Gracie: Oh yeah...and then Mr. and Mrs. Jones were having
matrimonial trouble, and my brother was hired to watch Mrs.
Jones.

George: Well, I imagine she was a very attractive woman.
Gracie: She was, and my brother watched her day and night for
six months.

George: Well, what happened?

¢ Gracie: She finally got a divorce.

George: Mrs. Jones?

Gracie: No, my brother’s wife.

George Burns and Gracie Allen in The Salesgirl

o this point of the book, we have focused primarily on language phe-
ena that operate at the word or sentence level. Of course, language does
ormally consist of isolated, unrelated sentences, but instead of collo-

related groups of sentences. We refer to such a group of sentences as

The chapter you are now reading is an example of a discourse. It is in
discourse of a particular sort: a monologue. Monologues are charac-
ed by a speaker (a term which will be used to include writers, as it is
and a hearer (which, analogously, includes readers). The communi-
n flows 1n only one direction in a monologue, that is, from the speaker
 hearer.

After reading this chapter, you may have a conversation with a friend
tit, which would consist of a much freer interchange. Such a discourse
lled a dialogue. In this case, each participant periodically takes turns

chapter was written by Andrew Kehler.

DISCOURSE

MONOLOGUE

DIALOGUE
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HCI

being a speaker and hearer. Unlike a typical monologue. dialogues generally
consist of many different types of communicative acts: asking questions,
giving answers, making corrections, and so forth.

Finally, computer systems exist and continue to be developed that ]
low for human-computer interaction, or HCI. HCT has properties that distip.
guish it from normal human-human dialogue, in part due to the present-day
limitations on the ability of computer systems to participate in free, uncop.
strained conversation. A system capable of HCI will often employ a strategy
to constrain the conversation in ways that allow it to understand the user’s
utterances within a limited context of interpretation.

While many discourse processing problems are common to these three
forms of discourse. they differ in enough respects that different techniques
have often been used to process them. This chapter focuses on techniques
commonly applied to the interpretation of monologues: techniques for dia-
logue interpretation and HCI will be described in Chapter 19.

Language is rife with phenomena that operate at the discourse level,
Consider the discourse shown in example (18.1).

(18.1) John went to Bill's car dealership to check out an Acura Integra. He
looked at it for about an hour.

What do pronouns such as he and ir denote? No doubt that the reader had
little trouble figuring out that se denotes John and not Bill, and that ir denotes
the Integra and not Bill's car dealership. On the other hand, toward the end
of the exchange presented at the beginning of this chapter, it appears that
George had some trouble figuring out who Gracie meant when saying she.
What differentiates these two examples? How do hearers interpret dis-
course (18.1) with such ease? Can we build a computational model of this
process? These are the types of questions we address in this chapter. In Sec-
tion 18.1, we describe methods for interpreting referring expressions such as
pronouns. We then address the problem of establishing the coherence of a
discourse in Section 18.2. Finally, in Section 18.3 we explain methods for
determining the structure of a discourse. )
Because discourse-level phenomena are ubiquitous in language, aig0§
rithms for resolving them are essential for a wide range of language appli-_
cations. For instance, interactions with query interfaces and dialogue inter-
pretation systems like ATIS (see Chapter 9) frequently contain pronouns and
similar types of expressions. So when a user spoke passage (18.2) toan ATIS_~s
systenn,
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2) I'd like to get from Boston to San Francisco, on either December Sth
or December 6th. It’s okay 1f it stops in another city along the way.

ystem had to figure out that it denotes the flight that the user wants to
in order to perform the appropriate action.

Similarly. information extraction systems (see Chapter 15) must fre-
tly extract information from utterances that contain pronouns. For in-
e, if an information extraction system is confronted with passage (18.3),

) First Union Corp is continuing to wrestle with severe problems
unleashed by a botched merger and a troubled business strategy.
According to industry insiders at Paine Webber, their president, John
R. Georgius, is planning to retire by the end of the year.

st correctly identify First Union Corp as the denotation of their (as
d to Paine Webber, for instance) in order to extract the correct event.
Likewise. many text summarization systems employ a procedure for
g the important sentences from a source document and using them
a summary. Consider, for example, a news article that contains pas-
18.3). Such a system might determine that the second sentence is
rtant enough to be included in the summary, but not the first. How-
the second sentence contains a pronoun that is dependent on the first
ce. so 1t cannot place the second sentence in the summary without first
mining the pronoun’s denotation, as the pronoun would otherwise likely
ive a different interpretation within the summary. Similarly, natural lan-
e generation systems (see Chapter 20) must have adequate models for
minalization to produce coherent and interpretable discourse. In short,
bout any conceivable Janguage processing application requires methods
ermining the denotations of pronouns and related expressions.

REFERENCE RESOLUTION

s section we study the problem of reference. the process by which
ers use expressions like John and ke in passage (18.1) to denote a per-
ed John. Our discussion requires that we first define some termi-
A natural language expression used to perform reference is called a
ng expression, and the entity that is referred to is called the referent.
ohn and he in passage (18.1) are referring expressions, and John is
ferent. (To distinguish between referring expressions and their refer-
e italicize the former.) As a convenient shorthand, we will sometimes

REFERENCE

REFERRING
EXPRESSION

REFERENT

e

R e i e S
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speak of a referring expression referring to a referent. e.g.. we might say
that he refers to John. However, the reader should keep in mind that what
we really mean is that the speaker is performing the act of referring to Johg
by uttering he. Two referring expressions that are used to refer to the same
entity are said to corefer, thus John and he corefer in passage (18.1). There
is also a term for a referring expression that licenses the use of another, ip. 3
the way that the mention of JoAn allows John to be subsequently referred tg §
using he. We call John the antecedent of he. Reference to an entity that '~.-
has been previously introduced into the discourse is called anaphora, and
the referring expression used is said to be anaphoric. In passage (18.1), the

pronouns Ae and ir are therefore anaphoric.

Natural languages provide speakers with a variety of ways to refer to %
entities. Say that your friend has an Acura Integra automobile and you want §
to refer to it. Depending on the operative discourse context. you might -
say it, this, that, this car, that car, the car, the Acura, the Integra, or my :
friend’s car, among many other possibilities. However, you are not free to g
choose between any of these alternatives in any context. For instance, you
cannot simply say if or the Acura if the hearer has no prior knowledge of your
friend’s car, it has not been mentioned before, and it is not in the immediate
surroundings of the discourse participants (1.e., the situational context of
the discourse).

The reason for this is that each type of referring expression encodes dif-
ferent signals about the place that the speaker believes the referent occupies
within the hearer’s set of beliefs. A subset of these beliefs that has a spe-
cial status form the hearer’s mental model of the ongoing discourse, which
we call a discourse model (Webber, 1978). The discourse model contains
representations of the entities that have been referred to in the discourse and
the relationships in which they participate. Thus, there are two components
required by a system to successfully produce and interpret referring expres-
sions: a method for constructing a discourse model that evolves with the
dynamically-changing discourse it represents, and a method for mapping be-
tween the signals that various referring expressions encode and the hearer’s
set of beliefs, the latter of which includes this discourse model. :

We will speak in terms of two fundamental operations to the discourse
model. When a referent is first mentioned in a discourse, we say that a rep-
resentation for it is evoked into the model. Upon subsequent mention, this
representation is accessed from the model. The operations and relationship
are illustrated in Figure 18.1.

B P
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Refer {evoke) Refer taccess)

John -~ . He
Corefer

|
|
|
|
gure 18.1  Reference operations and relationships. _J

We will restrict our discussion to reference to entities, although dis-
es include reference to many other types of referents. Consider the
ilities in example (18.4), adapted from Webber (1991).

3.4) According to John, Bob bought Sue an Integra, and Sue bought Fred
a Legend.

a. But that turned out to be a lie.

b. But thar was false.

¢. That struck me as a funny way to describe the situation.
d. That caused Sue to become rather poor.

e. That caused them both to become rather poor.

referent of rhat is a speech act (see Chapter 19) in (18.4a), a proposition
8.4b). a manner of description in (18.4c). an event in (18.4d), and a
ination of several events in (18.4e). The field awaits the development
pbust methods for interpreting these types of reference.

rence Phenomena

et of referential phenomena that natural languages provide is quite rich
d. In this section. we provide a brief description of several basic ref-
e phenomena. We first survey five types of referring expression: in-
ite noun phrases, definite noun phrases, pronouns. demonstratives, and
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one-anaphora. We then describe three types of referents that complicate
reference resolution problem: inferrables, discontinuous sets. and generieg.

Indefinite Noun Phrases Indefinite reference introduces entities that ,
new to the hearer into the discourse context. The most common form g
indefinite reference is marked with the determiner a (or an), as in (18.5),
but it can also be marked by a quantifier such as some (18.6) or even the
determiner this (18.7).

(18.5) I saw an Acura Integra today.

(18.6) Some Acura Integras were being unloaded at the local dealership
today.

(18.7) I saw this awesome Acura Integra today.

.
-
o
R

. . oA .
Such noun phrases evoke a representation for a new entity that satisfies the

i

given description into the discourse model. .
The indefinite determiner ¢ does not indicate whether the entity is idep-
tifiable to the speaker, which in some cases leads to a specific/non-specific |
ambiguity. Example (18.5) only has the specific reading, since the speaker ’
has a particular Integra in mind, particularly the one she saw. In sentence
(18.8), on the other hand. both readings are possible. '

(18.8) Iam going to the dealership to buy an Acura Integra today. é

That is, the speaker may already have the Integra picked out (specific), or
may just be planning to pick one out that is to her liking (nonspecific).
readings may be disambiguated by a subsequent referring expression in some
contexts: if this expression is definite then the reading is specific (/ hope
they still have i), and if it is indefinite then the reading is nonspecific (I
hope thev have a car I like). This rule has exceptions, however; for instance
definite expressions in certain modal contexts (/ will park it in my garage)
are compatible with the nonspecific reading. -;'

GidaE

Definite Noun Phrases Definite reference is used to refer to an entity that
is identifiable to the hearer, either because it has already been mentioned in
the discourse context (and thus is represented in the discourse model}, it is
contained in the hearer’s set of beliefs about the world. or the uniqueness of
the object is implied by the description itself. :

The case in which the referent is identifiable from discourse context is
shown in example (18.9).

g RS

{(18.9) 1saw an Acura Integra today. The Integra was white and needed 10
be washed.
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Examples in which the referent 1s either identfiable from the hearer’s
f beliefs or is inherently unique are shown in (18.10) and (18.11) re-
ely.

The Indianapolis 500 is the most popular car race in the US.
) The fastest car in the Indianapolis 500 was an Integra.

¢ noun phrase reference requires that an entity be accessed from either
course model or the hearer’s set of beliefs about the world. In the latter
also evokes a representation of the referent into the discourse model.

ns Another form of definite reference is pronominalization. illus-
n example (18.12).

I saw an Acura Integra today. /t was white and needed to be
washed.

nstraints on using pronominal reference are stronger than for full defi-
oun phrases, requiring that the referent have a high degree of activation
lience in the discourse model. Pronouns usually (but not always) refer
tities that were introduced no further than one or two sentences back in
oing discourse, whereas definite noun phrases can often refer further

a. John went to Bob’s party. and parked next to a beautiful
Acura Integra.

b. He went inside and talked to Bob for more than an hour.

c. Bob told him that he recently got engaged.

d. 7?7 He also said that he bought it yesterday.

d.” He also said that he bought the Acura yesterday.

time the last sentence is reached, the Integra no longer has the degree
nce required to allow for pronominal reference to it.

onouns can also participate in cataphora, in which they are men-
before their referents are, as in example (18.14).

Before e bought it, John checked over the Integra very carefully.

e pronouns he and it both occur before their referents are introduced.
Pronouns also appear in quantified contexts in which they are consid-
be bound, as in example (18.15).

