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Structure(of(the(Tutorial(

•  Part(1([SP]:(Introduc&on(and(Basics(
•  Part(2([RW]:(Classes(of(Strategies(and(Learning(
(*(BREAK*(

•  Part(3([SP]:(Knowledge(and(Knowledge(Acquisi&on(
•  Part(4([SP]:(Applica&ons(
•  Part(5([RW]:(Mul&lingual,(ComponentZbased(System(
Building(
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Part(1:(Overview(

•  Language(Processing(
–  Variability(in(Language(

•  Textual(Entailment(
– What(is(it(and(what(is(it(good(for?(

•  The(Textual(Entailment(ecosystem(
–  The(“Recognizing(Textual(Entailment”(Challenges(
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Natural(Language(Processing(

•  Text(is(the(dominant(modality(to(represent(
knowledge(in(many(fields((science,(industry,(…)(

•  Text(is(the(dominant(modality(in(which(users(interact(
with(computers(

•  We((and(our(computers)(need(to(be(able(to(
–  extract(knowledge(from(texts(and((
–  draw(inferences(
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Language(Processing(as(Analysis(

•  Input:(Text(
•  Output:(Formal(meaning(
representa&on(
–  E.g.(predicate(logics,(
descrip&on(logics,(modal(
logics,(…(

•  Inference:(Logical(calculus(
defined(by(meaning(
representa&on(
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Text(

Morphological(Analysis(

Syntac&c(Analysis(

Seman&c(Analysis(

Meaning(



Logical(Entailment(

•  “A(hypothesis(H(is(entailed(by(a(premise(P((P(⊨(H)((
iff(in(every(model(where(P(holds,(H(holds(as(well”(
•  Relevant(devices:(Theorem(provers,(model(checkers,(
deduc&on(systems,(…(
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Problems(of(Representa5on(

•  The(analysis(approach(formalizes(language(meaning(
as(precisely(as(possible:(complete(disambigua5on(

•  Language(is(imprecise(and(incomplete(
– Ambiguity:((
Yesterday,*Peter*passed*by*the*bank%
I*saw*the*man*with%the%telescope%

– Deic&c(expressions:(
you,*he,*yesterday*

•  Full(analysis(difficult(and(ojen(highly(ambiguous(
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Problems(of(Inference(

•  People(are(willing(to(accept(“loose”(inferences((
[Norvig(1987]:(
1.  The(cobbler(sold(a(pair(of(study(boots(to(the(alpinist.(

2.  The(cobbler(made(the(sturdy(boots(

•  People(use(“loose(speak”([Fan(&(Porter(2004]((to(
formulate(search(queries(
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Is(All(Disambigua5on(Necessary?(

•  Consider(concrete(instances(of(inference(

•  To(decide(whether( (1)( implies( (2),(we(do(NOT(care(
whether…(

–  …(“address”(also(has(other(senses(

–  …(there(are(other(referents(for(“the(president”(
–  …(what(the(exact(date(of(“yesterday”(is(
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1.  Obama(addressed(the(general(assembly(yesterday(
2.  The(president(gave(a(speech(at(the(UN(



Applica5onJspecific(Processing(

•  Current(dominant(paradigm(in(language(processing(
–  Build(taskZspecific(models(for(seman&c(processing:(
Only(treat(relevant(phenomena(for(given(task(
•  Seman&c(similarity(→(Distribu&onal(Methods(

•  Seman&c(types(→(Named(En&ty(Recogni&on(
•  …(

•  Robust,(ojen(accurate,(models(for(individual(tasks(
•  BUT(huge(no(generaliza&on(/(consolida&on(

Fragmenta5on(of(processing,(no(“theory”(

11(

Reimagining(Seman5c(Processing(

•  The(goal(of(processing(is(not(to(analyze(individual(texts(
•  Instead:(determine(the(rela5onships(that(hold(among(texts(

•  Most(important(rela&onship:(Entailment(

–  Does(Text(A(imply(Text(B?((
(including(common(sense(cases)(

12(

Meaning 

Text A( B(

Formal(Entailment(

Textual(Entailment(

x(x(



What(Is(Textual(Entailment?(

•  TE(is(a(framework(for(seman&c(language(processing(
– Not(a(concrete(model!(

•  Components:(
1.  Concept(of(entailment((and(its(proper&es)(
2.  Perspec&ve(on(language(processing((

centered(around(variability(
3.  Body(of(research,(community(

13(

Entailment(

•  A(direc7onal*rela&on(between(two(text(fragments:((
Text((t)(and(Hypothesis((h):(

t entails h (t⇒h) if humans reading t will infer 
that h is most likely true [Dagan & Glickman 2004] 
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Textual(vs.(Logical(Entailment(

•  Logical(Entailment:(

–  Define(formal(representa&on(language(
–  Define(transla&on(into(formal(language(

–  Entailment(is(what(the(representa5ons(say(it(is(
•  Textual(Entailment:(

–  Collect(entailment(judgments(for(text(pairs(

–  Develop(processing(methods(that(can(reproduce(these(
judgments(

–  Entailment(is(what(the(speakers(say(it(is(

15(

Textual(vs.(Logical(Entailment(

16(

“Loose”(entailment:(Textual(but(not(logical((

T:(The(technological(triumph(known(as(GPS(was((
((((incubated(in(the(mind(of(Ivan(Gerng.(
H:(Ivan(Gerng(invented(the(GPS.(

“Uninforma5ve”(entailment(:Logical(but(not(textual(

T:(The(technological(triumph(known(as(GPS(was((
((((incubated(in(the(mind(of(Ivan(Gerng.(
H:(Two(plus(two(equals(four.(



Entailment(and(Variability(

•  Variability(is(a(central(fact(of(language(
–  TE(can(be(seen(as(the(task(of(dis&nguishing(meaningJ

preserving(from(meaningJchanging(variability((

17(

The Global Positioning 
System was incubated in 
the mind of  an American 
physicist, Ivan Getting. 

Ivan Getting invented 
GPS. ⇒(

Abbrevia&ons,(Paraphrases,(Change(of(Voice,(Apposi&on,(…(

Variability(and(Inference(

•  Variability(is(important(in,(but(not(all(of,(inference:(
–  Inferences(about(language(variability(

•  I(bought(a(watch(=>(I(purchased(a(watch(
–  Inferences(about(the(extraZlinguis&c(world(

•  it(rained(yesterday(=>(it(was(wet(yesterday((
•  Most((Text,(Hypothesis)(pairs(involve(both(

– No(definite(boundary(between(the(two(
•  Crucial(role(of(both(kinds(of(knowledge((cf.(Part(3)(
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Recognizing(Textual(Entailment(

•  “Common(ground”(for(processing(approaches((
–  Contrast(to(analysisZcentered(approach(

•  No(abstract(gold(standard(
•  Allows(direct(comparison(of(different(processing(
approaches((cf.(Part(2)(
–  “Depth(of(analysis”(up(to(each(approach(

•  MidZterm(goal:(Iden&fica&on(and(combina&on(of(
best(strategies(from(various(approaches((cf.(Part(5)(
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“EasyJfirst(processing”(
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Meaning 

Text 
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•  Perform(as(many(inferences(over(natural(language(
representa&ons(as(possible(

•  Resort(to(formal(meaning(representa&on(when(necessary(



Why(Work(With(Textual(Entailment?((

•  Conceptual(benefits:(
–  A(concept(of(“common(sense”(inference(
–  Alterna&vely,(framework(to(address(language(variability(

–  Novel(perspec&ve(on(the(needs(of(language(processing(
•  Prac&cal(benefits:(

–  An(aurac&ve(“meta(framework”(for(language(processing(
–  A(unified(perspec&ve(on(many(research(ques&ons(at(the(
boundary(of(language(processing,(machine(learning,(and(
knowledge(representa&on(

21(

Textual(Inference(in(Applica5ons(

22(

QA:(
Ques&on:(What(affects(blood(pressure?(

“Salt(causes(an(increase(in(blood(pressure”(

IR:(
Query:(symptoms(of(IBS(

“IBS(is(characterized(by(vomi&ng”((



Story(Comprehension(

(ENGLAND, June, 1989) - Christopher Robin is alive and well.  He 
lives in England.  He is the same person that you read about in the 
book Winnie the Pooh. As a boy, Chris lived in a pretty home called 
Cotchfield Farm. When Chris was three years old, his father wrote 
a poem about him.  […] 

cf. also Part 4 
23(

1.  Christopher Robin was born in England.       
2.  Winnie the Pooh is a title of a book.   
3.  Christopher Robin’s dad was a magician 

Prac5cal(Role(of(Textual(Entailment(

•  Young(task:(Introduced(about(10(years(ago(
•  A(prominent(concept(in(seman&c(processing(

–  20000(Google(Scholar(hits(for(“Textual(Entailment”(

•  Important(role:(The(“Recognizing(Textual(Entailment”(
Challenges((PASCAL/NIST)(
–  Yearly(prepara&on(of(new(datasets(

•  Created(u&lizing((or(simula&ng)(reduc&ons(from(real(
systems’(output(

–  Shared(task:(Prac&cal(and(conceptual(advances(
24(



RTE(Data(

TEXT HYPOTHESIS TASK ENTAIL-
MENT 

1 
Regan attended a ceremony in  
Washington to commemorate 
the landings in Normandy. 

Washington is 
located in 
Normandy. 

