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Abstract

Recognizing Textual Entailment (RTE) is to detect an important relation
between two texts, namely whether one text can be inferred from the
other. For natural language processing, especially for natural language
understanding, this is a useful and challenging task. We start with an
introduction of the notion of textual entailment, and then define the scope
of the recognition task.

We summarize previous work and point out two important issues in-
volved, meaning representation and relation recognition. For the former,
a general representation based on dependency relations between words or
tokens is used to approximate the meaning of the text. For the latter, two
categories of approaches, intrinsic and extrinsic ones, are proposed. The
two parts of the thesis are dedicated to these two classes of approaches.
Intrinsically, we develop specialized modules to deal with different types
of entailment; and extrinsically, we explore the connection between RTE
and other semantic relations between texts.

In the first part, an extensible architecture is presented to incorporate
different specialized modules handling different types of entailment. We
start with one specialized module for handling text pairs with temporal
expressions. A separate time anchoring component is developed to rec-
ognize and normalize the temporal expressions contained in the texts.
Then it is shown that the generalization of this module can handle texts
containing other types of named-entities as well. The evaluation results
confirm that precision-oriented specialized modules are required.

We also describe another module based on an external knowledge re-
source. A collection of textual inference rules is applied to the RTE task
after being extended and refined with a hand-crafted lexical resource.
The evaluation results demonstrate that this is a precision-oriented ap-
proach, which can also be viewed as a specialized module. As alternative
resources, we also present a pilot study on acquiring paraphrased frag-
ment pairs in an unsupervised manner.

In the second part of the dissertation, a general framework is proposed
to view textual entailment as one of the generalized Textual Semantic
Relations (TSRs). Instead of tackling the RTE task in a standalone
manner, we look at its connection to other semantic relations between
two texts, e.g., paraphrase, contradiction, etc. The motivation of such a
generalization is given as well as the framework of recognizing all these
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relations simultaneously.

The prerequisites of the TSR recognition task are data and knowledge
resources. An overview of all the corpora used for the experiments is
given and followed by a discussion of the methodologies used in their
construction. Then we elaborate on two corpora we constructed: one has
a new annotation scheme of six categories of textual semantic relations
with manual annotations; and the other uses a crowd-sourcing technique
to collect the data from the Web.

After that, textual relatedness recognition is introduced. Although
relatedness is usually user- and situation-dependent, in practice, it can
help with filtering out the noisy cases. It is linguistically-indicated and
can be viewed as a weaker concept than semantic similarity. In the
experiments, we show that an alignment model based on the predicate-
argument structures using relatedness as a measurement can help an RTE
system to recognize the UNKNOWN cases (i.e. neither ENTAILMENT nor
CONTRADICTION) at the first stage, and improve the overall performance
in the three-way RTE task.

Finally the TSR classification is presented. A generalization of all the
meaning representations described in the previous approaches is given.
Then, a multi-dimensional classification approach is introduced, includ-
ing relatedness as one of the dimensions. The other two are inconsistency
and inequality. The approach is evaluated on various corpora and it is
shown to be a generalized approach to entailment recognition, paraphrase
identification, and other TSR recognition tasks. The system achieves the
state-of-the-art performance for all these tasks.

As for the future work, we discuss several possible extensions of the
current approaches. Some of the modules contained in the system have
been already successfully applied to other natural language processing
tasks. The promising results confirm the direction of research on this
task and broaden the application area.



Zusammenfassung

Die Erkennung von texuellem Entailment (Recognizing Textual Entail-
ment, RTE) ist das Aufdecken einer wichtigen Beziehung zwischen zwei
Texten, namlich, ob man den einen aus dem anderen schlieen kann.
RTE ist eine niitzliche und herausfordernde Aufgabe fiir die automatische
Verarbeitung nattirlicher Sprachen im Allgemeinen und das maschinelle
Sprachverstehen im Besonderen. Die Arbeit beginnt mit der Begriff-
serklarung und einer Definition der Erkennungsaufgabe.

Wir fassen bisherige Forschungsergebnisse zusammen und stellen dabei
zwei wesentliche Themen heraus: Bedeutungsreprasentation und Erken-
nung von Relationen. Fir erstere benutzen wir eine allgemeine Reprasen-
tation, die auf Dependanzrelationen zwischen Wortern oder Token basiert,
um die Bedeutung des Textes zu approximieren. Fiir die Relationserken-
nung werden zwei verschiedene Arten von Ansétzen vorgeschlagen: in-
trinsische und extrinsische. Die Dissertation gliedert sich in zwei Teile
entlang dieser Unterscheidung. Im Rahmen der intrinsischen Ansatze
entwicklen wir spezialisierte Module um verschiedene Arten von Entail-
ment zu behandeln, mit den extrinsischen Ansatzen untersuchen wir die
Verbindung von RTE und anderen semantischen Relationen zwischen
zwel Texten.

