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Abstract

We propose a supervised, two-phase
framework to addresstheproblemof para-
phraserecognition(PR). Unlike mostPR
systemsthat focuson sentencesimilarity,
our framework detectsdissimilaritiesbe-
tweensentencesandmakesits paraphrase
judgmentbasedonthesigni�canceof such
dissimilarities. The ability to differenti-
atesigni�cant dissimilaritiesnot only re-
veals what makes two sentencesa non-
paraphrase,but also helpsto recall addi-
tional paraphrasesthat contain extra but
insigni�cant information. Experimental
results show that while being accurate
atdiscerningnon-paraphrasingdissimilar-
ities, our implementedsystemis able to
achieve higherparaphraserecall(93%),at
anoverall performancecomparableto the
alternatives.

1 Intr oduction

Thetaskof sentence-level paraphraserecognition
(PR)is to identify whetherasetof sentences(typ-
ically, a pair) aresemanticallyequivalent. In such
a task,“equivalence”takeson a relaxedmeaning,
allowing sentencepairswith minor semanticdif-
ferencesto still beconsideredasparaphrases.

PRcanbethoughtof assynonym detectionex-
tendedfor sentences,and it can play an equally
important role in natural languageapplications.
As with synonym detection,applicationssuchas
summarizationcan bene�t from the recognition
andcanonicalizationof conceptsandactionsthat
aresharedacrossmultiple documents.Automatic
constructionof large paraphrasecorpora could
mine alternative ways to expressthe samecon-

cept,aiding machinetranslationand naturallan-
guagegenerationapplications.

In ourworkonsentence-level PR,wehaveiden-
ti�ed two mainissuesthroughobservationof sam-
plesentences.The�rst is to identifyall discretein-
formationnuggets, or individual semanticcontent
units,sharedby the sentences.For a pair of sen-
tencesto bedeemedaparaphrase,they mustshare
a substantialamountof thesenuggets. A trivial
caseis when both sentencesare identical, word
for word. However, paraphrasesoftenemploy dif-
ferentwordsor syntacticstructuresto expressthe
sameconcept.Figure1 shows two sentencepairs,
in which the �rst pair is a paraphrasewhile the
secondis not. Theparaphrasingpair (alsodenoted

Paraphrase(+pp):
AuthoritiessaidayoungmaninjuredRichardMiller.
RichardMiller washurt by a youngman.

Non-Paraphrase(-pp):
The technology-lacedNasdaq Composite Index

.IXIC added1.92points,or 0.12percent,at1,647.94.
The technology-lacedNasdaq Composite Index

.IXIC dipped0.08of a point to 1,646.

Figure 1: Examples: Paraphrasing& Non-
paraphrasing

as the + pp class)usedifferentwords. Focusing
just on the matrix verbs,we notedifferencesbe-
tween“injured” and“hurt”. A paraphraserecogni-
tion systemshouldbeableto detectsuchsemantic
similarities (despitethe different syntacticstruc-
tures). Otherwise,the two sentencescould look
even lesssimilar thantwo non-paraphrasingsen-
tences,suchasthetwo in thesecondpair. Also in
theparaphrasingpair, the�rst sentenceincludesan
extraphrase“Authoritiessaid”. Humanannotators
tendto regardthepair asa paraphrasedespitethe
presenceof thisextra informationnugget.



Thisleadsto thesecondissue:how to recognize
when such extra information is extraneouswith
respectto the paraphrasejudgment. Suchpara-
phrasesarecommonin daily life. In news articles
describingthesameevent,paraphrasesarewidely
used,possiblywith extraneousinformation.

We equatePR with solving thesetwo issues,
presentinganaturaltwo-phasearchitecture.In the
�rst phase,the nuggetssharedby the sentences
areidenti�ed by a pairingprocess.In thesecond
phase,any unpairednuggetsareclassi�ed assig-
ni�cant or not (leadingto � ppand+ ppclassi�ca-
tions,respectively). If thesentencesdonotcontain
unpairednuggets,or if all unpairednuggetsarein-
signi�cant, thenthesentencesareconsideredpara-
phrases. Experimentson the widely-usedMSR
corpus(Dolanetal.,2004)show favorableresults.

We �rst review relatedwork in Section2. We
thenpresenttheoverallmethodologyanddescribe
the implementedsystemin Section3. Sections4
and5 detail thealgorithmsfor the two phasesre-
spectively. This is followed with our evaluation
anddiscussionof theresults.

