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Forward diffusion process (fixed)

Reverse denoising process (generative)




Denoising Diffusion Models
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Part 1(Apr 26, 2022 |
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https://developer.nvidia.com/zh- Sampling
cn/blog/improving-diffusion-
models-as-an-alternative-to-gans-
part-1/
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StableDiffusionV?2

[6] 1 from keras cv.models import StableDiffusionV2
2 from PIL import Image

[7] 1 model = StableDiffusionV2(img height=512, img width=512 , jit compile=True)

By using this model checkpoint, you acknowledge that its usage is subject to the term
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“a propaganda poster depicting a
black shiba inu dressed as Chinese
emperor holding a piece of cheese”
by
https://www.bing.com/images/cre
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“latent diffusion models’

High-Resolution Image Synthesis with Latent Diffusion Models

Robin Rombach! *  Andreas Blattmann® * Dominik Lorenz! Patrick Esser® Bjorn Ommer!
'Ludwig Maximilian University of Munich & IWR, Heidelberg University, Germany [BRum\'u_\f ML

https://github.com/CompVis/latent-diffusion

ours (f =4) DAI  ( VQGAN (f = 16)
Abstract PSNR: 27.4 R-FID: 058 PSNR: 22.8 R PSNR: 10.9 R-FID: 4.98

By decomposing the image formation process into a se-
quential application of denoising autoencoders, diffusion
models (DMs) achieve state-of-the-art synthesis results on
image data and beyond. Additionally, their formulation al-
lows for a guiding mechanism to control the image gen-
eration process without retraining. However, since these
models typically operate directly in pixel space, optimiza-
tion of powerful DMs often consumes hundreds of GPU
days and inference is expensive due to sequential evalu-
ations. To enable DM training on limited computational
resources while retaining their quality and flexibility, we
apply them in the latent space of powerful pretrained au-
toencoders. In contrast to previous work, training diffusion
models on such a representation allows for the first time

Figure 1. Boosting the upper bound on achievable quality with
less agressive downsampling. Since diffusion models offer excel-
lent inductive biases for spatial data, we do not need the heavy spa-
tial downsampling of related generative models in latent space, but
can still greatly reduce the dimensionality of the data via suitable
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ours (f = 4) DALL-E (f =?) VQGAN (f = 16)
PSNR: 27.4 R-FID: 0.58 PSNR: 22.8 R-FID: 32.01 PSNR: 19.9 R-FID: 4.98
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Stable Diffusion test-to-Image

Text-to-Image Synthesis on LAION. 1.45B Model.

‘A street sign that reads ‘A zombie in the 'An image of an animal "An illustration of a slightly ‘A painting of a ‘A watercolor painting of a "A shirt with the inscription:
“Latent Diffusion™’ style of Picasso’ half mouse half octopus’ conscious neural network’ squirrel eating a burger’ chair that looks like an octopus’ “I love generative models!” ’
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Figure 5. Samples for user-defined text prompts from our model for text-to-image synthesis, LDM-8 (KL), which was trained on the
LAION [ /5] database. Samples generated with 200 DDIM steps and 7 = 1.0. We use unconditional guidance [ ] with s = 10.0.
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Figure 10. ImageNet 64—256 super- qu01th1011 on ImaOeNet Val
LDM-SR has advantages at rendering realistic textures but SR3
can synthesize more coherent fine structures. See appendix for
additional samples and cropouts. SR3 results from [ /”].




Stable Diffusion 2.1

C O & huggingface.co/s; ai/sta e © & 2 p % @ * = 4

¥ Spaces = i stable-diffusion ™ © like * Running on CPU UPGRADE App

+ Stable Diffusion 2.1 Demo

Stable Diffusion 2.1 is the latest text-to-image model from StabilityAl. Access Stable Diffusion 1 Space here
For faster generation and API access you can try DreamStudio Beta.

a propaganda poster depicting a black shiba inu dressed as Chinese emperor holding a piece of cake
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Hosted inference API

[» Text-to-Image

masterpiece, best quality, 1girl, blonde hair, black leather jack, looking at viewer, upper body, outdoors, oilcolor, night, turtlened




Herslichen Dank fur die
Aufmerksamkeit



