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Abstract

Our society today is overloaded with information and opinions. While they are
important resources for decision-making for the general public and policy makers
in organizations, the staggering amount of them is making people more passive and
dependent on information delivered by technologies. This issues an urgent call for
technologies that support human decision-making in a truthful way. Truthful language
technologies need the ability to reason and use knowledge, beyond memorizing
patterns in data and relying on irrelevant statistics and biases. To achieve this goal,
our field needs a better understanding of how humans reason and how to incorporate
human-like reasoning and knowledge into computational models.

In response to this need, this thesis studies one of the most common communi-
cation modes that is full of reasoning: argumentation. The first goal is to provide
computational models for analyzing argumentation quantitatively and shedding light
on human reasoning reflected in language. The second goal is to incorporate the
findings from our study and argumentation theory into computational models via
proper knowledge to improve their predictive power and fidelity. By doing so, this
thesis argues that integrating reasoning and knowledge, along with argumentation
theory, into computational models improves their explanatory and predictive power
for argumentative phenomena.

This thesis begins with a study of individual statements in argumentation, in
terms of asserted propositions, propositional types, and their effects. We build a
model that identifies argumentatively meaningful text spans in text and recovers
asserted propositions. Next, we present a methodology for identifying various surface
types of propositions (e.g., statistics and comparison) that underlie dialogues and
analyzing their associations with different argumentation outcomes (e.g., persuasion).
Applying the model on four argumentative corpora, we find 24 generic surface types
of propositions in argumentation and their associations with successful editing in
Wikipedia, moderation in political debates, persuasion, and formation of pro- and
counter-arguments.

We take a step further and study argumentative relations between statements (sup-
port, attack, and neutral) by drawing upon argumentation schemes. We first address
the challenging problem of annotation in application of argumentation schemes to
computational linguistics. We develop a human-machine hybrid annotation protocol
to improve the speed and robustness of annotation. By applying it to annotating
four main types of statements in argumentation schemes, we demonstrate the natural



affinity between the statement types to form arguments and argumentation schemes.
Next, we hypothesize four logical mechanisms in argumentative relations informed
by argumentation theory: factual consistency, sentiment coherence, causal relation,
and normative relation. Not only do they explain argumentative relations effectively,
but incorporating them into a supervised classifier through representation learning
further improves the predictive power by exploiting intuitive correlations between
argumentative relations and logical relations.

Lastly, we take a closer look at counter-argumentation and study counterargument
generation. We first present two computational models to detect attackable sentences
in arguments via persuasion outcomes as guidance. Modeling sentence attackability
improves prediction of persuasion outcomes. Further, they reveal interesting and
counterintuitive characteristics of attackable sentences. Next, given statements to
attack, we build a system to retrieve counterevidence from various sources on the Web.
At the core of this system is a natural language inference (NLI) model that classifies
whether a candidate sentence is valid counterevidence to the given statement. To
overcome the lack of reasoning abilities in most NLI models, we present a knowledge-
enhanced NLI model that targets causality- and example-based inference. This NLI
model improves performance in NLI tasks, especially for instances that require the
targeted inference, as well as the overall retrieval system. We conclude by making a
connection of this system with the argumentative relation classifier and attackability
detection.

The contributions of the thesis include the following:
* This thesis contributes computational tools and findings to the growing literature

of argumentation theory on quantitative understanding of argumentation.

* This thesis provides insights into human reasoning and incorporates them into
computational models. For instance, logical mechanisms are incorporated into
an argumentative relation classifier, and two types of inference are incorporated
into counterevidence retrieval through relevant knowledge graphs.

* This thesis draws largely on and borrows frameworks from argumentation
theory, thereby bridging argumentation theory, language technologies, and
computational linguistics.
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Chapter 1

Introduction

Our society today is overloaded with information and opinions. They spread through online
social media and news platforms quickly, and people are constantly exposed to them. While
they are important resources for decision-making for the general public and policy makers in
organizations, the staggering amount of information is making people more passive and dependent
on information delivered by technologies. For instance, when one watches a video on YouTube,
the technology suggests what to watch next (Figure 1.1). When one searches for information on
Google, the technology displays up front the document that it believes is the most relevant. When
one enters the news portal of Microsoft Bing, the technology delivers news articles that it believes
may be of interest to the user. In the circumstance where information consumers are gradually
losing control in the ood of information, how can they be protected from delivered information
that is potentially ungrounded or partial (Noble, 2018)?

A key is reasoning—ijustifying a belief using logic and existing information (Kompridis, 2000).
The practice of reasoning has been emphasized throughout human history, from ancient Greek
philosophers to the Critical Thinking Movement in education (Schwarz and Baker, 2016). How-
ever, the importance of reasoning applies not only to humans but also to language technologies.
The overabundance of information has made it a norm that machine learning models become
more complex and trained on larger data. Despite the great achievements of such models in

Figure 1.1: Examples of information delivery by technologies. (Left: YouTube, middle: Google,
right: Microsoft Bing)



many NLP elds, naive models have shown problematic behaviors, such as relying on spurious
statistics and biases in data when making important decisions (Vig et al., 2020; Tan and Celis,
2019; Utama et al., 2020). Due to the impact technologies have on what information people
consume and base their decisions on, there is an urgent call for technologies that support human
decision-making in truthful ways. For this, language technologies need the ability to reason and
use knowledge, beyond memorizing patterns in data. To achieve this goal, our eld needs a better
understanding of, rst, how humans reason and, second, how to incorporate human-like reasoning
and knowledge into computational models to process information.

In response to the need, this thesis studies one of the most common communication modes in
daily life that is full of reasoning: argumentation. Simply put, argumentation is the process of
drawing a conclusion through reasoning and information. Argumentation is pervasive. People
share and discuss opinions over diverse issues with many goals, such as persuading other people,
learning different perspectives, and accomplishing a collaborative task. The computational study
of argumentation has recently garnered a lot of popularity in the sub eld of ddrRputational
argumentatioror argument mining For instance, the annual Workshop on Argument Mining
has been held for eight years, and major NLP conferences have dedicated sessions for argument
mining (usually coupled with sentiment analysis) for the past three years. Research in this eld has
addressed various problems, such as text segmentation for elementary argument units, classifying
argumentative relations between statements, and generating pro- and counter-arguments. More
practically, IBM has developed an Al system called Project Debater that debates with people on
different topics (Slonim et al., 2021; Reed, 2021). Despite drastic advances in this eld, most
approaches still focus on data annotation and model training without a deep consideration of how
humans reason and how to incorporate reasoning and knowledge into models. Such models have
shown to rely overly on super cial cues (Niven and Kao, 2019; Allaway and McKeown, 2020;
Opitz and Frank, 2019) and have the potential risk of segregating unpopular opinions in training
data.

The goal of this thesis is to overcome this limitation by enlarging our understanding of human
reasoning re ected in argumentative text and developing effective methods for integrating this in-
sight into computational models. In doing so, this thesis actively draws upon argumentation theory
to borrow useful frameworks from the long-standing eld. Ultimately, this thesis aims to argue
that integrating reasoning and knowledge, along with argumentation theory, into computational
models improves their explanatory and predictive power for argumentative phenomena.

To motivate the problems addressed in this thesis more concretely, we use a snapshot of
argumentation between two online users on the recent impeachment of Donald Trump, as shown
in Figure 1.2. Arguerl (top) argues that Republicans should convict Trump and ban him from
running for of ce in the future, and Arguer2 (bottom) responds to this argument with the goal of
changing Arguerl's viewpoint. For now, we keep our description rather informal for illustration
purposes. More formal and technical terms and concepts will be introduced in the next section.

To understand this argumentation and how the arguers reason, we rst need a proper under-
standing of individual sentences. The sentences in this argumentation seem to contribute to the
development of the argumentation by putting forward assertions. But are all these sentences
equally relevant and meaningful argumentatively? How about a formal debate where a lot of

2



Figure 1.2: Example argumentation from ChangeMyView. Each sentence is prepended with a
sentence number.

utterances are used for moderation and structure rather than for contributing to the content of
argument itself? Further, sentence 9 uses a rhetorical question and sentences 28-29 use impera-
tives, both of which do not assert any content in their grammatical form. What are the pragmatic,
hidden assertions they are making? And more generally, how can we decompose an argument into
argumentatively relevant building blocks and recover the meaning of each? These are fundamental
guestions, since most computational models assume and are built on some kind of basic units
of arguments, but usually in a simplistic way of text segmentation. And the adequacy of these
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units and their meaning is crucial for proper assessment of the argument and the transparency of
computational models. We will cover these topics in Part | Chapter 2.

We also observe that the two arguments use various types of sentences that may have different
rhetorical functions and effects. For instance, sentences 2, 20, and 21 use speci ¢ numbers and
statistics, and sentences 5—7 make predictions about hypothetical circumstances. Sentences 9
and 31 express emotion, and sentences 16 and 31 directly address the other arguer. A naturally
occurring question is: how do these different types of sentences affect the outcome of argumen-
tation? What types are positively correlated with successful decision making or persuasion?
And even before that, what types are commonly used in argumentation at all and how can we
automatically identify those types in an empirical and data-driven way? Quantitative investigation
of these questions will shed light on rhetorical devices in human reasoning. We will address these
guestions in Part | Chapters 3—4.

Next, we shift our focus from individual sentences to the interaction between sentences. Sen-
tences in the example argumentation interact with one another to build the support or attack
relations. For example, sentence 10 is supported by sentences 8-9, and sentence 29 is by sentence
30. On the other hand, sentence 14 is attacked by sentence 15, and sentences 17 and 31 attack
Arguerl's points quoted from the original argument. Identifying the argumentative relations
among sentences is key to understanding and assessing the argumentation. It is also a core part
in many NLP tasks, such as Q&A and fact veri cation. And especially in the era of information
overload, this technology is important to verify whether a piece of information is supported or
attacked by evidence. How do humans usually reason about the argumentative relations? And
how can we incorporate the same reasoning into a computational model? We address these
guestions in Part Il Chapters 5-6, by deeply drawing upon the mechanisms of logical reasoning
and argumentation theory.

Lastly, we take a closer look at how one refutes an argument, which may inform how to build a
debating machine or feedback generator. In the example argumentation, Arguer2 refutes Arguerl's
argument by rst choosing speci ¢ points to attack and then by presenting counterevidence to
each point. Assuming we want to build an automated feedback system, e.g., for legal reasoning or
essay scoring, can we automatically detect “attackble” points in an argument? Once we identify
speci ¢ points to attack, how do we nd counterevidence to each point? Although counterevidence
could be simple factual contradiction as in sentence 17, counterevidence often requires complex
reasoning as in sentences 31-32. In Part lll Chapter 7—8, we will discuss how to nd attackable
points in an argument and counterevidence to each point from different sources of documents, by
focusing on example- and causality-based inference and incorporating relevant knowledge graphs.

In the remainder of this chapter, we introduce theoretical background and formal terminology
this thesis draws upon. And then we present the structure of this thesis and emphasize main
contributions.



Figure 1.3: Concept hierarchy of speech acts. An upper-level concept consists of lower-level
concepts. Small boxes are example elements of the concepts that are relevant to argumentation.
The elements covered in this thesis are highlighted in yellow.

1.1 Theoretical Background

This thesis draws largely upon the terminology and view of argumentation in informal logic.
This section begins with the de nition and structure of argument from the pragma-dialectics
perspective (van Eemeren and Grootendorst, 1984). Next, it discusses the modern view of how
argumentative relations (the relations between statements within an argument) are de ned and
assessed on the basis of argumentation schemes (Walton et al., 2008).

1.1.1 De nition and Structure of Argument

An argumentis de ned as a claim-reason complex (Hitchcock, 2007), consisting of (i) an act of
concluding, (ii) one or more acts of premising that assert propositions in favor of the conclusion,
(iii) and a stated or implicit inference word that indicates that the conclusion follows from the
premises. A simple example is as folldws

Conclusion: “All humans should be vegan.”

Inference word: (“Because”)

Premise 1:“The meat production industry is unethical.”
Premise 2:“A vegan diet can avoid meat production.”

Hence, an argument consists of multiple statements. A statement is @atieldsionor claim
if it is supported by other statements, and the supporting statements arepratiddes The
claim-hood and premise-hood are not intrinsic features of a statement; they are rather determined
by the relationships between statements. We also distinguish arguments from argumentation.
Argumentation is the act of making arguments, whereas an argument is a set of actual statements.

In the pragma-dialectics theory (van Eemeren and Grootendorst, 1984), argumentation is
viewed as an illocutionary act. In the above example, putting forward premise 1 and premise 2

1Adapted fromhttps://www.kialo.com/all-humans-should-be-vegan-2762
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is the illocutionary act of supporting the conclusion. The theory further distinguishes between
pro-argumentation and counter-argumentatr-argumentation is to put forward premises

to support the conclusion, whereesunter-argumentation is to utter premises to defeat the
conclusion. For instance, putting forward

Premise 3:“A vegan diet lacks speci ¢ essential nutrients.”
can be seen as the illocutionary of counter-argumentation toward the conclusion above.

Viewing argumentation as an illocutionary act, however, gives rise to a need for resolving some
con icts with the illocutionary acts as de ned in the speech act theory (Searle, 1969). One of
the main differences is that an instance of argumentation may involve multiple sentences (e.g.,
premises 1-2) and thus multiple instances of more basic illocutionary acts from the speech act
theory (e.g., multiple assertives). Hence, the pragma-dialectics theory introduces the important
concept ofcompound illocutionary act, which may consist of multiple instanceselementary
illocutionary acts de ned in the speech act theory. Pro- and counter-argumentation are compound
illocutionary acts and placed at a higher level than elementary illocutionary acts. This distinction
is illustrated as the top two levels of the concept hierarchy in Figure 1.3.

We next focus on the elementary illocutionary act. According to the speech act theory, per-
forming an illocutionary act is often accompanied by a propositional agofosition is the
actual meaning of the content in the utterance and, in the speech act theory, consists of an object
to be described and a description of it that has a truth value. Propositions are distinguished from
illocutionary acts, and the same proposition may be used for different illocutionary acts. For
example, the proposition “X means Y”, which is common in argumentation, can be used with
different elementary illocutionary acts, as in:

Assertives:“X means Y” (as a factual statement)
Declaritives: “We de ne X as Y from now on”
Commissives:“What do you mean by X?”

This distinction between elementary illocutionary acts and propositions is illustrated as the bottom
two levels of our concept hierarchy (Figure 1.3). Pragma-dialectics maintains that argumentation
is an act of putting forward asserted propositions.

While different types of compound illocutionary acts and elementary illocutionary acts have
been identi ed and studied relatively well by pragma-dialectics and the speech act theory, less
has been established about the types of propositions that play main roles in argumentation. We
take a close look at a methodology for identifying various surface types of propositions and
understanding their roles in Part I.

1.1.2 De nition and Assessment of Argumentative Relations

Going back to Hitchcock's de nition and the pragma-dialectic view, an argument consists of
asserted propositions. Asserted propositions interact with one another to form pro- or counter-
arguments. To de ne and assess these argumentative relations, we take the view of informal logic.
Unlike formal logic, which uses deductive reasoning based on formal language (e.g., logical
expressions), informal logic has been developed with a focus on analysis and assessment of

6



everyday argument. Arguments in our daily lives are often defeasible rather than deductive. A
classical example is as follows:

Conclusion: “Tweety can y.”
Premise 1:“Tweety is a bird.”
Premise 2:“Birds generally y.”

This argument can be considered reasonable and acceptable. However, if we have the additional
information that Tweety is the name of a penguin, the premises no longer make the argument
sound. That is, the argument is defeasible and subject to defaults and exceptions. This is the nature
of arguments we handle in this thesis. We do not assume that argumentative relations (support,
attack, and neutral) are logically deductive. Instead, we rely on potentially subjective human
intuitions and assume that the argumentative relation between asserted propositions depends on
how they would generally be accepted by people.

To describe and assess defeasible arguments more systematically, argumentation theory has
developed argumentation schemes (Walton et al., 2008umentation schemesspecify rea-
soning patterns that are commonly used in daily arguments and that are generally accepted as
reasonable but subject to defaults depending on exceptions and additional information. Each
scheme is a template that represents a speci c type of inferential link between a conclusion and
premise(s). For example, the scheangument from consequendeas the following form:

Conclusion: “We should do X.”
Premise: “X may lead to a positive consequence Y.

Another schemargument from cause-to-effduas the following form:

Conclusion: “Y may occur.”
Premise 1:“X has occurred.”
Premise 2:“Y generally occurs if X occurs.”

More than 80 argumentation schemes have been identi ed in the literature.

Although it has not been rmly established in argumentation theory, each argumentation scheme
often can accommodate both support and attack relationsar§oment from consequencésve
slightly modify the premise to “X may lead to a negative consequence Y”, then the new statement
and the conclusion still have a very similar formaigument from consequenoescept that this
statement counters the conclusion. Similarly, if we slightly modify premisea2gunment from
cause-to-effedb “Y generally does not occur if X occurs”, then this statement and the conclusion
have a similar form t@rgument from cause-to-effetiut the statement counters the conclusion.
This thesis draws largely upon argumentation schemes and this property in modeling human
reasoning about argumentative relations, argumentative relation classi cation, and couterevidence
retrieval (Part Il Chapter 6 and Part 11l Chapter 8).
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1.2 Thesis Overview

The goal of this thesis is to develop a theory about how humans reason and how to incorporate
human reasoning and knowledge into computational models in the context of argumentation.
We begin with the basic unit of argument—proposition—and investigate its meaning, types, and
effects in argumentation. We next investigate argumentative relations among the building blocks
of argument in terms of the way humans reason about their relations and methods for incorpo-
rating the reasoning into computational models. Lastly, we zoom in on counter-argumentation
and examine what characteristics make sentences attackable and how to nd counterevidence
effectively by integrating certain types of reasoning and related knowledge. For each of the
subjects, we draw insights into human reasoning re ected in argumentative language and build a
suite of computational models informed by these insights.

In Part |, we study individual propositions in terms of their meaning, types, and effects. In
Chapter 2, we present a cascade model that takes an utterance as input and returns asserted
propositions in the utterance. Most argument systems obtain the basic building blocks of an
argument through simple text segmentation, which produces fragmented texts and non-assertions
whose meaning and argumentative contribution are unclear. As a result, it is obscure how their
meaning is interpreted in downstream components, reducing the transparency of the system.
Our cascade model identi es argumentatively meaningful text spans from the input utterance,
reconstructs fragmented text spans, and recover implicitly asserted propositions from reported
speech, questions, and imperatives.

