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Abstract – Co-reference resolution is a process in which all 

noun phrases referring to a single entity will be categorized 

in a distinct class. This contributes a lot to the accurate un-

derstanding of textual semantic as well as disambiguation; 

hence, it has notable usage NLP applications including ma-

chine translation, automatic text summarization, and auto-

matic question answering as well as information extraction. 

This research area was first emerged through linguistic the-

ories and rule-based methods. Then, since these linguistic 

methods were inefficient in situations where understanding 

the semantics was necessary for choosing the reference, ma-

chine learning based methods were proposed and in a 

number of these methods, linguistic theories were added to 

the data in the form of features and were mostly supervised 

learning. In the current study, different system architectures, 

methods, and algorithms of co-reference resolution are 

reviewed and mostly those studies are considered which have 

significant fundamental or structural distinction. 

 

Keywords – Data Mining, Co-reference, NLP, Linguistic 

Theories, Machine Learning.  

 

I. INTRODUCTION 
 

Co-reference resolution is a process which deter-mines 

the entity a noun phrase is referring to. This has been one 

of the fundamental challenges of NLP since 1960. Co-

reference resolution is related to Anaphora resolution in 

which the closest reference is determined for the noun 

phrase [1]. Co-reference resolution process can be divided 

into three categories: 1- rule-based methods (linguistics); 

2- data-based methods (machine learning) and 3- methods 

which draw on a combination of linguistic methods and 

machine learning. The first method which was proposed 

using linguistic rules was Hobbs algorithm [2] which only 

works through con-figuration tree traversal. Hence, when 

identifying reference among possible references needs 

understanding the semantics, this algorithm encounters a 

problem. Then the Lappin and Leass algorithm [3] was 

proposed which possesses separate modules for 

identifying the reference for possessive, reflective and 

reciprocal pronouns. There have been various algorithms 

based on centering theory [4] whose basis is to focus on 

discourse subject and utter center. But since se-mantic 

consideration is needed in some parts of these algorithms, 

their automatic implementation is impossible. Since 1990, 

the researchers focused on machine learning methods in 

this field. In these methods, other data sets are used for 

testing. In the test data, the co-reference phrases are not 

specified and if learning happened successfully, the co-

reference phrases would be specified with high accuracy. 

Machine learning methods are divided into supervised and 

unsupervised classes. In co-reference resolution a high 

level of text knowledge is necessary. Hence, corpora with 

a rich set of annotations should be used and the reference 

chain should be annotated. Among these corpora MUC-6 

and MUC-7 in English and ACE in English, Arabic, 

Chinese and Onto Notes can be mentioned, but these 

corpora are not available for many other languages and 

their formation needs time and money. This issue led the 

researchers to shift their focus to unsupervised learning 

methods in which smaller annotated corpora may be used. 

But, unfortunately due to the fact that co-reference 

resolution needs a rich body of knowledge, they are not 

very accurate. In recent years, these methods have been 

improved which is discussed in detail in following 

sections. In the second section of this paper, methods 

based on linguistic theories, known as rule-based methods, 

are discussed. In the third section, methods based on 

machine learning which include unsupervised and 

supervised learning methods are discussed. 

 

II. RULE BASED METHODS 
 

These methods apply limitations on both candidate and 

its possible antecedent. They use linguistic rules for these 

limitations. 

A. Hobbs algorithm 
One of the first algorithm, and highly influential on the 

subsequent research, is Hobbs‘ algorithm [2]. He didn’t 
implement the algorithm as a computer application but 

examined it on 300 samples. The algorithm assumes as its 

input fully parsed surface trees and Hobbs algorithm 

traverses the surface parse trees in eight steps, as outlined 

in the following. 

1. Begin at the NP node immediately dominating the 

pronoun. The algorithm works its way left-to-right 

through the parse trees, proposing an antecedent for 

each pronoun that it encounters.  

2. Go up the tree to the first NP or S node encountered. 

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

The algorithm inspects nodes that are closer to the 

pronoun first.  
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3. 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 en-countered which has 

an NP or S node between it and X. This step serves two 

purposes:  

–  By restricting the search only to nodes of the left side 

of the path p that leads from the pro-noun to X, the 

algorithm excludes NPs that follow the pronoun from 

the list of possible antecedents.  

