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Conditional Generative Models: Applications

[Class Conditional Generation]

« Task: Given a class label
indicating the image type,
sample a new image from the
model with that type brain coral

s€a anemone

 Image classification is the
problem of taking in an image slug
and predicting its label p(y|x)

« Class conditional generation

is doing this in reverse p(x|y) goldfinch

https://www.cs.cmu.edu/~mgormley/courses/10423/ Figure from Razavi et al. (2019)



https://www.cs.cmu.edu/~mgormley/courses/10423/

Conditional Generative Models: Applications

o

[Super Resolution]

« Given a low resolution image,
generate a high resolution
reconstruction of the image.

 Compelling on low resolution
inputs (see example to the
left) but also effective on high
resolution inputs.

SRDiff

https://www.cs.cmu.edu/~mgormley/courses/10423/ Figure from Li et al. (2021)



https://www.cs.cmu.edu/~mgormley/courses/10423/

Conditional Generative Models: Applications

Sample 2

Sample 3

[Image Editing]

A variety of tasks involve
automatic editing of an image:

Inpainting

 Inpainting fills in the
(prespecified) missing pixels.

» Colorization restores color to
a greyscale image

* Uncropping creates a photo-
realistic reconstruction of a
missing side of an image

Colorization

Uncropping

https://www.cs.cmu.edu/~mgormley/courses/10423/ Figure from Saharia et al. (2022)



https://www.cs.cmu.edu/~mgormley/courses/10423/

Conditional Generative Models: Applications

[Style Transfer]

* The goal of style transfer is to
blend two images

* Yet, the blend should retain
the semantic content of the
source image presented in
the style of another image

https://www.cs.cmu.edu/~mgormley/courses/10423/ Figure from Gatys et al. (2016)



https://www.cs.cmu.edu/~mgormley/courses/10423/

Conditional Generative Models: Applications

[Text-to-Image Generation]

« Given a text description,
sample an image that depicts
the prompt

« The following images are
samples from SDXL with
refinement

Prompt:. A propaganda poster depicting a
cat dressed as french emperor napoleon
holding a piece of cheese.

https://www.cs.cmu.edu/~mgormley/courses/10423/ Figure from Podell et al. (2023)



https://www.cs.cmu.edu/~mgormley/courses/10423/
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Conditional Generative Models: Problem Statement

Input Output

Goal: synthesize a photograph given an input image

Slide credit: Jun-Yan Zhu - Learning-Based Image Synthesis



Conditional Generative Models: Problem Statement

Goal: synthesize a photograph given an input image

Slide credit: Jun-Yan Zhu - Learning-Based Image Synthesis



Conditional Generative Models: Early Work

- ' ‘. ,.... Ang'

Semantic Photo Synthesis [Johnson et al., Eurographics 2006]

-

" RS " - ! '
BB -

Scene Item

Sketch I > Cangltll:cttei(::‘nage | g >lma(§;t?r::?z':ti;::i°n| > » Ranked Output
Sketch2Photo [Tao et al., SIGGRAPH Asia 2009]

Slide credit: Jun-Yan Zhu - Learning-Based Image Synthesis




Conditional GANs



Conditional GANs
X

ge

For example: pix2pix [Isola et al. 2017]

T Foundations of Computer Vision [ I T T

Torralba, Isola, Freeman . 2024 ...




Condltlonal GANs

dgy
—m real or synthetic?

Discriminator

Generator

g tries to synthesize fake images that fool d

d tries to identify the fakes

.. Foundations of Computer Vision L ..D.._. . . Torralba, Isola, Freeman . 2024 ...



Conditional GANs

ge

96 (x) d¢

—Hﬂﬂ— synthetic (0.9)

| 4|:H:H:|‘ real (0.1)

dy, = arg m(?x Ex,yﬂlog dy(g0(x))|+|log(1l — dy(y))

.. Foundations of Computer Vision . | -m:-._. . . Torralba, Isola, Freeman - 2024 m
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Conditional GANs
X

ge

real or synthetic?

g tries to synthesize fake images that fool d:

7 =[arg minlE. [log dy (g0 ()

-. Foundations of Computer Vision ﬁ ..j.._. . . Torralba, Isola, Freeman . 2024 ...



Condltlonal GANS

E —HHH— —Hﬂﬂ— real or synthetic?

g tries to synthesize fake images that fool the best d:

arg nirfmant By log do (99(x)) + log(1 — dy(y))]

.. Foundations of Computer Vision m ..D.._. . . Torralba, Isola, Freeman . 2024 m



Cond}i{tional GANS

ge

Loss Function

de

-~
-~
-
-
.......

~ - -

________

-----------------

g's perspective: d is a loss function.

Rather than being hand-designed, it is learned and
highly structured.

.. Foundations of Computer Vision . ‘ ___._. . . Torralba, Isola, Freeman . 2024 .._



17

: —m real or synthetic?

Condi;cional GANS

ge

arg min max By [l0g d (90 (x)) +1og(1 = d(y))

.. Foundations of Computer Vision . “__._. . . Torralba, Isola, Freeman . 2024 ...



Cond}itional GANS

ge

go(x) d¢

arg mein max Ex yllogde(ge(x)) + log(1l — dy(y))]

.. Foundations of Computer Vision m i.m_. . . Torralba, Isola, Freeman . 2024 ..i



Conditional GANs

ge

real or synthetic
pair ?

arg mjn max Exy [l0g d (90 (x) + 1og(1 = d(y))

.. Foundations of Computer Vision . . .. . . . Torralba, Isola, Freeman . 2024 ..D



Condi}’gional GANS

ge

real or synthetic
pair ?

Ty
......
Ny

; N
arg m@in mgx Ex,y [log dg (E) ge (X)) + 10g(1 — dg @7 Y))]

-. Foundations of Computer Vision r_m.—. . . Torralba, Isola, Freeman . 2024 I



Conditional GANs

96 2 ()
AHH-H— synthetic pair
: W« T >
arg m@m mgx ]Ex,y[log d¢ (@7 ge (X)) + log(l — d¢ @7 Y))]

.. Foundations of Computer Vision . ﬁ.j.._. . . Torralba, Isola, Freeman . 2024 ..D



Conditional GANs

g6 | 99()
4| H H }‘ _ dy
—Hﬂﬂ— real pair
| “‘{ .................... .
arg m91n mgx Ex y[logds ([, go(x)) +log(l — dy ([, y))]

.. Foundations of Computer Vision . \ ]. .. . . . Torralba, Isola, Freeman . 2024 m



go(x)

Conditional GANs

go

real or synthetic
pair ?

