 727
�

�

0 � 727
�

1
�

0 � 727
�

� 2 � 03, higherthantheMinZ requirement.While the �nal resultof this—

rulescoveredby N4'sconditionsendupwith a higherscorethanthosecoveredby thoseof no

N-rules—seemscontraryto theexpectedbehavior of P-rulesandN-rules,it' s clearfrom this

examplethatit' s importantto recordthesescoresnonetheless.

Onedetailthat's beenleft out sofar, bothin theexplanationandin theexample,is thatwe

don't actuallyusetheaccuracy measurementionedabove,but insteadadjustit usingadd-one

smoothing,giving us an accuracy measureof
�

S�

� �

1
�

S
� �

2 . In orderto illustratewhy, let's imagine

thereare two rules,R1 andR2, both with perfectaccuracy. However, R1 covers5 records,

while R2 covers100 records.Clearly, our modelshouldbe morecon�dent of the latter than

the former. Without add-onesmoothing,both ruleswould geta scoreof 1, but with add-one

smoothing,the former getsa scoreof approximately0 � 857,while the secondgetsa scoreof

around0 � 99. In addition,if atany point thepre-smoothingaccuracy of aninnernodeis perfect,

all of theleaf nodesbelow it aregiventhesameaccuracy asit. Thereasonfor this is obvious:

if theP-ruleat thatpoint is perfect,applyingany furtherN-ruleswould leadto a worse,or at

bestthesame,result.

The resultingscoring mechanismconsistsof the thresholdth mentionedabove, and a

ScoreMatrix,which representsthe leaf nodesof the treesmentionedpreviously. Let P �

�

P0 � � � � � P�

P
��� be the set of all P-rules,and let N �

�

N0 � � � � � N �

N
��� be the set of all N-rules.

Thenentry
�

i � j
�

in theScoreMatrixholdsthescoreassignedto thecombinationof rulesPi and

Nj . Entry
�

i � � N �

�

holdsthescoreassignedto rulePi whenno N-ruleapplies.

Classi�cation

At this point we havea setof P-rules,
�

P0 � � � � � Pi �

, a setof N-rules,
�

N0 � � � � � Nj �

, theScoreMa-

trix, anda thresholdth thatmaximizesF1. Wewill explain, in brief, how arecordis classi�ed.

First, rememberthat theP-rulesandtheN-rulesareorderedin termsof their signi�cance.

Thatis,P0 is abetterpredictorthanP1, whichis abetterpredictorthanP2, andsoforth. Givena

record,we �rst try to applyeachP-rule,in order, to therecord.If therecordfails to satisfyany
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of theP-rules,it' sclassi�edasnotbeingin thetargetclass.If it doesmatchoneof theP-rules,

Pi , the algorithmthenchecksto seeif it satis�esany of the N-rules. If it satis�esoneof the

N-rules,Nj , it' s assignedtheproperscorefrom theScoreMatrix,at entry
�

i � j
�

. If it doesnot

satisfyany of theN-rules,it is assignedthescoreatentry
�

i � � N ��� 1
�

in theScoreMatrix.Either

way, its scoreis thencomparedto thethresholdth. If its scoreis at leastth, thentherecordis

classi�edasbeingin thetargetclass;otherwise,it is classi�edasbeingin thenon-targetclass.

What if the target classisn't rar e?

Joshi(2002), Agarwal andJoshi(2000), andJoshiet al. (2001)have shown that PNrule is

competitive with otherapproachesin thenormalclassi�cationcase.Thus,if for somereason

paraphraseswerenot rarein thecorporawewereusing,we'd losenothingby usingPNrule.



Chapter 3

RelatedWork

In this section,we review severalsystems,bothsupervisedandunsupervised,thatdetectpara-

phrasesaspart of their operation. Most of them(Shinyamaet al. (2002),Barzilay andLee

(2003),Quirk et al. (2004))do so in order to discover rules for rewriting text units; oneof

them(Barzilay andElhadad(2003))detectsthemas its main function. We also review the

PASCAL RecognizingTextual EntailmentChallenge;asparaphrasingis a typeof entailment,

thesystemssubmittedto this challengearealsoworth reviewing.

3.1 Shinyama,Sekine,and Sudo2002

Shinyamaetal. developedamethodto automaticallybuild paraphrasesfor aparticulardomain

usingnews articlesfrom that domain. Their ideawasthat if two news articlesdescribedthe

sameevent, thenif a sentencefrom onearticle hadthe samenamedentitiesasa sentencein

theotherarticle,oneof thosesentenceswaslikely to bea paraphraseof theother. They were

lookingatnewsarticleswritten in Japanese.

Theiralgorithmworkedasfollows.They usedtwo newspapers.First,they usedastochastic

information-retrieval systemdevelopedby Murataet al. (1999)to �nd articlesfor a particular

domainwritten for a single newspaper. Then, they took the top 300 relevant articles,and

tried to �nd articlesaboutthesameeventin anothernewspaper. They did so,for eachrelevant

34
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article,by �nding thesimilaritybetweenit andeveryarticleavailablefromtheothernewspaper.

Thenthey took thearticlewith thehighestsimilarity, assumingits similarity passeda certain

threshold,andpairedit with therelevantarticle.

To obtainthis similarity value,they �rst taggedthenamedentitiesin eacharticle,usinga

simpletaggerthat taggedany word not found in a dictionaryof commonnouns. They then

usedasimilarity measuredevelopedby Papkaetal. (1999)for thepurposeof Topic Detection

andTracking:

Sa �

a1 � a2 �

� cos
�

W1 � W2 �

Wi
k � TFk �

wi ���

IDF
�

wi �

TFk �

wi �

�

fk �

wi �

fk �

wi �

� 0 � 5 � 1 � 5
�

length
�

k
�

avgdl

IDF
�

wi �

�

log
�

C
�

0 � 5
d f

�

wi �

�

log
�

C � 1
�

W1 andW2 arevectorscontainingelementsWi
1 andWi

2, for articlesa1 anda2 respectively. Each

wi representsa namedentity. fk �

wi �

is thenumberof timeswi appearsin articleak. d f
�

wi �

is

thenumberof articleswi appearsin at leastonce.length
�

ak �

is thelengthof articleak, avgdl

is theaveragedocumentlength,andC is thenumberof articles.

Oncethey hadthe article pairs, they ran an IE patternacquisitionsystem,developedby

SudoandSekine(2001),on eachof thearticles.This systemperformednamedentity tagging

anddependency analysis.This gave it a dependency tree,which it thenpickedpathsfrom to

createIE patterns.Shinyamaet al. usedthepatternsthatarecreatedmorethanonce,andthat

containedat leastonenamedentity. An exampleof four IE patternscanbeseenin Figure3.1.

Next, they looked at eachpair of articlesandagaintaggedthe namedentities,this time

using a statisticaltaggingsystemdevelopedby Uchimotoet al. (2000). They then applied

a morphologicalanalyzer, Juman(KurohashiandNagao,1999),anda dependency analyzer,

KNP (KurohashiandNagao,1994),to eachof thesentences.This outputa setof dependency

trees,with thenamedentitiestagged.They thenappliedtheIE patternstoeachof thesentences,
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Figure3.1: An exampleof four IE patterns,obtainedfrom asinglesentence.Thisexamplewas

takenfrom Shinyamaetal. (2002).

droppingthesentencesif therewasno match,and�lling thevariablesof thematchingpattern

with theappropriatenamedentitiesif therewasamatch.

Now that they hadpairsof similar articles,the authorswantedto �nd thosesentencesin

onearticlethatweresimilar to sentencesin theotherarticle.Again, they basedtheir similarity

measureon namedentities,penalizingfrequentlyoccurringonesusingt f � id f . This time,

however, insteadof looking for exact matches,they looked for comparable namedentities.

Whenlooking at thesimilarity betweenarticles,it makessenseto useexactmatchesbetween

namedentities,asit' shighly likely thatthesameentitywill benamedin thesamewayat least

oncein botharticles.However, this is not thecasewith sentences:it' shighly likely thatevenif

thesameentity is named,it will not benamedin thesamemanner. For instance,onesentence

mayreferto a “Mr . Suzuki,” while anothersentencemayreferto thesamepersonas“Wataru

Suzuki.” Theauthorsde�nedtwo namedentitiesascomparableif oneentitybeganwith atleast

half of thebeginningstring of the other(this makessensein Japanese,wherelast namesare

printedbeforeany �rst names,titles, etc.—ina Japanesearticle,our two sentenceswould've
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Figure3.2: An exampleof paraphraseextraction,takenfrom Shinyamaetal. (2002).

referredto thesamepersonas“Suzuki-san”and“Suzuki Wataru”). Givena sentences1 from

articlea1, andasentences2 from articlea2, their sentencesimilarity measurewasasfollows:

Ss �

s1 � s2 �

� cos
�

W1 � W2 �

Wi
k � TFk �

wi � �

IDFk �

wi �

TFk �

wi �

� fk �

wi �

IDFk �

wi �

� log
�

Ck

d fk �

wi �

�

W1 andW2 arevectorscontainingelementsWi
1 andWi

2, for sentencess1 ands2, respectively. wi

is, again,a namedentity. fk �

wi �

is thenumberof namedentitiescomparableto wi thatappear

in sentencesk. d fk �

wi �

is thenumberof sentencesin articleak thatcontainat leastonenamed

entity thatis comparableto wi . Ck is thenumberof namedentitiesin articleak.

The authorspicked aspairsany two sentenceswith similarity above a certainthreshold.

Recallthateachsentencehadat leastoneIE patternassociatedwith it. If a patternassociated

with onesentencehadthesamenumberof comparablenamedentitiesasa patternassociated

with the other sentence,the two patternswere linked as paraphrases.An exampleof this

processcanbefoundin Figure3.2.

In order to test their algorithm, the authorsusedone year's worth of articlesfrom two
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Japanesepapers,Mainichi andNikkei. They lookedat two domains:arrestevents,which they

de�ned asarticlesaboutarrestingrobberysuspects,andpersonnelaffairs,which they de�ned

as articlesaboutthe hiring and �ring of executives. They managedto obtain 294 pairs of

articlesin the arresteventsdomain,and289 in the personnelaffairs domain. They thenran

thepatternacquisitionsystem,andobtained725patternsin thearresteventsdomainand157

in the personnelaffairs domain. Using thesepatterns,they obtained53 arrest-events-domain

paraphrasepairsand83personnel-affairs-domainpairs.

In orderto evaluatetheprecisionandcoverageof theirmethod,theauthors�rst split theIE

patternsinto clusters.Eachclustercontainedpatternsthatdescribedthesameeventandthat

capturedthe sameinformation. If a clustercontainedonly a singlepattern,that patternwas

dropped.This left theauthorswith 393patternsin 111clustersfor thearresteventsdomain,

and129patternsin 20clustersfor thepersonnelaffairsdomain.Recallthatat thispoint,some

of thepatternshadbeenpairedwith others,andwereconsideredparaphrasesof oneanother. In

orderto determineprecision,apairingwasconsideredcorrectif bothpatternswerein thesame

cluster. For thearresteventsdomain,thiswastruefor 26outof the53pairs,giving aprecision

of 49%.For personnelaffairs,it wastruefor 78outof 83pairs,whichgaveaprecisionof 94%.

In order to determinecoverage,the authors�rst representedeachof theseclustersas a

graph,with thepatternsasnodesandtheir pairingsasedges.Ideally, eachgraphshouldhave

beenconnected;thereshouldhave beena path betweenany two nodesin the cluster. The

authorswereableto getanestimationof coverageby lookingatthenumberof edgesnecessary

to make thegraphsconnected.They de�ned L � å n
i � 1 �

si � 1
�

astheadditionallinks necessary

to make the graphsconnected,wheresi is the numberof connectedcomponentsin clusteri.

Let pi bethenumberof patternsin a clusteri. ThenM � å n
i � 1 �

pi � 1
�

is thetotal numberof

necessaryedgesto make eachclustera completegraph.Theauthorsthusde�ned coverageas

C � 1 �

L
M . For thearresteventsdomain,theauthorsneededto add230new edgesto obtain

thenecessary252edgesto makeeachclusteracompletegraph,whichgavethemacoverageof

9%. For thepersonneldomain,theauthorsneeded57new edgesto obtaina totalof 109edges,
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Figure3.3: Exampleof paraphrasepatternsobtainedby Shinyamaet al. (2002),taken from

thatpaper.

whichgave themacoverageof 47%.

3.2 Barzilay and Lee2003

Barzilay and Lee developeda methodto extract automaticallyparaphrasepatternsfrom an

unannotatedcorpus,and then to usethosepatternsto createnew paraphrases.Speci�cally,
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they lookedat sentence-level paraphrases,which,asthey state,cannotbeconstructedby sim-

ply combininglexical paraphrases.As with Shinyamaetal., they werelookingatnewsarticles

aboutthesameevent,althoughthey drew their articlesfrom two newswireagenciesinsteadof

two newspapers.They claimthattheirmethodallowedthemto extractparaphrasesthatbearlit-

tle surfaceresemblanceto oneanother. In addition,theirmethodallowedthemto acquiresome

paraphrasesfrom eachindividual corpus,althoughtheseparaphraseshadto beverysimilar in

structure.

The �rst stepin their algorithmwasto clusterthe sentencesin the corpora. They began

by preprocessingthe sentences,replacingall dates,propernames,andnumberswith generic

tokens.Next, they did ahierarchicalcomplete-linkclustering,usingasimilarity measurebased

on thewordn-gramoverlapof thesentences.Theideawasthatwithin a cluster, thesentences

shoulddescribesimilar eventsandshouldhavesimilar structures.

The next stepwas to inducepatternsthat could be usedto build paraphrases.First, the

authorscreatedawordlatticeby usingiterativepairwisealignmentonthesentences.Thereis a

methodknown aspairwisemultiple-sequencealignmentthattakestwo sentencesandascoring

functionthatgivesasimilarity measurebetweentwo words,anddeterminesthehighestscoring

way to transformonesentenceinto theother, usinginsertions,deletions,andtransformations.

Iterative pairwisealignmentis an extensionof this methodto multiple sentences.Figure3.4

containsanexampleof aword lattice.

Eachpaththrougha word lattice correspondsto a sentence.Thus,usingthis lattice, the

authorscould createas many sentencesas the lattice had pathsthroughit, including some

sentencesthat they hadnot necessarilyseenbefore.For example,look at Figure3.4. Two of

thepathsthroughthis latticemightcorrespondto sentencesfoundin thecorpus,for instance:

a. A suicidebomberblew himselfup in thecoastalresortof NAME onDATE killing

NUM otherpeopleaswell ashimselfandwoundingNUM more.

b. A Palestiniansuicidebomberblew himself up in a gardencafeon DATE killing

himselfandinjuring NUM people.
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Figure3.4: An exampleof a a word latticeobtainedusingpairwisemultiple-sequencealign-

ment,andthesamelatticeafterpartsof it havebeenreplacedby slots.Thisexamplewastaken

from BarzilayandLee(2003).

By following partsof eachof thesetwo paths,we canget a sentencesuchas: A Palestinian

suicidebomberblew himselfup in a gardencafe on DATE killing NUM peopleas well as

himselfandinjuring NUM more.

However, therewasstill no way to usethis lattice to paraphrasea sentencethatcontained

wordsnot in the lattice,even if thestructureandmeaningof thesentencewascloseto those

of thesentencesrepresentedby thelattice. Theauthorsneededsomeway to determinewhich

wordswerenot vital to the structureof the lattice, but were insteadinstancesof arguments.

Theauthorshypothesizedthatareasof largevariability within thelatticecorrespondedto argu-

ments,andshouldbereplacedwith slots, whichcouldbe�lled by any instanceof anargument.