Every woman bought her Acura at the local dealership.

SALIENCE

CATAPHORA

BOUND
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Under the relevant reading, her does not refer to some woman in context,
but instead behaves like a vanable bound to the quantified expression every
woman. We will not be concerned with the bound interpretation of pronoung
in this chapter.

Demonstratives Demonstrative pronouns, like this and thar, behave some.
what differently than simple definite pronouns like /1. They can appear eithey
alone or as determiners, for instance, this Acura, that Acura. The choice be.
tween two demonstratives is generally associated with some notion of spa-
tial proximity: rhis indicating closeness and that signaling distance. Spatia]
distance might be measured with respect to the discourse participants’ situa-
tional context. as in example (18.16).

(18.16) [John shows Bob an Acura Integra and a Mazda Miata)
Bob (pointing): 1 like this better than that.

Alternatively. distance can be metaphorically interpreted in terms of cop-
ceptual relations in the discourse model. For instance, consider example
(18.17).

(18.17) I bought an Integra yesterday. It's similar to the one I bought five
years ago. That one was really nice, but I like this one even better.

Here, thar one refers to the Acura bought five years ago (greater temporal
distance), whereas this one refers to the one bought yesterday (closer tem-
poral distance).

One Anaphora One-anaphora, exemplified in (18.18). blends properties
of definite and indefinite reference.

{18.18) T saw no less than 6 Acura Integras today. Now [ want one.

This use of one can be roughly paraphrased by one of them. in which
them refers 1o a plural referent (or generic one, as in the case of {18.18),
see below), and one selects a member from this set (Webber, 1983). Thus,
one may evoke a new entity into the discourse model, but it is necessarily
dependent on an existing referent for the description of this new entity.

This use of ore should be distinguished from the formal, non-specific
pronoun usage in (18.19), and its meaning as the number one in (18.20).

(18.19) One shouldn’t pay more than twenty thousand dollars for an Acura.
(18.20) John has two Acuras. but I only have one.

Inferrables Now that we have described several types of referring expres-
sions. we now turn our attention to a few interesting types of referents that
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plicate the reference resolution problem. First, we consider cases in

ich a referring expression does not refer to an entity that has been ex-

itly evoked in the text. but instead one that is inferentially related to an

ked entity. Such referents are called inferrables (Haviland and Clark,

974; Prince, 1981). Consider the expressions a door and the engine in sen-

ence (18.21).

.21) T'almost bought an Acura Integra today, but a door had a dent and

the engine seemed noisy.

indefinite noun phrase a door would normally introduce a new door into

discourse context, but in this case the hearer is to infer something more:

it is not just any door. but one of the doors of the Integra. Similarly, the

of the definite noun phrase the engine normally presumes that an engine

‘been previously evoked or is otherwise uniquely identifiable. Here, no

ine has been explicitly mentioned. but the hearer infers that the referent

he engine of the previously mentioned Integra.

Inferrables can also specify the results of processes described by ut-

erances in a discourse. Consider the possible follow-ons (a-c) to sentence
.22) in the following recipe (from Webber and Baldwin (1992)):

.22) Mix the flour, butter, and water.

a. Kneed the dough until smooth and shiny.

b. Spread the paste over the blueberries.

c. Stir the batter until all lumps are gone.

of the expressions the dough (a solid). the batter (a liquid), and the
gste (somewhere in between) can be used to refer to the result of the actions
ibed in the first sentence. but all imply different properties of this result.

ontinuous Sets In some cases, references using plural referring ex-
ssions like they and them (see page 678) refer to sets of entities that are
ked together, for instance, using another plural expression (their Acuras)
conjoined noun phrase (John and Mary):

23) John and Mary love their Acuras. They drive them all the time.
However, plural references may also refer to sets of entities that have
n evoked by discontinuous phrases in the text:

.24) John has an Acura. and Mary has a Mazda. They drive them all the
time.

they refers to John and Mary, and likewise them refers to the Acura
e Mazda. Note also that the second sentence in this case will gener-
eceive what is called a pairwise or respectively reading, in which John
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drives the Acura and Mary dnves the Mazda, as opposed to the reading j
which they both drive both cars.

Generics Making the reference problem even more complicated is the
istence of generic reference. Consider example (18.25).

(18.25) Isaw no less than 6 Acura Integras today. They are the coolest cars

Here, the most natural reading is not the one in which they refers to the
particular 6 Integras mentioned in the first sentence. but instead to the clagg
of Integras in general.

Syntactic and Semantic Constraints on Coreference

Having described a variety of reference phenomena that are found in natu:
ral language, we can now consider how one might develop algorithms fg
identifying the referents of referential expressions. One step that needs to be
taken in any successful reference resolution algorithm is to filter the set ¢
possible referents on the basis of certain relatively hard-and-fast constraints,
We describe some of these constraints here.

Number Agreement Referring expressions and their referents must agree
in number: for English, this means distinguishing between singular and ply-
ral references. A categorization of pronouns with respect to number is shown
in Figure 18.2.

] Singular N Plural [ Unspecified

[ she, her, he, him, his.it | we, us. they. them | you
1

Figure 18.2  Number agreement in the English pronominal system.

The following examples illustrate constraints on number agreement.

(18.26) John has a new Acura. It is red.

(18.27) John has three new Acuras. They are red.
(18.28) * John has a new Acura. They are red.
(18.29) * John has three new Acuras. It is red.

Person and Case Agreement English distinguishes between three forms
of person: first, second, and third. A categorization of pronouns with respect
to person is shown in Figure [8.3.

The following examples illustrate constraints on person agreement.

(18.30) You and I have Acuras. We love them.
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Fist [ Second | Third ,

I, we _. you [ he. she. they ||

me,us r_ you L__ him, her. them ||

Genitive my.our | your | his hertheir |

|
igure 18.3  Person and case agreement in the English pronominal system. J

1) John and Mary have Acuras. They love them.

2) * John and Mary have Acuras. We love them. (where We=John and
- Mary)

.33) * You and I have Acuras. They love them. (where They=You and I)

In addition, English pronouns are constrained by case agreement; dif-
ent forms of the pronoun may be required when placed in subject position
inative case, e.g.. he, she, they), object position (accusative case, e.g.,
her, them). and genitive position (genitive case, e.g., his Acura, her
, their Acura). This categorization is also shown in Figure 18.3.

der Agreement Referents also must agree with the gender specified
e referring expression. English third person pronouns distinguish be-
n male, female, and nonpersonal genders, and unlike some languages,
rst two only apply to animate entities. Some examples are shown in
e 18.4.

masculine | feminine [ nonpersonal ]
,him. his | she, her ] it I

Figure 18.4  Gender agreement in the English pronominal system.

The following examples illustrate constraints on gender agreement.

.34) John has an Acura. He is attractive. (he=John. not the Acura)
.35) John has an Acura. It is attractive. (it=the Acura. not John)

ntactic Constraints Reference relations may also be constrained by the
ptactic relationships between a referential expression and a possible an-
sedent noun phrase when both occur in the same sentence. For instance,
e pronouns in all of the following sentences are subject to the constraints
dicated in brackets.

.36) John bought himself a new Acura. [himself=John]
.37) John bought him a new Acura. [him#John]
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(18.38) John said that Bill bought him a new Acura. [him=Bill]
(18.39) John said that Bill bought himself a new Acura. [himself=Bil})
(18.40) He said that he bought John a new Acura. [He+#John: he#John]

English pronouns such as himself, herself, and themselves are calle
reflexives. Oversimplifying the situation considerably, a reflexive corefe,
with the subject of the most immediate clause that contains it (ex. 18.36
whereas a nonrefiexive cannot corefer with this subject {(ex. 18.37). Tha&
this rule applies only for the subject of the most immediate clause is showp
by examples (18.38) and (18.39), in which the opposite reference pattern jg
manifest between the pronoun and the subject of the higher sentence. On the
other hand, a full noun phrase like John cannot corefer with the subject of'
the most immediate clause nor with a higher-level subject (ex. 18.40).

Whereas these syntactic constraints apply to a referring expression
and a particular potential antecedent noun phrase, these constraints actually -
prohibit coreference between the two regardless of any other available ap-
tecedents that denote the same entity. For instance, normally a nonreflexive
pronoun like him can corefer with the subject of the previous sentence as
it does in example (18.41). but it cannot in example (18.42) because of its
syntactic relationship with the coreferential pronoun /e in the second clause

(18.41) John wanted a new car. Bill bought him a new Acura. (him=John]
(18.42) John wanted a new car. He bought him a new Acura. [he=John;
him#John]

These rules oversimplify the situation in a number of ways, and there
are many cases that they do not cover. Indeed. upon further inspection
facts actvally get quite complicated. In fact, it is unlikely that all of the
data can be explained using only syntactic relations (Kuno, 1987). For in
stance, the reflexive himself and the nonreflexive Aim in sentences (18.43)
and (18.44) respectively can both refer to the subject John, even though they
occur in identical syntactic configurations. .

3
o
:
.

(18.43) John set the pamphlets about Acuras next to himself.
(himself=John]

(18.44) John set the pamphlets about Acuras next to him. [him=John]

For the algorithms discussed later in this chapter, however, we will assume a

syntactic account of restrictions on intrasentential coreference.

Selectional Restrictions The selectional restrictions that a verb places on
its arguments (see Chapter 16) may be responsible for eliminating refercnts,
as in example (18.45).
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8.45) John parked his Acura in the garage. He had driven it around for
hours.

re are two possible referents for iz, the Acura and the garage. The verb
¢, however, requires that its direct object denote something that can be
en, such as a car. truck, or bus, but not a garage. Thus, the fact that the
oun appears as the object of drive restricts the set of possible referents
e Acura. It is conceivable that a practical NLP system would include a
onably comprehensive set of selectional constraints for the verbs in its
gicon.

Selectional restrictions can be violated in the case of metaphor (see
pter 16): for example. consider example (18.46).

46) John bought a new Acura. It drinks gasoline like you would not
believe.
e the verb drink does not usually take an inanimate subject. its metaphor-
use here allows it 1o refer to @ new Acura.
Of course. there are more general semantic constraints that may come
play, but these are much more difficult to encode in a comprehensive
ner. Consider passage (18.47).

47) John parked his Acura in the garage. It is incredibly messy. with
old bike and car parts lying around everywhere.

e the referent of i is almost certainly the garage, due in part to the fact
a car is probably too small to have bike and car parts laying around “ev-
here”. Resolving this reference requires that a system have knowledge
t how large cars typically are, how large garages typically are, and the
al types of objects one might find in each. On the other hand, one’s
iowledge about Beverly Hills might lead one to assume that the Acura is
ed the referent of if in passage (18.48).

48) John parked his Acura in downtown Beverly Hills. It is incredibly
messy. with old bike and car parts lying around everywhere.

e end. just about any knowledge shared by the discourse participants
it be necessary to resolve a pronoun reference. However, due in part to
astness of such knowledge. practical algorithms typically do not rely on

e previous section, we discussed relatively strict constraints that algo-
should apply when determining possible referents for referring ex-
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pressions. We now discuss some more readily violated preferences that f.
gorithms can be made to account for. These preferences have been posited g
apply to pronoun interpretation in particular. Since the majority of work o !
reference resolution algorithms has focused on pronoun interpretation, we
will similarly focus on this problem in the remainder of this section.

Recency Most theories of reference incorporate the notion that entities j
troduced in recent utterances are more salient than those introduced frg
utterances further back. Thus, in example (18.49). the pronoun it is more
likely to refer to the Legend than the Integra. :

(18.49) John has an Integra. Bill has a Legend. Mary likes to drive it.