arg min max Ex,y(log dg(x,go(x)) +log(1l — dg(x,y))]

.. Foundations of Computer Vision . E[.._. . . Torralba, Isola, Freeman . 2024 ..:



Conditional GANSs

Training Details: Loss function

gp = arg mein qubxx Leaan(0, ¢) +(ALp1(0)

E ge

Stable training + fast convergence

[c.f. Pathak et al. CVPR 2016]
.. Foundations of Computer Vision m \ i._.._. . . Torralba, Isola, Freeman . 2024 ..i




Conditional GANs: pix2pix Generator

€T —>

Encoder-decoder

Tr—

U-Net

U-Net [Ronneberger et al.]: popular CNN backbone for biomedical image segmentation

U-Net: preserve high-frequency information (e.g., edge) of the input image.
Encoder-decoder: lose high-frequency details due to the information bottleneck

Slide credit: Jun-Yan Zhu - Learning-Based Image Synthesis



Conditional GANs: pix2pix Discriminator

« Rather than penalizing if output image looks
fake, penalize if each overlapping patches
looks fake

» Focus on local visual cues (color, textures).
* Global structure: the input image has

already encoded global structure. L1 loss *
can help as well.

Advantages:

» Faster, fewer parameters

» More supervised observations

» Applies to arbitrarily large images

Slide credit: Jun-Yan Zhu - Learning-Based Image Synthesis
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Conditional GANSs

Labels = Facades
Input Output Input Output

Data from [Tylecek, 2013]
Torralba, Isola, Freeman . 2024 ...

-. Foundations of Computer Vision



Groundtruth

Torralba, Isola, Freeman . 2024 m

Input

Data from
[maps.google.com]

Foundations of Computer Vision

Conditional GANSs



Conditional GANs: Automatic Colorization

' Input Output Input Output

Data from [Russakovsky et al. 2015]



Conditional GANSs

Training data

[HED, Xie & Tu, 2015]

.. Foundations of Computer Vision .._....._. ‘ . . Torralba, Isola, Freeman . 2024 ...
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Conditional GANs: Edges to Images

Output Input Output Input Output

Input

Edges from [Xie & Tu, 2015]

Pix2pix / CycleGAN
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Conditional GANs: Sketches to Images

Input Output Input Output

Trained on Edges - Images

Data from [Eitz, Hays, Alexa, 2012]

Pix2pix / CycleGAN



Conditional GANs: Edges to Images

#edges2cats [Christopher Hesse]

edges2cats
INPUT OUTPUT TOOL INPUT OUTPUT
Ilna§
eraser()
[N pix2pix
e
nu clear ﬂm save
@gods _tail
INPUT OUTPUT

@matthematician

HO K

Vitaly Vidmirov @vvid

( /_\ Pix2pix
L

Ivy Tasi @ivymyt

https://affinelayer.com/pix2pix/

Pix2pix / CycleGAN


https://affinelayer.com/pix2pix/
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Conditional GANs: Unpaired Translations

Style transfer problem: change the style of an image while preserving the content.

Monet Z_ Photos Zebras T Horses Summer Z_ Winter

zebra > horsa

e

horse —» zebra

Van Gogh Cezanne Ukiyo-e

Photograph

Data: Two unrelated collections of images, one for each style

Roger Grosse - CSC321 Lecture 19: Generative Adversarial Networks



Conditional GANs: Unpaired Translations -
CycleGAN

Paired
g ;

(%2
~ b)

Unpaired
X Y

\»

Y
U

)

eee “*

Jun-Yan Zhu



Conditional GANs: CycleGAN

If we had paired data (same content in both styles), this would
be a supervised learning problem. But this is hard to find!

The CycleGAN architecture learns to do it from unpaired data.
» Train two different generator nets to go from style 1 to style
2, and vice versa.
« Make sure the generated samples of style 2 are
indistinguishable from real images by a discriminator net.
» Make sure the generators are cycle-consistent:
Mapping from style 1 to style 2 and back again should
give you almost the original image.

Roger Grosse - CSC321 Lecture 19: Generative Adversarial Networks




Conditional GANs: CycleGAN

TR The discriminator tries to

’!g w—"" distinguish generated zebra

4 N images from real ones
N s )

NIz

EA e éﬂ

Real zebra image

-
3

Discriminator loss: GAN
generator objective, i.e. negative
D log probability D assigns to the
sample being real

@ \

e, S O S vl Reconstruction loss: squared
error between the original image
and the reconstruction

Input image Generator 1 learns to map Generated sample Generator 2 learns to map Reconstruction
(real horse image) from horse images to zebra from zebra images to horse
images while preserving the images while preserving the
structure structure

Total loss = discriminator loss + reconstruction loss

Roger Grosse - CSC321 Lecture 19: Generative Adversarial Networks
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Cycle GAN: Cycle Consistency

~— 7
l F

Discriminator Dy: Lean (G (x),y)
Real zebras vs. generated zebras

\

Horses Zebras

T

Zhu et al., “Unpaired Image-To-Image Translation Using Cycle-Consistent Adversarial Networks”, ICCV 2017



http://openaccess.thecvf.com/content_iccv_2017/html/Zhu_Unpaired_Image-To-Image_Translation_ICCV_2017_paper.html
http://openaccess.thecvf.com/content_iccv_2017/html/Zhu_Unpaired_Image-To-Image_Translation_ICCV_2017_paper.html
http://openaccess.thecvf.com/content_iccv_2017/html/Zhu_Unpaired_Image-To-Image_Translation_ICCV_2017_paper.html
http://openaccess.thecvf.com/content_iccv_2017/html/Zhu_Unpaired_Image-To-Image_Translation_ICCV_2017_paper.html
http://openaccess.thecvf.com/content_iccv_2017/html/Zhu_Unpaired_Image-To-Image_Translation_ICCV_2017_paper.html
http://openaccess.thecvf.com/content_iccv_2017/html/Zhu_Unpaired_Image-To-Image_Translation_ICCV_2017_paper.html
http://openaccess.thecvf.com/content_iccv_2017/html/Zhu_Unpaired_Image-To-Image_Translation_ICCV_2017_paper.html
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Cycle GAN: Cycle Consistency

-
| |

Dy

Discriminator Dy: Lean (G (x),y)
Real zebras vs. generated zebras
Discriminator Dy: Lean (F (), x)
Horses Real horses vs. generated horses Zebras