Der erste Teil prasentiert eine erweiterbare Architektur, die unter-
schiedliche spezialisierte Module fiir unterschiedliche Arten von Entail-
ment integriert. Wir beginnen mit einem spezialisierten Modul, welches
Text-Paare mit temporalen Ausdriicken behandelt. Fiir die Erkennung
und Normalisierung von temporalen Ausdriicken wurde eine separate
Zeitverankerung-Komponente entwickelt. Dann zeigen wir, dass eine Ve-
rallgemeinerung dieses spezialisierten Moduls auch Texte mit anderen
Arten von Eigennamen verarbeiten kann. Die Evaluationsexperimente
zeigen, dass prazisionsorientierte spezialisierte Module erforderlich sind.

Wir stellen weiterhin ein Modul vor, welches auf einer externen Wis-
sensressource basiert. Eine Reihe von Folgerungs-Regeln wird mit Hilfe
einer manuell erstellten lexikalischen Ressource erweitert und verfeinert,
um dann auf die RTE-Aufgabe angewendet zu werden. Die Evaluation-
sexperimente verdeutlichen, dass es sich dabei um einen prazisionsorien-
tierten Ansatz handelt, welcher auch als ein spezialisiertes Modul betra-
chtet werden kann. Als alternative Ressourcen prsentieren wir eine Pilot-
studie, in der wir paraphrasierte Fragment-Paare in einem uniiberwachten
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Ansatz gewinnen.

Der zweite Teil der Dissertation prasentiert ein allgemeines Rahmen-
werk, in dem textuelles Entailment als Sonderfall von textuellen seman-
tischen Relationen (Textual Semantic Relation, TSR) betrachtet wird.
Statt das RTE-Problem isoliert zu bearbeiten, betrachten wir die Gemein-
samkeiten mit anderen semantischen Relationen zwischen zwei Texten,
zum Beispiel Paraphrase, Kontradiktion, usw. Wir erlautern die Motive
fiir eine solche Verallgemeinerung und prasentieren ein Rahmenwerk, um
alle solchen Relationen simultan zu erkennen.

Die Voraussetzung fiir die TSR-Erkennung sind Daten- und Wissensres-
sourcen. Wir geben einen Uberblick {iber alle Korpora, die wir fur die
Experimente benutzt haben und diskutieren die Methoden zur Erstellung
solcher Korpora. Danach erklaren wir die Erstellung von zwei Korpora:
Ein Korpus beinhaltet manuelle Annotationen gemafl einem neuen An-
notationsschema fiir sechs Kategorien von textuellen semantischen Re-
lationen, der andere Korpus wurde mithilfe von Schwarmauslagerung
(Crowd-Sourcing) erstellt, welches Daten aus dem Internet sammelt.

Danach wird die Erkennung von textueller Verwandtheit (textual re-
latedness) vorgestellt. Obwohl Relatedness normalerweise benutzer- und
situationsabhangig ist, kann es in der Praxis helfen, problematische Falle
auszusortieren. Es ist linguistisch indiziert und ist ein schwacheres Kon-
zept als semantische Ahnlichkeit. In Experimenten zeigen wir, dass
ein Alignierungsmodell, das auf Pradikat-Argument-Strukturen basiert
und dabei Relatedness als Mafl benutzt, einem RTE-System helfen kann,
diejenigen Fille (UNKNOWN) zu erkennen, die weder als Folgerung
(ENTAILMENT) noch Widerspruch (CONTRADICTION) zu kategorisieren
sind und auflerdem auch zur Verbesserung der Gesamtleistung in der
RTE-Aufgabe mit drei Antworten beitragt.

Am Ende wird die TSR-Klassifizierung vorgestellt. Wir prasentieren
eine Verallgemeinerung von allen vorher beschriebenen Bedeutungsrepra-
sentationen und stellen einen multidimensionalen Ansatz zur Klassifizie-
rungs vor. Die drei Dimensionen dieses Ansatzes sind neben Verwandheit
(Relatedness), auch Inkonsistenz (Inconsistency) und Ungleichheit (In-
equality). Dieser Ansatz wird mit verschiedenen Korpora evaluiert und
es wird deutlich, dass dies eine allgemeine Losungsmoglichkeit fiir Fol-
gerungserkennung (RTE), Identifizierung von Paraphrasen und anderen
TSR-Erkennungsaufgaben ist. Die Performanz des implemtierten Sys-
tems ist auf derselben Stufe wie die der andereren Systeme.