Grammatical Role Many theories specify a salience hierarchy of entitie
that is ordered by the grammatical position of the expressions which denote
them. These typically treat entities mentioned in subject position as more
salient than those in object position, which are in turn more salient thap
those mentioned in subsequent positions.

Passages such as (18.50) and (18.51) lend support for such a hierar-
chy. Although the first sentence in each case expresses roughly the same
propositional content, the preferred referent for the pronoun /i varies with
the subject in each case — John in (18.50) and Bill in (18.51). In example
(18.52), the references to John and Bill are conjoined within the subject po-
sition. Since both seemingly have the same degree of salience, it is unclear
to which the pronoun refers.

(18.50) John went to the Acura dealership with Bill. He bought an Integra
{ he = John ]

(18.51) Bill went to the Acura dealership with John. He bought an Integra
[ he = Bill ]

(18.52) John and Bill went to the Acura dealership. He bought an Integra.
[he=77].

Repeated Mention Some theories incorporate the idea that entities that
have been focused on in the prior discourse are more likely to continue 0
be focused on in subsequent discourse, and hence references to them are
more likely to be pronominalized. For instance. whereas the pronoun in
example (18.51) has Bill as its preferred interpretation, the pronoun in the
final sentence of example (18.53) is more likely to refer to John. :
(18.53) John needed a car to get to his new job. He decided that he wanted
something sporty. Bill went to the Acura dealership with him. He
bought an Integra. [ he = John ]
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allelism There are also strong preferences that appear to be induced by
allelism effects, as in example (18.54).

54) Mary went with Sue to the Acura dealership. Sally went with her
to the Mazda dealership. [ her = Sue ]

grammatical role hierarchy described above ranks Mary as more salient
Sue, and thus should be the preferred referent of her. Furthermore, there
o semantic reason that Mary cannot be the referent. Nonetheless, her is
ead understood to refer to Sue.

This suggests that we might want a heuristic which says that non-
ect pronouns prefer non-subject referents. However, such a heuristic

as example (18.55), in which Mary is the preferred referent of the pro-
instead of Sue.

55) Mary went with Sue to the Acura dealership. Sally told her not to
buy anything. [ her = Mary |

b Semantics Certain verbs appear to place a semantically-oriented em-
is on one of their argument positions. which can have the effect of bi-
¢ the manner in which subsequent pronouns are interpreted. Compare
ences (18.56) and (18.57).

56) John telephoned Bill. He lost the pamphlet on Acuras.
57) John cniticized Bill. He lost the pamphlet on Acuras.

hese examples differ only in the verb used in the first sentence, vet the
ibject pronoun in passage (18.56) is typically resolved to John, whereas
pronoun in passage (18.57) is resolved to Bill. Some researchers have
ed that this effect results from what has been called the “implicit causal-
of a verb: the implicit cause of a “criticizing™ event is considered to be
bject, whereas the implicit cause of a “‘telephoning™ event 1s considered
e its subject. This emphasis results in a higher degree of salience for the
ty in this argument position. which leads to the different preferences for
ples (18.56) and (18.57).

Similar preferences have been articulated in terms of the thematic roles
Chapter 16) that the potential antecedents occupy. For example, most
ers resolve He to John in example (18.58) and to Bill in example (18.59).
ough these referents are evoked from different grammatical role po-
ms, they both fill the Goal thematic role of their corresponding verbs,
reas the other potential referent fills the Source role. Likewise. hearers

not work for cases that lack the structural parallelism of example (18.54),
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generally resolve He to John and Bill in examples (18.60) and (18.61)
spectively. providing evidence that fillers of the Stimulus role are preferre
over fillers of the Experiencer role.

(18.58) John seized the Acura pamphlet from Bill. He loves reading aboy
cars. (Goal=John, Source=Bill)

(18.59) John passed the Acura pamphiet to Bill. He loves reading about
cars. (Goal=Bill, Source=John)

{18.60) The car dealer admired John. He knows Acuras inside and out.
(Stimulus=John, Experiencer=the car dealer)

(18.61) The car dealer impressed John. He knows Acuras inside and our.
{Stimulus=the car dealer, Experiencer=John)

An Algorithm for Pronoun Resolution

None of the algorithms for pronoun resolution that have been proposed to
date successfully account for all of these preferences, let alone succeed in
resolving the contradictions that will arise between them. However, Lappin
and Leass (1994) describe a straightforward algorithm for pronoun inter-
pretation that takes many of these into consideration. The algorithm em-
ploys a simple weighting scheme that integrates the effects of the recency
and syntactically-based preferences; no semantic preferences are employed
beyond those enforced by agreement. We describe a slightly simplified por-
tion of the algorithm that applies to non-reflexive, third person pronouns.
Broadly speaking, there are two types of operations performed by the
algonithm: discourse model update and pronoun resolution. First, when a
noun phrase that evokes a new entity 1s encountered, a representation for it
must be added to the discourse model and a degree of salience (which we
A call a salience value) computed for it. The salience value is calculated as
EALIENCE the sum of the weights assigned by a set of salience factors. The salience
factors used and their corresponding weights are shown in Figure 18.5.
The weights that each factor assigns to an entity in the discourse model

are cut in half each time a new sentence is processed. This. along with
the added effect of the sentence recency weight (which initially assigns a
weight of 100, to be cut in half with each succeeding sentence), captures the
Recency preference described on page 682, since referents mentioned in the
current sentence will tend to have higher weights than those in the previous
sentence. which will in turn be higher than those in the sentence before that,
and so forth.
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~ Sentence recency 100

Subject emphasis g0

Existential emphasis . 70

Accusative (direct object) emphasis 50
Indirect object and oblique complement emphasis 40
Non-adverbial emphasis 50

Head noun emphasis 80

igure 18.5  Salience factors in Lappin and Leass’s system.

Similarly, the next five factors in Figure 18.5 can be viewed as a way
coding a grammatical role preference scheme using the following hier-

subject > existential predicate nominal > object > indirect ob-
ject or oblique > demarcated adverbial PP

e five positions are exemplified by the position of the italicized phrases
amples (18.62)—(18.60) respectively.

62) An Acura Integra is parked in the lot. (subject)

3) There is an Acura Integra parked in the lot. (existential predicate
nominal)

64) John parked an Acura Integra in the lot. (object)
5) John gave his Acura Integra a bath. (indirect object)

8.66) Inside his Acura Integra. John showed Susan his new CD player.
(demarcated adverbial PP)

preference against referents in demarcated adverbial PPs (i.e.. those sep-
by punctuation, as with the comma in example (18.66)) is encoded as
positive weight of 50 for every other position, listed as the non-adverbial
asis weight in Figure 18.5. This ensures that the weight for any ref-
is always positive, which is necessary so that the effect of halving the
ghts is always to reduce them.

The head noun emphasis factor penalizes referents which are embed-
in larger noun phrases, again by promoting the weights of referents that
ot. Thus, the Acura Integra in each of examples (18.62)—(18.66) will
ve 80 points for being denoted by a head noun, whereas the Acura Inte-
n example (18.67) will not, since it is embedded within the subject noun

8.67) The owner’s manual for an Acura Integra is on John's desk.
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Each of these factors contributes 1o the salience of a referent based
the properties of the noun phrase that denotes it. Of course. it could be thyy
several noun phrases in the preceding discourse refer to the same referep
each being assigned a different level of salience. and thus we need 3 wy
in which to combine the contributions of each. To address this, Lappin ap
Leass associate with each referent an equivalence class that contains all o
the noun phrases that have been determined to refer to it. The weight thag
a salience factor assigns to a referent is the highest of the weights it assigp
to the members of its equivalence class. The salience weight for a refer
ent is then calculated by summing the weights for each factor. The scope
of a salience factor is a sentence, so, for instance, if a potential referent ig
mentioned in the current sentence as well as the previous one. the sentence
recency weight will be factored in for each. (On the other hand, if the same
referent is mentioned more than once in the same sentence. this weight will
be counted only once.) Thus, multiple mentions of a referent in the prior dis- :
course can potentially increase its salience, which has the effect of encoding
the preference for repeated mentions discussed on page 682. .

Once we have updated the discourse model with new potential refer-
ents and recalculated the salience values associated with them, we are ready
to consider the process of resolving any pronouns that exist within a new
sentence. In doing this, we factor in two more salience weights, one for
grammatical role parallelism between the pronoun and the potential refer-
ent, and one to disprefer cataphoric reference. The weights are shown in
Figure 18.6. Unlike the other preferences, these two cannot be calculated
independently of the pronoun, and thus cannot be calculated during the dis-
course model update step. We will use the term initial salience value for the
weight of a given referent before these factors are applied. and the term final
salience value for after they have applied.

N Role Parallelism [ 35 -
I Cataphora 1 -175

-

| Figure 18.6  Per pronoun salience weights in Lappin and Leass’s system.
Lo

We are now ready to specify the pronoun resolution algorithm. Assum-
ing that the discourse model has been updated to reflect the initial salience
values of referents as described above, the steps taken to resolve a pronoun.
are as follows: ) '

1. Collect the potential referents (up to four sentences back).
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. Remove potential referents that do not agree in number or gender with
the pronoun.

. Remove potential referents that do not pass intrasentential syntactic
coreference constraints (as described on page 679).

., Compute the total salience value of the referent by adding any appli-
cable values from Figure 18.6 to the existing salience value previously
computed during the discourse model update step (i.e.. the sum of the
applicable values in Figure 18.5).

. Select the referent with the highest salience value. In the case of ties,
select the closest referent in terms of string position (computed without
bias to direction),

We illustrate the operation of the algorithm by stepping through exam-
> (18.68).
68) John saw a beautiful Acura Integra at the dealership. He showed it
to Bob. He bought it.

We first process the first sentence to collect potential referents and
pute their initial salience values. The following table shows the con-
tion to salience of each of the salience factors.

|Rec| Subj | Exist | Obj | Ind-Obj | Non-Adv [ Head N || Total |

John [100] 80 [ [ ] [ 5o | 80 [310]
Integra | 100 | 50 \ 50 80 280
ership | 100 | \ ; | 50 80 | 230

There are no pronouns to be resolved in this sentence, so we move on
e next, degrading the above values by a factor of two as shown in the
below. The phrases column shows the equivalence class of referring
sions for each referent.

| Referent | Phrases Value
[ John { John } 155
Integra | { a beautiful Acura Integra }| 140
dealership | { the dealership } 115

The first noun phrase in the second sentence is the pronoun se. Because
ifies male gender, Step 2 of the resolution algorithm reduces the set
possible referents to include only John, so we can stop there and take this
e the referent.
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The discourse model must now be updated. First, the pronoun p,
added in the equivalence class for John (denoted as he;. to differentiage ;
from possible other mentions of ke). Since ite occurs in the current sente
and John in the previous one, the salience factors do not overlap between th
two. The pronoun is in the current sentence (recency=100), subject positioy
{=80). not in an adverbial (=50). and not embedded (=80), and s0 a tota] of
310 1s added 1o the current weight for John:

ﬁeferent 1 Phrases hi:
John | { John. he, } | 465 l

| Integra | { a beautifl Acura Integra }| 140 |
l dealership | { the dealership } | 115 b

The next noun phrase in the second sentence is the pronoun iz, which i
compatible with the Integra or the dealership. We first need to compute the
final salience values by adding the applicable weights from Figure 18610
the initial salience values above. Neither referent assignment would result in
cataphora, so that factor does not apply. For the parallelism preference, both
it and a beautiful Acura Integra are in object position within their respective
sentences (whereas the dealership 1s not), so a weight of 35 is added to this
option. With the Integra having a weight of 175 and the dealership a weight
of 115, the Integra is taken to be the referent.

