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m Deep learning is now widely used and has achieved huge successes in
many fields, such as speech, image, natural language processing, search engine and
advertising recommendation. In this paper, considering the achilles' heel of deep
learning, we propose that deep learning cannot solve all problems in machine learning
discipline. Moreover, the advantages and the disadvantages of deep learning are
illustrated, and some suggestions for users are proposed. Finally, the future trend of

deep learning is pointed out.

deep learning; fool-type learning algorithm; expert—type learning
algorithm; white box algorithm; black box algorithm; relevance; causality
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