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Abstract

Neural Discourse Modeling

A dissertation presented to the Faculty of
the Graduate School of Arts and Sciences of

Brandeis University, Waltham, Massachusetts

by Attapol Thamrongrattanarit Rutherford

Sentences rarely stand in isolation, and the meaning of the text is always more than the

sum of its individual sentences. Sentences form a discourse and require the analysis beyond

the sentence level. In the analysis of discourse, we must identify discourse relations that

hold between a pair of textual spans. This is a simple task when discourse connectives such

because or therefore are there to provide cues, but the relation must be inferred from the

text alone when discourse connectives are omitted, which happens very frequently in English.

Discourse parser may be used as another preprocessing step that enhances downstream tasks

such as automatic essay grading, machine translation, information extraction, and natural

language understanding in general.

In this thesis, we propose a neural discourse parser which addresses computational and

linguistic issues that arise from implicit discourse relation classification in the Penn Dis-

course Treebank. We must build a model that captures the inter-argument interaction

without making the feature space too sparse. We shift from the traditional discrete feature

paradigm to the distributed continuous feature paradigm, also known as neural network

modeling. Discrete features used in previous work reach their performance ceiling because

of the sparsity problem. They also cannot be extended to other domains or languages due

their dependency on specific language resources and lexicons. Our approaches are language-

independent and generalizable features, which reduce the feature set size by one or two

orders of magnitude. Furthermore, we deal with the data sparsity problem directly through
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linguistically-motivated selection criteria for eligible artificial implicit discourse relations to

supplement the manually annotated training set. Learning from these insights, we design

the neural network architecture from the ground up to understand each subcomponent in

discourse modeling and to find the model that performs the best in the task. We found

that high-dimensional word vectors trained on large corpora and compact inter-argument

modeling are integral for neural discourse models. Our results suggest simple feedforward

model with the summation of word vectors as features can be more effective and robust

than the recurrent neural network variant. Lastly, we extend these methods to different

label sets and to Chinese discourse parsing to show that our discourse parser is robust and

language-independent.
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Chapter 1

Introduction

Discourse analysis is generally thought of as the analysis of language beyond the sentence

level. Discourse-level phenomena affect the interpretation of the text in many ways as sen-

tences rarely stand in isolation. When sentences form a discourse, the semantic interpreta-

tion of the discourse is more than the sum of individual sentences. The ordering of sentences

within affects the interpretation of the discourse. Alteration of sentence ordering may render

the discourse incoherent or result in a totally different interpretation. The discourse-level

phenomena and text coherence have repercussions in many Natural Language Processing

tasks as the research community shifts its focus away from the sentence-level analysis. Au-

tomatic discourse analysis is crucial for natural language understanding and has been shown

to useful for machine translation, information extraction, automatic essay grading, and read-

ability assessment. A discourse parser that delineates how the sentences are connected in a

piece of text will need to become a standard step in automatic linguistic analysis just like

part-of-speech tagging and syntactic parsing.

Sentences must be connected together in a specific way to form a coherent discourse

within the text. To compose a paragraph that “makes sense,” the sentences must form
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CHAPTER 1. INTRODUCTION

a discourse relation, which manifests the coherence between the sentences. The discourse

relation that glues together a pair of sentences can be explicitly signaled by a discourse

connective or implicitly inferred from the text as long as the sentences are semantically

coherent. Examples of discourse relation are demonstrated below:

(1) I want to add one more truck. (Because) I sense that the business will continue to

grow.

(2) # I do not want to add one more truck. (Because) I sense that the business will

continue to grow.

The discourse relation (1) does not require discourse connectives because to signal a causal

relation. The causal relation can be inferred from the text, and the discourse sounds natural

regardless of the use of because. However, the pair of sentences in (2) do not form a coherent

discourse relation, and the sense of discourse relation cannot be inferred with or without the

discourse connective.

In this dissertation, we focus on the implicit discourse relation classification where the

discourse relations are not signaled explicitly by discourse connectives. Our main goal is to

develop novel approaches that determine the sense of discourse relation that holds between

a pair of textual spans. We devise various algorithms from traditional feature engineering

paradigm, distant-supervision learning paradigm, and neural network modeling. These algo-

rithms address linguistic and computational challenges associated with the task of implicit

discourse relation classification. This chapter will discuss the main motivation of our work

and provide the overview of our contributions so far in addressing these issues.

4



CHAPTER 1. INTRODUCTION

1.1 Motivation

Our work focuses on the implicit discourse relation classification because it is the performance

bottleneck of a discourse parser. The performance of a typical discourse parser on the

explicit discourse relations hovers around 90% accuracy, but the performance on the implicit

discourse relations reaches measly 40% accuracy (Xue et al., 2015). Arguably, implicit

discourse relation classification is the last component missing from a fully function discourse

parser, which can then be used in many natural language processing application. In other

words, we are only one step away from having a discourse parser.

The sense of an implicit discourse relation is much more difficult than an explicit one

due to the lack of discourse connectives, which provide high fidelity signal of the senses. By

mapping each discourse connective to its most likely sense, we can achieve as high as 82%

accuracy on the explicit discourse relations. The situations are much more complicated for

implicit discourse relations as we can no longer rely on such signal. We must infer the sense

solely from the text, its context, and other external linguistic resources. The complexity of

implicit discourse relation parser is much higher than the explicit counterpart. Statistical

approaches to this problem have seen limited success because the task is plagued by the

sparsity problem, complicated by wild linguistic variability, and limited by the size of the

dataset (Pitler et al., 2009). This task requires discourse relation representation that can

capture the patterns and regularities of discourse relations despite data scarcity. The system

must utilize compact representation while using sophisticated model formulation.

We aim to remedy this problem by reducing the sparsity of the feature space directly.

A traditional machine learning approach to such NLP task employs around a million of

features. A lot of the features contribute more noise than signal to the system (Pitler et

al., 2009; Lin et al., 2009) because the variability is high, but the size of the dataset is

5



CHAPTER 1. INTRODUCTION

small. Feature selection becomes a crucial step in improving the system (Park and Cardie,

2012). This problem motivates us to find a novel alternative to sparse feature space and also

artificially increase the size of the training set without extra annotated corpus.

We also explore distributed representation or neural network modeling and move away

from the manual feature engineering, which causes the problem at the first place. Neural

network models have revolutionized speech recognition and some branches of NLP within

the past recent years. This alternative representation does not rely so heavily on feature

engineering and feature selection. It instead relies on non-linear transformation and extract-

ing semantic information from unannotated data. Under this paradigm, we do not have to

handcraft our own features or conduct complicated feature selection.

1.2 Dissertation Contributions

This dissertation is concerned with assigning a pair of sentences with the discourse relation

sense that hold within the pair in the style of the Penn Discourse Treebank. We attack

this problem from different angles inspired by the weaknesses of previous approaches and

the linguistic issues in discourse modeling. The major contributions of this dissertation are

summarized as follows.

1.2.1 Generalizable Featurization

In this work, we create more generalizable featurization to alleviate sparsity problem in dis-

course modeling. The detail of this work can be found in Chapter 3. We use Brown clustering

algorithm to create compact generalizable features and employ coreferential patterns that

exist through the discourse. Since the publication of this work, Brown cluster pair features

have once been part of the state-of-the-art system, and has now been considered a standard

6



CHAPTER 1. INTRODUCTION

strong baseline feature set by a few other subsequent work in discourse parsing (Xue et al.,

2015; Ji and Eisenstein, 2015; Braud and Denis, 2015; Yoshida et al., 2015; Wang et al.,

2015). This feature set has many advantages. It is very simple to generate and reproduce as

the unannotated corpus is the only ingredient. It also does not depend on specific linguistic

resources, so this feature set can also be applied to other languages as well.

The algorithm works as follows. We first cluster all of the words based on the unannotated

data and use the cluster assignment as the basis for feature engineering. The features that

are known to be effective in this task derive from an interaction of features across the pair

of sentences. For example, cartesian products of the words in the pair, the conjunction

of the verb classes of the main verbs. These features often create too many features that

contain little signal, and they require external resources such as verb class lexicon. Brown

clustering is our algorithm of choice as it has been shown to work well in various NLP tasks

while maintaining reasonable complexity. We can then employ cartesian product of Brown

clusters as the main feature set. Our experiments suggest that this feature set is effective

in combination with other surface features and improves the state-of-the-art at the time.

Another related feature set that we use takes advantage of in this work is the coreference

chain within the discourse. We generate a feature set that takes into account the entities

that exist within and across the sentences. When paired with Brown cluster representation,

coreferential pattern features contribute to a marginal improvement in performance.

1.2.2 Distant Supervision from Discourse Connectives

In this work, we design and test the selection criteria for eligible extra artificial training data

through the computational study of discourse connectives in the PDTB to further alleviate

the sparsity problem. This is the first successful effort in incorporating explicit discourse

7



CHAPTER 1. INTRODUCTION

relations and unannotated data in enhancing the performance of implicit discourse relations,

to the best of our knowledge.

Discourse connectives provide high-fidelity signal for the sense of discourse relations hence

making the text easy to understand for both human and the machine. Unfortunately, implicit

discourse relations do not benefit from such signal because the discourse connectives are

omitted. It is natural to think that we can simply artificially omit all discourse connectives

and use the explicit discourse relations as extra training data for implicit discourse relation

classifier. However, implicit discourse relations are not equivalent to such explicit discourse

relations as confirmed by the dramatic drop in performance (Pitler et al., 2009).

Besides the use of discourse connectives, in what way do explicit and implicit discourse

discourse relations differ? We hypothesize that certain discourse connectives are dispropor-

tionately omitted. In other words, only certain explicit discourse relations are equivalent to

the implicit discourse relations when the discourse connectives are omitted. If we have a

way to identify such relations, we can artificially increase the size of the dataset and increase

our capability to train a larger model. We study the linguistic and statistical properties of

the English discourse connectives and classify them into classes. We discover freely omissible

discourse connectives and use them to select instances of explicit discourse relations from

both annotated and unannotated data to include in the training set. Only this class of dis-

course connective improves the performance. The addition of these artificial data effectively

reduces the data scarcity and feature sparsity problems.

1.2.3 Dense Featurization and Neural Network Modeling

We break away from sparse featurization and use distributed features that do not suffer from

the sparsity problem in order to improve the accuracy. We explore the use of distributional

8



CHAPTER 1. INTRODUCTION

semantics and neural network modeling the domain of discourse relation classification. We

take advantage of word embedding induced on a large unannotated corpus and essentially

construct dense feature vectors to represent discourse relations. We name our first model

Neural Discourse Mixture Model (NDMM), which combines the strength of surface features

and continuous features to capture the variability and create abstract features that we cannot

otherwise discover. The NDMM further improves the classification performance from our

previous work.

One of the surprising findings from this work is that distributed continuous features

constructed from word embedding alone can achieve the performance once only afforded

by handcrafted features. This is made possible the use of non-linear transformation imple-

mented by the network. Upon further computational analysis of feature vectors, we found

that the network indeed abstract features such as topic similarity, topic shift, and senti-

ment gradient, which provides some explanation for why this approach can quite effective in

discourse analysis.

1.2.4 Sequential and Tree-structured Recurrent Neural Network

for Discourse Parsing

We are the first to build Long Short-Term Memory (LSTM) Model constructed from the

sequential and the tree structures of the sentences in discourse relations. Through experi-

mentation with these models, we investigate the effects and the interaction between lexical

knowledge and structural knowledge encoded in the discourse relation. Our best neural

model achieves the performance equivalent to the previous best-performing surface features.

LSTM models are superior to the feedforward neural network in that it can capture the

sequential information infinitely back in time (Hochreiter and Schmidhuber, 1997; Gers et

9



CHAPTER 1. INTRODUCTION

al., 2000). They also learn what to remember and what to forget in the previous time steps

(Sundermeyer et al., 2012a). Moreover, it can be structured from a parse tree to encode

syntactic information (Tai et al., 2015). We hypothesize that as we employ more rigid

structures to the construction of feature vectors, the performance will improve. The small

set of parameters and more structured model should allow us to be more data efficient.

1.3 Robust Light-weight Multilingual Neural Discourse

Parser

Lastly, we extend what we learn from discourse modeling in the PDTB onto the corpus of

Chinese Discourse Treebank (CDTB) and test how robust our approach is when the discourse

parser must handle different label sets. We show that feedforward neural architecture with

the summation of individual word vectors as features is robust to different label sets and

different languages. This model is easy to deploy and re-train as it does not need to generate

large feature vectors or carry around many parameters. The performance of our approach

on the CDTB and various adaptation of PDTB is comparable if not better than a system

loaded with surface features although our approach does not require external resources such

as semantic lexicon or a syntactic parser.

10



Chapter 2

Discourse Parsing and Neural

Network Modeling in NLP

This chapter provides the overview of two dominant theories in computational discourse

analysis with emphasis on the analysis in the style of the Penn Discourse Treebank. We will

also survey previous approaches in discourse parsing and recent successes of neural network

modeling in discourse parsing and natural language processing in general.

2.1 Discourse Analysis

If we think of syntax as a study of how words are pieced together to form a grammatical

sentence, we can think of discourse analysis as a study of how sentences are pieced together

to form a coherent body of text. A lot of work has been done to study discourse in the

context of a dialogue or a coherent turn-taking conversation. In this dissertation, we focus

on written text or monologue, where there is not explicit turn-taking between agents in the

discourse.

11



CHAPTER 2. DISCOURSE PARSING AND NEURAL NETWORK MODELING IN NLP

Representation Learning for Text-level Discourse Parsing

Yangfeng Ji
School of Interactive Computing
Georgia Institute of Technology
jiyfeng@gatech.edu

Jacob Eisenstein
School of Interactive Computing
Georgia Institute of Technology

jacobe@gatech.edu

Abstract

Text-level discourse parsing is notoriously
difficult, as distinctions between discourse
relations require subtle semantic judg-
ments that are not easily captured using
standard features. In this paper, we present
a representation learning approach, in
which we transform surface features into
a latent space that facilitates RST dis-
course parsing. By combining the machin-
ery of large-margin transition-based struc-
tured prediction with representation learn-
ing, our method jointly learns to parse dis-
course while at the same time learning a
discourse-driven projection of surface fea-
tures. The resulting shift-reduce discourse
parser obtains substantial improvements
over the previous state-of-the-art in pre-
dicting relations and nuclearity on the RST
Treebank.

1 Introduction

Discourse structure describes the high-level or-
ganization of text or speech. It is central to
a number of high-impact applications, such as
text summarization (Louis et al., 2010), senti-
ment analysis (Voll and Taboada, 2007; Somasun-
daran et al., 2009), question answering (Ferrucci
et al., 2010), and automatic evaluation of student
writing (Miltsakaki and Kukich, 2004; Burstein
et al., 2013). Hierarchical discourse representa-
tions such as Rhetorical Structure Theory (RST)
are particularly useful because of the computa-
tional applicability of tree-shaped discourse struc-
tures (Taboada and Mann, 2006), as shown in Fig-
ure 1.

Unfortunately, the performance of discourse
parsing is still relatively weak: the state-of-the-art
F-measure for text-level relation detection in the
RST Treebank is only slightly above 55% (Joty

when profit was $107.8 
million on sales of $435.5 

million.

The projections are in the 
neighborhood of 50 cents 

a share to 75 cents,

compared with a restated 
$1.65 a share a year 

earlier,

CIRCUMSTANCE

COMPARISON

Figure 1: An example of RST discourse structure.

et al., 2013). While recent work has introduced
increasingly powerful features (Feng and Hirst,
2012) and inference techniques (Joty et al., 2013),
discourse relations remain hard to detect, due in
part to a long tail of “alternative lexicalizations”
that can be used to realize each relation (Prasad et
al., 2010). Surface and syntactic features are not
capable of capturing what are fundamentally se-
mantic distinctions, particularly in the face of rel-
atively small annotated training sets.

In this paper, we present a representation learn-
ing approach to discourse parsing. The core idea
of our work is to learn a transformation from a
bag-of-words surface representation into a latent
space in which discourse relations are easily iden-
tifiable. The latent representation for each dis-
course unit can be viewed as a discriminatively-
trained vector-space representation of its meaning.
Alternatively, our approach can be seen as a non-
linear learning algorithm for incremental struc-
ture prediction, which overcomes feature sparsity
through effective parameter tying. We consider
several alternative methods for transforming the
original features, corresponding to different ideas
of the meaning and role of the latent representa-
tion.

Our method is implemented as a shift-reduce
discourse parser (Marcu, 1999; Sagae, 2009).
Learning is performed as large-margin transition-
based structure prediction (Taskar et al., 2003),
while at the same time jointly learning to project
the surface representation into latent space. The

Figure 2.1: Example of a partial structure under Rhetorical Structure Theory. The text
spans are the elementary discourse units. An arrow originates at the nucleus and points to
the satellite. (Taken from Ji & Eisenstein (2014))

However, unlike syntax, there do not exist clean theories of discourse grammars that

explain or describe how a sequence of sentences make a coherent text. We have not seen dis-

course features or subcategories that can fully characterize and explain discourse phenomena

the same way we do in syntax. There are a few theories along with annotated corpora that

illustrate the theories and allow for computational investigation of discourse. We will discuss

two theories and their corresponding corpora namely Rhetorical Structure Theory and the

Penn Discourse Treebank.

Rhetorical Structure Theory

Rhetorical Structure Theory (RST) adopts a tree as the structure that underlies relationships

within units of text (Mann and Thompson, 1988). As the name suggests, the discourse

analysis of this style imposes the structure of the text where all of the textual units are

completely interconnected. In terms of structure, the smallest units of text in this theory

is called elementary discourse unit (EDU). An EDU does not correspond to any syntactic

constituents as a syntactic construct might not map nicely to a discourse construct and there
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Circumstance Antithesis and Concession
Solutionhood Antithesis
Elaboration Concession
Background Condition and Otherwise
Enablement and Motivation Condition

Enablement Otherwise
Motivation Interpretation and Evaluation

Evidence and Justify Interpretation
Evidence Evaluation
Justify Restatement and Summary

Relations of Cause Restatement
Volitional Cause Summary
Non-volitional Cause Other Relations
Volitional Result Sequence
Non-volitional Result Contrast
Purpose

Table 2.1: The relation definitions in Rhetorical Structure Theory first proposed by Mann
& Thompson (1988)

is no compelling reason to believe that discourse analysis should comply to one particular

syntactic theory. The arguments of the relation are a pair of EDUs functionally named as

nucleus and satellite. Some of the relations also allow for multiple satellites. Under these

schema, the set of relations form a tree that underlie the structure of the text (Figure 2.1).

In terms of functional properties and organization of discourse in RST, the original proposal

defines 24 primary types of rhetorical relations (Table 2.1). However, this definition of

rhetorical senses is designed to be an open set, where one can extend or modify for particular

kind of analysis or application.

The strengths of the RST for discourse modeling are the structure imposed by the analysis

and the annotated corpora that are large enough for computational modeling (Carlson et al.,

2003). The complete tree structure describes precisely how one EDU relates to another in

the text regardless of the textual distance. As restrictive as this analysis seems, majority of

13
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texts can be analyzed in this fashion with the exception of laws, contracts, reports, and some

forms of creative writing. This type of description is validated through a large annotated

corpus, which opens door for computational studies of discourse and automated discourse

analysis. The RST discourse parser has shown promises for downstream NLP applications

such as text generation and summarization (Marcu, 1999). The research community has

been actively working on improve the performance of automatic discourse parser in the style

of RST (Ji and Eisenstein, 2014; Feng and Hirst, 2014; Feng and Hirst, 2012).

The Penn Discourse Treebank

The Penn Discourse Treebank models a discourse as a list of binary discourse relations

in contrast to the tree structure imposed by the RST (Prasad et al., 2008; Prasad et al.,

2007). The PDTB does not have the smallest textual units where the analysis can be

built in a bottom fashion. On the contrary, the textual argument can be any congruent

or non-congruent text spans and is called abstract object, which describes states, events, or

propositions. A discourse relation only shows the local discourse coherence as not all text

spans are connected in this kind of analysis. The structure of PDTB analysis is less rigid

than the one of the RST.

Each discourse relation consists of the first argument Arg1, the second argument Arg2, a

discourse connective, and a sense tag. The discourse analysis in the style of the PDTB is said

to be lexically grounded because the annotation must be based on the discourse connectives

whether or not they are omitted in the text. Arg2 is the textual argument that is syntactically

bound to the discourse connective. If the discourse connective is present, it will be annotated

as such. If not, the most plausible connective are artificially inserted by the annotators. The

sense annotation is also lexically grounded in that it must be determined solely based on
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TEMPORAL COMPARISON
Asynchronous Contrast
Motivation juxtaposition

precedence opposition
succession Pragmatic Contrast

Concession
expectation

CONTINGENCY contra expectation
Cause Pragmatic Concession

reason
result EXPANSION

Pragmatic Cause Conjunction
justification Instantiation

Condition Restatement
hypothetical specification
general equivalence
unreal present generalization
unreal past Alternative
factual present conjunctive
factual past disjunctive

Pragmatic Condition chosen alternative
relevance Exception
implicit assertion List

Table 2.2: Sense hierarchy in the Penn Discourse Treebank 2.0

the sense of discourse connectives disambiguated by the arguments as necessary. Figure

2.2 shows an example of the discourse relations. Note that the relations do not form a

tree structure although the arguments of the two discourse relations might overlap and that

the discourse connectives must be annotated for all relations regardless of whether they are

actually in the text or not to enforce lexical groundedness.

