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In this thesis,we attemptto usea machine-learninglgorithm,PNrule,alongwith simple
lexical andsyntacticmeasureso detectparaphrases casesvheretheir existences rare. We
choosePNrulebecauset wasspeci cally developedfor classi cationin instancesvherethe
target classis rare comparedo otherclasseswithin the data. We testour systemboth on a
datasetve developbasedon movie reviews, andon the PASCAL RTE datasetywe obtainpoor
resultson the former, andmoderatelygoodresultson the latter. We examinewhy this is the

caseandsuggestmprovementdor futureresearch.
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Chapter 1

Intr oduction

Merriam-Webstersdictionaryde nesaparaphrasas’a restatementf atext, passagegr work
giving the meaningin anotherform.” Recently therehasbeena lot of work in computational
linguistics towardsdeveloping systemgshat can automaticallydetectparaphrasesThereare
a numberof waysin which sucha systemcould be useful; someexamplesinclude: as part
of anautomaticsummarizatiorsystem removing multiple instance®f the sameinformation;
looking for the recurrenceof an ideawithin a particularbody of work; detectingpolitical
talking pointsin abodyof news articles;or creatinga datasethatcanbe usedby a systemhat
automaticallylearnshow to generatgparaphrasesn the sameway thatalignedsentenceare
usedin systemghatlearnhow to translatebetweertwo languages.

Most of the work up to this point hasdealt primarily with paraphrasethat occurwithin
parallel corpora—situationsn which paraphrasesccur relatively frequently and are often
lexically similar to thetext unit they paraphraseWhile this hasled to usefulsystemsyve feel
the next obvious stepis to attemptto detectparaphrasem situationswherethey occurrarely,
and are not necessarilyiexically similar to the text unit they paraphrase.ln this thesis,we
attemptto dojustthat,usinga machindearningtechniquen combinationwith a setof simple

lexical andsyntacticmeasures.



Chapter 2

Background

2.1 Paraphrases

Giventwo texts, T andP, we saythatP is a paraphraseof T if the semantianeaningof P is
foundentirelyin T, with the possibleaid of world knowledge(e.g.,thata Germanshepherds
abreedof dog). Somelossof informationis acceptablefor instance;A dogwentto thestore’
is anacceptabl@araphrasef “A Germarshepherdanto thestore” Thelatteris morespeci ¢
thanthe former—we know the breedof the dog, andhave somesenseof the rateat which it
traveled—Mut both corvey the samebasic meaning However, in a casewhereinformation
lossoccurs the paraphraseelationships asymmetricjt would notbeaccurateo statethat“A

Germanshepherdanto thestore’ is aparaphrasef “A dogwentto the store”

2.2 Why usemachinelearning to detectparaphrases?

Thereareseveralreasongo usemachinelearningto detectparaphrased-irst, theres the fact
that machine-learnin@pproachefiave beenusedsuccessfullyto solve mary other natural-
language-processimgoblems Marquez2000)lists mary of theseproblemsjncluding: sense
discrimination,word sensedisambiguationtext classi cation, speechrecognition, part-of-

speechtagging,text summarizationdialog act tagging, co-referenceesolution,cue phrase
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a. An OH-58helicoptercarryinga crew of two, wason a routinetrainingorientation

whencontactwaslost atabout11:30a.m.Saturday9:30p.m. EST Friday).

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

helicopterabout9:15EST (0215GMT).”

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

other FromHatzivassliloglouetal. (1999).

identi cation, machinetranslation,homographdisambiguationin speechsynthesis,accent
restorationPP-attachmerdisambiguationphonology morphologyandspellingcorrection.

Secondandmoreimportantly machindearninghasbeenused with somesuccesso solve
avery similar problem: Hatzivassliloglouet al. (1999)useit to matchsimilar pairsof small
textual units (in particular paragraphsalthoughin theory their techniquecould be applied
to sentencesswell). They considertwo textual units to be similar if they sharethe same
focus on a commonconcept,actor object, or action, andif that commonactor or concept
eitherperformsor is the subjectof the sameaction. This de nition includesparaphrasedut
it includesothersortsof relationshipsaswell. Hatzivassliloglouet al. (1999)focusedon news
storiesaboutthe sameevent,in which suchsimilar text unitsarelik ely to arise;we're hoping
to detectparaphraseis corporawherethey aremuchlesslikely to arise.

Sofarwe have shavn thata machine-learningpproactcould potentiallybe usedto solve
the problemof classifyingparaphraseut we still have not explainedwhy it shouldbe used.
Our reasonings basicallythis: while ideally, we'd like to simply look at the semanticof
two textual units (in our case clausesanddecidewhetheror notthey arethe same;however,
building semanticaformsof sentenceandrulesthatencodenorld knowledgeis very dif cult.
Instead,we rely on syntacticandlexical cluesto decidewhetheror not onetextual unit is a

paraphrasef another While somecluesmaybethe sameacrosghe Englishlanguagepthers
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likely vary dependingupon the corpus,both due to different stylesof writing, and dueto
differentcontects. In addition, evenif a clue doesexist acrossthe entire language,jt may
be moreimportantwithin somecorporathanwithin others. Becausewve don't believe that it
is currently possibleto develop a systemthat can, out of the box, detectparaphrasem ary
corpus,we feelthatit is bestto developa systemthatcanbe easilytrainedto dealwith a nev
situation.

Thisleadsusto our nal point: simplicity. Machine-learninglgorithmsaremucheasieirto
adaptto new situationsthanare nely-tailored solutions.While the lattermaybe preferabldan
somecaseswhatwe'd lik e to seeis amachine-learninglgorithmcombinedwith atoolboxof
syntacticandlexical featuresvhich couldeasilybetrainedon new corpora.This hastheadded
bene t of allowing peopleto easilyaddnew featureso the toolbox (therearearny numberof
featureswe have not tried yet, someof which could prove quite useful). Thereis, of course,
oneweaknes$o our approachbecausét’' s a supervisednethod,we needannotateatorpora,
the productionof which can be quite time consuming. This could potentially be overcome
usingan unsupervise@pproachhowever becauseuchan approachwould requireusto de-
vise a heuristicto generateexamples,we were concernedhatthe resultingmodelwould not
accuratelyre ect humanjudgmentaboutparaphrasesA supervisednethodwould avoid this

problem?

2.3 Machine learning and rar e classes

2.3.1 Whatisarareclass?

A classsrarewhenthenumberof examplesof thatclasss proportionallyverysmallcompared
to thenumberof examplesof otherclassesn thetrainingandtestingdata.While it is dif cult

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

IHowever, anunsupervisethethodmaywell beworth researchingn thefuture.
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to 35% of atrainingsetto be consideredare,arareclassis generallyonethatcoversat most
10%of thetrainingexamples.Unlesswe areconsideringwo highly similar corpora,t' slikely
thatparaphrasewill bearareclassunderthis de nition.

As we are concernednly with binary classi cation—eithera pair of sentencesontains
clauseghatareparaphrasesf oneanotheyor they do not—for further discussionborraving

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

2.3.2 What makeslearning rar e classedif cult?

Joshi(2002)liststhreeissueghatarisein the context of arareclassthatmake learningdif cult

(notethatwe have simply borroved Joshis termsfor theseproblems):

Low Separability Occasionallyoneencounters casewherethe dataarenoise-freeandthe
examplescanbe classi ed usingonly oneor two attributes. In this case the datahave
a high degreeof sepaability, andonly a very simple classi cation modelis needed.
Usually, however, the recordsof classC are distributed in small clustersthroughout
varioussubspacesf the attribute space. This makesit dif cult to nd alarge cluster
containingrecordsof classC thatdoesnot alsocontaina numberof examplesof class
NC. Thislow degreeof separabilitynmakesclassi cationmoredif cult, andthusamore

complicatednodelis required.

Multi-modality of the classesRelatedto separabilityis thefactthatC and,in particular NC
may consistof differentsubclassewith differentcharacteristicslt maybe easyto sep-
arateC from someof thosesubclassedyut very dif cult to separatet from others.We

will seeanexampleof thislaterin the chapter

Rarity Therarity of theclassis itself aproblem.In particular it's very dif cult to avoid over-
tting the modelto C: sincethe setof recordsin C is so muchsmallerthanthe setof

recordsn NC, it'seasyto nd amodelthat ts thosefew positve examplesexactly, but
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thendoesnt generalizevell. Thus,it performswell on thetraining data,but not on the

testingdata.

2.4 Rule-basedmachinelearning

Onesetof commonly-usednethodsin machinelearningfalls into a group that we will call
“rule-basednachindearning”. Givenasdataa setof recordsmadeup of attribute-\aluepairs,
arule is asetof conditionsthatarecordmustmeetin orderto beplacedinto a particularclass.
Eachrule canthusbe describedasa conjunctionwithin propositionalogic (Mitchell, 1997)?2
Ideally, then,the modelwould consistof a singlerule for eachclass.However, recallthatwe
earliermentionedhe multi-modality of the classesThis meanghatit' s likely thateachclass
will be madeup of subclassesachwith its own signatue—thatis, its own setof valuesthat
indicateits existence. In orderto handlethis, the modelmustinsteadbe a setof rules;if a
recordsatis esary singlerule thatindicatesit belongsto a particularclass,it is placedinto
thatclass. It is thosemachine-learnin@pproacheshat build astheir modelsdisjunctionsof

rulesthatwe arereferringto asrule-basednachine-learninglgorithms.

2.4.1 Why rule-based?

Themainreasorwe feelthatrule-baseanachindearningshouldbeusedfor thistaskis that,as
mentionedoy Mitchell (1997)andJoshi(2002),arule-basednethodis easilyinterpretableoy
humansWe believethisto beparticularlyimportantin thedomainof paraphrasalenti cation.

Humanbeingshave someintuition asto whatattributesarelik ely to indicatethe occurrencef
paraphrasedJsingarule-base@pproachthey canseehow well theirintuition ts with what's
discoveredby the machinelearningalgorithm. This is advantageou$or severalreasons:rst,

wearemorelik ely to catcherrorsin thesoftwarewe useto obtaintheattribute-valuepairs,since

sucherrorswill causesituationswheretheresultsdo notmatchour expectationsFor example,

2Therearealsomethodsfor learning rst-order logic models but we arenot concerneavith these.
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if we nd thatthe presenc®f matchingtrigramsbetweertwo sentencesdicateshatthey are
not paraphrasesf one anothey we know that we shouldtake a secondiook at our trigram-
matchingalgorithm. Secondjn the casewherethe differencesarenot causecdy anerror, we
may learnsomethingnew aboutthe problem.Finally, becauseve canassociate recordwith
therule thatclassi ed it, we canlook at falsepositivesanddiscover both what attributesare
indicatingthattheseexamplesarepositive, and,by looking at the sentencethemseles,what
additionalattributesmight allow usto distinguishbetweerfalseandtrue positives. Theseare
opportunitieghatlesseasilyunderstooalassi cationmethodsmight not afford us.

A secondreasonfor focusingon rule-basedmnachinelearningis that, comparedo some
otherapproacheghe parameterso the algorithmarerelatively intuitive. Onehasa senseof
whatit meango have anupperboundonthelengthof arule, or alowerboundonits accurag.
Comparethis with, for example,supportvectormachineswhereonehasto decidebetween
usinga radial or anexponentialkernelspace.lt's muchmoredif cult to understandvhatthe

latter“means”in termsof the problemoneis trying to solve.

2.4.2 Methodsfor rule-basedmachinelearning

While therearea numberof methodsfor building rule-basednodels,the two mostcommon
areto build a decisiontree,in which caseeachpaththroughthetreecanbe consideredirule?,
or to attemptto discover therulesdirectly (Mitchell, 1997). We will referto theformerasthe
“decision-tree-constructiomhethodor approachandthelatterasthe“rule-induction” method
or approach.We will describeboth of theseapproacheswill explain why a rule-induction
approachs bettersuitedto casesn which thetamgetclassis rare,andwill thenexplainwhere

therule-inductionapproacHalls shortin suchcases.

3C4.5rulesactually explicitly transformsthe treeinto rules, with consequencethatwill be describedater.
Any decisiontreecanbe viewedasa conjunctionof disjunctive rules,however.
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Color

Yellow Red Green

Peel ° Shape

Thick Thin Round Football

&

Figure2.2: An exampleof adecisiontree,for theclassls-AN-APPLE.

Decision-tree-constructionmethods

In orderto understandlecision-tree-constructianethodsit is rst helpfulto understandiow
a decisiontreeis usedto classifyarecord. A decisiontreeis madeup of leaf nodes,eachof
which hasa classassociatedvith it, andinneror decisionnodes gachof which hasanattribute
associateavith it. Therearebranchegrom eachdecisionnodecorrespondingo the possible
valuesof its associatedttribute. In orderto classifyarecord,onesimply startsattherootnode,
andfor eachattributepicksthe paththatcorrespondso thevalueof thatattributein therecord,
until onereachesleafnode.Therecordis labeledwith the classassociateavith theleafnode.
Notethatan attribute may only appearmncein a givenpath;to appeamorethanoncewould
simply beredundantasthe attribute valuefor the recordhasalreadybeendetermined?

An exampleof adecisiontreecanbeseenn Figure2.2. Thistreetriesto determinevhether
afruit is anappleby meansof threeattributes: color, peel andshape Color cantake onthe

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

4Onereademroughtup the questionof whetherthis would betrueif thetreewererequiredto bebinary. The
answetis aquali ed yes:eachattributewould have to bereplacedvith a setof attributesthattook binaryvalues,
andeachof thesenew attributescouldonly appearmoncein eachpath.
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the valueround or football. Eachpaththroughthe treeis distinguishedoy the valuesthese
attributestake on; the nal nodein the pathdescribesvhetherthefruit is in thetargetclassor
not. Thisis, of course,a fairly silly example,but neverthelessdemonstratebow a decision
treeworks.

Therearea numberof ef cient decision-tree-constructiaagorithms but they areall vari-
ationsof an algorithmthat doesa top-dovn greedysearchthroughthe hypothesisspaceof
all possibledecisiontrees. Mitchell (1997),from whom we drav muchof this information,
stateghatthe two algorithmsthat mostexemplify this approachareID3 (Quinlan,1986)and
its descendaniC4.5 (Quinlan,1993). Certainlythe latter is one of the most,if not the most
widely-useddecision-tree-constructioagorithms. In generalthe algorithmoperatesasfol-
lows, beginning at the root nodeof a single-noddree: The algorithmmustusesome tness
measuresuchasinformationgain or gain ratio®, to decidewhat attribute bestseparateshe
instance®y class.Thisattributeis thenusedasthetestfor thecurrentnode,abranchis created
for eachpossiblevalueof thatattribute,andat the endof eachbrancha new leaf nodeis cre-
ated.Theprocesss thenrepeatedor eachof thesedescendamodesusingonly thosetraining
examplescoveredby the attribute value associatedvith the branchleadingto the descendant
nodeandonly thoseattributesnot alreadyselected.This continuesuntil eachpotentialpath
throughthetreeeitherhasonly oneclassassociateavith it, or hasevery possibleattributein
it.

Onething to noteis thatthe algorithm,asdescribedsofar, worksonly if the attributescan
only take on discretevalues. However, it is possiblefor decision-tree-constructiomethods
to handlecontinuousattributes. The ideais that insteadof usingthe valuesof the attribute
directly, the algorithmcreatesa new attribute Ac, which for eachrecordhasasits valuethe
truthvalueof A ¢, whereA is the continuousattribute,andc is somethreshold.To nd this
threshold the algorithmsortsthe training examplesby the valuesof A. Then,the algorithm

iteratively setsc to the halfway point betweentwo adjacenexamplesandteststhis threshold

5We won't describehesemeasuresere,aswe don't usethemin our method.
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usinginformationgain. Whichever c scoreshighestis usedasthethresholdMitchell, 1997).
Oneseriousweaknes®f this approachs thatit is proneto over- tting. Two approaches

have beentakento combatthis problem:
1. stoppingthegrowth of thetreebeforeit over- ts; or
2. allowing thetreeto over- t, andthenpruningit.

Thelatter of thetwo approachetasbeenshonn to be moreeffective (Mitchell, 1997),sowe
will examineit further.

One possibleimplementationof this approach,called reduced-emr pruning (Quinlan,
1987), bagins by splitting the training datainto a training setanda validationset. For each
decisionnode themethodcreatesa prunedireeby remaoving the subtreaootedat thatdecision
node,makingit a leaf node. It thenassignghe most-frequently-appearingjassof training
examplescoveredby the prunednodeto thatnode. For example,if the prunednodecovered
5 examplesof classA, and7 examplesof classB, thenthe prunednodewould be labeledwith
classB. If theprunedireedoesnoworsethanthe currenttree,it is used;otherwisethecurrent
treeis kept. At ary iterationtherecouldbe severalpossibleprunedtreesthatdo no worsethan
thecurrenttree;in this casethe methodpicksthe prunedtreethatmostincreaseshe accurag
over the validationset. The ideabehindthis implementationis thatwhile the algorithmmay
befooledby noisein thetrainingset,thatsamenoiseis unlikely to be presenin thevalidation
set.As Mitchell (1997)notes this methodworkswell with large amountsof trainingdata,but
will furtherreducealreadysmalltrainingsets.As we're dealingwith averyrareclass splitting
the training datamight eliminatevital positive examples;it would be too easyto eliminate
a subclasf the tamget classby removing just a few examples. Thus,we caneliminatethis
approactrom our consideration.

Anotherimplementationis that usedin C4.5 (Quinlan, 1993), called rule post-pruning
Insteadof pruningthe decisiontree, Quinlan rst corvertsthe decisiontreeinto a conjunc-

tion of rules; aswe mentionedearlief ary decision-treemodelcanbe representeédssucha
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conjunction;however, Quinlan makesthis transformatiorexplicit. He doesso by creatinga
conjunctie rule for every paththroughthe tree. From eachrule, he removesary condition
whoseremoval doesnot reducethe accurayg of the rule set. As above, if theres morethan
onepossiblepruning,the onethatcauseghe highestincreasan accurag is chosen.Oncethe
ruleshave beenprunedthey aresortedby their estimatedaccurag, andarethenappliedin this
orderduringclassi cation(Mitchell, 1997).

Therearetwo advantagedo this pruningmethod.First, transformingthe decisiontreeinto
a conjunctionof rulesallows the algorithmto take into consideratiorthe context within which
a particulardecisionnodeis used. Within one path,a decisionnodecould be vital, whereas
within anotherpath, the samedecisionnode could be utterly irrelevant. Becausethe paths
are cornvertedinto rules,the algorithmcanremove the nodewithin the contect in which it is
irrelevant,while leaving it in the context in whichit is vital. Reduced-erropruningcouldonly
distinguishwhethera nodewasrelevantto thetreeasa whole,andcanonly decideto remove
it from all pathsthat go throughit, or from none. Second by corverting the pathsto rules,
this methodremovesthedistinctionbetweerndecisionghatoccurneartheroot of thetree,and
thosethat occurnearthe leavesof the tree. This hastwo consequenceswhile within atree,
onewould almostnever remove a nodeneartheroot, becausét hasa large effect on thetree
asawhole,within arule onemightremove suchanode,becausé mayhave little or no effect
within the context of thatrule; andbookkeepingis mademucheasier becauseneno longer
hasto remove all thenodesbelov aremovednode.

Asidefrom pruningrulesinsteadof thedecisiontree,anotherifferencebetweerrule post-
pruningandreduced-erropruningis the methodby which accurag is estimated.Insteadof
usinga validationset, rule post-pruningusesthe training datawith a pessimisticestimateof
accuray. It calculatesthe accurag of a rule over the training examples,and the standard
deviation of thataccurag, assuminga binomial distribution. It thensubtractghe latter from
the former Becauseof this, for large datasets,the estimatedaccurag will be closeto the

obseredaccurag; but, for smallerdatasets,the estimatedaccurag will be furtherfrom the
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obseredaccurag. Thus,rulesthatcoveronly a few positve exampleswill have a very low
estimatedaccurag andare morelikely to be pruned. While normally this is preciselythe
behaior thatyou'd want—pruningrulesthatcover only afew exampleswith highaccurag in
favor of rulesthatcover a numberof exampleswith someavhatlessaccurag—in a casewith
rareclassesary goodruleis likely to cover only a few exampleswith highaccurag. A model
with several low-coverage high-accurag rulesmight be preciselywhatwe'd wantin sucha
case.

Thus, while rule post-pruningmight work, at leastin somesituations,it seemsthat we
might be bettersenedby modelingtherule setdirectly. With thatin mind, let's take alook at

ruleinduction.

Rule-induction methods

As mentionedpreviously, both decision-tree-constructiomethodsand rule-inductionmeth-
ods build modelswhich can be describedby a set of conjunctve rules. A decision-tree-
constructiommethoddoessoby searchinghe hypothesispaceof decisiontrees.In contrasta
rule-inductionmethoddoessoby directly searchinghehypothesispaceof setsof conjunctve
rules(Mitchell, 1997).

Therearetwo methoddor rule induction: speci c-to-generalandgeneral-to-speci cThe
formerisn't tractablefor high-dimensiordatasetsandsomostalgorithmsusethelatter (Agar
wal and Joshi,2000). The mostcommonmethodfor general-to-speci aule inductionis a
methodcalledsequentiakcovering (Agarwal andJoshi,2000;Mitchell, 1997),which we will
now describe.

