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ABSTRACT

NATURAL LANGUAGE INFERENCE: FROM TEXTUAL
ENTAILMENT TO CONVERSATION ENTAILMENT

By
Chen Zhang

Automatic inference from natural language is a critical yet challenging problem for
many language-related applications. To improve the ability of natural language in-
ference for computer systems, recent years have seen an increasing research effort on
textual entailment. Given a piece of text and a hypothesis statement, the task of
textual entailment is to predict whether the hypothesis can be inferred from the text.

The studies on textual entailment have mainly focused on automated inference
from archived news articles. As more data on human-human conversations become
available, it is desirable for computer systems to automatically infer information from
conversations, for example, knowledge about their participants. However, unlike news
articles, conversations have many unique features, such as turn-taking, grounding,
unique linguistic phenomena, and conversation implicature. As a result, the tech-
niques developed for textual entailment are potentially insufficient for making infer-
ence from conversations.

To address this problem, this thesis conducts an initial study to investigate conver-
sation entailment: given a segment of conversation script, and a hypothesis statement,
the goal is to predict whether the hypothesis can be inferred from the conversation
segment. In this investigation, we first developed an approach based on dependency
structures. This approach achieved 60.8% accuracy on textual entailment, based on
the testing data of PASCAL RTE-3 Challenge. However, when applied to conversa-
tion entailment, it achieved an accuracy of 53.1%. To improve its performance on
conversation entailment, we extended our models by incorporating additional linguis-

tic features from conversation utterances and structural features from conversation



discourse. Our enhanced models result in a prediction accuracy of 58.7% on the
testing data, significantly above the baseline performance (p < 0.05).
This thesis provides detailed descriptions about semantic representations, compu-

tational models, and their evaluations on conversation entailment.
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Chapter 1

Introduction

While we human, based on our linguistic and world knowledge and reasoning capa-
bilities, are able to make inference and derive knowledge and conclusions from what
we communicate to each other, automated inference from natural language has been

a significant challenge for NLP systems. This is due to many reasons:
1. The variability, flexibility, and ambiguity from the language itself.

2. The representation of knowledge in computer systems and the scope of the world

knowledge.
3. The capabilities that support automated reasoning.

A tremendous amount of research has been done in pursuing all the above direc-
tions. Recent efforts which have touched upon all these directions are the five events
of PASCAL RTE (Recognizing Textual Entailment) Challenge (8, 10, 22, 36, 37].

The PASCAL RTE Challenge formulates natural language inference problem as a
textual entailment problem. It provides a concrete, yet informal definition of the
problem: a tezrtual entailment is a directional relationship between pairs of text
expressions, denoted by T - the entailing “Text”, and H - the entailed “Hypothe-

sis”. T is said to entail H if we can infer H from the meaning of 7. Examples of

1



Table 1.1: Examples of text-hypothesis pairs for textual entailment

Text Hypothesis Entailed
iTunes software has seen strong Strong sales for iTunes True
sales in Europe. in Europe.

Cavern Club sessions paid the Beatles | The Beatles perform at True
£15 evenings and £5 lunchtime. Cavern club at lunchtime.

Sharon warns Arafat could be targeted | Prime minister targeted False
for assassination. for assassination.

Mitsubishi Motors Corp.’s new vehicle | Mitsubishi sales rose False
sales in the US fell 46 percent in June. | 46 percent.

text-hypothesis pairs from the PASCAL RTE Challenge, together with the labels of
whether H is entailed from 7T, are shown in Table 1.1.

Because complete, accurate, open-domain natural language understanding is far
beyond current capabilities, nearly all efforts in this area have sought to extract the
maximum mileage from quite limited semantic representations. There are three major
classes of approaches to the textual entailment problem: the IR-based approaches,
the logic-based approaches, and the graph-based approaches. An overview of these
approaches éa.n be found in Section 2.1.

Successfully recognizing textual entailment has many potential applications such
as text retrieval, question answering, information extraction, document summariza-
tion, and machine translation evaluation.

While PASCAL provides a concrete platform for studying natural language in-
ference, its particular focus is on text. The data are all from well-formed newswire
articles in a monologue fashion. Nowadays, more and more conversation scripts has
become available, such as call center records, conference transcripts, public speeches
and interviews, court records, online chatting, and so on. They contain vast amount
of information, such as profiling information of conversation participants and infor-
mation about their social relations, beliefs, and opinions. Therefore, the capability
to automatically infer knowledge and facts from these data has become increasingly

important. One question is, can we follow the PASCAL practice and study natural

2




language inference from the dialogue setting?

On the one hand, although a conversation is a communication by two or more
people, it is essentially a kind of information expressed by natural language, as is
the case for text. Therefore, making inference from conversations requires similar
techniques as textual entailment such as language modeling, lexical processing, syn-
tactic parsing, and semantic understanding, and also shares the same tools such as
reasoning and world knowledge.

On the other hand, conversations also have many unique characteristics that dis-
tinguish them from text. The key distinctive features include turn-taking, grounding,
implicature, and different linguistic phenomena. They can also contain information
that is unique to themselves. For example, in a task-oriented conversation, we are in-
terested in whether the task is accomplished in the end; in a cooperative conversation,
we may be interested in how well the participants cooperated with each other; and in
a debate, we may want to know which party performs better or which one actually
wins the debate. These tasks involve not only the processing of lexica, syntax, and
semantics, but also the recognition of dialogue intention and conversation structure.
Therefore the inference from conversation scripts is a more challenging task.

Thus, it is the goal of this thesis to take an initial investigation on natural language
inference from conversation scripts. Inspired by textual entailment, we formulate this
problem as conversation entailment: given a segment of conversation discourse D
and a hypothesis H, the goal is to identify whether H can be entailed from D. For
example, below is a short segment of conversation script, together with a list of

hypotheses.

Conversation segment:

A: Um, yeah, I would like to talk about how you dress for work, and,
and, um, what do you normally, what type of outfit do you normally
have to wear?



B: Well, I work in, uh, Corporate Control, so we have to dress kind of
nice, so I usually wear skirts and sweaters in the winter time, slacks,
I guess.

Hypotheses:

1. A wants to know B’s dress code at work.
2. B works in Corporate Control.

3. The speakers have to dress nice at work.

In this example, the first two hypotheses can be entailed from the conversation

segment, while the third one cannot.

1.1 Research Objectives and Overview

To study the problem of conversation entailment, this thesis particularly examines

the following issues:

1. To what degree the techniques developed for textual entailment can be re-used

for conversation entailment?

2. What unique characteristics of conversations should be modeled and incorpo-

rated for conversation entailment?

3. How to combine linguistic, discourse, and context features together to develop

an automated system for conversation entailment?

To address the above questions, in this thesis we have conducted the following

work:

1. We created a database of examples on conversation entailment following the
PASCAL practice of textual entailment to facilitate our research objectives.
We selected 50 conversations from the Switchboard corpus [38] and had 15 vol-

unteer annotators read the selected conversations and create hypotheses about
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participants. As a result, a total of 1096 entailment examples were created.
Each example consists of a conversation segment, a hypothesis statement, and
a truth value indicating whether the hypothesis can be entailed from the conver-
sation segment given the whole history of that conversation session. Inspired by
previous work [34, 49], we particularly asked annotators to provide hypotheses
that address the profiling information of the participants, their opinions and de-
sires, as well as the communicative intents (e.g., agreements or disagreements)

between participants.

The entailment judgement for each example was further independently anno-
tated by four annotators (who were not the original contributors of the hypothe-
ses). As a result, on average each entailment example (i.e., a pair of conversation
segment and hypothesis) received five judgements. We removed the entailment
examples that have less than 75% agreement among human annotators, and
divided the remaining data into a development set of 291 examples and a test

set of 584 examples.

. We developed a probabilistic framework that facilitates the solution of both
textual entailment and conversation entailment problems. This framework first
represents all forms of language in terms of dependency structures, and then

conducts a two-stage procedure to predict the entailment relation.

In the first stage, the nodes in the dependency structure of the hypothesis
side are aligned to the nodes in the dependency structure of the premise side
(i.e., text or conversation segment). In the second stage, the relations in the
dependency structure of the hypothesis are predicted to be entailed or not
entailed. Probabilistic decomposition allows the system to break down the
decision of whether the entire hypothesis is entailed into a series of decisions

that whether each relation in the dependency structure of the hypothesis is

5




entailed.

We developed a baseline approach based on this framework that is driven by

textual entailment, and applied it to solve the conversation entailment problem.

. We identified unique language behaviors that distinguish conversations from
text, which may have potential influence on the entailment decision. We devel-
oped a representation of conversation structure that augments the dependency
structure representation. This is done by expanding the dependency structure
of conversation segment, incorporating turn-taking, speaker, and dialogue act
information. We show through experiments that this feature is very important
in predicting conversation entailment. Combined with enhanced computational
models (introduced below), the modeling of conversation structure improves the
performance by an absolute difference of 4.8% on the test data. Particularly,
we have found that such modeling is especially important for the inference of

participants’ communicative intents.

. We developed enhanced computational models that integrates shallow semantic
characterization for predicting conversation entailment. String representation
is used to describe the long distance relationship between any two language
constituents in a dependency structure. Such relational features in syntactic
parse structures, which have been used in other language processing tasks such
as semantic role labeling [74], are known as an effective way to model “shallow
semantics” in language. However, their usage in entailment tasks has not yet

been explored.

We demonstrated through our experiments that the enhanced feature is an
important way to characterize the (shallow) semantic relation between two lan-
guage constituents. This feature helps to make the prediction of whether a

certain kind of relation in the hypothesis statement is entailed from the con-
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versation segment. It is especially effective with the modeling of conversation
structure, in which case it improves the system’s prediction accuracy by an

absolute difference of 3.9% on our test data set.

1.2 Outline

The remaining thesis is organized as follows:

Chapter 2 gives a brief overview of the recent work related to conversation
entailment. They are from two areas: 1) textual entailment; and 2) automated

processing of conversation scripts.
Chapter 3 describes a dependency approach to textual entailment.
Chapter 4 gives a preliminary investigation on conversation entailment.

Chapter 5 describes our approach to incorporate different conversation features

in conversation entailment, including conversation structure.

Chapter 6 describes the enhanced models for conversation entailment, by in-
corporating string features to capture semantic relation between language con-

stituents.

Chapter 7 provides discussions based on our experiments on conversation en-

tailment, unveiling the challenges in the conversation entailment problem.

Chapter 8 concludes our work and discusses future research directions.



Chapter 2

Related Work

There are two groups of work that are related to conversation entailment: one is in the
area of textual entailment, the other concerns various studies based on conversation

scripts.

2.1 Textual Entailment

This thesis work is inspired by a large body of recent work on textual entailment
initiated by the PASCAL RTE Challenges (8, 10, 22, 36, 37].

Because complete, accurate, open-domain natural language understanding is be-
yond current capabilities, researchers have attempted to extract the maximum mileage
from limited semantic representations. To address the problem of textual entailment,
this section gives a brief overview of these approaches.

Perhaps the most common representation of textual content is “bag-of-words” or
“bag-of-n-grams” [71]. Based on this representation, simple measures of semantic
overlap has been experimented for textual entailment, such as simple overlap count-
ing on bag-of-words or bag-of-n-grams, or weighting by TF-IDF scores, and so on [48].

These models are similar to those typically used in the area of information retrieval
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(IR). Treating the text as a document and the hypothesis as a query, the strength
of entailment is then assessed by their IR score. However, such models are too im-
poverished to be of much use, because they do not account for syntactic or semantic
information which is essential to determining entailment. For example, the following
text-hypothesis pair can get a high IR score, but the hypothesis is not entailed from

the text:

Text: The National Institute for Psychobiology in Israel was established
in 1979.

Hypothesis: Israel was established in 1979.

Apart from the IR-based approaches, more interesting approaches take into ac-
count the structure information in natural language. Based on different representa-
tions of the language structure, they can be classified into two major classes: logic-

based approaches and graph-based approaches.

2.1.1 Logic-based Approaches

Since the terms entailment, inference, and equivalence all originated from logic [87],
it is perhaps the most natural idea to target this problem by logic proving. By
converting the natural language sentences into logic representations, one can decide
that the text entails the hypothesis if the hypothesis can be proved from the text.
Logic representations of natural language ranges from traditional first-order logic |1,
32] and Discourse Representation Theory [12] to neo-Davidsonian-style quasi-logical
form [65, 76], but they are in essence similar. Take the one used by Raina et al. [76]

for example,

T: Bob purchased an old convertible.
H: Bob bought an old car.



can be represented as

T: (3A, B,C)Bob(A) A convertible(B) A old(B) A purchased(C, A, B)
H: (3X,Y, Z)Bob(X) A car(Y) A old(Y') A bought(Z, X,Y)

With this representation, the hypothesis is inferred from the text if and only if
it can be logically proved from the latter. A strict theorem prover finds a proof
for the hypothesis given the text using the method of resolution refutation. It adds
the negation of the goal logical formula (i.e., the hypothesis) to a knowledge base
consisting of the given axioms (i.e., the text), and then derives a null clause through
successive resolution steps. This corresponds to justifying (i.e., “proving”) the goal
by deriving a contradiction for its negation. For example, the following clauses are

obtained for the previous example:

(3A, B, C)Bob(A) A convertible(B) A old(B) A purchased(C, A, B)
(VX,Y,Z)-~Bob(X) V —~car(Y) V —old(Y) V -bought(Z, X,Y)

However, approaches relying on strict logic proving has limited use in practice
due to two major reasons. First, they require full understanding of the language and
accurate representation of all semantic relations in terms of logic. However, accurate
logic representation for natural language is not currently available, and the state-of-
the-art semantic parsers extract only some of the semantic relations encoded in a
given text. Second, world knowledge is often required in the process of reasoning.
For example, one must either know or assume that “a convertible is a car” in order
to correctly infer the entailment “Bob bought an old car” in the previous example. As
a result, previous approaches relying on mapping to first order logic representations
with a general prover without using rich knowledge sources [12] have not borne much

fruit.
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Because logic entailment is a quite strict standard, logic-based approaches tend
to lead to high precision but low recall [12]. Facing this issue, researchers have
been seeking for various compromises to relax the strictness and increase flexibility.
The abductive reasoning approach [76] relaxes the unification of logic terms to an
approximate one, and encode their knowledge about the semantics into a cost function
assessing the plausibility of the approximated unifications. As the function is trained
on a labeled set of data statistically, this approach is more robust and scalable and

results in higher recall.

To incorporate world knowledge into the logic proving model, some systems em-
ploys hand-crafted semantic axioms to enrich the logic representation of natural lan-
guage before the proving process [65]. This provides an enrichment to the semantic

relations, but it is less scalable to be applicable to large data or broader domains.

