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1. Introduction

Machine learning methods have been successfully ap-
plied to a number of language technology tasks. Pre-
vious work has to a large extent been focused on intra-
sentential phenomenon, such as part of speech tag-
ging, phrase chunking and named entity recognition.
The purpose of this report is to investigate the ef-
forts made in applying machine learning methods for
handling the inter-sentential linguistic phenomenon of
anaphoric reference and coreference in text. Due to
the amount of literature available on the subject, this
report will not present a paper-by-paper survey, but
rather try to synthesise the information available in
the sources and line up general observations. When
necessary, individual approaches will be examined and
disseminated. On a general note, Mitkov (2002) pro-
vides a point of departure for the computational treat-
ment of anaphora resolution.

The term reference resolution in the title of this re-
port is deliberately somewhat vague as it covers both
coreference and anaphora'. While coreference is de-
fined as a relation holding between noun phrases if
they refer to the same entity (see e.g. (Hirschman
and Chinchor, 1997)), anaphora is understood as the
presupposition of something that has gone before and
that points back to some previous item (Halliday and
Hasan, 1976). Thus, there is a difference between
anaphora and coreference, and, as van Deemter and
Kibble (2000) point out; coreference is an equivalence
relation, while anaphora is irreflexive, non-symmetrical
and non-transitive relation. This imply that the phe-
nomenon of anaphora is sensitive to context, while
coreference is not.

A number of approaches has been proposed for En-
glish noun phrase reference resolution, e.g., McCarthy
and Lehnert (1995), Cardie and Wagstaff (1999), Soon
et al (2001), Harabagiu et al (2001), Preiss (2002), Ng
and Cardie (2002c; 2002b; 2002a; 2003a; 2003b), Yang
et al (2003), as well as for Japanese noun phrases, e.g,
Lida et al (2003), and German, e.g, Strube et al (2002),
Miiller et al (2002). Some attempts at solving English

!The related concept of cataphora is rarely dealt with;
in the present survey, it was found briefly mentioned by
Stuckardt (2002) and by Evans (2001).
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anaphora is reported by, e.g, Connolly et al (1997),
and Ge et al (1998), while Evans (2001) report on ex-
periments for automatic classification of it. Aone and
Bennett (1995) report on work on Japanese, especially
the treatment of zero-pronouns. Modejska et al (2003)
report on experiments done on solving other-anaphora,
that is, referential noun phrases modified by “other” or
“another” and having non-structural antecedents. Fi-
nally, Soderland and Lehnert (1994a; 1994b) describe
the implementation of a system for inter-sentential ref-
erence generation in the setting of an information ex-
traction system.

2.

The problem of resolving references is often perceived
as identifying chains of referents, often across sentence
boundaries, and sometimes even across documents.
To make the problem more manageable for machine
learning algorithms, it is often recasted as a classifi-
cation and a clustering task. A classifier determines
whether or not two potential referents are coreferent
or anaphoric, and a clustering mechanism coordinates
the pairwise coreferent items into partitions, each of
which contains the items that refer to the same entity.
Since coreference is an equivalence relation, and
anaphora is not, the two types of reference need some-
what different treatment. Coarsely, it can be argued
that clustering is always performed implicitly in the
case of anaphoric reference resolution, that is, since
one is bound to look for an antecedent noun phrase
rather than a pronoun that points to a noun phrase,
what is obtained is a cluster of pronouns referring to
the same noun phrase, rather than a chain of referents
pointing back to a noun phrase. Thus anaphora res-
olution, as reported on by Aone and Bennett (1995),
Connolly et al (1997), and Ge et al (1998), may be
seen as a special case of coreference. In the following
sections, coreference is what will be focused on.

Recasting the problem

2.1. Classification

Recasting the reference resolution problem as a clas-
sification task introduces a couple of new problems.
First, it is necessary to know what in the input text is
to be considered as candidates for classification. Sec-
ond, given that we know about what kind of entities we



have at our disposal, how do we choose an appropriate
set to feed to the classifier?