In orderto identify whatpartsof the latticeoughtto bereplacedby slots,theauthors�rst

identi�ed thosenodesthatwereclearlynot arbitrary. They calledthesebackbonenodes, and

de�ned themasthosenodessharedby at least50% of the sentencesfrom which the lattice

wasinduced.If oneof thebackbonenodescontainedoneof thegenericmarkersthey usedto

replacepropernames,dates,andnumbers,it wasreplacedwith aslot.

Now thatthey hadidenti�ed thebackbonenodes,theauthorswantedto distinguishbetween

variationscausedby synonyms,andthosecausedby arguments.They wantedto preservethose

partsof thelatticecausedby theformer, while replacingthosecausedby thelatterwith slots.

To achieve this, they tuneda thresholds (in this case,it wastunedto 30): if lessthans% of
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the edgesout of a backbonenodeled to the samenode,a slot nodewas insertedafter that

backbonenode.Also, any nodethathadlessthans edgesleadinginto it wasdropped,under

theassumptionthatit wasprobablyanidiosyncrasy.

At this point, the authorspairedthe latticesby comparingtheslot valuesof cross-corpus

sentencepairsthatappearedin articleswrittenon thesametopicon thesameday. Thelattices

were pairedif the degreeof matchingwas over a tunedthreshold. The similarity measure

wasbasedon word overlap.It gave doubleweightto propernamesandnumbers,andignored

auxiliaries.

Given a sentence,the authorswould �rst �nd the lattice to which the sentencewasbest

aligned. First, “insert” nodeswere addedbetweenbackbonenodes;thesecould matchany

word sequence,which allowed the systemto handlepreviously unseenwords. Then, they

performedmultiple-sequencealignmentwhereinsertionswerescoredas � 0 � 1 andall other

nodeassignmentswerescoredas1. After this wasaccomplished,theauthorscouldgenerate

paraphrasesby �lling in theslotsof thebest-aligninglattice'spairwith theargumentsfrom the

sentence.Thisgaveasmany paraphrasesastherewerepathsthroughthepairedlattice.

In orderto evaluatetheir algorithm,the authorsusedarticleswritten betweenSeptember

2000andAugust2002from AgentFrance-PresseandReuters.Usinga document-clustering

system,they collected9MB of articleson actsof violencein Israelandarmyraidson Pales-

tinian territory. Of thesearticles,120wereheldout for parametertraining.

Thealgorithmextracted43 slottedlatticesfrom theAFP corpus,and32 from Reuters.It

found25 cross-corpusmatchingpairsof lattices.A paththrougha latticecanbeconsidereda

paraphrasetemplate: it consistsof backbonenodesandnodeswhereargumentscanbeplaced.

Sinceeachlatticecontainsmultiplepaths,the25 latticepairsyieldeda total of 6,534template

pairs. Thesetemplateswerejudgedby four native speakersof Englishwho wereunfamiliar

with thesystem.Givena pair of templates,the judgesweretold to markthemasparaphrases

if, for many instantiationsof the variables,the resultingtext units wereparaphrasesof one

another. Theauthorsrandomlyextracted250templatepairs.50 of thosepairswereevaluated
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Table3.1: Two examplesentencesandgeneratedparaphrasestaken from Barzilay andLee

(2003). Baselinewasachieved by simply replacingwords with randomly-chosenWordNet

synonyms. Thejudgesfelt thattheMSA algorithmpreservedmeaningfor example1, but not

2, andthatthebaselinedid notpreservemeaningin eithercase.

by all 4 judges;theother200weresplit into 4 groupsof 50 pairs,andeachjudgewasgivena

differentgroupof 50. TheKappascoreon the50 commonpairswas0.54. Eachjudgegave a

differentvalidity score:68%,74%,76%,and96%.

Theauthorsalsoevaluatedthequalityof theresultingparaphrases.They randomlyselected

20AFParticlesaboutviolencein theMiddle East.Outof the484sentencescontainedin these

articles, they found they were able to paraphrase59 (12.2%)of them. The authorsnoted

that onceproper-namesweresubstitutedback in, only seven of the paraphrasablesentences

werefoundin thetrainingset,which indicatesthatgeneralizationdid occur. Interestingly, the

authorsfoundthatthey weremorelikely to �nd paraphrasablesentencesin shorterarticles,as

longerarticlesweremore likely to containuniqueinformation. This time, two judgeswere

usedto evaluatethequality of theparaphrasepairs. They hada Kappascoreof 0.6,with one

judgeevaluating81.4%of thepairsascorrect,andtheother78%.

3.3 Barzilay and Elhadad 2003

Like us,BarzilayandElhadadwantedto identify pairsof sentencesthatcontainclausescon-

veying thesameinformation.In orderto doso,they developedamethodof sentencealignment

for monolingualcomparablecorpora.Sentencealignmentworksby �rst computingthe local
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Figure3.5: While both of thesesentencepairshave the samesimilarity value, the �rst pair

areparaphrasesof oneanother, while the secondpair arenot. This examplewastaken from

BarzilayandElhadad(2003).

similarity for eachsentence,andthen�nding anoverall sequenceof mappedsentences,using

the local similarity of thesentencesaswell asotherattributes.To illustratewhy a local simi-

larity valuealoneis notsuf�cient, BarzilayandElhadad(2003)givetheexamplein Figure3.5.

Despitethefactthatbothpairsof sentenceshavethesamenumberof matchingwordpairs,the

�rst pair areparaphrasesof oneanother, while thesecondpair arenot.

Traditionally, sentencealignmenthasbeenusedon parallelmultilingual corpora.In such

corpora,thereareminimal insertionsanddeletions,andthe informationappearsin roughly

thesameorderin thetwo texts. In contrast,comparablecorporatendto containa lot of noise.

Theremaybeagreatdealof informationappearingin onetext thatdoesnotappearin theother,

andthereis no guaranteeasto whatorderthat informationwill appearin. Thus,the authors

had to develop a new methodof sentencealignment,speci�cally designedfor monolingual

comparablecorpora.

Theauthorsbasedtheir approachon a theorycalledDomainCommunicationKnowledge.

This theorystatesthatwithin a particulardomainandgenre,texts draw from a limited setof

topics.Texts alsohave a topicalstructure:roughlyspeaking,thesentenceswithin a particular

paragraphwill tendto beonthesametopic. Thus,onecanlook at thecontext of two sentences

to helpdeterminewhetheror not they shouldbealigned.If two sentencesappearwithin con-

texts that fall within thesametopic, they aremorelikely to bealignedthanif they fall within
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unrelatedtopics.

With this in mind,the�rst thingtheauthorshadto dowas�nd somewayto decidewhether

a paragraphin onecorpusfell within thesametopic asa paragraphin theothercorpus.They

decidedto usea two-stepprocess:�rst, they placedtheparagraphsof eachcorpusinto topic

clusters;then, informedby theseclusters,they found a mappingbetweenthe paragraphsof

onecorpusandthoseof theother. To accomplishthe�rst step,they beganby replacingproper

names,dates,andnumberswith generictags. This wasimportant,becausethey weretrying

to clusterby the type of informationprovided,not by the subjectof that information. Next,

they did a hierarchicalcomplete-linkclusteringof theparagraphs,usingthecosinesimilarity

measurebasedon thematchingof contentwords.This gave themtheir topic clustersfor each

corpus.

For the purposesof training, they consideredtwo paragraphsto map to one anotherif

they containedat leastonealignedsentencepair. To mapthe paragraphs,the authorsuseda

supervisedapproach.For their trainingset,they usedasetof manuallyalignedtext pairsfrom

thecorpora.They thenusedBoosTexter (SingerandSchapire,1998),iterating200 times,to

train a modelto classifytwo paragraphs,P andQ asmappingor not mappingbasedon their

lexical similarity (again,cosinesimilarity basedonwordoverlap),theclusternumberof P, and

the clusternumberof Q. An exampleof two paragraphsthat mappedto oneanothercanbe

seenin Figure3.6.

Giventhis model,sentencealignmentworkedasfollows: giventwo texts, sentenceswith

high lexical similarity (
�

� 5) werealigned.Then,for eachparagraph,theclusterit wasclosest

to wasfound. Eachparagraphin onetext wasmappedto theothertext'sparagraphsusingthe

classi�cationschemementionedabove. Within eachpairof mappedparagraphs,dynamicpro-

grammingwasthenusedto computelocal alignments.The ideawasthatgiventwo sentence

pairswith moderatelexical similarity, whetheror not they shouldbe alignedcould be deter-

minedby lookingatwhetherthey werenearto othersentencepairswith highlexical similarity.
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Figure3.6: An exampleof two paragraphsthat mappedto oneanother, taken from Barzilay

andElhadad(2003).
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The skip penaltywasusedto stoponly thosesentencepairswith high similarity from being

aligned.Unfortunately, this weightmeasureappearsto bea recursionwithout ahaltingcondi-

tion; however, wehaveprintedit exactlyasit appearsin BarzilayandElhadad(2003).

In order to evaluatetheir method,Barzilay et al. usedascorporathe EncyclopediaBri-

tannicaandthe BritannicaElementary. They picked 103 pairsof city descriptions,held out
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Figure3.7: An exampleof two alignmentsfound by this method,taken from Barzilay and

Elhadad(2003).The�rst alignmentis incorrect,while thesecondis correct.

11 for testing,usedthe other92 for vertical clusteringinto 20 clusters,andthenof those92

pairs,used9 for training. They hadeachpair in thetrainingandtestingsetannotatedby two

annotators.Thesentencesin eachpair wereconsideredto bealignedif they bothcontainedat

leastoneclausethatexpressedthesameinformation.Many-to-many alignmentswereallowed.

Oncethetwo annotatorswere�nished, a third annotatorjudgedany contestedpairs.320pairs

werealignedin thetrainingset,out of a total of 4192sentencepairs,and281werealignedin

thetestingset,outof a total of 3884pairs.

By varying the mismatchpenaltyfrom 0 to 0.45,andusinga skip penaltyof 0.001,the

authorswereableto get a rangeof recall from 25%to 65%. At 55.8%recall, they obtained

76.9%precision.

One point we'd like to addressis Barzilay and Elhadad's (2003) criticism of Hatzivas-

siloglouetal. (2001).Likeus,Hatzivassiloglouetal. (2001)useamachine-learningalgorithm

with variouslexical features,althoughthey useit to �nd similar text passages(wheresimilarity

includes,but is not limited to, paraphrasing)insteadof clause-level paraphrases.Barzilayand

Elhadadclaimthattheir results,andthefactthatHatzivassiloglouetal.'ssystem,SIMFINDER,

doesnot performaswell on thesametestdata,provesthat it is betterto useanapproachwith

asimplelocalsimilarity combinedwith asimpleglobalsimilarity, insteadof anapproachwith

a setof complex lexical featuresanda machine-learningalgorithm. Therearetwo problems

with this conclusion:�rst, SIMFINDER wastrainedon newsarticles,notencyclopediaentries,
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soit' s hardlysurprisingthatit wouldn't performaswell on thetestdata;second,Barzilayand

Elhadadareableto obtain55.8%recalland57.9%precisionontheir testdataby doingnothing

morethanseeingif thecosinesimilarity of two sentencesis overaparticularthreshold.While

thisdoesnotdismisstheir results—they obtainaprecisionof 76.9%at thesamelevel of recall

using their system—wedo questionwhetherit' s fair to dismissmorecomplicatedmethods

basedonresultsusingacorpuswheresuchanincrediblysimplemethodworkssowell.

3.4 Quirk, Brockett, and Dolan 2004

Quirk et al. (2004) tried to infer rules for the generationof phrasal-level paraphrasesfrom

comparablecorpora. Insteadof attemptingto extract patternslike Shinyamaet al. (2002)or

BarzilayandLee(2003),they treatedparaphrasingasastatisticalmachinetranslationproblem.

Speci�cally, they usedthe noisy channelmodeldevelopedby Brown et al. (1993). Given a

sentenceSto beparaphrased,they wantedto �nd:

T � � argmax
T

�

Pr
�

T � S
�

�

� argmax
T

�

Pr
�

S� T
�

Pr
�

T
�

�

whereT
�

is theoptimalparaphraseof S, T is a sentencein thesamelanguageasS, Pr
�

S� T
�

is

thechannelmodel,andPr
�

T
�

is thetargetlanguagemodel.

Like Shinyamaet al. (2002)andBarzilayandLee(2003),Quirk et al.'s corpuswasdrawn

from newsarticlesonthesameevent.However, insteadof drawing thearticlesfrom two news-

papers,they usedonline news gatherers,suchasYahooNews and GoogleNews, to locate

clustersof articlesfrom a varietyof newspaperson thesameevent. Usinga HiddenMarkov

Model to distinguishbetweenarticlecontentandvarioustypesof noisesuchasads,they col-

lectedtheseclustersover a periodof abouteight months,eventuallygathering11,162in all,

containinga total of 117,095articles,with anaverageof 15.8articlespercluster.

In orderto �nd pairsof sentencescontainingpotentialparaphrasesof oneanother, they �rst
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setall of thewordsin thesentencesto lowercase,andthenfoundtheLevenshteineditdistance1

betweeneachpair of sentenceswithin a cluster. They rejectedduplicatepairs,pairsthatwere

identicalor differedonly in punctuation,pairswith signi�cantly different lengths,andpairs

wheretheedit distancewasgreaterthan12� 0. Thisgave thema total of 139,000non-identical

pairs.

At this point, they alignedthe wordsof eachpair of sentencesusingGIZA++ (Och and

Ney, 2000), which is a free implementationof IBM Models 1–5 (Brown et al., 1993) and

HMM alignment(Vogelet al., 1996). In machinetranslation,onewould align the target text

to thesourcetext. However, in orderto capturemany-to-many alignmentsbetweensentences,

the authorsboth alignedthe target text to the sourcetext, andalignedthe sourcetext to the

targettext. They thenheuristicallyrecombinedtheunidirectionalwordalignmentsinto asingle

bidirectionalalignment.

Next, they adapteda phrasaldecoderpatternedafter thatof Vogelet al. (1996)to identify

what they refer to as phrasal replacements. The decoderworked as follows: think of two

sentences,SandT, whereS is thesourcesentenceandT is thetargetsentence,assequences

of wordss1 � � � � � sm andt1 � � � � � tn, respectively. Thena word alignmentA of S andT canbe

expressedasa function from eachtokenof SandT to a uniquecept(Brown et al., 1993). A

cept is a minimal mappingbetweenwordsandtheir positionsin onesentenceto wordsand

their positionsin theother, wherethetwo setsof wordsreferto thesameconcept.In orderto

understandwhatwemeanby “minimal”, let's look at two sentences:

a. Fourhumanssaw thelargecat.

b. Fourpeoplesaw thetiger.

In this case,(four(1)� four(1)) and (humans(2)� people(2))would both be cepts,but (four(1)

humans(2)� four(1)people(2))wouldnotbe.This is not to saythateachcomponentof thecept

1The Levenshteinedit distancebetweentwo stringsis the numberof insertions,deletions,andsubstitutions
requiredto transformonestringinto theother. For furtherexplanation,seehttp://www.merriampark.com/ld.htm.
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canonlyconsistof asingleword: (large(5)cat(6)� tiger(5))wouldalsobeaceptin thissentence,

since“largecat” and“tiger” areboththeminimalrepresentationsof thesameconceptualentity.

Notethat it is possiblefor oneword to bein multiple cepts,aswell asfor a word to be in no

cepts.

For a given sentencepair
�

S� T
�

andword alignmentA, the authorsde�ne a phrasepair

asthesubsetof theceptsin which both the tokensof Sandthoseof T arecontiguous.They

collectedthesepairs,excludingthosewith greaterthan5 ceptsfor computationalreasons,into

a replacementdatabase.It is thesepairsthattheauthorsreferto asphrasalreplacements.