MacCartney and Manning [58] introduced natural logic to model containment and
exclusion in the entailment problem. They classified all entailment relations into seven
mutually exclusive classes: equivalence (couch = sofa); forward entailment (crow
C bird) and its converse (European J French); negation, or exhaustive exclusion
(human " nonhuman); alternation, or non-exhaustive exclusion (cat | dog); cover,
or non-exclusive exhaustion (animal — nonhuman); and independence (hungry #
hippo). They then form the entailment of a compound expression as a function of
the entailments of its parts. Semantic functions f(-) are categorized into different
projectivity classes, which describe how the entailment relation between f(z) and
f(y) depends on the entailment relation between z and y. For example, simple
negation (not) projects =, #, and ~ without change (not happy = not glad, isn’t
swimming # isn’t hungry, and not human " not nonhuman), and swaps C and 3
(didn’t kiss 1 didn’t touch) and | and — (not French — not German, not more
than 4 | not less than 6). This allows the system to determine the entailment of

a compound expression recursively, by propagating entailments upward through a
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( Mitsubishi | | 46 '

Figure 2.1: An example for dependency graph (from MacCartney et al. [59])

semantic composition tree according to the projectivity class of each node on the
path to the root. For example, the semantics of Nobody can enter without a shirt
might be represented by the tree (nobody (can ((without (a shirt)) enter))). Since
shirt T clothes, so without shirt 3 without clothes, and Nobody can enter without a
shirt © Nobody can enter without clothes. As we can see, the judgement of entailment
here still follows a rather strict standard. Therefore the system’s performance on the

PASCAL RTE Challenge resulted in relatively high precision but low recall.

2.1.2 Graph-based Approaches

The graph-based approach is to formulate the entailment prediction as a graph match-
ing problem. It represents the text and the hypothesis as semantic graphs derived
from syntactic dependency parses (25, 40]. Figure 2.1 shows an example of the graph
representation for a sentence “Mitsubishi sales rose 46 percent”.

Given the graph representations for both the text and the hypothesis, semantic
alignments are performed between the graph representing the hypothesis and a por-
tion of the corresponding graph(s) representing the text. Each possible alignment
of the graphs has an associated score, and the score of the best alignment is used
as an approximation to the strength of the entailment. Figure 2.2 shows an exam-
ple of matching the hypothesis “Bezos established a company” to the text “In 1991,

Amazon.com was founded by Jeff Bezos” and the cost of this match.
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(VBD)

§Synonym
iMatch
:Cost: 0.4

Obj(Patient)

Exact i i Hyponym
Match j j(Pati : Match
Cost: 0.0 : Cost: 0.0

In(Temporal)

Amazon.com
organization

Jeff Bezos
(person)

Vertex Cost: (0.0 +0.2+0.4)/3 =0.2
Relation Cost: 0 (Graphs Isomorphic)
Match Cost: 0.55 x 0.2 4+ 0.45 x 0 = 0.11

Figure 2.2: An example for graph matching (from Haghighi et al. [40])

MacCartney et al. [59] used a two-stage approach to first find the alignment be-
tween the two graphs and then make the entailment prediction. In the first step, the
algorithm searches for a good partial alignment from the typed dependency graph
representing the hypothesis to the one representing the text, which maximizes the
alignment score. In the second step, a classifier was trained to determine the entail-

ment relationship given the complete aligned graph.

MacCartney et al. [60] has taken the alignment step further. Their work aligns
phrases in the sentences rather than nodes in the graph (or tokens in the sentences).
In their notion, “phrase” refers to any contiguous span of tokens, not necessarily cor-
responding to a syntactic parse. The phrase-based alignment is to eliminate the needs
for many-to-many alignments, since they can be reduced to one-to-one alignments on
phrase level. For example, in “In most Pacific countries there are very few women in
parliament.” and “Women are poorly represented in parliament.” they can align very
few and poorly represented as units, without being forced to make a difficult choice

as to which word goes with which word.
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Because finding the best alignment between two graphs is NP-complete, exact
computation is intractable. Therefore researchers have proposed a variety of approx-
imate search techniques, such as local greedy hill-climbing search [40], or incremental
beam search [59).

Similar to the semantic axioms [65] in logic-based approaches, de Salvo Braz et al.
[25] use “rewriting rules” in the graph-based approach to generate intermediate forms
from the original text, with a good supply of additional linguistic and world knowledge
axioms. The cost of matching the text to the hypothesis is then determined by the
minimal cost among matches from all the intermediate forms to the hypothesis.

Such rewriting rules are also referred to as inference rules (27, 55|, entailment
rules [85], or entailment relations [86]. They are acquired from large corpora based on
the Distributional Hypothesis [41]. The Distributional Hypothesis states that phrases
in similar context tend to have similar meanings. For example, if X prevents Y and X
provides protection against Y are repeatedly seen in a large corpora, it can be induced
that prevent implies provide protection against, and thus prevent — provide protection
against is an inference rule. The current largest collection of such rules is DIRT [55].
These rules were widely applied to solve the textual entailment problem [27].

Besides DIRT and other efforts to acquire binary rules (rules templates with two
variables) 78, 86], recent work [85] has proposed unsupervised learning of unary rules
(e.g., X take a nap — X sleep). However, their applications on the textual entailment

task have not yet been explored.

2.1.3 Comparing Logic-based and Graph-based Approaches

Although they use different forms of representations for natural language, logic-based
and graph-based approaches are considered isomorphic by MacCartney et al. [59].
In a graph representation, the nodes and edges can be seen as the logic terms in

a logic representation. For instance, the graph in Figure 2.1 can be represented in
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neo-Davidsonian quasi-logic form as follows:

rose(ey), nsubj(ey, xy), sales(xy), nn(zy,z9), Mitsubishi(zs), dobj(eq, z3),
percent(xz3), num(xg, z4), 46(z4)

In fact, the logic representations are often derived from dependency graphs by a
semantic parser.

The alignment between the hypothesis graph and the text graph can be seen as
resolving logic terms in logic proving. They both consider matching an individual
node or term of the hypothesis with some counter part from the text. And weighting
different semantic features in the procedure of calculating the graph matching (or
entailment) score is similar to the “abductive reasoning” approach [76], where logic

terms are resolved by some score calculated over a set of features.

2.1.4 Performance Analysis

The PASCAL RTE Challenge, which has been held for five times, provides a bench-
mark for evaluating systems’ performance on judging the entailment. Here we give a
brief overview of the results of the last three, the third [36], fourth [37], and fifth [10]
PASCAL RTE Challenges.

In the RTE-3 task [36], a development set and a test set were provided, each of
which contained 800 text-hypothesis pairs. A system’s performance was evaluate by
its accuracy on the test set, that is, how many entailment relationships (true or false)
were correctly predicted out of the 800 pairs. A natural baseline by random guess
would obtain 50% accuracy.

There were 45 systems who participated in this evaluation. Among them the best
system achieved an accuracy of 80.0%, and the mean and median accuracies were

61.7% and 61.8%, respectively.
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It should be well noted from our previous discussion, that the main architectures
for different systems are more or less the same. So the critical part that makes the
performance difference is how much knowledge is incorporated in the systems. The
participating systems in the PASCAL workshop made wide use of various sources of
public knowledge bases, such as WordNet [30, 64], DIRT [55], FrameNet [7], Verb-
Net [51], and PropBank [50]. But the most successful systems [43] (with the highest
accuracy) have used additional knowledge sources, including Extended WordNet [47],
XWN-KB [88], TARSQI [88], and Cicero/Cicero-Lite [44], most of which were not
publicly available. MacCartney et al. [60] indicated that such systems are “idiosyn-
cratic and poorly-documented”, “often using proprietary data, making comparisons

and further development difficult”.

The fourth PASCAL RTE Challenge [37] attracted participation of 45 systems.
Their prediction accuracies range from 49.7% to 74.6%, with an average of 57.9%
and median of 57.0%. The fifth PASCAL RTE Challenge [10] had participation of
54 systems. The prediction accuracies range from 50.0% to 73.5%, with an average
of 61.1% and median of 60.4%. The data collections of these two challenges followed
the same setting as the third challenge. Comparing these three evaluations on textual
entailment, although different data were actually used to evaluate the participating
systems, there are no significant variations in their result statistics.

Among the participating systems in the last three PASCAL RTE Challenges,
although some of them have explored very in depth into specific technical aspects
(e.g. entailment of temporal expressions [90]), the overall framework of methodology
has not evolved much. In other words, they were continuously solving the textual
entailment problem either by logic proving or by graph matching.

Nevertheless, a conversation discourse is very different from a written monologue
discourse. The conversation discourse is shaped by the goals of its participants and

their mutual beliefs. The key distinctive features include turn-taking between par-
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ticipants, grounding between participants, and different linguistic phenomena of ut-
terances (e.g., utterances in a conversation tend to be shorter, with disfluency, and
sometimes incomplete or ungrammatical). It is the goal of this thesis to explore how
techniques developed for textual entailment can be extended to address these unique

behaviors in conversation entailment.

2.2 Studies on Conversation Scripts

Recent work has applied different approaches to extract and acquire various kinds
of information from human-human conversation scripts. Related work ranges from
low-level recognition of conversation structure to high-level applications such as iden-
tifying biographical facts, attributes, and social relations, detecting agreements and
disagreements between participants, meeting summarization, and predicting success

in task-oriented dialogues.

2.2.1 Recognition of Conversation Structures

Related work on recognizing conversation structures based on conversation scripts

includes the recognition of dialogue acts and discourse structures.

Dialogue Acts

The ability to model and automatically detect discourse structure is an important
step toward dialogue understanding. Dialogue acts are the first level of analysis of
discourse structure. A dialogue act represents the meaning of an utterance at the
level of illocutionary force (5], such as Statement, Question, Backchannel, Agreement,
Disagreement, and Apology. Although specific applications only require relevant dia-
logue act categories, Allen and Core (3] developed a dialogue act labeling system that

is domain-independent.
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Stolcke et al. [84] presented a domain independent framework for automated dia-
logue act identification, which for the most part treats dialogue act labels as a formal
tag set. The model is based on treating the discourse structure of a conversation as
a hidden Markov model [75]. The HMM states correspond to dialogue acts and the
observations correspond to utterances. The features that are used by Stolcke et al.
[84] to describe the utterances are mostly based on conversation transcripts, including
transcribed words and recognized words from the speech recognizer. But they use

some of the prosodic features too, such as pitch, duration, energy, etc.

The HMM representation allows efficient dynamic programming algorithms to

compute relevant aspects of the model, such as

e The most probable dialogue act sequence (the Viterbi algorithm).

e The posterior probability of various dialogue acts for a given utterance, after

considering all the evidence (the forward-backward algorithm).

The Viterbi algorithm for HMM [89] finds the globally most probable state se-
quence. When applied to a discourse model, it will therefore find precisely the dialogue
act sequence with the highest posterior probability. Such Viterbi decoding is funda-
mentally the same as the standard probabilistic approaches to speech recognition [6]
and tagging [19].

While the Viterbi algorithm maximizes the probability of getting the entire dia-
logue act sequence correct, it does not necessarily find the dialogue act sequence that
has the most dialogue act labels correct [26]. To maximize the total accuracy of utter-
ance labeling, it is needed to maximize the probability of getting each dialogue label

correct individually, which can be efficiently carried out by the forward-backward

algorithm for HMM [9].
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Opinion Frames

Opinions in conversations are defined (80, 91| in two classes: sentiment includes
positive and negative evaluations, emotions, and judgments; and arguing includes
arguing for or against something, and arguing that something should or should not
be done. Opinions have a polarity that can be positive or negative. The target of
an opinion is the entity or proposition that the opinion is about. For example (a

conversation about designing a remote control, from Somasundaran et al. [82]):

C: ... shapes should be curved, so round shapes. Nothing square-like.

C: ... So we shouldn’t have too square corners and that kind of thing.
B: Yeah okay. Not the old box look.

In the utterance “shapes should be curved” there is a positive argument with the target
curved, and in the utterance “Not the old boz look” there is an negative sentiment,
with the target the old box look.

It is argued that while recognizing opinions of individual expressions and their
properties is important, discourse interpretation is needed as well [82]. In the above
example, we see from the discourse that curved, round shapes are the preferred types
of design, and square-like, square corners, and the old box look are not.

The discourse level association of opinions are modeled as opinion frames (82].
An opinion frame consists of two opinions that are related by virtue of having related
targets. There are two relations between targets, same and alternative. The same
relation holds between targets that refer to the same entity, property, or proposition.
Here the term “same” covers not only identity, but also part-whole, synonymy, gen-
eralization, specialization, entity-attribute, instantiation, cause-effect, epithets and

implicit background topic. The alternative relation holds between targets that are
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related by virtue of being opposing (mutually exclusive) options in the context of
the discourse. In the above example, there is an alternative relation between tar-
gets curved and square-like, and there are same relations between targets square-like,

square corners, and the old box look.

An opinion frame is defined as a structure composed of two opinions and their re-
spective targets connected via their target relations. For each of the two opinion slots,
there are four possible type/polarity combinations (sentiment/arguing combined with
positive/negative). So combined with two possible target relations (same/alternative),
there are totally 4 x 4 x 2 = 32 different types of opinion frames. In the above exam-
ple, shapes should be curved and Nothing square-like constitutes an opinion frame of
APANalt (positive arguing and negative arguing with alternative targets).

Somasundaran et al. [82] argued that recognizing opinion frames will provide more
opinion information for NLP applications than recognizing individual opinions alone,
because opinions regarding something not lexically or even anaphorically related can
become relevant. Take the alternative relation for instance, opinions towards one
alternative can imply opinions of opposite polarity toward the competing options. In
the above conversation example, if we consider only the explicitly stated opinions,
there is only one (positive) opinion about the curved shape. However, the speaker

“expresses several other (negative) opinions about alternative shapes, which reinforce
his positivity toward the curved shape. Thus, by using the frame information, it is

possible to gather more opinions regarding curved shapes for TV remotes.

Further, if there is uncertainty about any one of the components, they believe
opinion frames are an effective representation incorporating discourse information to
make an overall coherent interpretation [46]. In particular, suppose that some aspect
of an individual opinion, such as polarity, is unclear. If the discourse suggests certain
opinion frames, this may in turn resolve the underlying ambiguity. Again in the

above example, the polarity of round shapes may be unclear. However, the polarity
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of curved is clear, and by recognizing there is a same relation between these two
targets, it is possible to resolve the ambiguity in the polarity of round shapes, which
is also positive.

Somasundaran et al. [82] proposed a machine learning approach to detect opinion
frames. This is formulated as a classification problem: given two opinion sentences,
determine if they participate in any frame relation. Their experiments assume oracle
opinion and polarity information, and consider frame detection only between sentence
pairs belonging to the same speaker. The data used in their work is the AMI meeting
corpus [16], with annotations [81] for sentiment and arguing opinions (text anchor
and type). A variety of features including content word overlap, focus space overlap,
anaphoric indicator, time difference, adjacency pair, and standard bag of words were
used in their experiment to determine if two opinions are related.