The contrast between RST and PDTB with respect to relation types has an implication

on the modeling choice. The sense inventory in RST is mostly flat and designed to have

high coverage while allowing more senses to be added to the set as we move to different

domains or specific applications. On other hand, the PDTB sense inventory is organized
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Explicit discourse relation (Comparison.Concession)
According to Lawrence Eckenfelder, a securities industry analyst at Prudential-Bache Secu-
rities Inc., “Kemper is the first firm to make a major statement with program trading.” He
added that “having just one firm do this isn’t going to mean a hill of beans. But if
this prompts others to consider the same thing, then it may become much more important.”

Implicit discourse relation (Comparison.Contrast)
According to Lawrence Eckenfelder, a securities industry analyst at Prudential-Bache Se-
curities Inc., “Kemper is the first firm to make a major statement with program
trading.” He added that “[however] having just one firm do this isn’t going to mean a hill
of beans. But if this prompts others to consider the same thing, then it may become much
more important.”

Figure 2.2: Example of discourse relations in the Penn Discourse Treebank. The bold faced
text span is Arg1, the italicized text span is Arg2, and the underlined text span is discourse
connective. The connective in the square brackets are inserted by the annotators.

in a hierarchical fashion (Figure 2.2). The sense hierarchy is beneficial in that it allows

the annotation to be more reliable as the annotators can move up and down the hierarchy

as much as the information in the text allows them to. At the same time, it allows for

finer-grained annotation, which can be essential for certain analysis or application.

In addition to its lexical groundedness and hierarchy of senses, the PDTB is ideal for

computational modeling because the annotated corpus is the largest collection of discourse

annotation. The source of the corpus is from the Wall Street Journal, the same source

text as the Penn Treebank (Marcus et al., 1993). In other words, the PDTB is another

annotation layer over the Penn Treebank. We can use the gold standard parse trees when

testing the systems that utilize the features derived from syntactic trees to gauge how much

the performance is affected by the mistakes made by the automatic syntactic parser. As

discourse phenomena have more variation and the theoretical underpinning of discourse is

not as solidified as syntactic parsing, discourse parsing requires a large amount of data to

reach an acceptable performance (Pitler et al., 2008; Pitler et al., 2009).
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AltLex relations; EntRel and NoRel are non-discourse relations), it checks whether U
is an attribution span (Lines 17–19). In this step, the parser also follows the PDTB
representation to only identify attribution spans appearing in discourse relations.

Input: a text T
Output: a discourse structure of T

1: // Step 1: label Explicit relations
2: Identify all connective occurrences in T
3: for each connective occurrence C do
4: Label C as disc-conn or non-disc-conn
5: if C is disc-conn then
6: Label Arg1 span and Arg2 span of C
7: Label (C, Arg1, Arg2) as one of the Explicit relations
8:
9: // Step 2: label Implicit, AltLex, EntRel, and NoRel relations

10: for each paragraph P in T do
11: for each adjacent sentence pair (Si, Sj) in P do
12: if (Si, Sj) is not labeled as an Explicit relation in Step 1 then
13: Label (Si, Sj) as EntRel, NoRel, or one of the Implicit/AltLex relations
14:
15: // Step 3: label attribution spans
16: Split T into clauses
17: for each clause U do
18: if U is in some Explicit/Implicit/AltLex relation from Step 1 or 2 then
19: Label U as attr-span or non-attr-span

Figure 1: Pseudocode for the discourse parsing algorithm.

The pipeline of the parser is shown in Figure 2, which consists of the connective
classifier, argument labeler, explicit classifier, non-explicit classifier, and attribution
span labeler. The first three components correspond to Step 1 in Figure 1, while the
last two correspond to Steps 2 and 3, respectively. There are two sub-components in
the argument labeler: an argument position classifier and an argument extractor. A
detailed description of these components follows in the next section.

Connective 
classifier

Argument labeler
Argument 
position 
classifier

Argument 
extractor

Explicit 
classifier

Non-Explicit 
classifier

Attribution 
span labeler

Connective
classifier

Argument
Position
classifier

Argument
extractor

Explicit
classifier

Non-Explicit
classifier

Attribution
span labeler

Step 2Step 3

Step 1

Figure 2: System pipeline for the discourse parser.

4

Figure 2.3: System pipeline for the discourse parser (Lin et al., 2014)

Explicit parser Implicit parser
Precision Recall F1 Precision Recall F1

Gold parses + No EP 86.77 86.77 86.77 39.63 39.63 39.63
Gold parses + EP 83.19 82.65 82.92 26.21 27.63 26.90
Automatic parses + EP 81.19 80.04 80.61 24.54 26.45 25.46

Table 2.3: Discourse parser performance summary with or without error propagation (EP)
from the upstream components (Lin et al., 2014)

Substantial amount of work in discourse parsing has been done on both on RST and

PDTB. The task is to parse a piece of text into the structure imposed by the corresponding

theories. In the case of PDTB, we have to first find all of the discourse connectives and

then all of the abstract objects that might participate in a discourse relation. Lastly, the

system classifies the relation as one of the senses. The PDTB end-to-end discourse parser

was first introduced by Lin et al. (2010b) and presents a typical architecture of a discourse

parser pursued by subsequent work (Xue et al., 2015; Wang and Lan, 2015; Song et al.,

2015). In this architecture, the necessary components are discourse connective detector,

argument extractor for explicit discourse relation, argument extractor for implicit discourse

relation, discourse connective classifier, and implicit discourse relation sense classifier (Lin

et al., 2014), and the parser works in a multistep pipeline (Figure 2.3). The end output of

this system is precisely a list of discourse relations as they are annotated in the PDTB. This
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system is also significant in that it decomposes the task of discourse parsing into multiple

fundamental components, through which we can improve piecewise.

2.2 Modeling Implicit Discourse Relations in the PDTB

The performance bottleneck of the discourse parser is on implicit discourse relations as it

is proven to be a much harder task. The F1 scores for the explicit relations hover around

80, but the F1 scores for the implicit relations fall flat at around 25, which makes the whole

system unusable due to the low overall performance (Table 2.3). If we improve on the implicit

discourse relation classifier up to certain point, the discourse parser will show real practical

value in the downstream application. In this dissertation, we focus on the implicit discourse

relation classifier in particular.

The pioneering work in implicit discourse relation classification relies heavily on specific

linguistic lexicon and features derived from syntactic parses (Pitler et al., 2008; Pitler et

al., 2009; Lin et al., 2009). The previous work follows the traditional paradigm of crafting

linguistically motivated features and loading them up in an off-the-shelf machine learning

algorithm such as Naive Bayes or Maximum Entropy Models. Pitler et al. (2009) built the

first implicit discourse relation classifier, which employs a battery of discrete features. Most

of the features are centered around turning the raw tokens into the their semantic classes.

The features are based on various lexicons namely Multi-perspective Question Answering

opinion corpus for the semantic polarity, Inquirer tags for the general semantic category, and

Levin’s verb lexicon for the syntactically motivated verb classes. The Cartesian products are

then taken between the features from each argument. The main motivation for using these

lexicons is that the discourse relation interpretation requires the semantics of the individual

words and how the semantics interact across sentences within the relation, which should
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be captured by the Cartesian products. This idea achieves a sizable improvement over the

baseline and presents a strong benchmark for later work. In our work, we use these two

ideas of semantic representation and inter-argument interaction to inspire the distributed

approaches which can better capture the semantics more efficiently and model the inter-

argument interaction more compactly.

Another effective feature set is production rules (Lin et al., 2009). The features are

generated by taking the Cartesian product of all of the production rules that constitute

the parse tree in Arg1 with all of the production rules that constitute the parse tree in

Arg2. The same thing can be done on the dependency parses. This feature set is particular

useful when careful feature selection based on mutual information is performed (Lin et al.,

2009; Ji and Eisenstein, 2015). This feature set makes sense because implicit discourse

relation is sensitive to syntactic parallelism and certain fixed structures that are used to

signal certain senses without the use of discourse connectives. In other words, the discourse

relation can be signaled syntactically and make the use of discourse connective unnatural

or unnecessary. This work sheds the light on how syntax might contribute the inference of

discourse relations and motivates us to incorporate syntactic structures in the neural network

model when composing a feature vector up from the the individual words.

The feature sets above are at best described as a brute-force linguistically-uninspiring

solution to the problem and necessitate copious amount of feature selection. Lin et al. (2009)

carries out an extensive series of feature selection and combination experiment to sharpen

this feature-based approach. The modified definition of mutual information is used to rank

features. The best combination consists a few hundreds of features in each category namely

word pairs, production rules, and dependency rules. This method is clearly far from obtaining

the optimal solution as the problem of feature selection is NP-hard. Samples of random

subset of features have been used to improve the performance even further, presenting a
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Hidden layer

Input layer

Output layer

Figure 2.4: Fully connected feedforward neural network architecture with one hidden layer.

brute-force solution to the original brute-force solution (Park and Cardie, 2012). These

experimental results confirm our suspicion that many features introduced into the feature

space are plain garbage and almost impossible to detect and remove. This is one of the major

drawbacks of this surface feature approach especially in the task of implicit discourse relation

classification. One of our later models try to tackle this problem directly by bypassing all

of the discrete features that flood the feature space to begin with and use the distributed

features instead.

2.3 Neural Network Modeling

Another winter of neural networks has come and past. This time around, neural networks

are back with a vengeance for many applications of machine learning. The same old model

coupled with modern advances in computing has revolutionized the computer vision (LeCun

et al., 2010; Krizhevsky et al., 2012), speech recognition (Mohamed et al., 2012), language

modeling (Sundermeyer et al., 2012b), and machine-learning paradigms in NLP in general

(Socher et al., 2013a; Socher et al., 2012; Devlin et al., 2014). Neural networks have become

industry-standard algorithms that achieve as low as 9% word error rate in speech recognition,

abandoning the former decade-old set of algorithms that dominated the field (Senior et al.,

2015). However, many NLP tasks have been rethought and revisited with neural network
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modeling with mixed results, and it is unclear whether neural network is the clear winner in

NLP. This question opens door for many research efforts in harnessing the power of neural

network in NLP.

Feedforward neural network

The main advantage of neural network comes from the non-linearity, which is difficult to

achieve from the standard discriminative models used in NLP and from data-driven fea-

ture abstraction. In a vanilla feedforward neural network, we first create a feature vector

specifically designed for the task and apply two operations alternately. We apply linear

transformation through matrix multiplication and element-wise non-linear transformation

through sigmoidal, hyperbolic tangent, or other non-linear functions. These transformations

result in another feature vector that can then be used for classification or another round of

transformation (Figure 2.4). More precisely, let X ∈ Rd be the feature vector we create for

the task. Derived features H(1) are created from linear combinations of the inputs:

H(1) = σ(W(1) ·X + b(1))

, where W(1) ∈ Rk×d is a weight matrix, and b(1) ∈ Rk is a bias vector. The (non-linear)

activation function σ(·) is usually chosen to be tanh or sigmoid function, but other options

abound and are still an active area of research. The optional subsequent derived features or

hidden layers have the same form:

H(i) = σ(W(i) ·H(i−1) + b(i))
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A feedforward neural network with t hidden layers models the output posterior probability

vector O as a function of the output score vector Y :

Y = Wo ·H(t) + bo

O = softmax(Y )

=
exp(Y )∑L
l=1 expYl

To train a neural network, we have to define the cost function over which we minimize

using an optimization algorithm. A popular cost function is cross-entropy loss function (CE).

If we have a label categorical variable li and a feature vector X i for each instance i, then

the the cross-entropy is the sum of negative label log-likelihood over all N instances in the

training set.

LCE =
N∑

i

logP (li|X i)

=
N∑

i

Oi
li

The loss functions in neural network can only be optimized with a gradient-based method

as there is no closed-form solution like the one for some probabilistic models. The gradient

is tractable but expensive to compute. The gradient can be computed efficiently using back-

propagation algorithm. The algorithm emerges from the fact that we take partial derivative

with respect to each parameter in the model. We first compute the gradient with respect to

the parameters in the output layer and then backpropagate some of the computation to the

earlier layer. Once we compute the gradients for all parameters, we have to use variants of
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wt

wt+2

wt+1

wt−1

wt−2

Input
(one-hot)

Projection
(dense)

Output
(one-hot)

Figure 2.5: In the Skip-gram architecture, word vectors (projection) are induced such that
one can use the learned weights to predict the co-occurring words (output).

stochastic gradient methods and other computational “tricks” to speed up and stabilize the

learning process such as Adagrad, AdaDelta, or momentum method (Duchi et al., 2011a;

Zeiler, 2012; Polyak, 1964).

Word embedding

Besides the algorithmic strength in feature abstraction through hidden layers, neural net-

works also lend themselves structurally for distributed representation of many linguistic

units. The classical paradigms in linguistics often characterize a linguistic unit with a cate-

gory (e.g. part-of-speech) or a list of categorical features (e.g. a node in a constituent parse).

Instead, we can treat a linguistic unit as a vector of continuous-valued features. The success

of neural networking in NLP takes its root in word embeddings or word vectors (Mikolov

et al., 2013b). Word vectors induced by neural network architectures such as Skip-gram or

Continuous Bag-Of-Word architectures are shown to superior to the word vectors induced

by counting and reducing dimensionality (Baroni et al., 2014). Figure 2.5 shows the Skip-

gram architecture schematically. The Skip-gram architecture posits the objective function
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Lskipgram such that the word vector xt (projected from one-hot vector wt) predicts the word

within the window of size k.

Lskipgram =
T∑

t

k∑

i=−k;i 6=0

logP (wt+k|xt)

Word vectors can be used as a lexical building block for many downstream tasks as they

encode the semantics of the word better than the usual one-hot representation. For example,

neural language models have improved substantially over the traditional n-gram language

models due to the changes in the representation of a word and the representation of a context

(Sundermeyer et al., 2012b; Mikolov et al., 2013a). The categorical representation of a word

is replaced by a word vector that can encode some syntactic and semantic properties of the

word, and the categorical representation of a context is replaced by a context vector that

can encode infinite length of the context.

Furthermore, other linguistic units can also be represented as a vector. Constituents in

phrase structure parses have been represented as a vector and used as feature for constituent-

level sentiment analysis (Socher et al., 2013b). This representation can also be used for the

task of parsing itself (Socher et al., 2013a; Chen and Manning, 2014). With the sequence-to-

sequence neural architecture, machine translation has also moved away from the categorical

translation tables to neural machine translation with distributed representation of words

and phrases (Bahdanau et al., 2014; Cho et al., 2014). Our work uses word vectors induced

in this fashion to build up the discourse representation. We come up with multiple neural

architectures that utilize the labeled data in the corpus to derive the distributed discourse

vector.

Neural discourse parser along with the use of word embedding to derive features has

gained some attention within the recent years. A few efforts have been made to create
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distributed representation of a discourse unit in conjunction with designing neural network

model architecture suitable for the task. Ji and Eisenstein (Ji and Eisenstein, 2014) explore

the idea of using word embedding to construct the representation of elementary discourse

units (EDU) in parsing the RST discourse structure. They compare bag-of-word features

and an EDU vector composed by summing up the word vectors in the EDU. It turns out that

bag-of-word features work better. However, they have not explored extensively the effects

of different work embeddings and different ways of composing the EDU vector. These two

are the core for neural network models that work well and deserve more experimentation. In

our work, we conduct series of experiments on the PDTB labels such that we can directly

compare different word vectors and discourse vector composition.

A more systematic comparison of various word representation has been conducted for

the PDTB discourse relations. Braud and Denis (2015) uses Maximum Entropy model to

evaluate the different distributed features on the four binary classification formulation. The

feature vector is formed by adding or multiplying all of the word vectors in each of the

arguments in the discourse relation. They show that dense distributed features outperform

sparser features on some categories. Better results can be achieved when distributed and

sparse features are used together and when all of the words (as opposed to just head words)

are included in the composition. This suggests to us that distributed features might be the

key to further improvement. In our work, we further explore ways of composing feature

vectors and exploit the strength of the dense feature vectors in the deeper neural network

models.
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Figure 2.6: Recurrent neural network architecture

Recurrent neural network

Another breakthrough in the recent development of neural network modeling is from the re-

current models. In contrast to the feedforward architecture described earlier, recurrent neural

network (RNN) models the influence of the data in a sequence (Hochreiter and Schmidhuber,

1997; Elman, 1990). They can naturally be used for modeling sequences in the similar fash-

ion to Hidden Markov models or linear-chained Conditional Random Fields. The simplest

form of RNN, also called Elman Network or “vanilla RNN” , passes on the hidden state or

activation to the next time step (Figure 2.6). In other words, the hidden state of the current

time step Ht is a function of the input layer of the current time step Xt and the hidden state

of the previous time step Ht−1. The choice of non-linear activation function is similar to the

feedforward net. The hidden activation Ht can be written as a recurrent relation:

Ht = g(Ht−1, Xt)

= σ(W ·Ht−1 + U ·Xt + b),

where W and U are weight matrices, and b is a bias vector. The output layer remains the

same.

Training recurrent neural network involves backpropagation back-through-time (BPTT)

algorithm. BPTT is in essence the same as backpropagation for feedforward net, but the

gradient calculation now involves the whole sequence of hidden states and the whole sequence
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of outputs. To make the computation more efficient, we can determine at how many time

steps the the error from the output layer stops propagating. This approximation does not

hurt the performance much when set appropriately, but it is the quick-and-dirty cure to a

computational symptom in recurrent neural network.

The multiplicative operations in the vanilla RNN lead to exploding and vanishing gradi-

ent problem, which makes it converge too slowly or converge to a suboptimal point. During

the training process of RNN, the backpropagated gradient sometimes becomes too small,

exerting too little influence back through time. The opposite problem can also occur. If the

backpropagated error becomes just slightly large in one time step, it can become exponen-

tially large as it is backpropagated through time and make the training process unfeasible.

Long short-term memory (LSTM) network is introduced to address these problems (Hochre-

iter and Schmidhuber, 1997). LSTM still maintains the recurrent structure in the model, but

it differs in how we compute the hidden state Ht. A standard variant of LSTM introduces

three gating layers: input gating layer it, forget gating layer ft, and output gating layer ot.

These gating layers are typically a function of the input layer at the current time step and

the hidden state at the previous time step.

it = sigmoid(Wi ·Xt + Ui ·Ht−1 + bi)

ft = sigmoid(Wf ·Xt + Uf ·Ht−1 + bf )

ot = sigmoid(Wo ·Xt + Uo ·Ht−1 + bo)

In addition, LSTM introduces the candidate memory cell c′t and the memory cell ct.

These memory cells help the model control which part of the previous time step should be

forgotten or remembered. The memory cells and the gating layers work together to alleviate
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the vanishing and exploding gradients.

c′t = tanh(Wc ·Xt + Uc ·Ht−1 + bc)

ct = c′t ∗ it + ct−1 ∗ ft
Ht = ct ∗ ot

The idea of word embedding and recurrent neural network have changed the way we

view sequence modeling and sequence tagging problems in NLP. Both vanilla RNN and

LSTM-RNN can be used as effectively as a language model and outperforms the Kneser-Ney

and Witten-Bell language models that have dominated as the state-of-the-art for decades

(Sundermeyer et al., 2012b). Each word is replaced with its corresponding word embedding,

and the hidden state now acts as a context vector that helps predict the next word. The

deep variant of RNN has been used to substantially improve the performance of opinion

mining (İrsoy and Cardie, 2014). This work formulate the task of opinion mining as a

sequence tagging problem. RNNs are stacked up to form a deep RNN, and the features are

the word embedding. The deep model and small word embedding perform much better than

Conditional Random Fields.

Recurrent neural networks, especially LSTM-RNN, open up the new paradigm for sequence-

to-sequence induction such as machine translation and parsing. Machine translation used to

rely on discrete translation table. Neural machine translation makes use of word embedding

and RNN to create a representation for the source language and prediction of the target lan-

guage. Bahdanau et al.(2014) uses deep LSTM to encode a sequence of word embeddings in

the source language into a single hidden vector. This source language sentence vector is then

passed into an LSTM decoder to generate the translation. This similar sequence-to-sequence

induction using LSTMs as the encoder and the decoder is also used in parsing (Vinyals et al.,
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2015). The source language is the string of text, and the target language is the tree string.

These works yield at least two insights for discourse modeling. Word embeddings can be

composed through an LSTM-based encoder to create the representation that lends itself for

predicting discourse relation. Secondly, the shallow sequential structure in LSTM-RNN is

capable of capturing deeper tree structure. These two insights motivate us in using word

embeddings as a lexical semantic representation and in using neural network in encoding or

composing a feature vector from the word embeddings.

