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Abstract 

  

Summarizer is a system which helps in producing a condensed representation of its input ready for user consumption. 

Most important benefit of summary is to reduce size. This paper deals with importance of summarizers in our life. We 

describe various techniques  such as graph matching, concept counting and hierarchy analysis etc. used by summarizer 

in producing summaries. Section III describes different summarizers.  Section IV describe  various evalution metrics. 

Section V the practical applications of summarizers. 
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1. Introduction 

 
1
 Over 200 pilgrims were taken to safety from Badrinath 

today with the Uttarakhand government saying that only 

500 more remained there with adequate food and medical 

care even as disposal of bodies in affected areas and 

transportation of relief material posed a fresh challenge. 

 With the majority of pilgrims evacuated from 

Badrinath, disposal of numerous bodies lying in affected 

areas and transportation of relief material to locals in 

flooded villages posed a fresh challenge to authorities.  

This is a summary created of news article. helps us to get 

required information in a few seconds. Summary means 

reducing the size of the content but preserving its 

informational content. Summarizer is a system which 

helps in producing a condensed representation of its input 

ready for user consumption. Most important benefit of 

summary is to reduce size. A summary can be employed in 

an indicative way as a pointer to some parts of the original 

document, or in an informative way – to cover all relevant 

information of the text. The Web contains a wealth of 

information, much of it available in the form of 

unstructured text. Information Extraction (IE) is an active 

area of research which is concerned with extracting 

information about types of events, entities or relationships 

from textual data. While information extraction (as well as 

related fields such as information retrieval and information 

synthesis has successfully used news corpora, domain-

specific text corpora (e.g., medical literature), manuals or 

dictionaries, recent IE efforts have started exploring the 

Web as a source of textual information. Initial Web-based 

information extraction focused on exploiting structured 

and semi-structured text. 

Importance of Summarizer 
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To generate a summary document must be relevant. A 

process known as Topic Detection & Tracking System is 

used to collect and identify all relevant articles on an event 

for which summary is generated. TDT Process: To rank 

sentences for our summarizer.  TDT use centroid method 

for evaluation. Centroid:- A centroid is a group of words 

that  statically represents a cluster of documents. TDT an 

event helps in produced a event cluster. Event cluster is 

consists of chronologically ordered news articles from 

multiple sources. These articles present an event as it 

develops over time. Authors developed a new technique 

for multi document summarization called centroid based 

summarization.(CBS). Our entry in official TDT 

evaluation uses modified TF *IDF. TF indicates a how 

many times a word appear in a document. IDF measures 

what percentage of all documents in a collection contains a 

given word. 

 

2. Different techniques of summarizers 

 

Graph Matching:  Method for summarizing similarities 

and differences in a pair of related documents using a 

graph representation for text. Concepts denoted by words, 

phrases, and proper names in the document are represented 

positionally as nodes in the graph along with edges 

corresponding to semantic relations between items. Given 

a perspective in terms of which the pair of documents is to 

be summarized, the algorithm first uses a spreading 

activation technique to discover, in each document, nodes 

semantically related to the topic. The activated graphs of 

each document are then matched to yield a graph 

corresponding to similarities and differences between the 

pair, which is rendered in natural language. 

Maximal Marginal Relevance:  Carbonell & Goldstein in 

1998 introduced a technique known as produce summaries 
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of single document that avoid redundancy. This technique 

is query based summary language generation. 

Concept Counting & Hierarchy Analysis: Most 

important step in summarziers is to select suitable 

sentences. Sentences are selected on the basis of  

weightage given to them. Various method of  weighting 

sentences have been developed are information ,cue words 

,word counting, lexical chains, structural information, 

heuristics rules and information extraction. Earlier Vector 

Space model (VSM)  based on word counting is leading 

method. In this method every sentence is correspond to a 

vector S(Ti,Wi,Tj,Wj,….Tn,Wn) where Ti is a word in the  

text and Wi is the frequency of word in particular text.   

 This method represents only literal word form and 

misses the semantic relations between words. For Ex. in 

text about Bayesian Network. Network is represented six 

times Net  is represented twice and system is represented 

four times.When Considering Network is a topic, word 

counting based VSM misses the reflection of net and 

system, so some key words will be lost. this method 

cannot accurately repSresent the content and structure of 

the text.[9] So new approach is developed in which Vector 

Space Model (VSM) based on concept rather than words. 

In order to construct suitable VSM , selection of 

appropriate topic concepts is important. (Ji, et. al,2002)  

define three evaluation Parameters. 

Concept S –Frequency Known as Self Frequency, Concept 

T- Frequency, Conclusion Rate. 

Self – Frequency: Self Frequency is known as Concept S- 

Frequency  determines the number of  occurences of 

concept through words. Suppose { W1,W2  …….Wn} 

define the following Concept C. 

then (Ji, et. al,2002) define the following metrics 

    n 

FS(C) = ∑F(Wi)                                                                (1)                                                                            

             i=1 

Tree Frequency: It is also known tree frequency. Relation 

between concept and topic of the text is indicated by its 

content. Hierarchy tree of the concept is build. T- 

frequency is defined as total  frequency of the offspring  

nodes of concept C in the son tree.  Offspring nodes are 

represented by the A1,,A2....AN.  Following formula is 

defined by the Ji, et. al,2002. 

