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1 MaskGAN: Towards Diverse and Interactive Facial Image Manipulation [1]
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2 DeepFaceEditing: Deep Face Generation and Editing with Disentangled Geometry
and Appearance Control [2]
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3 Image Inpainting for Irregular Holes Using Partial Convolutions [3]
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4 MichiGAN: Multi-Input-Conditioned Hair Image Generation for Portrait Editing [4]
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5 Semantic Photo Manipulation with a Generative Image Prior [6]
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6 Region Normalization for Image Inpainting [9]
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7 PD-GAN: Probabilistic Diverse GAN for Image Inpainting [10]
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8 Dual Attention GANs for Semantic Image Synthesis [11]
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9 MagGAN: High-Resolution Face Attribute Editing with Mask-Guided Generative Ad-

versarial Network [12]
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10 Fashion Editing with Adversarial Parsing Learning [15]
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