Textual entities participating in a coreference rela-
tion are known as markables (Soon et al., 2001). Mark-
ables, which constitutes the candidates for classifica-
tion, can be, e.g., definite noun phrases, demonstra-
tive noun phrases, or proper names. In theory, a pre-
condition for classification is to obtain all markables
and nothing but the markables present in the input
text, i.e., all noun phrases participating in coreference
relations in the document. In practice, however, the
input to the reference resolver is often far from per-
fect; the identification of markables rely on non-perfect
up-stream components such as part-of-speech taggers
and phrase chunkers, each introducing an error which
might have grown large by the time the input is pre-
pared for the reference resolver (Mitkov, 2001).

To assess that a machine learning algorithm under
investigation constitutes a plausible route toward a so-
lution, it is sometimes necessary to ignore the error-
chaining effect and assume that the input to the clas-
sifier is perfect. This is done by, e.g., Soderland and
Lehnert (1994a; 1994b), who describe an approach in-
volving interacting decision trees (the ID3 algorithm;
see, e.g., (Mitchell, 1997)), aiming at inter-sentential
inference generation implemented in a system called
Wrap-Up. Soderland and Lehnert (1994a; 1994b) es-
tablish that their approach serves its purpose; to in-
crease portability and reduce development time with-
out degradation of overall system performance. In set-
tings like these, where a non-learning module is re-
placed by a learning one in an existing system (an in-
formation extraction system in the case of Wrap-Up),
it is possible to assess the contribution made by the
learning module w.r.t. the relative performance of the
non-learning module. Then, for the sake of relative
performance, it is possible to ignore the error-chaining
effect and still conduct a meaningful evaluation. Ex-
periments along these lines were carried out by, e.g.,
McCarthy and Lehnert (1995) who, as Soderland and
Lehnert (1994a; 1994b), performed comparative evalu-
ations of non-learning and learning reference resolution
systems using the MUC-5 corpora. The learning com-
ponent performed on par with the non-learning one in
these experiments.

The other, perhaps more pragmatic approach to
reference resolution, is one where the negative effect of
error-chaining is not neglected. For instance, Soon et
al (2001) present an experiment in which the perfor-
mance of the learning reference resolution components
is not contrasted with a non-learning component in the
same process pipeline. Ng and Cardie (2002a) take a
different approach and employ a pre-processing compo-
nent for deciding whether or not a given noun phrase
is anaphoric, before submitting it to the coreference
classifier.

Once the markables in the input are known, it is
possible to adopt an approach where, for every noun

phrase A for which we look for antecedents or corefer-
ring noun phrases, all combinations of A and a mark-
able are submitted to the coreference classifier. How-
ever, this may lead to undesired increases in time and
memory required for classification. A solution would
be to pick out a smaller candidate set of markables
to combine with A. Most of the papers in this survey
does not concern themselves with this issue. Others
do, for instance, Yang et al (2003) elaborate on a can-
didate filter that “eliminate the invalid or irrelevant
candidates”, while Ge et al (1998) make use of Hobb’s
algorithm for pronoun resolution (Hobbs, 1986) in or-
der to obtain a set of candidate antecedents.

When the markables have been identified (and an
appropriate set of candidates have been established),
the scene is set for a classifier to pick out referents.
There are several ways of obtaining a classifier for ref-
erence resolution, and the kind of classifier suitable de-
pends on, among other things, the training data avail-
able (see Section 4.) and how data is represented (see
Section 3.). Table 1 outlines the machine learning al-
gorithms used in the surveyed papers.