Somasundaran et al. [83] used the opinion frames to improve the polarity classifi-
cation of opinions. In their work they first implemented a local classifier to bootstrap
the classification process, and then implemented classifiers that use discourse infor-
mation (i.e., opinion frames) over the local classifier. They explored two approaches

for implementing the discourse-based classifier:

1. Iterative Collective Classification [56, 69]: instances are classified in two phases,
the bootstrapping phase and the iterative phase. In the bootstrapping phase,
the polarity of each instance is initialized to the most likely value given only the
local classifier and its features. In the iterative phase, discourse relations and
the neighborhood information brought in by these relations are incorporated as

features into a relational classifier.

2. Integer Linear Programming: the prediction of opinion polarity is formulated
as an optimization problem, which maximizes the class distributions predicted

by the local classifier, subject to constraints imposed by discourse relations.
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2.2.2 High Level Applications

Recent work has studied multiple types of specific inference that can be made from
conversation scripts. These include biographic attributes, social networks and bio-
graphical facts, agreements and disagreements, summarization, and success in task-

oriented dialogues.

Latent Biographic Attributes

Biographic attributes of conversation speakers include gender, age, and native/non-
native speaker. Such information is derivable from acoustic properties of the speaker,
including pitch and fO contours [11]. Recently, however, Garera and Yarowsky [35]
worked on modeling and classifying such speaker attributes from only the latent in-
formation found in conversation scripts. In particular, they modeled and classified
biographic attributes such as gender and age based on lexical and discourse factors
including lexical choice, mean utterance length, patterns of participation in the con-
versation and filler word usage.

Garera and Yarowsky [35] built their work upon the previous state-of-the-art [13],
which models gender of speakers using unigram and bigram features in an SVM
framework. For each conversation participant, they created a training example using
unigram and bigram features with tf-idf weighting, as done in standard text classifi-
cation approaches. Then an SVM model was trained to learn the weights associated
with the n-gram features. They found some of the gender-correlated words proposed
by sociolinguistics are also assigned with more discriminative weights by this empirical
model, such as the frequent use of “oh” by females. They evaluated the performance
of their approach on the Fisher telephone conversation corpus [23] and the standard
Switchboard conversational corpus [38].

Garera and Yarowsky [35] further argued that a speaker’s lexical choice and dis-

course style may differ substantially depending on the gender, age, and dialect of the
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other person in the conversation. The hypothesis is that people tend to use stronger
gender-specific, age-specific or dialect-specific word, phrase and discourse properties
when speaking with someone of a similar gender, age, or dialect, compared to speak-
ing with someone of a different gender, age, or dialect. In the latter case, they may
adapt a more neutral speaking style. So Garera and Yarowsky [35] proposed to add
performance gains in gender classification by using a stacked model conditioning on
the predicted partner class. They trained several classifiers identifying the gender of
each speaker, the gender combination of the entire conversation, and the conditional
gender prediction of each speaker given the most likely gender of the other speaker.
They then used the score of each classifier as a feature in a meta SVM classifier.

There has also been substantial work in the sociolinguistics literature investigating
discourse style differences due to speaker properties such as gender [20, 29]. Those
works have shown gender differences for speakers due to features such as speaking
rate, pronoun usage and filler word usage, suggesting that non-lexical features can
further help improve the performance of gender classification on top of the standard
n-gram model. Garera and Yarowsky [35] investigated a set of features such as speaker
rate and percentage of pronoun usage, motivated by the sociolinguistic literature on
gender differences in discourse [57].

Garera and Yarowsky [35] also extended their approach on gender classification
to the prediction of speakers’ age and native/non-native speaker. Again they had
findings consistent with the sociolinguistic studies for age [57], such as frequent usage

of the word “well” among older speakers.

Social Networks and Biographical Facts

Jing et al. [49] gave a framework to extract social networks and biographical facts
from conversation speech transcripts. Entities, relations, and events are extracted

separately from the conversation scripts by different information extraction modules,
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and a fusion module is then used to merge their outputs and extract social networks
and biographical facts.

Identified person entities and extracted relations are fused as nodes and ties in a
social network. For example, from the input sentence my mother is a cook, a relation
detection system identifies the relation motherO f(mother,my). And if an entity
recognition module identifies that my refers to the person Josh and mother refers to
the person Rosa, then by replacing my and mother with the corresponding named
entities, the fusion module produces the following nodes and ties in a social network:
motherO f(Rosa, Josh).

As can be seen from this example, coreference resolution plays a critical role in
the extraction of social networks. As a result, Jing et al. [49] paid a major effort on
improving coreference resolution for conversations, by both feature engineering and
improving the clustering algorithm.

Biographical facts are extracted in a similar way by selecting the events (extracted
by the event extraction module) and corresponding relations (extracted by the relation

extraction module) that involve a given individual as an argument.

Agreements and Disagreements

Conversations involve many agreements and disagreements of one speaker to another.
Galley et al. [34] focused on the identification of agreements and disagreements on the
utterance level, and formulated the problem as a multi-class classification problem:
given an utterance from a speaker, the task is to classify whether it is an agreement,
a disagreement, or none of these two. They suggested to use a sequence classification
model to approach this task, with a set of local and contextual features characterizing
the occurrence of agreements and disagreements.

The local features include lexical features such as agreement markers [21], e.g. yes

and right, general cue phrases (45|, e.g. but and alright, and adjectives with positive
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or negative polarity [42]. A set of durational features are also incorporated and
described as good predictors of agreements: utterance length distinguishes agreement
from disagreement. The latter tends to be longer since the speaker elaborates more on
the reasons and circumstances of her disagreement than for an agreement [21]. And
a fair amount of silence and filled pauses is sometimes an indicator of disagreement,
since it is a dispreferred response in most social contexts and can be associated with
hesitation [73].

Galley et al. [34] also noted that context provides important information to the
classification of agreements and disagreements. For example, whether an utterance is
an agreement or a disagreement is largely influenced by whether the previous utter-
ance from the same speaker is an agreement or a disagreement, i.e. an agreement is
more likely to be followed by another agreement, and vice versa. There are also reflex-
ive and transitive contexts that may be indicative. Reflexivity means if A disagrees
with B, then B is also likely to disagree with A. Transitivity means, for example, if
A agrees with B and B disagrees with C, then A may also disagrees with C, and so
forth.

In order to capture both the local and the contextual features to classify the
agreements and disagreements, Galley et al. [34] used a Bayesian network to perform
the classification. The most probable agreement/disagreement sequence is computed

by performing a sequential decoding with beam search.

Meeting Summarization

Automatic summarization helps the processing of information contained in conversa-
tion scripts. Murray and Carenini [66] took an extractive approach to conversation
summarization. They conducted a binary classification on sentences in a conversa-
tion, identifying whether each sentence should be extracted as the summary. Sen-

tences were ranked by their classification scores, and a top portion of sentences were
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kept as the conversation summary until they reach a certain threshold of word count.

To locate the most salient sentences in a conversation, Murray and Carenini [66]
derived various features to train their classifier, which include sentence lengths that
were previously found to be effective in speech and text summarization [33, 62, 67],
structural features capturing the relation between a sentence and the conversation,
features related to conversation participants, a lexical feature capturing varying inter-
ests and expertise between the conversation participants, a lexical feature capturing
topic shifts in a conversation, cosine features capturing whether the conversation is
changed by a sentence in some fashion, centroid features capturing the similarity
between a sentence and the conversation, word entropy features measuring how infor-
mative a sentence is, and whether a sentence is a turning point in the conversation,

and the ClueWordScore used by Carenini et al. [15].

Murray and Carenini [66] used a simple feature subset selection based on the
F statistics (18], and applied their extractive summarization system to a portion of
the AMI corpus [16]. They found that the best features for summarization are sen-
tence length, sum of term scores (described above), and the centroid features that
measure whether the candidate sentence is similar to the conversation. Their evalu-
ation results show that such a summarization system, which relies solely on features
extracted from conversation scripts, achieved a competitive performance compared
to the state-of-the-art summarization systems that also employ speech-specific (e.g.
prosodic) features. Therefore, the same summarization system is also applicable to

other domains similar to spoken conversations, such as email threads.

Predicting Success in Task-oriented Dialogues

In task-oriented dialogues, an important indicator of the communication effectiveness

is whether the task is accomplished successfully.
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Pickering and Garrod [72] suggested in their Interactive Alignment Model that
dialogues between humans are greatly aided by aligning representations on several
linguistic and conceptual levels. This effect is assumed to be driven by a cascade of
linguistic repetition effects, where interlocutors tend to re-use lexical, syntactic and
other linguistic structures after their introduction. Reitter and Moore [77] referred
to this repetition effect, or a tendency to repeat linguistic decisions, as priming. Mo-
tivated the hypothesis of Pickering and Garrod [72], Reitter and Moore [77] deduced
that “the connection between linguistic persistence or priming effects and the success
of dialogue is crucial” for the Interactive Alignment Model. Based on this assumption,

Reitter and Moore [77] proposed an automatic method of measuring task success.

Reitter and Moore [77] tried to predict task success from a dialogue using lexical
and syntactic repetition information. They used the HCRC Map Task corpus [4],
where subjects were given two slightly different maps and one of them gives directions
of a pre-defined route to another. The task success is then determined by the deviation
between the route given by the leader and the route followed by the follower, which is
measured by the area covered in between the two paths (PATHDEV). They trained an
SVM regression model, using features of lexical, syntactic, and string repetitions and
the PATHDEV score as output. Their results show that “linguistic repetition serves

as a good predictor of how well interlocutors will complete their joint task” [77].

Reitter and Moore [77] further compared the indications of short-term priming
and long-term priming (alternatively called adaptation). It was argued that short-
and long-term adaptation effects may be due to separate cognitive processes [31],
so they wanted to find out whether alignment in dialogues is due to the automatic,
classical priming effect, or whether it is based on a long-term effect that is possibly
closer to implicit learning [17].

Through similar experiments using PATHDEV as a measurement of task success,

Reitter and Moore [77] found that path deviation and short-term priming did not
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correlate. Despite the fact that priming effect is clear in the short term, “the size
of this priming effect does not correlate with task success” [77]. In contrast, there
is a reliable correlation of task success and long-term adaptation. Stronger path
deviations relate to weaker adaptation. The more adaptation were observed, the
better performance were achieved by the subjects in synchronizing their routes on the
maps. This confirms their assumption derived from Interactive Alignment Model.
In conclusion, the correlation shows that, of the repetition effects included in the
task-success prediction model, it is long-term adaptation as opposed to the more
automatic short-term priming effect that contributes to prediction accuracy. “Long-
term adaptation may thus be a strategy that aids dialogue partners in aligning their

language and their situation models.” [77]
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Chapter 3

A Dependency Approach to

Textual Entailment

Conversations are not completely different from text. After all, a conversation is
made up by similar linguistic components, from words, sentences, to discourse. The
first question is, to what degree that methods for textual entailment can be used to
infer knowledge from conversations.

In this chapter, we describe a dependency-based approach for textual entailment,

which provides a reasonable baseline for our investigation on conversation entailment.

3.1 A Framework of the Dependency Approach

As introduced in Chapter 1, a definition of the textual entailment problem is given
by the PASCAL RTE Challenge [8, 10, 22, 36, 37]: given a piece of text T and a
hypothesis H, the goal is to determine whether the meaning of H can be sufficiently

inferred from 7.

Formally, we use the sign F to denote the entailment relationship. We represent
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that T entails H as
TeEH

Similarly, if 7 does not entail H, we represent it as

TEH

Given such context, we will use the phrase premise discourse to refer to the
text from which the meaning is to be inferred (in conversation entailment it is a
conversation segment), and use the letter D to denote it. And for the hypothesis, it
is usually a single statement (e.g., in the PASCAL RTE data set and our data set).
We call it the hypothesis statement, and use the letter S to denote it. Thus a

generic form of the textual or conversation entailment problem is stated below:

Given a premise discourse D and a hypothesis statement S, estimate the
probability
P(DE S|D,S)

The probability represents the likelihood of the entailment relationship between D
and S, and we can say that D entails S if this likelihood is above a certain threshold

(usually 0.5).

3.1.1 Representation

This section discusses how we represent natural language text and statements in our
system.
We first introduce several concepts that we are using throughout the presentation

of our framework:

e A term refers to either an entity or an event:
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— An entity refers to a person, a place, an organization, or other real world
entities. This follows the same idea as the concept of mention in the
Automatic Content Extraction (ACE) Workshops [28]: a mention is a
reference to a real world entity; it can be named (e.g. John Lennon),

nominal (e.g. mother), or pronominal (e.g. she).

— An event refers to an action, an activity, or other real world events. For
example, from the sentence John married Eva in 1940 we can identify the

event of marriage.
We use lower-case letters to represent terms (e.g., z = John, y = marry, etc.).
e A clause is either a property or a relation:

— A property is a property associated with a term (entity or event). For
example, an entity company can have a property of Russian, and an event
visit can have a property of recently. We use a unary predicate p(z) to

represent a property, e.g. Russian(company), recently(visit).

— A relation is a relation between two terms (either entities or events). For
example, from the phrase headquarter in Canada we can recognize that
the entities headquarter and Canada have a relation of “is in”. From the
phrase Prime Minister visited Brazil we can recognize that the event visit
and the entity Prime Minister have a relation that Prime Minister “is the
subject of” wvisit. We use a binary predicate r(z,y) to represent a relation,

e.g. in(headquarter, Canada), subj(visit, Prime Minister).

Syntactic Decomposition

The clause representation of a natural language sentence is derived from its syntactic
parse tree. The process of converting a parse tree to the clause representation can be

seen as a decomposition of the tree structure.
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Syntactic substructure | Head Derived clause
NP — Bountiful z1 =Bountiful

NP — San Francisco | z9 =San Francisco
NP — August 1945 zr3 =August 1945

VBD — reached x4 =reached

PP — IN NP in T3

VP — VBD NP T4 object(zyq,x9)

VP — VP PP & preposition(zy,in 3)
S — NP VP T4 subject(zq, 1)

Figure 3.1: An example of syntactic decomposition

Decomposing a syntactic parse tree into a set of clauses is based on dependency
parsing [24], where a set of hand-crafted rules, or patterns, are applied on the phrase
structures. Appendix A lists the set of rules that we developed to derive the depen-

dency structures.

Figure 3.1 illustrates the decomposition process for the statement Bountiful reached
San Francisco in August 1945. For each phrase structure in the parse tree (e.g.,
S — NP VP), an associated decomposition rule is used to specify two types of infor-
mation: (1) the head term of the parent node (e.g., S), which is obtained from one
of its children (in this case the head of S is get from the head of VP); (2) the clauses

that are to be generated, e.g., for S — NP VP we generate subject(ho, h1), where
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hy is the head term of the first child (NP), and hg is the head term of the second
child (VP). The head terms of NP and VP are obtained recursively by decomposi-
tion rules defined upon the substructures spanning them (e.g., NP — Bountiful and
VP — VP PP, respectively).

