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Abstract

We presenta systemfor textual inference(the taskof infer-
ring whethera sentencefollows from anothertext) thatuses
learninganda logical-formulasemanticrepresentationof the
text. More precisely, our systembeginsby parsingandthen
transformingsentencesinto a logical formula-like represen-
tation similar to the one usedby (Harabagiuet al., 2000).
An abductive theoremprover thentries to �nd theminimum
“cost” setof assumptionsnecessaryto show that onestate-
mentfollows from the other. Thesecostsre�ect how likely
differentassumptionsare,andarelearnedautomaticallyus-
ing information from syntactic/semanticfeaturesand from
linguisticresourcessuchasWordNet.If onesentencefollows
from theothergivenonly highly plausible,low costassump-
tions,thenwe concludethatit canbeinferred.Our approach
canbeviewedascombiningstatisticalmachinelearningand
classicallogical reasoning,in the hopeof marrying the ro-
bustnessandscalabilityof learningwith theprecisenessand
eleganceof logical theoremproving. We give experimental
resultsfrom therecentPASCAL RTE 2005challengecompe-
tition on recognizingtextual inferences,wherea systemus-
ing this inferencealgorithmachieved thehighestcon�dence
weightedscore.

Intr oduction
The performanceof many text processingapplications
would improve substantially if they were able to rea-
son with naturallanguagerepresentations.Theseapplica-
tionstypically useinformationspeci�edin naturallanguage
(e.g.,broad-coveragequestionanswering),andprocessin-
put/outputin naturallanguage(e.g.,documentsummariza-
tion).

Severalsemanticreasoningtaskscropupwithin theseap-
plications.For example,in anautomaticquestionanswering
system,a questionis given andwe might requirethe sys-
tem to �nd a pieceof text from which the answercan be
inferred. In a documentsummarizationsystem,we might
stipulatethatthesummaryshouldnotcontainany sentences
thatcanbeinferredfrom therestof thesummary. Thesese-
manticreasoningtasksarelargelyaddressedoneapplication
ata time,despitethemany intersections.

There have beenrecentsuggestionsto isolate the core
reasoningaspectsand formulatea generictask that could
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potentiallybeusefulfor many of theabove text processing
applications(PASCAL RTE Challenge,PASCAL Recogniz-
ing Textual EntailmentChallenge2005).Along theselines,
the basictaskwe consideris to decidewhetherthe mean-
ing of onenaturallanguagefragmentcanbeapproximately
inferredfrom another. Themostgeneralcaseof naturallan-
guagereasoningmight requirerich commonsensereason-
ing, which is known to behard. Our focusis on inferences
that can be madeusing languagefeaturesand semantics,
possiblywith someworld knowledge.

In thispaper, wepresentanabductive inferencealgorithm
toperformsemanticreasoning.Moreprecisely, it learnshow
to combineinformationfrom several knowledgesourcesto
decidewhat areplausible“assumptions”during its reason-
ing process.Thus,oursystemis capableof performing�e x-
ible semanticreasoning,givenjusta trainingsetof inferable
sentences(seeTable1 for examples).

Evenbeyondnaturallanguageinference,ourmethodscan
be usedfor robust inferencewith other logical representa-
tions.Logical inferenceis well known to frequentlybebrit-
tle andhave poorcoverage,especiallywhenit usesaxioms
thatmustbemanuallytweaked;thislimits its applicabilityto
real-world tasks.However, by usingabductionandlearning,
we combinetheeleganceandprecisenessof thelogical for-
malismwith the robustnessandscalabilityof a statistically
trainedsystem.

Problemde�nition
We describeour algorithmson thetaskof “recognizingtex-
tual entailment”(PASCAL RTE Challenge,PASCAL Rec-
ognizingTextual EntailmentChallenge2005),but theideas
extendeasilyto thegeneralcaseof textual inference.

Eachexamplein thisdomainconsistsof two parts:oneor
moretext sentencesanda hypothesissentence.The taskis
to identify whetherthehypothesissentencecanbeplausibly
inferred (“entailed”) from the text sentences.Throughout
thissection,weusethefollowing asour runningexample:
TEXT: Bob purchased an old convertible.
HYPOTHESIS: Bob bought an old car.
Actualexamplesin thetaskaresigni�cantly morecomplex;
seetheexamplesin Table1.

