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Abstract

We presenta machinelearningapproachto ro-
busttextualinferencejn which parseof thetext
and the hypothesissentencesare usedto mea-
suretheir asymmetricOsinlarityO, and thereby
to decideif the hypothesiscanbe inferred. This
ideaisrealizedin two differentways.n theprst,
eachsentencés representedsagraph(extracted
from a dependeng parser)in which the nodes
arewords/phrase@ndthelinks representlepen-
dencies A learned asymmetric,graph-matching
costis then computedto measurethe similar
ity betweenthe text andthe hypothesis. In the
secondapprach,thetext andthe hypothesisare
parsedinto the logical formula-like representa-
tion usedby (Harabagiuetal., 2000). An abduc-
tivetheoremprover (usng learnedcostsfor mak-
ing differenttypesof assumptionsn the proof)
is thenappliedto try to infer the hypothesifrom
the text, andthe total Ocost®f proving the hy-
pothesids usedto decideif the hypothesiss en-
tailed.

1 Introduction

Below, we illustrate our methodswith the following toy
exampleof entailment:

TEXT: Chris purchased a BMN.
HYPOTHESIS: Chris bought a car.

Using relationshipsderived from syntactic dependen-
cies, we canrepresat the text and hypothesissentences
equialentlyaseitheradirectedgraph,or asa s of logical
terms,asshowvn in Figurel andSection3.1. In thegraph,
avertex typically representaword, but canalsorepresent
aphrasehatis interpretedasa singleentity. Labelededges
representsyntacticand semantic relationshps taggedby
variousmodules. The logical formulais derived by con-
structinga termfor eachnodein the graph,andrepresent-
ing the dependeny links with appropriatet sharedargu-
ments. After presentinghe inferencemethods,we shov
how the representationsver which they work arederived
from plain text.

2 Entailment by graph matching

We take the view that a hypothesiscan be inferred from
thetext whenthe costof matchingthe hypothesiggraphto
thetext graphis low. For theremainderof this section,we
outlineamodelfor assignng a matchcostto graphs.

For hypothesiggraphH , andtext graphT’, amatching M
is amappingfrom theverticesof H to thoseof T'; we allow
nodesin H to mapto a bctitiousNIL vertex if necessary
Supposethe cost of matchingM is Cos{(M). Thenwe
debnethe costof matchingH to 7: MatchCostH,T) =
miny Cos(M).

Onesimple costmodelis given by the normalizedsum
of costsSubQst(v, M (v)) for substitutingeachvertex v in
H for M(v) inT:

Cos{M) = % > w(v) SubCostw, M(v)) (1)

v! HV

Here,w(v) representshe weightor relative importance
for vertex v, andZ = 3" w(v) is anormalizationconstant.
In ourimplementationtheweightof eachvertex wasbased
onthe part-of-speectag of theword or thetype of named
entity, if applicable.For hypothesisvertex v andtext ver-
tex M (v), the substitutioncost(in [0, 1]) is progressiely
higherfor thefollowing condtions:

¥ v and M (v) @ stemandPOS/ only stemmatch
¥ visasynorym/ hyperrym of M (v) (WordNet)

¥ v and M (v) @ stemsaresimilar accordingo theword
similarity moduleg(descriledlater).

As (Puryakanok et al., 2004) demonstratedmodels
which also match syntacticrelationshipsbetweenwords
can outperformbag-of-words modelsfor TREC QA an-
swerextraction. As in (1), we canmeasurehow relation-
ally similar H andT" areby a normalizedsumof costsfor
substitutingeachedgerelation (v, v") in H with the edge
relation(M (v), M(v")) in T. We ass$gn a substitutioncost
for edge(v, v") in H basedon thefollowing conditionson
pathlength:

¥ M(v) is aparent/ancestaf M (v")
¥ M(v) andM (v") sharea parent/ancestor
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Figurel: Examplegraphmatchirg (o = 0.55) for example
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As in thevertex casewe have weightsfor eachhypothesis
edge,w(e), baseduponthe edge€label; typically subject
andobijectrelationsare moreimportantto matchthanoth-
ers. Our Pnalmatchingcog is given by a corvex mixture
of thevertex andrelationalmatchcosts:
Cos{M) = aVertexCos{M) + (1! «)RelationCogtM).
Notice that minimizing Cos{M) is computationally
hardsinceRelationCogtM) = 0 if andonly if H is iso-
morphicto a subgraphof 7. As an approximation, we
can efbciently bnd the matching A/# which minimizes
VertexCos(§ usingthe Hungarian method(Kuhn, 1955);
we then performlocal greedyhillclimbing search begin-
ning from A#, to approximatethe minimal matching.

