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Abstract 

 

This paper surveys recent developments of machine learning methods for coreference resolution. 
Accurate coreference resolution requires leveraging all levels of knowledge about human language, 
including morphological, syntactic, semantic and pragmatic analysis. The success of a machine 
learning system depends on several major choices: the feature set, the training algorithm and the 
resolution algorithm. We discuss all three aspects in detail. Because coreference resolution is 
inherently a clustering problem, the evaluation is less straightforward than that for classification. We 
compare all widely used evaluation metrics for this task. We also present some empirical evaluation 
results of existing systems on public data sets, and compare them along different dimensions. 

 

1 Introduction 
The goal of coreference resolution is to find all noun phrases (NPs) referring to the same real-world 
entity. An NP can be a pronominal phrase (e.g. he), a nominal phrase (e.g. the king) or a named entity 
(e.g. Carnegie Mellon). Coreference resolution is easy for humans, but hard for computers. It can be 
applied to various tasks including information extraction, information retrieval, question answering, 
machine translation and text summarization. As in many areas of NLP, the early methods for 
coreference resolution were built with hand-crafted rules. In the past decade, machine learning 
methods have shown advantages over knowledge-based ones.  

This paper will focus on developments since 2002, highlighting some important ideas from 
earlier literature. For a comprehensive overview of coreference resolution before 2002, readers are 
referred to (Ng, 2002) and (Elango, 2005). This paper will not cover cross-document entity resolution 
(Bhattacharya and Getoor, 2006) and abstract reference resolution (Byron, 2002). 

Coreference resolution is essentially a clustering problem. NPs in a document are partitioned into 
clusters, with each cluster referring to a single entity. A typical coreference resolution system consists 
of five key components: 

(1) NP identification. Named entity recognizer and NP chunkers are used to identify NPs in the 
document. 

(2) Feature generation. Many NLP tools (e.g., POS taggers, parsers) are used to produce a rich set of 
features, including positional, morphological, syntactic and semantic ones. 

(3) Distance measure. The foundation of a clustering algorithm is the distance measure. NPs close to 
each other are connected to form a cluster. The distance can be calculated by combining features in 
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different ways. Besides NP-to-NP distance, some clustering algorithms also need NP-to-cluster, or 
even cluster-to-cluster distance. 

(4) Clustering algorithm. Given a distance measure, we can use different clustering algorithms to 
partition the set of NPs. The early methods are mostly local and greedy. They connect NP to the 
nearest NP, and incrementally construct the cluster. More recent methods try to find the globally 
optimal clustering results. Since the search space for clustering is exponentially large, approximation 
algorithms are needed for global methods. The clustering problem can also be cast to a sequence 
search problem, which can be solved using beam search algorithms. 

(5) Training instance construction. Both the distance measure and clustering algorithm have 
parameters, which can be learned from training data. Different clustering algorithms require different 
instance (positive and negative) construction methods, which is not always as straightforward as in 
classification problems.  

(6)  Testing instance construction. During testing (decoding), the cluster labels are unknown. 
Therefore, the instance construction is slightly different from that of training. 

The rest of this paper is structured as follows: Section 2 describes commonly used features. 
Section 3 presents methods for evaluating the likelihood of coreference between NPs. Several 
clustering algorithms (from local to global) are presented in Section 4. Three learning styles (from 
supervised to unsupervised) are discussed in Section 5. Section 6 briefly lists some commonly used 
data sets, analyzes five evaluation methods, and presents empirical evaluation results for different 
systems. Section 7 concludes the paper and provides directions for future research. 

 

2 Features 
Virtually all levels of linguistic analysis can be useful for coreference resolution. Pre-processing is 
required to produce a rich set of features. Commonly used pre-processing modules include 
morphological processing, NP chunking, POS taggers, named entity recognizers and parsers. The 
performance of coreference resolution heavily depends on the quality of pre-processing. In this section, 
we present a set of basic features commonly used by current coreference resolution systems. Then we 
introduce semantic similarity and relatedness features derived from large corpora (e.g., Wikipedia and 
the Web). Finally we present some high-level features including anaphoricity and coreferentiality. 

 

2.1 Basic Features 
Soon et al. (2001) present a set of 12 features, which Ng and Cardie (2002b) augment to include 53 
features, including positional, morphological, lexical, syntactic, semantic and even pragmatic features. 
Most current systems are built on this feature set, with some modification and augmentation.  

Table 1 shows the basic features used by current coreference resolution systems. It differentiates 
hard constraints and soft features. Zhou and Su (2004) use hard constraints to reduce the number of 
candidate antecedents, and use soft features to pick the most likely antecedent for each anaphor. In 
practice, hard constraints are often treated as soft features, because the pre-processors required to 
produce features are not perfect. Schiehlen (2004) shows that most common hard constraints are not 
truly “hard” (at least for German). Strictly applying any single hard constraint will filter out around 
10% of real antecedents. Fortunately, current machine learning algorithms are good at weighting 
features by their usefulness and combining evidences from different sources. 
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Table 1: Basic features for coreference resolution 

(features with * are hard constraint, others are soft features) 

Feature Description 

Positional features 

*Span In nested NPs (e.g., the captains’ daughter), one NP spans the other, which 
implies they are different entities. 

Distance Number of words, nouns or sentences between two NPs. 

 

Morphological features 

*Gender Agreement on masculine, feminine or neuter. 

*Number  Agreement on singular, dual or plural. 

*Animacy Agreement on humans, animals, plants, natural forces or others. 

String matching Complete or partial string matching. 

Alias For example, IBM is an alias for International Business Machines Corp. 

Minimum edit 
distance 

Strube et al. (2002) showed that Wagner and Fischer’s minimum edit distance 
is an effective feature for German coreference resolution. 

Part-of-speech Categories of NPs, including pronoun, proper nouns, demonstrative NPs (this 
car), definite NPs (the car) and indefinite NPs (a car). Modjeska et al. (2003) 
specifically studied “other-anaphora” (e.g., “other”, “another”). 

