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ABSTRACT
Coreference resolution is one of the most critical issues in various applications of natural language processing, such as machine
translation, sentiment analysis, summarization, etc. In the process of coreference resolution, in this paper, a fully connected
neural network approach has been adopted to enhance the performance of feature extraction whilst also facilitating the mention
pair classification process for coreference resolution in the Persian language. For this purpose, first, we focus on the feature
extraction phase by fusing some handcrafted features, word embedding features and semantic features. Then, a fully connected
deep neural network is utilized to determine the probability of the validity of the mention pairs. After that, the numeric output of
the last layer of the utilized neural network is considered as the feature vector of the valid mention pairs. Finally, the coreference
mention pairs are specified by utilizing a hierarchical accumulative clustering method. The proposed method’s evaluation on the
Uppsala dataset demonstrates a meaningful improvement, as indicated by the F-score 64.54%, in comparison to state-of-the-art
methods.
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1. INTRODUCTION

The progress of information and machining work, show that infor-
mation extraction and the use of text analysis systems are an essen-
tial problem. However, there might be ambiguities in these systems
that can be resolved by different algorithms.

One of the ambiguity in natural language processing is incorrect
coreference resolution, in general, to avoid repetition when express-
ing more information about an entity, do not use the full name of it,
and use different descriptions, e.g., use a pronoun or his first name.
These terms, which are used to refer to an entity, are called “men-
tions,” and all mentions refer to the same entity, are coreference
together, which these are noncoreference with other mentions.

Coreference resolution is the task of finding all expressions that
refer to the same entity in a text. For example, there are many men-
tions in the following text snippet from which more important ones
are marked with brackets.

[Mexican football]m1 got [a boost]m2 in [September]m3 when
[former Brazil and Barcelona star]m4 [Ronaldinho]m5, joined

[modest local club [Queretaro]m6]m7. [Carlos Trevino]m8, [a former
official of the [Queretaro state government]m9]m10, launched [an
attack]m11 on [Ronaldinho]m12 before [the Brazilian]m13 had played

[a single game]m14.

*Corresponding author. Email: sahlani@mut.ac.ir; sahlani_h@yahoo.com

In the above text mentions {m4, m5, m12, m13}, {m8, m10} are
coreference together.

Coreference resolution is one of the most challenging issues in the
field of natural language processing [1]. The coreference resolu-
tion is an essential key in text comprehension, and have significant
application in natural language processing, e.g., information extrac-
tion, summarization, questions answering, machine translation,
etc. [2–5].

Coreference resolution is one of the challenges issues of natural lan-
guage processing not only in the English language but also in all of
the languages. To solve these challenge are two solutions: the first
is language-dependent, which these methods solve coreference res-
olution according to the signs that exist in some languages, and
machine or algorithm can be more easily solve this challenge, such
as gender matching in the Arabic language. The second solution
is language-independent, which these methods, solve the Corefer-
ence resolution and offer solutions that can be used in all languages.
In the related works to solving the coreference resolution, both of
the language-dependent and language-independent approaches are
used.

In general, coreference resolution methods divided into two main
categories: machine learning-based and rule-based methods [6].
In the rule-based methods, a set of rules are written to determine
the coreference resolution. The advantage of this method is its
simple design. However, the flexibility of this method is low, so
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all languages must be redesigned from the beginning by experts
[7]. Machine learning methods are divided into supervised and
unsupervised classes. In supervised strategies, existing training data
needs to be annotated by an expert [3].

In the following sections of this paper, the related work done to the
Persian and English language coreference resolution are explained;
then, are expressed how to recognize name entities and how to
extract features from mention pairs and how to train our model.
In feature extraction, are used three categories of features to extract
essential features; handcrafted features [8], word embedding fea-
tures, and semantic features are used, and in the training model
phase, a fully connected neural network and a hierarchical clus-
tering method are used. Next, the proposed method evaluated in
the Uppsala database [9]. Then the results of the proposed method
are described and compared with other related methods, that show
improvement by approximately 5% compared to the method in [8]
and reach 64.54% accuracy and finally, after analyzing the error in
the experiments, we state the conclusion and summarize the paper.

2. RELATED WORKS

The coreference resolution is divided into two categories: the entity
coreference and the events coreference, in which the principles are
the same, and one can use the ideas of others. The related works
in the events coreference are Lu work’s [3], which first, they deter-
mined essential features and reduced the complexity by removing
other features, then used Markov Logic Networks to coreference
resolution. The same authors in [6] presented a coreference res-
olution using a binary classification on the KBP 2016 corpus. In
[10], first, the authors expressed the challenges in the event coref-
erence; then, they resolve coreference by extracting important fea-
tures of mentions. Authors in [11], try to resolved unsupervised
events coreference. In [12], the authors considered two distance cri-
teria for in-text and out-text features and combined the value of
them to increase the accuracy of the event coreference resolution.