In Chapters 3—4, we present a methodology for identifying different types of propositions
that underlie argumentative dialogue and analyzing the association between these types and
argumentation outcomes. Unlike most prior work in rhetoric, marketing, and communication
sciences, we derive various types of propositions from large argumentation corpora in an empirical
and data-driven way and quantify them for further analyses. To that end, in Chapter 3, we present
and evaluate a model that aims to identify latent types of propositions in a given set of dialogues.
In Chapter 4, we apply this model to four corpora of argumentative dialogue and identify 24
main surface-level types of propositions that are generic in argumentation, such as references,
de nitions, and comparisons. We further examine how these types are correlated with various
argumentation outcomes, such as successful decision-making on editing in Wikipedia, moderation
bias in political debates, and effective persuasion in deliberative dialogue.

In Part 11, we dive into the argumentative relations between statements, i.e., their support, attack,
and neutral relations. We draw upon argumentation schemes to analyze argumentative relations.
To better understand argumentation schemes, in Chapter 5, we annotate four major types of
statements used in argumentation schemes, namely, normative, prediction, desire, and reported
speech. Annotating argumentation schemes is challenging due to their fuzzy nature, subjective
interpretations, and logical reasoning. Regardless, not many methodological protocols have been
proposed and explored for robust and ef cient annotation. We present a human-machine hybrid
protocol, where a machine is trained on a subset of human annotations and serves as an additional
annotator to process easy instances and validate human annotations. We present a desirable
property appearing in argumentation data for this protocol and demonstrate that this protocol
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improves the speed and robustness of the annotation. We also analyze the tendency of certain
statement types to form more natural arguments and argumentation schemes in debates.

In Chapter 6, we examine how humans reason about argumentative relations between statements
and how to incorporate this reasoning into a computational model. We hypothesize four logical
mechanisms that may be used by humans, namely, factual consistency, sentiment coherence,
causal relation, and normative relation. Our operationalization of these mechanisms explains
argumentative relations well without supervised learning, signifying their effectiveness in deter-
mining argumentative relations. We incorporate these mechanisms to a supervised classi er using
representation learning, which further improves prediction performance and shows an intuitive
connection the model makes between argumentative relations and logical relations.

In Part 111, we take a closer to at counterarguments and examine counterargument generation.
We see counterargument generation as a three-step process: detect “attackble” points in the
given argument, nd counterevidence to each point, and combine this evidence to make a uent
and coherent argument. This thesis addresses the rst two steps. In Chapter 7, we de ne the
attackability of sentences in arguments in terms of how addressing them affects persuasion
outcomes. We explore two computational methods to detect attackable sentences. One is based on
neural representations of sentences and the other on interpretable hand-crafted features informed
by argumentation theory. This work is the rst large-scale analysis of this problem in NLP.

In Chapter 8, we present a system that nds counterevidence to a given statement. It retrieves
relevant documents from different sources, ranks them, selects a set of candidate sentences
of counterevidence, and classi es each sentence as valid or invalid counterevidence. The last
component, the core of this system, uses natural language inference (NLI). However, many NLI
models show a lack of reasoning abilities and fail to capture instances that require complex
inference. We enhance NLI models by focusing on example- and causality-based inference and
incorporating relevant knowledge graphs into NLI models. The knowledge-enhanced NLI models
achieve higher performance in NLI tasks, inference tasks, and the counterevidence retrieval task.

1.3 Contributions

Overall, this thesis advocates for the study of human reasoning and methods for incorporating
reasoning and knowledge into computational models. It showcases analyses of human reasoning
in the particular context of argumentation and tackles important problems in argumentation using
computational approaches informed by reasoning mechanisms and argumentation theory. Speci c
contributions made in the thesis include:

* A cascade model for recovering asserted propositions (either explicitly or implicitly) in
argumentative discourse. This recovery is a missing link in our eld between segmenting text
into meaningful units of argument and using the units for downstream tasks. The recovered
assertions of these units make an argument system more transparent and accountable for its
decisions.

* A methodology for identifying various types of propositions in argumentative discourse
and analyzing their associations with argumentation outcomes. Applying this methodology
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to four argumentation corpora reveals 24 generic surface-level types of propositions in
argumentation. Four case studies demonstrate these types are highly associated with various
argumentation outcomes, including the success of decision-making for Wikipedia editing,
the success of persuasion, moderation in debates, and the support or attack relations between
propositions.

A human-machine hybrid annotation protocol for annotating statement types in argumenta-
tion schemes. By training and utilizing a machine annotator, this hybrid protocol expedites
the annotation process and makes the annotation more robust than human-only annotation.
The corpus study based on the resulting annotations reveals the af nity between statement
types to form arguments and argumentation schemes. The study also demonstrates different
argument styles of U.S. presidential candidates in 2016.

A method for examining important logical mechanisms in argumentative relations and a
representation learning method to incorporate the mechanisms into classi ers. The study
reveals that the factual consistency, sentiment coherence, causal relation, and normative
relation between two statements are effective mechanisms that determine the argumentative
relations between the statements. The mechanisms integrated into a classi er through
the proposed representation learning method further improve the classi er's prediction
accuracy.

Methods for detecting attackable sentences in arguments. The study proposes a compu-
tational way of measuring attackability based on persuasion outcomes. The rst model
based on neural representations of sentences shows that modeling the attackability of in-
dividual sentences improves the accuracy of predicting persuasion outcomes. The second
model based on hand-crafted features demonstrates that different characteristics of sen-
tences are correlated with their attackability. A large-scale analysis reveals some interesting
characteristics of attackable sentences.

A counterevidence retrieval system enhanced by a knowledge-integrated NLI model. An
effective method is proposed for incorporating causality- and example-based inference
and relevant knowledge graphs into NLI. It improves performance in general NLI tasks,
especially for instances that require the targeted inference, and counterevidence retrieval.
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Part |

Propositions: Meaning, Types, and Effects

As a starting point of studying argumentation, Part | examines in-
dividual propositions in argument in terms of their meaning, types,
and effects. In Chapter 2, we present a cascade model that recovers
either explicitly or implicitly asserted propositions in argumentative
text. This model identi es text spans that serve as basic argumenta-
tive units, reconstruct fragmented text spans, and recover implicitly
asserted propositions in reported speech, questions, and imperatives.
In Chapters 3—4, we present a methodology for identifying differ-
ent types of propositions that underlie argumentative dialogues and
analyzing the associations between these types and argumentation
outcomes. Speci cally, we rst present and evaluate a model that
aims to learn latent, surface-level types of propositions in a given set
of dialogues in Chapter 3. And in Chapter 4, we apply this model to
four corpora of argumentative dialogues to identify underlying types
of propositions, and examine how these types are associated with var-
ious argumentation outcomes, such as Wikipedia edits, moderation,
persuasion, and formation of pro-/counter-arguments.
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Chapter 2

Extracting Asserted Propositions

According to the pragma-dialectics theory (van Eemeren and Grootendorst, 1984), argumen-
tation is the compound illocutionary act of putting forward premises to support or attack an
expressed opinion. Furthermore, this act consists of multiple instances of assertives (also called
representatives)—a main type of elementary illocutionary acts stating that something is the case
(Figure 1.3). In other words, argumentation is the process of asserting propositions to support or
attack another asserted proposition. Therefore, the rst and foundational step for identifying pro-
arguments and counter-arguments is to extract asserted propositions from dialogue. According to
our data of 2016 U.S. presidential debates and online commentary, roughly 90% of text comprises
propositions that are asserted. Among them, 89% are explicitly asserted and the other 11% are
implicitly asserted (e.g., questions and reported speech).

In most work in NLP, asserted propositions are usually substituteddymentative discourse
units (ADUs)obtained via segmenting text into smaller grammatical pieces (usually clauses).
This approach may yield text segments that lack semantic information necessary for downstream
tasks. It may also fail to capture propositions that are asserted implicitly. For instance, reported
speech and rhetorical questions play important roles in dialogical argumentation, contributing
propositional contents that are not apparent in their surface forms. However, prior argument
mining research has paid little attention to extracting these implicit propositions, resulting in
missing information necessary for identifying relations between propositions. Text segments
without their intended meaning being recovered also make an argument system less transparent
and accountable for its downstream decisions.

In this chapter, we present a model to tackle this fundamental but understudied problem in
computational argumentation: extracting asserted propositions. Our cascade model aims to extract
complete, asserted propositions by handling anaphora resolution, text segmentation, reported
speech, questions, imperatives, missing subject reconstruction, and revision. We formulate
each task as a computational problem and test various models using a corpus of the 2016 U.S.
presidential debates. We show promising performance for some tasks and discuss main challenges
in extracting asserted propositions.
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2.1 Introduction

Most argument mining models for identifying the argumentative structure (pro- and counter-
arguments) of argumentative text build upon elementary text spans that serve argumentative
functions, such as premise and conclusion. In the pragma-dialectics theory (van Eemeren and
Grootendorst, 2004) and argumentation theory in general (Blackburn, 2016), it is commonly
accepted that these building blocks assertedoropositions, i.e., assertions that are either true

or false. Despite their foundational role, however, extracting asserted propositions from text has
been little studied in computational argumentation. Instead, most models rely on argumentative
discourse units (ADUs)—text spans obtained by surface-level text segmentation, usually at clause
levels (Stede et al., 2016; Al-Khatib et al., 2016). In what follows, we discuss limitations of
ADUs that potentially impinge upon subsequent argument mining processes, and then describe
our approach.

One limitation of ADUs is that they may lack important semantic information, such as the
referents of anaphorsand thesubject of an incomplete clausgsnecessary for subsequent
argument mining steps. For example, for two consecutive text segments “Alice complained to
Bob” and “He is upset”, if we do not know “he” refers to Bob, it would be confusing whether the
rst segment supports the second or vice versa. In another example, suppose “Alice was faithful
to Bob, keeping the secret” is split into two ADUs, each associated with the main clause and the
adverbial participle, respectively. While mere text segmentation leaves the subject of the participle
(Alice) missing, tracing and reconstructing the subject makes it clear that the participle supports
the main clause. As illustrated in these examples, anaphora resolution and subject reconstruction
recover semantic information that has potential bene ts for argument mining systems.

Moreover, ADUs include locutions that are seemingly not assertives, such as questions and
imperatives used as rhetorical devices, which may seem inconsistent with the theory. In fact,
guestions, imperatives, and reported speech in argumentation often assert propositions implicitly.
Therefore, in order to understand certain argumentation and identify pro-/counter-arguments
properly, locutions in argumentation should not be taken literally in their surface forms; instead,
we need to go further and understand what propositions are implicitly asserted and argumentatively
relevant in those locutions. The following example dialogue illustrates how questions, reported
speech, and imperatives assert propositions implicitly in argumentation.

A: “All human should be vegan.” (2.1)
“Look at how unethical the meat production industry is.” (2.2)
“Environmental scientists proved that vegan diets reduce meat production by 73%.” (2.3)

B: “Well, don't vegan diets lack essential nutrients, though?” (2.4)

In this dialogue, speakék is supporting conclusion 2.1 using sentences 2.2 and 2.3, whereas
speakeB is attacking the conclusion using sentence 2.4. Sentence 2.2 is an imperative, but in this
argumentation, it imssertingthat the meat production industiyunethical. In sentence 2.3, the
primary proposition asserted in support of the conclusion is the content of this reported speech—
“vegan diets reduce meat production by 73%”; the “environmental scientists” is presented as the
source of this content in order to strengthen the main proposition in this sentence. Lastly, sentence
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2.4 is in question form, but it is in faetssertingthat vegan dietkack essential nutrients. These
examples suggest that properly understanding arguments requires comprehension of what is meant
by questions, reported speech, and imperatives, that is, what they assert implicitly.

To solve this problem, we present a cascade model that aims to extract propositions from
argumentative dialogue, recovering important semantic information and implicitly asserted propo-
sitions. Our model consists of seven modules, namely, anaphora resolution, locution extraction,
reported speech, question, imperative, subject reconstruction, and revision (Figure 2.2). For each
module, we formulate the task as a computational problem and test various models to solve it.
Our analyses and evaluation are based on the transcripts of the 2016 U.S. presidential debates and
online commentary (Visser et al., 2019).

2.2 Related Work

In computational argumentation, the basic unit of an argument is often called an argumentative
discourse unit (ADU). In this section, we rst review how existing studies de ne and obtain ADUs
from text, and then some theoretical framework to obtain asserted propositions from ADUS.

2.2.1 From Text to ADUs

In most studies, ADUs are obtained via text segmentation. While some studies leave the choice of
the boundary of an ADU to the annotator's judgment (Stab and Gurevych, 2014), many studies
employ a set of syntactic rules as a basis. For instance, an ADU can be as ne-grained as a phrase
that plays a discrete argumentative function (Stede et al., 2016). In other cases, an ADU may be a
clause (Peldszus and Stede, 2015) or a series of clauses that must include a subject, a verb, and an
object if necessary (Al-Khatib et al., 2016).

Based on annotated ADUs, some studies have proposed methods for automatically segmenting
ADUs using machine learning. This task is commonly formulated as tagging each word in the
text as either the beginning, inside, or outside of an ADU (BIO tagging). The tagging has been
incorporated into an end-to-end argument mining (Eger et al., 2017) or conducted separately on
various domains (Ajjour et al., 2017). Instead of tagging, a retrieval approach has also been used,
where candidate ADUs are generated and the best is retrieved (Persing and Ng, 2016a).

All these approaches to ADU segmentation share most of the concerns mentioned in Section 2.1.
For better-informed argument mining, we need to go further to obtain asserted propositions from
ADUs, and thus a relevant framework will be discussed in the following section.

2.2.2 From ADUs to Asserted Propositions

Following the speech act theory (Austin, 1962; Searle, 1969), the connection between text
segments and propositions can be modeled as illocutionary acts—the application of particular
communicative intentions to propositional contents, egsertingthat a proposition is true, or
guestioningvhether it is true. Focusing on argumentatively relevant speech acts (van Eemeren and
Grootendorst, 1984), Inference Anchoring Theory (IAT) (Reed and Budzynska, 2011) explains
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Figure 2.1: A snippet of the US2016 corpus. The top text is the original utterance. The blue boxes
on the right are locutions, which are also highlighted with green on the utterance. The blue boxes
on the left are propositions anchored in the locutions, via illocutionary acts (yellow boxes).

how propositional contents and the argumentative relations between them are anchored in the
expressed locutions by means of illocutionary connections.

IAT has been applied to annotate argumentative dialogues of various kinds, including the
corpus of 2016 U.S. presidential debates and online commentary (Section 4.2.4). IAT annotation
comprises, amongst other things, segmenting the original text into loctitidestifying the
illocutionary force instantiated by the locution, and reconstructing its propositional content
asserted; an example snippet is shown in Figure 2.1. Each locution generally conveys one
proposition. Conjuncts conjoined by a conjunction and conditional clauses may be separated if
they each ful Il a discrete argumentative function. In addition, punctuation, discourse indicators,
and epistemic modalities (e.qg., “I think”) should be excluded. Anaphoric references are typically
reconstructed, resulting in full grammatical sentences understandable without context.

2.3 Data

We use the US2016 corpus (Visser et al., 2019), which contains transcripts of televized debates for
the 2016 U.S. presidential election and reaction to the debates on Reddit. Speci cally, the corpus
includes the rst Republican candidates debate for the primaries, the rst Democratic candidates

debate for the primaries, and the rst general election debate. It also include Reddit discussions
on these debates.

All dialogues have been manually segmented and annotated with locutions, illocutionary
connections, and asserted propositions based on IAT (Reed et al., 2016) (Figure 2.1). The corpus
was annotated by 4 annotators, yielding an overall CoHen0.610 (considered substantial
agreement). The corpus is further annotated with support (inference) or attack (con ict) relations
between propositions (the green box “Default Inference” in Figure 2.1). We downloaded the
annotations from the corpus webpage and separately scraped the original dialogues.

1Analogous to ADUs. We use the terms interchangeably.
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For data preparation, we aligned each locution with the original dialogue; e.g., in Figure 2.1,
the locutions (in the right blue boxes) are aligned with the original utterance (at the top) using
string matching. This allows us to build a model to extract locutions from utterances, and asserted
propositions from locutions. The processed corpus includes 2,672 utterances and 8,008 locutions.

This corpus is ideal for our analysis, since the debates cover a wide range of political issues
and are interactive among the debaters. The debates also accommodate diverse rhetorical devices,
such as questions, reported speech, and imperatives, in both formal (main debates) and informal
(Reddit) debate settings. While most parts of our system are based on this corpus as explained
so far, some parts need additional processing or additional data. They will be described in the
respective sections.

2.4 Propositions in Argumentation

Before we move on to the cascade model, in this section, we consider what kinds of processing
are necessary in order to extract asserted propositions. Speci cally, we take a close look into the
following 9 aspects, based mostly on the IAT annotation guidelines

* Anaphora resolution

* Extraction of proposition content and its source from reported speech

* Extraction of propositional content from questions

* Extraction of propositional content from imperatives

* Removal of non-propositional expressions, discourse markers, and epistemic modalities
* Quali cation/hedges

* Time/location

Whenl/if-statements

¢ Segmentation granularity and reconstruction

Anaphora resolution: Most NLP tools (e.g., Stanford CoreNLP, AllenNLP, SpaCy) has the
functionality of anaphora resolution. In order to see if it is enough to apply these tools or
something more should be considered, we ran Stanford CoreNLP on locutions in the US2016 and
compared the results with the annotated propositions. Besides accuracy problems inherent in the
NLP tool, we nd ve main sources of errors.

First, the NLP tool cannot resolve speakers and hearers:

Original: “In Florida, they called me Jeb”
Anaphora resolved: “In Florida, they called Chris Jeb”
Annotation: “In Florida, they called BUSH Jeb”

Original: “He provided a good middle-class life for us”

Anaphora resolved: “my late father provided a good middle-class life for us”
Annotation: “CLINTON's late father provided a good middle-class life for his
family”

2https://typo.uni-konstanz.de/add-up/wp-content/uploads/2018/04/IAT-Cl-Guidelines.
pdf
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Original: “But | can't vote for someone ...
Anaphora resolved: “But Bernie can't vote for someone ...”
Annotation: “I can't vote for Bernie Sanders ...

In the rst example, the speaker is Bush but “me” is wrongly replaced with “Chris”. In the second
example, “He” is replaced with “my late father”, where “my” should be further replaced with
“Clinton”. In the third example, the speaker is a Reddit user, but “I” is wrongly replaced with
“Bernie”. These problems may be recti ed by rule-based resolution of speakers and hearers, e.g.,
rst and second singular pronouns (“I”, “me”, “you”, “your”, etc.) are replaced with speaker or
hearer names.