 

Syntactic features 

*Apposition Two NPs are placed side by side. 

*Predicate 
nominal 
construction 

Two NPs form a predicate nominal construction. 

*Binding  Two NPs conform to principles B and C in the Binding Theory (Chomsky 
1981).1 The Binding Theory defines conditions for two NPs to be coreferent or 
non-coreferent. 

*Contra-indices 

 

NPs cannot be co-indexed based on simple heuristics. For example, in “CMU in 
Pittsburgh”, CMU and Pittsburgh must be different entities.  

Maximal NP 
projection 

Two NPs have the same maximal NP projection. 

Parse tree 
similarity 

The similarity between the sub parse trees covering the anaphor and the 
antecedent. (Yang et al., 2006) 

Collocation Match Two NPs precede or follow different appearances of the same verb. 

                                                        
1 See http://en.wikipedia.org/wiki/Government_and_binding for details. 
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Table 1: Basic features for coreference resolution 

(features with * are hard constraint, others are soft features) 

Feature Description 

Syntactic 
parallelism 

Two NPs have the same syntactic roles. 

 

Semantic features 

Named Entity 
class 

Common classes provided by NER include person, organization, location, 
facility and GPE (geographical-political entity). 

WordNet 
Semantic class 

Two NPs have the same WordNet semantic class. Versley (2007) uses 
GermaNet (a part of EuroWordNet) for German coreference resolution. 

 

2.2 Corpus-based Semantic Features 
The WordNet semantic class feature is widely used for coreference resolution. However, it has several 
limitations. First, it is manually constructed, and therefore it has limited coverage. Specifically, it does 
not cover most proper nouns. Second, WordNet only provides hierarchical hyponyms and synonyms, 
but cannot measure the general relatedness between two NPs. Third, WordNet provides a list of senses 
for each word. Most systems just pick the first sense, because it is hard to pick the right sense without 
any contextual information. In order to overcome this knowledge gap, researchers try to derive 
semantic relatedness information from large corpora, like Wikipedia and the Web. 

Modjeska et al. (2003) use simple patterns to extract co-occurrence frequency of two NPs. For 
example, if the pattern “X and other Y” occurs frequently, then X and Y are probably synonyms. They 
get individual frequencies of X and Y from Google, and calculate the pointwise mutual information 
(PMI) between X and Y. If the PMI is high, they are likely to be coreferent. Martket and Nissim (2005)  
compare the knowledge extracted from WordNet, British National Corpus and the Web. Their Web-
based method outperforms WordNet-based method on other-anaphora resolution, and achieves 
comparable performance with a WordNet-based method on definite-NP coreference resolution. 
Poesion et al. (2004a) use Google to count patterns in the Web to extract mereological relationship.  
For example, if “the X of the Y” appears very often, then X is probably a meronym of Y. Bergsma and 
Lin (2006) use dependency parser to extract more complex patterns. 

Bean and Riloff (2004) use case frames to represent the contextual role of NPs. A case frame is a 
frequent pattern surrounding an NP. The intuition is that NPs frequently appearing in the same case 
frame are likely to be semantically related or equivalent. On the other hand, case frames frequently 
surrounding the same NP are likely to be related. They propose a semi-supervised method to extract 
case frames from large corpora. 

Yang et al. (2005) try to improve pronominal anaphor resolution using semantic compatibility 
information, which refers to the compatibility between components of the sentences, such as subject-
verb. For example, we want to find the resolution for “it” followed by “collect”, and have two 
candidates: “government” and “money”, we would prefer to choose “government” by the semantic 
compatibility that it is more likely for “government collects” than “money collects”. The paper 
presents an approach to automatically extract such information from a large corpus and the Web, and 
use the information as features for anaphor resolution. A single-candidate model and a twin-candidate 
model (see Section 3.3) are used as the resolution algorithm. The experimental results showed that the 
features give more improvement on the twin-candidate model than the single-candidate one. For 
semantic compatibility information, three relationships are considered: possessive-noun, subject-verb, 
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and verb-object. For both corpus-based and web-based algorithms, named entities are replaced with 
common nouns (e.g., “IBM” -> “company”) to extract the patterns.  

Ponzetto and Strube (2006) extract semantic similarity and relatedness from Wikipedia. 
Wikipedia provides entity taxonomy as a directed graph rather than a tree. The relatedness between 
two NPs is measured by their position in the taxonomy. The similarity is measured by phrasal overlap 
between two pages with the NPs as titles. They also obtain semantic parsing information using 
semantic role labeling (SRL). They use the ASSERT parser to get the semantic roles of NPs, and 
compare the similarity of their corresponding argument-predicate pairs. 

Ng (2007a) uses a Named Entity Recognizer (NER) to label proper nouns with semantic classes, 
and uses the MINIPAR dependency parser to extract appositive relations between proper nouns and 
common nouns (e.g. <Eastern Airline, the carrier>). All such pairs are extracted from the BLLIP 
corpus (30M words). The semantic class of a common noun is inferred from the most frequently co-
occuring class of proper nouns. Ng (2007b) extracts semantic class from the BBN Entity Type Corpus, 
which contains all Penn Treebank articles annotated with class information. 

Yang and Su (2007) extracts semantic relatedness from Wikipedia. The semantic relatedness is 
referred to as patterns, like “X such as Y” in this paper. Instead of using some pre-defined patterns, the 
paper proposes an algorithm to automatically extract patterns from the database from a set of seed NP 
pairs. To this end, the algorithm utilizes a set of NP pairs with known coreference relationships from 
the training data as seeds. For each seed pair, it searches the database for the texts where the two NPs 
co-occur, and collect the surrounding words as the patterns. The patterns derived from the positive 
seed pairs are reference patterns. To use the reference patterns in the resolution task, two approaches 
are proposed. For the first one, the 100 most frequent reference patterns are selected as features. For 
each instance, the feature value is the frequency of each pattern embedded with the NP pair of the 
instance. In the second strategy, one semantic feature is calculated for each instance, which reflects 
the confidence that a NP pair is semantically related. Empirical evaluation results show that the 
algorithm helps the performance for proper names, but does not improve performance for other types 
of NP pairs. 

