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The way to combine the long skip connection.
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Experiments

« Unconditional generation: CIFAR10, CelebA
« Class Conditional generation: ImageNet at 64 x 64,256 x 256,512 x 512 resolutions

« Text-to-Image generation: MSCOCO at 256 x 256 resolutions

Model on CIFAR10 FID | Model on ImageNet 64 x 64 FID |
GAN GAN
StyleGAN2-ADA [31] 2.92 JigGAN-deep [5) 4.06
_ Model on CelebA 6464 FID SyleGANXL (59 =
i - - : el on Cele X 1
Diff. based on U-Net #Params , DI hoed on U Ner pro—
DDPM [25] 36M 3.17 Diff. based on U-Net #Params IDDPM (small) [19] 100M 6.92
g’[fm“ ' . Z;m %*}" DDIM [67] 9M 326 IDDPM (large) [ 9] WOM 292
++ cont. .55 . .
Soft Truncation [22] 62M 1.90 CDM [20] Unknown  1.48
EDMT [20] 56M 1.97 D i bl e VT 3P ADM [17] 296M  2.07
Diff. based on ViT #Params 1. model based an ¥ arams EDM 0] 296M 136
U-ViT-5/4 44M 2.87 i : i :
GenViT [76] 1M 20,20 I Diff. based on ViT #Params
U-ViT-5/2 44M 3.11 U-ViT-M/4 131M 5.85
U-ViT-L/4 28TM 4.26
Model on ImageNet 256 <256 FID |
GAN
BigGAN-deep [5] 6.95 Model on ImageNet 512512 FID |

StyleGAN-XL [59] 2.30

GAN
Discrete diff. based on transformer :
VQ-Diffusion [20] 11.89 L '_i"c."'_"\\‘""'?' Ll o
VQ-Diffusion (acc0.05) [20] 5.3 StyleGAN-XL [59] 241
Diff. based on U-Net #Params Diff. based on U-Net #Params
IDDPM [19] 270M + 280M (SR) 12.26 ADM [17] 550M 23.24
CDM [26] Unknown 488 ADM-U [17] 422M + 309M (SR) 9.96
:gt: Iu Il : e 33;;11 SR '70;?; ADM-G [17] 559M + 54M (Cls) 772
. - + K e 17 .
ADMG [ ) SSAML 1 SAM (Cls) 50 ADM-G, ADM-U [17]  422M +43M (Cls) + 309M (SR)  3.85
ADM-G, ADM-U[13] 296M + 65M (Cls) + 312M (SR)  3.94 Diff. based on ViT #Params
LDM: [54] 400M + 55M (AE) 160 : - -
U-ViT-H/4t SO1M + 84M (AE) 405
Diff. based on ViT #Params

U-ViT-H/2# 501M + 84M (AE) 229
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Experiments

Model FID Type Training datasets #Params

Generative model trained on external large dataset (zero-shot)
DALL-E [57] ~ 28 Autoregressive DALL-E dataset (250M) 12B
CogView [14] 271 Autoregressive Internal dataset (30M) 4B
LAFITE [52] 26.94 GAN CC3M (3M) TI5M + I5IM (TE)
GLIDE [15] 12.24 Diffusion DALL-E dataset (250M) 3.5B 4+ 1.5B (SR)
Make-A-Scene [ |YV]  11.84 Autoregressive Union datasets (without MS-COCO) (35M) 4B
DALL-E2[57] 10.39 Diffusion DALL-E dataset (250M) 4.5B + T0OM (SR)
Imagen [56] 1.27 Diffusion Internal dataset (460M) + LATON (400M) 2B + 4.6B (TE) + 600M (SR)
Parti [77] 7.23 Autoregressive LAION (400M) + FIT (400M) 4 JFT (4B) 20B 4+ 630M (AE)
Re-Imagen [ %] 6.88 Diffusion KNN-ImageText (50M) 2.5B + 750M (SR)

Generative model trained on external large dataset with access to MS-COCO

VQ-Diffusion® [20]

13.86  Discrete diffusion

Autoregressive
Diffusion
Autoregressive

Conceptual Caption Subset (7TM)
Union datasets (with MS-COCO) (35M)
KNN-ImageText (50M)

LAION (400M) + FIT (400M) + JFT (4B)

370M
4B
2.5B + 7T50M (SR)
20B + 630M (AE)

GAN
GAN
Discrete diffusion
GAN
GAN
Diffusion

GAN
Latent diffusion
Latent diffusion

Make-A-Scene [19]  7.55
Re-Imagen' [4] 5.25
Partif [77] 322
Generative model trained on MS-COCO
AttnGAN [75] 35.49
DM-GAN [53] 32.64
VQ-Diffusion [20] 19.75
DF-GAN [701] 19.32
XMC-GAN [7Y] 9.33
Friro [ 5] 8.97
LAFITE [52] 8.12
U-Net* 7.32
U-ViT-5/2 5.95
U-ViT-5/2 (Deep) 5.48

Latent diffusion

MS-COCO (83K)
MS-COCO (83K)
MS-COCO (83K)
MS-COCO (83K)
MS-COCO (83K)
MS-COCO (83K)
MS-COCO (83K)

MS-COCO (83K)
MS-COCO (83K)
MS-COCO (83K)

230M
46M
370M
19M
166M
512M + 186M (TE) + 68M (AE)
75M + 15IM (TE)

33M + 123M (TE) + 84M (AE)
45M + 123M (TE) + 84M (AE)
S8M + 123M (TE) + 84M (AE)




Experiments

a baseball player A close-up ofa astuffed teddy  abig clock tower A colorful bird A couple of A group of three A long empty

swinging abat  calico cat bear sitting on a  sits in the middle is perched ona  horses standing  giraffe standing road way
at a ball wearing a tie. stool of a road branch. next to each inside of a cage. surrounded by
other on a field. wild plants.

U-Net

U-ViT-Small

U-ViT-Small-
Deep




UVIT vs UNeT in “Latent Diffusion” setting

w/o cfg U-Net employs implementation from ADM
_ Same optimizer configuration as ADM.

— U-VIT
-1 U-Net
Rt
o,
g 15 Params GFLOPs FID (w/ cfqg)
N
% UNeT 646M + 84M(AE)| 135 + 312(AE) 2.66
é’ UViT-H/2 |501M + 84M(AE)| 133 + 312(AE) 2.29
= 111 <
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