This paper proposed an entity coreference resolution, which works
on the entity coreference considered in two categories: rules-based
methods and machine learning-based methods (Figure 1).

Coreference resolution methods can express in three main steps:

The first step (corpus creation andmention pairs detection), cor-
pus creation is a work that requires time and expertise in this field.
There are also many suggestions about how to code corpus, and
each corpus uses its encoding, and there is no general standard for it,
if there is an appropriate corpus, it can skip this part. CoNLL [13] is
a proper corpus for coreference resolution in some languages, such

Figure 1 Coreference resolution methods.

as English, Chinese and Arabic. Authors in [8] created a Persian
corpus according to the CoNLL standard.

After selection or creation of corpus need to detect mention pairs,
in some methods, mention pairs identified with preprocessing such
as parts of speech, parser, etc., and in some of the other methods use
the information of standard golden corpus such as [8,14,15], etc.

Coreference resolution algorithms usually detect mention pairs in
three different methods: the first is the mention pair model (the
mention pairs has classified as a coreference or as noncoreference),
the second is the entity-mention model (classify each mention with
a previous entity) and the third is the ranking model (calculate
the possibility of the mention pairs and sort them and select the
maximum coreference possibility) [3]. In the Table 1 seen the used
method for the detection of mention pairs.

In the second step (feature extraction or applying rules), extract
the features from the mention pairs. In machine learning-based,
various features are used to determine coreference resolution, such
as word embedding vector in [1,14,15], etc., distance, head match-
ing words, etc., in [1,8,14,15] and, etc., which are directly extracted
from corpus, semantic features, etc.

In rules-based methods, applied important rules from top to down
to detect the mention pairs and eliminate unlikely and incompat-
ible mentions, it should note rules are language-dependent [7,16].
Figure 2 shows rule-based flowchart methods that state the rule
importance from top to down.

Due to the complexity of the coreference, the rules-based systems
transformed into machine learning-based systems; there are several
methods for extracting the appropriate features and giving them
appropriate weight. The machine learning-based algorithms lead to
better sorting and better weighting of features in comparison to the
rules-based systems.

Extraction of the appropriate features is difficult that researchers
did different act to extract these features. Some of them extract
features that directly exist in the text, which named these features
handcrafted, that in different languages, different actions have been
taken in this field, most of these are language-dependent, such as
gender agreement features, headword matching, plural or singular
agreement, etc.

Some researchers try to extract features which not directly in the
text; these features are understandable to humans inadvertently and
do not exist directly in the text and must be learned and extracted
by the machine. For this purpose, need to external resources, which
one of the best external resources is the web. To extract informa-
tion from the web, must be implemented a corpus, which can detect
communication between words and determine whether there is
a connection between these words or not? These features named

Figure 2 The priority of some rules used in the rule-based system.
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semantic in this paper. For this purpose, researchers have been cre-
ated different corpora like Yago [17], DBpedia [18], WordNet [19],
etc., in the English language and FarsBase [20] in the Persian lan-
guage.

Authors in [21] investigated two publicly available web knowledge
bases, Wikipedia and Yago [17], in an attempt to leverage semantic
information and increase the performance level of a state-of-the-art
coreference resolution engine. They extracted semantic compati-
bility and aliasing information from Wikipedia and Yago [17], and
incorporate it into a coreference resolution system.

They in [21] defined two features, Yago-means and Yago-type as
follows:

The Yago-means feature set to true if the Yago entries stay in means
relation (we add reflexive means relations from each node to itself).

The Yago-type feature set to true if (a) there exist Yago nodes T1
and T2 such as the anaphor stay in type relation with T1 and (b) the
antecedent stay in means relation with T2 and (c) T1 and T2 stay in
type relation or vice versa.

Another way to extract the high-level features, which are under-
standable to humans, is to use neural network systems to learn
understandable concepts to the machine, such as dictionary word
algorithm, word2vec [22] algorithm, Glove algorithm [23], etc.
These features named word embedding in this paper too.

In the third step (training model), the proposed model has been
trained by extracting features from the previous step. There are sev-
eral algorithms to train the model, according to the various avail-
able algorithms for this purpose, authors in [8] compared several
of these algorithms, such as decision tree, naive Bayesian and the
SVM, which showed the SVM is better than others. As well as
authors in [14,15] used the Fully Connected neural network with
a large number of nodes (which name this method is deep learn-
ing), which showed this classification has high accuracy. Authors
in [1] used Bultzman deep neural network for coreference resolu-
tion, which has high accuracy. They show that the fully connected
neural network is better than other classifications methods.