Many successfultext applicationsrely only on“keyword”
(or phrasal)counting. But informationretrieval techniques
thatuseonly wordcounts(suchasbag-of-wordsrepresenta-



Class Text Hypothesis Entailed
Comparable
Documents

A Filipino hostagein Iraqwasreleased. A Filipino hostagewasfreedin Iraq. Yes

Information
Extraction

Globaloil pricesclungneartheir highestlevels in
at least21 yearsyesterdayafter Russianoil giant
Yukoswasorderedto stopsales,. . .

Oil pricesrise. Yes

Information
Retrieval

Spainpulledits 1,300troopsfrom Iraq lastmonth. Spainsendstroopsto Iraq. No

Machine Trans-
lation

Theeconomycreated228,000new jobsafteradis-
appointing112,000in June.

Theeconomycreated228,000jobsaf-
terdisappointingthe112,000in June.

No

Paraphrase
Acquisition

Clinton is averycharismaticperson. Clinton is articulate. Yes

Question
Answering

VCU School of the Arts In Qatar is located in
Doha,thecapitalcity of Qatar.

Qataris locatedin Doha. No

Reading
Comprehension

Eatinglots of foodsthatarea goodsourceof �ber
maykeepyourbloodglucosefrom rising fastafter
youeat.

Fiberimprovesbloodsugarcontrol. Yes

Table1: Someillustrative examplesfrom differentclassesof thePASCAL RTE dataset(PASCAL RTE Challenge,PASCAL
RecognizingTextualEntailmentChallenge2005).

tions)arenot well suitedto suchsemanticreasoningtasks.
For example,asuccessfulsystemmustdifferentiatebetween
thehypothesisabove anda similar-looking onewhich can-
notbeinferred:
HYPOTHESIS: Old Bob bought a car.

Thus,ratherthanrelying on keyword counting,we usea
signi�cantly richer representationfor thesyntaxof thesen-
tence,andaugmentit with semanticannotations.Wechoose
a logical formula-like representationsimilar to (Harabagiu,
Pasca,& Maiorano,2000; Moldovan et al., 2003), which
allows us to pose the textual inferenceproblem as one
of “approximate” (or, more formally, abductive) logical
inference.For example,thesentencesabove become:
( 9 A,B,C) Bob(A) ^ convertible(B) ^ old(B)
^ purchased(C,A,B)
( 9 X,Y,Z) Bob(X) ^ car(Y) ^ old(Y) ^
bought(Z,X,Y)
In our notation,C andZ areevent variablesthatdenotethe
eventsof purchasingandbuying,respectively.

With this representation,thehypothesisis entailedby the
text if andonly if it canbelogically provedfrom thelatter.

However, the main obstacleto usingsuchlogical infer-
encesis that most non-trivial entailmentsrequire making
certain“leap-of-faith” assumptions.Thus, in order to cor-
rectly infer the entailmentabove, onemusteitherknow or
assumethat“a convertibleis a car”. Building on (Hobbset
al., 1993),weproposeanalgorithmin whicheach“assump-
tion” is associatedwith a cost,anda hypothesisis plausible
if it hasasimple—meaninglow-cost—proof.

Insteadof representingall possibleleaps-of-faith asex-
plicit logical axioms(“rules”), we take the view that these
leaps-of-faith correspondto assumptionsabout the real
world and have somedegreeof plausibility; we assigna
costto eachassumptionto quantifyits plausibility. Thecost
of an assumptionis computedusing a cost model that in-
tegratesfeaturesof the assumptionbasedon many knowl-
edgesources.We believe this approachis morerobustand
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Figure1: Procedureto discover syntacticdependencies,il-
lustratedon the parsetreefor an examplesentence.Heads
aremarkedonnonterminalnodesin parentheses.Thedotted
linesshow thedependenciesdiscovered.

scalablethan one which requiresaxioms that are always
true(Moldovanet al., 2003).Giventhis costmodel,we can
thenuseasearchprocedureto �nd theminimum-costproof,
andjudgeentailmentbasedon thiscost.

Oneof thechallengesis to obtainacostmodelfor a large
setof assumptions.Suchcostshavetypically beenmanually
tunedin previouswork,or havebeenleft outcompletely. We
describea learningalgorithm that automaticallydiscovers
“good” costsgivena trainingsetof labeledexamples(asin
Table1).

Representation
In this section,we sketchhow our logical representationis
derivedfrom raw Englishtext.

