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Abstract : The selection of text feature items is basic and important in text mining and information retrieval. Traditional feature extraction

methods require hand—made features, and manual design of effective features is a long process. However, for new applications, deep

learning can quickly obtain new and effective feature representation from training data. As a new feature extraction method,deep learning

has made some achievements in text mining. The main difference between deep learning and traditional methods is deep learning can auto-

matically learn features from large data rather than using hand - made features. Hand - made features mainly rely on designer s prior

knowledge , which is difficult to fully use large data. Deep learning can automatically learn feature representation from large data and

include tens of thousands of parameters. We summarize the common methods of text feature extraction and expound the deep learning

methods commonly used in text feature extraction and application,as well as the application prospect of depth learning in feature extraction.
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