2 RelatedWork

Possiblythe simplestapproachto PR is an infor-
mationretrieval (IR) based“bag-of-words” strat-
egy. This strategy calculatesa cosine similar-
ity scorefor the given sentenceset, and if the
similarity exceedsa threshold(eitherempirically
determinedor learnedfrom supervisedtraining
data),the sentencesareparaphrases.PR systems
that can be broadly categorized as IR-basedin-
clude(Corley andMihalcea,2005; Brockett and
Dolan, 2005). In the former work, the authors
de�ned a directional similarity formula re�ect-
ing the semanticsimilarity of one text “with re-
spectto” another. A word contributesto the di-
rectionalsimilarity only whenits counterparthas
beenidenti�ed in theopposingsentence.Theas-
sociatedword similarity scores,weightedby the
word's speci�city (representedas inverteddocu-
ment frequency, idf ), sumto make up the direc-
tional similarity. The mean of both directions
is the overall similarity of the pair. Brockett
and Dolan (2005) representedsentencepairs as
a featurevector, including features(amongoth-
ers)for sentencelength,edit distance,numberof
sharedwords,morphologicallysimilarwordpairs,
synonym pairs (as suggestedby WordNet and a
semi-automaticallyconstructedthesaurus).A sup-

port vector machineis then trained to learn the
f + pp;� ppg classi�er.

Strategies basedon bagsof words largely ig-
nore the semantic interactionsbetweenwords.
Weedset al. (2005) addressedthis problem by
utilizing parsesfor PR. Their systemfor phrasal
paraphrasesequatesparaphrasingasdistributional
similarity of the partial sub-parsesof a candidate
text. Wu (2005)'s approachrelieson the genera-
tive framework of InversionTransductionGram-
mar (ITG) to measurehow similar two sentences
arrangetheirwordsbasedon editdistance.

Barzilay and Lee (2003) proposedto apply
multiple-sequencealignment (MSA) for tradi-
tional, sentence-level PR.Given multiple articles
on a certaintype of event, sentenceclustersare
�rst generated.Sentenceswithin the sameclus-
ter, presumablysimilar in structureand content,
are then usedto constructa lattice with “back-
bone”nodescorrespondingto wordssharedby the
majorityand“slots” correspondingto differentre-
alizationof arguments. If sentencesfrom differ-
entclustershave sharedarguments,theassociated
latticesare claimedto be paraphrase.Likewise,
Shinyamaetal. (2002)extractedparaphrasesfrom
similar news articles,but usesharednamedenti-
tiesasanindicationof paraphrasing.It shouldbe
notedthatthelattertwo approachesaregearedto-
wardsacquiringparaphrasesratherthandetecting
them,andassuchhave thedisadvantageof requir-
ing a certainlevel of repetitionamongcandidates
for paraphrasesto berecognized.

All pastapproachesinvariably aim at a proper
similarity measurethat accountsfor all of the
words in the sentencesin order to make a judg-
ment for PR. This is suitablefor PR where in-
put sentencesare precisely equivalent semanti-
cally. However, for many peoplethe notion of
paraphrasesalsocovers casesin which minor or
irrelevant informationis addedor omittedin can-
didate sentences,as observed in the earlier ex-
ample. Suchextraneouscontentshouldnot be a
barrier to PR if the main conceptsaresharedby
thesentences.Approachesthat focusonly on the
similarity of sharedcontentsmay fail when the
(human)criteria for PR include whetherthe un-
matchedcontentis signi�cant or not. Correctly
addressingthis problemshouldincreaseaccuracy.
In addition, if extraneousportions of sentences
canbe identi�ed, their confoundingin�uence on
thesentencesimilarity judgmentcanberemoved,



leading to more accuratemodeling of semantic
similarity for bothrecognitionandacquisition.

3 Methodology

As notedearlier, for a pair of sentencesto be a
paraphrase,they mustpossesstwo attributes:

1. similarity: they shareasubstantialamountof
informationnuggets;

2. dissimilaritiesare extraneous: if extra infor-
mation in the sentencesexists, the effect of
its removal is not signi�cant.

A key decisionfor our two-phasePR framework
is to choosethe representationof an information
nugget.A simpleapproachis to userepresentative
words as information nuggets,as is donein the
SimFindersystem(Hatzivassiloglouet al., 2001).

