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Abstract

We presenta systemfor textual inference(the task of infer-
ring whethera sentencdollows from anothertext) thatuses
learningandalogical-formulasemantiaepresentatioof the
text. More precisely our systembegins by parsingandthen
transformingsentenceto a logical formula-like represen-
tation similar to the one usedby (Harabagiuet al., 2000).
An abductve theoremprover thentriesto nd the minimum
“cost” setof assumptionsiecessaryo shov that one state-
mentfollows from the other Thesecostsre ect how likely
differentassumptionsire, and are learnedautomaticallyus-
ing information from syntactic/semanti¢eaturesand from
linguisticresourcesuchasWordNet.If onesentencéollows
from the othergivenonly highly plausible Jow costassump-
tions,thenwe concludethatit canbeinferred. Our approach
canbeviewed ascombiningstatisticalmachinelearningand
classicallogical reasoningjn the hopeof marryingthe ro-
bustnessandscalabilityof learningwith the precisenesand
eleganceof logical theoremproving. We give experimental
resultsfrom therecentPASCAL RTE 2005challengecompe-
tition on recognizingtextual inferenceswherea systemus-
ing this inferencealgorithmachieved the highestcon dence
weightedscore.

Intr oduction

The performanceof mary text processingapplications
would improve substantiallyif they were able to rea-
sonwith naturallanguagerepresentationsTheseapplica-
tionstypically useinformationspeci edin naturallanguage
(e.g., broad-ceeragequestionanswering),and processn-

put/outputin naturallanguage(e.g.,documentsummariza-
tion).

Severalsemantiaeasoningaskscropup within theseap-
plications.For example,in anautomatiaquestioranswering
system,a questionis given andwe might requirethe sys-
temto nd a pieceof text from which the answercan be
inferred. In a documentsummarizatiorsystem,we might
stipulatethatthe summaryshouldnot containary sentences
thatcanbeinferredfrom therestof the summary Thesese-
manticreasoningasksarelargely addressedneapplication
atatime, despitethe mary intersections.

There have beenrecentsuggestiondo isolate the core
reasoningaspectsand formulate a generictask that could
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potentiallybe usefulfor mary of the abore text processing
applicationgPASCAL RTE ChallengePASCAL Recogniz-
ing Textual EntailmentChallenge2005). Along theselines,
the basictaskwe consideris to decidewhetherthe mean-
ing of onenaturallanguageragmentcanbe approximately
inferredfrom another The mostgenerakaseof naturallan-
guagereasoningmight requirerich commonsenseeason-
ing, which is known to be hard. Our focusis on inferences
that can be made using languagefeaturesand semantics,
possiblywith someworld knowledge.

In this paperwe preseninabductve inferencealgorithm
to performsemanticeasoningMorepreciselyit learnshow
to combineinformationfrom several knovledgesourcego
decidewhat are plausible*assumptions™duringits reason-
ing processThus,our systemis capableof performing e x-
ible semantiadeasoninggivenjustatrainingsetof inferable
sentencegseeTablel for examples).

Evenbeyondnaturallanguagenference purmethodscan
be usedfor robust inferencewith otherlogical representa-
tions. Logicalinferenceis well known to frequentlybe brit-
tle andhave poor coverage especiallywhenit usesaxioms
thatmustbemanuallytwealed;thislimits its applicabilityto
real-world tasks.However, by usingabductiorandlearning,
we combinethe eleganceandprecisenessf the logical for-
malismwith the robustnessandscalability of a statistically
trainedsystem.

Problemde nition

We describeour algorithmson the taskof “recognizingtex-
tual entailment”(PASCAL RTE Challenge PASCAL Rec-
ognizing Textual EntailmentChallenge2005),but theideas
extendeasilyto the generakcaseof textual inference.

Eachexamplein this domainconsistf two parts:oneor
moretext sentencesnda hypothesisentence The taskis
to identify whetherthe hypothesissentenceanbeplausibly
inferred (“entailed”) from the text sentences.Throughout
this sectionwe usethefollowing asour runningexample:
TEXT: Bob purchased an old convertible.
HYPOTHESIS: Bob bought an old car.
Actual examplesin thetaskaresigni cantly morecomplex;
seetheexamplesin Tablel.

