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Abstract—Cross Document Co referencing (CDC) is the process of identifying and referring persons, locations, 
organization, events and things in more than one source. Work on CDC in multiple languages is a difficult and challenging 
task and also limited due to scarcity of resources, but it has started to appear recently. In this paper we studied a brief 
overview of CDC and its issues in the different languages. We also describe the different approaches used for CDC and its 
methodologies. Lastly we presented the results obtained for the different languages. 
 
 
I. INTRODUCTION 
 
As the World Wide Web (WWW) has developed, 
content has become readily available in a multitude of 
languages, and interest has grown in the problem of 
cross-language information retrieval (CLIR) Moves 
in various parts of the world towards political 
integration are another significant driver for the 
interest in CLIR. CLIR is as a means to cluster 
documents from the WWW. Clearly, these documents 
could be in any language, but we would like to cluster 
the documents by topic, factoring language out, so 
that documents on the same topic appear close to one 
another irrespective of their language. Therefore it is 
an important aspect to refer various documents and 
anylyze the similarity between them. Cross-document 
coreference occurs when the same person, place, 
event, or concept is discussed in more than one text 
source. Cross-document coreference, the task of 
grouping all the mentions of each entity in a 
document collection, arises in information extraction 
and automated knowledge base construction. 
 
 A single logical entity can be referred to by several 
different names over a large text corpus. For example, 
Amitav Bachan is often referred to as Big 
B.However, morphologically-similar names like 
Amitav can refer to different entities. Accurately 
identifying the members of the co-reference set for a 
given entity is an important problem in text mining 
and natural language processing. 
 
Documents can be similar if their contents and 
themes are same or merely same. For example a 
document D1 describes about a political issue in a 
state and document D2 also describes about the same 
incident, its cause and investigation details, then D1 
and D2 are said to be similar. But if document D3 
talks of policy plan by assembly in general and 
explains that as one of the actions in political issue 
and not a particular incident which D1 describes, then 
documents D1 and D3 are dissimilar. The 
identification of similarity of documents is different  

 
from the document clustering. Categorization of 
documents based on a particular domain/field is 
called clustering. In the above example, documents 
D1, D2, D3 can be said to be in a cluster of Political 
domain. When documents are similar they share 
common noun phrases, verb phrases and named 
entities. While in document clustering, sharing of 
named entities and noun phrases is not essential but 
still there can be some noun phrases and named 
entities in common[8]. Cross-document co-
referencing of entities refers to the identification of 
same entities across the documents. When the named 
entities present in the documents which are similar 
and also coreferencing, then the documents are said 
to be coreferring documents. 
 
II. BASIC PROBLEMS IN CROSS 

DOCUMENT CO-REFERRING 
 
The basic problems of CDC are- 

1. The Style of writing 
2. The translation of documents from one 

language to other. 
Cross-document coreferencing highly depends upon 
the style of writing since each author has a unique 
style of writing. In natural language, to covey a single 
message various forms of expression can be used. 
e.g., Mohan ate an Orange, An Orange was eaten by 
Mohan, Mohan ate an Orange which was very lime. 
Here the event described is ‘a person called Mohan 
ate an orange’. The 1st sentence is a simple one. The 
2nd sentence conveys the same meaning but uses a 
passive construction. The 3rd sentence describes the 
event but here the Orange is described in detail. To 
identify the same event is very difficult and this is a 
challenge in cross-document co referencing. Another 
challenge is the translation of documents from one 
language to other.Different languages have to be 
treated differently due to various features which are 
language dependent,such as Odia is a verb final 
language and English is verb middle  language.Vector 
Space Model[8], N-gram technique,Hirachical 
Models[1] are the most widely used approaches. 
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Besides the above Distributed Inference is used for 
CDC. 
 
III. METHODOLOGIES/APPROACHES 
 
CDC system can either be Rule-based or Statistics 
based. Machine Learning techniques (MLT)/Statistics 
based methods described below are successfully used 
for CDC. 
 