Insteadof usingwords,wechooseto equatein-
formationnuggetswith predicateargumenttuples.
A predicateargumenttuple is a structuredrepre-
sentationof averbpredicatetogetherwith its argu-
ments.Givenasentencefrom theexamplein Fig-
ure 1, its predicateargumenttuple form in Prop-
Bank(Kingsbury etal., 2002)formatis:

target(predicate): hurt
arg0: a youngman
arg1: RichardMiller

We feel that this is a betterchoicefor the repre-
sentationof a nuggetasit accountsfor theaction,
conceptsand their relationshipsas a single unit.
In comparison,using �ne-grained units such as
words,includingnounsandverbsmayresultin in-
accuracy (sentencesthatsharevocabularymaynot
beparaphrases),while usingcoarser-grainedunits
maycausekey differencesto bemissed.In therest
of thispaper, weusethetermtuplefor conciseness
whennoambiguityis introduced.

An overview of ourparaphraserecognitionsys-
tem is shown in Figure2. A pair of sentencesis
�rst fed to asyntacticparser(Charniak,2000)and
thenpassedto a semanticrole labeler(ASSERT;
(Pradhanet al., 2004)), to label predicateargu-
ment tuples. We thencalculatenormalizedtuple
similarity scoresover thetuplepairsusinga met-
ric that accountsfor similaritiesin both syntactic
structureandcontentof eachtuple. A thesaurus
constructedfrom corpusstatistics(Lin, 1998) is
utilized for thecontentsimilarity.

We utilize this metric to greedilypair together
themostsimilar predicateargumenttuplesacross

Figure2: Systemarchitecture

sentences.Any remainingunpairedtuplesrepre-
sentextra informationandarepassedto a dissim-
ilarity classi�er to decidewhethersuchinforma-
tion is signi�cant. Thedissimilarityclassi�er uses
supervisedmachinelearningto make sucha deci-
sion.

4 Similarity Detectionand Pairing

We illustratethis advantageof usingpredicatear-
gumenttuplesfrom our runningexample. In Ta-
ble 1, oneof themodelsentencesis shown in the
middlecolumn.Two editedversionsareshown on
the left andright columns. While it is clear that
theleft modi�cation is anexampleof aparaphrase
and the right is not, the version on the left in-
volvesmorechangesin its syntacticstructureand
vocabulary. Standardword or syntacticsimilar-
ity measureswouldassigntheright modi�cation a
highersimilarity score,likely mislabelingoneor
bothmodi�cations.

In contrast,semanticrole labelingidenti�es the
dependenciesbetweenpredicatesand their argu-
ments,allowing a more precisemeasurementof
sentencesimilarity. Assumingthat thearguments
in predicateargumenttuplesareassignedthesame
role whentheir rolesarecomparable1, we de�ne
the similarity scoreof two tuples Ta and Tb as
the weightedsum of the pairwisesimilarities of
all their sharedconstituentsC=f (ca; cb)g (c being
eitherthetarget or oneof theargumentsthatboth

1ASSERT, whichis trainedonthePropbank,only guaran-
teesconsistency of arg0andarg1slots,but wehave foundin
practicethataligningarg2andaboveargumentsdonotcause
problems.



Modi�cation 1: paraphrase Model Sentence Modi�cation 2: non-paraphrase
Sentence RichardMiller washurt by a

youngman.
Authorities said a young man in-
juredRichardMiller.

AuthoritiessaidRichardMiller injured
a youngman.

(Paired)
Tuples

target: said
arg0: Authorities
arg1: a young man injured

RichardMiller

target: said
arg0: Authorities
arg1: Richard Miller injured a

youngman
target: hurt

arg0: a youngman
arg1: RichardMiller

target: injured
arg0: a youngman
arg1: RichardMiller

target: injured
arg0: RichardMiller
arg1: a youngman

Table1: Similarity Detection:pairingof predicateargumenttuples

tupleshave):

Sim (Ta ; Tb) =
1
�

X
Sim (ca ; cb)�

c= f tar get;ar gshar ed g

wc== tar get
tar get (1)

where normalizationfactor � is the sum of the
weightsof constituentsin C, i.e.:

� = kf ar gshar ed gk + wtar g et (2)

In our current implementationwe reducetar-
getsand their argumentsto their syntactichead-
words. Theseheadwords are then directly com-
paredusing a corpus-basedsimilarity thesaurus.
As we hypothesizedthat targetsaremoreimpor-
tant for predicateargument tuple similarity, we
multiply thetarget's similarity by aweightingfac-
tor wtar get , whosevaluewe have empirically de-
terminedas1.7,basedon a 300-pairdevelopment
setfrom theMSR trainingset.