IE False 

2 Google files for its long awaited 
IPO. 

Google goes 
public. IR True 

3 

…: a shootout at the 
Guadalajara airport in May, 
1993, that killed Cardinal Juan 
Jesus Posadas Ocampo and 
six others. 

Cardinal Juan 
Jesus 
Posadas 
Ocampo died 
in 1993. 

QA True 

25(

Developments(of(the(Task(

•  RTE(1,(2:(SingleZsentence(TZH(pairs(
•  RTE(3+:(Longer(texts(
•  RTE(4:(Contradic&on(

– Generaliza&on(to(more(rela&ons(

•  RTE(5:(Search(Task((single(H,(mul&ple(Ts)(
•  RTE(6+:(Applica&onZspecific(datasets(

–  RTE(8((2013):(Student(Response(Analysis(

26(



Development(of(Methods(

Early(years:((
Simple(Heuris&cs(

Now:((
More(Principled,(

Diverse(Approaches(

•  String(match(
•  Lexical(coverage(
•  etc.(

•  Probabilis&c(Entailment((
[Shnarch(et(al,(2011](

•  Tree(Edit(Models((
[Heilman(&(Smith,(2010](

•  Entailment(as(Search((
[Stern(&(Dagan(2011,(2012](

27(

Remainder(of(this(Tutorial(

•  Part(2([RW]:(Classes(of(Strategies(and(Learning(
– Which(methods(can(be(used(to(decide(entailment?(

•  Part(3([SP]:(Knowledge(and(Knowledge(Acquisi&on(
– What(kinds(of(knowledge(are(necessary?(Where(can(we(
find(them(or(how(can(we(learn(them?(

•  Part(4([SP]:(Applica&ons(
–  How(can(language(processing(applica&ons(use(entailment?(

•  Part(5([RW]:(Mul&lingual,(ComponentZbased(System(
Building(
–  How(can(we(develop(sustainable(entailment(systems?( 28(
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Structure(of(the(Tutorial(
•  Part(1([SP]:(Introduc&on(and(Basics(
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MT Triangle(

3(

Source Text Target Text

Meaning

Direct
Translation

Language
Understanding

Language
Generation

Text
(T)

Hypothesis
(H)

Meaning
(T)

Direct
Recognition

Language
Understanding

Language
Understanding

Meaning
(H)

Meaning
Inclusion

Representation
(T)

Representation
(H)

Simplification Simplification

Subset

RTE Rectangle(
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Architecture(
•  Linguis&c(analysis(pipeline((LAP)(

•  Entailment(decision(algorithm((EDA)(
–  Classifica&onYbased(
–  Transforma&onYbased(

•  Knowledge(base((KB)((next(sec&on)(

5(

Architecture(
•  Linguis&c(analysis(pipeline((LAP)(

•  Entailment(decision(algorithm((EDA)(
–  Classifica&onYbased(
–  Transforma&onYbased(

•  Knowledge(base((KB)((next(sec&on)(
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Overview(of(LAPs(
•  Tokeniza&on((Word(Segmenta&on)(

•  PartYofYSpeech((POS)(Tagging(
•  Lemma&za&on(

•  NamedYEn&ty(Recogni&on(
•  Syntac&c(Parsing(
–  Cons&tuent(Parsing(
–  Dependency(Parsing(

•  Seman&c(Role(Labeling(

•  Coreference(Resolu&on(
•  …(

7(

Token@Level(Processing(
•  Tokeniza&on(

–  Word(segmenta&on(

•  Lemma&za&on(
–  Morphological(analysis(

•  POS(Tagging(

•  Lexical(Seman&cs(
–  WordNet,(distribu&onal(similarity,(etc.(

8(

Performance(
>97%(



An(Example(

9(

word(( pos(( lemma((

The(( DT(( the((

TreeTagger(( NP(( TreeTagger((

is(( VBZ(( be((

easy(( JJ(( easy((

to(( TO(( to((

use(( VB(( use((

.(( SENT(( .((

From TreeTagger website 

ConsBtuents(
•  Chunking(

•  NamedYEn&ty(Recogni&on(

•  Cons&tuent(Parsing(

10(

NER:(
70~90%(



An(Example(
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S

NP

NNP

[Mr.

NNP

Todt]PER

VP

VBD

had

VP

VBN

been

NP

NP

NN

president

PP

IN

of

NP

NNP

[Insilco

NNP

Corp

.

.]ORG
Figure 2: An example from the data of inconsistently labeled named entity and parse structure. The inclusion of the
final period in the named entity results in the named entity structure having crossing brackets with the parse structure.

NP

NP

DT

the

NNP

[District

PP

IN

of

NP

NNP

Columbia] GPE

NP

DT

the

NP

NNP

[District

PP

IN

of

NP

NNP

Columbia] GPE
(a) (b)

Figure 3: (a) Another example from the data of inconsistently labeled named entity and parse structure. In this
instance, we flatten the nested NP, resulting in (b), so that the named entity corresponds to a contiguous set of children
of the top-level NP.

random weirdnesses. We ended up unable to make
0.4% of the entities consistent with the parses, so we
omitted those entities from the training and test data.
One more change we made to the data was with

respect to possessive NPs. When we encountered
noun phrases which ended with (POS ’s) or (POS ’),
we modified the internal structure of the NP. Origi-
nally, these NPs were flat, but we introduced a new
nested NP which contained the entire contents of the
original NP except for the POS. The original NP la-
bel was then changed to PossNP. This change is mo-
tivated by the status of ’s as a phrasal affix or clitic:
It is the NP preceding ’s that is structurally equiva-
lent to other NPs, not the larger unit that includes ’s.
This change has the additional benefit in this context
that more named entities will correspond to a single
phrase in the parse tree, rather than a contiguous set
of phrases.

4.2 Named Entity Types

The data has been annotated with eighteen types of
entities. Many of these entity types do not occur

very often, and coupled with the relatively small
amount of data, make it difficult to learn accurate
entity models. Examples are work of art, product,
and law. Early experiments showed that it was dif-
ficult for even our baseline named entity recognizer,
based on a state-of-the-art CRF, to learn these types
of entities.3 As a result, we decided to merge all
but the three most dominant entity types into into
one general entity type called misc. The result was
four distinct entity types: person, organization, GPE
(geo-political entity, such as a city or a country), and
misc.

3The difficulties were compounded by somewhat inconsis-
tent and occasionally questionable annotations. For example,
the word today was usually labeled as a date, but about 10% of
the time it was not labeled as anything. We also found several
strange work of arts, including Stanley Cup and the U.S.S. Cole.

From Stanford NER (Finkel and Manning, 2009) 

Dependency(
•  Syntac&c(Dependency(Parsing(

•  Seman&c(Dependency(Parsing(
–  Seman&c(Role(Labeling(

–  PredicateYArgument(Structure(

•  Logic(Form(Composi&on(

12(

Syn:(80~90%(
Sem:(75~85%(



An(Example(

13(

From MSTParser (McDonald et al., 2005); Visualized by 
https://code.google.com/p/whatswrong/ 

An(Example((cont.)(

14(

From Laputa SRL (Zhang et al., 2008); Visualized by 
https://code.google.com/p/whatswrong/ 



An(Example((cont.)(
•  H:(Value&is&ques*oned.&

•  Syntac&c(dependency(
–  <is,(SBJ,(value>(
–  <is,(VC,(ques&oned>(

•  Seman&c(dependency(
–  <ques&oned,(A1,(value>(

15(

is

questionedvalue

SBJ VC
A1

SemanBc(Roles(
•  PropBank((Palmer(et(al.,(2005)(and(NomBank((Meyers(et(al.,(

2004)(

•  Core(arguments:(A0YA5(

–  different(seman&cs(for(each(verb((

–  specified(in(the(PropBank(Frame(files(

•  13(types(of(adjuncts(labeled(as(AMYarg((
–  where(arg(specifies(the(adjunct(type(

16(



Discourse(
•  Coreference(Resolu&on(

•  Event(Structure(

•  Discourse(Parsing(

17(

An(Example(

18(

[� Ford Motor Co. and Chrysler Corp. representatives criticized Mr. Tonkinʼs plan as 
unworkable.] [� It “is going to sound neat to the dealer] [� except when his 15-day car supply 
doesnʼt include the bright red one] [� that the lady wants to buy] [� and she goes up the street] 
[� to buy one,”] [� a Chrysler spokesman said.]

explanation-argumentative

attribution

antithesis

reason

elaboration-object-attribute-e purpose

� � � � � � �

From RST Discourse Treebank (Carlson et al., 2002) 



...

Sentence String

Tokenization

POS Tagging

Syntactic Parsing

Semantic Parsing

Tokenization

Bag-of-Words

Set-of-Words

Content Words

...