Many successfulext applicationgely only on“keyword”
(or phrasal)counting. But informationretrieval techniques
thatuseonly word counts(suchasbag-of-wordsrepresenta-



Class Text Hypothesis Entailed
Comparable A Filipino hostagen Iragwasreleased. A Filipino hostagewvasfreedin Irag. Yes
Documents
Information Globaloil pricesclung neartheir highestlevelsin | Oil pricesrise. Yes
Extraction at least21 yearsyesterdayafter Russianoil giant

Yukoswasorderedo stopsales,.. .
Information Spainpulledits 1,300troopsfrom Iraq lastmonth. | Spainsendgroopsto Iraq. No
Retrieval
Machine Trans- | Theeconomycreated228,000new jobsafteradis- | Theeconomycreated?28,00Gobsaf- No
lation appointing112,000in June. ter disappointinghe112,000in June.
Paraphrase Clintonis avery charismatigerson. Clintonis articulate. Yes
Acquisition
Question VCU Schoolof the Arts In Qataris locatedin | Qataris locatedin Doha. No
Answering Doha,the capitalcity of Qatar
Reading Eatinglots of foodsthatarea goodsourceof ber | Fiberimprovesbloodsugarcontrol. Yes
Comprehension| maykeepyour bloodglucosefrom rising fastafter

you eat.

Table1: Someillustrative examplesfrom differentclasse®f the PASCAL RTE datase{PASCAL RTE Challenge PASCAL

Recognizinglextual EntailmentChallenge2005).

tions) arenot well suitedto suchsemanticreasoningasks.
For example asuccessfusystenmustdifferentiatebetween
the hypothesisabore anda similar-looking onewhich can-
notbeinferred:
HYPOTHESIS: Old Bob bought a car.
Thus,ratherthanrelying on keyword counting,we usea
signi cantly richerrepresentatioffor the syntaxof the sen-
tenceandaugmentit with semanti@nnotationsWe choose
alogical formula-like representatiosimilar to (Harabagiu,
Pasca,& Maiorano,2000; Moldovan et al., 2003), which
allows us to posethe textual inference problem as one
f “approximate” (or, more formally, abductve) logical
inference . For example the sentenceabose become:

(9 AB,C) Bob(A) ~ convertible(B) N old(B)
A purchased(C,A,B)

(9 X)Y,Z) Bob(X) ~ car(Y) ~ old(y) =~
bought(Z,X,Y)

In our notation,C andz areeventvariablesthat denotethe
eventsof purchasingandbuying, respectiely.

With this representatiorthe hypothesids entailedby the
text if andonly if it canbelogically provedfrom thelatter.

However, the main obstacleto using suchlogical infer-
encesis that most non-trivial entailmentsrequire making
certain“leap-of-faith” assumptions.Thus, in orderto cor
rectly infer the entailmentabove, one musteitherknow or
assumehat“a corvertibleis a car”. Building on (Hobbset
al., 1993),we proposeanalgorithmin which each‘assump-
tion” is associateavith a cost,anda hypothesiss plausible
if it hasa simple—meanindow-cost—proof.

Insteadof representingll possibleleaps-of-&ith as ex-
plicit logical axioms(“rules”), we take the view thatthese
leaps-of-fith correspondto assumptionsabout the real
world and have somedegree of plausibility; we assigna
costto eachassumptiorio quantifyits plausibility. The cost
of an assumptioris computedusing a costmodelthat in-
tegratesfeaturesof the assumptiorbasedon mary knowl-
edgesources.We believe this approactis morerobustand
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Figurel: Procedurdo discover syntacticdependenciesl-
lustratedon the parsetreefor an examplesentence Heads
aremarkedon nonterminahodesn parentheses hedotted
linesshav thedependenciediscovered.

scalablethan one which requiresaxioms that are always
true (Moldovanetal., 2003). Giventhis costmodel,we can
thenuseasearchprocedurdéo nd theminimum-cosiproof,
andjudgeentailmentasecbn this cost.