We thenproceedto pair tuplesin the two sen-
tencesusinga greedyiterative algorithm. Theal-
gorithm locatesthe two mostsimilar tuplesfrom
eachsentence,pairs them togetherand removes
themfrom futherconsideration.Theprocessstops
whensubsequentbestpairingsarebelow thesimi-
larity thresholdor whenall possibletuplesareex-
hausted. If unpairedtuplesstill exist in a given
sentencepair, wefurtherexaminethecopularcon-
structionsandnounphrasesin the opposingsen-
tencefor possiblepairings2. This resultsin a one-

2Copularconstructionsarenothandledby ASSERT. Such
constructionsaccountfor a largeproportionof thesemantic
meaningin sentences.Considerthepair “Microsoft rose50
cents”and“Microsoft wasup50cents”,in which thesecond
is in copularform. Similarly, NPs can often be equivalent
to predicateargumenttupleswhenactionsarenominalized.
ConsideranNP that reads“(be blamedfor) frequentattacks
onsoldiers”andapredicateargumenttuple: “(be blamedfor)
attackingsoldiers”.Again, identicalinformationis conveyed
but not capturedby semanticrole labeling. In suchcases,
they canbepairedif we allow a candidatetuple to pair with
thepredicativeargument(e.g.,50 cents) of a copula,or (the
headof) anNP in theopposingsentence.As theseheuristic
matchesmay introduceerrors,we resortto thesemethodsof
matchingtuple only in the contingency when thereareun-
pairedtuples.

to-onemappingwith possiblysometuplesleft un-
paired. The curved arrows in Table1 denotethe
correctresultsof similarity pairing: two tuplesare
pairedup if their target andsharedargumentsare
identicalor similarrespectively, otherwisethey re-
mainunpairedevenif the“bagof words”they con-
tainarethesame.

5 Dissimilarity Signi�cance
Classi�cation

If sometuplesremainunpaired,they aredissimilar
partsof thesentencethatneedto belabeledby the
dissimilarity classi�er. Such unpairedinforma-
tion couldbeextraneousor they couldbesemanti-
cally important,creatinga barrierfor paraphrase.
We frame this as a supervisedmachinelearning
problem in which a set of featuresare usedto
inform the classi�er. A supportvectormachine,
SVMLig ht , waschosenasthelearningmodelasit
hasshown to yield goodperformanceover a wide
applicationrange. We experimentedwith a wide
setof featuresof unpairedtuples,includinginter-
nalcountsof numericexpressions, namedentities,
words, semanticroles, whetherthey are similar
to othertuplesin the samesentence,andcontex-
tualfeatureslikesource/targetsentencelengthand
paired tuple count. Currently, only two features
are correlatedin improved classi�cation, which
wedetailnow.

Syntactic ParseTreePath: This is a seriesof
featuresthat re�ect how the unpairedtuple con-
nectswith the context: the rest of the sentence.
It models the syntacticconnectionbetweenthe
constituentson bothendsof thepath(Gildeaand
Palmer, 2002; Pradhanet al., 2004). Here, we
model the endsof the pathas the unpairedtuple
andthepairedtuplewith theclosestsharedances-
tor, andmodelthepathitself asasequenceof con-
stituentcategory tagsanddirectionsto reachthe
destination(thepairedtarget)from thesource(the



unpairedtarget)via thethesharedancestor. When
no tupleshave beenpaired in the sentencepair,
thedestinationdefaultsto therootof thesyntactic
parsetree.For example,thetupleswith target“in-
jured” areunpairedwhenthemodelsentenceand
the non-paraphrasingmodi�cation in Table1 are
beingcompared.A path“" V B D ; " V P ; " S; " SB AR

; " V P ; #V B D ” links atarget“injured” to thepaired
target“said”, asshown in Figure3.

VP̀ ` ` ` `
     

VBD

said

SBAR

SX X XX
����

NP
a aa!!!

NNP

Richard

NNP

Miller

VP
bb""

VBD

injured

NP

Figure3: Syntacticparsetreepath

The syntacticpath can act as partial evidence
in signi�canceclassi�cation. In the above exam-
ple, thecategory tag“ V B D ” assignedto “injured”
indicatesthat the verb is in its pasttense. Such
a predicateargumenttuple bearsthe main con-
tent of the sentenceandgenerallycannot be ig-
nored if its meaningis missing in the opposing
sentence. Another example is shown in Figure
4. The secondsentencehasone unpairedtarget
“proposed”while the rest all �nd their counter-
part.Thepathwegetfrom thesyntacticparsetree
reads“" V B N ; " N P ; " S ; :::”, showing that the un-
pairedtuple(consistingof a singlepredicate)is a
modi�er containedin an NP. It canbe ignoredif
thereis nocontradictionin theopposingsentence.