Die Arbeit schlieit ab mit einem Blick auf mogliche zukiinftige Er-
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weiterungen der vorgestellten Ansatze. Einige der beschriebenen Mod-
ules des Gesamtsystems wurden schon erfolgreich auf andere Probleme
der natiirlichen Sprach-verarbeitung angewandt. Diese positiven Ergeb-
nisse bestatigen diese Forschungs-richtung und erweitern das Anwen-
dungsgebiet.
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1 Introduction

This chapter gives an overview of this dissertation. We start with an
introduction of recognizing textual entailment (RTE). For natural lan-
guage processing (NLP), especially for natural language understanding,
this is a useful and challenging task. Then we define the scope of the
task under consideration in this dissertation. Following that, a proposal
is presented, which provides two categories of approaches, intrinsic and
extrinsic ones. In the end, the structure of the dissertation is given as
well as a summary of each chapter.
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1.1 Motivation

Entailment is widely used in many aspects of the human life. Assume
that someone is seeking for something and he or she searches for the
answer from books, friends, or the Web. In most cases, the information
gathered or retrieved is not the exact answer, although the (information)
seeker may have one in his or her mind. Instead, the consequences of the
original goal may be detected, so the inference plays a role and confirms
or denies the original information being sought.

For instance, John wants to know whether the Amazon river is the
longest river in the world. Naturally, he can find the exact lengths of
the Amazon and other rivers he knows of, and then compare them. But
once he sees “Egypt is one of the countries along the longest river on
earth”, he can already infer that Amazon is not the longest river, since
Egypt and the Amazon river are not on the same continent. Similarly,
assuming that Albert is not sure who is the current president of the U.S.,
Bush or Obama, since both “president Bush” and “president Obama”
are retrieved. If he performs an inference based on one of the retrieved
documents containing “George Bush in retirement”, the answer is obvi-
ous. In short, finding out the exact information is not always trivial, but
inference can help a lot. In both cases, the retrieved information entails
the answer instead of being the precise answer.

Entailment also occurs frequently in our daily communication, with re-
spect to language understanding and generation. Usually we do not liter-
ally interpret each other’s utterances, nor express ourselves in a straight
way. For example,

e Tom: Have you seen my iPad?
e Robin: Oh, nice! I'd like to have one too.

e Tom: You have to get one.

The dialogues seem to be incoherent, if we literally and individually
interpret each sentence. Firstly, Tom asks a yes-no question, but Robin
does not directly give the answer. Instead, Robin implies that he has not
seen it before the conversation by showing his compliment to it (“Oh,
nice!”). Probably Tom is showing his iPad to Robin during the conver-
sation. Robin’s second sentence also implies that he does not have an
iPad till then, and therefore Tom’s response is a suggestion for him to
get one.
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If we literally interpret the conversation, it sounds a bit awkward. Here
is one possibility:

e Tom: Here is my 1Pad.

e Robin: I haven’t seen it before. It is nice. I don’t have one, but I'd
like to have one.

o Tom: I suggest you get one.

Although the interpreted version may be easier for the computers to
process human dialogues, the original conversation occurs more naturally
in our daily life. Each utterance in the interpreted version is actually
implied or entailed by the utterances in the original conversation. Con-
sequently, if we want to build a dialogue system, dealing with this kind
of implication or entailment is one of the key challenges. Let alone there
is common sense knowledge which does not appear in the dialogue but
is nevertheless acknowledged by both speakers, e.g., what an iPad is.

In general, following Chierchia and McConnell-Ginet (2000), we refer
to such a relationship between two texts as Textual Entailment in this dis-
sertation. The task, Recognizing Textual Entailment (RTE), is a shared
task proposed by Dagan et al. (2006), which requires the participating
systems to predict whether there exists a textual entailment relation be-
tween two given texts, usually denoted as text (T) and hypothesis (H).
An example is like this:

T: Google files for its long awaited IPO.
H: Google goes public.

As for the NLP perspective, RTE can be viewed as a generic seman-
tic processing module, which serves for other tasks. For instance, it
has already been successfully used for question answering (Harabagiu
and Hickl, 2006), including answer validation (Penas et al., 2007, Ro-
drigo et al., 2008), information extraction (Roth et al., 2009), and ma-
chine translation evaluation (Padé et al., 2009a). In the long term, RTE
can also play an important role in understanding conversation dialogues
(Zhang and Chai, 2010), metaphors (Agerri, 2008), and even human-
robot communication (Bos and Oka, 2007).
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1.2 Scope

Textual entailment originates from entailment or logical implication in
logic. Typically it is defined in terms of necessary truth preservation,
which is some set of sentences T entails a sentence A if and only if it is
necessary that A be true whenever each member of T is true. It can be
represented as A = B or A C B. Notice that we only consider the cases
when A is true, excluding the —A cases. In linguistics, this phenomenon
is similar to implication, which includes conventional and conversational
implicature as well. For instance, the “Google” example shown at the
end of last subsection is a conventional implicature.