By considering that, Coreference Resolution is a binary classifica-
tion and the output of this classification is 0 or 1, some of the meth-
ods use a clustering algorithm to apply coreference mention pairs
in the same cluster such as [14].

In the Table 1, coreference resolution systems listed in different cat-
egories.

As can be seen, Table 1 stated the classification of the related works.
It can consider several categories for some methods, e.g., in the
[29,30] and [6], used the entity mention and ranking model; or in
[14,15], used deep learning methods to classify mention pairs and
a clustering algorithm to specify coreference mentions in the same
cluster. These methods used entity mention method and ranking
model.

In addition to the category of methods seen in the Table 1, we used
the features stated in these papers, such as the matching headword,
distance, etc. It should be noted that many features are language-
dependent and unable to use in all languages. Also, some features
need preprocessing such as databases, e.g., in [32] and [21] used the

Yago [17], DBpedia [18], or other resources that only exist in the
English language.

3. PROPOSED METHOD

In this section, an approach for coreference resolution based on
graph and fully connected neural networks presented. In each doc-
ument, features extraction are performed after finishing the pre-
processing phase and mentions detection. In the proposed method
to extract features of the mention three categories features are
used: the first, handcrafted features (essential features in different
papers), the second, the word embedding vectors and the third,
semantic features which extracted from Wikipedia. The extracted
features from the mentions are used as input to the fully connected
neural network to train the model, after training of the model,
detected the probability of coreference mention pairs.

The coreference mention pairs used as input to the graph, to clus-
ter similar coreference mention pairs in one group. In other words,
after clustering of the graph, the similar mention pairs are placed in
a group which is known as the coreference. Figure 3 shows the steps
of the proposed algorithm.

It should note that the similarity of nodes determined by features
that extracted from the mention pairs in the training step, these fea-
tures are the probability of coreference mention pairs and the new
features that created before the determination of the likelihood of
coreference mention pairs.

The proposed method divided into four general sections:

The first step (CorpusCreation andPreprocessing):Access to the
desired corpus in some languages is difficult, and sometimes the
researcher must first create the corpus. Authors in [8] created coref-
erence resolution corpus in the Persian language , and we used this
corpus in the proposed method. After corpus creation, name enti-
ties should be recognized in input texts. This step depends on a cor-
pus, in some corpora entities named as golden data, we used corpus
in [8] which determined name entities itself.

The second step (Feature Extraction): In this step, after recog-
nizing the named entities, the mention pairs are determined, and
features from them are extracted. The proposed method uses three
categories of the feature: the first is word embedding vector, the sec-
ond is semantic features extracted from Wikipedia and the third is
handcrafted features, which are the distance between the mentions,
head matching, gender matching, etc.

The third step (Probability Assignment or Mention Pairs): A
Feedforward Neural Network (FFNN) is trained by the candidate
mention pairs (extracted features from them) and their labels (pres-
ence/absence or 1/0) so that the trained FFNN assigns a probability
(between 0 and 1) to any given mention pair.

The fourth step (Coreference Graph Resolution): This step cre-
ates the graph by using the extracted mention pairs from the pre-
vious step. In this graph, nodes are the mention pairs that are clus-
tered by using the agglomerative hierarchical clustering algorithm
to locate similar mention pairs in a group. The resulting clusters are
considered as coreference resolution chains
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Table 1 Some of the critical coreference resolution method.

Figure 3 represents a schematic view of the block diagram of the
proposed method. The following subsections explain the proposed
method more in detail.

3.1. Corpus Selection and Preprocessing

In the coreference resolution task, the results of the machine
learning methods have been better than the rule-based methods.
Machine learning methods need to have an appropriate corpus that
has been tagged by experts. Different appropriate coreference reso-
lution corpora have been created in the English language; however,
in the Persian language, it has been constructed into an appropriate
corpus by [8], which is comparable with appropriate corpora such
as the CoNLL. This corpus is composed of news put out by the most
popular news agencies in Iran during September 2016. It includes
subjects such as economic news, technology, politics, sport, society,
culture and art news. This corpus has more than one million Persian
words with a gold coreference label, which means the coreference
has been tagged manually and automatically.

RCDAT Corpus [8] is similar to the CoNLL corpus and contains 12
fields for any mention. All fields of this corpus include the following:

``File Name or Document ID, Part number, Word itself,
Part-of-Speech -16 (identifies POS with 16 labels), Named Entities
labels_13 (with 13 Gold labels), Word tokens, predicated lemma,

Named Entities labels_3 (with 3 Golden labels), Index of the word in
Coreference chain (Golden label), Coreference chain number (Golden

label), Type of Mention, gender, Type of phrase, POS_100.''

After corpus selection, the first step is the detection of mention
pairs; in some of the corpora, the mentions have been detected and
can skip this step, e.g., the CoNLL corpus in English or the corpus
in [8].