Vector Space Model 
 
In the statistically based vector-space model, a 
document is conceptually represented by a vector of 
keywords extracted from the document with 
associated weights representing the importance of the 
keywords in the document and within the whole 
document collection; likewise, a query is modeled as 
a list of keywords with associated weights 
representing the importance of the keywords in the 
query. 
Definitions 
Documents and queries are represented as vectors. 

 

 
Here dimension refers to a distinct term. If a term 
occurs in the document, its value in the vector is non-
zero. There are different ways for computing these 
values, also known as (term) weights, have been 
developed. The best known schemes is tf-idf 
weighting (see the example below). 
The definition of term depends on the application. 
The terms are single words or longer phrases. If the 
chosen words are the terms, the vector dimension is 
the number of words in the vocabulary (the number 
of distinct words occurring in the corpus). 

Term Weight =    
where 

 tfi = term frequency (term counts) or number 
of times a term i occurs in a document. This 
accounts for local information.  

 dfi = document frequency or number of 
documents containing term i  

 D = number of documents in a database.  
the dfi /D ratio is the probability of selecting a 
document containing a queried term from a collection 
of documents. This can be viewed as a global 
probability over the entire collection. Thus, the log 
(D/dfi) term is the inverse document frequency, IDFi 
and accounts for global information [21]. 
 
Baseline System 
Cross-document entities are treated as a set of graphs 
consisting of links between within- document entities. 
The graphs are disjoint. Each of the systems produces 
a list of such links as within-document entity pairs 
(A;B). The document entities are obtained by running 

the corpus through a within document co reference 
resolver. To create the entity clusters, a unionfind 
algorithm over the pairs is used. If links (A; B) and 
(C; B) appear in the system output, then fA;B;Cg are 
one entity. Similarly, if (X; Y) and (Z; Y ) appear in 
the output, then it will find that fX; Y;Zg are one 
entity. If the algorithm later discovers link (B;Z) in 
the system output, it will decide that fA;B;C;X; Y;Zg 
are an entity. This is efficiently implemented via a 
hash table whose keys and values are both within-
document entity IDs, allowing the implementation of 
easily searched linked lists. 
 
Text Catagorization 
 
Text categorization (popularly known as text 
classifier or topic spotting) is the task of 
automatically sorting a set of documents into 
categories from a predefined set. Automated text 
classification is attractive because it frees 
organizations from the need of manually organizing 
document bases, which can be too expensive, or 
simply not feasible given the time constraints of the 
application or the number of documents involved.  
TC may be formalized as the task of approximating 
the unknown target function Φ : D × C → {T,F} (that 
describes how documents ought to be classified, 
according to a supposedly authoritative expert) by 
means of a function ˆΦ : D×C → {T,F} called the 
classifier, where C = {c1, . . . , c|C|} is a predefined 
set of categories and D is a (possibly infinite) set of 
documents. If Φ (dj, ci) = T, then dj is called a 
positive example (or a member) of ci, while if Φ(dj, 
ci) = F it is called a negative example of ci.  
Depending on the application, TC may be either a 
single-label task (i.e. exactly one ci € C must be 
assigned to each dj € D), or a multi-label task (i.e. any 
number 0 ≤ nj ≤ |C| of categories may be assigned to 
a document dj € D)3. A special case of single-label 
TC is binary TC, in which, given a category ci, each 
dj € D must be assigned either to ci or to its 
complement ci. A binary classifier for ci is then a 
function ˆΦi : D → {T,F} that approximates the 
unknown target function Φi :D →{T,F} A problem of 
multi-label TC under C = {c1, . . . , c|C|} is usually 
tackled as |C| independent binary classification 
problems under {ci, ci}, for i = 1, . . . , |C|. In this 
case, a classifier for C is thus actually composed of 
|C| binary classifiers. 
 