Modality is another issue to mention. In the most common interpre-
tation of modal logic, people consider “logically possible worlds” (Lewis,
1986). One proposition is a

e Necessary or Impossible proposition: if a statement is true or false
in all possible worlds;

e True or Fulse proposition: if a statement is true or false in the actual
world;

e Contingent proposition: if a statement is true in some possible worlds,
but false in others;

e Possible proposition: if a statement is true in at least one possible
world.

Ideally, if the entailment relation holds between two propositions, it
holds in all possible worlds; while in practice, the language usually con-
cerns a subset of all the possible worlds. The simplest case would be the
actual world, if the modality does not change. Therefore, we can group
all the text pairs into two categories:

1. The speaker does not change the modality;

2. The speaker changes the modality into some other possible world(s)
or even all the possible worlds (e.g., universal quantifiers).

Since we cannot really verify the relation in all possible worlds, our
goal here is to know whether it holds in the possible worlds set by the
context. Furthermore, in practice, most of the work in this dissertation
focuses on the first category, which can roughly be viewed as the actual
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world; and the others allow different possible worlds, e.g., entailment
involving temporal expressions (Chapter 4).

The work discussed in this dissertation differs from traditional ap-
proaches to solving logical entailment in the following two ways: a) we
make the simplifying assumptions discussed above; and b) instead of
dealing with propositions or logic forms, we handle plain texts, which
leads us to face the ambiguous nature of natural languages.

If we make an analogy to the “triangle” in the machine translation
(MT) community (Figure 1.1), we can visualize the RTE task as a rect-
angle (Figure 1.2). The MT triangle says, from the source language to
the target language, there exist many possible paths. We can do a direct
translation based on the surface strings, or we can apply some linguistic
analysis first to obtain the meaning of the two texts. Furthermore, the
depth of this analysis is underspecified, and thus, the representation of
the (approximated) meaning varies. Similarly, the RTE rectangle does
not require an explicit or concurred meaning representation. The key
criterion is to verify the inclusion or subsumption relation between the
two sides.

MT Triangle

/L)\ Semantic Parsing
—>

Languagé ——> | anguage
Understanding Generation

[\

Direct
Source Text— 1, ation —> 1arget Text

Syntactic Parsing

POS Tagging

Tokenization

Meaning 'l*
|
|
|
|
|
|
|
|
: Sentence String

Figure 1.1: The MT triangle

Besides the common features, several differences are noticeable as well:

1. In MT, the source text is given, but the target text is not; while in
RTE, both texts are given.

2. In MT, the source text and the target text are in different languages
(otherwise, it is a monolingual paraphrase generation system instead
of an MT system); while in RTE, the two texts are in the same
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language'.

3. In MT, the two texts share a single meaning; while in RTE, there is
an inclusion between the meaning of the two texts (even at the “deep-
est” level, if possible). In other words, if we have the full meaning
representation of the text in MT, we need no transfer rules; while
in RTE, there must be a process of comparing the two structures
derived from the texts?. And this makes the different shapes of the
two models.

RTE Rectangle

Meaning Meaning Meaning A
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> I
..................................................................... e
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Figure 1.2: The RTE rectangle

The two dimensions in Figure 1.2 exactly describe the key issues in-
volved in the RTE task?®:

e What is a proper (meaning) representation? Or how “deep” should
we analyze the text?

e How can we detect such entailment relations between two texts?

!Some recent research focuses on cross-lingual textual entailment (Mehdad et al., 2010),
where they investigate an entailment relation between two texts in different languages.

2Some other researchers might not agree on this. Translation may not just preserve the
meaning but the mental status. Nevertheless, this issue becomes more severe in RTE.

3In fact, this also influences the architecture design of the RTE systems, which we see more
in Section 2.
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Our consideration of this task is also around these two questions. Thus,
in this dissertation, we discuss the following aspects: meaning represen-
tation, different entailments, external knowledge, semantic relations, and
text granularity.

Meaning Representation are mentioned several times, for instance,
in Section 2.2, Section 5.4.2, Section 8.1, and Section 9.1. In this work
we focus primarily on meaning representations based on dependency re-
lations between words and/or tokens. In some cases, meaning is repre-
sented at the syntactic level, and in others at the semantic level. Another
variation is whether we use tree structures or graphs to represent mean-
ing. We call them all as meaning representation in general, although
most of them only approximate the full meaning.

In fact, one of the main motivations of the RTE task is to seek al-
ternative ways to do inference, other than to access the full meaning of
the text. In this sense, the plain text itself can be viewed as one mean-
ing representation, and the enrichment or abstraction of the structural
information provides other options (Figure 1.2). Instead of performing
reasoning on the full meaning, the inferences can be done on all these
different levels of representations.

