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Abstract; The keyword recognition method based on speech recognition increases the workload of keyword recognition, reduces the
recognition efficiency and makes the accuracy affected by speech recognition and text search methods, which is not applicable to language
without words. To solve this problem, the Wasserstein generative adversarial network ( WGAN ) is applied to speech keyword
recognition,and the generated sequence output by generator is used to analyze whether there are keywords in speech. In order to obtain
the position information of the keywords in speech, we define a positioning loss function for the WGAN to ensure that the generated mask
sequence can accurately locate the position of the keywords. Results on datasets of three languages, Sichuan dialect, Mandarin and
Cantonese, show that the proposed method can recognize keywords in languages without characters, and the recognition speed is
significantly improved compared with the template matching method.
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