Borrowing from Mitchell (1997),we will rst describea subroutinecalled LEARN-ONE-
RULE. This subroutineacceptsa setof positive andnegative training examples,andoutputsa
rule that coversmary of the positve exampleswhile covering few of the negative examples.
This rule musthave high accurag—mostof the examplesit coversmustbe positive—hut not

necessarihhigh coverage—itis allowedto cover only a smallnumberof examples.
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Onepossibleimplementatiorof LEARN-ONE-RULE, againtakenfrom Mitchell (1997),is
asfollows: begin with atrivial rule that classi esall examplesaspositive. At eachiteration,
try all of the possibleattribute tests,andpick whichever one mostimprovesthe performance
measurever thetraining data. Repeathis until the rule hasreachedan acceptabhyhigh level
of accurag. Notethatthisis a greedygeneral-to-speci searchthroughthe spaceof possible
conjunctie rules. Thereis no backtrackingsoit is possiblethat a suboptimalchoicewill be
madeduringthe search Most rule-inductionmethodsusesomevariationof this approach.

Sequentiakovering is the methodby which the hypothesisspaceis searched.It works
asfollows: rst, thetraining setis fed into LEARN-ONE-RULE, which returnsa single high-
accurayg rule. Next, the examplescoveredby this rule areremovedfrom thetraining set,and
the new training setis againfed into LEARN-ONE-RULE. This processs repeateduntil the
modelhasachiezeda satishctoryoverall accurag, or until thereremainno positive examples
not coveredby anexisting rule. This is oneof the mostwidespreadapproacheto learninga
setof rules(Mitchell, 1997).

Sowhy s arule-inductionapproactsuperiorto adecision-tree-constructi@approach®ne
mightexpect,givenMitchell' s statementhatdecisiontreesmaybemoreeffective whendatais
scarcethatadecision-tree-constructianethodwould beabetterapproachHowever, asJoshi
(2002) points out, a decision-tree-constructiomethodis evaluatedby how well it separates
the two classesthe target classandthe non-taget class. Thisis ne if the signaturefor the
targetclassis very pure,but thisis oftennot the casefor rareclassesRule-inductiormethods,
on the otherhand,areableto simply focusin on thetargetclass. This givesusthe ability to
control the recall and precisionof the algorithmin a way thatis not possiblewith decision-

tree-constructiompproachesrThisis particularlyimportantin the caseof rareclasses.

Rare classesre still hard

While sequentialcovering is a betterapproachto building a modelto classify rare classes

than constructinga 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(Holte etal., 1989).

A smalldisjunctis onethat correctlyclassi esonly a few training cases.They aremuch
more errorpronethanlarge disjuncts(Holte et al., 1989). However, they collectively cover
a signi cant percentag®f examples,andthuscannotsimply be ignored(Weiss,1995). This
is particularly true when dealingwith rare classeswhereeven a few missedexamplescan
leadto a far lower recallfor a particularclass. Unfortunately becauseherearefew positive
training examples,a rare classtendsto engendersmall disjuncts—becaustherearent that
mary examplesto begin with, arule targetingarareclassprobablywill correctlyclassifyonly
afew trainingcasesevenif it is highly accurate For example,if thereareonly 10 recordsin
classA, outof perhapsatotal of 1000recordsarule R which predictsA andcovers4 of those
examplesandno otherexamplesis highly accurateandcoversa signi cant percentagef the
examplesof classA, but is still a smalldisjunct. To make mattersworse,sequentiatovering
removessomeof thosealready-fev examplesat eachiteration(Weiss,1995;Joshi,2002).

We shouldtake amomentto distinguishbetweererrorsin amodel,anderrorsin adisjunct.
In bothcasesanerror is amisclassi edrecord.However, while in a modelthis refersto both
falsepositvesandfalsenegatives,in a disjunctit refersonly to falsepositives. Thisis because
adisjunctclaimsonly thatif arecordsatis esit, thatrecordwill bein the classit predicts.It
makesno claim aboutrecordsthatdo not satisfyit.

Weiss(1995)givesseveralreasonsvhy smalldisjunctsareproneto errors:

Bias Inductivebiasis the policy by which a machinelearningalgorithmgeneralizedeyond
thetraining examplesit is given (Mitchell, 1997). Holte et al. (1989)found thatbiases
thatwork well for large disjunctsdo not work well for smalldisjuncts.In particular the
“maximum generality”bias, which stateshatan algorithmshould nd the maximally-
generaldisjunctthatmatchesa particularsetof trainingexamplesandno others,works
very poorly for small disjuncts. Holte insteadsuggestsa “selectve speci city” bias,

which, afterdecidingto createa disjunctthatmatches setof exampleswould thende-
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cidewhatsortof biasto useto pick betweerpossibledisjunctsmatchingtheseexamples.
Unlike the otherfour problemswhich we mentionbelow, biasis nota probleminherent
to datacontainingrareclassesbut insteadis a consequencef usingmethodsdesigned
to learnmodelsthat classifyfrequently-occurringlassego attemptto learnmodelsthat

classifyrareclasses.

Attrib ute noise Attribute noisechangeshe valuesof the attributesof the records. This can
have differenteffects, dependingon whetherit is introducedinto the testingsetor the
trainingset.If it isintroducednto thetestingset,it cancausaecordgo bemisclassi ed.
With rareclassesevenafew suchmisclassi cationscanhave alarge effect ontheaccu-
ragy of themodel. Worse,if it's introducedinto the training set,it cancausethe wrong
modelto be learned. This is particularly problematicwhen dealingwith rare classes;
sincethereare only a small numberof examplesof a rareclassin the rst place,even
afew suchtransformationgancausethe tamget classto be overwhelmed.For example,
imaginetherearetwo classesM andN, which differ on a singlebinaryattribute: M has
thevalueO for attribute A, andN hasthevaluel. If thetwo classesareapproximately
the samesize,thena bit of attribute noisechangeghingsvery little. However, imagine
thatexamplesof classN occurover one hundredtimes morefrequentlythanexamples
of classM. Evenif just a small percentagef the N exampleshave their valuefor A
transformednto O by noise,therecouldwell endup beingmoreN-classexampleswith
thatvaluethanM-classexamples.In sucha case,a machinelearningalgorithmwould
learnto classifyexampleswith M's signatureasN. Generalizatiorcanexacerbatehis
problem,sincethey oftenwork by remaoving the distinctionbetweentwo signaturesand
thenclassifyingboth aswhichever classoccursmorefrequentlyin the recordswith the
now-indistinguishablesignaturesWhile we do not have to dealwith noisebeingintro-
ducedinto our systemtheattributeswe usearenoisyby the natureof our data;thus,this

will bea problemfor us.
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Missing attrib utes Whenan attribute is missing,two recordsthat would normally be easily
placedinto two different classesmay insteadappearto be the same. If this happens
duringtesting,the systemwill haveto guesssomehaw. If it happensluringtraining,the
modelwill learnto classify suchrecordsby whichever classappearsnore frequently;
in the casewherethe tamet classis rare, this likely will be the non-taget class. We
encountethisin ourlatentsemantiandexing measuresomeof thetextual unitscontain
noindexing terms,andthuscannotbe comparedo othertextual units. We'll discusghis

furtherwhenwe describeour experiments.

Classnoise Classnoisecauses recordto be mislabeled.The problemsin this situationare
similar to thosecausedoy attribute noise. In our particularcase this could ariseif an

annotatomisseda paraphrase.
Training setsize Weiss(1995)states:

Trainingsetsizealsohasanimpacton learning.Rarecaseswill have ahigher
error rate than commoncasessincethey arelesslikely to be foundin the
trainingset. Thesmalldisjunctswill tendto bemoreerrorpronebecausé¢hey

cover fewer correctcaseghanlargedisjuncts.

We areuncertainasto why Weissbelievesthis will necessarilycausesmalldisjunctsto
bemoreerrorprone(althoughonereadeisuggestetdias). However, we'd lik eto addthat
this certainlymakesthemodelcontainingthe smalldisjunctsmoreerrorprone.Because
smalldisjunctscoveronly afew positive examplesjf therearealot of positive examples
in the populationthatarent in your sample(or if you stopthelearningalgorithmearly,
althoughthis is nota concernin our case)jt's far morelik ely thattherewill bepositive
examplesin thetestingsetthatarenot coveredby ary of the smalldisjuncts.This leads
to a highererrorratein a modelwith small disjunctsthanin onewith large disjuncts.

Therecouldevenbe positve examplesthatappeaiin the testingdatathatdo not have a
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similar signatureo anythingin thetrainingdata,and,because¢heclassis rare justafew

suchexampleswould leadto a dramaticallyhighererrorrate.

The secondpotentialproblemis identi ed by Agarwal andJoshi(2000)andJoshi(2002)
asthe problemof splintered positives This problemariseswhenthe signaturefor the target
classis a compositeof attributesthatindicatethe presenceof the target class,and attributes
thatindicatethe absencef the non-tagetclass. Sincewe're dealingwith paraphrasem this
thesis,let us consideran examplein thatdomain:imaginethatwe have a numberof pairsof
sentencegnostof which have nothingto do with oneanother On the otherhand,a few pairs

of sentencewiill look like this:
a. Theelephansitting onthedockwasvery large.
b. Theelephansitting onthedockwashuge.

It wouldthusseenthatahighlexical similarity betweera pairof sentencesouldbeagood
indicationof the presencef our target class. However, remembeitthat earlierwe mentioned
the multi-modality of classesAlthough pairsof unrelatedsentencemake up a large subclass
of the non-taget class,therealso could be a subclasghat containspairs of sentencesvith

oppositemeaningsThis subclassnight containsuchpairsas:
a. Thehorseranpastthe barnwasvery large.
b. Thehorseranpastthe barnwasvery small.

Likethe rst pair, this pairwould have avery highlexical similarity. However, clearlyit is not
a paraphraselnstead,we needsomeotherattribute, suchasthe presenceof an antorym, to
indicatethe presencef thenon-tagetclass.

We shouldemphasizehatthe problemis not that an algorithmusingsequentiatovering
couldnt createa modelthat accountedor the presenceof suchan attribute; the problemis
with how it would do so. Becauseof its high accurag constraints,a sequentialcovering

approachwould re ne its currentrule, addinganotherconjunctive conditionto it (in the case
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of our example,it mightre ne therule “HIGHLEXICALSIMILARITY PARAPHRASE” to
“HIGHLEXICALSIMILARITY ANTONYM PARAPHRASE”). However, if the current
rule didn't cover very mary negative examples,the algorithm might not correctly learnthe
signatureof thenon-tagetclass—thedditionalconditionmightonly applyto thefew negative
examplescoveredby therule, insteadof to the non-taget classasa whole—andagainwe'd
endup with generalizatiorerror (Joshi,2002).

For prevalent classesthesetwo problemsare not very likely to arise. During its early
iterations,the algorithmis likely to discover rulesthat cover large numbersof positive exam-
ples,which meanghatthe problemof smalldisjunctswill only arisein lateriterations,when
less-signi cantrules are discovered;thesecan simply be dropped. In addition, becausehe
early-discoeredruleswould cover mary positve examplestheruleswhich hadto bere ned
to accounfor thepresencef anon-tagetclasswould cover alarge numberof negative exam-
plesaswell; if they did not, their accurag would be high enoughthatthey would not needto
bere ned. Thusthe problemdescribedn the previousparagrapiwould be avoided.

However, for rare classesit is incredibly likely that both problemswill occur For one
thing,therearent very mary positive examplego begin with, sotheproblemof smalldisjuncts
will pop up very early, evenin the mostsigni cant rules. For anothey the signaturesf rare
classedendto be very impure,andbecausef the high accurag constraintsthe sequential
coveringmethodis likely to createa large numberof very detailedrulesthat cover very few
examples.

Becausen mostsituationsparaphrasewill berarephenomenasequential-ceeringrule-
induction machine-learninglgorithmsare not very usefulto us. Fortunately Agarwal and
Joshihave developeda rule-inductionmachine-learninglgorithmcalledPNrule(Joshi,2002;
Agarwal andJoshi,2000;Joshietal., 2001)meantspeci cally to modelcasesvherethetamget
classis rare. Althoughthey hadin mind more systems-orientedsessuchasdatamining for
network-intrusiondetection(Joshietal., 2001),we believe PNrulecould be equallyusefulfor

caseswithin computationalinguisticswhereoneis trying to modelrare phenomenasuchas
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paraphrasesiNe describePNrulebelow.

2.5 PNrule

PNruleuseswo innovationsto dealwith the problemof modelingrareclassestwo-phaseule

induction,anda scoringmechanism.Two-phaseule inductiontakesthe placeof sequential
covering asthe methodby which the modelis built, while the scoringmechanisms a post-
processingstepthat addsadditional e xibility to the model. We will discussboth of these

innovations,beginningwith two-phaseule induction.

2.5.1 Two-phaserule induction

Agarwal andJoshis hypothesiss thatsequential-ceeringalgorithmshave the problemsmen-
tionedabove becausehey attemptto achiese both high recallandhigh precisionat the same
time. While this works well whenthe target classis prevalent,it doesnot work aswell in
situationswherethetargetclassis rare,for thereasongnentionedreviously. Their solutionis
to modeltheclassin two stagesin the rst stagethey attemptto obtainhighrecall,andin the
secondthey attemptto obtainhigh precision(Joshi,2002).

In orderto understanthesestagesit' simportantto understantivo conceptsrule-accuilacy
andsupport Let ussaywe have arule R. A rule, asmentionedabore, hasa setof conditions
onsomesetof attributes.If theattributesof a particularrecordmeetthe conditionsof thatrule,
thenwe cansaythatthe recordsatis esthoseconditions. Eachrule predictsthatthe records
that satisfyits conditionswill be of a particularclass. Now, let therebe sometrainingsetT,
letS T bethesetof recordghatsatisfyR s conditionsandletS  Sbethesetof recordsn
Sthatarefrom the classthatR is trying to predict. Thenthe supportof Ris S, andtherule-
accurag of Ris S S. In otherwords,supportis the numberof recordsthata rule covers,
whereasule-accurag is the percentagef therecordscoveredby therule's conditionsthatare

in theclassthattherule predicts(Joshi,2002).
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Now thatwe've de ned thesetwo terms,we canexplain thetwo stages.The rst stageis
calledthe P-stageandtherulesdiscoveredwithin it arecalledP-rules.In someways,it works
muchthe sameway assequentiatovering: at eachiteration,arule is formed,andtherecords
coveredby thatrule arethenremovedfrom considerationHowever, insteadof simply usinga
high-accurag constraintP-rulesarediscoveredusinga tness functionthatbalancesccurag
with support. This leaves us with more false positives (and thus lower accurag) thanin a
sequential-ceering algorithm, but without rulesthat cover only a tiny numberof examples.
Theideais thatin this stagethealgorithmshouldmaximizerecallat the expenseof precision,
upto acertainpoint.

Thesecondstages calledthe N-stage andtherulesdiscoveredwithin it arecalledN-rules.
This stageoperate®ntheunionof the setsof recordscoveredby the P-rules.The point of this
stagas to learnrulesthatwill remove someof thefalsepositivesfrom thelaststagethatis, the
N-rulespredictthe absencef thetargetclass.The problemis thattheserulescanalsoremove
true positives; Agarwal and Joshicall this introducingfalse negatives(Joshi,2002; Agarwal
and Joshi,2000). Aside from the fact that the training dataare now the recordscoveredby
the P-rules,andthat the target classis now in effect the non-taget class,the N-stageworks
basicallythe sameway the P-stagedid. Theideais thatin this stage,the algorithm should
attemptto maximizeprecision.

Eachstagecanbethoughtof asanouterandinnerloop. Theinnerloop nds thebestrule
it can,accordingo someevaluationmeasurandinput parametersTheouterloop looksatthe
rule producedby the innerloop, and,againaccordingto certainparametersgecidesvhether
or notto addit to the setof rulesin the model. Eachof the four loopshasits own criteriafor

stopping.We'll referto theinnerloop as“re ning rules”,andthe outeras“addingrules’

Re ning rules

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

typesof attributes:categyoricalandcontinuous Givena cateyoricalattribute Acz andavaluey,
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PNruleallows for two conditions:Acz VvVandA.z V. For acontinuousattribute Acor and
two valuesyl andvr, wherevl vr, PNruleallowsfor threeconditions:Acort VI, Acort VI,
andvl Acor  Vvr. A ruleis aconjunctionof theseconditions.

The re nement stepworks much like the function LEARN-ONE-RULE describedin the
sectiononrule-inductionmethodsit is fed atraining setof examplesandreturnsthe bestrule
it can nd accordingo someevaluationmetric. In boththe P-stageandthe N-stagere nement
worksthe sameway, with the exceptionof the stoppingconditions.Beginningwith the empty
rule, at eachiterationthe algorithmcreatesa setof potentialre nementsby, for eachpossible
condition,conjoiningthecurrentbestrule to thatcondition.Eachof thesepotentialre nements
is scoredby theevaluationmetric,andthenthealgorithmdecidesvhetherto replacehecurrent
bestrule with thebestof there nementsaccordingo certaincriteria,whichwe discusshelow.

Any evaluationmetric will be calculatedusing the training data. However, in orderto
improve the reliability of the evaluationmetric, the training datacan be split randomlyinto
two sets—inthis case,the metric is calculatedon eachof the sets,andthe minimum of the
two valuesis used.Thecriterionfor whetheror not this happengelieson the input parameter
MinCExamplesToSplit. If the numberof target classexamplesin the original training setis
greaterthanthis parameterthe metricis calculatedn this fashion.Theideais thatif therule
really doesdo a goodjob of discriminatingbetweenthe classesit shoulddo soin ary large
sampleof the data,andthatthus,testingon two randomsetsof the datawill help avoid the
problemof tting to noise.If therearenotenoughtargetclassexamplesn theoriginaltraining
set,the evaluationmetricis simply calculatecbver all of thetrainingdata.

For eachstagetherearedifferentcriteriafor acceptinghere ned rule. Thesealsofunction
asstoppingcriteria: oncea potentialre nementis not acceptedthe algorithmstopslooking
for new re nementsandreturnsthe currentbestrule. The stoppingcriteriaaredeterminedyy
parametersmputby theuser

For the P-stagethe relevantinput parameteis MinSupFractionP, which is somevalue

betweerD and1l, inclusive. To understandhow this stageworks,let uslook at Figure2.3. The
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Figure2.3: Rulere nementduringthe P-stage

algorithmbegins with the emptyrule. It createsa setof potentialre nementsand nds the
bestone,asdescribedabove. It thenchecksto seewhetherthe re ned rule hashigh-enough
support—theule musthave a supportvalueof at leastMinSupFractionP ntc, wherentc is
the numberof trainingexamplesthatarein thetargetclass.If the supportis not high enough,
the potentialre nementis rejected,andthe algorithmstopsre ning therule. Otherwise the
algorithmchecksto seewhetherthere ned rule is higherscoring,accordingto the evaluation
metric,thanthe currentbestrule. If it is not,there ned rule is rejectedandre nementstops.
Otherwisethere ned rule becomeghecurrentbestrule, andthe procesdeginsagain.

For the N-stage therelevantinput parameteis MinRecallN.® Figure2.4is anillustration
of rule-re nementin this stage As we canseefrom theillustration,it is very similarto therule-
re nementprocessn the P-stage.To seethe differencejook at the diamondjust beneattthe

stepwherethebestre nementis found. In Figure2.3,thiswasthepointatwhichthealgorithm

8This parameteis notlistedin Joshi(2002). However, the descriptionof the N-stagein Joshi(2002)suggests
thatthis parameteis necessary
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Figure2.4: Rulere nementduringthe N-stage

checledto seewhetherthe supportof the re ned rule washigh enoughiif this criterionwas
not met, the re nementwasrejected,while if it wasmet, the algorithmthenchecled to see
if there ned rule washigherscoringthanthe currentbestrule. In this stage,the algorithm
checksto seewhetherthe modelincluding the re ned rule hasa high-enouglrecall—higher
thanMinRecallN. If this criterionis met,then,like in the P-stagethe algorithmgoeson to

seewhetherthere ned rule is higherscoringthanthe currentbestrule. However, if it is not

met,there nementis acceptedand,settingthecurrentbestrule to there ned rule, theprocess
startsagain.

To understandhis differenceremembethatan examplecoveredby anN-rule is not cov-
eredby themodel.If therecallof themodeldropstoo low in the N-stagejt meanghe current
N-rule coverstoo mary positive examples.The moreconditionsoneaddsto arule, the fewer
exampleghatrulewill cover. Thus,by re ning anN-rule,thealgorithmcanincreaseherecall

of themodel.
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Figure2.5: Adding new P-rules

Adding rules

Likerule-re nementthis processs virtually identicalfor the P-stageandthe N-stage put with
differentstoppingconditions. Startingwith no rules, at eachiterationa new rule is obtained
from the re nementfunction. Dependingon the stage differentinput parametersletermine
whetherthe new rule is addedto the model,or whetherthe currentstageshouldend. As with
sequentiatovering,whenererarule is addedo themodel,all recordscoveredby thatrule are
removedfrom thetrainingset.
For theP-stagetherearetwo relevantinputparametersMinCoveragePandMinAccuracyP.

Theprocesss illustratedin Figure2.5. The algorithmbeginswith anemptyrule set,and,us-

ing therule-re nementfunction, nds the highest-scoringpotentialrule. It rst checksto see
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Figure2.6: Adding N-rules

whetherthe currentsetof rulescover atleastMinCoveragePexamples.If they donot,it adds
the potentialrule to the rule setandgoesonto nd the next best-scoringpotentialrule. This
allows the userto choosethe minimum recall for the P-stage.If the rulesdo cover at least
MinCoveragePexamples the algorithmchecksto seewhetherthe accurag of the potential
rule is greaterthanMinAccuracyP. If it is, it addsthe potentialrule to the rule set,andgoes
onto nd thenext best-scoringotentialrule. If it doesnot, it stopsaddingrulesto the setand
exits the P-stageThus,in this stagethealgorithmaddsP-rulesuntil aminimumrecallis met,
andthenonly addsfurtherP-rulesif they meeta particularaccurag constraint.