Zhu et al., “Unpaired Image-To-Image Translation Using Cycle-Consistent Adversarial Networks”, ICCV 2017



http://openaccess.thecvf.com/content_iccv_2017/html/Zhu_Unpaired_Image-To-Image_Translation_ICCV_2017_paper.html
http://openaccess.thecvf.com/content_iccv_2017/html/Zhu_Unpaired_Image-To-Image_Translation_ICCV_2017_paper.html
http://openaccess.thecvf.com/content_iccv_2017/html/Zhu_Unpaired_Image-To-Image_Translation_ICCV_2017_paper.html
http://openaccess.thecvf.com/content_iccv_2017/html/Zhu_Unpaired_Image-To-Image_Translation_ICCV_2017_paper.html
http://openaccess.thecvf.com/content_iccv_2017/html/Zhu_Unpaired_Image-To-Image_Translation_ICCV_2017_paper.html
http://openaccess.thecvf.com/content_iccv_2017/html/Zhu_Unpaired_Image-To-Image_Translation_ICCV_2017_paper.html
http://openaccess.thecvf.com/content_iccv_2017/html/Zhu_Unpaired_Image-To-Image_Translation_ICCV_2017_paper.html

Cycle GAN: Cycle Consistency

Forward cycle loss: ||F(G(X)) — X||1

reconstruction .
[ B
error . \k

Zhu et al., “Unpaired Image-To-Image Translation Using Cycle-Consistent Adversarial Networks”, ICCV 2017
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http://openaccess.thecvf.com/content_iccv_2017/html/Zhu_Unpaired_Image-To-Image_Translation_ICCV_2017_paper.html
http://openaccess.thecvf.com/content_iccv_2017/html/Zhu_Unpaired_Image-To-Image_Translation_ICCV_2017_paper.html
http://openaccess.thecvf.com/content_iccv_2017/html/Zhu_Unpaired_Image-To-Image_Translation_ICCV_2017_paper.html
http://openaccess.thecvf.com/content_iccv_2017/html/Zhu_Unpaired_Image-To-Image_Translation_ICCV_2017_paper.html
http://openaccess.thecvf.com/content_iccv_2017/html/Zhu_Unpaired_Image-To-Image_Translation_ICCV_2017_paper.html

Cycle GAN: Cycle Consistency

Forward cycle loss: [|F(G(x)) — ]|, Rang# cycle loss

.......

reconstruction .
[ B
error . \k

Zhu et al., “Unpaired Image-To-Image Translation Using Cycle-Consistent Adversarial Networks”, ICCV 2017
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Cycle GAN: Training

EGAN(G7 DY7 X7 Y) ZEprdaw(y) [log DY (y)]
FE s paua () [10g(1 — Dy (G())],

Leye (G F) =Epnpy(a) [I1F (G () — z[1]
FEy i ) [IIG(F (y)) = yll1]-

L(Gv F7 DX) DY) :LGAN(Ga DY7X7 Y)
+ Loan(F, Dx, Y, X)
+ ALy (G, F),

R ' :
G*, argrél,lgDr?,agcY L(G,F,Dx,Dy)

Zhu et al., “Unpaired Image-To-Image Translation Using Cycle-Consistent Adversarial Networks”, ICCV 2017
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Cycle GAN: Examples

\ 2

Pix2pix / CycleGAN



Cycle GAN: Application

Style transfer between aerial photos and maps:

Input BiGAN CoGAN CycleGAN pix2pix Ground truth

. "
W SN SR SRS SR S SR S SR SR SR S . .
g W .
e 8 .

Zhu et al., “Unpaired Image-To-Image Translation Using Cycle-Consistent Adversarial Networks”, ICCV 2017

Roger Grosse - CSC321 Lecture 19: Generative Adversarial Networks
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Cycle GAN: Application

Style transfer between road scenes and semantic segmentations (labels of every pixel in an image by
object category):

GAN alone

GAN+forward GAN+backward CycleGAN (ours Ground truth

Cycle alone

-
-

Ty

i

- ’
:

»
r
h
R

Zhu et al., “Unpaired Image-To-Image Translation Using Cycle-Consistent Adversarial Networks”, ICCV 2017

Roger Grosse - CSC321 Lecture 19: Generative Adversarial Networks
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Cycle GAN: Application

Pix2pix / CycleGAN
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Cycle GAN: Application

R el
“"""tl | &

Hii

Pix2pix / CycleGAN



Failure Example

Cycle GAN

Pix2pix / CycleGAN



Failure Example

Cycle GAN

Pix2pix / CycleGAN
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Conditional GANSs

What other modalities?



Text-conditional GANs: Motivation

“teddy bears mixing sparkling chemicals as
mad scientists in a steampunk style”

5
GANS Masked GIT Autoregressive models Diffusion models
(GigaGAN, MUSE) (Image GPT, Parti) (DALL-E 2, Imagen)

Slide credit: Jun-Yan Zhu - Learning-Based Image Synthesis
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Timeline: Text2lmage Generation

20B
® PARTI-20B <l
® DALLE 10B
@® GAN method Py
® Imagen ® Muse3B
Transformer method )
¢ @ Cogview2 g pyseg00M
® Glide ® DALLE2 5B
@ Diffusion method T ® Re imagon
@ Cogview ® PARTI-3B
@ ControlNet
o
tOM ® sD 1B
® GigaGAN
® PARTI-750M
@ DALLE-MINI 0.5B
® VQ-Diffusion*
@ PARTI-350M
® GALIP
® LAFITE 0.1B
® XMC-GAN ® VQ-Diffusion-S*
® BridgeGAN
® StackGAN @ StackGAN++ ® ObjGAN .
® GAN-CLS ® StyleGAN ® AttnGAN ® DMGAN 0B
2016 2018 2020 2022

Fig. 5. Timeline of TTI model development, where green dots are GAN TTI models, blue dots are autoregressive Transformers and orange dots
are Diffusion TTI models. Models are separated by their parameter, which are in general counted for all their components. Models with asterisk are
calculated without the involvement of their text encoders.

https://www.cs.cmu.edu/~mgormley/courses/10423/schedule.html Figure from Bie et al. (2023)



https://www.cs.cmu.edu/~mgormley/courses/10423/schedule.html

%
Timeline: Text2lmage Generation

A comparison of the text to image methods discussed highlighting their date published, model configuration and evaluation results. For the model
type, green dot refers to the GAN model TTI, blue dot refers to the autoregressive TTI and orange dot indicates the Diffusion TTI. For evaluation
metrics, IS and FID score are provided under the evaluation of MSCOCO dataset in a zero-shot fashion. The last column provides the specific
model size in scale of Million(M) or Billion(B); * : no zero-shot results found, use standard results instead.