3 Abductive theorem proving

This methodworkswith alogical formula-like representa-
tion (Harabagiwetal., 2000)of the syntacticdependencies
in thetext andhypothesissentencesThe basicideais that
a hypothesisthat canbe logically derived from the text is
entailedby it. Sucha logical derivationis calleda Oproo®
of the hypothesis.

The logical formulaecaptureonly the syntacticdepen-
denciesin the sertences. Consequentlyseveral entailed
hypotheseshatrequiresemantiacewrites (suchasOaBMW
is a carO)canbe derived from the correspondig text for-
mulaeonly by usingadditional assumptnsin the proof.
We do not useexplicit logical axioms(Orules@)r theseas-
sumptions;instead, eachassumptiorthat unibesoneterm
in the hypothesiswith anothelin thetext is assigneda cost
basedon the judgedplausibility of thatassumption. This
costis computedusing particular featuresof the assump-
tion.

Using such a cost model, the inference procedure
searche$or a minimum costproof for the hypothesisThe

hypothesiss judgedto be entailedfrom thetext if it hasa
proof with costbelov a certinlearnedthresholdvalue.

We alsoprovide a procedureo learngood costsfor as-
sumptionsfrom a training setcontainingexamplesof en-
tailedandnon-entailechypotheses.

3.1 Representation

For theexample thefollowing logical representatiois de-

rived,with eachnumber/leter representing constant:

T: Chris(1) BMW(2) purcha sed(3,1,2)

H: Chris(x) car(y) bought (e,x,y)
Eachpredicateandeachargumentis alsoannotatedvith

other linguistic information not shavn here (suchas se-

mantic roles and namedentity tags)for usein assigning

coststo assumptions.

3.2 Inference

For our representatiorproof stepsthatunify oneterm from
thetext with onetermof the hypothesissufbce. We allow
ary pair of termsto unify with eachother with a costas-
signedby theassumption cost model. \We relaxtherequire-
mentsfor logical unibcationin several ways, addingcost
penaltiesor eachsuchrelaxation:

1. Termswith different predicatescan be unibal; the
costpenaltyis obtainedusingthetermsimilarity mea-
sures(desribed later) and the linguistic annotations
onthepredicates.

2. The termscan have differing numberof aguments,
andthe agumentsof oneterm canbe matchel with
thoseof the othertermin ary order Eachamgument
matchingis assignech costbasedon the compatibil-
ity of theannotation®f thoseargumens. A termpair
might be unibed in mary wayscorresponihg to dif-
ferentagumentmatchings.

3. Constantxanbe unibedwith eachotherat anappro-
priatecost. This costis precomputedor all constant
pairsin a particularexample,andis loweredfor spe-
cibcpairsNsuchaswhenthereis possiblecoreference
or appositve reference.

We developeal a specializedabductve theoremprover
to discover the minimum cost proof using uniform cost
search.For our runningexample,the minimum costproof
unibesBMWuith car , andpurchased with bought |, at
smallcosts.

3.3 Learning good costs for assumptions

Given atraining setof labded text-hypothesispairs (such
asthe RTE developmentset), we proposea learningalgo-
rithm thattriesto learngood assumptiorcostst

!Detailsareomittedheredueto spaceconstraints See(Raina

etal., 2005)for details.



4 Producing representations and similarities
for inference

4.1 Syntactic processing

The brststepsof the front-enddealwith tokenizationand
parsing. Beyond this baselevel, the performanceof the
inferencemethodsdependgritically on our ability to iden-
tify similaiities anddifferencedetweenour fairly syntac-
tic representationsf the text andthe hypothesis. This is
largely dependenbn beingable to performnormalization
andenrichmentasksthatwill reveal essentiakimilarities,
andon having goodmeasuresf lexical semanticsimilarity
betweerwordsandlargerunits.