Recurrent neural network has also been used for discourse modeling. Notably, Ji and

Eisenstein (2015) have restructured the RNN around a binary syntactic tree. A tree-

structured RNN is also called recursive neural network, which has also been used for parsing

and sentiment analysis task (Socher et al., 2013a; Socher et al., 2013b; Tai et al., 2015).

The hidden state corresponds to an intermediate non-terminal in the phrase structure tree.

The root node serves as the feature vector for implicit discourse relation classification. The

two feature vectors, each of which comes from an argument, are put through bilinear tensor

product, resulting in all interaction terms in the feature vectors. The performance of these

features are below the system that uses surface features, but the performance reaches the

state-of-the-art level when the recursive neural net and the surface feature system are com-

bined. However, some questions remain as the complexity of this model is not well dissected

in the study. It is not clear whether the tree structure is needed, and it is also not clear

whether we can better model the inter-argument interaction without bilinear tensor product.

In our work, we want to build the neural network model from the ground up and investigate

the effects of multiple subcomponents and their contribution to discourse modeling.

Discourse-driven language models have been on the research agenda for speech language

modeling and have been shown to be effective when integrated with RNNs (Ji et al., 2016).

This particular model takes on the idea that the words in the next sentence should be
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Figure 1: A fragment of our model with latent variable zt, which only illustrates discourse information flow from sentence (t� 1)

to t. The information from sentence (t � 1) affects the distribution of zt and then the words prediction within sentence t.

p(yt,n+1 | zt, yt,<n, yt�1) = g
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Figure 2: Per-token generative probabilities in the discourse relation language model

are then linearly combined in the generation func-
tion for word yt,n,

p(yt,n | yt,<n, y<t)

= softmax (Woht,n�1 + Wcct�1 + bo) , (5)

where ct�1 is set to the last hidden state of the pre-
vious sentence. Ji et al. (2015) show that this model
can improve language model perplexity.

3 Discourse Relation Language Models

We now present a probabilistic neural model over
sequences of words and shallow discourse relations.
Discourse relations zt are treated as latent variables,
which are linked with a recurrent neural network
over words in a latent variable recurrent neural net-
work (Chung et al., 2015).

3.1 The Model

Our model (see Figure 1) is formulated as a two-step
generative story. In the first step, context informa-
tion from the sentence (t�1) is used to generate the
discourse relation between sentences (t � 1) and t,

p(zt | yt�1) = softmax (Uct�1 + b) , (6)

where zt is a random variable capturing the dis-
course relation between the two sentences, and ct�1

is a vector summary of the contextual information
from sentence (t � 1), just as in the DCLM (Equa-
tion 5). The model maintains a default context vec-
tor c0 for the first sentences of documents, and treats
it as a parameter learned with other model parame-
ters during training.

In the second step, the sentence yt is generated,
conditioning on the preceding sentence yt�1 and the
discourse relation zt:

p(yt | zt, yt�1) =

NtY

n

p(yt,n | yt,<n, yt�1, zt), (7)

The generative probability for the sentence yt de-
composes across tokens as usual (Equation 7). The
per-token probabilities are shown in Equation 4, in
Figure 2. Discourse relations are incorporated by pa-
rameterizing the output matrices W

(zt)
o and W

(zt)
c ;

depending on the discourse relation that holds be-
tween (t � 1) and t, these matrices will favor dif-
ferent parts of the embedding space. The bias term
b

(zt)
o is also parametrized by the discourse relation,

so that each relation can favor specific words.
Overall, the joint probability of the text and dis-

course relations is,

p(y1:T , z1:T ) =
TY

t

p(zt | yt�1) ⇥ p(yt | zt, yt�1).

(8)

If the discourse relations zt are not observed, then
our model is a form of latent variable recurrent neu-
ral network (LVRNN). Connections to recent work
on LVRNNs are discussed in § 6; the key difference
is that the latent variables here correspond to linguis-
tically meaningful elements, which we may wish to
predict or marginalize, depending on the situation.

Parameter Tying As proposed, the Discourse Re-
lation Language Model has a large number of pa-
rameters. Let K, H and V be the input dimension,

Figure 2.7: Discourse-driven RNN language model. z denotes the discourse relation sense
between the two sentences. y denotes words in sentences.

influenced by the words in the previous sentence and also by the discourse relation. Ji

et al. (2016) combine RNN language model and discriminative output layer that predicts

the discourse relation sense (Figure 2.7). This approach works well in the top four-way

classification, but it is unclear whether it can adapt to different label sets. If such discourse

parser performs k-way classification, it has to split the data into k separate parts when fitting

language model parameters although they do share some of the parameters. The discourse

data is almost always small because of the annotation cost, and the label set varies from

tasks to tasks. Therefore, we propose a model that is robust against varying label sets and

small data set size, characteristic to discourse annotation data.
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Chapter 3

Brown Cluster Pair and Coreferential

Pattern Features

This chapter is adapted from Rutherford and Xue (2014).

One of the key aspects for discourse relation modeling is the semantic interaction between

the two text spans. A good key word pair should be able to signal the type of relationship

that holds between the two text spans. For example, Carl gets hungry. He walks swiftly to

the pantry.. The inter-argument word pair hungry-pantry signals the likely sense of causal

relation without considering the rest of the sentences. This simple inter-argument semantic

interaction should be able to guide a machine-learning system to identify the sense of the

discourse relation.

Existing systems for implicit discourse relation classification, which make heavy use of

word pairs, suffer from data sparsity problem. There is no good way to filtering which word

pairs to be included as features, which results in a large feature set. Additionally, a word

pair in the training data may not appear in the test data, so the generalization can be quite

low. A better representation of two adjacent sentences beyond word pairs could have a
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significant impact on predicting the sense of the discourse relation that holds between them.

Data-driven theory-independent word classification such as Brown clustering should be able

to provide a more compact word representation (Brown et al., 1992). Brown clustering

algorithm induces a hierarchy of words in a large unannotated corpus based on word co-

occurrences within the window. The induced hierarchy might give rise to features that we

would otherwise miss. In this chapter, we propose to use the cartesian product of Brown

cluster assignment of the sentence pair as an alternative abstract word representation for

building an implicit discourse relation classifier.

Through word-level semantic commonalities revealed by Brown clusters and entity-level

relations revealed by coreference resolution, we might be able to paint a more complete

picture of the discourse relation in question. Coreference resolution unveils the patterns

of entity realization within the discourse, which might provide clues for the types of the

discourse relations. The information about certain entities or mentions in one sentence

should be carried over to the next sentence to form a coherent relation. It is possible that

coreference chains and semantically-related predicates in the local context might show some

patterns that characterize types of discourse relations. We hypothesize that coreferential

rates and coreference patterns created by Brown clusters should help characterize different

types of discourse relations.

Here, we introduce two novel sets of features for implicit discourse relation classification.

Further, we investigate the effects of using Brown clusters as an alternative word representa-

tion and analyze the impactful features that arise from Brown cluster pairs. We also study

coreferential patterns in different types of discourse relations in addition to using them to

boost the performance of our classifier. These two sets of features along with previously used

features outperform the baseline systems by approximately 5% absolute across all categories

and reveal many important characteristics of implicit discourse relations.
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Number of instances
Implicit Explicit

Comparison 2503 (15.11%) 5589 (33.73%)
Contingency 4255 (25.68%) 3741 (22.58%)
Expansion 8861 (53.48%) 72 (0.43%)
Temporal 950 (5.73%) 3684 (33.73%)
Total 16569 (100%) 13086 (100%)

Table 3.1: The distribution of senses of implicit discourse relations is imbalanced.

3.1 Sense annotation in Penn Discourse Treebank

The Penn Discourse Treebank (PDTB) is the largest corpus richly annotated with explicit

and implicit discourse relations and their senses (Prasad et al., 2008). PDTB is drawn from

Wall Street Journal articles with overlapping annotations with the Penn Treebank (Marcus

et al., 1993). Each discourse relation contains the information about the extent of the

arguments, which can be a sentence, a constituent, or an incontiguous span of text. Each

discourse relation is also annotated with the sense of the relation that holds between the two

arguments. In the case of implicit discourse relations, where the discourse connectives are

absent, the most appropriate connective is annotated.

The senses are organized hierarchically. Our focus is on the top level senses because

they are the four fundamental discourse relations that various discourse analytic theories

seem to converge on (Mann and Thompson, 1988). The top level senses are Comparison,

Contingency, Expansion, and Temporal.

The explicit and implicit discourse relations almost orthogonally differ in their distri-

butions of senses (Table 3.1). This difference has a few implications for studying implicit

discourse relations and uses of discourse connectives (Patterson and Kehler, 2013). For ex-

ample, Temporal relations constitute only 5% of the implicit relations but 33% of the

explicit relations because they might not be as natural to create without discourse connec-
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tives. On the other hand, Expansion relations might be more cleanly achieved without

ones as indicated by its dominance in the implicit discourse relations. This imbalance in

class distribution requires greater care in building statistical classifiers (Wang et al., 2012).

3.2 Experiment setup

We followed the setup of the previous studies for a fair comparison with the two baseline

systems by Pitler et al. (2009) and Park and Cardie (2012). The task is formulated as four

separate one-against-all binary classification problems: one for each top level sense of implicit

discourse relations. In addition, we add one more classification task with which to test the

system. We merge EntRel with Expansion relations to follow the setup used by the two

baseline systems. An argument pair is annotated with EntRel in PDTB if an entity-based

coherence and no other type of relation can be identified between the two arguments in the

pair. In this study, we assume that the gold standard argument pairs are provided for each

relation. Most argument pairs for implicit discourse relations are a pair of adjacent sentences

or adjacent clauses separated by a semicolon and should be easily extracted.

The PDTB corpus is split into a training set, development set, and test set the same way

as in the baseline systems. Sections 2 to 20 are used to train classifiers. Sections 0–1 are

used for developing feature sets and tuning models. Section 21–22 are used for testing the

systems.

The statistical models in the following experiments are from MALLET implementation

(McCallum, 2002) and libSVM (Chang and Lin, 2011). For all five binary classification

tasks, we try Balanced Winnow (Littlestone, 1988), Maximum Entropy, Naive Bayes, and

Support Vector Machine. The parameters and the hyperparameters of each classifier are set

to their default values. The code for our model along with the data matrices is available at
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github.com/attapol/brown_coref_implicit.

3.3 Feature Description

Unlike the baseline systems, all of the features in the experiments use the output from auto-

matic natural language processing tools. We use the Stanford CoreNLP suite to lemmatize

and part-of-speech tag each word (Toutanova et al., 2003; Toutanova and Manning, 2000),

obtain the phrase structure and dependency parses for each sentence (De Marneffe et al.,

2006; Klein and Manning, 2003), identify all named entities (Finkel et al., 2005), and resolve

coreference (Raghunathan et al., 2010; Lee et al., 2011; Lee et al., 2013).

3.3.1 Features used in previous work

The baseline features consist of the following: First, last, and first 3 words, numerical ex-

pressions, time expressions, average verb phrase length, modality, General Inquirer tags,

polarity, Levin verb classes, and production rules. These features are described in greater

detail by Pitler et al. (2009).

3.3.2 Brown cluster pair features

To generate Brown cluster assignment pair features, we replace each word with its hard

Brown cluster assignment. We used the Brown word clusters provided by MetaOptimize

(Turian et al., 2010). 3,200 clusters were induced from RCV1 corpus, which contains about

63 million tokens from Reuters English newswire. Then we take the Cartesian product of

the Brown cluster assignments of the words in Arg1 and the ones of the words in Arg2.

For example, suppose Arg1 has two words w1,1, w1,2, Arg2 has three words w2,1, w2,2, w2,3,
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and then B(.) maps a word to its Brown cluster assignment. A word wij is replaced by its

corresponding Brown cluster assignment bij = B(wij). The resulting word pair features are

(b1,1, b2,1), (b1,1, b2,2), (b1,1, b2,3), (b1,2, b2,1), (b1,2, b2,2), and (b1,2, b2,3).

Therefore, this feature set can generate O(32002) binary features. The feature set size is

orders of magnitude smaller than using the actual words, which can generate O(V 2) distinct

binary features where V is the size of the vocabulary.

3.3.3 Coreference-based features

We want to take advantage of the semantics of the sentence pairs even more by considering

how coreferential entities play out in the sentence pairs. We consider various inter-sentential

coreference patterns to include as features and also to better describe each type of discourse

relation with respect to its place in the coreference chain.

For compactness in explaining the following features, we define similar words to be the

words assigned to the same Brown cluster.

Number of coreferential pairs: We count the number of inter-sentential coreferential

pairs. We expect that Expansion relations should be more likely to have coreferential pairs

because the detail or information about an entity mentioned in Arg1 should be expanded in

Arg2. Therefore, entity sharing might be difficult to avoid.

Similar nouns and verbs: A binary feature indicating whether similar or coreferential

nouns are the arguments of the similar predicates. Predicates and arguments are identified

by dependency parses. We notice that sometimes the author uses synonyms while trying to

expand on the previous predicates or entities. The words that indicate the common topics

might be paraphrased, so exact string matching cannot detect whether the two arguments

still focus on the same topic. This might be useful for identifying Contingency relations as
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they usually discuss two causally-related events that involve two seemingly unrelated agents

and/or predicates.

Similar subject or main predicates: A binary feature indicating whether the main verbs

of the two arguments have the same subjects or not and another binary feature indicating

whether the main verbs are similar or not. For our purposes, the two subjects are said to

be the same if they are coreferential or assigned to the same Brown cluster. We notice that

Comparison relations usually have different subjects for the same main verbs and that

Temporal relations usually have the same subjects but different main verbs.

Current Park and Cardie (2012) Pitler et al. (2009)
P R F1 F1 F1

Comparison vs others 27.34 72.41 39.70 31.32 21.96
Contingency vs others 44.52 69.96 54.42 49.82 47.13
Expansion vs others 59.59 85.50 70.23 - -
Exp+EntRel vs others 69.26 95.92 80.44 79.22 76.42
Temporal vs others 18.52 63.64 28.69 26.57 16.76

Table 3.2: Our classifier outperform the previous systems across all four tasks without the
use of gold-standard parses and coreference resolution.

3.3.4 Feature selection and training sample reweighting

The nature of the task and the dataset poses at least two problems in creating a classifier.

First, the classification task requires a large number of features, some of which are too rare

and inconducive to parameter estimation. Second, the label distribution is highly imbalanced

(Table 3.1) and this might degrade the performance of the classifiers (Japkowicz, 2000).

Recently, Park and Cardie (2012) and Wang et al. (2012) addressed these problems directly

by optimally select a subset of features and training samples. Unlike previous work, we

do not discard any of data in the training set to balance the label distribution. Instead,
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Comparison
Feature set F1 % change
All features 39.70 -
All excluding Brown cluster pairs 35.71 -10.05%
All excluding Production rules 37.27 -6.80%
All excluding First, last, and First 3 39.18 -1.40%
All excluding Polarity 39.39 -0.79%

Contingency
Feature set F1 % change
All 54.42 -
All excluding Brown cluster pairs 51.50 -5.37%
All excluding First, last, and First 3 53.56 -1.58%
All excluding Polarity 53.82 -1.10%
All excluding Coreference 53.92 -0.92%

Expansion
Feature set F1 % change
All 70.23 -
All excluding Brown cluster pairs 67.48 -3.92%
All excluding First, last, and First 3 69.43 -1.14%
All excluding Inquirer tags 69.73 -0.71%
All excluding Polarity 69.92 -0.44%

Temporal
Feature set F1 % change
All 28.69 -
All excluding Brown cluster pairs 24.53 -14.50%
All excluding Production rules 26.51 -7.60%
All excluding First, last, and First 3 26.56 -7.42%
All excluding Polarity 27.42 -4.43%

Table 3.3: Ablation study: The four most impactful feature classes and their relative per-
centage changes are shown. Brown cluster pair features are the most impactful across all
relation types.

we reweight the training samples in each class during parameter estimation such that the

performance on the development set is maximized. In addition, the number of occurrences

for each feature must be greater than a cut-off, which is also tuned on the development set
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to yield the highest performance on the development set.

3.4 Results

Our experiments show that the Brown cluster and coreference features along with the fea-

tures from the baseline systems improve the performance for all discourse relations (Table

3.2). Consistent with the results from previous work, the Naive Bayes classifier outperforms

MaxEnt, Balanced Winnow, and Support Vector Machine across all tasks regardless of fea-

ture pruning criteria and training sample reweighting. A possible explanation is that the

small dataset size in comparison with the large number of features might favor a generative

model like Naive Bayes (Jordan and Ng, 2002). So we only report the performance from the

Naive Bayes classifiers.

It is noteworthy that the baseline systems use the gold standard parses provided by the

Penn Treebank, but ours does not because we would like to see how our system performs

realistically in conjunction with other pre-processing tasks such as lemmatization, parsing,

and coreference resolution. Nevertheless, our system still manages to outperform the baseline

systems in all relations by a sizable margin.

Our preliminary results on implicit sense classification suggest that the Brown cluster

word representation and coreference patterns might be indicative of the senses of the dis-

course relations, but we would like to know the extent of the impact of these novel feature

sets when used in conjunction with other features. To this aim, we conduct an ablation

study, where we exclude one of the feature sets at a time and then test the resulting classi-

fier on the test set. We then rank each feature set by the relative percentage change in F1

score when excluded from the classifier. The data split and experimental setup are identical

to the ones described in the previous section but only with Naive Bayes classifiers.
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The ablation study results imply that Brown cluster features are the most impactful

feature set across all four types of implicit discourse relations. When ablated, Brown cluster

features degrade the performance by the largest percentage compared to the other feature

sets regardless of the relation types(Table 3.3). Temporal relations benefit the most from

Brown cluster features. Without them, the F1 score drops by 4.12 absolute or 14.50% relative

to the system that uses all of the features.

3.5 Feature analysis

3.5.1 Brown cluster features

This feature set is inspired by the word pair features, which are known for its effectiveness in

predicting senses of discourse relations between the two arguments. Marcu et al (2002a), for

instance, artificially generated the implicit discourse relations and used word pair features

to perform the classification tasks. Those word pair features work well in this case because

their artificially generated dataset is an order of magnitude larger than PDTB. Ideally, we

would want to use the word pair features instead of word cluster features if we have enough

data to fit the parameters. Consequently, other less sparse handcrafted features prove to be

more effective than word pair features for the PDTB data (Pitler et al., 2009). We remedy

the sparsity problem by clustering the words that are distributionally similar together and

greatly reduce the number of features.

Since the ablation study is not fine-grained enough to spotlight the effectiveness of the

individual features, we quantify the predictiveness of each feature by its mutual information.

Under Naive Bayes conditional independence assumption, the mutual information between

the features and the labels can be efficiently computed in a pairwise fashion. The mutual
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information between a binary feature Xi and class label Y is defined as:

I(Xi, Y ) =
∑

y

∑

x=0,1

p̂(x, y) log
p̂(x, y)

p̂(x)p̂(y)

p̂(·) is the probability distribution function whose parameters are maximum likelihood es-

timates from the training set. We compute mutual information for all four one-vs-all clas-

sification tasks. The computation is done as part of the training pipeline in MALLET to

ensure consistency in parameter estimation and smoothing techniques. We then rank the

cluster pair features by mutual information. The results are compactly summarized in bi-

partite graphs shown in Figure 3.1, where each edge represents a cluster pair. Since mutual

information itself does not indicate whether a feature is favored by one or the other label,

we also verify the direction of the effects of each of the features included in the following

analysis by comparing the class conditional parameters in the Naive Bayes model.

The most dominant features for Comparison classification are the pairs whose members

are from the same Brown clusters. We can distinctly see this pattern from the bipartite

graph because the nodes on each side are sorted alphabetically. The graph shows many

parallel short edges, which suggest that many informative pairs consist of the same clusters.

Some of the clusters that participate in such pair consist of named-entities from various

categories such as airlines (King, Bell, Virgin, Continental, ...), and companies (Thomson,

Volkswagen, Telstra, Siemens). Some of the pairs form a broad category such as political

agents (citizens, pilots, nationals, taxpayers) and industries (power, insurance, mining).

These parallel patterns in the graph demonstrate that implicit Comparison relations might

be mainly characterized by juxtaposing and explicitly contrasting two different entities in

two adjacent sentences.

Without the use of a named-entity recognition system, these Brown cluster pair features
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effectively act as features that detect whether the two arguments in the relation contain

named-entities or nouns from the same categories or not. These more subtle named-entity-

related features are cleanly discovered through replacing words with their data-driven Brown

clusters without the need for additional layers of pre-processing.

If the words in one cluster semantically relates to the words in another cluster, the two

clusters are more likely to become informative features for Contingency classification.

For instance, technical terms in stock and trading (weighted, Nikkei, composite, diffusion)

pair up with economic terms (Trading, Interest, Demand, Production). The cluster with

analysts and pundits pairs up with the one that predominantly contains quantifiers (actual,

exact, ultimate, aggregate). In addition to this pattern, we observed the same parallel pair

pattern we found in Comparison classification. These results suggest that in establishing

a Contingency relation implicitly the author might shape the sentences such that they

have semantically related words if they do not mention named-entities of the same category.

