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Diffusion Models
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Background

Diffusion Models
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Background

Diffusion Models

Training Requirement=—Paywalls

Base

Generation
Resolution

L Training Time Number of
U 1A (Estimated) Parameters
SD1.5 A100 256%20d 1B
SDXL A100 256*50d 2.3B

FLUX A100 1000+120d 12B

5122

10242

10242-20482




Background

Super-resolution Models
Real-ESRGAN
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Background

Super-resolution Models
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Background

Super-resolution Models

 Faithfully enhance the resolution according to the original image
« |t is difficult to add corresponding details at higher resolutions
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(a) Low-resolution (b) Upscaler (c) Relife




Background

Objective: Generate Higher-resolution Images

* Directly prompting SDXL to generate images at

a resolution of 20482 failed
The base model of SDXL lacks the ability to directly
sample from a higher-resolution latent space




Background

Objective: Generate Higher-resolution Images

 The base SDXL has learned details at higher

resolutions
« Observing the results of SDXL image generation
experiments, occasional incomplete images may
appear in some regions
« The presence of partial images in the training set, or
some training samples being cropped from complete
higher-resolution images




Background

MultiDiffusion

MultiDiffusion: Fusing Diffusion Paths for Controlled Image Generation

Omer Bar-Tal”! Lior Yariv"'! Yaron Lipman'? Tali Dekel !

“a photo of the dolomites” “falling stars in space”
“a robot” “a horse” “a rocket” “a blue smoke”

“blurred image”
“a mouse”
Yol PEL»:, of

books”

“a moon Land”

falling stars i space
“a robot dog” “an astronaut”
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Background

MultiDiffusion

* Fusion of multiple denoising processes
« (Generate images of arbitrary size and resolution
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Background

MultiDiffusion

MultiDiffusion
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Background

MultiDiffusion
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{1,...,n} (Application Depended)

Algorithm 1 MultiDiffusion sampling.
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Background

MultiDiffusion

(b) Generation with fused diffusion paths using MultiDiffusion.
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Background

MultiDiffusion

Used for generating larger-sized images, with
the central regions of each part being almost
iIndependently sampled

For generating a single target object, the
correlation between paths is weak, making it
difficult to consider global semantics
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Background

SCALECRAFTER

(a) Re—dilation and fractional dilated convolution
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Re-dilation during inference
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Methods

Framework
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(a) Progressive upscaling with skip residual. (b) Shifted crop sampling with dilated sampling.
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Methods

Framework

Progressive Upscaling
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(a) Progressive upscaling with skip residual. (b) Shifted crop sampling with dilated sampling.
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Methods

Framework
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(a) Progressive upscaling with skip residual. (b) Shifted crop sampling with dilated sampling.
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Methods

Framework
Dilated Sampling
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(a) Progressive upscaling with skip residual. (b) Shifted crop sampling with dilated sampling.
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Methods

Progressive Upscaling
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(a) Progressive upscaling with skip residual. (b) Shifted crop sampling with dilated sampling.
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Methods

Progressive Upscaling

Generate images with progressively higher resolutions in steps

ch h X w <% ?Ct_or i\//[;(—gmﬁed RC X HxW
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Methods

Skip Residual
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(a) Progressive upscaling with skip residual.

(b) Shifted crop sampling with dilated sampling.
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Methods
Skip Residual -as an optimization of SDEdit

Why use edit in such scenarios
To obtain more image details
Without changing the original structure of the image

Issues with edit
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Methods
Skip Residual -as an optimization of SDEdit

Why use edit in such scenarios

Issues with edit: Intersection Time-step
« Attempting to reverse-engineer the initial noise, but facing challenges, so Gaussian
noise is directly added
« Too low noise intensity leads to insignificant effects
« Too high noise intensity causes loss of key information
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Methods

Skip Residual -as an optimization of SDEdit
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Methods

Dilated Sampling
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(a) Progressive upscaling with skip residual. (b) Shifted crop sampling with dilated sampling.
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Methods

Dilated Sampling

Shifted Sampling

Dilated Sampling
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Methods

Dilated Sampling

Dilated Sampling
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* No overlapping regions between different samples

e Introduce a Gaussian filter:
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Experiments

Baselines

« SDXL
« MultiDiffusion: Baseline method based on overlapped local patch denoising

 SDXL+BSRGAN: Directly upscale SDXL results
« SCALECRAFTER: Dilate convolutional kernels at specific layers




Experiments

Quantitative Results

Method 2048 x 2048

FID | IST FlDgopd IBepepT CLIPT | Time

SDXL Direct Inference [24] | 79.66  13.47 73.91 17.38 28.12 | 1 min

MultiDiffusion [2] 75.93  14.56 70.93 17.85 28.97 | 3 min

SDXL + BSRGAN [39] 66.41  16.22 67.42 2L 29.61 | 1 min

SCALECRAFTER [7] 69.91  15.72 68.36 19.44 29.51 | 1 min

DemoFusion (Ours) 65.73 16.41 64.81 21.40 29.68 | 3 min

2048 x 4096 4096 x 4096

FID | IS8T FlDgopd ISergpT CLIPT | Time FID | BT FlDgop! ISerepT CLIPT | Time
97.08 14.12 96.41 18.01 27.29 3min | 105.65 14.01 98.59 19.47 25.64 8 min
89.38  14.17 82.78 18.87 28.66 6 min 97.98 13.84 79.45 19.73 28.62 | 15 min
68.70 16.29 75.03 21.76 29.01 lmin | 66.44 16.21 77.20 22.42 29.63 | 1 min
80.16  15.29 83.08 19.56 28.87 6 min 87.50 15.20 84.36 20.32 29.04 | 19 min
73.15 16.37 71.35 23.55 29.05 | 11 min | 74.11  16.11 70.34 24.28 29.57 | 25 min
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Experiments

Qualitative Results

Prompt: Emma Watson
as a powerful
mysterious sorceress,
casting lightning magic,
detailed clothing.

SDXL
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Experiments

iy

Qualitative Results

- ‘
MultiDiffusion
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Experiments

Qualitative Results

SDXL+BSRGAN
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Experiments

Qualitative Results

AR i ) ’

SCALECRAFTER
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Experiments

Qualitative Results
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DeW\Fusion
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Experiments

Qualitative Results

Prompt: Primitive
forest, towering trees,
sunlight falling, vivid
colors.

SDXL
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Experiments

Qualitative Results
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Experiments

Qualitative Results

SDXL+BSRGAN
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Qualitative Results

SCALECRAFTER
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Experiments

Qualitative Results
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Experiments

Ablations

PU SR DS PUSR DS  PUSRDS  PU SR DS
X X X v X X X X Vv X v X

Progressive Upscaling (PU) Skip Residual (SR) Dilated

Upsampling (DS) 49




Experiments

Ablations
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Conclusions

« Introduce a tuning-free framework that achieve higher-resolution image
generation

« Enable generation with both global semantic coherence and rich local
details

« Demonstrates the possibility of LDMs generating images at higher
resolutions and the untapped potential of existing open-source GenAl
models.

« Sampling takes a long time, heavily depends on the capabilities of the base
model




Methods

Dilated Sampling
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Other Results

9% Resolution &
[2304%2304]

(b) Stable Diffusion 2.1
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