After corpus selection, the first step in coreference resolution is
name entity recognition and mention pairs detection. There are
some problems in recognizing the named entities in the corpus, i.e.,
mismatching of recognized named entities and gold-named enti-
ties, or sometimes, the recognized named entities are not in the
golden corpus, or the named entities cannot be recognized in the
text [6]. To reduce any error in coreference resolution, the authors
of [8] had to do a series of preprocessing operations on the corpus
text.

In the preprocessing step before coreference resolution, the corpora
are normalized, checked using spell correction and sentences split,
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Figure 3 The block diagram of the proposed method.

Table 2 Accuracy of pre-processing tools in the
RCDAT corpus [8].

Tools Accuracy (%)

POS 98
NP-chunker 70
NER 85
Paragraph splitter 98
Sentence splitter 98
Tokenizer and spellchecker 93

etc. The accuracy of each of the preprocessing tools used in [8] is
presented in Table 2.

Table 2 shows the accuracy of preprocessing methods, the low accu-
racy of which reduces the accuracy of the proposed coreference res-
olution method.

3.2. Feature Extraction

After name entities recognition phase, mention pair together, it is
necessary to extract mention pairs features to train these. These
features divide into three-part: the first part is word embedding fea-
tures, the second part is handcrafted features and the third part is
semantic features.

3.2.1. Word embedding features

Neural networks are used widely in various machine learning fields
to combine features in higher layers and create new features. A fully
connected neural network is a collection of neural network models
that can be taught nonlinear transformations of data and attempt
these to high-level concepts. Deep neural networks are developed
from neural networks to extract concepts at different layers.

The deep learning algorithm is used in natural language processing
to provide an in-depth analysis of the text; i.e., it extracts important
features from mention pairs in coreference resolution. Deep fully
connected models are used to gain advanced features from the men-
tion pairs. The results show that extracting features from fully con-
nected models increased accuracy. One approach for using words

and sentences in a variety of machine learning numerical methods,
such as classification algorithms, is a numerical representation of
words and sentences.

One approach is to use an n-word dictionary that represents each
word in a vector with dictionary length so that all of the nodes are
zero except the corresponding node to that word. Sentence vector
can also be represented by a vector, which is a combination of the
word vector used with it. Even though it is simple, it requires a large
amount of memory space, and in this vector, only words and their
repetition are essential, so the order of the words or the subject of
the document does not affect the model.

Another of the methods used in this area is the Google Word2Vec
algorithm [5], which is an efficient way to display words and doc-
uments. In this method, a unique representation vector is given for
each word. After creating vectors related to each word, vectors can
find the mean of each column’s numbered vector of words that are
used within it to display each sentence (Figure 4).

Another method for the numerical representation of words is Glove
algorithm [23], which is superior to the previous methods. Glove is
an efficient method for displaying words as vectors. In this method,
a unique fixed-size vector with a deep neural network is created for
each word, and an average vector of words in it is considered for
each sentence.

This paper uses the Persian Wikipedia corpus to vector the words.
The results of the implementation of the Glove algorithm [23] on
this corpus are unique vectors with a length of 300, which this length
can change [34].

In this paper, the embedding method has done in two ways: the first
is to obtain the word embedding vector for each mention pair and
comparing the similarity of them. The second is to examine the sim-
ilarity of mention sentence embedding with the candidate entity.

For example, in “[Tehran city] is [Qom city’s] neighbor and [Mas-
soumeh Shrine] is in [this city].” The similarity of the [Qom] and
the sentence “[Massoumeh Shrine] is in [this city]” is more simi-
lar than [Tehran city] and this sentence; therefore, [this city] and
[Qom] are coreference.
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Figure 4 An example of text to vector converter.

3.2.2. Handcrafted features

In supervised systems, mention pair samples (mi, mj) are labeled
true (coreference) or false (noncoreference).In this paper, mi, mj
are mention pairs, and their label is true if mi and mj are corefer-
enced together. A features vector represents the mention pairs of
mi & mj; this can be used with these labels as criteria for evaluat-
ing methods. Traditional methods of coreference resolution used
handcrafted features, which mainly depend on the prior knowledge
of designers, and some of the handcrafted features are dependent
on language or some of the preprocessing in language. The hand-
crafted features that have been used in our proposed method are

``the first mention, the second mention, the distance between the
two mentions (in the sentence), the type of the mentions, the

mentions string matching(first namematching, the headmatching),
the existence of definitions word in the mentions, Speaker

detection, number agreement (singular or plural), gender agreement,
the living mention matching.''