The �rst stepin processinga sentenceis to constructa
syntacticdependency graph. The sentenceis parsedusing



theparserin (Klein & Manning,2003). Hand-writtenrules
areusedto �nd theheadsof all nodesin thisparsetree(these
relesareanadaptationof thosein Collins,1999).

This procedureimplicitly discovers syntactic relation-
shipsbetweenthe words in the sentence,becausewhen a
word is chosenas the head,its siblings must be syntactic
modi�ers to that word. Theserelationshipscanbe laid out
as a dependencygraph whereeachnodeis a word/phrase
andthelinks representparticulardependencies.Figure1 il-
lustratesthisprocedureonourexampletext sentence.

We now translatethe relationsrepresentedin the depen-
dency graph into a logical formula-like representation,as
in (Harabagiu,Pasca,& Maiorano,2000). Eachnodein
the graphis convertedinto a logical term and is assigned
a uniqueconstant. Edgesin the graphare representedby
sharingargumentsacrossnodes;verbsandprepositionscan
havemultiplearguments,andreceiveargumentsfrom all the
linkednodes.1

To help the inferenceprocess,we canalsoaugmentthe
logical formulawith severalkindsof semanticannotations.
Theseinclude annotationsaddedon the predicate(e.g., if
thecorrespondingword is partof aNamedEntity), andalso
annotationsaddedon the argumentsof certainterms(e.g.,
if that argumenthasa subject/objectrelation to the predi-
cateof the term). Theseannotationscan be usedas fea-
turesin determiningassumptioncostsin the inferencepro-
cess. For our runningexample,we discover, for example,
that Bob is a Person(usinga NamedEntity classi�er), and
thatconvertible is theobjectto theverbpurchased (us-
ing thesyntacticdependency “types”).

Using this restrictedrepresentation,we can accurately
captureonly asubsetof all Englishlanguagesemantics.For
example,hypothesessuchas“Bob did not buy an old car”
arealsoconvertedto a similar representation(without any
negatedterms)– thenegation is spottedfrom theparsetree
andannotatedon theverbbuy; this annotationis usedlater
to achieve theeffectof negation.Theserestrictionsimposed
on therepresentationwill allow usto usemoretractablein-
ferencealgorithmslater.

Infer ence
Strict theoremproving
To motivatetheform for ourabductiveassumptions,assume
�rst that we are not allowed to make assumptionsin the
proof.

Then,for theremaininginferenceproblem,we must�nd
a proof for the hypothesisgiven the text. The methodof
resolutionrefutationperformstheoremproving by adding

1In our implementation,the conversionconsidersfurther lin-
guisticphenomenain constructingthe logical formula. For exam-
ple,it propagatesdependenciesby prepositionfolding. Thesemod-
i�cations weredrivenby dataanalysis,anddetailsareomitteddue
to spaceconstraints.To give an exampleof a complex sentence,
thelasttext sentencein Table1 is transformedto:
eating(A) lots(A) of(B,A,C) foods(C) that(D) are(E,C,D,F)
good(F) source(F) of(G,F,H) �ber(H) may(I) keep(J,A,I,K,L)
your(M) blood glucose(K) from(N,A,L) rising(L,O,P,Q) too(O)
fast(P)after(R)you(S)eat(Q,R,S)

the negation of the goal logical formula to a knowledge
baseconsistingof the given axioms, and then deriving
a null clausethrough successive resolution steps. This
correspondsto justifying (i.e., “proving”) the goal by
deriving a contradictionfor its negation. Thus, to usethe
methodof resolutionrefutation,we constructa knowledge
basewith the text logical formula and the negation of the
hypothesislogical formula;�nding aproofthencorresponds
to producingthe null clausethroughsuccessive resolution
steps.For ourexample,wegetthefollowing clauses:
( 9 A,B,C) Bob(A) ^ convertible(B) ^ old(B)
^ purchased(C,A,B)
( 8 X, Y, Z) : Bob(X) _ : car(Y) _ : old(Y) _
: bought(Z,X,Y)
By construction,our representationconvertseachsentence
into a conjunctionof logical terms; thus, eachclausein
the above knowledge basehas at most one non-negated
term. In other words, the knowledge basecontainsonly
Horn clauses. Unit resolution is a proof strategy that
considersonly resolutionstepsin which at leastoneof the
participatingclausesis a unit clause(i.e., hasoneterm). It
is known thatunit resolutionis acompleteproofstrategy for
this restrictedclassof logical clauses.(see,e.g.,Genesereth
andNilsson,1987).

