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Introduction Methods

» Diffusion Models (DMs)!!l can generate high-quality and diverse images

Patch Partition CelebAl4!

» Divide the entire image into patches

» Grid-like manner and non-overlap

» Training and inference are operated
only on patches
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> Pixel-based DMs add or remove noises over pixel values
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Requires large memory consumption to generate high-resolution images

X(0,0) X(0,1) X(0,2) X(0,3)

X(1,0) X(1,1) X(1,2) X(1,3)

X(2,0) X(2,1) X(2,2) X(2,3)

We tackle this problem by “patch-by-patch generation” using spatially smaller patches
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Summary

Global Content Conditioning (GCC)

» Quite natural images when N = 2,4
» There are discontinuities on patch boundaries when N = 8 (mainly on LSUN)
» In N = 8, the FID scores of LSUN bedroom are degraded sharply

> This is because LSUN contains images with wide variety of compositions

» Share “content” across patches

» Apply avg. pooling to the entire image
to obtain a feature map

» Concatenate the feature map
with the cropped patches
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I:> Concat to the input
of denoising net

Global content

Conclusions & Future Work

Latent image x;

Overall proposed method » Patch-by-patch image generation to reduce memory consumption
» Proposed Positional Conditioning Method and Global Content Conditioning
» Reduced large amount of memory consumption while maintaining image quality

comparable to the baseline DDPM.

» COCO-GAN!
> Fully patch-by-patch approach in GANs

GCC

» Generates awesome quality iImages
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» Trains diffusion models with patches cropped at random positions Input Embedding References

» The network is conditioned by coordinates

> Fast training and convergence

C> This method is effective for training

> Patch-wise network evaluation with positional and global content conditions
> Latent image x; is split into patches, then passed into U-Net
» The patch-wise results are concatenated to obtain an entire noise estimation
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