Werepresentasyntacticpathby asetof n-gram
(n � 4) featuresof subsequencesof category tags
foundin thepath,alongwith therespective direc-
tion. We requirethesen-gramfeaturesto be no
more than four category tagsaway from the un-
pairedtarget, asour primary concernis to model
whatrole thetargetplaysin its sentence.

SheenaYoungof Child, the nationalinfertility sup-
portnetwork,hopedtheguidelineswouldleadto amore
“f air andequitable”servicefor infertility sufferers.

SheenaYoung,a spokesmanfor Child, the national
infertility supportnetwork, said the proposedguide-
linesshouldleadto a more“f air andequitable”service
for infertility sufferers.

Figure 4: Unpairedpredicateargumenttuple as
modi�er in aparaphrase

Predicate: This is the lexical token of predi-

cateargumenttuple's target,asa text feature.As
this featureis liable to run into sparsedataprob-
lems,thesemanticcategoryof thetargetwouldbe
a more suitablefeature. However, verb similar-
ity is generallyregardedas dif�cult to measure,
both in termsof semanticrelatednessas well as
in �nding a consistentgranularityfor verb cate-
gories.We investigatedusingWordNetaswell as
Levin's classi�cation (Levin, 1993)asadditional
featureson our validationdata,but currently�nd
thatusingthelexical form of thetargetworksbest.

5.1 Classi�er Training SetAcquisition

Currently, no training corpusfor predicateargu-
menttuplesigni�canceexists.Suchacorpusis in-
dispensablefor trainingtheclassi�er. Ratherthan
manually annotatingtraining instances,we use
an automaticmethodto constructinstancesfrom
paraphrasecorpora. This is possibleasthe para-
phrasejudgmentsin thecorporacanimply which
portion of the sentence(s)aresigni�cant barriers
to paraphrasingor not. Here,we exploit thesimi-
larity detectorimplementedfor the �rst phasefor
this purpose.If unpairedtuplesexist aftergreedy
pairing, we classify themalong two dimensions:
whetherthe sentencepair is a (non-)paraphrase,
andthesourceof theunpairedtuples:

1. [PS] paraphrasingpairsand unpairedpredicateargu-
menttuplesareonly from a singlesentence;

2. [NS] non-paraphrasingpairs andonly one single un-
pairedpredicateargumenttupleexists;

3. [PM] paraphrasingpairsandunpairedpredicateargu-
menttuplesarefrom multiple (both)sentences;

4. [NM] non-paraphrasingpairs and multiple unpaired
predicateargumenttuples(from eitheroneor bothsen-
tences)exist.

Assuming that similarity detector pairs tuples
correctly, for the �rst two categories, the para-
phrasingjudgment is directly linked to the un-
paired tuples. PS tuple instancesare therefore
usedasinsig nif icant classinstances,andNS as
signif icant ones. The last two categoriescan-
notbeusedfor trainingdata,asit is unclearwhich
of theunpairedtuplesis responsiblefor the(non-)
paraphrasingas the similarity measuremay mis-
takenly leave somesimilar predicateargumenttu-
plesunpaired.

6 Evaluation

Thegoalof ourevaluationis to show thatoursys-
tem can reliably determinethe cause(s)of non-



MSRCorpusLabel +pp -pp
systempredictioncorrect? T F T F total
# sentencepairs(s-ps) 85 23 55 37 200
# labelings(H&C agree) 80 19 53 35 187
# tuplepairs(t-ps) (S) 80 6 36 35 157
# correctt-ps(H&S agree) 74 6 34 30 144
# missedt-ps(H) 11 10 5 5 31
# sig. unpairedtuples(H) 6 4 69 51 130
# sig. unpairedtuples(S) 0 32 70 0 102
# sig. unpairedtuples(H&S) 0 4 43 0 47
# -pp for otherreasons 0 0 5 2 7

Table2: (H)umanannotationsvs. (C)orpusanno-
tationsand(S)ystemoutput

paraphraseexamples,while maintainingthe per-
formancelevel of thestate-of-the-artPRsystems.

For evaluation, we conduct both component
evaluationsaswell asa holistic one,resultingin
threeseparateexperiments.In evaluatingthe�rst
tuple pairing component,we aim for high preci-
sion, so that sentencesthat have all tuplespaired
canbesafelyassumedto beparaphrases.In evalu-
atingthedissimilarityclassi�er, wesimplyaimfor
high accuracy. In our overall systemevaluation,
we compareour systemversusotherPR systems
on standardcorpora.