–  The requirement that an NP or S nodes oc-curs 

between the candidate NP and X makes sure that for a 

non-reflexive pronoun, no antecedents are found that 

are located in the same simplex sentence, such as Johni 

likes himi.  

4. 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 most re-cent first resolution 

algorithms; each tree is traversed in a left-to-right 

breadth-first manner and when an NP node is 

encountered, it is proposed as antecedent. The 

algorithm reaches the root node of a parse tree when 

there are no more candidate antecedents to be found in 

the current sentence. In this case, it searches for more 

candidates in the preceding sentences successively. 

Unlike for candidates in the current sentence, the 

algorithm does not impose any syntactic constraints on 

candidates that are located in previous sentences. If X 

is not the highest S node in the sentence, continue to 

step 5.  

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.  

6. Traverse all branches below node X to the left of path p 

in a left-to-right breadth-first manner. Pro-pose any NP 

node encountered as the antecedent.  

7. 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 encoun-tered as the antecedent.  

8. Go to step 4.  

B. Lappin and Leass approach 
Lappin and Leass [3] introduced a rule-based algorithm 

called Resolution of Anaphora Procedure (RAP), and they 

implemented it as software. The algorithm resolves third 

person, possessive and reflexive pronouns as well as 

reciprocals. Some modules are designed as filters that rule 

out in-valid combinations of pronouns and antecedents, 

and the other modules use the linguistic rules to add in-

formation on the resolution system about the pronouns and 

their candidate antecedents. The modules are: 

- A morphological filter that removes pairs which are 

morphologically incompatible from the candidate set.  

- A module for identifying expletive pronouns. Expletives 

are excluded from further resolution.  

- A syntactic filter that rules out pairs of a personal 

pronoun and a candidate antecedent that occurs in the 

same local clause.  

- An algorithm for selecting an antecedent for a reflexive 

or reciprocal within the same sentences.  

- A procedure to compute salience values for an NP, 

based on a grammatical role hierarchy.  

- A procedure for computing equivalent classes of co-

referent NPs that are assigned the sum of the salience 

values of its elements.  

- A final decision procedure which selects the highest 

ranked candidate as the antecedent for a pro-noun.  

 

III. MACHINE LEARNING BASED METHODS 
 

These methods are divided into two categories: 1- 

supervised learning; 2- unsupervised learning. For each 

mention two steps are done; In the first step, it is certified 

whether the noun phrase has a refer-ence and if this is the 

case, in the next step the refer-ence is specified. For both 

these steps, machine learn-ing methods are implemented. 

This class of methods needs to use a database in which the 

chain of co-reference noun phrases is annotated. Before 

using ma-chine learning algorithms, the input text should 

be pre-processed through several natural language 

process-ing (NLP) modules and therefore all the noun 

phrases would be specified. Then, for each noun phrase, 

its candidate co-reference noun phrase set would be deter-

mined and hence the noun phrase pairs are identified. 

After determining the noun phrase pairs, for each pair an 

Eigenvector is formed which is fed into the learning 

algorithm as a learning sample. Learning algorithms learn 

about noun phrases being co-referenced or not or the 

probability of noun phrases being co-referenced based on 

the input Eigenvector. 

 
Fig.1. The steps of co-reference resolution 

 

A. Pairwise methods 
In pairwise methods [5], decision making is carried out 

based on a pair of noun phrases, that is the two desired 

noun phrases are evaluated by the classifier and ultimately 

they are annotated as co-reference or not co-reference and 

in some cases their co-reference degree is specified (Fig 

2). 

 
Fig. 2. The pairwise model for co-reference resolution 

 

Each pair has one features vector that contains sim-ple 

features and tree features (Fig 3). In this method, at first 

the similarity between the samples is calculated. Then, for 
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the learning of the model, SVM is used and then using 

clustering algorithms these pairs are combined together 

and co-reference sets are created. 