Through Brown cluster pairs, we obtain features that detect a shift between generality

and specificity within the scope of the relation. For example, a cluster with industrial

categories (Electric, Motor, Life, Chemical, Automotive) couples with specific brands or

companies (GM, Ford, Barrick, Anglo). Or such a pair might simply reflects a shift in

plurality e.g. businesses - business and Analysts -analyst. Expansion relations capture

relations in which one argument provides a specification of the previous and relations in

which one argument provides a generalization of the other. Thus, these shift detection

features could help distinguish Expansion relations.

We found a few common coreference patterns of names in written English to be useful.

First and last name are used in the first sentence to refer to a person who just enters the

discourse. That person is referred to just by his/her title and last name in the following

sentence. This pattern is found to be informative for Expansion relations. For example,
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the edges (not shown in the graph due to lack of space) from the first name clusters to the

title (Mr, Mother, Judge, Dr) cluster.

Time expressions constitutes the majority of the nodes in the bipartite graph for Tem-

poral relations. More strikingly, the specific dates (e.g. clusters that have positive integers

smaller than 31) are more frequently found in Arg2 than Arg1 in implicit Temporal re-

lations. It is possible that Temporal relations are more naturally expressed without a

discourse connective if a time point is clearly specified in Arg2 but not in Arg1.

Temporal relations might also be implicitly inferred through detecting a shift in quan-

tities. We notice that clusters whose words indicate changes e.g. increase, rose, loss pair

with number clusters. Sentences in which such pairs participate might be part of a nar-

rative or a report where one expects a change over time. These changes conveyed by the

sentences constitute a natural sequence of events that are temporally related but might not

need explicit temporal expressions.

3.5.2 Coreference features

Coreference features are very effective given that they constitute a very small set compared

to the other feature sets. In particular, excluding them from the model reduces F1 scores for

Temporal and Contingency relations by approximately 1% relative to the system that

uses all of the features. We found that the sentence pairs in these two types of relations have

distinctive coreference patterns.

We count the number of pairs of arguments that are linked by a coreference chain for

each type of relation. The coreference chains used in this study are detected automatically

from the training set through Stanford CoreNLP suite (Raghunathan et al., 2010; Lee et al.,
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2011; Lee et al., 2013). Temporal relations have a significantly higher coreferential rate

than the other three relations (p < 0.05, pair-wise t-test corrected for multiple comparisons).

The differences between Comparison, Contingency, and Expansion, however, are not

statistically significant (Figure 3.2).

The choice to use or not to use a discourse connective is strongly motivated by linguistic

features at the discourse levels (Patterson and Kehler, 2013). Additionally, it is very un-

common to have temporally-related sentences without using explicit discourse connectives.

The difference in coreference patterns might be one of the factors that influence the choice of

using a discourse connective to signal a Temporal relation. If sentences are coreferentially

linked, then it might be more natural to drop a discourse connective because the temporal

ordering can be easily inferred without it. For example,

(3) Her story is partly one of personal downfall. [previously ] She was an unstinting teacher

who won laurels and inspired students... (WSJ0044)

The coreference chain between the two temporally-related sentences in (1) can easily be

detected. Inserting previously as suggested by the annotation from the PDTB corpus does

not add to the temporal coherence of the sentences and may be deemed unnecessary. But

the presence of coreferential link alone might bias the inference toward Temporal relation

while Contingency might also be inferred.

Additionally, we count the number of pairs of arguments whose grammatical subjects are

linked by a coreference chain to reveal the syntactic-coreferential patterns in different relation

types. Although this specific pattern seems rare, more than eight percent of all relations have

coreferential grammatical subjects. We observe the same statistically significant differences

between Temporal relations and the other three types of relations. More interestingly,

the subject coreferential rate for Contingency relations is the lowest among the three
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categories (p < 0.05, pair-wise t-test corrected for multiple comparisons).

It is possible that coreferential subject patterns suggest temporal coherence between

the two sentences without using an explicit discourse connective. Contingency relations,

which can only indicate causal relationships when realized implicitly, impose the temporal

ordering of events in the arguments; i.e. if Arg1 is causally related to Arg2, then the event

described in Arg1 must temporally precede the one in Arg2. Therefore, Contingency and

Temporal can be highly confusable. To understand why this pattern might help distinguish

these two types of relations, consider these examples:

(4) He also asserted that exact questions weren’t replicated. [Then] When referred to the

questions that match, he said it was coincidental. (WSJ0045)

(5) He also asserted that exact questions weren’t replicated. When referred to the questions

that match, she said it was coincidental.

When we switch out the coreferential subject for an arbitrary uncoreferential pronoun as

we do in (3), we are more inclined to classify the relation as Contingency.

3.6 Related work

Word-pair features are known to work very well in predicting senses of discourse relations

in an artificially generated corpus (Marcu and Echihabi, 2002a). But when used with a

realistic corpus, model parameter estimation suffers from data sparsity problem due to the

small dataset size. Biran and McKeown (2013) attempts to solve this problem by aggregating

word pairs and estimating weights from an unannotated corpus but only with limited success.

Recent efforts have focused on introducing meaning abstraction and semantic represen-

tation between the words in the sentence pair. Pitler et al. (2009) uses external lexicons to
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replace the one-hot word representation with semantic information such as word polarity and

various verb classification based on specific theories (Stone et al., 1968; Levin, 1993). Park

and Cardie (2012) selects an optimal subset of these features and establishes the strongest

baseline to best of our knowledge.

Brown word clusters are hierarchical clusters induced by frequency of co-occurrences with

other words (Brown et al., 1992). The strength of this word class induction method is that

the words that are classified to the same clusters usually make an interpretable lexical class

by the virtue of their distributional properties. This word representation has been used

successfully to augment the performance of many NLP systems (Ritter et al., 2011; Turian

et al., 2010).

In addition, Louis et al. (2010) uses multiple aspects of coreference as features to clas-

sify implicit discourse relations without much success while suggesting many aspects that

are worth exploring. In a corpus study by Louis and Nenkova (2010), coreferential rates

alone cannot explain all of the relations, and more complex coreference patterns have to be

considered.

3.7 Conclusions

We present statistical classifiers for identifying senses of implicit discourse relations and in-

troduce novel feature sets that exploit distributional similarity and coreference information.

Our classifiers outperform the classifiers from previous work in all types of implicit dis-

course relations. Altogether these results present a stronger baseline for the future research

endeavors in implicit discourse relations.

In addition to enhancing the performance of the classifier, Brown word cluster pair fea-

tures disclose some of the new aspects of implicit discourse relations. The feature analysis
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confirms our hypothesis that cluster pair features work well because they encapsulate rele-

vant word classes which constitute more complex informative features such as named-entity

pairs of the same categories, semantically-related pairs, and pairs that indicate specificity-

generality shift. At the discourse level, Brown clustering is superior to a one-hot word

representation for identifying inter-sentential patterns and the interactions between words.

Coreference chains that traverse through the discourse in the text shed the light on differ-

ent types of relations. The preliminary analysis shows that Temporal relations have much

higher inter-argument coreferential rates than the other three senses of relations. Focusing

on only subject-coreferential rates, we observe that Contingency relations show the low-

est coreferential rate. The coreference patterns differ substantially and meaningfully across

discourse relations and deserve further exploration.
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Figure 3.1: The bipartite graphs show the top 40 non-stopword Brown cluster pair features
for all four classification tasks. Each node on the left and on the right represents word cluster
from Arg1 and Arg2 respectively. We only show the clusters that appear fewer than six times
in the top 3,000 pairs to exclude stopwords. Although the four tasks are interrelated, some
of the highest mutual information features vary substantially across tasks.
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Figure 3.2: The coreferential rate for Temporal relations is significantly higher than the
other three relations (p < 0.05, corrected for multiple comparison).
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Chapter 4

Distant Supervision from Discourse

Connectives

This chapter is adapted from Rutherford and Xue (2015).

According to the view of the Penn Discourse Treebank (PDTB) (Prasad et al., 2008),

the sense of discourse relation is lexically grounded to the explicit or the omitted underlying

discourse connectives. The relations grounded to the explicit (unomitted) discourse relations

are called explicit discourse relations. The ones grounded to the omitted discourse relations

are called implicit discourse relations. Discourse connectives are a linguistic device that gives

a clear signal of the sense of discourse relation. This is the property that we would like to

exploit in this chapter. For example,

(6) [The city’s Campaign Finance Board has refused to pay Mr Dinkins $95,142 in match-

ing funds]Arg1 because [his campaign records are incomplete]Arg2.

(7) [So much of the stuff poured into its Austin, Texas, offices that its mail rooms there

simply stopped delivering it]Arg1. Implicit=so [Now, thousands of mailers, catalogs and
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sales pitches go straight into the trash]Arg2.

Determining the sense of an explicit discourse relation such as (1) is straightforward

since “because” is a strong indicator that the relation between the two arguments is Con-

tingency.Cause. This task effectively amounts to disambiguating the sense of discourse

connective, which can be done with high accuracy (Pitler et al., 2008).

However, in the absence of an explicit discourse connective, inferring the sense of a

discourse relation has proved to a very challenging task (Park and Cardie, 2012; Rutherford

and Xue, 2014). The sense is no longer localized on one or two discourse connectives and

must now be inferred solely based on its two textual arguments. Given the limited amount

of annotated data in comparison to the number of features needed, the process of building

a classifier is plagued by the data sparsity problem (Li and Nenkova, 2014). As a result,

the classification accuracy of implicit discourse relations remains much lower than that of

explicit discourse relations (Pitler et al., 2008).

Sophisticated feature aggregation and selection methods seem promising but were shown

to improve the performance only marginally (Biran and McKeown, 2013; Park and Cardie,

2012). Given that the arguments are typically large linguistic units such as clauses and

sentences, we cannot realistically expect repetitions of these linguistic units in a training

corpus like we do for individual words or short n-grams in a corpus the size of the PDTB. The

standard approach in existing work on inferring implicit discourse relations is to decompose

the two arguments into word pairs and use them as features. Since the two arguments for

the same type of discourse relation can vary tremendously, a lot of features are needed for a

classifier to work well (Park and Cardie, 2012; Rutherford and Xue, 2014).

One potential method for reducing the data sparsity problem is through a distantly su-

pervised learning paradigm, which is the direction we take in this work. Distant supervision
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approaches make use of prior knowledge or heuristics to cheaply obtain weakly labeled data,

which potentially contain a small number of false labels. Weakly labeled data can be col-

lected from unannotated data and incorporated in the model training process to supplement

manually labeled data. This approach has recently seen some success in natural language

processing tasks such as relation extraction (Mintz et al., 2009), event extraction (Reschke

et al., 2014), and text classification (Thamrongrattanarit et al., 2013). For our task, we

can collect instances of explicit discourse relations from unannotated data by some simple

heuristics. After dropping the discourse connectives, we should be able to treat them as

additional implicit discourse relations.

The approach assumes that when the discourse connective is omitted, the discourse re-

lation remains the same, which is a popular assumption in discourse analysis (Fraser, 2006;

Schourup, 1999). This assumption turns out to be too strong in many cases as illustrated in

(8):

(8) [I want to go home for the holiday]Arg1. Nonetheless, [I will book a flight to Hawaii]Arg2.

If “Nonetheless” is dropped in (8), one can no longer infer the Comparison relation.

Instead, one would naturally infer a Contingency relation. Dropping the connective and

adding the relation as a training sample adds noise to the training set and can only hurt

the performance. In addition, certain types of explicit discourse relations have no corre-

sponding implicit discourse relations. For example, discourse relations of the type Contin-

geny.Condition are almost always expressed with an explicit discourse connective and do

not exist in implicit relations. We believe this also explains the lack of success in previous at-

tempts to boost the performance of implicit discourse relation detection with this approach.

(Biran and McKeown, 2013; Pitler et al., 2009). This suggests that in order for this approach

to work, we need to identify instances of explicit discourse relations that closely match the
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characteristics of implicit discourse relations.

In this paper, we propose two criteria for selecting such explicit discourse relation in-

stances: omission rate and context differential. Our selection criteria first classify discourse

connectives by their distributional properties and suggest that not all discourse connectives

are truly optional and not all implicit and explicit discourse relations are equivalent, contrary

to commonly held beliefs in previous studies of discourse connectives. We show that only

the freely omissible discourse connectives gather additional training instances that lead to

significant performance gain against a strong baseline. Our approach improves the perfor-

mance of implicit discourse relations without additional feature engineering in many settings

and opens doors to more sophisticated models that require more training data.

The rest of the paper is structured as follows. In Section 4.1, we describe the discourse

connective selection criteria. In Section 4.2, we present our discourse connective classifi-

cation method and experimental results that demonstrate its impact on inferring implicit

discourse relations. We discuss related work and conclude our findings in Section 4.3 and

4.4 respectively.

4.1 Discourse Connective Classification and Discourse

Relation Extraction

4.1.1 Datasets used for selection

We use two datasets for the purposes of extracting and selecting weakly labeled explicit

discourse relation instances: the Penn Discourse Treebank 2.0 (Prasad et al., 2008) and the

English Gigaword corpus version 3 (Graff et al., 2007).

The Penn Discourse Treebank (PDTB) is the largest manually annotated corpus of dis-
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course relations on top of one million word tokens from the Wall Street Journal (Prasad

et al., 2008; Prasad et al., 2007). Each discourse relation in the PDTB is annotated with

a semantic sense in the PDTB sense hierarchy, which has three levels: Class, Type and

Subtype. In this work, we are primarily concerned with the four top-level Class senses:

Expansion, Comparison, Contingency, and Temporal. The distribution of top-level

senses of implicit discourse relations is shown in Table 4.2. The spans of text that partici-

pate in the discourse relation are also explicitly annotated. These are called Arg1 or Arg2,

depending on its relationship with the discourse connective.

The PDTB is our corpus of choice for its lexical groundedness. The existence of a

discourse relation must be linked or grounded to a discourse connective. More importantly,

this applies to not only explicit discourse connectives that occur naturally as part of the text

but also to implicit discourse relations where a discourse connective is added by annotators

during the annotation process. This is crucial to the work reported here in that it allows

us to compare the distribution of the same connective in explicit and implicit discourse

relations. In the next subsection, we will explain in detail how we compute the comparison

measures and apply them to the selection of explicit discourse connectives that can be used

for collecting good weakly labeled data.

We use the Gigaword corpus, a large unannotated newswire corpus, to extract and select

instances of explicit discourse discourse relations to supplement the manually annotated

instances from the PDTB. The Gigaword corpus is used for its large size of 2.9 billion words

and its similarity to the Wall Street Journal data from the PDTB. The source of the corpus

is drawn from six distinct international sources of English newswire dating from 1994 - 2006.

We use this corpus to extract weakly labeled data for the experiment.
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4.1.2 Discourse relation extraction pattern

We extract instances of explicit discourse relations from the Gigaword Corpus that have

the same patterns as the implicit discourse relations in the PDTB, using simple regular

expressions. We first sentence-segment the Gigaword Corpus using the NLTK sentence

segmenter (Bird, 2006). We then write a set of rules to prevent some common erroneous

cases such as because vs because of from being included.

If a discourse connective is a subordinating conjunction, then we use the following pattern:

(Clause 1) (connective) (clause 2).

Clause 1 and capitalized clause 2 are then used as Arg1 and Arg2 respectively.

If a discourse connective is a coordinating conjunction or discourse adverbial, we use the fol-

lowing pattern:

(Sentence 1). (Connective),(clause 2).

Sentence 1 and Clause 2 with the first word capitalized are used as Arg1 and Arg2 respectively.

Although there are obviously many other syntactic patterns associated with explicit discourse

connectives, we use these two patterns because these are the only patterns that are also observed

in the implicit discourse relations. We want to select instances of explicit discourse relations that

match the argument patterns of implicit discourse relations as much as possible. As restrictive as

this may seem, these two patterns along with the set of rules allow us to extract more than 200,000

relation instances from the Gigaword corpus, so the coverage is not an issue.

4.1.3 Discourse connective selection and classification criteria

We hypothesize that connectives that are omitted often and in a way that is insensitive to the

semantic context are our ideal candidates for extracting good weakly labeled data. We call this
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type of connectives freely omissible discourse connectives. To search for this class of connectives,

we need to characterize connectives by the rate at which they are omitted and by the similarity

between their context, in this case their arguments, in explicit and implicit discourse relations. This

is possible because implicit discourse connectives are inserted during annotation in the PDTB. For

each discourse connective, we can compute omission rate and context differential from annotated

explicit and implicit discourse relation instances in the PDTB and use those measures to classify

and select discourse connectives.

Omission rate (OR)

We use omission rates (OR) to measure the level of optionality of a discourse connective. The

omission rate of a type of discourse connective (DC) is defined as:

# occurrences of DC in implicit relations

# total occurrences of DC

Our intuition is that the discourse connectives that have a high level of omission rate are more

suitable as supplemental training data to infer the sense of implicit discourse relations.

Context differential

The omission of a freely omissible discourse connective should also be context-independent. If the

omission of a discourse connective leads to a different interpretation of the discourse relation, this

means that the explicit and implicit discourse relations bound by this discourse connective are not

equivalent, and the explicit discourse relation instance cannot be used to help infer the sense of the

implicit discourse relation. Conversely, if the contexts for the discourse connective in explicit and

implicit discourse relations do not significantly differ, then the explicit discourse relation instance

can be used as weakly labeled data.

To capture this intuition, we must quantify the context differential of explicit and implicit dis-

course relations for each discourse connective. We represent the semantic context of a discourse
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connective through a unigram distribution over words in its two arguments, with Arg1 and Arg2

combined. We use Jensen-Shannon Divergence (JSD) as a metric for measuring the difference be-

tween the contexts of a discourse connective in implicit and explicit discourse relations. Computing

a context differential of the discourse connective therefore involves fitting a unigram distribution

from all implicit discourse relations bound by that discourse connective and fitting another from

all explicit discourse relations bound by the same discourse connective. We choose this method

because it has been shown to be exceptionally effective in capturing similarities of discourse con-

nectives (Hutchinson, 2005) and statistical language analysis in general (Lee, 2001; Ljubesic et al.,

2008).

The Jensen-Shannon Divergence (JSD) metric for difference between Po, the semantic environ-

ments (unigram distribution of words in Arg1 and Arg2 combined) in implicit discourse relations,

and Pr, the semantic environments in explicit discourse relations, is defined as:

JSD(Po||Pr) =
1

2
D(Po||M) +

1

2
D(Pr||M)

whereM = 1
2(Po+Pr) is a mixture of the two distributions andD(.||.) is Kullback-Leibler divergence

function for discrete probability distributions:

D(P ||Q) =
∑

i

ln(
P (i)

Q(i)
)P (i)

4.1.4 Discourse Connective Classification

Using the two metrics, we can classify discourse connectives into the following classes:

1. Freely omissible: High OR and low JSD

2. Omissible: Low non-zero OR and low JSD.

3. Alternating I: High OR and high JSD.

4. Alternating II: Low non-zero OR and high JSD.
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5. Non-omissible: Zero OR. JSD cannot be computed because the connectives are never found

in any implicit discourse relations.

Classifying the connectives into these classes allow us to empirically investigate which explicit

discourse relations are useful as supplemental training data for determining the sense of implicit

discourse relations. We discuss each type of connectives below.

Freely omissible discourse connectives

These are connectives whose usage in implicit and explicit discourse relations is indistinguishable

and therefore suitable as a source of supplemental training data. These connectives are defined as

having high omission rate and low context differential. This definition implies that the omission

is frequent and insensitive to the context. “Because” and “in particular” in (9) and (10) are

such connectives. Dropping them has minimal impact on the understanding the discourse relation

between their two arguments and one might argue they even make the sentences sound more natural.

(9) We cleared up questions and inconsistencies very quickly because the people who had the

skills and perspective required to resolve them were part of the task team. (WSJ0562)

(10) Both companies are conservative marketers that rely on extensive market research. P&G,

in particular, rarely rolls out a product nationally before extensive test-marketing. (WSJ0589)

Omissible discourse connectives

They are connectives whose usage in implicit and explicit discourse relations is indistinguishable,

yet they are not often omitted because the discourse relation might be hard to interpret without

them. These connectives are defined as having low omission rate and low context differential. For

example,

(11) Such problems will require considerable skill to resolve. However, neither Mr. Baum nor Mr.

Harper has much international experience. (WSJ0109)

58



CHAPTER 4. DISTANT SUPERVISION FROM DISCOURSE CONNECTIVES

One can infer from the discourse that the problems require international experience, but Mr.

Baum and Mr. Harper don’t have that experience even without the discourse connective “however”.

In other words, the truth value of this proposition is not affected by the presence or absence of this

discourse connective. The sentence might sound a bit less natural, and the discourse relation seems

a bit more difficult to infer if “however” is omitted.

Alternating discourse connectives

They are connectives whose usage in implicit and explicit discourse relations is substantially dif-

ferent and they are defined as having high context differential. Having high context differential

means that the two arguments of an explicit discourse connective differ substantially from those of

an implicit discourse. An example of such discourse connectives is “nevertheless” in (12). If the

discourse connective is dropped, one might infer Expansion or Contingency relation instead of

Comparison indicated by the connective.

