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Abstract

We propose a supervised, two-phase
frameawork to addresshe problemof para-
phraserecognition(PR). Unlike mostPR
systemghat focus on sentencesimilarity,
our framevork detectsdissimilaritiesbe-
tweensentenceandmakesits paraphrase
judgmenthasednthesigni canceof such
dissimilarities. The ability to differenti-
ate signi cant dissimilaritiesnot only re-
veals what makes two sentences non-
paraphrasebut also helpsto recall addi-
tional paraphraseshat contain extra but
insigni cant information. Experimental
results shaw that while being accurate
atdiscerningnon-paraphrasindissimilar
ities, our implementedsystemis able to
achieve higherparaphraseecall (93%), at
anoverall performancecomparabldo the
alternatves.

1 Intr oduction

Thetaskof sentence-lel paraphraseecognition
(PR)is to identify whethera setof sentenceéyp-
ically, a pair) aresemanticallyequivalent. In such
atask,“equivalence"takeson a relaxed meaning,
allowing sentencepairswith minor semanticdif-
ferencedo still beconsideredisparaphrases.
PR canbethoughtof assynorym detectionex-
tendedfor sentencesandit canplay an equally

importantrole in natural languageapplications.

As with synorym detection,applicationssuchas
summarizationcan bene t from the recognition
and canonicalizatiorof conceptsaandactionsthat
aresharedacrossmultiple documents Automatic
constructionof large paraphrasecorpora could
mine alternatve ways to expressthe samecon-
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cept, aiding machinetranslationand naturallan-
guagegeneratiorapplications.

In ourwork onsentence-kel PR,wehaveiden-
ti ed two mainissueghroughobserationof sam-
plesentencesThe rst istoidentify all discreten-
formationnuggets or individual semanticcontent
units, sharedby the sentencesFor a pair of sen-
tencego bedeemedh paraphrasehey mustshare
a substantiabmountof thesenuggets. A trivial
caseis when both sentencesire identical, word
for word. However, paraphrasesftenemploy dif-
ferentwordsor syntacticstructureqo expressthe
sameconcept.Figurel shavs two sentenceairs,
in which the rst pair is a paraphrasavhile the
seconds not. The paraphrasingair (alsodenoted

Paraphrase (+pp):
Authoritiessaidayoungmaninjured RichardMiller.
RichardMiller washurt by ayoungman.

Non-Paraphrase (-pp):

The technology-lacedNasdaq Composite Index

IXIC added1.92points,or 0.12percentat1,647.94.
The technology-lacedNasdaq Composite Index

IXIC dipped0.08of apointto 1,646.

Figure 1. Examples: Paraphrasing& Non-
paraphrasing

asthe + pp class)usedifferentwords. Focusing
just on the matrix verbs,we note differencesbe-
tween“injured” and“hurt”. A paraphrasescogni-
tion systemshouldbeableto detectsuchsemantic
similarities (despitethe different syntacticstruc-
tures). Otherwise,the two sentencegould look
even lesssimilar thantwo non-paraphrasingen-
tencessuchasthetwo in the secondpair. Alsoin
theparaphrasingair, the rst sentencincludesan
extraphrasée'Authoritiessaid”. Humanannotators
tendto regardthe pair asa paraphraseéespitethe
presencef this extrainformationnugget.



Thisleadsto thesecondssue:how to recognize
when such extra information is extraneouswith
respectto the paraphrasgudgment. Such para-
phrasesarecommonin daily life. In news articles
describingthe sameevent, paraphrasearewidely
used possiblywith extraneousnformation.

We equatePR with solving thesetwo issues,
presenting naturaltwo-phasearchitectureln the

rst phase,the nuggetssharedby the sentences
areidenti ed by a pairing process.In the second
phaseary unpairednuggetsare classi ed assig-
ni cant or not(leadingto ppand+ ppclassi ca-
tions,respectiely). If thesentencedonotcontain
unpairedhuggetsorif all unpairechuggetsarein-
signi cant, thenthesentenceareconsideregbara-
phrases. Experimentson the widely-usedMSR
corpus(Dolanetal.,2004)shav favorableresults.

We rst review relatedwork in Section2. We
thenpresenthe overall methodologyanddescribe
the implementedsystemin Section3. Sections4
and>5 detailthe algorithmsfor the two phasese-
spectvely. This is followed with our evaluation
anddiscussiorof theresults.