 
Fig.3. Feature vector in pairwise model 

 

Because the information from two NPs may not be 

enough, Pair wise models aren’t accurate. Also, the 
candidates aren’t ranked in this model. 
B. Clustering method 

In order to improve the performance, a classifica-tion 

can be taught in which, instead of determining the noun 

phrase co-reference with its previous noun phrase, its co-

reference with its previous clusters can be determined and 

in this way more information can be obtained from the 

previous clusters [6]-[7]. While this model, offers us more 

information, but we cannot determine which model is the 

best model, yet. 

C. Candidate ranking method 
In order to determine which one of the candidates is the 

best one, a model is taught which rates the candi-dates and 

chooses the highest ranking candidate as the reference. For 

a noun phrase and its candidates with different ratings, 

learning samples are devised. It can be said that this 

method is a kind of competitive model [8]. This method 

can choose the best candidate but again it faces the 

problem of insufficient information. Hence, the following 

method is developed (Fig 4). 

 
Fig.4. The candidates ranking model (a high ranking 

candidate is won) 

 

D. Cluster ranking method 
Instead of ranking the candidates, the previous clusters 

can be ranked. This method is known as cluster ranking. In 

this method, due to the fact that the in-formation in 

clusters is more than the information in pairs, the 

possibility of more accurate decision making is provided 

and among the clusters, the highest ranking cluster is 

chosen [9]. In [10] the cluster ranking method with novel 

semantic features based on recent research on narrative 

event schema is proposed. The narrative schema are 

extracted from large-scale corpora using co-reference 

information (Fig 5). 

 
Fig.5. A system execution flow 

 

E. Joint learning 
The weakness of the above-mentioned methods is that 

an error in the step for determining the noun phrases with 

reference is generalized into the next steps which affects 

the step in which the reference is chosen. All steps are 

jointly performed for solving this problem. This method is 

known as joint learning [11]. A null cluster was defined 

that shows a NP hasn’t any antecedent, and samples with 
this feature are trained. In fact, instead of specifying the 

reference for all the noun phrases, the problem space is 

just limited to the noun phrases having a reference and 

therefore the ac-curacy is intensified. These classifiers are 

trained by two ways: 

1. Making classifier with different degrees of con-

servatism that is defined as follows:  � =                                                                             

In this formula Fn is the cost of missed NPs that haven’t 
antecedent and F p is the cost of missed NPs that have 

antecedent. If this degree is bigger the classifier has more 

tendencies to evaluate two NPs as co-reference. 

2. Training the classifier with different thresholds  

– Probabilistic Model  ��  �|      (2) 

In this formula C shows that the NP has an an-tecedent 

and i is the sample. 

– making classifier M
t
 from PA\ it = non − ana ⇔ ��  � = − |   (3) 

The larger number of Cr or t indicates the classifier 

tendency to classify the NPs as co-references, so precision 

is decreased and recall is increased. 

Different adjustments have been done on these meth-ods 

and their efficiency has been increased by adding further 

features. The features of the pair model can be used for all 

the models but instead of forming the fea-tures between 

two noun phrases, they are formed be-tween the noun 

phrase and its previous clusters. 

F. Final clustering 
After determining the references, a clustering pro-cess is 

done on them to combine the different clusters and larger 

clusters can be formed. This is done by three ways; putting 

NP and the most nearest antecedent into a cluster 
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(Algorithm 1), putting NP and the most likely antecedent 

into a cluster (Algorithm 2), and putting NP and its entire 

antecedent into a cluster. 

 

Algorithm 1 The closest-first clustering algorithm 

 

CREATE-COREF-CHAINS (NP1, NP2, NPn; doc)  

 

Mark each NPj as belonging to its own class: NPjcj 

Proceed through the NPs in left-to-right order.  

for all NPj encountered, consider each preceding NPi do 

ci = class of NPi and cj = class of NPj  

coref-likelihood = dtree (feat-vec (NPi, NPj, doc))  

if coref-likelihood > 0.5 then 

cj = cj  ci; break  

    end if 

end for 

 

Algorithm 2 The Best-first single-link clustering algo-

rithm 

 

CREATE-COREF-CHAINS (NP1, NP2, ..., NPn)  