Again, the discourse model must now be updated. Since if is in a
nonembedded object position, it receives a weight of 100+50+50+80=280,

and is added to the current weight for the Integra. .
ﬁeferem | Phrases N ['Value ||
| John | { John, he) } 465 |
| Integra |{ a beautiful Acura Integra, it }l 420 |
[dealerthp | { the dealership } | 115 |

The final noun phrase in the second sentence is Bob. which introduces
a new discourse referent. Since it occupies an oblique argument position, it
receives a weight of 100+40+50+80=270.

Referent Phrases | Value |
J { John, he, } 465

‘] ohn J
” Integra | { a beautiful Acura Integra. it| } { 420 ”
| Bob | { Bob } | 270 |

[»alerthpl { the dealership } | 115 |

Now we are ready to move on to the final sentence. We again degrade
the current weights by one half.
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T_Reﬁ,ren[ | ' Phrases _ "Value l
John | {John. he } "%2 5 ”
! Integra ‘ { @ beawtiful Acura Integra. it; } ' 210
. Bob { Bob } ‘ 135 ”
L\E:alcrship { the dealership } 575 |

he reader can confirm that the referent of se will be reso]\ed to John. and
e referent of ir to the Integra.

The weights used by Lappin and Leass were arrived at by experimenta-

pn on a development corpus of computer training manuals. This algorithm,

n combined with several filters not described here, achieved 86% accu-

y when applied to unseen test data within the same genre. It is possible

jat these exact weights may not be optimal for other genres (and even more

for other languages), so the reader may want to experiment with these on

ing data for a new application or language.

In Exercise 18.7. we consider a version of the algorithm that relies

y on a noun phrase identifier (see also Kennedy and Boguraev (1996)). In

next paragraphs, we briefly summarize two other approaches to pronoun

lution.

Tree Search Algorithm Hobbs (1978) describes an algorithm for pro-
n resolution which takes the syntactic representations of the sentences up

‘ d including the current sentence as input, and performs a search for an

ptecedent noun phrase on these trees. There is no explicit representation of

ourse mode] or preferences as in the Lappin and Leass algorithm. How-

, certain of these preferences are approximated by the order in which the

h on syntactic trees is performed.

An algorithm that searches parse trees must also specify a grammar.

e the assumptions regarding the structure of syntactic trees will affect

e results. A fragment for English that the algorithm uses is given in Fig-

18.7. The steps of the algorithm are as follows:

. Begin at the noun phrase (NP) node immediately dominating the pro-

noun.

. Go up the tree to the first NP or sentence (S) node encountered. Call

this node X, and call the path used to reach it p.

- Traverse all branches below node X to the left of path p in a left-to-

right, breadth-first fashion. Propose as the antecedent any NP node that

is encountered which has an NP or S node between it and X.

. If node X is the highest S node in the sentence. traverse the surface

parse trees of previous sentences in the text in order of recency, the
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S = NPVP

: EP4Y
NP (Det) Nominal ({ Ref})

pronoun
determiner
Det — { NP s }
PP — preposition NP
Nominal — noun (PP)"
Rel — wh-word §
VP — verb NP (PP)*

Figure 18.7 A grammar fragment for the Tree Search algorithm.

LA

9.

most recent first; each tree is traversed in a left-to-right. breadth-first

manner, and when an NP node is encountered, it is proposed as an-
tecedent. If X is not the highest S node in the sentence, continue to
step 5.

From node X, go up the tree to the first NP or S node encountered. Call

this new node X, and call the path traversed to reach it p.

If X is an NP node and if the path p to X did not pass through the Nom- :
inal node that X immediately dominates, propose X as the antecedent.

Traverse all branches below node X to the /eft of path p in a left-to-

right, breadth-first manner. Propose any NP node encountered as the
antecedent.

If X is an S node, traverse all branches of node X to the right of path
p in a left-to-right, breadth-first manner, but do not go below any NP
or S node encountered. Propose any NP node encountered as the an-
tecedent.

Go to Step 4.

Demonstrating that this algorithm yields the correct coreference assignments
for example (18.68) is left as Exercise 18.3.

As stated, the algorithm depends on complete and correct syntactic

structures as input. Hobbs evaluated his approach manually (with respect
to both parse construction and algorithm implementation) on one hundred
examples from each of three different texts, reporting an accuracy of 83.3%.
(The accuracy increases to 91.7% if certain selectional restriction constraints
are assumed.) Lappin and Leass encoded a version of this algorithm within
their system, and reported an accuracy of 82% on their test corpus. Although

e

S e R
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s less than the 86% accuracy achieved by their own algorithm, it should
Jborne in mind that the test data Lappin and Leass used was from the same
e as their development set, but different than the genres that Hobbs used
) developing his algorithm.

Centering Algorithm As we described above. the Hobbs algorithm
es not use an explicit representation of a discourse model. The Lappin
Leass algorithm does, but encodes salience as a weighted combination
references. Centering theory (Grosz et al.. 1995, henceforth GIW), also
an explicit representation of a discourse model, and incorporates an ad-
onal claim: that there is a single entity being “centered” on at any given
nt in the discourse which is to be distinguished from all other entities that
e been evoked.

There are two main representations tracked in the discourse model. In
follows, take U, and U,,;| to be two adjacent utterances. The backward
king center of U,, denoted as C, (U, ), represents the entity currently be-
, focused on in the discourse after U, is interpreted. The forward looking
gers of Uy, denoted as C;(U,). form an ordered list containing the entities
ntioned in U, all of which could serve as the C; of the following utter-
In fact, Cp(U,+) is by definition the most highly ranked element of
U,) mentioned in U,.,. (The C, of the first utterance in a discourse is
defined.) As for how the entities in the C;(U,) are ordered, for simplic-
sake we can use the grammatical role hierarchy encoded by (a subset
e weights in the Lappin and Leass algorithm, repeated below.!

subject > existential predicate nominal > object > indirect ob-
ject or oblique > demarcated adverbial PP

like the Lappin and Leass algorithm, however, there are no numerical
ghts attached to the entities on the list, they are simply ordered relative to
other. As a shorthand, we will call the highest-ranked forward-looking
r C,, (for “preferred center”).

We describe a centering-based algorithm for pronoun interpretation
o Brennan et al. (1987, henceforth BFP). (See also Walker et al. (1994);
er centering algorithms, see Kameyama (1986) and Strube and Hahn
96), inter alia.) In this algorithm, preferred referents of pronouns are
uted from relations that hold between the forward and backward look-
enters in adjacent sentences. Four intersentential relationships between
of utterances U, and U,,;; are defined which depend on the relationship
een Cp(Up+1). Cp(Uy), and C,(U,+1): these are shown in Figure 18.8.

§ is an extended form of the hierarchy used in Brennan et al. (1987), described below.

&1
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| ColUns1) =Co(Un) | ColUns1) # Co(U) ]

|

L Lor undefined Cp(U,) l _

T CoUns1) =CplUnr1) | Continue T Smooth-Shift

[ Col0ni1) #CoUnz1) | Retain Rough-Shift 7
ﬁ -

Figure 18.8  Transitions in the BFP algorithm.

|

The following rules are used by the algorithm:

e Rule 1: If any element of C/(U,) is realized by a pronoun in utterance -
Up1. then Cp(U, 1)) must be realized as a pronoun also. '
e Rule 2: Transition states are ordered. Continue is preferred to Retain
is preferred to Smooth-Shift is preferred to Rough-Shift.

Having defined these concepts and rules, the algorithm is defined as
follows.

1. Generate possible C,-C; combinations for each possible set of refer-
ence assignments . '

2. Filter by constraints, e.g.. syntactic coreference constraints, selectional
restrictions, centering rules and constraints.

3. Rank by transition orderings.

The pronominal referents that get assigned are those which yield the most
preferred relation in Rule 2, assuming that Rule 1 and other coreference
constraints (gender, number, syntactic, selectional restrictions) are not vio-
lated.

Let us step through passage (18.68), repeated below as (18.69), to il-
lustrate the algorithm.

(18.69) John saw a beautiful Acura Integra at the dealership. (U))
He showed 1t to Bob. (U/)
He bought it. ({/3)
Using the grammatical role hierarchy to order the C;. for sentence U, we
get:
Cr(Uy): {John, Integra, dealership}
Cp(U)): John
Cy(Uy): undefined
Sentence U contains two pronouns: fe, which is compatible with John, and

it, which is compatible with the Acura or the dealership. John is by definition
C»(Us), because he is the highest ranked member of C;(U;) mentioned in U>
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ince he is the only possible referent for he). We compare the resulting
siions for each possible referent of ir, If we assume ir refers to the
gra, the assignments would be:

C;(U>): {John, Integra, Bob}

C,(U>): John

C»(U3}): John

Result: Continue  (Cp,(U2)=Cy (U ); Cp(U) undefined)

e assume it refers to the dealership, the assignments would be:

C;(U>): {John, dealership. Bob}

Cp(U>): John

Cb(U:): John

Result: Continue  (C,(U2)=Cy(U3): Cp(U)) undefined)

e both possibilities result in a Continue transition, the algorithm does
say which to accept. For the sake of illustration, we will assume that ties
broken in terms of the ordering on the previous C; list. Thus, we will
it to refer to the Integra instead of the dealership, leaving the current
ourse model as represented in the first possibility above.

In sentence U3, he 1s compatible with either John or Bob. whereas it
patible with the Integra. If we assume he refers to John, then John is
3) and the assignments would be:

Cr(Us): {John, Acura}

P(U3)' John

Cp(U3): John

. Result: Continue (Cp(U3)=Cp(U3)=Cy(U2))

e assume he refers 1o Bob, then Bob is C,(Us) and the assignments would

Cs(Us): {Bob, Acura}

Cp(U3): Bob

. Gp(Us): Bob

= Result: Smooth-Shift  (C,(Uz)=Cp(Us): Co(U3)#C(U))

ce a Continue is preferred to a Smooth-Shift per Rule 2. John is correctly
to be the referent.

- The main salience factors that the centering algorithm implicitly incor-
tes include the grammatical role, recency, and repeated mention pref-
s. Unlike the Lappin and Leass algorithm, however, the manner in
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which the grammatical role hierarchy affects salience is indirect, since it i
the resulting transition type that determines the final reference assignmeng
In particular, a referent in a low-ranked grammatical role will be preferred o
one in a more highly ranked role if the former leads to a more highly rankeq
transition. Thus, the centering algorithm may (often, but not always. incg,
rectly) resolve a pronoun to a referent that other algorithms would consid
to be of relatively low salience (Lappin and Leass, 1994. Kehler, 1997a). For
instance, in example (18.70), ;‘

(18.70) Bob opened up a new dealership last week. John took a look at the
Acuras in his lot. He ended up buying one.

the centering algorithm will assign Bob as the referent of the subject pronoun
he in the third sentence — since Bob is C(U>), this assignment results in g
Continue relation whereas assigning John results in a Smooth-Shift relation,
On the other hand, the Hobbs and Lappin/Leass algorithms will assign John
as the referent.

Like the Hobbs algorithm, the centering algorithm was developed on _:
the assumption that correct syntactic structures are available as input, In ;
order to perform an automatic evaluation on naturally occurring data, the
centering algorithm would have to be specified in greater detail, both in terms
of how all noun phrases in a sentence are ordered with respect to each other
on the C; list (the current approach only includes nonembedded fillers of
certain grammatical roles, generating only a partial ordering), as well as how
all pronouns in a sentence can be resolved (e.g.. recall the indeterminacy in
resolving it in the second sentence of example (18.68)).

