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And that' ‘what this article is going to do. We're going to cover a topic that
‘seems pretty difficult to me: how to use autoregressive models to create great images. We will go from nothing to having decent looking images that you
can post on your personal blog, share on social media and even add to your portfolio.

https://6b.eleuther.ai/
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How can we incorporate global context
for autoregressive modeling?




fixed multinomial® diffusion process \
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Tsee e.g.: Argmax Flows and Multinomial Diffusion: Learning Categorical Distributions, Nielsen et al, 2021
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Basic Image Synthesis

FFHQ, LSUN, ImageNet, ...




Conditional Image Synthesis

Txt2Img (Conceptual Captions),

A heart made Of Sunset over the  Map of the world ~ Crowded scene A small house A photograph of a A vector illustration of
wood stone pizza metal skyline of acity. in the year 2077. in front of a pub. in the wilderness. beach. crowd of people. atree. the brain.

R




Global Context for Autoregressive Image Synthesis

Masked Input ImageBART




Arbitrary Image Completion (a.k.a. Inpainting)




Controllable Inpainting/Modification

e.g. via class labels...

Original Masked Guidance
Arctic fox (¢279) Lorikeet (¢90) Zebra (¢340) Tiger (¢292) Green lizzard (¢46)

Lorikeet(c90) Snow Leopard (c288) Doberman (¢236) Arctic Fox (¢279)




Controllable Inpainting/Modification
...or text

Original Masked Guidance

"Man standing on a mountain.’ ‘Solar Eclipse. ‘Sunrise.’ "Moonlight’

"The piece of paper.’ ‘A pencil sketch. 'A forest behind the window. '0il painting of a cathedral’




Do we really need more steps?

Unconditional Generation Upper Half Completion
method FID | IS 1 method FID | IS 1
TT (T'= 2) 1244 3.98+0.07 TT I =2) 11.80 4.48 £0.10
ImageBART (7'=3) 12.55 3.984+0.07 ImageBART (T'=3) 9.25 4.49+0.13
ImageBART (7'=5) |10.69] 4.274+0.05 ImageBART (I'=5) 6.87 4.81+0.13
10.81 [4.494+0.05| ImageBART (T'=9) [6.64| [4.8640.15

ImageBART (7' = 9)




Code and pretrained models at
https://github.com/CompVis/imagebart



https://github.com/CompVis/imagebart
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Arbitrary Image Completion (a.k.a. Inpainting)