Mark each NPj as belonging to its own class: NPjcj 

for all NPj do 

        Form an instance from NPj with each preceding NP 

    S(NPj) = {NPi | NPi is classified as coreferent with 

NPj} 

    NPk = noun phrase in S(NPj) with highest confidence 

    cj = cj  ck  

end for 

 

G. The problems of machine learning based Co-

reference resolution approaches 
The problem with these methods [12] is the possibil-ity 

of ignoring the transitive property. A cluster can be 

considered as n*n binary matrix where Cij = 1 if and only 

if NPi and NPj are co-references (Fig 6). To solve these 

problems, the rules were pruned (Algorithm 3). 

 
Fig.6. Matrix of Co-reference NPs cluster 

 

Algorithm 3 The RULE-SELECT algorithm 

RULE-SELECT(R: ruleset, P: pruning corpus; S: scor-ing 

function) 

BestScore = score of the coref system using R on P w.r.t. S 

repeat 

r = the rule in R whose removal yields a ruleset with 

which coref system achieves the best score b on P w.r.t. S 

if b > BestScore then BestScore = b 

R = R \ r  

else 

break  

end if 

until true  

return R 

 

Algorithm 4 The NEG-SELECT algorithm 

 

Algorithm NEG-SELECT(NEG: 

set   of   all   possible   negative   instances) 

for i(NP id; NP jd)NEG do 

if NP jd is anaphoric then 

if NP id precedes f(NP jd) then 

NEG := NEG\i(NP id; NP jd) 

end if 

else 

NEG := NEG\i(NP id; NP jd) 

end if 

end for 

return NEG 

 

Algorithm 5 The POS-SELECT algorithm 

Algorithm POS-SELECT(L: positive rule learner, 

T: set of training instances) 

FinalRuleSet := ∅ 

AnaphorSet := ∅ 

BestRule := NIL; 

repeat 

BestRule := best rule among the ranked set 

of positive rules induced on T using L 

FinalRuleSet := FinalRuleSet ∪ BestRule 

// collect anaphors from instances that 

// are correctly covered by BestRule 

For � , � ∈ T do 

If � , �  is covered by BestRule and 

class( � , � ) = COREFERENT then 

AnaphorSet := AnaphorSet ∪ �  

remove instances associated with the anaphors covered by 

BestRule 

for � , � ∈ T do 

if  �  ∈  AnaphorSet then 

T:=T\{ � , � } 

until L cannot induce any rule for positive. 

return FinalRuleSet 

 

The other problem is the uneven distribution of classes. 

Co-reference is a rare relation. In order to solve this 

problem, the negative samples are chosen and the model is 

taught by them (Algorithm 4). The next prob-lem is the 

involvement of hard learning samples. To solve this 

problem the following activities can be done: choosing 

positive samples and choosing easy positive learning 

samples. positive sample selection in POS-SELECT is 

implicit (Algorithm 5). 

H. The samples of supervised learning models for 

Co-reference resolution 
The best link and all link methods are introduced in 

[13]. A binary classifier ranks the compatibility of NP 

pair. For two NPs u and v their compatibility score is 
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calculated as follows; � = . � , +  , +         (4) 

Where j represents features and c is the linguistic 

limitation and w is the binary compatibility score of NP 

according to the limitations. w is the weight vector that 

was trained by training data. t is a threshold. Best link 

algorithm solves the following linear programming 

problem;  � =  ∑ �   ,                                              .  ∑<   ∀  ,  ∈  { , }                               

Where yuv is a binary variable that is 1 if u and v be in the 

same cluster otherwise is 0. The all link algorithm gives a 

score to a cluster of NPs based on the score of all possible 

binary links, and considers the transitive relation and 

solves the following linear programming problem; � =  ∑ �   ,                                                       .  ∑<  +   −  ∀ , ,  ,  ∈  { , }   

In [15] lexical features are vastly utilized which are 

obtained using a connected graph of sentences. The final 

features are automatically selected using a cross validation 

process. The positive samples are represented by � = {(  , )} where mj is a NP and mi is the most nearest 

its antecedent. The negative samples are defined as =  {(  , )| < < }. The decision tree (Fig 7) and 

logistic regression classifiers are used for training, and the 

logistic regression had been better. As discoverer, the best 

nearest algorithm is used for pronouns and the best first 

algorithm is used for other NPs. This algorithm considers 

the most similar classified antecedent as the pronoun 

antecedent. Finally the noun phrases which are left alone 

are re-moved from the system.  