(12) Plant Genetic’s success in creating genetically engineered male steriles doesn’t automatically

mean it would be simple to create hybrids in all crops. Nevertheless, he said, he is negotiating

with Plant Genetic to acquire the technology to try breeding hybrid cotton. (WSJ0209)

We hypothesize that this type of explicit discourse relations would not be useful as extra training

instances for inferring implicit discourse relations because they will only add noise to the training

set.

Non-omissible discourse connectives

They are defined as discourse connectives whose omission rate is close to zero as they are never

found in implicit discourse relations. For example, conditionals can not be easily expressed without

the use of an explicit discourse connective like “if”. We hypothesize that instances of explicit

discourse relations with such discourse connectives would not be useful as additional training data
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for inferring implicit discourse relations because they represent discourse relation senses that do

not exist in the implicit discourse relations.

4.2 Experiments

4.2.1 Partitioning the discourse connectives

We only include the discourse connectives that appear in both explicit and implicit discourse

connectives in the PDTB to make the comparison and classification possible. As a result, we only

analyze 69 out of 134 connectives for the purpose of classification. We also leave out 15 connectives

whose most frequent sense acccounts for less than 90% of their instances. For example, since can

indicate a Temporal sense or a Contingency sense of almost equal chance, so it is not readily

useful for gathering weakly labeled data. Ultimately, we have 54 connectives as our candidates for

freely omissible discourse connectives.

We first classify the discourse connectives based on their omission rates and context differentials

as discussed in the previous section and partition all of the explicit discourse connective instances

based on this classification. The distributions of omission rates and context differentials show

substantial amount of variation among different connectives. Many connectives are rarely omitted

and naturally form its own class of non-omissible discourse connectives (Figure 4.1). We run the

agglomerative hierchical clustering algorithm using Euclidean distance on the rest of the connectives

to divide them into two groups: high omission and low omission rates. The boundary between the

two groups is around 0.65.

The distribution of discourse connectives with respect to the context differential suggests two

distinct groups across the two corpora (Figure 4.2). The analysis only includes connectives that are

omitted at least twenty times in the PDTB corpus, so that JSD can be computed. The hierarchical

clustering algorithm divides the connectives into two groups with the boundary at around 0.32, as

should be apparent from the histogram. The JSD’s computed from the explicit discourse relations
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Figure 4.1: Omission rates of the discourse connective types vary drastically, suggesting that
connectives vary in their optionality. Some connectives are never omitted.

from the two corpora are highly correlated (ρ = 0.80, p < 0.05), so we can safely use the Gigaword

corpus for the analysis and evaluation.

The omission rate boundary and context differential boundary together classify the discourse

connectives into four classes in addition to the non-omissible connectives. When plotted against

each other, omission rates and context differential together group the discourse connectives nicely

into clusters (Figure 4.3). For the purpose of evaluation, we combine Alternating I and II into one

class because each individual class is too sparse on its own. The complete discourse connective

classification result is displayed in Table 4.1.

4.2.2 Evaluation results

We formulate the implicit relation classification task as a 4-way classification task in a departure

from previous practice where the task is usually set up as four one vs other binary classification

tasks so that the effect of adding the distant supervision from the weakly labeled data can be more

easily studied. We also believe this setup is more natural in realistic settings. Each classification

instance consists of the two arguments of an implicit discourse relation, typically adjacent pairs of

sentences in a text. The distribution of the sense labels is shown in Table 4.2. We follow the data

61



CHAPTER 4. DISTANT SUPERVISION FROM DISCOURSE CONNECTIVES

Class Name OR JSD Connectives
Alternating I High High further, in sum, in the end, overall, similarly, whereas
Alternating II Low High earlier, in turn, nevertheless, on the other hand, ultimately
Freely Omissible High Low accordingly, as a result, because, by comparison, by contrast,

consequently, for example, for instance, furthermore, in fact,
in other words, in particular, in short, indeed, previously,
rather, so, specifically, therefore,

Omissible Low Low also, although, and, as, but, however, in addition, instead,
meanwhile, moreover, rather, since, then, thus, while

Non-omissible zero NA as long as, if, nor, now that, once, otherwise, unless, until

Table 4.1: Classification of discourse connectives based on omission rate (OR) and Jensen-
Shannon Divergence context differential (JSD).

Sense Train Dev Test
Comparison 1855 189 145
Contingency 3235 281 273
Expansion 6673 638 538
Temporal 582 48 55
Total 12345 1156 1011

Table 4.2: The distribution of senses of implicit discourse relations in the PDTB
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Figure 4.2: The distributions of Jensen-Shannon Divergence from both corpora shows two
potential distinct clusters of discourse connectives.

split used in previous work for a consistent comparison (Rutherford and Xue, 2014). The PDTB

corpus is split into a training set, development set, and test set. Sections 2 to 20 are used to train

classifiers. Sections 0 and 1 are used for developing feature sets and tuning models. Section 21 and

22 are used for testing the systems.

To evaluate our method for selecting explicit discourse relation instances, we extract weakly

labeled discourse relations from the Gigaword corpus for each class of discourse connective such

that the discourse connectives are equally represented within the class. We train and test Maximum

Entropy classifiers by adding varying number (1000, 2000, . . . , 20000) of randomly selected explicit

discourse discourse relation instances to the manually annotated implicit discourse relations in the

PDTB as training data. We do this for each class of discourse connectives as presented in Table

4.1. We perform 30 trials of this experiment and compute average accuracy rates to smooth out

the variation from random shuffling of the weakly labeled data.

The statistical models used in this study are from the MALLET implementation with its default

setting (McCallum, 2002). Features used in all experiments are taken from the state-of-the-art

implicit discourse relation classification system (Rutherford and Xue, 2014). The feature set consists

of combinations of various lexical features, production rules, and Brown cluster pairs. These features
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Figure 4.3: The scattergram of the discourse connectives suggest three distinct classes. Each
dot represents a discourse connective.

are described in greater detail by Pitler et al. (2009) and Rutherford and Xue (2014).

Instance reweighting is required when using weakly labeled data because the training set no

longer represents the natural distribution of the labels. We reweight each instance such that the

sums of the weights of all the instances of the same label are equal. More precisely, if an instance

i is from class j, then the weight for the instance wij is equal to the inverse proportion of class j:

wij =
Number of total instances

Size of class j ·Number of classes

=

∑k
j′ cj′

cj · k
=

n

cj · k

where cj is the total number of instances from class j and k is the number of classes in the dataset

of size n. It is trivial to show that the sum of the weights for all instances from class j is exactly

n
k for all classes.

The impact of different classes of weakly labeled explicit discourse connective relations is il-

lustrated in Figure 4.4. The results show that expicit discourse relations with freely omissible
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Figure 4.4: Discourse connectives with high omission rates and low context differentials lead
to highest performance boost over the state-of-the-art baseline (dotted line). Each point is
an average over multiple trials. The solid lines are LOESS smoothing curves.

discourse connectives (high OR and low JSD) improve the performance on the standard test set

and outperform the other classes of discourse connectives and the naive approach where all of the

discourse connectives are used. In addition, it shows that on average, the system with weakly

labeled data from freely omissible discourse connectives continues to rise as we increase the number

of samples unlike the other classes of discourse connectives, which show the opposite trend. This

suggests that discourse connectives must have both high omission rates and low context differential

between implicit and explicit use of the connectives in order to be helpful to the inference of implicit

discourse relations.

Table 4.3 presents results that show, overall, our best performing system, the one using distant

supervision from freely omissible discourse connectives, raises the accuracy rate from 0.550 to 0.571
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Baseline Baseline
features + extra data

Expansion Precision 0.608 0.614
Recall 0.751 0.788
F1 0.672 0.691

Comparison Precision 0.398 0.449
Recall 0.228 0.276
F1 0.290 0.342

Contingency Precision 0.465 0.493
Recall 0.418 0.396
F1 0.440 0.439

Temporal Precision 0.263 0.385
Recall 0.091 0.091
F1 0.135 0.147

Accuracy 0.550 0.571
Macro-Average F1 0.384 0.405

Table 4.3: Our current 4-way classification system outperforms the baseline overall. The
difference in accuracy is statistically significant (p < 0.05; bootstrap test).

(p < 0.05; bootstrap test) and the macro-average F1 score from 0.384 to 0.405. We achieve such

performance after we tune the subset of weakly labeled data to maximize the performance on the

development set. Our distant supervision approach improves the performance by adding more

weakly labeled data and no additional features.

For a more direct comparison with previous results, we also replicated the state-of-the-art

system described in Rutherford and Xue (2014), who follows the practice of the first work on this

topic (Pitler et al., 2009) in setting up the task as four binary one vs. other classifiers. The results

are presented in Table 4.4. The results show that the extra data extracted from the Gigaword

Corpus is particularly helpful for minority classes such as Comparison vs. Others and Temporal

vs Others, where our current system significantly outperforms that of Rutherford and Xue (2014).

Interestingly, the Expansion vs. Others classifier did not improve as the Expansion class in the

four-way classification (Table 4.3).
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R&X Baseline Baseline
(2014) + extra data

Comparison vs Others 0.397 0.410 0.380
Contingency vs Others 0.544 0.538 0.539
Expansion vs Others 0.702 0.694 0.679
Temporal vs Others 0.287 0.333 0.246

Table 4.4: The performance of our approach on the binary classification task formulation.

Gigaword Gigaword
Class only + Implicit PDTB

Freely omissible 0.505 0.571
Omissible 0.313 0.527

Alternating I + II 0.399 0.546
Non-Omissible 0.449 0.554
All of above 0.490 0.547

Table 4.5: The accuracy rates for the freely omissible class are higher than the ones for the
other classes both when using the Gigaword data alone and when using it in conjunction
with the implicit relations in the PDTB.

4.2.3 Just how good is the weakly labeled data?

We performed additional experiments to get a sense of just how good the weakly labeled data

extracted from an unlabeled corpus are. Table 4.5 presents four-way classification results using just

the weakly labeled data from the Gigaword Corpus. The results show that the same trend holds

when the implicit relations from the PDTB are not included in the training process. The freely

omissible discourse connectives achieves the accuracy rate of 0.505, which is significantly higher

than the other classes, but they are weaker than the manually labeled data, which achieves the

accuracy rate of 0.550 for the same number of training instances.

Weakly labeled data are not perfectly equivalent to the true implicit discourse relations, but

they do provide strong enough additional signal. Figure 4.5 presents experimental results that

compare the impact of weakly labeled data from Gigaword Corpus vs gold standard data from

the PDTB for the freely omissible class. The mean accuracy rates from the PDTB data are
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Figure 4.5: The PDTB corpus leads to more improvement for the same amount of the data.
However, Gigaword corpus achieves significantly better performance (p < 0.05; bootstrap
test) when both models are tuned on the developement set.

significantly higher than those from the Gigaword Corpus (p <0.05; t-test and bootstrap test) for

the same number of training instances combined with the implicit discourse relations. However,

when the number of introduced weakly labeled data exceeds a certain threshold of around 12,000

instances, the performance of the Gigaword corpus rises significantly above the baseline and the

explicit PDTB (Figure 4.4).

The relative superiority of our approach derives precisely from the two selection criteria that

we propose. The performance gain does not come from the fact that freely omissible discourse

connectives have better coverage of all four senses (Table 4.6). When all classes are combined

equally, the system performs worse as we add more samples although all four senses are covered.

The coverage of all four senses is not sufficient for a class of discourse connectives to boost the

performance. The two selection criteria are both necessary for the success of this paradigm.

4.3 Related work

Previous work on implicit discourse relation classification have focused on supervised learning

approaches (Lin et al., 2010a; Rutherford and Xue, 2014), and the distantly supervised approach

68



CHAPTER 4. DISTANT SUPERVISION FROM DISCOURSE CONNECTIVES

Sense
Class Comp. Cont. Exp. Temp.
Freely omissible 2 6 10 1
Omissible 4 2 5 3
Alternating I 1 0 5 0
Alternating II 2 0 0 3
Non-omissible 0 3 3 2

Table 4.6: The sense distribution by connective class.

using explicit discourse relations has not shown satisfactory results (Pitler et al., 2009; Park and

Cardie, 2012; Wang et al., 2012; Sporleder and Lascarides, 2008) Explicit discourse relations have

been used to remedy the sparsity problem or gain extra features with limited success (Biran and

McKeown, 2013; Pitler et al., 2009). Our heuristics for extracting discourse relations has been

explored in the unsupervised setting (Marcu and Echihabi, 2002b), but it has never been evaluated

on the gold standard data to show its true efficacy. Our distant supervision approach chooses only

certain types of discourse connectives to extract weakly labeled data and is the first of its kind to

improve the performance in this task tested on the manually annotated data.

Distant supervision approaches have recently been explored in the context of natural language

processing due to the recent capability to process large amount of data. These approaches are

known to be particularly useful for relation extraction tasks because training data provided do

not suffice for the task and are difficult to obtain (Riloff et al., 1999; Yao et al., 2010). For

example, Mintz et al. (2009) acquire a large amount of weakly labeled data based on the Freebase

knowledge base and improves the performance of relation extraction. Distantly supervised learning

has also recently been demonstrated to be useful for text classification problems (Speriosu et al.,

2011; Marchetti-Bowick and Chambers, 2012). For example, Thamrongrattanarit et al. (2013)

use simple heuristics to gather weakly labeled data to perform text classification with no manually

annotated training data.

Discourse connectives have been studied and classified based on their syntactic properties such

subordinating conjunction, adverbials, etc. (Fraser, 2006; Fraser, 1996). While providing a useful
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insight into how discourse connectives fit into utterances, the syntactic classification does not seem

suitable for selecting useful discourse connectives for our purposes of distant supervision for our

task.

4.4 Conclusion and Future Directions

We propose two selection criteria for discourse connectives that can be used to gather weakly

labeled data for implicit discourse relation classifiers and improve the performance of the state-

of-the-art system without further feature engineering. As part of this goal, we classify discourse

connectives based on their distributional semantic properties and found that certain classes of

discourse connectives cannot be omitted in every context, which plague the weakly labeled data

used in previous studies. Our discourse connective classification allows for the better selection of

data points for distant supervision.

More importantly, this work presents a new direction in distantly supervised learning paradigm

for implicit discourse relation classification. This virtual dramatic increase in the training set size

allows for more feature engineering and more sophisticated models. Implicit discourse relation

classification is now no longer limited to strictly supervised learning approaches.
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Neural Discourse Mixture Model

Sentences in the same body of text must be coherent. To compose a paragraph that “makes sense,”

the sentences must form a discourse relation, which manifests the coherence between the sentences.

Adjacent sentences can form a discourse relation even with the absence of discourse connectives

such as because, which signals a causal relation, or afterwards, which signals a temporal relation.

These implicit discourse relations abound in naturally occurring text, and people can infer them

without much effort. Although crucial for summarization systems (Louis et al., 2010), and text

quality assessment (Pitler and Nenkova, 2008; lou, 2014) TODO, among many other applications,

the task of classifying implicit discourse relations remains a challenge for an automatic discourse

analysis.

The main difficulty of modeling and classifying discourse relations lies in the problem of repre-

sentation, which feature engineering might not be able to fully address. Traditional approaches to

discourse relation classification involve loading a Naive Bayes classifier with a battery of features

extracted from syntactic parses and various lexicons (Pitler et al., 2009; Park and Cardie, 2012).

The best performing system in this paradigm replaces all the words with their Brown cluster as-

signment (Brown et al., 1992) and uses their cartesian product as features (Rutherford and Xue,

2014). This method is effective because it reduces the sparsity in the feature space while introduc-
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ing latent semantic features. Sparsity reduction is one of the main motivations for our work and

previous works in this domain (Biran and McKeown, 2013; Li and Nenkova, 2014).

Distributed representation has been successfully employed to enhance many natural language

systems due to new modeling techniques and larger computational capacity. This representation

treats a word or a feature as a vector of real-valued numbers which are derived from massive

amount of unannotated data. No longer treated as a discrete atomic symbol, a word or a feature

has more expressive power, which improves the performance of many applications. Notably, word-

level distributed representation has been shown to improve fact extraction (Paşca et al., 2006),

query expansion (Jones et al., 2006), and automatic annotation of text (Ratinov et al., 2011).

We would like to investigate the effectiveness of distributed representation in modeling discourse

relations. In this paper, we propose a distributed discourse model composed from individual word

vectors and aim to use the model to classify implicit discourse relations.

We use a neural network model architecture to combine the computational efficiency of Naive

Bayes models and the expressiveness of word vectors. Naive Bayes is the most efficient and consis-

tently best-performing model thus far for discourse relation classification, despite the use of millions

of features (Pitler et al., 2009; Park and Cardie, 2012; Rutherford and Xue, 2014). Multilayer neural

networks, on the other hand, cannot handle a large number of features without enormous compu-

tational resources, but their structure allows for the capability to take advantage of word vectors

and intermediate representations of a discourse vector, which might benefit classification.

Our contributions from this work are three-fold.

1. We propose the Neural Discourse Mixture Model as the new state-of-the-art implicit dis-

course relation classification and the first neural discourse model for written text. The model

improves the performance of the implicit discourse relation classifier by a significant margin

compared to Rutherford and Xue (2014) baseline.

2. Through series of experiments, we establish that neural word embeddings and their inter-

mediate abstraction provide better representation of discourse relations than Brown cluster
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pairs alone. This suggests that neural network model is a promising direction for discourse

analysis and classification.

3. We propose and use Skip-gram Discourse Vector Model to model each discourse relation as a

discourse vector composed from individual Skip-gram vectors. Cluster analysis of the model

reveals many linguistic phenomena implicated in discourse relations.

5.1 Corpus and Task Formulation

The Penn Discourse Treebank (PDTB) is a layer of annotation on top of Wall Street Journal articles

in the Penn Treebank (Prasad et al., 2008; Marcus et al., 1993). A discourse relation is defined as a

local coherence relation between the two arguments, which can be a sentence, a constituent, or an

arbitrary incontiguous span of text. Implicit discourse relations are relations whose two arguments

(called Arg1 and Arg2) are coherent without the use of discourse connectives such as although,

and, and when. The corpus contains roughly the same number of implicit and explicit discourse

relations.

The types or senses of discourse annotations are also annotated. The senses more specifically de-

scribe the way in which Arg1 and Arg2 are related. The sense inventory is organized hierarchically.

The top level senses are Comparison, Contingency, Expansion, and Temporal. Our work

focuses on the top level senses because they are the four discourse relations that various discourse

analytic theories agree on (Mann and Thompson, 1988) and they contain relatively larger numbers

of tokens for training and evaluating. Consistent with the previous work, the task is formulated

as four separate one-vs-all classification problems. We use the same model architecture for all four

binary classification tasks.
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Figure 5.1: Schematic depiction of the architecture of the Neural Discourse Mixture Model

5.2 The Neural Discourse Mixture Model Architecture

The Neural Discourse Mixture Model (NDMM) makes use of the strength of semantic abstraction

achieved by distributed word vector representation and combines it with the binary features tradi-

tionally used in Naive Bayes implicit discourse relation classification. The main motivation of the

NDMM derives from exploiting multiple levels of representations: discrete-valued Brown word clus-

ter pairs and continuous-valued Skip-gram word embeddings. Brown word cluster pairs are shown

to capture many high-level discursive phenomena but suffer from the sparsity problem (Rutherford

and Xue, 2014). On the other hand, distributed word vectors are not sparse and lend themselves

to semantic abstraction through neural network models. When used together, they should provide

us with extra information that captures the characteristics of each type of discourse relation.

The architecture of the NDMM takes advantage of multi-level representation by integrating
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Figure 5.2: In the Skip-gram architecture, word vectors (projection) are induced such that
one can use the learned weights to predict the co-occurring words (output).

a component from the Mixture of Experts model (Jacobs et al., 1991). The model consists of

two standard multilayer neural networks and a gating network that mixes the output from the

two models (Figure 5.1). The number of hidden layers have been optimized and tuned on the

development set to attain the best performance. These three main components of NDMM are

detailed in the following subsections.

5.2.1 Discourse Vector Network

The idea behind the discourse vector network is that we want to build an abstract representation

of a discourse relation in a bottom-up manner from word to discourse argument and to discourse

vectors. A discourse argument (Arg1 or Arg2) vector is formed by adding up Skip-gram word

vectors. A discourse vector – the input to the network – is the concatenation of Arg1 and Arg2

vectors. An abstract representation vector is formed in the hidden layers by a linear combination

of the elements in the discourse vector.

The Skip-gram model is an efficient method for learning high-quality distributed word vector

representation (Mikolov et al., 2013a; Mikolov et al., 2013b). A Skip-gram word vector is induced

such that the values in the vector encode co-occurring words within a certain window (Figure
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5.2). One of the attractive properties of Skip-gram word vectors is additive compositionality. For

example, the vector composed by adding up the vectors for “Vietnam” and “capital” is closest to

the vector for “Hanoi” among the other vectors in the vocabulary. We exploit this property to

construct the input layer.

