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1 Introduction

Consider the following two texts

(1) Coberent example text
a. The weather at the rocket launch site in Kourou was good yesterday.
b. Therefore, the launch of the new Ariane rocket could take place as scheduled.
c. The rocket carried two test satellites into orbit.

(2) Incoherent example text
a. A new communications satellite was launched.
b. Therefore, Mary likes spinach.
c. John stayed home in bed.

The text in (1) makes sense; that is, it is coherent. It is easy to infer informational relations
between the sentences in (1): sentences (1a) and (1b) stand in a causal relation (the weather
for a rocket launch generally has to be good; because the weather was good, the launch
could take place as scheduled). The sentence in (1c) provides additional details about the
Ariane rocket mentioned in (1b), so (1c) and (1b) are in an elaborative relation.

By contrast, it is much harder to infer such informational relations between the sentences
in (2). For example, the coordinating conjunction therefore in (2b) indicates that there
should be a causal relation between (2a) and (2b). However, without any further context,
it is not clear how that causal relation should be interpreted; it is not obvious what liking
spinach has to do with the launch of a communications satellite. Furthermore, the rela-
tionship between (2¢) (John’s staying home in bed) and the other two sentences is also un-
clear. It is possible, however, to construct a context which makes (2) coherent. It could be
that Mary worked on the satellite and ate spinach on the day the satellite was launched.
The fact that the satellite launch was successful made her happy (because she had worked
on the satellite), and now, everytime she sees spinach, it reminds her of the day of the suc-
cessful satellite launch. Thus, the additional context makes it possible to construct a causal
relation between (2a) and (2b). A further causal relation might even be possible between
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(2a) and (2c). Perhaps John wanted to see the satellite launch, and his TV is in his bedroom.
Therefore, in order to watch the satellite launch on his TV, he stayed in bed.

The text in (2) can be made coherent only by providing context in addition to that avail-
able in the text itself or as part of general background knowledge. That is, it would prob-
ably be unreasonable to assume as general knowledge that Mary had worked on the
satellite launch, had spinach for lunch on the day of the successful launch, and now has a
positive association with eating spinach; or that John has his TV in his bedroom, wanted
to see the satellite launch on TV, and therefore stayed in bed to watch TV. By contrast, it is
easy to infer a coherence structure for (1),! given the information provided by the text and
a reasonable amount of general background knowledge (i.e., that rocket launches usually
require good weather and that rockets can carry satellites into orbit).

In this book, we examine coherence structures that are inferable solely from the infor-
mation provided by the text and by a reasonable amount of general background knowl-
edge. For example, we assume that it is part of general background knowledge that New
York is, among other things, a place where stocks are traded. However, we do not assume
that it is generally known how the stock of a particular company performed at a particu-
lar point or during a particular period in time. In the research reported here, we wished to
determine whether a consensus generally exists about what inferable coherence relations
are possible between segments in a discourse. To do so, we had two independent annota-
tors code for coherence structure 1335 texts from the Wall Street Journal and the AP News-
wire. They achieved high interannotator agreement, which we take as an indication that
people can usually agree on the inferable coherence structures for given discourses.

Our first goal for this book is to develop a descriptively adequate representation for dis-
course structure. Our second goal is to test the influence of discourse structure on psy-
cholinguistic processes, in particular, on pronoun processing. Our final goal is to test the
influence of coherence structures on the relative saliency of discourse segments. The fol-
lowing three sections will describe these goals in detail. We conclude the chapter with com-
ments on how different areas of research (cognitive science, natural language engineering,

information extraction) might be informed by the issues we address.
1.1 Representations and Data Structures for Discourse Coherence

Our first goal is to specify a descriptively adequate data structure for representing dis-
course coherence. In particular, we will evaluate whether trees are descriptively adequate
or whether more powerful data structures are needed. Most accounts of discourse coher-
ence assume trees as a data structure (e.g., Carlson, Marcu, and Okurowski 2002; Corston-
Oliver 1998; Grosz and Sidner 1986; Mann and Thompson 1988; Marcu 2000; Polanyi
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1996). Some accounts are primarily tree based and do not allow crossed dependencies;
however, they allow nodes with multiple parents (e.g., Lascarides and Asher 1993; Webber
et al. 1999). Other accounts assume more general graphs that allow both nodes with mul-
tiple parents and crossed dependencies (e.g., Danlos 2004; Hobbs 1985; McKeown 1985).

So far, the issue of descriptively adequate data structures for representing coherence has
not been empirically evaluated. To do so, we examined discourse structures of naturally oc-
curring coherent texts to determine whether they contain violations of tree structure con-
straints, that is, nodes with multiple parents or crossed dependencies. Our results indicate
that they do, suggesting that more powerful data structures than trees are needed to repre-
sent discourse coherence. However, another empirical question is how frequently crossed
dependencies and nodes with multiple parents occur. If they are rare, one could retain a tree-
based representation and accept a certain (low) error rate. If, however, they are common,
they clearly must not be ignored.

A final empirical question is whether there are any constraints on where crossed depen-
dencies and nodes with multiple parents can occur. If such constraints exist, an augmented
tree structure could accommodate certain well-specified violations. If there are no obvious
constraints, however, there is a clear need for data structures more powerful than trees.

In order to address the questions of how frequently tree structure violations occur and
whether there are any constraints on their occurrence, we collected a database of 135 texts
from the Wall Street Journal and the AP Newswire and had them hand-annotated for co-
herence structures. Our results indicate that crossed dependencies and nodes with multiple
parents occur frequently, and that there are no obvious constraints that would allow main-
taining even an augmented tree structure (Wolf and Gibson 2005; Wolf et al. 2003).

On this basis, we propose the use of connected, labeled chain graphs instead of trees as
a data structure for representing discourse coherence.? In labeled coherence chain graphs,
an ordered array of nodes represents the discourse segments; the order in which the nodes
occur reflects the temporal sequencing of the discourse segments. Labeled directed or un-
directed arcs represent coherence relations that hold among the discourse segments. In chap-
ter 2, we will discuss in detail what kinds of coherence relations we use and how they are
represented by directed and undirected arcs.

Using chain graphs instead of tree-based coherence criteria allows the representation of
a far greater number of possible coherent discourse structures: given the same number of
nodes, it is possible to draw a far greater number of connected chain graphs than trees. The
number of these coherent discourse structures may well be limited, however, by constraints
other than those applicable to chain graphs. For instance, certain graphs or subgraphs
might occur more frequently than others: our database of 135 texts, for example, contains
no coherence graph that is fully connected. It is possible that fully connected graphs and
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other (sub)graphs are part of a set of graphs that rarely, or never, occur. Furthermore, text
genres might differ in how often they exhibit certain (sub)graphs. Questions regarding con-
straints such as these should be addressed in future research.

1.2 Discourse Coherence and Psycholinguistic Processing

Our second goal in this book is to determine whether processes underlying the establish-
ment of coherence structure can influence psycholinguistic processes, one of which is pro-
noun processing. The use of pronouns and other referring expressions is a critical means
for connecting clauses and phrases and establishing coherence (Garnham 2001; Haliday
and Hassan 1976; van Dijk and Kintsch 1983). Pronoun processing is thus an important
part of discourse comprehension.

One hypothesis about how pronoun processing works is that it is based on principles or
heuristics that are specific to pronoun processing. There might also be principles involved
in pronoun processing that are specific to language in general. Alternatively, pronoun pro-
cessing may be part of more general cognitive mechanisms underlying the establishment of
coherence. If so, the investigation of pronoun processing could also shed light on the ope-
ration of these cognitive mechanisms.

Most accounts of pronoun processing are based on sentence-level syntactic or semantic
principles (e.g., Chambers and Smyth 1998). One such account is Centering Theory, a gen-
eral approach to discourse processing with implications for pronominal resolution (Grosz,
Joshi, and Weinstein 19935; cf. Wundt 1911). For two-clause sentences such as the ones to
be investigated in chapter 3, Centering Theory predicts that pronouns prefer referents in
the subject position of a sentence over referents in object position. A different, pronoun-
specific account, Parallel Preference (Chambers and Smyth 1998), predicts that subject
pronouns preferentially pick out subject referents, whereas object pronouns prefer refer-
ents in object position (but see chapter 3 for important qualifications of this statement).

In contrast to these pronoun-specific accounts, coherence-based accounts treat pronoun
processing as a by-product of more general inference processes that are used when estab-
lishing coherence in a discourse (e.g., Hobbs 1979; Kehler 2002). These accounts argue
that people use different pronoun resolution strategies under different coherence relations.
If this hypothesis is correct, that is, if coherence relations can influence pronominal pro-
cessing, it would also constitute evidence that coherence relations have psychological
validity. We tested pronoun-specific and coherence-based accounts in an online com-
prehension study and in an off-line production study. As chapter 3 will show, the results
from both studies support accounts based on general inference processes, rather than on

pronoun-specific structures.



Introduction | 5

Although there is no direct evidence yet linking specific cognitive processing mecha-
nisms with specific coherence relations, we believe that these results support the idea that
coherence relations can influence other cognitive processes. In a similar vein, Kintsch (1998;
Kintsch and van Dijk 1978) has shown in text comprehension experiments that people
remember information conveyed in a text better if that text involves causal coherence rela-
tions than if it involves elaborating coherence relations.

1.3 Discourse Coherence and the Importance of Document Segments

Due to the internet and inexpensive data storage space, an ever-increasing amount of text
is becoming available. This creates a need for information extraction and text summariza-
tion systems that can manage and utilize the vast amount of information available in these
documents. An important subcomponent of information extraction and text summariza-
tion systems are algorithms that can determine the relative importance of segments in a text
(e.g., Brandow, Mitze, and Rau 1995; Mitra, Singhal, and Buckley 1997). Relative impor-
tance refers to how significant the content of a text segment is relative to the content of the
text as a whole. Determining the relative saliency of a text segment is crucial to informa-
tion extraction because it aims to recover the essential information from a text; similarly,
in text summarization, only the key information in a text should be included. Because of
these practical needs, the automatic ranking of text segments for their importance is a natu-
ral language engineering problem that has received considerable attention.

A number of approaches have been proposed to determine automatically the relative
saliency of discourse segments in a text. We tested the performance of different discourse
segment ranking algorithms by comparing the algorithm output to human rankings ob-
tained in a psycholinguistic experiment. The algorithms we tested were either word-, layout-,
or coherence-based.

The basic idea behind word-based approaches is that the saliency of a discourse segment
in a text increases with the importance of the words it contains. Different word-based ap-
proaches vary in their definitions of what makes a word important. For example, an algo-
rithm described by Luhn (1958) has a “stoplist” of nonimportant words (i.e., words that
do not help to distinguish the informational content of one text from that of another, such
as and, of, is, etc.). In each discourse segment, the important words (i.e., those words that
are not on the stoplist) form clusters. The more clusters a discourse segment has and the
bigger they are, the more important the discourse segment is. Another example of a word-
based algorithm is described by Salton and Buckley (1988). This algorithm determines the
importance of a word according to the ratio of its frequency within a document to its fre-
quency in a whole set of documents. The higher that ratio, the more important that word
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is. The importance of a discourse segment can then be determined by adding the impor-
tance rankings of each word in that discourse segment.

Layout-based approaches contend that layout information makes discourse segments
more or less important. For instance, information conveyed in headlines or titles is usually
assumed to be more important than information conveyed in the text itself, which in turn
is held to be more important than information conveyed in footnotes. Furthermore, writ-
ers are often encouraged to place the most important information at the beginning of a
paragraph (e.g., Eden and Mitchell 1986). In our test of a simple version of the layout-
based approach, for example, we ranked the first sentences of the first four paragraphs in
a document as important and the other sentences in the document as not important.

Coherence-based approaches maintain that the saliency of a discourse segment is based
on its position in the informational structure of a discourse. The positions that make a dis-
course segment more or less salient depend on the data structure used for representing dis-
course coherence. Tree-based approaches assume that the importance of a discourse segment
is greater the higher it occurs in the tree (e.g., Marcu 2000). Chain graph approaches are
based on the idea that a discourse segment is more important the more other discourse seg-
ments relate to it (e.g., Sparck-Jones 1993).

The experimental results reported in chapter 4 indicate that coherence-based methods
that operate on chain graphs performed better than those operating on trees (see also Wolf
and Gibson 2004). We suggest that errors in estimating discourse segment salience may be
caused by the fact that trees cannot represent nodes with multiple parents. Thus, the choice
of data structure for representing discourse coherence might not be only a question of de-
scriptive adequacy. Our results suggest that having more descriptively adequate data struc-
tures for representing discourse coherence might also be more useful for natural language

engineering tasks such as discourse segment ranking.
1.4 Cognitive Science and Natural Language Engineering

The issues we address in this book pertain to areas of cognitive science as well as to natu-
ral language engineering and information extraction applications, especially in the realm
of coherence structures. For example, in cognitive science, an important question regard-
ing human language processing is whether people prefer certain kinds of data structures
over others (e.g., those that are easier to produce or comprehend). In natural language en-
gineering, the kind of data structure used for representing discourse coherence partly de-
termines what kinds of algorithms could be used for parsing coherence structures (e.g.,
whether context-free parsers can be used).
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Chapter 3, which discusses the relation between coherence and pronoun resolution,
is primarily aimed at a cognitive science audience. Our aim there is to determine whether
coherence can influence preferences in human pronoun comprehension and production.
We believe that this also tests the psychological plausibility of the coherence relations we
investigated: if varying the kind of coherence relation between the clause containing the
antecedent and the clause containing the pronoun has an effect on pronoun processing, it
suggests that these kinds of coherence relations play a role in cognitive processing.

Chapter 4, which investigates discourse segment ranking, is relevant to understanding
certain aspects of human document understanding, as well as to problems in natural lan-
guage engineering and information extraction. With respect to human document under-
standing, we examine what properties of a document (i.e., layout, distribution of words,
or informational structure) correlate best with human rankings of what is important in a
text. We also believe that a better understanding of the factors that make some parts of a
document more important than others is crucial to the success of engineering applications
in the area of document analysis and understanding.






2 Representing Discourse Coherence: Corpus-Based Analysis

2.1 Introduction

This chapter presents a set of discourse structure relations and develops criteria for an ap-
propriate data structure to represent these relations.

2.1.1 Claims about the Taxonomies of Coherence Relations

Different accounts of discourse coherence have proposed a range of taxonomies of coher-
ence relations. Some accounts propose taxonomies of intentional coherence relations (e.g.,
Grosz and Sidner 1986), others argue for informational coherence relations (e.g., Hobbs
1985; Kehler 2002), and some assume a mixture of intentional and informational relations
(e.g., Mann and Thompson 1988; Carlson, Marcu, and Okurowski 2002).

In intentional-level accounts, coherence relations reflect how the role played by one dis-
course segment (i.e., its purpose) relates to the role played by another segment with respect
to the interlocutors’ intentions (e.g., Grosz and Sidner 1986; Nakatani, Grosz, and Ahn
1995). Consider example (3):

(3) Example discourse with intentional-level annotation (adapted from Nakatani,
Grosz, and Abn 1995)
I. Teach new cook how to make stuffed sole
We’re going to be making sole, stuffed with shrimp mousse.
i.  Identify ingredients
In the small bag are the sole and the shrimp. And there are ten small sole
fillets and there’s a half a pound of medium shrimp.
il. Instruct new cook to get equipment ready
Okay, and you’re going to need a blender to make the mousse. So you
should get your blender out.

In example (3), the discourse segment purposes (term from Grosz and Sidner 1986) are
identified by Roman numerals. Thus, the purpose of segment I has two subpurposes, (i)
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and (ii). However, the definitions of the discourse segment purposes in example (3) are spe-
cific to discourses with a certain topic (cooking). It is hard to see how these definitions
would generalize, for example, to discourses about soccer games or stock market devel-
opments. Note also that it still needs to be investigated in future research how exactly dis-
course segment purpose and coherence relations relate to each other.

In contrast with intentional-level approaches, informational-level accounts aim to repre-
sent how the meaning conveyed by one discourse segment relates to the meaning conveyed
by another discourse segment (e.g., Hobbs 1985; Webber et al. 2003). More specifically,
discourse segments can be in a causal relation as in example (4), where discourse segment
(4a) states the cause for the effect stated in (4b). Another example of an informational
coherence relation is the similarity relation illustrated in (5), where what is stated in (5a) is

similar to what is stated in (5b).

(4) Causal relation between discourse segments
a. There was bad weather at the airport
b. and so our flight got delayed.

(5) Similarity relation between discourse segments
a. There is a train on platform A.
b. There is another train on platform B.

Taxonomies of informational coherence relations vary greatly with respect to how many
kinds of relations they employ. For example, Grosz and Sidner (1986) assume only two
coherence relations in their informational-level representation, causal and not-causal. In
contrast, Hovy and Maier (1995) report variations of Rhetorical Structure Theory (RST;
cf. Mann and Thompson 1988) with over 400 kinds of coherence relations. However,
Hovy and Maier (1995) argue that at least for informational-level accounts, taxonomies
with more relations represent subtypes of taxonomies with fewer relations. This means that
different taxonomies can be compatible with each other; they differ with respect to the de-
tail in which they represent informational structures of texts. For example, a more detailed
taxonomy might differentiate between volitional and nonvolitional causal relations (e.g.,
Marcu 2000). This difference is illustrated by examples (6) and (7).

(6) Volitional causal relation
John dropped a glass because he wanted to see how it shattered.

(7)  Nonvolitional causal relation
John dropped a glass because he had slippery hands.

In example (6), John intentionally dropped a glass (because he wanted to see how it shat-
tered). By contrast, in example (7), John did not intend to drop a glass; he had slippery
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hands, and the glass slipped between his fingers and fell. However, in both examples, John
is the agent that caused the glass to be dropped. Less fine-grained coherence relation tax-
onomies might not distinguish volitional and nonvolitional causal relations, labeling both
examples as causal relations (e.g., Hobbs 1985).

Another example of a more detailed taxonomy is proposed by Martin (1992), who also
distinguishes different kinds of causal relations, as illustrated in examples (8) and (9).

(8) We arrived late, so we didn’t have much time to prepare.
(9) The new software has to work. Otherwise everyone will be upset.

Example (8) describes something that already took place: a consequence (not having much
time to prepare) of a cause (arriving late). On the other hand, example (9) describes a con-
dition that has to be met (the new software working) in order to avoid an undesirable
consequence (everyone being upset).

In Mann and Thompson’s (1988) account, intentional and informational coherence re-
lations are represented in one discourse structure. Mann and Thompson argue in addition
that only one coherence relation can hold between any two discourse segments. However,
Moser and Moore (1996) argue that intentional and informational relations may deter-
mine legitimate but incompatible structures for the same discourse segments. Consider
example (10).

(10)  Example text (from Moser and Moore 1996)
a. Come home by 5:00.
b. Then we can go to the store before it closes.

Moser and Moore maintain that there are two ways in which (10) may be annotated. Figure
2.1 shows an annotation with an intentional coherence relation from Mann and Thomp-
son (1988), motivation; wanting to go to the store before it closes is the motivation for the
speaker to utter discourse segment (10a). Figure 2.2 shows an annotation with a condition
relation, which is an informational coherence relation (Mann and Thompson 1988; cf.
Hobbs 1985; Kehler 2002); coming home by 5:00 is the condition for being able to go to
the store before it closes.

The two annotations shown in figures 2.1 and 2.2 are incompatible under Mann and
Thompson’s (1988) account, which allows only one coherence relation between any two
discourse segments. The direction of the motivation relation is from discourse segment
(10b) to discourse segment (10a) (the second discourse segment states the motivation for
the first). By contrast, the direction of the condition relation is from (10a) to (10b) (the first
discourse segment states the condition for the second). Moser and Moore (1996) argue
that both kinds of coherence relations would be appropriate for annotating (10), and that
it is hard to see why one of the relations should be preferred over the other. Thus Moser
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motivation
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Figure 2.1
Annotating with intentional structure

. condition .

Figure 2.2
Annotating with informational structure

and Moore conclude that legitimate intentional and informational coherence relations may
not always be representable if only one kind of coherence relation can hold between any

two discourse segments.

2.1.2 Claims about Data Structures for Representing Discourse Coherence

Most accounts employ tree structures to represent the coherence relations between dis-
course segments in a text (e.g., Mann and Thompson 1988; Marcu 2000; Polanyi and Scha
1984). Tree structures do not allow crossed dependencies or nodes with multiple parents.
Figure 2.3 shows a tree with both crossed dependencies and nodes with multiple parents.
The relation between nodes 1 and 3 crosses with the relation between nodes 1 and 2 and
with the relation between nodes 2 and 3. Furthermore, nodes 1, 2, and 3 have multiple
parents: node 1 is dominated by nodes A and D; node 2 by nodes A and E; and node 3 by
nodes D, E, and B. Note that a well-formed tree without crossed dependencies or nodes
with multiple parents would result from removing nodes D and E as well as the edges ad-
jacent to (i.e., the branches off of) these nodes.

Some accounts of coherence do not allow crossed dependencies but appear to allow nodes
with multiple parents (e.g., Webber, Knott, Stone et al. 1999). For example, in figure 2.3, if
node D and the edges adjacent to it were removed, the resulting data structure would have
no crossed dependencies, but it would have two nodes with multiple parents: node 2 would
be dominated by nodes A and E, and node 3 would be dominated by nodes E and B.

Other accounts assume less constrained graphs allowing both crossed dependencies and
multiple parents (e.g., Danlos 2004; Hobbs 19835; for dialogue structure, see Penstein Rose
etal. 1995). An example of such a graph is given in figure 2.4, which shows the same under-
lying dependency structure as figure 2.3.

For representing discourse coherence, both tree structures and more general graphs have

an ordered array of terminal nodes (nodes 1, 2, 3, and 4 in figures 2.3 and 2.4), which rep-
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Figure 2.3

Crossed dependencies and nodes with multiple parents in a tree

group group group

Figure 2.4
The relations in figure 2.3 represented in a more general graph

resent discourse segments. The ordering of the nodes reflects the order of the discourse seg-
ments in the text. Furthermore, both tree- and graph-based representations of discourse
coherence have a set of intermediate nodes. In tree-based representations, these intermedi-
ate nodes represent the result of applying coherence relations to terminal nodes (nodes A,
B, D, and E in figure 2.3) or to other intermediate nodes (node C in figure 2.3); for example,
node A in figure 2.3 represents the result of applying coherence relation A to the content
of nodes 1 and 2. By contrast, intermediate nodes in more general graphs represent the con-
tent of topically related, contiguous discourse segments (nodes 1-2 and 3-4 in figure 2.4).
We will discuss in section 2.3.2 how the content of terminal nodes can be grouped in order
to form the content of intermediate nodes.

As noted above, tree-based representations use intermediate nodes to signal coherence
relations in a discourse. By contrast, in representations that are based on more general
graphs, coherence relations are represented by labeled arcs (the arcs labeled A, B, C, D, and
E in Figure 2.4). In more general graphs, there are also arcs between terminal nodes and in-
termediate nodes, which can be labeled (e.g., the arcs labeled group in figure 2.4).



14 | Chapter 2

Tree-based and graph-based representations of discourse structure also differ in the cri-
teria they use for distinguishing coherent from incoherent discourses. For trees, a discourse
is coherent if its structure can be represented in a well-formed tree (cf. Marcu 2000), that is,
a tree with no crossed dependencies and no nodes with multiple parents (although Webber
et al. 2003 allow the latter). By contrast, a discourse represented by more general graphs is
coherent if its structure forms a connected graph. In a connected graph, every node relates
to (i.e., is connected to) some other node in the graph; this differs from a fully connected
graph, where every node relates to every other node in the graph. This distinction is impor-
tant in that if a coherence graph is not connected (i.e., if there is at least one node that does
not relate to any other node in the graph), it implies that there is at least one discourse seg-
ment for which no coherence relation with any other discourse segment can be inferred.

The choice of data structure for representing discourse coherence also has implications
on how discourse structures can be determined for a text. Context-free parsers can be used
to derive discourse trees (Marcu 2000). By contrast, at least some context sensitivity is nec-
essary to represent more general graphs. However, the extent to which parsers for more
general graphs have to be context sensitive it is an open research question.

The rest of this chapter is organized as follows. Section 2.2 reviews current approaches
to discourse structure. Section 2.3 describes the procedure we used to collect a database of
135 texts annotated with coherence relations. Section 2.4 describes in detail the descrip-
tional inadequacy of tree structures for representing discourse coherence, and section 2.5
provides statistical evidence from our database that supports these claims. Section 2.6 pro-

vides some concluding remarks.
2.2 Current Approaches to Representing Discourse Structure

This section reviews current approaches to discourse structure. For each approach, we dis-
cuss its central features and identify its relevance to the approach that we propose. Some of
the issues raised in this section, particularly the question of whether trees are descriptively
adequate for representing discourse structures, will be discussed at length in subsequent
sections.

Section 2.2.1 reviews issues addressed by an account that employs tree structures allow-
ing nodes with multiple parents, Discourse Lexicalized Tree-Adjoining Grammar. In sec-
tion 2.2.2, we discuss mechanisms for inferring coherence structures that were developed in
the context of Segmented Discourse Representation Theory. Although our book focuses on
the informational structure of discourse, we will briefly discuss in section 2.2.3 Grosz and
Sidner’s (1986) representation of intentional structure in their three-layered approach to
discourse structures. Sections 2.2.4 and 2.2.5 present Mann and Thompson’s (1988) and
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Hobbs’s (1985) accounts, respectively. Both accounts focus on representing informational
discourse structure, although Mann and Thompson also include intentional structure in their

descriptions of discourse structure and use tree structures to represent discourse coherence.

