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T. Karras et al., “Analyzing and Improving the Image Quality of StyleGAN,” arXiv 2019.
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JY. Zhu et al., “Unpaired Image-to-Image Translation using Cycle-Consistent Adversarial Networks,” ICCV 2017.



GANICKBDEHFERNE (S ? @ NTT (O

- Q2. IEﬁq:/\JT QD\FT—L/T&L\ T CEEFRERT DITHICE?
5B

‘ e Sabea T A, .

%;_-\\ by M . /\773~ l/ j’ﬁ ==

CycleGAN

7z
A8

=

== “ o NN

JY. Zhu et al., “Unpaired Image-to-Image Translation using Cycle-Consistent Adversarial Networks,” ICCV 2017.
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T. Kaneko et al., “Generative Attribute Controller with Conditional Filtered Generative Adversarial Networks,” CVPR 2017.
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A. Brock et al., “Large Scale GAN Training for High Fidelity Natural Image Synthesis,” ICLR 2019.
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T. Karras et al., “Progressive Growing of GANs for Improved Quality, Stability, and Variation,” ICLR 2018.
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T. Karras et al., “A Style-Based Generator Architecture for Generative Adversarial Networks,” CVPR 2019.
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