We have also taken care of the following processes in our decomposing rules similar

to those in dependency parsing [24]:

e Collapsing a prepositional relation preposition(zx, prep y) into a relational clause
between z and y described by prep. For example, in Figure 3.1, the clause

preposition(xy,in x3) are collapsed into in(z4,x3).

e Processing conjunct dependencies to produce a representation closer to the
semantics. For example, for “bills on ports and immigration” we produce
on(bills, ports) and on(bills,immigration) (as opposed to on(bills, ports) and
and(ports, immigration)). This is implemented by the multi-head mechanism

encoded in our decomposition rules.

e Adding arguments for relative clauses. e.g. For I like the man who tells jokes

we have subject(tells, man).

After the syntactic decomposition, both the premise discourse and the hypothesis
statement are represented as sets of terms (e.g., 1 = Bountiful, x4 = reached, etc.)
and clauses (e.g., object(zy4,x9), in(x4,x3), etc.). Figure 3.2(a) shows an example of a
premise and the corresponding hypothesis. Figure 3.2(c) shows the decomposed terms
and clauses for the premise and Figure 3.2(e) shows the decomposed representation
for the hypothesis.

We use the term “clause” here because logically, a statement is the conjunction of a
set of clauses. Similarly a natural language statement can be viewed as a conjunction

of clauses defined above.
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Premise: Bountiful arrived after war’s end, sailing into San Francisco Bay
21 August 1945.
Hypothesis: Bountiful reached San Francisco in August 1945.

(a) The text premise and hypothesis statement

Bountiful arrived after war’s end, saili'ng into San Francisco Bay 21 August 1945.

(b) Dependency structure for the premise

Terms Clauses
y1 = Bountiful, yo = war, y3 = end, | modi fier(ys, y2), into(yg, v4),
y4 = San Francisco Bay, adverbial(yg, y5), subject(y7,y1),

y5 = 21 August 1945, yg = sailing, after(yy,y3), adverbial(yz, yg)
y7 = arrived

(c) Clause representation for the premise

Bouptiful reached San Frgncisco in Augqst 1945.

(d) Dependency structure for the hypothesis

Terms Clauses

z1 = Bountiful, subject(zg,11),

z9 = San Francisco, | object(z4,x9),

z3 = August 1945, in(zq,z3)

x4 = reached
(e) Clause representation for the hypothesis

Figure 3.2: The decomposition of a premise-hypothesis pair
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This representation is similar to the neo-Davidsonian-style quasi-logical form [65,
76]. And we also follow its idea of reifying the verb terms. Alternatively, a represen-
tation without reification would put the sentence “Bountiful reached San Francisco”
as reach(Bountiful, San Francisco), but in this way the modifier “in August 1945”

will have no place unless higher-order logic is introduced.

This representation is also similar to a typed dependency structure, if we view
terms as nodes, property clauses as node properties, and relation clauses as depen-
dency edges. The only difference between our representation and a dependency struc-
ture is that we only take nouns and verbs as terms (or nodes), and put other words
like adjectives and adverbs as properties, e.g. instead of mod(visit, recently) we have
recently(visit). Figure 3.2(b) and 3.2(d) show the dependency structures of both
the premise and the hypothesis (corresponding to the clause representations in Fig-

ure 3.2(c) and 3.2(e), respectively).

3.1.2 The Alignment Model

As both the premise and the hypothesis are represented as terms and clauses:

D={yy,....ypdi(...),....,dm(...)}

S={z1,...yza,s1(--)y--ysn(.. )}

where r1,...,7q are the terms in the hypothesis, y;,...,y, are the terms in the
premise, S, ...,Sn are the clauses in the hypothesis, and dy,...,dmn are the clauses
in the premise, in order to predict whether the hypothesis can be inferred from the
premise, we need first to find an association between the terms in the premise and
ther terms in the hypothesis. For example, in Figure 3.2, we need to know that the

term z1 in the hypothesis (Bountiful) refers to the same entity as term y; in the
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Premise Hypothesis

y=Bountiful x,=Bountiful
y,=war x,=San Francisco
yy=end xy=August 1945
ys=San Francisco Bay x,=reached
ys=21 August 1945

Ye¢=sailing

y,=arrived

|g= {(Ilvyl)v (‘T2vy4)) (I3’y5)a (‘E4’y6)» (.’L‘4,y7)} ]

Figure 3.3: An alignment for the example in Figure 3.2

premise (Bountiful), and the term x4 in the hypothesis refers to an event (reached)

that may be the same as what y7 refers to in the premise (arrived).

Formally, we define an alignment g to be a binary relation, i.e., a subset of the
Cartesian product, between the hypothesis term set {z1,...,zq} and the premise
term set {y7,...,¥p} A term pair (z,y) is considered to be aligned, i.e., (z,y) € g, if
and only if they refer to the same entity or event. Figure 3.3 shows such an alignment

for the example in Figure 3.2.

Alternatively, an alignment g can be considered as a binary function defined over

a hypothesis term z and a premise term y:

g:{zx1,...,za} x{y1,.. . yp} — {0, 1}

1 if z and y are aligned
9(z,y) =
0 otherwise

Straightforwardly, the function notation of alignment is equivalent to the relation

notation:
g(z,y)=1=(z,y) €9
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In this thesis we will use these two notations interchangeably.

Note that an alignment can be between an entity (noun) and an event (verb), e.g.
g(sale, sell) = 1, or vice versa. It is also possible that one hypothesis term is aligned
to multiple premise terms, e.g., (x4,yg) and (z4,y7) in Figure 3.3, or vice versa.

An alignment model 64 gives such an alignment for any premise-hypothesis
pair:

9A:D,S—>g

3.1.3 The Inference Model

We have formulated the problem of predicting whether a hypothesis S can be inferred

from a premise D as estimating the probability

P(DE S|D,S)
Suppose we have decomposed the premise D into m clauses dy,do, .. .,dm and the
hypothesis S into n clauses sy, s9, ..., sn, the probability to be estimated becomes

P(DE S|D,S)=P(DF S|D =dydy...dm,S =s159...5n)

= P(d1d2d7n E 3182...Sn|d1,d2,. ..,dnl,Sl,S2,...,3n)

Since a statement is the conjunction of the decomposed clauses, whether it can
be inferred from a premise is equivalent to whether all of it clauses are inferred from

the premise:

P(DE sysg...sn|D,s1,89,...,8n) = P(DE s1,DF sg,...,DF sp|D,s1,59,...,5n)

And to simplify the problem, we make the assumption that whether a clause is
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entailed from the premise is conditionally independent from other clauses. So

n
P(DF s1,DF sy,...,DF sn|D,s1,59,...,sn) = || P(D ¥ s5|D,s;)
j=1

And the probability to be estimated is given by the following formula

—

Il
—

P(DE S|D,S) = [[ P(DF s;|D = dydy...dm,s;)

J
J

3

= P(didy...dm F Sj|d1,d2,...,dm,sj) (3.1)
J

Il
—

An inference model 0 gives such probabilities, that whether a clause from
the hypothesis is entailed by a set of clauses from the premise, given an alignment g

between the terms in the hypothesis and the terms in the premise, i.e.
9E : dl,dg,...,dm,sj,g — P(dldQ...dm E S])

And from Equation (3.1) we know that given a premise-hypothesis pair and an in-
stance of alignment, the inference model also gives the probability that the hypothesis

is inferred from the premise:

g :D,S,g— P(DFS)

3.2 Learning the Entailment Models

With the dependency-based framework consisting of two-stage models, the alignment

model and the inference model, next we describe how we build these models.

In the PASCAL RTE data sets [8, 10, 22, 36, 37|, for every entailment example

we have the truth judgement of whether the hypothesis can be inferred from the
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premise given by human annotators. Furthermore, work has been done on manually
annotating the word-level alignments for the RTE-2 data set [14]. Therefore, it is
natural to adopt the machine learning methodology and learn our entailment models
from those annotated data. Particularly, we train both the alignment and inference

models using a machine-learning framework.

3.2.1 Learning the Alignment Model

Recall from Section 3.1.2 that an alignment model gives the alignment for a premise-
hypothesis pair (D, S):
64:D,S—g

That is, for each term in the hypothesis  and each term in the premise y, it gives

64 :x,y— g(z,y)

This is a binary classification problem: given a term pair (x,y), we want to make

the binary decision of the value of g(z,y) (0 or 1).

We propose to use a feature vector f 4(z,y) to characterize the lexical, structural,
and semantic features of the terms z and y, and usec a binary classification model to
estimate their alignment score, g(z,y). We can use the notation 6 4 to refer to this

classification model:

04 :fa(z,y) = g(z,y)

To train such a classification model, we consider a training set with a gold-standard
alignment g* for each entailment pair (D,S). Given such a training set T, we can

learn an alignment model by maximizing the log-likelihood of the aligned term pairs
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(positive training instances):

> > logP(g(z.y) =1|D,S,0,)
(D,S,g*)€T (z,y)eg*
and minimizing the log-likelihood of unaligned term pairs (negative training in-
stances):

> > log P(g(x,y) = 1|1, S,6,4)
(D,S,g*)€T (z,y)¢g*

Thus the learned model 6 4 maximizes the log-likelihood of predicting the gold-

standard alignments:

Z log P(g =g*|D.S,0,)
(D,S.g*)eT

3.2.2 Learning the Inference Model

Recall from Section 3.1.3 that an inference model gives the probability that a clause
from the hypothesis, s j is entailed by a set of clauses from the premise, dj,d9, ..., dm,
given an alignment g between the terms in the hypothesis and the terms in the
premise:

()E . dl,d2, ...,dnl,Sj,g — P((Ild2...d"l = S])

As in the alignment case, here we also formulate the inference prediction as a
binary classification problem: we first use a feature vector fg(dy,do,...,dm,s i g) to
characterize the lexical, structural, and semantic features of the clauses dy,do, ...,dm, s j
given the alignment g, and then build a classification model § to estimate the prob-

ability P(dydy...dm F s;) given such a feature vector:

0E : fE(dl,d2, . ,d’,n,Sj,g) — P(d1d2 . .d',n = SJ)
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Again we use the same notation 0 for the classification model here because of its

equivalence to the original inference model.

Now we want to train such a model 05 from a data set of positive entailment
examples, Tt = {(D, S)*}, where the premises entail the corresponding hypotheses,
and a data set of negative entailment examples, T~ = {(D, S)™ }, where the premises
do not entail the corresponding hypotheses. We follow the assumption that for each
entailment example (D, S), we have a gold-standard alignment g*. Additionally, we
also assume that for each of the hypothesis clauses s;, we have the ground truth that

whether it is entailed from the premise D, given the gold-standard alignment g*.

We use ST(D, S, g*) to denote the set of clauses in S that are entailed from D
given g* (positive training instances), and S™(D, S, g*) to denote the set of clauses
in S that are not entailed from D given g* (negative training instances). Then an

inference model can be learned to maximize the log-likelihood:

Y > logP(DFs;|D,sj,9% 0)+
(D,S,g*)€T* sj€5

) 3 log P(DE s;|D,sj,9%,05)+
(D,S,g*)€T~ 5;€5H(D,S,9%)
3 > log P(D ¥ s;|D,s;,9%,0F)

(D,S,g*)€T~ 5;€5~(D,S.9*)

Note that for T+, ST(D,S,¢*) = S and S™(D, S,g*) = ¢ (every clause in the

hypothesis should be entailed from the premise).

As such, a learned model 6 also maximizes the log-likelihood of giving the right

entailment judgement for each premise-hypothesis pair:

> logP(DFSID,S,g*,6g)+ Y. logP(D¥S|D,S g 0F)
(D,S,g*)eT™t (D,S,g*)€T™
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3.3 Feature Design

Section 3.2 gave the framework of learning the alignment and inference models from
annotated data set. This section discusses the indicative features that are used in

learning these models.

3.3.1 Features for the Alignment Model

As introduced in Section 3.2.1, a feature vector for the alignment model f4(z,y) is
defined over a term z from the hypothesis and a term y from the premise.

In theory, a verb term a1‘1d a noun term can potentially be aligned together.
However, to simplify the problem, here we restrict the problem to the alignment
between two nouns or two verbs. We designed different feature sets according to

whether z and y are nouns or verbs.

Features for Noun Term Alignment

If z and y are noun terms, the feature vector f4(z,y) is composed by:
1. String equality: whether the string forms of x and y are equal.
2. Stemmed equality: whether the stems of z and y are equal.

3. Acronym equality: whether one term is the acronym of the other, e.g., Michigan

State University and MSU.

4. Named entity equality: whether two names refer to the same entity, e.g., Pres-
ident Obama and Barack Obama are the same person. Our simple approach to
estimate the equivalence of two named entities is by comparing the right-most

terms in the two names (e.g., Obama in the above example).

42



5. WordNet similarity [54]: a similarity measurement of the two terms based on

the WordNet taxonomy:

simyp (z.y) = 2 x log P(Cyy)

WAE Y= 1og P(Cy) + log P(Cy)
where C is the WordNet class containing z, Cy is the WordNet class containing
y, Czy is the most specific class that subsumes both Cyz and Cy, and P(C) is

the probability that a randomly selected object belongs to C.

6. Distributional similarity: a similarity measurement of the two terms based on

the Dice coeflicient of their distributions in a large text corpus:

2| Dz N Dy|

Si'lnD(fL', y) = m

where Dy is the set of documents that contain the term z, and Dy is the set of
documents that contain the term y. We use the AQUAINT [39] news corpus as

the document collection here.

Features for Verb Term Alignment

To learn the alignment model for verb terms, we use most of the features that are
similar to those in the noun alignment model, including string equality, stemmed
equality, WordNet similarity, and distributional similarity. However, we also designed
a few more features specialized to verb alignment. One of these features is the verb
be identification, which identifies whether any of the two verbs, z from the hypothesis

and y from the premise, is any form of the verb be:

1 if both or neither of x and y is verb be
f vb(x ) y) =
0 otherwise
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Further more, for an action/event, it is identified by not only the class or type of
the action/event, which is described by the verb, but also the executer and receiver of
the action or participators in the event, which are described by the verb’s arguments.

Here we consider two types of arguments: subject and object.

e Two action/events are not the same if their subjects (when present) are dif-

ferent, e.g., A laughed and B laughed;

e Two action/events are not the same if their objects (when present) are differ-

ent, e.g., A watched TV and A watched a football game.