Second, case/POS tag mismatches happen:

Original: “You are a successful neurosurgeon”
Anaphora resolved: “Dr. Carson are a successful neurosurgeon”
Annotation: “CARSON is a successful neurosurgeon”

Original: “I don't think he cares too much about war crimes.”
Anaphora resolved: “l don't think Trump 's cares too much about war crimes.”
Annotation: “l don't think TRUMP cares too much about war crimes”

In the rst example, “You” is replaced with “Dr. Carson” but “are” remains the same. In the
second example, “he” is replaced with “Trump 's”, because the NLP tool recognized “Trump 's”
as the representative mention. These problems may be recti ed by the postprocessing of case/POS
tag matching. We could also replace pronouns with only the head word of the reference.

Third, the NLP tool tends to resolve non-pronouns as well:

Original: “We left the state better off”
Anaphora resolved: “We left Florida better off”
Annotation: “We left the state better off”

In this example, “the state” is replaced with “Florida”. This is correct, but the corpus usually does
not resolve non-pronouns, making it dif cult to evaluate our model. This con ict may be recti ed
by skipping resolution of non-pronouns.

Fourth, the corpus does not resolve pronouns following an antecedent within the same sentence:

Original: “Bernie can't easily answer whether he is a capitalist”
Anaphora resolved: “Bernie can't easily answer whether Bernie is a capitalist”
Annotation: “Bernie Sanders can't easily answer whether he is a capitalist”

Inthe rst example, “he” has not been resolved in the annotation. Similarly, in the second example,
“they” has not. Resolving all pronouns might be better for argumentation structure analysis. But
for evaluation purposes, a quick workaround of this issue would be to apply the same rule to
anaphora resolution, that is, only the rst occurring pronoun is resolved in each sentence.

Lastly, generic “you” and “they” are left unresolved in the corpus:

Original: “Rather than trying to x the broken system, they would rather break
it entirely”
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Anaphora resolved: “Rather than trying to x the broken system, the Bernie
supporters would rather break it entirely”

Annotation: “Rather than trying to x the broken system, they would rather
break it entirely”

There seems to be no easy solution to this issue for now.

Reported speech: In argumentation, it is common to quote someone's speech or beliefs (e.g.,
authority claims). Reported speech consistspgfech contenthat is borrowed from apeech
sourceexternal to the speaker. Speech content can be a direct quote of the original utterance or
an indirect, possibly paraphrased utterance. Reported speech is a common rhetorical device in
argumentation and performs various functions, including:

* Appeals to authority by referencing experts or rules (Walton et al., 2008) (e.g., “Environ-
mental scientists proved that vegan diets reduce meat production by 73%.”)

* Sets a stage for dis/agreeing with the position (Janier and Reed, 2017) (e.g., “You say that
you want attention, but, at the same time, you don't want me to bring attention to you.”)

¢ Commits straw man fallacies by distorting the original representation or selecting part of
the original utterance (Talisse and Aikin, 2006)

While reported speech as a whole is an assertion, its primary contribution to the argumentation
usually comes from the speech content, as in:

Original text: “Environmental scientists suggest that vegan diets reduce meat
production by 73%.”

Proposition(s): “Vegan diets reduce meat production by 73%.” (Source: envi-
ronmental scientists)

where the speech source “environmental scientists” is used to support the speech content.

Questions: Grammatically, questions are not asserted propositions, because they cannot be
judged true or false. However, in argumentation, questions play important argumentative roles,
e.g., by challenging the listener (Copi et al., 2016) or asking critical questions (Walton et al.,
2008). Questions in argumentation may be categorized into rhetorical questions and pure questions.
Rhetorical questions are not intended to require an answer; instead, they often make an implicit
assertive (as in sentence 2.4). Zhang et al. (2017) identi ed ner-grained types of rhetorical
questions, such as sharing concerns, agreeing, and conceding. Our system is not aiming to classify
these types, but instead focuses on extracting implicit assertives in rhetorical questions.

Pure questions, on the other hand, are intended to seek information. According to the speech
act theory, non-binary questions have incomplete propositions (Searle, 1969). For instance, the
guestion “How many people were arrested?” has the proposition “X people were arrested”, with
the questioned part underspeci ed and denoted by “X”. Although the proposition is semantically
underspeci ed, subsequent arguments may build on this, making this proposition an important
argumentative component. Hence, our system covers extracting semantically underspeci ed
propositions from pure questions as well. (See Bhattasali et al. (2015) for computational methods
to distinguish between rhetorical questions and pure questions.)
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Question Possible interpretations

Why would X doY? (e.g., “Why would you buy it?") X would not doY. Y is not necessary.
How many/much o areY? (e.g., “How many of them are No/few/little X areY.

military experts?”)

How ADJECTIVE isX? (e.g., “How big is the debt re-X is not ADJECTIVE.

ally?”)

What isX? (e.g., “What's the problem with that?”) There is Ko

Did/do/doesX doY? (e.g., “Did they steal the money?”) X did/do/does not d¥'.

What/how carX doY? (e.g., “How can he solve issue?”) X cannot dov.

Why not doX? (e.g., “Why not buy it?”) You should/had better o

Table 2.1: Possible interpretations of challenge questions.

Inference Anchoring Theory (IAT) (Budzynska and Reed, 2011) categorizes questions into four
big types, depending on the function: challenge question, assertive question, pure question, and
directive question. Challenge questions and assertive questions, despite their question form, have
the main function of asserting propositional content. First, the challenge question is probably
the most common type of question in debates. Its function is to make assertions to challenge the
argumentation partner. For example:

Original text: “Isn'tit a little bit hard to call this just a partisan issue?”
Proposition(s): “It's a little bit hard to call this just a partisan issue”

Original text: “What has he not answered?”
Proposition(s): “He has answered questions”

Original text: “What the fuck is he supposed to say to that?”
Proposition(s): “There is nothing he is supposed to say to that”

Original text: “Would you want the future president to remember you as the
guy who cut your mic off while you were talking?”

Proposition(s): “You would not want the future president to remember you as
the guy who cut your mic off while you were talking”

Given a challenge question, one way to think of what the question asserts is to consider what
would be implied when the partner does not answer the question. Here we see some mechanical
transformation happening for challenge questions (Table 2.1).

An assertive question similarly asserts that its propositional content is true. For example:

Original text: “Do you want to know what she'll do? It's all on her website.”
Proposition(s): “You want to know what she'll do” + “What she'll do is all on
her website”

In contrast, the main function of pure questions is information seeking. IAT posits that even
a pure question implies or presupposes some propositional content, and this content is a crucial
building block for the subsequent argumentation. In the US2016 corpus, the underspeci ed
semantic information in a pure question is replaced with a placeholder variable “xxx”. For
example:
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Original text: “When was the last time Chafee got to speak?”
Proposition(s): “The last time Chafee got to speak was xxx”

Original text: “Who is Chafee?”
Proposition(s): “Chafee is xxx”

Original text: “Do all lives matter?”
Proposition(s): “All lives do / do not matter”

Even these seemingly incomplete propositions, such as the second example, open a way to further
elaboration in the dialogue. Similarly, in the third example, the proposition does not have much
meaning on its own, but serves as a building block for further argumentation.

Lastly, directive questions have imperative forces as in:

Original text: “Any speci c examples?”
Proposition(s): “Provide any speci c examples”

Imperatives: Like questions, imperatives are not propositions grammatically, but they are often
important and common argumentative components. Imperatives are common in argumentation as
in “Stop raising the sales tax” and “Look how bad the system is”. However, to our knowledge, there

is little theoretical work on what propositional content is asserted by imperatives in argumentation.
There have been theories about the semantics of imperatives in general context; for example,
theyou-shouldheory suggests that an imperative of the form “Do X” may imply “X should be
done” (Hamblin, 1987; Schwager, 2005), as in:

Original text: “Yes, of course, raise the minimum wage.”
Proposition(s): “The minimum wage should of course be raised”

While applicable in many general cases, this mechanism is not satisfactory in argumentation.
For instance, while this transformation preserves the literal meaning of both the rst and second
examples above, it does not capture the main proposition asserted in the following example.

Original text: “Look how bad the system is.”
Proposition(s): “The system is bad”

This example is unlikely arguing for “looking” per se; it rather asserts that the system is bad,
which is the main content that contributes to the argumentation. Some other examples include:

Original text: “Let me address college affordability”

Proposition(s): “CLINTON would like to address college affordability”
Original text: “Look at the mess that we're in.”

Proposition(s): “We're in a mess”

No simple transformation rules apply here, and such irregularities call for more case studies. Our
work aims to make an initial contribution in that direction.

Removal of non-propositional expressions, discourse markers, and epistemic modalities:
Non-propositional expressions, discourse markers, and epistemic modalities are not included in
asserted propositions.
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Non-propositional expressions include:

* Non-propositional answers (“Yes.”, “Very true.”, “Funny.”)

* Filling words (“Well...”, “Look.”, “I mean”)

* Incomplete sentences (“What do you ...")

* Utterances for moderating a dialogue (“Senator...”, “It is time to start the debate.”)

Discourse markers include “But”, “And”, etc.

The general function of an epistemically quali ed statement is to assert the statement. Hence,
epistemic modalities may be removedfor example:

Original text: “I think Sanders is winning gun owners over.”
Proposition(s): “Sanders is winning gun owners over”

Original text: “I'm fairly convinced he threw that rst debate.”
Proposition(s): “He threw that rst debate”

Quali cation (hedges): Quali ers (or hedges) are a main component in Toulmin's argumenta-
tion structure, related tQuali er andRebuttal A quali er can be as speci ¢ as a conditional as in
“under the condition that ...” or as simple as a modality, such as “probably”. We think conditionals
should be included in a proposition, because they are essential in determining the meaning of a
claim. For example, in the following dialogue, the critic is attacking the initiator's claim using
quali cation.

Initiator: “A practicing vegan is less likely to harm animals and the environ-
ment.”

Critic: “When properly conducted, the practice of eating meat is far better for
the environment than eating purely vegetables.”

Without the conditional, the critic's claim is another overgeneralization and is not what the critic
means. More thoughts on when- and if-statements are discussed later.

For simple modalities, such as “probably” and “certainly”, there exist different views as to
whether they are part of a proposition. Toulmin includes those modalities as part of a claim,
whereas Freeman (1991) argues that those modalities may modify the inferential link between
premises and conclusion instead of the conclusion itself. For example, given premises, a claim
beingcertainlytrue indicates that the claim is strongly supported by the given premises, rather than
the claim is by nature certainly true. Freeman suggests that such cases should be distinguished
from the cases where modalities directly modify a claim, as in “2 + 2 is certainly 4”. This
distinction is theoretically interesting but would not matter much in practice. Leaving simple
modalities as part of a proposition is consistent with conditionals, and either choice would have
little effect on argumentation structure analysis.

3This decision can be controversial, as an epistemic modality can be a target of attack by a critic (e.g., “Do you
really believe that?”). However, This may be an edge case and we may follow IAT. On the other hand, treating
epistemically modi ed statements in the same way as reported speech (i.e., duplidhtt-ttiause and extract two
propositions) may have the bene t of system-wide consistency.
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Time and location: Time and location information is essential part of a proposition, and the
meaning of a proposition can be changed signi cantly without them.

When/if-statements: As discussed above, conditionals and time information that are expressed
through “when” or “if” may need to be kept in an asserted proposition in most cases. However,
we acknowledge that “when” and “if” can be used not strictly to indicate a condition. Consider

the following sentence:

“When you look at what ISIS is doing with the Internet, they're beating us at
our own game.”

The when-clause does not qualify the main clause. In the corpus, this sentence is indeed annotated
with only one asserted proposition (“ISIS are beating USA at their own game”), by judging that
the when-clause adds no information to the argumentation. This judgment can be controversial,
however.

Similarly, in the following dialogue:

Initiator: “Having fewer debates is going to be a massive advantage for
Hillary.”

Critic: “If you're basing your political opinion based on which speaker is
smoother, you shouldn't be voting.”

the critic's if-clause might be interpreted as an accusation rather than a true conditional. In the
corpus, this sentence is annotated with two asserted propositions: “You're basing your political
opinion based on which speaker is smoother” and “You shouldn't be voting”.

The distinction between true conditional and assertive conditional is highly subject to inter-
pretation and sensitive to the context. It is not clear if the corpus has been annotated with clear
instructions for this distinction, and considering how much effort we would need to re-annotate
the corpus for this distinction with good inter-rater agreement and how much bene t that would
allow us at subsequent stages of argumentation analysis, we do not make the distinction between
true conditionals and assertive conditionals.

Segmentation granularity and reconstruction: There is no theoretical consensus on the gran-
ularity of argumentative propositions, and depending on the granularity, we can think of a sentence
as having varying numbers of propositions. The most common practice in computational argument
systems is to treat individual clauses as propositions. However, theoretically we can think of
other choices of granularity, such as event levels (e.g. “destruction of the building” has the
meaning that “the building was destructed”), potential-negation levels (i.e., separate apart all
components that can be negated), and many more. However, there are at least two important
practical considerations. First, unless a proposition contains too many predicates, the subtle
choice of granularity may not have a huge impact on argumentation structure analysis, because
the analysis will likely be performed on predicate-level information anyway. Second, choosing a
granularity different than the available corpus means that the corpus has to be re-annotated not
only at the proposition level but also at the propositional relation level.
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We think that the US2016 corpus has been annotated with a reasonable granularity, which seems
to follow the work by Stede et al. (2016). A sentence is basically segmented into clauses and
further segmented into (1) rhetorical participle phrases as in:

Original text: “I may need to call out of work tomorrow due to drinking words”
Proposition(s): “I may need to call out of work tomorrow” + “This debate has
so many drinking words”

(2) conjoined verb phrases as in:

Original text: “Obama lost because he seemed disinterested and relied to
heavily on trying to actually explain the issue.”

Proposition(s): “Obama lost” + “Obama seemed disinterested” + “Obama
relied to heavily on trying to actually explain the issue”

(3) objects with different polarity as in:

Original text: “l want to see a factual Hillary going in, not this one that is
trying to be the High School president ...”

Proposition(s): “l want to see a factual Hillary Clinton going” + “I do not want
to see Hillary Clinton that is trying to be the High School president ...

(4) interpolated texts as in:

Original text: “The liquid, because it is so dangerous, is not allowed in the
building.”

Proposition(s): “The liquid is not allowed in the building” + “The liquid is so
dangerous”

(5) nonrestrictive relative clauses as in:

Original text: “She's staying above the noise, which is all she has to do with a
30% lead in the polls.”

Proposition(s): “Hillary Clinton is staying above the noise” + “Staying above
the noise is all Hillary Clinton has to do with a 30% lead in the polls”

2.5 Cascade Model

Based on the theoretical concerns and practical examples described in the previous section, in
this section, we present a cascade model that takes an utterance as input and extracts asserted
propositions as output. The model consists of seven modules as shown in Figure 2.2. The functions
of individual modules can be summarized as follows:

1. Anaphora resolution: Replace pronoun anaphors with their referents.

2. Locution extraction: Extract locutions (ADUSs) from the utterance.

3. Reported speech:Determine if the locution is reported speech; if so, identify the the
speech content and speech source.

23



Figure 2.2: Cascade model of proposition extraction. The input is each utterance, blue boxes
are individual (sub)modules and orange circles are the outputs of the modules. We made up the
utterance used in the gure in order to cover the functions of most modules.

4. Question: Determine if the locution or speech content is a question; if so, extract its
propositional content.

5. Imperative: Determine if the locution or speech content is an imperative; if so, extract its
propositional content.

6. Subject reconstruction: Reconstruct the missing subject, if any, of the locution or speech
content.

7. Revision: Make additional adjustments necessary for nal propositions.

In the remainder of this section, we describe how to formulate the task of each module as a
computational problem, and present various approaches with their performance. Each module is
evaluated separately, instead of using the result of the previous module; this setting prevents error
propagation and helps evaluate the performance of each module more accurately. Some methods
we use are based on machine learning and thus requires a split of training and test sets. Hence, we
randomly split the entire corpus into ve folds and conduct cross validation with the same folds
throughout the section.

2.5.1 Anaphora Resolution

Anaphora resolution is based on Stanford CoreNLP 3.8.0. Yet, blindly applying it induces several
challenges as shown in the previous section, such as incorrect resolution of speakers and hearers
(as this information is often missing in the text), resolution of non-pronouns, and errors inherent

in the tool. To rectify these challenges, we decompose the task into the following subtasks.

* lst-person singular:Replace “I”, “my”, “me”, “mine” with the speaker's name.
* 2nd-person singular: Replace “you”, “your”, “yours” with the previous turn's speaker

name.
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BLEU Dep Dep-SO Noun

Locution (no resolution) 69.3 65.1 55.8 71.4
CoreNLP 62.8 61.7 53.8 70.4
1S 70.1 65.7 58.9 74.8
1S+2S 69.7 65.5 58.3 74.6
1S+3SG 69.3 65.4 60.1 75.7
1S+3SG+3SN 68.5 64.9 59.2 75.6

Table 2.2: Performance of anaphora resolutidis: (Lst-person singulaS: 2nd-person singular,
3SG: 3rd-person singular gend&SN: 3rd-person singular gender-neutf@gp: Dependency,
Dep-SO:Dependency for subjects and objects.)

 3rd-person singular gender: Resolve “he”, “his”, “him”, “she”, “her”, “hers” using
CoreNLP.

* 3rd-person singular gender-neutral: Resolve “it”, “that” using CoreNLP.

 3rd-person plural: Resolve “they”, “their”, “them”, “theirs” using CoreNLP.

Inaccurate anaphora resolution can rather distort the original meaning of text. Hence, the goal
here is to nd the best combination of the subtasks. The rst two subtasks are applied only to TV
debates, as Reddit user names have not been resolved in the corpus. All possessive pronouns are
replaced with references suf xed with “'s” (e.g., “hi$” “Trump's”).

For evaluation, we assume that effective anaphora resolution would make a locution more
“similar” to the annotated proposition. Hence, we compare the similarities between a locution and
the annotated proposition before and after anaphora resolution, using the following metrics:

* BLEU: Generic string similarity based angrams (= 1;2;3;4).

* F1-score of dependency tuplesString similarity based on dependencies. Less sensitive
than BLEU to the exact locations of words.

* F1-score of nsubj/dobj dependency tuplesRough semantic information pieces repre-
senting who did what to whom/what.

* F1-score of nouns:How accurately anaphora resolution retrieves nouns (as our anaphora
resolution replaces only nouns).