For the N-stagetheres only oneinput parameterMaximumLengthincr eas€. As canbe
seenin Figure2.6,the procesof addingN-rulesis very similar to thatof addingP-rules.The
differenceis thatinsteadof having two conditionswhich could leadto a potentialrule being
addedo theset,thereis only onecondition: would theadditionof thepotentialN-rule increase

the minimumdescriptionlengthof the modelby morethanMaximumLengthincr easé If it

Again, this parametewasnotlistedin Joshi(2002),but seemedhecessaryo thealgorithm.
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would not, the potentialrule is addedto the rule set. Otherwise the algorithm stopsadding
rulesto the setand exits the N-stage. The minimum descriptionlength of the modelis the
numberof bits it would take to encodethe model, plus the numberof bits it would take to
encodethe errorsmadeby the model. Using this asa stoppingcriterion allows the algorithm
to tradeoff betweenthe modelcomplity andthe numberof errors. A high valuefor this
parametemeanghatthe algorithmis allowedto adda lot of compleity in orderto remove a
smallnumberof errors;alow valuemeanghe algorithmcanonly addcomplity if in doing

soit removesalarge numberof errors.Notethattoo high a valuewould leadto over- tting.

Evaluation metric

As mentionedabore, rule re nementin both stagegelieson someevaluationmetricto deter
mine whethera re nementis animprovementover 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 thatrule, andthe
accurag of thatrule. Naturally, a rule with high supportandhigh accurag shouldbe givena
high scoreby the metric. Joshi(2002) notesthatthereareseveral possiblemetrics,including
Gini index, informationgain,gain-ratio,andchi-squarestatistics. However, the onethatAgar-
wal andJoshide ne, andthatwe implement,is calledZ-number andis basedon the z-testin
statistics.

Let therebe somerule R, with accurag ar andsupportsg. Let S bethe currenttraining
data(which, asmentionedearlie; changeover eachiteration)andlet S  Sbethe examples
in Sthatarein the tamget class. Thenac % would be the meanof the tamget classwere
it normally distributedand centeredat the rate achiezed by randomguessing.Sincethis is a
binary problem,sc ac 1 ac givesusthe standardieviation of thetargetclass.Using

this, theZ-numberis:
Zn SRar dac
Sc

Therearetwo thingsgoingonin this measureFirst, it' s measuringhe numberof standard
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deviationsthe meanof the rule is away from the meanof the target class. A large positive
Z-numberindicateshattherule predictsthe presencef thetamgetclasswith high con dence,
while alarge negative Z-numberindicatesherule predictsthe absenc®f thetamgetclasswith

high con dence. Secondthe Z-numberis weightedby the squareroot of the rule's support.
Thisgivespreferenceo ruleswith high supportandalsoallowsfor theaccurag/supportrade-

off mentionedearlierin this thesis.

2.5.2 Scoringmechanism

The secondimportantinnovation in PNruleis the scoringmechanism.Without the scoring
mechanismthe modelwould simply predictthat a recordis in the target classif it satis es
the conditionsof someP-rulewhile satisfyingnoneof the N-rule conditions.However, recall
thatthe N-rulesweretrainedon the unionof theexamplescoveredby the P-rules.Thus,while
we have a goodsenseof the effect an N-rule hason the overall numberof falsepositves,we
do not have ary senseon how well it workstowardsremaoving the falsepositvescausedy a
particularP-rule.Let'sassumeave have a P-ruleandtwo N-rules.OneN-rule doesanexcellent
job of remaving the typesof falsepositivesthe P-rule causesthe otherdoesnot. It standso
reasorthata recordthatis coveredby the conditionsof the P-ruleandthe rst N-ruleis less
likely to bein thetargetclassthanonethatis coveredby the conditionsof the P-ruleandthe
second\-rule.

Furthermoreit' s possiblethatfor a particularP-rule,a particularN-rule introducesa large
numberof falsenegatives.If onecouldgive sucha P-rule/N-rulecombinatioralow scoreone
couldrecoverthosefalsenegatives.

Thus,Agarwal and Joshidevelop a scoringmechanisnthat estimateghe posteriorprob-
ability of a recordbelongingto the target classgiven the particularP-rule andthe particular
N-rule it satis esthe conditionsof, andassignsa scoreto eachrecordaccordingly The algo-
rithm thendeterminesa thresholdth, wherea recordis in the tamget classif its scoreis th,

thatmaximizeshe F; score.
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Figure2.7: Assignmenbf accurag scoredo P-rule/N-rulecombinations.

In orderto understandhe scoringmechanismit' s bestto think of the original modelasa
forestof trees,with eachtree correspondingo a P-rule. Thesetreesareorderedin the same
orderthe P-ruleswereoriginally discovered from mostto leastsigni cant. Givenarecord,we
attemptto apply eachP-ruleto it in order If noneof the P-ruleconditionscanbe successfully
matchedthentherecorddoesnot belongto thetargetclass.

Let's assuméhereexists a P-rulefor which the conditionscanbe, however, andlook at
the correspondingree,illustratedin Figure2.7. This gure requiresabit of explanation.The
root of the treeis labeledwith the accurag of the P-rulebeforearny N-rulesareapplied,and
with the numberof positive andnegative examplesit covers. Like the P-rules,the N-rulesare
orderedrom mostto leastsigni cant. Thecircle nodesrepresentheaccurag of theexamples
that have not hadtheir classi cationsdetermined:they are coveredby the conditionsof the
currentP-rule,but it is unknovn whetheranthe conditionsof anN-rule will alsocover some
of them. The squarenodesrepresenthe scoresassignedo examplesthatarecoveredby the

conditionsof a particularP-rule/N-rulecombination,or, in the caseof the bottomright-most



CHAPTER 2. BACKGROUND 29

node,the conditionsof a P-ruleandnot of ary N-rule. We usetwo differentshapedgor these
nodesto highlight the fact that the valuesin the inner nodesrepresenthe accuracy of the
recordscoveredby thatnode,while the valuesin the leaf nodesrepresenthe scoresassigned
to thoseleaf nodes;we will explain the distinctionfurther belov. The squarenodesarealso
labeledwith anN-rule andthenumberof positve andnegative exampleghatthe conditionsof
boththe P-ruleandthe N-rule cover.

Our eventualgoalis to assigna score,within therangeof 0 1, to eachof theleaf nodes.
This scorere ects the model's con dencethatthe recordthatreacheghatnodeis within the
targetclass. In orderto calculatethis con dencemeasurewe rst haveto nd the accurag
at eachof the inner nodes. In orderto understanchow this is done, it is importantto rst
understandvhathappensaswe descendhetree. We canthink of eachlevel of thetreeasthe
applicationof a particularN-rule. We begin with all of the recordscoveredby the P-rule. We
apply eachN-rule in turn, removing someof the recordswhile othersremain. In Figure2.7,
theremovedrecordsendup in theleft branche®f thetree,while thosethatremainendup in
theright.

Thus,we labeltherootnodewith theinitial accurag of theP-rule, S S—in otherwords,
thenumberof true positivescoveredby the conditionsof the P-ruleoverthenumberof records
coveredby the conditionsof the P-rule. Every time an N-rule is applied,someof the false
positivesare removed, alongwith someof the true positives. This changeghe accurag of
the setof recordsthat remaincovered—werecordthis accurag in the right-branchingchild
nodeof thecurrentinnernode.We simply repeathis processuntil all of theN-ruleshave been
applied.

In orderto assigna scoreto eachof the leaf nodes,we want to take into accountthe
accurag, not of all the N-rules, but insteadof only thoseN-rules that are signi cant with
regard to the currentP-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 passeshesetwo criteria, we useits accurag asthe score
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for the leaf node. This is what occursfor both N2 andN4 in Figure2.7. If it doesnot pass
thesetwo criteria,we usetheaccurag of its parentinnernode.

The ideabehindMinSupportScore is fairly simple. Basically in orderfor an N-rule to
causea signi cant differencein theaccurag of a P-rule,its conditionsmustcover somemin-
imum numberof records.For instancejn mostcasesan N-rule whoseconditionscovereda
singlerecordwould not make muchdifferenceoneway or the otherin the accurag of the P-
rule. This minimumnumberis setthroughMinSupportScore. We canseethisin Figure2.7:
N1 coversonengjative exampleandno positve examples andthushasa supportof 1, which
is lessthanthe MinSupportScore of 3. Thus,insteadof usingits own accurag, which would
be0, asthescore we usetheaccurag of its parentwhichis 0 6. In additionto this parametes
effectsonindividual leaf nodesjf atarny pointthe supportof oneof theinnernodesdropsbe-
low 2 MinSupportScore, all leafnodesbelow it areassignedheaccurag of its parentnode.
This helpsto preventthe scoringmechanisnirom tting to noise.

The useof the secondparameterMinZ , is alittle more complicated.In orderto under

NP an ap

standit, we have to introducea slightly differentversionof the Z-number: Z, Sp

an is the accurag of the currentN-rule, ap is the accurag of its parentdecisionnode,np is
the supportof its parentnode,ands ap 1 ap isthestandardieviation of therecords
coveredby theparentnode.If theabsolutevalueof theleafnodes Z-numberis atleastMinZ ,
thenit is signi cant with regardto the currentP-rule,andthusits accurag shouldbe used.
For an examplewherethe Z-numberis too low, however, look at N3 in Figure2.7. It cov-
ers 3 positve examplesand 1 negative example,so its supportis high enoughto satisfythe

MinSupportScore requirementHowever, its accurag is 0 75, whichis fairly closeto its par

15075 0734

entnodes accurag of approximately0 734. In fact, its Z-numberis ——M—
07341 0734

014,
considerabljessthantheMinZ requiremenbf 2.

Now thatwe have takenalook atexampleswherethe N-rule doesnot meetoneof thetwo
requirementslet uslook at an examplewhereboth of the requirementsre met: that of N2.

N2 covers1 positve and 3 negative examples,which givesit a supportof 4, soit passeghe
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19025 063
0631 063

which is higherthanour MinZ requiremenbf 2. Thus,N2 is assignedhe accurayg of the

MinSupportScore requirementlts Z-numberis 3 43,theabsolutevalueof
examplest covers.

We shouldalsotake a momentto clarify a point that may be confusing: for a nodecor
respondingo an N-rule, we are hopingthatthe accurag will be low—afterall, accurag is
basedon theratio of the numberof positive examplescoveredby therule to the total number
of recordscoveredby therule, andfor N-ruleswe wantthe formerto below. Thus,we want
alarge, negative Z-numberhere;it meanghatthe accurag of the N-rule nodeis muchlower
thanthat of its parentnode. The low scorethatthe nodewill thenbe accordedre ects the
low con dencethatthe modelhasthatthe recordscoveredby thatnodewill bein the tamget
class. This is alsowhy, if an N-rule fails the MinSupportScore or MinZ test,the accurag
of its parentis taken; if the N-rule isn't signi cant with regardto a speci ¢ P-rule,arecord
coveredby the conditionsof that P-ruleis aslikely to bein thetamget classwhencoveredby
the conditionsof thatN-rule asit is whennot covered.

However, thereis no guarantedhat the accurag of a P-rule/N-rulecombinationwill be
very low. While every N-rule shoulddo areasonablgob of remaoving falsepositivesfrom the
recordscoveredby the union of all P-rules,for a particularP-rule, a particularN-rule may
not only fail to remove mary falsepositives, but insteadmay remove mostly true positives.
This could leadto a situationwhereif arecordis coveredby the conditionsof a speci ¢ P-
rule/N-rule combination,it will have a higher chanceof beingin the target classthanif it
were coveredby the conditionsof the P-rulealone! This is why we careaboutthe absolute
value of the Z-number While we are hopingfor a large, negative Z-numbery it is important
to recognizeinstancesvherewe nd alarge, positive Z-numbeytoo. 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-ruleit coversnone;instead,
it covers4 positive examples giving it a supportof 4—higherthanthe requirement—anan

accuray of 1 0, higherthanthatof its parent(approximately0 727). This givesit a Z-number
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ofLﬂ 2 03, higherthanthe MinZ requirementWhile the nal resultof this—

07271 0727
rulescoveredby N4's conditionsendup with a higherscorethanthosecoveredby thoseof no
N-rules—seemsontraryto the expectedbehaior of P-rulesandN-rules,it's clearfrom this
examplethatit' simportantto recordthesescoresnonetheless.

Onedetailthat's beenleft out sofar, bothin the explanationandin the example,is thatwe
don't actuallyusethe accurag measuranentionedabove, but insteadadjustit usingadd-one
smoothing,giving us an accuray measureof % In orderto illustratewhy, let's imagine
thereare two rules, Ry and Ry, both with perfectaccurag. However, Ry covers5 records,
while Ry covers100records.Clearly, our modelshouldbe more con 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 atarny pointthepre-smoothin@ccurag of aninnernodeis perfect,
all of theleaf nodesbelow it aregiventhe sameaccurag asit. Thereasorfor thisis obvious:
if the P-ruleat thatpointis perfect,applyingary further N-ruleswould leadto a worse,or at
bestthesameyesult.

The resulting scoring mechanismconsistsof the thresholdth mentionedabove, and a
ScoreMatrix,which representghe leaf nodesof the treesmentionedpreviously. Let P

Py Pp bethe setof all P-rules,andlet N No Ny bethesetof all N-rules.
Thenentry i j intheScoreMatrixholdsthe scoreassignedo the combinatiorof rulesP, and

N;. Entry i N holdsthescoreassignedo rule B whenno N-rule applies.

Classi cation

At this pointwe have a setof P-rules, Py P , asetof N-rules, Ng N; , theScoreMa-
trix, andathresholdh thatmaximizesF;. We will explain,in brief, how arecordis classi ed.

First, remembethatthe P-rulesandthe N-rulesareorderedn termsof their signi cance.
Thatis, Py is abetterpredictorthanP;, whichis abetterpredictorthanP,, andsoforth. Givena

record,we rst try to applyeachP-rule,in order to therecord.If therecordfailsto satisfyary
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of the P-rules;it' sclassi edasnotbeingin thetametclass.If it doesmatchoneof theP-rules,
R, the algorithmthenchecksto seeif it satis esary of the N-rules. If it satis esoneof the
N-rules,N;j, it's assignedhe properscorefrom the ScoreMatrix,atentry i j . If it doesnot
satisfyary of theN-rules,it is assignedhescoreatentry i N 1 intheScoreMatrix.Either
way, its scoreis thencomparedo thethresholdh. If its scoreis atleastth, thentherecordis

classi edasbeingin thetametclass;otherwisejt is classi ed asbeingin the non-tagetclass.

What if the targetclassisn't rare?

Joshi(2002), Agarwal and Joshi(2000), and Joshiet al. (2001) have shavn that PNruleis
competitve with otherapproaches the normalclassi cationcase.Thus,if for somereason

paraphrasewerenotrarein the corporawe wereusing,we'd losenothingby usingPNrule.



Chapter 3

RelatedWork

In this sectionwe review sereralsystemsbothsupervisecaindunsupervisedhatdetectpara-
phrasesas part of their operation. Most of them (Shinyamaet al. (2002), Barzilay and Lee
(2003), Quirk et al. (2004))do soin orderto discover rulesfor rewriting text units; one of
them (Barzilay and Elhadad(2003)) detectsthem asits main function. We alsoreview the
PASCAL RecognizingTextual EntailmentChallengeasparaphrasings a type of entailment,

the systemsubmittedo this challengearealsoworth reviewing.

3.1 Shinyama,Sekine,and Sudo2002

Shinyamaetal. developeda methodto automaticallybuild paraphrasefor aparticulardomain
usingnews articlesfrom thatdomain. Their ideawasthatif two news articlesdescribedhe
sameevent, thenif a sentencdrom onearticle hadthe samenamedentitiesasa sentencen
the otherarticle, one of thosesentencesvaslik ely to be a paraphrasef the other They were
looking at news articleswrittenin Japanese.

Theiralgorithmworkedasfollows. They usedwo newvspapersFirst, they usedastochastic
information-retri@al systemdevelopedby Murataetal. (1999)to nd articlesfor a particular
domainwritten for a single newvspaper Then, they took the top 300 relevant articles, and

triedto nd articlesaboutthe sameeventin anothemewspaperThey did so,for eachrelevant

34
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article,by nding thesimilarity betweerit andeveryarticleavailablefrom theothernewspaper
Thenthey took the article with the highestsimilarity, assumingts similarity passed certain
threshold andpairedit with therelevantarticle.

To obtainthis similarity value,they rst taggedthe namedentitiesin eacharticle,usinga
simpletaggerthat taggedarny word not found in a dictionary of commonnouns. They then
useda similarity measuralevelopedby Papkaetal. (1999)for the purposeof Topic Detection

andTracking:

S aa cosWi W,

W TRW IDF w

fk Wi
Thcw; . lengh K
fow 05 15 lerdh
IDF 10 drw drw
W-
' logC 1

W, andW, arevectorscontainingelementszi anszi, for articlesa; anda, respectiely. Each
w; representa namedentity. fy w; is thenumberof timesw; appearsn articleax. df w; is
the numberof articlesw; appearsn atleastonce.lengh ay is thelengthof articleay, avgd
is theaveragedocumentength,andC is the numberof articles.

Oncethey hadthe article pairs, they ran an IE patternacquisitionsystem,developedby
SudoandSekine(2001),on eachof thearticles. This systemperformednamedentity tagging
anddependenganalysis.This gave it adependengtree,which it thenpicked pathsfrom to
createlE patterns.Shinyamaetal. usedthe patternghatare creatednorethanonce,andthat
containedatleastonenamedentity. An exampleof four IE patternscanbe seenn Figure3.1.

Next, they looked at eachpair of articlesand againtaggedthe namedentities, this time
using a statisticaltagging systemdevelopedby Uchimoto et al. (2000). They thenapplied
a morphologicalanalyzey Juman(Kurohashiand Nagao,1999),anda dependeng analyzey
KNP (KurohashiandNagao,1994),to eachof the sentencesThis outputa setof dependeng

treeswith thenamecdentitiestagged.They thenappliedthelE patterngo eachof thesentences,
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Figure3.1: An exampleof four IE patternspbtainedrom asinglesentenceThis examplewas

takenfrom Shinyamaetal. (2002).

droppingthe sentenceff therewasno match,and lling thevariablesof the matchingpattern
with the appropriatenamedentitiesif therewasa match.

Now thatthey hadpairsof similar articles,the authorswantedto nd thosesentencei
onearticlethatweresimilar to sentences theotherarticle. Again, they basedheir similarity
measureon namedentities, penalizingfrequentlyoccurringonesusingtf idf. This time,
however, insteadof looking for exact matchesthey looked for compagnble namedentities.
Whenlooking at the similarity betweenrarticles,it makessensdo useexactmatchedbetween
namedentities,asit' s highly likely thatthe sameentity will be namedn the sameway atleast
oncein botharticles.However, thisis notthe casewith sentencest' shighly likely thatevenif
the sameentity is namedjt will notbe namedn the samemanner For instancepnesentence
mayreferto a“Mr. Suzuki; while anothersentencenayreferto the samepersonas“Wataru
Suzuki? Theauthorsde nedtwo namedentitiesascomparabléf oneentity beganwith atleast
half of the beginning string of the other (this makessensdan Japaneseyherelastnamesare

printedbeforeary rst namestitles, etc.—ina Japanesarticle, our two sentencesvould've
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Figure3.2: An exampleof paraphrasextraction,takenfrom Shinyamaetal. (2002).

referredto the samepersonas“Suzuki-san’and“Suzuki Wataru”). Givena sentences; from

articlea;, andasentences, from articleap, their sentenceimilarity measurevasasfollows:

Ss1 & cosW; Wo
W TRw IDRcw
ThHw, fk Wi

G
IDF Wi log . fN
|

W, andW, arevectorscontainingelementszi anszi, for sentences; andsy, respectiely. w;
is, again,anamedentity. fx w; isthenumberof namedentitiescomparabldéo w; thatappear
in sentencey. dfy w; isthenumberof sentences article ay thatcontainat leastonenamed
entity thatis comparabldo w;. Cy is thenumberof namedentitiesin article ay.

The authorspicked as pairsary two sentencesvith similarity above a certainthreshold.
Recallthateachsentencédadat leastonelE patternassociatedvith it. If a patternassociated
with onesentencénadthe samenumberof comparablenamedentitiesasa patternassociated
with the other sentencethe two patternswere linked as paraphrases. An example of this
processanbefoundin Figure3.2.

In orderto testtheir algorithm, the authorsusedone year's worth of articlesfrom two
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JapanespapersMainichi andNikkei. They lookedat two domains:arrestevents,which they
de ned asarticlesaboutarrestingrobberysuspectsandpersonnehbffairs, which they de ned
as articlesaboutthe hiring and ring of executves. They managedo obtain 294 pairs of
articlesin the arresteventsdomain,and 289 in the personnehffairs domain. They thenran
the patternacquisitionsystem,andobtained725 patternsn the arresteventsdomainand157
in the personnehffairs domain. Using thesepatternsthey obtained53 arrest-gents-domain
paraphraspairsand83 personnel-dhirs-domaimpairs.

In orderto evaluatethe precisionandcoverageof theirmethodtheauthorsrst splitthelE
patternsinto clusters. Eachclustercontainedpatternsthat describedhe sameeventandthat
capturedthe sameinformation. If a clustercontainedonly a single pattern,that patternwas
dropped.This left the authorswith 393 patternsn 111 clustersfor the arresteventsdomain,
and129patternan 20 clustersfor the personneaffairsdomain.Recallthatat this point, some
of thepatterndhadbeenpairedwith others,andwereconsideregbaraphrasesf oneanotherin
orderto determingoprecision a pairingwasconsidereaorrectif bothpatternsverein thesame
cluster For thearresteventsdomain,this wastruefor 26 out of the 53 pairs,giving a precision
of 49%. For personneéffairs,it wastruefor 78 out of 83 pairs,which gave a precisionof 94%.