Method Date Model Type Data Size  Open Source IS evaluation ~ FID evaluation =~ Model size
AttnGAN [33] 11/2017 -3 120K X 20.80 35.49 13M
StyleGAN [34] 11/2017 ® 120K X 20.80 35.49 x -
Obj-GAN [220] 09/2019 ® 120K v 24.09 36.52 » 34M
Control-GAN [221] 09/2019 ° 120K v 23.61 33.10 = -
DM-GAN [35] 04/2019 ] 120K v 32.32 27.34 21M
XMC-GAN [165] 01/2021 -] 120K X 30.45 9.33 * 90M
LAFITE [44] 11/2021 ° - v 26.02 26.94 150M
Retreival-GAN [208]  08/2022 [ 120K X 29.33 9.13 x 25M
GigaGAN [46] 01/2023 ® - X - 10.24 650M
GALIP [45] 03/2023 ° 3M-12M v - 12.54 240M
DALLE [39] 02/2021 L 250M X - 27.5 12B
Cogview [189] 06/2021 [} 300M v - 271 4B
Make-A-Scene 03/2022 o 35M X - 11.84 4B
Cogview2 [43] 05/2022 ® 300M v - 24.0 6B
PARTI-350M [5] 06/2022 o ~1000M X - 14.10 350M
PARTI-20B [5] 06/2022 o ~1000M X - 7.23 20B
DALLE-mini [187] 07/2021 [} 250M X - - ~500M
MUSE-3B [31] 03/2023 [ ~1000M X - 7.88 7.6B
GLIDE [40] 12/2021 ° 250M v - 12.24 5B
VQ-diffusion-F [68] 11/2021 ® >7M v - 13.86 = 370M
DALLE-2 [4] 04/2022 El 250M X - 10.39 5.2B
Imagen [30] 05/2022 s ~860M X - 7.27 7.6B
LDM [3] 08/2022 [ 400M v 30.29 12.63 1.45B
eDiff-1 [197] 11/2022 @ 1000M X - 6.95 9B
Shift Diffusion[158] 08/2022 @ 900M v - 10.88 -
Re-Imagen|203] 09/2022 ® 50M X - 6.88 ~8B
ControlNet [159] 03/2023 ® - v - - ~2.2B

https://www.cs.cmu.edu/~mgormley/courses/10423/schedule.html

Figure from Bie et al. (2023) http://arxiv.ora/abs/2309.00810


http://arxiv.org/abs/2309.00810
https://www.cs.cmu.edu/~mgormley/courses/10423/schedule.html

Text-conditional GANs: Start

First the
farmer gives
hay to the
goat. Then
the farmer
gets milk
from the
COow.

Step 1: Image Selection.

Step 2: Layout Optimization (Minimum overlap, Centrality, Closeness)

A Text-to-Picture Synthesis System for Augmenting Communication

Xiaojin Zhu, Andrew Goldberg, Mohamed Eldawy, Charles Dyer, and Bradley Strock. AAAI 2007

Slide credit: Jun-Yan Zhu - Learning-Based Image Synthesis



Text-conditional AE Models



Text-conditional Auto Encoders

Image space

Text space Latent space

Prediction

A yellow
bird sitting
on a tree

branch.

t

Torralba, Isola, Freeman . 2024 ...

IETEETE

Foundations of Computer Vision




Text-conditional Auto Encoders

Image space Latent space Text space bird

Prediction W
: [

Encoder Decoder

-. Foundations of Computer Vision m .m._. . . Torralba, Isola, Freeman . 2024 ...




Text-conditional VAE Models



Text-conditional: Learning

Text-to-image architecture (cVAE) — training

Observation Text Encoder

A scarlet macaw
sitting on a —_ f
perch.

£ (@

»
>

v

[
»

V.
]
vV V

Target O » P \ Prediction 2(1)
-"“"""“Image Encoder Image Decoder

.. Foundations of Computer Vision m m." . . Torralba, Isola, Freeman . 2024 ...




Text-conditional: Learning

Text-to-image architecture (cVAE) — inference

Observation

A profile photo
of a robin,

Text Encoder

i

%

v v

v

(@)

Prediction Y]

facing left.
o)
2z ~ N(0,1)
Foundations of Computer Vision mm

Torralba, Isola, Freeman . 2024 ...




Text-conditional GANs Models



Text-conditional GANs: Start DL

H' H-I'l
r-‘ =

A stop sign is flying in A herd of elephants fly-
blue skies. ing in the blue skies.

EIEEE (7 &
aong > - o

A toilet seat sits open in A person skiing on sand
| o _ the grass field. clad vast desert.
Generating Images from Captions with Attention.

Elman Mansimov, Emilio Parisotto, Jimmy Lei Ba, Ruslan Salakhutdinov. ICLR 2016

Slide credit: Jun-Yan Zhu - Learning-Based Image Synthesis
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Text-Conditional GANs: Class / Category

X

bog [—|G [

I Y : []
v Generator — | HID :|— Real or fake pair ?
.. |_|

Discriminator

O
o
(@]
[

Input: Class — Output: Photo

Class-conditional GANs
cGANs [Mirza and Osindero. 2014], SAGAN [Zhang et al., 2018], BigGAN [Brock et al., 2019] StyleGAN-XL [Sauer et al., 2022]




I
Text-conditional GANs: Class Conditioned — BigGAN
- Feature Space Interpolation

cGANs [Mirza and Osindero. 2014], SAGAN [Zhang et al., 2018], BigGAN [Brock et al., 2019] StyleGAN-XL [Sauer et al., 2022]



Text-conditional GAN
X G

this bird is 111

red with
white and |— G %
has a ve

short bea _| |_| |_ - 1 i —I [
N Generator | —|D :|— Real or fake pair ?
Se. this bird is J ]

red with
white and
has a ve
short bea

Discriminator

Input: Text — Output: Photo

Text-to-Image Synthesis
StackGAN, StackGAN++ [Zhang et al., 2016 and 2017], AttnGAN [Xu et al., 2018]




Text-conditional GANs: Representation

How to model Text?



Text-conditional GANs: Representation

How to represent text as tokens?

tokens < Note: sometimes the word “token” is
(d-dimensional) I T I\ used to refer to a unit of the discrete
I W okenize vocabulary we will model (the one-
one-hots hots here). We use a more general
(K-dimensional) definition, where a token can be
Y W\ discrete or continuous — each layer of
y
& a transformer consists of a set of
S IR tokens
& |

.. Foundations of Computer Vision m m." . . Torralba, Isola, Freeman . 2024 .._‘



Text-conditional GANs: Learning

Language Models — Autoregressive

Once upon a

Once

a time —

.. Foundations of Computer Vision

Predictor

—_—  Hme

Predictor

— Upon

HE TN

. Torralba, Isola, Freeman . 2024 ...



