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Abstract. Text summarization is an important problem since it has numerous

applications. This problem has been extensively studied and many approaches
have been pro-posed in the literature for its solution. One such interesting ap-

proach is that of posing summarization as an optimization problem and using

genetic algorithms to solve this optimization problem. In this paper we present

elegant randomized algorithms for summarization based on sampling. Our ex-
perimental results show that our algorithms yield better accuracy than genetic
algorithms while significantly saving on time. We have employed data from
Document Understanding Conference 2002 and 2004 (DUC-2002, DUC-2004)

in our experiments.

1 Introduction

Document summarization has been the focus of many researchers for the last decade,

due to the increase in on-line information and the need to find the most important

information in a (set of) document(s). There are different approaches to generate

summaries depending on the task the summarization is required for. Summarization

approaches usually fall into 3 categories (Mani and Maybury, 1999):

-

-

Surface-level approaches tend to represent information in terms of shallow fea-

tures, which are then selectively combined together to yield a salience function

used to extract information;

Entity-level approaches build an internal representation for text, modeling text

entities and their relationships. These approaches tend to represent patterns of

connectivity in the text (e.g., graph topology to help determine what is salient);

Discourse-level approaches model the global structure of the text, and its relation

to communicative goals.

Some approaches mix between two or more of the features of the above mentioned

approaches, and the approaches discussed in this paper fall in that category, since they

involve both surface and entity levels' features.
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2 Background and Related Work

2.1 ExtraNews

In our study, we considered the work done at LARIS laboratory (Fatma et al., 2004).
In this approach (called ExtraNews) summarization is considered as an optimization
problem. A set of summaries is generated randomly and then a Genetic Algorithm is
utilized to come up with a good summary. They use a fitness function that depends on

three different factors. The first factor wl is related to the length of the summary, in

which the length of the summary is tested against the required target length, as shown
in the following equation:

m

L(ph,)
i=1

if ΣL(ph,) <0.9× LEω = LE (1)
m

0 if

i=1
L(ph,)>L

where L(ph) is the length of sentence i; LE is the target summary length set by the user
and m is the number of sentences in the summary.

The second factor w₂ pertains to the coverage criterion. It calculates how many of
the original keywords have been captured in the target summary:

ΣΜexi

ω,=

ΣΜdoc

(2)

where Mex represents the keywords in the summary and Madue represents the keywords
in the source document-set.

The last factor w3 is associated with the weight criterion. It is the fraction of the

sum of weights of all sentences in the summary to the maximal summary weight in the
population:

ΣΡ
ω3

Max(Ppop)
(3)

where Pex is the weight of a sentence of the summary and Max(Ppop) is the maximum
summary weight in the population. It was not mentioned, however, in (Fatma et al.,
2004) how the weight of the sentence is calculated. For this reason, we choose to use a

cosine similarity measure (Salton et al., 1997) to weight each sentence, in which the
summary and each sentence in the summary are represented as vectors of terms and

then the weight is calculated from the following formula:
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3.2 Experimental Design

A total of 59 document-sets from DUC-2002 and 50 document-sets from DUC-2004
have been used in our experiment to investigate the performance of our randomized
algorithm. We ran the Genetic Algorithm (GA) on both corpuses. Since we are com-

paring our algorithm's performance to that of the GA, we found it more meaningful to
use the fitness function (Fatma et al., 2004) used in their GA to evaluate the quality of
our summaries as well.

4 Results

Tables 1 and 2 show a comparison between the results obtained using DUC-2002 and

DUC-2004, respectively, of GA and our RA performance in terms of quality, number

of times summaries produced faster, average quality and average time spent by each
algorithm, respectively. The experimental results show that the randomized algorithm
produced competitive results in much less time than the Genetic Algorithm.

Table 1. Comparison between GA and RA results

from the DUC-2002 data.

GA RA

# of best summaries 5/59 54/59

# of summaries produced faster 0/59 59/59

Average quality 0.129 0.152

Average time (sec) 23.1 13.6

Table 2. Comparison between GA and RA results

from the DUC-2004 data.

GA RA

# of best summaries 8/50 42/50

# of summaries produced faster 0/50 50/50

Average quality 0.041 0.051

Average time (sec) 8.4 3.5

5 Conclusions

In this paper we have presented an elegant randomized algorithm for text summariza-

tion. This algorithm is based on sampling. Our algorithm has been compared with the

Genetic Algorithm of (Fatma et al. 2004). This comparison shows that our randomized

algorithm produces summaries that are comparable in quality to those produced by

GA while taking much less time. An important open problem is to study if sampling

can be used in conjunction with other text summarization approaches to obtain similar
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speedups. We are also planning on testing our approach against the GA approach on

the DUC-2004 collection when it is ready for experimentation.
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