In orderto determinecoverage,the authors rst representedachof theseclustersasa
graph,with the patternsasnodesandtheir pairingsasedges.ldeally, eachgraphshouldhave
beenconnectedthereshouldhave beena path betweenary two nodesin the cluster The
authorswvereableto getanestimationof coverageby looking atthenumberof edgesiecessary
to make thegraphsconnectedTheyde nedL &' ; s 1 astheadditionallinks necessary
to make the graphsconnectedwheres; is the numberof connecteccomponentsn clusteri.
Let p; bethe numberof patternsn aclusteri. ThenM &7 ; pi 1 is thetotal numberof
necessargdgedo make eachclustera completegraph. The authorsthusde ned coverageas
C 1 4. Forthearresteventsdomain,the authorsneededo add230new edgesto obtain
thenecessarg52edgedo make eachclusteracompletegraph,which gave thema coverageof

9%. For thepersonnetdomain,theauthorsneeded7 new edgedo obtainatotal of 109edges,
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Figure 3.3: Exampleof paraphras@atternsobtainedby Shinyamaet al. (2002),taken from
thatpaper

which gave thema coverageof 47%.

3.2 Barzilay and Lee 2003

Barzilay and Lee developeda methodto extract automaticallyparaphraseatternsfrom an

unannotatedorpus,andthento usethosepatternsto createnew paraphrasesSpeci cally,
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they looked at sentence-Mel paraphrasesyhich, asthey state,cannotbe constructedy sim-
ply combininglexical paraphrasedAs with Shinyamaetal., they werelooking atnews articles
aboutthe sameevent,althoughthey drew their articlesfrom two nevswire agenciesnsteadof
two newspapersThey claimthattheir methodallowedthemto extractparaphrasethatbearlit-
tle surfaceresemblanceo oneanother In addition,their methodallowedthemto acquiresome
paraphrasesom eachindividual corpus,althoughtheseparaphraselkadto be very similarin
structure.

The rst stepin their algorithmwasto clusterthe sentencesn the corpora. They began
by preprocessinghe sentencegeplacingall dates propernamesandnumberswith generic
tokens.Next, they did ahierarchicatomplete-linkclusteringusinga similarity measurdoased
ontheword n-gramoverlapof the sentencesTheideawasthatwithin a cluster the sentences
shoulddescribesimilar eventsandshouldhave similar structures.

The next stepwasto induce patternsthat could be usedto build paraphrasesFirst, the
authorscreatechword latticeby usingiterative pairwisealignmentonthesentencesThereis a
methodknown aspairwisemultiple-sequencalignmentthattakestwo sentenceanda scoring
functionthatgivesa similarity measurdetweernwo words,anddetermineshe highestscoring
way to transformonesentenceénto the other usinginsertions deletions andtransformations.
Iterative pairwisealignmentis an extensionof this methodto multiple sentencesFigure 3.4
containsanexampleof aword lattice.

Eachpaththrougha word lattice corresponds$o a sentence.Thus, usingthis lattice, the
authorscould createas mary sentencess the lattice had pathsthroughit, including some
sentencethatthey hadnot necessarilyseenbefore. For example,look at Figure 3.4. Two of

the pathsthroughthis lattice might correspondo sentencefoundin the corpus for instance:
a. A suicidebombemlew himselfup in the coastakesortof NAME on DATE killing

NUM otherpeopleaswell ashimselfandwoundingNUM more.

b. A Palestiniansuicidebomberblew himselfup in a gardencafe on DATE killing

himselfandinjuring NUM people.
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Figure3.4: An exampleof a a word lattice obtainedusingpairwisemultiple-sequencalign-
ment,andthe samédatticeafterpartsof it have beenreplacedy slots. This examplewastaken

from BarzilayandLee (2003).

By following partsof eachof thesetwo paths,we cangeta sentencesuchas: A Palestinian
suicide bomberblew himselfup in a garden cafe on DATE kiling NUM peopleas well as
himselfandinjuring NUM more.

However, therewasstill no way to usethis latticeto paraphrasa sentencehat contained
wordsnotin the lattice, evenif the structureandmeaningof the sentencevascloseto those
of the sentencesepresentetdy thelattice. The authorsneededsomeway to determinewhich
wordswere not vital to the structureof the lattice, but were insteadinstancef arguments.
Theauthorshypothesizedhatareasof largevariability within thelattice correspondetb argu-
mentsandshouldbereplacedwith slots whichcouldbe lled by ary instanceof anargument.

In orderto identify what partsof thelattice oughtto bereplacedy slots,the authorsrst
identi ed thosenodesthatwereclearly not arbitrary They calledthesebadkbonenodes and
de ned themasthosenodessharedby at least50% of the sentencesrom which the lattice
wasinduced.If oneof the backbonenodescontainedoneof the genericmarkersthey usedto
replacepropernamesgdatesandnumbersijt wasreplacedwith aslot.

Now thatthey hadidenti ed thebackbonanodestheauthorsvantedto distinguishbetween
variationscausedy synoryms,andthosecausedy aguments They wantedto preserethose
partsof the lattice causedy the former, while replacingthosecausedy the latterwith 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 nodewasinsertedafter that
backbonenode. Also, arny nodethat hadlessthans edgedeadinginto it wasdropped,under
theassumptiorthatit wasprobablyanidiosyncrasy

At this point, the authorspairedthe latticesby comparingthe slot valuesof cross-corpus
sentencgairsthatappearedn articleswritten onthe sametopic onthe sameday Thelattices
were pairedif the degree of matchingwas over a tunedthreshold. The similarity measure
washbasedon word overlap. It gave doubleweightto propernamesandnumbersandignored
auxiliaries.

Given a sentencethe authorswould rst nd the lattice to which the sentencevas best
aligned. First, “insert” nodeswere addedbetweenbackbonenodes;thesecould matchary
word sequencewhich allowed the systemto handlepreviously unseenwords. Then, they
performedmultiple-sequencalignmentwhereinsertionswere scoredas 0 1 andall other
nodeassignmentsverescoredasl. After this wasaccomplishedthe authorscould generate
paraphrasely lling in theslotsof thebest-alignindattice's pairwith theargumentdrom the
sentenceThis gave asmary paraphraseastherewerepathsthroughthe pairedlattice.

In orderto evaluatetheir algorithm, the authorsusedarticleswritten betweenSeptember
2000andAugust2002from Agent France-Pressend Reuters.Using a document-clustering
system they collectedOMB of articleson actsof violencein Israelandarmy raidson Pales-
tinianterritory. Of thesearticles,120wereheldoutfor parametetraining.

The algorithmextracted43 slottedlatticesfrom the AFP corpus,and32 from Reuters.It
found 25 cross-corpusnatchingpairsof lattices. A paththrougha lattice canbe consideredh
paraphraséemplate it consistof backbonenodesandnodeswvhereargumentscanbe placed.
Sinceeachlattice containsmultiple pathsthe 25 lattice pairsyieldeda total of 6,534template
pairs. Thesetemplatesverejudgedby four native spealers of Englishwho were unfamiliar
with the system.Givena pair of templatesthe judgesweretold to markthemasparaphrases
if, for mary instantiationsof the variables,the resultingtext units were paraphrasesf one

another The authorsrandomlyextracted250templatepairs. 50 of thosepairswereevaluated



CHAPTER 3. RELATED WORK 43

Table 3.1: Two examplesentencesnd generatearaphrasetaken from Barzilay and Lee
(2003). Baselinewas achiered by simply replacingwords with randomly-choseWordNet
synoryms. Thejudgesfelt thatthe MSA algorithmpresered meaningfor examplel, but not

2, andthatthebaselinedid not presere meaningn eithercase.

by all 4 judges;the other200weresplit into 4 groupsof 50 pairs,andeachjudgewasgivena
differentgroupof 50. The Kappascoreon the 50 commonpairswas0.54. Eachjudgegave a
differentvalidity score:68%,74%,76%,and96%.

Theauthorsalsoevaluatedhe quality of theresultingparaphrases hey randomlyselected
20 AFP articlesaboutviolencein the Middle East.Out of the484 sentencesontainedn these
articles, they found they were able to paraphrasé9 (12.2%) of them. The authorsnoted
that oncepropernameswere substitutedbackin, only seven of the paraphrasableentences
werefoundin thetraining set,which indicatesthatgeneralizatiordid occur Interestingly the
authorsfoundthatthey weremorelikelyto nd paraphrasablsentences shorterarticles,as
longerarticlesweremorelikely to containuniqueinformation. This time, two judgeswere
usedto evaluatethe quality of the paraphrasgairs. They hada Kappascoreof 0.6, with one

judgeevaluating81.4%of the pairsascorrect,andthe other78%.

3.3 Barzilay and Elhadad 2003

Like us, Barzilay and Elhadadwantedto identify pairsof sentenceshat containclausescon-
veying thesamenformation.In orderto do so,they developeda methodof sentencalignment

for monolingualcomparablecorpora. Sentencalignmentworks by rst computingthe local
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Figure 3.5: While both of thesesentencepairs have the samesimilarity value, the rst pair
are paraphrasesf oneanothey while the secondpair are not. This examplewastaken from

BarzilayandElhadad(2003).

similarity for eachsentenceandthen nding anoverall sequencef mappedsentencesjsing
thelocal similarity of the sentenceaswell asotherattributes. To illustratewhy alocal simi-
larity valuealoneis notsufcient, BarzilayandElhadad2003)give theexamplein Figure3.5.
Despitethefactthatboth pairsof sentencebave the samenumberof matchingword pairs,the
rst pairareparaphrasesf oneanotherwhile the secondoair arenot.

Traditionally, sentencalignmenthasbeenusedon parallelmultilingual corpora. In such
corpora,thereare minimal insertionsand deletions,and the information appearsn roughly
the sameorderin thetwo texts. In contrastcomparableorporatendto containalot of noise.
Theremaybeagreatdealof informationappearingn onetext thatdoesnotappeain theother
andthereis no guaranteasto whatorderthatinformationwill appeatin. Thus,the authors
hadto develop a nevw methodof sentencealignment,speci cally designedior monolingual
comparableorpora.

The authorsbasedheir approacton a theorycalledDomainCommunicatiorkKnowledg.
This theorystatesthatwithin a particulardomainandgenre texts drav from a limited setof
topics. Texts alsohave a topical structure:roughly speakingthe sentencesvithin a particular
paragraphwill tendto beonthesametopic. Thus,onecanlook atthecontext of two sentences
to help determinewhetheror not they shouldbe aligned. If two sentenceappeamvithin con-

texts thatfall within the sametopic, they aremorelik ely to be alignedthanif they fall within
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unrelatedopics.

With thisin mind, the rst thingtheauthorshadto dowas nd somewayto decidewhether
a paragraphn onecorpusfell within the sametopic asa paragraphn the othercorpus.They
decidedto usea two-stepprocess:rst, they placedthe paragraph®f eachcorpusinto topic
clusters;then, informed by theseclusters,they found a mappingbetweenthe paragraph®f
onecorpusandthoseof the other To accomplishithe rst step,they beganby replacingproper
namesdates,and numberswith generictags. This wasimportant,becausehey weretrying
to clusterby the type of information provided, not by the subjectof thatinformation. Next,
they did a hierarchicalcomplete-linkclusteringof the paragraphsuysingthe cosinesimilarity
measurdasedn the matchingof contentwords. This gave themtheir topic clustersfor each
corpus.

For the purposesof training, they consideredwo paragraphdo map to one anotherif
they containedat leastonealignedsentencepair. To mapthe paragraphsthe authorsuseda
supervisedpproachFor their training set,they useda setof manuallyalignedtext pairsfrom
the corpora. They thenusedBoosTexter (Singerand Schapire 1998),iterating 200times, to
train a modelto classifytwo paragraphsP andQ asmappingor not mappingbasedon their
lexical similarity (again,cosinesimilarity baseconword overlap),theclusterumberof P, and
the clusternumberof Q. An exampleof two paragraphshat mappedto one anothercanbe
seenn Figure3.6.

Giventhis model,sentencalignmentworked asfollows: giventwo texts, sentencesvith
highlexical similarity (  5) werealigned.Then,for eachparagraphthe clusterit wasclosest
to wasfound. Eachparagraphn onetext wasmappedo the othertext's paragraphsisingthe
classi cationschemementionedabove. Within eachpair of mappedoaragraphsiynamicpro-
grammingwasthenusedto computelocal alignments.The ideawasthat giventwo sentence
pairswith moderatdexical similarity, whetheror not they shouldbe alignedcould be deter

minedby looking atwhetherthey werenearto othersentencgairswith highlexical similarity.
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Figure 3.6: An exampleof two paragraphshat mappedo oneanothey taken from Barzilay

andElhadad(2003).

Thus,giventwo sentences,and j, theirlocal similarity valuewas:
simi j cosi j mismdch_penaty

Themismatchpenaltywasuseduo furtherpenalizesentenc@airswith low similarity measures.
Theweightof the optimalalignmentbetweertwo sentencesvascomputeds:

sij 1 skp_penaty

si 1) skp_penaty

. si 1) 1 simi|j

Sij max
si 1) 2 simij simij 1
si 2j) 1 simij simi 1]
si 2] 2 simij 1 simi 1]

The skip penaltywas usedto stoponly thosesentencegairswith high similarity from being
aligned.Unfortunately this weightmeasureppeargo be arecursiorwithout a halting condi-
tion; however, we have printedit exactly asit appearsn BarzilayandElhadad2003).

In orderto evaluatetheir method,Barzilay et al. usedas corporathe EngyclopediaBri-

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

Elhadad(2003).The rst alignments incorrect,while the seconds correct.

11 for testing,usedthe other92 for vertical clusteringinto 20 clusters,andthenof those92
pairs,used9 for training. They hadeachpair in the training andtestingsetannotatedy two
annotatorsThe sentences eachpair wereconsideredo be alignedif they both containecdat
leastoneclausehatexpressedhesamenformation. Many-to-mary alignmentsvereallowed.
Oncethetwo annotatorsvere nished, athird annotatojudgedarny contestegairs. 320 pairs
werealignedin thetraining set,out of a total of 4192sentencgpairs,and281 werealignedin
thetestingset,out of atotal of 3884 pairs.

By varying the mismatchpenaltyfrom O to 0.45, and using a skip penaltyof 0.001,the
authorswereableto geta rangeof recall from 25%to 65%. At 55.8%recall, they obtained
76.9%precision.

One point we'd like to addresss Barzilay and Elhadads (2003) criticism of Hatzivas-
siloglouetal. (2001).Lik e us,Hatzivassiloglowetal. (2001)usea machine-learninglgorithm
with variouslexical featuresalthoughthey useit to nd similartext passage@vheresimilarity
includes,but is notlimited to, paraphrasingnsteadof clause-lgel paraphrasesBBarzilayand
Elhadadclaimthattheirresults,andthefactthatHatzivassiloglowetal. s system SIMFINDER,
doesnot performaswell onthe sametestdata,provesthatit is betterto useanapproachwith
asimplelocal similarity combinedwith a simpleglobalsimilarity, insteadof anapproactwith
a setof comple lexical featuresanda machine-learninglgorithm. Therearetwo problems

with this conclusion: rst, SIMFINDER wastrainedon news articles,not eng/clopediaentries,
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soit's hardly surprisingthatit wouldn't performaswell on thetestdata;secondBarzilayand
Elhadadareableto obtain55.8%recalland57.9%precisionon theirtestdataby doingnothing
morethanseeingf thecosinesimilarity of two sentences over a particularthreshold While
this doesnot dismisstheir results—thg obtaina precisionof 76.9%at the sameevel of recall
using their system—wedo questionwhetherit's fair to dismissmore complicatedmethods

basedn resultsusinga corpuswheresuchanincredibly simplemethodworkssowell.

3.4 Quirk, Brockett, and Dolan 2004

Quirk et al. (2004)tried to infer rulesfor the generationof phrasal-leel paraphrasefrom
comparablecorpora. Insteadof attemptingto extract patterndike Shinyamaet al. (2002) or
BarzilayandLee(2003),they treatedparaphrasingsastatisticalmachineranslatiorproblem.
Speci cally, they usedthe noisy channelmodel developedby Brown et al. (1993). Givena

sentencé&to be paraphrasedhey wantedto nd:

T agmax PrT S
T

agmax PrST PrT
T

whereT istheoptimalparaphrasef S, T is asentencén thesamelanguageasS, Pr ST is
thechanneimodel,andPr T is thetargetlanguagenodel.

Like Shinyamaetal. (2002)andBarzilayandLee (2003),Quirk etal.'s corpuswasdravn
from news articleson the sameevent. However, insteadof drawing thearticlesfrom two news-
papers,they usedonline news gathererssuchas Yahoo News and Google News, to locate
clustersof articlesfrom a variety of newvspapersn the sameevent. Using a HiddenMarkov
Model to distinguishbetweenarticle contentandvarioustypesof noisesuchasads,they col-
lectedtheseclustersover a period of abouteight months,eventuallygatheringl1,162in all,
containingatotal of 117,095articles,with anaverageof 15.8articlespercluster

In orderto nd pairsof sentencesontainingpotentialparaphrasesf oneanotherthey rst
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setall of thewordsin thesentencet lowercaseandthenfoundthe Levenshteiredit distancé
betweereachpair of sentencewvithin a cluster They rejectedduplicatepairs,pairsthatwere
identical or differedonly in punctuation pairswith signi cantly differentlengths,and pairs
wherethe editdistancevasgreaterthan12 0. This gave thematotal of 139,000non-identical
pairs.

At this point, they alignedthe words of eachpair of sentencesising GIZA++ (Ochand
Ney, 2000), which is a free implementationof IBM Models 1-5 (Brown et al., 1993) and
HMM alignment(Vogel et al., 1996). In machinetranslation,onewould align the target text
to thesourcetext. However, in orderto capturemary-to-mary alignmentsetweersentences,
the authorsboth alignedthe target text to the sourcetext, and alignedthe sourcetext to the
targettext. They thenheuristicallyrecombinedheunidirectionawordalignmentsnto asingle
bidirectionalalignment.

Next, they adaptech phrasaldecoderpatternedafterthatof Vogeletal. (1996)to identify
what they refer to as phrasal replacements The decoderworked as follows: think of two
sentencesS andT, whereSis the sourcesentencandT is thetarget sentenceassequences
of wordss; Sm andt; th, respectrely. Thenaword alignmentA of SandT canbe
expressedsa functionfrom eachtokenof SandT to a uniquecept(Brown etal., 1993). A
ceptis a minimal mappingbetweenwords andtheir positionsin one sentencedo wordsand
their positionsin the other wherethe two setsof wordsreferto the sameconcept.In orderto

understanavhatwe meanby “minimal”, let'slook attwo sentences:
a. Fourhumanssaw thelarge cat.
b. Fourpeoplesav thetiger.

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

humans(2¥our(1) people(2)would notbe. Thisis notto saythateachcomponenbf the cept

1The Levenshteiredit distancebetweentwo stringsis the numberof insertions deletions,and substitutions
requiredto transformonestringinto the other For furtherexplanation seehttp://www.merriampark.com/Id #m.
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canonly consistof asingleword: (large(5)cat(6)tiger(5))would alsobeaceptin thissentence,
since'largecat” and“tiger” areboththeminimalrepresentationsf thesameconceptuaéntity.
Notethatit is possiblefor oneword to bein multiple cepts,aswell asfor awordto bein no
cepts.

For a givensentencgpair ST andword alignmentA, the authorsde ne a phrasepair
asthe subsebf the ceptsin which both the tokensof Sandthoseof T arecontiguous.They
collectedthesepairs,excludingthosewith greaterthan5 ceptsfor computationateasonsinto
areplacementlatabaselt is thesepairsthatthe authorsreferto asphrasalreplacements

The authorsthenassigned probability to eachphrasalreplacementising|BM Model 1
(Brown etal., 1993). They rst gatheredexical translationprobabilitiesPr st by running5
iterationsof the expectation-maximizatioalgorithmof IBM Model 1 on the training corpus.

Then,they assignegrobabilityasfollows:

PrST

Pr ST isreferredto by theauthorsasthereplacemenmodel For thetargetlanguagemodel,
Pr T , theauthorsusedatrigrammodelusinginterpolatedKneserNey smoothing Kneserand
Ney, 1995)trainedover 1.4 million sentences.

In orderto generatgaraphrasesheauthorsrst preprocessethe sentencesthetext was
lowercasedndtokenized,anda few typesof namedentitieswereidenti ed usingregularex-
pressionsTheauthorghenusedstatisticalphrase-basedecoding.Givenasentencethey rst
constructedh lattice of all possibleparaphraselsasedon the phrasalkranslationdatabaseThe
latticehadasetof S 1 verticeswith edgedabeledwith sequencesf wordsandprobabilities
dravn from the databaseTheideawasthatan edgee betweena vertex v; andv; represented
thechancehatthewordss 1 sj would bereplacedwith the sequencef wordslabeling
e with theprobabilityassociateavith it. Theauthorsalsoaddedanidentity mappingfrom Sto

T, by, for eachs, addinganedgefromv; ; tov; labeledwith s anda uniform probability u.
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Figure3.8: An exampleof a translationlattice, without the assignegrobabilities takenfrom

Quirk etal. (2004).

This hastwo effects: it allowedthe methodto handleunseerwords,by simply keepingthose
words,and,if uwassetto a highvalue,it encouragedonsenrative paraphrases.

Oncethis had beenaccomplishedthe optimal paraphraseould be found by nding the
optimal paththroughthe lattice, scoredby the productof the replacemenimodelandthe lan-
guagemodel. This wasaccomplishedising the Viterbi algorithm. Finally, therewas some
post-processingoneonthe paraphrasayhich restorechamedentitiesandcasing.

The authorsnotedthatasthis modelrelied on simply replacinga sequenc®f wordswith
anothersequencef words, it could not handleintra-phrasafreordering. Thus, it could not
capture,for instance actve-passie alternation. However, it wasableto capturesynorymy
(e.g.,injured/wounde}] phrasalreplacementge.g., Bushadministation/WhiteHous§g, and
intra-phrasate-orderingge.g.,marmin of error/error margin).