For all the theoremproving problemsproducedby our
logical formulae, it is thus suf�cient for completenessto
consideronly proofstepsthatunify asingle-termclausepro-
ducedfrom thetext with the�rst termof theclauseproduced
from the hypothesis.2 Further, this is alsoa tractable(i.e.,
polynomial-time)proofstrategy for this(non-abductive)set-
ting.

Abductive theoremproving
The previous proof strategy considersuni�cations between
a single-termclauseand the �rst term of anotherclause
only. With thestandardlogicalde�nition of uni�cation, this
strategy is too strict for our languagerepresentation– we
would like to “unify” termssuchas purchased(C,A,B)
and: bought(Z,X,Y) in our proofs. We thusconsiderthe
settingof weightedabduction(Hobbset al., 1993),where
we allow suchpairsof termsto “unify” at somecomputed
cost.

In particular, considertwo logical termsS(s1 ; s2 ; : : : ; sm )
and : T (t1 ; t2 ; : : : ; tn ), whereS, T are the predicatesand
s1:::m , t1:::n arethearguments(variablesor constants).The
standardde�nition of uni�cation requiresthat S = T,
m = n andeachsi beconsistentlyuni�ed with t i . It seems
useful to relax the standardde�nition of uni�cation in the
following ways:

1. ThepredicatesS andT areallowedto bedifferent.
e.g.:S andT mightbesynonymsof eachother.

2Thefollowing factsallow usto concludethis:

1. Unit resolutionis completefor ourproblems.
2. Eachproofstepmustresolveanegatedandanon-negatedterm.

Non-negated terms arise only from the text as unit clauses.
Negatedtermsariseonly from thenegatedhypothesis.



2. Thenumbersof argumentsm andn neednotbethesame,
andeachsi maybeuni�ed with someargumentotherthan
t i . Thesamepairof termsmayunify in severalwayscor-
respondingto the differentwaysof matchingtheir argu-
ments.
e.g.:Two verbsthatconvey thesamemeaningmight take
differentnumbersof modi�ers, theorderof themodi�ers
mightbechangedandthecorrespondenceof themodi�ers
acrossthetermsmightbeambiguous.

3. Two constantargumentscouldunify with eachother.
e.g.:Thelogical representationmight have two constants
that actually representthe samephysical entity through
coreference.

Eachof theabove relaxationsis interpretedasanabduc-
tive assumptionabouttheworld, andits degreeof plausibil-
ity is quanti�edasanonnegativecostby theassumptioncost
model. Thecostmodelis responsiblefor tackling language
semanticsandis describedin thenext section.

Given a cost model, abductive theoremproving can be
framedasa searchproblem. For every pair of terms,there
might be many resultingresolvents(eachwith oneway of
matchingthetermarguments)andeachresolventis assigned
a nonnegative costby thecostmodel. A proof is complete
when the null clauseis reachedthroughsuccessive steps;
the total costof theproof is givenby thesumof individual
stepcosts. Sincewe are interestedin �nding a minimum
costproof, the theoremprover canuseuniform costsearch
to discover it ef�ciently . In general,A � searchcanalsobe
usedfor large-scaleproblemsif a goodadmissibleheuristic
is available.

Assumptioncostmodel
Theassumptioncostmodelquanti�estheplausibilityof any
givenassumption.As describedin theprevioussection,an
assumptionA is identi�ed by the two logical termsbeing
uni�ed (sayS(s1 ; s2 ; : : : ; sm ) and: T (t1 ; t2 ; : : : ; tn )) andthe
argumentmatchingunderconsideration.We assigna cost
Cw (A ) to assumptionA asa linear function of featuresof
A :

Cw (A ) =
DX

d=1

wdf d(A ) (1)

wheref 1, . . . , f D are arbitrary nonnegative featurefunc-
tions andw1, . . . , wD are the relative weightsassignedto
thesefeaturefunctions. The linearcombinationof features
f d(A ) allowseachwd to beinterpretedasthecostfor apar-
ticular kind of basicassumption.Further, we show in the
sequelthat “good” weightswd canbe learntautomatically
for this costfunction.