The authorsthenassigneda probability to eachphrasalreplacementusingIBM Model 1

(Brown et al., 1993). They �rst gatheredlexical translationprobabilitiesPr
�

s � t
�

by running5

iterationsof theexpectation-maximizationalgorithmof IBM Model 1 on the trainingcorpus.

Then,they assignedprobabilityasfollows:

Pr
�

S� T
�

� å
A

Pr
�

S� A � T
�

� Õ
t � T

å
s� S

Pr
�

s � t
�

Pr
�

S� T
�

is referredto by theauthorsasthereplacementmodel. For thetargetlanguagemodel,

Pr
�

T
�

, theauthorsusedatrigrammodelusinginterpolatedKneser-Ney smoothing(Kneserand

Ney, 1995)trainedover1.4million sentences.

In orderto generateparaphrases,theauthors�rst preprocessedthesentences:thetext was

lowercasedandtokenized,anda few typesof namedentitieswereidenti�ed usingregularex-

pressions.Theauthorsthenusedstatisticalphrase-baseddecoding.Givenasentence,they �rst

constructeda latticeof all possibleparaphrasesbasedon thephrasaltranslationdatabase.The

latticehadasetof � S� � 1vertices,with edgeslabeledwith sequencesof wordsandprobabilities

drawn from thedatabase.Theideawasthatanedgee betweena vertex vi andv j represented

thechancethatthewordssi � 1 � � � � � sj would bereplacedwith thesequenceof wordslabeling

ewith theprobabilityassociatedwith it. Theauthorsalsoaddedanidentitymappingfrom Sto

T, by, for eachsi , addinganedgefrom vi
�

1 to vi labeledwith si anda uniform probabilityu.
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Figure3.8: An exampleof a translationlattice,without theassignedprobabilities,takenfrom

Quirk etal. (2004).

This hastwo effects: it allowedthemethodto handleunseenwords,by simply keepingthose

words,and,if u wassetto ahighvalue,it encouragedconservativeparaphrases.

Oncethis hadbeenaccomplished,the optimal paraphrasecould be found by �nding the

optimalpaththroughthe lattice,scoredby theproductof thereplacementmodelandthe lan-

guagemodel. This wasaccomplishedusing the Viterbi algorithm. Finally, therewassome

post-processingdoneon theparaphrase,which restorednamedentitiesandcasing.

Theauthorsnotedthatasthis modelreliedon simply replacinga sequenceof wordswith

anothersequenceof words, it could not handleintra-phrasalreordering. Thus, it could not

capture,for instance,active-passive alternation. However, it wasable to capturesynonymy

(e.g., injured/wounded), phrasalreplacements(e.g.,Bushadministration/WhiteHouse), and

intra-phrasalre-orderings(e.g.,margin of error/error margin).

Quirk et al. evaluatedtwo things: �rst, how well GIZA++ did word alignmentbetween

sentencepairs,andsecond,how acceptablethe paraphrasestheir methodproducedwere. To

evaluatethe former, they followedthemethodof OchandNey (2003). First, they heldout a

setof news clustersfrom their trainingset. Fromtheseclusters,they randomlyextracted250

sentencepairswith edit distancesbetween5 and20 for evaluation.Eachpair wascheckedby

an independentevaluatorto make certainthey containedparaphrases.Then, two evaluators
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createdannotationsfor thesentencepairs. They markedalignmentsaseitherSURE, meaning

thosewordsmustbe aligned,or POSSIBLE, meaningthat it is preferable,but not necessary

that thosewordsbe aligned. Given that A is the setof all alignments,S is the setof SURE

alignments,andP is theunionof thesetof all SURE alignmentswith thesetof all POSSIBLE

alignments,precision,recall,andalignmenterrorrate(AER) aredeterminedasfollows:

��������� 	
� �
�

�

� A � P �

� A �

�����������

�

� A � S�

� S�

�����

�

� A � P � � � A � S�

� A � � � S�

Measuredby AER, theagreementbetweenthe two annotatorswas93.1%. Overall, AER

was 11.58%,with an AER of 10.57%on identical words and an AER of 20.88%on non-

identicalwords.

In orderto judgethequalityof theparaphrasesgeneratedby theirmethod,theauthorsused

asa testsetthe59 sentencesusedin BarzilayandElhadad(2003),and141randomlyselected

sentencesfromtheheld-outpartof theircorpus.Foreachsentence,two judgesdecidedwhether

thesentencegeneratedby thealgorithmwasindeeda paraphraseof theoriginal sentence.The

�rst time, the judgeshadanagreementratingof 84%. Theauthorsdecidedthis wastoo low,

so they hadthe two judgeslook at any examplesuponwhich they disagreed.This led to an

agreementof 96.9%.Thesystemwasableto generatea paraphrasefor all 200sentences;the

best-scoringparaphrasesreceiveda 91.5%acceptanceratefor the59 sentencesfrom Barzilay

andLee(2003),andan89.5%acceptanceratefor all 200sentences.It' sworthnotingthatwhile

this methodachieved excellentcoverageandacceptability, the changeswereoften relatively

minor, suchasreplacinga word or a phrasewill a similar word or phrase.The averageedit

distanceof theparaphrasesproducedby this systemwas2.9,asopposedto 25.8for Barzilay

andLee(2003).



CHAPTER 3. RELATED WORK 53

3.5 ThePASCAL RecognizingTextualEntailment Challenge

3.5.1 The challenge

Sincewe beganthis project,therehasbeena considerableamountof publicationon a related

topic: textual entailment. Textual entailmentis a directionalrelationshipbetweentwo units

of text: given two text units, t1 andt2, we say that t1 entails t2 if we can infer t2 from the

informationgivento usby t1. This is relevantto usbecause,by thede�nition of entailment,if

a text t2 is a paraphraseof a text t1, it mustalsobeentailedby t1. Notethat thereverseis not

true: ThemanmurderedBobentailsBob is dead, but Bob is deadis not a paraphraseof The

manmurderedBob.

Muchof therecentwork onentailmenthascomeaboutdueto theRecognizingTextualEn-

tailmentChallenge,putoutby thePASCAL Network of Excellence(Daganetal., 2005).This

challengeconsistsof a datasetof 567 developmentexamplesand800 testexamplesthat has

beendesignedto re�ect theoccurrenceof entailmentwithin severalcommonNLP tasks.These

tasksare: questionanswering,informationextraction,machinetranslation,paraphraseacqui-

sition, information retrieval, comparabledocuments(this was the authors' term; “sentence

alignmentof comparabledocuments”might be moreaccurate),andreadingcomprehension.

An exampleconsistsof a text unit t anda hypothesisunit h; the text is oneor two sentences

(usuallyone),while thehypothesisis a shortersentence.Eachexamplewasannotatedby two

annotators,who weretold to labelanexampleastrue if it wasveryprobablethath couldbe

inferredfrom t. An exampleof a very probablepositiveexamplegivenin Daganet al. (2005)

is asfollows:

Text: Thetwo suspectsbelongto the30thStreetgangwhich becameembroiledin oneof the

mostnotoriousrecentcrimesin Mexico: a shootoutat theGuadalajaraairport in May,

1993,thatkilled CardinalJuanJesusPosadasOcampoandsix others.

Hypothesis: CardinalJuanJesusPosadasOcampodiedin 1993.
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As Daganet al. (2005)explain, it' s possiblethatOcampodiedmonthslater, in 1994,from the

woundshesustainedin 1993,but it' svery likely thathediedin thesameyearthattheshootout

occurred.

Theannotatorsweretold to ignoretense,dueto thefact that thetext andhypothesiswere

sometimesdrawn from differentdocuments,which couldhavebeenwritten at differenttimes.

Any examplesuponwhich thetwo annotatorsdisagreedwerediscarded,asweresomeexam-

plesthatoneof theorganizersthoughtmight be too controversial. The �nal corpuswasbuilt

in sucha way asto have an even numberof positive andnegative examples. Otherannota-

tors,whowerenot involvedin theoriginalannotation,alsoreplacedanaphorawith appropriate

references,andshortenedsomeof thehypothesesandtexts to reducecomplexity.

Here's abrief run-down of how exampleswereobtainedfor eachof thevarioustasks:

Inf ormation Retrieval: Hypotheseslook like IR queries,and were selectedby examining

prominentsentencesin news stories; texts were selectedby putting hypothesisinto

searchengineandselectingfrom retrieveddocuments.

ComparableDocuments: Pairswereselectedby examiningalignedsentencesfrom clusters

of similar news storiesfound in Googlenews; they werealsodrawn from an existing

corpusof alignedsentences(probablythatof BarzilayandElhadad(2003),althoughit' s

abit unclearfrom thepaper).

ReadingComprehension: Textswereselectedfrom newsstories;hypotheseswerewrittenby

annotators,with theinstructionthatthey shouldbelikereadingcomprehensionexamples

foundin highschooltests(or, for thatmatter, theSATs).

QuestionAnswering: Questionswere mostly drawn from the CLEF-QA (Magnini et al.,

2003)andTREC(Voorhees,2004)datasets,althoughannotatorscouldwrite their own;

they insertedthe questionsinto the TextMap Web-BasedQuestionAnsweringsystem

(Echihabiet al., 2003)andusedtheresultsasthetexts; they thenrewrotethequestions

asaf�rmati vestatementsandusedtheseasthehypotheses.
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Inf ormation Extraction: Exampleswere drawn from a datasetproducedby Roth and Yih

(2002)andfrom news stories;texts weresentencesin which particularrelationsheld,

andhypothesesweretherelationswith their slots�lled in.

Machine Translation: Examplesweredrawn from two translationsof thesametext, oneau-

tomaticandtheotherdoneby a human;half of thetime thehypothesiswastakenfrom

theautomatictranslationandthe text from thehumantranslation,andtheotherhalf of

the time thereversewasdone.Someof theautomatictranslationswererewritten soas

to begrammaticallycorrect.

ParaphraseAcquisition: Texts weredrawn from news storiesthatcontainedparticularrela-

tions; hypotheseswere createdby drawing paraphrasesfrom a paraphrase-acquisition

system(probablyLin andPantel(2001),althoughagain,it' sa little unclear)andby then

applyingthoseparaphrasesto theoriginal text.

Sohow doesthegoalof thischallengediffer from thatof our thesis?First,asstatedabove,

entailmentincludesrelationshipsother thanparaphrases.Second,systemsdesignedfor the

RTE challengeonly have to do one-waymatching:they know aheadof time which text unit is

thetext andwhichis thehypothesis.Oursystem,ontheotherhand,doesnotknow whichof the

sentencesin agivenpairmaycontaintheparaphrase(if either),andwhichis the“original” text.

Also, in theRTE challenge,therecanbenoinformationin thehypothesisthatis not includedin

thetext; for us,theremaybeclausesin eitherof thesentencesthathavenocorrelatingclausein

theothersentence.Finally, theRTE challengeusesa corpusprimarily drawn from newspaper

stories;this allows the systemsdesignedfor the challengeto usea numberof tools, suchas

parsersandchunkers,thathavebeentrainedonnewspapercorpora.

All of that said,the goal of the PASCAL RTE challengeis still closeenoughto our own

thatwe canlearnfrom thevarioussystemssubmittedfor it. Below, we give a brief overview

of thesesystems.
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3.5.2 The systems

Roughlyspeaking,the systemssubmittedto the PASCAL RTE challengecanbe placedinto

two groups: thosethat attemptto logically infer the hypothesisfrom the text, andthosethat

usesomeothermethodto detectentailment.The systemsin the former groupincludethose

of Akhmatova (2005), Bayer et al. (2005) (system1), Bos and Markert (2005) (system2),

deSalvo Brazetal. (2005),Fowler etal. (2005),andRainaetal. (2005)(system2).

Akhmatova (2005)'s systemworksby �rst transformingthetext andthehypothesisinto a

seriesof atomicpropositions,andthenfor eachof thehypothesispropositions,attemptingto

�nd a text propositionthatentailsit. In orderto do thetransformation,thesystemusesa link

parserandthena semanticanalyzer. To �nd entailmentbetweenpropositions,it usesanauto-

mateddeductionsystemcalledOTTER(McCune,2004).It is aidedin thisbysomehand-coded

logic rules—includingrepresentationsof equivalence,hypernymy, lexical relations,andsyn-

tacticalequivalence,amongotherrelations—andby aWordNetrelatednessalgorithm,whichis

usedif no exactentailmentcanbefoundfor a proposition(presumablysomesortof threshold

is used,althoughthe authordoesn't describethis). Entailmentholds for the text/hypothesis

pair if all of thehypothesispropositionsareentailedby text propositions.

Bayeret al. (2005) (system1) transformthe text and the hypothesisinto logic proposi-

tions, andthenusethe EPILOG event-orientedprobabilisticinferenceengine(Schubertand

Hwang,2000),aidedby a few hand-craftedinferencerulesandby simpleword lists, to deter-

minewhetherthehypothesisis entailedby thetext. To transformthetext andthehypothesis,

they do a lot of pre-processing:the text andthehypothesisaretokenized,segmented,tagged

with parts-of-speech,morphologicallyanalyzed,andparsedwith a link parser. They arethen

processedby adependency analyzerandby aDavidsonianlogic generator, whichoutputsthem

in propositionalform.

BosandMarkert (2005)(system2) alsotransformthetext andthehypothesisinto propo-

sitions,andusethesealongwith background-knowledgeaxioms(bk) to attemptto prove en-

tailment. An examplecanbe markedpositive oneof threeways: a theoremprover, Vampire
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(Riazanov and Voronkov, 2002), �nds entailment;a model builder, Paradox(Claessenand

Sorensson,2003)�nds a modelfor the negationof entailment;or the differencein the sizes

of the modelof
�

bk � t
�

andthe modelof
�

bk � t � h
�

is undersomethreshold.The authors

usea CCG-parserto parsethetext andthehypothesisinto propositions,andusethreesources

for thebackgroundknowledge:thesemanticsof certaintypesof wordsandrelationships;lex-

ical knowledgecreatedusingWordNethypernyms; andgeographicknowledgefrom theCIA

factbook.They combinethesefeatureswith thoseof system1 (describedbelow) by traininga

decisiontreeclassi�er over them.

De Salvo Braz et al. (2005), Fowler et al. (2005), and Rainaet al. (2005) (system2)

all usea methodknown as“extendeduni�cation”: if two termscannotbe uni�ed, the rules

governinguni�cation arerelaxed. Eachtype of relaxationthat canoccur is assigneda cost,

andat the endthe total costof uni�cation is comparedagainstsomethreshold;if the cost is

below that threshold,theexampleis markedaspositive (this is how bothdeSalvo Brazet al.

(2005)andRainaet al. (2005)work; Fowler et al. (2005)actuallyassignshigher scoresto

thoseexampleswhich requirelessrelaxationof terms,andthenchecksto seeif thetotal score

is over a threshold,but thebasicideais still thesame).

De Salvo Brazet al. (2005)useExtendedFeatureDescriptionLogic to representthe text

andhypothesis(augmentedwith syntacticandsemanticparses),aswell as a seriesof syn-

tactic andsemanticrewrite rules. The representationsof the text andof the hypothesisare

hierarchical—thisallows the rewrite rules to dependon levels higher than lexical—andare

createdusinga tokenizer, a lemmatizer, a part-of-speechtagger, a syntacticparser, a semantic

parser, a namedentity recognizer, anda namecoreferencesystem.Someof therewrite rules

aretakenfrom Lin andPantel(2001);othershave beenmanuallygenerated.Thesystemuses

theserewrite rulesto createseveral alternative representationsof the text. For eachof these

representations,it attemptsto unify thehypothesisinto therepresentation,usingextendeduni-

�cation. Theuni�cation processis a bit complicated,but the ideais basicallythis: �rst, they

makesurethatfor eachverbin thehypothesis,thereis averbin thetext with thesameattribute
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setandargumentsat boththesemanticrole andsyntacticparselevels. If everyverbin thehy-

pothesishasamatchingverbin thetext, thenthecostis setto zero;otherwise,thecostis setto

in�nity . Assumingthecosthasnotbeensetto in�nity , thesystemgoesonto recursively match

phrase-level nodes,penalizingnodesthatdo not matchby assigningthema uniform cost,and

thento matchword-level nodes,againpenalizingnodesthatdonotmatchby assigningthema

uniformcost;thisgivesthesystemthetotal uni�cation cost.