Note that action/events could be identified by other arguments or adjuncts too. For
example, temporal phrases as in A went to New York in 1970 and A went to New York
last week. Here, we take a consistent approach that only identifies the action/cvents
by the verbs along with their subject/objects, and leaving the identification of other
adjuncts such as temporal phrases to downstream processes.

So we designed two additional features to model the argument consistency of the

verbs z and y.

1. Subject consistency: whether the subjects of z and y (when present) are con-

sistent;

2. Object consistency: whether the objects of x and y (when present) are consis-

tent.

To characterize the consistency of the arguments (subjects and objects) between
a hypothesis verb z and a premise verb y, here we developed a simple approach as a
baseline. Take subject consistency for example, we let sz be the subject term of verb
z in the hypothesis, and let sy be the aligned term of sz in the premise (if there are
multiple terms that are aligned with sz, let sy be the one that is closest to y in the

dependency structure of the premise). The subject consistency of the verbs (z,y) is
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then measured by the distance between sy and y in the dependency structure of the
premise.

The idea here is, if z and y are aligned, then for the subject of x, sz, it’s aligned
part in the premise (sy) should also be the subject of y. The distance between sy
and y characterizes (primitively) the possibility of sy being y’s subject.

Similarly, the object consistency of (z,y) is measured by the distance between the

verb y and the aligned object of z.

An Example of Feature Estimation for Verb Alignment

Here we demonstrate how we estimate the features for verb alignment, using the
example in Figure 3.2. Particularly, we show what are the feature values to decide
the alignment between the hypothesis term z4 = reached and the premise term
y7 = arrived.

The values of primary features to decide this alignment are:

e String equality: 0

Stemmed equality: 0

WordNet similarity: 0.84

Distributional similarity: 0.10

Verb be identification: 1

Next we check the subject and object consistencies for the pair of verbs. Here
we illustrate the object consistency as an example. We first find the object of z4
in the hypothesis, z9 = San Francisco. Assuming we have the result from the
noun term alignment model that z9 in the hypothesis is aligned to y4 in the premise
(y4 = San Francisco Bay), we can then get the distance between y4 and y7 in the

dependency structure of the premise (see Figure 3.2), which is 2 (y4 ~ yg ~ y7)-
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As such the argument consistency features for the verb pair (z4,y7) have values

of:

e Subject consistency: 1 (the distance between y7 and the aligned term of z4’s

subject)

e Object consistency: 2 (the distance between y7 and the aligned term of x4’s

object, as illustrated above)

3.3.2 Features for the Inference Model

In Section 3.2.2 we introduced the inference model, which predicts the probability
that a hypothesis clause sj is entailed from a set of premise clauses dj ...dm, given
a feature vector fp describing these clauses with an alignment g between the terms

in them:

Og : fp(dy,do, ...,d,,l,sj-,g) — P(d1dy...dm F sj)

We designed different feature sets according to whether s ;j is a property clause or

a relational clause.

Features for Property Inference Model

If s; is a property clause, i.e., it takes one argument and can be denoted as s j(z),
then for it to be inferred, we would like z’s counterparts (i.e., aligned terms) in the
premise to have the same or similar property.

Therefore, we look for all the property clauses in the premise that describe the

counterparts of z, i.e. a clause set D' = {d;(y)|d;(y) € D, g(z,y) = 1}. For example,

Premise: I've just heard some old songs. They're wonderful!

Hypothesis: I heard good music.
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Consider the property clause good(xg) in the hypothesis with the term z9 = music.
Suppose that z9 is aligned to two terms in the premise: yo = songs and y4 = they,
then D' = {some(yy), old(yo), wonder ful(yy)}.

We then design a set of features to characterize the similarity between the clause
s; and the clauses in D'. These features are similar to those used in the alignment

models in Section 3.3.1:
1. String equality: whether any of the clauses in D’ is the same as 555
2. Stemmed equality: whether any of the clauses in D’ has the same stem as s

3. WordNet similarity: calculate the WordNet similarity (see Section 3.3.1 for

definition) between any clause in D’ and sj, and pick the maximum one;

4. Distributional similarity: calculate the distributional similarity (see Section 3.3.1

for definition) between any clause in D’ and 55, and pick the maximum one.

In the above example, one property of y4, wonder ful(yy), has a high similarity
to the property of good(xg), so we can predict that good(zq) is entailed from the

premise.

Features for Relational Inference Model

If s j is a relational clause, i.e., it takes two arguments and can be denoted as
s;(z1,z2), then for it to be inferred, we would like the same or similar type of relation
to exist in the premise, between z1’s and z9’s counterparts.

So we look for the sets of terms in the premise that are aligned with =7 and z9,
respectively:

D’l ={yly € D,g(z1,y) = 1}

Dy = {yly € D, g(x9,y) = 1}
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Table 3.1: Calculating the features of inference model for the example in Figure 3.2

Hypothesis clause subject(zq,x1) | object(zy4,x9) in(zy4,x3)
Clause type relational relational relational
Terms in this clause T4 z] T4 z9 T4 3
Aligned terms in the premise {ve, y7} [ {v1} | {ve vz} | {va} | {ve v7} | {vs}
Closest term pair in the premise (y7,91) (v6, y4) (vg, ¥s5)
Minimal distance fr 1 1 1

We then model the relations between the terms in D’1 and the terms in D'2. Asa
baseline approach, here we only develop one feature to model these relations. That
is, the closest distance between these two sets of terms in the dependency structure

of the premise:

fr(Dysjg) = min  dist(y,y2)
y1€D7,y2€ Dy

The idea here is simple: the closer that two terms are in a dependency structure,
the more likely these two terms have a direct relationship. Since these relations are
mostly syntactic relations (e.g., subject, object, etc.), we made an assumption that
the closest relation found between D/1 and D’2 is the same type as the relation of S;

between z] and z9.

An Example of Feature Estimation in Inference Model

We use the example in Figure 3.2 to illustrate how features are calculated for the
inference model.
Suppose the alignment for this example is the one shown in Figure 3.3, then the

inference features for each clause in the hypothesis are shown in Table 3.1.

3.4 Post Processing

According to Equation (3.1), when our inference model predicts that each of the

clauses s; in a hypothesis is entailed from the clauses dj ...dm in a premise, the
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whole hypothesis S is determined to be entailed from the premise D. However, this
is not always true due to some of the linguistic phenomena, in particular, polarity
and monotonicity. In our entailment system, we developed a post processing routine

to deal with these issues.

3.4.1 Polarity Check

Consider the following example:

Premise: Around this time, White decided that he would not accept the
$10,000 Britannia Award and another Miles Franklin Award for his work.

Hypothesis: White got the Britannia Award.

The hypothesis contains following terms and clauses:

Terms: x1 = White, x9 = Britannia Award, 3 = got

Clauses: subject(zg,z]), object(x3,x9)

When alignment between the hypothesis and the premise contains the following

term pairs

x1, he), (x9, Britannia Award), (x3, accept
1 2 3

all the clauses in the hypothesis can be inferred from the premise:

subject(z3,x1): z1’s aligned term (he) is the subject of x3’s aligned term
(accept) in the premise.

object(zg,z9): x9’s aligned term (Britannia Award) is the object of z3’s
aligned term (accept) in the premise.

However, in this example the entire hypothesis is clearly not entailed. This is because

in the premise there is a negative adverb not applying on the verb accept.
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Table 3.2: The list of negative modifiers used for polarity check

barely nor
hardly not
little n't
neither nowhere
never rarely
no scarcely
none seldom

In order to detect this situation, the first post processing after predicting a pos-
itive entailment is to check the polarity of each verb in the hypothesis against its
counterpart (i.e., aligned verbs) in the premise. If the polarities of a pair of aligned
verbs are different, we change the entailment prediction to be false.

The polarity of a verb can be characterized by the number of its negative modifiers.

A set of negative modifiers that we recognize are listed in Table 3.2.

3.4.2 Monotonicity Check

The monotonicity assumption states that, when a statement is true, adding any
context would not affect the truth of that statement. This assumption, which may
be true in the most studied formal logic, is however not the case in natural language.

For example:

Premise: He said that “there is evidence that Cristiani was involved in
the murder of the six Jesuit priests” which occurred on 16 November in
San Salvador.

Hypothesis: Cristiani killed six Jesuits.

The hypothesis Cristiani killed siz Jesuits can be sufficiently inferred from the state-
ment Cristiani was involved in the murder of the siz Jesuit priests. However, this
example is a false entailment because the entailing statement is in a context of he

said that “..”.
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So after our system makes an positive entailment prediction, we also check against
the monotonicity assumption. Our approach is to search the context of the entailing
statement, namely, all the upward nodes from the head of that statement in the parse
tree. If any of these nodes contain a non-monotonic context, the entailment prediction
is changed to false.

From training data (see Section 3.5) we identified the types of words that signal

non-monotonic text. They usually contain one of the following meanings:

1. Indicating a statement is someone’s claim or declaration, e.g., say;

2. Indicating a statement is someone’s vision or imagination, e.g., think;

3. Indicating a statement is someone’s intended outcome, e.g., suggest;

4. Indicating a statement is questioned, e.g., ask;

5. Indicating a statement is hypothesized, e.g., suppose;

6. Indicating something is desired but may not actually happened, e.g., prefer;
7. Indicating something is permitted but may not actually done, e.g., allow;

8. Indicating something is weakly perceived but not attested or confirmed, e.g.,
hear (note that words expressing strong perception are considered to indicate

true entailments, e.g., witness);
9. Indicating something is planned or happens in the future, e.g., decide;
10. Indicating something happened in the past, e.g., use to;

11. Indicating something is fake, e.g., pretend.

We further expanded this set of non-monotonic contexts by adding the synonyms
of the recognized words. The expanded set of non-monotonic contexts are listed in

Table 3.3.
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Table 3.3: The list of non-monotonic contexts

(A extensive set also includes their derivative forms, e.g., thought)

advertise
advise
aim
allege
allow
announce
anticipate
argue
arrange
articulate
ask

assert
assume
attempt
authorize
beg
believe
call for
can
choose
claim
conceive
conjecture
consider
dare
decide
declare
deem
demand
deserve
desire
determine
discuss
divine

dream
elect
enable
encourage
enjoy
enunciate
envisage
expect
express
fancy

feel
forecast
foresee
foretell
formulate
going to
guess
have to
hear
hope
hypothesize
imagine
inquire
insist
intend

let

like

likely
look forward to
love

may
maybe
mean
might

must
need
negotiate
obligate
offer

opt

order
ought to
perhaps
permit
phrase
picture
plan
plead
pose
possible
postulate
potential
predict
prefer
premise
prepare
presume
presuppose
pretend
probable
proffer
project
promise
pronounce
propose
propound
put
question

reckon
recommend
report
request
require
say

seek
select
shall
solicit
speculate
state
suggest
suppose
surmise
suspect
swear
tell
tend
think
try

urge
use to
vision
visualize
vote
vow
want
will
wish
wonder
write
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3.5 Experimental Results

We choose the textual entailment data from PASCAL-3 RTE Challenge [36] for our
experiments. There are 800 entailment examples for the development set and 800
entailment examples for the test set. In order to train our entailment models, we first
decomposed the premises and hypotheses in the development set into sets of terms
and clauses, and then manually annotated the data set for ground-truth judgements

described in Section 3.2, which are

e For each term in the hypothesis x and each term in the premise y, we annotated

the label of g(z,y) (whether z and y are aligned)?;

e For each clause Sj in the hypothesis, we annotated whether it is entailed from

the clauses dj ...d, in the premise (truth value for d) ...dm F s;).

We then evaluated the results for both the alignment decision and the entailment

prediction.

3.5.1 Alignment Results

We trained two logistic regression models from the annotated development data, one
for noun term alignment and one for verb term alignment. Since we have only the
gold-standard alignments for the development data (not for the test data), we evaluate
their performances by cross-validation on the development data.

The evaluation is based on pairwise judgements: for a term pair (z,y), where z
is from a hypothesis and y is from a premise, whether the model correctly predicts
the value of their alignment function g(z,y) (0 or 1). Since the class distribution

of alignment judgement is extremely unbalanced (among all possible pairings of two

!The RTE-2 data set has word-level alignment annotation available [14], which is also an option
to derive the ground truth for term-level alignments.
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Figure 3.4: Evaluation results of verb alignment for textual entailment

terms, only a small portion of them are aligned pairs), we evaluate the alignment

results by precision and recall of positive alignments.

The alignment for noun terms achieved 96.4% precision and 94.9% recall. This
performance is relatively satisfying. We consider it sufficient for downstream pro-

cesses.

The alignment for verb terms, however, performs significantly lower. The standard
logistic regression model gives 52.4% precision and 16.4% recall. Since the recall
performance is especially low, and it is actually more important to the downstream
process (i.e., the inference model), efforts were made to balance the precision and
recall. Our mechanism was to adjust the output threshold of the logistic regression
model: the lower the threshold is, the model predicts more positive results (i.e.,
aligned term pairs), giving lower precision and higher recall; while the higher the
threshold is, the model predicts more negative results (i.e., unaligned term pairs),
giving higher precision but lower recall. We experimented with different thresholds

from 0.1 to 0.9, and the results are shown in Figure 3.4.
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We can see that the combined performance of precision and recall (i.e., the f-
measure) achieved maximum when the threshold is set to 0.3. Under this setting the
verb alignment model has a performance of 48.9% precision, 32.8% recall, and 39.3%

f-measure.

3.5.2 Entailment Results

We then trained two logistic regression models for the inference model, namely, the
property inference model and the relational inference model. The models were trained
on the annotated examples of the development set, and applied to the test set. We
evaluated the results predicted by these models. Among the 800 test examples, the
entailment predictions made by our models achieved an accuracy of 60.6%. Com-
paring this result to the median performance of the participating systems in the
PASCAL-3 RTE Challenge [36] (61.8%), the difference is not statistically significant
(z-test, p = 32%).

As discussed in Section 2.1.4, the key issue that distinguishes the performance of
different systems is the amount of knowledge they use. In our implementation, we
used knowledge sources and language tools no more than those publicly available,
such as the Stanford parser [52], OpenNLP tools?, WordNet [64], and the AQUAINT
Corpus of English News Text [39]. Therefore, the fact that the performance of our im-
plementation is on par with the median performance in RTE-3 provides a reasonable

baseline to process conversation entailment.

2http://opennlp.sourceforge.net/
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Chapter 4

An Initial Investigation on

Conversation Entailment

As an initial investigation, we follow the PASCAL practice and created a database
of examples on conversation entailment. We tested the dependency-based approach
on the collected data. In this chapter, we describe our data collection and annota-
tion procedure, analyze the collected data, and report the results from our initial

investigation.

4.1 Problem Formulation

Following the PASCAL practice [8, 10, 22, 36, 37], here we consider the conversation
entailment problem as inferring a single natural language statement, or a declarative
sentence, from a conversation.