 
Fig.7. A decision tree for co-references (C = 

COMPATIBLE, I = INCOMPATIBLE w.r.t. P, and N = 

NOT APPLICABLE) 

In [14] is related that co-reference resolution systems 

improve different metrics, so one metric should be used 

for comparing their performance. A multi objective 

genetic algorithm is used for simulating, and each metric 

is considered as one of the goal function. The final goal is 

maximization all of the metrics. A modular architecture is 

proposed in [16]. It distinguishes from the feature 

engineering and the ma-chine learning parts. The classifier 

divides the NPs into two classes of co-reference or not co-

reference then the co-reference classes are clustered. In 

addition, the link feature is used in this method. 

The usefulness of the features is evaluated by the 

information gain and its rate. = � −  �                                                      � =  − ∑ � � 2� ��                                     

� =  ∑ |� ||�|  �                                              

Where f is the value of the features and their related class, 

and H(C) is the entropy. If the features have large values, 

the information gain is not good metric for deciding about 

their relations, then information gain ratio is defined; =  �                                                     

� =  − ∑ |� | |�| 2|��| |�|                                   

The above relation can be used to determine the features 

which improve classification. The architecture of this 

system is designed in way that firstly the textual corpus is 

transformed into a relational data model. The main 

objective of this transformation is to use the defining 

language of the features. After modeling the textual 

corpus, co-reference resolution is carried out. In [17] 

instead of using an analysis tree, a jungle is used for 

determining the candidate noun phrase. Then the radial 

search algorithm based on Bell tree is used for creating the 

entities and finding the global optimal partitioning (Fig 8). 

Maximum entropy classifier is used for predicting the 

probability of two noun phrases referring to the same 

entity. The objective is to find the global optimal 

partitioning which is formulated as follows: = ∅∈� ∑ �∈∅          � = ∑ (  , )∈  , ∈ + ∑ (  , )∈  ,  ∈  

(15) 

 
Fig.8. A Bell Tree for co-references 
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Where P is all the partitions and �  is the cost of 

entity e, and   ,  is the probability of being mi 

and m j co-reference and  ,  is the probability of 

being mi and mj not co-reference. In [18] co-reference 

resolution is modeled as a linear programming problem. 

The complexity of identifying transitive phrases is 

reduced. Accordingly the limitations are reduced without 

affecting the efficiency for example the pairs with the 

probability lower than a threshold value are eliminated. 

This system supports both local and global classification. 

Maximum entropy is used for phrases and their references 

since it allocates a high probability to phrases and pairs. In 

the global step, in-stead of determining the pairs 

separately, it is done in a tabular method and this problem 

is modeled using linear programming. The features are 

chosen based on the information gain ratio. Gain Ratio � =  � �                                      min ∑ , × , + ̅ , × − ,, ∈�2   

Where c (i; j) = log(Pc) and c (i; j) = log(1 Pc) and M is the 

set of candidate NPs. Pc is the probability of being co-

reference based on maximum entropy and x (i; j) is a 

binary variable; it is 1 if two NPs are co-reference 

otherwise it is 0. By Considering the threshold probability, 

the transitive relation is formulated as bellow; , + ,                                                       

    , =                                    
Where  �c , <  � 

In [19], conditional random fields method is used. These 

are among relational methods in which there is no need for 

the assumption that decision making regarding the noun 

phrase pairs should be done separately. Also, they 

consider several properties for the in-put data without 

worrying about their interdependency and in so doing; 

they make use of the advantages of conditional random 

fields method. Conditional random fields consider the 

interdependency among the data and the decision making 

regarding noun phrase pairs is not done separately. Hence, 

we can prevent issues such as triple inconsistencies. The 

main problem with conditional random fields is the 

complexity of calculations and its implementation. 

