Computer Science and Application THEHLRIFES A, 2013, 3, 145-148 Hans X3l

http://dx.doi.org/10.12677/csa.2013.32025  Published Online April 2013 (http://www.hanspub.org/journal/csa.html)

Automatic Summarization Algorithm Based on the
Combined Features of LDA’

Dengneng Wu, Zhenming Yuan, Xingxing Li

Hangzhou Normal University, Hangzhou
Email: wudn@stu.hznu.edu.cn, zmyuan@hznu.edu.cn, xx| @stu.hznu.edu.cn

Received: Feb. 25", 2013; revised: Mar. 12", 2013; accepted: Mar. 219, 2013

Copyright © 2013 Dengneng Wu et a. This is an open access article distributed under the Creative Commons Attribution License, which permits
unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.

Abstract: Automatic summarization can help people to get the main information from the massive amounts of informa
tion more quickly and efficiently. In this paper, a document summarization algorithm based on LDA is proposed. Firstly,
we calculate the similarity of topics probability distribution between document and sentence as a new feature. Then, we
also considered traditional summarization features such as position of sentence in a text and topic similarity. Finally,
summary are generated by selecting the sentences with highest scores. Experimental results show that the performance
of our method outperforms the traditional methods when the combined featuresjoin into the LDA Model.
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Figure 1. Overview of our algorithm
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Algorithm Sentences weight calculation
Input:

*Given two sets of the candidate sentences and the

summary sentences 0={ 01,0,,...0,} and S ={s1,52,...5,,}

Output:

*The scores of the sentence set S
Procedure
1: For sentence o; in O, do;

Using Eq(4);

Obtain ScoreBase(o));

Using Eq(5) and Eq(9);

Obtain scores(o;) =TSim(o,,d);
2: End for
3: Select m sentences from O to compose set S, which has
the first m maximum values of scores(O)+ScoreBase(O).
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Table 1. The experimental evaluation results of DUC2007
& 1. DUC2007 $i#Eseit Wl4s R

Algorithm Rough-1 Rough-2 Rough-3 Rough-L
Baseline 0.32018 0.05822 0.01214 0.29113
KL-LDA 0.31346 0.06141 0.01821 0.26548
LSA 0.25847 0.03631 0.00857 0.22671
Doc-LDA 0.30251 0.05272 0.01091 0.26632
Our-LDA 0.34722 0.06412 0.01912 0.30368

Table 2. The experimental evaluation results of web data

® 2. MERBESEITAER

Algorithm Rough-1 Rough-2 Rough-3 Rough-L
Baseline 0.28506 0.04259 0.01038 0.25896
KL-LDA 0.27712 0.04698 0.01173 0.23234
LSA 0.25749 0.03682 0.00861 0.23294
Doc-LDA 0.29937 0.05159 0.01015 0.25832
Our-LDA 0.33452 0.05926 0.01392 0.29534
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