Similar to the formulation in Section 3.1, we use S to represent the statement
which is the hypothesis in question, and use D to represent the premise from which
the hypothesis is to be inferred. In this case the premise D is a conversation segment.

We say that D entails S if and only if the meaning of S can be sufficient inferred
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from the premise D, and write it as
DES
Similarly, if D does not entail S, we say

DES

Also similar to the case of textual entailment in PASCAL, the definition here is
not strict. Rather, it is based on an agreement of most intelligent human readers,
given the general background knowledge. That means, the standard is not whether
the hypothesis is logically entailed from the premise, but whether it can be reasonably
inferred by human readers.

Table 4.1 gives a few examples of premise-hypothesis pairs, and whether each
hypothesis is entailed by the corresponding premise. These examples show that con-
versations are different from written text. Utterances in a conversation tend to be
shorter, with disfluency, and sometimes incomplete or ungrammatical. These exam-
ples also show the importance to model the conversation context. One utterance could
span several turns (e.g., utterance of B in Example 1). The pronouns are frequently

used and may require special treatment (e.g., you in Example 2).

4.2 Types of Inference from Conversations

In the text entailment exercise, almost all hypotheses are about facts that can be
inferred from the text segment. This is partly due to the fact that the newswire
articles mainly report significant events and partly due to how the data is collected.
From conversations, however, we can infer different types of information. It could be

some opinion of the world held by the participants, some facts (assuming speakers
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Table 4.1: Examples of premise-hypothesis pairs for conversation entailment

ID Premise Hypothesis Entailed
1 | B: My mother also was very very B is eighty-three. | False
independent. She had her own, still
had her own little house and still
driving her own car, B’s mother is True
A: Yeah. eighty-three.
B: at age eighty-three.
2 | A: sometimes unexpected meetings or a | Sometimes a client | False
client would come in and would want | wants to see B.
to see you, Sometimes a client | True
B: Right. wants to see A.

are telling the truth) about the participants, and communicative relations between

the participants (e.g., A disagrees with B).

In this work, we particularly focus on the inference about conversation partici-
pants. This is because understanding conversation participants is key to any appli-
cation involving conversation processing: either acquiring information from human-
human conversation or enabling human-machine conversation. In human-human con-
versation, correct hypotheses about conversation participants can benefit many ap-
plications such as information extraction and knowledge discovery from conversation

data. In human-machine conversation, better understanding of its conversation part-

ners will enable more intelligent system behavior.

Specifically, we are interested in following four types of inference:

e Fact. Facts about the participants. This includes:

1. Profiling information about individual participants (e.g., occupation, birth

2. Activities associated with individual participants (e.g., A bikes to work

3. Social relations between participants (e.g., A and B are co-workers, A and

place, etc.);

everyday);

B went to college together).
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e Belief. Participants’ beliefs and opinions about the physical world. Any state-
ment about the physical world in fact is a belief of the speaker. Such statements
are not about the speaker him/herself and often involve subjective judgements,
e.g., B thinks that crafts are relaring. Technically, the state of the physical
world that involves the speaker him/herself is also a type of belief. However,

here we assume a statement about oneself is true and is considered as a fact.

e Desire. Participants’ desire of certain actions or outcomes (e.g., A wants to find
a university job). These desires represent the states of the world the participant

finds pleasant (although they could be conflicting to each other).

e Intent. Participants’ deliberated intent, in particular commmunicative intention
which captures the intent from one participant on the other participant such
as whether A agrees/disagreces with B on some issue, whether A intends to

convince B on something, etc.

Most of these types are motivated by the Belief-Desire-Intention (BDI) model [2],
which represents kev mental states and reflects the thoughts of a conversation par-
ticipant. Desire is diffcrent from intention. The former arises subconsciously and
the latter arise from rational deliberation that takes into consideration desires and
beliefs [2]. The fact type represents the facts about a participant. Both thoughts
and facts are critical to characterize a participant and thus important to serve many

other downstream applications.

4.3 Data Preparation

Currently there is no data available to support the research on conversation entail-

ment. Therefore, as a first step, we have developed a database of entailment examples
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with different types of hypotheses to facilitate algorithmic development and evalua-

tion.

4.3.1 Conversation Corpus

The data was collected from the Switchboard corpus [38]. It is a corpus of make-up
phone calls, where the participants, who do not know each other, exchange ideas and
discuss issues of interest. These conversations are casual and free-form compared to
goal-driven conversations (e.g., conversation about how to install a computer pro-
gram). Inference from this set of conversations can be more challenging since the
goals/subgoals are not explicit and topic evolvement can be unpredictable.

All of the conversations in this corpus have been transcribed by human annotators.
A portion of it has been annotated with syntactic structures, disfluency markers, and
discourse markers as a part of Penn Treebank [61].

As we are mainly interested in semantic analysis and inferring information from

the conversations, we work on the conversation transcripts directly.

4.3.2 Data Annotation

We selected 50 conversations from the Switchboard corpus. In each of these conver-
sations, two participants discuss a topic of interest (e.g., sports activities, corporate
culture, etc), and has a full annotation of syntactic structures, disfluency markers, and
discourse markers. We chose the conversations with annotation because the available
annotations will enable us to conduct systematic evaluations of developed techniques,
for example, by comparing performance of inference based on annotated information
versus automatically extracted information from conversation.

We had 15 volunteer annotators read the selected conversations, and created a

total of 1096 entailment examples. Each example consists of a segment from the con-
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versation, a hypothesis statement, and a truth value indicating whether the hypothesis
can be inferred from the conversation segment, given the contextual information from
the whole history of that conversation session. The following guidelines are followed

during the creation of entailment examples:

e The number of examples is balanced between positive entailment examples and
negative entailment ones. That is, roughly half of the hypotheses are entailed

from the premise, and half of them are not.

e Special attention is given to negative entailment examples, since any arbitrary
hypotheses that are completely irrelevant will not be entailed from the conver-
sation. So in order not to make the prediction of false entailment too trivial,
a special guideline is enforced to come up with “reasonable” negative exam-
ples: the hypotheses should have a major portion of words overlapping with the

premise.

A recent study shows that for many NLP annotation tasks, the reliability of a small
number of non-expert annotations is on par with that of an expert annotator {79).
It is also found that for tasks such as affection recognition, an average of four non-
expert labels per item are capable of emulating expert-level label quality. Based on
this finding, in our study the entailment judgement for cach example was further
independently annotated by four annotators (who were not the original contributors
of the hypotheses). As a result, on average each entailment example (i.e., a pair
of conversation scgment and hypothesis) received five judgements, including the one

given by the original annotator (i.e. creator of the hypothesis).

4.3.3 Data Statistics

In total we collected 1096 entailment examples from the annotators. In this section

we will analyze the collected data and give some important statistics.
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Figure 4.1: Agreement histogram of entailment judgements

As the most important annotation is the judgement of truth values, that whether
a hypothesis can be inferred from the premise, it is essential to investigate how reliable
those judgements are from our annotators, who are average native English speakers.

As described in Section 4.3.2, we have five entailment judgements from different
annotators for each premise-hypothesis pair. Figure 4.1 gives a histogram of the
agreements of collected judgements. From the figure we can see that inference from
conversations is a difficult task, for only 53% of all the examples (586 out of 1096)
are agreed by all human annotators.

Some of the disagreements are due to the ambiguity of the language itself, for

example:

Premise:

A: Margaret Thatcher was prime minister, uh, uh, in India, so many,
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uh, women are heads of state.

Hypothesis:

Margaret Thatcher was prime minister of India.

In the conversation utterance of speaker A, the prepositional phrase in India is
ambiguous because it can either be attached to the preceding sentence, Margaret
Thatcher was prime minister, which sufficiently entails the hypothesis, or it can be
attached to the succeeding sentence, so many women are heads of state, which leaves
it unclear which country Margaret Thatcher was prime minister of.

In some other instances of disagreements, the hypotheses are often not directly
inferred from the text, but can be inferred after a few more steps of reasoning. Those
reasonings often involve assumptions on conversational implicature or coherence. For

example:

Premaise:

A: Um, I had a friend who had fixed some, uh, chili, buffalo chili and,
about a week before went to see the movie.

Hypothesis:

A ate some buffalo chili.

Premise:

B: Um, I've visited the Wyoming area. I'm not sure exactly where
Dances With Wolves was filmed.

Hypothesis:
B thinks Dances With Wolves was filmed in Wyoming.

In the first example, a listener would assume that A follows the maxim of relevance,

so that when she mentions the fixing of buffalo chili at this point in the conversation,
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Table 4.2: Distribution of hypothesis types
Count | Percentage
Fact 416 48.3%
Belief | 299 34.7%
Desire | 54 6.3%
Intent 92 10.7%

it is relevant. A most natural inference that would make the fixing of buffalo chili

relevant is that A ate the buffalo chili.

In the second example, when the speaker A mentions a visit to the Wyoming area
and expresses a lack of knowledge of the filming place of Dances With Wolves, the
entire utterance is assumed to be coherent. This means in the speaker’s mind, the
Wyoming area must have some relationship with the filming of Dances With Wolves,
although she does not know where exactly in the Wyoming area that movie was

filmed.

Given the fact that the inference from conversations is already so difficult even
for human readers, it is expected to be much more challenging for computer sys-
tems. Therefore for the first step we will focus our preliminary experiments on 875

entailment examples that have agreements greater than or equal to 75%.

For the 875 entailment examples that have good agreements (> 75%), we observe
a slight imbalance between the positive entailment class and the negative entailment

class. The ratio is 474:401 (54%:46%), with a bias toward the positive class.

This also sets up a natural baseline for our entailment prediction system, as a
majority guess approach (i.e. always guess positive for a data set that is biased to

the positive class) will achieve 54% prediction accuracy, expectedly.

The distributions of four hypotheses types among the 875 data set are shown in

Table 4.2.
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4.4 Experimental Results

We applied the same dependency approach (as in Chapter 3) to the conversation en-

tailment data. This section presents our preliminary experiments and initial findings.

4.4.1 Experiment Setup

As described in Section 4.3, our data set of conversation entailinent consists of 875
premise-hypothesis pairs created from 50 conversations. To facilitate follow-up inves-
tigations, we further divided the 875 examples into two sets: a development set and
a test set. We select one third of the examples as development data and two third as

test data. The division is governed by the following guidelines:

1. No instances from the same conversation are divided into two different sets,
since we will potentially train our computational models from the development

data and apply them on the test data,

2. The ratio between positive and negative instances should remain roughly the

same for both the development and the test data sets;

3. The distribution of four hypothesis types (fact, belief, desire, intent) should

remain roughly the same on both the development and the test data sets.

As a result, we selected 291 examples from 15 conversations as the development set
and 584 examples from 35 conversations as the test set. The positive/negative ratio

and the distribution of hypothesis types in both data sets are presented in Table 4.3.

Similar to the discussion in Section 4.3.3, the natural baseline by always guessing
the majority class can achieve accuracies of 56.4% and 53.1% on the development and

test data sets, respectively.
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Table 4.3: The split of development and test data for conversation entailment

Total | Development | Test
Conversations 50 15 35
Premise-hypothesis pairs | 875 291 o84
Positive entailments 54.2% 56.4% 53.1%
Negative entailments 45.8% 43.6% 46.9%
Fact hypotheses 48.3% 47.1% 48.9%
Belief hypotheses 34.7% 34.0% 35.1%
Desire hypotheses 6.3% 10.7% 4.0%
Intent hypotheses 10.7% 8.2% 11.9%

4.4.2 Results on Verb Alignment

As shown in Section 3.5.1, the alignment for noun terms is a relatively easy task, for
which our current model can already be considered sufficient and giving satisfying
results. Thus in the follow-up evaluations for alignment models, we will focus on the

alignment results for verb terms.

We applied the alignment model learned from the textual entailment data directly
to the conversation cntailment data. The first two scries in Figure 4.2 (Development
and Test) show the f-measures of the alignment results on the development set and
the test set, respectively (here Development is only the name of a data set, which is

not used to develop our system models just yet).

Similar to Section 3.5.1, here we also evaluate a series of results with different out-
put thresholds for the logistic regression model. We can see that both f-measures for
the development set and for the test set achieves to maximum when the threshold is
set to 0.7 (24.9% and 32.3%, respectively). However, as we also show the f-measures
in the textual entailment task as the third series (7Text) in Figure 4.2, we can see
that the maximum performance of conversation alignment is significantly lower than
the maximum performance of text alignment (39.3%). This shows that the align-
ment model learned from textual entailment is not sufficient to tackle conversation

entailment.
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Figure 4.2: Evaluation results of verb alignment using the model trained from text
data

4.4.3 Verb Alignment for Different Types of Hypotheses

We broke down the evaluation on verb alignment (with threshold 0.7) by different
hypothesis types, and the results are shown in Figure 4.3. For both the development
and the test data sets, the performance is better for the fact type than for most other
types. For fact type of hypotheses, the alignment f-measures are consistent between
the development and test data (30.7% and 37.3% respectively), which are also close to
that on the text data (39.3%). However, the f-measures for other types of hypotheses
are not so consistent, especially for desire and intent types. This is because there
are not many instances in these two subsets of data. Nevertheless, if we combine the
results on the development and test data for these two subsets, we get f-measures of

31.0% for desire and 27.0% for intent.

In summary, when we apply the alignment model learned from textual entailment
to the task of conversation entailment, it handles the alignments for fact and de-

sire types of hypotheses with relatively acceptable performance. The limitation of
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Figure 4.3: Evaluation results of verb alignment for different types of hypotheses

the current model is mostly revealed when dealing with belief and intent types of

hypotheses.

4.4.4 Results on Entailment Prediction

Again, we applied the inference models learned from the textual entailment data
directly to the conversation entailment data. Figure 4.4 shows the performances for
both the development set and the test set. The overall prediction accuracies for the
two data sets are 48.5% and 53.1%, respectively. Similar to what we found from the
alignment evaluation, the reasonable models for predicting textual entailment now
produces significantly lower performance on the conversation data.

In fact, the performance of the model predictions did not even beat the baseline
of majority guess, which (as given in Section 4.3.3) are 56.4% for the development
set and 53.1% for the test set. This is probably because our approach takes a rather
strict standard, i.e., it tends to predict negative entailments rather than positive
entailments. As a result, the more a data set is biased towards positive class (e.g.,

the development set), the less accurately our approach performs.
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Figure 4.4: Evaluation results of entailment prediction using models trained from text
data

Could the performance difference be attributed to the different sources of training
data? We further experimented with training our entailment models (both alignment
and inference models, with the same set of features as in textual entailment case)
from the development data of conversation entailment, and evaluating them on the
test data. This resulted in an accuracy of 52.4%. The newly trained models show
no advantage compared to the previous models trained from textual entailment data.
Therefore in the follow-up investigations, we will still use the previous result (53.1%
accuracy on the test data) as the baseline.