The input layer for this model is the concatenation of two vectors, which represent Arg1 and

Arg2 in the discourse relation in question. Each word in the vocabulary is associated with a word

vector learned by a Skip-gram model on a separate large unannotated corpus. Each argument

vector is composed by adding all of the word vectors in the argument element-wise. These two

argument vectors A1 and A2 are then concatenated to form a discourse vector. More precisely, if

Arg i has n words wi1, wi2, . . . win and Vx ∈ Rd is a word vector for word x learned by a Skip-gram

model, then

Ai =
n∑

t=1

Vwit .

A Skip-gram discourse vector Xs ∈ R2d is the concatenation of A1 and A2:

Xs =

[
A1

A2

]

The network has two hidden layers. The first hidden layer is a standard non-linearly activated

hidden layer connected to the input layer filled with a discourse vector:

H1 = σ(Xs ·W s
1 )

where H1 ∈ Rk is a hidden layer with k units, W1 ∈ R2d×k is the associated weight matrix, and

σ : R→ [0, 1] is a non-linear activation function such as rectified linear unit activation function or

sigmoid function.

Similarly, the second hidden layer is a standard non-linearly activated hidden layer of the same
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size and feeds forward to the softmax-activated output layer:

H2 = σ(H1 ·W s
2 )

Ys = softmax(H2 ·W s
3 )

where H2 ∈ Rk is the second hidden layer, and W2 ∈ Rk×k is the associated weight matrix.

W3 ∈ Rk×2 is the weight matrix for the softmax output layer, which outputs the probability vector

Ys ∈ R2 over the two binary labels.

5.2.2 Naive Bayes Network

We enhance the previous approaches by further processing the outputs of the four binary Naive

Bayes classifiers through a hidden layer of a neural network model. One motivation to use a Naive

Bayes Network with a hidden layer is to potentially downweight the influence of the confusable

labels. For example, we note that Expansion and Temporal labels are easily confusable. De-

pending on the training process, the hidden layer might act like an XOR function over these two

labels and downweight the probability output of the Naive Bayes Network.

Another motivation for a Naive Bayes Network is to cut the computational cost incurred by the

large feature set. Unlike Naive Bayes classifiers, multilayer neural network models cannot support

the large feature set required by the previous work because the number of parameters becomes

prohibitively large compared to the dataset size when connected to a hidden layer. Instead of

directly injecting this gigantic feature set into the model, we train a set of one-vs-all Naive Bayes

classifiers and feed their outputs to a neural network for further processing.

Four one-vs-all Naive Bayes classifiers are trained. We use all of the features from Rutherford

and Xue (2014). The combined outputs Xb ∈ {0, 1}4 from the four classifiers are used as the input
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Figure 5.3: The general model architecture of Mixture of Experts model. The outputs from
experts 1 through n are aggregated based on the mixing proportions g1, g2, . . . , gn, which are
calculated from the pattern of the input X.

to the network:

Xb =




Bexpansion

Bcomparison

Bcontingency

Btemporal



,

where Bl is the output from the Naive Bayes classifier for label l against the other labels. Bl = 1

if the classifier for label l classifies that discourse relation as l. Bl = 0 otherwise.

The network has one hidden layer and one output layer. The hidden layer contains 10 units.

The output layer yields a probability vector Yb over the positive and negative label through softmax

function:

Yb = softmax(σ(Xb ·W b
1 ) ·W b

2 ),

where W b
1 ∈ R4×10 and W b

2 ∈ R10×2 are associated weight matrices.

5.2.3 Gating Network

The gating network acts to optimally allocate weights among the sub-modular networks based on

the input vector. The gating network effectively selects the appropriate training samples for each of
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the submodules during training and selects the outputs from the appropriate sub-modules during

classification. We hypothesize that a Naive Bayes Network might perform better than a discourse

vector network when Arg1 and Arg2 are long, which might deteriorate the compositionality of Skip-

gram vectors. This gating or reweighting process and the training process of the two sub-modular

networks are data-driven and done simultaneously through the Mixture of Experts architecture

(Figure 5.3)

The Mixture of Experts model is a neural network model that consists of multiple sub-modular

“expert” neural networks and a gating network that assigns weights for each expert network based

on the input (Jacobs et al., 1991). During training, the gating network learns to detect which

subset of input pattern is suitable for which expert and simultaneously makes each expert become

specialized in a certain subset of input patterns. Therefore, the parameters in a sub-modular expert

network will turn out differently when trained in a Mixture of Experts model than when trained on

its own. During classification, the gating network decides which expert should receive more vote

and then combines the classification results from the experts accordingly.

The NDMM can be thought of as an instance of the Mixture of Experts model. The two sub-

modular networks are the discourse vector network and the Naive Bayes Network as described in

the previous sections. The input for the gating network is the concatenation of Skip-gram discourse

vector Xs and the input vector for the Naive Bayes Network Xb defined above. The gating layer

output Yg is softmax-activated:

Yg = σ(

[
Xs

Xb

]
·W g).

Each value of Yg corresponds to the weight that a sub-modular network receives. The final output

Y is a weighted average of the output from the two sub-modular networks:

Z = [Ys, Yb]

Y = Z · Yg,
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where Z ∈ R2×2 and Ys, Yb, and Yg ∈ R2 are column vectors as described previously.

5.2.4 Training Procedure

The gating network, discourse vector network, and Naive Bayes network are trained simultaneously

within the same network using the backpropagation algorithm. The objective function is a weighted

cross-entropy loss function. Word vectors used in composing discourse vectors are trained separately

on a separate corpus and fixed during the training process.

5.3 Experimental Setup

The experimental setup is consistent with the state-of-the-art baseline system in classifying implicit

discourse relations (Rutherford and Xue, 2014). The PDTB corpus is split into training set, devel-

opment set, and test set accordingly. Sections 2 to 20 are used for training the networks (12,345

instances). Sections 0–1 are used for developing feature sets and tuning hyper parameters (1,156

instances). Section 21–22 are used for testing the systems (1,011 instances).

Each instance of an implicit discourse relation consists of the text spans from the two arguments.

The task is formulated as one-vs-all classification task. The label is either positive or negative,

where the positive label is the label of interest such as Temporal relation and the negative label

is non-Temporal.

We follow the recipe set out by Rutherford and Xue (2014) to create a baseline Naive Bayes

classifier. All of the linguistic pre-processing tasks are done automatically to generate some of the

features that Naive Bayes classifiers require. We use the Stanford CoreNLP suite to lemmatize

and part-of-speech tag each word (Toutanova et al., 2003; Toutanova and Manning, 2000), obtain

the phrase structure and dependency parses for each sentence (De Marneffe et al., 2006; Klein and

Manning, 2003), identify all named entities (Finkel et al., 2005), and resolve coreference (Raghu-

nathan et al., 2010; Lee et al., 2011; Lee et al., 2013). We use MALLET implementation of Naive
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Bayes classifier (McCallum, 2002). The features that this Naive Bayes baseline and the Naive Bayes

Network have in common are taken from the project site to generate exactly identical feature sets.

The Skip-gram word vector dictionary in this experiment is induced from a Google News dataset

of about 100 billion words1. The dictionary contains 300-dimensional vectors for 3 million words

and phrases. Words that are not in the dictionary are excluded and ignored when composing

discourse vectors.

Mini-batch backpropagation algorithm and AdaGrad algorithm were used to train the model

(Duchi et al., 2011b). We tune all of the hyperparameters on the development set: the activation

functions (sigmoid or rectified linear unit), number hidden layers (1, 2, 3 layers), number of hidden

units (100, 500, 700, 1,000, 1,200, 1,500 units), meta-learning rate for AdaGrad (0.001, 0.05, 0.01),

and mini-batch size (5, 10, 20, 30). We train the model with and without unsupervised pre-training

(Hinton et al., 2006).

The algorithms are implemented in the high-level dynamic programming language Julia (Bezan-

son et al., 2012). The code, along with the configuration files and all of the feature matrices, is

made available at www.github.com/[anonymized]. The implementation provided on the project

site is flexible enough to generalize to other datasets.

We evaluate the NDMM against four baseline systems (detailed in the following subsections)

to tease apart the comparative effectiveness of individual sub-modules in the network.

5.3.1 Naive Bayes classifier with Brown cluster pairs only (NB+B)

We want to test the efficacy of Brown cluster pair features as the representation of discourse relation.

So far Brown cluster pair features are one of the more effective features for this task (Rutherford

and Xue, 2014). To generate Brown cluster pair representation, we replace the words with their

Brown cluster assignment induced by Brown word clustering algorithm (Brown et al., 1992; Turian

et al., 2010). Brown cluster pairs are the cartesian product of the set of Brown clusters in Arg1

1freely available at code.google.com/p/word2vec/
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and the set of Brown clusters from Arg2. For example, if Arg1 has two words w1,1, w1,2, and Arg2

has three words w2,1, w2,2, w2,3, then the word pair features are (b1,1, b2,1), (b1,1, b2,2), (b1,1, b2,3),

(b1,2, b2,1), (b1,2, b2,2), (b1,2, b2,3), where bi,j is Brown cluster assignment for wi,j .

For our purpose, the implementation of feature generation is taken from the code on the project

site provided by Rutherford and Xue (2014).

5.3.2 Rutherford & Xue 2014 baseline (NB+B+L)

The comparison against this strongest baseline shows us whether the NDMM works better than

the simpler traditional approach or not. This baseline uses Naive Bayes classifiers loaded with

Brown cluster pairs (like the baseline in 5.3.1) and other linguistic features. We hypothesize that

the NDMM should outperform this – and every other – baseline because it adapts model training

process to the use of multiple levels of discourse relation representation. In addition to Brown cluster

pairs, the feature set consists of combinations of first, last, and first 3 words, numerical expressions,

time expressions, average verb phrase length, modality, General Inquirer tags, polarity, Levin verb

classes, and production rules. These features are described in greater detail in Pitler et al. (2009).

5.3.3 Naive Bayes Network baseline (NBN)

We want to compare the NDMM against this Naive Bayes network sub-module to evaluate the

margin of improvement before adding the discourse vector network and the gating network. We

separate out this sub-module of the NDMM and train it without the gating layer. The network

architecture is described in Section 5.2.2. The input layer consists of the outputs from the four

one-vs-all best-performing classifiers. The output layer of the Naive Bayes network is the final

output layer that decides the final classification.
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Best discourse vector network configuration when trained in the NDMM
Task Hidden layers Batch size

Comparison 2× 700 units 5
Contingency 2× 100 units 20
Expansion 2× 100 units 10
Temporal 2× 1000 units 5

Best discourse vector network configuration when trained separately
Task Hidden layers Batch size

Comparison 2× 500 units 30
Contingency 2× 1000 units 5
Expansion 2× 1200 units 20
Temporal 2× 1500 units 10

Table 5.1: The number of hidden units and the mini-batch sizes are tuned on the development
set. When trained separately, discourse vector network requires many more hidden units to
attain the best results.

5.3.4 Discourse Vector Network baseline (DVN)

We want to test the efficacy of our discourse vectors in representing discourse relations for the

purpose of discourse relation classification. We hypothesize that the performance of this baseline

should be better than all previous baselines because of superior representational power. To test

our hypothesis, the discourse vector network is trained separately without the gating layer. The

output layer of the discourse vector network makes the final classification decision.

5.4 Results and Discussion

The NDMM converges smoothly on the order of hours, on a single core. The results are robust

against random initialization. Unsupervised pre-training consistently hurts the performance, so we

leave out the results from the experiments with unsupervised pre-training. A possible explanation

is that our hidden layers are not large enough to benefit from the pre-training routine (Erhan et

al., 2010). The best performing configuration for each classification task is shown in Table 5.1. The

best meta-learning rate is 0.001. Sigmoid function and Rectified Linear Unit (ReLU) function yield
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System Section Architecture Representation of discourse relation

NB+B 5.3.1 Naive Bayes Brown cluster pairs
NB+B+L 5.3.2 Naive Bayes Brown cluster pairs + other linguistics features

NBN 5.2.2 Neural Net 4-dimensional output from NB+B+L
DVN 5.2.1 Neural Net Distributed discourse vector built up from Skip-gram

word vectors
NDMM 5.2 Mixture of Experts Mixture of NBN and DVN

System Comparison Contingency Expansion Temporal
vs others vs others vs others vs others

P R F1 P R F1 P R F1 P R F1

NB+B 29.58 48.97 36.88 45.66 59.71 51.75 64.84 59.29 61.94 12.70 70.91 21.54
NB+B+L 27.34 72.41 39.70 44.52 69.96 54.42 59.59 85.50 70.23 18.52 63.64 28.69
NBN 31.16 49.65 38.29 47.20 68.13 55.77 58.27 90.33 70.84 19.52 60.00 29.46
DVN 32.50 63.44 42.99 46.41 71.06 56.15 63.14 65.61 64.35 26.60 52.72 35.36

NDMM 35.24 55.17 43.01 49.60 69.23 57.79 59.47 88.10 71.01 26.60 52.72 35.36

Table 5.2: The Neural Discourse Mixture Model improves the performance of all four clas-
sification tasks. The discourse vector network performs comparably for Comparison and
Temporal relations.

similar results. Only the results from ReLU are shown.

The NDMM improves the performance on all four discourse relation types in the test set (Table

5.2). When trained separately, the discourse vector network and the Naive Bayes network perform

worse than the NDMM for all tasks. The Comparison and Temporal relations receive the highest

boost in performance. The NDMM successfully combines the strength of the two sub-modular

networks and raises the bar for the implicit relation classification.

Distributed discourse vector representation embedded in our new approach indeed provides a

superior representation for discourse relation to Brown cluster pairs. The DVN alone outperforms

the Naive Bayes model with Brown cluster pair features by 7% absolute on average. As simple as

it seems, discourse vectors composed from summing Skip-gram word vectors are very effective in

representing discursive information within the relation.

More strikingly, the DVN in isolation performs well in comparison to the NDMM given its

small number of features. The DVN uses only 600 continuous-valued features, which is minuscule

compared to most NLP tasks. The network achieves slightly inferior yet comparable results for all

categories except for the Expansion relations. The strength of this network lies in the hidden layers,
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whose weights are learned from the data. Most of the heavy lifting is done in the hidden layers. As

a consequence, the best configuration for isolated DVN uses substantially more hidden units than

the DVN trained within the NDMM, probably to compensate for the information from the Naive

Bayes Network (Table 5.1). These results suggest that implicit discourse relation classification does

not necessarily require manual feature engineering effort to attain similar performance. If we can

represent the discourse relation in a sensible or linguistically-motivated fashion, we can build a

model that is less reliant on expensive manually annotated resources.

5.5 Skip-gram Discourse Vector Model

Now that we have demonstrated the capacity of the NDMM and the DVN as classification models,

we would like to investigate the effectiveness of Skip-gram discourse vector space as a discourse

model. Vector addition seems like a very naive way to compose individual word vectors into a

sentence or a discourse as the word ordering is totally disregarded. However, it is evident from the

previous experiment that this discourse representation is comparable if not better than the largely

manually crafted feature vector when used in a classification setting. If a discourse vector used

by the NDMM is indeed a decent representation of a discourse relation in question, then a set of

discourse relations should cluster in a linguistically interpretable manner to some degree.

We conduct a clustering analysis to test whether Skip-gram discourse vectors are valid repre-

sentations of discourse relations. We convert all of the implicit discourse relations in the training

set into Skip-gram discourse vectors as defined in Section 5.2.1. Then we run hierarchical cluster-

ing with respect to Euclidean distance. The distance between two discourse vectors X1 and X2 is

simply the L2 norm of the difference between the two vectors: ||X1−X2||2. The resulting hierarchy

is cut such that 500 clusters are induced.

Close inspection of individual clusters provide some insight into how Skip-gram discourse vectors

help with discourse relation classification. In general, we do not notice any clusters that share similar
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syntactic structures. Most clusters seem to be organized semantically. For example, this cluster

contains 27 discourse relations both of whose arguments have negative sentiment.

(13) The market also moved at early afternoon on news that Jaguar shares were being tem-

porarily suspended at 746 pence ($11.80) each. Secretary of State for Trade and

Industry Nicholas Ridley said later in the day that the government would abolish its golden

share in Jaguar, ... (WSJ0231)

(14) ”We’re trading with a very wary eye on Wall Street,” said Trevor Woodland, chief

corporate trader at Harris Trust & Savings Bank in New York. “No one is willing to place a

firm bet that the stock market won’t take another tumultuous ride.” (WSJ1931)

All of the examples of discourse relations follow this format: Arg1 is bold-faced, Arg2 is italicized,

and the WSJ section numbers are shown in the parentheses at the end. Previous baseline systems

make use of an external lexicon to compute the polarity score of the two arguments and use them

as features for the Naive Bayes classifier (Pitler et al., 2009). It turns out that Skip-gram discourse

vectors can cleanly capture the sentiment contrast or continuity that runs across the two arguments

without elaborate lexicon.

Other dominant clustering patterns are the ones organized by topics or genres. The two argu-

ments in the discourse relations in such clusters discuss the same topic. Some examples of such

clusters are shown in Table 5.3. Generality-specificity shift has been found to be helpful features for

this task and most likely to be a linguistic phenomenon found in certain types of discourse relations

(Rutherford and Xue, 2014). Along the same line with the previous finding, the absence of topic

shift detected by Skip-gram discourse vectors might provide some clues to the types of discourse

relations.

We have shown that Skip-gram discourse vectors can capture some of the linguistic phenomena

found in certain types of implicit discourse relations, but the question is left whether this property

directly contributes to the improvement in the classification tasks. We hypothesize that the data
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Figure 5.4: Most of the KL divergence values are reasonably far from zero. The label dis-
tributions of most of the one thousand clusters are substantially different from the marginal
distribution.

are grouped or clustered in the Skip-gram discourse vector space in such a way that each cluster

of discourse relations is easy to classify. If the distribution of relation types after clustering is very

different from the distribution of relation types without clustering (the actual distribution of labels

in the training set), then it is suggested that the Skip-gram discourse vector provides a decent

representation for classification purposes.

To test this hypothesis, we run k-means clustering algorithm with respect to Euclidean distance

to partition the training set into 500 clusters and then compare the distribution within each cluster

with the actual distribution of the implicit discourse relation types in the dataset. If Skip-gram

discourse vector representation is poor, then the distribution within the cluster should be as ran-

dom as the distribution of labels without clustering. We quantify the difference between the two

distributions by computing Kullback-Leibler (KL) divergence:

DKL(P ||Q) =
∑

l

log2
P (l)

Q(l)
P (l)
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where P (·) is the empirical probability distribution function of the relation types in the cluster, Q(·)

is the distribution function of the relation types of all implicit discourse relations in the training

set, and l is a label. If DKL(P ||Q) is high, then we can infer that the actual distribution and the

distribution within the cluster are substantially different.

The distribution of labels within each cluster is on average significantly different from the actual

distribution of labels. The mean KL divergence is 0.2131 and significantly different from zero (t-

test; s.e. ± 0.0179. p < 0.01). We observe the same results with 100 and 1,000 clusters induced

by k-means algorithm and with 500 clusters induced by hierarchical clustering from the previous

analysis. Confirming the statistical significance, the histogram of KL divergence values shows that

the label distributions in most of the clusters differ from the overall distribution of labels in the

training set (Figure 5.4). This suggests that Skip-gram discourse vector representation might ease

classification by projecting the discourse relations into the space such that most of the clusters are

already partially classified.

5.6 Related work

Several efforts have been made to classify implicit discourse relations. Various external lexicons

and resources have been used to capture the semantic representation of sentences (Pitler et al.,

2009). Brown cluster pairs have been used to remedy the sparsity problem found in this kind of

task when using a battery of conventional binary features (Rutherford and Xue, 2014). However,

without additional data, the additional benefits of feature-engineering start to plateau. Our new

neural-network-based method breaks the trend of creating more and more features, while still

encapsulating the traditional paradigm.

Unsupervised or semi-supervised approaches seem suitable for this task but turn out to be

limited in their efficacy (Marcu and Echihabi, 2002b). Sporleder and Lascarides (2008) use discourse

connectives to label discourse relations automatically and train supervised models on these newly
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labeled data. Unfortunately, these approaches fall short because explicit and implicit discourse

relation differ linguistically.

Neural networks have recently seen successes in natural language and speech processing. No-

tably, a deep neural network architecture achieves the state-of-the-art in acoustic modeling (Hinton

et al., 2012). A recursive neural tensor network has been used to model semantic compositional-

ity for fine-grained sentiment classification tasks (Socher et al., 2013b; Socher et al., 2012). To

the best of our knowledge, the recurrent convolutional neural network proposed by Kalchbrenner

and Blunsom (2013) is the only neural network model applied for discourse analysis. This class

of model convolves distributed representation of words into an utterance vector and a discourse

context vector, which can be used for dialogue act classification. We do not use a recurrent ar-

chitecture because written text does not have a turn-taking nature usually observed in a dialogue.

But we are not aware of any neural discourse models for text or monologue.

5.7 Conclusion

We present the Neural Discourse Mixture Model, which mixes the continuous-valued Skip-gram

representation of a discourse relation with a large array of traditional binary values used by Naive

Bayes classifiers. The NDMM achieves the performance gain over the current state-of-the-art

system partly because the discourse vectors provide better representation of a discourse relation

than Brown cluster pair representation.