Fowler et al. (2005)usepart-of-speechtagging,parse-treegeneration,word-sensedisam-

biguation,andsemantic-relationsdetectionto convert the text andthehypothesisinto logical

forms—althoughthey ultimately remove the word sensesfrom the predicates,asit turnsout

thatthedisambiguatoris ratherinaccurate.To proveentailment,they useCOGEX(Moldovan

et al., 2003),a modi�ed versionof OTTER (McCune(2004);theprover usedby Akhmatova

(2005)). COGEXis fed thenegatedform of thehypothesis,thetext, anda setof axiomsthat

includeworld knowledge,knowledgeof syntacticequivalence,and lexical chains. In order

to successfullycompleteuni�cation, COGEX is allowed to usetheseaxioms,to relax predi-

catearguments,andto droppredicates.Theexampleis thenscoreddependingon how many

of theseactionstake placeduring theproof process—themorethat take place,the lower the

score.Thescoreis normalizedby calculatingthemaximumpenaltythatcanbeassignedand

thendividing by thisnumber.

Rainaet al. (2005)(system2) transformsthe text andthe hypothesisinto logical formu-

las that capturetheir respective syntacticdependencies.In order to unify eachterm of the

hypothesiswith a term of the text, the systemcan relax uni�cation in the following ways:

allowing termswith differentpredicatesto be uni�ed (with costdeterminedby a similarity

measure),allowing termswith differentnumbersof argumentsto unify (with costbasedon

theannotationof thosearguments),andallowing constantsto unify (thecostis uniform over

an example,althoughit is loweredif there's a possiblecoreferenceor appositive reference);

they usea learningalgorithmto determinethecostsof theserelaxations.Thissystemoutputsa

con�dencescorefor eachexample;this is combinedwith asimilarcon�dencescoreoutputby
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Rainaetal. (2005)(system1) usinglogisticregression.Theauthorstry trainingtheweightsfor

theregressionin two ways:onesetof weightstrainedoverall of theexamples,anda separate

setsof weightstrainedover theexamplesfrom eachof thetasks.

Therestof thesystemsuseda varietyof approachesto theentailmentproblem.Pazienza

etal. (2005),Rainaetal. (2005)(system1),andHerreraetal. (2005)usedependency parsersto

transformthetext andthehypothesisinto graphs,thenuseapproachesbasedon graphmatch-

ing. The goal of thesesystemsis to maximizethe similarity valuebetweenthe two graphs;

this similarity valueis thencomparedagainsta threshold,andif it' s greaterthanor equalto

that threshold,the exampleis marked positive. Pazienzaet al. (2005)createsyntacticgraph

representationsof the text andthehypothesis(thenodesarewordsor phrases,andtheedges

aresyntacticrelationships),andthenattemptsto �nd themaximalsubgraphof thehypothesis

that is in an isomorphicrelationshipwith a subgraphof the text. An isomorphicrelationship

exists betweentwo graphs,G andH, if every nodeandedgein G canbe subsumedby the

nodesandedgesin H, andvice versa. In this system,whena nodeis subsumedby another

node,it is assigneda similarity valuebasedon thesemanticsimilarity betweenthetwo nodes;

similarly, whenanedgeis subsumedby anotheredge,it is assignedasimilarity valuebasedon

thesyntacticsimilarity betweenthe two edges.Thecalculationof thesimilarity betweenthe

two graphsis basedon thesesimilarities. Therearetwo versionsof this system:in one,the

parametersusedin thesimilarity measuresaresetmanually;in theother, theseparametersare

tunedusingasupportvectormachine.

Rainaet al. (2005)(system1) alsousegraphisomorphisms,only insteadof trying to �nd

a maximalsubgraphof thehypothesis,they adda nil nodeto eachgraphandallow thenodes

of the othergraphto matchto it if necessary. Eachnodeor edgesubsumptionis assigneda

particularcost,dependingonthepropertiesof thenodesor edgesinvolvedin thesubsumption.

For nodesubsumption,thepropertiesthesystemchecksfor areasfollows,in orderof increas-

ing cost:whetherthestemsof thehypothesisnodeandthesubsumptionnodeandtheirpartsof

speechmatch;whetherthestemsof thetwo nodesmatch,but having differentpartsof speech;
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whetherthehypothesisnodeis asynonym of thesubsumingnode;whetherthehypothesisnode

is ahypernym of thesubsumingnode;and,�nally , whetherthetwo nodesaresimilaraccording

to awordsimilarity moduledevelopedby theauthors.Eachcostis weightedby theimportance

of thehypothesisnodeit appliesto, asdeterminedby thepart-of-speechtagof thenodeor the

typeof namedentity it is; thecostis thennormalizedby dividing it by thetotal weightof the

nodes.For edges,thecostof thesubsumptionis determinedsolelyby lookingat theproperties

of thenodesof thesubsumingedge.Theseproperties,againin orderof increasingcost,are:

whetheroneof thenodesis a parentof theother;whetheroneof thenodesis anancestorof

theother;whetherthetwo nodesshareaparent;and,whetherthetwo nodesshareanancestor.

Again, thecostsof theedgesubsumptionsareweighedby the importanceof theedgesbeing

substitutedfor, asdeterminedby therelationsthoseedgesrepresent(suchassubjector object).

Theoveralledge-andnode-subsumptioncostsarethencombinedusinga convex mixture;the

algorithmapproximatesthe lowest-costmatchusinga combinationof theHungarianmethod

(Kuhn,1955)anda greedyhill-climbing search.This systemoutputsa con�dencescorefor

eachof theexamples,which is themcombinedwith theoutputof Rainaet al. (2005)(system

1), asdetailedearlier.

Herreraetal. (2005)takea somewhatdifferentapproach.Their systembeginsby trying to

�nd nodesin thehypothesisthatareentailedby nodesin the text: usingWordNet,a hypoth-

esisnodeis entailedby a text nodeif the two nodesare in the samesynset,or if, usingthe

hypernymy andentailmentrelations,a pathcanbe foundbetweena synsetof thehypothesis

nodeanda synsetof the text node. The systemalsochecksfor negation: in sucha case,the

antonym of thenode(asdeterminedby WordNet)is usedin its placein determiningentailment

betweennodes.Oncethis is accomplished,a simplematchingalgorithmis used,thatmatches

thebranchesof thehypothesistreewith branchesin thetext tree.Two branchesmatchif each

of the nodesin the text branchentailsa nodein the hypothesisbranch. The similarity value

betweenthetwo treesis thensimply thepercentageof nodesin thehypothesistreethatarepart

of a branchthat is matchedto a branchin the text tree. The thresholdusedby this systemis
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50%.

Wu (2005)usesameasurebasedontheInversionTransductionGrammarHypothesis.Pre-

viously, ITGs hadbeenusedin machinetranslationandalignment.Given two languages,an

input languageandanoutputlanguage,theITG grammaris usedto transformsentencesfrom

theinput languageinto sentencesin theoutputlanguage;in thecaseof this system,of course,

the input andoutput languagesarethe same.ITGs have two typesof rules: straightandin-

verted. In a straightrule, thesymbolson the right-handsideof the rule mustbe in thesame

orderfor both languages.In an invertedrule, the symbolson the right-handsideof the rule

mustbeleft-to-rightfor theinput languageandright-to-left for theoutputlanguage.Wu (2005)

usesaspecialtypeof ITG, aBracketingITG. It usesonly asingle“dummy” non-terminal,and

thus,unlike otherITGs, it doesnot requiringany language-speci�cinformation;theonly op-

erationit allows for is transpositionof wordsandphrases.Theexamplesareassignedscores

usinga biparsingalgorithmdescribedin Wu andFung(2005);we won't getinto thedetailsof

thatalgorithm,but thebasicideais thatthosepairsof sentencesthathave fewer transpositions

betweenthemareassigneda higherscore.Therearetwo runsof this system:onewherethe

systemis run after removing words in a stoplist from the example,andonewhereno such

removal is performed.

Following a similar ideaasWu (2005),Bayeret al. (2005)alsousea methodoriginally

developedfor machinetranslation—inthis case,a statisticalmachinetranslationmodel. Like

Quirk etal. (2004),thissystemusesGIZA++ for its alignmentmodels.In thiscase,themodels

weretrainedontheGigaword(Graff, 2003)corpus,usingtheleadparagraphsof thearticlesas

“texts” andtheir headlinesas“hypotheses”.They combinethealignmentmodelwith a series

of string similarity metricsby placingthe examplesin a vectorspaceandusinga k-nearest-

neighborclassi�er to classifythem.

Glickmanetal. (2005)useagenerativeprobabilitymodelto determinetheprobabilitythat

a given text entailsa given hypothesis. In order to do this, they make several simplifying

assumptions:�rst, thatthecontentwordsin ahypothesiscanbeassignedtruthvalues;second,
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thatahypothesisis trueif andonly if all of its contentwordsaretrue;third, thattheprobability

of a contentword being true is independentof the truth of the other contentwords in the

hypothesis;and fourth, that the probability that a contentword in the hypothesisis true is

primarily dependentupona singlecontentword in thetext. Thebasicidea,then,is to �nd an

alignmentbetweenthetext andthehypothesisin suchawayasto maximizetheprobabilityof

entailment.In orderto do this,of course,theauthorsneedto comeupwith theprobabilitythat

a givencontentword entailsanothercontentword. To do this, they usea searchengineand

maximumlikelihood: giventwo words,n andm, theprobability thatn entailsm is estimated

as the numberof documentsin which both n andm appearover the numberof documents

in which n appears.Oncethey've foundthebestalignmentandcalculatedits probability, the

authorscomparetheprobabilityto athreshold;if it' soverthatthreshold,theexampleis marked

aspositive.

Delmonteet al. (2005)usea rathercomplicatedapproachto the problem. Their system

involvestwo subsystems,with theoutputof the�rst subsystempipedinto thesecondsubsys-

tem. The �rst subsystemis relatively straightforward: it takesthe text andthe hypothesisas

input, andoutputsa list of head-dependentstructureslabeledwith their grammaticalrelations

andtheir semanticroles.Thesecondsubsystemeitherassignsa scoreto anexample,wherea

lowerscoreis betterthanahigherone,or simply labelstheexampleasfalse. Thelatteroccurs

if theexamplefails a consistency check;thesecheckslook for thingssuchasthepresenceof

antonyms, differing time values(e.g. 1992vs 2003),anddiffering locations(e.g. England

vs France).This subsystemconsistsof two modules.The �rst moduleconsistsof � ve sub-

calls basedin linguistics;andthe secondmodulescoresan examplebasedon the numberof

matchingheads,dependents,grammaticalrelations,andsemanticrolesbetweenthe text and

thehypothesis.Eachsubcallof the�rst modulerequirescertainaspectsof thetext andof the

hypothesisto match. The idea is to �rst try to �nd obvious casesof entailment(for exam-

ple, whenonly word orderhasbeenchanged),andto thenwork down to situationswherethe

systemhaslittle morethana roughestimateof semanticsimilarity to work with. Thus,they
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areorderedin sucha way that theearliersubcallsgive lower (andthusbetter)coststhanthe

laterones,asthosesubcallsarealsomorelikely to be indicative of entailment.We won't go

into detailaboutall � ve of thesesubcalls,but, for example,the�rst subcallrequiresthemain

predicatesof thetext andhypothesisto match,aswell astheircorearguments,althoughcertain

semanticrolesmaybechanged(apairsuchasI killed BobandBobwaskilled byme. would �t

therequirementsof thissubcall).By contrast,the�fth subcallallowsthemainpredicatesto be

different,but thecoreargumentsmustbesynonymsof oneanother, andanothernon-argument

head-drivenstructuremustalsobematched.For latersubcalls,thesecondmoduleis usedto

supplementthedecision.Unfortunately, theauthorsdon't go into detail aboutpreciselyhow

theexamplesarescored,but ultimatelythey arecomparedagainstsomethreshold;if they score

below thatthreshold,they areclassi�edaspositive.

We now detail threevery simplesystems:Andreevskaiaet al. (2005),Bos andMarkert

(2005)(system1), andJijkounanddeRijke (2005).Andreevskaiaetal. (2005)comparePred-

icateArgumentStructures;a PAS containsa verb, its subject,and its object (if any). They

transformthe hypothesisandthe text into PASs by extractingthe nounphrasesandthe verb

groupsfrom them,andthenparsingthemusingeithertheLink parser(SleatorandTemperley,

1993)or theRASPparser(BriscoeandCarroll (2002),whichever createsmorePASs). They

also�nd coreferencechainsfor the text andfor thehypothesis,both separatelyandtogether.

Onceit hasthePASs,theirsystemchecksto whetheranumericalvalueexistsin thehypothesis

thatdoesnotexist in thetext; if it does,it classi�estheexampleasnegative.Next, it transforms

any passivePASsinto activeones,andusesWordNetto computethedistancebetweenverbsin

thetext andin thehypothesis.If thisdistanceis below somethreshold,andbothverbshavesub-

jectsand/orarguments,andif thecorrespondingsubjectsand/orargumentssharecoreferences,

thenthe exampleis classi�ed aspositive. Finally, the systemcheckswhetherthe hypothesis

containsthepatternX is Y; if it does,andthereexistssomeX � andsomeY � in thetext suchthat

X � is in thesamecoreferencechainasX andthatY � is in thesamecoreferencechainasY, the

exampleis markedaspositive.Otherwise,theexampleis classi�edasnegative.
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BosandMarkert (2005)(system1) is particularlysimple.It �rst tokenizesandlemmatizes

thetext andthehypothesis.UsingtheWebasacorpus,it assignseachlemmain thehypothesis

an IDF value. It then initializes the similarity scoreof the text/hypothesispair to zero,and

looks at the word overlapbetweenthem: if a lemmain the hypothesisexists in the text, its

IDF value is addedto the score;otherwise,its IDF valueis subtractedfrom the score. The

scoreis thennormalizedby dividing it by thesumof the IDF valuesof the lemmatizein the

hypothesis.This normalizedscore,which hasa valuebetween� 1 and1 (inclusive), is then

comparedagainsta threshold. If it' s greaterthanthe threshold,the exampleis classi�ed as

positive;otherwise,it' s classi�edasnegative.

JijkounanddeRijke (2005)usea bag-of-wordsapproach.First, they assigneachword a

weight;for thisthey useits normalizedinversedocumentfrequency, ascalculatedoveracorpus

of newspapertexts. Then,for eachwordin thehypothesis,they useasimilarity measureto �nd

themostsimilar word in the text. They try two differentsimilarity measures:a dependency-

basedmeasure(Lin, 1998)anda measurebasedon lexical chains(Hirst andSt-Onge,1998).

Startingwith atotalsimilarityscoreof zero,for eachwordin thehypothesis,they addits weight

multipliedby thesimilarity valueof its most-similarword to thetotalscore.If nosimilarword

couldbefound(thatis, all thewordsin thetext gaveasimilarity scoreof zero),thentheweight

of theword is subtractedfrom thetotal score.Thetotal similarity scoreis thennormalizedby

dividing it by thetotalweightof thewordsin thehypothesis.It' s thencomparedto athreshold,

andif it' sgreateror equalto thatthreshold,theexampleis classi�edaspositive;otherwise,it' s

classi�edasnegative.