 

2.3 Other Features 
Ng and Cardie (2002c) use anaphoricity determination as a filter for later clustering. The intuition is 
that some NPs (e.g., the lawyer) must follow an antecedent and cannot lead a coreference chain. For 
each coreference chain, the NP at the head is non-anaphoric, and the rest are all anaphoric. They adopt  
the C4.5 decision tree as a binary classifier to classify NPs into anaphoric and non-anaphoric. For 
resolution, whenever they encounter a non-anaphoric NP, they create a new coreference chain. 
Experiments show that anaphoricity determination improves precision and F-measure, but hurts recall. 
Ng (2004) proposes two methods to make better use of anaphoricity information. First, they optimize 
the parameter of anaphoricity determination algorithm to improve the global resolution system, rather 
than the local classification accuracy. Second, anaphoricity is used as a feature, rather than a hard 
constraint as in their previous work. 

Yang et al. (2004a) propose a coreferentiality feature. For each candidate antecedent of the 
pronoun, their approach back tracks through the NPs in the coreference chain of the candidate, and the 
information of the antecedent of the candidate is added as features (backward features) to the instance. 
One problem is that the antecedent of the candidate is not available in practice. The paper first did 
experiments by using the antecedent labels in the dataset for instance creation during both training and 
testing. Then it provided the resolution in a real situation where the antecedents of candidates are not 
available. Two resolution modules are used in the algorithm. One is for pronoun resolution and the 
other is for non-pronoun resolution. For both training and testing instances, the antecedents of the 
candidates are from the results of the two resolution modules, which are first trained on the training 
data using the instances without the backward features. 
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3 Distance Measure 
Most coreference resolution systems use classifiers to measure the distance (including NP-to-NP, NP-
to-cluster and cluster-to-cluster) in the feature space. This section introduces several classifiers widely 
used for coreference resolution: decision trees, log-linear models, kernel based methods, twin-
candidate and multi-candidate methods. 

 

3.1 Decision Trees 
Decision trees are the dominating method in this field. C4.5 and its improvement, C5, are the most 
popular. C4.5 is based on the ID3 algorithm. It carries out iterative greedy feature selection according 
to the information gain that would result from the addition of a feature to the existing tree. Unlike ID3, 
C4.5 can also handle continuous features by thresholding. After the construction, it prunes braches 
that do not improve the performance. Many systems choose decision tree because they can pick out 
useful features and build a compact tree. In principle, any classifier (such as SVMs) can be used to 
calculate the distance between NPs, given a set of features. 

 

3.2 Log-linear Models 
The weakness of the decision tree method is that it considers one feature at a time, and may miss 
useful combinations of features. Since the features for coreference resolution are highly overlapping, 
log-linear models become a natural choice (McCallum and Wellner, 2004) (Culotta et al., 2007).  It 
models the conditional probability of a label given the feature values. People can study the usefulness 
of each feature by examining its weight. High weights indicate important features. 

 

)),(exp(
)(

1)|(
1
∑
=

=
n

i
ii Xyf

XZ
XyP λ  

 

where X  is the observed data point, y  is the label, if  is a feature, iλ  is the weight, and   

)),(exp()(
1
∑∑
=

=
n

i
ii

y

XyfXZ λ  is the partition function, which guarantees that )|( XyP sum to 

one for all possible y . 

 

3.3 Kernel Based Distance 
Yang et al. (2006) propose a set of parse-tree based features. They calculate the difference between 
two parse trees with a tree comparison algorithm, and then use the difference value as the kernel value 
for SVM. The similarity of two trees is defined as the normalized count of identical sub-trees (Collins 
and Duffy 2002). SVM is used as the classifier for pronoun resolution. The paper also combines the 
syntactic features with other normal features based on the kernel methods. Three kinds of trees are 
extracted from the parse tree. The first is called Min-Expansion, which only includes the nodes 
occurring in the shortest path connecting the pronoun and the candidate. The second one is called 
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Simple-Expansion, which also includes the first-level children of the nodes in Min-Expansion. The 
third one is Full-Expansion, which also includes the nodes that cover the words between the candidate 
and the pronoun of the nodes in Simple-Expansion. The tree kernel is calculated based on the common 
sub-trees as the measure of similarity between trees. The tree features are combined with the normal 
features with the following equation: 
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where tK is the tree kernel, and nK is the kernel applied to the normal features. The resulting kernel 

cK is used as the kernel for SVM. For training, they use the same instance construction method as in 
(Soon et al., 2001). For testing, the NPs occurring within the same sentence as the current anaphor and 
the two preceding sentences are taken as the initial antecedent candidates. 

 

3.4 Twin-candidate Method 
Yang et al. (2003) points out one problem with single-candidate models, in which the classifier 
determines the confidence value of whether an antecedent candidate is coreferential to an anaphor. 
The problem is that it only takes into account the relationships between an anaphor and one individual 
candidate at a time, and therefore the confidence values may not be accurate and reliable to represent 
the true competition between the candidates. To overcome this problem, they proposed a twin-
candidate model to directly learn the competition between the antecedent candidates. In this model, a 
training (testing) instance is formed by an anaphor and two candidate antecedents, and the output is 
which candidate is more likely to be the antecedent of the anaphor. All pairs of the candidates are 
considered. The candidate that wins the most comparisons is selected as the antecedent. The paper 
also claimed that by adding a so called ‘standard candidate’ which is just a blank candidate, the single 
candidate model is a special case of the twin candidate model. 

A different instance creation procedure is adopted by this method. An instance in the training set 
is formed by an anaphor, a single positive candidate and a single negative candidate. The pair of 
candidates is ordered such that the first one is closer to the anaphor than the second one. The label for 
the instance is positive when the first candidate is positive, and the label is negative when the second 
candidate is positive. 