Text
(T)

Hypothesis
(H)

Meaning
(T)

Direct
Recognition

Language
Understanding

Language
Understanding

Meaning
(H)

Meaning
Inclusion

Representation
(T)

Representation
(H)

Simplification Simplification

Subset

Linguistic Knowledge

World Knowledge

World Knowledge

RTE(Rectangle((more(details)(
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Overview(of(EDAs(
•  Classifica&onYbased(
–  Score(/(Threshold(
–  Structure(/(Alignment(

•  Transforma&onYbased(
–  Edit(distance(
–  (Knowledge)(rule(applica&on(

•  MetaYEDA(
20(



<T, H> Entailment
Non-Entailment

ClassificaBon((RTE(Style)(

21(

Magic 
Function 

Popular(Classifiers(

22(

Model( Perceptron/SVM( Naïve(Bayes( LogisBc(Regression(

Type( Discrimina&ve( Genera&ve( Discrimina&ve(

Distribu&on( N/A( P(X,(Y)( P(Y|X)(

Independence( None( Strong( None(

Features( Ex/Impilicit( Explicit( Explicit(

Speed( Fast/Slow( Fast( Intermediate(



Kernel@Based(Methods(
•  Kernel(Func&on(
– Mapping(between(spaces(
–  CrossYcombina&on(of(features((implicitly!)(
–  IntroYpair(features((crossYpair(features(

•  Subsequence(Kernel((Lodhi(et(al.,(2002;(Wang(and(
Neumann,(2007a)(

•  Tree(Kernel((Collins(and(Duffy,(2001;(Zanzovo(et(al.,(
2007)(

23(

LinguisBc(Features(
•  Measure(somethingsimilarity(between(t(and(h:((
–  Lexical(overlap((unigram,(NYgram,(subsequence)(

•  Assisted(by(lexical(resources(like(WordNet(

–  Syntac&c(matching(
–  LexicalYsyntac&c(varia&ons((“paraphrases”)(
–  Seman&c(role(matching(

–  Global(similarity(parameters((e.g.(nega&on,(modality)(

•  Detect(mismatch((for(nonYentailment)(

24(



Data(Structures(
•  StringYtoYString(rewri&ng(

–  String(edit(distance((MacCartney(and(Manning,(2007)(

–  Tree(skeleton(difference((Wang(and(Neumann,(2007a)(

•  TreeYtoYTree(edi&ng(
–  Tree(edit(distance((Kouylekov(and(Magnini,(2005)(

•  GraphYtoYGraph(mapping(
–  Graph(matching((Haghighi(et(al.,(2005)(

25(

Word(Overlap(
•  |T|:(number(of(words(in(T(

•  |H|:(number(of(words(in(H(

•  E1(=(|T�H|(/(|H|(
•  E2(=(|T�H|(/(|T|(

•  E3(=((2(*(E1(*(E2)(/(E1(+(E2(

•  Content(words(only(
•  Lemma&za&on(

26(

From (Mehdad and Magnini, 2009) 

57.2&on&
average&



Dependencies(
•  Syntac&c(dependency(trees(
– Dependency(triples(<Node,&Rela*on,&Head>&
–  Bag(of(such(triples(

•  E1�(=(|Triple(T)�Triple((H)|(/(|Triple(H)|(

27(

Dependencies((cont.)(

28(

From (Wang and Zhang, 2009) 



Results((RTE@5)(
•  DFKI1:(BoW(and(syntac&c(dependency(

•  DFKI2:(BoW,(syntac&c,(and(seman&c(dependency(

•  DFKI3:(BoW(and(joint(syntac&c(and(seman&c(
representa&on(

29(

From (Wang et al., 2009) 

Larger(Sub@Structures(
•  Dependency(paths(
–  Common(subYpaths(

•  Subtrees(
•  E1��=(|Subtree(T)�Subtree(H)|(/(|Subtree(H)|(

30(



Subtrees(

31(

T1 

H1 

“Farmers feed cows animal extracts” 

“Cows eat animal extracts” 

T1 ⇒ H1 

T2 

H2 

“They feed dolphins fish” 

“Fish eat dolphins” 

T2 ⇒ H2 

T3 

H3 

“Mothers feed babies milk” 

“Babies eat milk” 

T3⇒ H3 

feed            →       eat X Y X Y 

From (Zanzotto and Dell'Arciprete, 2009) 

Tree(Skeletons(

32(

•  T:(Doctor&Robin&Warren&and&
Barry&Marshall&received&Nobel&
Prize&…&

•  H:(Robin&Warren&was&
awarded&a&Nobel&Prize.&

From (Wang and Neumann, 2007) 



Results(
•  RTEY2(

•  RTEY3(

33(

From (Wang, 2007) 

Triple(
Similarity(
Matcher(

BagYofYWords(
Similarity(

Tree(Skeleton(

The(RIGHT(level(

34(

Meaning 

Text 
�	����������	���
�

������

��

�	��
�
�	��	�	������

•  TradeYoffs(between(
–  Competence(of(the(knowledge((deeper)(
–  Performance(of(the(processing((shallower)(



Alignment@Based(Approaches(
•  Word(alignment((Glickman(et(al.,(2006)(

•  Phrase(alignment((chambers(et(al.,(2007;(
MacCartney(et(al.,(2008)(

•  Rela&on(alignment((Sammons(et(al.,(2009)(

35(

Overview(of(EDAs(
•  Classifica&onYbased(
–  Score(/(Threshold(
–  Structure(/(Alignment(

•  Transforma&onYbased(
–  Edit(distance(
–  (Knowledge)(rule(applica&on(

•  MetaYEDA(
36(



Matching(vs.(TransformaBons(
•  Direct(matching((so(far,(no(chaining)(

•  Sequence(of(transforma&ons((A(proof)(
T(=(T0(→(T1(→(T2(→(...(→(Tn(=(H(
–  TreeYEdits(
–  Knowledge(based(Entailment(Rules(

37(

Edit(Distance(
•  (Limited)(preYdefined(operators(

–  Inser&on(
–  Dele&on(
–  Subs&&on(

•  StringYtoYString(
•  TreeYtoYTree(

•  The(EDITS(system((Kouylekov(and(Negri,(2010)(
–  Es&mate(confidence(in(each(opera&on(

•  Wang(and(Manning((2010),(Heilman(and(Smith((2010),(etc.(

38(

Weakly&
linguis*cally&
mo*vated!&



Knowledge@Based(Rules(
•  Rule(applica&on(
– Arbitrary(knowledgeYbased(transforma&ons(
–  Formalize(many(types(of(knowledge(

•  BIUTEE((Stern(and(Dagan,(2011)(
– OnYtheYfly(opera&ons(
–  Cost(model(
–  Search(for(the(best(inference(

39(

An(Example(

40(

Id( OperaBon( Generated(Text(

0( Y( He(received(the(lever(from(the(secretary.(

1( Coreference(subs&tu&on( The(employee(received(the(lever(from(the(secretary.(

2( X(received(Y(from(Z((Y(
was(sent(to(X(by(Z(

The(lever(was(sent(to(the(employee(by(the(secretary.(

3( Y([verbYpassive](by(X((X(
[verbYac&ve](Y(

The(secretary(sent(the(lever(to(the(employee.(

4( X(send(Y((X(deliver(Y( The(secretary(delivered(the(lever(to(the(employee.(

5( lever((message( The(secretary(delivered(the(message(to(the(employee.(

From (Stern et al., 2012) 



Entailment(Rules(

41(

boy( child(

Generic(
Syntac&c(

Lexical(
Syntac&c(

Lexical(

From (Bar-Haim et al., 2007) 

Cost(Based(Model(
•  Define(operaBon(cost(

–  Represent(each(opera&on(as(a(feature(vector(
–  Cost(is(linear(combina&on(of(feature(values(

•  Define(proof(cost(as(the(sum(of(the(opera&ons’(costs(

42(

Learn 

Variant of (Raina et al., 2005) 



Search(the(Best(Proof(

43(

•  “Best(Proof”(=(proof(with(lowest(cost(

•  Search(space(exponen&al(–(AIYstyle(search((Stern(et(al.,(
2012)(
�  GradientYbased(evalua&on(func&on(

�  Local(look(ahead(for(“complex”(opera&ons(

Proof #1 
Proof #2 
Proof #3 
Proof #4 

T  H 
Proof #1 
Proof #2 
Proof #3 
Proof #4 

T  H 

Inference(vs.(Learning(

44(

Training(
samples(

Vector(
representa&on(

Learning(
algorithm(

w,b(
Best(
Proofs(

Feature(
extrac&on(

Feature(
extrac&on(



IteraBve(Learning(Scheme(

45(

Training(
samples(

Vector(
representa&on(

Learning(
algorithm(

w,b(
Best(
Proofs(

1.(W=reasonable(
guess(

2.(Find(the(best(
proofs(

3.(Learn(
new(w(
and(b(

4.(Repeat(to(step(2(

Performance((ClassificaBon)(

46(

System( RTE@1( RTE@2( RTE@3( RTE@5(

Raina(et(al.(2005( 57.0(

Harmeling,(2009( 56.39( 57.88(

Wang(and(Manning,(2010( 63.0( 61.10(

BarYHaim(et(al.,(2007( 61.12( 63.80(

Mehdad(and(Magnini,(2009( 58.62( 59.87( 62.4( 60.2(

BIUTEE((2011)( 57.13( 61.63( 67.13( 63.50(

Text:  
Hypothesis: 
Text:  
Hypothesis: 



