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Abstract. The increase of information available in the form of text, led 
to the need of extensive research in the area of text summarization. Ear-

ly the researches in this area started with single document summariza-

tion and drove towards multi document summarization. We present 

here a comparative review of the recent progress in the field of multi 

document summarization. The strengths and weaknesses of the tech-

niques used in the recent researches are highlighted. The state of the art 

including methods and algorithms on multi document summarization is 

outlined and discussed. Finally some open research issues are identi-
fied. 

Keywords:  Multi Document summarization, Extraction, Abstrac-

tion, Approaches. 

1 Introduction 

One of the major problems being addressed in computer science and informatics from 

past few years is Big data. A considerable part of the Big data is text oriented. For 

example Social media, blogs, emails, comments, reviews, news wires etc. The major 

concerns associated with this information overload are the unlimited text for humans 

to read or analyze and the limited storage capacity for machines. The present era with 

huge amounts of unstructured data raises the need for extensive research in the area of 

text summarization. With the advent of Web 2.0, the Big data would get bigger which 

implies a strong need for text summarization. 

 
Text Summarization can be seen as an automatic system that makes a précis of 

text from a single or multiple documents while maintaining the information, meaning, 

significance and the order of events in the original text. [39] States that, “Text sum-

marization is the process of distilling the most important information from a source 

(or sources) to produce an abridged version for a particular user or task.” 
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Multi document summarization (MDS) is the task of producing a concise and 

fluent summary to deliver the major information for a given document set. Multi-

document summaries can be used for users to quickly browse document collections, 

and it has been shown that multi-document summaries can be helpful in information 

retrieval systems [1]. 

 

The summarization task is mainly divided into two categories, extractive summa-

rization and abstractive summarization.   Extractive methods work by selecting a sub-
set of existing words, phrases, or sentences in the original text to form the summary 

assuming that these sentences convey the meaning of the whole text. Extraction based 

summaries produce much less accuracy compared to human made summaries. These 

methods are easier to apply compared to abstraction based summaries. Abstraction 

based methods create a compressed version of text conveying the summarized mean-

ing of the original text. Abstractive methods build an internal semantic representation 

and then use natural language generation techniques to create a summary that is closer 

to what a human might generate. Such a summary might contain words not explicitly 

present in the original text [2].  

 

The main goal of this paper is then to overview text summarization different ap-

proaches and extract some useful conclusions about them. The rest of the paper is 
organized as follows: Section 2 outlines the state of the art in text summarization. 

Section 3 classifies text summaries into different types. Section 4 identifies different 

approaches followed in previous researches. Section 5 compares the most recent re-

searches in the field. Section 6 presents concluding remarks and scope for future 

work.  

2 State of the Art 

Early approaches to text summarization began with the work of [3] in 1950`s. Many 

approaches have been addressed and many methods have been evaluated since then. 

Recent approaches used statistical methods such as word frequency, TF-IDF weight-

ing like Sum-Basic [4] [5], sentence position, title relation, and cue-phrases etc. Other 

approaches take account of semantic associations between words and combine them 

with those shallow features in the process of sentence similarity. Examples of such 

approaches are, among others, latent semantic analysis [6], topic signatures [7] and 

sentence clustering [8].  

 

In recent years, multi-document summarization research has shown increased in-

terest in graph-based approaches [9] [10] [11] [12] [13] [14] and Bayesian topic 

model based approaches [15] using two-tiered topic model (TTM) in [16] with topic 
segmentation [17] and topic sum [18]. Others identify the relevance of a sentence by 

using bigram pseudo sentences for implementing hybrid statistical sentence-extraction 

[19], rhetoric-based MDS [20] and semantic document concept technique [21] for 

analyzing grammatical structures in discourses. Recently developed Bayesian collec-

tion models incorporated the concept of latent topics into n-gram language models, 

such as the LDA-HMM model integrating topics and syntax [22], structured topic 
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model [23], and topical n-grams [24]. [25] Uses the centroids to identify sentences in 

each cluster that are central to the topic of the entire cluster.  

 

On the contrary only few works concentrated on abstractive summarization. Like 

[37] the author deals with identifying and synthesizing similar elements across related 

text from a set of multiple documents using natural language text to text generation 

techniques like content selection, paraphrasing rules, temporal ordering. A fully Ab-

stractive Approach to Guided Summarization is presented by [38] using Information 
extraction, content selection and generation. Sentence compression [39]. Sentence 

fusion [40] or sentence revision [41]. 

3 Types of Summaries 

Based on the research work in the field of text summarization, we discuss here the 

following types of summaries that have been generated.  