Thefeaturescanbederivedfrom a numberof knowledge
sources,suchasWordNet(Miller, 1995),syntacticfeatures,
etc.thatmeasurethedegreeof similaritybetweentwo terms.
Table2 liststhefeaturesusedin ourexperiments.Thesefea-
turescanbebroadlydividedinto thefollowing � ve classes:

1. Predicate“similarity”: We use(Resnik,1995;Pedersen,
Patwardhan,& Michelizzi, 2004) to computea nonneg-
ative measureof similarity betweenthe two predicates
basedon their proximity in theWordNethierarchy. This

featureindicateswhentwo wordsaresynonyms or oth-
erwisehave similar meanings.An additionalfeaturein-
dicateswhetherthe predicatesare listed asantonyms in
WordNet (properlyaccountingfor any negation annota-
tionsoneitherpredicate).

2. Predicatecompatibility: Thesefeaturesmeasureif the
two predicatesarethesame“type” of word. Morespecif-
ically, threefeaturesindicateif thetwo words(i) have the
samepart-of-speechtag,(ii) thesamewordstem,and(iii)
thesamenamedentity tag(if any).

3. Argumentcompatibility: Several featuresconsidereach
pair of argumentsmatchedwith eachother, andpenalize
mismatchesbetweenannotationsattachedto them. For
example,theannotationmight bethetypeof verbdepen-
dency, and then we would prefer a subjectargumentto
bematchedwith anothersubjectargument;similarly, the
annotationmight be the semanticrole of that argument,
andwe would prefera locationmodi�er argumentto be
matchedwith anotherlocationmodi�er.

4. Constantuni�cation: Differentconstantsin our represen-
tationmight referto thesamephysicalentity, saybecause
of anaphoriccoreference.Wethusprecomputeamatrixof
“distances”betweenconstants,usingcuesfrom corefer-
enceor appositivereference,for example.A featurefunc-
tion of theassumptioncomputesthesumof distancesfor
all constantuni�cations amongthematchedarguments.

5. Word frequency: Sometermsin the hypothesismay not
unify well with any termin thetext, but canbe“ignored”
atsomecostbecausethey areusedverycommonlyin lan-
guage(e.g.:“The watch is good.” mightbeconsideredto
entail“The watch is rathergood.” asrather is acommon
word.) To capturethis behavior, we computea feature
that is inverselyproportionalto the relative frequency of
thehypothesispredicatein a largecorpusof Englishtext.

For illustration,we show how our representationandin-
ferencestepscanbeextendedto tacklesomewhatmorecom-
plicatedlanguagephenomena.Considerthe caseof event
nouns. Theseare caseswherea verb in the hypothesisis
representedas a noun in the text – for example,“murder
of policeof�cer” entails“Police of�cer killed.” . Therepre-
sentationfor text sentencesis augmentedby looking up the
noun! verbderivationalforms in WordNetfor all nounsin
thetext, and�nding thepossibledependenciesfor thatverb.
The usualpredicatesimilarity routinesthenwork with this
augmentedrepresentation.Suchtechniquescanbedevised
to tackleseveralotherlinguistic constructions,but theseex-
tensionsarenot importantfor thecurrentdiscussion.

Learning goodassumptioncosts
Our discussionthusfar hasassumedthat theweightvector
w = (w1, . . . , wD )T is given. We now describea learning
algorithmfor automaticallychoosingtheseweights.

Discriminati ve learning of weights
We �rst introducesomenotation. Consideran entailment
example; any abductive proof P of the hypothesiscon-
sistsof a sequenceof assumptions,sayA 1; : : : ; A N . Us-



1. Similarity scorefor S andT.
Are S andT antonyms?
If S andT arenumeric,arethey “compatible”?

2. Mismatchtypefor part-of-speechtagsof S andT.
Do S andT have samewordstem?
Do S andT have samenamedentity tag?

3. Differencein numberof arguments:jm � nj.
Numberof matchedargumentswith:

– differentdependency types.
– differentsemanticroles.
– eachtypeof part-of-speechmismatch.

Numberof unmatchedargumentsof T.
4. Total coreference“distance”betweenmatched

constants.
5. Inverseword frequency of predicateS.

Is S anoun,pronoun,verbor adjective,andis it being
“ignored” by thisuni�cation?