In [20] a corpus-based method is used. They used data 

mining methods in determining co-reference noun phrases. 

Using annotated databases, some rules are extracted and 

for each rule, its entropy is considered as a criterion for the 

accuracy degree of that particular rule. Then, noun phrase 

parsing is carried out in a way that a higher number of 

rules with higher accuracy degrees can confirm this 

parsing. 

In [21], first order probability model is used. The first 

order probabilistic logic is a first order logic in which each 

statement is allocated a probability. Therefore, a problem 

configuration can be defined as a set of statements with 

each one of them having a parameter. The probability of 

each configuration is proportional to the combination of 

these weighted statements. In this method, induction is 

carried out directly on a set of statements and is not 

limited to only one pair of noun phrases. Accordingly, we 

can consider properties which consider all the phrase sets 

for decision making and they are not applicable for 

methods working based on a pair of noun phrases. 

In [22], the ranking method is used. Ranking allows all 

the candidates to be evaluated simultaneously. This 

method reduces the error up to 9.7 percent compared to the 

best classification method which is the binary candidate 

model. 

In [23], lexicology, syntactic knowledge, semantic 

knowledge and discourse information are used. This 

system involves three stages. The first stage is to identify 

the noun phrases. The next stage is co-reference resolution 

and the last stage is the final process. The first stage is 

retrieval-oriented and the second stage is precision-

oriented. The obtained results show that this design 

improves efficiency. For instance, in the stage for 

identifying noun phrases retrieval is very important since 

we should not miss any accurate noun phrase but if the 

noun phrases are wrongly identified, they would have a 

small influence on the final ranking since the final 

processor would omit them. 

In [24], a set of rules and trees are used for co-reference 

resolution. Change entropy and decision tree are used as 

the learning base and the combination of change entropy 

and random forests is used as the convention. Random 

forests algorithm creates copies of the learning data sets 

and builds a decision tree for each copy. During the 

growth stage of the tree, a subset of properties is randomly 

chosen from each node and the best one of them is 

selected for that node. Firstly, noun phrases are identified, 

then the related noun phrase pairs are selected and then the 

inconsistencies are re-moved from the binary classification 

and the pairs are combined with each other so that 

partitions of co-reference phrases are built. 

In [25], a multi-layer perceptron (MLP) classifier in a 

pipeline method is used. Pairs are determined in a heuristic 

method and feed the network for learning. Different parts 

of this model are clearly visible in Figure 9. 

In [26], the previous methods are improved by adding a 

filter based on annotation scheme and system behavior 

analysis in to the developing set. This system uses an 

unsupervised method based on a generative model. Since 

false phrases heavily reduce the efficiency of the system, 

the focus is on identifying and filtering these phrases. In 

order to improve co-reference resolution the phrases are 

filtered before and after resolution. The filtering after 

resolution is based on common errors in developing set. 

This change increases accuracy in co-reference resolution. 

Finally, when single phrases re-main, it can be attributed 

to two reasons: the phrase is either false or it is not 

reference and it is very hard to distinguish between these 

two. 

In [27], a new method based on chain clustering is pro-

posed. In this method, instead of determining all the 

reference phrases, only the closest reference is chosen. If 

one of the related phrase pairs belongs to a cluster, while 

another one does not belong, then both of them are 

allocated to the same cluster. This process continues until 

adding another pair to a cluster becomes impossible and 

then these pairs are combined to create chains. 
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Fig.9. An architecture sample 

 

In [28], a system is proposed which can use different 

machine learning methods and by providing new 

components can easily work with new corpora. This 

system consists of pre-processing parts which identify 

phrases and some extra information, property genera-tor, 

classifier in which a linear classifier is taught using 

average perceptron algorithm, clustering part which 

utilizes single-link clustering algorithm, and the scoring 

part which evaluates different measures using diverse 

methods. For each new corpus two basic activities should 

be done: the first one is to transform the annotations and 

the second is to extract co-reference components. 

