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Abstract: With the explosive growth of information on the Internet, how to extract useful information from massive
information has become a key technical issue. The text summarization technology can compress and extract refined
and concise document information from big data, effectively reducing the user information overload problem, and it
has become a research hotspot. The domestic and foreign text summarization methods and their concrete realization

in recent years were analyzed, the advantages and disadvantages between traditional methods and deep learning
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summary methods were compared, and a reasonable outlook for future research directions was made.
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