The�nal systemwe describehereis thatof Newmanet al. (2005).We left this for last,as

it is themostsimilar to ourown system(albeit,asmentionedearlier, designedfor a somewhat

differentpurpose).Newmanet al. (2005)usea decision-treeclassi�er trainedon the devel-

opmentdata. The featuresit usesto classifyexamplesincludetheROUGEmetrics(Lin and

Hovy, 2004),cosinesimilarity, synonym matchingusingWordNet,LatentSemanticIndexing,

andtheantonym andsimilar-to relationshipsfor verbsfrom VerbOcean(Chklovski andPantel,
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2004).They alsouseseveralfeaturesbasedon thelongestcommonsubsequencebetweenthe

text andthehypothesis;theseincludeafeaturethatindicateswhetherthesubsequencecontains

a synonym, anotherthat indicateswhetherthesubsequencecontainsanantonym, anotherthat

handlesboth of thesecases,andyet anotherthat handlesboth of thesecasesandalso looks

for thepresenceof theword not. Theauthorsalsotry usingthetask(comparabledocuments,

machinetranslation,etc.) asa feature:this leadsto betterresultson certaintasks,but slightly

worseperformanceoverall.

3.5.3 Discussionof results

Looking at Table3.2,we canseethat thatnoneof thesesystemsdo particularlywell. Recall

thatthedatasetis split evenlybetweenpositiveandnegativeexamples.Thismeansthataclas-

si�er that simply labeledall of the examplespositive, or labeledall of themnegative, would

have anaccuracy of 0 � 5. Thesystemsthatcoverall of theexamples(asopposedto thosewith

only partialcoverage)really don't do muchbetterthanthis. Furthermore,what improvement

thesystemsdo show over thebaselinecomesalmostentirelyfrom asinglesource:thecompa-

rabledocumentstask.This mayexplain why thetwo systemsthatdo thebestareBayeret al.

(2005)(system2) andGlickmanet al. (2005): bothsystemsusea form of statisticalsentence

alignment.

Oneexceptionto this is Delmonteet al. (2005): their systemdoesbeston theparaphrase

acquisitiontask.Their impressiveresultsonthetestingdata(0.8accuracy) maybemisleading,

astheir systemonly hadanaccuracy of 0.671for thesametaskover the trainingdata. Still,

their systemdoesfar betterat this taskthanany of theothersystems.This maybedueto the

organizationof their system:asmentionedearlier, it worksto classifyexceptionalcases,such

aswherethereareobviousparaphrases,beforedealingwith standardcases.Sincesomeof the

examplesin this taskcategory aresuchobviousparaphrases,this couldexplain this system's

performanceon thattask.

All told, it' sabit discouragingthateventhemostcomplex of methodsdon't domuchbetter
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System Coverage Accuracy

By Task Overall

IR CD RC QA IE MT PP

Akhmatova 100% 0.511 0.587 0.521 0.477 0.508 0.492 0.520 0.519

Andreevskaia,etal. (thresh=1) 100% 0.52 0.64 0.51 0.45 0.51 0.47 0.50 0.52

Andreevskaia,etal. (thresh=3) 100% 0.53 0.63 0.48 0.45 0.52 0.47 0.50 0.52

Bayer, et al. (system1) 73% 0.516

Bayer, et al. (system2) 100% 0.586

Bos,etal. (system1) 100% 0.555

Bos,etal. (system2) 100% 0.563

Braz,etal. 100% 0.522 0.773 0.514 0.500 0.500 0.533 0.500 0.561

Delmonte,et al. 100% 0.622 0.687 0.521 0.585 0.583 0.467 0.800 0.593

Fowler, et al. 100% 0.478 0.780 0.514 0.485 0.483 0.542 0.450 0.551

Glickman,et al. 100% 0.500 0.833 0.529 0.492 0.558 0.567 0.520 0.586

Herrera,et al. 100% � 0� 558 0.787 � 0� 558 � 0 � 558 � 0 � 558 � 0 � 558 � 0� 558 0.548

Jijkoun,et al. 100% 0.533 0.847 0.493 0.423 0.550 0.467 0.420 0.553

Newman,et al. (w/ task) 100% 0.446 0.747 0.571 0.515 0.558 0.475 0.520 0.563

Newman,et al. (w/out task) 100% 0.544 0.740 0.529 0.539 0.492 0.508 0.560 0.565

Pazienza,et al. (manualparams) 100% 0.444 0.765 0.486 0.395 0.467 0.521 0.540 0.525

Pazienza,et al. (SVM-tunedparams) 100% 0.489 0.644 0.521 0.457 0.492 0.479 0.500 0.518

Raina,et al. (singleweight) 100% 0.567 0.793 0.529 0.485 0.475 0.467 0.580 0.562

Raina,et al. (multipleweights) 100% 0.556 0.840 0.507 0.439 0.550 0.475 0.540 0.552

Wu (w/ stoplist) 100% 0.478 0.700 0.450 0.446 0.517 0.392 0.520 0.505

Wu (w/outstoplist) 100% 0.467 0.713 0.471 0.408 0.550 0.400 0.560 0.513

Table3.2: Theperformanceof thevarioussystemssubmittedfor thePASCAL RTE challenge.

Whereresultswereunavailable,we have left thecellsblank. Bestscoresin eachcategory are

markedin bold.

(if at all) thansimpleword overlap.To make mattersworse,accordingto Daganet al. (2005),

noneof the systemshada signi�cantly betterF-scorethana classi�er that labelsall of the

examplestrue(0.67).
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3.6 What makesour methoddiffer ent?

We've alreadydiscussedthewaysin which thegoalof this thesisis differentfrom thatof the

systemssubmittedfor thePASCAL RTE challenge.But whatmakesoursystemdifferentfrom

theothersystemswedescribed—thosethatdetectparaphrases?

As opposedto theunsupervisedmethods(Shinyamaetal. (2002),BarzilayandLee(2003),

andQuirk et al. (2004)),our methodtries to maximizerecall. Becausethey aremainly con-

cernedwith obtainingparaphrasesfor usein rewriting rulesfrom a large,unannotatedcorpus,

thesemethodsmaybemissinglargenumbersof less-than-obviousparaphrasesin favor of ob-

viousones.It would,of course,bepossibleto testthesemethodson anannotatedcorpus,but

thatwasn't themainconcernof theauthorsof theseapproaches.

Of course,BarzilayandElhadad(2003)areconcernedwith recall,in thesamewayweare.

Themaindifferencebetweenourapproachandtheirs,then,is thatweassumethatparaphrases

areaveryrareclass—anduseacorpusthatre�ects thisassumption—whilethey do not.

Finally, andrelatedto this assumption,all of theseapproachesusecomparabledocuments

for their corpora.As we have seenin thePASCAL RTE challenge,somethingaboutcompa-

rablecorporamakesentailment—andthusparaphrases—easierto detect;mostlikely, there's

morelexical overlapbetweenparaphrasesin comparablecorporathanis thecasein othercor-

pora. Our corpusdoesnot containcomparabledocuments:while the reviews we useareof

thesame�lm, they dealwith totally differentaspectsof said�lm, andin factsaycompletely

different(or evenopposite)thingsaboutthe�lm.



Chapter 4

Finding ParaphrasesUsingPNrule

4.1 Our goal

Our goal in this thesisis to usethe PNrule algorithm in combinationwith a set of simple

measuresto detectparaphrasesin corporacontainingdocumentsaboutthesamesubjectwithin

which:

� paraphrasesareextremelyrare;and

� a singlesimplemeasure,suchascosinesimilarity, cannotbe usedeffectively to detect

paraphrases.

Within ourcorpus,paraphrasesare,for themostpart,foundonly attheclauselevel. Ideally,

we'd like to matchpairsof clauses,whereonememberof thepair is a paraphraseof theother

member. However, we felt that attemptingto automaticallyextract clausesfrom sentences

wouldintroduceerrorintoasystemthat,dueto thenatureof thedata,cannothandlemucherror,

andextractingthemby handwould be impractical. Instead,we attemptto matchsentences

whereonesentencecontainsa clausethat is a paraphraseof a clausein the othersentence.

This is basicallywhatBarzilayandElhadad(2003)attemptedto do,albeitwith averydifferent

dataset.

68
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Annotator1

Yes No Totals

Yes 33 29 62

Annotator2 No 75 74067 74142

Totals 108 74096 74204

Table4.1: Theoriginalagreementmatrix.

4.2 Our corpus

For our corpus,we useda set of reviews from Epinions.com(www.epinions.com ). In

particular, weusedreviewsof themovie Spider-Man2. While weusedall 99reviewsavailable

for latentsemanticindexing (which we'll get to later),we used� ve of thesearticlesto create

our trainingandtestingsets.First,wepairedthearticleswith eachother, giving usatotalof 10

pairsof articles,with a total of 74,204pairsof sentences.Then,we hadtwo judgesannotate

eacharticle pair, markingthosesentencepairsthat hada clause-paraphraserelationship.We

canseea quantitative summaryof the resultsof this annotationin the agreementmatrix of

Table4.1.

If wesimply lookedat thepercentageof examplesuponwhichourannotatorsagreed,we'd

comeupwith anagreementvalueof 33
�

74067
74204

� 0 � 99. However, thismeasurewould ignorethe

fact that it' s far morelikely for theannotatorsto agreeon a negative examplethana positive

one.Thereareseveralreasonsfor this:

1. thenumberof negativeexamplesfarexceedsthenumberof positiveexamples.Thismay

causetheannotatorsto preferto marka dif�cult-to-classify exampleasnegative; this is

exacerbatedby thefactthat

2. all of the examplesaremarked asnegative by default—theannotatorsthensearchout

andmark theexamplesthatarepositive (this alsomeansthat if bothannotatorssimply
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fail to �nd a positiveexample,it will beagreeduponasnegative—anentirelyplausible

scenario);andalsoby thefactthat

3. mostof the negative examplesareobviously negative (that is, the two sentenceshave

absolutelynothingin common),while thepositiveexamplesarenot necessarilyaseasy

to identify.

The fact that the two annotatorsaremorelikely to agreeon a negative examplethanon a

positiveoneis re�ected in theexpectedagreementof theannotation.Theexpectedagreement

is theproportionof examplesexpectedto beagreedonby chance.A measureknown askappa

hasbeendevelopedto measureagreementwhile takinginto accountexpectedagreement.

Originally, kappawasonly 0 � 388. Accordingto LandisandKoch (1977), this indicates

only fair agreement.However, dueto theannotationmethodwe used,it wasentirelypossible

that someof the “disagreement”wasactuallycausedby oneannotatorspottinga paraphrase

that theotherhadmissed.Becauseparaphrasesarevery rarein our corpus,it would bothbe

easyto overlookthem,andseverelyaffect thekappascoreif a few wereto beoverlooked. To

distinguishbetweenactualdisagreementandoverlooked paraphrases,we hadthe annotators

take a secondlook at the pairsuponwhich they disagreed.The resultingagreementmatrix

canbe seenin Table4.2. Using thesenew totals, the kappavalueis 0 � 792, which indicates

substantialagreement.This indicatesthatmuchof theoriginaldisagreementwasindeeddueto

overlookedparaphrases,asopposedto actualdisagreementoverwhatconstitutesaparaphrase.

Discardingthe examplesthe annotatorsdisagreedon, this gave us a total of 90 positive

examplesand74,067negativeexamples:weareindeeddealingwith avery rareclass.

Therarenessof thisclassmadedeterminingourtestingandtrainingsetssomewhatdif�cult.

We wantedto keepthearticlepairseitherentirely in thetrainingset,or entirely in thetesting

set;thisway, it wouldbeasthoughthesystemwereseeingentirelynew pairsof articlesduring

training.1 Therewere two reasonsfor this: �rst, we useinformation aboutthe paragraphs

1Althoughour systemwould've seenbothof thesearticlesbeforeindividually, we don't seethis asan issue,
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Annotator1

Yes No Totals

Yes 90 8 98

Annotator2 No 39 74067 74106

Totals 129 74075 74204

Table4.2: Theagreementmatrixafterdisagreementshadbeenre-examined.

in which thesentencesareembeddedin our system,andthusit' s morerealisticto assumethe

systemis lookingatpairsof articles;second,andmoreimportantly, it maybethatseveraltypes

of paraphrasingoccurwithin anarticle,andthus,wewantasamplethatwould includeall such

types. In theory, werewe simply to treatall of thepairsasonebig bag,it might bepossible

that we'd only endup with onetype of paraphrasingin our testset—particularlysincethere

aresofew positiveexamples.We endedup with approximately79%of thepositiveexamples

in thetrainingset,and21%of thepositiveexamplesin thetestingset.

4.3 Measuring the signatureclarity of a model

Throughoutthis thesis,we have discussedclasssignatures.The signatureof a classis the

combinationof measure-valuesthatindicatethepresenceof thatclass.Thepointof amachine-

learningalgorithmis to developa modelthat imitatesthatsignature;theclearerthesignature,

theeasierthis taskis.

Thereare,of course,many signatureswithin aparticularhypothesisspace,all of whichcan

beconsideredto beanapproximationof theclasssignature.We wantedto beableto measure

how well aparticularsignatureapproximatedtheclasssignatureof thetargetclass.Wecall this

asour methodlooksat eachpair of sentencesindividually, without retainingany informationabouta particular
article. Thus,whetherthesystemhastrainedon a particulararticle is not an issue;it' s whetherthesystemhas
trainedona particularpair of articlesthatmatters.
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measuresignature clarity, becauseit re�ects theamountof noiseaddedto theclasssignature

to createthehypothesissignature.A clearsignature(which would have a valueof 1 with this

measure)would be onethat 1) coveredall of the target classexamples,and2) coverednone

of thenon-targetclassexamples.Thus,we felt our measureshouldre�ect two things:1) how

stronglythepresenceof thetargetclassindicatesthepresenceof thesignature,and2) to what

degreethesignaturehasbeenpollutedby thesignatureof thenon-targetclass(lesspollution

shouldlead to a higher score). We refer to 1) as the signature's strength, and to 2) as the

signature's purity. Recallis anexcellentmeasureof the former. But how do we measurethe

latter?It seemsto usthatthisshouldbedeterminedby how well thesignaturecoversthetarget

class,versushow well it coversthenon-targetclass.Thus,we arrive at thefollowing measure

for purity:

PS �

RC

RC � RNC

whereRC is the recall of the target class,and RNC is the recall of the non-target class. A

signature'sclarity is theproductof its purity andits recall;thus

ClS � RC �

RC

RC � RNC
�

R2
C

RC � RNC

Sincein effect a modelis simply a hypothesissignature,we canmeasurethesignatureclarity

of amodel.

So what distinguishesthis measurefrom the F1 measure?The differenceis that the F1

measureonly focuseson how well the modelidenti�es examplesof the target class,without

taking into accountthenatureof thenon-targetclass.This meansthat, for instance,in a data

set wherethereare 99 positive examplesand 1 negative example,simply picking a trivial

hypothesisthatcoversall of theexamplesgivesa very high F1 measure;whereasin a dataset

with 99 negative examplesand1 positive example,the samehypothesisgivesa very low F1

measure.Ourclarity measure,ontheotherhand,will alwaysgivethistrivial hypothesisascore

of 0 � 5, regardlessof therelative sizesof theclasses.This is becausethetargetclassperfectly

predictsthe presenceof the signature(i.e., the trivial hypothesis),but so doesthe non-target
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class.

4.4 Changesto PNrule

During development,we noticedthat,despiteits focuson rarecases,PNrulewasvastlyover-

�tting its modelto thetrainingdata:duringtherule-re�nementstage,it would oftendiscover

rules that coveredonly a singlepositive example. The problemwas that, despitetheir low

support,theseruleswouldoftenhaveahigherZ-numberthanthealternatives.Wealsonoticed

thattheserulesusuallyconsistedof asinglerangecondition.In orderto combatthisover�tting

problem,wemadetwo changesto PNrule.

