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Introduction

An essential part of our understanding of natural language is the ability to infer from a
statement or a larger piece of text what other things a reader would be entitled or inclined
to conclude about what the author believes in addition to what she actually says. The field
of nlp includes decades of work dedicated to this issue. In this section we discuss briefly
the four mile posts that have led us to the point at which we are today and what we plan
to do next:
1. the FraCaS data set from 1996
2. the series of rte challenges from 2005 up to 2011
3. the recent sick, snli and multinli corpora
4. our own work on implicative constructions
5. the goals for this work group

1.1

FraCaS

The beginnings of the modern approach to the problem of textual inference can be traced
to the FraCaS project (Cooper et al., 1996), a consortium sponsored by the European
Union. The main contribution of the project was a set of 346 inference problems. The
FraCaS problem set was strongly influenced by the fact that the senior members on
the team (Robin Cooper, Hans Kamp, Manfred Pinkal, Stephen Pulman, and Jan van
Eijck) were semanticists steeped in the Montague tradition. Consequently, the problem set
has examples of a wide variety of problems in formal semantics: generalized quantifiers,
negation, monotonicity, anaphora, ellipsis, comparatives, adjectives, temporal relations, and
propositional attitudes. The problem set consists examples with one or two premises, a
question, a hypothesis and a judgement about the relation between the premise(s) and the
hypothesis. For example,
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fracas-006 answer: no
p1: No really great tenors are modest.
q: Are there really great tenors who are modest?
h: There are really great tenors who are modest.
fracas-010 answer: yes
p1: Most great tenors are Italian.
q: Are there great tenors who are Italian?
h: There are great tenors who are Italian.
fracas-012 answer: undef1
p1: Few great tenors are poor.
q: Are there great tenors who are poor?
h: There are great tenors who are poor.
a: Not many
One lasting contribution of FraCaS was to frame natural language inference as a threeway classification task: yes (= entails), no (= contradicts), and = undefined (neither,
permits).
In the early versions of rte (Dagan et al., 2006), the next attack of the problem, there
was a regression into a two-way distinction: true (= entails) and false (= doesn’t entail)
but in later versions of the rte test sets the three-way distinction of entails, contradicts,
or neither was reintroduced thanks to arguments by FraCaS alumni such as Dick Crouch
at parc who pointed out that it was important to not to conflate the contradiction of A
and B with the case of A and B entailing nothing at all of the truth or falsity of the other.
Another, a more controversial aspect of FraCaS, is that it that the semantic relations
it postulates between premises and hypotheses are only based on the semantics of the particular construction and the lexical meaning of the words involved. The data set contains
no examples where the answers would depend on augmenting the premise with some background knowledge about the world. For example, it was assumed that the antecedent of
an anaphoric expression such as he, it, and she was included in the premise, the pronoun
was supposed not to be deontic or refer to something salient in the context that was not
explicitly mentioned.
The FraCaS data set was intended to be a testsuite for semantics, analogous to syntactic testsets that were created for evaluating the coverage of grammar implementations
of theories such as hpsg and lfg. However, the project did not include any evaluations
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It is true that few tenors are poor can be considered true in the case where there are no poor tenors.
However, unless the author qualifies the premise by saying few tenors, in fact, no tenors,are poor, the
addressee would be justified in inferring that the author thinks that some tenors are poor. If the author
were in the position to make a stronger statement, she should have said no instead of few. We will come
back to this topic in the discussion of invited inferences.
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and there was no follow-up. The first study that used a part of the FraCaS suite for its
intended purpose appears to be MacCartney and Manning (2007).