2.2.1 Two Levels of Representation for Discourse Structure: Discourse Lexicalized
Tree-Adjoining Grammar (D-LTAG)

Webber, Knott, and Joshi (1999), Webber, Knott, Stone et al. (1999), and Webber et al.
(2003) aim to develop a representation of discourse structure within the formalism of tree-
adjoining grammars (e.g., Joshi and Schabes 1997). They note that a single discourse seg-
ment often relates to more than one other discourse segment. An example is given in (11).
Webber et al. (2003) observe that discourse segment 3 has two parents: a succession and a
manner relation (see figure 2.5).3

(11)  Example text (from Webber et al. 2003); S stands for segment
a. S1: The first to do that were the German jewelers,
b. S2:in particular Klaus Burie.
c. S3: And Morris followed very quickly after,
d. S4: using a lacquetry technique to make the brooch.

But whereas Webber et al. (2003) allow nodes with multiple parents in a discourse “back-
bone” structure, they hypothesize that crossed dependencies are allowed only in a second-
ary level of representation. Consider example (12), which we adapt from Webber, Knott,
Stone et al. (1999).

(12)  Example text (adapted from Webber, Knott, Stone et al. 1999)
a. S1:1wanted to drive through many states
b. S2:and I also wanted to see as many mountain ranges as possible.
c. S3: When I got to Arkansas,
d. S4:1stopped in the Ozarks.

succession

Figure 2.5
Discourse structure for (11)



16 ‘ Chapter 2

Figure 2.6
Possible discourse structure for (12)

There is a relation R, between discourse segments 1 and 2;* both state a desire of the sub-
ject of the sentences (i.e., to see states and mountain ranges). Discourse segments 3 and 4
are related by R,; what is stated in by segment 4 takes place under the circumstances de-
scribed by segment 3. R, relates discourse segments 1 and 3; both refer to states (Arkansas
is a state in the United States). Finally, R, relates discourse segments 2 and 4; both refer to
mountain ranges (the Ozarks are a mountain range in Arkansas). Figure 2.6 illustrates a
possible discourse structure for (12).

As Figure 2.6 shows, the discourse structure for (12) contains a crossed dependency be-
tween R, and R,. But Webber, Knott, and Joshi (1999) and Webber et al. (2003) maintain
that R, and R, are in a different level of representation than R, and R,. R, and R, are part
of what these researchers call structural or nonanaphoric discourse structure (i.e., the dis-
course “backbone” structure mentioned above). They suggest that the relations R, and R,
on the other hand, are part of a secondary representation which they refer to as anaphoric
or nonstructural discourse structure. Anaphoric relations are the basis of this level of rep-
resentation. For example, Webber, Knott, Stone et al. (1999) argue thatin (12), R, is based
on an anaphoric relation between states in segment 1 and Arkansas in segment 3. R, is
based on an anaphoric relation between mountain ranges in segment 2 and Ozarks in seg-
ment 4. Note that without these two relations, the remaining discourse structure includes
no crossed dependencies.

The analyses proposed by Webber, Knott, Stone et al. (1999) and Webber et al. (2003)
raise two important questions. First, why do they not allow crossed dependencies in struc-
tural representations? Second, how can one distinguish what parts of a discourse structure
should be represented by the structural versus the nonstructural discourse structure? With
respect to the first question, Webber, Knott, Stone et al. (1999) and Webber et al. (2003)
maintain that allowing crossed dependencies in the structural layer of representation would
be too costly (Webber et al. 2003, 547), although, they do not explain whether it would be
too costly for natural language engineering applications or too costly for humans to process.

In natural language engineering applications such as discourse parsing, it could be more
costly to allow crossed dependencies because this could increase the search space for pos-
sible discourse structures. However, there might be constraints that could limit the search

space for general graphs in ways distinct from tree constraints. Furthermore, accounts like
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Webber et al’s (2003) do not guarantee a smaller search space for possible coherence struc-
tures than accounts assuming more general graphs. In particular, it is not known how
costly it is to develop a unification mechanism for what is represented by the tree and what
is represented by the augmented structure (cf. a similar argument for sentence structures
proposed by Skut et al. 1997). Finally, crossed dependencies might also be too costly for
humans to process. While this seems to be the case for English sentence syntax (Gibson
and Breen 2003), we do not yet know whether this also holds for discourse structures.

With respect to the second question above, Webber et al. (2003) define the difference be-
tween structural and nonstructural discourse structure in terms of coordinating conjunc-
tions (e.g., because, then, also, otherwise, instead, etc.). That is, the particular coordinating
conjunction used signals whether a relation is structural or nonstructural. An example of
a structural coordinating conjunction (also termed adverbial) is because; nonstructural (or
discourse) adverbials include then, also, otherwise, nevertheless, and instead. One prob-
lem with Webber et al’s (2003) proposal is that their list of discourse adverbials seems
to be open ended. Furthermore, it is unclear how their account could generalize to cases
where there is a coherence relation between two discourse segments but no discourse ad-
verbial. This might in fact be the case for the majority of coherence relations; for example,
Schauer (2000) argues that only 15-20 percent of all coherence relations in a discourse are
signaled by discourse adverbials.

Knott (1996) might provide a means to formalize in an empirically testable way claims
that seem to be very similar to those of Webber et al. (2003). Although it is possible to iden-
tify characteristic cue phrases for some relations (e.g., because would be a characteristic
cue phrase for a cause-effect relation), Knott notes that he cannot do so for elaboration re-
lations. These, he argues, are more permissive than other types of coherence relations (e.g.,
cause-effect, parallel, contrast). As a consequence, he proposes that elaboration relations
would better be described in terms of focus structures (Grosz and Sidner 1986), which
Knott argues are less constrained, than in terms of rhetorical relations (Hobbs 1985; Mann
and Thompson 1988), which Knott argues are more constrained. This hypothesis makes
testable empirical claims: elaboration relations should in some way pattern differently
from other coherence relations. We will return to this issue in sections 2.5.1 and 2.5.2 and
to Webber et al’s (2003) account in sections 2.4, 2.5.1.2,and 2.5.2.2. In particular, we will
discuss the issue of distinguishing anaphoric from nonanaphoric coherence relations.

2.2.2 Mechanisms for Determining Discourse Structures: Segmented Discourse
Representation Theory (SDRT)

The goal of Lascarides and Asher (1993) is to provide an account of how coherence rela-
tions between discourse segments can be determined, based on a theory of semantics such
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as Dowty (1986). Coherence relations in their account refer to informational relations
between discourse segments, as in Hobbs (19835), not to communicative goals and inten-
tions, as in Grosz and Sidner (1986).

Lascarides and Asher (1993) describe mechanics for determining coherence relations
that include the following:

* Penguin Principle’ prefer a more specific coherence relation over a less specific one. For
example, if two events are in a temporal sequence relation and there is also a causal rela-
tion between the events, prefer cause-effect over temporal sequence (both cause-effect and
temporal sequence entail a temporal order of events, but only cause-effect also entails a
causal relation between these events; therefore cause-effect is more specific than temporal
sequence).

* Narration Principle by default, events should be described in the order in which they
happened. Lascarides and Asher (1993) argue that this principle is a manifestation of
Grice’s (1975) Maxim of Manner.

* Causal Law for a causal coherence relation to hold between the events described by two
discourse segments, the event that is the cause has to precede completely the event that is
the effect.

The Narration Principle is an empirical claim that remains to be tested; we used these three
principles to determine coherence relations in our database of 135 texts. However, for
practical considerations, our versions of the Causal Law and the Narration Principle were
defined less strictly. To understand our motivation for this, consider the following example
from Bateman and Rondhuis (1994):

(13) The film was boring. John yawned.

Most people would agree that there is a causal relation between the two sentences in (13)—
John yawned because he was bored by the film. However, the film event does not neces-
sarily conclude before the yawning event; it is possible that John yawned after seeing the
film, but perhaps more likely that he yawned while watching it. For a causal relation be-
tween the two sentences to be established, however, the Causal Law as stated above de-
mands that the film end before John yawns. Therefore, if John yawned while watching the
film, no causal relation can be established between the two sentences in (13). The same is-
sue arises regarding the Narration Principle and keeps a temporal sequence relation from
applying. Following Lascarides and Asher (1993), the sentences in (13) would be in a
background-elaboration relation. Bateman and Rondhuis (1994) show that in the style of
analysis proposed by Lascarides and Asher (1993), almost all coherence relations end up
being background-elaboration, because the mechanisms for determining coherence rela-
tions, in particular the Causal Law, are formulated so strictly.
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Lascarides and Asher (1993) also argue for structural constraints on building discourse
structures. They maintain that only the right frontier of a discourse structure graph is open
for attachment of new discourse segments. This means that they do not allow crossed de-
pendencies. However, like Webber, Knott, and Joshi (1999), they appear to allow nodes
with multiple parents (Lascarides and Asher 1991).

2.2.3 Intentional Discourse Structure: Grosz and Sidner (1986)

Grosz and Sidner’s (1986) approach is based on the hypothesis that speaker intentions de-
termine discourse structure. Their account is intended primarily as an account of multi-
speaker dialogues, and it assumes three levels of structure: linguistic, intentional, and
attentional.

Grosz and Sidner argue that linguistic structure is determined by cue words (but, first,
now, back to, etc.). They also contend that the linguistic structure is isomorphic to the in-
tentional structure of a discourse, and that determining the intentional structure should
therefore help determine the linguistic structure. However, they provide no details for im-
plementing these ideas (e.g., how to determine intentional structure, or linguistic structure
in the absence of cue phrases, see Schauer 2000).

For Grosz and Sidner (1986), intentional discourse structure describes how the role
played by one discourse segment with respect to the interlocutors’ intentions—the dis-
course segment purpose—relates to the role played by another discourse segment. Dis-
course segment purposes can form a hierarchical structure. Consider example (14).

(14)  Example with discourse segment purpose annotation (from Nakatani, Grosz, and
Abn 1995)
I. Teach new cook how to make stuffed sole
We’re going to be making sole, stuffed with shrimp mousse.
A. Explain steps of initial preparation of ingredients and equipment
1. Identify ingredients
In the small bag are the sole and the shrimp. And there are ten small
sole fillets and there’s a half a pound of medium shrimp.
2. Instruct new cook to get equipment ready
Okay, and you’re going to need a blender to make the mousse.
So you should get your blender out.

Figure 2.7 shows the hierarchical discourse structure for (14). The discourse segment pur-
poses in (14) (the lines introduced by I, A, 1, 2) seem to be rather idiosyncratic to that
example, or at least to the text domain of cooking instructions. For instance, it is hard to
see how the discourse segment purposes in (14) could be used to describe the intentional
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Figure 2.7
Intentional discourse structure for (14)

structure of a text about investment strategies. However, Grosz and Sidner (1986) do not
discuss how a more general taxonomy of discourse segment purposes may be constructed.

Nakatani, Grosz, and Ahn (19935) also discuss the possibility of “out-of-order seg-
ments.” These segments do not relate to immediately surrounding elements but to some
other segment in the discourse, and can be joined in a tree structure only by allowing
crossed dependencies and nodes with multiple parents. Thus, Grosz and Sidner (1986), or
at least Nakatani, Grosz, and Ahn (1995), appear to allow these tree violations in inten-
tional discourse structures.

Grosz and Sidner (1986) also discuss a third layer of discourse structure, attentional struc-
ture. This structure involves a stack containing the discourse elements on which participants
focus their attention at a given point in the discourse. This stack also forms the basis of a
pronoun resolution mechanism in Centering Theory (Joshi and Kuhn 1979; Grosz, Joshi,
and Weinstein 19935); the entities on top of the attentional stack are assumed to be more

easily accessible for pronominal reference than entities further down (see also Ariel 1990).

2.2.4 Discourse Trees: Rhetorical Structure Theory (RST)

RST (Mann and Thompson 1988; Marcu 2000) is intended to be a descriptive account of
the organization of a discourse. The organization of a discourse is held to be a function
of informational and intentional relations between discourse segments. The number of re-
lations proposed varies greatly across different versions of RST, ranging from twenty-five
(Mann and Thompson 1988) to over four hundred (Marcu 2000).¢ Researchers often use
cause-effect (one discourse segment states the cause for the effect expressed by another
segment), elaboration (one segment elaborates on another segment), and contrast (one dis-
course segment contrasts with another discourse segment). In some versions of RST, cause-
effect has subcategories that can be differentiated by underlying intentions—causes can be
volitional (“1 dropped the glass because I wanted to see how it shattered on the ground”)

or nonvolitional (“I dropped the glass because I fell down”).
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A central feature of RST is the intuition that some coherence relations are symmetrical
and others are asymmetrical. Coherence relations are symmetrical if the discourse seg-
ments between which the coherence relation holds are equally important; this is true for
similarity and contrast relations, illustrated in (15) and (16).

(15)  Similarity
a. There is a train on platform A.
b. There is another train on platform B.

(16) Contrast
a. John supported Schwarzenegger during the campaign,
b. but Susan opposed him.

In asymmetrical coherence relations, one participating segment is more important than the
other; this is true, for example, for elaboration relations, where the elaborating discourse
segment (the satellite) is less important than the elaborated segment (the nucleus) (Mann
and Thompson 1988). An example of an elaboration relation is (17), where (17b) is less
important than (17a).

(17)  Elaboration
a. A probe to Mars was launched from Ukraine last week.
b. The European-built Mars Express is scheduled to reach Mars by late
December.

As mentioned in section 2.1.1, Mann and Thompson (1988) also aim to represent inten-

tional coherence relations.

2.2.5 More General Discourse Graphs: Hobbs (1985)

In Hobbs’s (1985) account, discourse coherence is closely related to more general inference
mechanisms (see also Hobbs et al. 1993). Similar to Lascarides and Asher (1993), Mann
and Thompson (1988), and Marcu (2000), Hobbs aims to account for informational re-
lations that hold between discourse segments. In contrast to the others, however, Hobbs
does not use trees for representing discourse structures. Instead, he employs labeled di-
rected graphs, where the nodes represent discourse segments, and the labeled directed arcs
represent the coherence relations that hold between the discourse segments. Furthermore,
Hobbs proposes a smaller number of coherence relations than Mann and Thompson
(1988) and Marcu (2000). For the account of discourse structure that we will present in
subsequent chapters, we also assume a smaller set of coherence relations because they are
easier to code and allow for a more abstract representation of discourse structure.
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2.3 Collecting a Database of Texts Annotated with Coherence Relations

This section describes in detail the set of coherence relations we use, which are mostly
based on Hobbs (1985). We try to make as few a priori theoretical assumptions about rep-
resentational data structures as possible, and the assumptions we do make are outlined be-
low. Importantly, however, we do not use a tree data structure to represent discourse
coherence structures. In fact, a major result of the discussion in chapter 2 is that trees do
not seem adequate to represent discourse structures. This section describes (1) how we de-
fine discourse segments, (2) which coherence relations we used to connect the discourse
segments, and (3) how the annotation procedure worked.

2.3.1 Discourse Segments

Discourse segments are generally defined as nonoverlapping, contiguous spans of text
(Marcu 2000). But different accounts of discourse structure offer different definitions of
discourse segment boundaries. For example, Grosz and Sidner (1986) argue that discourse
is segmented into intentional units. Consider part of example (14), repeated below as (18).
It consists of two discourse segments, 1 and 2. Hirschberg and Nakatani (1996) argue that
in such examples, segment boundaries can be defined by prosodic features such as pauses
or by a change in the speaker’s fundamental frequency (f,)).

(18)  Example with discourse segment purpose annotation (from Nakatani, Grosz, and

Abn 1995)

1. Identify ingredients
In the small bag are the sole and the shrimp. And there are ten small sole
fillets and there’s a half a pound of medium shrimp.

2. Instruct new cook to get equipment ready
Okay, and you’re going to need a blender to make the mousse. So you should
get your blender out.

Other accounts use phrasal units as discourse segments (Lascarides and Asher 1993;
Longacre 1983; Webber, Knott, Stone et al. 1999). An example of such a segmentation is
given in (11) above.

A less fine-grained definition of discourse segment is assumed by Hobbs (1985). There,

discourses are segmented into sentences as in example (19).

(19) Example, modified from Hobbs (1985), with discourse segmentation into
sentences
a. [Istarted out in Renaissance studies.
b. ButIdidn’t like any of the people I was working with.
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For our database, we adopted a clause unit-based definition of discourse segments, with
the exception of restrictive relative clauses. We originally considered using a sentence unit-
based definition of discourse segments, following Hobbs (1985). However, it turned out
that newspaper texts often have very long sentences containing several clauses that are in
some kind of coherence relation with one another and across sentences. In order not to lose
this information, we use a more fine-grained, clause unit-based definition of discourse seg-
ments. We also assume that contentful coordinating and subordinating conjunctions (see
table 2.1) can delimit discourse segments.

Notice that and is ambiguous. It can indicate discourse segments in many different co-
herence relations. In addition, and can also be used to conjoin nouns, like dairy plants and
dealers in (20), and verbs, like snowed and rained in (21):

(20) Milk sold to the nation’s dairy plants and dealers averaged $14.50 for each
hundred pounds. (Harman and Liberman 1993, wsj-0306)

(21) It snowed and rained all day long.

If and was used in one of the latter ways, we did not classify it as delimiting discourse
segments.

We classified periods, semicolons, and commas as delimiting discourse segments, except
in cases like (22), where they conjoin nouns in a complex noun phrase (NP).

(22)  John bought bananas, apples, and strawberries.

We furthermore treat attributions (“John said that . . .”) as discourse segments. This is be-

cause the texts we annotated are taken from news corpora, in which attributions can be

Table 2.1

Contentful conjunctions that illustrate coherence relations

Relation Conjunction

Cause-effect because, and so

Violated expectation although, but, while

Condition if . . . (then), as long as, while

Similarity and, (and) similarly

Contrast by contrast, but

Temporal sequence (and) then; first, second, . . . ; before; after; while

Attribution according to ..., ...said, claim that ..., maintain that . . . , stated
that. ..

Example For example, for instance

Elaboration also, furthermore, in addition, notice (furthermore) that, (for, in, on,
against, with, . . .) which, who, (for, in, on, against, with, . . .) whom

Generalization in general
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important carriers of coherence structures. For instance, consider a case where source A
and source B both comment on some event X. It is necessary to distinguish between a sit-
uation where A and B make basically the same statement about X, and a situation where
A and B make contrasting comments about X. Note, however, that we treated cases like
(23) as one discourse segment rather than two (. . . cited and transaction costs . . .). We sep-
arated attributions only if the attributed material was an embedded clause, a sentence, or
a group of sentences. This is not the case in (23)—the attributed material is a complex NP
(transaction costs from its 1988 recapitalization).

(23) The restaurant operator cited transaction costs from its 1988 recapitalization.
(Harman and Lieberman 1993; wsj-0667)

2.3.2 Discourse Segment Groupings

Many naturally occurring discourses consist of topics and subtopics, and thus have a (par-
tially) hierarchical structure. This structure may be represented by discourse segment
groupings. For example, discourse segments may be grouped if their content can be at-
tributed to the same source (see section 2.3.3 for a definition of attribution coherence re-
lations). An example of such a grouping is given in (24), where discourse segments 2 and
3 are grouped because they can be attributed to the same source, which is stated in segment
1 (i.e., Jobn). The grouping in (24) is illustrated in figure 2.8.

(24) Grouping of segments attributed to the same source
a. S1: John said that
b. S2:the weather would be nice tomorrow,
c.  S3:and that he would go swimming then.

Furthermore, discourse segments were grouped if they were topically related. For ex-
ample, if a text discusses inventions in information technology, there could be groups of
discourse segments each concerning inventions by specific companies. There might also be
subgroups consisting of discourse segments concerning specific inventions at specific com-
panies. Thus, marking groups can determine a partially hierarchical structure for the text
(for more discussion, see section 2.3.5).

Other examples of discourse segment groupings included cases where discourse seg-
ments describe an event or a group of events that all occur before another event or group
of events. In that case, the content of the first group of discourse segments is in a temporal
sequence relation with the content of the second. In cases where one topic requires one
grouping and a following topic requires another, both groupings were annotated.

In contrast to approaches such as the TextTiling algorithm (Hearst 1997), we allow par-
tially overlapping groups of discourse segments in order to capture situations in which a



Representing Discourse Coherence | 25

Figure 2.8
Partial discourse structure for (24) after discourse segment groupings

transition discourse segment belongs to the previous as well as the following group. How-
ever, this type of segment group did not occur in our database. This might be seen as evi-
dence for the approach taken by the TextTiling algorithm. However, an alternative
hypothesis is that nonoverlapping groups of discourse segments are a feature of news texts
and that overlapping groups might occur in other kinds of texts.

2.3.3 Coherence Relations
There are a number of different informational coherence relations, dating in their basic def-
initions back to Aristotle (Nestle 1977) and Hume (1748) (see Hobbs 1985; Hobbs et al.
1993; Kehler 2002). The coherence relations we used are based mostly on Hobbs (1985);
we will describe below each coherence relation we use and note any differences between
our versions and Hobbs’s (19835) set. Table 2.2 presents an overview of how the two sets
compare.

One type of coherence relation we used is cause-effect, illustrated in (25). Discourse seg-
ment (25a) states the cause for the effect given in (25b).

(25) Cause-effect
a. There was bad weather at the airport
b. and so our flight got delayed.

Our cause-effect relation subsumes the cause and the explanation relations in Hobbs
(1985). Hobbs’s cause relation holds if a discourse segment stating a cause occurs before a
discourse segment stating an effect; an explanation relation holds if a discourse segment
stating an effect occurs before a discourse segment stating a cause. We encoded this dis-
tinction by adding direction to the cause-effect relation. In a graph, this can be represented
by a directed arc going from cause to effect.

Another kind of causal relation is condition. Hobbs (1985) does not distinguish condi-
tion relations from either cause or explanation. However, we felt that it might be impor-
tant to distinguish between a causal relation describing an actual causal event (cause-effect)
on the one hand and a causal relation describing a possible causal event (condition) on the
other hand. In (26), (26b) states an event that will occur only if the event described by (26a)

also occurs.
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Table 2.2

Correspondence between the set of coherence relations in Hobbs (1985) and our set of coherence
relations

Hobbs (1985) Current annotation scheme

Occasion Temporal sequence

Cause Cause-effect: cause stated first, then effect;

Explanation

Evaluation
Background

Exemplification: example stated first, then
general case; directionality indicated by
directed arcs in a coherence graph

Exemplification: general case stated first,
then example; directionality indicated by
directed arcs in a coherence graph

Elaboration

Parallel

Contrast

Violated expectation

directionality indicated by directed arcs in a
coherence graph

Cause-effect: effect stated first, then cause;
directionality indicated by directed arcs in a
coherence graph

Condition
Elaboration
Elaboration

Example

Generalization

Elaboration
Similarity

Contrast

Violated expectation
Attribution
Same-segment

(26) Condition
a. If the new software works,

b. everyone should be happy.

In the violated expectation relation (also used by Hobbs), a causal relation that would
normally exist between two discourse segments is absent. For example, (27a) would nor-

mally be a cause for everyone to be happy, but this expectation is violated by the content
of (27b).
(27)  Violated Expectation

a. The new software worked great,
b. but nobody was happy.

Other coherence relations that we used include similarity (termed parallel in Hobbs

1985) and contrast relations (present also in Hobbs), where similarities and contrasts are
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determined between corresponding sets of entities or events. These are illustrated in (15)
and (16), repeated here as (28) and (29), respectively.

(28)  Similarity
a. There is a train on Platform A.
b. There is another train on Platform B.

(29) Contrast
a. John supported Schwarzenegger during the campaign,
b. but Susan opposed him.

Discourse segments can also stand in an elaboration relation (also used by Hobbs 19835).
For example, (30b) elaborates on (30a).

(30) Elaboration
a. A probe to Mars was launched from Ukraine this week.
b. The European-built Mars Express is scheduled to reach Mars by late
December.

Discourse segments can provide examples for another discourse segment (exemplifica-
tion in Hobbs 1985). The example relation is illustrated in (31), where (31b) provides an
example for what is stated in (31a).

(31) Example
a. There have been many previous missions to Mars.
b. A famous example is the Pathfinder mission.

Hobbs (1985) also includes an evaluation relation, as in (32), where (32b) states an eval-
uation of (32a). We decided to call such relations elaborations, since we found it too dif-
ficult in practice to reliably distinguish elaborations from evaluations; in our annotation

scheme, what is stated in (32b) elaborates on what is stated in (32a).

(32) Elaboration (from Hobbs 1985)
a. (A story.)
b. It was funny at the time.

We also differ from Hobbs (1985) in not having a separate background relation, as in
(33), where what is stated in (33a) provides the background for (33b). Similarly to the eval-
uation relation, we found the background relation too difficult to reliably distinguish from
elaboration relations; in our annotation scheme, (33a) elaborates on (33b).

(33) Elaboration (modified from Hobbs 1985)
a. T is the pointer to the root of a binary tree.
b. Initialize T.
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In a generalization relation, as in (34), one discourse segment states a generalization, (34b),
for the content of another, (34a).

(34) Generalization
a. Two missions to Mars in 1999 failed.
b. There are many missions to Mars that have failed.

Discourse segments can also be in an attribution relation, as in (35), where (35a) states
the source for the content of (35b) (see Bergler 1991 for a more detailed semantic analysis
of attribution relations).

(35) Attribution
a. John said that
b. the weather would be nice tomorrow.

In a temporal sequence relation, as in (36), one discourse segment, (36a), states an event
that takes place before another event expressed by another discourse segment, (36b). In
contrast to cause-effect relations, there is no causal relation between the events described
by the two discourse segments. The temporal sequence relation is equivalent to the occa-
sion relation in Hobbs (1985).

(36) Temporal Sequence
a. First, John went grocery shopping.
b. Then he disappeared in a liquor store.