2.2. Clustering

The output from a classifier is often a set of pairs of
coreferring noun phrases. In order to form corefer-
ence chains, these pairs must be grouped together, each
group representing a coreference chain. As pointed out
by Ng and Cardie (2002a), realising the problem of
coreference in terms of pair-wise classification of can-
didate noun phrases, makes impossible the enforce-
ment of the transitivity constraint inherent in coref-
erence. For example, a classifier might classify noun
phrases A and B as coreferent, and B and C as coref-
erent, but it might also conclude that A and C are not
coreferent. This problem is present in the single-link
clustering algorithm (described by, e.g., Manning and
Schiitze (1999)), which is commonly used in the ref-
erence resolution. Single-link clustering produce clus-
ters that are locally coherent. However, the clusters
obtained may be elongated due to what is called the
chaining effect which occurs when a chain of large sim-
ilarities is exploited without taking into account the
global context. As a result, the distance between two
objects in the same cluster may be greater than the
distance between one of the objects and an object sit-
uated outside the cluster.

A couple of alternative clustering algorithms are
proposed in the literature. Kehler (1997) utilise Demp-
ster’s Rule of Combination to combine pairwise, possi-
bly contradictory, probability distributions into a third
probability distribution that represent the consensus of
the original two. This way, Kehler manages to assign
probabilities to alternative sets of coreference relations
produced by an existing, rule based information ex-
traction system.

Ng and Cardie (2002c; 2002a) propose a best-first
clustering algorithm that find the most likely corefer-



Machine learning method

Author(s), implementation (where applicable)

Decision trees
(Mitchell, 1997)

Soderland and Lehnert (1994a; 1994b), ID3
McCarthy and Lehnert (1995), C4.5

Aone and Bennett (1995), C4.5

Connolly et al (1997), C4.5

Stuckardt (2002), C4.5

Ng and Cardie (2002c; 2002b), C4.5

Soon et al (2001), C5.0

Yang et al (2003), C5.0

Strube et al (2002), J48

Miiller et al (2002), J48

Naive Bayes
(Mitchell, 1997)

Connolly et al (1997)

Ge et al (1998)

Ng and Cardie (2003a; 2003b)
Modejska et al (2003)

Rule learning
(Cohen, 1995) and
(Harabagiu et al., 2001)

Ng and Cardie (2002c; 2002b; 2002a), Ripper
Harabagiu et al (2001)

Genetic algorithms
(Mitchell, 1997)

Byron and Allen (1999)
Evans (2002)

Memory-based learning
(Mitchell, 1997)

Evans (2001), TiMBL
Preiss (2002), TiMBL

Maximum entropy
(Berger et al., 1996)

Kehler (1997)

Neural networks
(Mitchell, 1997)

Connolly et al (1997)

Clustering
(Manning and Schiitze, 1999)

Cardie and Wagstaff (1999)

Decision lists
(Collins and Singer, 1999)

Ng and Cardie (2003a)

Support vector machines
(Boser et al., 1992) and
(Cortes and Vapnik, 1995)

Lida et al (2003)

Co-training
(Blum and Mitchell, 1998)

Miiller et al (2002)
Ng and Cardie (2003a; 2003b)

Self-training
(Banko and Brill, 2001)

Ng and Cardie (2003b)

Expectation-Maximization
(Nigam et al., 2000)

Ng and Cardie (2003b)

Table 1: Machine learning methods used in the surveyed papers. References in the left column indicate sources

of information on a particular machine learning method.

ent noun phrase, rather than the first coreferent noun
phrase that would be obtained using a single-link clus-
terer.

2.3. Classification as clustering

There are, of course, exceptions to the classifica-
tion/clustering approach to reference resolution out-
lined in Section 2.. Cardie and Wagstaff (1999) view
noun phrase resolution as a pure clustering problem
and introduce an unsupervised, greedy clustering al-
gorithm for partitioning noun phrases into equivalence
classes. The algorithm start at the end of the input
text, and works toward the beginning. FEach noun
phrase is compared to all preceding noun phrases, and
if the distance, according to some metric, is less than
a given threshold, the classes of the noun phrases com-
pared are considered for merging. Two classes can

be merged unless they contain any incompatible noun
phrases. Roughly, the incompatibility measure is de-
fined as a function for each feature used in representing
the noun phrases.

The performance reported by Cardie and
Wagstaff (1999) place their approach in the mid-
dle of the field when evaluated on the MUC-6
coreference resolution data set.