Performance((Search)(
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RTE(6((F1%)(

Base(line((Use(IR(topY5(relevance)( 34.63(

Median((2010)( 36.14(

Best((2010)( 48.01(

BIUTEE((2012)( 49.54(

Unbalanced!(

Overview(of(EDAs(
•  Classifica&onYbased(
–  Score(/(Threshold(
–  Structure(/(Alignment(

•  Transforma&onYbased(
–  Edit(distance(
–  (Knowledge)(rule(applica&on(

•  MetaYEDA(
48(



An(Example(
•  T:(Bush&used&his&weekly&radio&address&to&try&to&build&
support&for&his&plan&to&allow&workers&to&divert&part&of&
their&Social&Security&payroll&taxes&into&private&
investment&accounts.&

•  H:(Mr.&Bush&is&proposing&that&workers&be&allowed&to&
divert&their&payroll&taxes&into&private&accounts.&

49(

An(Example(
•  T:(Bush&used&his&weekly&radio&address&to&try&to&build&
support&for&his&plan&to&allow&workers&to&divert&part&of&
their&Social&Security&payroll&taxes&into&private&
investment&accounts.&

•  H:(Mr.&Bush&is&proposing&that&workers&be&allowed&to&
divert&their&payroll&taxes&into&private&accounts.&

50(



Bag@of@Features(

51(

Preprocessing(
TYH(pair(

NE(Recogni&on(

Entail?(
PostYProcessing(

…(

Anaphora(
Resolu&on(

WSD(

Parser(

Specialized(Modules(

52(

TYH(pair(
Spliver(

Entail?(
PostYProcessing(

Split(1(

Split(2(

Split(3(

Split(4(

…(

Entail?( Entail?( Entail?(

Entail?( Entail?(



Divide@and@Conquer(
•  A(specialized(RTE(module(
– A(good(target(
– A(good(tackle(

•  Results(on(RTEY4(

53(

Modules( TAC@M( TS@M( NE@M( BoW@BM( Tri@BM( Overall(

Accuracy( 80.6%( 74.6%( 54.3%( 56.5%( 52.8%( 70.6%(

Coverage( 3.1%( 34.6%( 47.7%( 100%( 100%( 100%(

From (Wang and Neumann, 2009) 

Temporal(
Anchoring( Tree(Skeleton(

Matching( NamedYEn&ty(
Matching(

Summary(
•  Linguis&c(analysis(pipeline(
–  Various(linguis&c(processing(

•  Entailment(decision(algorithm(
–  Classifica&on(&(feature(space(
–  Transforma&on(&(knowledge(bases((upcoming)(

•  Overall(Strategy(
–  Specialized(modules(

54(

implemented

imported

soon…
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! !Textual!Entailment!
! !Part!3:!!Knowledge!Resources!and!
! ! ! ! !Knowledge!Acquisi;on!!

Sebas&an(Pado ( ( (Rui(Wang(

Ins&tut(für(Computerlinguis&k (Language(Technology(

Universität(Heidelberg,(Germany (DFKI,(Saarbrücken,(Germany(

AAAI(2013,(Bellevue,(WA(

Thanks(to(Ido(Dagan(for(permission(to(use(slide(material(

This!part!of!the!tutorial!
1.  Overview:(Types(of(Inference(Knowledge(
2.  Use(Case(1:(Acquiring(Asymmetrical(Similarity(

3.  Use(Case(2:(Truth(Status(in(Context(

2(



Part!1:!Types!of!Inference!Knowledge!

3(

Inference!Rules!
•  TE(assesses(if(H(can(be(inferred(from(T!
•  Requires(linguis&c(knowledge,(world(knowledge(

•  SentenceVlevel(entailment(is(always(decomposed(into(
atomic((subsenten&al)(inference(steps(

•  Corresponding(to(composi*onal!meaning(construc&on(

•  Valid(atomic(inference(steps(can(be(represented(as(

inference!rules!a!→!b!
•  a,(b(almost(arbitrary(linguis&c(representa&ons(

•  Various(linguis&c(levels((lexical,(syntac&c,(phrasal,(…)(
4(



Applica;on!of!Inference!Rules!
•  Resources(with(inference(rules(are(used(in(virtually(
every(single(Textual(Entailment(system:(

•  Transforma&onVbased(approaches:(

Inference(rules(mo&vate(proof(steps(

•  Classifica&onVbased(approaches:(
Inference(rules(inform(similarity(features(

•  What(types(of(inference(knowledge(is(helpful?(

•  Clark(et(al.((2006):(analysis(of(knowledge(types(
•  Mirkin(et(al.((2009):(abla&on(tests(for(various(

knowledge(resources(on(entailment(
5(

The!Challenge!for!Knowledge!
•  Textual(Entailment(requires(its(inference(rules(to(

have(both(high!precision(and(high!recall(
–  Low(precision:(rules(do(more(harm(than(good(

–  Low(recall:(rules(are(irrelevant(

•  Complementary(behavior(of(resources:(

– Manually(constructed(resources(oben(lack(recall(

– Automa&cally(constructed(resources(oben(lack(

precision(

6(



Normaliza;on!Knowledge!

•  Named(En&&es,(

Abbrevia&ons,(

Acronyms,(etc.(

•  Sources:(MachineV

readable(dic&onaries(

•  Status:(Rela&vely(
unproblema&c(

Mr.(Clinton(�(

Bill(Clinton(�(

President(Clinton(

US(�(

U.S.(�(

United(States(

7(

Lexical!Knowledge!
•  Nominal!rela&ons:((

Synonymy,(Hyponymy(

–  Sources:(WordNet,((

Distribu&onal(Thesauri(

–  Status:(most(widely(used(type(of(

knowledge,(s&ll(recall(problems(

Use!case!1!

•  Verbal!rela&ons:(Causa&on,(
Presupposi&on((

–  Sources:(WordNet,(VerbOcean(

–  Status:(also(widely(used,(but(both(
recall(and(precision(problems(

Peter(owns(a(kitchen(table!⇒!(
Peter(owns(an(object!

Peter(buys!a(kitchen(table(⇒!(
Peter(owns!a(kitchen(table(

8(



Syntac;c!Knowledge!
•  Structural(varia&on(

(rela&ve(clauses,(

geni&ves,(ac&ve/passive,(

etc.)(

•  Sources:(syntac&c(rule(
bases(

•  Status:(oben(used,(but(
limited(recall(

Peter,!who!sleeps(soundly,(…(⇒(
Peter(sleeps(soundly(

Peter(broke!the(vase.(⇒!
The(vase(was!broken!by(Peter.(

9(

Paraphrase!Knowledge!
•  Inferences(that(cannot(be(

captured(at(word(level(

•  Variety(of(phenomena(

•  Range(from(simple(to(very(

difficult(

•  Sources:(Corpora((both(
monolingual(and(parallel)(

•  Status:(Very(difficult(to(

balance(precision(and(recall(

X(buys!Y(from(Z(⇒(
Z(sells!Y(to(X(

X(was(a!Yorkshireman(by!!!!!!
!!!!birth!⇒(
Y(was(born!in!Yorkshire!

X(gave!me(a!hand!⇒!!
X(helped(me((

10(



World!knowledge!
•  Factual!Knowledge(
•  Sources:(Gazeleers,(Wikipedia(

•  “Core!theories”((
([Clark(et(al.(2006](

•  Sources:(mostly((

handVcoded(

•  Status:(Superficial(treatment(in(most(TE(systems(

•  Interes&ng(direc&on:(Unstructured(vs.(structured(data(–(
compare(IBM(Watson((Kalyanpur(et(al.(2012)(

T:(Paris(is(in!France!⇒(
H:(Paris(is(in(Europe!

T:(Easter(2011(was(on!April!24!⇒(
H:(Easter(2011(was(between!!
!!!!!April!20!and!30!

11(

Senten;al!Context!

•  Senten&al(context(
influences(inference(

•  Variety(of(factors(
•  Monotonicity(

•  Clause(Truth(Status(
•  Use!case!2(

•  Presupposi&on(
•  Status:(Current(research(

T:(Peter(sees(a(poodle(⇒!!
H:!Peter(sees(a(dog(

T:(Peter(sees(no(poodles(⇏!!
H:(Peter(sees(no(dogs(

T:(Peter(managed!to(come(⇒!!
H:!Peter(came(

T:(Peter(promised!to(come(⇒?(!!
H:(Peter(came(

12(



Use!Case!1:!Asymmetrical!
Similarity!(Kotlerman!et!al.!2010)!

13(

Distribu;onal!Seman;cs!
•  Goal:(Learn(lexical(inference(rules(a!�!b!from(corpora(

•  Distribu&onal(Seman&cs:(“You(shall(know(a(word(by(

the(company(it((keeps”([Firth,(1957](

•  An(unsupervised(way(to(model(word(meaning:(

– Observe(in(which(contexts(a(word(occurs(
–  Represent(words(as(vectors(in(highVdimensional(space((

–  Vector(similarity(correlates(with(seman&c(similarity(

•  Applied(to(many(tasks(in(language(processing(

[Turney(&(Pantel(2010](

14(



Distribu;onal!Similarity!