Oneof thechallengess to obtaina costmodelfor alarge
setof assumptionsSuchcostshave typically beenmanually
tunedin previouswork, or have beeneft outcompletely We
describea learning algorithm that automaticallydiscovers
“good” costsgivenatraining setof labeledexamples(asin
Tablel).

Representation

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

The rst stepin processinga sentences to constructa
syntacticdependeng graph. The sentenceds parsedusing



the parsern (Klein & Manning,2003). Hand-writtenrules
areusedo nd theheadf all nodesn thisparseree(these
relesareanadaptatiorof thosein Collins, 1999).

This procedureimplicitly discosers syntactic relation-
shipsbetweenthe wordsin the sentencepecausevhena
word is chosenas the head,its siblings mustbe syntactic
modi ers to thatword. Theserelationshipscanbe laid out
as a dependencygraph whereeachnodeis a word/phrase
andthelinks represenparticulardependenciegsigure 1 il-
lustrateghis procedureon our exampletext sentence.

We now translatethe relationsrepresentedh the depen-
deny graphinto a logical formula-like representationas
in (Harabagiu,Pasca,& Maiorano,2000). Eachnodein
the graphis corvertedinto a logical term andis assigned
a uniqueconstant. Edgesin the graphare representedy
sharingargumentsacrossnodesyverbsandprepositioncan
have multiple agumentsandreceive agumentgrom all the
linkednodest

To help the inferenceprocesswe canalsoaugmentthe
logical formulawith several kinds of semanticannotations.
Theseinclude annotationsaddedon the predicate(e.g., if
the correspondingvord is partof aNamedEntity), andalso
annotationsaddedon the agumentsof certainterms(e.g.,
if that aumenthasa subject/objectelationto the predi-
cateof the term). Theseannotationscan be usedas fea-
turesin determiningassumptiorcostsin the inferencepro-
cess. For our running example,we discover, for example,
thatBob is a Person(usinga NamedEntity classi er), and
thatconvertible is theobjectto theverbpurchased (us-
ing the syntacticdependengc“types”).

Using this restrictedrepresentationye can accurately
captureonly a subsebdf all EnglishlanguagesemanticsFor
example,hypothesesuchas“Bob did not buy an old car”
are also convertedto a similar representatiorfwithout ary
negatedterms)— the negationis spottedfrom the parsetree
andannotatedn the verb buy; this annotationis usedlater
to achieve theeffect of negation. Theserestrictionamposed
ontherepresentatiomwill allow usto usemoretractablein-
ferencealgorithmslater.

Inference
Strict theorem proving

To motivatetheform for ourabductve assumptionsgssume
rst that we are not allowed to make assumptionsn the
proof.

Then,for the remaininginferenceproblem,we must nd
a proof for the hypothesisgiven the text. The methodof
resolutionrefutation performstheoremproving by adding

YIn our implementation the corversionconsidersfurther lin-
guisticphenomenan constructinghe logical formula. For exam-
ple,it propagitesdependencidsy prepositiorfolding. Thesemod-
i cations weredrivenby dataanalysisanddetailsareomitteddue
to spaceconstraints.To give an exampleof a complex sentence,
thelasttext sentencén Tablel is transformedo:
eating(A) lots(A) of(B,A,C) foods(C) that(D) are(E,C,D,F)
good(F) source(F) of(G,FH) ber(H) may(l) keep(J,A,l,K,L)
your(M) blood. glucose(K) from(N,A,L) rising(L,0,RPQ) too(O)
fast(P)after(R)you(S)eat(Q,R,S)

the negation of the goal logical formula to a knowledge
base consisting of the given axioms, and then deriving
a null clausethrough successie 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
hypothesidogicalformula; nding aproofthencorresponds
to producingthe null clausethroughsuccessie resolution
steps.For our example,we getthefollowing clauses:

(9 AB,C) Bob(A) ™ convertible(B) A old(B)
A purchased(C,A,B)
(8 X, Y, Z) :Bob(X) _ :car(Y) _ :old(Y)

: bought(Z,X,Y)

By construction,our representatiorconverts eachsentence
into a conjunctionof logical terms; thus, eachclausein
the abore knowledge base has at most one non-ngated
term. In otherwords, the knowvledge basecontainsonly
Horn clauses. Unit resolutionis a proof stratey that
considersonly resolutionstepsin which at leastone of the
participatingclauseds a unit clause(i.e., hasoneterm). It
is known thatunit resolutionis acompleteproof strateyy for
thisrestrictedclassof logical clauses(see e.g.,Genesereth
andNilsson,1987).

For all the theoremproving problemsproducedby our
logical formulae, it is thus sufcient for completenesso
considemnly proofstepghatunify asingle-termclausepro-
ducedfrom thetext with the rst termof theclauseproduced
from the hypothesis® Further this is alsoa tractable(i.e.,
polynomial-time)proofstratgy for this (non-abductie) set-
ting.

Abductive theorem proving

The previous proof stratgy considerauni cations between
a single-termclauseand the rst term of anotherclause
only. With the standardogical de nition of uni cation, this
stratgy is too strict for our languagerepresentatior 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 logicaltermsS(s:;sz;:::;sm)

S1--m , t1::n aretheamumentgvariablesor constants)The

standardde nition of unication requiresthatS = T,

m = n andeachs; be consistentlyuni ed with t;. It seems
usefulto relax the standardde nition of uni cation in the

following ways:

1. Thepredicatess andT areallowedto bedifferent.
e.g.:S andT mightbesynorymsof eachother

2Thefollowing factsallow usto concludethis:

1. Unit resolutionis completefor our problems.

2. Eachproofstepmustresole a negatedanda non-ngatedterm.
Non-negated terms arise only from the text as unit clauses.
Negatedtermsariseonly from the negatedhypothesis.



2. Thenumbersof agumentsn andn neednotbethesame,

andeachs; maybeuni ed with someargumenttherthan
t;. Thesamepair of termsmayunify in severalwayscor-
respondingo the differentwaysof matchingtheir argu-
ments.
e.g.: Two verbsthatcorvey the samemeaningmight take
differentnumbersof modi ers, theorderof themodi ers
mightbechangedndthecorrespondencaf themodi ers
acrosghetermsmight beambiguous.

3. Two constanargumentscould unify with eachother
e.g.: Thelogical representatiomight have two constants
that actually representhe samephysical entity through
coreference.

Eachof the above relaxationds interpretedasan abduc-
tive assumptiorabouttheworld, andits degreeof plausibil-
ity is quanti ed asa nonngative costby theassumptiorcost
model The costmodelis responsibldor tackling language
semanticandis describedn thenext section.

Given a cost model, abductve theoremproving can be
framedasa searchproblem. For every pair of terms,there
might be mary resultingresohents(eachwith oneway of
matchingthetermargumentsjpndeachresolentis assigned
a nonngative costby the costmodel. A proofis complete
whenthe null clauseis reachedthrough successie steps;
thetotal costof the proofis given by the sumof individual
stepcosts. Sincewe areinterestedn nding a minimum
costproof, the theoremprover canuseuniform costsearch
to discover it efciently. In general, A searchcanalsobe
usedfor large-scaleproblemsif agoodadmissibleheuristic
is available.

Assumption costmodel

Theassumptiorcostmodelquanti estheplausibility of ary
given assumption As describedn the previous section,an
assumptiorA is identi ed by the two logical termsbeing

argumentmatchingunderconsideration.We assigna cost
Gv(A) to assumptiorA asa linear function of featues of

A
X
Gv(A) = wqfa(A) 1)
d=1
wheref 1, ..., fp arearbitrary nonngative featurefunc-
tionsandws, ..., wp aretherelative weightsassignedo

thesefeaturefunctions. The linear combinationof features
f4(A) allows eachwy to beinterpretedasthe costfor a par

ticular kind of basicassumption.Further we shawv in the
sequelthat “good” weightswy canbe learntautomatically
for this costfunction.