                            n 

FT(C)  = F(C) +  ∑F(Ai)                                                   (2)                                                                               

                           i=1 

Conclusion Rate: Topic concepts may not be appearing in 

the text. So conclusion Rate parameter is defined to 

determine the most appropriate nodes. Suppose that  son 

concepts of C  in the hierarchy tree are { S1,S2,…..SN} then 

conclusion rate. 

 

      

              (3) 

 

 

 

Higher value of R(C) indicates more generalization parent 

node has over its offsprings. 

 

3. Different   Summarizers 

WEBS (Websumm (Mani and Bloedorn, 2000)): can be 

used to produce generic and query-based summaries. 

Websumm uses a graph-connectivity model and operates 

under the assumption that nodes which are connected to 

many other nodes are likely to carry salient information. 

SUMM (Summarist (Hovy and Lin, 1999)): an extractive 

summarizer based on topic signatures. 

ALGN (alignment-based): (Gale and Church, 1993)  ran 

a sentence alignment algorithm for each pair of English 

and Chinese stories. They  used it to automatically 

generate Chinese manual extracts from the English manual 

extracts we received from LDC. 

LEAD (lead-based): n% sentences are chosen from the 

beginning of the text. 

RAND (random): n% sentences are chosen at random. 

MEAD: MEAD summarizer is used for multi-document 

based on the concept of centroid. A centroid is a set of 

words that are statistically important to a cluster of 

documents. As such, centroids could be used both to 

classify relevant documents and to identify salient 

sentences in a cluster. MEAD approach based on centroid 

based clustering. 

 

 
 

Fig 1: Diagrammatically Representation of Centroid 

 

Relative documents are grouped together into clusters by 

the algorithm described in detail in Radev et al., 1999). 

Each document is represented as a weighted vector of TF* 

IDF. CIDR first generates a centroid by using only the first 

document in the cluster.  New document is included in the 

cluster depends upon the following similarity measure 

defined by (Radev et al., 1999). 

 

                      

         (4) 

 

 

A small corpus is prepared for selecting the various 

documents. Out of the corpus various clusters are created. 

MEAD Extraction Algorithm: MEAD algorithm extracts 

sentences to be included in the summary after ranking 

various sentences on a different set of parameters. The 

input to MEAD is a cluster of articles segmented into 

sentences and a value for the compression rate R. The 

output is a sequence of n * r sentences from the original 

documents presented in the same order as the input 
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documents. For example, if the cluster contains a total of 

100 sentences and the value of R is 20%, the output of 

MEAD will contain 20 sentences. Sentences appear in the 

extract in the same order as the original documents are 

ordered chronologically three Key features are used to 

evaluate salience of a sentence: Centroid Value, Positional 

Value and First Sentence Overlap. 

 

Centroid Value: The centroid value Ci for sentence Si is 

computed as the sum of the centroid values Cw;i of all 

words in the sentence.   

 

Ci = ∑ Cw,i                         (5)                                                                                                
       W 
Positional Value : the first sentence in a document gets the 

same score Cmax as the highest-ranking sentence in the 

document according to the centroid value. The score for 

all sentences within a document is computed according to 

the following formula: 

 

                            (6) 

 

First Sentence Overlap: overlap value is computed as the 

inner product of the sentence vectors for the current 

sentence i and the first sentence of the document. The 

sentence vectors are the n-dimensional representations of 

the words in each sentence, whereby the value at position i 

of a sentence vector indicates the number of occurrences 

of that word in the sentence. 

 

                                     (7) 

 

Total Score:  The score of a sentence is the weighted sum 

of the scores for all words in it. 

          

INPUT: Cluster of d documents with n sentences with 

compression rate r. 

 

SCORE (Si) : = wcCi  +  wpPi   +  wfFi                    (8) 

 

where wc, wp, wf   are equal weights used for each 

parameter.  

 

OUTPUT:  sentences from the cluster  with the highest 

value of SCORE. are selected. (n*r). 

 

Redundancy Elimination: (Radev,et.al) CSIS by 

identifying sentence similarity across sentences. 

 

SCORE (Si) : = wcCi  +  wpPi   +  wfFi     --  wRRS                       (9)                                       

 

R s =  2 *(# overlapping words)/ (# words in sentence 1 + # 

words in sentence 2) 

                            

wR =   MAXS (SCORE(s)) 

                         

4. Evaluation Metrics:  Jones & Galliers define two types 

of summary evaluations: (i) intrinsic, measuring a system's 

quality, and (ii) extrinsic, measuring a system's 

performance in a given task. TIPSTER has recently 

focused on evaluating summaries.  The evaluation 

consisted of three tasks 

  

(1) Determining document relevance to a topic for query-

relevant summaries (an indicative summary), (2) 

determining categorization for generic summaries  

(3) Establishing whether summaries can answer a 

specified set of questions which means an informative 

summary by comparison to a human generated model 

summary. In each task, the summaries were rated in terms 

of confidence in decision, intelligibility and length.  