Results

As shown in Table 2.2, blindly applying CoreNLP (row 2) signi cantly hurts all similarity
measures (compared to row 1). In contrast, speaker resolution (row 3) plays a key role in
improving all measures over original locutions, especially semantic information (subject/object)
and nouns. Additional resolution of hearers (row 4) does not help, as “you” is used in a more
general way than referring speci cally to the hearer.

Resolving 3rd-person gender pronouns (row 5) further improves performance for semantic
information and noun retrieval over speaker resolution, at the expense of slightly lower BLEU
and dependency similarites. Additional resolution of “it”, “its”, and “that” turns out to rather hurt
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performance.

For argument mining, it may be desired to resolve as many anaphors as possible unless the
original meaning is signi cantly hurt, because pronouns provide little information for identifying
propositional relations. Hence, we conclude that resolution of speakers and 3rd-person gender
pronouns is ideal for this module, and the subsequent modules use the result of this con guration.
However, we nd that resolution of 3rd-person gender-neutral pronouns is critical, as will be
discussed in Section 2.5.7, and eventually they should be resolved depending on the availability
of proper anaphora resolution tools.

2.5.2 Locution Extraction

For each utterance with anaphors resolvedLiheutionExtractiormodule identi es locutions
(ADUSs), from which asserted proposition(s) will be extracted. This task is almost identical
to conventional ADU segmentation, and many methods have already been proposed (Section
2.2.1). Beating prior models for this task is beyond the scope of this thesis; rather, we focus on
understanding what causes confusion for locution boundaries. Following the convention for this
task (Eger et al., 2017; Ajjour et al., 2017), the task is formulated as tagging each word with B/I/O
(beginning/inside/outside of a locution).

Models

We explore the state-of-the-art BILSTM model (Ajjour) (Ajjour et al., 2017), as well as a regular
CRF (R-CRF) and BILSTM-CRF (Huang et al., 2015). A CRF showed strong performance for
cross-domain segmentation, and BiLSTM-CRF is an extension of CRFs, where emission scores
are calculated through BiLSTM. For all models, we use the following features, adopted from or
informed by the prior work (Ajjour et al., 2017):

* word: Current word (i.e., word index for R-CRF and pre-trained GloVe.840B.300d word
embeddings for BILSTM-CRF and Ajjour).

* pos: Part-of-speech tag of the current word.

* ne: Named entity type of the current word.

* prev_1gram: Previous word of the current word, as conjunctions and discourse markers
are good indicators of locution boundaries. (R-CRF only, as BILSTM considers context.)

* bos/eos:Indicator of whether the current word marks the beginning/end of a sentence, as
locution boundaries are often restricted by sentence boundaries.

* boc/eoc:Indicator of whether the current word marks the beginning/end of a clause, as
locution boundaries are closely related to clause boundaries. We obtain clauses from the
constituency parse of the sentence, taking phrases tagged with S. For nested clauses, we
take the deepest clauses to avoid overlap.

We use the following model settings. For R-CRF, we use sklearn-crfsuite 0.3.6. We conducted
grid search, exploring all combinations of the bias feattileg) and the following optimization
parameters:

¢ Gradient descent using the L-BFGS method
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Model F1

R-CRF 78.8
BILSTM-CRF 78.9
Ajjour 79.4

Table 2.3: F1-score of locution extraction.

= L1 regularization: 0, 0.05, 0.1
» L2 regularization: 0, 0.05, 0.1

* Passive Aggressive (PA)
» Aggressiveness parameter: 0.5, 1, 2

For BILSTM-CRF, we used the following parameter values:

* BILSTM hidden dim: 128
* Optimizer: Adam
* Learning rate: 0.001

For Ajjour, we used the following parameter values:

* Encoder BILSTMs hidden dim: 128

* Output BiLSTM hidden dim: 5, 10, 20
* Optimizer: Adam

* Learning rate: 0.001

We evaluate the models using the macro F1-score across the BIO tags with 5-fold CV.

Results

Ajjour et al. (2017)'s model outperforms the CRF-based models (Table 2.3). The model tends to
underproduce locutions (7,767 compared to 8,008 annotated), i.e., produce coarser and longer
locutions than ground truth locutions, missing signals for splitting them further into smaller
locutions. To examine those signals, we gathered extracted locutions that overlap with two
consecutive annotated locutions, and counted the words between the two locutions.

As shown in Table 2.4, frequently, the model failed to make a split at a comma (31%) or between
locutions that are back-to-back without any separator in between (10%). In the majority of these
cases, the locutions are two independent clauses, indicating that the model needs a more robust
mechanism to make use of clause boundaries. Although not very common, a locution also serves
as a subordinate clause, adverb phrase, particle phrase, yes/no answer, or relative clause (Table
2.5). Deciding whether to separate a subordinate clause from the main clause is not trivial. For
instance, if- and when-clauses, the most common subordinate clauses in the analysis, are separated
off or attached to the main clause depending on the strength of their dependency, which is often
vague. If we are to build a system to make this decision automatically, we may consider the truth
value of the subordinate clause and whether it is idiomatic.

Other frequent separators include conjunctions “and” (21%) and “but” (6%). As in the case
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Top 1-8 Top 9-16 Top 17-24

, (31%) — (2%) or (1%)
and (12%) , because (1%) ? (1%)
NONE (10%) -Irb- (1%) . and (1%)
, and (9%) , which (1%) to (1%)
, but (4%) ; (1%) as (1%)
. (3%) . (1%) , SO (1%)
because (2%) - (1%) that (1%)
but (2%) when (1%) if (0%)

Table 2.4: Words that separate two annotated locutions that overlap with one predicted locution.
NONE indicates that the locutions are back-to-back without any separator.

1st locutionl 2nd locution
Subordinate clauses 7% 6%
Adverb phrases 4% 8%
Particle phrases 1% 4%
Yes/no 2% -
Relative clauses - 5%

Table 2.5: Breakdown of locution types that are separated by a comma or that are back-to-back
(total 293 pairs).

above, the model sometimes has dif culty deciding whether to split conjoined phrases and clauses.
According to the data, phrases conjoined by these words are sometimes separated and sometimes
not. Again, the decision becomes harder when clauses are conjoined. The module sometimes
makes split errors at punctuation marks, although such errors are not frequent. Punctuation marks,
such as “”, “=", “?”, and “1", often conclude a sentence or clause, but sometimes a locution is
annotated across these punctuation marks. We looked at the cases where annotated locutions are
separated by these marks but not by the module. They seem to be a simple mistake made by the
module, and we did not nd any speci ¢ patterns except that locutions tend to be short.

Lastly, we examined what prevents the module from making precise locution boundaries and
if there are any patterns. Speci cally, for each utterance, we count words that are included only
in annotated locutions or in extracted locutions, but not both. These counts may reveal words or
phrases that the module tends to include or ignore incorrectly. As shown in Table 2.6a and Table
2.6b, the module does not show any strong tendency to include or ignore certain words. However,
annotated locutions tend to include more periods and questions marks than extracted locutions.
On the other hand, annotated locutions tend to include more commas and conjunction “and”, as
we have already discussed before.
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Top 1-10 Top 11-20 Top 1-10 Top 11-20

, (23%) I (1%) , (31%) : (1%)
. (15%) : (1%) and (7%) “(1%)
? (10%) well (1%) — (4%) i think (1%)
and (7%) secretary clinton (1%) . (3%) no (0%)
but (4%) S0 (1%) but (2%) I (0%)
— (2%) mr. trump (1%) " (2%) then (0%)
" (2%) i think (1%) ? (1%) you know (0%)
.. (2%) yes (1%) because (1%) though (0%)
because (2%) yeah (1%) S0 (1%) -rrb- (0%)
“(1%) lol (0%) .. (1%) that (0%)

(a) Frequency of words contained only in anno-  (b) Frequency of words contained only in pre-
tated locutionsN| = 1736). dicted locutionsl = 3397).

Table 2.6: Frequency of words misaligned between annotated locutions and predicted locutions.

2.5.3 Reported Speech

A locution extracted above is examined by tsReportedSpeecdubmodule to decide if it is
reported speech. If so, we extract two main pieces of information: the source and the content of
speech, by th&ourceExtractiomndContentExtractiorsubmodules, respectively.

Classifying whether a locution is reported speech or not is a typical classi cation problem.
We trained a BERT model for sequence classi cation (Devlin et al., 2018) on the annotations,
using the implementation from HuggingFace (Wolf et al., 2020) with the pretrained, uncased base
model. The trained model achieved an AUC of 97.0 and an F1 of 85.1 for 5-fold cross validation.
We did not conduct further experiments with other classi ers, because the BERT accuracy is
reasonably high.

Due to the important roles of speech content and source, computational models have been
proposed to identify them, based on rules (Krestel et al., 2008), conditional random elds (Pareti
et al., 2013), and a semi-Markov model (Scheible et al., 2016). Our work is different from
these studies in two ways. First, they are based on news articles, whereas our work is on
argumentative dialogue. Second, they use rules or features that re ect typical words and structures
used in reported speech, whereas our work explores a neural method that does not require feature
engineering. We aim to show how well a state-of-the-art neural technique performs on extraction
of speech content and source. A slightly different but related strain of work is to identify authority
claims in Wikipedia discussions (Bender et al., 2011), but this work does not identify speech
content and source.

The tasks of identifying the source and content of speech are both formulated as BIO sequence
tagging (we conduct separate experiments for sources and content). For the text span of a source
or content, the rst word is tagged with B and the other words with I; all other words are tagged
with O.

29



Models

We explore three models: a conditional random eld (CRF) with hand-crafted features, the BERT
token classi er with a pretrained language model, and a semi-Markov model as the baseline. For
all models, the input is a sequence of words and the output is a BIO tag for each word. We conduct
separate experiments for content and source, because we do not assume that they are mutually
exclusive (although they are in most cases).

Conditional Random Field (CRF): Our CRF uses the following features:

* Current word.

* Named entity type of the word.

* POS tag of the word.

* Unigram and bigram preceding the word.

* Unigram and bigram following the word.

* Indicator of if the word is a subject (“nsubj*” on the dependency parse tree).

* Indicator of if the current word is the beginning/end of a clause (“S” on the parse tree).

The features were extracted using Stanford CoreNLP 0.9.2 (Manning et al., 2014).

For model parameters, we explore two optimization functions: (i) L-BFGS with the com-
binations of L1/L2 regularization coef cients0;:05;:1;:2g; (ii) Passive Aggressive with ag-
gressiveness parameter valligs; 1; 2; 4g. The model was implemented using sklearn_crfsuite
0.3.6.

BERT: The second model is the BERT token classi er (Devlin et al., 2018), which classi es

the tag of each word. BERT has shown signi cant performance boosts in many NLP tasks and
does not require hand-crafted features. We use the pretrained, uncased base model with the
implementation provided by Hugging Face (Wolf et al., 2020). The model is ne-tuned during
training.

Baseline: The baseline is the state-of-the-art semi-Markov model for speech content identi -
cation (Scheible et al., 2016). This model rst identi es cue words (e.g., reporting verbs) and
iteratively identi es the boundaries of speech content using a set of hand-crafted features. This
model does not identify speech sources and thus is compared with other models only for content
identi cation.

For a methodological note, the original source code was hard-coded to work for the PARC3.0
dataset, and we could not replicate the model to train on other data. Therefore, all accuracies of
this model in the next section result from training it on the training set of the PARC3.0 dataset.
We will show its performance on both PARC3.0 and US2016.

Data

PARC3.0: The rst datasetis 18,201 instances of reported speech in news data (Pareti, 2016).
The original dataset was built upon the Wall Street Journal articles in the Penn Discourse TreeBank
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(PDTB) (Prasad et al., 2008), where each instance of reported speech has been annotated with
the content, source, and cue word (e.g., reporting verbs). The reliability of the annotations were
measured by the overlap of annotated text spans between annotators. The overlap for speech
content is 94% and that for speech source is 91%, suggesting the high reliability of the annotations.

This dataset consists of 24 sections corresponding to the PDTB sections. The original paper
suggests using sections 00-22 for training (16,370 instances), section 23 for testing (667 instances),
and section 24 for validation (1,164 instances).

US2016: The second dataset is the instances of reported speech in the US2016 corpus. Reported
speech is not properly annotated in the original US2016 corpus. Hence, we conducted an additional
layer of annotation on top of the original corpus (the details are available in Chapter 5). Brie y,

the annotations include 242 instances of reported speech annotated with speech content and source.
The reliability of the annotations was measured by the number non-overlapping words between
annotators. The average number of words that are outside of the overlapping text span was 0.2 for
speech content and 0.5 for speech sources, suggesting the high reliability of the annotations.

Experiment Settings

The CRF and BERT models are trained and tested on both PARC3.0 and US2016, separately. For
PARC3.0, we use the split of train, validation, and test as suggested by the original paper. For
US2016, we use 5-fold cross validation; for each iteration, three folds are used for training, one
for testing, and the other for choosing the optimal hyperparameters (CRF) or the optimal number
of epochs (BERT).

The baseline model is trained and tested on PARC3.0 using the same training, validation, and
test split. US2016 is used only for testing after it is trained on the training set of PARC3.0 (as
mentioned in 2.5.3).

We use various evaluation metrics. For speech contenEXkscoreis calculated based on the
true and predicted BIO tags of individual words, as well asBhEU score of the predicted text
span against the true text span. For speech sources, the F1-score is calculated based on the match
between the true source's text and the predicted text. Two texts are considered matched if they are
identical Strict) or if their words overlapRelaxed. We do not measure the F1-score based on
BIO tags for speech sources, because the source may be mentioned multiple times in reported
speech and we do not want to penalize the model when the mention identi ed by the model is the
true source but different from the annotated mention.

Results

Content Identi cation: The accuracies of all models are summarized in Table 2.7a. The
baseline model (Scheible) has two rows: row 1 is its accuracy on all test instances, and row 2 is
on test instances where the model was able to identify cue words. We nd that the BERT model
(row 4) outperforms the feature-based CRF and the baseline model for both corpora, achieving a
macro F1-score of 82.6% at tag levels and a BLEU score of 82.0% for PARC3.0 and an F1-score
of 87.1% and a BLEU score of 89.3% for US2016. These scores show the high reliability of the
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PARC3.0 uUS2016
F1 BLEU Fl1 BLEU

Scheible (All) 64.4 571 379 234
Scheible (Matched) 75.8 727 79.3 76.5
CRF 71.3 66.3 725 687
BERT 826 820 87.1 893

(a) Accuracy of identifying speech content. The accuracies of
Scheible for US2016 (italic) result from training it on the training
data of PARC3.0.

PARC3.0 Us2016
Strict F1 Relaxed F1 Strict F1 Relaxed F1
CRF 52.4 59.8 62.4 71.6
BERT 71.0 78.6 70.3 84.8

(b) Accuracy of identifying speech source.

Table 2.7: Accuracy of identifying speech content and source.

BERT model for extracting main propositions asserted in reported speech. In addition, the high
accuracy on US2016 despite its small size suggests that the pretrained language model effectively
encodes important semantic information, such as reporting verbs and dependencies among subject,
verb, and object.

The baseline model, which was trained on PARC3.0, performs poorly on US2016 (row 1).
The main obstacle is that it fails to detect cue words (e.g., reporting verbs) in 168 out of 242
instances (69%). This shows one weakness of the baseline model: since this model works at
two steps—detect cue words and nd content boundaries—identifying speech content is strongly
subject to cue word detection. When the baseline is evaluated only on the instances where a cue
word was detected, its accuracy boosts signi cantly (row 2), outperforming the CRF but still
worse than BERT.

A gualitative analysis of the BERT model reveals that most instances are tagged accurately, and
errors are concentrated on a few instances. One of the main issues is whether a reporting verb
should be included or not as speech content. In the annotation process for US2016, a reporting
verb was included as speech content only if the verb has meaning other than merely “to report”
(e.g., ‘blamed his idea”, ‘declaredtheir candidacy”). As a result, the model often has dif culty
judging a reporting verb to be part of the speech content or not.

In some cases, the exact boundary of speech content is ambiguous. For instance, in the sentence

“Bush has promisetbur percentecanomic growth and 19 million newjobs
if Bushis fortunateenoughto servetwo termsaspresdent.”

the annotated speech content is in bold, while the model included the if-clause as the content
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(underlined). However, it may seem more appropriate to include the if-clause as part of the
promise.

Source Identi cation:  The accuracies of all models are summarized in Table 2.7b. The BERT
model (row 2) again signi cantly outperforms the CRF (row 1), achieving F1-scores of 75.7% for
strict evaluation (exact match) and 85.1% for relaxed evaluation (overlap allowed). It is usually
when a source is a long noun phrase that a predicted source and the true source overlap without
exact match (e.g., “President Obama” vs. “Obama”).

Our qualitative analysis of the BERT model reveals two common error cases. First, the model
tends to capture subjects and person names as a speech source, which is not correct in some cases:

“We have been told through investigative reporting that he owes about $650
million to Wall Street and foreign banks”

where the model identi es “we” as the speech source, while the true source is the “investigative
reporting”. The model also sometimes fails to detect any source candidate if reported speech has
an uncommon structure, such as “Treeord shows that ...” and “No one is arguing ... except for
racists”, where the speech sources are underlined. These problems may be recti ed with larger
training data that include more diverse forms of reported speech.

2.5.4 Question

A locution or the speech content of reported speech is examined byQiuestiorsubmodule to
decide if it is a question. If so, it is transformed to its asserted proposition lQukstionTrans-
formationsubmodule. Let's begin with question detection.

Models

We explore three approaches: parse, regex, and neural classi er.

Parse: For the parse approach, we rely on the constituency parse tree result of CoreNLP.
Speci cally, a locution is classi ed as a question if any part of the locution is tagged with SBARQ
(direct question introduced by wh-element) or SQ (yes/no questions and subconstituent of SBARQ
excluding wh-element).

Regex: Forthe regex approach, we compile regex patterns, capturing if the locution as a question
mark or if the text begins with words that often initiate a question (e.g., “how”, “do”) (Table 2.9).

BiLSTM For the BILSTM classi er, words are encoded through a BiLSTM layer, weighted
and combined using an attention mechanism, and fed to a single-layer neural network. The nal
output is the probability of the input being a question. The locution is classi ed as a question if
the probability is greater than or equal to 0.5.
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Prec Recl F1

Parse 78.4 54.5 64.3
Question Mark 75.1 93.8 83.4
Regex-All 58.8 97.2 73.3
BiLSTM 78.1 92.2 84.6
BERT 81.2 92.1 86.2

Table 2.8: Accuracy of question detection. The accuracy of the rst three approaches is calculated
on the entire data at once, whereas that of the neural classi ers is the average across the folds.