First, we removedPNrule's ability to treata rangeasa singleconditionof a rule. You'll

recall that in its original formation,PNrulewascapableof discoveringconditionssuchas0 �

v1 � 1, wherev1 is someattribute. However, we noticedthat this allowedPNruleto discover

highly accuraterulesby usingrangeconditionsto cover a very smallnumberof examples.It

wasourhypothesisthattheproblemwasthat,becauserangesweretreatedasasinglecondition,

PNrulewasexaminingthesebeforeit could�nd potentiallybettercombinationsof conditions.

Note thatwe did not remove theability of PNruleto discover ranges—onlythatnow a range

is treatedastwo conditionsof a rule insteadof a singlecondition(i.e., 0 � v1 � 1 becomes

v1 � 0 � v1 � 1). Thus,PNrulecomparesagivenrangeto all otherpossiblepairsof conditions,

insteadof comparingit to unaryconditions.

Second,we addedadd-onesmoothingduringthecalculationof theZ-number. Theadvan-

tageof usingadd-onesmoothingin this manneris that it signi�cantly lessensthe accuracy

valueassignedto ruleswith low coveragewithout signi�cantly affecting the accuracy value

assignedto ruleswith high coverage.For instance,if a rule coveredonepositiveexampleand

nonegativeexamples,its accuracy valuewouldbereducedfrom 1 � 0 to 1
�

1
1

�

2 � 0 � 66,whereasif

a rulecovered100positiveexamplesandnonegativeexamples,its accuracy valuewouldonly

bereducedto 100
�

1
100

�

2 � 0 � 99.
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Although,aswe will seein theresults,PNrulewasstill unableto �nd a particularlygood

model,it did begin to makereasonablechoicesgiventhetrainingdata,andceasedto drastically

over�t the data. Note that this re�ects one of the greatadvantagesof rule-basedmachine

learning:becausewe wereableto understandthemodelthatPNrulewasoutputting,we were

ableto makeadjustmentsto improve its performance.

In addition to thesechanges,we also createda secondversionof PNrule, whereinwe

substitutedsignatureclarity for theZ-numberduringtherule-building stage,andchangedthe

stoppingconditionfor rulebuilding duringboththeP-stageandtheN-stageto a lessthan0 � 05

increasein the clarity valueof the rule. Why did we do this? Originally, we hadconceived

of signatureclarity in orderto aid discussionduring the analysisof our results. However, it

occurredto us that signatureclarity hasa propertythat makes it useful for PNrule. When

thetargetclassis signi�cantly smallerthanthenon-targetclass,thepurity of therule quickly

approaches1. Thus,in orderto obtaina high clarity in this situation,analgorithmwill focus

on maximizingrecall. By contrast,if thetargetclassis signi�cantly largerthanthenon-target

class,coveringonly afew of thenon-targetexampleswill causethepurity value—andthusthe

clarity value—tobevery low; in sucha situation,analgorithmwill focusmoreon precision.

This is preciselythe behavior we'd like to seein PNrule. Note, however, that while a large

disparity betweenthe sizesof the target and non-target classcan causethe purity value to

approach1 very quickly, thesameis not true for recall. Thus,at thevery least,PNrulemust

alwaysbalancerecallwith precision,while in somecasesit cannearlyignorethelatterin favor

of the former. This asymmetryis important;if it werepossiblyto nearlyignorerecall,we'd

endup with a modelcontaininga large numberof rules,eachof which would cover only a

smallnumberof examples;thiswouldmeanthemodelwasover�tting thedata.

4.5 Preprocessing

Ourpreprocessingconsistsof thefollowing steps:
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1. Expandingcontractions

2. Part-of-speechtagging

3. Removing auxiliary verbs

4. Removing certainpartsof speech

Wedetailthesestepsbelow.

4.5.1 Expanding contractions

We usea smallsetof heuristicsto expandcontractionsbackinto their componentwords. For

instance,we replacecan't with can not, andwon't with will not. We do this so that phrases

suchascan't go will matchwith phrasessuchascannotgo.

4.5.2 Part-of-speechtagging

In orderto tag our data,we usethe rule-basedpart-of-speechtaggerdevelopedby Eric Brill

(Brill, 1994),andtrainedontheBrown corpus.Althoughit would'vebeenpreferableto retrain

the taggeron datamoresimilar to our own, we simply did not have a large enoughtagged

corpusavailableto do so. We examinedour dataafter it hadbeentagged,however, andthe

Brill taggerseemedto doareasonablejob; its mostcommonmistakewasto mis-tagadjectives

asnouns.We felt it wasbetterto try measuresbasedon imperfecttaggingthanto leave out

taggingaltogether. A possibility for the future would be to train a taggerthat learnsin an

unsupervisedfashion;we'll returnto this ideain Chapter5.

4.5.3 Removing extra verbs

It' spossiblefor auxiliaryverbsto causeapairof sentencesto haveahighersimilarity measure

thanthatpairoughtto have. For example,thepairof sentencesI amrunningandI amdancing

will have a highersimilarity measurethanthe pair of sentencesI danceandI run. We thus
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want to remove any auxiliary verbsfrom our corpus.We do this asbestwe canby removing

any form of theverbsto haveor to be that is followedby anotherverb. The reasonwe don't

simply removeall to haveor to beverbsis becausein caseswherethey arenot auxiliary, they

arepotentiallyimportantindicatorsof paraphrasing.

4.5.4 Removing certain parts of speech

In many applicationssimilarto thisone,functionwordsareremovedfrom thecorpus.Function

wordsarethosewordsthatcarrylittle lexical meaning(Strazny, 2005).However, wefoundthat

in many lists of functionwords,wordsthatwereusefulto our measures(suchasformsof the

verb to be) were included. Thus, insteadof removing function words,we decidedto try to

removewordswith certainpartsof speechthatseemedto indicatethatthey did notcarrymuch

semanticmeaning.With that in mind, we remove wordswith the following partsof speech

from thetaggedversionsof our corpus:determiner(all, an, etc.),prepositionor subordinating

conjunction(astride, among, etc.), modal auxiliary (can, cannot, etc.), pre-determiner(all,

both, etc.),andinterjection(golly, gosh, jeepers, etc.). We believe that this servesthe same

purposeasremoving functionwords,while allowing us to bemorepreciseby allowing us to

distinguishbetweenmultiplesyntacticusesof thesameword. For instance,while thatmaynot

beusefulto oursystemasadeterminer, it maywell beusefulasaWH-pronoun.

4.6 Measures

Thereweretwo overarching,andcon�icting, concernswhenwe weredevelopingthesemea-

sures.The �rst wasthat for any measurewe might usethat relieson matchinglexical units,

two long sentencesaremuchmorelikely to have a numberof matches,regardlessof whatwe

aretrying to match,thanaretwo shortersentences.Thus,it wouldappearthatregularizationis

key. However, we areinterestedin matchingclauses, not sentences.So,for instance,take two

pairsof sentences:
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1. a. Theboy jumpedthefence.

b. Theboy hoppedthebarrier.

2. a. Susanwalkedto thestore,andtheboy jumpedthefence.

b. As impossibleasit mayseem,theboy hoppedthebarrier.

Both of theseshouldbe positive examples,as they both containclauseswith a paraphrase

relationship.However, dueto regularization,thelatterpairwouldscorelower thantheformer.

We thususea seriesof measures,of two types:continuousandbinary. We try to combine

measuresthatlook at thewholesentencewith othersthatwehopewill helpto pinpointclauses

with aparaphraserelationship.We'll explainthereasoningbehindeachmeasureasweproceed.

Notethatfor all of our measures,a word canonly bematchedto once.For computational

reasons,we endup usinga greedymatchingalgorithmfor thesemeasures.Thus,it' s possible

thatfor someof our measures,particularlythoseusingWordNet,we endup with sub-optimal

measures.

4.6.1 Regularization of continuousmeasures

We have to regularizemostof our continuousmeasures(LSI andcosinesimilarity beingthe

exceptions).We tried two differentregularizationmethods.The �rst we took from Hatzivas-

siloglouet al. (2001). Given two textual units,A andB, whereA contains � A � featuresandB

contains� B � features,we divide our measureby � � A � � � B � . For word matching,this meanswe

usethenumberof wordsin A andB; for bigrams,it meansweusethenumberof bigramsin A

andB; etc.

Thesecondmethodwetriedwassimply to dividethemeasureby thenumberof featuresin

theshorterof thetwo sentences.Sincewearelookingfor clause-level paraphrases,it' spossible

thata long sentencecouldcontaina clausethatwasa paraphraseof a shortersentence.This

methodwouldgivemuchhigherscoresin suchcasesthanwould the�rst method.
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Figure4.1: Thehypernymsof thesynset
�

tree� .

After testing both methodsduring development,we settledon the one from Hatzivas-

siloglouetal. (2001),asit appearedto leadto moreaccurateresults.

4.6.2 Word-stemmatching

Oursimplestmeasureis word-stemmatching.FirstweusetheLingua::Stem::Snowballmodule

(Potencier,2005),a Perl implementationof thePorterstemmingalgorithm(Porter,1980),to

stemthetwo wordswearecomparing,andthenweseeif they match.Wecountthenumberof

matchingword-stems,andthenregularizetheresultsasdetailedabove.

Porter stemmingalgorithm

ThePorterstemmingalgorithmis awidely-usedalgorithm,for thereasonsthatit is small,fast,

reasonablysimple,andhasbeenshown to effectively improvetheperformanceof information

retrieval systems(Porter,1980). While ours is not an informationretrieval system,Porter's

point that “terms with a commonstemwill usually have similar meanings”(Porter,1980)

holdsequallywell in thisdomain,andis at leastasimportant.
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4.6.3 UsingWordNet

All of the measuresusingWordNet(Fellbaum,1998)arecontinuous,andareregularizedas

describedabove. In order to accessWordNet's database,we usedthe WordNet::QueryData

Perlmodule(Rennie,2005).

Matching immediate hypernyms

First, we shoulddescribewhatwe meanby an“immediate”hypernym. By this, we meanthe

synsetthat is the parentof the synsetwe areconcernedwith. Thus,for our earlierexample,

theimmediatehypernym of
�

tree� is
�

woodyplant,ligneousplant� . Naturallythis is a �a wed

measure:in reality, theremaybetimeswhenreplacing
�

tree� with
�

plant,�ora, plantlife � , or

evenwith
�

entity� , wouldmakesense.Nevertheless,wehopethatthiswill provideourmethod

with informationlackingin oursimpleword-matchingmeasure.

We matchtwo wordsensesif any of thefollowing hold:

1. Thetwo wordsarethesame;or

2. Thesynsetof oneword is thesameastheimmediatehypernym of theotherword;or

3. Theimmediatehypernymsof thesynsetsof thetwo wordsarethesame.

We actuallygatherfour measureshere. First, we ignorethepart-of-speechof eachword.

This meansthat we could in effect be looking at severalwords: for instance,sinceknife can

beeitheranounor a verb,we'd look atboththesensesof knife (noun)andthesensesof knife

(verb). We computeonemeasurewherewe try to matchfor any senseof the two words,and

anothermeasurewherewe try to matchfor only the mostfrequentsensesof the words. We

do this becauseusingthe lessfrequentsensescanleadto somestrangeresults.For example,

duringdevelopment,we foundthattheword sonwasbeingmatchedwith theword father. As

it turnedout, bothsonandfatherhada sensecorrespondingto theChristianTrinity, andthus

bothhadthehypernym hypostasis, which refersto any of thethreeaspectsof theTrinity. The
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most frequentsensesof father andsonwere,however, the senseswe had in mind. On the

otherhand,we don't want to discountthe lessfrequentsensesentirely: usingonly the most

frequentsenseshouldincreaseprecision,while matchingfor any senseshouldincreaserecall.

By includingboth,wehopethatPNrulewill �nd a happy medium.

We thencomputethesetwo measuresasecondtime,only this time wedo take thepart-of-

speechtag into account,matchingonly for sensesof the word that matchthe part-of-speech

tag. Relyingon a measurethatmatchesany partof speechshouldleadto higherrecall,while

relying on a measurethat matchesspeci�c partsof speechshouldlead to higherprecision;

again,this re�ects the balancebetweenrecall and precisionwe hopeto achieve. This is a

commonthemethroughoutourmeasures.

Matching synsets

This measureis muchlike thehypernym measure,exceptthatwe simply checkwhethertwo

wordsbelongto thesamesynset.Likethehypernym matching,wedothis four times:ignoring

and taking into accountthe part-of-speechtag, andallowing any or only the most frequent

sensesto match.

4.6.4 UsingVerbNet

In our examinationof our resultsduringdevelopment,we found thatwhile WordNetworked

fairly well for nouns,adverbs,andadjectives,it would often fail to matchverbsthat seemed

asthoughthey oughtto have beenmatched.For instance,giventhetwo phrasesthechip was

shattered andthe chip wasdestroyed, it failed to matchshattered with destroyed. This was,

of course,not a fault with WordNet—shatteranddestroy arenot synonyms of oneanother.

Nevertheless,we felt that suchverbsoughtto be matchedin our system.Thus,we took the

datafrom VerbNet(Kipper et al., 2000),andassociatedeachverbwith its Levin class(Levin,

1993). Thereare 193 Levin classes,and verbsare groupedinto theseclassesbasedupon

their argumentsyntax;while not perfect,theseclassesdo give a roughindicationof semantic
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similarity.

Unlike with WordNet,wherewe useda Perl moduleto accessa database,with VerbNet

we simply took anXML �le andparsedit into a hashtable,with theverbsasthekeys andthe

Levin classesasthevalues.We thenalteredourWordNetmeasuressothatif two wordscould

bothbeconsideredverbs,they wouldbematchedif they werein thesameLevin class.

In addition,we createda new binary measure,which is set to true if the two sentences

containverbsthat sharethe sameLevin class. We chosethis asa binary measurebecause

we arelooking for pairsof clausesthatsharea paraphraserelationship,andwe thoughtthata

matchingpairof verbsmight indicatethepresenceof suchaclauseregardlessof thelengthsof

thetwo sentences.

4.6.5 Bigram and trigram matching

An n-gramis asequenceof tokens.Two n-gramsmatchif, for eachpositionin the�rst n-gram,

the tokenoccupying thesamepositionin thesecondn-grammatchesthe token in the �rst n-

gram. We matchedbigramsand trigramsof word-stemsandof most frequentsynsets.For

themostfrequentsynsets,we alsotook part-of-speechtagstaken into account.Becauseit is

unlikely thatsuchbigramsandtrigramswould appearin entirelyunrelatedsentences,theidea

behindthesemeasuresis to increaseprecisionby �nding a smallnumberof pairsof sentences

thatarehighly likely to shareaclause-paraphraserelationship.Thesemeasuresarecontinuous,

andareregularizedusingthemethoddescribedearlier.

4.6.6 Skip-onebigram matching

Relatedto our measureabove, for thesemeasureswe createdbigramsandskip-onebigrams.

The latter is createdby usingoneword-stemor synsetasthe�rst positionin thebigram,and

the word-stemor synsettwo words to the right of that word for the secondposition. Thus,

whereasusingregular bigramsthe sentences:Thedog ran andThefat dog ran would have
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only onematchingbigram(
�

dog � ran� ), with thesemeasures,thesesamesentenceswouldhave

onematchingbigramandonematchingskip-onebigram(
�

the� dog� , and
�

dog � ran� ). Note,

however, thatthisdoeschangethenumberof potentialmatches,andthustheregularization:for

traditionalbigrams,the �rst sentencecontainstwo potentialmatches(
�

the� dog� ,
�

dog � ran� ),

andthe secondcontainsthree(
�

the� fat� ,
�

fat � dog� ,
�

dog � ran� ); underthis measure,the �rst

sentencecontainsthreepossiblematches(
�

the� dog� ,
�

the� ran� ,
�

dog � ran� ), and the second

sentencecontains� ve (
�

the� fat� ,
�

the� dog� ,
�

fat � dog� ,
�

fat � ran� ,
�

dog � ran� ). It maythusseem

like there's noadvantageto usingthesemeasuresinsteadof measuresusingstandardbigrams;

afterall, underastandardbigrammeasure,usingour �rst regularizationmethod,thesimilarity

betweenthesetwo sentencesis approximately 1
�

2 � 3
� 0 � 577,whereasunderthis measurethe

similarity is only 2
�

3 � 5
� 0 � 516.However, avalueof aparticularmeasureshouldbejudgedonly

relative to othervaluesof thesamemeasure.For example,considera third sentence,No dog

ran. Usinga traditionalbigrammeasure,this would have thesamesimilarity to thesentence

Thefat dog ranasdoesthesentenceThedog ran. However, usingthismeasure,it wouldhave

a similarity measureof only 1
�

3 � 5
� 0 � 258, lessthanthe0 � 516similarity measureof the �rst

two sentences.It' sourhopethatthismeasurecouldthuscapturesomethingmeasuresbasedon

simplebigramscannot.

