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Diffusion

Objective:

Generate Image X
from latent space Z

Z->X

GAN: Adversarial
training

VAE: maximize
variational lower bound

Flow-based models:
Invertible transform of
distributions

Diffusion models:
Gradually add Gaussian
noise and then reverse

Generator
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What are Diffusion Models? Lilian Weng. 2021



Diffusion

X T==
Forward:
Get the ground truth

Backward:
Z -> X (generation)

Forward Diffusion Process
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Forward Diffusion Process

Diffusion

Backward:

X T->X0

How?

Denoising UNet

Reverse Diffusion Process

We remove some noise in X_Ttoget X T-1
Step by step, we remove all the noise and get X 0

So0?
We have X_T now, all we need is the noise.

So0?
U-Net: input-> X _T output->noise.



. : Forward Diffusion Process
Diffusion
Forward:
X 0->XT
How? % .
Start d|Str|bUt|0n: Q(XO) Reverse Diffusion Process

An image sample from a(x0) : xo
Aim: x¢o — X1 —...— X7
Define this process: ¢ (x: |x:1) =N (/1 —8ixi-1,6:I).  noising schedule {5; -

GDwe don't like step by step: re-parametrization € represents Gaussian noise
q(x¢ | x0) =N (vauxo, (1 — a)I) = /arxo + /1 — s - € /at =1 B, & :=[[_, ax and € ~ N(0,1)



lefUSIOn % we don't like step by step: re-parametrization
q(Xt ‘ Xo) =N(\/6!_tX0,(1 —@t)I) S \/d’_tX[]-l- \/1—643'6

How to train?
Output: €g(z¢, 1)
Ground Truth: €~ N(0,I)

Loss:

HG—GH fEt, —Hﬁ—ea \/_x0+\/1—at et)H



Diffusion

Training and inference

Algorithm 1 Training Algorithm 2 Sampling
1: repeat 1: xr ~N(0,1)
2: xo ~ q(Xo) = 2: fort="T,...,1do
i- b o UNH(I(f)OfII)n({lw-J D 3 z~N(0,I)ift>1,elsez =0
€ rv N —
5: Take gradient descent step on ‘ 4 X = \71._1 (x,, - —'ﬁ%ﬁ'zo(x.,t)) + oz
Vo ||€ — zo(vaixo + V1 — ae, t)||2 5: end for
6: until converged 6: return xo

Denoising Diffusion Probabilistic Models. Jonathan Ho, Ajay Jain, Pieter Abbeel. 2020



GLIDE

How to add the additional information to Diffusion? : Guided Diffusion

Backward process of DDPM  po(z¢—1|2¢)

Classifier-guided Diffusion Po.p(Tt-1]2t,y) = Z - pp(@e-1]2t) - Py (ylTs-1)
Classifier-free Diffusion €9 (x,t | y) = €9 (Xe,t | 0) + 5+ (€9 (x4, | Y) — € (x4,8 | D))
GLIDE ég(z;|Caption) = €p(z;) + s - (e9(x¢, Caption) — eg(z))

(more data; larger model; more GPUS)

Diffusion models beat gans on image synthesis. Dhariwal, P. and Nichol, A. 2021.
GLIDE: Towards Photorealistic Image Generation and Editing with Text-Guided Diffusion Models. Alex Nichol et al. 2021



GLIDE

Po(Xe—1|X¢)
Oz 0 "0z ~Cp

Xr Xi-1,C) A “sebras roaming in the fickd™

Transformer

Step 4: Condition [ T

on the final token rl [] [] —| j [] —I ’T

embedding
“An image of the face of a man”

caption + mask area + super resolution

Diffusion models beat gans on image synthesis. Dhariwal, P. and Nichol, A. 2021.