2 RelatedWork

Possiblythe simplestapproachto PRis aninfor-
mationretrieval (IR) based‘bag-of-words” strat-
egy. This stratgy calculatesa cosine similar
ity scorefor the given sentenceset, and if the
similarity exceedsa threshold(eitherempirically
determinedor learnedfrom supervisedtraining
data),the sentencesre paraphrasesPR systems
that can be broadly catgorized as IR-basedin-
clude (Corley and Mihalcea,2005; Brockett and
Dolan, 2005). In the former work, the authors
de ned a directional similarity formula re ect-
ing the semanticsimilarity of onetext “with re-
spectto” another A word contritutesto the di-
rectionalsimilarity only whenits counterparhas
beenidenti ed in the opposingsentenceThe as-
sociatedword similarity scoresweightedby the
word's speci city (representeas inverteddocu-
mentfrequengy, idf), sumto make up the direc-
tional similarity. The meanof both directions
is the overall similarity of the pair Brockett
and Dolan (2005) representedentencepairs as
a featurevector including features(amongoth-
ers)for sentencdength, edit distance humberof
sharedvords,morphologicallysimilarword pairs,
synorym pairs (as suggestedy WordNetand a
semi-automaticallgonstructedhesaurus)A sup-

port vector machineis then trainedto learnthe
f+pp; ppgclassier

Stratgies basedon bagsof words largely ig-
nore the semanticinteractionsbetweenwords.
Weedset al. (2005) addressedhis problem by
utilizing parsesfor PR. Their systemfor phrasal
paraphrasesquategparaphrasingsdistributional
similarity of the partial sub-parsesf a candidate
text. Wu (2005)s approactrelieson the genera-
tive frameawvork of Inversion TransductionGram-
mar (ITG) to measurehow similar two sentences
arrangetheirwordsbasedn edit distance.

Barzilay and Lee (2003) proposedto apply
multiple-sequencealignment (MSA) for tradi-
tional, sentence-kel PR. Given multiple articles
on a certaintype of event, sentenceclustersare
rst generated.Sentencesvithin the sameclus-
ter, presumablysimilar in structureand content,
are then usedto constructa lattice with “back-
bone”’nodescorrespondingo wordssharedoy the
majority and“slots” correspondingo differentre-
alization of aguments. If sentence$rom differ-
entclustershave sharedcargumentstheassociated
latticesare claimedto be paraphrase.Likewise,
Shinyamaetal. (2002)extractedparaphrasefsom
similar news articles,but usesharednamedenti-
tiesasanindicationof paraphrasinglt shouldbe
notedthatthelattertwo approachearegearedo-
wardsacquiringparaphrasesatherthandetecting
them,andassuchhave thedisadantageof requir
ing a certainlevel of repetitionamongcandidates
for paraphrasew® berecognized.

All pastapproache#variably aim at a proper
similarity measurethat accountsfor all of the
wordsin the sentencesn orderto make a judg-
ment for PR. This is suitablefor PR where in-
put sentencesare precisely equivalent semanti-
cally. However, for mary peoplethe notion of
paraphrasealso covers casesn which minor or
irrelevantinformationis addedor omittedin can-
didate sentencesas obsenred in the earlier ex-
ample. Suchextraneouscontentshouldnot be a
barrierto PR if the main conceptsare sharedby
the sentencesApproacheghatfocusonly on the
similarity of sharedcontentsmay fail whenthe
(human)criteria for PR include whetherthe un-
matchedcontentis signi cant or not. Correctly
addressinghis problemshouldincreaseaccurag.
In addition, if extraneousportions of sentences
canbeidenti ed, their confoundingin uence on
the sentencesimilarity judgmentcanbe removed,



leadingto more accuratemodeling of semantic
similarity for bothrecognitionandacquisition.

3 Methodology

As noted earlier for a pair of sentenceso be a
paraphraseghey mustposses$wo attributes:

1. similarity: they sharea substantiahmountof
informationnuggets;

2. dissimilaritiesare extraneous if extra infor-
mationin the sentencesxists, the effect of
its removal is notsigni cant.

A key decisionfor our two-phasePR framewnork
is to choosethe representatiof an information
nugget.A simpleapproachs to userepresentate
words as information nuggets,asis donein the
SimFindersystem(Hatzivassiloglouetal., 2001).