In the following, we point out some of the challenges regarding
handcrafted features and detail of some handcrafted features which
are used in this paper:

• Distance Features: One of the essential features in coreference
resolution is the distance of the mention pairs in a document,
and this can be used inside of other features; i.e., string
matching features of mention pairs in two sentences can be
coreference regardless of the distance between them, but gender
agreement features between a pronoun and mention can be
useful only in a similar sentence or at least once in a sentence
space. Therefore, the distance features can be a supplement for
many other features [7]. So selecting coreference candidates will
usually be done concerning their distance because it is assumed
that the boundaries of an entity are near to the entity. Distance
features can be considered as words, phrases, paragraphs, or
the whole document. In this paper is assumed three sentences
for the boundaries of coreference resolution and distance
feature is considered as words, sentences and paragraphs.

• String Matching Features: These features include head
matching, exact string matching and partial string matching.

• Gender Agreement Features: Any coreference mentions should
agree on their gender, i.e., male, female, both or nonliving
entity. Gender is an essential feature in anaphora resolution [5],
which prunes the candidate mentions’ search space, i.e., in the
sentence “Ali (1) bought a book (2). He (3) is clever,” (2) and (3),
is disagreement, (1) and (3), is an agreement in gender (He =
Ali). Mention gender agreement is y/n if they are/are not in

agreement or u if at least one of the mentions have no apparent
gender. It should be noted that the gender agreement features
in the Persian language is less critical because there are no
separate male or female pronouns.

• Number Agreement Features: An entity is a coreference with its
mentions if they agree on singularity or plurality. For example,
in the sentence “Fatima and her sisters (1) go to the university
(2) by taxi (3), and they (4) met Sara (5) in there (6).” The
pronominal reference (4) refers to (1) Referent, (2) and (3) are
successfully eliminated based on number disagreement. The
number agreement and gender agreement features in Arabic
and English languages are more important than in the Persian
language because in the Persian language plural pronouns are
usually used to show respect to a person instead of singular
pronouns and pronouns in the Persian language never state the
gender of the references, i.e., in “he/she comes,” this may be
referred to “Ali or Fatima” in the Persian language.

For example, in “Maryam (1) did not go to her (2) school because she
(3) was sick),” the handcrafted features of “(1), (3)” in the Persian
language are as follows:

Maryam, she, 0, 7, 0, 0, 1, 0, 0, 0, 0, 0, 1, 2, 1.

(first mention(Maryam), second mention(she), distance (0,7,0),
type of the mentions(0, 1), string matching(0,0,0), definitions
word (0), Same Speaker(0), number agreement (1), gender

agreement(2 unknown), living agreement (1)).

3.2.3. Semantic features

In the last decade, some of the researchers try to extract rich fea-
tures which not directly in the text, should be noted in the preview,
these features are understandable to humans inadvertently and do
not exist directly in the text.

These features in this paper named semantic.

For this purpose, need to external knowledge, which one of the
best them is information on the web. To extract information from
the web must be used from the semi-structured corpus, which can
detect communication between words, such as Wikipedia but this
corpus not relational, so some of the extensive research has been
done on constructing knowledge graphs. Ref 20 includes knowledge
graphs constructed from Wikipedia such as DBpedia [18]; systems
that extract knowledge raw text, e.g., NELL; as well as the hybrid
systems that exploit multiple types of information sources, includ-
ing Yago [17]. Construction a multi-domain and comprehensive



1008 Sahlani et al. / International Journal of Computational Intelligence Systems 13(1) 1002–1013

knowledge graph from unstructured and semi-structured web con-
tents have been of interest for a while. The DBpedia project was ini-
tiated a decade ago to construct a knowledge graph from Wikipedia.
Further works like Yago, etc., integrated other sources, e.g., Word-
Net and GeoNames, in order to construct a more enriched knowl-
edge graph. However, all of them are in the English language, so
authors of [20] present FarsBase, a Persian knowledge graph con-
structed from various information sources, including Wikipedia,
web tables and raw text. FarsBase is specifically designed to fit
the requirements of structural query answering in Persian search
engines.

In some past related works, such as [32] and [21], to improve the
accuracy of the coreference resolution system, considered the rela-
tion of the mention pairs in existing knowledge databases such as
Yago [17].

YAGO’s unification of the information in Wikipedia and WordNet
enables it to extract facts that cannot be extracted with Wikipedia
or WordNet alone, such as (Tehran, TYPE, City).

Yago is an extracted ontology from Wikipedia and merged with
WordNet which examined semantic relationships between the
mention pairs; thus Yago system returns value “1” when both of the
mentions are related, e.g. [“New York,” “city”] and “0” when there
is no relationship between them, e.g. [“Obama,” “city”].