BERT: Lastly, we try the BERT sequence classi er, using the pretrained, uncased base model
provided by Hugging Face.

Data

From the US2016 corpus, we ltered 565 pairs of a locution and its asserted proposition that are
annotated with the following question types:

* Pure: e.g., “Who is Chafee?' “Chafee is xxx”; “Do lives matter?! “Lives do/do not
matter” (Semantically underspeci ed parts are denoted by “xxx” and the slash “/".)

* Assertive: e.g., “What does that say about your ability to handle challenging crises as
president?? “Clinton does not have the ability to handle challenging crises as president”

* Challenge: e.g., “What has he not answered?”“He has answered questions”

* Directive: e.g., “Any speci c examples?! “Provide any speci ¢ examples”

Note that only pure questions are semantically underspeci ed (indicated by “xxx” and “/”); the
other types contain concrete propositions to be asserted. Our models are trained on all question
types.

Results

Table 2.8 shows the accuracy of the models. Overall, the BERT model achieves the highest
F1-score. Unsurprisingly, the parse approach has fairly high precision but suffers from low recall.
The parse approach fails to capture ill-formed questions that are in declarative form grammatically,
short words, and incomplete sentence, as in the following examples:

* “semen is a human as well?”
* “one douchebag?”
* “attack obama then?”

Often the NLP tool misses even well-formed questions due to its inherent inaccuracy.

Regex achieves a higher F1-score, especially due to high recall (Table 2.9). Interestingly, a
guestion mark by itself is strongly indicative of a question and has a high coverage ( rst row,
rst column in the table). It can successfully capture the example questions above, but fails to
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Regex Prec Recl F1 Regex Prec Recl F1

\? 75.1 93.8 83.4 “should 80.0 014 028
~do 48.5 08.7 14.7 “would 53.8 01.2 024
~“how 759 07.8 141 Awill 100.0 01.1 02.1

what 46.2 064 11.2 “was 66.7 01.1 021

Nis 77.5 055 10.2 “where 71.4 009 O01.7

why 423 039 07.1 ~when 07.1 009 O01.6
did 84.2 028 055 “which 28.6 00.7 014
Nare 80.0 02.1 04.1 “have 500 005 011
“"who 70.6 02.1 04.1 “were 100.0 00.4 00.7
can 61.1 019 03.8 “could 18.2 00.4 00.7
"does 58.8 01.8 034 “has 33.3 00.2 004

All 58.8 97.2 73.3

Table 2.9: Accuracy of question detection for regex.

capture questions that do not have a question mark, as in “how can you buy a man worth 10b+...”.
Although it has relatively high precision, some false-positive cases include:

* A text uses a question merely for emphasis. (e.g., “it also could be somebody sitting on
their bed that weighs 400 pounds , ok ?”)

* Atext reports, not asks, a question. (e.g., “so you say to yourself , why did n't they make
the right deal ?”)

* A text uses a question form to expresses confusion. (e.g., “bernie? ... come again?”)

Including question-initiating words into regex patterns increases recall but signi cantly hurts
precision. Some of these words are used for other purposes than a question; for example, “when”
may initiate a subordinate clause, and “which” is used as a relative pronoun. The low precision
of some words is due to incomplete sentences with subject “I” missing, as in “Could barely
understand”.

As can be seen in the error cases above, detecting a question sometimes requires considering
a combination of several factors. And the neural classi ers seem more effective in doing that
than simpler models. According to a qualitative analysis, the neural classi ers rely heavily on a
guestion mark, probably due to the fact that most questions (94%) have a question mark. However,
the neural classi ers are better than simple regex in detecting non-questions that have a question
mark.

In the remainder of this section, we move on to extracting implicitly asserted propositions from
guestions in argumentation. The task is formulated as transforming a question into its asserted
proposition.
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Figure 2.3: Basic model and copy model for question transformation. The snapshotsffibr the
output word.

Neural Models

We test two RNN-based seq2seq models. Firstbdscmodel encodes a question using BiLSTM
and decodes a proposition using LSTM and the standard attention mechanism (Luong et al., 2015).
Figure 2.3 illustrates the snapshot of the model forjtheoutput word.

Formally, the input is a sequence of worals;  ;wg, and the embedding wE is denoted by
wE. BiLSTM encodes each wona™ and outputs forward/backward hidden state'% and hE:
hE hE = B|LSTM(WE h, s hED;
h E = hy N+1~
For thejth word to be generated, an LSTM decoder encodes the concatenation of the previously
generated Word/'j3 1 and context vectdﬁ'lE 1 (explained below), and the previous hidden state:
h? = LSTM(W? 4;h; - 4; P ));

I
ho =[hf 1; h N]-
Next, the decoder attends to the encoder's hidden states using an attention mechanism. The
attention weight of théth hidden state is the dot product of the hidden states from the encoder
and the decoder:

! . exp(a;)
. — 1D [hE: KET — ji
a-]I hj [hl ’ h| ]’ a]l éioexp(ajio)’
o Al LE. LE
=aajlhi hil:

The probability of thevth word in the vocalbulary being generated is calculated as in the standard
attention decoder mechanism:

Po(wy) = softmaxWe[h{;hj]+ be)y;
whereWs andbg are trainable weight matrix and bias vector.
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The basic seq2seq model requires a lot of training data, whereas according to our observation,
guestion transformation is often formulaic, consisting largely of word reordering. Hence, our
copy model uses a copying mechanism to learn to re-use input words. A prior model (Gu et al.,
2016) does not perform well in our task, so we modi ed it as follows (Figure 2.3).

Our copy model is based on the basic model and has the same process for the generating part.
When an output word is copied from the input text, instead of being generated, the probability of
theith input word being copied is proportional to the attention weight oftihédidden state. That
is, the probability of thetth word in the vocabulary being copied is:

N
Pe(W) = @ &il (W = w):
i=1

The nal probability ofwy, being output is a weighted sum Bf(w,) andPs(w,), where the
weightd is calculated as

dj = s (Wyh? + by);
P(w) = dRe(w) +(1 d)PRs(w);
whereWy andby are trainable weight matrix and bias vector. The main difference of our model
from existing ones is that we compute the mixture wetdjhfor R- andPs using a separate neural
network. In contrast, existing models do not explicitly compute this weight (Gu et al., 2016) or do
not use attentional hidden states (Allamanis et al., 2016).

We try the following hyperparameter values:

* Encoder/decoder hidden dim: 96, 128, 160, 192 (basic model) / 128, 192 (copy model)
* Beam size: 4

* Optimizer: Adam

* Learning rate: 0.001

* Gradient clipping: 1

* Word embedding: GloVe 840B

Rule-Based Model

As question transformation is often formulaic, a rule-based method may be effective for small
data. For each question, the most relevant parts for transformation are the rst word (wh-adverb or
auxiliary verb), subject, auxiliary verb, negation, and main verb (i.e., “be”+adjective, “be"+gerund,
or else). For instance, the questioWHy would you not pay the tax?” might be rearranged to

“You would pay the tax”, where “why” and “not” are removed. We compile rules that match
combinations of these components, starting with a rule that has a high coverage and breaking it
down to more speci c ones if the rule makes many errors. An example rule is “Why [MODAL]
[SUBJECT] “not™! “[SUBJECT] [MODAL]", which applies to the above example. As a result,

we compiled total 94 rules for 21 rst words (4.5 rules per rst word on average) based on the
US2016 dataset (see Table 2.10 for a summary of these rules).

Data
US2016: Our main data is the US2016 data described above for question detection.
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From

To

why [MD] [SBJ] [] 3?7

why [MD]4 not [SBJ}b [*] 37

why do [SBJ] [*] 2?

why [doegdid]; [SBJIL [*] 3?

why is [SBJ], [*] 2?

why [argwergwas} [SBJb [*] 3?
why [isjargam}; not [SBJ} [ADJ]3?
why [isjargam}; not [SBJ} [VP]3?
why not [VP}L?

[SBJ} [MD] 1 not [*]3.
[SBJp [MD]1 [ 5.

[SBJL [1] 2.

[SBJ} [doegdid]s [*] 3-
[SBJ} is [¥] 2 because xxx.
[SBJ} [argwergwas) [*] 3.
[SBJ} [isjargam}]; [ADJ]s.
[SBJ} should be [VP].
should [VP].

where [dgdidjdoe$MD] 1 [SBJIL [*] 3?
when [didhas} [SBJp [*] 3?

[SBJ} [dojdidjdoe$MD] 1 [*] 3 at xxx.
[SBJ} [didjhas] not [*] 3.

how can [SBJ] [*] 2?

how [MD\can}, [SBJb [*] 3?

how [dgdoes] [SBJL [*] 3?

how [MDjdojdoegdid]; [SBJp not [*]3?
how are [SBJ] going to [*]»?

how are [SBJ] supposed to [*]?

how [anjargis], [SBJbL not [*]3?

how much [*}?

how [ADJJADV] 1 [VBjMD]> [SBJL [VP]4?

[SBJ} cannot [*b.

[SBJ} [MD\can]; [*] 3 by xxx.
[SBJ} [*] 3 by xxx.

[SBJ} should [*]5.

[SBJ} need to [*].

[SBJ]} cannot [*b.

[SBJ} should be [*}.

XXX [¥] 1.

[SBJE [VBjMD]2 [VP]4.

what [MDjdid]; [SBJ} [VB] 3 [*] 4?

what [doegdo]; [SBJb [VB] 3 [*] 4?

what am [SBJ] [VB] 2 [*] 3?

what [igwagare] [SBIL?

what [VB\diddoegdgjamjwagisjare} [*] »?

[SBJ} [MDjdid]1 [VB] 3 xxx [*] 4.

[SBJp [VB] 3 xxx [] 4.

[SBJ} am [VB]2 xxx [*] 3.

[SBJ} [isjwagare] xxx.

xxx [VB\didjdoegdojamwagisjare}, [*] 2.

which [MVB] 1 [*] 2?
which [*\VB] 1 [VB] » [SBJk [*] 42

[*\WWB] 1 XxX.
[SBJE [VB] 2 [*] 4 ["\VB] 1 xxx.

who [VB]4 [SBJL [VP]3?
who is [SBJ]?

who is [VPL?

who [}is]1 [*] 2?

[SBJ}b [VB] 1 [VP]3 xxx.
[SBJ] is xxx.

xxX is [VP}].

xxx [¥\is]1 [*] 2.

have you not [*} ?

[havghas}] [SBJ\you} [*] 3?

is [SBJL [NP]2?

is [SBJ} [*\NP]2?

are [SBJ] [*] 2?

[wagwere} [SBJID [*] 3?
[isjargwagwere} not [SBJ} [*] 37

you have not [}].

[SBJ\you} [havghas} [*] 3.
[SBJ] is [NP.

[SBJ} is /is not [MNPL.
[SBJ] are not [*b.

[SBJ} [wagwere]; [*] 3.
[SBJ} [isjargwagwere} [*] 3.

can [SBJ] [VP],?
[MD\can]; [SBJL [VP]3?
[MD] 1 not [SBJ} [VP]3?

[SBJ} can [VPL.
[SBJ} [MD\can]; / [MD\can]; not [VP]s.
[SBJ} [MD] 1 [VP]s.

does [SBJ] [VP]2?
[doegdo]; not [SBJ} [VP]3?
[doegdo]; [SBJIL not [VP]3?
do [SBJ}, [VP]2?

did [SBJ} [*] 2?

did not [SBJ] [*¥] 2?

[SBJ}, does not [VP].
[SBJp [VP]a.

[SBJp [VP]s.

[SBJ} do / do not [VP}.
[SBJ}, did not [*]5.
[SBJ} did not [*]2.

Table 2.10: A summary of question transformation rules. Some rules have been combined into
one rule expression for clarityNotations) SBJ: subject, MD: modal verb, VB: verb, VP: verb
phrase, ADJ: adjective, ADV: adverb, NP: noun phrase, backslash (\): exclusion. “xxx” and a
forward slash indicate being semantically underspeci ed.
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US2016 MoralMaze
BLEU %M BLEU %M

Original Questions 4% - 5Q7 -
Basic Model 53 - 65 -
Copy Model 415 - 441 -
Rules 545 64% 519 48%
Rules (well-formed) b 85% 545 69%

Table 2.11: Accuracy of extracting implicitly asserted propositions from questions. “%M” is the
percentage of questions matched with any hand-crafted rules.

MoralMaze: This dataset consists of 8 episodes of the BBC Moral Maze Radio 4 program from
the 2012 summer seasofiLawrence et al., 2015). The episodes deal with various issues, such as
the banking system, welfare state, and British empire. In each episode, the BBC Radio presenter
moderates argumentation among four regular panelists and three guest participants. This dataset
has been annotated in the same way as US2016, and we ltered 314 pairs of a question and its
asserted proposition. This dataset is not used for training or compiling rules; instead, it is only
used as a test set to examine the domain-generality of the models.

Experiment Settings

For the neural models, we conduct two sets of experiments. First, we train and test the models on
US2016 using 5-fold cross validation. Second, to examine domain generality, we train the models
on the entire US2016 dataset and test on MoralMaze.

For the rule-based model, we compile the rules based on US2016 and test them on US2016
(previously seen) and MoralMaze (unseen).

The accuracy of the models is measured in terms of the BLEU score, where the references are
asserted propositions annotated in the dataset.

Results

As shown in Table 2.11, the basic seg2seq model (row 2) performs poorly, because of the small
size of the training data. On the other hand, the copy model (row 3) signi cantly improves the
BLEU scores by 36.2—37.6 points, by learning to re-use words in inpuPtebttsvever, it still

suffers the small data size, and its outputs are worse than the original questions without any
transformation (row 1).

In contrast, the hand-crafted rules (rows 4-5) signi cantly improve performance and outperform
the original questions. The effectiveness of the rule-based method on MoralMaze, which was not

“http://corpora.aifdb.org/mm2012
SOur model also outperforms a prior copy model (Gu et al., 2016) by more than 20 BLEU scores.
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First word

% Matched Questions

BLEU

Exact Match

Before After D

Before After D

what, which 42 |57 (74%) 439 519 79 53 123 7.0
who 19/19 (100%) 37.3 50.0 12,7 105 26.3 158
how 45 / 53 (85%) 443 610 167 75 340 264
why 26/ 31 (84%) 354 473 119 32 129 97
where, when 5/8 (62%) 453 498 45 250 250 00
do, does, did 68 /71 (96%) 529 615 86 42 85 4.2
have, has 8 /8 (100%) 524 69.7 172 00 375 375
is, are, was, were 61/ 65 (94%) 483 575 92 46 154 1038
can, will, should, would, could 32/41 (78%) 498 616 11.8 49 122 7.3
All above 262 / 309 (85%) 457 56.7 11.0 58 184 126
All questions 359 /565 (64%) 475 545 70 112 173 6.2

Table 2.12: BLEU and exact match (%) scores of questions before and after applying the hand-
crafted rules (from US2016). “% Matched Questions” is the percentage of questions that match
any of the hand-crafted rules.

used for compiling the rules, indicates that these rules generalize across argumentative dialogue
The effectiveness of the rule-based method also suggests that there exist a high degree of syntactic
regularities in how propositions are asserted implicitly in question form, and the hand-crafted
rules provide interpretable insights into these regularities (Table 2.10).

Taking a closer look at the rule-based method, we nd that many questions are subordinated or
ill-formed, and thus the rules match only 64% of questions for US2016 and 48% of questions
for MoralMaze. When we focus only on well-formed questions (that begin with a wh-adverb or
auxiliary verb), the rules match 85% and 69% of questions for the respective dataset, and the
BLEU scores improve by 2.2—-2.6 points (row 4 vs. row 5). When analyzed by the rst word
of a question (Table 2.12), questions beginning with “have”, “do”, and modal verbs achieve
the highest BLEU scores. Why-questions achieve the lowest, probably due to many variants
possible; for example, “why isn't [SUBJECT] [ADJECTIVE]?” is most likely to be transformed
to “[SUBJECT] is [ADJECTIVE]", whereas “why isn't [SUBJECT] [VERB]?” is to “[SUBJECT)]
should be [VERB]".

One limitation of the rule-based method, however, is that it cannot distinguish between questions
that have the same syntactic structure but assert opposite propositions. For example, “Would you
...?” can mean both “You would ...” and “You would not ...” depending on the context. In order
to separate these cases properly, we may need to take into account more nuanced features and
context, and machine learning with large data would be the most promising direction eventually.

SYet, we do not believe these rules would be effective beyond argumentation if the distribution of rhetorical
questions and pure questions is signi cantly different from argumentative dialogue.
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Top 1-8 Top 9-16 Top 17-24 Top 25-32

let (39) fuck (5) say (3) bring (2)
look (7) stop (5) ask (2) love (2)
have (7) do (4) vote (2) drink (2)
wait (6) check (3) help (2) pay (2)
thank (6) give (3) keep (2) are (2)
please (6) make (3) nd (2) believe (2)

go (5) get (3) think (2) talk (2)
take (5) use (3) forget (2) screw (2)

Table 2.13: Root verbs and counts in imperatives.

2.5.5 Imperative

In this section, we collect imperatives in argumentative dialogue and examine a simple method for
extracting propositions asserted in them. We do not build automated models for transformation (as
in questions), because US2016 had no clear guidelines on how to annotate asserted propositions
in imperatives when the dataset was built.

Model

No automated model is used in this section, but instead, we examine the applicabilityotithe
shouldtheory in argumentation. Speci cally, we analyze whether each imperative preserves the
original intent when it is transformed to an assertive by adding “should”, along with appropriate
changes in the verb form, (implicit) subject, and object. We additionally analyze the argumentative
relevancy of the transformed verb, that is, whether the imperative is mainly asserting that it should
happen.

Data

We use imperatives in US2016 (Jo et al., 2019). We assume that a sentence is an imperative if its
root is a verb in the bare in nitive form and has no explicit subject. Using Stanford CoreNLP, we
chose locutions that are not questions and whose root is a verb with base form or second-person
present case (VB/VBP), neither marked (e.g., “to go”) nor modi ed by an auxiliary modal verb
(e.g., “would go”). We found total 191 imperatives, and the most common root verbs are listed in
Table 2.13.