4.6.7 Matching within a window

Theproblemwith theabovemeasuresis thatwhilewearelookingfor clauseswith aparaphrase

relationship,they areall measureson sentences.It occurredto us that simpleclausesoften

consistof a small sequenceof contiguouswords, and thus it might make senseto usethe

measureslisted above on small “windows” of wordswithin eachpair of sentences.We thus

collecttheword-stem,hypernym, andsynsetmeasuresonwindowscontaining4–7words,and

take thehighestvalues.

As anexample,let's look at thesentencesBettywalkedthedog, whileBobprepareddinner

andLater that afternoon,Bettywalked the dog. For the sake of simplicity, assumewe don't
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remove any words. Thenfour wordsarethe samein both sentences:Betty, walked, the, and

dog. Ournormalword-stemmeasurewould returnavalueof 4
�

8 � 7
� 0 � 53. However, if weuse

a window of size4, we'll endup with a valueof 1, becausefour consecutive wordsmatchin

eachsentence.On theotherhand,if we hadtwo sentences,Bobwalked thedog, while Betty

prepared dinner andLater that afternoon,Bob prepared dinner, the valueof the word-stem

measurewould still beapproximately0 � 53,sincefour wordsstill match,but thewindows-of-

size-4measurewould've beenreducedto 0 � 5, sincethehighest-scoringwindows would now

bewhileBettyprepareddinnerandafternoon,Bobprepareddinner.

4.6.8 Latent semanticindexing

For this measure,we trainedTelcordia's LSI program(Chenet al., 2001)usingthesentences

of the99 reviews of Spider-Man2 foundon Epinions.com.We usedlog entropy termweight-

ing, and 100 factors. We usedthe sameprogramto �nd the similarity valuesbetweenthe

sentences.Therewasno needfor us to regularizethis measure,asregularizationis built into

cosinesimilarity (andthusLSI).

4.6.9 Using the similarity of containing paragraphs

As mentionedin Chapter3, BarzilayandElhadad(2003)foundthatusingthecosinesimilarity

of theparagraphscontainingtwo potentiallymatchingsentencescould increasethe accuracy

of theresults.We thusincludetwo measures:thecosinesimilarity of theparagraphs,andthe

cosinesimilarity of the paragraphswithout any propernouns2. In orderto gatherthe cosine

similarity, we usedPaul Clough's overlapprogram(Clough,2001),which givesa numberof

similarity measuresincludingcosinesimilarity.

In addition,we trainedthe LSI programusingthe paragraphsfound in the 99 reviews of

Spider-Man2 andthentooktheLSI valuesof thecontainingparagraphs,oncewith 100factors

2We roughly estimatethe latter by removing any capitalizedword that doesnot occurat the beginningof a
sentence.
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andagainwith 25 factors.This of courseservesthesamepurposeasthecosinesimilarity, but

we thoughtthatperhapsLSI wouldprove to beabettermeasure.

4.6.10 Complex measures

In orderto furtherhelpusdetectpairsof clausessharinga paraphraserelation,we decidedto

usea seriesof binarymeasuresbasedon a combinationof lexical andsyntacticfeaturesthat

we thoughtmight indicatethepresenceof matchingclauseswithin a pair of sentences.These

featuresarea combinationof threethings: a pair of parts-of-speechthat thematchingwords

mustconformto, whetheror not theseparts-of-speechmustoccur in a particularorder, and

whethertheseparts-of-speechmustoccurwithin a particularrangeof oneanother(separated

by only a certainnumberof wordsor less). Two wordsmatchif their most frequentsenses

arein thesamesynset,or if they arebothverbsin thesameLevin class.We usedthis asour

matchingcriteriabecausewe expectthesemeasuresto increaserecall,andthuswantedthem

to beaspreciseaspossible.Thefeaturesareasfollows:

noun-verb ordered Eachsentencemustcontainamatchingnoun-verbpair, in thatorder. This

roughly correspondsto a subject-verb pair, wherethe verb follows somethinglike a

conjunction;for instance,Theboywentto thestoreandboughta pearwouldmatchThe

boyboughta pear.

noun-verb ordered ranged Eachsentencemustcontaina matchingnoun-verb pair, in that

order, within a range,which variesfrom 1–5 words. This roughly correspondsto a

subject-verbpair.

verb-noun ordered ranged Eachsentencemustcontaina matchingverb-nounpair, in that

order, within a range,whichvariesfrom 1–5words.This roughlycorrespondsto averb-

objectpair.

verb-adverb ranged Eachsentencemustcontainamatchingverb-adverbpair, wheretheverb

cannotbea form of to be, andwherethematchingwordsmustbewithin a rangeof each
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other. The rangevariesfrom 1–5words. This allows us to matchsuchphrasepairsas

quickly ranandranquickly.

be-adj ordered ranged Eachsentencemust containa form of the verb to be followed by

a matchingadjective within a particular range,which variesfrom 1–5. We usethis

measurebecausea fairly commonlyoccurringclauseis oneof thesort
�

noun� is
�

adj� .

For example,thiswouldhelpoursystemmatchTheball is big with Theball is large.

noun-noun ranged Eachsentencemustcontaintwo matchingnouns,which occurwithin a

particularrangeof oneanother. This rangevariesfrom 1–5 words. This could be in-

dicative of a numberof relationships;it mainly re�ects the fact that two clauseswith a

paraphraserelationshipwill often containthe synonymouspairsof nounswithin close

proximity to oneanother.

noun-adjective ranged Eachsentencemustcontaina matchingnounanda matchingadjec-

tive, eachwithin a particularrangeof one another. The rangevariesfrom 1–5. We

includethis measurebecausewe aredealingwith opinions,andthusa largeamountof

themeaningof a clauseis likely to befoundin pairsof nounsandadjectives(excellent

performance, excitingmovie, etc.).

4.6.11 Matching words with differ ent parts of speech

Onecommonmethodof paraphrasingis to transforma word with onepart of speechinto a

relatedwordwith a differentpartof speech.For example,Bobwasresponsiblefor themurder

of Joe andBob murdered Joe; or, Themanwasa giant andHe wasa giant man. With this

in mind, we createdbinarymeasuresthat re�ected whethertwo wordswith differentpartsof

speechsharedthesamestem.Thematchesweattemptedwerenoun-to-verb,noun-to-adjective,

verb-to-adjective, andadjective-to-adverb. For eachof thesemeasures,the resultwastrue if

suchamatchoccurredin thesentence,andfalseif it did not.
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4.7 Results

First,wehadto createa baselineagainstwhich our resultscouldbecompared.SinceBarzilay

andElhadad(2003)werealsolooking for sentencessharingclause-paraphraserelationships,

we decidedthat,like them,we would usea cosinesimilarity thresholdto createourbaseline.3

To do so, we found the cosinesimilarity of all of our examples,thentook the thresholdthat

gaveusthebestF1 valueon thetrainingdataandappliedit to thetestingdata.Theresultscan

beseenin Table4.4(for thetrainingdata)andTable4.5(for thetestingdata).

We then collectedthe measureslisted in the previous section. We ran PNrule on these

measures,usingtheparametersthatcanbeseenin Table4.3.Wepickedtheseparameterspartly

on the suggestionsof Joshi(2002),andpartly on our judgmentof what seemedreasonable.

Note that dueto our choiceof MinCExamplesToSplit (which we took from Joshi(2002)),

PNruledoesnotsplit thedata;this is probablyreasonablegiventhepaucityof positivetraining

examples.

As we canseefrom Table4.4, themodelfoundby PNruleover our lexical measuresper-

formedbetterduring training thanthe modeldevelopedusinga cosinethreshold. It' s worth

discussingthemodelthatPNrulecameup with, asit hassomeinterestingqualities.An exam-

ple is potentiallylabeledaspositive if oneof two P-rulesapply to it, andnoneof theN-rules

do. Thetwo P-ruleswere:

1. Theskip-one-bigramword-matchingmeasureisgreaterthan0 � 115andthelatent-semantic-

indexing measureis greaterthan0 � 586.

2. Thelatent-semantic-indexing measureis greaterthan0 � 949.

Therewere other P-rules,but noneof them had a con�dencescoreover the threshold,so

in effect we can ignore them. The N-rules that could apply to the two P-rulesare listed in

Figure4.2.TheN-rulesarecomplicatedanddonotshow any clearpattern,whichdemonstrates

3We thoughtof usingBarzilay andElhadad(2003),but during early developmentwe hadtried the method
withoutmuchsuccess.We chosecosinebecausewedid nothaveany notionof how it might perform.



CHAPTER 4. FINDING PARAPHRASES USING PNRULE 87

Parameter Value

MinZ 3

MinSupportScore 1

MinCExamplesToSplit 100

MinCoverageP 0.5

MinSupFractionP 0.25

MinAccuracyP 0.25

MinRecallN 0.2

MaximumLengthIncr ease 64

Table4.3: Parametervaluesfor PNrule.

thatthereisn't any obviousway to divide thetruepositivesfrom thefalsepositives.

The con�dencelevels for rulescoveredby oneof the two P-rules,andby noneof theN-

rules,were0 � 421and0 � 428,respectively. This is clearly whatgivesusour precision:if one

of thesetwo rulescoversan example,there's a nearly50% chancethat the examplewill be

positive (not bad,given the dif�culty of our problem). Also interestingto note: even when

coveredby an N-rule, an examplecoveredby the �rst P-rulewould still have a con�dence

level of 0 � 4; by contrast,onecoveredby thesecondP-rulecouldhave a con�dencelevel of as

low as0 � 182. This demonstratesthat a combinationof measuresis (perhapsunsurprisingly)

likely to leadto abetterresultthanuseof asinglemeasure.

Unfortunately, in thetrainingset,P-rule1 coveredonly 7 positive examples,andP-rule2

coveredonly 4—even worse,aswe canseein Table4.5, they coveredno positive examples

in the testingdata,which meansthat our methoddid no betterthancosinethreshold. Thus

while we have a coupleof rulesthat appearto be reasonableindicators,relatively speaking,

of a clause-paraphraserelationship,they cover far too few examplesto be useful in andof

themselves.
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Method Recall Precision F1

CosineThreshold 0.042 0.1 0.059

PNrule 0.211 0.268 0.236

PNrule(clarity) 0.253 0.122 0.165

PNrule(3 measures) 0.127 0.130 0.129

Table4.4: Precision,recall,andF1 of themodelslearnedon thetrainingdata.

We includetheresultsof our clarity-measure-basedversionof PNruleaswell. As we can

see,it unfortunatelydoesn't performany betterthanPNrule.However, themodelit arrivedat

wasfar simpler. This modelconsistedof a singleone-conditionP-rule,andtwo one-condition

N-rules.In fact,theentiremodelcanbesummedup in oneline:

� ����� ���	�

�

0 � 137 � �

��


�
�

� 0 � 531
�

� �

�

� ����� �������

� 0 � 5
�

where
� ����� ���	�

is theregularizedmost-frequenthypernym count,wherethehypernymsmust

have thetaggedpart-of-speech;



���

is thelatentsemanticindexing measure;and
� ����� �������

is the regularizedmost-frequenthypernym counttaken within a 5-word window. The P-rule

covers63 out of 90 of the positive examples,giving it a fairly high recall, but it alsocovers

15674negativeexamples,giving it a terribleprecision.TheN-rulesremove24and12positive

examples,respectively, but alsoremove 14248and1292negativeexamples.This givesus18

out of 90 positive examples,and134 negative examples,which, while not a stunningresult,

is thesortof behavior we'd want to seein PNrule. In particular, theuseof theLSI measure,

which in ourdatahaslow coveragebut is highly precise,asanN-rule insteadof aP-rulemakes

considerablymoresense.Thus,while theperformanceof thisversionof PNruleonourdatais

not ultimatelyany betterthantheperformanceof theoriginal version,it doesleave uswith a

muchsimplermodel,andbehavesin a mannercloserto whatwe'd expectin PNrule.
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Method Recall Precision F1

CosineThreshold 0 0 0

PNrule 0 0 0

PNrule(clarity) 0.053 0.045 0.049

PNrule(3 measures) 0.210 0.235 0.222

Table4.5: Precision,recall,andF1 of themodelsappliedto thetestingdata.

As anexperimentfor furtheranalysis,wedecidedto try runningPNrulewith smallsubsets

of themeasures.Of these,thebestperformanceonthetestingdatawasobtainedby trainingon

threemeasures:thecosinesimilarity of thecontainingparagraphs(ignoringpropernouns),the

noun-nounrangedmeasurewith a rangeof 3, andnoun-adjectiverangedmeasurewith a range

of 4. We label this “PNrule (3 measures)”in Table4.4andTable4.5. As we cansee,despite

doingbetteron thetestingdata,it' s still not a strongresult—infact,becauseit doesno better

on thetrainingdata,it' s likely thatit doesbetteron thetestingdataduepurelyto chance.

4.8 Resultson RTE dataset

Becauseits goal was similar to ours, we decidedto also try our methodon the �rst PAS-

CAL RTE challengedataset.In orderto do so,we droppedall paragraphsimilarity measures

(sincethedatadidn't containparagraphs),retrainedtheLSI modelon theReuters-21578cor-

pus(Lewis, 1999)(sincewe'renow dealingwith newsarticles,notmovie reviews),andadded

a task category to our measures.In addition,we setMinRecallN to 0 � 02—sincewe're not

dealingwith a rareclass(thereareanequalnumberof positiveandnegativeexamples),there's

no realneedto worry aboutminimumrecall. For thepurposeof comparison,we've included

theresultsof thesystemssubmittedto thechallenge,alongwith ourown results,in Table4.6.

As we cansee,our resultsarein line with thoseof theothersystems,with thecomparable
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Figure4.2: TheN-rulesdiscoveredby PNruleover our measures.
� ���

is theregularizedsyn-

onym count,
�����

is theregularizedhypernym count,and
�%;=<?>

is theregularizedword count.