1.2

RTE – Recognizing Textual Entailment Challenges

The influential initiative of Dagan et al. (2006) spawned a series of rte workshops in which
several research groups where competing on a shared task. For each rte workshop, two
data sets were prepared, one for training and development, the other for testing. As in the
FraCaS suite, each example was a triple consisting of a premise t, one or more sentences,
a hypothesis h, and a label l for the relation between t and h. The first rte challenges
were a two-way classification tasks. The correct label was either true or false depending
on whether h was ‘entailed’ by t. For Dagan et al. (2006) this notion is not a logical
entailment but a less strict relation:
We say that t entails h if the meaning of h can be inferred from the meaning
of t, as would typically be interpreted by people. This somewhat informal
definition is based on (and assumes) common human understanding of language
as well as common background knowledge.
One example of a plausible inference that is not a logical entailment is the triple
id="586" value="TRUE" task="QA"
t: The two suspects belong to the 30th Street gang, which became embroiled in
one of the most notorious recent crimes in Mexico: a shootout at the Guadalajara airport in May, 1993, that killed Cardinal Juan Jesus Posadas Ocampo
and six others.
h: Cardinal Juan Jesus Posadas Ocampo died in 1993.2
Currently many people prefer the more general term Natural Language Inference, nli, over
Recognizing Textual Entailment, rte.
The nature of the rte data sets is the opposite of carefully constructed, small examples
of FraCaS that typically illustrate the semantics of one particular construction or lexical
item, such as the determiners no, most, and few in the examples above. The examples
contain snippets of newspaper text, headlines. They are often challenging to parse and
predicting the correct label may require in principle an unlimited amount of knowledge
about the world. In rte1 they range from trivial examples like
id="78" value="FALSE" task="IR"3
t: Clinton’s new book is not big seller here.
h: Clinton’s book is a big seller.
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The cardinal might not have succumbed to his injuries right away.
Logically this example is not a contradiction although some people might draw that conclusion. In a
data set for three-way classification (entails, contradicts, neither ), this example probably should be labeled
neither . Deleting here in a downward monotonic environment is not a truth-preserving operation. The
book could be a big seller everywhere else.
3
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to truly difficult ones such as
id="85" value="TRUE" task="IR"
t: The country’s largest private employer, Wal-Mart Stores Inc., is being sued by a
number of its female employees who claim they were kept out of jobs in management
because they are women.
h: Wal-Mart sued for sexual discrimination.
This example requires understanding that keep someone out of a job is here a paraphrase of not
hire someone for a job, and the knowledge that not hiring someone for a job because of the
applicant’s gender is an act of sexual discrimination, which is against the law.
Because of many difficult examples like this one, it is not surprising the the results of the rte1
challenge are rather modest. Of the systems that covered all of the test data, the winner achieved
0.6 accuracy, only 0.1 above the baseline of randomly choosing between true and false. This left
much room for further improvements.
The later rounds of rte challenges deliver better results by using more of available linguistic
resources, sometimes in a hacky way. The best result ever in the classical rte task seems to have
been achieved by Hickl and Bensley’s (2007) system with its 0.8 accuracy in the binary version
of the classification task. The system has a complex architecture that incorporates a multitude
of components including WordNet, n-gram\word similarity, Logical inference, ML Classification,
Anaphora resolution, Entailment Corpora, dirt, and Background Knowledge (Giampiccolo et al.,
2007).
It is difficult to figure out from the architecture diagram in Figure 1 how the various

Figure 1: Hickl-Bensley System Architecture
lingware components interact with each other. But the overall strategy is clear: collect all the
specific commitments from the text and the hypothesis separately, compare the list of t and h
commitments at the end, and predict contradicts or entails accordingly.4
The data set in rte 3 consisted of 1600 t-h pairs. Although it is nearly five times larger than
the FraCaS suite, the systems derived from it or any other of the rte challenge data sets does
not have sufficient coverage for real world applications.
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I feel empathy for this approach because it is rather similar in overall design to the Bridge system
(Bobrow et al., 2007) at parc that were working at about the same time except that we started with a
preprocessing step that converted the input into a knowledge representation. At the end of the Bridge pipe
line we also had a component corresponding to the Contradiction Detection box in Figure 1.
Contradiction detection is a very difficult task. Consider the colors blue and red. A car that is blue is not
red: my car is blue and my car is red is a contradiction. However, I have a blue car does not contradict I
have a red car. But the statements A blue car won the Indianapolis 500 and A red car won the Indianapolis
500 cannot both be true about the same race. Replacing won by lost removes the contradiction. A winner
is unique, losers are not.
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If the phenomena to be covered is extended, a system such as Hickl and Bensley’s cannot be
scaled up manually. There is a huge number of special expressions similar to sexual discrimination
that are difficult to define explicitly by logical inference rules although they might might be learnable
sufficiently well given a large set of examples. The meaning of such multiword expressions cannot
be defined compositionally or by a simple computable rule. Not finding any contradiction, Hickl
and Bensley probably would correctly predict entails for the example above but it would incorrectly
do the same for Wal-Mart sued for sexual harassment.