Walker (1989), however, performed a manual evaluation of the center-
ing algorithm on a corpus of 281 examples distributed over texts from three
genres, and compared its performance to the Hobbs algorithm. The evalua-
tion assumed adequate syntactic representations, grammatical role labeling,
and selectional restriction information as input. Furthermore, in cases in
which the centering algorithm did not uniquely specify a referent, only those
cases in which the Hobbs algorithm identified the correct one were counted
as errors. With this proviso, Walker reports an accuracy of 77.6% for cen-
tering and 81.8% for Hobbs. See also Tetreault (1999) for a comparison
between several centering-based algorithms and the Hobbs algorithm.

e R ORI
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TEXT COHERENCE

Much of the previous section focussed on the nature of anaphoric reference
and methods for resolving pronouns in discourse. Anaphoric expressions
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ave often been called cohesive devices (Halliday and Hasan. 1976), since
e coreference relations they establish serve to “tie” different parts of a dis-
ourse together, thus making it cohesive. While discourses often contain co-
esive devices, the existence of such devices alone does not satisfy a stronger
quirement that a discourse must meet, that of being coherent. In this sec-
on, we describe what it means for a text to be coherent, and computational
echanisms for determining coherence.

he Phenomenon

sume that you have collected an arbitrary set of well-formed and inde-
endently interpretable utterances, for instance, by randomly selecting one
ntence from each of the previous chapters of this book. Do you have a
iscourse? Almost certainly not. The reason is that these utterances. when
taposed. will not exhibit coherence. Consider, for example. the differ-
nce between passages (18.71) and (18.72).

8.71) John hid Bill's car keys. He was drunk.
8.72) 77 John hid Bill's car keys. He likes spinach.

ile most people find passage (18.71) to be rather unremarkable, they
nd passage (18.72) to be odd. Why is this so? Like passage (18.71),
e sentences that make up passage (18.72) are well formed and readily
terpretable. Something instead seems to be wrong with the fact that the
tences are juxtaposed. The hearer might ask, for instance, what hiding
meone’s car keys has to do with liking spinach. By asking this, the hearer
questioning the coherence of the passage.

Alternatively, the hearer might try to construct an explanation that
es it coherent, for instance. by conjecturing that perhaps someone of-
d John spinach in exchange for hiding Bill's car keys. In fact, if we con-
T a context in which we had known this already, the passage now sounds
t better! Why is this? This conjecture allows the hearer to identify John’s
¢ spinach as the cause of his hiding Bill’s car keys. which would explain
the two sentences are connected. The very fact that hearers try to iden-
such connections is indicative of the need to establish coherence as part
iscourse comprehension.

The possible connections between utterances in a discourse can be
ified as a set of coherence relations. A few such relations, proposed
Hobbs (1979a), are given below. The terms Sy and $; represent the mean-
gs of the two sentences being related.

COHESIVE
DEVICES

COMERENCE

COHERENCE
RELATIONS
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Result: Infer that the state or event asserted by Sy causes or could cause the
state or event asserted by §).

(18.73) John bought an Acura. His father went ballistic.

Explanation: Infer that the state or event asserted by §| causes or could
cause the state or event asserted by Sy.

(18.74) John hid Bill’s car keys. He was drunk.

Parallel: Infer p(a).a;....) from the assertion of Sy and p(by.5-....) from
the assertion of S, where a; and b, are similar, for all 7.

(18.75) John bought an Acura. Bill leased a BMW,

Elaboration: Infer the same proposition P from the assertions of S, and §,.

(18.76) John bought an Acura this weekend. He purchased a beautiful new
Integra for 20 thousand dollars at Bill's dealership on Saturday
afternoon.

Occasion: A change of state can be inferred from the assertion of S, whose
final state can be inferred from S, or a change of state can be inferred from
the assertion of §;. whose initial state can be inferred from S.

(18.77) John bought an Acura. He drove to the ballgame.

A mechanism for identifying coherence could support a number of nat-
ural language applications, including information extraction and summariza-
tion. For example, discourses that are coherent by virtue of the Elaboration
relation are often characterized by a summary sentence followed by one or
more sentences adding detail to it, as in passage (18.76). Although there
are two sentences describing events in this passage, the fact that we infer an
Elaboration relation tells us that the same event is being described in each.
A mechanism for identifying this fact could tell an information extraction
or summarization system to merge the information from the sentences and
produce a single event description instead of two.

An Inference Based Resolution Algorithm

Each coherence relation described above is associated with one or more con-
straints that must be met for it to hold. How can we apply these constraints?
To do this, we need a method for performing inference. Perhaps the most
familiar type of inference is deduction: recall from Section 14.3 that the
central rule of deduction is modus ponens:
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n example of modus ponens 1s the following:

All Acuras are fast.
John's car 1s an Acura.
John's car is fast,

uction is a form of sound inference: if the premises are true, then the
Jusion must be true.

However, much of language understanding is based on inferences that
not sound. While the ability to draw unsound inferences allows for a
er range of inferences to be made, 1t can also lead to false interpretations
misunderstandings. A method for such inference is logical abduction
e, 1955). The central rule of abductive inference is:

o=
B
(04

deduction runs an implication relation forward, abduction runs it
ard, reasoning from an effect to a potential cause. An example of
ction is the following:

All Acuras are fast.
John's car is fast.
- John’s car is an Acura,

sly. this may be an incorrect inference: John's car may be made by
her manufacturer yet still be fast.

In general, a given effect B may have many potential causes o;. We
y will not want to merely reason from a fact to a possible explana-
it, we want to identify the besr explanation of it. To do this, we need
for comparing the quality of alternative abductive proofs. There
variety of strategies one could employ for doing this. One possibil-
0 use a probabilistic model (Charniak and Goldman, 1988; Charniak
imony, 1990), although issues arise in choosing the appropriate space

SOUND
INFERENCE

ABDUCTION
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over which to calculate these probabilities, and in finding a way to acquire
them given the lack of a corpus of events. Another method is to use a purely
heuristic strategy (Charniak and McDermott. 1985, Chapter 10) . such as pre
ferring the explanation with the smallest number of assumptions, or choogmg
the explanation that uses the most specific characteristics of the input. Whije
such heuristics may be easy to implement, they generally prove to be tog
brittle and limiting. Finally, a more general cost-based strategy can be used.'
which combines features (both positive and negative) of the probabilistic ang
heuristic approaches. The approach to abductive interpretation we illustrate
here, due to Hobbs et al. (1993). uses such a strategy. To simplify the dis-;__':;a
cussion, however, we will largely ignore the cost component of the systcm,’;ﬁ
keeping in mind that one is nonetheless necessary. ;.

Hobbs et al. (1993) apply their method to a broad range of problems i
in language interpretation; here we focus on its use in establishing discourse
coherence, in which world and domain knowledge are used to detcmﬁm_?
the most plausible coherence relation holding between utterances. Let us
step through the analysis that leads to establishing the coherence of pas- '
sage (18.71). First, we need axioms about coherence relations themselves,
Axiom (18.78) states that a possible coherence relation is the Explanation
relation; other relations would have analogous axioms.

(18.78) Ve;,e; Explanation(e;.e;) = CoherenceRel(e; . ¢;)

The variables e; and e; represent the events (or states) denoted by the two
utterances being related In this axiom and those given below. quantifiers al-
ways scope over everything to their right. This axiom tells us that, given that :
we need 1o establish a coherence relation between two events, one possibility
is to abductively assume that the relation i1s Explanation. :

The Explanation relation requires that the second utterance express the
cause of the effect that the first sentence expresses. We can state this as
axiom (18.79).

(18.79) Ve, e; cause(e;.e;) = Explanation(e;,e;)

In addition to axioms about coherence relations, we also need axioms
representing general knowledge about the world. The first axiom we use says
that if someone is drunk. then others will not want that person to drive, and
that the former causes the latter (for convenience, the state of not wanting is
denoted by the diswant predicate). '

¥x, v, e; drunk(e;, x) =

18.80)
(18:50) Je;, ex diswant(e;.v.ex) Adrive(e;. x) A causele;.ej)
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fore we move on. a few notes are in order conceming this axiom and
others we will present. First, axiom (18.80) is stated using universal
antifiers to bind several of the variables, which essentially says that in
cases in which someone 1s drunk, all people do not want that person
drive. Although we might hope that this is generally the case, such a
tement 1s nonetheless too strong. The way in which this is handled in
Hobbs et al. system is by including an additional relation, called an ezc
edicate, in the antecedent of such axioms. An erc predicate represents all
other properties that must be true for the axiom to apply, but which are
vague to state explicitly. These predicates therefore cannot be proven,
y can only be assumed at a corresponding cost. Because rules with high

umption costs will be dispreferred to ones with low costs, the likelihood
hat the rule applies can be encoded in terms of this cost. Since we have
osen to simplify our discussion by ignoring costs, we will similarly ignore
he use of ezc predicates.

Second. each predicate has what may look like an “extra” variable in
he first argument position: for instance, the drive predicate has two argu-
aents instead of one. This variable is used to reify the relationship denoted
the predicate so that it can be referred to from argument places in other
dicates. For instance, reifying the drive predicate with the variable ¢; al-
us to express the idea of not wanting someone to drive by referring to
the final argument of the diswant predicate.

Picking up where we left off, the second world knowledge axiom we
> says that if someone does not want someone else to drive, then they do
- want this person to have his car keys, since car keys enable someone to

Vx.v.e;.ex diswant(e;. v, ex) Adrive(e;.x) =
3z,e1.em diswant{e;,y. e ) A have(ey.x,7)
Mcarkeys(z,x) N causele;,e;)

third axiom says that if someone doesn’t want someone else to have
ething, he might hide it from him.

Vx.y,z,e;.e; diswant(e;.y.e,) N have(e,.x,z2) =
3e, hidele,,v,x,z) A causele; . ey,)

2)

e final axiom says simply that causality is transitive, that is, if ¢; causes ¢;
e causes ¢, then ¢; causes ¢;.

Vei. e, e; cause(e; . e;) \cause(e; e;) = causele;, ey)
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Finally, we have the content of the utterances themselves, that is, thyg
John hid Bill's car keys (from Bill),

(18.84) hide{e,.John, Bill . ck) N carkevs(ck. Bill)

and that someone described using the pronoun “he™ was drunk: we will re
resent the pronoun with the free variable /ze.

(18.85) drunk(es. he)

We can now see how reasoning with the content of the utterances along
with the aforementioned axioms allows the coherence of passage (18.71) to :’%
be established under the Explanation relation. The derivation is %umrnanzed
in Figure 18.9: the sentence interpretations are shown in boxes. We start by
assurning there is a coherence relation, and using axiom (18.78) hypothesize
that this relation is Explanation.

o
&

(18.86) Explanation(e,.e>) «;

which, by axiom (18.79), means we hypothesize that
(18.87) cause(es.e;)

holds. By axiom ¢18.83), we can hypothesize that there is an intermediate
cause 3,

(18.88) cause(es.ex) Ncause(es,eq)

and we can repeat this again by expanding the first conjunct of (18.88) to
have an intermediate cause e;. |

(18.89) cause(e.eq) N causeles,e3)

We can take the hide predicate from the interpretation of the first sentence in
(18.84) and the second cause predicate in (18.88). and. using axiom (18.82),
hypothesize that John did not want Bill to have his car keys:

(18.90) diswant(es,John.es) i haveles, Bill, ck)

From this, the carkeys predicate from (18.84). and the second caitse predi-
cate from (18.89). we can use axiom (18.81) to hypothesize that John does
not want Bill to drive:

(18.91) diswant(es,John.eq) Ndrive(eg, Bill)

From this, axiom (18.80), and the second cause predicate from (18.89), we
can hypothesize that Bill was drunk:

(18.92) drunk(e-,Bill)
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t now we find that we can “prove” this fact from the interpretation of the
-ond sentence if we simply assume that the free variable he is bound to
1. Thus, the establishment of coherence has gone through, as we have
ntified a chain of reasoning between the sentence interpretations — one
includes unprovable assumptions about axiom choice and pronoun as-
ent — that results in cause(e>, e, ). as required for establishing the Ex-
nation relationship.