  

Various metrics for evaluating summaries are Precision, 

Recall, Percent agreement, Kappa, Relative utility. The 

main problem with traditional co-selection metrics such as 

Precision, Recall, and Percent Agreement for evaluating 

extractive summarizers is that human judges often 

disagree about which the top n% most important sentences 

in a document or cluster are and yet, there appears to be an 

implicit importance value for all sentences which is judge-

independent. 

 Using metrics such as P&R or PA [JMBE98, 

GKMC99] to evaluate summaries creates the possibility 

that two equally good extracts are judged very differently. 

 Relative Utility (RU) method [RJB00] allows ideal 

summaries to consist of sentences with variable 

membership. With RU, the ideal summary represents all 

sentences of the input  document(s) with confidence 

values for their inclusion in the summary. Relative Utility 

(RU). To compute RU, a number of judges, N (N ≥ 1), are 

asked to assign utility scores to all n sentences in a cluster 

of documents (which can consist of one or more 

documents). The top e sentences according to utility score 

are then called a sentence extract of size e. Suppose that 

document will extract five sentences e=5. 

 

 
 

Fig. 2: Flowchart for Relative Utility 

  

In fact,  RU agreement is defined as the relative score that 

one judge would get given his own extract and the other 

judge’s sentence judgments. For example, if judge 1 picks 

a single sentence in his extract and if the score that judge 2 

gives to the same sentences is 8, and given that judge 2’s 

top ranked sentence has a score of 10, then one can say 

that judge 1’s score relative to judge 2 is 0.80 (or 

8/10).(Radev , et.al) define the following metrics. 

                                                                                                           

                                      (10) 
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where  ui,1, ui,2  are sentences utility scores for judge i for 

particular sentences 

 

       (11) 

 

= extractive utility scores for judge i 

 

where δi,1 are summary characteristics function for judge i 

and sentence j. It is equal to 1 for the highest utility 

sentence. 

 

                                        (12) 

 

 

where ∑
n

j=1 εi,j  = e, εj also known as multi-judge summary 

characteristic function is 1 for the top e sentences 

according to the sum of utility scores from all judges. U′ is 

the maximum utility that any system can achieve at a 

given summary length e. Another parameter known as a 

cross-utility for different judges are calculated as  

 

                                    (13) 

 

Cross utility is calculated as multiplying the characteristics 

function and utility score of different judges. A 

summarizer used for producing an extract of length e can 

also be considering an additional judge. Its RU will be 

calculated as the ratio of the sum of its cross-utility with 

the totality of human judges and the maximum utility U′ 

achievable at a given summary length e. which indicate 

performance against the human judges divided by the 

maximum possible performance. As a result, a summary 

can be judged based on its utility relative to the maximum 

possible against the set of judges, hence the name of the 

method RU.  

 

                                (14) 

 

where δs,j are system relevance , 
  

∑i
N

=1ui,j    is utility 

assigned by the totality  of judges to a given sentence j 

extracted by the summarizer. 

 

5. Applications of Summarizing 

 

(i)  Topic Based Web Summarization:  The main 

challenging task is to grasp the content of an web site due  

to size, complexity and diversity of websites are growing  

at a very fast rate. Solution to this problem is automatic 

web site summarization. (Zhang, et.al 2010) applies 

coupled text and link-based X-means clustering to find the 

most significant topics covered in a given site, and then 

summarizes each individual cluster using an extraction-

based summarization approach. Each cluster summary 

consists of key phrases and key sentences. 

(ii) News Analysis: The relentless drop in the cost of 

computer processing power and disk storage, and the 

concomitant explosion in the quantity of data stored by 

individuals and organisations, has fuelled an ever growing 

interest in automatic and semi-automatic approaches to 

extracting meaningful information from large bodies of 

data, commonly referred to as data mining.Summarizer 

can help users to give overview of news currently 

happening around in approximate few seconds from large 

amount of data.   

 

Conclusion 
 

We presented a study on different types of summarizers. 

Techniques used by the summarizers such maximal 

marginal relevance, concept counting and hierarchy 

analysis and evaluation metrics such as Precision, Recall, 

Percent agreement, Kappa, Relative utility. We studied 

that MEAD is a better summarizer as compare to other 

summarizer .Mead is a multi-document summarizer use 

centroid method for summarizing. It summarizes clusters 

of articles automatically grouped by a topic detection 

system. MEAD summarizer reveals  information from the 

centroids of the clusters to select sentences that are most 

likely to be relevant to the cluster topic.  Relative Utility is 

a more efficient metric than other metrics. To compute 

RU, a number of judges, N which may be greater than 1 

may, are asked to assign utility scores to all n sentences in 

a cluster of documents. It gives more accurate results as 

than evaluated by other metrics. This metric allows ideal 

summaries to consist of sentences with variable 

membership. 
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