We do deterministictokenizationandthenusefull sen-
tenceparsingto reveal syntacticdependenciesThe parser
usedwas a variantof (Klein and Manning, 2003). The
most important addition was training on an extra dozen
sentenceshat gave the parsersomeexposureto topicsin
thenewsin 2005ratherthanonly thoseappearingn 1989.
Exploiting headednesgelationsand hand-writtenpattern-
matchingrules, the parsetree is corverted into a set of
typeddependenciesetweerwords,representingrammat-
ical relations(like subjectand object) and other modiber
dependenciesncluding suchthings as appositves, nega-
tions, and tempaal modibers. This is the basisof the
graphstructurein Figure 1. Variouscollapsingsare then
doneto normalizeandimprove this dependengrepresen-
tation. Prepositionsand possessk ’s arechangdfrom be-
ing verticesto relationnames,andcoordinationsxplicitly
representhe conjuncts. A conditionalrandombpeld (Laf-
ferty et al., 2001) namedentity recognitionsystemis run
to identify seven classeqPersa, Organization,Location;
Percent,Time, Money, andDate). The brstthreeare col-
lapsedinto single nodestaggedNNP (propernoun) prior
to parsing,while the latter four are grouped after parsing,
but beforethe conversionto a dependeng representation,
andtheir valuesare normalizedinto a canonicalform us-
ing handwritten regular expressions. This includesrep-
resentingapproximateandrelative quantities(around $40
andless than 2 dollars) aswell asexad amounts. At the
sametime, we alsocollaps collocationswhich arefound
in WordNet,like back off andthrow up to asinglenode.

4.2 Additional dependencies between nodes

We augmenthe syntacticdependeng graphwith seman-
tic role arcs using a Propbank-trainedemanticrole la-

beler (Toutanwa et al., 2005). For eachverb, we added
edgesbetweenthat verb andthe headword of eachof its

argumentsandlabeledthe edgeswith the appropriatese-
mantic role. This allowed us to add relations (between
words)thatwere not capturedby surfacesyntax,andalso
to classify modifying phrasesas temporal,locative, and
othercatgyories. We addedcoreferenceelationsbetween
nounphraseg@ndnamecentiiesusinga maximumentrofy

coreferencelassibemodded after (Soonetal., 2001).

Dataset General ByTask
Accuray | CWS | Accuray | CWS
DevSetl 64.8% | 0.778| 65.5% | 0.805
DevSet2 52.1% | 0.578| 55.7% | 0.661
DevSetl+ DevSet2| 58.5% | 0.679| 60.8% | 0.743
Testset 56.2% | 0.620| 55.2% | 0.686

Tablel: Accuray andconbdencaveightedscore(CWS)
on RTE datasets.

Task General ByTask
Accuray | CWS | Accuray | CWS
CD 79.3% | 0.903| 84.0% | 0.926
IE 47.5% | 0.493| 55.0% | 0.590
IR 56.7% | 0.590| 55.6% | 0.604
MT | 46.7% | 0.480| 47.5% | 0.479
PP 58.0% | 0.623| 54.0% | 0.535
QA 48.5% | 0.478| 43.9% | 0.466
RC 52.9% | 0.523| 50.7% | 0.480
Table2: Accuray andconbdencaveightedscore(CWS)

split by taskonthe RTE ted set.

4.3 Methods for discovering term similarity

As in other work, e.g.,(Moldovan et al., 2000), we relied
on WordNet (Miller, 1995) heavily for lexical knowledge.
The WordNet::Similarity module(Pederseret al.,
2004)was usedto computea symmetricsimilarity score
betweentwo phrases. If the queriedphrase arelisted as
antorymsin WordNet,the matchis givena very high cost
in the inferenceprocedures.Derivationalforms in Word-
Net areusedto detect nominalzed eventsand modify the
representatior(e.g., murder of police officer entails po-
lice officer killed). WordNetdoesnotincludeprepositions.
We semiautomaticallyconstructedh matrix of preposition
similarity valuesusing synaiyms (e.g., over and above)
and antoryms (e.g., over and under). Synoryms were
found by grougng prepositionsinto clusters. Antornym
pairswereaddedmanually Finally, we compileda list of
206 countriesandtheir derivatives manually(e.qg., Philip-
pines - Filipino), andcollecteda list of 276 frequentlyoc-
curringacionymsin alarge corpus,andrecordedheir ex-
pansions.