Text-conditional GANs: Learning

X1yeee9Xpn—1 Xn

( )
%D Once upon a , time
‘= There and back , again )
g« ’ >% Learner | — Predictor
< The slow brown , fox .
- To be or not to, be

\ : .

X1y.e009Xpn—1 f{n

Colorless green ideas sleep —» |Predictor| — furiously

Sampling

O

.. Foundations of Computer Vision mm . . Torralba, Isola, Freeman . 2024 ...




Text-conditional GANs: Learning

furi?usly

IRIRinininininin

bttt bttt

Language Models — HHHU HHHH

Autoregressive _—
TTEITIL
Ipinininininigigl

[ T Y N S T B

Colorless green ideas sleep

.. Foundations of Computer Vision .._....._. . . Torralba, Isola, Freeman . 2024 ...

I
1
I
I
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Text-conditional GANs: Details

this small bird has a pink this magnificent fellow is
breast and crown, and black almost all black with a red
primaries and secondaries. crest, and white cheek patch.

the flower has petals that this white and yellow flower
are bright pinkish purple have thin white petals and a
with white stigma round yellow stamen

Generative Adversarial Text to Image Synthesis » '
Scott Reed et al., ICML 2016 Slide credit: Jun-Yan Zhu - Learning-Based Image Synthesis
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Text-conditional GANs: Details

This flower has small, round violet
petals with a dark purple center

e
]

This flower has small, round violet
petals with a dark purple center

¢L_1¢_u> -

Discriminator Network

Generator Network
Conditional GAN + CNN + concatenation

Generative Adversarial Text to Image Synthesis
Slide credit: Jun-Yan Zhu - Learning-Based Image Synthesis

Scott Reed et al., ICML 2016



Text-conditional GANSs

How to improve resolution?
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Text-conditional GANs: Two-stage Model

This bird has a This flower has
This bird is white yellow belly and  overlapping pink
with some black on tarsus, grey back, pointed petals
its head and wings, wings, and brown surrounding a ring

and has a long throat, nape with  of short yellow
orange beak a black face filaments
— " :

(a) StackGAN
Stage-1
64x64
images

(b) StackGAN
Stage-I1
256x256
images

(c) Vanilla GAN
256x256
images

FERF & WY 0,

Two-stage Conditional GAN + CNN + concatenation

-

StackGAN: Text to Photo-realistic Image Synthesis with Stacked Generative Adversarial Networks
Han Zhang et al., ICCV 2017 Slide credit: Jun-Yan Zhu - Learning-Based Image Synthesis
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Text-conditional GANs: Two- stage Model

U R PO e S —————— — — — — e o e e el e

| Conditioning | I Stage-l Generator G, |
| Augmentation (CA) | | |
Text descriptiont Embedding ¢,/ Ho |

64 x 64 Compression and
€~ N(O, | . 4 SR
(0,1) | | real images Spatial Replication ]

Two-stage Conditional GAN + CNN + concatenation

StackGAN: Text to Photo-realistic Image Synthesis with Stacked Generative Adversarial Networks
Han Zhang et al., ICCV 2017 Slide credit: Jun-Yan Zhu - Learning-Based Image Synthesis
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Text-conditional GANs: Two-stage Model

This flower 1s
This flower has  pink, white,

Text a lot of small and yellow in
description purple petals in  color, and has
a dome-like petals that are

configuration striped

64x64
GAN-INT-CLS

256x256
StackGAN

This flower has
petals that are
dark pink with
white edges
and pink
stamen

StackGAN: Text to Photo-realistic Image Synthesis with Stacked Generative Adversarial Networks

Han Zhang et al., ICCV 2017

This flower is
white and
yellow in color,
with petals that
are wavy and
smooth

Slide credit: Jun-Yan Zhu - Learning-Based Image Synthesis



Conditional GANs: Multi-stage Model

Background code

N
N

Parent code

I
N

Child code

S
"

Singh et al., “FineGAN: Unsupervised Hierarchical Disentanglement for Fine-Grained Object Generation and Discovery”, CVPR 2019



https://arxiv.org/abs/1811.11155
https://arxiv.org/abs/1811.11155
https://arxiv.org/abs/1811.11155
https://arxiv.org/abs/1811.11155
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Conditional GANs: Multi-stage Model

Graph
Convolution

Layout prediction

Downsample

W

Noise Conv Upsample

man <= right of <= man

v \

throwing boy <= behind

v \

frisbee on ==p patio

—
Conv

Input: Scene graph Object

Faatibes layout Cascaded Refinement Network Output: Image

Johnson et al., “Image Generation from Scene Graphs”, CVPR 2018



https://arxiv.org/abs/1804.01622
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ext to Scene as Machine Translation!

-
T I T

(o) = (1) = () = (i) — (1) — (1) —

[ T I T

Text2Scene: Generating Compositional Scenes from Textual Descriptions Fuwen Tan, Song Feng, Vicente Ordonez. Intl. Conference on Computer Vision and Pattern Recognition. CVPR 2019




T
ext to Scene as Machi

—

()~ () - () - ()
rr

Mike holds a hotdog

E _ Ri . KhE £
hi = BlGRU(m.,h;—l,h-..Q(B: htD = ConvGRU(Q(, P(Oz) x 90([,”?; Ot-p(lt, {Rﬁ}) — 9“’([11?;05(:’;])

|l
(A) Text Encoder

ﬂ |
Recurrent Object

Input sentence Canvas hidden state ' OneHot |
P

(C) Convolutional
Recurrent

(F) Attribute
Prediction

i

(B) Image Encoder (D) Attention|

Modules

(E) Object
Prediction

Attribute
maps

Location
map

Language
context

ne Translation!

locations

objects

\ Objective

/

atiributes

Encourage attention weights
to fully use the input text.