Authors in [32] incorporated the world knowledge from YAGO
into our coreference resolution models as a binary-valued feature.
If the mention pairs model is used, the YAGO feature, for instance,
will have the value “one or 1” if and only if the two noun phrases
involved are in a TYPE or MEANS relation. On the other hand,
if the coreference resolution model is used, the YAGO feature, for
instance, involving noun phrase NPk and preceding cluster c will
have the value “one or 1” if and only if NPk has a TYPE or MEANS
relation with any of the noun phrases in c.

In the proposed method, this feature is created using the FarsBase
Knowledge Base [20]. This database has collected redirects in Per-
sian Wikipedia. For example, in

``[Dr. Hassan Rouhani] [Islamic Republic of Iran President] was
officially welcomed by his Turkish counterpart Rajab Tayyip Erdogan

on Thursday at the Turkish Presidential Palace.''

The phrase of [Dr. Hassan Rouhani] and [Islamic Republic of Iran
President] have been considered in the knowledge base as a related.

To improve accuracy, in the proposed method, firstly removed the
stop words in the mention pairs then find the relation between of
them on the FarsBase Knowledge Base [20]. The relation showed
with binary value.

3.2.4. Features concatenation

In this step, the extracted features are concatenated with other
features and are used as an input vector for the training pro-
posed method phase. Extracted features have divided into three
categories:

• Word embedding features: mention pair similarity and the
similarity of each mention with another mention sentence.

• Handcrafted features: mention pair distance (by sentence),
strings matching, gender matching, number matching, etc.

• Semantic features: relation of mention pair in the FaresBase
knowledge base [20].

For example, in “Ali (1) did not go to his office yesterday because he
had ameeting withMohsen (2),” we want to detect whether “(1), (2)”
are coreference with each other or not. The concatenated feature of
these are as follows:

Ali, Mohsen, handcrafted features {0, 14, 0, 0, 0, 0, 0, 0, 0, 0, 1,
1, 1}, word embedding features {similarity of mention pairs (0.74),
similarity of mention and mention sentence (0.78)}, semantic

features {0}.

3.3. Probability Assignment: Mention Pairs

In the training phase of the proposed method, a fully connected
neural network is used, which firstly determines mention pairs that
are labeled in the RCDAT corpus [8]. Then the features extracted in
the previous steps are given as input data to the neural network and
so the model becomes trained. Figure 5 shows the fully connected
neural network architecture of the proposed method.

As seen in Figure 5, the neural network architecture of the proposed
method has three parts, which are described below:

Input layer: An input vector (w) is considered for each of the men-
tion pairs. The input vector contains three categories of features:
words embedding features, semantic features and handcrafted
features.

Hidden layers: The feature vector is transferred as input to the first
hidden layer. The number of hidden layers is three, each hidden
layer is fully connected to the previous layer, and the function used
in these hidden layers is ReLU.1 The number of hidden layered neu-
rons are M1 = 800, M2 = M3 = 400.

Output layer: The output of the last hidden layer is transferred to
the output layer, and the function used in the output layer is sig-
moid; thus, the output of the neural network is a probability and a
real number between 0 and 1. In addition to the final output of the
neural network, the output of the third hidden layer is used in the
graph formation phase.

3.4. Coreference Graph Resolution

In the training phase, only local information between mention pairs
is considered. We use global information in training a graph-based
model that clusters the mention pairs.

In this phase (formation graph), it is assumed that all the coref-
erence mention pairs from the previous step are graph nodes and
that all nodes are interconnected nondirectionally together, and all
edge weights are initially zero. At the starting state, each mention
pair is specified as cluster Gi then assigned a score Sgh(G1, G2)that
represents the compatibility of the cluster G1, G2, and shows the
probability of coreferencing G1, G2. Clustering does this by using
a hierarchical clustering algorithm and resolves all the coreference
mention pairs. After agglomerative hierarchical clustering, these
weights are changed, and all coreference mentions are placed into
the same clusters. The weight of the edges is calculated by using
various features that have been mentioned in the previous sections.

1Rectified Linear Units.
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These features are extracted from the last hidden layer in the pre-
vious step and divided into two groups, such as increasing and
decreasing edge weight.

Figure 6 shows the coreference mentions clustering steps. The hier-
archical clustering method used in the proposed method is bottom-
up, which is continued to the threshold and creates clusters that
represent coreference mentions. In clustering, the nodes are cut
according to the weight of the edges so that the most probable coref-
erence mentions can be recognized.

By using the graph, increase recall and find all of the coreference
mention pairs. In each step, is given two mention graphs Gi = {mi 1;
mi 2;…; mi n} and Gj = {mj 1; mj 2;…; mj n}, that graph-pair encoder
after combination of mention pair features, produce graph pair
representations by applying a max-pooling operation to clusters.
The architecture of the graph pair encoder is summarized in
Figure 6.