2.4. Hybrid approaches

There are also efforts reported on combining non-
learning coreference resolution systems with learning
ones. Kehler (1997) reports on a method for assigning
probability distributions to alternative sets of corefer-
ring entities in the output of a non-learning informa-
tion extraction system. Kehler envisions a scenario
in which the extraction system is only one of several



sources of information. A downstream system must
then be able to combine the, possibly contradictory, ev-
idence delivered from the information sources. To ac-
commodate for this, each source must be assigned the
probability that the information it delivers is reliable
according to some criterion. This way, the downstream
system can disregard unreliable information from one
source in favor of more reliable information produced
by another.

Byron and Allen (1999) present a very short report
on using genetic algorithms for automatically assigning
weights to the factors contributing to a non-learning
pronoun resolution system’s overall performance.

Genetic  algorithms are also employed by
Evans (2002), who present work on modifying
an existing non-learning pronominal anaphora res-
olution system to account for different types of
pronouns being treated in different ways. The working
hypothesis is that the performance of the non-learning
system will improve if the system is allowed to behave
differently when resolving different types of pronouns.
Evans (2002) report that the approach improved
the performance of the original non-learning system
for some particular texts but not all for all texts
in general. Evans points out that there was not
enough representative data available for the genetic
algorithms to train properly, but on the other hand he
states “Unfortunately, the more data is available, the
less likely it is that the GA will find values to obtain
increased performance” (Evans, 2002).

Finally, Stuckardt (2002) combines a robust
general-domain non-learning anaphora resolution sys-
tem with a learning system that contributes domain
knowledge. The combined system is found to perform
on par with the original non-learning system.

3. Features

Features are the means by which the characteristics of
the data to learn from are described to a machine learn-
ing algorithm. As noted by, e.g., Stuckardt (2002),
finding an appropriate set of features that is hard and
time consuming. Not only should the features reflect
the concept under investigation in an elaborate (and
sometime even redundant) manner, the features should
also be computationally inexpensive to obtain from the
input data. Tables 2 and 3, contain a outline of the
features and data used for anaphoric, and coreference
resolution, respectively, covered by the papers under
investigation.

For anaphora resolution, the number features re-
ported on in the surveyed papers range from 4 (Ge et
al., 1998) to 66 (Aone and Bennett, 1995). The same
figures for coreference resolution are 8 (McCarthy and
Lehnert, 1995) and 53 (Ng and Cardie, 2002c).2 The

2The attentive reader have noticed that Kehler (1997)
exploits only three characteristics. ~However, the task
Kehler investigates is assigning probability distributions to

type of features used are often related to the imme-
diate local context of the markables to classify, and
sometime to the pair of markables under consideration.
Walker (1989), who manually compared two linguis-
tically motivated algorithms for anaphora resolution
((Hobbs, 1986), (Brennan et al., 1987)), found that
global focus, cue words and syntax are important fac-
tors to discourse components. In general, the features
used are not grounded in linguistic theories about ref-
erence. One exception is reported by Lida et al (2003)
who show that centering features contribute to better
performance of their coreference resolution system for
Japanese.

4. Data

Obtaining training and test data is generally a bottle-
neck to most supervised machine learning approaches,
and it seems to constitute a major obstacle to learning
systems dealing with high level abstraction of linguistic
phenomenon in particular. One problem is the amount
of annotated text needed in order to properly cover
high level abstractions such as reference resolution; the
higher the abstraction level, the higher the risque of
data sparseness. An annotator simply has to process
much more text to cover enough instances of reference
resolution than needed for, say, part of speech tagging.
Another problem is the fact that humans do not always
agree on how to define and mark high level linguistic
phenomenon in text. For instance, when humans an-
notates texts for coreference to be used for training and
testing, the inter-annotator agreement has been found
to be rather low; in a study conducted on the MUC-6
and MUC-7 data sets used in evaluating information
extraction systems, Hirschman et al (1997) found the
inter-annotator agreement to be in the lower 90’s for
the task of annotating coreference.