Theinferenceproceduresequire considerablesemantic
knowledgeto infer somerewritesusingjust phrasadepen-
denciesjfor example,won victory in Presidential election
might entail became President. \We attemped to discoser
suchrewrites by looking for similarly placedphrasesn a
large compus, usinga bacled-of modibcationof the simi-
larity measuralescribedn (Lin andPantel,2001).

Sometimedpothof thesemethodsaretoo precise Words
thatare usedin the samecontet oftendo not have explicit
relationshipdetweerthem;for instancenarathon andrun
clearly have a semanticrelationshipnot consideredn the
WordNethierarcly. To overcomethis we usedinfomap 2

2pvailableat http://infomap.stanfo rd.edu .



Text Hypothesis Ouranswer| Conf | Comments

A Filipino hostagein Iraq was re- | A Filipino hostagevasfreedin True 0.61 | Verbrewrite is handled.Phrasabr-

leased. Iraq. (TRUE) deringdoesnotaffect cost.

The government announced last | Oil pricesdrop.(FALSE) False 0.69 | High cost given for substituting

weekthatit plansto raiseoil prices. word for its antorym.

Shrek2 rangup $92 million. Shrek 2 eaned $92 million. False 0.51 | CollocationOragupQs notknown
(TRUE) to besimilarto OearnedO.

SoniaGandhicanbe defeatedn the | Sonia Gandhi is defeatedby True 0.66 | OcarbeQloesnotindicatethe com-

next electionsin India by BJP. BJR (FALSE) plementeventoccurs.

Fighters loyal to Mogtada al-Sadr| Fightersloyal to Mogtada al- True 0.67 | Should recognize non-Location

shotdownaU.S.helicopterThursday| Sadrshotdown Najaf. (FALSE) cannotbe substitutedor Locaion.

in the holy city of Najaf.

C and D Technologiesannounced Datel Acquired C and D tech- True 0.59 | Failedto penalizeswitchin seman-

that it hasclosedthe acquisition of | nologies.(FALSE) tic role structureenough

Datel,Inc.

Table3: Analysisof resultson someRTE examples.

an open-sourceémplementaibn of Latent SemanticAnal-

ysis (Deerwesteret al., 1990), to scorewords according
to distributional similarity (measuredisingthe British Na-
tional Corpus). To further exploit distributional similarity,

we alsoimplementeda measureof similarity thatis com-
puted as the ratio betweenthe numberof searchresults
from google.com for two phrasesvhen queriedsepa

ratelyandin combination.

5 Results and analysis

Ouroverall systemis acombhationof thetwo systemsle-
scribedin Sections2 and3. Eachsystemproducesa real
numberscorethatis normalizedo have zeromeanandunit
variance,and then corvertedto a conbdene value using
the cumulative distribution function for a normaldistribu-
tion. Theseindividual scoresare then linearly combined
using logistic regression,with the weightstrainedon the
RTE developmentets.Thebrstversion(calledGeneral )
trainedone set of weightsfor all RTE tasks;the second
version(calledByTask ) trainedseparateveightspertask.
All parametersxceptthe classipeweightswereidentical.

Table 1 repots the performanceof our Pnalclassibers
ondifferentdatasetsTable2 shovs the perfamancesepa-
ratelyon eachtaskin theted set.

A randomguessingraselineachiezesaccurag 50%and
conbdenceaveightedscore(CWS)0.50. Our testsetaccu-
rag is only afew pointsabose randomguessinghowever,
the CWSis signibcantlyhigher Thus,our predictionsare
well-calibratedand more robust; this is probablybecause
our learningand classipercombinationproceduresnaxi-
mizethelikelihood of thefull predicteddistribution rather
thanjustabinaryaccurag vaue.

Table3 hasananalysisof someexamplesfrom the RTE
datasetsThetermsimilarity routinesseemednostimpor
tantfor good performancewhile mary of the othermod-
ules are usefulin specibccases. Many of the language
resourcesisedwere sparse(e.g., antoryms in WordNet);
high-recallresourcesvould be extremelybenebcial.
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