“a vase of flowen™

GLIDE: Towards Photorealistic Image Generation and Editing with Text-Guided Diffusion Models. Alex Nichol et al. 2021



GLIDE

“a hedgehog using a “a corgi wearing a red bowtic “robots meditating in a “a fall landscape with a small
calculator™ and a purple party hat” vipassana retreat” cottage next to a lake™

“a surrcalist dream-like oil “a professional photo of a “a high-quality oil painting “an illustration of albert
painting by salvador dali sunsct behind the grand of a psychedelic hamster cinstein wearing a superhero
of a cat playing checkers™ canyon” dragon™ costume™

“a painting of a fox in the style “a red cube on top “a stained glass window
of starry night™ of a blue cube™ of a panda cating bamboo™

“a boat in the canals of venice™

Diffusion models beat gans on image synthesis. Dhariwal, P. and Nichol, A. 2021.
GLIDE: Towards Photorealistic Image Generation and Editing with Text-Guided Diffusion Models. Alex Nichol et al. 2021



DALL-E 2
CLIP + GLIDE

Training stage |: CLIP

J— CLIP objective
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Hierarchical Text-Conditional Image Generation with CLIP Latents. Aditya Ramesh et al. 2022



DALL-E 2

i X

CLIP + GLIDE

Training stage Il: ,
“a corgi
playing a
flame
throwing
trumpet”

Prior (latent space)

Hierarchical Text-Conditional Image Generation with CLIP Latents. Aditya Ramesh et al. 2022



DALL-E 2

CLIP + GLIDE
img
.
Training stage llI: st
Decoder (GLIDE) l -------------------------------------------
decoder

Hierarchical Text-Conditional Image Generation with CLIP Latents. Aditya Ramesh et al. 2022



DALL-E 2

CLIP + GLIDE
Inference
“a corgi

playing a 8 '
flame 8*‘ - OO

throwing O O 8

trumpet” prior

decoder

Hierarchical Text-Conditional Image Generation with CLIP Latents. Aditya Ramesh et al. 2022



DALL-E 2

vibrant portrail painting of Salvador Dali with a robotic hall face a shiba inu wearing a beret and black turtleneck

an espresso machine that makes coffee from human souls, artstation panda mad scientist mixing sparkling chemicals, arntstation a corgi’s head depicted as an explosion of a nebula

Hierarchical Text-Conditional Image Generation with CLIP Latents. Aditya Ramesh et al. 2022



I m a e n Text “A Golden Retriever dog wearing a blue
checkered beret and red dotted turtleneck.”

A

Frozen Text Encoder

A pretrained, frozen T5-XXL model

Text Embedding

Y

Diffusion Model

GLIDE (dynamic) l

€g(z¢|Caption) = ey(z:) + s - (eo(z¢, Caption) — €p(z))

‘ Text-to-Image

64 x 64 Image

. Super-Resolution
Diffusion Model
Efficient U-net
256 x 256 Image
Y
L, Super-Resolution

Diffusion Model

l

1024 x 1024 Image

Photorealistic Text-to-Image Diffusion Models with Deep Language Understanding. Chitwan Saharia et al. 2022



Imagen

Zero-shot
Model FID-30K FID-30K
AttnGAN [76] 35.49
DM-GAN [83] 32.64
DF-GAN [69] 21.42
DM-GAN + CL [78] 20.79
XMC-GAN [81] 9.33
LAFITE [82] 8.12
Make-A-Scene [22] 139
DALL-E [53] 17.89
LAFITE [82] 26.94
GLIDE [41] 12.24
DALL-E 2 [54] 10.39
Imagen (Our Work) 7.27

Photorealistic Text-to-Image Diffusion Models with Deep Language Understanding. Chitwan Saharia et al. 2022



Imagen
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Photorealistic Text-to-Image Diffusion Models with Deep Language Understanding. Chitwan Saharia et al. 2022



Imagen

Imagen (Ours) DALL-E 2 [54] GLIDE [41]

A horse riding an astronaut.

Photorealistic Text-to-Image Diffusion Models with Deep Language Understanding. Chitwan Saharia et al. 2022



Future work

Latent Space: Stable Diffusion
Fine-grained Control: ControlNet, T2I-Adapter and Composer
Inversion: DreamBooth

Applications: Make-A-Video; Make-A-Story; Magic3D

Text-to-image Diffusion Model in Generative Al: A Survey
https://github.com/heejkoo/Awesome-Diffusion-Models
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