Figure 4.4 also shows the break-down results of entailment performances by dif-
ferent hypothesis types. Again we see the current models perform better for fact type
than the other three types.

The initial results on conversation entailment suggest that only applying ap-
proaches from textual entailment will not be enough to handle entailment from con-
versations, especially the entailment of belief, desire, and intent types of hypotheses.
Considerations of unique behaviors of conversations is important to tackle the con-

versation entailment problem.
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Chapter 5

Incorporating Dialogue Features in

Conversation Entailment

Dialogues exhibit very different language phenomena compared to monologue text.
As a result, the algorithm framework that is designed to recognize entailment from
text will not be sufficient to process conversation entailment. In order to effectively
predict entailment from conversations, we need to model unique features from the
conversations [92]. In this chapter we discuss the modeling of two types of features:
linguistic features in conversation utterances and structural features of conversation

discourse.

5.1 Linguistic Features in Conversation Utterances

Compared to newswire texts that are mostly formal and standardized, spontaneous
conversations tend to have much more linguistic variations, which dramatically in-
creases the difficulty of recognizing entailments from them. These variations of lin-
guistic features mainly include disfluency, syntactic variations, and special usage of

language.
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5.1.1 Disfluency

Oral conversations contain different forms of disfluency that breaks the normal struc-
ture of language. Below are a list of some types of disfluency.
1. Filled pause

When people are thinking, hesitating, or pausing their conversation due to
other reasons while they speak, they tend to create such words like uh, um,
huh, etc. These insertions have no semantic content, but they break the flow of

communication.

2. Explicit editing term

These are the words that have some semantic content, but do not carry much

actual meaning, such as I mean, sorry, excuse me, etc. For example:

A: Oh, yeah, uh, the whole thing was small and, you, I mean, you
actually put it on.

They usually occur between the restart and the repair (and are as such “ex-
plicit”).
3. Discourse marker

Discourse markers does not carry much meaning either, but they have a wider
distribution than explicit editing terms. Such words include like, so, actually,

etc. For example:

B: I think that was better than like Showbiz Pizza cause there’s
more of them to do.

Because discourse markers can almost appear anywhere in a sentence, they are

much more likely to be confounded with content words that take the exact same
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form, and thus create ambiguities. Take the word like for example and compare
its roles in sentences They're like bermuda shorts and They're, like, bermuda
shorts. In the first case the shorts are not bermudas (only look like them), while

in the second case they are.

4. Coordinating conjunction

These are conjunctions like and, and then, and so, etc. But unlike regular
conjunctions, they carry no semantic meanings while just serve as coordinating

roles. Example:

A: And he usually is good about staying within them, although our
next door neighbors have a dog, too, and, uh, she, she is good
friends with my dog.

B: Oh, yeah?

A: And so he often gets to smelling her scent and will go over there
to sniff around and stuff.

5. Aside

Aside is a longer sequence of words that is irrelevant to the meaning of the
main sentence. It interrupts the fluent flow of the sentence and the sentence

later picks up from where it left off. For example:

B: I, uh, talked about how a lot of the problems they have to come,
overcome to, uh, it’s a very complex, uh, situation, to go into
space.

6. Turn interruption

The speech of a speaker can be interrupted in the middle by another person

and then continued and completed by the same speaker. For example:
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B: I thought it was kind of a strange topic about corruption in the
government and —

A: Yeah.
B: — uh, how many people are self serving.

7. Incomplete sentence

Sometimes a sentence is incomplete. This may be because it is interrupted by
another speaker and then discontinued, or it is just unfinished by the speaker.

For example:

A: We’ve had him for, let’s see, he just had his fourth birthday.

8. Restart

A restart happens when a part of a sentence is canceled by the speaker and then

fixed by a repairing part. Examples of restarts can be a simple substitution:

A: Show me flights from Boston on, uh, from Denver on Monday.

or more complicated cases where there is a restart within a restart (which are

called nested restarts):

A: I liked, uh, I, I liked it a lot.

5.1.2 Syntactic Variation

Oral conversations have unique syntactic behavior which rarely occurs in written

newswire articles. We summarize a few phenomena as follows.

1. Dislocation and movement
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A dislocation describes the case when a sentence constituent (which is dislo-

cated) is associated with a resumptive pronoun. For example, in

A: John, I like him a lot.

John is associated with him, which constitutes a left-dislocation. And in

A: One of the problems they're facing now, a lot of people now, is
that the small business can’t offer health insurance.

a lot of people is associated with they, which constitutes a right-dislocation.

A similar case is the movement of appositives. While it is very much like the
dislocation, the only difference is that the moved appositive is associated with

a regular noun phrase other than a pronoun. For example:

B: Her father was murdered, her father and three other guys up here
in Sherman.

In both of these cases, it is critical to recognize the dislocated or moved con-

stituent and identify the original clement they are associated with.

. Subjectless sentence

In strictly grammatical sentences, those without subjects may in most cases be
considered imperatives. In conversations, however, the use of empty subjects is

allowed in non-imperative contexts. For example:

B: You know, I think you are right. I think it is Raleigh.
A: Think so?
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In this example, a completed form of the sentence of speaker A should be Do

you think so?.

Here is another example:

B: Later I tried to get the baby to a baby-sitter. Supposed to be good,
recommended person from the church, and I knew her personally.

for which an unabbreviated form would be She was supposed to be good.

In order to get the actual meaning of a subjectless sentence, a way to recover
what has been omitted is desired.

. Double construction

Double constructions are rarely seen in written, textual English, and are thus in
need of special treatment for both syntactic parsing and semantic interpretation.

These include double is construction, such as in

B: That’s the only reason I work there, is that my children now
have graduated, and graduated from college.

and double that construction, for example:

A: Or you can hope that if people keep their money that they’ll
spend more and create jobs and, and whatnot.

5.1.3 Special Usage of Language

Compared to written text, language use in oral conversations can be much more flex-

ible. Such flexibility can have significant influence on the recognition of conversation

entailment. Below are a few situations of the special usages.
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1. Ellipsis

Ellipsis can happen in written text, but it is used much more widely and fre-

quently in oral English. For example:

A: Did, did you go to college?
B: Well, no. I'm going right now.

In this conversation, speaker B’s utterance means I'm going to college right now.
It is important to recognize such an ellipsis in order to recognize entailments

like B is going to college.

In Section 5.1.2, “subjectless sentence” is a special case of ellipsis. In that case
a regular grammatical component of a sentence is omitted, making up a special
syntactic structure. While here we consider sentences, although with ellipses,

but still in ordinary syntax.

2. Etcetera

There are many possible ways to represent etcetera in English, such as and so
on, and so forth, etc. More variations are specifically seen in spoken English, in-
cluding or whatever, or something like that, and and stuff like that. These vague
phrases, which can be either nominal or adverbial, require special recognition
to be distinguished from regular nominal or adverbial phrases. For example,
a nominal etcetera can be used in conjunction with an enumeration of verb

phrases:

A: They just watch them and let them play and things like that.

3. Negation
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In Section 3.4.1 we discussed the importance of modeling negation in textual
entailment task. We have listed a set of negative adverbs in Table 3.2. However,
negation in conversations can be represented by a larger variety of forms. For

example:

B: They've got to quit worrying about, uh, the, uh, religious, uh,
overtones in our textbooks and get on with teaching the product.

In this utterance, the word quit also represents a meaning of negation, which is

the same as saying they’ve got to not worry about .. ..

. Question form

Written text also take question forms from time to time, but they are mostly
rhetorical questions or hypothetical questions. In conversations, however, as two
or more people communicate and exchange ideas and information, it is much
more common to see one speaker ask a question, which is answer by another

speaker. For example:

B: Hi, um, okay what, now, uh, what particularly, particularly what
kind of music do you like?

A: Well, I mostly listen to popular music.

5.2 Modeling Linguistic Features in Conversation

Utterances

As a starting step, we chose to incorporate the disfluency and some of the special

usages of language in our conversation entailment system. This section describes how

we model these features.
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5.2.1 Modeling Disfluency

The detection of disfluency has been studied in previous works [70]. Here our focus is
how they affect the recognition of conversation entailment, and how to model them
in the entailment prediction process. Therefore, we employ a corpus of disfluency
annotations on the Switchboard conversations, given by Penn Treebank [61].

After they are detected (or marked out by annotation), we treat different types
of disfluency differently. Filled pauses, explicit editing terms, discourse markers,
coordinating conjunctions, and asides are directly removed. Interrupted utterances
are pieced together to recover the meaning of the original utterances. Incomplete
sentences are ungrammatical, usually unable to analyze or comprehend, and often
make no sense. Thus they are discarded from the conversations.

A more complex case is the restarts. They need to be repaired for their original

meaning to be understood. For example,

A: Show me flights from Boston on, uh, from Denver on Monday.

In this case, we remove the canceled part (e.g., from Boston on) as well as concurrent
filled pauses and editing terms (e.g., uh), and replace them with the fixed constituent
(e.g., from Denver on). As such we are able to recover the correct form of this

utterance: Show me flights from Denver on Monday.

5.2.2 Modeling Polarity

In Section 5.1.3 we have found a group of words that can represent negative polarities
in conversations, which were not used in textual entailment. We expanded this group
of words and added them to the set of negative modifiers used in textual entailment

(in Table 3.2). The expanded set of negative words is listed in Table 5.1.
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Table 5.1: The expanded set of negative words used for polarity check

The set used in textual entailment

barely never not scarcely
hardly no n't seldom
little none nowhere
neither nor rarely

The expanded set
abolish deny give up proscribe
abort disallow halt put off
abrogate disapprove hesitate quit
annul disclaim interdict refuse
avert, discontinue | invalidate reject
avoid drop negate repeal
ban eliminate neglect repudiate
bar escape nullify rescind
cancel except obviate resist
cease exclude omit revoke
debar fail oppose stop
decline forbid postpone terminate
defer forestall preclude void
defy forget prevent
delay gainsay prohibit
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Using the negative identifiers in Table 5.1 and the post processing mechanism of
polarity check described in Section 3.4.1, we are now able to detect that conversation

entailment examples such as

Premise:

B: They’ve got to quit worrying about, uh, the, uh, religious, uh, over-
tones in our textbooks and get on with teaching the product.

Hypothesis:

B believes people should focus more on the religious overtones of
textbooks.

are false entailments.

5.2.3 Modeling Non-monotonic Context

In Section 3.4.2 we have proposed that after each entailment prediction, if it is pre-
dicted to be true entailment, we need to check the context of the entailing statement
against the monotonicity assumption. In conversation entailment, we follow the same
idea. However, the category of non-monotonic context should not be limited to what

was introduced in Section 3.4.2. For example:

Premise:
B: What kind of music do you like?

Hypothesis:

A likes music.

The clause representation of the hypothesis is

z] = A, z9 = music, z3 = likes, subject(zg, 1), object(z3,x9)
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In the conversation segment, we can align the term y; = music to the hypothesis
term z9(music), term yg9 = you to the hypothesis term z1(A), and term y3 = like
to the hypothesis term z3(likes). Since yg is y3's subject in the premise, which
entails the hypothesis clause subject(z3, 1), and y; is y3's object in the premise,
which entails the hypothesis clause object(z3,z3), all clauses in the hypothesis are
entailed. According to the entailment framework in Section 3.1, the hypothesis can
be predicted to be entailed from the conversation segment.

However, the hypothesis in this example is clearly not entailed from the premise,
because the conversation segment provides no descriptive information about speaker
A. In fact, the premise relations subject(y3,yo) and object(ys,y1), from which the
hypothesis clauses are entailed, all occurred in a question asked by the speaker B.

Therefore in conversation entailment, we identify questions (including wh-questions
and yes-no-questions) as non-monotonic context too. Admittedly, questions can also
be identified as non-monotonic context in textual entailment. But as we discussed in
Section 5.1.3, question forms are not extensively used in text writing, while are much

more common in conversations.

5.2.4 Evaluation

In order to evaluate our improved system modeling the linguistic features in conver-
sation utterances, and compare it to the baseline system using models from textual
entailment, we investigated both how they perform on the verb alignment task and

how they classify entailment prediction.

Evaluation on Verb Alignment

Figure 5.1(a) and 5.1(b) show the verb alignment results on the development and the
test data sets respectively. The Baseline results were produced by the system using

models from textual entailment, and the +F-utterance are the results incorporating
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Figure 5.1: Evaluation of verb alignment for system modeling linguistic features in
conversation utterances
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linguistic features in conversation utterances. Results are presented with different
thresholds of model output.

As we see from the comparison, the two systems do not produce very much differ-
ent results on verb alignment. This is not surprising, since the modeling of linguistic
features (as described in Section 5.2) mostly happens on the post processing stage
(polarity check or monotonicity check). Figure 5.2 of the alignment results broken
down by hypothesis types again demonstrates similar comparisons between the two

systems.

Evaluation on Entailment Prediction

Figure 5.3 compares the entailment prediction performances of the two systems for
both the development and the test data sets. Overall speaking, the system incor-
porating linguistic features in conversation utterances (+F-utterance) shows some
improvement over the Baseline system on the development data, but not much im-
provement on the test data. This is because the baseline on the development data
is relatively low (as discussed in Section 4.4.4). Overall speaking, neither of the per-
formances on development data and on test data has beaten the natural baselines
by majority guess (56.4% and 53.1% respectively, as in Section 4.3.3) after modeling
linguistic features in conversation utterances.

However, if we break down the evaluation results by different types of hypothe-
ses, which are also shown in Figure 5.3, we can see that modeling linguistic features
bring improvement on both data sets for the inference of fact type of hypotheses.
Statistical tests illustrate that the improvements are significant on both data sets
(McNemar's test, p < 0.05). This demonstrates that the modeling of linguistic fea-
tures in conversation utterances helps identifying the entailment of fact hypotheses,
but is not so effective for other types of hypotheses (belief, desire, and intent). The

entailment of belief, desire, and intent hypotheses requires further modeling beyond
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the conversation utterances, such as features of conversation structure.

5.3 Features of Conversation Structure

A more important characteristic of conversations is that they are communications
between two or more people. Thus they contain interactions between the conversation
participants, such as turn-taking, grounding, etc. These unique conversation features
make the task of conversation entailment even more distinctive from that of textual
entailment.

Consequently, modeling the structure of conversation interaction can be critical
to recognizing conversation entailment. Below are several examples of conversation

structures that need to be modeled in order to predict correct entailments.

1. Question and answer

In the example,

Premise:

A: And where abouts were you born?
B: Up on Person County.

Hypothesis:
B was born in Person County.

speaker A asks a question and B gives an answer. In order to correctly infer the
statement in the hypothesis, we need to consider B’s answer under the context
of A’s question, i.e., that up on Person County in B’s answer are adjuncts to

the verb born in A’s question.