The same-segment relation is not an actual coherence relation but an epiphenomenon
resulting from assuming contiguous distinct elements of text (Hobbs 1985 does not in-
clude this relation). A same-segment relation holds if a subject NP is separated from its
predicate by an intervening discourse segment. For example, in (37), (37a) is the subject
NP of a predicate in (37c), so there is a same-segment relation between (37a) and (37c¢). In
addition, (37a) is the first and (37¢) the second segment of what is actually one single dis-
course segment, separated by the intervening discourse segment (37b). An attribution re-
lation holds between (37a) and (37b), and therefore also between (37b) and (37c), since
(37a) and (37¢) are actually one single discourse segment.

(37) Same-segment
a. The economy,
b. according to some analysts,
c. isexpected to improve by early next year.

In our set of coherence relations, we distinguish between asymmetrical or directed rela-
tions on the one hand and symmetrical or undirected relations on the other (Mann and
Thompson 1988; Marcu 2000; see section 2.2.4). Cause-effect, condition, violated expec-
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tation, elaboration, example, generalization, and attribution are asymmetrical or directed
relations, whereas similarity, contrast, and same-segment are symmetrical or undirected
relations. The directions of relations in asymmetrical or directed relations are as follows:

* cause-effect from the discourse segment stating the cause to the discourse segment stat-
ing the effect

» condition from the discourse segment stating the condition to the discourse segment
stating the consequence

» violated expectation from the discourse segment stating the cause to the discourse seg-
ment describing the absent effect

* elaboration from the elaborating discourse segment to the elaborated discourse segment
» example from the discourse segment stating the example to the discourse segment stat-
ing the exemplified

= generalization from the discourse segment stating the special case to the discourse seg-
ment stating the general case

* gttribution from the discourse segment stating the source to the discourse segment con-
taining the attributed material

» temporal sequence from the discourse segment stating the event that happened first
to the discourse segment stating the event that happened second

This definition of directionality is related to Mann and Thompson’s (1988) notion of nu-
cleus and satellite nodes (where the nodes can represent segments or groups of segments):
for asymmetrical or directed relations, the directionality is from satellite to nucleus node;
by contrast, symmetrical or undirected relations hold between two nuclei.

Note also that we decided to annotate a coherence relation if it held between the entire
content of two discourse segments, or if it held between parts of the content of two dis-
course segments. Consider the following example from the AP Newswire:

(38) a. [Difficulties have arisen][in enacting the accord for the independence of
Namibia]
b. for which SWAPO has fought many years, (Harman and Liberman 1993,
ap90104-0003)

For this example, we would annotate an elaboration relation from (38b) to (38a) the for-
mer provides additional details about the accord mentioned in the latter, although the
relation actually holds only between (38b) and the second bracketed part of (38a). While
it is beyond the scope of the current project to do so, future research should investigate
annotations allowing relations only between parts of discourse segments that are directly
involved in establishing a coherence relation. For example, consider (39), where brackets
indicate how a more fine-grained analysis of discourse segments might be marked:
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(39) a. [for which][SWAPO][has fought many years,]
b. referring to the acronym of the South West Africa People’s Organization
nationalist movement. (Harman and Liberman 1993, ap890104-0003)

In our current project, we annotated an elaboration relation from (39b) to (39a), because
(39b) provides additional details, the full name for SWAPO, which is mentioned in (39a).
A future, more detailed, annotation of coherence relations would annotate this elaboration
relation to hold only between (39b) and the word SWAPO in (39a).

2.3.4 Coding Procedure

In coding the coherence relations of a text, we used a procedure consisting of three steps.
First, a text is segmented into discourse segments (see section 2.3.1). Second, adjacent dis-
course segments that are topically related are grouped together as described in section
2.3.2. Third, coherence relations between discourse segments and groups of discourse seg-
ments are identified (see section 2.3.3). Finally, each previously unconnected segment or
group of segments is tested for connections to any of the already-connected segments in
the representation.

To help determine the coherence relation between particular (groups of) discourse seg-
ments, we asked the annotators which, if any, of the contentful coordinating conjunctions
in table 2.1 could be inserted acceptably into the passage (see Hobbs 1985; Kehler 2002).
When such an insertion would have been possible, we took this as evidence that the coher-
ence relation corresponding to the conjunction did indeed hold between the two (groups of)
discourse segments under consideration. We used this procedure only if a contentful coor-
dinating conjunction that disambiguated the coherence relation was not already present.

The following list used by the annotators shows in more detail how the annotations were
performed.

A. Segment the text.

1. Insert segment boundaries at every period that marks a sentence boundary (i.e., not
at periods such as those in Mrs. or in Dr.).

2. Insert segment boundaries at every semicolon that marks a sentence or clause
boundary.

3. Insert segment boundaries at every colon that marks a sentence or clause boundary.

4. Insert segment boundaries at every comma that marks a sentence, clause, or modi-
fying prepositional phrase (PP) boundary (modifying PPs are an important part of
discourse structure in newspaper texts). Do not insert segment boundaries at com-
mas that conjoin complex noun or verb phrases (for example, the italicized complex
NP in “XY corporation manages stocks, bonds, and mutual funds” and the itali-
cized complex VP in “XY corporation buys, manages, and sells mutual funds”).
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5. Insert segment boundaries at every quotation mark if they are not already present.

6. Insert segment boundaries at the contentful coordinating conjunctions listed in table
2.1 if they are not already present. For and, do not insert a segment boundary if it is
used to conjoin verbs, adjectives, or nouns in a conjoined noun phrase.

B. Generate groupings of related discourse segments.

1. Group contiguous discourse segments that are enclosed by pairs of quotation marks.

2. Group contiguous discourse segments that are attributed to the same source.

3. Group contiguous discourse segments that belong to the same sentence (marked by
periods, commas, semicolons, or colons).

4. Group contiguous discourse segments that are topically centered around the same
entities or events.

C. Determine coherence relations between discourse segments and groups of discourse
segments. For each previously unconnected (group of) discourse segment(s), test it for
connections to any of the already-connected (groups of) discourse segments in the rep-
resentation. Use the following steps for each decision.

1. Use pairs of quotation marks as a signal for attribution.

2. For pairs of (groups of) discourse segments that are already connected by one of the
contentful coordinating conjunctions from table 2.1, choose the coherence relation
that corresponds to the coordinating conjunction.

3. For pairs of (groups of) discourse segments that are not connected by any of the con-
tentful coordinating conjunctions from table 2.1, do the following:

a. Mentally connect the (groups of) discourse segments using one of the coordi-
nating conjunctions from table 2.1.

b. If the resulting passage sounds acceptable, choose the coherence relation that
corresponds to the coordinating conjunction.

c. If the passage does not sound acceptable, repeat step 3a until an acceptable co-
ordinating conjunction is found.

d. If the passage does not sound acceptable with any of the coordinating conjunc-
tions from table 2.1, assume that the (groups of) discourse segments under con-
sideration are not related.

4. Iterative procedure for steps C3a and C3b
a. Start with any of the unambiguous coordinating conjunctions from table 2.1 (be-

cause, although, if . . . then, . .. said, for example).

b. If none of the unambiguous coordinating conjunctions results in an acceptable pas-
sage, try the more ambiguous coordinating conjunctions (and, but, while, also, etc.).

As a result of practical issues that arose during the annotation project, we also took into
account the following additional considerations for steps C2 and C3:
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» Example versus elaboration An example relation sets up an additional entity or event
(the example), whereas an elaboration relation provides more detail about an already in-
troduced entity or event (the one on which it elaborates).

» Cause-effect Lascarides and Asher’s (1993) Causal Law (see section 2.2.2) states that in
a causal relation, the cause has to precede the effect. However, we noted in section 2.2.2 that
this definition of the Causal Law might be too narrow. We therefore assume a modified ver-
sion of the Causal Law, according to which the cause has to precede the effect at least par-
tially. This allows for a causal relation in (40) in the case that John yawned during the film
(i.e., the film event is the cause event even though it does not completely precede the yawn-

ing event).
(40) The film was boring. John yawned.

» Cause-effect versus temporal sequence Both cause-effect and temporal sequence entail
a temporal ordering of events. However, only cause-effect relations have a causal relation
between what is stated by the (groups of) discourse segments under consideration. Thus,
if there is a causal relation between the (groups of) segments, assume cause-effect rather
than temporal sequence (recall the Penguin Principle in Lascarides and Asher 1993).

2.3.5 Example of the Coding Procedure
To illustrate our approach for determining discourse structures, we use the following ex-
tract of a text from the Wall Street Journal:

(41) Example text for illustrating the coding procedure
Three new issues began trading on the New York Stock Exchange today, and one
began trading on the Nasdag/National Market System last week. On the Big
Board, Crawford & Co., Atlanta, (CFD) began trading today. Crawford evaluates
health care plans, manages medical and disability aspects of worker’s
compensation injuries and is involved in claims adjustments for insurance
companies. (Harman and Liberman 1993, text wsj-0607)

The following sections will illustrate how the coding procedure outlined in section 2.3.4
can be applied to (41).

2.3.5.1 Segmenting the Text The first step in annotating (41) for discourse structure is
to divide the text into discourse segments (steps A1 through A6 in the coding procedure).

Step A1 Insert segment boundaries at every period that marks a sentence boundary.

(42)  Example text after applying step Al:
a. S1: Three new issues began trading on the New York Stock Exchange today,
and one began trading on the Nasdaq/National Market System last week.
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b. S2: On the Big Board, Crawford & Co., Atlanta, (CFD) began trading today.
$3: Crawford evaluates health care plans, manages medical and disability
aspects of worker’s compensation injuries and is involved in claims

adjustments for insurance companies.

Step A2 Insert segment boundaries at every semicolon that marks a sentence or clause
boundary. There are no semicolons in the example text, so this step is skipped.

Step A3 Insert segment boundaries at every colon that marks a sentence or clause bound-
ary. There are no colons in the example text, so this step is skipped.

Step A4 Insert segment boundaries at every comma that marks a sentence, clause, or
modifying PP boundary. Notice that the comma in discourse segment 5 in (43) conjoins el-
liptic clauses (Crawford evaluates bealth care plans, [Crawford] manages medical and dis-
ability aspects of worker’s compensation injuries and [Crawford] is involved in claims
adjustment . . .).

(43) Example text after applying step A4:

S1: Three new issues began trading on the New York Stock Exchange today,
S2: and one began trading on the Nasdaq/National Market System last week.
S3: On the Big Board,

S4: Crawford & Co., Atlanta, (CFD) began trading today.

S5: Crawford evaluates health care plans,

[T G e ST~

S6: manages medical and disability aspects of worker’s compensation injuries

and is involved in claims adjustments for insurance companies.

Step A5 Insert segment boundaries at every quotation mark. There are no quotations in
the example text, so this step can be skipped.

Step A6 Insert segment boundaries at contentful coordinating conjunctions. There is one
contentful coordinating conjunction, and, in discourse segment 6 in (43); it conjoins two
clauses. Discourse segments 5, and 6 do not contain conjoined verbs because each verb
(evaluates, manages, and is involved in) has its own object (bealth care plans, medical and
disability aspects of worker’s compensation injuries, and claims adjustment for insurance
companies, respectively). When verbs are conjoined, all the verbs have the same object. For
instance, in the example XY Corporation manages and sells mutual funds, the verbs man-
ages and sells both have the same object (mutual funds). Instead, the discourse structure is
as in (44), where segments 6 and 7 are elliptical constructions with Crawford being the
elided subject for both.

(44)  Example text after applying step A6:
a. S1:Three new issues began trading on the New York Stock Exchange today,
b. S2:and one began trading on the Nasdaq/National Market System last week.
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S3: On the Big Board,

S4: Crawford & Co., Atlanta, (CFD) began trading today.

S5: Crawford evaluates health care plans,

S6: manages medical and disability aspects of worker’s compensation injuries

Q@ =~ 0 &0

S7: and is involved in claims adjustments for insurance companies.

2.3.6 Groupings of Discourse Segments

In the second step of annotating a text with a discourse structure, related contiguous dis-
course segments are grouped together (steps B1 through B4 in the coding procedure). Here
is how this procedure is applied to (44):

Step B1 Group contiguous discourse segments that are enclosed by pairs of quotation
marks. There are no quotation marks in the example text, so this step can be skipped.
Step B2 Group contiguous discourse segments that are attributed to the same source.
Because there are no sources in the example text, this step can be skipped.

Step B3 Group contiguous discourse segments that belong to the same sentence. Dis-
course segments 1 and 2 are in the same sentence, so they form a group. Furthermore,
discourse segments 3 and 4 form a single sentence, and 5, 6, and 7 form one as well. Thus,
there are two more groups: one containing segments 3 and 4, and one with segments 5, 6,
and 7.

Step B4 Group contiguous discourse segments that are topically centered around the
same entities or events. Discourse segments 3 through 7 are about a company, Crawford.
Therefore, these discourse segments are grouped together.

2.3.6.1 Coherence Relations between Discourse Segments and Groups of Discourse
Segments After grouping related contiguous discourse segments, we have the partial dis-
course structure for (44) shown in figure 2.9. To help distinguish group relations from other
coherence relations and to avoid cluttering the figures with arc labels, group relation arcs
are drawn in grey in the following figures.

The third step of annotating a text with a discourse structure consists of determining co-
herence relations between (groups of) discourse segments (steps C1 through C4 in the cod-
ing procedure). Here is how this procedure is applied to (44), repeated here as (45):

(45) Example text
a. S1:Three new issues began trading on the New York Stock Exchange today,
b. S2:and one began trading on the Nasdaq/National Market System last week.
c. S3: On the Big Board,
d. S4: Crawford & Co., Atlanta, (CFD) began trading today.
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Figure 2.9
Partial discourse structure for (44) after discourse segment groupings

e. S5: Crawford evaluates health care plans,
f. S6: manages medical and disability aspects of worker’s compensation injuries
g. S7:and is involved in claims adjustments for insurance companies.

Step C1  Use pairs of quotation marks as a signal for attribution. This step is skipped be-
cause there are no quotation marks in the example text.

Step C2 Choose coherence relations for pairs of (groups of) discourse segments that are
connected with a contentful coordinating conjunction. Discourse segments 1 and 2, and 6
and 7, respectively, are connected with and. Because of this, and because of their parallel
sentence structures, these discourse segments are in similarity relations (discourse seg-
ments 1 and 2 are both about new issues that began trading on an exchange; discourse
segments 6 and 7 both describe activities of the company Crawford). This results in the
partial discourse structure shown in figure 2.10. Later on in the coding procedure, we will
establish similarity relations between all three discourse segments, 5, 6, and 7 (see figure
2.13 below).

Steps C3-C4 Determine coherence relations for the (groups of) discourse segments that
are not conjoined with contentful coordinating conjunctions. Since discourse segments 1
and 2 have already been connected, building a discourse structure for (45) will continue

with integrating discourse segment 3 into the discourse structure built so far.

* Discourse segment 3 Big Board refers to New York Stock Exchange in discourse seg-
ment 1. Often when there is an anaphoric relation between two discourse segments, these
discourse segments are also related by a coherence relation. However, in section 2.3.4, step
C, we pointed out that if two (groups of) discourse segments are related by a coherence
relation, mentally joining the two (groups of) discourse segments with a coordinating
conjunction should result in an acceptable passage. This is not the case here because the

resultant passage after concatenating discourse segments 1 and 3 is incomplete:
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Figure 2.10
Partial discourse structure for (45) after applying step C2

(46) Resultant passage after concatenating discourse segments 1 and 3
Three new issues began trading on the New York Stock Exchange today. On the
big board

Therefore, we do not assign a coherence relation to discourse segments 1 and 3. However,
later in the annotation procedure, we will assign an elaboration relation to the discourse
segment group 3—4 and discourse segment 1 (see figure 2.12). There are no other coher-
ence relations between discourse segment 3 and the discourse structure built so far.

* Discourse segment 4 Discourse segment 3 is a PP that modifies discourse segment 4 (it
provides additional detail about where the trading described in segment 4 takes place).
Therefore, an elaboration relation holds between discourse segments 3 and 4. There are no
other coherence relations between discourse segment 4 and the discourse structure built so
far. The result is the partial discourse structure shown in Figure 2.11.

* Discourse segment group 3—4  This group of discourse segments provides additional de-
tail about discourse segment 1 (it provides details about a company mentioned in discourse
segment 1 that began being traded on the New York Stock Exchange), so there is an elab-
oration relation between 3—4 and 1. There are no other coherence relations between 3-4
and the discourse structure built so far. The result is the partial discourse structure shown
in figure 2.12.

* Discourse segment 5 Discourse segments 5 and 6 have parallel structure and both
describe things that the company Crawford does. Therefore, there is a similarity relation
between these two discourse segments. There is furthermore a similarity relation between dis-
course segments 5 and 7. This results in the partial discourse structure shown in figure 2.13.
= Discourse segment group 5-7: Instead of identifying individual coherence relations be-
tween discourse segments 5, 6, and 7 and the already-built structure, we assign these co-
herence relations to connect the group of discourse segments 5-7 and the rest of the

structure. For the example text considered here, all relations that hold for the individual
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Figure 2.11
Partial discourse structure for (45) after integrating discourse segment 4

Figure 2.12
Partial discourse structure for (45) after integrating the group of discourse segments 3-4

Figure 2.13
Partial discourse structure for (45) after integrating discourse segment 5
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discourse segments in the group 5-7 also hold for that group as a whole. There is an elab-
oration relation between segment group 5-7 and discourse segment 4: 5-7 provides ad-
ditional detail (business activities) about the company Crawford that is mentioned in
discourse segment 4. The result is the partial discourse structure shown in figure 2.14.

» Discourse segment group 3-7: This group of discourse segments provides detail about
one of the companies that began being traded on the New York Stock Exchange. There-
fore, there is an elaboration relation between 3-7 and discourse segment 1 (which mentions
the New York Stock Exchange). The result is the discourse structure shown in figure 2.135.

2.3.7 Annotators and Annotation Tools

The annotators for the database were MIT undergraduate students who worked in our
research lab. The first author of this book provided training for the annotators, who re-
ceived a manual that described the background of the project, discourse segmentation, co-
herence relations and how to recognize them, and the use of the annotation tools that we
developed in our lab (Wolf et al. 2003). Training consisted of explaining the background
of the project and the annotation method and of annotating example texts (these texts are
not included in our database). Training took eight to ten hours in total, distributed over
five days of a week. After the training, the annotators worked independently.

In doing the annotations, annotators used a simple Java-based tool that displayed the
text to be annotated, the annotation commands, and a very simple display of the coher-
ence graph annotated thus far. The tool used different colors for different kinds of coher-
ence relations: green for similarity and contrast; blue for example, generalization, and

elaboration; red for cause-effect, violated expectation, and condition; cyan for temporal

sim

Figure 2.14
Partial discourse structure for (45) after integrating the group of discourse segments 5-7
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sim

Figure 2.15
Discourse structure for (45) after integrating the group of discourse segments 3-7

sequence; orange for attribution; gray for same-segment. Groupings of discourse segments
were indicated with open boxes in the coherence graph display. Figure 2.16 shows a screen-
shot of the annotation tool.

2.3.8 Statistics on the Annotated Database
To evaluate hypotheses about appropriate data structures for representing coherence struc-
tures, we collected a database of 135 texts from the Wall Street Journal (1987-1989) and
the AP Newswire (1989) (both from Harman and Liberman 1993). First, the texts were seg-
mented into their discourse units. A pilot study on 10 texts showed that agreement on this
step, the number of common segments divided by the sum of the number of common seg-
ments and the number of differing segments, was never below 90 percent. Therefore, all 135
texts were segmented by two annotators together, resulting in segmentations that both an-
notators could agree on. Table 2.3 presents some descriptive statistics for these 135 texts.
Steps 2 (discourse segment grouping) and 3 (coherence relation annotation) of the cod-
ing procedure were performed independently by two annotators (the same two annotators
as for step 1). In order to determine interannotator agreement for step 2, we calculated
kappa statistics (Carletta 1996). We used the following procedure to construct a confusion
matrix. First, all groups marked by either annotator were extracted. For the whole data-
base, annotator 1 had marked 2616 groups, whereas annotator 2 had marked 3021 groups.
The groups marked by the annotators consisted of 536 different discourse segment group
types (for example, the first two discourse segments of a text, the first three discourse seg-
ments of a text, etc.). Therefore, the confusion matrix had 536 rows and columns. For all
annotations of the 135 texts, agreement was 0.8449, per chance agreement was 0.0161,
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urse Annotator 1.0

West Germany will repeal the unpopular turnover tax on securities transactions as of Jan. 1, 1991,
- Economics Ninister Helwat Haussmann said.

par
- He sald
- the government will also repeal the 1% transaction tax on the firsc-time purchase of scakes in
ompanies.

o
wn
L
s

elab-tine-det

4 4 0 0 elab-det

4 4 3 3 elab-det = The announcement follows several comments by government officials that the govermment will speed up
7 766 ce e repeal of the tax,

|5 & 7 7 elab-loc - which was originally scheduled to fall with the scart of the single internal market in the European
9 9 8 & elab-det oumnicy at the end of 1992,

5 9 0 0 elab-det

= The securities-turnover tax has been long criticized by the West German finencial community
- because it tends to drive securities trading and other banking activities out of Framkfurt into
ival financial centers,

- especially London,

- where trading transactions isn't taxed.

10 10 11 11 expwv

12 12 13 13 elab-det
13 15 10 11 elab-det
10 11 0 D elab-der

14 14 15 15 temp
14 14 16 16 par
17 17 16 16 cond
14 17 0 0 elab-det

The teax has raised less then one billion marks (§545.3 million) annuelly in recent years,
- but the government has been reluctant to sbolish the levy for budgetary concerns.

- In the interview,

- Mr. Haussmann didn't specify the amount of revenue the goverrment will lose after the rax
sappears.

4 § algleda ™ elallims-det o slablo;  elabs v alab-dgly ' copd

Figure 2.16

Screenshot of the annotation tool. Upper right window pane: text to be annotated, with numbered
discourse segments; upper left window pane: annotation code entered by the annotators; lower win-
dow pane: simple display of the coherence graph annotated thus far

Table 2.3
Database statistics for 135 texts from AP Newswire (1989) (105 texts) and Wall Street Journal (1989)
(30 texts)

number of words number of discourse segments
mean 545 61
minimum 161 6
maximum 1409 143

median 529 60
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and kappa was 0.8424. Annotator agreement did not differ as a function of text length,
arc length, or kind of coherence relation (all y2s < 1).

We also calculated kappa statistics to determine interannotator agreement for step 3 of
the coding procedure.” For all annotations, the agreement was 0.8761, per chance agree-
ment was 0.2466, and kappa was 0.8355. Annotator agreement did not differ as a func-
tion of text length (x? = 1.27; p < 0.75), arc length (32 < 1), or kind of coherence relation
(x? < 1). Table 2.4 shows the confusion matrix for the database of 135 annotated texts that
was used to compute the kappa statistics. The table shows, for example, that much of the
interannotator disagreement seems to be driven by disagreement over how to annotate
elaboration relations: in the whole database, annotator 1 marked 260 elaboration relations
where annotator 2 marked no relation; annotator 2 marked 467 elaboration relations
where annotator 1 marked no relation.

The only discourse annotation project comparable to ours that we are currently aware
of is Carlson, Marcu, and Okurowski (2002). Because their procedure differed from ours
(they used trees and split up the annotation process into different substeps), their annota-
tor agreement figures are not directly comparable to ours. Furthermore, they do not report
annotator agreement figures for their database as a whole, but for different subsets of four
to seven documents that were each annotated by different pairs of annotators. For discourse
segmentation, Carlson, Marcu, and Okurowski (2002) report kappa values ranging from
0.951 to 1.00; for annotation of discourse tree spans, their kappa values ranged from 0.778
to 0.929; for annotation of coherence relation nuclearity (whether a node in a discourse
tree is a nucleus or a satellite), their kappa values ranged from 0.695 to 0.882; for assign-
ing types of coherence relations, their kappa values ranged from 0.624 to 0.823.

2.4 Data Structures for Representing Coherence Relations

In order to represent the coherence relations between discourse segments in a text, most ac-
counts of discourse coherence assume tree structures (Britton 1994; Carlson, Marcu, and
Okurowski 2002; Corston-Oliver 1998; Grosz and Sidner 1986; Longacre 1983; Mann and
Thompson 1988; Marcu 2000; Polanyi and Scha 1984; Polanyi 1996; Polanyi et al. 2004;
van Dijk and Kintsch 1983; Walker 1998); some accounts do not allow crossed dependen-
cies but allow nodes with multiple parents (Lascarides and Asher 1991).% Other accounts
assume less constrained graphs that allow crossed dependencies as well as nodes with mul-
tiple parents (e.g., Bergler 1992; Birnbaum 1982; Danlos 2004; Hobbs 1985; McKeown
1985; Reichman 1985; Zukerman and McConachy 1995; for dialogue structure, see Pen-
stein Rose et al. 1995).
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Some proponents of tree structures assume that trees are easier to formalize and to de-
rive than less constrained graphs (Marcu 2000; Webber et al. 2003; but see Vogel, Hahn,
and Branigan 1996). We demonstrate that in fact many coherence structures in naturally
occurring texts cannot be adequately represented by trees. Therefore, we argue for less
constrained graphs as an appropriate data structure for representing coherence, where
nodes represent discourse segments and labeled directed arcs represent the coherence rela-
tions that hold between them.

Some proponents of more general graphs argue that trees cannot account for a full dis-
course structure that represents informational, intentional, and attentional discourse rela-
tions. For example, Moore and Pollack (1992) point out that Rhetorical Structure Theory
(Mann and Thompson 1988) has both informational and intentional coherence relations
but forces annotators to decide on only one coherence relation between any two discourse
segments. Moore and Pollack (1992) argue that there is often an informational as well as
an intentional coherence relation between two discourse segments: this presents a problem
for RST, since only one of the relations can be annotated. Thus, Moore and Pollack (1992)
propose allowing more than one coherence relation between two discourse segments (i.e.,
one intentional and one informational), which violates the tree constraint against nodes
with multiple parents.

