PROGRESSIVE GROWING OF GANS FOR IMPROVED QUALITY, STABILITY, AND VARIATION
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INTRODUCTION CONTRIBUTIONS

Progressive growing: stabilize training and speed up convergence
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= Considerably faster and more stable
training, especially at high resolutions
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Figure 3: Left: Statistical similarity over time for different scales using the CELEBA dataset. Center: Figure 8: Selection of 256x256 images generated from different

= Achieves record inception score of 8.80

in unsupervised CIFAR10 Progressive growing speeds up the convergence. Right: Raw training speed at 1024x1024 using Tesla P100. LSUN categories. We performed the training separately for each
category using the first 100,000 images.
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