15(

I like to ripe bananas

ncmodncsubj

dobj

iobj xcomp

eat 

xcomp

ncmod-ripe

eat-dobj

bananas

apples

bread

steak

age
time
market

Standard!Similarity!Measures!
•  Cosine:(Angle(between(vectors(

•  Lin’s(similarity:(Pointwise(mutual(informa&on(of(shared(

features(

16(

cos(~u,~v) =

P
i ui · vipP

i u
2
i

pP
i v

2
i

PMI(u, f) = log

P (u, f)

P (u)P (f)

lin(~u,~v)

P
i:ui>0,vi>0[PMI(u, fi) + PMI(v, fi)]P

i:ui>0 PMI(u, fi) +
P

i:vi>0 PMI(v, fi)



Acquiring!Entailment!Rules!
•  Standard(approach:(For(each(target(word,(find(the(
highestVsimilarity(neighbors(

–  Synonyms((and(other(close(seman&c(rela&ons):((

Lexical(entailment(rules([Lin(1998](

– Generaliza&on(from(words(to(dependency(paths:(

Paraphrase(rules([Pantel(and(Lin(2001](

17(

Asymmetry!of!Inference!Rules!
•  Standard(similarity(measures(are(symmetrical…(

•  …Inference(rules(are(asymmetrical!(

18(

“Peter(has(a(pet(dog”!
!!!!!!!!!!!⇒!!!!!!!!⤂!
“Peter(has(a(pet!poodle”!

!!!bank!�(!company!
company!⤃!bank!



Symmetric!Similarity!Z!Results!
•  Most(similar(words(for(food:(

•  Evalua&on(of(resources(for(entailment((Mirkin(et(al.(2009)(

19(

Resource Precision Recall 
WordNet 55% 20% 
Wikipedia 45% 7% 
Dist.sim.(Lin) 28% 43% 

meat clothing water sugar 
beverage foodstuff coffee material 
goods textile meal chemical 
medicine fruit tobacco equipment 

Distribu;onal!Inclusion!
•  If(u(�(v,(then(the(characteris&c(contexts(of(u(are(expected(to(

be(characteris&c(for(v,(but(not(vice(versa([Weeds(et(al.,(2004](

biscuit � food 

tasty 
prepare 

dairy 

ingredient 

serve 

eat 

sweet 

high-calorie 

fresh 

homemade 

juicy 
fast 

balanced 

healthy 

vitamin B rich 

restaurant 

high-protein 

group 
asian 
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Average!Precision!
•  Average(Precision:(Measure(from(

Informa&on(Retrieval(to(assess(search(

engine(output((ranked(list)(

•  Goals: 
–  retrieve(many(relevant(documents(

–  retrieve(few(irrelevant(documents(

–  retrieve(relevant(docs(early(in(list(

((where(rel!is(1(if(doc(is(relevant)(
21(

AP =

P
i Prec(d1, . . . , di) · rel(di)P

i rel(di)

     Retrieved       Relevant 

Doc 1 
Dpc 2 
Doc 3 
Doc 4 
Doc 5 

… 
Doc  9 
Doc 10 

… 
Doc 300 

… 

Doc 1 
Doc 2 
Doc 3 
Doc 4 

… 
Doc 8 
Doc 10 

… 
Doc 299 
Doc 301 

… 

Balanced!Average!Precision!
•  Average(Precision(can(applied(to(

vectors(to(measure(feature!inclusion:(

–  Retrieved,(Relevant(⇒(u,v(

–  Documents(⇒(Features(

•  u(�v((if(top(features(of(v(are(shared(

by(u(and(u(has(few(other(top(features(

•  Modifica&ons:(rel'!is(graded(relevance(
based(on(rank;(balance(with(Lin(

similarity(to(alleviate(sparse(v(vectors!

Feature 1 
Feature 2 
Feature 3 
Feature 4 
Feature 5 

… 
Feature 9 
Feature 10 

… 
Feature 300 

… 

Feature 1 
Feature 2 
Feature 3 
Feature 4 

… 
Feature 8 
Feature 10 

… 
Feature 299 
Feature 301 

… 

u!!!!!!!�!!!!!!!v!

AP =

P
i Prec(d1, . . . , di) · rel(di)P

i rel(di)

rel0(f) = 1� rank(f,~v)

|~v|

balAPinc(~u,~v) =

s

lin(~u,~v) ·
P

i Prec(fu
1 , . . . , f

u
i ) · rel0(fu

i )

|~u|



Direc;onal!similarity!Z!results!
•  The(most(similar(words(to(food:(

•  For(more(evalua&on,(see(Kotlerman(et(al.((2010)(

foodstuff ration blanket margarine 

food product drinking water soup dessert 

food company wheat flour biscuit cookie 

noodle grocery sweetener sauce 

canned food beverage meat ingredient 

feed snack agribusiness meal 

salad dressing dairy product diet vegetable 

bread hamburger medicine vegetable oil 
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Use!Case!2:!Truth!Status!in!
Context!(Lotan!et!al.!2013)!

24(



Mo;va;on!
•  Reminder:(Context(influences(entailment(palerns(

–  Complex(phenomenon(

•  Subproblem:(Truth!status(of(clauses!in(context(

–  Case(1:(Clause(is(true(
(posi&vely(entailed)([+]!

–  Case(2:(Clause(is(false(
(nega&vely(entailed)([Z]!

–  Case(3:(Clause(truth(
is(unknown([?]!

T:(Peter(managed(to(sleep.(�(

H:(Peter(slept.(

T:(Peter(failed(to(sleep.(�((

H:(Peter(did(not(sleep.(

T:(Peter(promised(to(sleep.⇒?((
H:(Peter(slept.(

25(

Determining!Clause!Truth!
•  Clause(Truth(is(determined(primarily(by(three(

factors:(

–  Embedding(words/phrases(

–  Modifiers(

–  Specific(structures((presupposi&ons)(

•  Each(factors(can(be(associated(with(a(signature!
–  Descrip&on(of(its(influence(on(clause(truth(

26(



Signatures!
1.  Nega&on:([+]!→![Z],![Z]!→[+]!

2.  Modality(markers((many(adverbs,(modal(verbs):((

[+]!→![?],![Z]!→[?](

3.  Fac&ve(embeddings((knowledge/percep&on/emo&on):((

[+](→![+],![Z]!→[+]!

4.  Presupposi&ons((rela&ve(clauses,(definite(NPs):([+]!
[Kiparsky(and(Kiparsky(1970](

5.  Implica&ve(embeddings:(various(palerns((

[Karlunen(1971,(2012](

–  have(the(&me:([+]!→![+],![Z]!→[Z]!

–  make(sure:([+]!→![+],![Z]!→[?](
27(

The!“TruthTeller”!system!
•  Lexicon(of(modifiers(and(embedding(words/phrases((

– About(2000(entries(with(signatures(
–  Constructed(semiVautoma&cally(

•  Recursive(algorithm(inspired(by(Natural(Logic(

[Lakoff(1970,(MacCartney(&(Manning(2009](

– Determine(truth(status(of(all(clauses(in(a(sentence(

•  hlp://u.cs.biu.ac.il/~nlp/downloads/TruthTeller/(

28(



[+](

Lee(wasn’t(smart(enough(to(leave(

TruthTeller!Example!!
[-](

?([-](
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Evalua;on!
•  Evalua&on(against(manual(truth(status(labels(

•  Most(frequent(class(baseline:(77%(accuracy((([+]!)!
•  Total(accuracy:(89%(

•  No(evalua&on(integrated(in(RTE(system(yet(

Truth!Status! Recall! Precision! Occurrences!