 

Generic summaries 

Generic summarization tries to extract the most general idea from the original docu-

ment set without any specified preference in terms of content. For generic summariza-

tion, a saliency score is usually assigned to each sentence, the sentences are ranked 

according to the saliency score, and then the top ranked sentences are selected as the 

summary based on the ranking result. Recently, both unsupervised and supervised 

methods have been proposed to analyze the information contained in a document set, 

and extract highly salient sentences into the summary based on syntactic or statistical 

features. 

 

Query-Focused Summaries 
Query-focused summarization aims at generating a short summary based on a given 

document set and a given query. The generated summary reflects the condensed in-

formation related to the given query within the specified summary length. In query-

focused summarization, the information related to a given topic or query should be 

incorporated into summaries, and the sentences suiting the user’s declared infor-

mation need should be extracted. Many methods for generic summarization can be 

extended to incorporate the query information. 

 

Update Summaries or incremental summaries 

Update summarization is automatically updating summaries as new documents are 

added to the existing batch of documents. Generating updated summaries as the new 
documents arrive. Most of existing summarization methods work on a batch of docu-

ments and do not consider that documents may arrive in a sequence and the corre-

sponding summaries need to be updated in real time.  

 

Topic Focused Summaries 

Topic focused summaries are generated using topic or event based models. A topic 

model is a type of top-down approach. It considers the same problem based on seman-

tic associations behind the content. In the Bayesian topic model based approaches, 
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similarity is analyzed using advanced methods with respect to probabilistic distribu-

tions of topics [26]. 

4 Approaches 

In order to generate the above types of summaries the approaches followed in the 

recent works are listed below. 

 

Feature based approach 

One of the most common methods used in text summarization field is the feature 

based method. In the process of identifying important sentences, features influencing 

the relevance of sentences are determined. Some features that are often considered for 

sentence selection are word frequency, title words, cue words, sentence location and 

sentence length [27]. 

 

Domain-Specific/Ontology based approach 

Generally speaking, ontology is often provided by domain experts [28]. Such ontolo-
gy provides answers for the questions concerning what entities exist in the domain 

and how such entities can be related within a hierarchy and subdivided according to 

similarities and differences among them. 

 

Cognitive based approach 

Cognitive psychology is the study of mental processes such as "attention, language 

use, memory, perception, problem solving, creativity and thinking." [31] Cognitive 

based approach uses human cognitive factors in reading process. The previous re-

searches in this area have mainly used three cognitive processes, i.e. forget process, 

recall process and association process for generation of summaries. 

 
Event based approach 

Event-based MDS was first proposed by [30], the authors selected sentences based on 

relevance for one or more sub-events of the topic at hand. Human judges manually 

determined the sub-events of a topic and assigned to each sentence a relevance score 

for each sub-event. They show that the algorithm that selects sentences with the high-

est sum of scores over all sub-events produces the most informative summaries. 

 

Discourse based approach 

Discourse is an organic structure. Different parts of discourse bear different functions, 

and have complex relationships among them. Automatic summarization based on 

discourse attempts to analyze the structural features of discourse to identify the main 

content of the article. Currently, automatic summarization based on discourse has five  
main research topics: rhetorical structure analysis, pragmatic analysis, lexical chain, 

relationship map and latent semantic analysis [31]. 
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 Table. I  The comparison of most recent researches on MDS. 
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5 Comparison of most recent Researches 

In this section we present a comparative study of the researches on multi document 

text summarization techniques from previous year. Recent researches have concen-
trated on different approaches discussed in the previous section.  Table I highlights 

the comparative points between those techniques. We have pointed out different types 

of summaries generated by using different approaches and methods. We have also 

brought out the limitations or improvements suggested for those approaches. Last 

column reports on the evaluation results using ROUGE set of metrics. 

6 Conclusion and future work 

In this paper we have clearly classified text summarization into different types, 
following different approaches and using different methods. We have also compared 

the most recent researches in the area of MDS. Referring to the work above, we 

would say that there are very few works using abstraction while most of the 

summaries use extractive approaches. The research work in text summarization is 

expanding with the implementation of methods and methodologies from various 

fields like cognitive psychology, evolutionary algorithms, discourses etc. By 

analyzing the results of the recent research, we found that the works using these fields 

have outperformed the previous methods, but are still far from human generated 

summaries. 

Some limitations in previous research works help us to identify few research 

issues in MDS like, problem of sentence ordering, redundancy of sentences, enriching 

graphs with semantic relationship between sentences and documents, improving 
feature extraction methods, understanding the human way of summarizing, improving 

coherence in summaries.  

These challenges can be seen as relevant motivation and possible guidelines for 

future research topics in the area of MDS. 
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