The twin-candidate method generates more instances than a single-candidate method does. The 
paper applies a filter to the candidates during both training and testing to reduce the computational 
cost and data noise. During both training and testing, the candidate antecedents of a pronoun come 
from the current or preceding two sentences, and agree with the pronoun in number, gender and 
person. The candidates of a non-pronoun are filtered based on the confidence value of a single-
candidate model. Those whose confidence values are less than 0.5 are filtered. 

 

3.5 Multi-candidate Ranking 
Denis and Baldridge (2007) generalize the twin-candidate idea to multi-candidate ranking. Twin-
candidate methods aggregate pairwise comparison to pick the most likely antecedent, multi-candidate 
methods rank all candidate antecedents using a log-linear model. During training, each instance is 
constructed using the closest antecedent to the pronoun, and a set of non-antecedents. The training 
algorithm optimizes feature weights to assign higher probability to the real antecedent. During testing, 
all possible antecedents are fed to the ranker, and the most probable antecedent is selected. Single-
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candidate and twin-candidate methods are restricted to local comparison, while ranking method makes 
global comparison. 

 

4 Clustering 
This section presents several clustering algorithms, from local to global. Local clustering only 
considers NP-to-NP distance, and attaches an NP to its most likely antecedent. Incremental clustering 
considers NP-to-cluster distance. It can take advantage of features defined over clusters, rather than 
over a pair of NPs. Agglomerative clustering keeps merging small clusters into big ones, until some 
termination criterion is met. Therefore, it needs to measure cluster-to-cluster distance. Global 
clustering goes to another extreme in that it separates NPs into clusters in one step. It can be viewed as 
maximizing inter-cluster distance, and minimizing intra-cluster distance.  Local methods have small 
search space and are easy to implement, while Global methods need to deal with exponentially large 
search spaces, which requires efficient approximation methods for it to be practical. The clustering 
problem can also be treated as a sequence search problem, which can be solved by beam search 
algorithms. Meta-clustering evaluates the output of several clustering algorithm, and pick the best 
partition. 

 

4.1 Local Clustering 
Coreference resolution is different from general clustering in that the NPs are naturally ordered in the 
text. An NP can either start a new coreference chain, or refer to a preceding NP.   

First-Match: Soon et al. (2001) describe a first-match clustering algorithm. It processes NPs 
from left to right. Whenever it encounters an NP, it pairs the NP with each preceding NP from right to 
left, and throws the pair into the classifier. If the classifier decides that they are coreferent, the current 
NP is connected to its antecedent. Otherwise, a new coreference chain is created with the current NP 
as its head. This method is very greedy but surprisingly effective. This is because the position of NPs 
plays a vital role in coreference. 

Best-Match: Ng and Cardie (2002b) presents a less greedy method called best-match. Similar to 
first-match, it scans NPs from left to right. It pairs the current NP with all preceding NPs (until 
reaching the beginning of the document), and picks the pair with the highest output from the classifier. 
It connects the current NP with its most likely antecedent. 

 

4.2 Incremental Clustering 
Yang et al.(2004b) point out that it is often difficult to judge whether two NPs are talking about the 
same entity simply from the properties of the pair alone, since the individual NP usually lacks 
adequate descriptive information about its refereed entity. Therefore, the paper proposes to do 
resolution by determining the links of NPs to the existing coreferential clusters rather than the 
reference relationships between NP pairs. The idea is based on the intuition that a coreferential cluster 
offers more information to describe an entity than a single NP does.  

This clustering method calls for a special instance construction method: an instance is formed by 
the NP under consideration, one existing cluster, and one of the NPs in the cluster (the reference NP). 
During training time, for each anaphoric NP, the preceding coreferential clusters are ordered by their 
distance to the NP. For each cluster, one instance is created by taking the last NP in the cluster as the 
reference NP. This process continues until the cluster to which the anaphoric NP belongs is found. All 
intervening clusters are labeled as negative. During testing time, an instance is created by joining the 



 9

current NP with each of the existing clusters and each of the NPs in the cluster. Multiple instances are 
created for each cluster. The confidence value of the cluster is the maximal confidence value of its 
instances. 

 

4.3 Agglomerative Clustering 
Culotta et al. (2007) propose a first-order probabilistic model. They measure the probability of a set of 
NPs being coreferent using a log-linear model. The parameters are learned by gradient ascent to 
maximize the log-likelihood over training data. Note that in their model, each instance is a set rather 
than a pair of NPs. During training time, positive examples are generated by sampling a subset from a 
true cluster. Negative examples are generated by sampling two subsets from two true clusters and 
merging them together. During testing time, they use standard agglomerative clustering. In each step, 
they merge two clusters into a single cluster that yields the highest gain in likelihood. They continue 
merging NP clusters until the likelihood starts to drop. 

 

4.4 Global Clustering 
McCallum and Wellner (2004) model the joint probability of a partition using a log-linear model. 
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In the above equation, ),,( ikjkijc yyyf ensures that the clustering result is consistent (ensuring 
transitivity of coreference relationship): if A and B are coreferent and B and C are coreferent, then A 
and C must be coreferent.  

They show that finding the most probable resolution to this model is equivalent to finding the 
optimal partition of a graph. In this graph, NPs are nodes, edges are weighted as the log potential of 
their two ends∑

l
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with negative weights is NP-hard. Given n NPs, the number of possible partitions is the nth Bell 
number, which increases exponentially with respect to n. They use the minimizing-disagreements 
Correlational Clustering Algorithm to get approximate solutions. 

Daume and Marcu (2005) combine entity detection and coreference resolution in one system, and 
solve the two problems simultaneously. For almost all previous work on coreference resolution, the 
result mentions of an entity or mention detection system are used as the input to the coreference 
resolution system. Luo et al. (2004) have discussed their experiment errors resulted from the errors on 
mention detection system. It is intuitive that we can benefit a lot if the mention detection module can 
take advantage of information from the coreference module. This is also true for the tasks of linking 
classification and clustering for coreference resolution, which are usually done separately by previous 
works. The integrated system will accept a large collection of features that one cannot consider in a 
pipelined approach. To make this modeling feasible, the authors used a Learning as Search 
Optimization (LaSO) framework.  