Thefeaturescanbederived from a numberof knowledge
sourcessuchasWordNet(Miller, 1995),syntacticfeatures,
etc.thatmeasuréhedegreeof similarity betweertwo terms.
Table? liststhefeaturesuisedin our experiments Thesefea-
turescanbebroadlydividedinto thefollowing ve classes:

1. Predicaté'similarity”: We use(Resnik,1995; Pedersen,
Patwardhan,& Michelizzi, 2004)to computea honney-
ative measureof similarity betweenthe two predicates
basedon their proximity in the WordNethierarcly. This

featureindicateswhentwo words are synoryms or oth-

erwisehave similar meanings.An additionalfeaturein-

dicateswhetherthe predicatesare listed as antoryms in

WordNet (properly accountingfor ary negation annota-
tionson eitherpredicate).

2. Predicatecompatibility: Thesefeaturesmeasureif the
two predicatesrethe same'type” of word. More specif-
ically, threefeaturedndicateif thetwo words(i) have the
samepart-of-speechag, (ii) thesameword stem,and(iii)
thesamenamedentity tag (if ary).

3. Argumentcompatibility: Several featuresconsidereach
pair of agumentamatchedwith eachother andpenalize
mismatchedetweenannotationsattachedo them. For
example theannotatiomrmight be the type of verbdepen-
deng, andthenwe would prefera subjectagumentto
be matchedwith anothersubjectargument;similarly, the
annotationmight be the semanticrole of thatargument,
andwe would prefera locationmodi er argumentto be
matchedwith anothedocationmodi er.

4. Constanuni cation: Differentconstantsn ourrepresen-
tationmightreferto the samephysicalentity, saybecause
of anaphoricoreferenceWethusprecomput@amatrix of
“distances”betweenconstantsusing cuesfrom corefer
enceor appositve referencefor example.A featurefunc-
tion of theassumptiorcomputeghe sumof distancegor
all constanuni cations amongthe matchedarguments.

5. Word frequeng: Sometermsin the hypothesismay not
unify well with ary termin thetext, but canbe“ignored”
atsomecostbecause¢hey areusedvery commonlyin lan-
guage(e.g.:“The watd is good: mightbe consideredo
entail“The watch is rathergood: asratheris acommon
word.) To capturethis behaior, we computea feature
thatis inverselyproportionalto the relative frequeng of
thehypothesigpredicatan alarge corpusof Englishtext.

For illustration, we shav how our representatiomndin-
ferencestepscanbeextendedo tacklesomaevhatmorecom-
plicatedlanguagephenomena.Considerthe caseof event
nouns. Theseare caseswherea verb in the hypothesisis
representeds a nounin the text — for example, “murder
of policeofcer” entails“Police of cer killed”. Therepre-
sentatiorfor text sentencess augmentedby looking up the
nour verbderivationalformsin WordNetfor all nounsin
thetext, and nding thepossibledependenciefor thatverh
The usualpredicatesimilarity routinesthenwork with this
augmentedepresentationSuchtechniquesanbe devised
to tacklesereral otherlinguistic constructionsbut theseex-
tensionsarenotimportantfor the currentdiscussion.

Learning goodassumptioncosts

Our discussiorthusfar hasassumedhatthe weight vector
w = (wWg,...,Wp)' isgiven. We now describea learning
algorithmfor automaticallychoosingheseweights.

Discriminati ve learning of weights

We rst introducesomenotation. Consideran entailment
example; ary abductve proof P of the hypothesiscon-



1. Similarity scorefor S andT.
Are S andT antoryms?
If S andT arenumeric,arethey “compatible™?
2. Mismatchtypefor part-of-speechtagsof S andT.
Do S andT have sameword stem?
Do S andT have samenamedentity tag?
3. Differencein numberof agumentsjm  nj.
Numberof matchedargumentswith:
—differentdependengtypes.
— differentsemantiaoles.
— eachtype of part-of-speeclmismatch.
Numberof unmatchedirgumentsof T.
4. Total coreferencédistance”’betweemmatched
constants.
5. Inverseword frequeng of predicatesS.
Is S anoun,pronounyerbor adjectve, andis it being
“ignored” by this uni cation?