Results

We found that 74% of the imperatives can be transformed to an assertion by adding “should”
while preserving their original meanihgAnd 80% of the transformed assertions were found to be
argumentatively relevant content. For example, the imperative “Take away some of the pressure

’Many of the other cases are attributed to subject drop (e.g., “Thank you”, “Doesn't work”) and CoreNLP errors
(e.g., “Please nothing on abortion”, “So do police jobs”).
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placed on it” can be transformed to (and at the same time asserts that) “some of the pressure
placed on it should be taken away”. This result suggests that we can applyutshouldheory
to many imperatives and extract implicitly asserted propositions in consistent ways.

Some imperatives were found to be rather rhetorical, and the propositions they assert cannot be
obtained simply by adding “should”. Those imperatives commonly include such verbs as “let”,
“fuck”, “look”, “wait”, and “have”. The verb “let” can assert different things. For instance, “Let's
talk about the real issues facing america” asserts that “there are real issues facing america”, while
“Let's solve this problem in an international way” asserts that “we should solve this problem in
an international way”. The words “fuck” and “screw” are used to show strong disagreement and
often assert that something should go away or be ignored.

We cannot apply the same transformation rule to the same verb blindly, as a verb can be
argumentatively relevant sometimes and only rhetorical at other times depending on the context.
For instance, the verb “take” in the above example is argumentatively relevant, but it can also be
used only rhetorically as in “Take clean energy (as an example)”.

Based on our analyses, we propose rough two-step guidelines for annotating propositions that
are implicitly asserted in imperatives. First, we may group imperatives by their semantics based
on theories, such a@u-shouldandyou-will (Schwager, 2005). Second, for these imperatives, we
may annotate whether the root verb is argumentatively relevant. For instanceydiutstould
theory is applicable to an imperative, we may annotate whether its verb is at the core of the main
argumentative content that the speaker asserts should happen; the assertive form of this imperative
is likely to be a statement that proposes a policy or action (Park and Cardie, 2018). Argumentatively
relevant imperatives may be annotated with asserted propositions using prede ned transformation
templates appropriate for their semantics. On the other hand, argumentatively irrelevant verbs may
simply be rhetorical and need to be replaced properly. Annotation of these imperatives should
handle many irregular cases, relying on the domain of the argumentation and the annotator's
expertise.

2.5.6 Subject Reconstruction

A locution or the speech content of reported speech may miss its subject due to segmentation.
Hence, the&SubjectReconstructiomodule aims to reconstruct the subject if it exists within the
same sentence. We rst trace the subject of each verb in every sentence, and then reconstruct the
subject (along with auxiliary verbs) of a segmented text that begins with a verb whose subject is
outside the text.

We trace the subject of a verb using basic dependency relations (from CoreNLP) as follows.
When a verb has no subject relation with any words, we move to the word that is connected
with the current verb through a dependency relation of the types: conjunct (conj), auxiliary
(aux/auxpass), copula (cop), and open clausal complement (xcomp). The intuition is that this new
word and the current word are likely to have the same subject. We repeat this process until we

nd a subject or no more move is available. In what follows, we illustrate the intuition behind
using these dependency relations
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Conjunct (conj): Two verbs that are conjoined by a conjunction are likely to have the same
subject. In the following example, “preserving” has the same subject as “protecting” does.

Auxiliary, passive auxiliary (aux, auxpass): An auxiliary verb that modi es a (passive) verb
is likely to have the same subject as the modi ed verb does. In the following example, “got” has
the same subject as “carried” does.

Copula (cop): A copula that joins a verb with its subject is likely to have the same subject as
the verb. In the following example, “ve” has the same subject as “wrong” does.

Open clausal complement (xcomp): An open clausal complement of a verb is likely to have
the same subject as the verb does. In the following example, “send” has the same subject as
“wanted” does.

Adverbial clause modi er (advcl): An adverbial clause modi er of a verb may or may not

have the same subject as the verb does. In the following examples, the two sentences have the
same structure of verb + object + marked adverbial clause modi er. However, in the rst sentence,
“keeping” has the same subject as “do” does, whereas in the second sentence, “leaving” has a
different subject than “stop” does. For reliability, we do not include adverbial clause modi ers for
tracing a subject.
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Prec BLEU-Reconst BLEU-Locution
71.4 62.6 59.1

(a) Performance of subject reconstruction.

Reason %
lll-formed sentence 25%
No subject in the sentence 25%
Trace mistake 20%
Complex sentence 10%
Phrasal/clausal subject 10%

Wrong antecedents of relative pronouns 10%

(b) Reasons for subject identi cation errors.

Table 2.14: Results of subject identi cation.

Relative clause modi er (acl:relcl): Sometimes a verb's direct subject is a relative pronoun, in
which case we move to the word modi ed by the verb via the acl:relcl relation. In the following
example, “ran” modi es “campaign”, which is the proper subject.

However, “which” may often refer to a phrase or a clause, and this method may not be able to
capture that.

Results

We identi ed 96 locutions (1.2% of locutions) beginning with a verb whose subject is identi ed to

be in the sentence yet outside the locution. We focus on 73% of them whose subjects are recovered
in annotated propositions. Note that annotated subjects can be lexically different from the ones
that are correctly identi ed by our method, due to imperfect anaphora resolution. Hence, our
evaluation is based on manual comparison, checking if identi ed subjects and annotated subjects
refer to the same thing.
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BLEU Exact

Locution 75.5 47.3
Attention 47.2 12.4
Copy 76.2 49.3
Copy (short) 76.6 50.1

Table 2.15: Accuracy of revisiorCopy (short) revises only short input texts.

As shown in Table 2.14a, the method identi ed subjects correctly for 71% of the locutions.
Accordingly, the BLEU score improved by 3.5, compared to before subject reconstruction. Table
2.14Db breaks down the reasons for errors. Sometimes the tracing method made a mistake (20%) or
failed to capture a phrasal/clausal subject (10%). However, more commonly, CoreNLP could not
properly handle sentences that are ill-formed (25%), missing a subject (25%), or too long/complex
(10%). In some cases, it incorrectly identi ed the antecedents of relative pronouns (10%).

There exists other work that addresses recovering elided materials in sentences using dependen-
cies (Schuster et al., 2018). Following some of the work, it would be an interesting direction to
explore a richer set of dependency relations, such as the enhanced dependencies (Schuster and
Manning, 2016).

2.5.7 Revision

While the previous modules handle major tasks, a processed locution may still need additional
adjustments, including grammar correction. Hence Rbeisiormodule makes adjustments to a
processed locution and outputs nal, asserted proposition(s). This task is formulated as a seq2seq
problem, i.e., a model automatically learns and decides how to change the input, based on the
data.

Models

We explore two models: standard attention (Luong et al., 2015) and copy mechanism. Both
encode an input text using BiLSTM and decode proposition(s) using LSTM. The attention model
computes the probability of a word being generated, using attention over the encoder's hidden
states. It requires a lot of training data, whereas we already know that most input words remain
unchanged. The copy model, on the other hand, decides internally whether to copy an input word
or generate a new word. We use the same copy model as in Section 2.5.4.

We use two evaluation metrics: BLEU and exact match (percentage of outputs identical to the
annotated propositions). We exclude locutions of reported speech and questions, to better focus
on this module's performance. The baseline is to treat each locution as a proposition without
modi cation. Accuracy is based on 5-fold CV.
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Results

As shown in Table 2.15, the baseline (row 1) already achieves high performance, because locutions
are often very similar to the propositions extracted from them unless they are reported speech or
guestions. For this reason, the attention model (row 2) performs poorly, as it tends to make many
unnecessary adjustments to input locutions. The copy model (row 3) performs signi cantly better
than the attention model, but sometimes it cannot handle long input texts and generated irrelevant
content toward the end of an output. Leaving long input texts (25+ words) unmodi ed (row 4)
slightly improved performance. Overall, the improvement over the baseline is rather modest.

The most notable and useful role of the copy model is correcting a verb case that was left
incorrect due to anaphora resolution (e.g., “cooper want to’tooper wants to”, “webb have
had”! *“webb has had”). This behavior is quite desirable. The model also sometimes removed
non-propositional content and changed a person's rst name to the full name as re ected in
annotations. In general, the roles of the model remain lexical conversion rather than semantic

conversion.

We found that the differences between generated and annotated propositions are derived mainly
from unresolved non-personal anaphors (e.g., “it”, “this”, “that”). Furthermore, annotators
sometimes insert omitted verb phrases (e.g., “You should:You should clinge to capitalism.”;

“not hard to do” *“not hard to dominate”). Such semantic information is not recovered by the
current copy model.

2.5.8 End-to-end Extraction

So far, we have modularized the system and tested individual modules separately in order to
nd the optimal model and con guration for each module. In this section, we conduct a small
experiment to see how well the cascade model extracts asserted propositions in an end-to-end
way, i.e., the module takes an input utterance, goes through all modules, and outputs asserted
propositions in the utterance. For this, we x the optimal setting for each module learned in the
previous sections. We use the same 5-fold cross validation to measure the extraction performance
across the folds.

For evaluation, Figure 2.4 shows a possible metric for calculating precision, recall, and F1-score.
For precision, each extracted proposition is matched with the most similar annotated proposition
in terms of BLEU, and the precision score is the average BLEU score of the pairs. For recall,
similarly, each annotated proposition is matched with the most similar extracted proposition, and
the recall score is the average BLEU score of all pairs. The F1-score is the average of these two
scores.

Prec Recl F1
60 57 59

Table 2.16: BLEU scores of the nal end-to-end system in terms of precision, recall, and F1-score.
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Figure 2.4: Evaluation metric for the cascade system. For precision, each extracted proposition
is matched with the most similar annotated proposition. For recall, each annotated proposition
is matched with the most similar extracted proposition. These two scores are averaged for the
F1-score.

As shown in Table 2.16, the precision is 60. In other words, an extracted proposition has an
average BLEU score of 60 in reference to its most similar annotated proposition. A similar trend
holds for annotated propositions as well, i.e., an average BLEU score of 57 in reference to their
most similar extracted propositions. Combining these two cases results in an average BLEU score
of 59, which we believe is pretty high.

2.6 Conclusion

Pro- and counter-argumentation are constituted by asserted propositions, and thus the rst step
for identifying pro- and counter-arguments in argumentative dialogue is to extract asserted
propositions. In this chapter, we presented a cascade model to extract asserted propositions
from argumentative dialogue. This cascade model has seven subtasks: anaphora resolution,
locution extraction, reported speech processing, question processing, imperative processing,
subject reconstruction, and revision.

Anaphora resolution is crucial for recovering the semantic information of propositions, and the
main bottleneck is to resolve 2nd-person singular and 3rd-person gender-neutral pronouns (e.g.,
“it” and “that”). However, we believe this problem will be solved soon as anaphora resolution is
an active research problem in NLP.

Identifying locutions or ADUs is quite robust now. One fundamental question is whether we
really need this as an explicit step. A positive effect is that it increases the explainability of the
cascade model by locating where each proposition comes from. A potential downside is that
it requires additional effort for data annotation, which can be more costly than necessary due
to the fuzzy nature of exact locution boundaries. Furthermore, locution segmentation requires
reconstructing missing subjects as a component, as our model currently has, whereas the cascade
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model might be able to identify and decode missing subjects better by abstracting out locution
segmentation.

For identifying asserted propositions in rhetorical questions, translating a rhetorical question
to an asserted proposition seems to be relatively easy, as this process, as we found, is often
mechanical. A bigger challenge is rather to classify whether a certain question is a pure question
or a rhetorical question. While there is prior work on this problem (Bhattasali et al., 2015), we
might additionally bene t from sarcasm detection (Joshi et al., 2017).

Identifying asserted propositions in imperatives should be accompanied by theoretical studies.
For instance, to our knowledge, there is currently no theoretical background to draw upon in order
to identify what exactly is asserted in an imperative. Does “Look how bad the system is” assert
that we should look or that the system is bad? The former interpretation is in accordance with the
you-should theory, which is clearly limited in this context, whereas the later interpretation is more
suitable but is less clear as to how we come to this decision. The good thing is that there is rather
a limited set of verbs that commonly accommodate multiple interpretations (e.g., “look”, “let”),
so research may begin with those verbs and gradually extend to infrequent ones.

Besides these modules, reported speech can be detected with fairly high accuracy. In addition,
the source and the content of speech can also be extracted reliably. For subject reconstruction,
our tracing method is fairly effective, and the accuracy is bounded mainly by the robustness
of dependency parsing to ill-formed and complex sentences. The nal revision with a seq2seq
model remains mostly grammar error correction, and substantial semantic revision may require
signi cantly different models.

Additional challenges outside of the current components of the cascade model are discussed
in 82.4. For instance, the main challenge in identifying asserted propositions in conditionals
comes from deciding whether a conditional clause is purely hypothetical or is an assertion. Many
challenges could be resolved by collecting large data with careful annotation guidelines.

Some of the aforementioned challenges, such as anaphora resolution, do not need to be specic
to argumentation. But others may greatly bene t if addressed in the context of argumentation.
For instance, the proportions of rhetorical questions and pure questions in argumentation may be
substantially different than in other genres like medical consultation. Similarly, interpretations of
imperatives in argumentation may be different than in other genres. Hence, such problems seem
to require argumentation- and perhaps domain-speci ¢ data and approaches.

Informal argumentative dialogue often accommodates locutions that are only rhetorical and do
not contribute to argumentative structure, such as meta-argumentation. Such locutions could be
identi ed in the locution segmentation component, which currently aims to Iter out locutions
irrelevant to the content of the ongoing argumentation based on human-annotated data. In addition,
the model we will introduce in Chapter 3 distinguished meta-argumentation as a notable type of
propositions (see 84.3.2 and Table 4.1), which indicates that it has some characteristic lexical
features. We also see that this problem could bene t from metaphor detection and topical contrast,
that is, how likely a certain locution should be interpreted rhetorically versus literally.
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Chapter 3

|dentifying Surface Types of Propositions

In this chapter, we present a novel unsupervised model for identifying different surface types
of propositions that underlie a given set of dialogues (general, not necessarily argumentative,
dialogues). This model is built on the basic assumption that a compound illocutionary act is a
mixture of different surface types of propositions used. We strengthen the model by encoding
several characteristics of linguistic phenomena. For instance, an illocutionary act to be performed
at a speci c time point depends on both the illocutionary act of the preceding utterance as well
as the speaker's own preferences for certain acts. In addition, we observe that the surface types
of propositions are characterized mainly by non-topical words and function words. Hence, our
model de-emphasizes topical words in order to focus on words that signal distinctive types of
propositions, by modeling topical themes as transitioning more slowly than illocutionary acts in
dialogue.

We evaluate the model on two dissimilar corpora, CNET forum and NPS Chat corpus. The ef-
fectiveness of each modeling assumption is found to vary depending on the characteristics of data;
de-emphasizing topical words yields improvement on the CNET corpus, while utilizing speaker
preferences is advantageous on the NPS corpus. The components of our model complement one
another to achieve robust performance on both corpora and outperform state-of-the-art baseline
models.

3.1 Introduction

The main assumption of our model is that each utterance (or a turn) in dialogues performs a
compound illocutionary act and can consist of more than one sentence. Each sentence in an
utterance is then assumed to take one proposition-level type. As an example, let's think about
dialogues in a tech forum (Figure 3.1). One possible compound illocutionary act in a tech forum
isto ask a question about a system problén utterance performing this illocutionary act may
include various types of propositions at surface levels, such as a system environment, an error
message encountered, and a speci ¢ question. Similarly, another hypothetical illocutionary act is
to provide a solutionand this act may include propositions of such types as general explanation,
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Figure 3.1: Examples of compound illocutionary acts and composing types of propositions
in a tech forum. The thickness of an edges indicates the strength of association between an
illocutionary act and a type of proposition.

references, and wishes. For modeling purposes, we represent each compound illocutionary act as
a probability distribution over different surface types of propositions.

A challenge here is that in most cases, we do not know a complete set of compound illocutionary
acts in a given corpus. Hence, our model assumes that not only the surface types of propositions
are latent, but compound illocutionary acts are also latent. Now then the question is how can we
better identify the latent compound illocutionary acts so that we can obtain proposition-level types
that compose those illocutionary acts. To achieve this goal, we make three important modeling
assumptions.

The rst assumption is the conditional relevance between two compound illocutionary acts
(Levinson, 1983; Martin and Rose, 2003), e.g., asking a question is likely to be followed by
answering the question, a greeting by a greeting, and inviting by accepting the invitation (Sidnell,
2011). To encode conditional relevance, our model assumes a transition probability between every
pair of compound illocutionary acts.

While there are general tendencies about what compound illocutionary act would likely follow
what illocutionary act, an illocutionary act to be performed depends also on the speaker's personal
preferences (Appling et al., 2013). For instance, suppose there is a system expert in a tech forum
who answers guestions most of the time rather than asking a question. By taking into account
speaker preferences, the model may be able to better identify the compound illocutionary acts
performed by this person, especially when an utterance has mixed characteristics of different
illocutionary acts (e.g., a response to a question includes some clari cation question). Therefore,
the second assumption of our model is that each speaker has preferences for certain illocutionary
acts, which are represented as a probability distribution over compound illocutionary acts.

The third assumption of the model is that different types of propositions are mainly characterized
by different function words and those words that are less speci ¢ to discussion topics. For instance,
guestions are characterized by wh-adverbs (“why”, “how”) and the question mark, rather than

topical words (“Windows”, “iPhone”). Similarly, error messages are characterized by some
template words (“Traceback”, “:”, “Error”). Hence, the model learns the language model of
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each surface-level type of proposition while trying to separate out topical words. This goal is
accomplished by encoding that the types of propositions transition at utterance levels whereas the
background topic is consistent throughout the dialogue. As a result two kinds of language models
are learned: one for different surface-level types of propositions and one for background topics.
While some existing models assume a background or domain-speci ¢ language model to Iter out
common words (Lee et al., 2013; Paul, 2012; Ritter et al., 2010), they either require domain labels
or do not learn background topics underlying dialogues.

To illustrate the effectiveness of our model, we evaluate it on two dialogue corpora with
very different characteristics in terms of utterance length, the number of speakers per dialogue,
and domain: CNET and NPS Chat Corpus. Since these corpora are annotated with utterance-
level compound illocutionary acts, we directly evaluate the model's ability to identify latent
compound illocutionary acts and demonstrate that our model is more effective than baseline
models. Furthermore, we qualitatively analyze the latent types of propositions learned by the
model and demonstrate that they are reasonable components of the identi ed illocutionary acts.
Lastly, by exploring different settings of the model parameters for each corpus, we use our model
as a lens to understand the nature of the corpus dialogues, which may inform future model design.

