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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(
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Overview(
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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(
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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(
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Example:(Ques4on(Answering(

•  Other(applica&on:(Rela&on(Extrac&on([Roth(et(al.(2009](
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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(
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Example:(MT(Evalua4on(

•  Other(applica&on:(Student(Answer(Assessment((
[Nielsen(et(al.(2009](
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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(
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Example:(Term(Replacement(in(MT(
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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](
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Example:(Informa4on(Presenta4on(
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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
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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(
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3. Classification 

The(Stanford(Textual(Entailment(
System(

1.  Graph Alignment 2.  Features 
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1.  Graph Alignment 2.  Features 

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

buys 
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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)(
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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)(
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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/(
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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(
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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(
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(“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](
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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(
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Results�

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