1.3

The recent SICK, SNLI, and MultiNLI corpora

Vector-based models for compositional semantics had been proposed in several articles (Mitchell and
Lapata, 2008; Baroni and Zamparelli, 2010; Grefenstette and Sadrzadeh, 2011) but the progress was
hampered by the lack of an rte like corpus for training and evaluating such models. The sick corpus
(Sentences Involving Compositional Knowledge) was created for a shared task in SemEval-2014
(Marelli et al., 2014). It has about 10,000 t- h examples annotated for similarity and the semantic
relation (entailment, contradiction, neither ). The sick examples were derived from descriptions of
images and video snippets created by Turkers. From each seed sentence up to three new sentences
were created manually: (i) a sentence with a similar meaning, (ii) a sentence with a contradictory
meaning, and (iii) a sentence with mostly the same lexical items but a di↵erent meaning. In this
step, ‘syntactic and lexical transformations with predictable e↵ects were applied’ (Marelli et al.
2014: 2).
The purpose of sick was to create a compositional semantics suite that did not require namedentity recognition or encyclopedic knowledge about the world. The semantic relation between t
and h was meant to be decidable on purely linguistic evidence. In this respect the sick data set is
easier than the rte test suites. The accuracy of the five best performing systems in SemEval-2014
were all above 80%.
Instead of concentrating on the application compositional techniques to word vectors, the
SemEval-14 participants for the most part used non-compositional methods and resources such
as WordNet. The best-performing systems combine multiple similarity metrics to infer the relation
between the premise text and the hypothesis.
By the following year, the focus of the field had moved on to newer methods. The snli corpus
(Bowman et al., 2015) was created to overcome the perception that the sick data set was too
small for developing neural network based models. snli is about 57 times larger than sick, both
are based on image captions. The first neural net model (Bowman et al., 2015) achieved 77.6%
accuracy on the snli test set. In later models e.g. (Rocktäschel et al., 2015; Chen et al., 2017) the
accuracy exceeds 80%.
The seed examples for sick and snli were captions provided by Turkers for images. In developing the sick corpus, the extension steps, (i)-(iii) above, for the seed image captions were created by
linguists, by the developers of the data set. In the case of snli, the extension steps were outsourced
to Turkers. Deriving the sentences from image captions has an unfortunate consequence: in these
data sets contradiction is not semantic contradiction. For instance, the sick data set contains
examples like
t: Two young kids are eating corndogs.
h: Two young kids are fasting.
l: contradiction
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Only with a definite article, the two young kids, t and h would be in contradiction. snli has plenty
of similar examples:
t: A couple walk hand in hand down the street.
h: A couple is sitting on a bench.
l: contradiction
There could be a situation where the t- h pairs are both true and there could be a picture showing
the scene. What contradiction means in sick and snli is that t and h are not captions for the
same picture.
In a work on image descriptions Young et al. (2014: 68) develop a notion of visual denotations:
“we propose to instantiate the abstract notions of possible worlds or situations with
concrete sets of images. The interpretation function J·K maps sentences to their visual
denotations JsK which is the set of images i 2 Us ✓ U in a ‘universe’ of images U
that s describes: JsK = { i 2 U | s is a truthful description of i}”

In visual denotation semantics as presented in Young et al. (2014), a hypothesis h contradicts a
premise t just in cases h is a caption for some image i that is not in the extension of the premise:
i2
/ JtK.
The successor to snli is the multinli (Williams et al., 2017) corpus presented at RepEval-2017
workshop. It consists of 433K examples. Unlike its immediate predecessors, multinli is not based
on image captions. Each seed sentence is picked from a broad range of written and spoken English.
Each premise is derived from one of ten genre sections of the corpus. The hypotheses and the
corresponding labels were generated by a crowd worker in response to a premise.
Because the premises in multinli are not rephrased from image captions, the new data set is
not skewed in the same bad way as sick and snli are, where negative premises are exceedingly rare
because of the way the premises we are derived. Image captions are typically about what is in the
picture, not about things it doesn’t show.