Table2: List of featuresxtractedn ourexperimentgor uni-

ing to somespeci edalgumentmatching.Thefeaturespec-
i ed asquestionsarebinaryfeatureghatareequatlto 1if the
conditionis true,and0 otherwise.Part-of-speectmismatch
featuresare computedby binning the part-of-speectpair

into 10“types” (e.g.,"samepart-of-speech™noun/pronoun
with verb”, etc.).

ing the previously de ned perassumptiorfeaturefunctions
fa(A1):::fq(An) for eachd 2 f1;2;:::;Dg, we can
computethe aggreyatedfeaturefunctionsfor the proof P:

fa(P) = fa(As) )
s=1
Letf (P) = (f1(P):::fp(P))T denotetheaggreatedfea-
turevectorfor the proof P. Then,thetotal costof the proof
is alinearfunctionof weightsw:

»
Gu(P) = wafg(P) = w'f(P) ®)
d=1
Assumefor simplicity that we augmentthe featurevector
with a constanfeature,so that we classifya hypothesisas
ENTAILEDif andonly if its minimumproofcostis lessthan
zero.

Supposewe are given a labeled datasetof entailment
examples( ();y(®), where each () representsa text-
hypothesigpairandy(!) 2 f0; 1g is the correspondindabel
(sayy(® = 1limplies () is ENTAILED, whiley() = Qim-
plies () is not ENTAILED). For text-hypothesispair (1)
andassumptiorweightsw, our label predictionis basedon
the costof the minimumcostproof:

P = argmin w'f (P1))

Using the sigmoidfunction (z) = 1=(1 + exp( z)), we
canassume logistic modelfor the prediction:

Py® =0 Diw), (w'f(P) (4)

s.t.P(® isaprooffor ():

and usethis de nition to optimize the discriminatve log-
likelihoodof thetrainir)1(g set(possiblywith regularization):

‘w) = logP(y®j M;w) ®)

I
Unfortunately the featurevectorf (P&,')) for eachexam-
ple dependwn the currentweight vectorw, andit canbe
shawvn thatthelog-likelihoodfunction™ (w) is notcorvex in
w. Therearelocal maxima,and exact optimizationis in-
tractable(Rockafellar 1972). Intuitively, asthe weightsw

changethe featurevectorf (Pr(nii)n ) itself might changdf a
new proof becomeshe minimal costone from amongthe
large numberof possibleproofs.

An iterati ve approximation

We approximatethe above optimizationproblemto get a
tractablesolution. To dealwith thelarge numberof proofs,
we optimize iteratively over proofs and weights. First we

x the currentminimal proof P,,, andusethis x ed proof
to analytically computethe local gradientof the (regular

ized)log-likelihoodfunction™ (w). Thisis possiblesince,in

generalthe minimum costproof staysthe samein the im-

mediatevicinity of the currentweightvectorw.® We update
w by taking a shortstepalongthe directionof the gradient,
producingweightswith higherlik elihood.

Since the minimum cost proofs might have changedat
thenew weightsetting,we recomputaheseproofsusingthe
abductvetheorenprover. We now iterate sincethegradient
of the log-likelihood function for the new weightscan be
computedisingthe new proofs.

Intuitively, the algorithm nds the assumptiortypesthat
seemto contrikute to proofsof entailedexamplesandlow-
ers their cost; similarly, it raisesthe cost for assumption
typesthatseento misleadthetheoremproverinto discover-
ing low-costproofsof non-entailedexamples.

The proposedalgorithmis shavn belov with a Gaussian
prior for regularization. The algorithm usesthe abductve
theoremproveriteratively. Thelikelihoodfunction™ (w) can
have local maxima,sowe startata“reasonablguess'w(© .