Different Entailments can be viewed as a classification or categoriza-
tion of different cases of entailment. In logic, the notion of entailment
is clearly defined and strict; while in computational linguistics, textual
entailment more or less takes the range of implication. Therefore, Sec-
tion 3.1 shows the complexity of this phenomenon, and both Chapter 4
and Chapter 5 deal with subsets of the problem. Two approaches show
different degrees of the abstraction of the (inference) rules, which can be
a direct textual (or dependency-relation-based) rule application (Chap-
ter 5) or a more abstract rule representation (Chapter 4).

External Knowledge is another interesting issue to investigate. Sec-
tion 2.1 includes an overview of resources used in the RTE community.
According to the original RTE proposal (Dagan et al., 2006), the policy
of using external knowledge is that H should not be validated by the
external knowledge alone, regardless of the given T, e.g., searching H on
the Web.

Although most of our work focuses on the information contained within
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the texts, Chapter 5 is about applying an external inference rule collec-
tion to the RTE task. In other sections, like Section 4.4 and Section 8.2,
we also make use of external lexical semantic resources. However, notice
that in many cases it is also difficult to draw a clear boundary between
the linguistic meaning contained in the given texts and world knowledge
from outside.

Semantic Relations between two texts are the superset of the entail-
ment relation. Besides the entailment relation, there are other possible
semantic relations, e.g., equivalence (i.e., bi-directional entailment), con-
tradiction, etc. In tasks like paraphrase acquisition and natural language
generation, the directional entailment test is not enough. Instead, an
equivalence test has to be performed. While in other tasks like infor-
mation verification and sentiment analysis, contradictory or contrasting
information is of great interest.

We show the advantage of tackling multiple relations simultaneously,
as the search space for each task is largely reduced due to this kind of
“filtering” (Chapter 9). The upper bound of such relations is a pair of
identical texts, and the lower bound is a random pair of texts, which are
independent of each other. Section 2.4 discusses the related work, and
Section 6.1 and Chapter 9 focus on this generalized problem.

Text Granularity should also be mentioned here. In the scope of this
dissertation, we mainly work with pairs of text, and each text consists
of one or more sentences. We assume they together provide a certain
context or possible world, where the relationship between them is invari-
ant. The granularity is also the main difference between the traditional
lexical semantic relations (like synonym, hypernym, etc.) and the tez-
tual semantic relations we deal with. For instance, as a single term, “on
this Wednesday” entails “in this week”, while the proposition “I'm not
working on this Wednesday” does not entail “I'm not working in this
week”. The monotonicity cannot be always preserved. Therefore, many
issues discussed in the lexical semantics (e.g., privative adjectives) are not
the main focus of this dissertation, where we rely more on the external
knowledge resources.
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1.3 Proposal

To tackle this problem, we look at it from two different angles, intrinsi-
cally and extrinsically:

e Intrinsically, we use specialized RTE modules to tackle different
cases of entailment.

e Extrinsically, we put the entailment relation into a more general
framework, i.e., textual semantic relations.

In particular, due to the complexity of the problem, we propose an
extensible architecture with different specialized modules to handle dif-
ferent cases of textual entailment in parallel (Chapter 3). For instance,
we develop a module especially for dealing with those entailments where
temporal reasoning is involved (Chapter 4). This can be further extended
into reasoning or resolution among other named-entity types like location
names, person names, and organization names (Section 4.7). The key re-
quirement for a “good” module is that it should be precision-oriented,
which is different from the recall-oriented pipeline architecture.

The concept of “module” can be further generalized into “resource”.
Once a subset of entailments can be solved by one specific resource or ex-
ternal knowledge base, we develop a “module” based on it. For example,
we apply an inference rule collection to entailment recognition and also
treat it as a specialized module dealing with a target subset, i.e., those
cases that can be solved or at least covered by the rules (Chapter 5).

These methods are all based on the assumption that we can decom-
pose the text into smaller units, which are semantically atomic (for that
approach). When we use temporal reasoning, person name resolution,
or inference rules, we put emphasis on some of the units, namely tempo-
ral expressions, person names, and those parts covered by the rules. In
practice, one semantic unit can also be realized as a logic proposition, a
predicate-argument pair, a syntactic dependency triple, or even a single
word. Section 9.1 gives a generalized form for all the representations
we have utilized in our work. Based on this unified framework, extra
modules can be easily incorporated into the architecture.

Apart from tackling RTE in a standalone manner, we also look at
other relevant relations between texts. We firstly construct two corpora
for the evaluation of our developed system(s) (Chapter 7). We design a
new annotation scheme of six categories of textual semantic relations and
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manually annotate a corpus (Section 7.2). We also make use of the crowd-
sourcing technique to collect more data from the Web (Section 7.3).