In [29], a supervised learning method is discussed. This 

method uses a maximum entropy classifier for determining 

noun phrase pairs and utilizes a rich set of properties 

created based on linguistic rules. Co-reference chains are 

clustered using best first clustering algorithm. Each phrase 

is compared to all the previous phrases which have a 

probability higher than a thresh-old value and then it is put 

into a cluster with the highest probability. If there were no 

clusters with a probability higher than the threshold value, 

a new cluster will be created and the phrase is allocated to 

the new cluster. 

In [30], a simple classifier with several effective 

property is used for co-reference resolution. In order to 

carry out co-reference resolution, a paired pre-clustering 

model is used based on the type of links. In this model, the 

pre-clustering is firstly done for all the phrases and then 

for different links, diverse classifications are taught to 

determine whether two pre-clusters refer to the same entity 

or not. The results for the final pre-clustering are created 

using the best first clustering method. 

In [31], using an interesting method a Russian text is 

translated into English using Google Translate and then 

the obtained text is spun into English again. This reduces 

the complexity of some of the sentences. 

 

In [32], the authors state that in co-reference resolution 

systems the number of negative samples which are not co-

reference is higher than the positive samples. This study 

uses sampling techniques to reduce the number of negative 

samples in the learning set in order to reach a balance 

between the number of negative and positive samples. 

This study uses four sampling methods: 1- local sampling: 

considering the pronoun pair and its accurate reference, 

only the negative samples of those phrases are considered 

which are between them; 2- distance sampling: 

considering the distance between the negative sample and 

the closest positive sample, only those negative samples 

are selected which have a distance more than 0.002; 3- 

incremental learning: the number of samples is increased 

gradually and only those are retained for the learning set 

which are not classified with the current learning set. This 

technique is used in this system in a way that the positive 

samples are retained and the negative samples are in-

creased incrementally. In [33], the sample of this 

algorithm is proposed (Algorithm 6). 4- Random 

sampling: at first a rate is determined and then the 

negative samples are randomly chosen (without 

replacement) until the rate is achieved. 

In [34], the BART co-reference resolution system is 

demonstrated. The BART has five main components. 

1. The preprocessing pipeline converts an input document 

into a set of linguistic layers, represented as separate 

XML files.  

2. The mention factory is utilized to extract mentions and 

their basic properties (number, gender etc).  

3. The feature extraction module describes pairs of 

mentions as a set of features.  

4. The decoder generates training examples through a 

process of sample selection, the encoder generates 

testing examples through a process of sample selection, 

runs the classifier and puts the mentions into co-

reference chains.  

5. Independent Language Plugin module is accessible 

from any component, includes the language specific 

information.  

 

Algorithm 6 The Incremental Algorithm 

for i=1 to length(I) do  

for j=1 to length(C) do 

r j := virtual prototype of Co-reference set C j  

Cand := Cand + r j if compatible(r j ,mi) 

end for 

for k= length(B) to 1 do 

bk:= the k-th licensed buffer element Cand := Cand + bk if 

compatible(bk,mi) 

end for  

if Cand = fg then 

B := B + mi  

end if 

if Cand 6= fg then 

antei := most salient element of Cand C := 

augment(C,antei,mi) 

end if 

end for 
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In [35], a general system is proposed which uses 

different supervised learning methods and diverse property 

sets. Three supervised learning models are used: 1-phrase 

pair model; 2- phrase ranking model; 3- cluster ranking 

model. These three models are combined with three 

property sets and created nine co-reference resolution 

systems which are all a part of the general sys-tem. Phrase 

pair model is a classifier which determines if two phrases 

are co-reference or not. Phrase ranking model, which 

ranks all the candidate references and compares them to 

each other, determines which one of them has a higher 

probability of being a reference. 

 
Fig.11. Antelogue System Architecture 

 

In [36], Antelogue system is demonstrated. It has 

modules to resolve pronouns in both text and dialogue. In 

this system, the pronoun resolution is done by two steps: 

1- extracting information of words and their entities, 2- 

determining an algorithm that utilizes these features to 

make resolution decisions (Fig 11). 