4.1. Available corpora

Several of the authors of the papers underlying this
report, acknowledge the need for more publicly avail-
able data annotated for anaphora and coreference. As
can be seen in tables 2 and 3, the MUC-6 and MUC-7
corpora are popular. They have now grown to become
a de-facto gold standard by which researchers are able
to compare their results. The MUC-6 and MUC-7 cor-
pora are both available for purchase from the Linguis-
tic Data Consortium (Chinchor and Sundheim, 1996;
Chinchor and Sundheim, 2003), (Linguistic Data Con-
sortium, 2001).

4.2, From annotated corpora to machine
learning data

To be of use for a machine learning algorithm when
training a classifier, an annotated data set must be
converted to training examples in which each train-
ing instance is described by the feature set of choice.

alternative sets of given coreferents, not to find the refer-
ents themselves.



Most machine learning algorithms require the presence
of both positive and negative instances to be able to
learn in an optimal manner. The type of features cho-
sen determines the contents of the training instances; a
training instance is often constituted by a pair of core-
ferring noun phrases (a positive example) or a pair of
non-coreferring noun phrases (a negative example).

Perhaps the most intuitive, and naive way of trans-
forming an annotated corpus to training instances,
would be to, for each coreferring pair of markables,
consider the pair as a positive example, and all other
pairs of markables as negative examples. However,
such a transformation would mean that the result-
ing training data would be severely skewed: Ng and
Cardie (2002a) point out that coreference is a rare rela-
tion, meaning that most noun phrases in a text are not
coreferent, and that the standard MUC-6 and MUC-7
corpora contain only 2% positive instances. Ng and
Cardie (2002a) propose a way of selecting training in-
stances that samples both the negative and positive in-
stances to build a more appropriate training set. The
negative sample selection serves the purpose of reduc-
ing the amount of negative training data by selecting
only those negative examples that lie between a coref-
erent markable and its farthest preceding antecedent.
To remedy the drop in precision introduced by negative
sample selection, Ng and Cardie propose a method for
positive sample selection in order to find confident ex-
amples that are easy to learn. Ng and Cardie (2002a)
show that their approach to sample selection improves
overall system performance.

Harabagiu et al (2001) exploit coreference chains
in order to explode the amount of training examples
available from an annotated corpus. Harabagiu et al
rely on the transitivity of coreference relations to ob-
tain coreference chains. A coreference chain of length [
can generate (I — 1)(I — 2)/2 new coreference relations.
Given, e.g., the 1845 original anaphoric relations avail-
able in the MUC-7 corpus, Harabagiu et al (2001) gen-
erate 15858 new such relations.

4.3. Weakly supervised approaches to
reference resolution

A way of circumventing the problem of small data sets,
is to exploit meta machine learning methods for boot-
strapping a learner while, at the same time, building a
larger data set.

Miiller et al (2002) use co-training (Blum and
Mitchell, 1998) in order to reduce the amount of man-
ual work needed for creating training data. Co-training
is a weakly-supervised meta learning algorithm that
utilises two simple classifiers, a small amount of la-
beled training data, as well as a large pool unlabeled
data, for bootstrapping a larger annotated data set.
The two simple classifiers are first trained on different
parts of the features describing the labeled training
data. Then the co-training algorithm utilises the sim-
ple classifiers by letting them, in turn, label parts of

the unlabeled data. Instances labeled by one classifier
is added to the other classifier’s training data. For co-
training to work, the feature sets (views) used by the
simple classifiers must be disjoint, but still elaborate
enough for each classifier to learn the task at hand.