Hierarchical Coreference Model 
 
The proposal function for Markov chain Monte Carlo 
(MCMC)-based MAP (maximum a posteriori) 
inference presents changes to the current entities. 
Since the use of MCMC to reach high-scoring regions 
of the hypothesis space, the basic interested in the 
changes that improve the configuration. But as the 
number of mentions and entities increases, these 
fruitful samples become extremely rare due to the 
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blowup in the possible space of configurations, 
resulting in rejection of a large number of proposals. 
By distributing section, the samples in parallel, 
improving chances of finding changes that result in 
better configurations. However, due to random 
redistribution and a naive proposal function within 
each machine, a large fraction of proposals are still 
wasted. These issues are addressed by adding 
hierarchy to the model. 
 
IV. EXISTING WORK USING DIFFERENT 

TECHNOLOGY 
 
Although the cross-document coreference problem is 
challenging and lacks large labeled datasets, its 
ubiquitous role as a key component of many 
knowledge discovery tasks has inspired several 
efforts. 
 
Sameer Singh et.al.[1] used the distributed inference 
technique. For large collections, it is clearly 
impractical to consider all possible groupings of 
mentions into distinct entities. To solve the problem 
they propose two ideas: (a) a distributed inference 
technique that uses parallelism to enable large scale 
processing, and (b) a hierarchical model of 
coreference that represents uncertainty over multiple 
granularities of entities to facilitate more effective 
approximate inference. To evaluate these ideas, they 
constructed a labeled corpus of 1.5 million 
disambiguated mentions in Web pages by selecting 
link anchors referring to Wikipedia entities. They 
show that the combination of the hierarchical model 
with distributed inference quickly obtains high 
accuracy (with error reduction of 38%) on this large 
dataset, demonstrating the scalability of the approach. 
 
Asad Sayeed et.al[2] describe a set of techniques for 
Arabic cross-document coreference resolution. They 
compare a baseline system of exact mention string-
matching to ones that include local mention context 
information as well as information from an existing 
machine translation system. It turns out that the 
machine translation-based technique outperforms the 
baseline, but local entity context similarity does not. 
It worked by using translations from Arabic to 
English in order to liberalize the string matching 
criterion, suggesting that using further techniques via 
English to discover links. 
 
Sean Monahan et.al[3] describes the approach to the 
2011 Text Analysis Conference (TAC) Knowledge 
Base Population (KBP) cross-lingual entity linking 
problem. They recast the problem of entity linking as 
one of cross-document entity coreference. They 
compare an approach where deductive entity linking 
informs crossdocument coreference to an inductive 
approach where coreference and linking judgements 
are mutually beneficial. They also describe the 
approach to cross-lingual entity linking comparing a 

native linking approach with an approach utilizing 
machine translation. The results show that inductive 
linking to a native language knowledge base offers 
the best performance.  
 
Jian Huang et.al[4] describes a holistic view of using 
document-level categories,sub-document level 
context and extracted entities and relations for the 
CDC task. They train a categorization component 
with an efficient flat algorithm using thousands of 
ODP categories and over a million web documents. 
They propose to use ranked categories as coreference 
information, particularly suitable for web documents 
that are widely different in style and content. An 
ensemble composite coreference function, amenable 
to inactive features, combines these three levels of 
evidence for disambiguation. 
 
Elif Aktolga et.al [5] address coreference retrieval, 
which involves identifying aliases that are distinct 
references to an entity. They begin with a known alias 
and discover unknown aliases that refer to the same 
entity. They use Entity Language Models to capture 
the contextual language around the known alias, 
which aids in finding new aliases. They also show 
that modeling the significant dates of the known 
aliases improves alias discovery performance. 
Levon Lloyd et.al[6] present an algorithm for finding 
all such co-reference sets in a large corpus. Our 
algorithm involves three steps: morphological 
similarity detection, contextual similarity analysis, 
and clustering. Finally, they present experimental 
results on over large corpus of real news text to 
analyze the performance our techniques. 
 