Quirk et al. evaluatedtwo things: rst, how well GIZA++ did word alignmentbetween
sentenceairs,andsecondhow acceptablehe paraphrasetheir methodproducedwere. To
evaluatethe former, they followed the methodof OchandNey (2003). First, they heldout a
setof news clustersfrom their training set. Fromtheseclusters they randomlyextracted250
sentencegairswith edit distancedetweerb and20 for evaluation.Eachpair waschecled by

an independentvaluatorto make certainthey containedparaphrasesThen,two evaluators
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createdannotationdor the sentencepairs. They marked alignmentsaseither SURE, meaning
thosewords mustbe aligned,or POSSIBLE, meaningthatit is preferable but not necessary
thatthosewords be aligned. GiventhatA is the setof all alignments,Sis the setof SURE
alignmentsandP is the union of the setof all SURE alignmentswith the setof all POSSIBLE

alignmentsprecisionrecall,andalignmenterrorrate (AER) aredeterminedasfollows:

A P

P
A

Measuredoy AER, the agreemenbetweerthe two annotatorsvas93.1%. 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 judgethe quality of the paraphrasegeneratedby their method theauthorsused
asatestsetthe59 sentencessedin BarzilayandElhadad2003),and141randomlyselected
sentenceBom theheld-outpartof theircorpus.For eachsentenceiwo judgesdecidedvhether
thesentencgeneratedy thealgorithmwasindeeda paraphrasef the original sentenceThe

rst time, the judgeshadanagreementating of 84%. The authorsdecidedthis wastoo low,
sothey hadthe two judgeslook at any examplesuponwhich they disagreed.This led to an
agreemenbf 96.9%. The systemwasableto generatea paraphraséor all 200 sentenceshe
best-scoringparaphraseseceveda 91.5%acceptanceatefor the 59 sentencefrom Barzilay
andLee(2003),andan89.5%acceptanceatefor all 200sentencedt’' sworth notingthatwhile
this methodachiesed excellentcoverageand acceptability the changesvere often relatively
minor, suchasreplacinga word or a phrasewill a similar word or phrase.The averageedit
distanceof the paraphraseproducedoy this systemwas2.9, asopposedo 25.8for Barzilay

andLee(2003).
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3.5 ThePASCAL RecognizingTextual Entailment Challenge

3.5.1 Thechallenge

Sincewe beganthis project,therehasbeena considerablemountof publicationon arelated
topic: textual entailment. Textual entailmentis a directionalrelationshipbetweentwo units
of text: giventwo text units,t; andt,, we saythatt; entailst, if we caninfer t, from the
informationgivento usby t;. Thisis relevantto usbecauseby thede nition of entailmentjf
atext to is a paraphrasef atext t1, it mustalsobe entailedby t1. Notethatthe reverseis not
true: Themanmurdered Bob entailsBobis dead but Bobis deadis not a paraphrasef The
manmurdered Boh

Much of therecentwork on entailmenthascomeaboutdueto the Recognizinglextual En-
tailmentChallengeputout by the PASCAL Network of ExcellencgDaganetal., 2005). This
challengeconsistsof a datasebf 567 developmentexamplesand 800 testexamplesthat has
beendesignedo re ect theoccurrencef entailmentvithin severalcommonNLP tasks.These
tasksare: questionansweringjnformationextraction,machinetranslation paraphrasecqui-
sition, information retrieval, comparabledocumentgthis was the authors'term; “sentence
alignmentof comparabledocuments’might be more accurate) andreadingcomprehension.
An exampleconsistsof atext unitt anda hypothesiqunit h; thetext is oneor two sentences
(usuallyone),while the hypothesigs a shortersentenceEachexamplewasannotatedy two
annotatorsyvho weretold to label an exampleastrueif it wasvery probablethath could be
inferredfromt. An exampleof a very probablepositive examplegivenin Daganet al. (2005)

is asfollows:

Text: Thetwo suspectdelongto the 30th Streetgangwhich becamesmbroiledin oneof the
mostnotoriousrecentcrimesin Mexico: a shootoutat the Guadalajarairportin May,

1993, thatkilled CardinalJuanJesug?osada®©campoandsix others.

Hypothesis: CardinalJuanJesus?osada®©campadiedin 1993.
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As Daganetal. (2005)explain, it' s possiblethat Ocampodied monthslater, in 1994,from the
woundshesustainedn 1993,butit' sverylikely thathediedin thesameyearthatthe shootout
occurred.

The annotatorsveretold to ignoretense dueto the factthatthe text andhypothesisvere
sometimesiravn from differentdocumentswhich could have beenwritten at differenttimes.
Any examplesuponwhich the two annotatorslisagreedverediscardedasweresomeexam-
plesthatoneof the organizerghoughtmight be too controversial. The nal corpuswasbuilt
in sucha way asto have an even numberof positve and negative examples. Otherannota-
tors,whowerenotinvolvedin theoriginalannotationalsoreplacecanaphoravith appropriate
referencesandshortenedgomeof the hypothesesandtextsto reducecomplexity.

Here's a brief run-dovn of how exampleswvereobtainedfor eachof thevarioustasks:

Information Retrieval: Hypothesedook like IR queries,and were selectedby examining
prominentsentencesn news stories; texts were selectedby putting hypothesisinto

searchengineandselectingfrom retrieveddocuments.

Comparable Documents: Pairs wereselectedoy examiningalignedsentencefrom clusters
of similar news storiesfound in Googlenews; they werealsodravn from an existing
corpusof alignedsentencefprobablythatof BarzilayandElhadad2003),althoughit's

abit unclearfrom the paper).

Reading Comprehension: Textswereselectedrom news stories;hypothesewerewrittenby
annotatorsyith theinstructionthatthey shouldbelik e readingcomprehensioexamples

foundin high schooltests(or, for thatmatter the SATS).

QuestionAnswering: Questionswere mostly dravn from the CLEF-QA (Magnini et al.,
2003)and TREC (Voorhees2004)datasetsalthoughannotatorsould write their own;
they insertedthe questionanto the TextMap Web-BasedQuestionAnsweringsystem
(Echihabiet al., 2003)andusedthe resultsasthe texts; they thenrewrote the questions

asaf rmati ve statementandusedtheseasthe hypotheses.
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Information Extraction: Exampleswere dravn from a datasetproducedby Roth and Yih
(2002) and from news stories;texts were sentencesn which particularrelationsheld,

andhypothesesveretherelationswith theirslots lled in.

Machine Translation: Examplesveredravn from two translationsf the sametext, oneau-
tomaticandthe otherdoneby a human;half of thetime the hypothesisvastakenfrom
the automatictranslationandthe text from the humantranslation,andthe otherhalf of
the time the reversewasdone. Someof the automatictranslationsvererewritten soas

to begrammaticallycorrect.

Paraphrase Acquisition: Texts weredravn from news storiesthat containedparticularrela-
tions; hypothesesvere createdby draving paraphrasefrom a paraphrase-acquisition
system(probablyLin andPantel(2001),althoughagain,it' s alittle unclear)andby then

applyingthoseparaphraseto the original text.

Sohow doesthe goalof this challengediffer from thatof our thesis?irst, asstatedabove,
entailmentincludesrelationshipsother than paraphrasesSecond,systemsdesignedfor the
RTE challengeonly have to do one-way matching:they know aheadf time which text unitis
thetext andwhichis thehypothesisOursystempntheotherhand,doesnotknow which of the
sentencem agivenpairmaycontaintheparaphrasé@f either),andwhichis the“original” text.
Also, in theRTE challengetherecanbenoinformationin thehypothesighatis notincludedin
thetext; for us,theremaybeclausesn eitherof thesentencethathave no correlatingclausan
the othersentenceFinally, the RTE challengeusesa corpusprimarily dravn from newvspaper
stories;this allows the systemsdesignedor the challengeto usea numberof tools, suchas
parsersandchunlers,thathave beentrainedon nevspapeicorpora.

All of thatsaid,the goal of the PASCAL RTE challengeis still closeenoughto our own
thatwe canlearnfrom the varioussystemssubmittedfor it. Below, we give a brief overview

of thesesystems.
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3.5.2 The systems

Roughly speaking the systemssubmittedto the PASCAL RTE challengecanbe placedinto
two groups: thosethat attemptto logically infer the hypothesidrom the text, andthosethat
usesomeothermethodto detectentailment. The systemsn the former groupincludethose
of Akhmatova (2005), Bayeret al. (2005) (system1), Bos and Markert (2005) (system?2),
de Salo Brazetal. (2005),Fowler etal. (2005),andRainaetal. (2005)(system?).

Akhmatova (2005)'s systemworksby rst transformingthetext andthe hypothesisnto a
seriesof atomicpropositionsandthenfor eachof the hypothesigpropositionsattemptingto

nd atext propositionthatentailsit. In orderto do thetransformationthe systemusesa link
parserandthena semantianalyzer To nd entailmentbetweerpropositionsjt usesanauto-
mateddeductiorsystentalledOTTER (McCune,2004).1t is aidedin thisby somehand-coded
logic rules—includingrepresentationsf equivalence hyperrymy, lexical relations,andsyn-
tacticalequivalenceamongotherrelations—andby a WordNetrelatednesalgorithm,whichis
usedif no exactentailmentcanbefoundfor a proposition(presumablysomesortof threshold
is used,althoughthe authordoesnt describethis). Entailmentholdsfor the text/hypothesis
pairif all of thehypothesigropositionsareentailedby text propositions.

Bayeret al. (2005) (systeml) transformthe text and the hypothesisnto logic proposi-
tions, andthenusethe EPILOG event-orientedorobabilisticinferenceengine(Schubertand
Hwang,2000),aidedby a few hand-craftednferencerulesandby simpleword lists, to deter
minewhetherthe hypothesiss entailedby the text. To transformthe text andthe hypothesis,
they do alot of pre-processingthe text andthe hypothesisaretokenized,segmentedtagged
with parts-of-speechmorphologicallyanalyzed andparsedwith alink parser They arethen
processetly adependencanalyzerandby a Davidsonianlogic generatarwhich outputsthem
in propositionaform.

BosandMarkert (2005) (system?2) alsotransformthe text andthe hypothesisnto propo-
sitions,andusethesealongwith background-knaledgeaxioms(bk) to attemptto prove en-

tailment. An examplecanbe marked positive oneof threeways: a theoremprover, Vampire
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(Riazane and Voronkov, 2002), nds entailment;a model builder, Paradox(Claesserand
Sorensson2003) nds a modelfor the negationof entailment;or the differencein the sizes
of themodelof bk t andthemodelof bk t h is undersomethreshold.The authors
usea CCG-parseto parsethetext andthe hypothesisnto propositionsandusethreesources
for the backgroundknowledge:the semanticof certaintypesof wordsandrelationships|ex-
ical knowledgecreatedusingWordNethyperryms; andgeographidknowledgefrom the CIA
factbook.They combinethesefeatureswith thoseof systeml (describedelow) by traininga
decisiontreeclassi er overthem.

De Salw Braz et al. (2005), Fowler et al. (2005), and Rainaet al. (2005) (system?2)
all usea methodknown as*“extendeduni cation”: if two termscannotbe uni ed, therules
governinguni cation arerelaxed. Eachtype of relaxationthat canoccuris assigned cost,
andat the endthe total costof uni cation is comparedagainstsomethreshold;if the costis
below thatthreshold the exampleis marked aspositive (this is how both de Salvo Brazetal.
(2005) and Rainaet al. (2005) work; Fowler et al. (2005) actually assignshigher scoresto
thoseexampleswhich requirelessrelaxationof terms,andthencheckso seeif thetotal score
is over athresholdput the basicideais still thesame).

De Salw Brazetal. (2005)useExtended~eatureDescriptionLogic to representhe text
and hypothesigaugmentedvith syntacticand semanticparses)aswell asa seriesof syn-
tactic and semanticrewrite rules. The representationsf the text and of the hypothesisare
hierarchical—thisallows the rewrite rulesto dependon levels higherthan lexical—andare
createdusingatokenizer alemmatizera part-of-speecliagger a syntacticparsera semantic
parser a namedentity recognizeranda namecoreferencesystem.Someof the rewrite rules
aretakenfrom Lin andPantel(2001);othershare beenmanuallygeneratedThe systemuses
theserewrite rulesto createseveral alternatve representationsf the text. For eachof these
representationst, attemptgo unify the hypothesisnto therepresentatiorysingextendeduni-
cation. Theuni cation processs a bit complicatedput the ideais basicallythis: rst, they

make surethatfor eachverbin thehypothesisthereis averbin thetext with the sameattribute
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setandamgumentsat boththe semantiaole andsyntacticparselevels. If everyverbin thehy-
pothesishasa matchingverbin thetext, thenthe costis setto zero;otherwisethe costis setto
in nity . Assumingthecosthasnotbeensetto in nity , thesystengoesonto recursvely match
phrase-lgel nodes penalizingnodesthatdo not matchby assigninghema uniform cost,and
thento matchword-level nodesagainpenalizingnodesthatdo not matchby assigninghema
uniform cost;this givesthe systenthetotal uni cation cost.

Fowler et al. (2005)usepart-of-speechagging,parse-tregenerationyword-sensalisam-
biguation,andsemantic-relationdetectionto corvert the text andthe hypothesignto logical
forms—althouglthey ultimately remove the word sensesrom the predicatesasit turnsout
thatthe disambiguators ratherinaccurate.To prove entailmentthey useCOGEX (Moldovan
etal., 2003),a modi ed versionof OTTER (McCune(2004);the prover usedby Akhmatova
(2005)). COGEXis fed the negatedform of the hypothesisthetext, anda setof axiomsthat
includeworld knowledge,knowledgeof syntacticequivalence,andlexical chains. In order
to successfullycompleteuni cation, COGEX s allowedto usetheseaxioms,to relax predi-
cateagumentsandto drop predicates.The exampleis thenscoreddependingon how mary
of theseactionstake placeduring the proof process—thenorethattake place,the lower the
score.The scoreis normalizedby calculatingthe maximumpenaltythat canbe assignedand
thendividing by this number

Rainaet al. (2005) (system?2) transformsthe text andthe hypothesisnto logical formu-
las that capturetheir respectie syntacticdependenciesin orderto unify eachterm of the
hypothesiswith a term of the text, the systemcan relax uni cation in the following ways:
allowing termswith differentpredicatedo be uni ed (with costdeterminedby a similarity
measure)allowing termswith differentnumbersof argumentsto unify (with costbasedon
the annotationof thosearguments) andallowing constantgo unify (the costis uniform over
an example,althoughit is loweredif theres a possiblecoreferenceor appositve reference);
they usealearningalgorithmto determinghe costsof theserelaxations.This systemoutputsa

con dencescorefor eachexample;thisis combinedwith a similarcon dencescoreoutputby
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Rainaetal. (2005)(systeml) usinglogisticregression.Theauthordry trainingtheweightsfor
theregressionn two ways: onesetof weightstrainedover all of theexamplesanda separate
setsof weightstrainedover the examplesfrom eachof thetasks.

Therestof the systemsauseda variety of approacheso the entailmentproblem. Pazienza
etal. (2005),Rainaetal. (2005)(systeml), andHerreraetal. (2005)usedependengcparserso
transformthetext andthe hypothesisnto graphsthenuseapproachebasedon graphmatch-
ing. The goal of thesesystemss to maximizethe similarity value betweenthe two graphs;
this similarity valueis thencomparedagainsta threshold,andif it's greaterthanor equalto
thatthreshold the exampleis marked positive. Pazienzaet al. (2005) createsyntacticgraph
representationef the text andthe hypothesiqthe nodesarewordsor phrasesandthe edges
aresyntacticrelationships)andthenattemptg¢o nd the maximalsubgraptof the hypothesis
thatis in anisomorphicrelationshipwith a subgraplof thetext. An isomorphicrelationship
exists betweentwo graphs,G andH, if every nodeandedgein G canbe subsumedy the
nodesandedgesin H, andvice versa. In this system whena nodeis subsumedy another
node,it is assigned similarity valuebasedon the semanticsimilarity betweerthetwo nodes;
similarly, whenanedgeis subsumedby anotheredge,t is assignea similarity valuebasedn
the syntacticsimilarity betweenthe two edges.The calculationof the similarity betweerthe
two graphsis basedon thesesimilarities. Therearetwo versionsof this system:in one,the
parametersisedin the similarity measuregaresetmanually;in the other theseparameterare
tunedusinga supportvectormachine.

Rainaet al. (2005)(systeml) alsousegraphisomorphismspnly insteadof trying to nd
amaximalsubgraplof the hypothesisthey adda nil nodeto eachgraphandallow the nodes
of the othergraphto matchto it if necessaryEachnodeor edgesubsumptioris assigneca
particularcost,dependingnthe propertiesof thenodesor edgesnvolvedin thesubsumption.
For nodesubsumptionthe propertieghe systemcheckgor areasfollows,in orderof increas-
ing cost:whetherthe stemsof the hypothesisiodeandthe subsumptiomodeandtheir partsof

speechmatch;whetherthe stemsof thetwo nodesmatch,but having differentpartsof speech;
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whetherthehypothesisiodeis asynorym of thesubsumingiode;whetherthehypothesisode
is ahyperrym of thesubsumingiode;and, nally , whetherthetwo nodesaresimilaraccording
to aword similarity moduledevelopedby theauthors Eachcostis weightedby theimportance
of the hypothesishodeit appliesto, asdeterminedy the part-of-speeclag of the nodeor the
type of namedentity it is; the costis thennormalizedby dividing it by thetotal weightof the
nodes.For edgesthe costof the subsumptions determinedsolelyby looking atthe properties
of the nodesof the subsumingedge. Thesepropertiesagainin orderof increasingcost,are:
whetherone of the nodesis a parentof the other; whetheroneof the nodesis an ancestoiof
theother;whetherthetwo nodessharea parent;and,whetherthetwo nodesshareanancestar
Again, the costsof the edgesubsumptiongareweighedby the importanceof the edgesbeing
substitutedor, asdeterminedy therelationsthoseedgesepresenfsuchassubjector object).
Theoverall edge-andnode-subsumptiocostsarethencombinedusinga corvex mixture;the
algorithmapproximateshe lowest-costmatchusinga combinationof the Hungarianmethod
(Kuhn, 1955)anda greedyhill-climbing search.This systemoutputsa con dencescorefor
eachof the exampleswhich is themcombinedwith the outputof Rainaet al. (2005)(system
1), asdetailedearlier
Herreraetal. (2005)take a somavhatdifferentapproachTheir systembeginsby trying to
nd nodesin the hypothesighat are entailedby nodesin thetext: usingWordNet,a hypoth-
esisnodeis entailedby a text nodeif the two nodesarein the samesynset,or if, usingthe
hyperrymy andentailmentrelations,a pathcanbe found betweena synsetof the hypothesis
nodeanda synsetof the text node. The systemalsochecksfor negation: in sucha casethe
antorym of thenode(asdeterminedy WordNet)is usedin its placein determiningentailment
betweemodes.Oncethis is accomplisheda simplematchingalgorithmis used thatmatches
the branche®f the hypothesidreewith branchesn thetext tree. Two branchegnatchif each
of the nodesin the text branchentailsa nodein the hypothesisoranch. The similarity value
betweerthetwo treesis thensimply the percentagef nodesn thehypothesigreethatarepart

of a branchthatis matchedo a branchin the text tree. The thresholdusedby this systemis
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50%.

Wu (2005)usesa measurdasecdnthe InversionTransductiorGrammarmHypothesis Pre-
viously, ITGs hadbeenusedin machinetranslationandalignment. Giventwo languagesan
inputlanguageandanoutputlanguagethe ITG grammaiis usedto transformsentencefrom
theinputlanguagento sentences the outputlanguagein the caseof this systempof course,
the input and outputlanguagesre the same. ITGs have two typesof rules: straightandin-
verted. In a straightrule, the symbolson the right-handside of the rule mustbe in the same
orderfor bothlanguages.In aninvertedrule, the symbolson the right-handside of the rule
mustbeleft-to-rightfor theinputlanguageandright-to-leftfor theoutputlanguageWu (2005)
usesaspecialtypeof ITG, aBracketingITG. It usesonly asingle“dummy” non-terminaland
thus,unlike otherITGs, it doesnot requiringary language-speci énformation;the only op-
erationit allows for is transpositiorof wordsandphrases.The examplesareassignedcores
usinga biparsingalgorithmdescribedn Wu andFung(2005);we won't getinto the detailsof
thatalgorithm,but the basicideais thatthosepairsof sentencethathave fewer transpositions
betweenthemareassigned higherscore. Therearetwo runsof this system:onewherethe
systemis run after removing wordsin a stoplistfrom the example,and one whereno such
removal is performed.

Following a similar ideaas Wu (2005), Bayeret al. (2005) also usea methodoriginally
developedfor machinetranslation—inthis case a statisticalmachinetranslationmodel. Lik e
Quirk etal. (2004),this systemusesGIZA++ for its alignmentmodels.In thiscasethemodels
weretrainedonthe Gigaword (Graff, 2003)corpus,usingtheleadparagraphsf thearticlesas
“texts” andtheir headlinesas“hypotheses”.They combinethe alignmentmodelwith a series
of string similarity metricsby placingthe examplesin a vectorspaceandusinga k-nearest-
neighborclassi er to classifythem.