Insteadof usingwords,we chooseto equaten-
formationnuggetswith predicateargumentuples
A predicateargumenttuple is a structuredrepre-
sentatiorof averbpredicatdogethemith its argu-
ments.Givenasentencdérom theexamplein Fig-
ure 1, its predicateargumenttuple form in Prop-
Bank (Kingshury etal., 2002)formatis:

target(predicate): hurt
argd:  ayoungman
argl:  RichardMiller

We feel that this is a betterchoicefor the repre-
sentatiorof a nuggetasit accountdor the action,
conceptsand their relationshipsas a single unit.
In comparison,using ne-grained units such as
words,includingnounsandverbsmayresultin in-
accuray (sentencethatsharevocalulary maynot
beparaphrasesyyhile usingcoarsegrainedunits
maycausekey differencedo bemissed.In therest
of thispaperwe usethetermtuplefor conciseness
whenno ambiguityis introduced.

An overview of our paraphrasescognitionsys-
temis shavn in Figure2. A pair of sentencess
rst fedto asyntacticparse{Charniak,2000)and
thenpassedo a semanticrole labeler(ASSER;
(Pradhanet al., 2004)), to label predicateargu-
menttuples. We then calculatenormalizedtuple
similarity scoresover the tuple pairsusinga met-
ric thataccountdor similaritiesin both syntactic
structureand contentof eachtuple. A thesaurus
constructedrom corpusstatistics(Lin, 1998)is
utilized for the contentsimilarity.

We utilize this metricto greedily pair together
the mostsimilar predicateargumenttuplesacross
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Figure2: Systemarchitecture

sentencesAny remainingunpairedtuplesrepre-
sentextrainformationandare passedo a dissim-
ilarity classi er to decidewhethersuchinforma-
tion is signi cant. Thedissimilarityclassi er uses
supervisednachinegearningto make sucha deci-
sion.

4 Similarity Detectionand Pairing

We illustratethis advantageof using predicatear
gumenttuplesfrom our runningexample. In Ta-
ble 1, oneof the modelsentencess shavn in the
middlecolumn.Two editedversionsareshavn on
the left andright columns. While it is clearthat
theleft modi cation is anexampleof aparaphrase
and the right is not, the version on the left in-
volvesmorechangesn its syntacticstructureand
vocalulary. Standardword or syntacticsimilar
ity measuresvould assigrtheright modi cation a
highersimilarity score,likely mislabelingone or
bothmodi cations.

In contrastsemantiaole labelingidenti es the
dependenciebetweenpredicatesand their argu-
ments, allowing a more precisemeasuremenof
sentencesimilarity. Assumingthatthe aguments
in predicateagumentiuplesareassignedhesame
role whentheir roles are comparablé, we de ne
the similarity scoreof two tuples T, and Ty, as
the weightedsum of the pairwise similarities of
all their sharedconstituent=f (ca; cp)g (c being
eitherthetarget or oneof theargumentghatboth

LASSERT, whichis trainedon the Propbankpnly guaran-
teesconsisteng of arg0 andarg1 slots,but we have foundin
practicethataligningarg2 andabove argumentsio notcause
problems.



Modi cation 1: paraphrase Model Sentence Modi cation 2: non-paraphrase
Sentence | RichardMiller washurtby a | Authorities said a young man in- | AuthoritiessaidRichardMiller injured
youngman. juredRichardMiller. ayoungman.
target sai | target said
(Paired) arg0:  Authorities arg0:  Authorities
Tubles argl: a young man injured argl: Richard Miller injured a
P RichardMiller youngman
target hur target _ injured target injured
argd:  ayoungman arg: ayoungman arg0:  RichardMiller
argl:  RichardMiller argl:  RichardMiller argl: ayoungman
Tablel: Similarity Detection:pairingof predicateargumenttuples
tupleshave): to-onemappingwith possiblysometuplesleft un-
_ 1 X e tar et paired. The curved arrows in Table 1 denotethe
Sim(Ta; Tp) = = Sim (Ca;C)  Wiar get ° 1)

c=ftar getar Qgspar ed 9
where normalizationfactor is the sum of the
weightsof constituentsn C, i.e.:
= kf argshar ed gk+ Wlar get (2)

In our currentimplementationwe reducetar
getsand their agumentsto their syntactichead-
words. Theseheadvords are then directly com-

paredusing a corpus-basedimilarity thesaurus.