CoherenceRel(e).e>)
|
Explanation(e;.ez2)
1
cause(es.e)
e
cause(ez.ez) cause{ez.e) ,l_hide(ej John,bill.ck)
| L

] | —

~"cause(eq.e3) diswant(es.j.es) /A have(es.bill.ck) ‘ carkeys(ck,bill)

ause(es.eq) diswant(e4,_y.e6) A drive(eq.he)

ll drunk(e,bill) l {he=bill)

Figure 18.9  Establishing the coherence of passage (18.71).

P |

This derivation illustrates a powerful property of coherence establish-
nt, namely its ability to cause the hearer to infer information about the
ation described by the discourse that the speaker has left unsaid. In this
e, the derivation required the assumption that John hid Bill's keys be-
se he did not want him to drive (presumably out of fear of him having
accident, or getting stopped by the police), as opposed to some other ex-
ation, such as playing a practical joke on him. This cause is not stated
anywhere in passage (18.71); it arises only from the inference process trig-
by the need to establish coherence. In this sense, the meaning of a
iscourse is greater than the sum of the meanings of its parts. That is, a dis-
se typically communicates far more information than is contained in the
erpretations of the individual sentences that comprise it.

We now return to passage (18.72), repeated below as (18.94), which
¥as notable in that it lacks the coherence displayed by passage (18.71), re-
eated below as (18.93).

1 .93) John hid Bill's car keys. He was drunk.
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(18.94) ?7 John hid Bill's car keys. He likes spinach.

We can now see why this is: there is no analogous chain of inference capal
of linking the two utterance representations, in particular, there is no cay
axiom analogous to (18.80) that says that liking spinach might cause sop
one 10 not want you to drive. Without additional information that can syp.
port such a chain of inference (such as the aforementioned scenario in which
someone promised John spinach in exchange for hiding Bill's car keys),
coherence of the passage cannot be established. _

Because abduction is a form of unsound inference, it must be possible
to subsequently retract the assumptions made during abductive reasoning,
that is, abductive inferences are defeasible. For instance. if passage (18.93)
was followed by sentence (18.95), :

(18.95) Bill's car isn"t here anyway: John was just playing a practical joke
on him.

the system would have to retract the original chain of inference connecting
the two clauses in (18.93), and replace it with one utilizing the fact that the
hiding event was part of a practical joke.

In a more general knowledge base designed to support a broad range
of inferences. one would want axioms that are more general than those we
used to establish the coherence of passage (18.93). For instance, consider
axiom (18.81), which says that if you do not want someone to drive. then \
vou do not want them to have their car keys. A more general form of the
axiom would say that if you do not want someone to perform an action, and ':';_3
an object enables them to perform that action, then you do not want them
to have the object. The fact that car keys enable someone to drive would
then be encoded separately, along with many other similar facts. Likewise,
axiom (18.80) says that if someone is drunk, you don’t want them to drive.
We might replace this with an axiom that says that if someone does not want
something to happen, then they don’t want something that will likely cause
it to happen. Again, the facts that people typically don’t want other people
to get into car accidents, and that drunk driving causes accidents, would be
encoded separately. '

While it 1s important to have computational models that shed hight on
the coherence establishment problem, large barriers remain for employing
this and similar methods on a wide-coverage basis. In particular, the large
number of axioms that would be required to encode all of the necessary
facts about the world, and the lack of a robust mechanism for constraining
inference with such a large set of axioms, makes these methods largely im-

:
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actical in practice. Such problems have come to be informally known as
‘Al-complete. a play on the term NP-complete in computer science. An Al-
omplete problem is one that essentially requires all of the knowledge — and
bilities to utilize it — that humans have.
: Other approaches to analyzing the coherence structure of a discourse
ave also been proposed. One that has received broad usage is Rhetorical
tructure Theory (RST) (Mann and Thompson, 1987), which proposes a
t of 23 rhetorical relations that can hold between spans of 1ext within a
course. While RST is oriented more toward text description than inter-
retation. it has proven to be a useful tool for developing natural language
eration systems. RST is described in more detail in Section 20.4.

erence and Coreference The reader may have noticed another inter-
ng property of the proof that passage (18.93) is coherent. While the
noun fe was initially represented as a free vanable, it got bound to Bill
wing the derivation. In essence. a separate procedure for resolving the
oun was not necessary: it happened as a side effect of the coherence
blishment procedure. In addition to the tree-search algorithm presented
page 689. Hobbs (1978) proposes this use of the coherence establishment
hanism as a second approach to pronoun interpretation.

This approach provides an explanation for why the pronoun in passage
93) is most naturally interpreted as referring to Bill, but the pronoun in
age (18.96) is most naturally interpreted as referring to John.

96) John lost Bill's car keys. He was drunk.

blishing the coherence of passage (18.96) under the Explanation rela-
requires an axiom that says that being drunk could cause someone to
something. Because such an axiom will dictate that the person who is
must be the same as the person losing something, the free variable rep-
senting the pronoun will become bound to John. The only lexico-syntactic
ifference between passages (18.96) and (18.93), however, is the verb of
> first sentence. The grammatical positions of the pronoun and potential
edent noun phrases are the same in both cases, so syntactically-based
erences do not distinguish between these.

course Connectives Sometimes a speaker will include a specific cue,
a connective, that serves to constrain the set of coherence relations
can hold between two or more utterances. For example, the connec-
because indicates the Explanation relationship explicitly, as in passage

ACOMPLETE

CONNECTIVE
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(18.97) John hid Bill's car keys because he was drunk.

The meaning of because can be represented as cause(ex.ey), which woulq
play a similar role in the proof as the cause predicate that was introduceq
abductively via axiom (18.79). ;

However, connectives do not always constrain the possibilities to a sin. 5
gle coherence relation. The meaning of and, for instance, is compatible with
the Parallel, Occasion. and Result relations introduced on page 696, as ex.
emplified in (18.98)-(18.100) respectively.

(18.98) John bought an Acura and Bill leased a BMW,
(18.99) John bought an Acura and drove to the ballgame.
(18.100) John bought an Acura and his father went ballistic.

However, and is not compatible with the Explanation relation; unlike pas.
sage (18.97), passage (18.101) cannot mean the same thing as (18.93).

(18.101) John hid Bill’s car keys and he was drunk.

While the coherence resolution procedure can use connectives to con-
strain the range of coherence relations that can be inferred between a pair of
utterances, they in and of themselves do not create coherence. Any coher-
ence relation indicated by a connective must still be established. Therefore,
adding because to example (18.94), for instance, still does not make it co-
herent.

(18.102) 77 John hid Bill's car keys because he likes spinach.

Coherence establishment fails here for the same reason it does in example :"
(18.72), that is, the lack of causal knowledge explaining how liking spinach %
would cause one to hide someone’s car keys.

In the previous section, we saw how the coherence of a pair of sentences can
be established. We now ask how coherence can be established for longer dis-
courses. Does one simply establish coherence relations between all adjacent
pairs of sentences? :
It turns out that the answer is no. Just as sentences have hierarchical
structure (that is, syntax), so do discourses. Consider passage (18.103).

(18.103) John went to the bank to deposit his paycheck. (S1)
He then took a train to Bill's car dealership. (S2)
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He needed to buy a car. (83)

The company he works for now isn’t near any public
transportation. (S4)

He also wanted to talk to Bill about their softball league. (S5)

uitively, the structure of passage (18.103) is not linear. The discourse
ms to be primarily about the sequence of events described in sentences
and S2, whereas sentences S3 and S5 are related most directly to S2, and
is related most directly to S3. The coherence relationships between these
tences result in the discourse structure shown in Figure 18.10.

Occasion (¢):e2)
— T —_

Sl (e} Expl;:_l_'c;\ion (e}

e —
e ——

S2 (_;’3) Parz_ﬁia (ex:e5)
Explanai_i_c;ll (e3) Sgﬂ( es)
_—————_f_;____‘*—h______““—h—__
S$3 (e3) S4 (eq)

Figure 18.10  The discourse structure of passage (18.103).

Each noede in the tree represents a group of locally coherent utterances,

ed a discourse segment. Roughly speaking, one can think of discourse 255URsE
ents as being analogous to constituents in sentence syntax.

We can extend the set of discourse interpretation axioms used in the

section to establish the coherence of larger. hierarchical discourses such

18.103). The recognition of discourse segments, and ultimately discourse

cture, results as a by-product of this process.

First, we add axiom (18.104), which states that a sentence is a dis-

e segment. Here, w is the string of words in the sentence, and e the

nt or state described by it.

3.104) Yw, e sentence(w,e) = Segment(w.e)

Xt, we add axiom (18.105). which says that two smaller segments can
€ composed into a larger one if a coherence relation can be established
veen the two.

Ywi.wa.e),ea.e Segment{w).e1) A\ Segment(ws, e2)

105
-l ) NCoherenceRel(e).e>,e) = Segment(w w1, ¢)
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Note that extending our axioms for longer discourses has necessitated that
we add a third argument to the CoherenceRel predicate (e). The value of
this variable will be a combination of the information expressed by ¢, and €
that represents the main assertion of the resulting segment. For our purposes
here, we will assume that subordinating relations such as Explanation pass
along only one argument (in this case the first, that is, the effect). whereag
coordinating relations such as Parallel and Occasion pass a combination
of both arguments. These arguments are shown in parentheses next to each
relation in Figure 18.10.

Now. to interpret a coherent text W, one must simply prove that it is a
segment, as expressed by statement (18.106).

(18.106) Je Segment (W, e)

These rules will derive any possible binary branching segmental structure for
a discourse, as long as that structure can be supported by the establishment of
coherence relations between the segments. Herein lies a difference between
computing the syntactic structure of a sentence (see Chapter 9) and that of a
discourse. Sentence-level grammars are generally complex, encoding many
syntactic facts about how different constituents (noun phrases, verb phrases)
can modify in each other and in what order. The “discourse grammar” above,
on the contrary, is much simpler, encoding only two rules: a segment rewrites
to two smaller segments, and a sentence is a segment. Which of the possible
structures is actually assigned depends on how the coherence of the passage
1s established.

Why would we want to compute discourse structure? Several appli-
cations could benefit from it. A summarization system, for instance. might
use it to select only the central sentences in the discourse, forgoing the in-
clusion of subordinate information. For instance, a system for creating brief
summaries might only include sentences S1 and S2 when applied to pas-
sage (18.103). since the event representations for these were propagated to
the top level node. A system for creating more detailed summaries might
also include S3 and S5. Similarly. an information retrieval system might
weight information in sentences that are propagated to higher-level parts of
the discourse structure more heavily than information in ones that are not.
and generation systems need knowledge of discourse structure to create co-
herent discourse, as described in Chapter 20.

Discourse structure may also be useful for natural language subtasks
such as pronoun resolution. We already know from Section 18.1 that pro-
nouns display a preference for recency, that is, they have a strong tendency

S L




Section 18.4. Psycholinguistic Studies of Reference and Coherence

707

to refer locally. But now we have two possible definitions for recency: re-
ent 1n terms of the linear order of the discourse. or recent in terms of its
ierarchical structure. It has been claimed that the latter definition is in fact
e correct one, although admittedly the facts are not completely clear in all
es.

In this section. we have briefly described one of several possible ap-
roaches 1o recovering discourse structure. A different approach, one typi-
ally applied to dialogues, will be described in Section 19.4.

COHERENCE

o what extent do the techniques described in this chapter model human
iscourse comprehension? A substantial body of psycholinguistic research
studied this question.