Then, we propose an intermediate step before entailment recognition,
which is to recognize tezrtual relatedness (Chapter 8). We further ex-
tend the method, incorporating two extra measurements, tnconsistency
and inequality. Four textual semantic relations, PARAPHRASE, ENTAIL-
MENT, CONTRADICTION, and UNKNOWN, can thus be classified by this
multi-dimensional approach (Chapter 9). Experiment results show that
1) filtering out other possible relations can reduce the search space for en-
tailment recognition; and in the meantime, 2) multiple semantic relations
can be recognized simultaneously.

As the original motivation to propose RTE is to build a unified seman-
tic interface for NLP tasks like information extraction, question answer-
ing, summarization, etc. (Dagan et al., 2006), it is worthwhile to see the
(dis)similarity between RTE and other semantic relations or NLP tasks,
and our work is in the right direction to achieve that goal.

1.4 Highlights

e An extensible architecture with specialized modules for recognizing
textual entailment;

e A general framework for textual semantic relation recognition;

e Construction of two heterogeneous corpora with different method-
ologies;

e Comparison of different depths of linguistic processing and various
resources;

e Comparison of rule-based methods and statistical methods.

1.5 Organization

Figure 1.3 shows the structure of the dissertation, and we briefly intro-
duce each chapter in the following:

e Chapter 2: We present a summary of the previous work done by other
researchers and the relation to this dissertation, including available
resources, meaning representation derivation, entailment recognition,
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as well as other related tasks such as paraphrase acquisition. We also

show the state-of-the-art system performance and their application
to other NLP tasks.

Part A: Intrinsic Approaches

— Chapter 3: This chapter is the overview of the next two chap-
ters. We introduce the extensible architecture of our (intrinsic)
approach to the RTE task with specialized modules handling dif-
ferent cases of entailment. We also mention some possible exten-
sions of the approach, as well as some related work done by other
researchers.

— Chapter 4: We start with one specialized module for tackling tex-
tual entailment pairs with temporal expressions. A separate Time
Anchoring Component (TAC) is developed to recognize and nor-
malize the temporal expressions contained in the texts. We then
show that the generalization of this module can handle texts con-
taining other types of named-entities as well. The experimental
results show the advantages of the precision-oriented specialized
entailment modules and suggest a further integration into a larger
framework for general textual inference systems.

— Chapter 5: This chapter is mainly about applying external knowl-
edge bases to the RTE task. We extend and refine an existing in-
ference rule collection using a hand-crafted lexical resource. The
experimental results demonstrate that this is another precision-
oriented approach, which can also be viewed as a specialized mod-
ule. As alternative resources, we also present a pilot study on ac-
quiring paraphrased fragment pairs in an unsupervised manner.

Part B: Extrinsic Approaches

— Chapter 6: This chapter introduces the second part of the disser-
tation. Basically, instead of tackling the RTE task in a standalone
manner, we are looking for its connection to other tasks, i.e., to
recognize other semantic relations between texts. We firstly de-
scribe the motivation for making this generalization and then
present a framework for handling all these relations simultane-
ously.
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— Chapter 7: This chapter is about the corpora used in this disser-

tation. We firstly give an overview of all the datasets we have,
followed by a discussion of the methodologies used in their con-
struction. Then we elaborate on two corpora we constructed:
one has a new annotation scheme of six categories of textual se-
mantic relations with manual annotations; and the other uses a
crowd-sourcing technique to collect data from the Web.

Chapter 8: We focus on textual relatedness recognition in this
chapter. Although relatedness is usually user-dependent and
situtation-dependent, in practice, it can help to filter out noisy
cases. It is linguistically-indicated and can be viewed as a weaker
concept than semantic similarity. In the experiments, we show
that an alignment model based on predicate-argument structures
using this relatedness measurement can help an RTE system to
recognize the UNKNOWN cases at the first stage. Further, it
can contribute to the improvement of the system’s overall per-
formance as well.

Chapter 9: Finally, we present the work on textual semantic re-
lation (TSR) recognition. We start with a generalization of all
the meaning representations described in the previous chapters.
Then, a multi-dimensional classification approach is introduced,
including relatedness as one of the dimensions. The other two
dimensions are tnconsistency and inequality. We evaluate our ap-
proach on the datasets described in Chapter 7 and show that this
is a generalized approach to handle entailment recognition, para-
phrase identification, and other textual semantic relation recog-
nition tasks.

e Chapter 10: We summarize the dissertation and recapitulate the

issues. Several open questions in RTE are discussed, and several
applications to other NLP tasks are shown, where RTE is used as
a valuable component. Possible directions for future exploration are
also pointed out.
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2 The State of the Art

This chapter is mainly about the related work done by others and their
relation to this dissertation. We firstly introduce the resources used in
the community, including the datasets and annotations (Section 2.1).
Following that, the common approaches to preprocessing the natural
language text (Section 2.2) and recognizing the entailment relation be-
tween two texts (Section 2.3) are described. Section 2.4 introduces some
other tasks related to entailment recognition and Section 2.5 discusses
the state-of-the-art system performance and applications to other NLP
tasks.
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2.1 Data Resources and Knowledge Resources

In this section, we start with existing datasets as well as manual annota-
tions on them. Then we focus on two categories of knowledge resources
applied in most of the RTE systems, general-purpose lexical semantic
resources and textual inference rule collections. Most of the resources

discussed here can be easily found and freely used for research purposes’.

