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Extractive Multi-document Summarization Based on Multi-granularity Semantic Interaction
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(Command & Control Engineering College, Army Engineering University of PLA, Nanjing 210001, China)

Abstract: Information explosion is a common problem in the information age. In order that valuable information can be
extracted rapidly from massive text data, automatic summarization technologies haye become-a research priority in the
field of natural language processing (NLP). The purpose of multi-document sum;narization is to refine important content
from a group of documents on the same topic and thereby help users get key-information quickly. To address the problems
of incomplete information and high redundancy in multi—docume‘ntrsummarizations, this study proposes an extractive
summarization method based on multi-granularity semantic interaction that combines the multi-granularity semantic
interaction network with maximal marginal relevance (MMR). Semantic interaction with different granularities is used to
train sentence representation and key "information with different granularities is captured to ensure the comprehensiveness
of the summarization. In addition, modified MMR is employed to ensure the low redundancy of the summarization. The
sentences in the input documents are scored by learning to rank, and summary sentences are then extracted. Experimental
results on the Multi-News dataset show that the proposed extractive multi-document summarization model based on
multi-granularity semantic interaction outperforms some baseline models such as LexRank and TextRank.
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now the internet is going insane over a hidden panda,
buzzfeed reports. illustrator gergely dudas, pen name
dudolf, shared an image on facebook last wednesday
showing what appears to be a bunch of snowmen, along

with the caption: “there’s a panda amongst them! can you
ANLH%  find it?” though some may spot the panda easily, many

apparently have had trouble, with the more than 27, 000

comments including ones like, “there is no panda but it

was nice” and "been looking for 15 mins still can’t find it

lol.” the image has been shared nearly 153 000 times so

far.

your reaction? sorry, but you can only react up to 3 times!
HHEUHEE it looks like you’ve already used that reaction on this

post. there’s a panda amongst them! can you find it?
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