Reichman (1985) argues that tree-based story grammars are not sufficient to account
for discourse structure. Instead, she argues that in order to account for intentional struc-
ture of discourse, more general data structures are needed. We argue that the same is true
for the informational structure of discourse. Moore and Pollack (1992), Moser and Moore
(1996), and Reichman (19835) argue that trees are insufficient for representing together in-
formational, intentional, and attentional discourse structure. Although the focus of our
work is on informational coherence relations, not on intentional relations, we do not wish
to imply that we think that attentional or intentional structure should not be part of a full
account of discourse structure. Rather, we agree with the above accounts that trees are in-
adequate for representing informational, intentional, and attentional discourse structure
together, and we argue that trees are not descriptively adequate to describe even informa-
tional discourse structure by itself.

As pointed out in section 2.2.1, Webber, Knott, Stone et al. (1999), Webber et al. (2003),
and Knott (1996) hypothesize that discourse structure is represented by two different lev-
els: a structural level, which allows nodes with multiple parents but no crossed dependen-
cies, and a nonstructural level, which allows crossed dependencies. As also noted in section
2.2.1, Knott (1996) makes empirically testable claims about how structural and nonstruc-
tural levels of representation might be distinguished. We will test these claims in sections
2.5.1.2and 2.5.2.2.
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elab elab
Figure 2.17

Coherence graph for (47); Sim = similarity; contr = contrast; elab = elaboration

2.4.1 Crossed dependencies

Consider the text passage in (47), whose coherence graph is shown in figure 2.17. The ar-
rowheads of the arcs represent directionality for asymmetrical relations (elaboration) and
bidirectionality for symmetrical relations (similarity, contrast).

(47)  Example text (modified from SAT practice materials [College Board 2004])
a. S1:Schools tried to teach students history of science.
b. S2: At the same time, they tried to teach them how to think logically and
inductively.
c. S3: Some success has been reached in the first of these aims.

d. S4: However, none at all has been reached in the second.
The coherence structure for (47) can be derived as follows:

* Similarity relation between discourse segments 1 and 2: both segments describe teaching
different things to students

» Contrast relation between discourse segments 3 and 4: both segments describe varying
degrees of success (some vs. none)

* Elaboration relation between discourse segments 3 and 1: segment 3 provides more de-
tails (the degree of success) about the teaching described in segment 1

» Elaboration relation between discourse segments 4 and 2: segment 4 provides more de-
tails (the degree of success) about the teaching described in segment 2

The similarity relation between discourse segments 1 and 2 could be a contrast relation
instead. If it is a similarity relation, the emphasis is on the fact that students are taught
things at the same time; if it is a contrast relation, the emphasis is on the fact that students
were taught different things (history of science vs. how to think logically and inductively).
However, this does not change the point we are trying to make here, namely, that the co-
herence structure for (47) has a crossed dependency between {4, 2} and {3, 1}.

The discourse structure for (47) might also be represented as shown in figure 2.18. How-
ever, such a representation would not distinguish (47) from (48). In (48), the amount of
success in discourse segment 3 has basically been switched: in (47), some success has been
reached in teaching students history of science, while in (48), no success has been reached
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Figure 2.18
Tree-based representation of the coherence structure of (47)

at all. Similarly, in discourse segment 4, no success at all has been reached at teaching stu-
dents how to think logically in (47); in (48), however, some success has been reached there.
This difference is not captured by the tree structure in figure 2.18, which indicates only that
there was some success in one goal and none in the other, but not which goal has met with

some success and which one has not.

(48) a. S1:Schools tried to teach students history of science.
S2: At the same time they tried to teach them how to think logically and
inductively.
c.  S3: No success at all has been reached in the first of these aims.

d. S4: However, some success has been reached in the second.

In order to represent a structure like the one for (47) in a tree without violating validity
assumptions about tree structures (Diestel 2000), one might consider augmenting a tree
either with feature propagation (Shieber 1986) or with a coindexation mechanism (Chom-
sky 1973). But there is a problem for both feature propagation and coindexation mecha-
nisms: the tree structure itself and the features and coindexations represent the same kind
of information (coherence relations), and it is unclear how one could decide which part of
a text coherence structure should be represented by the tree structure and which part
should be represented by the augmentation. Other areas of linguistics have faced this issue
as well. Researchers investigating data structures for representing intrasentential structure,
for instance, generally fall into two groups. One group tries to formulate principles that
allow representing some aspects of structure in the tree itself and other aspects in some aug-
mentation formalism (e.g., Chomsky 1973; Marcus et al. 1994). Another group argues
that it is more parsimonious to assume a unified dependency-based representation that
drops the tree constraints disallowing crossed dependencies (e.g., Brants et al. 2002; Skut
et al. 1997; Konig and Lezius 2000). Our approach falls into the latter group. As we will
point out, there does not seem to be a well-defined set of constraints on crossed depend-
encies in discourse structures. Without such constraints, it does not seem viable to repre-

sent discourse structures as augmented tree structures.



46 | Chapter2

An important question is how many different kinds of crossed dependencies occur in
naturally occurring discourse. If there are only a very limited number of different struc-
tures with crossed dependencies, one could make special provisions to account for these
structures and otherwise assume tree structures. Example (47), for instance, has a listlike
structure. It is possible that listlike examples are exceptional in natural texts. However,
there are many other naturally occurring nonlistlike structures that contain crossed de-
pendencies. As an example of a nonlistlike structure with a crossed dependency (between
{4, 2} and {3, 1-2}), consider (49):

(49) a. S1:Susan wanted to buy some tomatoes
b. S2:and she also tried to find some basil
c. S3: because her recipe asked for these ingredients.

d. S4: The basil would probably be quite expensive at this time of the year.
The coherence structure for (49), shown in figure 2.19, can be derived as follows:

» Similarity relation between discourse segments 1 and 2: both describe shopping for gro-
cery items.

» Cause-effect relation between segments 3 and 1-2: 3 describes the cause for the shopping
described by 1 and 2.

* Elaboration relation between segments 4 and 2: 4 provides details about the basil in 2.
Example (50) has a similar structure:

(50) Example text from the AP Newswire (1989) corpus (Harmon and Liberman
1993, ap890109-0012)
a. S1: The flight Sunday took off from Heathrow Airport at 7:52pm
b. S2:and its engine caught fire 10 minutes later,
c. S3:the Department of Transport said.
d. S4: The pilot told the control tower he had the engine fire under control.

The coherence structure for (50) can be derived as follows:

» Temporal sequence relation between discourse segments 1 and 2: 1 describes the takeoff
that happens before the engine fire described by 2 occurs.

* Attribution relation between segments 3 and 1-2: 3 mentions the source of what is said
in 1-2.

* Elaboration relation between segments 4 and 2: 4 provides more detail about the engine
fire in 2.

The resulting coherence structure, shown in figure 2.20, contains a crossed dependency be-
tween {4, 2} and {3, 1-2}.
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Figure 2.19
Coherence graph for (49); Sim = similarity; ce = cause-effect; elab = elaboration

Figure 2.20
Coherence graph for (50); Ts = temporal sequence; attr = attribution; elab = elaboration

Consider example (51).

(51) Example text from the Wall Street Journal (1989) corpus (Harmon and Liberman
1993, wsj_0655)
a. S1: [Mr. Baker’s assistant for inter-American affairs,|,, [Bernard Aronson,],,
S2: while maintaining
S3: that the Sandinistas had also broken the cease-fire,
S4: acknowledged:
S5: “It’s never very clear who starts what.”

o B0 T

Annotations are presented with the discourse segmentation based on the guidelines in
Carlson, Marcu, and Okurowski (2002) and based on our own guidelines from section
2.3.1. The only difference between these two approaches to segmentation in (51) is that
Carlson, Marcu, and Okurowski (2002) assume discourse segment 1 to be a single seg-
ment. By contrast, our segmentation guidelines divide discourse segment 1 into two segments
(because the comma does not separate a complex NP or VP), as indicated by the subscripted
brackets below:’

(52) [Mr. Baker’s assistant for inter-American affairs,]1a [Bernard Aronson,]1b
We then derive the coherence structure for (51) as follows:

» Elaboration relation between 1a and 1b: if discourse segment 1 is segmented into 1a and
1b (following our guidelines), 1b provides additional detail (a name) about what is stated
in 1a (Mr. Baker’s assistant)

» Same-segment relation between segments 1 (or 1a) and 4: the subject NP in 1 (Mr. Baker’s
assistant . . .) is separated from its predicate in 4 (acknowledged) by intervening discourse
segments 2 and 3 (and 1b in our discourse segmentation)
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» Attribution relation between segments 2 and 3: segment 2 provides the source for what is
stated in 3 (the source in 2 is the elided Mr. Baker)

* Elaboration relation between the group of discourse segments 2-3 and discourse segment
1 (or segment group 1a—1b in our discourse segmentation): segments 2 and 3 provide ad-
ditional detail (a remark about a political process) about what is stated in 1 (Mr. Baker’s
assistant)

» Attribution relation between segments 4 (and by virtue of the same-segment relation also
1 or 1a) and 5: segment 4 provides the source (Mr. Baker’s assistant) for what is stated in 5.
» Violated expectation relation between the group of discourse segments 2-3 and the group
of discourse segments 4-5: although Mr. Baker’s assistant confirmed cease-fire violations
by one side (discourse segments 2 and 3), he acknowledged that it is in fact difficult to
clearly blame only one side for the violations (discourse segments 4 and 5).

The resulting coherence structure, shown in figure 2.21 (Carlson, Marcu, and Okurow-
ski’s 2002 segmentation) and figure 2.22 (our segmentation), contains a crossed depend-
ency: the same-segment relation between discourse segment 1/1a and discourse segment 4
crosses the violated expectation relation between the segment group 2-3 and the group 4-35.

Figure 2.23 represents a tree-based RST annotation for (51) from Carlson, Marcu, and
Okurowski (2002); dashed lines represent the start of asymmetric coherence relations,
and continuous lines indicate the end of asymmetric coherence relations; symmetric co-

herence relations have two continuous lines (the ss node in figure 2.23 is a symmetric co-

expy

Figure 2.21
Coherence graph for (51); Expv = violated expectation, ss = same-segment

ss expy

Figure 2.22
Coherence graph for (51) with discourse segment 1 split up into two segments
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Figure 2.23
Tree-based RST annotation for (51) from Carlson, Marcu, and Okurowski (2002); attr = attribution;
elab = elaboration, ss = same-segment. Dashed lines represent the start of asymmetric coherence re-

lations; continuous lines represent the end of asymmetric coherence relations; symmetric coherence
relations have two continuous lines (see section 2.3.3).

herence relation). We do not have a description of how these researchers derived a tree-based
RST structure for (51). Therefore, we show instead a comparison of the RST structure and
our chain graph-based structure in table 2.5. The RST structure does not represent the
violated expectation relation between 2-3 and 4-35; that relation could not be annotated
without violating the tree constraint disallowing crossed dependencies. Furthermore, in the
RST structure, the same-segment relation dominates the elaboration relation between the
group of 2-3 and segment 1. This does not seem to represent the targeted discourse mean-
ing of (51). Instead, it seems to be a consequence of the fact that trees cannot represent nodes
with multiple parents: according to the targeted discourse meaning, discourse segment 1
should be dominated by the same-segment relation as well as by an elaboration relation that
holds between discourse segment 1 and the group of discourse segments 2-3 (see section
2.4.2 for a detailed discussion of nodes with multiple parents in discourse structures).

2.4.2 Nodes with Multiple Parents

In addition to including crossed dependencies, many coherence structures for natural texts
include nodes with multiple parents. Such nodes cannot be represented in tree structures.
Consider example (53).

(53) Example text from the AP Newswire (1989) corpus (Harman and Liberman
1993, ap890103-0014)
a. S1: “Sure I'll be polite,”
b. S2: promised one BMW driver
c. S3: who gave his name only as Rudolf.
d. S4: “As long as the trucks and the timid stay out of the left lane.”
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Table 2.5
Comparison of tree-based RST structure from Carlson, Marcu, and Okurowski (2002) and of our
chain graph-based structure for (51)

Tree-based RST structure Our chain graph-based structure

(1a and 1b are one discourse segment) Elaboration between 1a and 1b
Same-segment between 1-3 and 4 Same-segment 1 (or 1a) and 4

Attribution between 1 and 2 Attribution between 1 and 2

Elaboration between 2-3 and 1 Elaboration between 2-3 1a-1b
Attribution between 1-4 and 5 Attribution between 4 and 5

(no relation) Violated expectation between 2-3 and 4-5

The coherence structure for (53) can be derived as follows:

= Attribution relations between segments 2 and 1 and between 2 and 4: 2 states the source
of what is stated in 1 and in 4.

» Elaboration relation between segments 2 and 1: segment 2 provides additional detail (the
name) about the BMW driver in 1.

» Condition relation between segments 3 and 1: segment 3 states the BMW driver’s con-
dition for being polite, given in 1.'° This condition relation is also indicated by the phrase
as long as.

In the resultant coherence structure for (53), node 1 has two parents—one attribution and
one condition ingoing arc (see figure 2.24).

As another example of a discourse structure that contains nodes with multiple parents,
consider the structure of (54) also from the Wall Street Journal (1989) corpus. The seg-
mentation reflects Carlson, Marcu, and Okurowski’s analysis.

(54) Example text (Harman and Liberman 1993, wsj_0655)

S$1: “The administration should now state

S2: that

S3: if the February election is voided by the Sandinistas
S4: they should call for military aid,”

o B0 T

S5: said former Assistant Secretary of State Elliott Abrams.
f. S6: “In these circumstances, I think they’d win.”
[They in 4 and 6 = Contra supporters; this is clear from the whole text wsj_06535]

The only difference between our structure and Carlson, Marcu, and Okurowski’s (2002)
is that discourse segments 1 and 2 constitute one segment in our analysis (represented by
the node 1 + 2 in figure 2.25). Carlson, Marcu, and Okurowski (2002) always represent
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cond attr
ﬂ elab
Figure 2.24

Coherence graph for (53). Cond = condition

the subordinating conjunction that as a separate discourse segment, as in (54), segment 2.
It is unclear why these researchers have adopted this procedure instead of making that part
of discourse segments 1 or 3.

The discourse structure for (54) can be derived as follows:

* According to our discourse segmentation guidelines (section 2.3.1), 1 and 2 should be a
single discourse segment; therefore, merge 1 and 2 into a single segment, 1 + 2 (see figure
2.25 below).

* Attribution relation between 1/1 + 2 and 3-4: 1/1 + 2 provide the source (the adminis-
tration) for what is stated in 3-4.

» Condition relation between segments 3 and 4: segment 3 provides the condition for what
is stated in 4 (the condition relation is also signaled by the cue phrase if in 3).

= Attribution relation between segments 5 and 1-4: segment 5 provides the source for what
is stated in 1-4.

» Attribution relation between segments 5 and 6: segment 5 provides the source for what
is stated in 6.

* Evaluation-s relation between segments 6 and 3—4:'" segment group 3—4 states what is
evaluated by 6—the Contra supporters should call for military aid, and if the February
election is voided (discourse segment group 3—4), the Contra supporters might win (dis-
course segment 6). Notice that in our coherence scheme, the evaluation-s relation would
be an elaboration relation (segment 6 provides additional detail about 3—4: Elliott Abrams’s

opinion on the Contras’ chances to win).

In the resultant coherence structure for (54), shown in figure 2.25, node 3—4 has multiple
parents or ingoing arcs—one attribution ingoing arc and one evaluation-s ingoing arc. Fig-
ure 2.26 shows the tree-based annotation from Carlson, Marcu, and Okurowski (2002).
We present a comparison of the RST annotation and our chain graph-based annotation
in table 2.6. Notice in particular that the attribution relation between segments 5 and 6
cannot be represented in the RST tree structure because doing so would require nodes with
multiple parents. Notice furthermore that the RST tree contains an evaluation-s relation

between segments 6 and 1-5. However, this evaluation-s relation seems to hold rather
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evaluation-s

m I
Figure 2.25

Coherence graph for (54) with discourse segments 1 and 2 merged into a single discourse segment

Figure 2.26
Tree-based RST annotation for (54) from Carlson, Marcu, and Okurowski (2002). Dashed lines rep-
resent the start of asymmetric coherence relations; continuous lines represent the end of asymmetric

coherence relations; symmetric coherence relations have two continuous lines (see section 2.3.3).

Table 2.6
Comparison of tree-based RST structure from Carlson, Marcu, and Okurowski (2002) and of our
chain graph-based structure for (54)

Tree-based RST structure Our chain graph-based structure

Same between 2 and 3-4 Same-segment between 1 and 2, or merging of 1 and 2 to 1 + 2
Attribution between 1 and 2—4 Attribution between 1 or 1 + 2 and 3-4

Condition between 3 and 4 Condition between 3 and 4

Attribution between 5 and 1-4 Attribution between 5 and 1-4

(no relation) Attribution between 5 and 6

Evaluation-s between 6 and 1-5 Evaluation-s between 6 and 3-4
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between segments 6 and 3—4: what is being evaluated is a chance for the Contras to win a
military conflict under certain circumstances. But annotating a coherence relation between
6 and 3-4 can not be accommodated in a tree structure.

2.5 Statistics

We performed a number of statistical analyses on our annotated database to test our hy-
potheses. Each set of statistics was calculated for both annotators separately. However, since
the statistics for both annotators were never different (as confirmed by significant R%s > 0.9
and by %2s < 1), we report the statistics for only one annotator in the following sections.
An important question regarding the phenomena discussed in section 2.4 is how fre-
quently they occur. The more frequent they are, the more urgent the need for a data struc-
ture that can adequately represent them. The following sections report statistical results on
crossed dependencies (section 2.5.1) and on nodes with multiple parents (section 2.5.2).

2.5.1 Crossed Dependencies

2.5.1.1 Frequency of Crossed Dependencies To track the frequency of crossed depend-
encies for the coherence structure graph of each text, we counted the minimum number of
arcs that would have to be deleted in order to make the coherence structure graph free of
crossed dependencies. The example graph in figure 2.27 illustrates this process. This graph
contains the following crossed dependencies: {0, 2} crosses with {1, 3}, {2, 4} with {1, 3},
and {4, 6} with {5, 7}. By deleting {1, 3}, we can eliminate the crossing of {0, 2} and {1, 3}
and the crossing of {2, 4} with {1, 3}. By deleting either {4, 6} or {5, 7} the remaining crossed
dependency (between {4, 6} and {5, 7}) can be eliminated. Therefore, two edges would have
to be deleted from the graph in figure 2.27 to make it free of crossed dependencies.

Table 2.7 shows the results of the crossed dependency deletions. On average for the 135
annotated texts, 12.5 percent of arcs in a coherence graph have to be deleted in order to
make the graph free of crossed dependencies. Seven texts out of 135 had no crossed de-
pendencies, and the mean number of arcs for the coherence graphs of these texts was 36.9

(minimum: 8; maximum: 69; median: 35). The mean number of arcs for the other 128

Figure 2.27
Graph with crossed dependencies
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Table 2.7
Percentages of arcs to be deleted in order to eliminate crossed dependencies

Mean Minimum Maximum Median
Percent 12.5 0 44.4 10.9

coherence graphs (those with crossed dependencies) was 125.7 (minimum: 20; maximum:
293; median: 115.5). Thus, the graphs with no crossed dependencies have significantly
fewer arcs than those with crossed dependencies (x2(1) = 15330.35 (Yates’s correction for
continuity applied); p < 10-¢). This is a likely explanation for why these seven texts had no
crossed dependencies.

More generally, linear regressions show a correlation between the number of arcs in a
coherence graph and the number of crossed dependencies. The more arcs a graph has, the
higher the number of crossed dependencies (R? = 0.39; p < 10-%; see figure 2.28). The same
linear correlation holds between text length and number of crossed dependencies—the
longer a text, the more crossed dependencies it has in its coherence structure graph (for text
length in discourse segments: R =.29, p < 10~%; for text length in words: R> = .24, p < 10-%).

2.5.1.2 Types of Coherence Relations Involved in Crossed Dependencies In addition to
the question of how frequent crossed dependencies are, another question is whether there
are certain types of coherence relations that participate more or less frequently in crossed
dependencies than other types of coherence relations. For an arc to participate in a crossed
dependency, that arc must be in the set of arcs that would have to be deleted from a coher-
ence graph in order to make that graph free of crossed dependencies (recall the procedure
outlined in the beginning of section 2.5.1.1). The question, then, is whether the frequency
distribution over types of coherence relations is different for arcs of this type compared to
the overall frequency distribution over types of coherence relations in the whole database.

Figure 2.29 shows that the overall distribution over types of coherence relations partici-
pating in crossed dependencies is not different from the distribution over types of coher-
ence relations overall. This is confirmed by a linear regression, which shows a significant
correlation between the two distributions of percentages (R? = 0.84; p <.0001). The over-
all distribution includes only arcs with length greater than one, since arcs of length one
could not participate in crossed dependencies. (For a description of how we calculated arc
length, please see section 2.5.1.3).

However, there are some differences for individual coherence relations. Some types of
coherence relations occur considerably less frequently in crossed dependencies than over-
all in the database. Table 2.8 shows the data from figure 2.29 ranked by the ratio of the
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Correlation between number of arcs and number of crossed dependencies
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Figure 2.29

Distributions over types of coherence relations. For each condition (overall statistics and crossed de-
pendencies statistics), the sum over all coherence relations is 100; each bar in each condition repre-
sents a fraction of the total of 100 in that condition. The y-axis uses a log,, scale.
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Table 2.8
Proportions of coherence relations

Proportion of

coherence relations Proportion of Factor
Coherence participating in crossed overall coherence (= overall/crossed
relation dependencies (%) relations (%) dependencies)
Same-segment 1.13 17.21 15.23
Condition 0.05 0.28 5.59
Attribution 1.93 6.31 3.27
Temporal sequence 0.94 1.56 1.66
Generalization 0.24 0.34 1.40
Contrast 5.84 7.93 1.36
Cause-effect 1.13 1.53 1.35
Violated expectation 0.61 0.82 1.40
Elaboration 50.52 37.97 0.71
Example 4.43 3.15 1.34
Similarity 33.18 22.91 0.69

proportion of overall coherence relations to the proportion of coherence relations partici-
pating in crossed dependencies. The proportion of same-segment relations, for instance, is
15.23 times greater, and the percentage of condition relations is 5.59 times greater overall
in the database than in crossed dependencies; these two relations are rarely involved in
crossed dependencies. We do not yet understand the reason for these differences and plan
to address this question in future research.

Another way of testing whether certain coherence relations contribute more than others
to crossed dependencies is to remove coherence relations of a certain type from the data-
base and then count the remaining number of crossed dependencies. For example, the
number of crossed dependencies is likely to be reduced once all elaboration relations are
removed from the database because elaboration relations are very frequent, and they are
very frequently involved in crossed dependencies. Table 2.9 shows that by removing all
elaboration relations from the database, the percentage of coherence relations involved in
crossed dependencies is reduced from 12.5 percent to 4.96 percent of the remaining co-
herence relations. To further reduce the proportion of remaining crossed dependencies, it
is necessary to remove similarity relations in addition to elaboration relations. Table 2.9
shows that when all elaboration and similarity relations are removed, the percentage of co-
herence relations involved in crossed dependencies is reduced to 0.84 percent. This pattern
of results is not predicted by any literature that we are aware of, although it seems to pro-
vide partial support for Knott’s (1996) hypothesis that elaboration relations, but not sim-
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Table 2.9
The effect of removing different types of coherence relations on the percentage of coherence relations
involved in crossed dependencies

Remaining percentage of coherence relations involved in
crossed dependencies

Coherence relation removed Mean Min Max Median
Same-segment 13.08 0 44.44 11.39
Condition 12.63 0 45.28 10.89
Attribution 13.44 0 44.86 11.36
Temporal sequence 12.53 0 44.44 10.87
Generalization 12.53 0 44.44 10.84
Contrast 11.88 0 46.15 9.86
Cause-effect 12.67 0 49.47 11.03
Violated expectation 12.51 0 44.44 10.87
Elaboration 4.96 0 47.47 1.23
Example 12.08 0 44.44 9.89
Similarity 7.32 0 24.56 7.04
Elaboration and similarity 0.84 0 10.68 0.00

ilarity relations, are less constrained than other types of coherence relations (see the discus-
sion of Knott 1996 in section 2.4).

However, there is a possible alternative hypothesis to Knott (1996). In particular, elab-
oration relations are very frequent (37.97 percent of all coherence relations, see table 2.8).
It is possible that removing elaboration relations from the database reduces the number
of crossed dependencies only because a large number of coherence relations are removed.
In other words, the reduced number of crossed dependencies may result from having less
dense coherence graphs (i.e., the less dense the coherence graphs, the lower the chance for
crossed dependencies). We tested this hypothesis by correlating the proportion of coher-
ence relations removed with the proportion of crossed dependencies that remain after
removing a certain type of coherence relation.'? Figure 2.30 shows that the higher the pro-
portion of removed coherence relations, the lower the proportion of coherence relations
involved in crossed dependencies. This correlation is confirmed by a linear regression (all
data points: R?=0.7697; p <.0005; after removing the elaboration data point: R? = 0.4504;
p <.05; after removing the similarity data point: R2=0.7381; p <.002; after removing both
the elaboration and similarity data points: R> = 0.0941; p < .43). In any case, what this cor-
relation shows is that while removing certain types of coherence relations reduces the num-
ber of crossed dependencies, the result is a very impoverished representation of coherence

structure. After removing all elaboration and similarity relations, only 39.12 percent of all
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Correlation between removed proportion of overall coherence relations and remaining proportion of
crossed dependencies. Note that the data point for elaboration + similarity is not included. Both axes
represent percent values. R? = 0.7699; p < .0005.

coherence relations would still be represented (see table 2.8); 52.13 percent of all coher-
ence relations would still be represented if the distribution over coherence relations in-

cluded those relations with absolute arc length 1.