[+]! 87.3%( 98%( 120(

[Z]! 74%( 83%( 50(

[?]! 91.4%( 70%( 48((

30(



TakeZHome!Messages!
•  Knowledge(plays(a(central(role(in(deciding(TE(
–  Can(be(represented(uniformly(with(entailment(rules(

– Mul&ple(layers(of(linguis&c(and(world(knowledge(

•  Manual(resources((coverage(issue)(vs.(automa&cally(

acquired(resources((accuracy(issue)(

•  Use(Cases:(
–  Beler(automa&c(acquisi&on(with(asymmetrical(

similarity(

– More(precise(context(modeling(with(truth(status(

31(
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Textual(Entailment(
Part(4:((Applica4ons((

Sebas&an(Pado ( ( (Rui(Wang(

Ins&tut(für(Computerlinguis&k (Language(Technology(

Universität(Heidelberg,(Germany (DFKI,(Saarbrücken,(Germany(

Tutorial(at(AAAI(2013,(Bellevue,(WA(

Thanks(to(Ido(Dagan(for(permission(to(use(slide(material(

Content(of(Part(4(
•  Overview:(Four(paradigms(for(using(Textual(
Entailment(in(Natural(Language(Processing(
Applica&ons(

•  Use(Cases(for(two(of(the(paradigms:(
– Use(Case(1:(Machine(Transla&on(Evalua&on((

– Use(Case(2:(Entailment(Graphs(for(Text(Explora&on(

2(



Overview(

3(

Applica4ons(of(Textual(Entailment(
•  Assump&on((cf.(Part(1):(TE(can(cover(a(substan&al(
part(of(the(seman&c(processing(in(NLP(applica&ons(
– Mapping(of(seman&c((sub)tasks(onto(textual(
entailment(queries(

•  If(large(datasets(are(involved,(division(of(labor:(
1.  Shallow((e.g.(word(based)(methods(generate(

candidates(
2.  Textual(Entailment(methods(act(as(filter/(re)scorer(
•  Integrates(“deeper”(algorithms(/(knowledge(

•  Allow(shallow(methods(to(be(more(liberal( 4(



Applica4ons(of(Textual(Entailment(
•  Mapping(of(seman&c((sub)tasks(onto(textual(entailment(

queries(
•  Part(1:(What(are(the(Text(and(the(Hypothesis?(

•  Part(2:(How(is(the(output(of(the(TE(system(used?(

–  Main(paradigms:(
•  Entailment(for(Valida&on(
•  Entailment(for(Scoring(

•  Entailment(for(Genera&on(
•  Entailment(for(Structuring(

5(

Entailment(for(Valida4on(
•  Example:(Ques&on(Answering([Hickl(et(al.(2007](

•  Step(1:(Iden&fy(promising(answer(candidates(
•  Shallow(methods(

•  Step(2:(Turn(ques&on(into(statement(
•  Replace(ques&on(word((
(who(→(someone,(which(book(→((a(book)(

•  Step(3:(Use(Textual(Entailment(to(verify(that(the(answer(
candidate(entails(the(ques4onCasCstatement(
•  Binary(decision(

6(



Example:(Ques4on(Answering(

•  Other(applica&on:(Rela&on(Extrac&on([Roth(et(al.(2009](

7(

Ques4on:(Who(discovered(Australia?(
Text(snippet((T):(The(first(European(to(reach(Australia(was((
(((((Willem(Jansszon.(
Ques4onCasCstatement((H):(Someone(discovered(Australia."

Entailment(query:(The(first(European(to(reach(Australia(was((
(((((Willem(Jansszon.(�?(Someone(discovered(Australia(

Entailment(for(Scoring(
•  Example:(Machine(Transla&on(Evalua&on([Pado(et(al.(2009](

•  Step(1:(Create(System(transla&on(with(MT(system(
•  Hypothesis:(Good(system(transla&on(is(seman(cally"
equivalent"to(reference(transla&on(

•  Step(2:(Use(TE(to(verify(that(the(reference(transla4on(
entails(the(system(transla4on(–(and(vice(versa!((
•  Graded(decision:(Degree(of(seman&c(equivalence(

•  Typically(easy(to(obtain(from(Textual(Entailment(systems(

•  Details:(see(Use(Case(1(

8(



Example:(MT(Evalua4on(

•  Other(applica&on:(Student(Answer(Assessment((
[Nielsen(et(al.(2009](

9(

MT(System(Transla&on((ST):(Today(I(will(consider(this(reality.(
MT(Reference(Transla&on((RT)(:(I(shall(face(that(fact(today.(

Entailment(query(1:(ST(�?(RT(

Entailment(query(2:(RT(�?(ST(

Entailment(for(Genera4on(
•  Example:(Machine(Transla&on(“Smoothing”([Mirkin(et(al.(2009](

–  Source(language(terms(missing(from(the(phrase(table(
cannot(be(translated(

–  Parallel(corpora(much(smaller(than(monolingual(corpora(

•  Use(entailment(to(generate(entailed(“replacements”(for(
unknown(source(language(terms(

–  Sentence(may(lose(some(informa&on(but(is(translatable(
•  Prefer(terms(that(retain(maximal(informa&on(

–  Requires(entailment(system(that(can(generate(H(for(given(T(

10(



Example:(Term(Replacement(in(MT(

11(

T:(Bulgaria,(with(its(lowlcost(ski(chalets,(…(
H:((Bulgaria,(with(its(lowlcost(ski(houses,(…(

Bulgarien,(mit(seinen(güns&gen(Skihünen,(…(

unseen(

Entailment(for(Structuring(
•  Example:(Informa&on(Presenta&on([Berant(et(al.(2012,(Use(case(2](

•  Star&ng(point:(Large(amount(of(unstructured(data(about(
some(concept(

•  Goal:(Make(informa&on(easily(humanlaccessible:(Build(
hierarchical(structure(

•  Step(1:(Acquire(atomic(proposi&ons(
•  Step(2:(Apply(entailment(queries(to(each(pair(of(proposi4ons(

•  Other(applica&ons:(Mul&ldocument(summariza&on(
[Harabagiu(et(al.(2007](

12(



Example:(Informa4on(Presenta4on(

13(
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entailment graphs, i.e., structured hierarchies statements. Figure 3 shows an example on customer 
reasons for cancelling a TV-based internet service, where we clearly see different types of causes, like 
the customer moving, the old device (TV) breaking, or the customer’s acquisition of a new device. 
These relations form a specificity hierarchy (dotted edges): e.g., we learn that customers that acquire a 
device first buy it and then install it. We also learn that customers buy two categories of new devices: 
computers and smartphones, both of which can be realized in natural language in different ways (solid 
edges). This representation is very valuable: it enables data exploration by providing a clear report of 
the reasons for the business issue, contributing directly to the enhancement of business performance. 
 

 
Figure 3: Textual entailment-based knowledge extraction at the statement level 
 
We will define the algorithms at the transduction layer level with which the output of entailment 
engines can be merged into graph structures on the type level. Since this will involve deciding 
entailment for each pair of input statements, which introduces quadratic complexity in the number of 
input statements, we will employ efficiency optimizations and prefiltering mechanisms. Then, to 
enable the exploration of relations and associations between objects and topics, we will apply 
visualization of graphs to present the relations between the objects, including an estimate of the 
strength of the relations and access to relevant documents from the graph view. 
 
Use case 2: Access to Customer Interactions at the statement level (WP1/WP6). The second use 
case employs entailment not for data visualization, but for information access. This addresses the 
needs of companies for a range of scenarios in which they want to mine information from their large 
collections of customer interactions or other customer-related information (e.g., FAQs), which are of 
enormous value since they represent the “voice of the customer”. However, such collections but are, as 
a rule, only searchable at the keyword/keyphrase level, which makes it very difficult to formulate 
queries that do not sacrifice precision for recall or vice versa, and more generally severely limits the 
types of phenomena that can be queried.  
 
Again, we argue that representation of information at the statement level can overcome this limitation and enable 
new scenarios of information access (see below). Consequently, we will develop methods to search for relevant 
customer interactions at the level of customer statements in a modular way, without requiring a change in search 
technology. The general idea is shown in  
Figure 4. Instead of directly feeding a query (i.e., a set of statements) into the search engine of the 
industrial platform, we first feed it to the textual entailment engine, which will produce an expanded 
query in the form of a set of entailing statements, as pioneered by Mirkin et al. (2009b) in the MT 
domain. This highly controlled query expansion serves to extend the search to other, alternative ways 
in which relevant content can be phrased. Since the search engine itself remains token-based, the 
returned candidate interactions may be spurious: the entailment engine must check whether they 
actually entail the query. 
 

 own a computer
 we got another PC
 got a laptop
 bankruptcy
 i couldn't download
 just installed the computer
 haven't used the service
 TV broke
 i have a nokia e 61 now
 i don't use it
 i'm gonna be moving
 decided to buy an iphone

TV

CAUSES

break acquire a 
device

buy a 
device

install a 
computer

move bankruptcy

buy a 
computer

buy a 
smartphone

laptop
computer

PC
iphone

nokia e61

Use(Case(1:((
Machine(Transla4on(Evalua4on(

(Padó(et(al.(2009)(

(Entailment(for(Scoring)(
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Automa4c(Evalua4on(
•  Important(role(in(Machine(Transla&on(

–  Objec&ve(large3scale"assessment(of(system(quality(
– Minimum(Error(Rate(Training([Och(2002](

•  Most(widely(used(metric:(BLEU(
–  Pure(nlgram(matching(

–  Problems(recognizing(very(different(transla&ons((
[CallisonlBurch(et(al.(2006,(etc.](

•  METEOR,(TER,(etc.(anempt(to(make(matching(more(intelligent(

–  S&ll(surfaceloriented(
– Metrics(should(evaluate(for(seman4c(equivalence:(TE(

15(

3. Classification 

The(Stanford(Textual(Entailment(
System(

1.  Graph Alignment 2.  Features 

tuned 
threshold 

yes 

no 

T: India buys 1,000 tanks. 
H: India acquires arms. 

buys 

India 1,000 tanks 

nsubj dobj 

acquires 

India arms 

nsubj dobj 

0.00 

–0.53 

–0.75 

Feature fi wi 

Alignment Score -1.28 1 

Alignment: good + 0.30 

Structure match + 0.10 

score =

X

i

wi · fi = �0.88



1.  Graph Alignment 2.  Features 

T: India buys 1,000 tanks. 
H: India acquires arms. 