Upon linguistic analysis, the Skip-gram discourse vectors capture some important aspects of

the discourse that help distinguish between certain types of implicit discourse relation. As a clas-

sification model, the discourse vector network alone performs competitively for some labels. These

results suggest that distributed discourse relation representation is a promising direction for im-

proving implicit discourse relation classification.
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Topic Size Examples

Medical 6 Using small electrical shocks applied to her feet , they were able
to monitor sensory nerves. The shocks generated nerve impulses that
traveled via spine to brain and showed up clearly on a brain-wave monitor ,
indicating no damage to the delicate spinal tissue. (WSJ0297)
The devices’ most remarkable possibilities , though, involve the
brain. Probing with the stimulators, National Institutes of Health scientists
recently showed how the brain reorganizes motor-control resources after an
amputation. (WSJ0297)
It relies on the fact that certain atoms give off detectable sig-
nals when subjected to an intense magnetic field. It’s the same
phenomenon used in the new MRI (magnetic resonance imaging) scanners
being used in hospitals in place of X-ray scans. (WSJ1218)

Tax 7 But they also are to see that taxpayers get all allowable tax benefits
and to ask if filers who sought IRS aid were satisfied with it. Courts
have ruled that taxpayers must submit to TCMP audits , but the IRS will
excuse from the fullscale rigors anyone who was audited without change for
either 1986 or 1987. (WSJ0293)
Many openings for mass cheating, such as questionable tax shelters
and home offices, have gaped so broadly that Congress has passed
stringent laws to close them. Deductions of charitable gifts of highly
valued art now must be accompanied by appraisals. (WSJ1570)
For corporations , the top tax rate on the sale of assets held for
more than three years would be cut to 33 % from the current top
rate of 34 % That rate would gradually decline to as little as 29 % for
corporate assets held for 15 years. (WSJ1869)

Broadcasting 28 It isn’t clear how much those losses may widen because of the short
Series. Had the contest gone a full seven games , ABC could have reaped
an extra $ 10 million in ad sales on the seventh game alone , compared with
the ad take it would have received for regular prime-time shows. (WSJ0443)
The ads are just the latest evidence of how television advertising is
getting faster on the draw. While TV commercials typically take weeks
to produce, advertisers in the past couple of years have learned to turn on a
dime, to crash out ads in days or even hours. (WSJ0453)
And only a handful of small U.S. companies are engaged in high-
definition software development. It’s estimated that just about 250
hours of HD programming is currently available for airing. (WSJ1386)

Table 5.3: Clustering analysis of Skip-gram discourse vector model reveals that the absence
of topic shift within a discourse relation might provide some clues to the types of discourse
relations. Arg1 and Arg2 are indicated by bold-faced text and italicized text respectively.
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Chapter 6

Recurrent Neural Network for

Discourse Analysis

The discourse structure of natural language has been analyzed and conceptualized under various

frameworks (Mann and Thompson, 1988; Lascarides and Asher, 2007; Prasad et al., 2008). The

Penn Discourse TreeBank (PDTB) and the Chinese Discourse Treebank (CDTB), currently the

largest corpora annotated with discourse structures in English and Chinese respectively, view the

discourse structure of a text as a set of discourse relations (Prasad et al., 2008; Zhou and Xue,

2012). Each discourse relation is grounded by a discourse connective taking two text segments as

arguments (Prasad et al., 2008). Implicit discourse relations are those where discourse connectives

are omitted from the text and yet the discourse relations still hold.

Neural network models are an attractive alternative for this task for at least two reasons. First,

they can model the argument of an implicit discourse relation as dense vectors and suffer less from

the data sparsity problem that is typical of the traditional feature engineering paradigm. Second,

they should be easily extended to other languages as they do not require human-annotated lexicons.

However, despite the many nice properties of neural network models, it is not clear how well they

will fare with a small dataset, typically found in discourse annotation projects. Moreover, it is
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not straightforward to construct a single vector that properly represents the “semantics” of the

arguments. As a result, neural network models that use dense vectors have been shown to have

inferior performance against traditional systems that use manually crafted features, unless the dense

vectors are combined with the hand-crafted surface features (Ji and Eisenstein, 2015).

In this work, we explore multiple neural architectures in an attempt to find the best distributed

representation and neural network architecture suitable for this task in both English and Chinese.

We do this by probing the different points on the spectrum of structurality from structureless bag-

of-words models to sequential and tree-structured models. We use feedforward, sequential long

short-term memory (LSTM), and tree-structured LSTM models to represent these three points

on the spectrum. To the best of our knowledge, there is no prior study that investigates the

contribution of the different architectures in neural discourse analysis.

Our main contributions and findings from this work can be summarized as follows:

• Our neural discourse model performs comparably with or even outperforms systems with

surface features across different fine-grained discourse label sets.

• We investigate the contribution of the linguistic structures in neural discourse modeling and

found that high-dimensional word vectors trained on a large corpus can compensate for the

lack of structures in the model, given the small amount of annotated data.

• We found that modeling the interaction across arguments via hidden layers is essential to

improving the performance of an implicit discourse relation classifier.

• We present the first neural CDTB-style Chinese discourse parser, confirming that our current

results and other previous findings conducted on English data also hold cross-linguistically.
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6.1 Related Work

The prevailing approach for this task is to use surface features derived from various semantic

lexicons (Pitler et al., 2009), reducing the number of parameters by mapping raw word tokens in

the arguments of discourse relations to a limited number of entries in a semantic lexicon such as

polarity and verb classes.

Along the same vein, Brown cluster assignments have also been used as a general purpose

lexicon that requires no human manual annotation (Rutherford and Xue, 2014). However, these

solutions still suffer from the data sparsity problem and almost always require extensive feature

selection to work well (Park and Cardie, 2012; Lin et al., 2009; Ji and Eisenstein, 2015). The work

we report here explores the use of the expressive power of distributed representations to overcome

the data sparsity problem found in the traditional feature engineering paradigm.

Neural network modeling has attracted much attention in the NLP community recently and

has been explored to some extent in the context of this task. Recently, Braud and Denis (2015)

tested various word vectors as features for implicit discourse relation classification and show that

distributed features achieve the same level of accuracy as one-hot representations in some exper-

imental settings. Ji et al. (2015; 2016) advance the state of the art for this task using recursive

and recurrent neural networks. In the work we report here, we systematically explore the use of

different neural network architectures and show that when high-dimensional word vectors are used

as input, a simple feed-forward architecture can outperform more sophisticated architectures such

as sequential and tree-based LSTM networks, given the small amount of data.

Recurrent neural networks, especially LSTM networks, have changed the paradigm of deriving

distributed features from a sentence (Hochreiter and Schmidhuber, 1997), but they have not been

much explored in the realm of discourse parsing. LSTM models have been notably used to encode

the meaning of source language sentence in neural machine translation (Cho et al., 2014; Devlin

et al., 2014) and recently used to encode the meaning of an entire sentence to be used as features

(Kiros et al., 2015). Many neural architectures have been explored and evaluated, but there is no
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Figure 6.1: (Top) Feedforward architecture. (Bottom) Sequential Long Short-Term Memory
architecture.

single technique that is decidedly better across all tasks. The LSTM-based models such as Kiros et

al. (2015) perform well across tasks but do not outperform some other strong neural baselines. Ji et

al. (2016) uses a joint discourse language model to improve the performance on the coarse-grained

label in the PDTB, but in our case, we would like to deduce how well LSTM fares in fine-grained

implicit discourse relation classification. A joint discourse language model might not scale well to

finer-grained label set, which is more practical for application.

6.2 Model Architectures

Following previous work, we assume that the two arguments of an implicit discourse relation are

given so that we can focus on predicting the senses of the implicit discourse relations. The input
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to our model is a pair of text segments called Arg1 and Arg2, and the label is one of the senses

defined in the Penn Discourse Treebank as in the example below:

Input:

Arg1 Senator Pete Domenici calls this effort “the first gift of democracy”

Arg2 The Poles might do better to view it as a Trojan Horse.

Output:

Sense Comparison.Contrast

In all architectures, each word in the argument is represented as a k-dimensional word vector

trained on an unannotated data set. We use various model architectures to transform the semantics

represented by the word vectors into distributed continuous-valued features. In the rest of the

section, we explain the details of the neural network architectures that we design for the implicit

discourse relations classification task. The models are summarized schematically in Figure 6.1.

6.2.1 Bag-of-words Feedforward Model

This model does not model the structure or word order of a sentence. The features are simply

obtained through element-wise pooling functions. Pooling is one of the key techniques in neural

network modeling of computer vision (Krizhevsky et al., 2012; LeCun et al., 2010). Max pooling

is known to be very effective in vision, but it is unclear what pooling function works well when it

comes to pooling word vectors. Summation pooling and mean pooling have been claimed to perform

well at composing meaning of a short phrase from individual word vectors (Le and Mikolov, 2014;

Blacoe and Lapata, 2012; Mikolov et al., 2013b; Braud and Denis, 2015). The Arg1 vector a1 and

Arg2 vector a2 are computed by applying element-wise pooling function f on all of the N1 word

vectors in Arg1 w1
1:N1

and all of the N2 word vectors in Arg2 w2
1:N2

respectively:

a1i = f(w1
1:N1,i)

a2i = f(w2
1:N2,i)
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We consider three different pooling functions namely max, summation, and mean pooling func-

tions:

fmax(w1:N , i) =
N

max
j=1

wj,i

fsum(w1:N , i) =
N∑

j=1

wj,i

fmean(w1:N , i) =

N∑

j=1

wj,i/N

Inter-argument interaction is modeled directly by the hidden layers that take argument vectors

as features. Discourse relations cannot be determined based on the two arguments individually.

Instead, the sense of the relation can only be determined when the arguments in a discourse relation

are analyzed jointly. The first hidden layer h1 is the non-linear transformation of the weighted linear

combination of the argument vectors:

h1 = tanh(W1 · a1 +W2 · a2 + bh1)

where W1 and W2 are d× k weight matrices and bh1 is a d-dimensional bias vector. Further hidden

layers ht and the output layer o follow the standard feedforward neural network model.

ht = tanh(Wht · ht−1 + bht)

o = softmax(Wo · hT + bo)

where Wht is a d × d weight matrix, bht is a d-dimensional bias vector, and T is the number of

hidden layers in the network.

6.2.2 Sequential Long Short-Term Memory (LSTM)

A sequential Long Short-Term Memory Recurrent Neural Network (LSTM-RNN) models the se-

mantics of a sequence of words through the use of hidden state vectors. Therefore, the word ordering
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does affect the resulting hidden state vectors, unlike the bag-of-word model. For each word vector

at word position t, we compute the corresponding hidden state vector st and the memory cell vector

ct from the previous step.

it = sigmoid(Wi · wt + Ui · st−1 + bi)

ft = sigmoid(Wf · wt + Uf · st−1 + bf )

ot = sigmoid(Wo · wt + Uo · st−1 + bo)

c′t = tanh(Wc · wt + Uc · st−1 + bc)

ct = c′t ∗ it + ct−1 ∗ ft
st = ct ∗ ot

where ∗ is elementwise multiplication. The argument vectors are the results of applying a pooling

function over the hidden state vectors.

a1i = f(s11:N1,i)

a2i = f(s21:N2,i)

In addition to the three pooling functions that we describe in the previous subsection, we also

consider using only the last hidden state vector, which should theoretically be able to encode the

semantics of the entire word sequence.

flast(s1:N,i) = sN,i

Inter-argument interaction and the output layer are modeled in the same fashion as the bag-of-words

model once the argument vector is computed.

6.2.3 Tree LSTM

The principle of compositionality leads us to believe that the semantics of the argument vector

should be determined by the syntactic structures and the meanings of the constituents. For a fair
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Sense Train Dev Test
Comparison.Concession 192 5 5
Comparison.Contrast 1612 82 127
Contingency.Cause 3376 120 197
Contingency.Pragmatic cause 56 2 5
Expansion.Alternative 153 2 15
Expansion.Conjunction 2890 115 116
Expansion.Instantiation 1132 47 69
Expansion.List 337 5 25
Expansion.Restatement 2486 101 190
Temporal.Asynchronous 543 28 12
Temporal.Synchrony 153 8 5
Total 12930 515 766

Table 6.1: The distribution of the level 2 sense labels in the Penn Discourse Treebank. The
instances annotated with two labels are not double-counted (only first label is counted here),
and partial labels are excluded.

comparison with the sequential model, we apply the same formulation of LSTM on the binarized

constituent parse tree. The hidden state vector now corresponds to a constituent in the tree. These

hidden state vectors are then used in the same fashion as the sequential LSTM. The mathematical

formulation is the same as Tai et al. (2015).

This model is similar to the recursive neural networks proposed by Ji and Eisenstein (2015).

Our model differs from their model in several ways. We use the LSTM networks instead of the

“vanilla” RNN formula and expect better results due to less complication with vanishing and

exploding gradients during training. Furthermore, our purpose is to compare the influence of the

model structures. Therefore, we must use LSTM cells in both sequential and tree LSTM models

for a fair and meaningful comparison. The more in-depth comparison of our work and recursive

neural network model by Ji and Eisenstein (2015) is provided in the discussion section.

6.3 Corpora and Implementation

The Penn Discourse Treebank (PDTB) We use the PDTB due to its theoretical simplicity

in discourse analysis and its reasonably large size. The annotation is done as another layer on
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the Penn Treebank on Wall Street Journal sections. Each relation consists of two spans of text

that are minimally required to infer the relation, and the sense is organized hierarchically. The

classification problem can be formulated in various ways based on the hierarchy. Previous work

in this task has been done over three schemes of evaluation: top-level 4-way classification (Pitler

et al., 2009), second-level 11-way classification (Lin et al., 2009; Ji and Eisenstein, 2015), and

modified second-level classification introduced in the CoNLL 2015 Shared Task (Xue et al., 2015).

We focus on the second-level 11-way classification because the labels are fine-grained enough to be

useful for downstream tasks and also because the strongest neural network systems are tuned to

this formulation. If an instance is annotated with two labels (∼3% of the data), we only use the

first label. Partial labels, which constitute ∼2% of the data, are excluded. Table ?? shows the

distribution of labels in the training set (sections 2-21), development set (section 22), and test set

(section 23).

Training Weight initialization is uniform random, following the formula recommended by Bengio

(2012). The cost function is the standard cross-entropy loss function, as the hinge loss function

(large-margin framework) yields consistently inferior results. We use Adagrad as the optimization

algorithm of choice. The learning rates are tuned over a grid search. We monitor the accuracy on

the development set to determine convergence and prevent overfitting. L2 regularization and/or

dropout do not make a big impact on performance in our case, so we do not use them in the final

results.

Implementation All of the models are implemented in Theano (Bergstra et al., 2010; Bastien et

al., 2012). The gradient computation is done with symbolic differentiation, a functionality provided

by Theano. Feedforward models and sequential LSTM models are trained on CPUs on Intel Xeon

X5690 3.47GHz, using only a single core per model. A tree LSTM model is trained on a GPU on

Intel Xeon CPU E5-2660. All models converge within hours.
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Model Accuracy

PDTB Second-level senses
Most frequent tag baseline 25.71
Our best tree LSTM 34.07
Ji & Eisenstein, (2015) 36.98
Our best sequential LSTM variant 38.38
Our best feedforward variant 39.56
Lin et al., (2009) 40.20

Table 6.2: Performance comparison across different models for second-level senses.

6.4 Experiment on the Second-level Sense in the PDTB

We want to test the effectiveness of the inter-argument interaction and the three models described

above on the fine-grained discourse relations in English. The data split and the label set are exactly

the same as previous works that use this label set (Lin et al., 2009; Ji and Eisenstein, 2015).

Preprocessing All tokenization is taken from the gold standard tokenization in the PTB (Marcus

et al., 1993). We use the Berkeley parser to parse all of the data (Petrov et al., 2006). We test

the effects of word vector sizes. 50-dimensional and 100-dimensional word vectors are trained on

the training sections of WSJ data, which is the same text as the PDTB annotation. Although this

seems like too little data, 50-dimensional WSJ-trained word vectors have previously been shown

to be the most effective in this task (Ji and Eisenstein, 2015). Additionally, we also test the off-

the-shelf word vectors trained on billions of tokens from Google News data freely available with

the word2vec tool. All word vectors are trained on the Skip-gram architecture (Mikolov et al.,

2013b; Mikolov et al., 2013a). Other models such as GloVe and continuous bag-of-words seem to

yield broadly similar results (Pennington et al., 2014). We keep the word vectors fixed, instead of

fine-tuning during training.
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Figure 6.2: Summation pooling gives the best performance in general. The results are shown
for the systems using 100-dimensional word vectors and one hidden layer.
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Figure 6.3: Inter-argument interaction can be modeled effectively with hidden layers. The
results are shown for the feedforward models with summation pooling, but this effect can be
observed robustly in all architectures we consider.

6.4.1 Results and discussion

The feedforward model performs best overall among all of the neural architectures we explore

(Table 6.2). It outperforms the recursive neural network with bilinear output layer introduced

by Ji and Eisenstein (2015) (p < 0.05; bootstrap test) and performs comparably with the surface

feature baseline (Lin et al., 2009), which uses various lexical and syntactic features and extensive

feature selection. Tree LSTM achieves inferior accuracy than our best feedforward model. The

best configuration of the feedforward model uses 300-dimensional word vectors, one hidden layer,

and the summation pooling function to derive argument feature vectors. The model behaves well

during training and converges in less than an hour on a CPU.

The sequential LSTM model outperforms the feedforward model when word vectors are not
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Figure 6.4: Comparison between feedforward and sequential LSTM when using summation
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No hidden layer 1 hidden layer 2 hidden layers
Architecture k max mean sum last max mean sum last max mean sum last
Feedforward 50 31.85 31.98 29.24 - 33.28 34.98 37.85 - 34.85 35.5 38.51 -
LSTM 50 31.85 32.11 34.46 31.85 34.07 33.15 36.16 34.34 36.16 35.11 37.2 35.24
Tree LSTM 50 28.59 28.32 30.93 28.72 29.89 30.15 32.5 31.59 32.11 31.2 32.5 29.63
Feedforward 100 33.29 32.77 28.72 - 36.55 35.64 37.21 - 36.55 36.29 37.47 -
LSTM 100 30.54 33.81 35.9 33.02 36.81 34.98 37.33 35.11 37.46 36.68 37.2 35.77
Tree LSTM 100 29.76 28.72 31.72 31.98 31.33 26.89 33.02 33.68 32.63 31.07 32.24 33.02
Feedforward 300 32.51 34.46 35.12 - 35.77 38.25 39.56 - 35.25 38.51 39.03 -
LSTM 300 28.72 34.59 35.24 34.64 38.25 36.42 37.07 35.5 38.38 37.72 37.2 36.29
Tree LSTM 300 28.45 31.59 32.76 26.76 33.81 32.89 33.94 32.63 32.11 32.76 34.07 32.50

Table 6.3: Compilation of all experimental configurations for 11-way classification on the
PDTB test set. k is the word vector size. Bold-faced numbers indicate the best performance
for each architecture, which is also shown in Table 6.2.

high-dimensional and not trained on a large corpus (Figure 6.4). Moving from 50 units to 100

units trained on the same dataset, we do not observe much of a difference in performance in both

architectures, but the sequential LSTM model beats the feedforward model in both settings. This

suggests that only 50 dimensions are needed for the WSJ corpus. However, the trend reverses when

we move to 300-dimensional word vectors trained on a much larger corpus. These results suggest an

interaction between the lexical information encoded by word vectors and the structural information

encoded by the model itself.

Hidden layers, especially the first one, make a substantial impact on performance. This effect

is observed across all architectures (Figure 6.3). Strikingly, the improvement can be as high as

8% absolute when used with the feedforward model with small word vectors. We tried up to four
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hidden layers and found that the additional hidden layers yield diminishing—if not negative—

returns. These effects are not an artifact of the training process as we have tuned the models quite

extensively, although it might be the case that we do not have sufficient data to fit those extra

parameters.

Summation pooling is effective for both feedforward and LSTM models (Figure 6.2). The

word vectors we use have been claimed to have some additive properties (Mikolov et al., 2013b),

so summation pooling in this experiment supports this claim. Max pooling is only effective for

LSTM, probably because the values in the word vector encode the abstract features of each word

relative to each other. It can be trivially shown that if all of the vectors are multiplied by -1, then

the results from max pooling will be totally different, but the word similarities remain the same.

The memory cells and the state vectors in the LSTM models transform the original word vectors to

work well the max pooling operation, but the feedforward net cannot transform the word vectors

to work well with max pooling as it is not allowed to change the word vectors themselves.

6.4.2 Discussion

Why does the feedforward model outperform the LSTM models? Sequential and tree LSTM models

might work better if we are given larger amount of data. We observe that LSTM models outperform

the feedforward model when word vectors are smaller, so it is unlikely that we train the LSTMs

incorrectly. It is more likely that we do not have enough annotated data to train a more powerful

model such as LSTM. In previous work, LSTMs are applied to tasks with a lot of labeled data

compared to mere 12,930 instances that we have (Vinyals et al., 2015; Chiu and Nichols, 2015;

İrsoy and Cardie, 2014). Another explanation comes from the fact that the contextual information

encoded in the word vectors can compensate for the lack of structure in the model in this task. Word

vectors are already trained to encode the words in their linguistic context especially information

from word order.