As we hypothesizedhat tagetsare moreimpor
tant for predicateargumenttuple similarity, we
multiply thetamget's similarity by aweightingfac-
tor w, 4., whosevaluewe have empirically de-
terminedas1.7,basedon a 300-pairdevelopment
setfrom the MSR trainingset.

We thenproceedo pair tuplesin the two sen-
tencesusinga greedyiterative algorithm. The al-
gorithm locatesthe two mostsimilar tuplesfrom
eachsentencepairs them togetherand removes
themfrom futherconsiderationThe processtops
whensubsequerttestpairingsarebelov thesimi-
larity thresholdor whenall possibletuplesareex-
hausted. If unpairedtuplesstill exist in a given
sentencgair, we furtherexaminethecopularcon-
structionsand noun phrasesn the opposingsen-
tencefor possiblepairingg. Thisresultsin aone-

2Copularconstructiongrenothandledoy ASSERT. Such
constructionsaccountfor a large proportionof the semantic
meaningin sentencesConsiderthe pair “Microsoft rose50
cents”and“Microsoft wasup 50 cents”,in which thesecond
is in copularform. Similarly, NPs can often be equivalent
to predicateargumenttupleswhenactionsare nominalized.
Consideran NP thatreads‘(be blamedfor) frequentattacks
onsoldiers”anda predicateargumenttuple: “(be blamedfor)
attackingsoldiers”. Again, identicalinformationis corveyed
but not capturedby semanticrole labeling. In suchcases,
they canbe pairedif we allow a candidateupleto pair with
the predicativeargument(e.g.,50 cent$ of a copula,or (the
headof) an NP in the opposingsentence As theseheuristic
matchesmay introduceerrors,we resortto thesemethodsof
matchingtuple only in the contingeng whenthereare un-
pairedtuples.

correctresultsof similarity pairing: two tuplesare
pairedup if their tamget andsharedargumentsare
identicalor similarrespectiely, otherwisehey re-
mainunpairecevenif the“bagof words”they con-
tainarethesame.

5 Dissimilarity Signi cance
Classi cation

If sometuplesremainunpairedthey aredissimilar
partsof thesentence¢hatneedto belabeledby the
dissimilarity classi er. Such unpairedinforma-
tion couldbeextraneousr they couldbesemanti-
cally important,creatinga barrierfor paraphrase.
We frame this as a supervisedmachinelearning
problemin which a set of featuresare usedto
inform the classi er. A supportvector machine,
SVMY9 Mt \waschoserasthelearningmodelasit
hasshavn to yield goodperformancever awide
applicationrange. We experimentedwith a wide
setof featuresof unpairedtuples,includinginter
nal countsof numericexpressionsnamedentities
words semanticroles whetherthey are similar
to othertuplesin the samesentenceand conte-
tualfeaturedik e source/taget sentencéengthand
paired tuple count Currently only two features
are correlatedin improved classi cation, which
we detailnow.

Syntactic Parse TreePath: Thisis a seriesof
featuresthat re ect how the unpairedtuple con-
nectswith the contet: the restof the sentence.
It modelsthe syntactic connectionbetweenthe
constituenton both endsof the path(Gildeaand
Palmer 2002; Pradhanet al., 2004). Here, we
modelthe endsof the path asthe unpairedtuple
andthe pairedtuplewith theclosestsharedances-
tor, andmodelthe pathitself asasequencef con-
stituentcatayory tagsand directionsto reachthe
destinatior(the pairedtarget) from the source(the




unpairedarmget)via thethe sharecancestarWhen
no tupleshave beenpairedin the sentencepair,
the destinatiordefaultsto theroot of the syntactic
parsetree. For example thetupleswith target“in-
jured” areunpairedwhenthe modelsentenceand
the non-paraphrasingnodi cation in Table1 are
beingcompared A path*"vgp;"vp;"s;"sBAR
;"vpi#vep” links atamget“injured” to the paired
target“said”, asshavn in Figure3.