The LaSO framework accepts a set of input structures X, and output structure Y. In the mention 
detection and coreference resolution task, X would be the input documents, and Y would be the 
documents marked with mentions and their coreference sets. The key idea for learning in LaSO is to 
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update the weight vectors whenever we reach a point at which it becomes impossible to reach the 
correct solution during searching. This paper used a large margin updating scheme. 

The search procedure first chooses the number of words it is going to consume (for instance, to 
form a mention “Bill Clinton”, it would need to consume two words). Then it decides on an entity 
type and a mention type. Finally assuming it chooses to form an entity, it decides on which of the 
previous coreference chains this mention belongs to. All these decisions are made simultaneously, and 
the given hypothesis is scored. 

Nicolae and Nicolae (2006) try to find the optimal cut for an undirected weighted graph 
representation for the coreference search space. Each node of the graph represents a mention, and the 
edge weights are the confidence values derived from the coreference classification phase. The 
problem of clustering mentions into entities is considered as a graph-cut problem. Each sub-graph 
represents an entity. The authors claim that the graph approach is a more accurate representation than 
a tree. The tree approach only deals with anaphora resolution, trying to connect mentions with 
preceding candidates. The graph approach can also handle cataphora resolution. Moreover, the 
approach with Bell trees uses some heuristics and tree pruning during searching, thus may not result in 
a real global optimization. Conversely, the graph approach can take advantage of efficiency and 
simplicity of graph algorithms. 

In their algorithm, a graph is created for each entity type (person, organization, etc). A score for a 
cut in a graph is calculated base on the weights associated with each edge. The best cut is the cut with 
the largest score. A SVM-based classifier is used to decide whether to perform a cut or not. The input 
to the classifier is the features extracted from the best cut. An example feature would be the largest 
weight of the edges cross the cut. When the classifier decide to make a cut, the procedure of cutting 
the graph will be continued, otherwise, the procedure would be stopped, and output the sub-graphs as 
the resulting entities.  

Two classifiers are used in this paper. One is to evaluate the coreferential relationship between 
pairs of mentions. The other is to decide when to stop the graph cutting. The training instances for the 
latter are created as follows. Each training instance is a certain cut (S,T), where S and T are set of 
mentions. The label for the training instance is to perform the cut (negative) or not (positive). A 
negative example is constructed by combining two coreference chains together. A positive example is 
constructed by taking a subset of all mentions in the same coreference chain. 

 

4.5 Meta-clustering 
Ng (2005a) tries a meta-clustering method. He compares all 54 combinations of three learning 
algorithms (C4.5 Decision tree, RIPPER and Maximum Entropy), three instance creation methods, 
two feature sets and three clustering algorithms. He constructs partition-based features using simple 
functions (e.g., min, max, mean) of NP-based features. They use different coreference resolution 
systems to produce a set of partitions, and pick the best partition using an SVM-based ranker. 

 

4.6 Sequence Search 
Luo et al. (2004) and Florian et al. (2004) cast coreference resolution to a search problem, where the 
search space is represented with the Bell tree. Finding the coreference chain is equivalent to find the 
best path from the Bell tree. They aim to make the decision by finding the global optimal entity cluster 
or coreference chain among the search space. The process of forming entities from mentions can be 
represented in a tree structure. The Bell tree is formed by traversing mentions in a document from left 
to right. The root node is a partial entity containing the first mention of a document. The second 
mention is added in the next step by either linking to the existing entity or starting a new entity. The 
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two options form the two children of the root node, which is the second layer of the tree nodes. 
Subsequent mentions are added to the tree in the same manner. Each node includes several entity 
clusters formed by the mentions added till this step. Each leaf node corresponds to a possible 
coreference outcome, and the coreference resolution is therefore equivalent to find the best leaf node. 

A maximum entropy model is used to calculate the probability of linking one mention to a 
previously formed entity. The probability of forming a new entity is approximated by one minus the 
maximum of linking the mention to any existing entities. The score of a path is the value of 
multiplying all the linking probabilities of that path. In order to reduce the search space, pruning is 
performed at each time adding a new mention. Local pruning prunes the children nodes whose linking 
probabilities are too smaller than a threshold. Global pruning prunes the nodes whose scores are small 
enough. 

 

5 Learning 
This section introduces three kinds of learning styles: supervised, semi-supervised and unsupervised. 
Supervised learning trains the model using labeled data. Semi-supervised learning takes advantage of 
unlabeled data. Unsupervised learning relies on unlabeled data only. 

 

5.1 Supervised Learning 
Most systems use supervised learning to estimate parameters for classifiers, clustering algorithms or 
rankers. The objective function for optimization can be classification accuracy, log-likelihood over 
training data, and similarity with the perfect ranking. 

Finley and Joachims (2005) propose a framework using SVMs to do supervised clustering, and 
apply the algorithm to coreference resolution. It is an extension to the more general structural SVM 
algorithm. Given the gold standard clusters, the clustering SVM learns the similarity measure that 
maximizes overall intra-cluster similarity. Although they use correlation clustering as their clustering 
algorithm, the framework works with any clustering algorithm whose objective function can be 
written as a linear function of feature weights. 

5.2 Semi-supervised Learning 
Muller et al. (2002) apply co-training (Blum and Mitchell, 1998) to coreference resolution. They build 
two decision trees on top of two non-overlapping sets of features (two views). The classifiers are first 
trained on two subsets of labeled data, then the training set is iteratively augmented with unlabeled 
data. In each iteration, one classifier processes all of the unlabeled instances, and picks the instances 
with the highest confidence value (either positive or negative), and feeds them to the other classifier as 
new training data. The success of co-training relies on two basic assumptions: redundancy and 
conditional independence. Redundancy means any one of the two views is sufficient to build a 
reasonably good classifier. Conditional independence means the two views are independent given the 
class label. While the conditional independence assumption is hard to meet, they try to satisfy the 
sufficiency assumption by evenly splitting the features into two views. They first pick the best two 
features as seeds, and iteratively build up the two views. In each iteration, they pick the best feature 
given the existing features, and add that feature to one view.  