The edges pruning step of the proposed method is determined
based on the threshold. The initial training of the system detects
this threshold. Finally, the last clustering determines which pairs
are coreference and which are noncoreference.

The optimum threshold on the F1 value is seen in Figure 8. For this
purpose, we use the B3 [35] coreference metric to obtain the opti-
mal threshold level in the production of graph pair representations
that consider the F1_muc value (Figure 8). For this purpose, only
the B3 [35] criterion has been used. Although our system evaluation
includes the MUC [36] and CEAF [33] metrics, we do not incor-
porate them into the graph pair representations because the MUC
has the flaw of treating all errors equally, and the CEAF is slow to
compute [14].

As seen in Figure 8, 0.8 is the desired value for the threshold.

Figure 5 Neural network architecture.

Figure 6 The graph-based encoder.
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Figure 7 An example of graph pruning based
on the weight of the edges.

Figure 8 F1_muc value and different thresholds.

Figure 7 shows an example of graph coreference and their relation-
ships. In this example, a coreference resolution algorithm decides
to cut off the one node that noncoreference with others; as a result,
it creates a chain coreference resolution with other nodes.

4. EXPERIMENTS AND RESULTS

We have runned experiments on the RCDAT corpus [8] and evalu-
ate them with the MUC, B3, Ceafe, Ceafm and CoNLL metrics. We
have trained the proposed method with hidden layers of sizes M1 =
800, M2 = M3 = 400.

4.1. Evaluation Metrics

The main problem in the evaluation of the coreference resolution
systems is ambiguity about the number of existing mentions in the
text. This problem becomes more significant than when the men-
tions resolved by the system do not match the mentions resolved

by the golden standard. Therefore, the results obtained for different
corpora will vary greatly. Also, most algorithms utilize postprocess-
ing steps that will have a significant impact on the accuracy of the
results. In this paper, we use the standard criteria that have been
applied in various journals. These criteria are defined below.

4.1.1. MUC

First, the MUC conference defined MUC metric [36]. In MUC,
the clusters obtained by the system and the standard golden are
compared. The recall value is the ratio of the number of common
links in the system and standard golden on the minimum standard
golden links, and the precision value is the ratio of the number of
common links in the system and standard golden on the minimum
system links.

R = common links in system and standard golden
minimum standard golden links (1)

P = common links in system and standard golden
minimum system links (2)

4.1.2. B3

To solve the weaknesses of the MUC, the B3 and CEAF have been
introduced. In the B3, instead of links between clusters, the phrases
themselves and the presence or absence of them in the classes are
considered. The recall and precision values are the averages of R and
P for each mention.

R =

∑n

i=1

(
common mentions in system and standard golden

)
mentions in standard golden

n
(3)

P =

∑n

i=1

(
common mentions in system and standard golden

)
mention in system

n
(4)

4.1.3. CEAF

In B3, system or standard golden mentions may have been
considered more than once. To overcome this problem, CEAF
[33] attempts to find the optimal one-to-one relationship
between the system and the standard mentions, so CEAF is
divided into two parts: entities-based and mention-based.

R
P = common mentions in best one to one aligned system and standard golden

mention in standard golden
system

(5)
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4.1.4. CoNLL

The CoNLL metric is the average of the MUC, B3 and CEAF.

CoNLL = (muc + b3 + ceafm + ceafe) /4 (6)

Despite the definition of more comprehensive evaluation metrics
than the MUC, this metric is still used due to (1) comparison with
the old systems that used only the MUC metric for evaluation and
(2) the lack of a standard metric because none of the evaluation met-
rics has significant superiority over each other. Figure 9 represents
the different types of evaluation metrics.

4.2. Results

In the following table, the results of the proposed method when
compared with the state of art methods for coreference resolution
are seen. To evaluate the proposed method, the Uppsala Test Cor-
pus [9] has been used, which was labeled with the CoNLL2012 stan-
dard that contains 614 sentences and 16,274 words (26.5 words per
sentence). The Uppsala Test Corpus 9 is quite comparable with the
testing and development of the MUC-6 (the MUC-6 corpus has
13,000 tokens) and the MUC-7 (MUC-7 has 17,000 tokens). This
corpus has been divided into four parts for which each part is a
complete narrative. For training the model, the RCDAT corpus [8]
was used. Table 3 shows a comparison of the proposed method
with other related methods. The results show that the use of word
embedding and semantic features improves the final value of F1 in
the evaluation criteria, i.e., CEAF, MUC and B3.

As seen in Table 3, the proposed methods have been compared with
essential methods in coreference resolution, and this comparison
shows that the proposed method has higher accuracy than them.