For instance, a significant amount of work has been concerned with
extent to which people use the preferences described in Section 18.1 to
terpret pronouns, the results of which are often contradictory. Clark and
' gal (1979) studied the effects that sentence recency plays in pronoun in-
rpretation using a set of reading time experiments. After receiving and
knowledging a three sentence context to read, human subjects were given
get sentence containing a pronoun. The subjects pressed a button when
felr that they understood the target sentence. Clark and Sengal found
the reading time was significantly faster when the referent for the pro-
was evoked from the most recent clause in the context than when it
evoked from two or three clauses back. On the other hand, there was no
ificant difference between referents evoked from two clauses and three
ses back, leading them to claim that “the last clause processed grants the
ties it mentions a privileged place in working memory™.

Crawley et al. (1990) compared the grammatical role parallelism pref-
nce with a grammatical role preference. in particular, a preference for ref-
nts evoked from the subject position of the previous sentence over those
ked from object position. Unlike previous studies which conflated these
erences by considering only subject-to-subject reference effects, Craw-
et al. studied pronouns in object position to see if they tended to be as-
ed to the subject or object of the last sentence. They found that in two
environments — a question answering task which revealed how the hu-

18.4 PSYCHOLINGUISTIC STUDIES OF REFERENCE AND

READING TIME
EXPERIMENTS

QUESTION
ANSWERING
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man subjects interpreted the pronoun. and a referent naming task in which _:
the subjects identified the referent of the pronoun directly — the human sy
jects resolved pronouns to the subject of the previous sentence more oftep
than the object.

However, Smyth (1994) criticized the adequacy of Crawley et al.’s data
for evaluating the role of parallelism. Using data that met more stringent re-
quirements for assessing parallelism, Smyth found that subjects overwhelm.
mgly followed the parallelism preference in a referent naming task. The
experiment supplied weaker support for the preference for subject referents
over object referents, which he posited as a default strategy when the sep-
tences In question are not sufficiently parallel.

Caramazza et al. (1977) studied the effect of the “implicit causality”
of verbs on pronoun resolution. Verbs were categorized in terms of having
subject bias or object bias using a sentence completion task. Subjects were
given sentence fragments such as (18.107).

(18.107) John telephoned Bill because he

The subjects provided completions to the sentences, which identified to the
experimenters what referent for the pronoun they favored. Verbs for which a
large percentage of human subjects indicated a grammatical subject or object
preference were categorized as having that bias. A sentence pair was then
constructed for each biased verb: a “congruent” sentence in which the se-
mantics supported the pronoun assignment suggested by the verb’s bias, and
an “incongruent” sentence in which the semantics supported the opposite
prediction. For example. sentence (18.108) is congruent for the subject-bias
verb “telephoned™, since the semantics of the second clause supports assign-
ing the subject John as the antecedent of he, whereas sentence (18.109) is
incongruent since the semantics supports assigning the object Biil.

e e

(18.108) John telephoned Bill because he wanted some information.
(18.109) John telephoned Bill because he withheld some information.

.
.
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In a referent naming task, Caramazza et al. found that naming times were
faster for the congruent sentences than for the incongruent ones. Perhaps
surprisingly, this was even true for cases in which the two people mentioned
in the first clause were of different genders, thus rendering the reference
unambiguous. '

Garnham et al. (1996) differentiated between two hypotheses about the
manner in which implicit causality might affect pronoun resolution: the fo-
cus hypothesis, which says. as might be suggested by the Caramazza et al.
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periments, that such verbs have a priming effect on the filler of a particu-
grammatical role and thus contribute information that can be used at the
nt at which the pronoun is interpreted, and the integration hypothesis, in
hich this information 1s only used after the clause has been comprehended
d 1s being integrated with the previous discourse. They atternpted to de-
ine which hypothesis is correct using a probing task. After sentences
ere presented to establish a context, a sentence containing a pronoun was
esented one word at a time. At appropriate peints during the presenta-
, the name of one of the possible referents was displayed, and the subject
d whether that person had been mentioned in the sentence so far. Gar-
et al. found that the implicit causality information bias was generally
available right after the pronoun was given. but was utilized later in the
ence.

Matthews and Chodorow (1988) analyzed the problem of intrasenten-
reference and the predictions of syntactically-based search strategies. In
question answering task, they found that subjects exhibited slower com-
ehension times for sentences in which a pronoun antecedent occupied an
rly, syntactically deep position than for sentences in which the antecedent
pied a late. syntactically shallow position. This result is consistent with
search process used in Hobbs's tree search algorithm.

There has also been psycholinguistic work concerned with testing the
iples of centering theory. In a set of reading time experiments, Gor-
et al. (1993) found that reading umes were slower when the current
cward-looking center was referred to using a full noun phrase instead
, pronoun, even though the pronouns were ambiguous and the proper
es were not. This effect — which they called a repeated name penalty
found only for referents in subject position, suggesting that the Cj, is
erentially realized as a subject. Brennan (1995) analyzed how choice
nguistic form correlates with centering principles. She ran a set of ex-
ents in which a human subject watched a basketball game and had to
be it to a second person. She found that the human subjects tended to
to an entity using a full noun phrase in subject position before subse-
ntly pronominalizing it, even if the referent had already been introduced
bject position.

- Psycholinguistic studies have also addressed the processes people use
stablish discourse coherence. Some of this work has focussed on the
stion of inference control, that is, which of the potentially infinite num-
of possible inferences are actually made during interpretation (Singer,
Garrod and Sanford, 1994). These can be categorized in terms of be-

INTEGRATION
HYPOTHESIS

PROBING TASK

REPEATED NAME
PENALTY

INFERENCE
CONTROL
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ing necessary inferences, those which are necessary to establish coherence
and elaborative inferences, those which are suggested by the text but nog -
necessary for establishing coherence. The position that only necessary infer.
ences are made during interpretation has been called the deferred inferene
theory (Garnham, 1985) and the minimalist position (McKoon and Ratcliff,
1992). As with pronoun interpretation, results of studies testing these ques-
tions have yielded potentially contradictory results. Indeed. the results jp
each case depend to a large degree on the experimental setup and paradigm
(Keenan et al., 1990).

Johnson et al. (1973), for instance, examined this question using a
recognition judgement task. They presented subjects with passages such
as (18.110).

(18.110) When the man entered the kitchen he slipped on a wet spot and
dropped the delicate glass pitcher on the floor. The pitcher was
very expensive, and everyone watched the event with horror. ;

The subjects were subsequently presented either with a sentence taken di-
rectly from one of the passages, such as the first sentence of (18.110), or
one that included an elaborative inference in the form of an expected conse-
quence such as (18.111).

ol el

(18.111) The man broke the delicate glass pitcher on the floor.

The subjects were then asked if the sentence had appeared verbatim in one of
the passages. Both types of sentence received a recognition rate in the mid-
60% range, whereas control sentences that substantially altered the meaning
were recognized much less often (about 22%). By running a similar exper-
iment that also measured subjects’ response times, Singer (1979) addressed
the question of whether these inferences were made at the time the original
sentence was comprehended (and thus truly elaborative). or at the time that
the expected consequence version was presented. While Singer also found
that the identical and expected consequence versions yield similar rates of
positive responses, the judgements about the consequence versions took 0.2-
0.3 seconds longer than for the identical sentences. suggesting that the infer-
ence was not made at comprehension time.

Singer (1980) examined the question of when different types of infer-
ences were made using passages such as (18.112)-(18.114).

(18.112) The dentist pulled the tooth painlessly. The patient liked the new
method.
(18.113) The tooth was pulled painlessly. The dentist used a new method.

(18.114) The tooth was pulled painlessly. The patient liked the new
method.
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ach of these passages was presented to the subject, followed by the test
entence given in (18.115).

8.115) A dentist pulled the tooth.

he information expressed in (18.115) is mentioned explicitly in (18.112). is
essary to establish coherence in (18.113), and is elaborative in (18.114).
inger found that subject verification times were approximately the same in
e first two cases, but 0.25 seconds slower in the elaborative case, adding
pport to the deferred inference theory.

~ Kintsch and colleagues have proposed and analyzed a “construction-
tegration”” model of discourse comprehension (Kintsch and van Dijk, 1978;
Dijk and Kintsch. 1983; Kintsch. 1988). They defined the concept of a
macrostructure, which is a hierarchical network of propositions that
vides an abstract, semantic description of the global content of the text.
indon and Kintsch (1984) evaluated whether the elaborative inferences
ecessary to construct the macrostructure accompany comprehension pro-
esses, using a lexical priming technique. Subjects read a passage and then
ere asked if a particular word pair was present in the text. Three types of
rd pairs were used: pairs that were not mentioned in the text but were
Jated to the text macrostructure, pairs of “'distractor words™ that were the-
jatically related to the text but not the macrostructure, and pairs of themati-
y unrelated distractor words. The number of “false alarms™ — in which a
ubject erroneously indicated that the words appeared in the text — was sig-
ficantly higher for macrostructure pairs than for thematically related pairs,
ch in turn was higher than for pairs of thematically unrelated words. In
remaining cases — in which the subjects correctly rejected word pairs that
not appear — response times were significantly longer for macrostructure
ds than thematically related pairs, which in turn were higher than for
atically unrelated words.

~ Myersetal. (1987) considered the question of how the degree of causal
atedness between sentences affects comprehension times and recall accu-
/. Considering a target sentence such as (18.116).

116) She found herself too frightened to move.

ey designed four context sentences. shown in (18.117)—(18.120), which
n a continuum moving from high to low causal relatedness to (18.116).
117) Rose was attacked by a man in her apartment.

118) Rose saw a shadow at the end of the hall.

8.119) Rose entered her apartment to find a mess.

120) Rose came back to her apartment after work.

TEXT
MACROSTRUCTURE

LEXICAL
PRIMING
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Subjects were presented with cause-effect sentence pairs consisting of a cop.

text sentence and the target sentence. Myers et al. found that reading timeg

were faster for more causally related pairs. After the subjects had seep 5
cuepreca.  number of such pairs, Myers et al. then ran a cued recall experiment, i
which the subjects were given one sentence from a pair and asked 1o recal]

as much as possible about the other sentence in the pair. They found that the--.

subjects recalled more content for more causally related sentence pairs.

18.5 SUMMARY

In this chapter, we saw that many of the problems that natural language pro-
cessing systems face operate between sentences, that is. at the discourse
level. Here is a summary of some of the main points we discussed:

Discourse interpretation requires that one build an evolving represen-
tation of discourse state, called a discourse model, that contains repre-
sentations of the entities that have been referred to and the relationships
in which they participate.

Natural languages offer many ways to refer to entities. Each form of
reference sends its own signals to the hearer about how it should be
processed with respect to her discourse model and set of beliefs about
the world.

Pronominal reference can be used for referents that have an adequate
degree of salience in the discourse model. There are a variety of lex-
ical, syntactic, semantic, and discourse factors that appear to affect
salience.

These factors can be modeled and weighed against each other in a pro-
noun interpretation algorithm. due to Lappin and Leass (1994), that
achieves performance in the mid-80% range on some genres.
Discourses are not arbitrary collections of sentences; they must be co-
herent. Collections of well-formed and individually interpretable sen-
tences often form incoherent discourses when juxtaposed.

The process of establishing coherence, performed by applying the con-
straints imposed by one or more coherence relations, often leads to the
inference of additional information left unsaid by the speaker. The
unsound rule of logical abduction can be used for performing such in-
ference.

