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Generic Summarization Using Generic Important of Semantic
Features
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Abstract

With the increased use of the internet and the tremendous amount of data it transfers, it is more necessary
to summarize documents. We propose a new method using the non-negative semantic variable matrix (NSVM)
and the generic important of semantic features obtained by Non-negative Matrix Factorization (NMF) to extract
the sentences for automatic generic summarization. The proposed method use non-negative constraints which
is more similar to the human’s cognition process. As a result, the proposed method selects more meaningful
sentences for summarization than the unsupervised method used the Latent Semantic Analysis (LSA) or
clustering methods. The experimental results show that the proposed method achieves better performance than
other methods.

Key words : non-negative variable matrix, non-negative matrix factorization, generic document

summarization, unsupervised method
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