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ABSTRACT

In this paper, We suggest a face image generating GAN model which is improved by an additive discriminator.
This discriminator is trained to be specialized in preventing frequent mistake of generator. To verify the model
suggested, we used *Inception score. We used 155,680 images of *celebA which is fronta face. We earned average
1.742p at Inception score and it is much better score compare to previous model.
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