VP .
VE|5D SBAR
said
NP VP
| g »""b
NNP  NNP VE|5D P
Rickard MiJIer injured

Figure3: Syntacticparsetreepath

The syntacticpath can act as partial evidence
in signi canceclassi cation. In the abose exam-
ple,thecatayorytag“ygp” assignedo “injured”
indicatesthat the verbis in its pasttense. Such
a predicateargumenttuple bearsthe main con-
tent of the sentenceand generallycannot be ig-
noredif its meaningis missingin the opposing
sentence. Another exampleis shavn in Figure
4. The secondsentencéhasone unpairedtamget
“proposed”while the restall nd their counter
part. The pathwe getfrom the syntacticparsetree
reads*"ven;"np;"s; ", shaving thatthe un-
pairedtuple (consistingof a single predicate)s a
modi er containedin an NP. It canbe ignoredif

thereis no contradictionin the opposingsentence.

We represena syntacticpathby asetof n-gram
(n 4) featuresof subsequencesf catejory tags
foundin the path,alongwith the respeciie direc-
tion. We requirethesen-gramfeaturesto be no
more than four cateyory tagsaway from the un-
pairedtamget, asour primary concernis to model
whatrole thetargetplaysin its sentence.

Sheenaroungof Child, the nationalinfertility sup-
portnetwork, hopedtheguidelinesvould leadto amore
“fair andequitable”servicefor infertility sufferers.

Sheenaroung,a spolesmanfor Child, the national
infertility supportnetwork, said the proposedguide-
linesshouldleadto a more“fair 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,thesemanticatayory of thetaigetwould be
a more suitablefeature. However, verb similar
ity is generallyregardedas dif cult to measure,
both in termsof semanticrelatednessaswell as
in nding a consistentgranularityfor verb cate-
gories.We investigatedisingWordNetaswell as
Levin's classi cation (Levin, 1993) asadditional
featureson our validationdata,but currently nd
thatusingthelexical form of thetargetworksbest.

5.1 Classier Training SetAcquisition

Currently no training corpusfor predicateargu-
menttuplesigni canceexists. Suchacorpusis in-
dispensabléor trainingtheclassi er. Ratherthan
manually annotatingtraining instances,we use
an automaticmethodto constructinstancedrom
paraphraseorpora. This is possibleasthe para-
phrasgudgmentsn the corporacanimply which
portion of the sentence(sare signi cant barriers
to paraphrasingr not. Here,we exploit the simi-
larity detectorimplementedor the rst phasefor
this purpose.If unpairedtuplesexist aftergreedy
pairing, we classifythemalongtwo dimensions:
whetherthe sentencepair is a (non-)paraphrase,
andthe sourceof theunpairedtuples:

1. [PS] paraphrasingairs and unpairedpredicateargu-
menttuplesareonly from a single sentence;

2. [NS] non-paraphrasingairs and only one single un-
pairedpredicateargumenttuple exists;

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

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

Assuming that similarity detector pairs tuples
correctly for the rst two cateyories, the para-
phrasingjudgmentis directly linked to the un-
pairedtuples. PS tuple instancesare therefore
usedasinsig nif icant classinstancesandNS as
signif icant ones. The lasttwo catejoriescan-
notbeusedfor trainingdata,asit is uncleamwhich
of theunpaireduplesis responsibldor the (non-)
paraphrasing@s the similarity measuranay mis-
takenly leave somesimilar predicateargumenttu-
plesunpaired.

6 Evaluation

Thegoal of our evaluationis to shav thatour sys-
tem can reliably determinethe cause(s)f non-



MSR CorpusLabel +pp -pp

systempredictioncorrect? T] F| T[] F] total
# sentencgairs(s-p9 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. unpaireduples(H) 6| 4(69|51| 130
# sig. unpaireduples(S) 03270 0] 102
#sig.unpaireduples(H&S)| 0| 4|43 | O a7

| #-ppfor otherreasons [ 0] O] 5] 2] 7]

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

paraphrase&xamples,while maintainingthe per
formancelevel of the state-of-the-alPR systems.

For evaluation, we conduct both component
evaluationsaswell asa holistic one,resultingin
threeseparatexperiments.In evaluatingthe rst
tuple pairing componentwe aim for high preci-
sion, sothat sentenceshat have all tuplespaired
canbesafelyassumedo be paraphrasedn evalu-
atingthedissimilarityclassi er, we simply aimfor
high accurag. In our overall systemevaluation,
we compareour systemversusother PR systems
on standardcorpora.