Generally for a wh-question and its answer, we need to identify the semantic
relation between proper constituents from the question and from the answer

respectively, so that a similar relation in the hypothesis can be entailed. For
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a yes-no-question, however, we usually can find all desired relations from the
question, and use the yes or no answer to validate or invalidate such relations.

For example,

Premise:

A: Do they, were, were there, um, are you allowed to, um, be casual,
like if it was summer, were, were you allowed to wear sandals,
and those, tha-, not real,

B: Not really, I think, I mean it’s kind of unwritten, but I think
we’re supposed to wear hose and, and shoes,

Hypothesis:

B is allowed to wear sandals.

In this case the hypothesis is not entailed because in the conversation segment
speaker B gives a no-answer, which invalidates the relation between you and

allowed in A’s question.

. Viewpoint and agreement

In the following example,

Premise:

A: We did aerobics together for about a month and a half and that
went over real well,

Uh-huh.

but, uh, that’s about it there.

Oh, it’s good and it’s healthy, too.
Oh, yeah, yeah.

Hypothesis:

> L > W

A agrees with B that aerobics is healthy.

speaker B raises a viewpoint and speaker A agrees with it. There are three

parts in the hypothesis related to the verb agree, the person that agrees (A), the

87




person that is agreed with (B), and the content that is agreed on (that aerobics
is healthy). The content part can be entailed from speaker B’s utterance (it’s
good and it’s healthy) from the conversation segment, while the other two parts
have to be inferred from the relation between utterance Oh, yeah, yeah and its

speaker, and the relation between these two utterances.

A similar case is a viewpoint and a disagreement. For example,

Premise:

A: Of course, there’s not a whole lot of market for seventy-eight
RPM records.

B: Is there not? You, you'd, well you'd think there would be.

Hypothesis:

B disagrees with A about the market for seventy-eight RPM
records.

3. Proposal and acceptance

In the example below,

Premise:

B: Have you seen Sleeping with the Enemy?
A: No. I've heard that’s really great, though.
B: You have to go see that one.

A: Sure.

Hypothesis:
A is going to see Sleeping with the Enemy.

speaker B makes a proposal and speaker A accepts it. Again here we need to
consider speaker B’s utterance you have to go see that one and speaker A’s
utterance sure together to predict the entailment of the hypothesis statement.

Terms and relations in the hypothesis can be entailed by the terms and relations
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in B’s utterance, but the whole statement has to be validated by A’s acceptance

of this proposal.

Similarly, there can be proposals and denials, which also requires the modeling

of conversation structure to be correctly recognized.

5.4 Modeling Structural Features of Conversations

In order to model the structural features of conversations in our entailment system,
we first incorporate the conversation structures in our representation of conversation

segments, i.e., the clause representations.

5.4.1 Modeling Conversation Structure in Clause Represen-

tation

Previously we have used the same technique to represent the utterances in conversa-
tions as we used in representing text. For example, Figure 5.4(a) shows an example
of a conversation segment (with a corresponding hypothesis), and Figure 5.4(c) shows
the clause representation for the conversation segment in this example. As we de-
scribed in Section 3.1.1, a clause representation is equivalent to dependency structure.

So Figure 5.4(b) also shows the dependency structure of the conversation utterances.

This representation represents only the information in conversation utterances,
without the information of the conversation structure. In order to incorporate struc-
tural features such as speaker identity, turning, and dialogue acts, we propose to
augment the representation of conversation segments by introducing additional terms

and predicates:

e Utterance terms: we use a group of pseudo terms uy, ug, ... to represent in-
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Premise:
B: Have you seen Sleeping with the Enemy?
A: No. I've heard that’s really great, though.
B: You have to go see that one.
Hypothesis:
B suggests A to watch Sleeping with the Enemy.

(a) a conversation segment (premise) and a corresponding hypoth-
esis

B: Have you seen Sleeping with the Enemy?

Terms Clauses
=4 .
]_ . 0bj(y3.,)
A: No. ['ve heard that's rea]ly great, though. yy=Sleeping subj(yyy)
: ' with the Enemy W1
! aux(y3,y,)

yy=seen, y,~have

'
'
v
'
"
'

ys=A, yo=that subj(y7,y6)
y,=is really great | obj(yg,x;)
B: YQ. u have to go see that one. yg=have heard subj(yg,ys)
' Yo=A, y,;=one 0bj(y11910)
: y9 -s’eeloy —g’o 0bj(y12911)
: 11=see, y12=80, ;
yiy=have 0bj(y\3.512)

subj(yy3,y)

(b) dependency structure of the conversation utter- (c) clause representation of the conver-
ances sation utterances

Figure 5.4: An example of dependency structure and clause representation of conver-
sation utterances
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dividual utterances in the conversation segment. We associate the dialogue acts
for each utterance with the corresponding terms, e.g., u; = yes_no_question.
Here we use a set of 42 dialogue acts from the Switchboard annotation [38].

Appendix B lists the dialogue act set.

e Additional speaker terms: we use two terms s 4, sg to represent individual
speakers in the conversation. These terms can potentially increase for multi-

party conversations.

e Speaker predicates: we use a relational clause speaker(-,-) to represent the

speaker of each utterance, e.g., speaker(uy, sg).

e Content predicates: we use a relational clause content(,-) to represent the
content of each utterance, where the two arguments are the utterance term
and the head term in the utterance, respectively. e.g., content(ug,yg) (where

yg = heard).

e Utterance flow predicates: we use a relational clause follow(-,-) to connect
each pair of adjacent utterances. e.g., follow(ug,u;). We currently do not
consider overlap in utterances, but our representation can be modified to handle

this situation by introducing additional predicates.

Figure 5.5(b) shows the augmented representation for the same example in Fig-
ure 5.4, and Figure 5.5(a) shows the corresponding dependency structure together
with conversation structure. The highlighted parts in these figures illustrate the
newly introduced terms and predicates (relations). Because such representations of
conversation segments take conversation structures into consideration, we call them
structural representations. In contrast, we call previous representations without con-
versation structures (as in Figure 5.4) basic representations.

Our follow-up discussions are based on the same example in Figure 5.4(a) and
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Terms Clauses

B: Have you seen Sleeping with the Enemy? | ', speaker(u,,s )

u,=yes-no-question| content(u,, y-)

y,=A, y,=Sleeping | 0bj(y3,y,)
with the Enemy subj(ys,))

yy=seen, y,=have | aux(ys,y,)
speaker(u,,s ;)
u,=no-answer
Sollow(u,,u,)
: 5 speaker(us,s ;)
S\ 5 "\ us=statement content(us,yy)
: ' : SJollow(us,u,)
)’5=As )’(,:that subj(.y7’y6)
y,=is really great | obj(yg,y;)
yvs=have heard subj(yg,ys)
> u3
speaker(u ,sg)
u~opinion content(uy.y,3)
JSollow(u yu5)
T 0bj(y11510)
@ -}9 _.S,eelov 20 0bj(y12.311)
‘11=5€e, Y12~ ; )
yi=have Obj(.Vls,J 12)
subj(y,3,y5)

(a) dependency and conversation structures of the (b) augmented representation of the conver-
conversation segment sation segment

B suggests A to watch Sleeping with the Enemy.

: . : : ; Terms Clauses
x,=B, x,=A L
: ’ subj(x4,x,)
Xxy=Sleeping y
obj(x
with the Enemy 2( 4%3)
Suojx
x=watch b'J (xs,x1)
o0j\x
Xs=suggests J(%s%s)
(c) dependency structure of the hypothesis (d) clause representation of the

hypothesis

Figure 5.5: The conversation structure and augmented representation for the example
in Figure 5.4
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the representation in Figure 5.5. Therefore we also show the dependency structure
and the corresponding clause representation for the hypothesis in Figure 5.5(c) and

5.5(d), respectively.

5.4.2 Modeling Conversation Structure in Alignment Model

Previously, our system is incapable of predicting entailments such as the one in Fig-
ure 5.4(a), because the hypothesis term suggests is not expressed explicitly in the
premisc, and thus the system cannot find an alignment in the premise for such a
term. Instead, the conversation utterance of speaker B, You have to go see that one,
constitutes the act of making a suggestion. Therefore, we propose to take conversation
structure into consideration so as to solve this problem.

Specifically, with the structural representations of conversation segments, we in-
corporate those (pseudo) terms representing conversation utterances into our align-
ment model. We call the alignments involving such terms pseudo alignments. For
example, Figure 5.4.2 gives a complete alignment between the premise terms and
hypothesis terms in Figure 5.5, where g(r5,u4) = 1 is a pseudo alignment.

A pseudo alignment is identified between a hypothesis term x and a premise term

u if they satisfy the following conditions:

1. z is a verb matching the dialogue act of u, e.g., x5 = suggests is a match of

Uugq = Opinion,

2. The subject of x matches the speaker of utterance u, e.g., the subject of x5,

z] = B, is a match of the speaker of ug, which is spg.

The match of subjects is pretty straightforward because the speaker of an ut-
terance can only be either s4 or sg. The match of verbs against dialogue acts is
currently processed by a set of rules learned from the development data of conversa-

tion entailment. Each of such rules V ~ U consists of two sets, a verb set V and a
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Conversation Segment

Sp

S4

y1=4

y,=Sleeping Hypothesis
with the Enemy =B

Yy3=seen —

Ys=have x4

ys=A x,=Sleeping
ye=that with the Enemy

y-=is really great

yg=have heard

x,=watch

Xs=suggests

u,=yes_no_question

U,=no_answer

us=statement

u,=opinion

T\

Figure 5.6: An alignment for the example in Figure 5.5




dialogue act set U, which means any verb in V' can be a match to any dialogue act

in U. Below are a few examples of such rules:

—

. {think, believe, consider, find} ~ {statement, opinion}

N

. {want, like} ~ {opinion, wh-question}

w

. {agree} ~ {agree,acknowledge, appreciation}

'S8

. {disagree} ~ {yes-no-question}

5.4.3 Evaluation

To investigate how the modeling of conversation structure helps our entailment sys-
tem, in this section we evaluate the entailment system incorporating the structural
features. The evaluation is again conducted on two tasks, the verb alignment task

and the entailment prediction task.

Evaluation on Verb Alignment

Since we have introduced pseudo alignment in Section 5.4.2, now the ground truth for
verb alignment is different from before when conversation structure was not incorpo-
rated in the representations. The current true alignments of verbs also include pseudo
alignments, i.e., alignments between verbs terms in the hypotheses and (pseudo) ut-
terances terms in the conversations. For this reason, the verb alignment for the
system incorporating structural features of conversations can not be compared to
that of a system without structural feature modeling. Therefore we evaluate the verb
alignment of the system with structural feature modeling on its own.

Figure 5.7 shows the system’s performance on verb alignment for both the devel-
opment and the test data sets after modeling features of conversation structures. An

overall trend is that when the threshold goes up, the system’s performance does not
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Figure 5.7: Evaluation of verb alignment for system modeling conversation structure
features

decrease as much as the previous system without modeling conversation structures
(see Figure 5.1), especially for the development data set. This is because our system
takes a rule-based classification mechanism for pseudo alignments, so the recalls of

pseudo alignments are not affected by high thresholds.

Figure 5.8 shows the alignment result broken down by different hypothesis types
for both the development and the test data sets at threshold 0.7. A dramatic result
we see in this figure is that the verb alignment performances for the intent hypotheses
now exceed the performances for all other hypothesis types. This is what we expected
— pseudo alignments help align the verb terms in intent hypotheses the most, since
such hypotheses have many verbs (e.g., 5 = suggests in Figure 5.5(d)) that have to
be aligned to pseudo terms of utterances with dialogue acts (e.g., ug = opinion in

Figure 5.5(b)).
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Figure 5.8: Evaluation of verb alignment by different hypothesis types for system
modeling conversation structure features

Evaluation on Entailment Prediction

Figure 5.9(a) and 5.9(b) show the accuracies of entailment prediction for three systems
on the development and test data sets. The three systems are a baseline system using
models trained from textual entailment (Baseline), an improved system modeling
linguistic features in conversation utterances (+F-utterance), and a further improved

system incorporating features of conversation structures (+F-structure).

Overall speaking, the system modeling conversation structure has limited improve-
ment compared to other two systems. The improvement is more noticeable on the
development data, since the model to capture pseudo alignments is learned from the

same data set.

However, if we break down the same evaluation results by different types of hy-
potheses (which is also shown in Figure 5.9), we can see that the system modeling
conversation structure features increases the prediction accuracy significantly for in-
tent type of hypotheses (McNemar’s test, p < 0.05). This is consistent with what we

found in evaluating verb alignments, i.e., the incorporation of pseudo alignments is
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Figure 5.9: Evaluation of entailment prediction for system modeling conversation
structure features
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most effective for hypotheses of intents.

It should also be noted that after incorporating features modeling conversation
structures, the whole system is re-trained to maximize the performance for all hypoth-
esis types. As a trade-off, the performance on some subset of examples is sacrificed
(decreased). For example, in Figure 5.9(b), for the fact type the performance of the
+F-structure system is decreased on the test data compared to the +F-utterance sys-
tem. For the desire type the performance is increased on the test data but decreased
on the development data.

So why in the end does the performance on some examples decrease? We further
investigated the changes brought into the system by modeling conversation struc-
tures. We found that structural modeling creates more connectivity for language

constituents that were not connected before. For example:

Premise:
A: He, he plays on Murphy Brown.

Hypothesis:
A plays on Murphy Brown.

The speaker A is not in the utterance of conversation, so our previous system would
not find an alignment for the hypothesis term A, and thus predicts the entailment
to be false, which is a correct prediction. However, after introducing the modeling of
conversation structure, we identify plays as the content of the utterance in the con-
versation segment, and A as the speaker of that utterance, as we show in Figure 5.10.

Thus a link between plays and A is established, i.e., y3 ~ u; ~ s4 in Figure 5.10(a).

In this case, a correct prediction of the false entailment has to recognize in Fig-

ure 5.10(a) that the relationship between y3 and s4 is not a verb-subject relation.
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Terms Clauses

@ -—-A: He, he plays on Murphy Brown.

u,=statement speaker(u,,s ;)
s,~A content(u,,y;)
yi=he .

0bj(y3,)

Y,=Murphy Brown

g subj(y3.,)
_

(a) The dependency and conversation structures of (b) The structural representation of the con-
the conversation segment versation segment

Figure 5.10: An example of measuring the relationship between two terms by their
distance (the highlighted distance between yg and s 4 is 2)
However, our primitive entailment models only recognize the distance between lan-
guage constituents as their semantic relationship, i.e., for alignment model in Sec-
tion 3.3.1, we use distance to model the relations between a verb and its arguments
(subject or object), and for inference model in Section 3.3.2, we use distance to model
any relation between two terms. As a result, as the distance between y3 and A in
Figure 5.10(a) is 2, the alignment model would recognize A as an argument of ys,
and the inference model would use it to infer the hypothesis clause subject(plays, A).
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