Experimental Data Set. For theseexperi-
ments,we utilized two widely-usedcorporafor
paraphrasingevaluation: the MSR andPASCAL
RTE corpora.TheMicrosoftResearchParaphrase
coupus (Dolan et al., 2004) consistsof 5801
newswire sentencepairs, 3900 of which are an-
notatedassemanticallyequivalentby humanan-
notators.It re�ects ordinaryparaphrasesthatpeo-
ple often encounterin news articles,andmay be
viewed as a typical domain-generalparaphrase
recognition task that downstreamNLP systems
will needto dealwith. Thecorpuscomesdivided
into standardtraining(70%)andtesting(30%)di-
visions,a partitionwe follow in our experiments.
ASSERT (thesemanticrolelabeler)showsfor this
corpusa sentencecontains2.24 predicateargu-
ment tuples on average. The secondcorpusis
theparaphraseacquisitionsubsetof thePASCAL
RecognizingTextualEntailment(RTE) Challenge
corpus(Daganetal., 2005).This is muchsmaller,
consistingof 50 pairs,which we employ for test-
ing only to show portability.

To assessthecomponentperformance,we need
additionalgroundtruth beyond the f + pp, � ppg
labelsprovidedby thecorpora.For the �rst eval-

uation, we needto ascertainwhethera sentence
pair's tuplesarecorrectlypaired,misidenti�ed or
mispaired.For thesecond,which tuple(s)(if any)
areresponsiblefor a � pp instance.However, cre-
atinggroundtruthby manualannotationis expen-
sive, andthuswe only sampledthedatasetto get
anindicativeassessmentof performance.Wesam-
pled 200 randominstancesfrom the total MSR
testingset, and �rst processedthemthroughour
framework. Then,� vehumanannotators(two au-
thorsand threevolunteers)annotatedthe ground
truth for tuple pairing and the semanticsigni�-
canceof theunpairedtuples,while checkingsys-
temoutput.They alsoindependentlycameupwith
theirown f +pp,-ppg judgmentsowecouldassess
thereliability of theprovidedannotations.

The resultsof this annotationis shown in Ta-
ble 2. Examiningthis data,we can seethat the
similarity detectorperformswell, despiteits sim-
plicity andassumptionof a one-to-onemapping.
Out of the 157 predicateargument tuple pairs
identi�ed throughsimilarity detection,annotators
agreedthat144(92%)aresemanticallysimilar or
equivalent.However, 31similarpairsweremissed
by the system,resultingin 82% recall. We defer
discussionon theotherdetailsof this tableto Sec-
tion 7.

To assessthe dissimilarity classi�er, we focus
on the � pp subsetof 55 instancesrecognizedby
the system.For 43 unpairedtuplesfrom 40 sen-
tencepairs(73%of 55),theannotators'judgments
agreewith theclassi�er's claim that they aresig-
ni�cant. For thesecases,thesystemis ableto both
recognizethatthesentencepair is notaparaphrase
andfurthercorrectlyestablisha causeof thenon-
paraphrase.

In additionto this groundtruth sampledevalu-
ation,we alsoshow the effectivenessof the clas-
si�er by examiningits performanceonPSandNS
tuplesin theMSR corpusasdescribedin Section
5. The testsetconsistsof 413 randomlyselected
PSandNS instancesamongwhich145aresignif-
icant (leadingto non-paraphrases).The classi�er
predictspredicateargumenttuple signi�cance at
anaccuracy of 71%,outperformsa majority clas-
si�er (65%), a gain which is marginally statisti-
cally signi�cant (p < :09).

signi�cant insigni�cant
112 263 insigni�cant by classi�er
33 5 signi�cant by classi�er

We can seethe classi�er classi�es the majority
of insigni�cant tuplescorrectly (by outputtinga



709SentencePairsWithout 1016SentencePairsWith
UnpairedTuples UnpairedTuples Overall

Algorithm (41.1%of Testset) (58.9%of Testset) (100%of Testset)
Acc R P Acc R P Acc R P F1

Majority Classi�er 79.5% 100% 79.5% 57.4% 100% 57.4% 66.5% 100% 66.5% 79.9%
SimFinder 82.2% 92.2% 86.4% 66.3% 84.9% 66.1% 72.9% 88.5% 75.1% 81.3%

CM05 - - - - - - 71.5% 92.5% 72.3% 81.2%
OurSystem 79.5% 100% 79.5% 66.7% 87.0% 66.0% 72.0% 93.4% 72.5% 81.6%

Table3: Resultson MSR testset

17 SentencePairsWithout 33SentencePairsWith
Algorithm UnpairedTuples UnpairedTuples Overall

(34%of Testset) (66%of Testset) (100%of Testset)
Acc R P Acc R P Acc R P F1

Majority Classi�er 65% 100% 65% 42% 100% 42% 50% 100% 50% 67%
SimFinder 71% 91% 71% 42% 21% 27% 52% 52% 52% 52%