2.5.1.3 ArcLength of Coherence Relations Involved in Crossed Dependencies Another
question of importance is how great the distance typically is between discourse segments
that participate in crossed dependencies. One possible measure of distance is in terms of
the number of intervening discourse segments. Thus, according to this metric, the distance
between the first discourse segment in a text and the fourth is three segments.

A possible hypothesis is that crossed dependencies primarily involve long-distance arcs
and that more local crossed dependencies are disfavored. For example, in Webber et al.
(2003), structural relations (which, according to Webber et al. (2003), do not allow crossed
dependencies) generally seem to be short-distance relations. By contrast, nonstructural re-
lations (which, according to Webber et al. (2003), allow crossed dependencies) seem to also
involve long-distance relations. It could be that short-distance relations tend to be subject
to stronger constraints and that long-distance relations tend to be based on anaphoric re-
lations, which might be subject to fewer constraints.'> However, figure 2.31 shows that the
distribution over arc lengths is practically identical for the overall database and for coher-

ence relations participating in crossed dependencies (linear regression: R2=0.937,p < 104),
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Comparison of normalized arc length distributions. For each condition (overall statistics and crossed
dependencies statistics), the sum over all coherence relations is 100; each bar in each condition rep-
resents a fraction of the total of 100 in that condition.

suggesting a strong locality bias for coherence relations overall as well as for those par-
ticipating in crossed dependencies.'* The arc lengths are normalized in order to abstract
from texts of different length. Normalized arc length is calculated by dividing the absolute
length of an arc by the maximum length that that arc could have, given its position in a
text. For example, if there is a coherence relation between discourse segment 1 and dis-
course segment 3 in a text, the raw distance would be 3. If these discourse segments are
part of a text that has five discourse segments total (i.e., 1 to 5), the normalized distance
would be 3/4 = 0.75 (because 4 would be the maximum possible length of an arc that orig-
inates in discourse segment 1 or 4, given that the text has five discourse segments in total).

In addition to computing statistics on normalized arc lengths, we also computed statis-
tics on raw arc lengths. We did this because normalized arc lengths assign different values
to local attachments, depending on text length (a local attachment occurs when there is a
coherence relation between two adjacent discourse segments, resulting in a raw distance of
1). For example, if there are four discourse segments in total in a text, the length of a local
attachment is 1/4 = 0.25. But if a text has twenty discourse segments in total, the length of
a local attachment is 1/20 = 0.05.

Figure 2.32 shows that the results for raw arc lengths confirm the results for normalized
arc lengths. Arcs of length 1 are not included because such arcs could not participate in
crossed dependencies. As for normalized arc lengths, the distribution over raw arc lengths
for the overall database is highly correlated with the distribution over raw arc lengths for
coherence relations participating in crossed dependencies (linear regression: R? = 0.7844,
p<10°4).
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Comparison of raw arc length distributions. For each condition (overall statistics and crossed de-
pendencies statistics), the sum over all coherence relations is 100; each bar in each condition repre-
sents a fraction of the total of 100 in that condition.

2.5.1.4 Summary on Crossed Dependencies Statistics Taken together, statistical results
suggest that crossed dependencies are too frequent to be ignored by accounts of coherence
relations. Furthermore, the results suggest that any type of coherence relation can partici-
pate in a crossed dependency. However, there are cases where knowing the type of coher-
ence relation that an arc represents can be informative as to how likely that arc is to
participate in a crossed dependency. The statistical results reported here also suggest that
crossed dependencies occur primarily locally, as evidenced by the distribution over lengths

of arcs participating in crossed dependencies.
2.5.2 Nodes with Multiple Parents

2.5.2.1 Frequency of Nodes with Multiple Parents We determined the frequency of
nodes with multiple parents by counting the number of nodes with an in-degree (i.e., num-
ber of parents) greater than 1. The result of our count indicated that 41.22 percent of all
nodes in the database have an in-degree greater than 1. In addition, table 2.10 shows that
the mean in-degree of all nodes in the investigated database is 1.6. Furthermore, a linear re-
gression showed a significant correlation between the number of arcs in a coherence graph
and the number of nodes with multiple parents (see figure 2.33; R2 = 0.7258, p < 10~ for
text length in discourse segments: R? =.6999, p < 10-%; for text length in words: R? =.6022,
p < 10-*). The proportion of nodes with in-degree greater than 1 and the mean in-degree of
the nodes in our database suggest that even if a mechanism could be derived for represent-
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Table 2.10
In-degrees of nodes in the overall database

Mean Minimum Maximum Median
In-degree 1.60 1 12 1
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Figure 2.33
Correlation between number of arcs and number of nodes with multiple parents

ing crossed dependencies in (augmented) tree graphs, nodes with multiple parents present

another significant problem for using trees to represent coherence structures.

2.5.2.2 Types of Coherence Relations Ingoing to Nodes with Multiple Parents As with
crossed dependencies, an important question for multiple-parent nodes is whether there
are certain types of coherence relations that occur more or less frequently ingoing to nodes
with multiple parents than other types of coherence relations. In other words, is the fre-
quency distribution over types of coherence relations different for arcs ingoing to nodes
with multiple parents when compared to the overall frequency distribution over types of
coherence relations in the whole database? Figure 2.34 shows that the overall distribution
over types of coherence relations ingoing to nodes with multiple parents is not different
from the distribution over types of coherence relations overall.' This is confirmed by a lin-
ear regression, which shows a significant correlation between the two distributions of per-
centages (R?=0.967 p < 1074).
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Distributions over types of coherence relations. For each condition (overall statistics and ingoing to
nodes with multiple parents), the sum over all coherence relations is 100; each bar in each condition
represents a fraction of the total of 100 in that condition. The y-axis uses a log,, scale.

Unlike for crossed dependencies (see table 2.8), there appear to be no noticeable differ-
ences for individual coherence relations. Table 2.11 shows the data from figure 2.34 ranked
by the ratio of proportion of overall coherence relations to the proportion of coherence re-
lations ingoing to nodes with multiple parents.

As for crossed dependencies, we also tested to see whether removing certain kinds of co-
herence relations reduces the mean in-degree (number of parents), the proportion of nodes
with in-degree greater than 1 (more than one parent), or both. Table 2.12 shows that re-
moving all elaboration relations from the database reduces the mean in-degree of nodes
from 1.60 to 1.238 and the proportion of nodes with in-degree greater than 1 from 41.22
percent to 20.29 percent. Removing all elaboration as well as all similarity relations re-
duces these numbers further to 1.142 and 11.24 percent, respectively. As table 2.12 also
shows, removing other types of coherence relations does not lead to as great a reduction of
the mean in-degree and proportion of nodes with in-degree greater than 1.

However, as with crossed dependencies (see section 2.5.1.2), we also tested to see
whether the reduction in nodes with multiple parents could be due simply to removing
more coherence relations (i.e., the less dense a graph, the smaller the chance that there are
nodes with multiple parents). We correlated the proportion of coherence relations removed
with the mean in-degree of the nodes after removing different types of coherence relations.

In the correlations in this chapter, the proportions of removed coherence relations include
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Table 2.11
Proportion of coherence relations
Proportion of Factor
coherence relations Proportion of (= overall/ingoing
Coherence ingoing to nodes with overall coherence to nodes with
relation multiple parents (%) relations (%) multiple parents)
Attribution 7.38 12.68 1.72
Cause-effect 2.63 4.19 1.59
Temporal sequence 1.38 2.11 1.53
Condition 0.83 1.21 1.46
Violated expectation 0.90 1.13 1.26
Generalization 0.17 0.21 1.22
Contrast 6.72 7.62 1.13
Same-segment 10.72 9.74 0.91
Similarity 20.22 20.79 1.03
Elaboration 45.83 38.13 0.83
Example 3.20 2.19 0.68

Table 2.12
The effect of removing different types of coherence relations on the mean in-degree of nodes and on
the proportion of nodes with in-degree > 1.

In-d f nod
prdegree o1 nodes Proportion of nodes

Coherence relation removed Mean Min Max Median with in-degree > 1 (%)
Same-segment 1.519 1 12 1 35.85
Condition 1.599 1 12 1 41.01
Attribution 1.604 1 12 1 41.18
Temporal sequence 1.599 1 12 1 41.12
Generalization 1.6 1 12 1 41.16
Contrast 1.569 1 12 1 39.45
Cause-effect 1.599 1 12 1 41.14
Violated expectation 1.598 1 12 1 40.96
Elaboration 1.238 1 11 1 20.29
Example 1.574 1 11 1 40.37
Similarity 1.544 1 12 1 36.25
Elaboration and similarity 1.142 1 11 1 11.24
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Figure 2.35
Correlation between proportion of removed coherence relations and mean in-degree of remaining
nodes. R?=0.9455; p <104

coherence relations of absolute arc length 1, because removing these coherence relations
also has an effect on the mean in-degree of nodes and the proportion of nodes with in-
degree greater than 1. Thus, the proportions of coherence relations removed in figures 2.35
and 2.36 are from the third column of table 2.11. Figure 2.35 shows that the higher the
proportion of removed coherence relations, the lower the mean in-degree of the nodes in
the database. This correlation is confirmed by a linear regression (R? = 0.9455; p < 10
after removing the elaboration data point: R? = 0.8310; p <.00035; after removing the simi-
larity data point: R? = 0.9462; p < 10-%; after removing both the elaboration and the simi-
larity data points: R? = 0.8254; p <.0008). We also correlated the proportion of coherence
relations removed with the proportion of nodes with in-degree greater than 1 after remov-
ing different types of coherence relations. Figure 2.36 shows that the higher the proportion
of removed coherence relations, the lower the proportion of nodes with in-degree greater
than 1. This correlation is also confirmed by a linear regression (R?=0.9574, p < 10-*; after
removing the elaboration data point: R? = 0.8146, p <.0005; after removing the similarity
data point: R? = 0.9602; p < 10-*; after removing both the elaboration and the similarity
data points: R? = 0.9002; p < .0002).

As was the case for crossed dependencies, while removing certain types of coherence re-
lations reduces the mean in-degree of nodes and the proportion of nodes with in-degree
greater than 1, the result is a very impoverished coherence structure (see section 2.5.1.2).
For example, after removing both elaboration and similarity relations, only 52.13 percent
of all coherence relations would be represented.
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Correlation between proportion of removed coherence relations and proportion of nodes with in-
degree > 1. R2=0.9574;p <104

2.5.2.3 ArcLengths of Coherence Relations Ingoing to Nodes with Multiple Parents ~ As
we did for crossed dependencies, we also compared arc lengths for nodes with multiple
parents. We compared the length of arcs that are ingoing to nodes with multiple parents to
the overall distribution of arc length. Again, we compared normalized arc lengths (see sec-
tion 2.5.1.3 for the normalization procedure). By contrast to the comparison for crossed
dependencies, we included arcs of (absolute) length 1 because such arcs can be ingoing to
nodes with either single or multiple parents. Figure 2.37 shows that the distribution over
arc lengths is practically identical for the overall database and for arcs ingoing to nodes with
multiple parents (linear regression: R? = 0.993, p < 10-*), suggesting a strong locality bias
for coherence relations overall as well as for those ingoing to nodes with multiple parents.

As for crossed dependencies, we also computed statistics on raw arc lengths. The results
for raw arc lengths are basically the same as the results for normalized arc lengths. Figure
2.38 shows that the distribution over raw arc lengths is practically identical for the overall
database and for arcs ingoing to nodes with multiple parents (linear regression: R? =

0.9760, p < 10-4).

2.5.2.4 Summary of Statistical Results on Nodes with Multiple Parents In sum, statis-
tical results on nodes with multiple parents suggest that they are a frequent phenomenon
and that they are not limited to certain kinds of coherence relations. However, as was the

case with crossed dependencies, removing certain kinds of coherence relations (elaboration
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Comparison of normalized arc length distributions. For each condition (overall statistics and arcs in-
going to nodes with multiple parents), the sum over all coherence relations is 100; each bar in each
condition represents a fraction of the total of 100 in that condition.
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Comparison of raw arc length distributions. For each condition (overall statistics and arcs ingoing to
nodes with multiple parents), the sum over all coherence relations is 100; each bar in each condition
represents a fraction of the total of 100 in that condition.
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and similarity) can reduce the mean in-degree of nodes and the proportion of nodes with
in-degree greater than 1. But, as was also the case with crossed dependencies, our data at
present do not indicate whether this reduction in nodes with multiple parents is due to
a property of the coherence relations removed (elaboration and similarity), or whether it
is just that removing coherence relations simply reduces the chance for nodes to have mul-
tiple parents. In addition to the results on frequency of nodes with multiple parents and
types of coherence relations ingoing to nodes with multiple parents, the statistical results
reported here suggest that ingoing arcs to nodes with multiple parents are primarily local.

2.6 Conclusion

The goals of this chapter have been to present a set of coherence relations that are easy to
code and to test the adequacy of trees as a data structure for representing discourse coher-
ence structures. We developed a coding scheme with high interannotator reliability and
used that scheme to annotate 1335 texts with coherence relations. An investigation of these
annotations has shown that discourse structures of naturally occurring texts contain vari-
ous kinds of crossed dependencies as well as nodes with multiple parents. Neither phe-
nomenon can be represented using trees. This implies that existing databases of coherence
structures that use trees are not descriptively adequate.

Our statistical results suggest that crossed dependencies and nodes with multiple
parents are not restricted phenomena that could be disregarded or accommodated with a
few exception rules. Furthermore, we found that removing certain kinds of coherence re-
lations (elaboration and similarity) can reduce the number of crossed dependencies and
nodes with multiple parents. However, it is not clear that this is due to some property of
these coherence relations. Instead, our results are also consistent with a more parsimonious
alternative hypothesis: removing coherence relations might simply reduce the chance for
relations to be involved in crossed dependencies or for nodes to have multiple parents.

Because trees are neither a descriptively adequate data structure for representing coher-
ence structures nor easier to derive, we hypothesize that it is simpler to start with less
constrained graphs as a data structure for representing coherence structures. In particular,
we argue for a representation such as chain graphs. Such less constrained graphs would
have the advantage of being able to adequately represent coherence structures in a single
data structure (see Brants et al. 2002; Konig and Lezius 20005 Skut et al. 1997). Further-
more, they are no harder to derive than (augmented) tree structures. The greater descrip-
tive adequacy might in fact make them easier to derive. However, this is still an open issue
and will have to be addressed in future research.






3 Discourse Coherence and Pronoun Resolution

3.1 Introduction

An important component of language comprehension in most natural language contexts
involves connecting clauses and phrases to establish a coherent discourse. One critical way
in which coherence can be established between clauses is by the use of referring expres-
sions, such as pronouns (Garnham 2001; Haliday and Hassan 1976; Johnson-Laird 1983;
Kintsch and van Dijk 1978; Sanford and Garrod 1989). Thus an important part of dis-
course comprehension involves discovering how antecedents for pronouns are resolved.

A number of different approaches to pronoun resolution have been proposed. Some have
argued that pronouns prefer to have antecedents (referents) in certain grammatical or se-
mantic positions (e.g., Brennan, Friedman, and Pollard 1987; Chambers and Smyth 1998;
Grosz, Joshi, and Weinstein 1995; Smyth 1994). Others have proposed that pronouns are
assigned to antecedents based on causal inference (e.g., Winograd 1972). Furthermore,
there are accounts which argue that pronoun resolution strategies depend on the coherence
relation between the clause containing the pronoun and the clause containing the an-
tecedent (Hobbs 1979; Kehler 2002). We will describe these accounts in more detail in sec-
tion 3.2 and test some of their predictions in an online comprehension experiment (section
3.3) and an off-line production study (section 3.4).

3.2 Accounts of Pronoun Processing

One well-known account of discourse processing with implications on pronominal reso-
lution is Centering Theory, which, for two-sentence discourses such as the ones investi-
gated in this chapter, predicts that pronouns prefer to have antecedents in subject position
(Brennan, Friedman, and Pollard 1987; Grosz, Joshi, and Weinstein 1995; see also Wundt
1911). This prediction is based on attentional, not informational, discourse structure (see
section 2.2 for an explanation of this distinction). Consider example (55):
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(55) Fiona complimented Susan, and she congratulated James.

Most people have a preference for interpreting the pronoun she as referring to Fiona rather
than to Susan.'¢ We can also see the effects of pronominal resolution complexity in reading
times on corresponding unambiguous sentence stimuli. In (56), Susan has been replaced by
Craig, with the result that the pronoun she in (56a) unambiguously refers to Fiona, whereas
the pronoun be in (56b) unambiguously refers to Craig. People will generally read (56a)—
the sentence in which the pronoun refers to the preceding sentence’s subject—faster than
(56b)—the sentence in which the pronoun refers to the preceding sentence’s object.

(56) a. Fiona complimented Craig, and she congratulated James.
b. Fiona complimented Craig, and he congratulated James.

In further support of Centering Theory, Gordon, Grosz, and Gilliom (1993) found that
there is a preference for using pronouns to refer to entities in subject position but not to
entities in object position. Conversely, they found that a pronoun is easy to process when
it refers to an entity in the subject position of the preceding sentence, but harder to process
when it refers to an entity that is not in the subject position of the preceding sentence. Con-
sider the sentences in (57):

(57) a. Fiona complimented Craig, and she congratulated James.
b. Fiona complimented Craig, and Fiona congratulated James.
c. Fiona complimented Craig, and he congratulated James.
d. Fiona complimented Craig, and Craig congratulated James.

Gordon, Grosz, and Gilliom (1993) found that (57a) was easier to process (i.e., it was read
faster) than (57b). The only difference between these two items is that (57a) uses a pro-
noun, whereas (57b) uses a repeated name. This pattern of results, where the item con-
taining the pronoun was read faster than the item containing the repeated name, has been
labeled the repeated name penalty by Gordon, Grosz, and Gilliom (1993). For (57¢) and
(57d), these researchers found the reverse pattern, that is, (57d), which contains a repeated
name, was read faster than (57¢), which contains a pronoun.
However, a problem for Centering Theory is provided by the contrast in (58):

(58) a. Fiona complimented Craig, and James congratulated her.
b. Fiona complimented Craig, and James congratulated him.

Centering Theory predicts that (58a) should be read faster than (58b), but Chambers and
Smyth (1998) found in a self-paced reading experiment that sentences like (58b) were read
faster than sentences like (58a). This pattern of results motivates the Parallel Preference ac-
count (Chambers and Smyth 1998; Smyth 1994; see Lappin and Leass 1994 for a combi-
nation of Centering Theory and Parallel Preference). Under the Parallel Preference account
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(Smyth 1994), pronouns are argued to prefer antecedents in a parallel position when the
sentences containing the pronoun and the antecedent have the following properties:
(1) both sentences have the same global constituent structure, and (2) the thematic roles of
the verbs in both sentences concur. When these conditions are met, subject pronouns
should prefer subject antecedents, and object pronouns should prefer object antecedents.
This is the case in (57) and (58) above. In (57), people prefer the preceding clause’s subject
as the referent for the subject pronoun, whereas in (58), people prefer the preceding
clause’s object as the referent for the object pronoun.

Although a Parallel Preference account can explain the preferences in (57) and (58), it
does not explain the preferences in (59), from Winograd (1972):

(59) a. The city council denied the demonstrators the permit because they advocated
violence.
b. The city council denied the demonstrators the permit because they feared

violence.

In sentence (59a) the pronoun they refers to the demonstrators, whereas in sentence (59b)
it refers to the city council. Neither sentence seems particularly difficult to process. No-
tice, however, that both Centering Theory and Parallel Preference predict a preference for
they to refer to the subject, the city council; in Centering Theory, the subject antecedent is
in the center of attention in (59), and in Parallel Preference, there is a preference for an ante-
cedent in a parallel position. Examples like (59) motivate causal inference-based accounts
of pronoun processing (Hobbs 1979; Hobbs et al. 1993; Kehler 2002). According to such
accounts, they refers to the demonstrators in sentence (59a) because advocating violence
is assumed to be a good reason for being denied a permit. In sentence (59b) they refers to
the city council because fearing violence by demonstrators is a good reason for denying a
permit to these demonstrators.

Experimental evidence relevant to causal inference-based accounts of pronominal reso-
lution is provided by Ehrlich (1980), who used an off-line questionnaire to investigate
people’s preferred pronoun resolution. Ehrlich found that pronoun resolution is driven only
by causal inferences (Caramazza et al. 1977; Stewart, Pickering, and Sanford 2000) when
the clauses containing the pronoun and the antecedent are in a causal relation. When there
is no such causal relation, Ehrlich found that people prefer antecedents in topic or subject
position (as in Centering Theory, Grosz, Joshi, and Weinstein 19935). Topic position refers
to material preceding the verb. Thus, in active sentences, the agent of the verb is in topic
(and subject) position (e.g., the city council in the city council denied the demonstrators
the permit), whereas in passive sentences, the theme of the verb is in topic position (e.g.,
the demonstrators in the demonstrators were denied a permit by the city council).
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Although cause-based strategies can explain the effects in (59), they do not explain the
patterns in (57) and (58) because there is no causal connection between the two clauses in
either of these sentences. Furthermore, resorting to a topic-based strategy like Centering
Theory, as suggested by Ehrlich (1980), makes the right prediction for (57) but not for (58),
where the pronoun with an object antecedent is easier to process. Following Hobbs (1979),
Kehler (2002) provides a hypothesis that aims to explain all of these patterns of pronoun
resolution. Instead of arguing for pronoun-specific processing mechanisms, Kehler, like
Hobbs (1979), proposes that pronoun resolution is a byproduct of establishing coherence.
Kehler extends Hobbs’s (1979) key insight that the establishment of coherence guides pro-
noun resolution and vice versa, noting that discourse coherence and pronoun resolution
also mutually constrain each other. Thus, Kehler hypothesizes that how a pronoun is re-
solved may depend on the coherence relation between the clauses.

Two classes of coherence relations that are particularly relevant to the examples that
have been discussed in the pronoun resolution literature are cause-effect, similarity, and
contrast. A cause-effect relation holds between two clauses if a plausible causal relation can
be inferred to hold between the events described by the two clauses. This is the case in
(59a). Because the demonstrators advocated violence, the city council denied them a per-
mit to demonstrate. Kehler (2002) argues that the pronoun is interpreted such that a plaus-
ible cause-effect relation between the two clauses can be established. Pairing they with the
demonstrators provides a more plausible interpretation for (59a) than pairing they with
the city council. A similar analysis applies to the pronoun resolution of they in (59b).

The similarity and contrast discourse relations are relevant to explaining the pattern of
preferences in (57) and (58). A similarity relation holds between two clauses if the entities
and events they described are similar; a contrast relation holds if the entities and events de-
scribed are contrastive (recall section 2.3.3). Consider the following examples from Kehler
(2002):

(60)  Similarity
a. Gephardt organized rallies for Gore,
b. and Daschle distributed pamphlets for him.

(61) Contrast
a. Gephardt supported Gore,
b. but Armey opposed him.

Kehler hypothesizes that the first step in establishing a similarity or a contrast relation be-
tween clauses is to find parallel corresponding entities and events. Then, these entities and
events are linked by similarity or contrast relations. For example, in sentence (60a), orga-
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nized rallies is parallel and similar to distributed pampbhlets in sentence (60b) (both are
predicates describing actions of supporting a political candidate), and Dick Gephardt in
sentence (60a) is parallel and similar to Tom Daschle in sentence (60b) (both are Ameri-
can politicians who supported Al Gore). Then, Kehler (2002) argues, the pronoun him in
sentence (60a) is paired with its parallel preceding element, Gore, in sentence (60b). In sen-
tence (61a), supported is parallel and in contrast to opposed in sentence (61b). Gephardt
in sentence (61a) is parallel and in contrast to Armey in sentence (61b) (both are politi-
cians, but one of them supported Gore and the other one opposed him). Then, as in ex-
ample (60), the pronoun him in sentence (61a) is paired with its parallel preceding element,
Gore, in sentence (61b). Thus, in both examples (60) and (61), the pronoun is bound to its
antecedent during the establishment of similarity and contrast coherence relations, re-
spectively, when parallel entities are matched.

The pronoun in (60) could also be resolved using general inference mechanisms: some-
one organized rallies for Gore, suggesting that Gore is a political candidate (and not
Gephardt). Daschle distributed pamphlets for someone; usually pamphlets are distributed
by someone who is not a political candidate (i.e., Daschle) for someone who is a political
candidate. Since Gore is the most plausible political candidate of the three, and since him
should refer to a political candidate (because pamphlets are usually distributed for politi-
cal candidates), it is most likely that him refers to Gore. However, such general inferences
are not sufficient for resolving the pronoun in (61): it is not clear why the fact that Gep-
hardt supported Gore should make it more plausible for Armey to oppose Gore than to
oppose Gephardt (particularly since opposing Gephardt could also be interpreted as indi-
rectly opposing Gore—Gephardt may be opposed because of his support for Gore).

The similarity relation is the most plausible coherence relation between each of the
clauses in the sentences in (57) and (58). In particular, the use of the similar verbs compli-
mented and congratulated in the absence of any other cues induces a similarity relation be-
tween each pair of clauses. Kehler’s (2002) theory then predicts that a Parallel Preference
strategy would be in effect under the similarity relation, which has been observed experi-
mentally in such sentences (Chambers and Smyth 1998). A prediction of Kehler’s theory
is that pronoun resolution preferences can be altered depending on the coherence relation
between clauses. The experiments presented below test this prediction directly.

3.3 Experiment 1

Experiment 1 describes an online self-paced reading experiment to test the different pre-
dictions of the pronoun processing accounts discussed above.
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3.3.1 Method

3.3.1.1 Participants Forty participants from the MIT community were paid for their
participation. All were native speakers of English and were naive as to the purpose of the
study.