Lum= Z = Z a,,,']2

Text2Scene: Generating Compositional Scenes from Textual Descriptions Fuwen Tan, Song Feng, Vicente Ordonez. Intl. Conference on Computer Vision and Pattern Recognition. CVPR 2019



T
ext to Scene as Machine Translation!

https://vislang.ai/text2scene

Text2Scene: Generating Compositional Scenes from Textual Descriptions Fuwen Tan, Song Feng, Vicente Ordonez. Intl. Conference on Computer Vision and Pattern Recognition. CVPR 2019


https://vislang.ai/text2scene

Text-conditional GANs: + Attention

this bird is red

10:short 3:red

Stage 1 |:>
Stage 2 |:>

AttnGAN: Fine-Grained Text to Image Generation with Attentional Generative Adversarial Networks
Tao Xuetal., CVPR 2018 Slide credit: Jun-Yan Zhu - Learning-Based Image Synthesis

3:red 5:white 1:bird 10:short 0:this

~




Text-conditional GANs: Cross-attention

e Q Softmalr( * )= D . [:] [] . D

=> (080080000000

- W ANCTTTTT
UDDDD{ -
C W’U 4[' . . . . .V] Output = Softmax(@E

Slides from [Kumari et al., CVPR 2023]



Text-conditional GANs: Cross-attention

Residual FC with resh: Upsamplin . . .« . . Joinin Conv3x3
I = I o I P Deep Attentional Multimodal Similarity Model (DAMSM) I° ) I °
i TP ISP TSP S ittty I
I
f word i Attentional Generative Network | L%cal Image
elailiri i | Attention models i Iiaiiri i
I ! rvs PAE RN |
Z*N(0,)) | fo \Fla“"' " \Fzmm' ¥ i
sentence | - - l
feature : ho -t_t hy Lt ' Image
Text I_. Fea_C : E M| Encoder
e — —_— |
Encoder ! I
| |\ 256x256x3 Jj
i : — ] ]
| |

8x128x3

this bird is red with

white and has a
very short beak

- == Stages

- == Attention

AA

-

AttnGAN: Fine-Grained Text to Image Generation with Attentional Generative Adversarial Networks
Tao Xuetal., CVPR 2018 Slide credit: Jun-Yan Zhu - Learning-Based Image Synthesis
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Text-conditional GANs: GigaGAN — Scaling up GAN

A golden luxury motorcycle parked at the
King's palace. 35mm f/4.5.

—

A portrait of a human growing colorful flowers from her hair. Hyperrealistic oil painting. a cute magical flying maltipoo at light
Intricate details. speed, fantasy concept art, bokeh, wide sky

[Kang et al., CVPR 2023]



Text-conditional GANs: GigaGAN Generator

"an oil
painting of a CLIPG
corgi”
Textc U
—
z~N(0,1) —

Pretrained
text encoder text encoder

A

Learned

[ Convolutional
[ Self-attention
[l Cross-attention

@) liocal
aa | K3 sjflglobal

Latent code

L
Our high-capacity text-to-image generator

H

1]

M

LIt

Constant

s ; ]

w E
| Softmax | o
: }

|
— W?igmgted —b@—b@ -

|-

. : Modulated
Filter Bank Selected Filter weights

T\ J

Filter Selection Modulation

Sample-adaptive kernel selection

[Kang et al., CVPR 2023]
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Text-conditional GANs: GigaGAN Discriminator

Multi-scale output

4

A\

Text conditioning tp @
e

e il flle

Yj

~

_.D_

] Convolutional
[] Self-attention

Sweep through multi-scale input

[Kang et al., CVPR 2023]



“A Toy sport
sedan, CG
art.”

Fine styles

Coarse styles
Ty

[Kang et al., CVPR 2023]



Text-conditional GANSs: GigaGAN Prompt Mixing

no mixing “crochet” “denim” “brick”

2 el il_u: A Gl

on tabletop

“a ball
on tabletop”

“a teddy bear |
on tabletop”

“a teddy bear
on tabletop”

[Kang et al., CVPR 2023]



T
Text-conditional GANs: GigaGAN Results

Real ESRGAN (115

[Kang et al., CVPR 2023]

Slide credit: Jun-Yan Zhu -
Learning-Based Image Synthesis




Text-conditional GANs: Applications

Pixels Fourier magnitude Depth map DINO features Text

a grey cat with
green eyes
standing on a
chair

Different kinds of visual representations

.. Foundations of Computer Vision . | .—.._. . . Torralba, Isola, Freeman . 2024 .._‘



Conditional GANs: Applications [Example-Guided
Translation]

=
Z
o0
Content Conten

Multimodal Unsupervised Image-to-Image Translation - Xun Huang et al. ECCV 2018



https://openaccess.thecvf.com/content_ECCV_2018/papers/Xun_Huang_Multimodal_Unsupervised_Image-to-image_ECCV_2018_paper.pdf
https://openaccess.thecvf.com/content_ECCV_2018/papers/Xun_Huang_Multimodal_Unsupervised_Image-to-image_ECCV_2018_paper.pdf
https://openaccess.thecvf.com/content_ECCV_2018/papers/Xun_Huang_Multimodal_Unsupervised_Image-to-image_ECCV_2018_paper.pdf
https://openaccess.thecvf.com/content_ECCV_2018/papers/Xun_Huang_Multimodal_Unsupervised_Image-to-image_ECCV_2018_paper.pdf
https://openaccess.thecvf.com/content_ECCV_2018/papers/Xun_Huang_Multimodal_Unsupervised_Image-to-image_ECCV_2018_paper.pdf

Conditional GANs: Applications

Snow mountains

near a frozen lake

with pink clouds in
the sky.

Multimodal Conditional Image Synthesis with Product-of-Experts GANs [Huang et al., 2021]



Conditional GANs: Applications

4 - 3\

Global PoE- Net

Text Segmentation - Sketch Style
Encoder Encoder Encoder Encoder

Snow mountains
near a frozen
lake with pink

clouds in the sky.

Multimodal Conditional Image Synthesis with Product-of-Experts GANs [Huang et al., 2021]




Text-conditional Autoregressive Models



Text-conditional: Transformers

<
N
o
N
I9P00d(J 1XAL, c
- = &
| I o
L
| <
| 3
I <
I 3
| s
I : 5
% <« ! .
N, —-—
.ﬁw < | —f J—
° .N.&« ° .
&V@Al. ] [ %/  J— ,»«wv
% %
®® -~ J—Y o — - &x/
) )

| _ |
| _ |
| _ |
| _ |
| . — — |

Iopoouy a3ew]

Image-to-text architecture

(autoregressive)

.. Foundations of Computer Vision



Text-conditional Autoregressive - Parti: Scaling VQGAN

See released “Parti” paper by Google (text-to-image model)
» https://parti.research.google/

(2! & :
4 " A
oo P e e
g v b ¥ &
|  Parti] ,' o [ Parti }

A portrait photo of a kangaroo wearing an orange hoodie and blue sunglasses standing on the grass in front of the Sydney Opera

House holding a sign on the chest that says Welcome Friends!