OurSystem 65% 100% 65% 48% 64% 43% 54% 80% 53% 64%

Table4: Resultson PASCAL PPtestset

scoregreaterthan zero), which is effectively a
98% recall of insigni�cant tuples. However, the
precisionis lesssatisfatory. Wesuspectthis is par-
tially duethe tuplesthat fail to be pairedup with
their counterpart.Suchnoiseis foundamongthe
automaticallycollectedPSinstancesusedin train-
ing.
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Figure5: Dissimilarityclassi�er performance

For the�nal system-wideevaluation,we imple-
mentedtwo baselinesystems:amajorityclassi�er
and SimFinder(Hatzivassiloglouet al., 2001), a
bag-of-wordssentencesimilarity moduleincorpo-
rating lexical, syntacticandsemanticfeatures.In
Table3, precisionandrecallaremeasuredwith re-
spectto the paraphrasingclass. The tableshows
sentencepairs falling under the column “pairs
without unpairedtuples” are more likely to be
paraphrasingthan an arbitrary pair (79.5% ver-
sus66.5%),providing furthervalidationfor using
predicateargumenttuplesasinformationnuggets.

The resultsfor the experimentbenchmarkingthe
overall systemperformanceareshown underthe
“Overall” column:ourapproachperformscompa-
rably to the baselinesat both accuracy andpara-
phraserecall.Thesystemperformancereportedin
(CM05; (Corley and Mihalcea,2005)), which is
amongthe bestwe areawareof, is alsoincluded
for comparison.

We also ran our system(trainedon the MSR
corpus)on the50 instancesin thePASCAL para-
phraseacquisitionsubset.Again, thesystemper-
formance(asshown in Table4) is comparableto
thebaselinesystems.

7 Discussion

Wehave just shown thatwhentwo sentenceshave
perfectlymatchedpredicateargumenttuples,they
aremorelikely to be a paraphrasethana random
sentencepair drawn from the corpus. Further-
more, in the sampledhumanevaluationin Table
2, amongthe88 non-paraphrasinginstanceswith
whoseMSR corpuslabelsour annotatorsagreed
(53correctlyand35incorrectlyjudgedby oursys-
tem), the causeof the � pp is correctlyattributed
in 81 casesto oneor morepredicateargumenttu-
ples. Theremaining7 cases(asshown in the last
row) arecausedby phenomenonthatarenot cap-
turedby our tuplerepresentation.Wefeel this jus-
ti�es usingpredicateargumenttuplesasinforma-
tion nuggets, but we arecurrentlyconsideringex-
pandingour representationto accountfor someof
thesecases.

The evaluation also con�rms the dif�culty of
making paraphrasejudgements. Although the



MSR corpususedstrict meansof resolvinginter-
raterdisagreementsduringits construction,thean-
notatorsagreedwith the MSR corpuslabelsonly
93.5%(187/200)of thetime.

Oneweaknessof oursystemis thatwerely ona
thesaurus(Lin, 1998)for wordsimilarity informa-
tion for predicateargumenttuple pairing. How-
ever, it is designedto provide similarity scores
betweenpairs of individual words (rather than
phrases).If a predicateargumenttuple's targetor
oneargumentis realizedasa phrase(borrow !
check out, for instance),thethesaurusis unableto
provideanaccuratesimilarity score.Forsimilarity
betweenpredicateargumenttuples,negationand
modality have yet to be addressed,althoughthey
accountfor only a tiny fractionof thecorpus.

We further estimatedhow the similarity detec-
tor canbeaffectedwhenthesemanticrole labeler
makesmistakes(by failing to identify arguments
or assigningincorrectrole names).Checking94
pairsground-truthsimilartuples,wefoundthatthe
systemmislabels43of them.Thesimilarity detec-
tor failedto pair around30%of them.In compar-
sion,all the tuplepairsfreeof labelingerrorsare
correctlypaired. A saving graceis that labeling
errorsrarelyleadto incorrectpairing(onepairing
in all the examinedsentences).The labelinger-
rorsimpactthewholesystemin two ways:1) they
causedsimilar tuplesthatshouldhave beenpaired
up to be addedasnoisein thatdissimilarityclas-
si�er' s trainingsetand2) pairedtupleswith label-
ing errorserroneouslyincreasethe target weight
in Equation(1).

