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Abstract

This study presents an innovative approach aimed at synthesizing high-resolution, photo-realistic
images from semantically labeled graphs via Conditional Generative Adversarial Networks (cGANs).
Although conditional GANs show a wide range of potential applications in several domains, the im-
ages they generate are usually oflow resolution and have significant gaps in similarity to real images.
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To address this challenge, this study introduces a novel adversarial loss function and designs a multi-
scale generator and discriminator architecture to enhance the quality and resolution of image syn-
thesis. Specifically, our method is able to produce high-resolution images of 2048 x 1024 pixels, which
achieve remarkable results in terms of visual appeal. By comparing with existing techniques, our
method demonstrates significant superiority in both quality and resolution of deep image synthesis
and editing. The innovation of this study lies in the proposal of a new adversarial learning target and
a multi-scale architecture, which effectively solves the instability problem of cGANs in generating
high-resolution images and significantly improves the authenticity of image details and textures,
providing a new technical path for the field of high-resolution image synthesis.
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Figure 1. Coarse-to-fine generator network architecture
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Figure 2. Instance boundary map
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Figure 3. Before boundary improvement
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Figure 4. After boundary improvement
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Figure 5. 1024 x 512 resolution
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Figure 6. 2048 x 1024 resolution
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Figure 7. Training set with instance map at 2048 x 1024 resolution
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Figure 8. Training set without instance map at 2048 x 1024 resolution
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Figure 9. Without instance feature embedding at 2048 x 1024 resolution
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Figure 10. With instance feature embedding at 2048 x 1024 resolution
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