2.1.1 Datasets and Annotations

One large collection is provided by the Recognizing Textual Entailment
(RTE) community, following each year’s challenge, from RTE-1 in 2005
(Dagan et al., 2006) till RTE-5 in 2009 (Bentivogli et al., 2009). The
corpora from the first two RTE challenges are annotated with two labels:
One is YES, meaning that there is an entailment relation from the first
text, text (T), to the second text, hypothesis (H); and the other label is
NoO, meaning there is no such relation. Starting from the RTE-3 Pilot
task,? the annotation is extended to three labels, ENTAILMENT, CON-
TRADICTION, and UNKNOWN. ENTAILMENT is the same as the previous
YES; but NoO is divided into CONTRADICTION and UNKNOWN, to dif-
ferentiate cases where T and H are contradictory to each other from all
the other cases. The RTE data are acquired from other NLP tasks, like
information retrieval, question answering, summarization, etc., and thus,
in some sense, the corpora construction is more application-driven than
linguistically motivated.

Besides the gold-standard labels from the RTE challenges, some re-
searchers also made efforts to enrich the annotations by adding more
linguistic analyses. For instance, Garoufi (2007) proposed a scheme
for annotating T-H pairs, which models a range of diverse entailment
mechanisms. There was an inventory of 23 linguistic features, including
acronym, hypernym, apposition, passivization, nominal, modifier, and so
on. They annotated a considerable portion of the RTE-2 dataset (400
positive T-H pairs) and examined from various aspects the performance
of the RTE systems participating in the RTE-2 Challenge (Bar-Haim
et al., 2006). Sammons et al. (2010) also argue that the single global

"http://www.aclweb.org/aclwiki/index.php?title=Textual_Entailment_
Resource_Pool
2http://nlp.stanford.edu/RTE3-pilot/
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label with which RTE examples are annotated is insufficient to effec-
tively evaluate RTE system performance and more detailed annotation
and evaluation are needed. They used insights from successful RTE sys-
tems to propose a model for identifying and annotating textual inference
phenomena in textual entailment examples, and they presented the re-
sults of a pilot annotation study that showed this model was feasible and
the results immediately useful.

More research focused on a subset of the entailment phenomena. The
Boeing-Princeton-ISI (BPI) textual entailment test suite® was specifically
designed to look at entailment problems requiring world knowledge. It
contains 125 positive and 125 negative (no entailment) pairs. Compared
with the PASCAL RTE data sets, the BPI suite is syntactically simpler
but semantically challenging, with the intension of focusing more on the
knowledge rather than just linguistic requirements. In particular, the
examples include inferences requiring world knowledge, not just syntactic
manipulation. An analysis of what kinds of knowledge are required for
the 125 positive entailments was also performed, resulting in 15 somewhat
loose categories of knowledge.

Mirkin et al. (2010b) performed an in-depth analysis of the relation
between discourse references and textual entailment. They identified a
set of limitations common to the handling of discourse relations in virtu-
ally all entailment systems. Their manual analysis of the RTE-5 dataset
(Bentivogli et al., 2009) shows that while the majority of discourse ref-
erences that affect inference are nominal coreference relations, another
substantial part is made up by verbal terms and bridging relations. Fur-
thermore, they demonstrated that substitution alone is insufficient for
the resolution of discourse references and it should be tightly integrated
into entailment systems instead of being treated as a preprocessing step.
In addition, their analyses also suggest that in the context of deciding
textual entailment, reference resolution and entailment knowledge can be
seen as complementary ways of achieving the same goal, namely enrich-
ing T with additional knowledge to allow the inference of H. Given that
both of the technologies were still imperfect, they envisaged the way for-
ward as a joint strategy, where reference resolution and entailment rules
mutually filled each others gaps.

In RTE-4 (Giampiccolo et al., 2009), Wang and Neumann (2009) pro-
posed a novel RTE system architecture, which consists of specialized

3http://www.cs.utexas.edu/~pclark/bpi-test-suite/
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modules dealing with different types of entailment (more details can be
found in Chapter 3). This was confirmed by other researchers as well.
Bentivogli et al. (2010) proposed a methodology for the creation of spe-
cialized data sets for textual entailment, made of monothematic T-H
pairs (i.e., pairs in which only one linguistic phenomenon relevant to the
entailment relation is highlighted and isolated). They carried out a pilot
study applying such a methodology to a sample of 90 pairs extracted
from the RTE-5 data and they demonstrated the feasibility of the task,
both in terms of quality of the new pairs created and of time and effort
required. The result of their study is a new resource that can be used
for training RTE systems on specific linguistic phenomena relevant to
inference.

