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Abstract Based on hidden topic markov model, the author eliminate assumption limitation in LDA (latent
dirichlet allocation) to exploit the structure information during generating summary, and use multi-features based
on document content to improve the summary quality. Furthermore, a method for developing single-document
summarization to multi-document summarization without breaking document structure is proposed, to achieve the
perfect automatic summarization system. Meanwhile, experiment results on the standard dataset DUC2007 show
the advantage of HTMM and multi-feature. ROUGE values are improved by using HTMM and multi-document

compared with those of LDA.
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Table 4 Results of experiment

ROUGE-1 ROUGE-2 ROUGE-3 ROUGE-4 ROUGE-L ROUGE-SU4
Features 0.32272 0.05056 0.01309 0.00582 0.29022 0.10133
LDA 0.26861 0.02523 0.00343 0.00130 0.24962 0.07454
LDA +Features 0.27142 0.02767 0.00406 0.00139 0.25165 0.07626
HTMM 0.36076 0.06505 0.01652 0.00626 0.32947 0.11843
HTMM +Features 0.37125 0.07686 0.02231 0.00940 0.34096 0.12672
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Table 5 Difference rate of scores of different features
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