Slide credit: Robin Rombach


https://parti.research.google/
https://parti.research.google/

Text-conditional Autoregressive - Parti: Scaling VQGAN

[Step 1] Image tokenization (ViT-
VQGAN)

Pre-train a model to convert
images into image tokens
(discrete set of embeddings)

Figure adapted from htips://arxiv.org/pdf/2206.10789 and hitps://arxiv.ora/pdf/2110.04627



https://arxiv.org/pdf/2206.10789
https://arxiv.org/pdf/2110.04627

Text-conditional Autoregressive - Parti: Scaling VQGAN

[Step 2] Training

+ treat image generation as a
sequence-to-sequence
problem

» text prompt is input to encoder
(pretrained BERT)

* sequence of image tokens is
output of decoder

Figure adapted from https://arxiv.org/pdf/2206.10789

S

[ 2() ] [ 2,(,) ] [ 24(+") ] [ 2,() ]

L/

i1 <eos>

&t §

‘ Transformer Decoder
Transformer Encoder
‘ \ﬁ f ﬁ ﬁ/

t1 ty tn <s0s> 1 9 M

Two dogs running in a field T

Image Tokenizer
(Transformer)

T

m
¢
-



https://arxiv.org/pdf/2206.10789

Text-conditional Autoregressive - Parti: Scaling VQGAN

[Step 3] Generation
* VIiT-VQGAN takes in the image

tokens and generates a high
quality image

Figure adapted from https://arxiv.org/pdf/2206.10789

A

- ViT-VQGAN
Image Detokenizer
(Transformer)
A
1 1 ’ig i3 <eo0s>

Transformer Decoder
Transformer Encoder

T EREIE]

tq to tn <s0s> 1 9 iy

Two dogs running in a field


https://arxiv.org/pdf/2206.10789

Text-conditional Diffusion Models
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Text-conditional: Diffusion - Learning

Denoising >
_|I|‘ ll“
O It U 1 L P H H III
YT “““““““““““““““ .:: yO
" 3
it
A profile photo| | Jo
of a robin, . _:
faCing left. H-HHH ll l
[T ll l
X Y] v, >

For example: DALL-E 2 [Ramesh et al. 2022], Stable Diffusion [Rombach*, Blattman* et al. 2022]
.. Foundations of Computer Vision . i.j.._. . . Torralba, Isola, Freeman . 2024 ..D




Text-conditional: Diffusion - Learning

Text-to-image architecture (diffusion)

Inputs Text-to-Image Ouput
Text Encoder E

A profile photo
of a robin, !
—tp

) K
acing left.t(i) /
l

S

v v A
v

g | | | | | g || || B

| | | | H H
i 500
z) ~ N (0,1) Image decoder i Prediction £
.. Foundations of Computer Vision . . Torralba, Isola, Freeman . 2024 .._‘




Text-conditional: Diffusion

What if you have 1,000+ GPUs/TPUs



o
D A L L_ E (V 1 ) Zero-Shot Text-to-Image Generation OpenAl Feb 2021

Aditya Ramesh' Mikhail Pavlov' Gabriel Goh' Scott Gray'
Chelsea Voss' Alec Radford' Mark Chen' Ilya Sutskever '

Step 1: Step 2:

Learn Discrete Dictionary of Visual Tokens Build a scene as a composition of discrete visual tokens

Visual tokens

> ABCDE

i EERY

- . : Bidirectional E> Autoregressive
ﬁ A 4 ﬂ ._Encoder Decoder
N P A EEEE, FFfft

( o A_B_E <s>ABCD

Encader Decoter Text tokens Visual tokens

VQVAE — Oord,Vinyals, Kavukcuoglu, 2017
VQGAN — Esser. Rombach, Ommer; 202 | BART, GPT-3, etc
dVAE - DALL-E — Ramesh et al 2021



DALL-E (v1): Example

an armchair in the shape of an avocado....

LASS 2
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Text-conditional: DALL-E 2, Imagen

Sprouts in the shape of text ‘Imagen’ coming out of a A photo of a Shiba Inu dog with a backpack riding a A high contrast portrait of a very happy fuzzy panda
bike. It is wearing sunglasses and a beach hat. dressed as a chef in a high end kitchen making dough.
he

ida mad scientist mixing sparkling chemicals, artstation a corgi's head depicted as an explosion of a nebula

Teddy bears swimming at the Olympics 400m Butter- A cute corgi lives in a house made out of sushi. A cute sloth holding a small treasure chest. A bright
fly event. golden glow is coming from the chest.

* Pixel-based Diffusion (No encoder-decoder)
* Pre-trained text encoder (CLIP, t5)

« Diffusion model + classifier-free guidance

+ Cascaded models: 64->128->512

https://cdn.openai.com/papers/dall-e-2.pdf
https://arxiv.org/abs/2205.11487



https://cdn.openai.com/papers/dall-e-2.pdf
https://cdn.openai.com/papers/dall-e-2.pdf
https://cdn.openai.com/papers/dall-e-2.pdf
https://cdn.openai.com/papers/dall-e-2.pdf
https://cdn.openai.com/papers/dall-e-2.pdf
https://cdn.openai.com/papers/dall-e-2.pdf
https://cdn.openai.com/papers/dall-e-2.pdf
https://arxiv.org/abs/2205.11487

DALL.E 2 | OpenAl

Conditioning on CLIP
embeddings

 Helps capture multimodal
representations

« The bi-partite latent enables
several text-controlled image
manipulation tasks

“a corgi
playing a
flame
throwing
trumpet”

CLIP objective

-

-

00000

prior

decoder

Hierarchical Text-Conditional Image Generation with CLIP Latents. Aditya Ramesh, Prafulla Dhariwal, Alex Nichol, Casey Chu, Mark Chen - htips://arxiv.org/abs/2204.06125


https://arxiv.org/abs/2204.06125

DALL.E 2 | OpenAl
« 1k x 1k text-conditioned
image generation
« Uses a prior to produce | 2 ™

CLIP embeddings R -
conditioned on the text-
caption

« Uses a decoder to produce

images conditioned on the
CLIP embeddings

anda mad scacntist mixing ling chemicals, artstation a corgi’s head depicted as an explosion of a nchula
M g 3 g ™

Hierarchical Text-Conditional Image Generation with CLIP Latents. Aditya Ramesh, Prafulla Dhariwal, Alex Nichol, Casey Chu, Mark Chen - htips://arxiv.org/abs/2204.06125



https://arxiv.org/abs/2204.06125

Text-conditional: Imagen

* Imagen uses a text to-image diffusion
model coupled with a super-resolution '

diffusion model

» All the models operate in pixel space

+ While effective, the compute requirements

are very high

https://www.cs.cmu.edu/~mgormley/courses/10423/

“A Golden Retriever dog wearing a blue

Text checkered beret and red dotted turtleneck.”