If precededby
�

, only the most-frequentsynonymsor hypernymsarematched.If followed

by
���	�

, only synonymsor hypernymswith thetaggedpartof speecharematched.If followed

by
��� �

#, the countwasobtainedwithin a window of size#. If precededby @

�

, A

< �

, or

@

� �CB � �

, the measureis of regularizedbigrams,trigrams,or skip-onebigrams,respectively.
��D(;��

is thecosinesimilarity of thecontainingparagraphs,
��D�;�� �1; �?<1; �

is thesamemeasure

without propernouns,and



���

is the latentsemanticindexing measure.E�FGA

D	�

,
;=<?>?H(<?H?>

,

and
<

F

�(ICH?>

# followedby two partsof speechindicateour stem-matching,ordered-matching,

andranged-matchingmeasures,alongwith theparts-of-speechthathave to bematched.

documentstaskcausingmostof theoverall accuracy improvement.TheF1 scorewe obtained

was0 � 67,abasicallyinsigni�cant improvementoversimplylabelingeveryexampleaspositive,

which obtainsa scoreof 0 � 666. We don't know preciselywhat the F1 scoresof the other

systemswere,but we do know from Daganet al. (2005) that noneof themdo signi�cantly

betterthanthis.
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System Coverage Accuracy

By Task Overall

IR CD RC QA IE MT PP

Akhmatova 100% 0.511 0.587 0.521 0.477 0.508 0.492 0.520 0.519

Andreevskaia,etal. (thresh=1) 100% 0.52 0.64 0.51 0.45 0.51 0.47 0.50 0.52

Andreevskaia,etal. (thresh=3) 100% 0.53 0.63 0.48 0.45 0.52 0.47 0.50 0.52

Bayer, et al. (system1) 73% 0.516

Bayer, et al. (system2) 100% 0.586

Bos,etal. (system1) 100% 0.555

Bos,etal. (system2) 100% 0.563

Braz,etal. 100% 0.522 0.773 0.514 0.500 0.500 0.533 0.500 0.561

Delmonte,et al. 100% 0.622 0.687 0.521 0.585 0.583 0.467 0.800 0.593

Fowler, et al. 100% 0.478 0.780 0.514 0.485 0.483 0.542 0.450 0.551

Glickman,et al. 100% 0.500 0.833 0.529 0.492 0.558 0.567 0.520 0.586

Herrera,et al. 100% � 0� 558 0.787 � 0� 558 � 0 � 558 � 0 � 558 � 0 � 558 � 0� 558 0.548

Jijkoun,et al. 100% 0.533 0.847 0.493 0.423 0.550 0.467 0.420 0.553

Newman,et al. (w/ task) 100% 0.446 0.747 0.571 0.515 0.558 0.475 0.520 0.563

Newman,et al. (w/out task) 100% 0.544 0.740 0.529 0.539 0.492 0.508 0.560 0.565

Pazienza,et al. (manualparams) 100% 0.444 0.765 0.486 0.395 0.467 0.521 0.540 0.525

Pazienza,et al. (SVM-tunedparams) 100% 0.489 0.644 0.521 0.457 0.492 0.479 0.500 0.518

Raina,et al. (singleweight) 100% 0.567 0.793 0.529 0.485 0.475 0.467 0.580 0.562

Raina,et al. (multipleweights) 100% 0.556 0.840 0.507 0.439 0.550 0.475 0.540 0.552

Wu (w/ stoplist) 100% 0.478 0.700 0.450 0.446 0.517 0.392 0.520 0.505

Wu (w/outstoplist) 100% 0.467 0.713 0.471 0.408 0.550 0.400 0.560 0.513

PNrule 100% 0.511 0.793 0.507 0.500 0.500 0.533 0.500 0.563

Table4.6: Theperformanceof thevarioussystemssubmittedfor thePASCAL RTE challenge,

plusPNrule's performance,includedin bold. Whereresultswereunavailable,wehave left the

cellsblank.

4.9 Analysis

Now thatwehavediscussedour results,weareleft with two questions:how reliablearethese

results,and,if they arereliable,why didn't ourapproachwork?

We anticipatethat one criticism of theseresultsmight be the small numberof positive

examplesin our trainingandtestingdata.While it' s truethatthenumberof positiveexamples
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is small,giventheproportionof positiveto negativeexamples,we'd needaveryclearsignature

to achieve reasonableresults—clearenoughthat it shouldbe obvious even given thosefew

positiveexamples.Ourmethodis clearlyunableto �nd suchaclearsignature.

The questionthat remains,then,is why our methodwasunableto �nd a clearsignature.

Two possibilitiesexist, andtheanswermayin factbeacombinationof these:ourmeasuresare

inadequate,or rule-basedmodelsareinadequate.

BarzilayandElhadad(2003)demonstratethatwhenusingcomparablecorpora,it is possi-

ble to classifysuchsentencepairswith a gooddealof success,usingsimplelexical measures.

Assuming,aswe did, that the paraphraseswithin our corpuswerelike thosefound in com-

parablecorpora,the problemis that lexical measuresat bestprovide only an approximation

of semanticmeasures.In caseswherethe two classesare closein size,a reasonablygood

approximationwill suf�ce. However, in rarecases,theapproximationmustbenearlyperfect,

because,aswe discussedearlier, evena small amountof noisecanleadto a largeamountof

error. It is probablynot a coincidencethat the mostaccurateruleswerethoseusingthe LSI

measure—ofall our measures,this comesclosestto approximatingtheunderlyingsemantics

of thesentences.Unfortunately, thoserulesdo nothavea particularlyhigh recall.

All of thatsaid,our resultsbothonourown corpusandontheRTE dataset,in combination

with the resultsof the other systems,suggesttwo things: �rst, that the paraphrasesfound

in our corpusarenot necessarilyof the samesort found in comparablecorpora,andsecond,

that simple lexical measuresarenot suf�cient whendealingwith paraphrasesoutsideof the

comparabledocumentsdomain. To seewhy this is so, let's look at a few examples. First,

here's anexampleof thesortof paraphraseweanticipatedwouldbeprevalent:

a. Thereddogranacrossthestreet.

b. Thedogranacrossthestreet.

As we cansee,the only differenceis that an adjective, red, hasbeendropped;this doesnot

fundamentallychangethemeaningof thesentence.However, let uslook atanotherexample:
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a. Osakais thegastronomiccapitalof Japan.

b. Osakais thecapitalof Japan.

Like the�rst example,thetwo sentencesarelexically andsyntacticallyvery similar, andonly

anadjective,gastronomichasbeendropped;however, thishasfundamentallyalteredthemean-

ing of thesentence.Thedifferenceis thatgastronomiccompletelychangesthemeaningof the

word capital, whereasred is anintersective adjective. In casessuchasthis, measuressuchas

mutualinformationmaybeableto help.

However, let's look at anotherpair of examples.In the �rst example,the text unit is both

lexically andsyntacticallysimilar to the�rst:

a. Theeventwasagastronomicdelight.

b. Theeventwasadelight.

Now let'scomparethatto asecondexample:

a. Theeventwasagastronomicdelight.

b. Thefoodat theeventwasabsolutelydelicious.

Thesecondsentencein thisexampleis far lesssimilar bothlexically and,particularly, syntac-

tically to the�rst sentencethanis thesecondsentencein thepreviousexample;however, it' sa

muchbetterparaphraseof the�rst sentence.What'smore,outsideof thecomparabledocument

domain,therearelikely to beanumberof negativeexamplesthatareequallyor morelexically

andsyntacticallysimilar to this �rst sentencethanis our paraphrase.This turnsout to be a

far moreprevalentproblemthanwe hadanticipated,particularly in our own corpus—dueto

theprevalenceof negativeexamples—but alsoin theRTE corpus,wheredueto theannotation

approach,it' s moreimmediatelyobvious.4 We hypothesizethatdueto thefact that two com-

4Due to the annotationprocess,many of the negative hypothesesin the RTE corpusarestill very lexically
similar to thetexts.
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parabledocumentsare,in effect,descriptionsof thesameobjector event,lexical similarity has

a far highercorrespondencewith paraphrasingthanin otherdomains.

This is not to saythat lexical measuresareentirelyuseless—infact,whendetectingpara-

phrasesin caseswherethey arerare,mostnegativeexamplescanbeweededout usingsimple

lexical measures.For example,usingour testingset,if we usea modelwhereexamplesare

labeledaspositiveif their LSI valuesaregreaterthanor equalto 0 � 4, over half of thepositive

examples(57%)aremarkedastrue,whereasonly around900of thenegative examples(less

than10%)aremarkedastrue. However, thatstill leavesuswith a 90-to-1ratio of negative to

positive examples,andthe remainingnegative examplescannotbe easilydistinguishedfrom

thepositiveonesusingsimplelexical measures.Thusit' s clearthat,whatever theweaknesses

of PNrule,weneedmoresophisticatedmeasuresfor this task.

The otherpossibility as to why PNrulecouldn't �nd a clearsignaturein the hypothesis

spaceis the limits of usingthis rule-basedmodel: it hasa dif�cult time discoveringrelation-

shipsbetweenmeasures.For example,imaginewehave two measures,��� and ��� , aswell asa

targetclassC. Thesignaturefor thetargetclasscouldbesomethinglike ��� �����

�

1. While a

numberof statisticalmachine-learningtechniquescouldmodelthis signaturedirectly, a rule-

basedapproachusingthesameclassof rulesasPNrulecanonly approximateit. For instance,

it couldcomeup with thefollowing seriesof rules:

1. ���

�

1

2. ���

�

1

3. ���

�

0 � 75 �	���

�

0 � 25

4. ���

�

0 � 5 �	���

�

0 � 5

5. ���

�

0 � 75 �	���

�

0 � 25

Even in caseswherethe target classwasnot rare, there's a dif�culty in �nding this ap-

proximation:in orderto �nd oneof theruleswith two conditions,the �rst conditionmustdo
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betterthanall otherpossible�rst conditions. If, for instance,therewassomemeasure,��� ,

and ���

�

0 � 3 gavebetterresultsthan � �

�

0 � 75, rule2 wouldnot bediscovered.This problem

arisesbecausethe rule-re�nementstageusesa greedysearch;replacingit with, for example,

a beamsearchmight amelioratethis problem,but there's no computationally-friendlyway to

eliminateit entirely.

In addition,thereis anotherdif�culty that is speci�c to casesin which the target classis

rare.By approximatingthesignatureusingseveraldifferentrules,wesplit upanalready-small

pool of positiveexamples;eachrule will, at best,cover only a tiny numberof theseexamples.

What's worse,we almostinevitably adderror, eitherbecausethe rulescover examplesthey

shouldn't, or becausethey missexamples.

So, then,we areattemptingto detecta semanticrelationshipwith a setof measuresthat

canatbestonly approximatesemantics,andwith amodelthat,in all likelihood,is only ableto

approximatethetarget-classsignature.This,combinedwith thefactthat,whendealingwith a

raretargetclass,evena few errorscanleadto terribleresults,likely explainswhy our method

failed. Theonly questionthatremainsis to whatdegreeeachof thetwo problemscontributed

to ourmethod's failure—aquestionthatwill have to beansweredin futurework.



Chapter 5

Futur eWork

Clearly, a lot of work still hasto be donetoward solving this problem. Roughlyspeaking,

we canseparatefuturework into four groups:preprocessing,method,machinelearning,and

measures.

5.1 Preprocessing

Oneobvious thing to try is to usea partial parser(Abney, 1996,1997)to split thesentences

in our corpusinto clauses,and thenattemptingto matchthoseclauses.The dangerhereis

thatmisparsingsentencesmightaddanunacceptableamountof error;on theotherhand,if the

parsingis good,it would reducenoise.

Anotherpreprocessingstepthatwouldbeworth trying wouldbeto identify any multiword

WordNetentriesthatmight appearin thecorpus(e.g.,Germanshepherd. Of course,thenone

might want to dealwith suchmultiword entriesboth asa singleunit andasseparatewords

(since,in theory, aGermanshepherd couldreferto aGermanwho herdssheep).

96
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5.2 Method

In hindsight,andin particularafterreviewing thesystemssubmittedfor theRTE challenge,it

hasbecomeclearto usthatonemistakewehavemadein ourmethodis to treatanasymmetric

relationshipasthoughit werea symmetricone. Imaginewe have two sentences,s1 ands2.

Currently, weusesymmetricmeasuresin anattemptto detectwhetheronesentencecontainsa

paraphraseof theother. It would bebetterif insteadwe dealtwith eachpair twice: �rst check

to seeif s1 containeda paraphraseof a clausein s2, andthenvice versa. This would allow

us to useasymmetricmeasures:for example,if s1 containsa hypernym of a word in s2, that

increasesits chanceof containinga paraphrase—however, it doesnot increasethechancethat

s2 containsaparaphraseof aclausein s1, andin factmaydecreasethatchance.Currently, our

measurescannotre�ect thatdistinction;this changewould �x that.

5.3 Machine Learning

As we canseefrom the submissionsto thePascalRTE challenge,therearea numberof po-

tentialapproachesto theproblemof entailment(andthusparaphrasing).Limiting ourselvesto

approachesusingmachinelearning,thereareseveralthingsthatcouldbetried. First,wecould

attemptto makechangesto PNrulethatmight improveits performance.For example,wecould

try �tness functionsotherthanZ-numberor signatureclarity. Anotherideawould be to start

with a pseudoN-stage:this stagewould �nd strongindicationsthatexampleswerenegative,

andthencreateN-rulesaccordingly. Why focuson negativeexamples�rst? Threereasons:

1. becausethere's a largenumberof negativeexamples,noiseis lesslikely to bea factor;

2. thestrongestindicatorthatanexampleis negative is not necessarilythecomplementof

thestrongestindicatorthatanexampleis positive;and

3. it' s possiblethat the strongestindicatorthat an exampleis negative in the full dataset

will notbethestrongestindicatorin thesetof examplescoveredby theP-rules.
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Of course,thepseudoN-stagewould berequiredto keeprecallat or nearone: theideawould

beto removeobviousnegativeexamples;lessobviously labeledexampleswouldbedealtwith

in thenormalP- andN-stages.

Second,we could adapta differentmachine-learningtechniqueto dealwith rareclasses,

eitherby redesigningthetechnique,or by penalizingfalsenegativesmuchmoreseverelythan

falsepositives. We could pick a methodthat doesnot have the weaknessesof a rule-based

systemmentionedearlier, oralterPNruletoautomaticallylearnrulesthatallowed,for example,

attributesto beaddedtogether. Alternatively, if we gatheredfar moredata,we might beable

to usesomethinglikek-nearest-neighborunaltered;oneadvantageof thatmethodis thatit can

handlesmall“clusters”of positiveexamplessurroundedby negativeexampleswithin a vector

space.

Finally, relatedto this secondoption,we couldcombinemultiple learners,usinga method

suchas a mixture of experts. Theselearnerscould be different machine-learningsystems

trainedon the samemeasures,copiesof the samemachine-learningsystemtrainedon dif-

ferentmeasures,or differentsystemstrainedon differentmeasures.We'd want eachsystem

to obtainnear-perfectrecall,but not necessarilygoodprecision.The ideawould bethateach

systemwould cover thesametruepositives,but different falsepositives.Assumingthis is, in

fact,thecase,thecombinationof systemswill outperformtheindividualsystems.

In addition,any futuresystemshouldbemodi�ed to handlenegationandnumbers;some

of thesystemssubmittedto thePascalRTE provide ideasasto how thiscanbedone.

5.4 Measures

ThePascalRTE challengehasprovidedanumberof othermeasuresto try; in particular, wefeel

thatmeasuresbasedon lexical chainsmight behelpful,giventhatthis would allows usto add

morecontextual informationto our measures.Anothermeasurewe'd like to try is onebased

on latentDirichlet allocation(Blei et al., 2002),sinceit is similar in somewaysto LSI (which
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wasoneof ourstrongestmeasures),but mayoffer someadvantagesovertheformer. Thatsaid,

given the resultsof both our andothersystemson the PascalRTE data,it seemsasthough

paraphrasedetection(aswell asentailmentdetection)will requireinnovativenew measures;a

majorpartof any futurework will be �nding thesemeasures—forexample,usingthemutual

informationbetweena nounandandadjective to decidewhetherthatadjective hasa largeor

smalleffectonthemeaningof thenounphrase(andthus,whetherany potentialparaphrasewill

bemorelikely to includetheadjective). In addition,it wouldbeworthwhileto investigatethose

machinelearningtechniquesthatincorporatefeatureselection,sinceincludingsomemeasures

doesnothingmorethanintroducenoise.

Clearly, there's still a greatdeal of work to be done,both on our speci�c task, and on

detectingentailmentin general.We hopethat this thesiscontributessomeideasto that future

research,aswell asperhapshighlightingsomepitfalls to avoid.
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