buys 

India 1,000 tanks 

nsubj dobj 

acquires 

India arms 

nsubj dobj 

0.00 

–0.53 

–0.75 

Feature fi wi 

Alignment Score -1.28 1 

Alignment: good + 0.30 

Structure match + 0.10 

score =

X

i

wi · fi = �0.88

Use(for(MT(Evalua4on(

Linear(regression(score(=(
“Degree(of(entailment”( 17(

Technical(points(
•  1.(How(to(combine(two(entailment(direc&ons?(

–  Op&on(1:(Compute(direc&ons(separately:(Not(good(
–  Op&on(2:(Combine(features(of(both(direc&ons(into(one(
“bidirec&onal”(regression(model:(Bener(
•  Dele&on(vs.(addi&on(features(

•  2.(How(to(learn(feature(weights?(
–  Supervised(learning(from(transla&on(quality(annota&ons(

•  NIST(OpenMT(corpora:(Newswire((Arabic,(Chinese)(
•  SMT(workshop(corpora:(EUROPARL(transcrip&ons((F,(ES,(D)(

18(



Evalua4on(
•  Correla&on(with(human(sentencellevel(judgments((

–  10lfold(cross(valida&on(
•  Baselines:(

–  BLEU(
–  “TradMetrics”(regression(model:(BLEU,(TER,(METEOR,(NIST(

RTE(features(and(“tradi&onal”(metrics(are(complementary!(

19(

Corpora BLEU TradMetrics RTE TradMetrics + RTE
(regression) (regression) (regression)

NIST 60.0 65.6 63.1 68.3
SMT 35.9 39.6 42.3 45.7

We’re(ge\ng(something(right(
Ref:( U.S.(Treasury(Offers($14(billion(of(30lYear(Treasury(Bonds(

Sys:( American(treasury(posing(14(billion(from(bonds(with(
maturity(30(years(

Human:(6( RTE:(5.77( BLEU:(3.4(

Ref:( What(does(BBC’s(Haroon(Rasheed(say(aver(a(visit(to(Lal(
Masjid(Jamia(Hafsa(complex?(There(are(no(unl(derground(
tunnels(in(Lal(Masjid(or(Jamia(Hafsa.((

Sys:( BBC(Haroon(Rasheed(Lal(Masjid,(Jamia(Hafsa(aver((
his(visit(to(Auob(Medical(Complex(says(Lal(Masjid(and(
seminary(in(under(a(land(mine((

Human:(1( RTE:(1.2( METEOR:(4.5(



Use(Case(2:(Entailment(Graphs(
[Berant(et(al.(2012](

(Entailment(for(Structuring)(

21(

Evalua4on:(Informa4on(Presenta4on(
•  Guide(users(through(facts(about(unfamiliar(concept(

–  Statements(about(the(target(concept(collected((
“Open(IE(style”([Etzioni(et(al.(2011](

•  Tradi&onal(answer:(keywordlbased(presenta&on(
•  Proposal:(Organize((

knowledge(as(
entailment(graph(

XCrelatedCtoCnausea( XCassociatedCwithCnausea(

XChelpCwithCnausea(

XCreduceCnausea( XCtreatCnausea(

Input:(Set(of(statements(S(
Goal:(Find(E(=({((s1,s2)(|(s1((s2(}(



BIU(Healthcare(Explorer([Adler(et(al.(2012](

hnp://irsrv2.cs.biu.ac.il:8080/explora&on/(
23(

Building(Graphs�
•  Naïve(graph(construc&on:(Decide(entailment(for(each(pair(of(

statements(

•  Problem:(“Local”(decisions(are(not(guaranteed(to(conform(to(
proper&es(of(the(entailment(rela&on:(transi4vity(

24(

X(affect(Y!

X(treat(Y! X(lower(Y!

X(reduce(Y!

"X(affect(Y(⇒(X(treat(Y!
!X(treat(Y(⇒(X(affect(Y!

...!
"X(lower(Y(⇒(X(affect(Y!
"X(reduce(Y(⇒(X(lower(Y!
!X(reduce(Y(⇒(X(affect(Y!



Learning(Entailment(Graphs�
•  Input:(Corpus(C(
•  Output:(Entailment(graph(G(=((P,E)(

1.  Extract(statements(S(from(C((
2.  Use(a(local(entailment(classifier(to(es&mate((

Pij(=(P(si(sj)(for(each(pair((si,(sj)(
•  Techniques(from(Part(2(

3.   Find(the(most(probable(transi4ve(graph(
•  Part(1:(Define(objec4ve(func4on(for(graph(
•  Part(2:(Iden4fy(best(graph(

25(

Graph(Objec4ve(Func4on�

•  S&ll(assumes(independence(between(edges(

26(

(“density”(prior!

1  i((j(
0 (else(

ˆ

G = argmax

X

i 6=j

wij · xij

wij = log

pij · ✓
(1� pij) · (1� ✓)



Integer(Linear(Program(

•  NP(hard(
– Op&miza&on:(Decompose(
sparse(graph((
•  Details:([Berant(et(al.(2012](

27(

i(

k(

j(
1(

1(

0(

1+1l0(=(2(>(1(

ˆ

G = argmax

X

i 6=j

wij · xij

8i, j, k : xij + xjk � xik  1

xij 2 {0, 1}

Experimental(Evalua4on�
•  50(million(word(tokens(healthcare(corpus(

•  Gold(standard(entailment(graphs(for(23(medical(
concepts(
–  Smoking,(seizure,(headache,(lungs,(diarrhea,(
chemotherapy,(HPV,(Salmonella,(Asthma,(etc.(

•  Evalua&on:(F1(on(learned(edges(vs.(gold(standard(
•  Baselines:(
– WordNet(as(source(of(entailments(between(predicates(
–  “Local”(model(without(enforcing(transi&vity(

28(



Results�

•  Global(algorithm(avoids(false(posi&ves(
•  High(precision!

29(

F1(Precision(Recall(

13.2(44.1(10.8(WordNet(

39.8(38.0(53.5(Local(
43.8(50.1(46.0(Global((ILP)(

Illustra4on(–(Graph(Fragment�
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TakeChome(Message(
•  Many(applica&ons(can(be(mapped((par&ally)(onto(
Textual(Entailment(
–  Four(paradigms:(verify,(score,(generate,(structure(

–  Large(datasets:(Division(of(labor(between(shallow(
methods((generators)(and(Textual(Entailment((filter)(

•  Two(Use(Cases:(
– MT(Evalua&on:(TE(to(measure(seman&c(equivalence(
–  Entailment(Graphs:(Global(learning(for(informa&on(
presenta&on(
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Textual(Entailment(
Part(5:(Mul2lingual,(Component8based(

System(Building(

Sebas&an(Pado ( ( (Rui(Wang(

Ins&tut(für(Computerlinguis&k (Language(Technology(

Universität(Heidelberg,(Germany (DFKI,(Saarbrücken,(Germany(

Tutorial(at(AAAI(2013,(Bellevue,(WA(

Thanks(to(Ido(Dagan(for(permission(to(use(slide(material(

Structure(of(the(Tutorial(
•  Part(1([SP]:(Introduc&on(and(Basics(
•  Part(2([RW]:(Classes(of(Strategies(and(Learning(

(*(BREAK*(
•  Part(3([SP]:(Knowledge(and(Knowledge(Acquisi&on(
•  Part(4([SP]:(Applica&ons(
•  Part(5([RW]:(Mul&lingual,(ComponentYbased(System(
Building(
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State(of(the(Art(
•  What(is(the(state(of(the(TE(community(in(2013?(
•  Almost(ten(years(of(research(
•  Where(do(we(go(from(here?(

•  Evalua2on:(gain(insights(on(what(works(
•  Sustainable(development:(build(systems(that(reflect(
these(insights(

•  Applica2on:(make(a(difference(for(NLP(with(TE(

3(

State(of(the(Art((cont.)(
•  In(MT,(there(is(a(“universal(pla_orm”(

•  MOSES((Koehn(et(al.,(2007)(

•  There(are(two(open(source(systems(for(TE:(
•  EDITS,(an(alignmentYbased(system(

•  BIUTEE,(a(transla&onYbased(system(

•  So(people(can(download(these(systems,(experiment(with(
them,(and(use(them(in(applica&ons?(
•  In(principle(yes…(
•  …but(there(are(a(couple(of(problems(

4(



Problems(
•  Systems(are(prototypes(of(specific(algorithms(
•  HardYwired(preprocessing(tools(
•  HardYwired(assump&ons(about(language(

•  No(modulariza&on(of(algorithmic(parts(
•  No(interchange(format(for(inference(rules(

5(

•  If you want to start from scratch:

•  it’s hard to reuse code
•  it’s hard to reuse inference rule resources

Almost no code or knowledge reuse

•  If you want to try out an alternative algorithm:

•  you have to adapt almost everything OR
•  you have to start from scratch

High threshold for newcomers

•  If you want to exchange a preprocessing tool

•  you have to audit all code for explicit or implicit 
dependencies on the output

Gradual development quite difficult

•  If you want to do TE for a new language

•  you have to either audit all code
•  you have to start from scratch

High effort

•  If you want to evaluate the influence of some 
parameter (e.g. a resource) across algorithms

Forget about it

•  If you want to apply TE to an NLP application

•  there is no clear API 
•  you process the data at least twice

Inefficient

In sum:

Evaluation, development, application are difficult

Are we back at square one?