Experimental Data Set. For these experi-
ments, we utilized two widely-usedcorporafor
paraphrasingvaluation: the MSR and PASCAL
RTE corpora.The Microsoft ResearclParaphrase
coupus (Dolan et al., 2004) consistsof 5801
newswire sentencepairs, 3900 of which are an-
notatedas semanticallyequivalentby humanan-
notators.It re ects ordinaryparaphrasethatpeo-
ple often encountelin news articles,and may be
viewed as a typical domain-generaparaphrase
recognitiontask that downstreamNLP systems
will needto dealwith. The corpuscomesdivided
into standardraining (70%)andtesting(30%) di-
visions, a partition we follow in our experiments.
ASSER (thesemantiaole labeler)shavsfor this
corpusa sentencecontains2.24 predicateargu-
ment tuples on average. The secondcorpusis
theparaphraseacquisitionsubsebf the PASCAL
Recognizingrextual Entailment(RTE) Challenge
corpus(Daganetal., 2005). Thisis muchsmaller
consistingof 50 pairs,which we employ for test-
ing only to shaw portability.

To assesthe componenperformancewe need
additionalgroundtruth beyond the f + pp, ppg
labelsprovided by the corpora. For the rst eval-

uation, we needto ascertainwhethera sentence
pair's tuplesare correctly paired, misidenti ed or
mispaired.For the secondwhich tuple(s)(if ary)
areresponsibldor a ppinstance However, cre-
atinggroundtruth by manualannotationris expen-
sive, andthuswe only sampledhe datasetto get
anindicative assessmeiatf performanceWe sam-
pled 200 randominstancesfrom the total MSR
testingset, and rst processedhemthroughour
framawvork. Then, ve humanannotatorgtwo au-
thors and threevolunteers)annotatedhe ground
truth for tuple pairing and the semanticsigni -
canceof the unpairedtuples,while checkingsys-
temoutput. They alsoindependentlgameup with
theirown f +pp,-ppg judgmentsowe couldassess
thereliability of the provided annotations.

The resultsof this annotationis shavn in Ta-
ble 2. Examiningthis data,we can seethat the
similarity detectomperformswell, despiteits sim-
plicity and assumptiorof a one-to-onemapping.
Out of the 157 predicateargumenttuple pairs
identi ed throughsimilarity detectionannotators
agreedhat 144 (92%)are semanticallysimilar or
equialent.However, 31 similar pairsweremissed
by the system resultingin 82% recall. We defer
discussiorontheotherdetailsof this tableto Sec-
tion 7.

To assesghe dissimilarity classi er, we focus
onthe pp subsewf 55 instancegecognizedy
the system. For 43 unpairedtuplesfrom 40 sen-
tencepairs(73%o0f 55), theannotatorsjudgments
agreewith the classi er's claim thatthey aresig-
ni cant. Forthesecasesthesystenis ableto both
recognizéhatthesentenc@airis notaparaphrase
andfurther correctlyestablisha causeof the non-
paraphrase.

In additionto this groundtruth sampledevalu-
ation, we alsoshawv the effectivenessof the clas-
si er by examiningits performancen PSandNS
tuplesin the MSR corpusasdescribedn Section
5. Thetestsetconsistof 413 randomlyselected
PSandNS instanceamongwhich 145aresignif-
icant (leadingto non-paraphrases)he classi er
predictspredicateargumenttuple signi cance at
anaccurag of 71%, outperformsa majority clas-
si er (65%), a gain which is mamginally 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




709 SentencéairsWithout | 1016Sentencéairs With
UnpairedTuples UnpairedTuples Overall
Algorithm (41.1%o0f Testset) (58.9%0f Testset) (100%o0f Testset)
Acc [ R | P Acc [ R [ P Acc | R | P [ H
Majority Classier | 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%
CMO05 - - - - - - 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 MSRtestset
17 SentencéairsWithout | 33 SentencéairsWith
Algorithm UnpairedTuples UnpairedTuples Overall
(34%oof Testset) (66%of Testset) (100%o0f Testset)
Acc| R ] P Acc] R | P Acc] R [ P T H
Majority Classi er | 65% | 100% 65% 42% | 100% | 42% | 50% | 100% | 50% | 67%
SimFinder| 71% | 91% 71% 42% | 21% | 27% | 52% | 52% | 52% | 52%
Our System| 65% | 100% 65% 48% | 64% | 43% | 54% | 80% | 53% | 64%

Table4: Resultson PASCAL PPtestset

score greaterthan zero), which is effectively a
98% recall of insigni cant tuples. However, the
precisionis lesssatisatory We suspecthisis par
tially duethe tuplesthatfail to be pairedup with
their counterpart.Suchnoiseis found amongthe
automaticallycollectedPSinstancesisedin train-

ing.

