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[ Abstract] Generative Adversarial Networks ( GAN) is a kind of simple generative model, for it does not rely on any prior
probability and can generate real —like data using sampling with high speed. Recently, GAN is used widely in tasks of image

processing and Natural Language Processing( NLP). However, GAN has many disadvantages such as instability in training process
and mode collapse in generation process. This paper will analyze GAN from the architectures and loss functions, and introduce its

applications in NLP.
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Fig. 1 The architecture of Generative Adversarial Networks
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