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SNDGAN: The generative model of sounds using Generative Adversarial Networks
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Deep neural networks have been showing remarkable ability especially for images, not only in detection, but also
in generation. However, no deep neural network systems for generating sound textiles have been proposed. Here we
propose new sound generation system, SNDGAN, which can generate sound by learning input sound datasets. We
accomplished this by converting sounds into image by invertible constant-Q transformation, which not only enable
us to use powerful deep neural network system for image generation but also biologically plausible. We show some
examples from this framework, and evaluate the capability of the system.
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