[ Insignificant
O Significant

Frequency

SVM Prediction

Figure5: Dissimilarity classi er performance

Forthe nal system-widesvaluation,weimple-
mentedwo baselinesystemsamajority classi er
and SimFinder(Hatzivassiloglouet al., 2001), a
bag-of-wordssentenceaimilarity moduleincorpo-
rating lexical, syntacticandsemanticfeatures.In
Table3, precisionandrecallaremeasuredvith re-
spectto the paraphrasinglass. The table shavs
sentencepairs falling under the column “pairs
without unpairedtuples” are more likely to be
paraphrasinghan an arbitrary pair (79.5% ver
sus66.5%),providing furthervalidationfor using

predicateargumenttuplesasinformationnuggets.

The resultsfor the experimentbenchmarkinghe
overall systemperformanceare shawn underthe
“Overall” column:ourapproactperformscompa-
rably to the baselinesat both accurag and para-
phrasaecall. Thesystenperformanceeportedn
(CMO5; (Corley and Mihalcea, 2005)), which is
amongthe bestwe areawareof, is alsoincluded
for comparison.

We also ran our system(trained on the MSR
corpus)on the 50 instancesn the PASCAL para-
phraseacquisitionsubset.Again, the systemper
formance(asshowvn in Table4) is comparabldo
thebaselinesystems.

7 Discussion

We have just shavn thatwhentwo sentencebave
perfectlymatchedoredicateargumenttuples,they
aremorelikely to be a paraphras¢hana random
sentencepair dravn from the corpus. Further
more, in the sampledhumanevaluationin Table
2, amongthe 88 non-paraphrasingstanceswith
whoseMSR corpuslabelsour annotatorsagreed
(53correctlyand35incorrectlyjudgedby oursys-
tem), the causeof the ppis correctlyattributed
in 81 casego oneor morepredicateargumenttu-
ples. The remaining7 caseqasshavn in thelast
row) arecausedy phenomenothatarenot cap-
turedby ourtuplerepresentatioriVe feel this jus-
ti es usingpredicateargumenttuplesasinforma-
tion nuggets but we arecurrentlyconsideringex-
pandingour representatioto accountfor someof
thesecases.

The evaluationalso con rms the dif culty of
making paraphrasgudgements. Although the



MSR corpususedstrict meansof resolvinginter
raterdisagreementduringits constructionthean-
notatorsagreedwith the MSR corpuslabelsonly
93.5%(187/200)of thetime.

Oneweaknessf our systems thatwe rely ona
thesaurugLin, 1998)for word similarity 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
one argumentis realizedas a phrase(borrow !
ched out, for instance)thethesauruss unableto
provide anaccuratesimilarity score.For similarity
betweenpredicateagumenttuples,negationand
modality have yet to be addressedalthoughthey
accountfor only atiny fractionof the corpus.

We further estimatechow the similarity detec-
tor canbe affectedwhenthe semantiaole labeler
makes mistales (by failing to identify amguments
or assigningincorrectrole names). Checking94
pairsground-truthsimilartuples wefoundthatthe
systemmislabelsA3 of them. Thesimilarity detec-
tor failedto pair around30% of them.In compar
sion, all the tuple pairsfree of labelingerrorsare
correctly paired. A saving graceis that labeling
errorsrarelyleadto incorrectpairing (onepairing
in all the examinedsentences).The labeling er
rorsimpactthewholesystemin two ways: 1) they
causedsimilartuplesthatshouldhave beenpaired
up to be addedasnoisein thatdissimilarity clas-
si er' strainingsetand?2) pairedtupleswith label-
ing errorserroneoushjincreasethe tamget weight
in Equation(1).

Someexampleparaphrasingaseghatareprob-
lematicfor our currentsystemare:

1. Non-literallanguagdssuessuchasimplica-
ture, idiom, metapharetc. arenot addressedh
our currentsystem.Whenpredicateargumenttu-
plesimply eachother they arelesssimilar than
what our systemcurrentlyis trainedfor, causing
the pairingto fail:

+ pp, Later in the day, a standof developedbetweerFrend
soldiers and a Hemabattlevagon that attemptedo passthe
UN compound.

