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A text clustering model for diverse versions discovery
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Abstract ; The development of information technology brings numerous news and events to our daily life. Although

previous researches have provided various algorithms to detect and track events, few of them focus on uncovering

the diversified versions of an event. In this paper, a novel algorithm CDW which is capable of discovering different

versions of one event according to the news reports was proposed. First, documents were mapped to the topic layer

to get the information of each topic. Then the highly-differentiated words of each topic were extracted to cluster the

documents. At last, various versions of one event were got. Experiments conducted on two data sets show that the

algorithm given in this paper is effective and outperforms various related algorithms, including classical methods

such as K-means and linear discriminant analysis (LDA).
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Fig.1 The framework of CDW algorithm
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Table 2 Parameter tuning of X in CS and LSW

CS LSW
K
Qpegt ﬂbest P score Qpegt ﬂbest P score
4 0.04 0.15 0.780 0.03 0.13 0.820
5 004 015 0.83 0.03 0.13 0.760
6 0.04 0.17 0.775 0.05 0.16 0.747
7 0.03 0.18 0.750 0.06 0.16 0.713

ME2 P LR N, ARERL CS I, H K=5
B, P BBV B TERL IR SR LSW 7, 2 K =4 B,
P BB
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Fig.4 P, performance comparison in pairwise test of
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Table 3 Results of CDW model for diverse versions discov-
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The Fourth International Conference on Swarm Intelligence ( ICSI’2013)

The Fourth International Conference on Swarm Intelligence (I1CSI2013) will be held in Harbin, China from June 12 to
15, 2013. Located in the center of Northeast Asia, Harbin is called the bright pearl on the Bridge of Eurasia Land, and
it is also an important hub of Eurasia Land Bridge and air corridor. The special historical course and geographical position
has contributed to Harbin, the beautiful city with an exotic tone, which not only brings together the historical culture of
northern ethnic minorities, but also combines western and eastern culture. It is a famous historical and tourist city in Chi-
na, with many beautiful names such as “the City of Culture” , “the City of Music” , “Ice City” , “ A Pearl under the Neck
of the Swan” , “Eastern Moscow” and “Eastern Little Paris”.

ICSI2013 serves as a forum for scientists, engineers, educators, and practitioners to exchange the latest advantages in the-
ories, technologies, and applications of swarm intelligence and related areas. Prospective authors are invited to contribute
high-quality papers (6-10 pages) to ICSI2013 through Online Submission System. Submitting to ICSI2013 is a blind sub-
mission and the reviewing is double blind again at this year. Papers presented at ICSI2013 will be published in Springer”
s Lecture Notes in Computer Science (indexed by EI, ISTP, DBLP, and ISI) and some high-quality papers will be select-
ed for special issues in SCI-indexed International Journals

Important Dates:

Special session proposals deadline; December 20, 2012

Paper submission deadline; January 01, 2013

Notification of acceptance; March 01, 2013

Camera-ready copy and author registration; March 31, 2013
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