3.3.1.2 Materials Twenty sets of sentences were constructed, each with four conditions
in a2 X 2 design: coherence relation (similarity, cause-effect) X parallel reference (paral-
lel, nonparallel). An example item is presented in (62):

(62) a. Similarity, parallel reference

Fiona complimented Craig, and similarly James congratulated him after the
match, but nobody took any notice.

b. Similarity, nonparallel reference
Fiona complimented Craig, and similarly James congratulated her after the
match, but nobody took any notice.

c. Cause-effect, parallel reference
Fiona defeated Craig, and so James congratulated him after the match, but
nobody took any notice.

d. Cause-effect, nonparallel reference
Fiona defeated Craig, and so James congratulated her after the match, but
nobody took any notice.

Each sentence consisted of three clauses. The second clause was the target clause, which
consisted of the same words across the coherence manipulation. We manipulated the co-
herence relation between similarity and cause-effect by making two changes to the items:
(1) by using different connectives between the clauses (and similarly vs. and so), and (2)
by using a different verb in the first clause. For similarity, the verbs in the two clauses were
semantically similar according to the WordNet lexical database (Fellbaum 2001), for
example, compliment and congratulate in (62). For the cause-effect conditions, the verb of
the first clause was chosen so that there was a plausible causal relation between the two
clauses which in turn entailed that the object pronoun referred to the subject of the first
clause, for example, defeat and congratulate in (62). The first-clause verb in the cause-
effect conditions always differed from the first-clause verb in the similarity conditions. The
remainder of the sentences consisted of a prepositional phrase and a third clause. This por-
tion of the items was the same across the four conditions. Overall, the only differences be-
tween the similarity and cause-effect conditions were the verbs of the first clause and the

connectives relating the two clauses.
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Note that this experiment did not explore the relative contribution of different coher-
ence cues to changing pronoun interpretation preferences. This did not diminish the intent
of the design, which was simply to show that changing the coherence relation by using one
or more cues may alter pronoun interpretation preferences.

The target sentences were combined with seventy-six fillers of various types in four lists
balancing all factors in a Latin Square design. Appendix A provides a complete list of the
stimuli, which were pseudorandomized separately for each participant so that at least one
filler item intervened between two targets.

3.3.1.3 Procedure The task involved self-paced, word-by-word reading with a moving
window display (Just, Carpenter, and Woolley 1982) using Linux computers running soft-
ware developed in our lab. Each trial began with a series of dashes marking the length and
position of the words in the sentences, printed approximately a third of the way down the
screen. Participants pressed the spacebar to reveal each word of the sentence. As each new
word appeared, the preceding word disappeared. The amount of time the participant spent
reading each word was recorded as the time between key presses. After the final word of
each item, a question appeared which asked about information contained in the sentence
(e.g., Did James congratulate Fiona?). Participants pressed one of two keys to respond yes
or no. After an incorrect answer, the word INCORRECT flashed briefly on the screen. No
feedback was given for correct responses. Participants were asked to read sentences at a
natural rate and to be sure that they understood what they read. They were told to answer
the questions as quickly and accurately as they could and to take wrong answers as an in-
dication to read more carefully. Before the main experiment, a short list of practice items
and questions was presented to familiarize the participant with the task. A session aver-
aged twenty-five minutes.

3.3.2 Predictions

The predictions were made in terms of reading times on the pronoun plus the next word,
because in self-paced reading, effects often spill over to the next word (Sanford and Garrod
1989). Faster reading times are assumed to reflect easier processing of the pronoun. Cen-
tering Theory predicts that pronouns referring to antecedents in subject position should al-
ways be read faster. Thus, the pronouns in sentences (62b) and (62d) should be read faster
than those in sentences (62a) and (62c). Parallel Preference makes the opposite prediction
for sentences (62a) and (62b). Because the pronouns in the experimental items are in object
position, Parallel Preference predicts that pronouns referring to antecedents in (parallel)
object position should be read faster. Thus, the pronouns in sentence (62a) should be read
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faster than those in sentence (62b). Parallel Preference does not apply to sentences (62¢) and
(62d) because these sentences do not meet Smyth’s (1994) criteria for parallelism.

Causal inference-based accounts do not apply to sentences (62a) and (62b), because the
events described by the clauses are not causally related. Ehrlich’s (1980) proposal, in which
a topic-based strategy applies when there is no causal relation, predicts that the pronoun
in (62b) should be read faster than the pronoun in (62a). Causal-inference accounts pre-
dict that the pronoun in sentence (62d) should be read faster than in (62c) because a causal
inference to resolve the pronoun is much easier to establish in (62d); in (62c), it is hard to
see why James should congratulate Craig, because Craig lost the match.

Kehler’s (2002) coherence-based theory predicts that the cues in sentences (62a) and
(62b) will indicate a similarity relation between the clauses, so that a Parallel Preference
strategy will be in effect. Thus, the pronoun in sentence (62a) should be read faster than the
one in sentence (62b). Kehler’s account furthermore predicts that the cues in sentences (62¢)
and (62d) will indicate a cause-effect relation between the clauses, with the consequence
that the pronoun in sentence (62d) should be read faster than the pronoun in sentence (62¢)
because of the more plausible causal inference for sentence (62d). Thus Kehler’s (2002) ac-
count predicts an interaction between coherence relations and pronominal reference.

3.3.3 Results
Table 3.1 shows the question-answering performance for the experiment. A 2 X 2
ANOVA, coherence relation (similarity, cause-effect) by reference (parallel, nonparallel),
revealed an interaction that was significant in the participants analysis (F1(1,39) = 8.150,
MSE = 1210, p < .01) and marginally significant in the items analysis (F2(1,19) = 3.385,
MSE =605, p =.08). Pairwise comparisons by subject showed that under the similarity re-
lation, question-answering performance was better under parallel than under nonparallel
reference (F1(1,39) = 5.354, MSE = 845, p <.05). There was no significant difference under
cause-effect (F1(1,39) =2.395, MSE =405, p = .13).

We analyzed reading times only for items for which the comprehension question was an-
swered correctly. Reading times beyond three SD from the mean for a given condition and

Table 3.1
Question-answering performance in percent correct.

Coherence relation

Pronoun reference Similarity Cause-effect

Parallel 86 80.5
Nonparallel 79.5 85
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Fiona and so/ James him / her after the match but...
complimented/  similarly congratulated
defeated Craig
Figure 3.1

Plot of mean word-by-word reading times; sim par = similarity, parallel; sim nonpar = similarity, non-
parallel; ce par = cause-effect, parallel; ce nonpar = cause-effect, nonparallel

position were excluded from the analysis. This affected 2.79 percent of the data. Mean
word-by-word reading times in the by-subject analysis are shown in figure 3.1.

A 2 X 2 ANOVA, coherence relation by reference, was computed for a region including
the pronoun and the following word. It showed a significant interaction of coherence rela-
tion and reference (F1(1,39) = 14.669, MSE = 103997, p <.001; F2(1,19) =13.398, MSE =
67545, p < .005). There was also a main effect of coherence relation—cause-effect items
were read faster than similarity items (F1(1,39) =4.431, MSE = 40563, p <.05; F2(1,19) =
3.898, MSE = 22222 p = .06). For the region containing the pronoun and the region pre-
ceding that region, there was a significant three-way interaction of coherence relation, ref-
erence, and region (F1(1,39) = 12.111, MSE = 64630, p < .005; F2(1,19) = 20.126, MSE =
44344, p < .0005). There were no other significant effects.

Pairwise comparisons showed that under similarity, parallel was read faster than non-
parallel (F1(1,19) = 7.849, MSE = 60866, p < .01; F2(1,19) = 5.785, MSE = 40196, p <
.05). Under cause-effect, nonparallel was read faster than parallel (F1(1,39) =4.822, MSE =
43829, p <.05; F2(1,19) = 5.785, MSE = 27907, p < .05).
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3.3.4 Discussion

The results of Experiment 1 showed that under a similarity discourse relation, pronouns
with an antecedent in parallel object position were read faster than pronouns with an ante-
cedent in subject position. This is predicted by the Parallel Preference account as well as
by Kehler’s (2002) account. By contrast, Centering Theory and Ehrlich’s (1980) account
would have predicted a subject antecedent preference. Causal inference-based accounts
make no prediction for pronoun preferences in the absence of causal relations between the
clauses containing pronoun and antecedent.

Under the cause-effect discourse relations in our items, pronouns referring to a subject
antecedent were read faster. This is predicted by causal inference-based accounts as well as
Kehler’s (2002) account, but not by the Parallel Preference account. Centering Theory does
predict this preference, but not as a part of a causal inference process.

To summarize, the only account that makes the correct predictions for all conditions is
Kehler’s (2002). It predicts different preferences in pronoun resolution depending on the
coherence relation between the clauses containing the pronoun and the antecedent.

3.4 Experiment 2

Experiment 2 was a corpus study that tested the predictions of the pronoun processing
accounts described above. Whereas Experiment 1 tested online language comprehension
preferences, Experiment 2 tested off-line language production preferences.

3.4.1 Method

3.4.1.1 Materials We extracted materials from the Wall Street Journal and the Brown
corpora (Marcus et al. 1994). The materials we used were clauses containing pronouns and
clauses containing antecedents of these pronouns. The next section describes how we col-
lected the materials.

3.4.1.2 Procedure We used the following procedure to collect materials and determine
frequencies of interest:

1. Extract all sentences containing nonreflexive pronouns from both the Wall Street Jour-
nal and the Brown corpora.
2. From the materials collected in step 1
a. To collect cause-effect materials: extract examples containing because with the pro-
noun in the second clause (i.e., in the clause following the word because).
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b. To collect similarity and contrast materials
i. Extract examples containing and as a sentential conjunction with a pronoun in
the second clause (i.e., in the clause following the word and).
ii. From these materials, extract those where the clauses conjoined by and are in a sim-
ilarity or contrast relation. This relation was determined by a human annotator.
3. Determine pronoun antecedents.
4. Extract grammatical roles for pronouns and antecedents.
5. Keep only those materials that had the structure S V O and/because S V O and where
the pronouns and the antecedents were in either subject or direct object position.

Using this procedure, we extracted 410 pairs of pronouns and antecedents from the Wall
Street Journal corpus (205 cause-effect; 205 similarity/contrast), and 470 pairs of pro-
nouns and antecedents from the Brown corpus (235 cause-effect; 235 similarity/contrast).

Below are two examples from the Wall Street Journal, one for each type of coherence re-
lation. The pronouns and their antecedents are in boldface. In (63), an object pronoun
refers to an antecedent in object position. In (64), a subject pronoun refers to an object an-
tecedent.

(63)  Similarity
The Exchequer Nigel Lawson’s resignation slapped the market, and Wall Street’s
rapid selloff knocked it down.

(64) Cause-effect
They shredded the document simply because it contained financial information.

3.4.2 Predictions
The predictions were made in terms of frequencies of subject and object position pronouns
and subject and object position antecedents. Higher frequencies of a type are assumed to
reflect a preference for producing that type. Thus, while Experiment 1 tested preferences
in language comprehension, Experiment 2 tested preferences in language production.

Centering Theory predicts that there should always be more pronoun antecedents in sub-
ject position than pronoun antecedents in object position. It does not make predictions
about the frequency of pronouns in subject versus object positions. Parallel Preference pre-
dicts that there should be more subject pronouns with subject antecedents than object an-
tecedents. Furthermore, it predicts that there should be more object pronouns with object
antecedents than subject antecedents.

Causal inference-based accounts could not be tested in Experiment 2. They would pre-
dict higher frequencies of types that reflect more plausible causal inferences. However, the
dependent variable in Experiment 2 was distributional patterns of grammatical roles and
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functions of pronouns and their antecedents, and we could not formalize testable hypoth-
eses about causal inferences that make predictions in terms of distributional patterns.
Kehler’s (2002) coherence-based theory predicts that under similarity or contrast, there
should be more subject pronouns with subject antecedents than object antecedents. Fur-
thermore, it predicts that under similarity or contrast, there should be more object pro-
nouns with object antecedents than subject antecedents. Thus, Kehler’s (2002) prediction
for similarity or contrast are the same as the predictions made by Parallel Preference. By
contrast, we could not formalize a testable hypothesis for Kehler’s (2002) theory for cause-
effect, for the same reason that we could not test causal inference-based accounts: the ques-
tion of plausibility in causal inferences is orthogonal to the question of grammatical

function.

3.4.3 Results
The results of the counts are shown in figures 3.2 through 3.5. In order to test differences
in the distributions for significance, we conducted a series of chi-square tests. The results

are given below.

» Wall Street Journal corpus
* Cause-effect
 More pronouns in subject than in object position (¥3(1) = 96.14, p = 0.0000001)
- More antecedents in subject than in object position (x?(1) = 5.22, p = 0.02)
- No significant interaction (}2(1) < 1)

120

W subj-pro
100 obj-pro

subj-ant obj-ant

Figure 3.2
Cause-effect data from the Wall Street Journal corpus; subj = subject, obj = object, pro = pronoun,

ant = antecedent
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Figure 3.3
Cause-effect data from the Brown corpus; subj = subject, obj = object, pro = pronoun, ant =

antecedent
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Figure 3.4
Similarity data from the Wall Street Journal corpus; subj = subject, obj = object, pro = pronoun, ant =

antecedent
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Figure 3.5
Similarity data from the Brown corpus; subj = subject, obj = object, pron = pronoun, ant = antecedent

* Similarity
- More pronouns in subject than in object position (x3(1) = 45.14, p = 0.0000001)
- More antecedents in subject than in object position (}2(1) = 38.27, p = 0.0000001)
- Significant interaction (}2(1) = 99.31, p = 0.0000001)

= Brown corpus

* Cause-effect
* More pronouns in subject than in object position (¥3(1) = 79.84, p = 0.0000001)
- More antecedents in subject than in object position (x?(1) = 5.06, p = 0.02)
- No significant interaction (}2(1) < 1)

* Similarity
* More pronouns in subject than in object position (¥3(1) = 16.32, p = 0.000053)
- More antecedents in subject than in object position (}?(1) = 12.32, p = 0.000448)
- Significant interaction (}*(1) = 199.33, p = 0.0000001)

3.4.4 Discussion

The results of Experiment 2 showed that under a similarity discourse relation, there are
more subject pronouns with subject than object antecedents, and more object pronouns
with object than subject antecedents. This is predicted by the Parallel Preference account
as well as by Kehler’s (2002) account. By contrast, Centering Theory and Ehrlich’s (1980)
account would have predicted there to be more subject antecedents than object an-
tecedents, independent of pronoun position. In the absence of a causal relation between
the clause containing the pronoun and the clause containing the antecedent, causal inference-

based accounts do not apply (see section 3.4.2).
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We did not find a preference for parallel pronoun and antecedent positions under cause-
effect. Instead, we found that there was a preference for subject and object pronouns to
have subject antecedents. This is not predicted by the Parallel Preference account. Causal
inference-based accounts do not make grammatical function frequency predictions, nor
does Kehler’s (2002) account, under a cause-effect relation. The only account that predicts
more subject antecedents is Centering Theory. However, while Centering Theory makes
the correct prediction for cause-effect, it does not predict the observed interaction in fre-
quency distributions between cause-effect and similarity.

Across the conditions (cause-effect and similarity), we found more pronouns and ante-
cedents in subject position than pronouns and antecedents in object position. Centering
Theory predicts this. A possible explanation for this result might be that pronouns tend to
refer to given rather than to new information; often, given information is found in subject
rather than in object position (see Grosz, Joshi, and Weinstein 1995; Wundt 1911).

In sum, Kehler’s (2002) account is the only one that predicts the observed interaction be-
tween cause-effect and similarity. We also observed an overall preference for pronouns and
antecedents in subject position across cause-effect and similarity, which is predicted by
Centering Theory.

3.5 Conclusions

The results from the experiments reported here support the idea that the preferences ob-
served in pronoun processing depend on the coherence relation between the clause con-
taining the pronoun and the clause containing the antecedent (Kehler 2002). However, this
is not to say that other factors, such as focusing attention on specific discourse elements
(Grosz, Joshi, and Weinstein 1995; Wundt 1911), play no role in pronoun processing; the
overall preference for subject antecedents and pronouns observed in Experiment 2 sup-
ports this hypothesis. In fact, Kehler (2002) also points out that in narratives, shifting
attention to different discourse entities is an important factor in pronoun processing
preferences. He argues that under such circumstances the observed preferences may be more
as predicted by accounts such as Centering Theory. Note, however, that of the accounts con-
sidered here, Kehler’s (2002) is the only one that predicts all observed preferences to be not
a result of the operations of pronoun-specific mechanisms, but a byproduct of more gen-
eral cognitive mechanisms and their interaction—establishing coherence and focusing
attention.

The goal of this chapter has not been to describe a full account of pronoun processing.
It is possible that there are other, non-coherence-based factors that influence preferences
in pronoun processing. However, the results from the experiments reported here have
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implications for psychologically plausible taxonomies of coherence relations. For lan-
guage production as well as comprehension, our experiments suggest that people use dif-
ferent approaches to pronoun resolution, depending on whether there is a cause-effect or
a similarity coherence relation between the clause containing the pronoun and the clause
containing the antecedent. For taxonomies of coherence relations that are based on dif-
ferent cognitive inference mechanisms underlying different coherence relations, these re-
sults suggest that such taxonomies should at least distinguish between cause-effect and
similarity coherence relations.

Appendix A: Items for Experiment 1 in Chapter 3

1. Charles commended/saved Harriet and similarly/so Richard praised her/him in the
newspaper but everything was just a big show.

2. David reprimanded/betrayed Sarah and similarly/so Helen chastised her/him after the
holidays but all the criticism showed very little effect.

3. Michael disciplined/attacked Shirley and similarly/so Leonard punished her/him two
days ago but in the end they reached an agreement.

4. Peter questioned/assaulted Julie and similarly/so Carol interrogated her/him for an
hour but a few moments later the police arrived at the scene.

5. Stuart honored/liberated Martha and similarly/so Joseph admired her/him a great deal
but unfortunately the feeling was not mutual.

6. Nathan disliked/abandoned Alyssa and similarly/so Nicole hated her/him for a while
and in the end they all avoided each other.

7. Ryan safeguarded/feared Emma and similarly/so Adam protected her/him in the
evening but all their caution would probably not have been necessary.

8. Kevin rebuked/kicked Claire and similarly/so Grace scolded her/him in the house but
nobody else cared about all these quarrels.

9. Erik embraced/rescued Lisa and similarly/so Liam hugged her/him with great enthusi-
asm and everybody was a little bit relieved.

10. Brian scolded/harassed Cathy and similarly/so Scott lectured her/him after the meet-
ing and everybody ended up hating each other.

11. Fiona complimented/defeated Craig and similarly/so James congratulated him/her
after the match but nobody took any notice.

12. Christina lectured/pestered Christopher and similarly/so Stephanie reprimanded
him/her for one hour although nobody thought it would have any effect.

13. Jonathan despised/denounced Madeline and similarly/so Patricia scorned her using
harsh language but after a while everybody was reconciled again.
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14. Rebecca interrogated/punched Anthony and similarly/so Suzanne cross-examined
him/her for a while but nothing interesting was said.

15. Melissa suspected/deceived William and similarly/so Natalie distrusted him/her in the
end and the whole working atmosphere was spoiled.

16. Tina thanked/supported Robert and similarly/so Fred acknowledged him/her at the
conference but nobody seemed to be sincere.

17. Sophia admired/outdid Joshua and similarly/so Gloria respected him/her in the be-
ginning but very soon things changed.

18. Melanie hired/impressed Bradley and similarly/so Malcolm recruited him/her after
the interview but not all of the co-workers were satisfied with the situation.

19. Heather hit/insulted Aaron and similarly/so Caitlin punched him/her in the nose and
the result was a big fight.

20. Hannah appointed/outperformed Michael and similarly/so George nominated him/her
for the job although some people were not happy with the decision.






4 Coherence Structure and Discourse Segment Rankings

4.1 Introduction

Automatic generation of text summaries is a natural language engineering application that
has received considerable interest, more recently in particular due to the ever-increasing
volume of text information available through the Internet. For humans, generating a sum-
mary generally involves three tasks (Brandow, Mitze, and Rau 1995; Mitra, Singhal, and
Buckley 1997): (1) understanding a text, (2) ranking text pieces (sentences, paragraphs,
phrases, etc.) for importance, and (3) generating a new text (the summary). Like most ap-
proaches to summarization, we are concerned with the second task (e.g., Carlson et al.
2001; Goldstein et al. 1999; Gong and Liu 2001; Jing et al. 1998; Luhn 1958; Mitra, Sing-
hal, and Buckley 1997; Sparck-Jones and Sakai 2001; Zechner 1996). Furthermore, we
are concerned with obtaining generic rather than query-relevant importance rankings: in
generic importance rankings, text pieces are ranked for importance with respect to the
overall content of the text; by contrast, in query-relevant importance rankings, text pieces
are ranked for importance with respect to the content of a certain query (see Goldstein et al.
1999 and Radev, Hovy, and McKeown 2002 for that distinction).

Sentence rankings might be influenced by coherence structures. That is, it is possible that
the saliency of a discourse segment (e.g., a sentence) is based on its position in the infor-
mational structure of a discourse. But there are also other approaches to sentence ranking
that are not based on coherence structures. For example, some accounts hypothesize that
sentence importance is based on document layout features or on the importance of words
in a sentence. Section 4.2 will describe the different approaches to sentence ranking in more
detail.

In section 4.4, we will evaluate the approaches to automated sentence ranking against
human sentence rankings. To obtain human sentence rankings, we asked people to read fif-
teen texts from the Wall Street Journal on a wide variety of topics (e.g., economics, foreign
and domestic affairs, political commentaries). For each of the sentences in the text, they
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provided a ranking of how important that sentence was with respect to the content of the
text, on an integer scale from 1 (not important) to 7 (very important). The approaches we
evaluated included a simple layout-based approach that serves as a baseline, two word-
based algorithms, and three coherence-based approaches. We furthermore evaluated the
Microsoft Word summarizer/sentence ranker.

In our experiments, we did not use any machine learning techniques to boost perfor-
mance of the algorithms we tested. Therefore, performance of the algorithms tested here
will almost certainly be below the level of performance that could be reached if we had aug-
mented the algorithms with such techniques (e.g., Carlson et al. 2001). However, we think
that a comparison between “bare-bones” algorithms is viable because it allows us to see
how performance differs due to distinct basic approaches to sentence ranking, and not due
to potentially different effects of different machine learning algorithms on distinct basic
approaches to sentence ranking.

4.2 Approaches to Sentence Ranking

4.2.1 Coherence-Based Approaches

Coherence-based approaches to sentence ranking are based on the informational structure
of texts. By informational structure, we mean the set of informational relations that hold
between sentences in a text. This set can be represented in a graph, where the nodes repre-
sent sentences and labeled directed arcs represent informational relations that hold be-
tween the sentences (recall Hobbs 1985; also sections 2.3 and 2.4). Often, informational
structures of texts have been represented as trees (e.g., Carlson et al. 2001; Corston-Oliver
1998; Mann and Thompson 1988; Ono, Sumita, and Miike 1994). We will present one
coherence-based approach that assumes trees as a data structure for representing discourse
structure, and one approach that assumes less constrained graphs. As we will show, the
approach based on less constrained graphs performs better than the tree-based approach

when compared to human sentence rankings.

4.2.2 Layout-Based Approaches

In layout-based approaches, sentence importance is determined based on the layout of a
text. The idea behind such approaches is that if information is important, it is often placed
at a prominent position within a text and not, for example, in a footnote. Layout-based
methods have often been used in domains where layout information is easily accessible, for
example, in the form of HTML markup tags (see Raghavan and Garcia-Molina 2001).
Furthermore, people are often instructed to write so that important information comes
first (see Eden and Mitchell 1986).
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We tested a simple layout-based approach using paragraph structure as its basis. Sen-
tences at the beginning of a paragraph are usually more important than sentences further
down, due in part to the way people are instructed to write. Conceivably, the simplest way
to instantiate this idea is to identify the first sentences of each paragraph as important,
and the other sentences as not important. We included this approach merely as a simple
baseline.

4.2.3 Word-Based Approaches

Word-based approaches to summarization are based on the idea that discourse segments
are important if they contain “important” words. These approaches have different defini-
tions of what an important word is. For example, Luhn (1958), in a classic approach to sum-
marization, argues that sentences are more important if they contain many significant
words. Significant words are those that do not occur in a predefined stoplist of words with
high overall corpus frequency.'” Once significant words are marked in a text, clusters of
significant words are formed. A cluster has to start and end with a significant word, and
fewer than # insignificant words must separate any two significant words (we chose 7 = 3,
following Luhn 1958). Next, the weight of each cluster is calculated by dividing the square
of the number of significant words in the cluster by the total number of words in the clus-
ter. Sentences can contain multiple clusters. The weight of a sentence is then the maximum
of the weights of all clusters in that sentence. The higher the weight of a sentence, the higher
its ranking. Figure 4.1 shows the formula for calculating the importance of a sentence ac-
cording to Luhn (1958): i_is the importance of a sentence; # is the number of clusters in a
sentence; 7, is the current cluster in a sentence; w,, is the number of significant words in a

cluster; w,,, is the number of insignificant words in a cluster.

insig

A more recent, frequently used word-based method for text piece ranking is tf.idf (Man-
ning and Schuetze 2000; Salton and Buckley 1988; Sparck-Jones and Sakai 2001; Zech-
ner 1996). The #f.idf measure relates the frequency of words in a text piece, in the text, and
in a collection of texts, respectively. The intuition behind #f.idf is to give more weight
to sentences that contain terms with high frequency in a document but low frequency in a
reference corpus. Figure 4.2 shows a formula for calculating #f.idf, where ds;, is the tf.idf

weight of sentence 7 in document j, 7, is the number of words in sentence 4, k is the kth word
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Figure 4.1
Formula for calculating the importance of a sentence according to Luhn (1958)
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ds; = 3. 1fy~log L%ﬂ

k=1

Figure 4.2
Formula for calculating t£.idf (Salton and Buckley 1988)

in sentence 7, tf/.k is the frequency of word k in document j, 7, is the number of documents
in the reference corpus, and df, is the number of documents in the reference corpus in
which word k appears.