Table2: List of featuresextractedin ourexperimentsfor uni-
fying termsS(s1 ; s2 ; : : : ; sm ) and : T (t1 ; t2 ; : : : ; tn ) accord-
ing tosomespeci�edargumentmatching.Thefeaturesspec-
i�ed asquestionsarebinaryfeaturesthatareequalto 1 if the
conditionis true,and0 otherwise.Part-of-speechmismatch
featuresare computedby binning the part-of-speechpair
into 10“types” (e.g.,“samepart-of-speech”,“noun/pronoun
with verb”, etc.).

ing thepreviously de�ned per-assumptionfeaturefunctions
f d(A 1) : : : f d(A N ) for eachd 2 f 1; 2; : : : ; Dg, we can
computetheaggregatedfeaturefunctionsfor theproofP:

f d(P) =
NX

s=1

f d(A s) (2)

Let f (P) = (f 1(P) : : : f D (P))T denotetheaggregatedfea-
turevectorfor theproof P. Then,thetotal costof theproof
is a linearfunctionof weightsw:

Cw (P) =
DX

d=1

wdf d(P) = wT f (P) (3)

Assumefor simplicity that we augmentthe featurevector
with a constantfeature,so that we classifya hypothesisas
ENTAILEDif andonly if its minimumproofcostis lessthan
zero.

Supposewe are given a labeleddatasetof entailment
examples(� ( i ) ; y( i ) ), where each � ( i ) representsa text-
hypothesispair andy( i ) 2 f 0; 1g is thecorrespondinglabel
(sayy( i ) = 1 implies� ( i ) is ENTAILED, while y( i ) = 0 im-
plies � ( i ) is not ENTAILED). For text-hypothesispair � ( i )

andassumptionweightsw, our labelpredictionis basedon
thecostof theminimumcostproof:

P ( i )
w = argmin wT f (P ( i ) ) s.t. P ( i ) is aproof for � ( i ) :

Using the sigmoidfunction � (z) = 1=(1 + exp(� z)) , we
canassumea logisticmodelfor theprediction:

P(y( i ) = 0j� ( i ) ; w) , � (wT f (P ( i )
w )) (4)

and usethis de�nition to optimize the discriminative log-
likelihoodof thetrainingset(possiblywith regularization):

`(w) =
X

i

logP(y( i ) j� ( i ) ; w) (5)

Unfortunately, the featurevectorf (P ( i )
w ) for eachexam-

ple dependson the currentweight vectorw, and it canbe
shown thatthelog-likelihoodfunction`(w) is notconvex in
w. Thereare local maxima,and exact optimizationis in-
tractable(Rockafellar, 1972). Intuitively, asthe weightsw
change,thefeaturevectorf (P ( i )

min ) itself might changeif a
new proof becomesthe minimal costone from amongthe
largenumberof possibleproofs.

An iterati veapproximation
We approximatethe above optimizationproblemto get a
tractablesolution. To dealwith the largenumberof proofs,
we optimize iteratively over proofsandweights. First we
�x the currentminimal proof Pw , andusethis �x ed proof
to analytically computethe local gradientof the (regular-
ized)log-likelihoodfunction`(w). This is possiblesince,in
general,the minimum costproof staysthe samein the im-
mediatevicinity of thecurrentweightvectorw.3 Weupdate
w by takinga shortstepalongthedirectionof thegradient,
producingweightswith higherlikelihood.

Sincethe minimum cost proofs might have changedat
thenew weightsetting,werecomputetheseproofsusingthe
abductivetheoremprover. Wenow iterate,sincethegradient
of the log-likelihood function for the new weightscan be
computedusingthenew proofs.

Intuitively, the algorithm�nds the assumptiontypesthat
seemto contributeto proofsof entailedexamples,andlow-
ers their cost; similarly, it raisesthe cost for assumption
typesthatseemto misleadthetheoremprover into discover-
ing low-costproofsof non-entailedexamples.

Theproposedalgorithmis shown below with a Gaussian
prior for regularization. The algorithmusesthe abductive
theoremprover iteratively. Thelikelihoodfunction`(w) can
have localmaxima,sowestartata“reasonableguess”w(0) .

1. Initialize w(0) , setk = 0, choosestepsize� anda regu-
larizationparameter� .

2. Usingweightsw(k ) in theabductive theoremprover, �nd
the minimum costproofsP ( i )

min for eachtext-hypothesis
pair � ( i ) in thetrainingset.

3. Usingthefeaturescomputedon theminimumcostproofs
above,movetheweightsin thedirectionof increasingap-
proximatelog-likelihood~̀(w) of trainingdata.