Alex Baron and Marjorie Freedman [7] describes a 
language-independent, scalable system for both 
challenges of crossdocument co-reference: name 
variation and entity disambiguation. They provide 
system results from the ACE 2008 evaluation in both 
English and Arabic. The English system’s accuracy  
is 8.4% relative better than an exact match baseline 
(and 14.2% relative better over entities mentioned in 
more than one document). Unlike previous 
evaluations, ACE 2008 evaluated both name variation 
and entity disambiguation over naturally occurring 
named mentions. They also describe how our 
architecture designed for the 10K document ACE 
task is scalable to an even larger corpus. 
 
Pattabhi R K Rao T and Sobha L [8] presents a 
methodology for finding similarity and co-reference 
of documents across languages. The similarity 
between the documents is identified according to the 
content of the whole document and co-referencing of 
documents is found by taking the named entities 
present in the document. They use Vector Space 
Model (VSM) for identifying both similarity and co-
reference. This can be applied in cross-lingual search 
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engines where users get documents of very similar 
content from different language documents. 
 
James Mayfield et.al[9] have argued that a machine 
learning-based approach to cross-document 
coreference resolution is viable, and that a wide range 
of features on pairs of entities are useful to such an 
approach. The ACE 2009 evaluation allowed us to 
explore the efficacy of over sixty features, both 
individually and in groups. The results suggest that 
string matching is perhaps the most important kind of 
feature to use, but that features based on prior 
knowledge are also extremely efficacious. The 
implication for learning by reading is that the 
representations of learned information, as well as the 
prior knowledge base to which they are tied, should 
be actively exploited to reinforce thereading phase. 
 
Fabrizio Sebastiani[10] had studied the different 
techniques for text categorization. 
 
Spence Green et.al[11] introduced cross-lingual 
coreference resolution, the task of grouping entity 
mentions with a common referent in a multilingual 
corpus.They develop a set of models that rely on 
decreasing levels of parallel resources: a bitext, a 
bilingual lexicon, and a parallel name list. They 
propose baselines, provide experimental results, and 
analyze sources of error. Across a range of metrics, 
they find that even our lowest resource model gives a 
2.5% F1 absolute improvement over the strongest 
baseline. The results present a positive outlook for 
crosslingual coreference resolution even in low 
resource languages. 
 
Amit Bagga and Breck Bladwin [12] developed cross 
document event tracking technology that extends our 
earlier efforts in cross document person coreference. 
The software takes class of events, like "resignations" 
and clusters documents that mention resignations into 
equivalence classes. Documents belong to the same 
equivalence class if they mention the same 
"resignation" event, i.e. resignations involving the 
same person, time, and organization. Other events 
evaluated include "elections" and "espionage" events. 
Results range from 45-90% F-measure scores and 
They present a brief inter annotator study for the 
"elections" data set. 
 
V. ANALYSIS 
 
From the above survey we have seen that though the 
work in CDC in different languages is limited, still 
considerable work has been done for the English, 
Arabic and a few Indian language. The level of 
accuracy obtained for these languages are cosiderable 
good. We can see that VSM is the most widely used 
approach which shows an effective results for the 
Indian Languages in comparison to the other 
approaches. Our survey reveals that Pattabhi R K Rao 

T and Sobha L [8] achieved highest accuracy using 
VSM for English and Dravidian Language. 
 
CONCLUSION AND FUTURE WORK 
 
In this survey we have studied the different 
techniques employed for CDC, and have identified 
the various problems in the task. In addition to these 
approaches researchers can also try using other 
approaches like Genetic algorithm, Artificial and 
Neural Network etc that which already showed an 
excellent performance in different languages like 
English, Germany and Indian Languages etc. Also 
CDC should be attempted for other Indian Languages 
in which no such work has been attempted so far. 
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