So far, we have not touched the issue of data collection, which we
leave for later (Chapter 7). The common source of the RTE data is other
NLP tasks, e.g., information extraction, summarization, etc. Alternative
inexpensive ways of corpora construction are worth investigating as well
(Wang and Callison-Burch, 2010).

Apart from the entailment-centered datasets, there are also corpora
containing more semantic phenomena. One early related work was done
by Cooper et al. (1996), and they named the corpus FraCaS (a framework
for computational semantics). They focused more on the linguistic side,
aiming to cover different linguistic/semantic phenomena. The annotation
is similar to the three-way RTE. However, this dataset was manually
constructed and the sentences were carefully selected. It turned out to
have a “text-book” style, which is quite different from the real data we
usually need to process. The size of the dataset is also far from enough
for training a robust machine-learning-based RTE system.

2.1.2 General Knowledge Bases

In the recent RTE challenges, submitted systems are also required to
provide ablation test results by excluding the external knowledge bases
one by one. Therefore, the impact of each resource can be easily seen.

In both RTE-4 (Giampiccolo et al., 2009) and RTE-5 (Bentivogli et al.,
2009), three categories of resources are widely used:

e WordNet (Fellbaum, 1998) and its extensions: they are used in order
to obtain synonyms, hyponyms, and other lexically related terms.
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e VerbOcean? (Chklovski and Pantel, 2004) and DIRT (Lin and Pantel,
2001)%: they are mostly used in order to obtain relations between
verbs or predicates.

e Wikipedia®, and other gazetteers: they are used to recognize and
resolve the named-entities.

WordNet is widely used in almost all the RTE systems. The most
common usage is to compute a similarity score between two words using
the semantic links, e.g., synonyms, hyponym /hypernyms, etc. Galanis
and Malakasiotis (2009) and Malakasiotis (2009) experimented with a
list of similarity measurements, including Cosine similarity, Euclidean
distance, Levenshtein distance, and so on. Clark and Harrison (2009a,b)
utilized WordNet to improve the robustness of the logic inference by
enlarging the coverage and from 4% to 6% accuracy on the final result
was attributed to it. However, on average, among the 19 participating
systems of RTE-5, only 9 of them found WordNet effective, 7 of them
found it harmful to the final result, and 3 observed no effects. It seems
that an appropriate usage of such general-purpose resources still needs
further exploration.

Balahur et al. (2009) and Ferrdndez et al. (2009) used VerbOcean
and VerbNet” (Kipper et al., 2006) to capture relations between verbs.
Two verbs were related if they belonged to the same VerbNet class or
a subclass of their classes; or they had one of the VerbOcean relations:
similarity, strength, or happens-before. Mehdad et al. (2009b) made use of
VerbOcean in a similar manner. The difference was that they transformed
the verb relations into rules and assigned different weights to the rules
based on an editing distance model.

As for Wikipedia, Shnarch (2008) created an extensive resource of lex-
ical entailment rules from Wikipedia, using several extraction methods.
It consisted of 8 million rules, and was found to be fairly accurate. Bar-
Haim et al. (2009) incorporated those rules in their system. Li et al.
(2009b,a) used Wikpedia mainly for named-entity resolution, since there
are different references to the same entity. They combined the infor-
mation from Wikipedia with outputs of other modules and constructed
graphs of entities and relations for further processing. Both Mehdad

“http://demo.patrickpantel.com/demos/verbocean/

SWe focus more on the lexical resources in this subsection, and leave textual inference rules
for the next subsection.

Shttp://www.wikipedia.org/

"http://verbs.colorado.edu/~mpalmer/projects/verbnet.html
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et al. (2009b) and Mehdad et al. (2009a) treated Wikipedia as an alter-
native source for lexical similarity measurement, while the former used
an editing distance model and the latter a kernel-based method.

As one of the top systems, Iftene (2009) and Iftene and Moruz (2009)
incorporated all these resources and confirmed the contribution of each
one via ablation tests. In addition to the widely used resources, Nielsen
et al. (2009) took Propbank (Palmer et al., 2005) to help them with
obtaining their facet-based representation, and Ferrandez et al. (2009)
defined one similarity score based on FrameNet (Baker et al., 1998).

Besides the ablation tests of the participating systems, Mirkin et al.
(2009a) studied the evaluation methods for the utility of lexical-semantic
resources on the RTE task. They proposed system- and application-
independent evaluation and analysis methodologies for resource perfor-
mance, and system