Summary(
•  Theore&cally(
–  Reusability(of(Algorithms(and(Resources(
–  Framework(Generality(

•  Prac&cally(
–  Systema&c(Evalua&on(

– Mul&linguality,(and(Integra&on(in(Applica&ons(
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The(EXCITEMENT(Project(

•  EXCITEMENT(Open(Pla_orm((EOP)(
– Mul&lingual(
–  ComponentYbased(
– Open(source(

•  hlp://www.excitementYproject.eu(

7(

The(EXCITEMENT(Project(
•  EU(FP(7(Project(
•  HEI,(DFKI,(BarYIlan,(FBK(+(industrial(partners(

•  Goal:(Provide(the(necessary(infrastructure(for(sustainable(
research(in(Textual(Entailment(

•  Specifica2on:(Modular(architecture(for(TE(systems(
•  Reusability(of(algorithms,(resources(through(interfaces(

•  Towards(“plug(and(play”(construc&on(of(systems(

•  PlaLorm:(Implementa&on(of(modular(specifica&on(
•  Working(for(English,(German,(Italian(
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The(EOP(Architecture(

9(

Pla$orm(

Linguis/c(
Analysis(

Pipeline((LAP)(

Entailment(Core((EC)(

Entailment(Decision((
Algorithm((EDA)(

Dynamic(and(Sta/c(Components(
(Algorithms(and(Knowledge)(

Linguis/c(
Analysis(

Components(
Decision(

1(

Raw(Data(

Specifica2on(
•  Linguis&c(Analysis(Pipeline(

•  Apache(UIMA:(linguis&c(analysis(=(enrichment(of(document(with(
strongly(typed(annota&on(

•  DKPro(type(system:(languageYindependent(representa&on(of((almost)(
all(linguis&c(layers(

•  Entailment(Core((JavaYbased)(
•  Interfaces(for(relevant(modules(

•  Also:(“sot”(constraints((“best(prac&ce”(policies)(
•  Ini&aliza&on(behavior,(error(handling,(…(
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Entailment(Core(
•  TopYlevel(interface:(Entailment(Decision(Algorithm(
•  TextYHypothesis(pair((UIMA)(in,(Decision(out(
•  Exis&ng(systems(can(be(wrapped(trivially(as(EDAs(

•  Three(major(component(types(
•  Annota&on(components(

•  Feature(components(
•  Knowledge(components(

•  (Don’t(cover(everything,(but(95%)(

11(

Components(
•  Annota&on(components(
•  Add(linguis&c(analysis(to((
the(P/H(pair,(e.g.(alignment(

•  Feature(components(
•  Compute(match/mismatch(features,(distance/
similarity(features,(scoring(features,(…(

•  Knowledge(components(
•  Provide(access(to(inference(rule(bases(

12(

Premise: India buys 1,000 tanks.
Hypothesis: India acquires arms.

India

buys

1,000 tanks

subj dobj

India

acquires

arms

subj dobj

0.9

1.0 0.7



EDITS(

13(

EDA 
Classifier parse  

trees 
of  
T&H 

Syntactic 
knowledge 
components 

Lexical 
knowledge 
components 

Entailment 
decision 

COMPONENTS Syntactic 
distance 
components 

Lexical 
distance 
components 

String 
distance 
components 

LAP 
tokenizer)
tagger)
NER)
parser)

coref3resol.)

TIE(

2nd$stage*
classifier*

Lexical*
scoring*

components*

Syntac7c*
*scoring*

components*

Seman7c*
*scoring*

component*

NE*
*scoring*

component*

Entailment 
decision 

LAP EDA 

Lexical**
knowledge*
components*

Syntac7c*
knowledge*
components*

parse  
trees, 
SRL of 
T&H 

COMPONENTS 

tokenizer*
tagger**
parser**
NER*
SRL*

1st-stage  
classifiers 

14(



BIUTEE(
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EDA 

Formal'reasoning'
mechanism'

T&H 
in 
formal 
language 

Entailment 
decision 

COMPONENTS Lexical 
knowledge 
components 

Syntactic 
knowledge 
components 

Background 
knowledge 
components 

LAP 

Linguis1c'
preprocessing''

Formal'
language'
transla1on'

16(



Status(
•  Datasets((Based(on(RTEY3(data)(
–  English,(German,(Italian,(1600(TYH(pairs(for(each(

•  LAPs(
–  For(three(languages(

•  EDAs(
–  Three(EDAs,(EDITS,(TIE,(and(BIUTEE(

•  Various(components(
•  …and(Many(knowledge(resources(

17(

Benefits(and(further(plans(
•  Reusability(
•  Import(of(BIUTEE’s(large(lexical(resources(into(EDITS(
for(more(informed(syntac&c(distance(measures(

•  Use(TIE’s(seman&c(role(labeller(to(extend(BIUTEE’s(
knowledge(resources(

•  “Toolbox”(for(future(experiments(

•  Comparable(sexngs(for(experiments(across(EDAs(
•  constant(resources,(constant(preprocessing,(…(

•  PlaLorm(will(be(open8sourced(
•  Community(of(users(
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System(Demo(

Subscribe(to:(

hlp://hl_bk.github.io/ExcitementYOpenY
Pla_orm/mailYlists.html(
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Public(
release(on(
August(1st!(

Wrap8Up(
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Structure(of(the(Tutorial(
•  Part(1([SP]:(Introduc&on(and(Basics(
•  Part(2([RW]:(Classes(of(Strategies(and(Learning(
•  Part(3([SP]:(Knowledge(and(Knowledge(Acquisi&on(
•  Part(4([SP]:(Applica&ons(
•  Part(5([RW]:(Mul&lingual,(ComponentYbased(System(
Building(
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Develop(principled(&(prac&cal(inference(over(NL(
representa&ons(
•  Analogous(to(principled(�logics�((learning((based)(
•  Most(current(applied(inferences(are(adYhoc((

(in(RTE(or(applica&onYspecific)(

Develop(methods(for(acquiring(vast(inference(
knowledge(

Represented(in(language(structures(

Explore(new(applica&on(scenarios(
•  General(seman&c(rela&on(between(texts(

Not(Covered(in(this(Tutorial(
•  Formal(reasoning(methods(
–  Tatu(et(al.((2006);(Bos(and(Markert((2005);(
MacCartney(and(Manning((2007);(Clark(and(Harrison(
(2009a,b)(

•  Corpus(construc&on(
–  Cooper(et(al.((1996);(Burger(and(Ferro((2005);(Wang(
and(Sporleder((2010);(Wang(and(CallisonYBurch((2010)(

•  Related(tasks:(Paraphrase(acquisi&on,(Seman&c(
textual(similarity,(etc.(

•  Crosslinguality:(Mehdad(et(al.((2010)(
22(



Further(Reference(
•  Tutorials(
–  Dagan(et(al.(,ACL(2007(
–  Sammons(et(al.,(NAACL(2010(

– Wang,(HITYMSRA(Summer(School(2012(
•  hlp://mitlab.hit.edu.cn/2012summerschool/(

–  Zanzolo,(Web(Intelligence(2012(
•  hlp://art.uniroma2.it/zanzolo/teaching/tutorials/
rte_at_web_intelligence/(

•  ACL(RTE(resource(pool(
–  hlp://aclweb.org/aclwiki/index.php?
&tle=Textual_Entailment_Resource_Pool(
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Further(Reference(
•  Book(
–  Dagan,(I.,(Roth,(D.,(and(Zanzolo,(F.(M.((2012).(Recognizing(
Textual(Entailment:(Models(and(Applica&ons.(Number(17(
in(Synthesis(Lectures(on(Human(Language(Technologies.(
Morgan(&(Claypool.(

•  Book(chapters(&(Journal(Ar&cles(
–  Dagan,(I.,(Dolan,(B.,(Magnini,(B.,(and(Roth,(D.((2009).(
Recognizing(textual(entailment:(Ra&onal,(evalua&on(and(
approaches.(Natural(Language(Engineering,(15(4).(
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Further(Reference(
•  Book(chapters(&(Journal(Ar&cles(
–  Androutsopoulos,(I.(and(Malakasio&s,(P.((2010).(A(Survey(
of(Paraphrasing(and(Textual(Entailment(Methods.(Ar&ficial(
Intelligence(Research,(38:135–187.(

– M.(Sammons,(V.G.(Vydiswaran,(and(D.(Roth((2012).(
Recognizing(Textual(Entailment.(In:(Mul&lingual(Natural(
Language(Applica&ons:(From(Theory(to(Prac&ce.(

–  S.(Pado(&(I.(Dagan.((to(appear).(Textual(Entailment.(Oxford(
Handbook(of(Natural(Language(Processing.(
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Thank(YOU!(

Subscribe(to:(

hlp://hl_bk.github.io/ExcitementYOpenY
Pla_orm/mailYlists.html(
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