For comparing the proposed method with other methods, as seen
in Table 3, all of the methods were first compiled and trained on
the corpus in [8], and then the Uppsala test corpus [9] was used
to calculate the accuracy of each of them. In compiling the meth-
ods, some of the features cannot be used because they depend on

Figure 9 Coreference resolution metric.

language or require some of the corpora or preprocessing steps and
cannot, therefore, be used for all languages.

As we can see here (Table 3), the proposed method is more accurate
than the other methods because the fully connected neural network,
word embedding vector, and graph clustering method used in our
proposed method improve its accuracy.

In [8], the authors used handcrafted features for coreference resolu-
tion. The extracted features in this method were string match, dis-
tance, m type, e type, acronym, first name mismatch and speaker
detection. Then in this method, they used SVM classification to
determine coreference resolution.

In [37], the authors extracted three categories of features from their
corpus in order to calculate the cosine similarity of mention pairs;
handcrafted features, word embedding features and entity linking
features. With entity linking features, they first detect the mention
and next find another mention related to Wikipedia page, then cal-
culate their similarity with an LSTM that we also used to compile
the redirect features, which was described in the semantic features
section (3.2.3).

In [1], they initially recognized probable name entities with the
LSTMs algorithm that we used along with the corpus in [8], which
determined the name entities within it and then used the speaker
and genre information from the metadata and the distance between
the two spans and Glove embedding features to resolve the mention
pair coreference.

Clark and Manning in [14,15] used 50 dimension word2vec, doc-
ument genre, distance, speaker and string matching features in the
feature extraction step. They next used a fully connected neural
network to train the model. Then in [15], they used reinforcement
learning to improve the neural network error. After training the
model via the neural network, the authors of [14] used a clustering
method to place coreference mentions into the same cluster.

In the proposed method, we used word embedding features and
handcrafted features, and then trained the proposed method with
a deep neural network and used hierarchical graph clustering to
improve the proposed method’s accuracy. As seen in Table 2, the
comparison of the proposed method and other similar methods
indicated that the proposed method improved the state art of coref-
erence resolution algorithm accuracy from 59.56% to 64.54% in the
Persian language.

Table 4 shows how each of the features used has improved the accu-
racy of the proposed system.

As seen in Table 4, the distance feature has a significant impact on
the improvement of accuracy, and this is effective for the Persian
and other languages.

Table 3 Comparing the proposed method with another method.

MUC (%) B3 (%) CEAFe (%) CEAFm (%) CoNLL (%) Cluster-level Used Word Embedding Used FFNN

[8] 69.25 54.7 59.06 55.24 59.56 N - N
[37] 72.14 56.71 60.86 57.05 61.69 N word2vec300d Y
[1] 72.06 56.66 60.79 57.15 61.66 N Glove300d Y
[15] 71.79 56.12 60.27 56.77 61.24 Y word2vec50d Y
[14] 71.89 56.29 60.39 56.87 61.36 Y word2vec50d Y
Proposed method 74.92 59.73 63.6 59.9 64.54 Y Glove300d Y
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Table 4 Comparison of the effect of each feature on the final accuracy of
the proposed method.

Our Model 64.54% 0%

- Distance 61.34% −3.2%
- Word embedding 62.14% −2.4%
- Redirect featureand

word embedding
sentence

62.2% −2.34%

- Mention type 60% −2.2%
- Gender 60.4% −1.8%
- String matching 60.7% −1.5%
- Number agreement 60.8% −1.4%

5. CONCLUSION AND FUTURE WORK

Providing a suitable coreference resolution method can solve the
ambiguities in natural language processing systems such as news
analysis and text summarization, etc.

In this paper, coreference resolution is first defined, then the prob-
lems and challenges of coreference resolution and actions used
to solve these issues are explained. There are two rules-based
and machine learning-based approaches for coreference resolution.
The proposed machine learning-based algorithm in five steps are
described as follows:

The first step: Corpus Creation and Preprocessing: In this step,
the Persian coreference resolution for the RCDAT corpus [8] was
described.

The second step: Mention Pair Detection and Feature Extraction:
This is the process of mention pair detection expressed in [8], and in
this paper, we described how to extract features from mention pairs.
The extracted features were divided into three categories: semantic
features, words embedding featuresand handcrafted features.

The third step: Model Training: In this step, we used a fully con-
nected neural network to train the extracted features.

The fourth step: Graph Formation and Coreference Resolution:
This step described how to form the graph and use an agglomerative
hierarchical clustering method to cluster coreference mention pairs
into a group.

Finally, the fifth step: Evaluation: In this step, the proposed method
was compared with the other related methods in the Persian lan-
guage, which indicated that the proposed method could increase
the accuracy of the coreference resolution by 5%. However, it seems
that the use of other semantic features such as the mentions sen-
tence features or verb-related features in the mentions sentence can
improve the accuracy of the proposed method.
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