We compared both Luhn’s (1958) measure and #f.idf scores to human rankings of sen-
tence importance. We will show that both methods performed remarkably well, although
some coherence-based methods performed better.

4.3 Coherence-Based Sentence Ranking Revisited

This section will discuss in more detail the data structures we used to represent discourse
structure, as well as the algorithms based on discourse structures used to calculate sentence

importance.
4.3.1 Representing Coherence Structures

4.3.1.1 Discourse Segments As pointed out in section 2.3.1, discourse segments can be
defined as nonoverlapping spans of prosodic units (Hirschberg and Nakatani 1996), in-
tentional units (Grosz and Sidner 1986), phrasal units (Lascarides and Asher 1993), or
sentences (Hobbs 1985). We adopted a mostly clause unit-based definition of discourse
segments for the coherence-based approach that assumes chain graphs (see section 2.3.1).
For the coherence-based approach that assumes trees, we used Marcu’s (2000) more fine-
grained definition of discourse segments because we used the discourse trees from Carlson,
Marcu, and Okurowski’s (2002) database of coherence-annotated texts.

4.3.1.2 Kinds of Coherence Relations For the coherence structure-based summariza-
tion approaches discussed in this chapter, we assume the set of coherence relations that was
introduced in section 2.3.3. As a reminder, examples of each coherence relation are given
below.

(65) Cause-effect
[There was bad weather at the airport], [and so our flight got delayed.],

(66) Violated expectation
[The weather was nice], [but our flight got delayed.],
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(67) Condition
[If the new software works,], [everyone will be happy.],

(68)  Similarity
[There is a train on platform A.], [There is another train on platform B.],

(69) Contrast
[John supported Bush], [but Susan opposed him.],

(70)  Elaboration
[A probe to Mars was launched this week.], [The European-built Mars Express is
scheduled to reach Mars by late December. ],

(71)  Attribution
[John said that], [the weather would be nice tomorrow.],,

(72)  Temporal sequence
[Before he went to bed,]. [John took a shower.],

As pointed out in section 2.3.3, cause-effect, violated expectation, condition, elaboration,
temporal sequence, and attribution are asymmetrical or directed relations, whereas simi-
larity and contrast are symmetrical or undirected relations (Mann and Thompson 1988;
Marcu 2000). As also pointed out in section 2.3.3, in the chain graph-based approach, the
directions of asymmetrical or directed relations are as follows:

= cause — effect for cause-effect

= cause — absent effect for violated expectation
* condition — consequence for condition

* elaborating — elaborated for elaboration

* source — attributed for attribution

* sooner — later for temporal sequence

In the tree-based approach, the asymmetrical or directed relations link a more important
discourse segment, or a nucleus, and a less important discourse segment, or a satellite
(Mann and Thompson 1988). The nucleus is the equivalent of the arc destination, and the
satellite the equivalent of the arc origin, in the chain graph-based approach. The symmet-
rical or undirected relations link two discourse elements of equal importance, or two nuclei.
Below, we will explain how the difference between satellites and nuclei is considered in tree-
based sentence rankings.

4.3.1.3 Data Structures for Representing Discourse Coherence As mentioned above,
we used two alternative representations for discourse structure, trees and chain graphs. As
an illustration of both data structures, let us begin with (73):
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Figure 4.3
Coherence tree for (73)

elab

Figure 4.4
Coherence chain graph for (73)

(73) a. S1:Susan wanted to buy some tomatoes.
b. S2: She also tried to find some basil.
c. S3: The basil would probably be quite expensive at this time of the year.

Figure 4.3 shows one possible tree representation of the coherence structure of (73).'%
Sim represents a similarity relation, and elab an elaboration relation. Furthermore, nodes
with a nuc subscript are nuclei, and nodes with a sat subscript are satellites; nucleus rela-
tions are also indicated by solid lines and satellite relations by dashed lines. Figure 4.4
shows a chain graph representation of the coherence structure of (73). Here, the heads of

the arrows represent the directionality of a relation.

4.3.2 Coherence-Based Sentence-Ranking
This section explains the algorithms for the tree- and the chain graph-based sentence rank-

ing approaches.

4.3.2.1 Tree-Based Approaches We used Marcu’s (2000) algorithm to determine sen-
tence rankings based on tree discourse structures. In this algorithm, sentence saliency is de-
termined based on the level of a discourse segment in the coherence tree. Figure 4.5 shows
Marcu’s (2000) algorithm, where 7(s, D, d) is the rank of a sentence s in a discourse tree D
with depth d. Every node in discourse tree D has a promotion set promotion(D), which is
the union of all nucleus children of that node. Associated with every node in discourse tree
D is also a set of parenthetical nodes parentheticals(D) (for example, in Mars—bhalf the size
of Earth—is red, half the size of Earth would be a parenthetical node in a discourse tree).
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Both promotion(D) and parentheticals(D) can be empty sets. Furthermore, each node has
a left subtree, Ic(D), and a right subtree, r¢(D). Both Ic(D) and rc(D) can also be empty.
We illustrate how Marcu’s (2000) algorithm works in an example shown in figures 4.6
through 4.11. The gray numbers on the right side of each figure represent inverse tree levels,
which are used for determining discourse segment ranks. As in the examples in sections 2.4.1
and 2.4.2, solid lines represent nucleus relations and dashed lines represent satellite relations
(see Mann and Thompson 1988). Terminal nodes can only be promoted through nucleus
relations. The promotions are illustrated by the arrows in the figures. The rank for each seg-
ment or terminal node is determined by the highest level in the tree to which the node can
be promoted. The segment ranks are shown in boldface below the terminal nodes. We dem-
onstrate below how the discourse segment ranks for the tree in figure 4.6 were derived.

* Discourse segment 0 (see figure 4.7):  Discourse segment 0 is in a nucleus relation with a
nonterminal node at inverse tree level 2, so discourse segment 0 gets promoted to inverse
tree level 2. The nonterminal node at inverse tree level 2 is in a nucleus relation with another
nonterminal node at inverse tree level 3, so discourse segment 0 gets promoted to inverse
tree level 3. The nonterminal node at inverse tree level 3 is in a nucleus relation with a non-
terminal node (the root node) at inverse tree level 4, so discourse segment 0 gets promoted
to inverse tree level 4. Thus discourse segment 0 gets rank 4 by Marcu’s (2000) algorithm.

0 if D is NIL,
d if's € promotion (D),
r(s,D,d) = d-1 if's € parentheticals (D),
max (r (s,lc (D), d-1),
r (s,rc (D), d-1)) otherwise

Figure 4.5
Formula for calculating coherence tree-based sentence rank (Marcu 2000)

N
~

¢ [ }{- iﬂi 3

) O] 1

Figure 4.6
Example tree for illustrating Marcu’s (2000) algorithm
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Figure 4.7
Determining the ranking for segment 0

* Discourse segment 1: Discourse segment 1 is in a satellite relation. Therefore discourse
segment 1 does not get promoted and gets rank 1 by Marcu’s (2000) algorithm (see figure 4.8).
* Discourse segment 2: Discourse segment 2 is in a satellite relation. Therefore discourse
segment 2 does not get promoted and gets rank 2 by Marcu’s (2000) algorithm (see figure 4.9).
* Discourse segment 3 (see figure 4.10): Discourse segment 3 is in a nucleus relation with
a nonterminal node at inverse tree level 3, so discourse segment 3 gets promoted to inverse
tree level 3. Because the nonterminal node at inverse tree level 3 is in a satellite relation with
the nonterminal node at the next-higher inverse tree level, discourse segment 3 does not get
promoted further. Thus, discourse segment 3 gets rank 3 by Marcu’s (2000) algorithm.

* Discourse segment 4 (see figure 4.11): Discourse segment 4 is in a nucleus relation with
a nonterminal node at inverse tree level 3, so discourse segment 4 gets promoted to inverse
tree level 3. Because the nonterminal node at inverse tree level 3 is in a satellite relation with
the nonterminal node at the next-higher inverse tree level, discourse segment 4 does not get
promoted further. Thus, discourse segment 4 gets rank 3 by Marcu’s (2000) algorithm.

The discourse segments in Carlson, Marcu, and Okurowski’s (2002) database are often
subsentential. Therefore, we had to calculate sentence rankings from the rankings of the
discourse segments that form the sentence under consideration. We did this by calculating
the average ranking, the minimal ranking, and the maximal ranking of all discourse seg-
ments in a sentence. Our results showed that choosing the minimal ranking performed
best, followed by the average ranking, followed by the maximal ranking (see section 4.4.4).

4.3.2.2 Chain Graph-Based Approaches We used three different methods to determine
sentence rankings for the coherence chain graphs.' All three methods implement the intui-

tion that sentences are more important if other sentences relate to them (Sparck-Jones 1993).
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Figure 4.8
Determining the ranking for segment 1
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Figure 4.9
Determining the ranking for segment 2
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Figure 4.10
Determining the ranking for segment 3
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The first method consists of simply determining the in-degree of each node in the
graph.?® A node represents a sentence, and the in-degree of a node represents the number
of sentences that relate to that sentence. The higher the in-degree of a node, the higher the
ranking of the sentence that the node represents (i.e., the more other sentences relate to
a sentence, the more important that sentence becomes). To implement this method, we
treated coherence graphs as unlabeled, directed graphs. Arcs representing symmetrical or
undirected coherence relations (i.e., similarity, contrast, same-segment) were replaced by
two directed arcs (one arc in each direction).

The second method is based on the idea that a discourse segment is more important
if other important discourse segments relate to it. To implement this idea, we used Page
etal’s (1998) PageRank algorithm, which is used, for example, in the Google™ search en-
gine. Instead of just determining the in-degree of a node, PageRank takes into account the
importance of sentences that relate to a sentence. Figure 4.12 shows how PageRank is cal-
culated. PR, is the PageRank of the current sentence, PR, _, is the PageRank of the sentence
that relates to sentence 7, o,_, is the out-degree of sentence 7 — 1, and o is a damping pa-
rameter that is set to a value between 0 and 1. We report results for o set to 0.85 because
this is a value often used in applications of PageRank (e.g., Ding et al. 2002; Page et al.
1998). We also calculated PageRanks for o set to values between 0.05 and 0.935, in incre-
ments of 0.05; changing o did not affect performance. For calculating PageRank, we

Figure 4.11
Determining the ranking for segment 4

PRnl

n—1

PR, =1-a +a

Figure 4.12
Formula for calculating PageRank (Page et al. 1998)
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1. for each discourse segment vertexdsin V(G giscourse-structure) 40
2. rank; < 0

3. initialize container L  to contain vertex ds

4. i<0

S. while L;is not empty do

6. create container L;4; to initially be empty

7. for each vertexv in L; do

8. if edge e is unexplored then

9. let w be the other endpoint ofe
10. if vertex w is unexplored then
11. label e as a discovery edge
12. insertw into L ;+;

13. else

14. label e as a cross edge
15. rank g < rankg+ o™ ‘ L, ‘

16. i« +1

Figure 4.13

Pseudocode for cRank, based on pseudocode for a breadth-first search algorithm in Goodrich and
Tamassia (2001)

treated coherence graphs as unlabeled directed graphs and replaced undirected arcs (those
arcs that represent symmetrical or undirected coherence relations, i.e., similarity, contrast,
same-segment) by two directed arcs (one arc in each direction).

The third method, cRank (for coberence-rank), is based on the idea that a discourse seg-
ment ds, is more important the more other discourse segments relate to it. Furthermore, in
cRank, the more directly these other discourse segments relate to ds,, the more they boost its
importance. In order to determine how directly discourse segments relate to ds,, cRank con-
ducts a breadth-first search through the coherence graph, starting at ds, (this ranking proce-
dure is done for every node in the coherence graph). Pseudocode for cRank is shown in figure

4.13 (based on breadth-first search pseudocode from Goodrich and Tamassia 2001):

= i: counter for the rounds of the breadth-first search algorithm
* L container for graph vertices at round i of the breadth-first search algorithm
= ds: discourse segment vertex

= rank: rank of discourse segment vertex ds
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= V(G
course structure, G

: set of discourse segment vertices in the graph representing the dis-

discourse»structm’e)

discourse-structure

= ¢: edge in the coherence graph

* y, w: vertices adjacent to an edge e

= o: parameter set to |0..1]

= |IL,,,|l: number of elements in container L, ,

= discovery edge: an edge that leads to a previously unvisited vertex
= cross edge: an edge that leads to a previously visited vertex

For implementing cRank, we treated coherence graphs as unlabeled, undirected graphs.
Note furthermore that we set the parameter o to 1, thus effectively reducing line 15 of the
algorithm to a parameter-free form:

15. rank, — rank + (i + 1) - lIL |l

The effect of setting o to a value between 0 and 1 would be that the nodes further up in a
breadth-first traversal tree would add more to rank , than nodes that are further down. This
could be done to optimize the performance of cRank. However, that was not the goal here.

We illustrate cRank with o = 1 for the graph shown in figure 4.14. Trees representing
breadth-first graph traversals for each node in the graph are shown in figures 4.15 through
4.20. The gray numbers in the figures represent the inverse tree levels. Note that it does not
make a difference whether the inverse tree level for the starting node of each breadth-first
graph traversal is included in the calculations of cRank because it would affect the rank of
all nodes equally.

Using the breadth-first graph traversals shown in figures 4.15 through 4.20, the rank for
each node in the graph in figure 4.14 can be determined as follows (with parameter o = 1):

Node 0:

3-3 (nodes1,2,and 3)
1-2 (node4)

1-1 (node?)

+ +

1l
—_
»

Figure 4.14
Example graph for illustrating cRank
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Figure 4.15
Breadth-first graph traversal starting at node 0
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Figure 4.16
Breadth-first graph traversal starting at node 1
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Figure 4.17
Breadth-first graph traversal starting at node 2
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Figure 4.18
Breadth-first graph traversal starting at node 3
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Figure 4.19
Breadth-first graph traversal starting at node 4
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Figure 4.20
Breadth-first graph traversal starting at node 5
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Node 1:
1-4 (node0)
+ 2-3 (nodes?2and3)
+ 1-2 (node4)
+ 1:-1 (nodeb?)
= 13;
Node 2:
2-2 (nodes 0 and 4)
+ 3-1 (nodesl,3,and>5)
= 7
Node 3:
1-4 (node0)
+ 2-:3 (nodes1and2)
1-2 (node4)
1-1 (node3)
= 13;
Node 4:
2-3 (nodes?2and5)
+ 1-2 (node0)
+ 2-1 (nodes1 and3)
= 10;
Node 5:
1-4 (node4)
+ 1:-3 (node2)
1-2 (node0)
2-1 (nodes1 and 3)
= 11;

Thus, by cRank, node 0 has rank 12, node 1 has rank 13, node 2 has rank 7, node 3 has
rank 13, node 4 has rank 10, and node 5 has rank 11, as shown in figure 4.21. As can be
seen in figures 4.15 through 4.20, as well as in the above cRank calculations for each node,
the cRank value of a discourse segment is determined by two factors: the depth of the
breadth-first traversal tree and the branching factor of the traversal tree (either the branch-
ing factor at a certain tree level, or some kind of average across the branching factors at all
tree levels in a breadth-first search traversal tree). Parameters could be used to determine
which of these two factors is more important for calculating cRank.
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Figure 4.21

cRank values for the nodes in the graph shown in figure 4.14

Note that all chain graph-based algorithms treated coherence graphs as unlabeled
graphs. One possible refinement of chain graph-based methods for sentence ranking would
be to assign different weights to arcs representing different coherence relations. For ex-
ample, weights could be assigned such that arcs representing causal coherence relations
(cause-effect, violated expectation, condition) contribute more weight than arcs repre-
senting elaboration coherence relations. Thus, sentences that are part of causal coherence
structures in a text would be ranked as more important (see also Kintsch’s (1998) results,
suggesting better memory for information that is embedded in causal structures). We plan
to address this issue in future research.

4.4 Experiments

In order to test algorithm performance, we compared algorithm sentence rankings to
human sentence rankings. This section describes the experiments we conducted. In Ex-
periment 1, the texts were presented with paragraph breaks; in Experiment 2, the texts
were presented without paragraph breaks. This was done to control for the effect of para-

graph information on human sentence rankings.

4.4.1 Materials for the Coherence-Based Approaches
In testing the tree-based approach, we took coherence trees for 15 texts from a database of
385 texts from the Wall Street Journal that were annotated for coherence (Carlson, Marcu,
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and Okurowski 2002). The database was independently annotated by six annotators. In-
terannotator agreement was determined for six pairs of two annotators each, resulting in
kappa values (Carletta 1996) ranging from 0.62 to 0.82 for the whole database (Carlson,
Marcu, and Okurowski 2003). No kappa values were available for just the 15 texts we used.

For the chain graph-based approach, we used coherence graphs for 15 texts from a data-
base of 135 texts from the Wall Street Journal and the AP Newswire, annotated for co-
herence. Each text was independently annotated by two annotators. For the 15 texts we
used, kappa was 0.78, for the whole database, kappa was 0.84.

4.4.2 Experiment 1: With Paragraph Information
Fifteen participants from the MIT community were paid for their participation. All were
native speakers of English and were naive as to the purpose of the study (i.e., none of the
subjects were familiar with theories of coherence in natural language, for example).

Participants were asked to read fifteen texts from the Wall Street Journal and, for each sen-
tence in each text, to provide a ranking of how important that sentence is with respect to the
content of the text, on an integer scale from 1 to 7 (1 = not important; 7 = very important).

The texts were selected so that there was a coherence tree annotation available in Carl-
son, Marcu, and Okurowski’s (2002) database. Text lengths for the fifteen texts we selected
ranged from 130 to 901 words (five to forty-seven sentences); average text length was 442
words (twenty sentences), median was 368 words (sixteen sentences). Additionally, texts
were selected so that they were about as diverse topics as possible.

The experiment was conducted in front of personal computers. Texts were presented in
a web browser as one webpage per text; for some texts, participants had to scroll to see the
whole text. Each sentence was presented on a new line. Paragraph breaks were indicated
by empty lines; this was pointed out to the participants during the instructions for the

experiment.

4.4.3 Experiment 2: Without Paragraph Information

The method used here was the same as in Experiment 1, except that texts in Experiment 2
did not include paragraph information. Each sentence was presented on a new line. None
of the fifteen participants for Experiment 2 had participated in Experiment 1.

4.4.4 Results of the Experiments

Human sentence rankings did not differ significantly between Experiment 1 and Experi-
ment 2 for any of the fifteen texts (all Fs < 1). This suggests that paragraph information
does not have a large effect on human sentence rankings, at least not for the fifteen texts
that we examined. Figure 4.22 shows the results from both experiments for one text.
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Figure 4.22

Human ranking results for one text (wsj_1306). The error bars represent standard errors of the mean.

We compared human sentence rankings to different algorithmic approaches. The layout-
based rankings do not provide scaled importance rankings but only binary ones: impor-
tant versus not important. Therefore, to compare human rankings to the layout-based
baseline approach, we calculated point biserial correlations (see Bortz 1999). We obtained
significant correlations between layout-based rankings and human rankings for only one
of the fifteen texts.

All other algorithms provided scaled importance rankings. Many evaluations of scalable
sentence ranking algorithms are based on precision/recall/F-scores (e.g., Carlson et al.
2001; Ono, Sumita, and Miike 1994). However, Jing et al. (1998) argue that such mea-
sures are inadequate because they distinguish only between hits and misses or false alarms,
and do not account for a degree of agreement. For example, imagine a situation where the
human ranking for a given sentence is 7 (very important) on an integer scale ranging from
1 to 7, algorithm A gives the same sentence a ranking of 7 on the same scale, algorithm B
gives a ranking of 6, and algorithm C gives a ranking of 2. Intuitively, algorithm B performs
better than Algorithm C, although it does not reach perfect performance. Precision/
recall/F-scores do not account for this difference; they would rate algorithm A as “hit”
(successful) but algorithm B as well as algorithm C as “miss” (unsuccessful). To collect per-
formance measures that are more adequate to the evaluation of scaled importance rank-
ings, we computed Spearman’s rank correlation coefficients. The rank correlation
coefficients were corrected for tied ranks because in our rankings it was possible for more
than one sentence to have the same importance rank, that is, to have tied ranks (Horn 1942;
Bortz 1999).

In addition to evaluating word-based and coherence-based algorithms, we evaluated one

commercially available summarizer, the Microsoft Word (MSWord) summarizer, against
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human sentence rankings. Our reason for including an evaluation of the MS Word sum-
marizer was to have a more useful baseline for scalable sentence rankings than the layout-
based approach provides.

We used Carlson, Marcu, and Okurowski’s (2002) discourse trees as input to Marcu’s
(2000) algorithm. That means that Marcu’s algorithm operated on subsentential discourse
segments. By contrast, the human rankings, and all the rankings obtained from the other
algorithms, were for entire sentences. We therefore had to convert the rankings obtained
from Marcu’s (2000) algorithm from rankings of subsentential segments into rankings of
sentences. We did this in three different ways:

* MarcuAvg sentence rankings were calculated as the average of the rankings of all dis-
course segments in that sentence

* MarcuMin sentence rankings were the minimum of the rankings of all discourse seg-
ments in that sentence

* MarcuMax sentence rankings were the maximum of the rankings of all discourse seg-
ments in that sentence

Figure 4.23 shows average rank correlations (p,,,) of each algorithm and human sentence
ranking for the fifteen texts. It shows that the MS Word summarizer performed numerically
worse than most other algorithms, except MarcuMax. Figure 4.23 also shows that cRank
performed numerically better than all other algorithms and significantly better than most
other algorithms:

0.6
No Paragraph
0541m With Paragraph l
0.4 I T I
s r 1
| ]: i>
0 T T T T T T T T
MSWord Luhn tf.idf MarcuAvg MarcuMin MarcuMax In-degree PageRank  cRank
Figure 4.23

Average rank correlations (p,,,) of algorithm and human sentence rankings. The error bars represent
standard errors of the mean.
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= MSWord
* NoParagraph: F(1,28) =24.779,p = 0.001
« WithParagraph: F(1,28) = 31.832, p = 0.001
= Luhn
+ WithParagraph: F(1,28) = 7.326,p = 0.011
= MarcuAvg
 NoParagraph: F(1,28) = 10.382, p = 0.003
« WithParagraph: F(1,28) = 10.821, p = 0.004
= MarcuMin
 NoParagraph: F(1,28) = 5.527, p = 0.026
= MarcuMax
« NoParagraph: F(1,28) =27.722,p = 0.0001
= WithParagraph: F(1,28) = 37.778, p = 0.0001

cRank performed marginally better than tf.idf, WithParagraph (F(1,28) = 4.162, p =
0.051).
cRank did not perform significantly better than the following algorithms:

* Luhn

* NoParagraph: F(1,28) =2.298, p = 0.141
= ifidf

* NoParagraph: F(1,28) = 2.858,p = 0.102
= MarcuMin

+ WithParagraph: F(1,28) = 3.287,p = 0.081
* In-degree, NoParagraph and WithParagraph: all Fs < 1
» PageRank, NoParagraph and WithParagraph: all Fs < 1

As mentioned above, human sentence rankings did not differ significantly between Ex-
periment 1 and Experiment 2 for any of the fifteen texts (all Fs < 1). Therefore, to lend more
power to our statistical tests, we collapsed the data for each text for the WithParagraph and
the NoParagraph conditions and treated them as one experiment. Figure 4.24 shows that
when the data from Experiments 1 and 2 are collapsed, cRank performed significantly
better than all other algorithms except In-degree and PageRank, as shown by two-tailed
I-tests:

- MSWord: F(1,58) = 57.881, p = 0.0001

» Luhn: F(1,58) = 8.108, p = 0.006

- tf.idf: F(1,58) = 7.104, p = 0.010

- MarcuAvg: F(1,58) = 21.928, p = 0.0001
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Figure 4.24
Average rank correlations (p,,,) of algorithm and human sentence rankings with collapsed data. The

error bars represent standard errors of the mean.

* MarcuMin: F(1,58) = 8.946, p = 0.004

* MarcuMax: F(1,58) = 66.076, p = 0.0001
* In-degree: F(1,58) = 1.350,p = 0.250

* PageRank: F(1,58) <1

4.5 Discussion

4.5.1 MSWord and Word-Based Algorithms
The results of our experiments showed that MSWord showed the second-worst perfor-
mance of all algorithms tested; only MarcuMax was numerically worse, although the dif-
ference was not significant. Unfortunately, we cannot determine why MSWord did not
perform better because it is a proprietary product. Part of the problem might be, however,
that the MSWord summarizer might have been optimized for sentence selection rather than
sentence ranking.?' Sentence selection and sentence ranking are two different tasks. For in-
stance, if there are multiple sentences with similar content, a sentence selection algorithm
might (but a sentence ranking algorithm would not) try to select one of these sentences over
the others, bypass all the other high-ranked sentences with similar content, and move to a
different topic.

It is difficult to evaluate why the word-based methods (Luhn and #f.idf) did not perform
better. However, word-based methods provide a very high baseline.
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4.5.2 Coherence-Based Algorithms That Operate on Trees

Our results showed that coherence-based algorithms that operate on trees (MarcuMin,
MarcuMax, MarcuAvg) performed worse than coherence-based algorithms that operate
on chain graphs (In-degree, PageRank, cRank). The difference between tree-based and
chain graph-based algorithms was significant (F(1,70) = 7.057; p = .01) (see figure 4.25).

One possible reason for this could be that trees introduce biases that hurt performance
on sentence ranking. In particular, one problem could be that trees cannot represent nodes
with multiple parents. Consider the coherence structure shown in figure 4.26. In that struc-
ture, R; R, and R, represent three different kinds of coherence relations. Based on any of
the algorithms tested in this chapter that operate on chain graphs (In-degree, PageRank,
cRank), node 1 would obtain the highest rank, whereas nodes 2, 3, and 4 would all obtain
the same rank, which is lower than the rank of node 1.