~̀(w) ,
X

i :y ( i ) =0

log(� (wT f (P ( i )
min ))) +

3More formally, if y = 1 for a given training example,then
letting Pw = arg minP � (wT f (P )) be the currentminimal cost
proof (the arg min shouldbe replacedby an arg max if instead
y = 0), we have that on all but a measurezero set of points,
r w � (wT f (Pw )) = r w arg minP � (wT f (P )) . In fact,our pro-
cedureis, almosteverywhere,computingthetruegradientof `(w),
andthuscanbeviewedasaninstanceof (sub)gradientascent.



X

i :y ( i ) =1

log(1 � � (wT f (P ( i )
min ))) + � jjwjj2

w(k+1)  w(k ) + �
@~̀(w)

@w

�
�
�
�
�
w= w ( k )

4. k  k + 1

5. Loop to step2 until convergence.

One �nal detail is that the weights(except the constant
offset)mustbenonnegative(for uniformcostsearchto work
in theoremproving). So, we just setany negative compo-
nentsto 0 at the end of eachiteration; the overall update
directionis still asubgradientof thelog-likelihoodfunction.

Sincethe algorithmessentiallyperformsgradientascent
on the (regularized) log-likelihood function for w, it is
guaranteedto reacha local optimum of the original log-
likelihood`(w) if thestepsizeis suf�ciently small.

Results
We reportresultson thePASCAL RecognizingTextual En-
tailment(RTE) dataset,whichwasusedin arecentchallenge
on recognizing textual entailment (PASCAL RTE Chal-
lenge,PASCAL RecognizingTextual EntailmentChallenge
2005)4.

The developmentset contains567 examplesof labeled
text-hypothesispairs,while the testsetcontains800exam-
ples. Theseexamplesare roughly equally divided into 7
classes,with eachclassderivedfrom differentsources.For
example,theInformationExtractionclassis constructedby
takinga news storysentenceandthenframinga simplere-
lation entailedby thesentence.Table1 lists someexamples
from thisdataset.

TheRTE datasetis known to behard– all entrantsto the
challengeachieved only 50-60%accuracy on the test set.
Many of the standardinformation retrieval algorithmsare
reducedto randomguessing,pointingto theneedfor deeper
semanticreasoning.Further, someof the classesappearto
besigni�cantly tougherthantheothers.

Experiments
Wetestouralgorithmandsomebaselinealgorithms:

� Randomguessing:All decisionsaremaderandomly.

� Term Frequency (TF): A standardinformation retrieval
style methodthat representseachsentenceas a vector
of word counts,and�nds a similarity betweensentences
(text andhypothesis)usingtheanglebetweenthesevec-
tors. Thehypothesisis assigneda “cost” accordingto its
similarity with the most similar text sentence.For the
RTE dataset,the methodwasappliedonceseparatelyto
eachclassandagain to all classestogether;only thebet-
teraccuracy is reported.

� Term Frequency + Inverse Document Frequency
(TFIDF): This is the sameasTF, except that eachword
countis scaledsothat rarewordsgetmoreweight in the

4http://www.pascal-network.org/Challenges/RTE/

Algorithm RTE Dev Set RTE TestSet
Acc CWS Acc CWS

Random 50.0% 0.500 50.0% 0.500
TF 52.1% 0.537 49.5% 0.548

TFIDF 53.1% 0.548 51.8% 0.560
ThmProver1 57.8% 0.661 55.5% 0.638
ThmProver2 56.1% 0.672 57.0% 0.651

Partial1 53.9% 0.535 52.9% 0.559
Partial2 52.6% 0.614 53.7% 0.606

Table3: Performanceon theRTE datasets;CWSstandsfor
con�denceweightedscore(seefootnote5).

sentencevectors. This could potentiallyhelp matchthe
“important” partsof thesentencesbetter.

� Abductive theoremprover (ThmProver): This is thealgo-
rithm describedin this paper. We pickedthecostthresh-
old (the cost above which an example is judged not-
entailed)in two ways: in ThmProver1, we found a sin-
gle thresholdfor all classes;in ThmProver2, a separate
thresholdwastrainedperclass.

� Partially abductive theoremprovers:To gaugetheimpor-
tanceof our abductive assumptions,we disallow someof
the assumptionspossible.Partial1 allows the logical ar-
gumentsto unify only accordingto strict (i.e., standard)
logical rules. Partial2 allows uni�cation only when the
predicatesmatchexactly.