Discourses, like sentences. have hierarchical structure. Intermediate
groups of locally coherent utterances are called discourse segments.
Discourse structure recognition can be viewed as a by-product of dis-
course interpretation.
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BIBLIOGRAPHICAL AND HISTORICAL NOTES

Building on the foundations set by early systems for natural language under-
standing (Woods et al., 1972; Winograd. 1972b: Woods, 1978), much of the
damental work in computational approaches to discourse was performed
the late 70’s. Webber’s (1978, 1983) work provided fundamental insights
to how entities are represented in the discourse model and the ways in
which they can license subsequent reference. Many of the examples she pro-
vided continue to challenge theories of reference to this day. Grosz (1977a)
dressed the focus of attention that conversational participants maintain as
the discourse unfolds. She defined two levels of focus; entities relevant to
the entire discourse were said to be in global focus, whereas entities that are
ally in focus (i.e., most central to a particular utterance) were said to be
immediate focus. Sidner (1979, 1983) described a method for tracking
ediate) discourse foci and their use in resolving pronouns and demon-
ative noun phrases. She made a distinction between the current discourse
us and potential foci, which are the predecessors to the backward and
ard looking centers of centering theory respectively.

The roots of the centering approach originate from papers by Joshi and
(1979) and Joshi and Weinstein (1981), who addressed the relation-
ip between immediate focus and the inferences required to integrate the
: ent utterance into the discourse model. Grosz et al. (1983) integrated
s work with the prior work of Sidner and Grosz. This led to a manuscript
pn centering which, while widely circulated since 1986, remained unpub-
ed until Grosz et al. (1995). A series of papers on centering based on this
anuscript/paper were subsequently published (Kameyama, 1986; Brennan
, 1987; Di Eugenio, 1990; Walker et al.. 1994; Di Eugenio, 1996; Strube
Hahn, 1996: Kehler, 1997a. inter alia) . A collection of more recent cen-
¢ papers appears in Walker et al. (1998).

Researchers in the linguistics community have proposed accounts of
nformation status that referents hold in a discourse model (Chate, 1976;
e, 1981: Ariel, 1990: Prince, 1992: Gundel et al., 1993. Lambrecht,
94, inter alia). Prince (1992), for instance. analyzes information status
terms of two crosscutting dichotomies: hearer status and discourse sta-
and shows how these statuses correlate with the grammatical position
ferring expressions. Gundel et al. (1993). on the other hand, posits a
imensional scale with six statuses (called the givenness hierarchy), and
lates them with the linguistic form of referring expressions.
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Beginning with Hobbs's (1978) tree-search algorithm, researchers have
pursued syntax-based methods for identifving reference robustly mn naw-
rally occurring text. Building on the work of Lappin and Leass (1994,
Kennedy and Boguraev (1996) describe a similar system that does not rely
on a full syntactic parser. but merely a mechanism for identifying noun
phrases and labeling their grammatical roles. Both approaches use Alshawi’s
(1987) framework for integrating salience factors. An algorithm that uses
this framework for resolving references in a multimodal (i.e.. speech and
gesture) human-computer interface 1s described in Huls et al. (1995). A dis-
cussion of a variety of approaches to reference in operational systems can be
found in Mitkov and Boguraev (1997}.

Recently, several researchers have pursued methods for reference res-
olution based on supervised learning (Connolly et al.. 1994 Aone and Ben-
nett, 1995, McCarthy and Lehnert, 1995: Kehler, 1997b; Ge et al., 1993,
inter alia). In these studies, machine learning methods such as Bavesian
model induction, decision trees. and maximum entropy modeling were used
to train models from corpora annotated with coreference relations. A discus-
sion of some 1ssues that arise in annotating corpora for coreference can be
found in Poesio and Vieira (1998).

The MUC-6 information extraction evaluation included a common eval-
vation on coreference (Sundheim, 1995a). The task included coreference
between proper names, aliases. definite noun phrases. bare nouns, pronouns,
and even coreference indicated by syntactic relations such predicate nomi-
nals (“The Integra s the world's nicest looking car”) and appositives {“the
Integra. the world's nicest looking car.”). Performance was evaluated by
calculating recall and precision statistics based on the distance between the
equivalence classes of coreferent descriptions produced by a system and
those in a human-annotated answer key. Five of the seven sites which partic-
ipated in the evaluation achieved in the range of 51%-63% recall and 62%-
72% precision. A similar evaluation was also included as part of MUC-7.

Several researchers have posited sets of coherence relations that can
hold between utterances in a discourse (Halliday and Hasan. 1976; Hobbs,
1979a; Longacre. 1983; Mann and Thompson, 1987, Polanyi, 1988; Hobbs,
1990; Sanders et al., 1992, inter alia). A compendium of over 350 rela-
tions that have been proposed in the literature can be found in Hovy (1990).
The Linguistic Discourse Model (Polanyi, 1988: Scha and Polanyi, 1988)
is a framework in which discourse syntax is more heavily emphasized: in
this approach. a discourse parse tree is built on a clause-by-clause basis in
direct analogy with how a sentence parse tree is built on a constituent-by-
consiituent basis. A more recent line of work has applied a version of the
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ee-adjoining grammar formalism to discourse parsing (Webber et al., 1999,
nd citations therein). In addition to determining discourse structure and
peaning. theories of discourse coherence have been used in algorithms for
rpreting discourse-level linguistic phenomena, including pronoun resolu-
jon (Hobbs, 1979a: Kehler, 2000), verb phrase ellipsis and gapping (Priist.
2; Asher. 1993: Kehler. 1993, 1994a). and tense interpretation (Las-
ides and Asher, 1993; Kehler, 1994b, 2000). An extensive investigation
the relationship between coherence relations and discourse connectives
be found in Knott and Dale (1994).

ERCISES

8.1 Early work in syntactic theory attempted to characterize rules for
nominalization through purely syntactic means. A rule was proposed in
ch a pronoun was interpreted by deleting it from the syntactic structure
the sentence that contains it. and replacing it with the syntactic represen-
on of the antecedent noun phrase.

: Explain why the following sentences (called ““Bach-Peters” sentences)
re problematic for such an analysis:

;.121) The man who deserves it gets the prize he wants.
18.122) The pilot who shot at it hit the MIG that chased him.

Vhat other types of reference discussed on pages 673-678 are problematic
or this type of analysis?

. Now, consider the following example (Karttunen, 1969):

18.123) The student who revised his paper did better than the student
who handed it in as is.

; at is the preferred reading for the pronoun it, and why is it different and
teresting? Describe why the syntactic account described above can be seen
redict this reading. Is this type of reading common? Construct some
erficially similar examples that nonetheless appear not to have a similar
ing.

Webber (1978) offers examples in which the same referent appears to
rt either singular or plural agreement:

124) John gave Mary five dollars. fz was more than he gave Sue.

125) John gave Mary five dollars. One of them was counterfeit.

at might account for this? Describe how representations of referents like
ollars in the discourse model could be made to allow such behavior.
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Next, consider the following examples (from Webber and Baldw;
(1992)):
{18.126) John made a handbag from an inner tube.
. He sold it for twenty dollars.
He had taken it from his brother’s car.

Neither of them was particularly useful.
d. * He sold them for fifty dollars.

o Z e

Why is plural reference to the handbag and the inner tube possible in seq
tence (18.126¢), but not (18.126d)? Again, discuss how representations j
the discourse model could be made to support this behavior.
18.3 Draw syntactic trees for example (18.68) on page 687 and apply Hobbs’g
tree search algorithm to it. showing each step in the search. '

18.4 Recall that Hobbs's algorithm does not have an explicit representa-
tion of a discourse model, salience, or preferences. Discuss which of the
preferences we have described are approximated by the search process over
syntactic representations as Hobbs has defined it. and how.

18.5 Hobbs (1977) cites the following examples from his corpus as bein
problematic for his tree-search algorithm:

(18.127) The positions of pillars in one hall were marked by river boulders
and a shaped convex cushion of bronze that had served as their
footings.

(18.128) They were at once assigned an important place among the scanty
remains which record the physical developments of the human
race from the time of its first appearance in Asia.

(18.129) Sites at which the coarse grey pottery of the Shang period has ié
been discovered do not extend far beyond the southernmost reach
of the Yellow river, or westward beyond its junction with the Wei.

(18.130) The thin, hard. black-burnished pottery, made in shapes of
angular profile, which archeologists consider as the clearest
hallmark of the Lung Shan culture, developed in the east. The
site from which it takes its name is in Shantung. It is traced to the
north-east as far as Liao-ning province.

(18.131) He had the duty of performing the national sacrifices to heaven
and earth: his role as source of honours and material rewards for
services rendered by feudal lords and ministers is commemorated
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in thousands of inscriptions made by the recipients on bronze
vessels which were eventually deposited in their graves.

each case. identify the correct referent of the underlined pronoun and the
e that the algorithm will identify incorrectly. Discuss any factors that come
o play in determining the correct referent in each case. and what types of
ormation might be necessary to account for them.

.6 Consider the following passage, from Brennan et al. (1987):

8.132) Brennan drives an Alfa Romeo.
She drives too fast.

Friedman races her on weekends.
She goes to Laguna Seca.

entify the referent that the BFP algorithm finds for the pronoun in the final
tence. Do you agree with this choice, or do you find the example ambigu-
s? Discuss why introducing a new noun phrase in subject position., with
pronominalized reference in object position, might lead to an ambiguity
a subject pronoun in the next sentence. What preferences are competing
e”?

.7 The approaches to pronoun resolution discussed in this chapter de-
nd on accurate parsing: Hobbs’s tree search algorithm assumes a full
ntactic tree, and Lappin and Leass's algorithm and centering requires that
_ atical roles are assigned correctly. Given the current state of the art
in syntactic processing, highly accurate syntactic structures are currently not
eliably computable. Therefore, real-world algorithms must choose between
'_e of two options: (1) use a parser to generate (often inaccurate) syntactic
nalyses and use them as such. or (2) to eschew full syntactic analysis al-
together and base the algorithm on partial syntactic analysis, such as noun
ase recognition. The Lappin and Leass system took the first option, us-
a highly developed parser. However, one could take the second option,
d augment their algorithm so that surface position is used to approximate
grammatical role hierarchy.

Design a set of preferences for the Lappin and Leass method that as-
es that only noun phrases are bracketed in the input. Construct six ex-
',__=r ples: (1) two that are handled by both methods, (2) two examples that
.appin and Leass handle but that are not handled by your adaptation, and
3) two that are not handled correctly by either algorithm. Make sure the
Xam ples are nontrivially different.
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18.8 Consider passages (18.133a-b), adapted from Winograd (1972b).
(18.133) The city council denied the demonstrators a permit because

a. they feared violence.
b. they advocated violence.

What are the correct interpretations for the pronouns in each case? Sketch
out an analysis of each in the interpretation as abduction framework, in
which these reference assignments are made as a by-product of establish-
ing the Explanation relation.

18.9 Coherence relations may also apply temporal constraints to the events
or states denoted by sentences in a discourse. These constraints must be com-
patible with the temporal information indicated by the tenses used. Consider
the two follow-on sentences in example (18.134):

(18.134) John got in a car accident.

a. He drank a six-pack of beer.
b. He had drunk a six-pack of beer.

In what order do the events occur in each case? What coherence relation is
operative in each case? Discuss what might account for this difference given
the fact that causes precede effects.

18.10 The coherence relations Result and Explanation are highly related,
in that Explanation is essentially the same as Result except with the oppo-
site ordering of clauses. These two relations are exemplified in examples
(18.135) and (18.136).

(18.135) Bill was drunk, so John hid his car keys.

(18.136) John hid Bill's car keys because he was drunk.

Now consider the following examples:

(18.137) Bill was drunk, but John didn’t hide his car keys.

(18.138) John hid Bill’s car keys. even though he wasn’t drunk.

The coherence relations underlying examples (18.137) and (18.138) have

been called Violated Expectation and Denial of Preventer respectively.
Define the constraints that these two relations impose, using those for

Result and Explanation as a guide. Discuss how we might consider all four
relations to be parameterized versions of a single relation.

18.11 Select an editorial column from your favorite newspaper, and deter-
mine the discourse structure for a 10-20 sentence portion. What problems
did you encounter? Were you helped by superficial cues the speaker included
(e.g.. discourse connectives) in any places?
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