However, the nodes would be ranked differently if a tree-based representation is used for
the structure in figure 4.26. The problem with a structure such as the one shown in figure
4.26 is that it contains nodes with multiple parents. Figure 4.27 shows a tree representing
that structure, where the grey numbers on the right indicate inverse tree level, solid lines
in the tree indicate nucleus relations, and dashed lines indicate satellite relations.?> By
Marcu’s (2000) algorithm, node 1 would obtain the highest rank (rank 4, see section
4.3.2.1, figure 4.5, for the algorithm). However, in contrast to chain graph-based ranking
algorithms, Marcu’s algorithm would assign each of the other nodes different ranks: node
2 would get rank 1, node 3 would get rank 2, and node 4 would get rank 3 (because they
are in satellite relations, these nodes do not get promoted). Note that these ranks are a
byproduct of the tree data structure.

0.5

0.4

03 |

0.2
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Tree-based Chain graph-based

Figure 4.25
Performance of tree-based and chain graph-based algorithms compared. The error bars represent
standard errors of the mean.
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Figure 4.26
Example of a coherence structure containing a node with multiple parents (node 1)

R, 3 2
s 1

Figure 4.27
Tree-based representation for the coherence structure shown in figure 4.26. The gray numbers on the

right indicate inverse tree levels. Solid lines indicate nucleus relations and dashed lines indicate satel-
lite relations.

Our experimental text segment-ranking results provide some support for this idea, al-
though we did not obtain enough data from our experiments to allow a quantitative analysis;
we plan to perform such an analysis in future research. An example is the discourse structure
for text wsj_1148 from the Wall Street Journal corpus (Harman and Liberman 1993), seg-
mented into sentences (as we used them for the human sentence-ranking experiments):

(74) a. S1: Mobil Corp. is preparing to slash the size of its work force in the U.S.,
possibly as soon as next month, say individuals familiar with the company’s
strategy.

b. S2: The size of the cuts isn’t known, but they’ll be centered in the exploration
and production division, which is responsible for locating oil reserves, drilling
wells and pumping crude oil and natural gas.

c. S3: Employees haven’t yet been notified.

S4: Sources said that meetings to discuss the staff reductions have been

scheduled for Friday at Mobil offices in New Orleans and Denver.
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e. S5: This would be a second round of cuts by Mobil, which along with other oil
producers and refiners reduced its work force by 15% to 20% during the mid-
1980s as part of an industrywide shakeout.

f.  S6: Mobil’s latest move could signal the beginning of further reductions by
other oil companies in their domestic oil-producing operations.

g. S7:1In yesterday’s third-quarter earnings report, the company alluded to a $40
million provision for restructuring costs involving U.S. exploration and
production operations.

h. S8: The report says that “the restructuring will take place over a two-year
period and will principally involve the transfer and termination of employees
in our U.S. operations.”

i. S$9: A company spokesman, reached at his home last night, would only say that
there will be a public announcement of the reduction program by the end of the
week.

j. S$10: Most oil companies, including Mobil, have been reporting lower third-
quarter earnings, largely as a result of lower earnings from chemicals as well as
refining and marketing businesses.

k. S11: Individuals familiar with Mobil’s strategy say that Mobil is reducing its
U.S. work force because of declining U.S. output.

. S12: Yesterday, Mobil said domestic exploration and production operations had
a $16 million loss in the third quarter, while comparable foreign operations
earned $234 million.

m. S13: Industrywide, oil production in this country fell by 500,000 barrels a day

to 7.7 million barrels in the first eight months of this year.

n. S14: Daily output is expected to decline by at least another 500,000 barrels
next year.

0. S15: Some Mobil executives were dismayed that a reference to the cutbacks
was included in the earnings report before workers were notified.

p. S16: One Mobil executive said that the $40 million charge related to the action
indicates “a substantial” number of people will be involved.

q. S17: Some will likely be offered severance packages while others will be
transferred to overseas operations.

The discourse structure for this text, when represented in a tree, is very similar to the one
shown in figure 4.27, and it is schematically represented in figure 4.28. Figure 4.28 shows
that node 17, which represents the last text segment in the text, gets rank 11 by Marcu’s
(2000) algorithm. This is the second-highest rank; only node 1 is ranked higher, because it
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root 12

'/ Structure for \
| sentences 1-16 /;

Figure 4.28
Partial representation of the tree discourse structure for text wsj_1148 (Carlson, Marcu, and
Okurowski 2002)

is promoted to rank 12 through nucleus relations.?* However, in our human rankings (both
with and without paragraph information), node 17 is ranked lowest of all nodes.

It is possible that human rankings of the last sentence of a text might be artificially low.
This might be due in part to certain ways people are taught to read and write texts. How-
ever, in the discourse structure for the same text, node 13 is ranked third by Marcu’s (2000)
algorithm, but only twelfth by human judges (both with and without paragraph informa-
tion). Again, the high ranking of that node by Marcu’s algorithm is due to the tree repre-
sentation’s not allowing nodes with multiple parents, which enforces representations as
shown in figures 4.27 and 4.28, and results in an artificially high ranking for node 13.

4.5.3 Coherence-Based Algorithms That Operate on Chain Graphs

Our results show that coherence-based algorithms that operate on chain graphs (In-degree,
PageRank, cRank) performed best. However, we have identified a systematic problem for
these algorithms. Consider the following example:

(75) a. S1:Susan plans to do the following things tomorrow morning;:
b. S2: She needs to go grocery shopping.
c. S3: She also has to pick up clothes from the drycleaner.

d. S4: And she has to get some wine for dinner.

A possible coherence structure for (75) is shown in figure 4.29.24 By any of the chain graph-
based ranking algorithms discussed in this chapter, segment 1 would get the highest rank-
ing because of all the ingoing arcs leading to it. However, human raters would probably
not rank segment 1 very high because it does not contain a lot of useful information.

An example of this phenomenon from our experimental results is from text wsj_2354.

The first sentence of that text is given in (76):
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Figure 4.29
Coherence structure for (75)

(76)  First sentence of wsj_2354, Harman and Liberman (1993)
Call it the “we’re too broke to fight” defense.

This sentence is followed by a range of statements that elaborate on it, resulting in a struc-
ture that is similar to the one shown in figure 4.29. Thus, by all chain graph-based ranking
algorithms, that sentence is ranked first out of 16. However, the human rankings (with and
without paragraph) placed it at only fifth out of 16.

A possible way of dealing with this problem could be to combine coherence chain graph-
based ranking algorithms with measures of text segment informational content. Then, a
text segment that is ranked high by a coherence chain graph-based algorithm would lose
some of its rank if it has very low informational content. Possible ways of determining in-

formational content could be measures of word entropy or measures like #f.idf.
4.6 Conclusion

The goal of this chapter was to evaluate the results of three different kinds of sentence-
ranking algorithms and one commercially available summarizer. To evaluate the algo-
rithms, we compared their sentence rankings to human sentence rankings of fifteen texts
of varying length from the Wall Street Journal.

Our results indicated that a simple layout-based algorithm that was intended as a base-
line performed very poorly, and that word-based and some coherence-based algorithms
showed the best performance. The only commercially available summarizer that we tested,
the MSWord summarizer, showed worse performance than most other algorithms. Further-
more, we found that a coherence-based algorithm that uses cRank and takes coherence chain
graphs as input performed significantly better than most versions of a coherence-based
algorithm that operates on coherence tree graphs. When data from Experiments 1 and 2 were
collapsed, the cRank algorithm performed significantly better than all other algorithms,
except the other coherence-based algorithms that operate on coherence chain graphs.
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We found that coherence-based algorithms operating on chain graphs performed better
than those performing on trees. Some preliminary results from our experiments suggest
that this might in part be due to the fact that trees cannot represent nodes with multiple
parents, leading possibly to artificially inflated sentence rankings. We plan to address this
question in a more quantitative study in future research.

Note that the weaknesses of tree-based algorithms discussed in section 4.5.2 seem to be
different from the weaknesses of chain graph-based algorithms discussed in section 4.5.3.
The issue with tree-based algorithms seems to be that they might operate on a descriptively
inadequate representation of coherence structures. On the other hand, the results for chain
graph-based algorithms discussed in section 4.5.3 seem to suggest that there are additional,
non-coherence-based factors contributing to sentence importance. If our preliminary re-
sults reported in section 4.5.3 can be supported in a larger, quantitative study, it would sug-
gest that sentence informational content is another factor relevant to determining sentence

importance, besides the relative position of a sentence in a coherence structure.






5 General Conclusion

We have addressed three main issues within the general topic area of coherence in natural lan-
guage. The first issue was the development of an easily codable, descriptively adequate data
structure for representing coherence. The second issue we discussed was the role of coher-
ence in psycholinguistic processes; more specifically, we discussed coherence as a factor in
pronoun processing. Finally, the third issue addressed in this book was the relation between
coherence structures and the relative saliency of discourse segments. The following sec-
tions will address each issue in turn and point out potential questions for future research.

5.1 Data Structures for Representing Discourse Coherence

In order to address the question of descriptively adequate data structures for representing
coherence, we first compared a number of current approaches to representing discourse co-
herence. In doing that, we focused on comparing different taxonomies of coherence rela-
tions, constraints on inferences for determining coherence relations, and assumptions
about data structures for representing discourse coherence.

Based on that discussion, we developed a coding scheme for coherence, where coherence
refers to informational relations between segments of text. The coding scheme used a small
taxonomy of coherence relations so that it would be compatible with as many different ac-
counts of coherence as possible and be easier to code. Furthermore, we tried to make as
few a priori theoretical assumptions as possible about representational data structures. In
particular, we did not enforce a tree structure for coherence graphs.

The coding scheme was used to annotate for coherence structure a set of 135 naturally
occurring texts. We used these coherence structures to test hypotheses about descriptively
adequate data structures for representing discourse coherence. In particular, we tested for
tree structure constraint violations in these manually annotated coherence structures. Our
results indicated that there are many crossed dependencies and nodes with multiple
parents in coherence structures of naturally occurring texts. Furthermore, there do not
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seem to be any obvious constraints on where those violations can occur. Therefore, it does
not seem feasible to disregard these violations and accept a certain error rate, or to develop
an augmented tree representation in order to represent these tree structure violations. By
contrast, we have argued that more powerful data structures are needed to represent dis-
course coherence. In particular, we have argued for labeled chain graphs, where an ordered
array of nodes represents text segments, and labeled directed or undirected arcs represent
the coherence relations that hold between the text segments. However, we are not arguing
that there are no constraints on discourse structure but rather that tree constraints are not
the right kinds of constraints. Furthermore, dispensing with tree structures does not nec-
essarily mean that discourse structures can be completely arbitrary. Future research should
investigate questions such as whether there are structural constraints on coherence graphs
(e.g., as proposed by Danlos 2004), or whether there are systematic structural differences
between the coherence graphs of texts that belong to different genres (e.g., as proposed by
Bergler 1992).

In section 2.3.3, we briefly illustrated the possibility of a more fine-grained discourse seg-
mentation than used here. While such a detailed annotation of coherence relations was
beyond the scope of the current project, future research should address this issue. A more
fine-grained discourse segmentation could also facilitate integrating discourse-level with
sentence-level structural descriptions.

Another issue to be addressed in future research is the complexity of inferring coherence
structures. It is possible, for example, that certain coherence relations are harder to infer
than others. Furthermore, features of a partially built discourse structure might influence
the complexity of integrating additional arcs or nodes into that structure. Another factor
influencing complexity might be the kinds of inferences necessary to infer a coherence re-
lation; for instance, some inferences involved in a causal coherence relation might be harder
to make than others.

Future research should also address the question of what the relation is between the pro-
cesses underlying the establishment of discourse coherence and other linguistic or more gen-
eral inference processes (see Hobbs 1985; Hobbs et al. 1993; Kehler 2002; Kintsch 1998;
Winograd 1972). One hypothesis could be that inference processes underlying the estab-
lishment of discourse coherence form a specific cognitive module that is separate from other
linguistic or more general cognitive processes (although this would not necessarily mean
that coherence-related inference processes could not communicate with other cognitive pro-
cesses; see Fodor 1983). On the other hand, it could be that coherence-related inference pro-
cesses are part of more general cognitive inference processes that are used in other domains
as well. This is hypothesized, for example, by Hobbs (1985), Hobbs et al. (1993), and
Kehler (2002), who point out that their taxonomies of coherence relations are based on tax-
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onomies of general inference processes that go back to Hume (1748) and Aristotle (Nestle
1977; see also section 2.3.3; Kintsch 1998; and Winograd 1972). There is also evidence that
coherence relations can influence other cognitive processes (see section 1.1). For example,
people are better at remembering information that is embedded in causal relations than elab-
orative relations (Kintsch 1998; Kintsch and van Dijk 1978). Furthermore, there is evidence
that different pronoun processing strategies are used under different coherence relations (re-
call section 3). But there is no direct evidence yet about what exactly the different cognitive
processing mechanisms are which underlie different coherence relations.

There are, however, hypotheses about the kinds of information that might be useful for
establishing different coherence relations. For example, Kehler (2002) has proposed that
in order to establish a similarity or a contrast relation, linguistic structures could be im-
portant: predicate-argument structures could be used to find corresponding entities and/or
events between which a similarity or a contrast relation holds. To determine such similar-
ity or contrast relations, it is necessary to have knowledge about similarities and contrasts
between entities and events in the world (see also resources such as WordNet [Fellbaum
2001] or FrameNet [ Johnson et al. 2003]). On the other hand, in order to establish elab-
oration relations, knowledge about super- and subclass relations, as well as mereological
(part-whole) relations could be useful because elaboration relations describe a coherence
relation between a more general and a more specific statement.

Establishing causal relations, however, seems to rely on different kinds of information
(Kehler 2002): in determining whether a causal relation holds between two discourse seg-
ments, it is not very informative to know whether the discourse segments under consider-
ation have similar predicate-argument structures. Ontological relations (similarities,
contrasts, super- or subclass membership, or mereological relations between entities or
events) are also not likely to be very informative. Instead, for causal relations, it is neces-
sary to have knowledge about what causal inferences are plausible.

It is unclear how exactly the different kinds of information described above are used in
online processing. For example, it is possible that certain kinds of information are accessed
first, or that information is accessed first if it is particularly salient, regardless of what kind
of information it is. Alternatively, there might be no such ranked access of information.
Furthermore, it is unclear whether cognitive mechanisms for discourse processing are based
on serial- or on parallel-processing architectures. Note that these questions have been ad-
dressed by many studies of human sentence and pronoun processing (e.g., Frazer and
Clifton 1996; Gibson 1998; Gibson and Pearlmutter 1998; Jurafksy 2003; Tanenhaus
and Trueswell 1995 for sentence processing; Garnham 2001; Sanford and Garrod 1989;
and Stewart, Pickering, and Sanford 2000 for pronoun processing). However, to our knowl-
edge, there have so far been no such studies on a discourse level.
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5.2 Discourse Coherence and Pronoun Processing

The second goal of this book has been to test the role of coherence in psycholinguistic pro-
cesses. In particular, we examined whether coherence can influence preferences in pronoun
processing. In addressing this question, we conducted online comprehension and off-line
production studies.

We tested several different accounts of pronoun processing. Most of these were specific
to pronoun processing and made predictions based on the structural positions of the pro-
noun and its referent. The alternative to these pronoun-specific accounts was a coherence-
based account where preferences in pronoun comprehension and production are a
byproduct of more general cognitive processes used in determining discourse coherence.
Both the comprehension and the production study indicated that structural, pronoun-
specific approaches are not able to account for the full range of observed experimental re-
sults. Instead, the results from both studies supported the coherence-based account.

We have not described a full account of pronoun processing, and it is possible that other,
non-coherence-based factors also affect pronoun processing. However, our results sug-
gested that coherence is not just an arbitrary theoretical construct but that it can be vali-
dated through its influence on other cognitive processes. Furthermore, we showed that
under cause-effect coherence relations, there are different pronoun processing preferences
than under similarity coherence relations. This suggests that psychologically valid tax-
onomies of coherence relations should at least distinguish between these kinds of coher-
ence relations.

Future work on pronoun processing should investigate pronoun processing preferences
under other coherence relations than the ones we examined (similarity and cause-effect).
Additionally, the time course of pronoun processing under different coherence relations
should be explored: it is unclear, for example, whether the processing of coherence-
relevant information (e.g., causal inferences or taxonomic relations) and linguistic infor-
mation (e.g., predicate-argument structure or semantic roles) happens serially or in
parallel. Similar questions have been addressed extensively for sentence-level processing
(e.g., Frazer and Clifton 1996; Gibson 1998; Jurafksy 2003) and other aspects of pronoun
processing that are not directly related to discourse coherence as defined in this book
(Garnham 2001; Sanford and Garrod 1989; Stewart, Pickering, and Sanford 2000). No-
tice that investigating the time course of pronoun processing under different coherence
relations would also require a better understanding of the time course of cognitive mecha-
nisms underlying the establishment of coherence (see section 5.1).

Another open question concerning the relation between coherence and pronoun pro-
cessing is what happens in longer discourses. We investigated preferences for two-clause
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sentences, but it is unclear, for example, how coherence and pronoun resolution are related
if there is a greater distance between the clause containing the pronoun and the clause con-
taining the referent. Another open question is what pronoun processing preferences are if
coherence suggests one preference but other factors such as pronoun-referent distance sug-
gest another preference.

5.3 Discourse Coherence and Discourse Segment Rankings

The third issue addressed in this book was the relation between coherence structures and
the relative saliency of discourse segments. Using a set of naturally occurring texts, we com-
pared human rankings with rankings derived from different approaches to discourse seg-
ment ranking. The approaches we tested included one layout-based, two word-based,
and six coherence-based algorithms. We furthermore tested the commercially available
MSWord summarizer.

The results from our study indicated that word-based algorithms provide a high base-
line. A simple layout-based approach performed poorly. The MSWord summarizer also
showed relatively weak performance, although this might result in part from the fact that
the algorithm was probably optimized for the task of text summarization rather than dis-
course segment ranking per se (recall section 4.5.1). When compared to human discourse
segment rankings, the best performance was shown by coherence-based algorithms that
operate on chain graphs.

Our study furthermore showed that coherence-based algorithms operating on chain
graphs perform better than coherence-based algorithms operating on tree graphs. So far,
we do not have enough data to explore that difference in a more detailed quantitative study.
But preliminary results from our experiment seem to indicate that the difference in per-
formance might in part be due to the fact that chain graphs but not (unaugmented) trees
can represent nodes with multiple parents.

While our results suggested that coherence-based algorithms operating on chain graphs
performed best, we could also identify situations in which these algorithms do not make
correct predictions about discourse segment importance. While these results are prelimi-
nary, they seem to indicate that in addition to a coherence-based measure of sentence im-
portance, one should take into account measures of the informational content of discourse
segments. Note, however, that this is probably an issue for tree-based approaches as well,
in addition to their problems regarding nodes with multiple parents.

Future research on discourse segment ranking should investigate the performance dif-
ference between coherence-based algorithms operating on trees and algorithms operating
on chain graphs. Our results indicated that the problem for tree-based algorithms might
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be that trees cannot represent nodes with multiple parents. However, our results concern-
ing this issue are preliminary, and larger-scale, quantitative studies are needed.

Another question that should be addressed in the context of sentence-ranking algo-
rithms is what factors contribute to sentence importance other than relative position of
a sentence in a coherence structure. In section 4.5.3, we discussed one potential non-
coherence-based factor, that is, the informational content of a sentence. Future research
should investigate what good measures of informational content are, and how exactly they
interact with coherence-based measures of sentence importance.

Yet another question that might be addressed in future research is how coherence-based
ranking algorithms compare to algorithms operating on sentence similarity graphs. In sen-
tence similarity graphs, links between sentences are based on lexical similarity rather than
on coherence relations (e.g., Mihalcea 2004).

Other possible extensions of the work on sentence ranking reported here could be rank-
ings on weighted coherence graphs. Such weighted graphs could implement the idea that
under some circumstances, certain coherence relations are more important than others
(e.g., causal coherence relations might be more important than elaborative coherence rela-
tions). Another possible extension would be to add weights for query-specific sentence
rankings, rather than using generic sentence rankings as reported here.



Notes

1. In what follows, we will use the terms coberence structure and discourse structure inter-
changeably.

2. A connected graph is a graph where every node relates to some other node in the graph.
A fully connected graph is a graph where every node relates to every other node in the
graph.

3. Webber et al. (2003) do not include discourse segment 2 (11b) in their structure. Figure
2.5 shows an elaboration relation between discourse segments 1 and 2 as one way in which
discourse segment 2 might be included in the structure for (11). This would mean that dis-
course segment 1 would have two parents: a succession and an elaboration relation. How-
ever, this does not change the point that Webber et al. (2003) make, namely, that discourse
segment 3 has two parents.

4. Webber, Knott, Stone et al. (1999) do not specify the names for the relations in (12), so
we use relation names R, through R, the focus here is not on what kinds of coherence re-
lations there are in the discourse structure for (12) but on the topology of the coherence
structure.

5. The Penguin Principle derives its name from the following: assume a knowledge base
such that (1) birds can fly, (2) penguins are birds, (3) penguins cannot fly. In order to re-
solve the logical contradiction here between (1) and (3), one of these statements needs to
be given priority over the other. Statement (3) is selected because it holds of a more specific
class (penguins) than (1) (birds). By analogy, the Penguin Principle says that for discourse
coherence, a more specific relation is preferred over a less specific relation if the conditions
for both are met.

6. The 25 coherence relations are a superset of the 400.

7. Interannotator agreement for step 3 was influenced by interannotator agreement for
step 2. For example, one annotator might mark a group of discourse segments 2 and 3,
whereas the second annotator might not mark that group of discourse segments. If the first
annotator then marks, for example, a cause-effect coherence relation between discourse
segment 4 and the group of discourse segments 2-3, while the second annotator marks a
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cause-effect coherence relation between discourse segment 4 and discourse segment 3, this
would count as a disagreement. Thus, our measure of interannotator agreement for step 3
is conservative.

8. Although Lascarides and Asher (1991) do not explicitly disallow crossed dependencies,
they argue that when building a discourse structure, the right frontier of an already-
existing discourse structure is the only possible attachment point for a new discourse seg-
ment (see also Polanyi 1996; Polanyi and Scha 1984; Webber et al. 1999). This constraint
on building discourse structures effectively disallows crossed dependencies.

9. Based on our segmentation guidelines, the complementizer that in discourse segment 3
would be part of discourse segment 2 instead of 3 (see (35) in section 2.3.3). However, this
would not make a difference in terms of the resulting discourse structure.

10. A cultural reference may be useful here: it is only lawful to pass on the left on German
highways. Thus, Rudolf is essentially saying that he will be polite as long as “the trucks and
the timid” do not keep him from passing other cars.

11. The relation evaluation-s is part of the annotation scheme in Carlson, Marcu, and
Okurowski (2002) but is not part of ours. In an evaluation-s relation, the situation pre-
sented in the satellite assesses the situation presented in the nucleus. An evaluation-s rela-
tion would be an elaboration relation in our annotation scheme.

12. Note that the proportions of removed coherence relations do not include coherence re-
lations of absolute arc length 1, since removing those coherence relations cannot have any
influence on the number of crossed dependencies. Thus, the proportions of coherence re-
lations removed in figure 2.30 come from the third column of table 2.8.

13. Note that the hypothesis about a possible relation between arc length and frequency
of crossed dependencies does not come from Webber et al. (2003).

14. The arc length distribution for the database overall does not include arcs of (absolute)
length 1, since such arcs could not participate in crossed dependencies.

15. Note that, unlike in section 2.5.1.2, the distribution over coherence relations for all
coherence relations includes arcs with length 1, since this time there was no reason to ex-
clude them.

16. We follow the processing literature in focusing on the interpretation of unstressed pro-
nouns. See Akmajian and Jackendoff (1970), among others, for a discussion of the inter-
pretation of stressed pronouns.

17. A stoplist is a list of words that do not help distinguish one document from another
(e.g., the, a, of, under, above, etc.). Instead of stoplists, #f.idf values have also been used to
determine significant words (e.g., Buyukkokten, Garcia-Molina, and Paepcke 2001).

18. Another possible tree structure might be (elab (sim (1, 2), 3)). The structure chosen
would probably mostly depend on how the similarity relation is defined: if it can hold only
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between what is actually in a similarity relation (1 and 2 are, but 3 has no corresponding
parallel entities or events anywhere), then (elab (sim (1, 2), 3)) should be chosen over (sim
(1, elab (3, 2))).

19. None of these methods could be implemented for coherence trees since Marcu’s
(2000) tree-based algorithm assumes binary-branching trees. Thus, the in-degree for all
nonterminal nodes is always 2.

20. The in-degree of a node is the number of arcs ingoing or pointing to that node. The
out-degree would be the number of arcs outgoing or originating from that node, and the
overall degree would be the number of ingoing plus the number of outgoing arcs (Diestel
2000).

21. We would like to thank Andy Kehler for this observation.

22. Note that the point of the example is that R, R,, and R, are different kinds of rela-
tions. Therefore a structure like R, (0, R, (1, 2, 3)) does not represent the target discourse
meaning.

23. Note that the original tree structure for text wsj_1148 in Carlson, Marcu, and
Okurowski’s (2002) database has forty-three nodes. However, for the purpose of this sec-
tion, we collapsed their text segments into sentences to make them comparable to our
human rankings. Collapsing the forty-three text segments results in seventeen sentences.

24, Note that there might be similarity relations between 1, 2, and 3 (all these text seg-
ments talk about similar things—things Susan has to do). However, these similarity rela-
tions have no bearing on the point made here, and are therefore left out to keep the graph
structure simple.
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