Glickmanetal. (2005)usea generatre probabilitymodelto determinehe probability that
a given text entailsa given hypothesis. In orderto do this, they make several simplifying

assumptionsrst, thatthecontentwordsin a hypothesiganbeassignedruth values;second,



CHAPTER 3. RELATED WORK 62

thata hypothesiss trueif andonly if all of its contentwordsaretrue;third, thatthe probability
of a contentword being true is independendf the truth of the other contentwordsin the
hypothesis;and fourth, that the probability that a contentword in the hypothesiss true is
primarily dependentipona singlecontentword in thetext. Thebasicidea,then,isto nd an
alignmentbetweerthetext andthe hypothesisn suchaway asto maximizethe probability of
entailment.n orderto do this, of coursetheauthorsneedto comeup with the probability that
a given contentword entailsanothercontentword. To do this, they usea searchengineand
maximumlik elihood: giventwo words,n andm, the probability thatn entailsm is estimated
asthe numberof documentsn which both n and m appearover the numberof documents
in which n appears Oncethey've foundthe bestalignmentandcalculatedts probability, the
authorscompardheprobabilityto athresholdjf it' soverthatthresholdtheexampleis marked
aspositive.

Delmonteet al. (2005) usea rathercomplicatedapproachto the problem. Their system
involvestwo subsystemswith the outputof the rst subsystenpipedinto the secondsubsys-
tem. The rst subsystems relatively straightforvard: it takesthe text andthe hypothesisas
input, andoutputsa list of head-dependestructuredabeledwith their grammaticakelations
andtheir semantiaoles. The secondsubsysteneitherassignsa scoreto anexample,wherea
lower scoreis betterthana higherone,or simply labelsthe exampleasfalse Thelatteroccurs
if the examplefails a consisteng check;thesecheckslook for thingssuchasthe presencef
antoryms, differing time values(e.g. 1992vs 2003), and differing locations(e.g. England
vs France). This subsystentonsistsof two modules. The rst moduleconsistsof ve sub-
calls basedn linguistics; andthe secondmodulescoresan examplebasedon the numberof
matchingheads dependentsgrammaticakelations,and semantiaroles betweenthe text and
the hypothesis Eachsubcallof the rst modulerequirescertainaspectof the text andof the
hypothesigo match. The ideais 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 thatthe earliersubcallsgive lower (andthusbetter)coststhanthe
later ones,asthosesubcallsarealsomorelik ely to beindicative of entailment.We won't go
into detailaboutall ve of thesesubcalls but, for example,the rst subcallrequiresthe main
predicate®f thetext andhypothesigo match,aswell astheir coreargumentsalthoughcertain
semantiadolesmaybechangeda pair suchasl killed BobandBobwaskilled by me would t
therequirementsf this subcall).By contrastthe fth subcallallowsthe mainpredicateso be
different,but the coreargumentsamustbe synorymsof oneanotherandanothemon-agument
head-dwen structuremustalsobe matched.For later subcalls the secondmoduleis usedto
supplementhe decision. Unfortunately the authorsdon't go into detail aboutpreciselyhow
theexamplesarescoredput ultimatelythey arecomparedgainssomethresholdjf they score
below thatthresholdthey areclassi ed aspositive.

We now detail threevery simple systems:Andreevskaiaet al. (2005), Bos and Markert
(2005)(systeml), andJijkounanddeRijke (2005).Andreevskaiaet al. (2005)comparePred-
icate ArgumentStructures;a PAS containsa verb, its subject,andits object (if ary). They
transformthe hypothesisandthe text into PASs by extractingthe nounphrasesaandthe verb
groupsfrom them,andthenparsingthemusingeithertheLink parser(SleatorandTemperls,
1993)or the RASP parser(Briscoeand Carroll (2002),whichever createsnore PASs). They
also nd coreferencehainsfor the text andfor the hypothesishoth separatelyandtogether
Onceit hasthe PASs, their systencheckgo whetheranumericalvalueexistsin the hypothesis
thatdoesnotexistin thetext; if it does,t classi estheexampleasnegative. Next, it transforms
ary passve PASsinto active onesandusesWordNetto computethedistancebetweenverbsin
thetext andin thehypothesislf thisdistanceas belonv somethresholdandbothverbshave sub-
jectsand/oragumentsandif the correspondingubjectsand/oragumentssharecoreferences,
thenthe exampleis classi ed aspositive. Finally, the systemcheckswhetherthe hypothesis
containghepatternXis'Y; if it doesandthereexistssomeX andsomeY in thetext suchthat
X isin thesamecoreferencehainasX andthatY isin the samecoreferencehainasy, the

exampleis markedaspositive. Otherwisethe exampleis classi ed asnegyative.
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BosandMarkert (2005)(systeml) is particularlysimple.It rst tokenizesandlemmatizes
thetext andthe hypothesislUsingtheWebasa corpus;t assigngachiemmain thehypothesis
an IDF value. It theninitializes the similarity scoreof the text/hypothesigair to zero,and
looks at the word overlap betweenthem: if alemmain the hypothesisexistsin the text, its
IDF valueis addedto the score;otherwise,its IDF valueis subtractedrom the score. The
scoreis thennormalizedby dividing it by the sumof the IDF valuesof the lemmatizein the
hypothesis.This normalizedscore,which hasa valuebetween 1 andl (inclusive),is then
comparedagainsta threshold. If it's greaterthanthe threshold,the exampleis classi ed as
positive; otherwisejt' s classi ed asnegative.

Jijkounandde Rijke (2005)usea bag-of-wordsapproach.First, they assigneachword a
weight;for thisthey useits normalizednversedocumenfrequeng, ascalculatecveracorpus
of newspapetexts. Then,for eachwordin thehypothesisthey useasimilarity measure¢o nd
the mostsimilar word in thetext. They try two differentsimilarity measuresa dependeng
basedmeasurdLin, 1998)anda measurdasedon lexical chains(Hirst and St-Onge,1998).
Startingwith atotal similarity scoreof zero,for eachwordin thehypothesisthey addits weight
multiplied by the similarity valueof its most-similarwordto thetotal score.If no similarword
couldbefound(thatis, all thewordsin thetext gave a similarity scoreof zero),thentheweight
of theword is subtractedrom thetotal score.The total similarity scoreis thennormalizedby
dividing it by thetotal weightof thewordsin the hypothesisit' sthencomparedo athreshold,
andif it'sgreateror equalto thatthresholdtheexampleis classi ed aspositive; otherwisejt's
classi edasnegative.

The nal systemwe describehereis thatof Newmanetal. (2005). We left this for last,as
it is themostsimilar to our own system(albeit,asmentionecearlietr designedor a somevhat
differentpurpose). Newmanet al. (2005) usea decision-treeclassi er trainedon the devel-
opmentdata. The featurest usesto classifyexamplesincludethe ROUGE metrics(Lin and
Hovy, 2004),cosinesimilarity, synorym matchingusingWordNet,LatentSemantidndexing,

andtheantorym andsimilar-to relationshipgor verbsfrom VerbOcear{Chklovski andPantel,
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2004). They alsousesereralfeatureshasedon thelongestcommonsubsequencieetweerthe
text andthe hypothesisthesencludeafeaturethatindicatesvhetherthe subsequenceontains
a synorym, anotherthatindicateswhetherthe subsequenceontainsan antorym, anotherthat
handlesboth of thesecasesandyet anotherthat handlesboth of thesecasesand alsolooks
for the presencef theword not The authorsalsotry usingthe task(comparablealocuments,
machinetranslationgetc.) asa feature:this leadsto betterresultson certaintasks,but slightly

worseperformanceverall.

3.5.3 Discussionof results

Looking at Table 3.2, we canseethatthatnoneof thesesystemado particularlywell. Recall
thatthe datasetis split evenly betweempositve andnegative examples.This meanghata clas-
si er thatsimply labeledall of the examplespositive, or labeledall of them negative, would
have anaccurayg of 0 5. The systemshatcover all of the examples(asopposedo thosewith
only partial coverage)really don't do muchbetterthanthis. Furthermorewhatimprovement
thesystemsdo shav overthe baselinecomesalmostentirelyfrom a singlesource:the compa-
rabledocumentgask. This may explain why thetwo systemghatdo the bestareBayeretal.
(2005) (system2) andGlickmanetal. (2005): both systemsausea form of statisticalsentence
alignment.

Oneexceptionto this is Delmonteet al. (2005): their systemdoesbeston the paraphrase
acquisitiontask. Theirimpressve resultson thetestingdata(0.8 accurag) maybemisleading,
astheir systemonly hadanaccurag of 0.671for the sametaskover the training data. Still,
their systemdoesfar betterat this taskthanary of the othersystems.This may be dueto the
organizationof their system:asmentionedearliet it worksto classifyexceptionalcasessuch
aswherethereareobviousparaphrasefeforedealingwith standarccases Sincesomeof the
examplesin this task cateyory are suchobvious paraphraseshis could explain this systems
performancen thattask.

All told, it' sabit discouraginghateventhe mostcomplex of methodslon't do muchbetter
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System Coverage Accuray
By Task Overall
IR CD RC QA IE MT PP

Akhmatoa 100% 0.511 | 0.587 | 0.521 0.477 0.508 0.492 0.520 0.519
Andreesskaia,etal. (thresh=1) 100% 0.52 0.64 0.51 0.45 0.51 0.47 0.50 0.52
Andreesskaia,etal. (thresh=3) 100% 0.53 0.63 0.48 0.45 0.52 0.47 0.50 0.52
Bayer etal. (systeml) 73% 0.516
Bayer etal. (system?) 100% 0.586
Bos,etal. (systeml) 100% 0.555
Bos, etal. (system?) 100% 0.563
Braz,etal. 100% 0.522 | 0.773 | 0.514 0.500 0.500 0.533 0.500 0.561
Delmontegetal. 100% 0.622 | 0.687 | 0.521 0.585 0.583 0.467 0.800 0.593
Fowler, etal. 100% 0.478 | 0.780 | 0.514 0.485 0.483 0.542 0.450 0.551
Glickman,etal. 100% 0.500 0.833 0.529 0.492 0.558 0.567 0.520 0.586
Herreraetal. 100% 0558 | 0.787 0558 0558 0558 0558 0558 0.548
Jijkoun,etal. 100% 0.533 0.847 0.493 0.423 0.550 0.467 0.420 0.553
Newman,etal. (w/ task) 100% 0.446 0.747 0.571 0.515 0.558 0.475 0.520 0.563
Newman,etal. (w/outtask) 100% 0.544 | 0.740 0.529 0.539 0.492 0.508 0.560 0.565
Pazienzagetal. (manualparams) 100% 0.444 | 0.765 0.486 0.395 0.467 0.521 0.540 0.525
Pazienzagetal. (SVM-tunedparams) 100% 0.489 0.644 0.521 0.457 0.492 0.479 0.500 0.518
Raina,etal. (singleweight) 100% 0.567 0.793 0.529 0.485 0.475 0.467 0.580 0.562
Raina,etal. (multiple weights) 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/out stoplist) 100% 0.467 0.713 0.471 0.408 0.550 0.400 0.560 0.513

Table3.2: Theperformancef thevarioussystemsubmittedfor the PASCAL RTE challenge.

Whereresultswereunavailable,we have left the cellsblank. Bestscoresn eachcateyory are

markedin bold.

(if atall) thansimpleword overlap. To make mattersworse,accordingto Daganetal. (2005),

noneof the systemshad a signi cantly betterF-scorethana classi er that labelsall of the

examplesrue(0.67).
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3.6 What makesour method differ ent?

We've alreadydiscussedhe waysin which the goal of this thesisis differentfrom thatof the
systemsubmittedfor the PASCAL RTE challenge But whatmakesour systendifferentfrom
the othersystemswve described—thosthatdetectparaphrases?

As opposedo theunsupervisethethodgShinyamaetal. (2002),BarzilayandLee (2003),
andQuirk et al. (2004)),our methodtries to maximizerecall. Becausehey aremainly con-
cernedwith obtainingparaphrasefor usein rewriting rulesfrom a large,unannotated@orpus,
thesemethodanay be missinglarge numbersof less-than-obious paraphrasesm favor of ob-
viousones.It would, of course be possibleto testthesemethodson anannotateaorpus,but
thatwasnt the mainconcernof the authorsof theseapproaches.

Of courseBarzilayandElhadad2003)are concernedvith recall,in thesameway we are.
Themaindifferencebetweerour approactandtheirs,then,is thatwe assumehatparaphrases
areaveryrare class—andisea corpusthatre ects this assumption—whilehey do not.

Finally, andrelatedto this assumptionall of theseapproachessecomparablelocuments
for their corpora. As we have seenin the PASCAL RTE challenge somethingaboutcompa-
rable corporamakes entailment—andhus paraphrases—easiter detect;mostlik ely, theres
morelexical overlapbetweerparaphrases comparableorporathanis the casein othercor
pora. Our corpusdoesnot containcomparabledocuments:while the reviews we useare of
thesamelIm, they dealwith totally differentaspectof said Im, andin factsaycompletely

different(or evenoppositehingsaboutthe Im.



Chapter 4

Finding ParaphrasesUsing PNrule

4.1 Our goal

Our goal in this thesisis to usethe PNrule algorithmin combinationwith a setof simple
measure$o detectparaphraseis corporacontainingdocumentsboutthe samesubjectwithin

which:
paraphraseareextremelyrare;and

a singlesimplemeasuresuchascosinesimilarity, cannotbe usedeffectively to detect

paraphrases.

Within ourcorpus paraphraseare for themostpart,foundonly attheclausdevel. Ideally,
we'd like to matchpairsof clauseswhereonememberof the pair is a paraphrasef the other
member However, we felt that attemptingto automaticallyextract clausesfrom sentences
wouldintroduceerrorinto asystenthat,dueto thenatureof thedata,cannothandlemucherror,
and extractingthem by handwould be impractical. Instead,we attemptto matchsentences
whereone sentencecontainsa clausethatis a paraphrasef a clausein the othersentence.
Thisis basicallywhatBarzilayandElhadad2003)attemptedo do, albeitwith averydifferent

dataset.

68
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Annotatorl

Yes No Totals

Yes 33 29 62
Annotator2 No 75 74067 74142
Totals| 108 74096 74204

Table4.1: Theoriginal agreemenmatrix.

4.2 Our corpus

For our corpus,we useda set of reviews from Epinions.com(www.epinions.com ). In
particular we usedreviews of themovie SpiderMan 2. While we usedall 99 reviews available
for latentsemantidndexing (which we'll getto later),we used ve of thesearticlesto create
ourtrainingandtestingsets.First, we pairedthearticleswith eachother, giving usatotal of 10
pairsof articles,with atotal of 74,204pairsof sentencesThen,we hadtwo judgesannotate
eacharticle pair, markingthosesentencegairsthat hada clause-paraphragelationship.We
canseea quantitatve summaryof the resultsof this annotationin the agreementnatrix of
Table4.1.

If we simplylookedatthe percentagef examplesuponwhichourannotatorsagreedwe'd

comeupwith anagreemenvalueof 32,78967 0 99. However, this measuravouldignorethe

factthatit's far morelik ely for the annotatorso agreeon a negative examplethana positive

one.Thereareseveralreasondor this:

1. thenumberof nggative exampledar exceedgshenumberof positve examples.Thismay
causethe annotatorgo preferto markadif cult-to-classify exampleasnegative; thisis

exacerbatedby thefactthat

2. all of the examplesare marked as negative by default—theannotatorghensearchout

andmarkthe examplesthat arepositive (this alsomeanghatif bothannotatorsimply
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fail to nd apositive example,it will beagreeduponasnegatve—anentirely plausible

scenario)andalsoby the factthat

3. mostof the neggative examplesare obviously negative (thatis, the two sentencefiave
absolutelynothingin common) while the positive examplesarenot necessarilyaseasy

to identify.

Thefactthatthe two annotatorsaremorelik ely to agreeon a negative examplethanon a
positive oneis re ectedin the expectedagreemenbf the annotation.The expectedagreement
is the proportionof examplesexpectedo beagreedn by chance A measur&nown askappa
hasbeendevelopedto measureagreementvhile takinginto accountexpectedagreement.

Originally, kappawasonly 0 388. Accordingto Landisand Koch (1977),this indicates
only fair agreementHowever, dueto the annotatiormethodwe used,it wasentirely possible
that someof the “disagreementivas actually causedoy one annotatorspottinga paraphrase
thatthe otherhad missed.Becausgaraphrasearevery rarein our corpus,it would both be
easyto overlookthem,andseverely affect the kappascoreif afew wereto be overlooked. To
distinguishbetweenactualdisagreemenand overlooked paraphrasesye hadthe annotators
take a secondlook at the pairsuponwhich they disagreed.The resultingagreementnatrix
canbe seenin Table4.2. Using thesenew totals, the kappavalueis 0 792, which indicates
substantiahgreementThisindicateghatmuchof theoriginal disagreemenwasindeeddueto
overlookedparaphrasessopposedo actualdisagreemeniver whatconstitutesa paraphrase.

Discardingthe examplesthe annotatorgdisagreecbn, this gave us a total of 90 positive
examplesand74,067negative examples:we areindeeddealingwith avery rareclass.

Therarenessf this classmadedeterminingourtestingandtrainingsetssomevhatdif cult.
We wantedto keepthe article pairseitherentirelyin the training set,or entirely in the testing
set;thisway, it would beasthoughthe systemwereseeingentirelynew pairsof articlesduring

training! Therewere two reasondor this: rst, we useinformation aboutthe paragraphs

LAlthough our systemwould've seenboth of thesearticlesbeforeindividually, we don't seethis asanissue,
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Annotatorl

Yes No Totals

Yes 90 8 98
Annotator2 No 39 74067 74106
Totals | 129 74075 74204

Table4.2: Theagreemeninatrix afterdisagreementsadbeenre-examined.

in which the sentenceareembeddedin our systemandthusit's morerealisticto assumehe
systems looking atpairsof articles;secondandmoreimportantly it maybethatseveraltypes
of paraphrasingccurwithin anarticle,andthus,we wanta samplethatwould includeall such
types. In theory werewe simply to treatall of the pairsasonebig bag, it might be possible
thatwe'd only endup with onetype of paraphrasingn our testset—particularlysincethere
aresofew positive examples.We endedup with approximately79% of the positve examples

in thetrainingset,and21% of the positive examplesn thetestingset.

4.3 Measuring the signature clarity of a model

Throughoutthis thesis,we have discussedtlasssignatures. The signatureof a classis the
combinatiorof measure-aluesthatindicatethe presencef thatclass.Thepointof amachine-
learningalgorithmis to developa modelthatimitatesthatsignaturethe clearerthe signature,
theeasietthis taskis.

Thereare,of coursemary signaturesvithin aparticularhypothesispaceall of whichcan
be consideredo be anapproximatiorof the classsignature We wantedto be ableto measure

how well aparticularsignatureapproximatedheclasssignatureof thetargetclass.We call this

asour methodlooks at eachpair of sentenceidividually, without retainingarny informationabouta particular
article. Thus,whetherthe systemhastrainedon a particulararticle is not anissue;it's whetherthe systemhas
trainedon a particularpair of articlesthatmatters.
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measuresignatue clarity, becauset re ects the amountof noiseaddedto the classsignature
to createthe hypothesissignature A clearsignaturgwhich would have a valueof 1 with this
measurewould be onethat 1) coveredall of the target classexamples,and2) coverednone
of the non-taget classexamples.Thus,we felt our measureshouldre ect two things: 1) how
stronglythe presencef thetarget classindicatesthe presencef the signatureand?2) to what
degreethe signaturehasbeenpollutedby the signatureof the non-taget class(lesspollution
shouldleadto a higher score). We referto 1) asthe signatures strength andto 2) asthe
signatures purity. Recallis anexcellentmeasureof the former. But how do we measurehe
latter?It seemdo usthatthis shouldbedeterminedy how well the signaturecoversthetarget
class,versushow well it coversthe non-tagetclass.Thus,we arrive atthe following measure

for purity:
Re
Rce Rne

whereRc is the recall of the tamget class,and Ryc is the recall of the non-taget class. A

Ps

signatures clarity is the productof its purity andits recall; thus

Re R
Cl
s R Re R Ruc

Sincein effecta modelis simply a hypothesisignaturewe canmeasurdahe signatureclarity
of amodel.

So what distinguisheghis measurdrom the F; measure?The differenceis that the F;
measureonly focuseson how well the modelidenti es examplesof the target class,without
takinginto accountthe natureof the non-tagetclass. This meanghat, for instancejn a data
setwherethereare 99 positive examplesand 1 negative example, simply picking a trivial
hypothesighatcoversall of the examplesgivesa very high F; measurewhereasn a dataset
with 99 negative examplesand 1 positive example,the samehypothesigyivesa very low F;
measureOur clarity measurepntheotherhand will alwaysgivethistrivial hypothesisscore
of 0 5, regardlesof therelative sizesof the classes.This is becausehetarget classperfectly

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

4.4 Changesto PNrule

During developmentwe noticedthat, despiteits focuson rarecasesPNrulewasvastly over
tting its modelto thetraining data: duringthe rule-re nementstage jt would oftendiscover
rules that coveredonly a single positve example. The problemwas that, despitetheir low
supporttheseruleswould oftenhave ahigherZ-numberthanthe alternatves. We alsonoticed
thattheserulesusuallyconsistef a singlerangecondition.In orderto combatthis over tting

problem,we madetwo changedo PNrule.

First, we removed PNrule's ability to treata rangeasa single conditionof arule. You'll
recallthatin its original formation,PNrulewascapableof discoveringconditionssuchasO
vi 1, wherev; is someattribute. However, we noticedthatthis allowed PNruleto discover
highly accurateulesby usingrangeconditionsto cover a very small numberof examples.It
wasour hypothesighatthe problemwasthat,becauseangesveretreatedasasinglecondition,
PNrulewasexaminingthesebeforeit could nd potentiallybettercombination®f conditions.
Note thatwe did not remove the ability of PNruleto discover ranges—onlthatnow a range
is treatedastwo conditionsof a rule insteadof a singlecondition(i.e.,0 v; 1 becomes
vi 0 vi 1). Thus,PNrulecomparesgivenrangeto all otherpossiblepairsof conditions,
insteadof comparingt to unaryconditions.