1.4

Our work on implicative constructions

The starting point for our research in deep learning technologies for textual inference was the long
interest we have had in lexical semantics, in particular, implicative constructions (Karttunen, 1971;
Karttunen and Peters, 1979; Karttunen, 2012, 2016). Implicative constructions include simple
verbs that take infinitival complements such as manage, and fail, and a great number of verb+noun
constructions such as meet obligation and lack foresight.
The characteristic feature of implicative constructions is that they yield an entailment about
the the truth of the complement clause. John managed to pass the exam entails John passed the
exam; John did not manage to pass the exam entails that he did not pass. Substituting fail for
manage turns a positive entailment into a negative one, and vice versa.
Nairn et al. (2006) describes how the implicative inferences were computed in parc’s Bridge
system in the early naughts. MacCartney (2009); MacCartney and Manning (2009) shows how the
same inferences are obtained with MacCartney’s Natural Logic rewrite rules.
Implicative constructions have not been systematically studied in the context of the studies
discussed in the previous section. There are hardly any examples of them the rte, sick, and snli
data sets. multinli includes a scattering of examples with manage and fail but no examples of any
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phrasal implicatives.5 To address this shortcoming, we have assembled a large corpus and trained
three simple models that learn implicatives.(Cases et al., 2017).

1.5

Goals for this workshop

In our previous work on implicatives we wanted to find out whether the vector representations
of verb and noun meanings would enable our models to learn generalizations that are easy and
intuitive for humans. For example, once you have learned that Sally has met her obligation to file
a tax return entails that she has filed a tax return, you also know that if you replace obligation by
a noun that has a similar meaning such as duty, requirement and responsibility, the new sentence
has the same entailment as the original. The same goes for the verb meet in this construction. It
could be replaced by fulfill and satisfy without a↵ecting the entailment. Phrasal implicatives come
in families. The experiments in Cases et al. (2017) showed that our model did poorly when it was
tested completely novel constructions that had not been seen before in training or validation. But if
some of the novel constructions were part of the validation set, the model showed, for example, that
having been trained on examples with miss chance, take chance and waste chance it did perform
well on analogous constructions with opportunity.
One problem related to the generalization capabilities is the relation between the implicative
constructions themselves. Although the model has learned that John solved the problem is entailed
by John managed to solve the problem and contradicted by John failed to solve the problem it is
unable to classify the relation between John managed to solve the problem and John failed to solve
the problem as a contradiction. As humans we know, without having been taught, that if A entails
C and B entails ¬C, then A contradicts B, and vice versa.
We would like to construct models that not only learn simple one step inferences but also learn
the basic properties of entailment and contradiction.
• Every statement entails itself.
• Entailment is transitive.
• Contradiction is symmetric.
We would like to hear your ideas about how to do that or be convinced that the problem is
beyond what neural nets can do.
As the first step towards learning about transitivity, we have started a corpus of embedded
implicatives. Implicatives constructions can be stacked. Here are some examples picked from the
internet.
Cindy had also managed(+|-) to forget(-|+), to bring her makeup.
I managed to remember to take pictures.
I managed to fail to plug my phone in overnight.
They failed to manage to grasp the reality of what was being said.
It had failed to meet the duty to co-operate.
The resident failed to have the wherewithal to respond to the unlawful detainer action.
Freeland failed to obey the order to stop.
I forgot to remember to forget her.
5

multinli contains 66 positive premises with the manage to VP construction but only 6 negative
ones, probably too few to induce its inference pattern.
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He also remembered to take time to celebrate.
Less than a fifth of the electorate bothered to turn out to vote.
No one bothered to take the trouble to ever tell you.
Millions of people dared to turn out to call for Mubarak to stand down.
A gull dared to have the gall to swoop down really low near a sailboat.
In the first example we have added the ‘implicative signatures’ of manage(+|-) and forget(-|+),
where (+|-) = positive entailment under positive polarity, negative entailment under negative
polarity, (-|+) = negative entailment under positive polarity, positive entailment under negative
polarity. Since the top-level sentence is positive, managed(+|-) preserves the positive polarity but
the forget(-|+) clause flips the polarity from positive to negative for its complement. Thus the top
level sentence entails that Cindy did not bring her makeup.
The rte, sick and snli contain no examples of phrasal implicatives. The multinli corpus has a
few examples of take time but probably too few to induce the correct +|- signature for this phrasal
implicative because the examples are all positive. The model may learn that the professor took
the time to read my paper entails the professor read my paper but, in the absence of any negative
version of the premise, it will not learn that the professor did not take the time to read my paper
entails that she did not do it.
There are hundreds of phrasal implicatives in English, most of them not well represented even
in large data sets such as snli and multinli. They are in the ‘long tail’ of the language that
nlp systems eventually have to master to come close to the human performance. Our data set
of implicative constructions is useful to that end even if it is ‘synthetic,’ that is, constructed by a
program, by ‘syntactic and lexical transformations with predictable e↵ects’ as was the case with
sick, instead of people as in snli and multinli.
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