1. Initialize w® , setk = 0, choosestepsize andaregu-
larizationparameter .

2. Usingweightsw(¥) in the abductve theoremprover, nd
the minimum cost proofs P,(T:i)n for eachtext-hypothesis
pair () in thetrainingset.

3. Usingthefeaturecomputedn the minimumcostproofs
above, move theweightsin thedirectionof increasingap-
proximatelog-liIg(elihood“(w) of trainingdata.

w) o, log( (W™ f (P, ) +
iy(H=0

3More formally, if y = 1 for a given training example, then
letting Pw = argminp (w'f (P)) bethe 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,
rw (Wf(Py)) =r wargming (w'f(P)). Infact,ourpro-
cedures, almosteverywhere computingthetruegradientof * (w),
andthuscanbeviewedasaninstanceof (sub)gradienascent.
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5. Loopto step2 until corvergence.

One nal detail is that the weights (exceptthe constant
offset)mustbenonngative (for uniform costsearctto work
in theoremproving). So, we just setary negative compo-
nentsto O at the end of eachiteration; the overall update
directionis still asubgradienotf thelog-likelihoodfunction.

Sincethe algorithm essentiallyperformsgradientascent
on the (regularized) log-likelihood function for w, it is
guaranteedo reacha local optimum of the original log-
likelihood™ (w) if thestepsizeis sufciently small.

Results

We reportresultson the PASCAL RecognizingTextual En-
tailment(RTE) datasetwhichwasusedn arecentchallenge
on recognizingtextual entailment(PASCAL RTE Chal-
Ienge)iPASCAL Recognizinglextual EntailmentChallenge
2005}.

The developmentset contains567 examplesof labeled
text-hypothesigpairs, while the testsetcontains800 exam-
ples. Theseexamplesare roughly equally divided into 7
classeswith eachclassderived from differentsources.For
example,the InformationExtractionclassis constructedy
taking a news story sentenceindthenframing a simplere-
lation entailedby the sentenceTable1 lists someexamples
from this dataset.

The RTE datasets known to be hard— all entrantgo the
challengeachieved only 50-60% accurag on the test set.
Marny of the standardinformation retrieval algorithmsare
reducedo randomguessingpointingto theneedfor deeper
semanticeasoning.Further someof the classesappearto
besigni cantly tougherthantheothers.

Experiments
We testour algorithmandsomebaselinealgorithms:
RandomguessingAll decisionsaremaderandomly

Term Frequeng (TF): A standardinformation retrieval
style methodthat representsachsentenceas a vector
of word counts,and nds a similarity betweensentences
(text andhypothesis)usingthe anglebetweernthesevec-
tors. The hypothesids assigneda “cost” accordingto its
similarity with the most similar text sentence. For the
RTE datasetthe methodwas appliedonceseparatelyto
eachclassandaggin to all classegogether;only the bet-
teraccuray is reported.

Term Frequeng + Inverse Document Frequeng
(TFIDF): This is the sameas TF, exceptthat eachword
countis scaledsothatrarewordsgetmoreweightin the

“http://www.pascal-netark.org/Challenges/RE/

Algorithm RTE Dev Set RTE TestSet
Acc CWS | Acc CwWSs
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
ThmProverl | 57.8% | 0.661| 55.5% | 0.638
ThmProver2 | 56.1% | 0.672| 57.0% | 0.651
Partiall 53.9% | 0.535| 52.9% | 0.559
Partial2 52.6% | 0.614 | 53.7% | 0.606

Table3: Performanc®n the RTE datasetsCWS standsor
con denceweightedscore(seefootnoteb).

sentencevectors. This could potentially help matchthe
“important” partsof the sentencebetter

Abductive theoremprover (ThmProver): Thisis thealgo-

rithm describedn this paper We picked the costthresh-
old (the cost abore which an example is judged not-

entailed)in two ways: in ThmProverl, we found a sin-

gle thresholdfor all classesjin ThmProer2, a separate
thresholdwastrainedperclass.