Ng and Cardie (2003a, 2003b) tries three other semi-supervised methods: one-view co-training, 
self-training and EM. In one-view co-training, they train two kinds of classifiers (naïve Bayes and 
decision tree) on the same set of features, and feed highly confident class labels from one classifier to 
another. While EM cannot outperform co-training, they also propose an FS-EM algorithm (EM 
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algorithm with feature selection), which achieves the best results in their experiments. FS-EM has a 
two-level bootstrapping structure. The outer-level performs feature selection based on the 
performance of semi-supervised classifiers, and the inner-level trains classifiers (with all selected 
features and one unselected feature) using labeled and unlabeled data. 

Stoyanov and Cardie (2006) study the problem of partially supervised learning for coreference 
resolution. They argue that partially supervised learning is different from semi-supervised learning in 
that the former has partial ground truth in the training data, while the letter has full ground truth for a 
portion of the training data, and no ground truth for other parts of the data. They are interested in 
coreference resolution for aggregating opinions from the same source to the same target. They only 
have incomplete coreferential clusters in their training data. They modify the RIPPER algorithm to 
cope with their special needs. 

 

5.3 Unsupervised Learning 
Haghighi and Klein (2007) present an unsupervised, nonparametric generative Bayesian approach. 
They use a hierarchical Dirichlet process to capture cross-document entity sharing, and a sequential 
model of salience (activity) to capture within-document coreference. The unsupervised method 
achieves performance close to state-of-the-art supervised systems. 

 

6 Evaluation 
Unlike classification, evaluation for clustering is always controversial. Meaningful evaluation metrics 
are application-dependent. Besides the traditional recall, precision and F-measure, this section also 
introduces four other evaluation methods: the MUC Scorer, B-Cubed algorithm, ACE-value and 
CEAF. 

 

6.1 Data Sets 
Most public data sets are produced by MUC, ACE and LDC. As shown in Table 2, the size of corpora 
has grown significantly from the 1990s to the present. Sources other than newswire are also taken into 
consideration. Besides the standard MUC and ACE corpora, researchers have annotated coreference 
chains in other data sets, such as Medline, AQUAINT and Penn Treebank. 

 

Table 2: Corpora for English coreference resolution 

Data sets Sources Traing data 

(word count) 

Testing data 

(word count) 

MUC-6 (1995) newswire 12.4K 13,4K 

MUC-7 (1998) newswire 19K 10K 

Broadcast news 60K 15K 

Newspaper  60K 15K 

Newswire 60K 15K 

 

ACE-2002 

EELD data 30K 20K 
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Table 2: Corpora for English coreference resolution 

Broadcast news 65K 25K 

Newspaper  65K N/A 

Newswire 15K 25K 

 

ACE-2003 

EELD data 20K N/A 

Broadcast news 57.5K 25K 

Newswire 57.5K 25K 

 

ACE-2004 

Other 35K N/A 

Broadcast news 65K 10K 

Broadcast conversations 45K 7.5K 

Newswire 60K 10K 

Weblog 45K 7.5K 

Usenet 45K 7.5K 

 

 

ACE-2005 

Conversational telephone speech 45K 7.5K 

Broadcast news 55K 10K 

Broadcast conversations 40K 7.5K 

Newswire 50K 10K 

Weblog 40K 7.5K 

Usenet 40K 7.5K 

 

 

ACE-2007 

Conversational telephone speech 40K 7.5K 

 

6.2 Basic Metrics 
To evaluate a coreference resolution system, one simple way is to use the same measure as anaphora 
resolution.  

anaphorsallofnumber
anaphorsresolvedcorrectlyofnumberrecall =  

anaphorssolvedofnumber
anaphorsresolvedcorrectlyofnumberprecision =  

 

This measure is widely used because most systems view coreference resolution to be the same as 
anaphora resolution, and solve it by finding an antecedent for each anaphor. However, coreference 
resolution is intrinsically different from anaphora resolution. The goal of coreference resolution is to 
build clusters of noun phrases, each of which refers to an entity in the real world. Therefore, the 
evaluation measure should also be based on the coreference clusters. 
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6.3 MUC Scorer 
Several sophisticated scoring schemes have been proposed. A well known one is designed by Vilain et 
al. (1995) for the scoring of MUC-6 task. The scheme is still link based, but the comparison is 
between the equivalence classes generated by the links in the coreference chain. 

Some terms used in the scheme are defined as follows: an entity refers to a previously mentioned 
NP, an equivalence class of a coreference chain is the cluster of all entities in the chain, key links refer 
to the manually annotated coreference chains, and response links are the coreference chains output by 
a system.  

The recall error is calculated by the least number of links that need to be added to the response 
with respect to the key in order to have the classes aligned, divided by the minimum number of links 
needed to form the equivalence classes in the key. The precision error is computed by reversing the 
roles of the key and response. The calculation details are as follows. 

First, let S be an equivalence set generated by the key, and let mRR ...1  be equivalent classes 
generated by the response. p(S) is a partition of S relative to the response. Each subset of S in the 
partition is formed by intersecting S and those response sets Ri that overlap S. Singleton sets are 
formed for the entities mentioned in the key but not in the response.  

For example, if S = {A,B,C,D} and the response is <A-B>, then p(S) is {A B} {C} and {D}. c(S) 
is the minimum number of links necessary to generate the equivalence class S and therefore, c(S) = 
(|S|-1). m(S) is the number of missing links in the response relative to the key set S. It is also the 
number of links necessary to fully reunite any components in p(S). Thus m(S) = (|p(S)|-1) 

Looking in isolation at a single equivalence class in the key, the recall for that class is  

 

1||
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The recall for the entire test set is defined as the sum over all the equivalence classes of the key. 
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Precision is calculated by reversing the role of response and key. 