Frend soldiess later threatenedo open r e on a Hemabat-
tlewagonthattried to passnearthe UN compound.

2. A paraphrasingairmayexceedthesystems'
thresholdfor syntacticdifference:
+ pp, With the exceptionof dancing physicalactivity did not
deceasetherisk.
Dancing was the only physical activity associatedwith a

lower risk of dementia.

3. Oneor moreunpairedtuplesexist, but their
signi canceis notinferredcorrectly:

+ pp, Inhibited children tendto be timid with newv people
objects, and situations, while uninhibited children sponta-
neouslyappioad them.

Simplyput, shyindividualstendto be more timid with new
peopleandsituations.

In the MSR corpus,the rst errorcaseis more
frequentthanthe othertwo. We identify theseas
challengingcaseswhereidiomatic processings
needed.

Belov we shav some unpairedpredicatear
gument tuples (underlined) that are signi cant
enoughto beparaphraséarriers.Theseexamples
give an indicative cateyorizationof what signi -
canttuplesare andtheir corpusfrequeng (when
predicateargumenttuplesarethe reasonsye ex-
amined40 suchcasedor this estimation). There
is onething in common:every caseinvolves sub-
stantialinformationthatis dif cult to infer from
contet. Suchtuplesappeams:

1. (40%) The nucleusof thesentencéoftenthe
matrix tuple):

MichaelHill, a Sun reporter who is a memberof the
Washington-Baltima NewspaperGuild's bargaining com-
mittee estimatedneetingdo lastlate Sunday

2. (30%) A partof acoordination:

Security lights have also been installed and police have
sweptthe groundsfor boobytraps

3. (13%)A predicateof a modifying clause:
Westermayewas26 then,and a friend and former manayer
who knew shewasunhappyin herjob tippedher to another
position.

4. (7%) An adjunct:

Whilewaitingfor abombsquadto arrive, the bombexploded,
killing Wells.

5. (7%) An embeddedentence:

Dean told reportes traveling on his 10-city “Sleepless
Summer” tour that heconsideed campaigningn Texasa
challenge

6. (3%) Or factual contentthat con icts with
theopposingsentence:

Total salesfor the perioddeclined8.0percent to USD1.99
billion froma yearearlier.
Wal-Mart said salesat storesopenat leasta yearrose4.6
percentfroma yearearlier.

8 Conclusions

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



two-phaseframeavork emphasizingdissimilarity
classi cation. To emulatehumanPR judgment
in which insigni cant, extraneousinformation
nuggets are generallyallowed for a paraphrase,
we estimatewhethersuchadditionalinformation
nuggetsaffect the nal paraphrasingtatusof a
sentenceair. This approachunlike previous PR
approachedhasthe key bene t of explaining the
causeof anon-paraphrasgentenceair.

In the rst, similarity detectionmodule,using
predicateargumenttuplesasthe unit for compar
ison, we pair themup in a greedymanner Un-
pairedtuplesthusrepresenadditionalinformation
unrepresenteith theopposingsentenceA second,
dissimilarityclassi cationmoduleuseshelexical
headof the predicatesandthe tuples' path of at-
tachmentsfeatureso decidewhethersuchtuples
arebarriersto paraphrase.

Our evaluationsshav thatthe systemobtainsl)
high accurag for thesimilarity detectolin pairing
predicateagumenttuples, 2) robust dissimilar
ity classi cation despitenoisy training instances
and3) comparableverall performancdo current
state-of-the-af®RsystemsTo ourknowledgethis
is the rst work thattacklesthe problemof identi-
fying whatfactorsstopa sentenceair from being
aparaphrase.

We also presentedcorpusexamplesthat illus-
trate the cateyoriesof errorsthat our framewvork
makes, suggestinguture work in PR. While we
continueto explore more suitablerepresentation
of unpairedpredicateargumenttuples,we planto
augmentthe similarity measurefor phrasalunits
to reducetheerrorratein the rst componentAn-
otherdirectionis to detectsemanticedundang in
a sentenceUnpairedtuplesthat are semantically
redundanshouldalsoberegardedasinsigni cant.
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