Our discussion would not be complete without explaining our results in relation to the recursive
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neural network model proposed by Ji and Eisenstein (2015). Why do sequential LSTM models

outperform recursive neural networks or tree LSTM models? Although this first comes as a surprise

to us, the results are consistent with recent works that use sequential LSTM to encode syntactic

information. For example, Vinyals et al. (2015) use sequential LSTM to encode the features for

syntactic parse output. Tree LSTM seems to show improvement when there is a need to model

long-distance dependency in the data (Tai et al., 2015; Li et al., 2015). Furthermore, the benefits

of tree LSTM are not readily apparent for a model that discards the syntactic categories in the

intermediate nodes and makes no distinction between heads and their dependents, which are at the

core of syntactic representations.

Another point of contrast between our work and Ji and Eisenstein’s (2015) is the modeling

choice for inter-argument interaction. Our experimental results show that the hidden layers are an

important contributor to the performance for all of our models. We choose linear inter-argument

interaction instead of bilinear interaction, and this decision gives us at least two advantages. Linear

interaction allows us to stack up hidden layers without the exponential growth in the number of

parameters. Secondly, using linear interaction allows us to use high dimensional word vectors,

which we found to be another important component for the performance. The recursive model

by Ji and Eisenstein (2015) is limited to 50 units due to the bilinear layer. Our choice of linear

inter-argument interaction and high-dimensional word vectors turns out to be crucial to building a

competitive neural network model for classifying implicit discourse relations.

6.5 Extending the results across label sets and lan-

guages

Do our feedforward models perform well without surface features across different label sets and

languages as well? We want to extend our results to another label set and language by evaluat-

ing our models on non-explicit discourse relation data used in English and Chinese CoNLL 2016
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Shared Task. We will have more confidence in our model if it works well across label sets. It is

also important that our model works cross-linguistically because other languages might not have

resources such as semantic lexicons or parsers, required by some previously used features.

6.5.1 English discourse relations

We follow the experimental setting used in CoNLL 2015-2016 Shared Task as we want to compare

our results against previous systems. This setting differs from the previous experiment in a few

ways. Entity relations (EntRel) and alternative lexicalization relations (AltLex) are included in this

setting. The label set is modified by the shared task organizers into 15 different senses including

EntRel as another sense (Xue et al., 2015). We use the 300-dimensional word vector used in the

previous experiment and tune the number of hidden layers and hidden units on the development

set. The best results from last year’s shared task are used as a strong baseline. It only uses surface

features and also achieves the state-of-the-art performance under this label set (Wang and Lan,

2015). These features are similar to the ones used by Lin et al. (2009).

6.5.2 Chinese discourse relations

We evaluate our model on the Chinese Discourse Treebank (CDTB) because its annotation is the

most comparable to the PDTB (Zhou and Xue, 2015). The sense set consists of 10 different senses,

which are not organized in a hierarchy, unlike the PDTB. We use the version of the data provided to

the CoNLL 2016 Shared Task participants. This version has 16,946 instances of discourse relations

total in the combined training and development sets. The test set is not yet available at the time

of submission, so the system is evaluated based on the average accuracy over 7-fold cross-validation

on the combined set of training and development sets.

There is no previously published baseline for Chinese. To establish baseline comparison, we use

MaxEnt models loaded with the feature sets previously shown to be effective for English, namely

dependency rule pairs, production rule pairs (Lin et al., 2009), Brown cluster pairs (Rutherford
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Model Acc.

CoNLL-ST 2015-2016 English
Most frequent tag baseline 21.36
Our best LSTM variant 31.76
Wang and Lan (2015) - winning team 34.45
Our best feedforward variant 36.26

CoNLL-ST 2016 Chinese
Most frequent tag baseline 77.14
ME + Production rules 80.81
ME + Dependency rules 82.34
ME + Brown pairs (1000 clusters) 82.36
Out best LSTM variant 82.48
ME + Brown pairs (3200 clusters) 82.98
ME + Word pairs 83.13
ME + All feature sets 84.16
Our best feedforward variant 85.45

Table 6.4: Our best feedforward variant significantly outperforms the systems with surface
features (p < 0.05). ME=Maximum Entropy model

and Xue, 2014), and word pairs (Marcu and Echihabi, 2002b). We use information gain criteria to

select the best subset of each feature set, which is crucial in feature-based discourse parsing.

Chinese word vectors are induced through CBOW and Skipgram architecture in word2vec

(Mikolov et al., 2013a) on Chinese Gigaword corpus (Graff and Chen, 2005) using default settings.

The number of dimensions that we try are 50, 100, 150, 200, 250, and 300. We induce 1,000 and

3,000 Brown clusters on the Gigaword corpus.

6.5.3 Results

Table 6.4 shows the results for the models which are best tuned on the number of hidden units,

hidden layers, and the types of word vectors. The feedforward variant of our model significantly

outperforms the strong baselines in both English and Chinese (p < 0.05 bootstrap test). This

suggests that our approach is robust against different label sets, and our findings are valid across
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Figure 6.5: Comparing the accuracies across Chinese word vectors for feedforward model.

languages. Our Chinese model outperforms all of the feature sets known to work well in English

despite using only word vectors.

The choice of neural architecture used for inducing Chinese word vectors turns out to be crucial.

Chinese word vectors from Skipgram model perform consistently better than the ones from CBOW

model (Figure 6.5). These two types of word vectors do not show much difference in the English

tasks.

6.6 Conclusions and future work

We report a series of experiments that systematically probe the effectiveness of various neural

network architectures for the task of implicit discourse relation classification. Given the small

amount of annotated data, we found that a feedforward variant of our model combined with hidden

layers and high dimensional word vectors outperforms more complicated LSTM models. Our model

performs better or competitively against models that use manually crafted surface features, and

it is the first neural CDTB-style Chinese discourse parser. We will make our code and models

publicly available.

107



Chapter 7

Robust Light-weight Multilingual

Neural Discourse Parser

7.1 Introduction

Most of the previous work in discourse relation classification are much limited in their applicability

because they show their efficacy on specific label sets and only in English. The automatic discourse

analysis needs to be adapted to the application in order to be useful. Surface features approaches

are quite effective, but we cannot extend them to other languages where semantic lexicon and

syntactic parsers are not available or not accurate (Lin et al., 2009; ?). These approaches also

require extensive feature selection to make them effective to a specific label set. Explicit discourse

relation classification does not suffer from this problem as the discourse connectives determine the

senses in the relation quite reliably. Non-explicit discourse relations, on the other hand, benefit

more robust methods that work across many settings.

Neural network models address this problem indirectly by avoiding the semantic lexicons and

relying word vectors as the data-driven semantic lexicon, where their features are abstract con-

tinuous values. However, the previous work in neural network model in task does require parses,
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which bring us back to the extensibility problem we face before (Ji and Eisenstein, 2015). Recent

neural approaches also integrate language modeling and considerably improve the results of both

language and discourse modeling. It is unclear whether this approach can be extended to be other

label sets other than the four top-level senses.

Why do we care about the robustness against varying label sets? Discourse analysis differs

from other linguistic annotation in that there is no single correct sense inventory or annotation

for discourse. In other words, discourse analysis depends much on the domain of application or

studies. One sense inventory (label set) might be appropriate for one application, but not the

others. Rhetorical Structure Theory (RST), for example, argues that their sense inventory is one

of the many valid ones given this same theory (Mann and Thompson, 1988). The Penn Discourse

Treebank (PDTB) organizes the labels hierarchically to allow some flexibility in analysis at various

levels depending on the application. These suggest that a discourse parsing technique that is

designed or tuned to one specific label set might not be as useful in real application.

Another concern with regard to robustness and applicability comes from the fact that discourse

phenomena should be less language dependent than other aspects of linguistic analysis, such as

syntactic or morphological analysis. For example, not every language has a case-marking system

, but every language has a causal discourse relation with or without discourse connectives. That

suggests that a good algorithm for discourse parsing must be applicable to many languages. From

engineering point of view, we would like to extend what we know from English discourse analysis

to other languages in a straightforward fashion if possible. Discourse relations are being annotated

in the style of the PDTB, and multilingual discourse parsing has gained some attention within

the recent years (Zhou and Xue, 2012; Oza et al., 2009; Al-Saif and Markert, 2010; Zeyrek and

Webber, 2008). More notably, the Chinese Discourse Treebank (CDTB) has also been annotated

with non-explicit discourse relations, unlike the other languages.

Here, we propose a light-weight yet robust non-explicit discourse relation classifier. The core of

the model comes from word vectors and simple feedforward architecture presented in the previous
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Figure 7.1: Model architecture

chapter. We show that our model performs better under many label sets than the models that use

surface features derived from syntactic parses or semantic lexicon. Our model also outperforms such

system in Chinese, presenting the first Chinese neural discourse parser. All of these are achieved

by around 200k parameters and minutes of training on a CPU without automatic parses and other

manually annotated resources.

7.2 Model description

The Arg1 vector a1 and Arg2 vector a2 are computed by applying element-wise pooling function f

on all of the N1 word vectors in Arg1 w1
1:N1

and all of the N2 word vectors in Arg2 w2
1:N2

respectively:

a1i =
N∑

j=1

w1
j,i

a2i =

N∑

j=1

w2
j,i

Inter-argument interaction is modeled directly by the hidden layers that take argument vectors

as features. Discourse relations cannot be determined based on the two arguments individually.

Instead, the sense of the relation can only be determined when the arguments in a discourse relation
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are analyzed jointly. The first hidden layer h1 is a non-linear transformation of the weighted linear

combination of the argument vectors:

h1 = tanh(W1 · a1 +W2 · a2 + bh1)

where W1 and W2 are d× k weight matrices and bh1 is a d-dimensional bias vector. Further hidden

layers ht and the output layer o follow the standard feedforward neural network model.

ht = tanh(Wht · ht−1 + bht)

o = softmax(Wo · hT + bo)

where Wht is a d × d weight matrix, bht is a d-dimensional bias vector, and T is the number of

hidden layers in the network.

This model has been studied more extensively in Chapter 6. We have experimented and tuned

most components: pooling functions create the argument vectors, the type of word vectors, and the

model architectures themselves. We found the model variant with two hidden layers and 300 hidden

units to work well across many settings. The model has the total of around 270k parameters.

7.3 Experiments

7.3.1 Data

The English and Chinese are taken from the Penn Discourse Treebank and the Chinese Discourse

Treebank respectively (Prasad et al., 2008; ?). We use all non-explicit discourse relations, which

include Entity Relation (EntRel) and Alternative Lexicalization (AltLex) in addition to implicit

discourse relations. And we use the sense inventory used in the CoNLL shared task 2015 - 2016

(Xue et al., 2015), which differs slightly from the settings that we have used in all previous chapters.
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7.3.2 Word vectors

English word vectors are taken from 300-dimensional Skip-gram word vectors trained on Google

News data, provided by the shared task organizers (Mikolov et al., 2013a; Xue et al., 2015). We

trained our own 250-dimensional Chinese word vectors on Gigaword corpus, which is the same cor-

pus used by the 300-dimensional Chinese word vectors provided by the shared task organizers (Graff

and Chen, 2005). We found the 250-dimensional version to work better despite fewer parameters.

7.3.3 Training

Weight initialization is uniform random, following the formula recommended by Bengio (2012).

Word vectors are fixed during training. The cost function is the standard cross-entropy loss function,

and we use Adagrad as the optimization algorithm of choice. We monitor the accuracy on the

development set to determine convergence.

7.3.4 Implementation

All of the models are implemented in Theano (Bergstra et al., 2010; Bastien et al., 2012). The

gradient computation is done with symbolic differentiation, a functionality provided by Theano.

The models are trained on CPUs on Intel Xeon X5690 3.47GHz, using only a single core per model.

The models converge in minutes. The implementation, the training script, and the trained model

are already made available 1 .

7.3.5 Baseline

The winning system from last year’s task serves as a strong baseline for English. We choose this

system because it represents one of the strongest systems that utilizes exclusively surface features

1https://github.com/attapol/nn discourse parser
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and extensive semantic lexicon (Wang and Lan, 2015). This approach uses a MaxEnt model loaded

with millions of features.

We use Brown cluster pair features as the baseline for Chinese as there is no previous system for

Chinese. We use 3200 clusters to create features and perform feature selection on the development

set based on the information gain criteria. We end up with 10,000 features total.

Development set Test set Blind test set
Sense Baseline Ours Baseline Ours Baseline Ours

Comparison.Concession 0 0 0 0 0 0
Comparison.Contrast 0.098 0.1296 0.1733 0.1067 0 0
Contingency.Cause.Reason 0.4398 0.3514 0.3621 0.4 0.2878 0.3103
Contingency.Cause.Result 0.2597 0.1951 0.1549 0.1722 0.2254 0.1818
EntRel 0.6247 0.5613 0.5265 0.4892 0.5471 0.5516
Expansion.Alternative.Chosen alternative 0 0 0 0 0 0
Expansion.Conjunction 0.4591 0.3874 0.3068 0.2468 0.3154 0.2644
Expansion.Instantiation 0.2105 0.4051 0.3261 0.4962 0.1633 0.25
Expansion.Restatement 0.3482 0.3454 0.2923 0.3483 0.3232 0.2991
Temporal.Asynchronous.Precedence 0 0.0714 0 0 0 0.125
Temporal.Asynchronous.Succession 0 0 0 0 0 0
Temporal.Synchrony 0 0 0 0 0 0

Accuracy 0.4331 0.4032 0.3455 0.3613 0.3629 0.3767
Most-frequent-tag Acc. 0.2320 0.2844 0.2136

Table 7.1: F1 scores for English non-explicit discourse relation. The bold-faced numbers
highlight the senses where the classification of our model and the baseline model might be
complementary.

7.4 Error Analysis

Comparing confusion matrices from the two approaches help us understand further what neural

networks have achieved. We approximate Bayes Factors with uniform prior for each sense pair

(ci, cj) for gold standard g and system p:

P (p = ci, g = cj)

P (p = ci)P (g = cj)

113



CHAPTER 7. ROBUST LIGHT-WEIGHT MULTILINGUAL NEURAL PARSER

Development set Test set Blind test set
Sense Baseline Ours Baseline Ours Baseline Ours

Alternative 0 0 0 0 0 0
Causation 0 0 0 0 0 0
Conditional 0 0 0 0 0 0
Conjunction 0.7830 0.7928 0.7911 0.8055 0.7875 0.7655
Contrast 0 0 0 0 0 0
EntRel 0.4176 0.4615 0.5175 0.5426 0.0233 0.0395
Expansion 0.4615 0.4167 0.2333 0.4333 0.2574 0.5104
Purpose 0 0 0 0 0 0
Temporal 0 0 0 0 0 0

Accuracy 0.6634 0.683 0.6657 0.7047 0.6437 0.6338
Most-frequent-tag Acc. 0.6176 0.6351 0.7914

Table 7.2: Sense-wise F1 scores for Chinese non-explicit discourse relation.
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Conjunction + #+ #+
Restatement +
Result # #
Reason +

Table 7.3: Confusion pairs made by our neural network (#) and the baseline surface features
(+) in English.

We tabulate all significant confusion pairs (i.e. Bayes Factor greater than a cut-off) made by

each of the systems (Table 7.3). This is done on the development set only.

The distribution of the confusion pairs suggest that neural network and surface feature systems

complement each other in some way. We see that the two systems only share two confusion pairs

in common.

Temporal.Asynchronous senses are confused with Conjunction by both systems. Temporal

senses are difficult to classify in implicit discourse relations since the annotation itself can be

quite ambiguous. Expansion.Instantiation relations are misclassified as Expansion.Restatement
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by surface feature systems. Neural network system performs better on Expansion.Instantiation

than surface feature systems probably because neural network system can tease apart Expan-

sion.Instantiation and Expansion.Restatement.

7.5 Conclusions

We present a light-weight neural network model, which is easy to deploy, retrain, and adapt to

other languages and label sets. The model only needs word vectors trained on large corpora. Our

approach performs competitively if not better than traditional systems with surface features and

MaxEnt model despite having one or two orders of magnitude fewer parameters.
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Conclusions and Future Work

Over the course of this dissertation, we have explored the task of implicit discourse relation classifi-

cation in various directions. We have developed Brown cluster pair features, new features under the

traditional feature-engineering paradigm. These features address the problem of feature sparsity

and also capture the inter-argument interaction, which is characteristic of discourse phenomena.

We have also exploited signals from discourse connectives and their potential power in providing us

with more training data. And as recent successes of neural network modeling have surfaced in the

natural language processing community, we developed a neural discourse parser and showed that

simple neural architecture can perform comparably or better than more complicated architecture

while maintaining its simplicity with which one can replicate the results, deploy the systems, and

more importantly adapt the model to different label sets and languages.

The task of implicit discourse relation classification and discourse parsing in general has gained

much attention as a body of research has provided the foundation for the basic paradigm for

computational approaches. We have organized a shared task, in which researchers are invited to

work on this task over the same period of time. Many research groups around the world have

participated in our endeavor. We hope that such endeavor will keep the research momentum going

and lead to further understanding and improvement in this task.
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Implicit discourse relation classification deserves more significant improvement as the previous

evaluation has suggested. Here, we propose future research directions based on what we have

learned as a research community and based on the work presented previously.

8.1 Distant Supervision with Neural Network

The success stories that we see with neural network in other domains mostly involve large amount

of data obtained through expert annotation, crowdsourcing, or automatically. We indeed need

a lot more data than what is available now. It is difficult or even unfeasible to detect causal

relations between spans of text because it requires some world knowledge of cause and effects. We

cannot manually annotate enough data for discourse without incurring exorbitant cost. This is the

motivation for distant supervision for discourse parsing.

Future efforts must be made to obtain more training data automatically based on the existing

data and existing neural models. Our distant supervision work in Chapter 4 has suggested that

this paradigm is plausible, but it needs much better criteria for data selection. Neural networks are

shown to be very effective discriminative models, so we can harness their power to harvest more

data. For example, one might build a classifier directly to harvest more data that similar enough

to the implicit discourse relations annotated in the PDTB.

Another approach along the same vein involves perturbing the data to make the models more

robust. This technique is quite standard in preprocessing the data for computer vision. The

perturbation artificially expands the dataset and make the models learn how to distinguish noise

better. Essentially, we inject small noise without changing the labels to make the learning process

focus better on the signals for the labels. However, it is unclear how one perturbs discourse data

for this purpose. This is a research direction that deserves investigation.
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8.2 Neural Network Model as a Cognitive Model

We hardly scratch the surface of what neural discourse parser can do. One of the strengths of

this class of model is its capacity to model complicated processes explicitly. The progress within

this task, however, is limited by our knowledge of how humans process and comprehend discourse.

Linguistic theories that deal with discourse-level phenomena are relatively few compared to other

branches of linguistics. Neural network has mostly been used in NLP as a discriminative model

without trying to model how human processes languages. Neural network models can be used

as a cognitive model of discourse comprehension as they have been used for modeling cognitive

facilities such as morphological learning (McClelland and Patterson, 2002), reinforcement learning

(Riedmiller, 2005), motor program learning (Kohonen, 1990). This aspect is often overlooked as the

convolutional network (Krizhevsky et al., 2012) in computer vision and deep neural network (Senior

et al., 2015) in speech recognition show excellent classification accuracy without modeling human

cognition. Neural caption generator hardly addresses how man perceives a picture, understands the

context of it, and describes it with a language. This points to the need for more precise modeling,

which hopefully will also improve the performance.

8.3 Discourse Analysis in Other Languages and Do-

mains

Initial efforts have already been made to make a discourse parser work in more languages and

different domains. We have previously made a somewhat strong claim that a theory in discourse

analysis or an algorithm in discourse parsing should universally apply to most if not all languages

as the phenomena do not depend on linguistic typology or phylogeny. This remains just a claim

as we do not have strong enough empirical evidence to support it. It is unfortunate that implicit

discourse relation annotation is only available in English and Chinese as far as We am concerned.
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More annotation will obviously need to be conducted.

Discourse analysis covers monologue, dialogue, and multi-party conversation. We have limited

the scope of our work to written text or monologue, but we believe that the approaches we developed

can be applied to different discourse structures. Dialogue and conversation parsing grows more

important over the past years as our mode of communication has shifted toward mobile texting,

social media, and online forum. In these cases, one can ask similar questions. How does one

parse a dialogue or multi-party conversation into multiple discourses or smaller discourse units. We

hypothesize that the methods used in parsing text or monologue can be augmented with structured

model to parse out the relationships between text messages.

8.4 Concluding Remarks

Discourse analysis is indeed a crucial next step in natural language processing, yet the theoretical

grounds in this realm are underexplored. A functional discourse parser will open doors for many

more applications of natural language understanding, dialogue management, machine translation,

and more. It is our hope that we will formulate better theories or models that help us understand

discourse phenomena and raise the performance of a discourse parser to the practical level.
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