In [37], a co-reference resolution system is used for the 

Portuguese language. The interesting point to be 

considered in this system is that in order to obtain the 

learning samples a parallel Portuguese-English corpus is 

used and the reference chains in the English part of the 

corpus are identified and annotated and then they are 

mapped into the Portuguese part of the corpus and finally 

it is used for learning. 

In [38], a rule-based method is proposed for co-

reference resolution in Persian language. This method uses 

the following rules: 1- if the pronoun is located in the 

subject part of the second sentence, the reference is most 

likely is located in the subject part of the first sentence; 2- 

if the pronoun is located in the object part of the second 

sentence, the reference is most likely located in the object 

part of the first sentence; 3- if the pronouns ”it” and 
”he/she” are in the same sentence, then the reference for 

”he/she” is an animate noun and the reference for ”it” is an 

inanimate noun in the previous sentence; 4- if we have a 

pronoun ”they/them”, then the reference will be plural or a 
combination of nouns linked using ”and”; 5- if we have a 

pronoun ”we/us” in a sentence, then the reference will be 
”I/me” plus the noun that follows it; 6- if we have 

pronouns ”there” and ”here”, then the reference will be the 
place mentioned in the previous sentence. 

IV. UNSUPERVISED OR WEAKLY SUPERVISED 

LEARNING 
 

As shown, the supervised learning methods were very 

extensive regarding co-reference resolution and include 

various types but unsupervised methods are less common 

since the process of co-reference resolution needs a vast 

body of knowledge and information which causes the 

lower efficiency of unsupervised methods using low levels 

of knowledge. On the other hand, if the efficiency of 

unsupervised methods can be in-creased, it will be much 

more prominent since the cost of data annotation in these 

methods is significantly lower. Some examples of learning 

methods with a weak supervision or no supervision at all 

which are used in co-reference resolution include: co-

training, self-training, and EM. Authors in [39] utilized all 

the three methods. Also Haghighi and [40] used 

nonparametric Bayesian method. In this method, the 

phrases with the similar entity are put in a cluster and in 

another module the error of the previous step is reduced 

using linguistic information. This method is slow and does 

not have a satisfactory accuracy. The main core of this 

method is model estimation using trivial linguistic 

information which is not very efficient and ignores the 

transitive relation. However, it is a prominent step in using 

unsupervised methods. In [41] by applying some 

adjustments, its efficiency is improved. The authors in 

[42] proposed a method based on Markov logic net-work 

which was more efficient than all the other previous 

methods. Their proposed model is very flexible and 

combines graphic probability model and first order logic 

model and can be compared to supervised learning models 

regarding efficiency. Moreover, linguistic relations and 

features can be easily integrated into it. This method has a 

limited number of rules and there is the possibility of 

missing the transitive property. In [43], the shortcomings 

of the above method are corrected and moreover a method 

based on Markov logic model is proposed, pair and cluster 

learning are carried out simultaneously and the efficiency 

of the above model is increased. But using too many rules 

increased its time complexity. 

 

V. CONCLUSION 
 

Co-reference resolution in which the co-reference noun 

phrases are specified in a text is necessary for accurate 

understanding of semantics; hence, it is one of the 

prominent research areas in many NLP applications such 

as machine translation, information ex traction, automated 

text summarization and automated question answering. In 

the above-mentioned studies, many algorithms and 

approaches for solving this issue were discussed. Co-

reference resolution was firstly carried out using linguistic 

rules which had its own limitations and these algorithms 

were not efficient when the need for understanding 

semantics in reference identification emerged. Gradually, 

the researchers were attracted to using machine learning 

methods in this field. In machine learning methods 

annotated corpora are needed, with a high volume of this 

data needed for supervised learning and a lower volume 



 

 

 

Copyright © 2014 IJECCE, All right reserved 

1253 

International Journal of Electronics Communication and Computer Engineering 

Volume 5, Issue 5, ISSN (Online): 2249–071X, ISSN (Print): 2278–4209 

 

needed for unsupervised learning. Machine learning 

methods proposed for co-reference resolution are mostly 

supervised learning methods and in recent years instances 

of unsupervised learning methods with satisfactory 

efficiency were proposed for solving this problem. 
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