Secondwe addedadd-onesmoothingduringthe calculationof the Z-number The advan-
tageof usingadd-onesmoothingin this manneris thatit signi cantly lessenghe accurag
value assignedo ruleswith low coveragewithout signi cantly affecting the accurag value
assignedo ruleswith high coverage.For instancejf arule coveredonepositve exampleand
no negative examplesjts accurag valuewould bereducedrom 1 0 to H 0 66, whereasf
arule covered100positive examplesandno negative examplesjts accurag valuewould only

bereducedo 1335  099.
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Although,aswe will seein theresults,PNrulewasstill unableto nd a particularlygood
model,it did begin to make reasonablehoicegyiventhetrainingdata,andceasedo drastically
overt the data. Note that this re ects one of the greatadvantagesof rule-basedmachine
learning: becauseave wereableto understandhe modelthat PNrulewasoutputting,we were
ableto make adjustments$o improve its performance.

In additionto thesechangeswe also createda secondversionof PNrule, whereinwe
substitutedsignatureclarity for the Z-numberduringthe rule-tuilding stage,andchangedhe
stoppingconditionfor rule building duringboththe P-stageandthe N-stageto alessthan0 05
increasen the clarity value of the rule. Why did we do this? Originally, we had conceved
of signatureclarity in orderto aid discussiorduring the analysisof our results. However, it
occurredto us that signatureclarity hasa propertythat makesit usefulfor PNrule. When
thetargetclassis signi cantly smallerthanthe non-tagetclass,the purity of therule quickly
approacheg. Thus,in orderto obtaina high clarity in this situation,analgorithmwill focus
on maximizingrecall. By contrastjf thetamgetclassis signi cantly largerthanthe non-taget
class,coveringonly afew of the non-tagetexampleswill causehe purity value—andhusthe
clarity value—tobe very low; in sucha situation,an algorithmwill focusmoreon precision.
This is preciselythe behaior we'd like to seein PNrule. Note, however, that while a large
disparity betweenthe sizesof the tamget and non-taget classcan causethe purity value to
approachl very quickly, the sameis not true for recall. Thus,at the very least,PNrule must
alwaysbalanceecallwith precisionwhile in somecasest cannearlyignorethelatterin favor
of the former. This asymmetryis important;if it were possiblyto nearlyignorerecall, we'd
endup with a modelcontaininga large numberof rules, eachof which would cover only a

smallnumberof examplesthis would meanthe modelwasover tting thedata.

4.5 Preprocessing

Our preprocessingonsistof thefollowing steps:
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1. Expandingcontractions

2. Part-of-speecliagging

3. Remwing auxiliary verbs

4. Remwing certainpartsof speech

We detailthesestepsbelow.

4.5.1 Expanding contractions

We usea smallsetof heuristicsto expandcontractiongackinto their componentvords. For
instancewe replacecan't with can not, andwon't with will not We do this so that phrases

suchascan't gowill matchwith phrasesuchascannotgo.

4.5.2 Part-of-speechtagging

In orderto tag our data,we usethe rule-basedgart-of-speectiaggerdevelopedby Eric Brill

(Brill, 1994),andtrainedontheBrown corpus.Althoughit would've beenpreferabldo retrain
the taggeron datamore similar to our own, we simply did not have a large enoughtagged
corpusavailableto do so. We examinedour dataafterit had beentagged,however, andthe
Brill taggerseemedo do areasonablgb; its mostcommonmistake wasto mis-tagadjectves
asnouns. We felt it wasbetterto try measure®asedon imperfecttaggingthanto leave out
taggingaltogether A possibility for the future would be to train a taggerthat learnsin an

unsupervisedlashionwe'll returnto thisideain Chapters.

4.5.3 Removing extra verbs

It's possiblefor auxiliary verbsto causea pair of sentenceto have ahighersimilarity measure
thanthatpair oughtto have. For example the pair of sentencesamrunningandl amdancing

will have a highersimilarity measureghanthe pair of sentence$ danceand!| run. We thus



CHAPTER 4. FINDING PARAPHRASES USING PNRULE 76

wantto remove ary auxiliary verbsfrom our corpus.We do this asbestwe canby removing
ary form of the verbsto haveor to be thatis followed by anotherverh Thereasonwe don't
simply remove all to haveor to beverbsis becauseén casesvherethey arenot auxiliary, they

arepotentiallyimportantindicatorsof paraphrasing.

4.5.4 Removing certain parts of speech

In mary applicationsimilarto thisone,functionwordsareremovedfrom thecorpus.Function
wordsarethosewordsthatcarrylittle lexical meaning Strazty, 2005).However, we foundthat
in mary lists of functionwords,wordsthatwereusefulto our measuregsuchasforms of the
verb to be) wereincluded. Thus, insteadof removing function words, we decidedto try to
remove wordswith certainpartsof speechhatseemedo indicatethatthey did not carrymuch
semanticmeaning. With thatin 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-determinegall,
both, etc.),andinterjection(golly, gosh jeepes, etc.). We believe that this senesthe same
purposeasremoving functionwords, while allowing usto be more preciseby allowing usto
distinguishbetweermmultiple syntacticusesof thesameword. For instancewhile that maynot

beusefulto our systemasa determinerit maywell be usefulasa WH-pronoun.

4.6 Measures

Thereweretwo overarchingandcon icting, concernsvhenwe were developingthesemea-
sures.The rst wasthatfor ary measureve might usethatrelieson matchinglexical units,
two long sentencearemuchmorelik ely to have a numberof matchesregardlesof whatwe
aretrying to match thanaretwo shortersentencesThus,it would appeathatregularizationis
key. However, we areinterestedn matchingclausesnot sentencesSo, for instancetake two

pairsof sentences:
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1. a. Theboy jumpedthefence.

b. Theboy hoppedthebarrier

2. a. Susanwalkedto the store,andthe boy jumpedthefence.

b. Asimpossibleasit mayseemtheboy hoppedhe barrier

Both of theseshouldbe positive examples,as they both containclauseswith a paraphrase
relationship.However, dueto regularization the latter pair would scorelower thanthe former.
We thususea seriesof measurespf two types:continuousandbinary. We try to combine
measureghatlook atthewhole sentencevith othersthatwe hopewill helpto pinpointclauses
with aparaphraseelationship We'll explainthereasoningehindeachmeasureswe proceed.
Notethatfor all of our measuresaword canonly be matchedo once.For computational
reasonswe endup usinga greedymatchingalgorithmfor thesemeasuresThus,it' s possible
thatfor someof our measuresparticularlythoseusingWordNet,we endup with sub-optimal

measures.

4.6.1 Regularization of continuousmeasures

We have to regularizemostof our continuousmeasuregL S| andcosinesimilarity beingthe
exceptions).We tried two differentregularizationmethods.The rst we took from Hatzivas-
siloglouetal. (2001). Giventwo textual units, A andB, whereA contains A featuresandB
contains B featureswe divide ourmeasurdy A B. For word matching this meanswe
usethenumberof wordsin A andB; for bigrams,it meanswve usethe numberof bigramsin A
andB; etc.

Thesecondnethodwe tried wassimply to divide the measurdy the numberof featuresn
theshorterof thetwo sentencesSincewe arelookingfor clause-lgel paraphrase#; spossible
thatalong sentenceould containa clausethat wasa paraphrasef a shortersentence.This

methodwould give muchhigherscoresn suchcasegshanwouldthe rst method.



CHAPTER 4. FINDING PARAPHRASES USING PNRULE 78

Figure4.1: Thehyperrymsof thesynset tree .

After testing both methodsduring development,we settledon the one from Hatzivas-

siloglouetal. (2001),asit appearedo leadto moreaccurateesults.

4.6.2 Word-stemmatching

Oursimplestmeasurés word-stenmatching.Firstwe usetheLingua::Stem::Sneball module
(Potencier2005),a Perlimplementatiorof the Porterstemmingalgorithm (Porter,1980),to
stemthetwo wordswe arecomparing andthenwe seeif they match.We countthe numberof

matchingword-stemsandthenregularizetheresultsasdetailedabove.

Porter stemmingalgorithm

ThePorterstemmingalgorithmis awidely-usedalgorithm,for thereasonghatit is small,fast,
reasonablsimple,andhasbeenshawn to effectively improve the performancef information
retrieval systemgPorter,1980). While oursis not aninformationretrieval system,Porters
point that “terms with a commonstemwill usually have similar meanings”(Porter,1980)

holdsequallywell in thisdomain,andis atleastasimportant.
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4.6.3 UsingWordNet

All of the measuresising WordNet (Fellbaum,1998) are continuous,and are regularizedas
describedabore. In orderto accessNordNet's databasewe usedthe WordNet::QueryData
Perlmodule(Rennie,2005).

Matching immediate hypernyms

First, we shoulddescribewhatwe meanby an“immediate” hyperrym. By this, we meanthe
synsetthatis the parentof the synsetwe are concernedvith. Thus,for our earlierexample,
theimmediatehyperrym of tree is woodyplant,ligneousplant . Naturallythisisa awed
measurein reality, theremaybetimeswhenreplacing tree with plant, ora, plantlife , or
evenwith entity , would make senseNeverthelesswe hopethatthiswill provide ourmethod
with informationlackingin our simpleword-matchingneasure.

We matchtwo word sensed& ary of thefollowing hold:

1. Thetwo wordsarethe same;or

2. Thesynsetof oneword is the sameastheimmediatehyperrym of the otherword; or
3. Theimmediatehyperrymsof thesynsetof thetwo wordsarethe same.

We actuallygatherfour measuresere. First, we ignorethe part-of-speeclof eachword.
This meanghatwe couldin effect be looking at several words: for instance sinceknife can
beeitheranounor averb,we'd look at boththe sense®f knife (noun)andthe sensesf knife
(verb). We computeonemeasurevherewe try to matchfor ary senseof the two words,and
anothermeasurevherewe try to matchfor only the mostfrequentsensef the words. We
do this becauseaisingthe lessfrequentsensesanleadto somestrangeresults. For example,
duringdevelopmentwe foundthatthe word sonwasbeingmatchedwith theword father. As
it turnedout, both sonandfather hada sensecorrespondingo the ChristianTrinity, andthus

both hadthe hyperrym hypostasiswhich refersto ary of the threeaspect®of the Trinity. The
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mostfrequentsenseof father and sonwere, however, the sensesve hadin mind. On the
otherhand,we don't wantto discountthe lessfrequentsensentirely: usingonly the most
frequentsenseshouldincreaseprecision while matchingfor ary senseshouldincreaseecall.
By includingboth,we hopethatPNrulewill nd ahappy medium.

We thencomputethesetwo measurea secondime, only this time we do take the part-of-
speechtag into account,matchingonly for sense®f the word that matchthe part-of-speech
tag. Relyingon a measurghatmatchesany partof speechshouldleadto higherrecall, while
relying on a measurethat matchesspeci ¢ partsof speechshouldleadto higher precision;
again, this re ects the balancebetweenrecall and precisionwe hopeto achiese. Thisis a

commonthemethroughoutour measures.

Matching synsets

This measuras muchlik e the hyperrym measuregxceptthat we simply checkwhethertwo
wordsbelongto thesamesynset Lik e thehyperrym matchingwe dothis four times:ignoring
andtaking into accountthe part-of-speechag, and allowing ary or only the mostfrequent

sense$o match.

4.6.4 UsingVerbNet

In our examinationof our resultsduring developmentwe found that while WordNetworked
fairly well for nouns,adwerbs,andadjectves, it would oftenfail to matchverbsthat seemed
asthoughthey oughtto have beenmatched.For instance giventhe two phraseshe chip was
shatteed andthe chip wasdestoyed it failed to matchshatteed with destoyed This was,
of course,not a fault with WordNet—shatterand destoy are not synoryms of one another
Neverthelessyve felt that suchverbsoughtto be matchedin our system. Thus, we took the
datafrom VerbNet(Kipper et al., 2000),andassociate@achverbwith its Levin class(Levin,
1993). Thereare 193 Levin classesand verbsare groupedinto theseclasseshasedupon

their agumentsyntax;while not perfect,theseclasseslo give a roughindicationof semantic
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similarity.

Unlike with WordNet, wherewe useda Perl moduleto accessa databasewith VerbNet
we simplytookan XML le andparsedt into a hashtable,with the verbsasthe keys andthe
Levin classessthevalues.We thenalteredour WordNetmeasuresothatif two wordscould
bothbe consideredrerbs,they would be matchedf they werein thesamelevin class.

In addition, we createda new binary measurewhich is setto true if the two sentences
containverbsthat sharethe sameLevin class. We chosethis as a binary measurebecause
we arelooking for pairsof clauseghatsharea paraphraseelationshipandwe thoughtthata
matchingpair of verbsmightindicatethe presencef suchaclauseregardlesof thelengthsof

thetwo sentences.

4.6.5 Bigram and trigram matching

An n-gramis asequencef tokens.Two n-gramsmatchif, for eachpositionin the rst n-gram,
the token occupying the samepositionin the secondn-grammatcheghe tokenin the rst n-
gram. We matchedbigramsand trigramsof word-stemsand of mostfrequentsynsets. For
the mostfrequentsynsetswe alsotook part-of-speecliagstakeninto account.Becausat is
unlikely thatsuchbigramsandtrigramswould appeain entirelyunrelatecsentencegheidea
behindthesemeasuress to increaserecisionby nding asmallnumberof pairsof sentences
thatarehighly likely to sharea clause-paraphraselationship.Thesemeasurearecontinuous,

andareregularizedusingthe methoddescribecktarlier

4.6.6 Skip-onebigram matching

Relatedto our measureabove, for thesemeasuresve createdbigramsand skip-onebigrams
The latteris createdby usingoneword-stemor synsetasthe rst positionin the bigram,and
the word-stemor synsettwo wordsto the right of thatword for the secondposition. Thus,

whereasusing regular bigramsthe sentencesThe dog ran and Thefat dog ran would have
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only onematchingbigram( dog ran ), with thesemeasureghesesamesentencewould have
one matchingbigram and one matchingskip-onebigram ( the dog , and dog ran). Note,
however, thatthisdoeschangdhenumberof potentialmatchesandthustheregularization:for
traditionalbigrams,the rst sentencecontainstwo potentialmatcheq the dog, dog ran),
andthe secondcontainsthree( the fat , fat dog, dog ran); underthis measurethe rst
sentencecontainsthree possiblematches the dog , theran, dog ran), andthe second
sentenceontains ve( the fat , thedog, fat dog, fat ran, dog ran). It maythusseem
like theres no adwvantageo usingthesemeasuremsteadof measuresisingstandardigrams;
afterall, undera standardigrammeasureysingour rst regularizationmethod the similarity
betweernthesetwo sentencess approximately% 0 577,whereasunderthis measurehe
similarity is only % 0 516.However, avalueof aparticulairmeasureshouldbejudgedonly
relative to othervaluesof the samemeasure For example,considera third sentencelNo dog
ran. Using a traditionalbigrammeasurethis would have the samesimilarity to the sentence
Thefat dog ran asdoesthe sentenc& hedog ran. However, usingthis measureit would have
a similarity measureof only % 0 258, lessthanthe 0 516 similarity measureof the rst
two sentencedt' sour hopethatthis measureouldthuscapturesomethingneasurebasedn

simplebigramscannot.

4.6.7 Matching within awindow

Theproblemwith theabore measuress thatwhile we arelookingfor clausesvith aparaphrase
relationship,they areall measure®n sentenceslt occurredto us that simple clausesoften
consistof a small sequencenf contiguouswords, and thusit might make senseto usethe
measuredisted above on small “windows” of wordswithin eachpair of sentencesWe thus
collecttheword-stemhyperrym, andsynseimeasuresnwindows containingd—7words,and
take the highestvalues.

As anexample let'slook atthe sentenceBettywalkedthedog, while Bobprepareddinner

and Later that afternoon,Bettywalked the dog. For the sale of simplicity, assumeave don't
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remove ary words. Thenfour wordsarethe samein both sentencesBetty, walked the, and

4
87

awindow of size4, we'll endup with a valueof 1, becausdour consecutre wordsmatchin

dog. Our normalword-stemmeasuravould returna valueof 0 53. However, if we use
eachsentence On the otherhand,if we hadtwo sentences3ob walked the dog, while Betty
prepaed dinner and Later that afternoon,Bob prepased dinner, the value of the word-stem
measurevould still be approximately0 53, sincefour wordsstill match,but the windows-of-
size-4measuravould've beenreducedo 0 5, sincethe highest-scoringvindows would now

bewhile Bettyprepaeddinnerandafternoon,Bob prepaeddinner.

4.6.8 Latent semanticindexing

For this measurewe trainedTelcordias LS| program(Chenet al., 2001)usingthe sentences
of the 99 reviews of SpiderMan 2 found on Epinions.comWe usedlog entrofy termweight-
ing, and 100 factors. We usedthe sameprogramto nd the similarity valuesbetweenthe
sentencesTherewasno needfor usto regularizethis measureasregularizationis built into

cosinesimilarity (andthusLSI).

4.6.9 Usingthe similarity of containing paragraphs

As mentionedn Chaptei3, BarzilayandElhadad2003)foundthatusingthe cosinesimilarity
of the paragraph€ontainingtwo potentiallymatchingsentencesould increasehe accurag
of theresults.We thusincludetwo measuresthe cosinesimilarity of the paragraphsandthe
cosinesimilarity of the paragraphsvithout any propernoung. In orderto gatherthe cosine
similarity, we usedPaul Clough's overlapprogram(Clough,2001),which givesa numberof
similarity measurefcluding cosinesimilarity.

In addition,we trainedthe LSI programusingthe paragraph$oundin the 99 reviews of

SpiderMan 2 andthentook the LS| valuesof the containingparagraphspncewith 100factors

2We roughly estimatethe latter by removing ary capitalizedword that doesnot occurat the beginning of a
sentence.
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andagainwith 25 factors.This of coursesenesthe samepurposeasthe cosinesimilarity, but

we thoughtthatperhapd.SI would prove to be a bettermeasure.

4.6.10 Complex measutes

In orderto furtherhelp us detectpairsof clausesharinga paraphraseelation,we decidedto
usea seriesof binary measure®asedon a combinationof lexical and syntacticfeaturesthat
we thoughtmightindicatethe presencef matchingclauseswithin a pair of sentencesThese
featuresarea combinationof threethings: a pair of parts-of-speecthat the matchingwords
mustconformto, whetheror not theseparts-of-speecimustoccurin a particularorder and
whethertheseparts-of-speecmustoccurwithin a particularrangeof oneanother(separated
by only a certainnumberof wordsor less). Two words matchif their mostfrequentsenses
arein the samesynset,or if they areboth verbsin the sameLevin class.We usedthis asour
matchingcriteria becauseve expectthesemeasureso increaseecall,andthuswantedthem

to beaspreciseaspossible. Thefeaturesareasfollows:

noun-verb ordered Eachsentencenustcontainamatchingnoun-\erbpair, in thatorder This
roughly corresponddo a subject-erb pair, wherethe verb follows somethinglike a
conjunction;for instance Theboywentto the store andboughta pearwould matchThe

boyboughta pear.

noun-verb orderedranged Eachsentencemustcontaina matchingnoun-\erb pair, in that
order within a range,which variesfrom 1-5 words. This roughly correspondgo a

subject-erbpair.

verb-noun orderedranged Eachsentencanustcontaina matchingverb-nounpair, in that
order within arange whichvariesfrom 1-5words. Thisroughlycorrespondso averb-

objectpair.

verb-adverb ranged Eachsentencenustcontainamatchingverb-aderbpair, wheretheverb

cannotbeaform of to be andwherethe matchingwordsmustbewithin arangeof each



CHAPTER 4. FINDING PARAPHRASES USING PNRULE 85

other Therangevariesfrom 1-5words. This allows usto matchsuchphrasepairsas

quickly ranandran quickly.

be-adj ordered ranged Eachsentencanustcontaina form of the verb to be followed by
a matchingadjectve within a particularrange,which variesfrom 1-5. We usethis
measureébecausa fairly commonlyoccurringclauseis oneof the sort noun is adj .

For example,thiswould helpour systemmatchTheball is big with Theball is large.

noun-nounranged Eachsentencemustcontaintwo matchingnouns,which occurwithin a
particularrangeof one another This rangevariesfrom 1-5words. This could be in-
dicative of a numberof relationshipsjt mainly re ects the factthattwo clauseswith a
paraphraseelationshipwill often containthe synorymouspairsof nounswithin close

proximity to oneanother

noun-adjective ranged Eachsentencenustcontaina matchingnounanda matchingadjec-
tive, eachwithin a particularrangeof one another The rangevariesfrom 1-5. We
includethis measurédecausave aredealingwith opinions,andthusa large amountof
the meaningof a clauseis likely to be foundin pairsof nounsandadjectves(excellent

performanceexciting movie, etc.).

4.6.11 Matching words with differ ent parts of speech

Onecommonmethodof paraphrasings to transforma word with one part of speechinto a
relatedword with a differentpartof speechFor example,Bobwasresponsibldor themurder
of Joe andBob murdered Jog or, Themanwasa giant andHe wasa giant man With this
in mind, we createdbinary measureshatre ected whethertwo wordswith differentpartsof
speectsharedhesamestem.Thematchesve attemptedverenoun-to-\erb,noun-to-adjectie,
verb-to-adjectie, andadjectve-to-aderh For eachof thesemeasuresthe resultwastrue if

suchamatchoccurredn the sentenceandfalseif it did not.
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4.7 Results

First, we hadto createa baselineagainstwhich our resultscouldbe comparedSinceBarzilay
and Elhadad(2003)werealsolooking for sentencesharingclause-paraphraselationships,
we decidedthat, lik e them,we would usea cosinesimilarity thresholdto createour baseline
To do so, we found the cosinesimilarity of all of our examples thentook the thresholdthat
gave usthebestF; valueonthetrainingdataandappliedit to thetestingdata. Theresultscan
beseenin Table4.4 (for thetrainingdata)andTable4.5 (for thetestingdata).