3.2 Related Work

Speech act theory (Austin, 1975) makes a distinction between the illocutionary, social intention of
an utterance (as seen in the indirect sentence “Can you pass the salt?”) and the locutionary act
of an utterance, which includes the ostensible surface-level meaning of the words. Although the
theory focuses mainly on basic sentence-level illocutionary acts (e.g., assertives, imperatives),
more complex illocutionary acts can be thought of in real-life dialogue by considering compound
illocutionary acts that consist of multiple sentences and sentence-level illocutionary acts (van
Eemeren and Grootendorst, 1984). Example (compound) illocutionary acts used in computational
systems includges-no questigrstatementbackchannelandopinion (Jurafsky et al., 1998). In

this work, illocutionary acts refer to compound illocutionary acts.

Winograd and Flores (1986) were some of the rst to conceptualize illocutionary sittsstate
transitions as a model for conversation. Similarly, contemporary unsupervised models often use a
hidden Markov model (HMM) to structure a generative process of utterance sequences (Ritter
et al., 2010). Itis commonly assumed that each hidden state corresponds to an illocutionary act,
but different approaches use different representations for states.

One common representation of a state is a multinomial distribution over words, from which
words related to an illocutionary act are generated. Often, this generative process includes domain-
or topic-related language models that are independent of states and used to Iter out words
unrelated to illocutionary acts (Lee et al., 2013; Ritter et al., 2010). However, these language
models have some limitations. For instance, Lee et al. (2013) rely on domain labels for learning
domain-speci c language models, which may require human annotation, whereas our model

1in the NLP literature, illocutionary acts are more commonly referred to as dialogue acts. For consistency, we use
the term “illocutionary acts”.
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learns them without labels. Ritter et al. (2010) learn conversation-speci ¢ language models
to Iter out topical words. We take a different approach, simultaneously learning background
topics underlying the entire corpus and lItering out these topical words. Although most models
incorporate a general language model to separate out common words (Lee et al., 2013; Paul, 2012;
Ritter et al., 2010), we do not learn it because we assume that many common words (e.g., function
words) are relevant to illocutionary acts.

Word embedding vector representations have also been researched as the outputs of latent states.
For example, Brychcin and Kral (2017) represent an utterance as a weighted sum of word vectors
from GloVe?. Each utterance vector is generated from a Gaussian distribution that parameterizes
a latent state. This model has been shown to capture illocutionary acts effectively for short
utterances.

lllocutionary acts are not completely determined by preceding acts (Levinson, 1983), and this
dif culty can be overcome partly by modeling speaker preferences, as there is evidence that each
speaker has preferences for certain illocutionary acts (Appling et al., 2013). Joty et al. (2011)
model speakers as outputs generated by an HMM, but this structure makes it hard to adjust
the contribution of speaker preferences and may overestimate the in uence of speakers. We
model speaker preferences more directly such that the preceding illocutionary act and the speaker
preferences together determine an utterance's probability distribution over illocutionary acts.

One reason for the nondeterministic nature of illocutionary acts is that one utterance can
involve more than one act (Levinson, 1983); this is a similar concept to compound illocutionary
acts, suggesting that one language model per illocutionary may not be enough. Paul (2012)
represents latent states as mixtures of topics, but there is no one-to-one relationship between
states and illocutionary acts. Joty et al. (2011) assume that words are drawn individually from
a xed number of language models speci c to each illocutionary act. However, the speech act
theory (Searle, 1969) suggests that usually one sentence performs one elementary illocutionary
act and a propositional act of a certain type. So, we constrain each sentence in an utterance to one
language model, which represents a surface-level type of proposition. Thus, utterances, which
may consist of multiple sentences, are represented as a mixture of those types of propositions.

Word order in an utterance may play an important role in determining an illocutionary act,
as in the difference between “I am correct” and “am | correct”. Ezen-Can and Boyer (2015)
compute the similarity between utterances based on word order using a Markov random eld and
cluster similar utterances to identify illocutionary acts. This model, however, does not consider
transitions between clusters.

Online conversations often have asynchronous, deeper than two-level tree structure (e.g., nested
replies). In Joty et al. (2011)'s model, individual reply paths from the rst utterance to terminal
utterances are teased apart into separate sequential conversations by duplicating utterances.
However, this method counts the same utterance multiple times and requires an aggregation
method for making a nal decision of the illocutionary act for each utterance. We address
multi-level structure without duplicating utterances.

2https://nip.stanford.edu/projects/glove/
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Language Mixture of

Transitions Models . Language
Speaker mgg}‘t’i"gﬁgry Unrelated to Msutlrttlc‘ﬁ}g Models for
Preference lllocutionary Support lllocutionary
Acts Acts Acts
Brychcin and Kréal (2017) N Y - N N
Ezen-Can and Boyer (2015) N N - N N
Lee et al. (2013) N Y GD N N
Paul (2012) N Y G N Y
Joty et al. (2011) Y Y U Y Y
Ritter et al. (2010) N Y GD N N
Our model Y Y D Y Y

Table 3.1: Properties of baseline models. (G: general background, D: domain-specic, U:
unspeci ed)

The properties of the models explained so far are summarized in Table 3.1.

The relative importance of each structural component in a model may not be identical across all
corpora. Differences, especially as they are attributed to meaningful contextual variables, can be
interesting both practically and theoretically. One contribution of our work is to consider how
differences in these kinds of contextual variables lead to meaningful differences in the utility of our
different modeling assumptions. More typical work in the eld has emphasized methodological
concerns such as minimization of parameter tuning, for example, by using a hierarchical Dirichlet
process to determine the number of latent illocutionary acts automatically (Lee et al., 2013; Ritter
et al., 2010) or by simply assuming that a word is equally likely to be related or unrelated to
an illocutionary act (Paul, 2012). While these efforts are useful, especially when maximizing
the likelihood of the data, searching for the optimal values of parameters for illocutionary
act recognition may allow us to better understand the contribution of each model component
depending on the characteristics of the dialogue, which in turn can inform future model design.

3.3 Model Design

Our model, CSM (content word ltering and speaker preferences model), is based on an HMM
combined with components for topical word Itering and speaker preferences. In the model, each
latent state represents an utterance-level compound illocutionary act as a mixture of language
models, each of which represents a sentence-level surface type of proposition; each sentence in an
utterance is assigned one such type. To lIter topical words, there is a batk§round topics

shared across dialogues, and each dialogue is assigned a background topic that underlies it.

A transition between states is de ned on every parent-child (or, two consecutive) utterance
pair, supporting multi-level tree structure. The state of an utterance is dependent on both the
its preceding utterance's state and its speaker. Speakers are speci c to each conversation, i.e., a
speaker participating in multiple dialogues is treated as different speakers for different dialogues.
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Figure 3.2: Graphical representation. Shaded nodes represent observable variables.

The graphical representation of CSM is in Figure 3.2.

The formal generative process of dialogues is as follows:

« For each speakex, draw a preference distribution over stags Dir(g?).

* For each stats
s Draw a transition probability distribution over stag® Dir(g®).

= Draw a probability distribution over the types of propositiagds Dir(a’).
For each type of propositiar draw a probability distribution over wordg  Dir(b).
For each background topicdraw a probability distribution over wordg®  Dir(b).
For the corpus, draw a distribution over background topfés Dir(aPB).

For each dialogue
e Draw a background topi® Caiq®).
s For each utterance with its speakes,, its preceding utterange and the preceding
utterance's statsy,
Draw a states, Cain pSSp +(1 n)pg).
For each sentence
Draw a type of propositio”  Ca{qg).

For each word
- Draw an indicator of “proposition-level type” or “background topic”
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Notation Meaning

Nii-s Transition from staté to statej

N; é-s Assignment of speakerto statej

N; jBF Assignment of stateto proposition-level typg
NFIKN Assignment to background topjc

N Assignment of proposition-level typgo word |
i g prop yp J

N

iéj}w Assignment of background topid¢o word j

Table 3.2: Descriptions of counter matrices.

Caf(h;1 h)).
- If | is “proposition-level type”, draw a worg/ Cat(szF).
- If | is “background topic”, draw a word  Caf(f z%).

According to this model, topical words are separated out into background topics in several
ways. A background topic does not transition as frequently as the types of propositions do within
a dialogue. Accordingly, words that are consistently used across utterances in a dialogue are
likely to be clustered into the background togft; whereas words whose use is sensitive to the
previous state and the speaker are likely to be clustered into one‘typtwever, this design
may cause common function words, such as pronouns, prepositions, and punctuations to be
separated out as well. Hendg, the probability of a word being from a proposition-level type,
adjusts the degree of Itering. The higher thevalue, the more likely words are to be generated
for a proposition-level type, and thus the more function words are included in proposition-level
types, leaving background topics with topical words. Hence, we may baih if we believe
common words play an important role in determining the types of propositions in a corpus and
low otherwise. Background topics capture topical words underlying the entire corpus, as they are
shared across dialogues.

Speaker preferences are captured as a probability distribution over illocutionarp8gts (
which, along with the preceding state, affects the probability of the current statdjusts the
contribution of general transition tendencies between illocutionary acts (as opposed to the speaker
preferences); hence, the higlmerthe weaker the contribution of speaker preferences. So, we may
setn low if each speaker is believed to have invariant preferences for certain illocutionary acts. If
there is not enough such evidence and the dialogue is driven without speci ¢ preferences of the
speakers, then we may sehigh. We nd that different corpora have different optimal values of
n depending on their nature.

We use collapsed Gibbs sampling for inference to integrat@aui”®, g, &, f F, andf B.
Given dialogue text with speakers for each utterance, along with the hyperparameterdh ,
the Gibbs sampler estimates the following variables using count matrices explained in Table 3.2:
P = s Pl T T oAs A
PaNSS+ 09T & (NGS+ o)
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NSF+aF NP+ aPB

0 = s srr re T 5 B B
ajlNjo+ar) ajo(Njo+ a®)

FW BW
cro Njrb o g NfTED
TN b)Y & NEY + b)

We may use slice sampling (Neal, 2003) to estinmésdh too, but the estimated valuesof

andh may not be optimal for illocutionary act recognition. We can also obtain state assignments
for utterances by taking a sample from the Gibbs sampler. Detailed derivation for Gibbs sampling
and the code are available onlfe

3.4 Experiment Settings

This section describes our evaluation method and settings.

3.4.1 Task and Metrics

We evaluate our model in terms of accuracy in utterance-level compound illocutionary act recogni-
tion. Since the output of the model is assignments to latent states (not pre-determined illocutionary
act labels) for utterances, we use a clustering evaluation method, as adopted by previous work on
unsupervised modeling of illocutionary acts. Speci cally, we use homogeneity, completeness,
and v-measure as metrics (Rosenberg and Hirschberg, 2007). Borrowing the original notations,
suppose there aié utterances, a set of true illocutionary aCts f¢ji= 1, ;ng, and a set

of learned clusterk = fkjjj= 1, ;mg. Letaj denote the number of utterances whose true
illocutionary act isc; and assigned cluster ks. Homogeneity represents the degree to which
utterances assigned to the same cluster by the model share the same illocutionary act in the labeled
corpus. This measure is re ected in the conditional entropy of the illocutionary act distribution
given the proposed clusterityCjK), which is 0 in the perfectly homogeneous case. Since the
range of this value depends on the size of each illocutionary act, it is normalized by the entropy of
the true illocutionary act distributioH (C). Following the convention of 1 being desirable and O
undesirable, homogeneity is(de ned as:

b ifiGi=1orjKj=1
| Hé((:g) otherwise :
where
iKj iCj
. Ack Ack
HCK)= & 8 1o 55"
k=1c=1 & 1 ack
IS 31K Ack EYN Ack
HC)= a4 k_l\ll log k‘Nl ;

=1
Completeness represents the degree to which utterances that have the same illocutionary act
according to the gold standard are assigned to the same cluster. This measure is identical to

3https://github.com/yohanjo/Dialogue-Acts
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CNET NPS

# dialogues 310 15

# utterances 1,332 10,567
# compound illocutionary acts 12 15
# domains 24 -

Median # utterances/dialogue 3 706
Median # words/utterance 51 2
Median # speakers/dialogue 2 94

Table 3.3: Corpora statistics.

homogeniety except that We(measure entropie&fmstead ofC. Completeness is de ned as:

1 ifjCj=lorjKj=1
c= H(K|C) : ,
1 I otherwise
where
iCj jKj
HKIO)= 8 & TXlog—c*—;
1kt N &l a
iKj g€ o ICi
Ac=19ck, Ac=1ack
HK)= § =E1=log==1=
V-measure is the harmonic mean of homogeneity and completeness:
2 hc
" h+c’

These metrics are easy to interpret and have been demonstrated to be invariant to dataset size and
number of clusters. This enables a meaningful comparison of accuracy across different corpora.

3.4.2 Corpora and Preprocessing
We evaluate on two corpora: CNET and NPS Chat (see Table 3.3 for statistics).

CNET (Kim etal., 2010) is a set of post threads from the Operating System, Software, Hardware,
and Web Development sub-forums of CNET. This corpus is tagged with 12 compound illocutionary
acts at post levels, includinQuestion-QuestigrQuestion-Con rmationAnswer-Ad¢gResolution
andOther (Table 3.4). Note that question- and answer-related acts are two-level. Most posts are
tagged with one act; in case a post is tagged with multiple acts, we choose the rst act in the
meta-datd Each post was annotated by two annotators, achieving Cokeri'.59.

Each post is considered an utterance and each thread as a dialogue. Each thread has only a few
posts (median 3) and involves a few speakers (median 2). There are total 310 dialogues and 1,332
utterances, covering such domains as hardware (e.g., drive, RAM, CPU, motherboard), networks,
operating systems, registry, and email. Since there are many URLs, email addresses, and numbers

4Some tagging systems, such as the DAMSL-style, break down an utterance that has multiple illocutionary acts.
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CNET NPS
Question-Question Accept
Question-Add Bye
Question-Con rmation Clarify
Question-Correction Continuer
Answer-Answer Emotion
Answer-Add Emphasis
Answer-Con rmation Greet
Answer-Correction Reject
Answer-Objection Statement
Resolution System
Reproduction yAnswer
Other nAnswer
whQuestion
ynQuestion
Other

Table 3.4: Compound illocutionary acts tagged in the corpora.

in text, we normalize them with special tokens using regular expressions, and conduct tokenization
with the Stanford PTBTokenizer included in Stanford Parser 3.7.0

NPS Chat(Forsythand and Martell, 2007) is a set of dialogues from various online chat services.
This corpus is tagged with 15 compound illocutionary acts at turn levels, inclihmgfion
SystemandwhQuestior(Table 3.4). The details of the annotation process is not available from
the original paper. But a naive Bayes classi er with 22 hand-crafted features achieved F1-scores
between 0 and 98.7 across the acts, and without the acts that scored 0 (due to too low frequency),
the average F1-score was 51.1.

Each turn is considered an utterance. There are total 15 dialogues and 10,567 utterances,
covering a wide range of casual topics in daily life. Each dialogue is long (median 706 utterances)
and involves many speakers (median 94). This corpus has already been tokenized, so we only
replace usernames with a special token. Dialogues in NPS have no reply structure, but we build in
multi-level tree structure, simply treating an utterance that mentions another user as a child of the
nearest utterance of the mentioned user. We compare the accuracy of the multi-level structure and
the original linear structure in Section 3.5.

3.4.3 Models and Parameters

We set the numbers of states and background topics to the numbers of illocutionary acts and
domains, respectively, if these numbers are available. For NPS, we search for the optimal number
of background topics between 1 and 2, because there are only a few dialogues. The optimal

Shttps://nip.stanford.edu/software/lex-parser.html
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number of proposition-level types is chosen among multiples of ve between the number of
states and four times the number of states, and the weights for state transjtaord(foreground
topics ) are chosen among multiples of 0.1. For Dirichlet hyperparameters, we ‘use
0:1;¢" = 0:1;b = 0:001to induce sparsity, ang®= 1;a® = 1 for the uniform distribution over

all con gurations.

We randomly split each corpus into ve groups and use three groups for training, one for
parameter tuning, and one for testing. We run 5-fold cross-validation and report the average
optimal parameter values and accuracy across the folds. The number of sampling iterations was
chosen such that the log-likelihood of the data has converged. For each fold, we take 10 samples
during inference on the test data with interval of 10 iterations and compute the mean and standard
deviation of the 50 samples from all folds.

We compare our model with the three most recent unsupervised models we surveyed. The
baseline models and settings are as follows.

Gaussian mixture HMM (Brychcin and Kral, 2017), based on an HMM, has a characteristic
output representation: utterance vectors. These vectors are generated from Gaussian distributions
instead of using language models as in most existing models. After following their preprocessing
steps, we trained the model on the training data, chose the optimal word vector dimensionality on
the validation data (among 50, 100, 200, and 300, as used in the original model), and performed
inference on the test data. We used the original source code from the authors for training and
modi ed the code for inference.

MRF-based clustering(Ezen-Can and Boyer, 2015) considers word order within an utterance
to calculate similarity between utterances using an MRF. Kaeredoids clustering is conducted
based on the similarity scores, resulting in clusters that represent illocutionary acts. The similarity
score between two utterances is asymmetric, so we took the average value of each direction and
inversed it to obtain the distance between two utterances. We trained the model on the training
data, chose the optimal parameter valugd ¢; a4 in the original paper) on the validation data,
and assigned clusters to the test data. We implemented the algorithm since the original code was
not available.

HDP-HMM (Lee et al., 2013) is based on an HMM, and each word comes from either the
state-speci ¢, general background, or domain-speci ¢ language model. HDP-HMM automatically
decides the number of states using a hierarchical Dirichlet process, but we manually set the
number of illocutionary acts in our experiment, assuming that we know the number of the acts of
interest. We trained the model on the training data and performed inference on the test data; the
validation data was not used since there are no parameters to tune. We used the original source
code from the authors for training and modi ed the code for inference.

3.5 Results

The accuracy of illocutionary act recognition in terms of homogeneity, completeness, and v-
measure on both corpora is summarized in Table 3.5. We also tested the following con gurations:
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CNET NPS

Model H C \ H C \
Brychcin and Kral (2017) 130 .09 10 o 24 1o .33 o6 .28 o8
Ezen-Can and Boyer (2015) .03 37 o0 .05 o .26 00 .33 w0 .28 oo
Lee et al. (2013) .09 16 o3 i .36 o2 28 o2 31 o
CSM 24 o3 .38 o4 29 o3 .35 w 31 o4 .33 o4
CSM + Domain 27 o 33 1 29 os N/A

CSM —Speaker 2403 .38 w 29 o3 21 o3 19 os 20 o
CSM — Multi-level 23 04 .33 o6 27 o4 .35 o .30 o4 32 o3
CSM - Background Topics 15 Al o A2 .35 o4 31 o 33 o

Table 3.5: Accuracy of illocutionary act recognition (the higher the better). Smaller numbers
are population standard deviations (H: homogeneity, C: completeness, V: v-measure). Optimal
parameter values for CSM: # proposition-level types384, :86, n = 1:00 for CNET and #
proposition-level types=3%, = 1:00,n = 0:58 for NPS.