 

6.4 B-Cubed Algorithm 
There are two known shortcomings associated with Vilain’s scoring scheme. Firstly, it ignores single-
entity coreference clusters, since no link can be found in these entities. Secondly, all type of errors are 
considered to be equal. Figure 1 shows an example to illustrate this shortcoming: 
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(a) Key (b) Response 1 (c) Response 2 

Figure 1. Shortcomings of the MUC scorer (Bagga and Baldwin, 1998) 

 

For both response 1 and response 2, recall is 100% and precision is 90%. The scoring algorithm 
does not differentiate between the errors in the first and second responses.  

 

Bagga and Baldwin (1998) proposed another scoring algorithm (B-Cubed) to overcome the two 
shortcomings of the MUC scorer. The B-Cubed algorithm is completely based on clusters. The 
precision and recall for each entity are calculated and then combined to produce the final precision 
and recall for the entire output. 

For an entity i, the precision and recall are defined as follows. 

 

ientity  containingchain   truein the elements ofnumber 
ientity  containingchain output  in the elementscorrect  ofnumber 

=irecall  

 

ientity  containingchain output  in the elements ofnumber 
ientity  containingchain output  in the elementscorrect  ofnumber 

=iprecision  

 

The final precision and recall for all the entities are: 

 

∑
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=
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⋅=

N

i
ii

N

i
ii

precisionwprecision

recallwrecall

1

1  

where N is the number of entities in the document, and iw is the weight assigned to entity i in the 
document. The choice of weighting scheme is determined by the task for which the algorithm is going 
to be used. Two weighting schemes are provided in the paper. 

(1) When coreference is used for an information extraction task, where information about every 
entity is important, the weighting scheme assigns equal weights to every entity i. In the previous 
example, the weight assigned to each entity in the key and the two responses is 1/12. The recall for 
each of the two responses is 100%. The precision for the first response (Fig. 1(b)) is 76%, and the 
precision for the second response (Fig. 1(c)) is 58%. 
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(2) When coreference is used for information retrieval tasks, where a user is presented with 
classes of documents, the weighting scheme assigns equal weights to each equivalence class. The 
weight for each entity within a class is the same. In the previous example, in Fig. 2, the weight for 
each entity in the first equivalence class is 1/10, and the weight for each entity in the second class is 
1/14. The recall for each of the two responses is still 100%. The precision is 79.6% for the first 
response and 75% for the second response. 

 

6.5 ACE-value 
Another evaluation measure called ACE-value is designed for the ACE task (NIST, 2003). In the ACE 
task, coreference resolution is called entity detection, and the definition of an entity is different from 
the one in MUC task. An entity in ACE task refers to the coreference cluster, and the noun phrases are 
called mentions. The ACE-value is characterized in terms of misses and false alarms. A miss occurs 
when an entity of a target type is mentioned but not output. A false alarm occurs when a spurious 
entity is output. Each error is associated with a cost factor that depends on the entity type (e.g., 
“location”, “person”) and a mention level (e.g., “name”, “nominal”, and “pronoun”). The ACE-value 
is computed by summing over the cost of each type with some normalization. The ACE-value 
measures the cost of a system, and is not very intuitive.  

 

6.6 CEAF 
Luo (2005) introduced a scoring scheme, called Constrained Entity-Aligned F-measure (CEAF). 
CEAF is computed based on the best one-to-one map between true coreference classes and output 
classes. The details are as follows: 

Let true classes be |}|,...,2,1:{ RirR i == and the output classes be |}|,...,2,1:{ SisS i ==  

Let |}||,min{| SRm = , and mm SandR  be any subset of R and S with m classes. 

Let ),( mm SRG  be the set of one-to-one class maps from mR  to mS , and let mG  be the set of all 
possible one-to-one maps between the size-m subsets of R and S.  

 

):{),( mmmm SRgSRG →=  

 

The requirement of one-to-one mapping means that for any ),( mm SRGg ∈ , and any 

mm RRr ∈∈ 'rand , we have that 'rr ≠  implies that )'()( rgrg ≠ , and vise versa.  

Let ),( srφ  be the similarity measure between two classes R and S. Zero value means that R and 
S have nothing in common. Given the above notations, we have 
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Finding the best one-to-one mapping is a maximum bipartite matching problem and can be 
solved by the Kuhn-Munkres algorithm (Kuhn, 1955; Munkres 1957), which needs polynomial 
running time.  

Variations of this algorithm have different similarity measure ),( srφ . Similar to the B-Cubed 
algorithm, CEAF also defines two versions of the scoring scheme, one is entity-based, the other is 
class-based. The similarity scores for these two versions are defined as follows. 

||||
||2),(

||),(
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entity

+
∩

=

∩=

φ

φ
 

 

CEAF claimed to be able to overcome the problem in B-Cubed, which is that the same classes 
can be used more than once in the scoring. For example, a response that clusters all of the entities in 
one class will yield a recall of 100%, but since the set of the key classes is not a subset of the response 
class, this is counter-intuitive.  

 

6.7 Empirical Comparison 
Different systems use different corpora, different evaluation metrics and different types of NPs 
(pronouns, proper nouns and common nouns). Although it is hard to make fair comparison across 
different systems, we still summarize some evaluation results here. We use the two classic systems 
(Soon et al., 2001; Ng and Cardie, 2002b) as baselines, and compare system performance on standard 
data sets. Table 3 compares different sets of features. Adding corpus-based semantic features 
improves performance. Table 4 compares various distance measures. Single-candidate methods using 
simple decision trees work surprisingly well. Table 5 compares different clustering algorithms. Global 
clustering methods have not shown significant improvement over local clustering. NP type detection 
(e.g., person, organization) is very helpful for the resolution.  Table 6 compares three learning styles. 
The performance of semi-supervised and unsupervised algorithms is comparable to that of supervised 
ones.
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Table 3: Performance of different feature sets  

(Measured in F1, unless specified. A: ACE score, B: B-cubed, M: MUC score) 

System MUC-6 MUC-7 ACE’03 

Soon et al., 2001 (12 features) 62.6 60.4  

Ng and Cardie, 2002b (53 features) 70.4 63.4  

Zhou and Su, 2004 (multi-agent) 73.9 66.5  

Bergsma and Lin, 2006 (+dependency patterns)  Accuracy:

71.6 

 

Ponzetto and Strube, 2006 (+semantic)   M:69.5(BNews) 

71.7(NWire) 

Yang and Su, 2007 (+semantic)   M:62.7(BNews) 

65.0(NPaper) 

67.1(NWire) 

Ng 2007a (+semantic)   M: 64.2 

 

Table 4: Performance of distance measures  

(Measured in F1, unless specified. A: ACE score, B: B-cubed, M: MUC score) 

System MUC-6 MUC-7 ACE’04 

Soon et al., 2001 (decision tree) 62.6 60.4  

Ng and Cardie, 2002b (decision tree) 70.4 63.4  

Culotta et al., 2007 (log-linear)   B: 79.3 

McCallum and Wellner, 2004 (log-linear) 73.4   

Yang et al., 2003 (twin-candidate) 71.3 60.2  

Denis and Baldridge, 2007 (multi-candidate)   Accuracy: 

72.9(BNEWS) 

76.4(NPAPER) 

72.4(NWIRE) 

 
 

Table 5: Performance of clustering algorithms  

(Measured in F1, unless specified. A: ACE score, B: B-cubed, M: MUC score) 

System MUC-6 MUC-7 ACE’03 ACE’04 

Soon et al., 2001 (local, first-
match) 

62.6 60.4   
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Table 5: Performance of clustering algorithms  

(Measured in F1, unless specified. A: ACE score, B: B-cubed, M: MUC score) 

System MUC-6 MUC-7 ACE’03 ACE’04 

Ng and Cardie, 2002b (local, 
best-match) 

70.4 63.4   

Culotta et al., 2007 
(agglomerative) 

   B: 79.3 

McCallum and Wellner, 2004 
(global) 

73.4    

Daume and Marcu, 2005 
(global) 

   A: 79.4 

Nicolar and Nicolae, 2006 
(global) 

  63.8  

Nicolar and Nicolae, 2006 

 (global + NP type detection) 

  81.2  

Ng 2005a (meta)    64.9(BNews) 

69.3(NPaper) 

54.7(NWire) 

Luo et al., 2004 (search)   55.1  

Luo et al., 2004 

 (search + NP type detection) 

  81.3  

Florian et al., 2004 (search)   A:73.4  

 

Table 6: Performance of learning algorithms  

(Measured in F1, unless specified. A: ACE score, B: B-cubed, M: MUC score) 

System MUC-6 MUC-7 ACE’04 

Ng and Cardie, 2002b (supervised) 70.4 63.4  

McCallum and Wellner, 2004 (supervised) 73.4   

Ng and Cardie, 2003a (semi-supervised) 65.4 60.5  

Ng and Cardie, 2003b (semi-supervised) 63.9 54.6  

Denis and Baldridge, 2007 (supervised)   67.1(NWire) 

69.2(BNews) 

Haghighi and Klein, 2007 (unsupervised) 70.3  64.2(NWiew) 

62.3(BNews) 
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7 Conclusions 
This paper reviews recent success of applying machine learning methods to coreference resolution. 
Although we mainly focus on English coreference, a lot of work has been done on coreference 
resolution for other languages (e.g., Arabic, Chinese, German and Japanese). Most techniques 
developed for English can also be transferred to other languages. 

Coreference resolution depends on many features, including positional, morphological, syntactic and 
semantic. Some of the features (e.g., string matching) can be reliably acquired. Generating other 
features (e.g., parsing) are still current research topics. Semantic features provided by WordNet are 
useful, but have limited coverage. Large corpora such as Wikipedia and the Web are good sources for 
extracting semantic and syntactic knowledge. 

Many coreference resolution systems use classifiers to measuring the coreference distance between 
NPs. Commonly used classifiers include decision trees, log-linear models and SVMs. Single-
candidate classification looks at one possible antecedent at a time. Twin-candidate classification 
compares each pair of possible antecedents and then aggregates the results. Multi-candidate ranking 
compares all possible antecedents at the same time. 

Based on the distance measure, clustering algorithms partition NPs into coreferent sets. Local 
clustering connects individual NPs. Incremental clustering connects an NP to the closest cluster. 
Agglomerative clustering runs bottom-up and connects similar clusters to form larger clusters. Global 
clustering searches for the best partitioning of all NPs. Sequence ranking methods also belong to 
global clustering. They search for global optimal solution in the sequence space instead of the 
clustering space. Meta-clustering ranks the output of different resolution systems and picks the best 
one. 

Over the last decade, MUC and ACE have produced several high quality data sets for evaluating 
coreference resolution systems. Sophisticated metrics are developed to provide meaningful evaluation 
results. Empirical results show that current coreference resolution systems are far from being perfect. 
There are plenty room for improvement, but making improvement is hard.  

Different types of NPs have different levels of difficulty for coreference resolution. Generally 
speaking, proper nouns are the easiest (with F1 measure around 90%), pronouns are harder, and 
common nouns are the hardest. Proper nouns resolution mostly relies on string matching and other 
morphological features. Pronoun resolution needs more syntactic features, while common noun 
resolution requires both syntactic and semantic features (world knowledge).  

There are several research questions to be answered by future research. 
(1) How to extract more syntactic and semantic knowledge from large corpora? This is a common 
question for many language related research areas. 
(2) How to define better global features? Current “global features” are mostly simple compositions 
(e.g., max, min, mean) of local features. Is there better ways to measure NP-to-cluster and cluster-to-
cluster distances? 
(3) How to do better global clustering? Global clustering methods usually take greedy strategies and 
approximation algorithms to search in large hypothesis spaces. How to improve their effectiveness 
and efficiency? 
(4) How to make good use of unlabeled data? How to leverage semi-supervised and unsupervised 
learning algorithms? 
(5) Does it help to integrate coreference resolution with other NLP systems? Daume and Marcu (2005) 
combine coreference resolution with named entity recognition, and achieve good performance in both 
tasks. Is it possible to connect coreference resolution with other NLP modules (e.g., semantic parsing)? 
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