We then collectedthe measuredisted in the previous section. We ran PNrule on these
measuregysingtheparameterthatcanbeseenn Table4.3. We pickedthesegparameterpartly
on the suggestion®f Joshi(2002),and partly on our judgmentof what seemedeasonable.
Note that dueto our choice of MinCExamplesToSplit (which we took from Joshi(2002)),
PNruledoesnotsplitthedata;thisis probablyreasonablgiventhe paucityof positivetraining
examples.

As we canseefrom Table4.4,the modelfound by PNruleover our lexical measureper
formed betterduring training thanthe model developedusing a cosinethreshold. It's worth
discussinghe modelthat PNrulecameup with, asit hassomeinterestingqualities.An exam-
pleis potentiallylabeledaspositive if oneof two P-rulesapplyto it, andnoneof the N-rules

do. Thetwo P-ruleswere:

1. Theskip-one-bigramvord-matchingneasurés greateithan0 115andthelatent-semantic-

indexing measuras greaterthan0 586.
2. Thelatent-semantic-indeng measures greaterthan0 949.

There were other P-rules,but none of them had a con dence scoreover the threshold,so
in effect we canignorethem. The N-rulesthat could apply to the two P-rulesarelisted in

Figure4.2. TheN-rulesarecomplicatedanddo notshow ary clearpatternwhichdemonstrates

3We thoughtof using Barzilay and Elnadad(2003), but during early developmentwe hadtried the method
withoutmuchsuccessWe chosecosinebecauseve did not have ary notionof how it might perform.
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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: Parametewaluesfor PNrule.

thatthereisn't any obviousway to divide thetrue positivesfrom thefalsepositives.

The con dencelevelsfor rulescoveredby oneof the two P-rules,andby noneof the N-
rules,were0 421 and0 428, respectrely. Thisis clearly whatgivesus our precision:if one
of thesetwo rules coversan example,theres a nearly 50% 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-rule would still have a con dence
level of 0 4; by contrastonecoveredby the secondP-rulecould have acon dencelevel of as
low as0 182. This demonstratethat a combinationof measuress (perhapsunsurprisingly)
likely to leadto a betterresultthanuseof a singlemeasure.

Unfortunately in thetraining set,P-rule1 coveredonly 7 positive examples,andP-rule2
coveredonly 4—evenworse,aswe canseein Table4.5, they coveredno positive examples
in the testingdata,which meansthat our methoddid no betterthan cosinethreshold. Thus
while we have a coupleof rulesthat appearo be reasonabléndicators,relatively speaking,
of a clause-paraphraselationship,they cover far too few examplesto be usefulin and of

themseles.
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Method Recall Precision F;

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: Precisionyecall,andF; of themodelslearnedon thetrainingdata.

We includethe resultsof our clarity-measure-basedersionof PNruleaswell. As we can
see,it unfortunatelydoesnt performary betterthanPNrule. However, the modelit arrivedat
wasfar simpler This modelconsistedf a singleone-conditiorP-rule,andtwo one-condition

N-rules.In fact,theentiremodelcanbe summedupin oneline:
L 0137 0531 - 05

where _ _ is theregularizedmost-frequenhyperrym count,wherethehyperrymsmust
have thetaggedpart-of-speech; is thelatentsemantiandexing measureand _  _

is the regularizedmost-frequentiyperrym counttaken within a 5-word window. The P-rule
covers63 out of 90 of the positve examples,giving it a fairly high recall, but it alsocovers
15674negative examplesgiving it aterribleprecision.TheN-rulesremove 24 and12 positive
examplesrespectrely, but alsoremove 14248and1292negative examples.This givesus 18
out of 90 positve examples,and 134 negative examples,which, while not a stunningresult,
is the sort of behaior we'd wantto seein PNrule. In particular the useof the LSI measure,
whichin ourdatahaslow coveragebut is highly precise asanN-ruleinsteadof a P-rulemalkes
considerablynoresenseThus,while the performancef this versionof PNruleon our datais
not ultimately ary betterthanthe performanceof the original version,it doesleave uswith a

muchsimplermodel,andbehaesin a mannercloserto whatwe'd expectin PNrule.
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Method Recall Precision F;
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: Precisionyecall,andF; of themodelsappliedto thetestingdata.

As anexperimentfor furtheranalysiswe decidedo try runningPNrulewith smallsubsets
of themeasuresOf thesethebestperformancenthetestingdatawasobtainedby trainingon
threemeasuresthe cosinesimilarity of the containingparagraphgignoringpropernouns) the
noun-nourrangedmeasuravith arangeof 3, andnoun-adjectie rangedmeasuravith arange
of 4. We labelthis “PNrule (3 measures)in Table4.4andTable4.5. As we cansee,despite
doing betteron thetestingdata,it' s still not a strongresult—infact, becauset doesno better

onthetrainingdata,it' slikely thatit doesbetteron thetestingdataduepurelyto chance.

4.8 Resultson RTE dataset

Becausedts goal was similar to ours, we decidedto alsotry our methodon the rst PAS-
CAL RTE challengedataset.In orderto do so,we droppedall paragraptsimilarity measures
(sincethe datadidn't containparagraphs)etrainedthe LS| modelon the Reuters-21578or
pus(Lewis, 1999)(sincewe're now dealingwith news articles,not movie reviews),andadded
a task category to our measures.In addition, we setMinRecallN to 0 02—sincewe're not
dealingwith arareclass(thereareanequalnumberof positive andnegative examples)theres
no real needto worry aboutminimumrecall. For the purposeof comparisonywe've included
theresultsof the systemsubmittedto the challengealongwith our own results,in Table4.6.

As we cansee,our resultsarein line with thoseof the othersystemswith the comparable
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1. - . 0137 - 0213 . false - false 0133 0181

2. 026 - 025 - 0146 - 0118 0789 0

3. - . 0166 - - 0286 R false - - 0429 - 0218
- - 0144

4. 0081 . false 0991 0171

5. - 002 - 0072 - . false . _ 0141 0225

6. 0122 0476 - - - false - 0178 - 0 - 06

0056

Figure4.2: The N-rulesdiscoveredby PNruleover our measures. is theregularizedsyn-
onym count, is the regularizedhyperrym count,and is the regularizedword count.
If precededby _, only the most-frequensynorymsor hyperryms arematched.If followed
by_ ,onlysynorymsor hyperrymswith thetaggedpartof speectarematchedlf followed
by _ 4, the countwas obtainedwithin a window of size#. If precededby S, or
_, themeasureas of regularizedbigrams,trigrams,or skip-onebigrams,respectiely.

is the cosinesimilarity of the containingparagraphs,  _ is the samemeasure
without propernouns,and is the latentsemantidndexing measure. o o

and + followed by two partsof speechindicateour stem-matchingprdered-matching,

andranged-matchingneasuresalongwith the parts-of-speecthathave to be matched.

documentgaskcausingmostof the overall accurag improvement. The F; scorewe obtained
was0 67,abasicallyinsigni cantimprovemenioversimplylabelingeveryexampleaspositive,
which obtainsa scoreof 0 666. We don't know preciselywhat the F; scoresof the other
systemswere, but we do know from Daganet al. (2005) that noneof themdo signi cantly

betterthanthis.
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System Coverage Accuray
By Task Overall
IR CD RC QA IE MT PP

Akhmatoa 100% 0.511 | 0.587 | 0.521 0.477 0.508 0.492 0.520 0.519
Andreesskaia,etal. (thresh=1) 100% 0.52 0.64 0.51 0.45 0.51 0.47 0.50 0.52
Andreesskaia,etal. (thresh=3) 100% 0.53 0.63 0.48 0.45 0.52 0.47 0.50 0.52
Bayer etal. (systeml) 73% 0.516
Bayer etal. (system?) 100% 0.586
Bos,etal. (systeml) 100% 0.555
Bos, etal. (system?) 100% 0.563
Braz,etal. 100% 0.522 | 0.773 | 0.514 0.500 0.500 0.533 0.500 0.561
Delmontegetal. 100% 0.622 | 0.687 | 0.521 0.585 0.583 0.467 0.800 0.593
Fowler, etal. 100% 0.478 | 0.780 | 0.514 0.485 0.483 0.542 0.450 0.551
Glickman,etal. 100% 0.500 0.833 0.529 0.492 0.558 0.567 0.520 0.586
Herreraetal. 100% 0558 | 0.787 0558 0558 0558 0558 0558 0.548
Jijkoun,etal. 100% 0.533 0.847 0.493 0.423 0.550 0.467 0.420 0.553
Newman,etal. (w/ task) 100% 0.446 0.747 0.571 0.515 0.558 0.475 0.520 0.563
Newman,etal. (w/outtask) 100% 0.544 | 0.740 0.529 0.539 0.492 0.508 0.560 0.565
Pazienzagetal. (manualparams) 100% 0.444 | 0.765 0.486 0.395 0.467 0.521 0.540 0.525
Pazienzagetal. (SVM-tunedparams) 100% 0.489 0.644 0.521 0.457 0.492 0.479 0.500 0.518
Raina,etal. (singleweight) 100% 0.567 0.793 0.529 0.485 0.475 0.467 0.580 0.562
Raina,etal. (multiple weights) 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/out stoplist) 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: Theperformancef thevarioussystemsubmittedfor the PASCAL RTE challenge,
plusPNrule's performanceincludedin bold. Whereresultswereunavailable,we have left the

cellsblank.

4.9 Analysis

Now thatwe have discussedaur results we areleft with two questionshow reliablearethese
results,and,if they arereliable,why didn't our approactwork?
We anticipatethat one criticism of theseresultsmight be the small numberof positve

examplesin our trainingandtestingdata.While it' s true thatthe numberof positve examples
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is small,giventheproportionof positiveto negative exampleswe'd needavery clearsignature
to achieve reasonableesults—cleaenoughthat it shouldbe obvious even given thosefew
positive examples.Our methodis clearlyunableto nd suchaclearsignature.

The questionthat remains,then,is why our methodwasunableto nd a clearsignature.
Two possibilitiesexist, andtheanswemmayin factbeacombinationof these:our measuresre
inadequategr rule-basednodelsareinadequate.

BarzilayandElhadad2003)demonstrat¢hatwhenusingcomparableorporait is possi-
ble to classifysuchsentencepairswith agooddealof successysingsimplelexical measures.
Assuming,aswe did, that the paraphrasewithin our corpuswerelike thosefoundin com-
parablecorpora,the problemis that lexical measurest bestprovide only an approximation
of semanticmeasures.In caseswherethe two classesare closein size, a reasonablygood
approximatiorwill sufce. However, in rarecasesthe approximatiormustbe nearlyperfect,
becauseaswe discussecearlier evena smallamountof noisecanleadto a large amountof
error. It is probablynot a coincidencehat the mostaccurateruleswerethoseusingthe LSI
measure—o#tll our measuresthis comesclosestto approximatinghe underlyingsemantics
of the sentencedJnfortunatelythoserulesdo not have a particularlyhigh recall.

All of thatsaid,our resultsbothon our own corpusandonthe RTE datasetin combination
with the resultsof the other systems,suggestiwo things: rst, thatthe paraphrasefound
in our corpusare not necessarilyof the samesortfound in comparablecorpora,andsecond,
that simple lexical measuresre not sufcient whendealingwith paraphrasesutsideof the
comparabledocumentdomain. To seewhy this is so, let's look at a few examples. First,

heres anexampleof the sortof paraphrasgve anticipatedvould be prevalent:

a. Thereddogranacrosghestreet.

b. Thedogranacrosshestreet.

As we cansee,the only differenceis that an adjectve, red hasbeendropped;this doesnot

fundamentallychangehe meaningof the sentenceHowever, let uslook at anotherexample:
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a. Osakais the gastronomicapitalof Japan.
b. Osakais the capitalof Japan.

Likethe rst example,thetwo sentencearelexically andsyntacticallyvery similar, andonly
anadjectve,gastionomichasbeendroppedhowever, this hasfundamentallyalteredthemean-
ing of thesentenceThedifferences thatgastionomiccompletelychangeshe meaningof the
word capital, whereaged is anintersectve adjectve. In casesuchasthis, measuresuchas
mutualinformationmaybeableto help.

However, let's look at anotherpair of examples.In the rst example,the text unit is both

lexically andsyntacticallysimilarto the rst:
a. Theeventwasa gastronomiaelight.
b. Theeventwasa delight.
Now let'scomparethatto a secondexample:
a. Theeventwasa gastronomidelight.
b. Thefood atthe eventwasabsolutelydelicious.

The secondsentencen this exampleis far lesssimilar bothlexically and,particularly syntac-
tically to the rst sentencehanis thesecondsentencen the previousexample;however, it'sa
muchbetterparaphrasef the rst sentenceWhat's more,outsideof thecomparablelocument
domain,therearelik ely to bea numberof negative exampleghatareequallyor morelexically
and syntacticallysimilar to this rst sentencehanis our paraphraseThis turnsoutto be a
far more prevalentproblemthanwe had anticipated particularlyin our own corpus—dueo
the prevalenceof negative examples—Ioit alsoin the RTE corpuswheredueto theannotation

approachit's moreimmediatelyobvious?* We hypothesizehatdueto the factthattwo com-

4Due to the annotationprocessmary of the negative hypotheseén the RTE corpusare still very lexically
similar to thetexts.
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parabledocumentsre,in effect, description®f the sameobjector event,lexical similarity has
afarhighercorrespondenceith paraphrasinghanin otherdomains.

This is notto saythatlexical measuresireentirely useless—irfact, whendetectingpara-
phrasesn caseswherethey arerare,mostnegative examplescanbeweededut usingsimple
lexical measuresFor example,usingour testingset, if we usea modelwhereexamplesare
labeledaspositiveif their LSI valuesaregreaterthanor equalto 0 4, over half of the positive
examples(57%) aremarked astrue, whereasonly around900 of the negative examples(less
than10%)aremarked astrue. However, thatstill leavesuswith a 90-to-1ratio of negative to
positve examples,andthe remainingnegatve examplescannotbe easily distinguishedrom
the positive onesusingsimplelexical measuresThusit' s clearthat, whatever the weaknesses
of PNrule,we needmoresophisticateaneasure$or this task.

The other possibility asto why PNrule couldnt nd a clearsignaturein the hypothesis
spaceis the limits of usingthis rule-basednodel: it hasa dif cult time discoveringrelation-
shipsbetweermeasuresk-or example ,imaginewe have two measures, and , aswell asa
targetclassC. Thesignatureor thetargetclasscould be somethindike 1. While a
numberof statisticalmachine-learningechniquesould modelthis signaturedirectly, a rule-
basedapproachusingthe sameclassof rulesasPNrulecanonly approximatet. For instance,

it couldcomeup with thefollowing seriesof rules:

1 1

2. 1

3. 075 025
4. 05 05
5. 075 025

Evenin caseswvherethe target classwas not rare, theres a dif culty in nding this ap-

proximation:in orderto nd oneof the ruleswith two conditions,the rst conditionmustdo
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betterthanall otherpossible rst conditions. If, for instance therewassomemeasure, |,
and 0 3 gave betterresultsthan 0 75, rule 2 would not bediscovered.This problem
arisesbecausehe rule-re nementstageusesa greedysearch;replacingit with, for example,
a beamsearchmight amelioratethis problem,but theres no computationally-friendlyway to
eliminateit entirely.

In addition, thereis anotherdif culty thatis speci c to casesn which the tamget classis
rare.By approximatinghe signatureusingseveraldifferentrules,we split up analready-small
pool of positive examples;eachrule will, atbest,cover only atiny numberof theseexamples.
What's worse,we almostinevitably add error, eitherbecausedhe rules cover examplesthey
shouldnt, or becausehey missexamples.

So, then,we are attemptingto detecta semanticrelationshipwith a setof measureghat
canatbestonly approximatesemanticsandwith amodelthat,in all likelihood,is only ableto
approximatehetarmget-classignature.This,combinedwith thefactthat,whendealingwith a
raretamgetclass,evenafew errorscanleadto terribleresults lik ely explainswhy our method
failed. Theonly questionthatremainsis to whatdegreeeachof thetwo problemscontrituted

to our methods failure—aquestionthatwill have to beansweredn futurework.



Chapter 5

Futur e Work

Clearly, a lot of work still hasto be donetoward solving this problem. Roughly speaking,
we canseparatduture work into four groups: preprocessingnethod,machinelearning,and

measures.

5.1 Preprocessing

Oneobviousthing to try is to usea partial parser(Abney, 1996,1997)to split the sentences
in our corpusinto clausesandthenattemptingto matchthoseclauses. The dangerhereis
thatmisparsingsentencemightaddanunacceptablamountof error;ontheotherhand,if the
parsingis good,it would reducenoise.

Anotherpreprocessingtepthatwould beworth trying would beto identify any multiword
WordNetentriesthatmight appeaiin the corpus(e.g.,Germanshephed. Of coursethenone
might want to dealwith suchmultiword entriesboth asa single unit and as separatevords

(since,in theory a Germanshephed couldreferto a Germarwho herdssheep).

96
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5.2 Method

In hindsight,andin particularafterreviewing the systemssubmittedfor the RTE challengejt
hasbecomeclearto usthatonemistale we have madein our methodis to treatanasymmetric
relationshipasthoughit werea symmetricone. Imaginewe have two sentencess; ands,.
Currently we usesymmetricmeasuref anattemptto detectwhetheronesentenceontainsa
paraphrasef theother It would be betterif insteadwe dealtwith eachpairtwice: rst check
to seeif s, containeda paraphrasef a clausein sy, andthenvice versa. This would allow
usto useasymmetrianeasuresfor example,if s; containsa hyperrym of aword in s, that
increasedts chanceof containinga paraphrase—eever, it doesnotincreasdahe chancethat
S containsa paraphrasef aclausein s;, andin factmaydeceasethatchance Currently our

measuresannotre ect thatdistinction;this changewvould x that.

5.3 Machine Learning

As we canseefrom the submissiongo the PascalRTE challenge therearea numberof po-
tentialapproacheto the problemof entailmentandthusparaphrasing)Limiting oursehesto
approachessingmachindearning,thereareseveralthingsthatcouldbetried. First, we could
attemptto make changes$o PNrulethatmightimproveits performanceFor example we could
try tness functionsotherthanZ-numberor signatureclarity. Anotherideawould be to start
with a pseudadN-stage:this stagewould nd strongindicationsthat exampleswere negative

andthencreateN-rulesaccordingly Why focuson negative examplesrst? Threereasons:
1. becauseheres alarge numberof negative exampleshoiseis lesslik ely to beafactor;

2. thestrongesindicatorthatanexampleis negative is not necessarilfhe complemenbf

the strongestndicatorthatanexampleis positive; and

3. it's possiblethat the strongesindicatorthat an exampleis negative in the full dataset

will notbethe strongestndicatorin the setof examplescoveredby the P-rules.
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Of course the pseudaN-stagewould be requiredto keeprecallat or nearone: theideawould
beto remove obviousneggative examplesjessobviously labeledexampleswould be dealtwith
in thenormalP-andN-stages.

Secondwe could adapta differentmachine-learningechniqueto dealwith rareclasses,
eitherby redesigninghetechniquepr by penalizingfalsenegatvesmuchmoreseverelythan
falsepositives. We could pick a methodthat doesnot have the weaknessesf a rule-based
systemmentionecearlier or alterPNruleto automaticalljlearnrulesthatallowed,for example,
attributesto be addedtogether Alternatively, if we gatheredar moredata,we might be able
to usesomethindik e k-nearest-neighbamalteredpneadwantageof thatmethodis thatit can
handlesmall“clusters” of positve examplessurroundedy negative exampleswithin a vector
space.

Finally, relatedto this secondoption,we could combinemultiple learnersusinga method
suchas a mixture of experts Theselearnerscould be different machine-learningystems
trained on the samemeasuresgcopiesof the samemachine-learningystemtrainedon dif-
ferentmeasuresor differentsystemdrainedon differentmeasuresWe'd want eachsystem
to obtainnearperfectrecall, but not necessarilygoodprecision. Theideawould be thateach
systemwould cover the sametrue positives,but differentfalsepositives. Assumingthisiis, in
fact,the casethe combinationof systemswill outperformtheindividual systems.

In addition,ary future systemshouldbe modi ed to handlenegationandnumbers;some

of the systemsubmittedto the PascalRTE provide ideasasto how this canbedone.

5.4 Measures

ThePascaRTE challengéhasprovidedanumberof othermeasureto try; in particulay we feel
thatmeasuredasedon lexical chainsmight be helpful, giventhatthis would allows usto add
more contextual informationto our measuresAnothermeasureve'd like to try is onebased

onlatentDirichlet allocation(Blei etal., 2002),sinceit is similarin somewaysto LSI (which
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wasoneof our strongestneasureshut mayoffer someadwantage®vertheformer. Thatsaid,
giventhe resultsof both our and other systemson the PascalRTE data,it seemsasthough
paraphraseetection(aswell asentailmentdetection)will requireinnovative nev measuresa
major partof ary futurework will be nding thesemeasures—foexample,usingthe mutual
informationbetweera nounandandadijectve to decidewhetherthat adjectve hasa large or
smalleffectonthemeaningof thenounphrasgandthus,whetherary potentialparaphraswill
bemorelik ely to includetheadjectve). In addition,it would beworthwhileto investigateéhose
machindearningtechniqueshatincorporatdeatureselection sinceincludingsomemeasures
doesnothingmorethanintroducenoise.

Clearly, theres still a greatdeal of work to be done, both on our speci ¢ task,andon
detectingentailmentin general.We hopethatthis thesiscontributessomeideasto thatfuture

researchaswell asperhapsighlightingsomepitfalls to avoid.
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