We reporttheraw accuracy andthecon�denceweighted
score(CWS)in Table3.5 Table4 shows theperformanceof
thetheoremproversplit by RTE exampleclass(asillustrated
in Table1).

Class RTE Dev Set RTE TestSet
Acc CWS Acc CWS

CD 71.4% 0.872 79.3% 0.906
IE 50.0% 0.613 49.2% 0.577
IR 50.0% 0.523 50.0% 0.559
MT 53.7% 0.708 58.3% 0.608
PP 62.2% 0.685 46.0% 0.453
QA 54.4% 0.617 50.0% 0.485
RC 47.6% 0.510 53.6% 0.567

Table4: Performanceof theoverall besttheoremprover on
individual classesof theRTE dataset.

On thePASCAL RTE dataset,our systemattainsa CWS
of 0.651,which is signi�cantly higherthanthatattainedby
all other researchgroupsin the competition,the next best
scorebeing0.617. (Our researchgroup's submissionto the
competition,usingthealgorithmdescribedin thispaperand
also an additional inferencealgorithm, actually attaineda
CWSof 0.686in thecompetition,thuscomingin �rst place

5CWS is a recommendedmeasurefor the RTE dataset.
It is obtained by sorting all the con�dence values, say
f c1 ; : : : ; cn g, and then computing the “average precision”:
1=n

P
i (accuracy within i mostcon�dent predictions). This lies

in [0; 1] andis higherfor bettercalibratedpredictions.



on this evaluationmetric.) We attribute this to the learning
procedureoptimizingalikelihoodfunctionandnotaraw ac-
curacy value.Our accuracy of 57%is alsocompetitive with
the bestreportedresults.(PASCAL RTE Challenge,PAS-
CAL RecognizingTextualEntailmentChallenge2005)(The
bestreportedaccuracy on this testsetis 58.6%,andtheof�-
cial Stanfordsubmissionto thecompetitionhadanaccuracy
of 56.3%.) Interestingly, theperformancevariesheavily by
class,(seeTable4),possiblyindicatingthatsomeclassesare
inherentlymoredif�cult.

The baselineaccuracy is closeto randomguessing,and
the differencebetweenour systemperformanceand the
baselineperformanceon the testset is statisticallysigni�-
cant (p < 0:02). Further, the partially abductive theorem
prover versionsshow theutility of usingabductive assump-
tions.

For practicalapplicationssuchasquestionanswering,the
endusermight requirethatinferencesbeaccompaniedwith
human-readablejusti�cations. In suchcases,the theorem
prover is especially useful, as its minimum cost proof
generallyprovides a good justi�cation for its inferences.
For our simple runningexample,the minimum cost proof
of the hypothesiscanbe translatedinto a justi�cation such
asthefollowing:

“Bob bought an old car” can be inferred using the
following assumptions:

� A convertibleis acar.

� “A purchasedB” implies“A boughtB”.

Discussionand RelatedWork
We have alreadycomparedourwork with previouswork on
logical representationsof naturallanguageandon weighted
abduction. We believe that the current work provides a
much-neededmissinglink by usinga learningalgorithmto
aidabductiveinference,all overarich featurespacethatuses
diverselinguistic resources.

Several dependency graph-basedrepresentationshave
beenusedfor questionanswering(Punyakanok,Roth, &
Yih, 2004) and for recognizingtextual entailment(Raina
et al., 2005). They utilize particulargraph-matchingpro-
ceduresto perform inferences. Since our logical formu-
lae essentiallyrestatethe information in the dependency
graph,our abductive inferenceandlearningalgorithmsare
not tied to the logical representation;in particular, the
inferencealgorithm can be modi�ed to work with these
graph-basedrepresentations,whereit canbe interpretedas
a“graph-matching”procedurethatprefersglobally “consis-
tent” matchings.

Table4 shows that certainclassesrequiremoreeffort in
linguistic modeling,andimprovementsin thoseclassescan
leadto greatoverall gainsin performance.Thecurrentrep-
resentationfails to capturesomeimportant interactionsin
its dependencies(e.g., the implication in “If it rains, then
there will bea rainbow.” ). Several languageresourceshave
sparseknowledge(e.g.,antonymsin WordNet);for effective
semanticreasoning,it is desirableto have broadercoverage

resourcesthatcanrepresent�ne distinctionsandsimilarities
in wordmeanings.
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