Someexampleparaphrasingcasesthatareprob-
lematicfor ourcurrentsystemare:

1. Non-literal languageissuessuchasimplica-
ture, idiom, metaphor, etc. are not addressedin
our currentsystem.Whenpredicateargumenttu-
ples imply eachother, they are lesssimilar than
what our systemcurrently is trainedfor, causing
thepairingto fail:
+ pp, Later in theday, a standoff developedbetweenFrench

soldiers anda Hemabattlewagonthat attemptedto passthe

UN compound.

French soldiers later threatenedto open�r e on a Hemabat-

tlewagonthat tried to passneartheUN compound.

2. A paraphrasingpairmayexceedthesystems'
thresholdfor syntacticdifference:
+ pp, With theexceptionof dancing, physicalactivity did not

decreasetherisk.

Dancing was the only physical activity associatedwith a

lower risk of dementia.

3. Oneor moreunpairedtuplesexist, but their
signi�canceis not inferredcorrectly:
+ pp, Inhibited children tend to be timid with new people,

objects,and situations,while uninhibited children sponta-

neouslyapproach them.

Simplyput, shy individuals tendto be more timid with new

peopleandsituations.

In theMSR corpus,the �rst errorcaseis more
frequentthantheothertwo. We identify theseas
challengingcaseswhere idiomatic processingis
needed.

Below we show someunpairedpredicatear-
gument tuples (underlined) that are signi�cant
enoughto beparaphrasebarriers.Theseexamples
give an indicative categorizationof what signi�-
canttuplesareandtheir corpusfrequency (when
predicateargumenttuplesarethereasons;we ex-
amined40 suchcasesfor this estimation).There
is onething in common:every caseinvolvessub-
stantialinformation that is dif�cult to infer from
context. Suchtuplesappearas:

1. (40%)Thenucleusof thesentence(oftenthe
matrix tuple):
MichaelHill , a Sun reporter who is a member of the

Washington-Baltimore NewspaperGuild's bargaining com-

mittee, estimatedmeetingsto last lateSunday.

2. (30%)A partof acoordination:
Security lights have also been installed and police have

sweptthegroundsfor boobytraps.

3. (13%)A predicateof amodifyingclause:
Westermayerwas26 then,anda friend andformermanager

who knew shewasunhappyin her job tippedher to another

position.

4. (7%)An adjunct:
Whilewaitingfor a bombsquadto arrive, thebombexploded,

killing Wells.

5. (7%)An embeddedsentence:
Dean told reporters traveling on his 10-city “Sleepless

Summer” tour that heconsideredcampaigningin Texasa

challenge.

6. (3%) Or factualcontentthat con�icts with
theopposingsentence:
Total salesfor theperioddeclined8.0percent to USD1.99

billion froma yearearlier.

Wal-Mart said salesat storesopenat leasta yearrose4.6

percentfroma yearearlier.

8 Conclusions

We have proposeda new approachto the para-
phraserecognition(PR) problem: a supervised,



two-phaseframework emphasizingdissimilarity
classi�cation. To emulatehumanPR judgment
in which insigni�cant, extraneousinformation
nuggets are generallyallowed for a paraphrase,
we estimatewhethersuchadditionalinformation
nuggetsaffect the �nal paraphrasingstatusof a
sentencepair. This approach,unlike previous PR
approaches,hasthe key bene�t of explaining the
causeof anon-paraphrasesentencepair.

In the �rst, similarity detectionmodule,using
predicateargumenttuplesastheunit for compar-
ison, we pair themup in a greedymanner. Un-
pairedtuplesthusrepresentadditionalinformation
unrepresentedin theopposingsentence.A second,
dissimilarityclassi�cationmoduleusesthelexical
headof the predicatesandthe tuples' pathof at-
tachmentasfeaturesto decidewhethersuchtuples
arebarriersto paraphrase.

Ourevaluationsshow thatthesystemobtains1)
highaccuracy for thesimilarity detectorin pairing
predicateargument tuples, 2) robust dissimilar-
ity classi�cation despitenoisy training instances
and3) comparableoverall performanceto current
state-of-the-artPRsystems.Toourknowledgethis
is the�rst work thattacklestheproblemof identi-
fying whatfactorsstopasentencepair from being
aparaphrase.

We also presentedcorpusexamplesthat illus-
trate the categoriesof errorsthat our framework
makes, suggestingfuture work in PR. While we
continueto explore more suitablerepresentation
of unpairedpredicateargumenttuples,we planto
augmentthe similarity measurefor phrasalunits
to reducetheerrorratein the�rst component.An-
otherdirectionis to detectsemanticredundancy in
a sentence.Unpairedtuplesthataresemantically
redundantshouldalsoberegardedasinsigni�cant.
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