The results presented by Miiller et al (2002) are
“mostly negative”, and one source of the problem
is that it is hard to split the feature set used in
coreference resolution into the two disjoint and re-
dundant views required by the co-training algorithm.
Ng and Cardie (2003a) propose a single-view weakly-
supervised algorithm to bootstrap classifiers without
having to rely on a feature split. Their algorithm uses
two different learning algorithms to train two classifiers
using the same set of features on a split of the labeled
training data. At each iteration, each classifier labels
all the data in the pool of unlabeled data. The best
instances, according to some metric, are added to the
training data set of the other classifier, and vice versa.
The pool of unlabeled data is re-populated with new
data after each iteration. Ng and Cardie (2003a) show
that their approach outperforms co-training in a com-
parative evaluation. Single-view training is claimed to
be an alternative to co-training for tasks where no nat-
ural feature split has been found.

5. Evaluation

Three things can be said for sure about evaluation
of reference resolution systems: There exists no per-
fect algorithm for resolving references, even in theory;
The data sets that has become de-facto gold standard
for evaluating reference resolution, MUC-6 and MUC-
7 (see Section 4.1.), are claimed not to be perfect; The
prevalent scheme for evaluating reference resolution is
not uncontested.

Walker (1989) presents quantitative as well as qual-
itative results from a study of hand-simulating two
recognized algorithms for pronoun resolution; that of
Hobb’s (1986) and the centering approach presented
by Brennan et al (1987). No significant difference is
found between the performance of the two algorithms.
Although results of algorithms cannot be compared
out-of-context, it is worth mentioning that the results
from Walker’s (1989) hand-simulated study place the
accuracy of the Hobb’s algorithm and the centering
approach in the high 80’s to low 90’s on the task of
resolving pronouns.

van Deemter and Kibble (2000) argues that what
is marked as coreference information in the MUC cor-
pora are in fact not coreference relations proper; “As
a result, it is not always clear what semantic relation
these annotations are encoding.” Concluding the dis-
cussion about the annotation of reference, van Deemter
and Kibble (2000) states “...we would like to submit
that corpus-based research is sometimes insufficiently
informed by theory.”

Further, the scheme for calculating the accuracy
on the mentioned corpora (Vilain et al., 1995) is



not uncontested. Bagga and Baldwin (1998) present
the weaknesses and strengths for a number of differ-
ent scoring algorithms, and come to the conclusion
that the algorithm of Vilain et al suits applications
applications that concern single coreference relations
at a time rather than equivalence classes of corefer-
ents. Bagga (1998) outlines a framework for evaluating
coreference resolution systems.

Despite the above mentioned shortcomings, re-
searchers are able to compare their efforts using the
MUC data. The best performance by machine learn-
ing approaches to anaphora reference and coreference
reported are on par with manually crafted systems,
with F-scores ranging from mid 60’s to lower 70’s on
MUC-6 and MUC-7 data, respectively.

6. Conclusions

Although the present survey of machine learning for
anaphora and coreference does not cover all sources of
information on the subject, some general observations
can be made.

At first, hand-crafted reference systems were un-
contested the best and the purpose of machine learning
experiments on the subject were primarily to investi-
gate the possibility to create a learning-system that
could compete with a non-learning one. As learn-
ing systems gained in performance, the focus of the
machine learning community shifted toward means to
alleviate the need of annotated data. Today, learn-
ing systems are claimed to perform well on par with
their non-learning siblings, and combinations of learn-
ing and non-learning systems seem to be the path of
the future.

Two remarks to conclude this report: While the
machine learning community seems to be focused
on obtaining good performance using “cheap” meth-
ods, requiring as domain independent linguistic pre-
processing as possible, the evaluation data of choice
is still the rather narrow domain represented in the
MUC-6 and MUC-7 corpora.

The argument by van Deemter and Kibble (2000)
that the corpus-based research is insufficiently in-
formed by theory seems valid and is very important; in
general, the features used seem somewhat ad hoc and
it is not always evident where they stem from.
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Table 2: Overview of the features and data used for anaphora resolution in the surveyed papers. The features

are elaborated on in respective paper, unless oterwise noted.
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(Continued

Table 3: Overview of the features and data used for coreference resolution in the surveyed papers.

on next page.)
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Table 3: (Continued from previous page.) Overview of the features and data used for coreference resolution in

the surveyed papers.



