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Abstract

Big data contains important value information. Text big data as an important part of big data is the main carrier of
human knowledge. Feature represents the inherent law of the data. Mapping the text big data to its feature space
which reflects the nature of data is an important method to understand the semantic meaning of the text. Text big data
feature representations and feature learning were reviewed. Then the progress of feature learning used in text content
understanding was presented. Finally, the future development trends of big text data content understanding were

discussed.
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