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Extractive Summarization using Multi-Task Learning with Document Classification
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In the task of supervised extractive summarization, the lack of training data is crucial issue. In this paper, we
propose a multi-task learning architecture with document classification to solve the issue. Generally the contents
of document label such as the category correspond to the sentences that should be extracted, therefore the learning
on document classification contributes to the sentence extraction. The experiment shows that our model improves
the accuracy of summarization especially in the case of few training data.
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