* CSM + Domain uses true domain labels when learning background topics by forcefully
assigning a dialogue the background topic corresponding to the true label.

* CSM — Speakerdoes not use speaker preferences, by settingdl.

¢ CSM — Multi-level ignores multi-level structure; that is, utterances in each dialogue are
linearly ordered by time.

* CSM - Background Topicsuses only one background topic.

Overall, our model performs signi cantly better than the baselines for CNET and marginally
better for NPS. The baseline models show a large variance in performance depending on the
characteristics of the corpus. In contrast, our model has a low variance between the corpora,
because the topical word ltering, distinction between utterance-level illocutionary acts and
sentence-level types of propositions, and speaker preferences complement one another to adapt to
different corpora. For example, topical word Itering and the distinction between illocutionary
acts and proposition-level types play more signi cant roles than speaker preferences on CNET,
whereas their effects are reversed on NPS. The details will be described later with qualitative
analyses.

There may be several reasons for the poor performance of the baseline models on CNET.
First, in our model, each illocutionary act (latent state) is a probability distribution over different
types of propositions, which better characterizes compound illocutionary acts, especially for
long utterances in CNET. The utterances in CNET may be too complex for the baseline models,
which use a simpler representation for compound illocutionary acts. Another reason for the low
performance could be that the baseline models do not Iter out topical words as our model does.

In the remainder of this section, we describe our qualitative analysis on the results. All examples
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Topic Top 5 words

BTO  drive partition drives partitions c

BT1 router wireless network connected connection
BT2 vista camera canon windows scanner
BT3 drive ipod touch data recovery

BT4  speakers rewall sound still no

BT5 /\blaster dos drive

BT6  windows cd i xp boot

BT7 page xp sp3! content

BT8 ram mhz 1gb 512mb screen

BT9 his rupesh to company he

BT10 xp drive drivers new hard

BT11 tv portcpu motherboard grounded
BT12 le les copy external mac

BT13 “password ash #NUMBER## ?
BT14 fan fans cpu case air

BT15 ram card 2.4 graphics nvidia

BT16 registry le shutdown machines screen
BT17 div site % ie6 refox

BT18 printer sound would card contact
BT19 hosting web hostgator they host

BT20 ubuntu linux memory boot reader
BT21 mac compression archive format trash
BT22 bluetooth router wireless laptop 802.11
BT23 email address account mail bounce

Table 3.6: Background topics learned from CNET.

shown in the analysis are from the result with the optimal parameter values for the rst fold.

Filtering topical words: Our model effectively separates topical words from words that are
related to proposition-level types, even without using the domain label of each dialogue. As
an example, the background topics learned by our model from CNET are shown in Table 3.6.
These topics are clearly related to the subjects of the forum, rather than re ecting speci c types of
propositions, and the topics are distinctive from one another and cohesive in themselves.

The main purpose of learning background topics is to better identify illocutionary acts by
Itering out topical words in characterizing proposition-level types. The learned background
topics serve this purpose well, as including these topics in the model increases v-measure by 0.17
(CSM vs. CSM — Background Topics). It is also promising that the background topics learned
without domain labels perform as well as when they are learned with domain labels (CSM vs.
CSM + Domain), because domain labels may not always be available.

61



proposition-level Type Top Words
Environments (FT20) . ia##NUMBER## and have -rrb- xp -Irb- : windows my is the dell vista

Error msgs (FT12) . the #* messages / : itlog

Asking (FT19) any help you ? ! . appreciated i suggestions

Thanking (FT17) thanks . for the ! in advance help your all response

Problem (FT8) : \le is the ¢ corrupted following missing or error

Wishes (FT14) . bob good luck

Reference (FT5) #HURLAH

Praise (FT1) . thank you ~ sovereign , and are excellent recommendations

Explanation (FT10) the . to,iand aityou is that of

(a) Proposition-level types learned from CNET.

Proposition-level Type Top Words

Wh question (FT7) ##USERNAME## ? how you are u good is round where who . ??
Wh question (FT27) #AUSERNAME## ? you i u what how , ok ‘'m for up do have

YN question (FT1) chat any wanna / me pm to ? anyone f guys m want here
Greeting (FT5) ##USERNAME## hi hey :) hellowb ! ... hiya ty

Laughing (FTO) ##USERNAME## lol Imao yes ! hey up 1!l ?

Laughing (FT12) lol ##USERNAME## haha ! brb omg nite hiyas hb :p !!! . ha Imfao
Emotion (FT30) ok!imlol myitsin" ... oh always

System logs (FT25) part join

(b) Proposition-level types learned from NPS.

Table 3.7: Proposition-level types learned from the corpora.

Common words play an important role in distinguishing different surface types of propositions
in CNET as indicated by the high optimal valuelof= 0:86 (the probability of a word being
drawn from a proposition-level type). The highemeans more common words are included
in proposition-level types, leaving background topics with highly topical words (Section 3.3).
The highh is evidence contrary to the common practice of designating a general background
topic to Iter out common words and assuming that a word is equally likely to be related to an
illocutionary act or a background topic (Lee et al., 2013; Paul, 2012).

The effectiveness of our method of separating background topics turns out to diminish when
there are no consistent conversational topics within and across dialogues as in NPS. Our model
learns not to use background topibs= 1) for NPS, because background topics may lter out
common words that occur more consistently throughout a dialogue than topical words do.

Mixture of proposition-level types: As aconsequence of Itering out topical words, the learned
surface types of propositions re ect various types of propositions that characterize compound
illocutionary acts in each corpus. Some of the learned types from CNET are shown in Table 3.7a.
They capture important types that constitute compound illocutionary acts that are assigned to
each post in CNET. For exampl@uestion-Questiors a compound illocutionary act that often
starts a dialogue, and conducting this act typically includes types, such as explaining the system
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environment and situation, asking a question, and thanking, as shown in the following post:

“I am currently running Windows XP Media Edition on a 500G hard drive.”
(FT20) / “l want to move my XP to it's own partition, move all of my
les(music, games, work) to another, and then install the Windows 7 beta on
another partition.” (FT10)/ “I don't know if this is possible or not, but | have
access to Partition Magic 8, and am wondering if | can do it with that or not.”
(FT10) / “I am not worried about installing 7 on another partition, but am
not sure if | can move my les onto a separate one while keeping XP intact.”
(FT10) / “Any help is great, thank you.” (FT17)

Likewise, the compound illocutionary aBnhswer-Answeincludes such types as wishes or URLS,
as in the posts:

“Simple - Download and install the Vista Rebel XT drivers from canon usa.com.”
(FT10) / “Once installed........... go to camera menu and switch the commu-
nication to Print/PTP.” (FT10) / “Don't forget to switch it back if you're
connecting to an XP machine.” (FT10) “Good Luck” (FT14)

http://forums.microsoft.com/MSDN/ShowPost.aspx?PostID=1996406&amp;SitelD=1
(FT5)

When a problem is resolved, the illocutionary acRa&solutiormay be performed with thanking
and praising:

“Excellent summary Thank you.” (FT1)/ “Sounds like at some point it's
worth us making the transition to a CMS...” (FT10)

FT10 seems like general explanations and statements that do not belong to any other types
speci cally. Modeling each compound illocutionary act as a mixture of different surface types of
propositions is effective for CNET, as our model beats the baselines signi cantly.

The types learned from NPS also re ect those that characterize compound illocutionary acts in
the corpus (Table 3.7b). Distinguishing compound illocutionary acts and proposition-level types
is not bene cial for NPS, probably because each utterance is short and usually contains only one
type of proposition. As a consequence, the model has dif culty grouping different surface types
of propositions into compound illocutionary acts; for CNET, on the other hand, proposition-level
types that co-occur in the same utterance tend to cluster to the same state.

It is worth noting that some proposition-level types learned represent rather topical clusters.
However, they do not have undue in uence in our model.

Speaker preferences: Speaker preferences substantially increase the v-measure by 0.13 for
NPS (CSM vs. CSM — Speaker). Notably, speaker preferences complement the mixture of
proposition-level types, which is not good at clustering related proposition-level types into the
same compound illocutionary act for short utterances. More speci cally, when each speaker is
modeled to have sparse preferences for illocutionary acts (i.e., states), proposition-level types
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used by the same speaker, often representing the same illocutionary act, tend to cluster to the
same state.

Speaker preferences also capture the characteristic styles of some speakers. Among speakers
who are found to have sparse preferences by our model, some actively express reactions and
often mark laughter (FT12). Others frequently agree (FTO), greet everyone (FT5), or have many
questions (FT7, FT27). Accordingly, the model nds a relatively high optimal weight for speaker
preferences in NPS(= 0:58).

In contrast, CNET bene ts little from speaker preferences-(1), partly because there is
not enough information about each speaker in such short dialogues. Speakers also show little
preference for illocutionary acts as their granularity is too ne in the corpus. For instance, while
a thread initiator tends to ask questions in successive posts, these questions are annotated as
different illocutionary acts (e.gQuestion-QuestigrQuestion-AddQuestion-Con rmationetc.)
depending on the position of the post within the thread.

Multi-level structure: ~ Our model's ability to account for multi-level structure improves the
accuracy of illocutionary act recognition for both corpora (CSM vs. CSM — Multi-level). For
NPS, where multi-level structure is not explicit, this improvement comes from simple heuristics
for inferring multi-level structure based on user mentions.

Limitations: A main limitation of the model is that a set of short and similar sentences can
have too high in uence, forming a proposition-level type that simply re ects these sentences. The
reason is that, in our model, all words in the same sentence are assigned to the same proposition-
level type. This assignment is based on the similarity of words in a sentence to other sentences
in the same proposition-level type, and short sentences often nd similar sentences more easily
than long sentences do. Therefore, learned types tend to be characteristic of short sentences that
are similar enough to form separate types. As a result, long sentences may be lumped to a small
number of “garbage” types without re ecting their distinctive roles.

Another notable limitation is our assumption that one dialogue has one background domain.
While this assumption holds quite well for CNET, it does not hold for NPS and perhaps other
dialogues that do not discuss a cohesive topic. To rectify this issue, we could consider the new
modeling assumption that even background domains change over time within a dialogue but more
slowly than illocutionary acts. We leave this direction to future work.

3.6 Conclusion

We have presented an unsupervised model that learns the language models of different surface
types of propositions underlying given dialogues. The assumption that a compound illocutionary
act is a mixture of proposition-level types helped identify latent compound illocutionary acts
better. The model separates out topical words to better characterize main types of propositions
and also incorporates speaker preferences. We nd that different characteristics and nature of
dialogue require different modeling assumptions. Whereas the baseline models show a large
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variance in performance across the evaluation corpora, our model is robust for both CNET and
NPS corpora due to the model components complementing one another. Speci cally, topical word
Itering is found to be effective when each dialogue has a consistent conversational topic, and
modeling a compound illocutionary act as a mixture of proposition-level types is bene cial for
long utterances. Speaker preferences are found to be helpful when speakers have characteristic
preferences for illocutionary acts. These ndings, in addition to the fact that many common words
are not Itered out as background, may help inform future model design.

65



Chapter 4

Analyzing Surface Types and Effects

Using the CSM model from Chapter 3, which learns various surface types of propositions
(henceforth, surface types) underlying dialogue, in this chapter we apply it to four corpora of
argumentative dialogue with two main goals:

* ldentifying what surface types are common and consistently occurring across argumentative
dialogue with different domains and goals.
* Analyzing how these surface types are associated with argumentation outcomes.

We rst apply CSM to discussions among Wikipedia editors, political debates on Ravelry, per-
suasion dialogues on ChangeMyView, and the 2016 U.S. presidential debates among candidates
and online commentary on Reddit. Based on the surface types learned from the four corpora,
we identify 24 generic surface types in argumentation that occur consistently across the corpora.
Next, we conduct four case studies using these corpora to examine how different surface types are
associated with argumentation outcomes. We reveal that use of certain surface types has strong
correlations with different argumentation outcomes.

4.1 Introduction

While various rhetorical strategies in argumentation have been studied intensively in rhetoric,
marketing, and communication sciences, less has been studied about a comprehensive list of
such strategies in a bottom-up fashion. We assume that surface types represent such strategies
(e.g., using numbers and statistics, making comparisons) and identify surface types occurring
across argumentative dialogue in an empirical and data-driven way. The results contribute to the
literature of generic strategies in argumentation.

Our approach also allows for quantitative analysis of these strategies. We conduct four case
studies that examine how these surface types are associated with argumentation outcomes. In the
rst study, we analyze ve different roles of Wikipedia editors re ected in surface types they use
often. The association between these roles and the success of editing is examined, revealing how
the use of certain surface types correlates with successful editing in Wikipedia.
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In the second study, we investigate surface types that are often perceived as “inappropriate”
in political debates on Ravelry. We identify high-risk surface types (e.g., argument evaluation,
expression of feelings) that are likely to lead the containing post to be moderated. Using these
surface types as a lens, we also reveal that moderators in the forum have biases against minority
opinions.

In the third study, we examine the association of surface types and the success of persuasion. We
identify the effectiveness of surface types when used by persuadees and when used by persuaders
(e.g., expression of confusion by the persuadee and using de nitions by the persuader are positively
correlated with successful persuasion). In addition, we further analyze the effectiveness of the
interactions of surface types between the persuadee and persuader (e.g., the persuadee presenting
statistics, followed by the persuader presenting a reference is positively correlated with successful
persuasion).

In the fourth study, we analyze the association between surface types and the formation of pro-
and counter-arguments. We look at the surface types of premises and show that some surface
types have a strong tendency to be used for either pro-argument or counter-argument.

Before we go into details, we present the full list of surface types learned from the corpora in
Table 4.1.

4.2 Data

We use four corpora of argumentative dialogue: Wikipedia discussions, online political discussions
on Ravelry, ChangeMyView discussions, and the 2016 U.S. presidential debates and online
commentary. These corpora cover different domains and have different goals (e.g., persuasion,
winning votes, accomplishing a collaborative task, and sharing opinions). A brief summary of
these corpora is as follows:

* Wikipedia: Discussions among Wikipedia editors on Wikipedia talk pages. The discussions
focus on how to edit an article, where the goal is to make optimal edits on Wikipedia articles
in a collaborative way.

* Ravelry: Argumentative discussions on the Ravelry Big Issues Debate forum. The dis-
cussions are mainly around political issues, where the goal is to discuss political opinions
mostly for fun.

* ChangeMyView. Argumentative dialogues from tliéhangeMyVievsubreddit. The dia-
logues cover a wide range of issues, where the goal is to change other users' viewpoints.

* US2016 2016 U.S. presidential debates and online commentary on Reddit. The dialogues
cover mostly political issues, where the goal is to sway votes.

4.2.1 Wikipedia Discussions

Wikipedia talk pages are explicitly designed to support coordination in editing of their associated
article pages; they are not stand-alone discussion forums. We extracted all venesiisn(3
of English Wikipedia articles from 2004 to 2014 and removed much of the Mediawiki markup
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Surface Type Description Representative Forms Cmv US2016 Ravelnjikipedia
Question WH- or binary questions “what/why/how is X ...?" / “Does X X X X X
7
Answer Elicitation Eliciting an answer “please answer X” X
Agenda Structure of the dialogue “we discuss X and Y” X X
Meta-Argumentation Re ection on the argumentation “l answered your post” X
Feeling Feelings Interjectives X X
Thanks Thanks “thank you” X X X
Number Numbers, %, $, time Number / “X%" / “$X” X X X
Source URLs and sources “based on X"/ “http://...” X X X X
Policy Reference Referencing a policy “according to WP:..” X
Source Validity Validity of a source “source is invalid/reliable” X
Comparison Making a comparison “Xis ... than Y” X X
Difference Pointing out differences “X is different from Y” X X
Choice Presenting choices “whether X or Y” X
Prediction Predicting a future event “Xwilldo Y” X
History Past event “X was/did Y” X X
Normative Normative statement “X should/can Y” X X
Disagreement Expressing disagreement “no” / “doesn't make sense” / “l don't X X X
think”
Confusion Expressing confusion “I'm not sure X” X
Negated Expression Negated expressions “Xis/does not Y” X
Argument Evaluation Evaluation on the listener's argument “Your argument is X” X X
Meaning De nition or meaning “X'means Y” X X X
Quotes Using quotation marks “Xis/does “Y™ [ ““X" is/does Y” X X
I Statement about the speaker “l'am/do X"/ “my X" X X X
You Directly addressing the listener “you are/do X"/ “your X” X X

Table 4.1: Surface types learned by the models from the four corpora.
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Figure 4.1: Example of a BID post that was also moderated. (A) showsagisassociated with

the post. The text of the post that was crossed out (B) was not crossed out by the original poster
but by the moderators after judging the text as a violation of the rules of BID. (C) gives the
moderators' reasoning for how the post violates the rules of BID. Note that although the post was
moderated, more users in the gragreewith the post thamlisagree

using the Java Wikipedia Library (JWPL) (Ferschke et al., 2011). The most recent revisions of
talk pages corresponding to the articles were split into turns using paragraph boundaries and edit
history. We grouped discussion posts under the same section headagsussion thread3Ve

sampled 100,000 articles with talk page discussions and Itered to include discussion threads with

2 or more participants who made edits to the article page from 24 hours before the discussion
began to 24 hours after the discussion ended. Discussion thread beginnings and endings are
de ned as the time of the rst post and last post, respectively. Statistics on our discussion dataset
can be seen in Table 4.2.

Number of articles 7,211
Number of utterances 161,525
Number of discussion threads 21,108
Average #editors/discussion 2.52

Table 4.2: Statistics of the Wikipedia corpus.

4.2.2 Ravelry Big Issues Debate

Ravelry is a free social networking site for people interested in the ber arts, such as knitting,
crocheting, weaving, and spinning. With over 7.5 million users in December2B&velry is one

of the largest active online communities that has been relatively understudied. While the broader
Ravelry community is primarily focused on the ber arts, social participation on Ravelry centers
around tens of thousands of user-created and -moderated subcommunitiegroalesdGroups

act as discussion boards centered around a certain theme. Any user on Ravelry can create a group
covering any variety of topics, special interests, or identities, which may or may not be related to

Ihttps:/lwww.ravelry.com/statistics/users
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