Partially abductve theoremprovers: To gaugetheimpor-
tanceof our abductve assumptionsye disallov someof
the assumptionpossible. Partiall allows the logical ar
gumentsto unify only accordingto strict (i.e., standard)
logical rules. Partial2 allows uni cation only whenthe
predicatesnatchexactly.

We reportthe raw accurag andthe con denceweighted
score(CWS)in Table3.° Table4 shavs the performanceof
thetheorenyproversplit by RTE exampleclass(asillustrated
in Tablel).

Class| RTE Dev Set RTE TestSet

Acc CWS | Acc CwWSs
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: Performancef the overall besttheoremprover on
individual classe®f the RTE dataset.

Onthe PASCAL RTE datasetpur systemattainsa CWS
of 0.651,whichis signi cantly higherthanthatattainedby
all otherresearchgroupsin the competition,the next best
scorebeing0.617. (Our researctgroup’s submissiorto the
competitionusingthealgorithmdescribedn this paperand
also an additionalinferencealgorithm, actually attaineda
CWSof 0.686in the competition thuscomingin rst place

SCWS is a recommendedmeasurefor the RTE dataset.
It is obtained by sorting all the condence values, say
fci;pi;cng, and then computing the “average precision”
1=n , (accurag within i mostcon dentpredictiony. This lies
in [0; 1] andis higherfor bettercalibratedpredictions.



on this evaluationmetric.) We attribute this to the learning
procedureptimizingalik elihoodfunctionandnotaraw ac-
curag value.Our accurag of 57%is alsocompetitve with
the bestreportedresults.(PASCAL RTE Challenge PAS-
CAL Recognizingrextual EntailmentChallenge2005)(The
bestreportedaccurag onthistestsetis 58.6%,andthe of -
cial Stanfordsubmissiono thecompetitionhadanaccurag
of 56.3%.) Interestingly the performancevariesheavily by
class(seeTable4), possiblyindicatingthatsomeclassesre
inherentlymoredif cult.

The baselineaccurag is closeto randomguessingand
the difference betweenour systemperformanceand the
baselineperformanceon the testsetis statisticallysigni -
cant(p < 0:02). Further the partially abductve theorem
prover versionsshaw the utility of usingabductve assump-
tions.

For practicalapplicationssuchasquestionransweringthe
endusermightrequirethatinferencedeaccompaniedvith
human-readabl@isti cations. In suchcasesthe theorem
prover is especially useful, as its minimum cost proof
generally provides a good justi cation for its inferences.
For our simple running example, the minimum cost proof
of the hypothesiscanbe translatednto a justi cation such
asthefollowing:

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

A corvertibleis acar
“A purchasedB” implies“A boughtB”.

Discussionand Related Work

We have alreadycomparedurwork with previouswork on
logical representationsf naturallanguageandon weighted
abduction. We believe that the currentwork provides a
much-neededissinglink by usinga learningalgorithmto
aidabductveinferenceall overarich featurespacdhatuses
diverselinguistic resources.

Several dependeng graph-basedrepresentationhave
beenusedfor questionanswering(Puryakanok, Roth, &
Yih, 2004) and for recognizingtextual entailment(Raina
et al., 2005). They utilize particulargraph-matchingro-
ceduresto perform inferences. Since our logical formu-
lae essentiallyrestatethe information in the dependengc
graph,our abductve inferenceand learningalgorithmsare
not tied to the logical representation;in particular the
inferencealgorithm can be modi ed to work with these
graph-basedepresentationsyhereit canbe interpretedas
a“graph-matching’procedurehatprefersglobally “consis-
tent” matchings.

Table4 shaws that certainclassegequiremoreeffort in
linguistic modeling,andimprovementsn thoseclassesan
leadto greatoverall gainsin performanceThe currentrep-
resentatiorfails to capturesomeimportantinteractionsin
its dependencieée.qg., the implicationin “If it rains, then
there will bea rainbow’). Severallanguageesourcehave
sparse&knowledge(e.g.,antorymsin WordNet);for effective
semantiaeasoningit is desirableo have broadercoverage

resourceshatcanrepresentne distinctionsandsimilarities
in word meanings.
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