A

Frozen Text Encoder

Text Embedding

Text-to-Image
Diffusion Model

l(ﬂ x 64 Image

Super-Resolution
Diffusion Model

256 x 256 Image

Y

Super-Resolution
Diffusion Model

|

1024 x 1024 Image

Figure A.4: Visualization of Imagen. Imagen uses a frozen text encoder to encode the input text
into text embeddings. A conditional diffusion model maps the text embedding into a 64 x 64 image.
Imagen further utilizes text-conditional super-resolution diffusion models to upsample the image,
first 64 x 64 — 256 x 256, and then 256 x 256 — 1024 x 1024.


https://www.cs.cmu.edu/~mgormley/courses/10423/

Text-conditional: Diffusion - Applications

Ours (Flipped) Burgert et al. Ours (Flipped)

Visual Anagrams: Generating Multi-View Optical lllusions with Diffusion Models, CVPR 2024



CFG: Classifier-free Guidance

« Diffusion models (unlike GANs) are great at
generating diverse samples

 But when diffusion is conditioned on some
input (text, label, etc.) that diversity may

. —
cause it to stray away from the prompt d

 Classifier-free guidance helps diffusion to
adhere to the prompt, yielding higher quality
images

https://diffusion.csail.mit.edu/2026/ Peebles and Xie, "Scalable Diffusion Models with Transformer”, ICCV 2023



https://diffusion.csail.mit.edu/2026/

e
CFG — Vanilla Guided Sampling

Algorithm 7 Guided Sampling Procedure

Require: A trained guided vector field uf(x|y).
1: Select a prompt y € ), such as “a cat baking a cake”
2: Initialize Xy ~ Dinit-

3: Simulate dX; = uY(X;|y)dt from t =0 to ¢ = 1.

Prompt: “Corgi dog”

These images do not fit well to the prompt and they
have errors!

https://diffusion.csail.mit.edu/2026/ Image source: Classifier-free diffusion guidance [5].



https://diffusion.csail.mit.edu/2026/

A swamp ogre with a pearl A car made out of vegetables. heat death of the universe,
earring by Johannes Vermeer line art

Unguided / Unconditional: “Generate an image.”

Guided / Conditional: “Generate an image of a cat baking a cake.”

https://diffusion.csail.mit.edu/2026/ Image source: Scaling Rectified Flow Transformers for High-Resolution Image Synthesis [1]



https://diffusion.csail.mit.edu/2026/

CFG: Classifier-free Guidance - Intuition

Prompt-dependent y: Prompt
(Cond Generator): p(y|x) x: Image

Prompt-dependent (Cond
Generator): w . p(y|x)

No prompt - Unguided
(Generator): p(x)

Empty Prompt: "Just draw... something.”
Generate an image that represents the
"center" of model training data

https://diffusion.csail.mit.edu/2026/



https://diffusion.csail.mit.edu/2026/

CFG: Classifier-free Guidance - Intuition

get
utéarget (m\y) — 'u,tta'r (w)

Direction towards prompt y

u:arget (IE)

https://diffusion.csail.mit.edu/2026/



https://diffusion.csail.mit.edu/2026/
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CFG: Classifier-free Guidance - Training

Algorithm 5 Classifier-free guidance training

Require: Paired dataset (2,9) ~ Pdata, neural network u? y: prompt/caption
1: for each mini-batch of data do Z. Image
2:  Sample a data example (z,y) from the dataset.
Sample a random time ¢ ~ Unifig j;.
Sample noise € ~ N(0, 14) Noise Predictor
Set 2 = vz + fre , , Learnt Model
With probability p drop label: y <— @  Drop label with a certain
Compute loss probability!

L(6) =||uf (zly) — us™™* (2]2)]|?

X: noisy image

8:  Update the model parameters 6 via gradient descent on L£(6).
9: end for

https://diffusion.csail.mit.edu/2026/



https://diffusion.csail.mit.edu/2026/

e
CFG: Classifier-free Guidance - Sampling

u ™ () = (1 — w)uf (2|2) + wuy (z[y)

Algorithm 8 Classifier-Free Guidance Sampling Procedure

Require: A trained guided vector field u! (z|y).
1: Select a prompt y € YV, or take y = & for unguided sampling.
2: Select a guidance scale w > 1.
3: Initialize Xy ~ Dinit.
4: Simulate dX; = [(1 — w)uf(X;|@) + wul(X;|y)] dt from t =0 to ¢ = 1.

https://diffusion.csail.mit.edu/2026/



https://diffusion.csail.mit.edu/2026/

CFG — Experimental Results

* Increasing guidance scale yields samples that more closely adhere to the class label

» Guidance scale w increases from the left block of samples to the right block of samples

https://diffusion.csail.mit.edu/2026/ Figure from https://arxiv.ora/pdf/2207.12598



https://diffusion.csail.mit.edu/2026/
https://arxiv.org/pdf/2207.12598

CFG — Experimental Results

* Increasing guidance scale yields samples that more closely adhere to the class label

» Guidance scale w increases from the left block of samples to the right block of samples

https://diffusion.csail.mit.edu/2026/ Figure from https://arxiv.ora/pdf/2207.12598



https://arxiv.org/pdf/2207.12598
https://diffusion.csail.mit.edu/2026/

=
CFG - AppllCatlonS “Turn him into a cyborg!”

S = 3 S = 7.5 S = 15

Authors apply CFG with separate
scales for image and text conditioning

1.6

Slide Credit: Tim Brooks InstructPix2Pix: Learning to Follow Image Editing Instructions, CVPR 2023



Text-conditional Diffusion Models!

great results for image synthesis

Image Super-Resolution via Iterative Refinement
Chitwan Saharia, et al

https://arxiv.org/abs/2104.07636

Denoising Diffusion Probabilistic Models

Jonathan Ho, Ajay Jain, et al Diffusion Models beat GANs on Image Synthesis
Prafulla Dhariwal, Alex Nichol

https://arxiv.org/abs/2006.11239
https://arxiv.org/abs/2105.05233

... but very expensive :(

Slide credit: Robin Rombach



Text-conditional Latent Diffusion Models



I
Text-conditional: Latent Diffusion Modeling (LDM)

e oY i) o -

¥

https://www.cs.cmu.edu/~mgormley/courses/10423/



https://www.cs.cmu.edu/~mgormley/courses/10423/

Text-conditional: Latent Diffusion Modeling (LDM)

VQ—reg.: Ltotal = Erec I LVQ + A‘C'GAN Ve [Lre)

where A — A T
VGL [L:GAN]+6

Autoencoder with KL or VQ regularization.
KL-reg.: L, = Lrec + BLKkL + ALGaN

Vs D\ < Latent Space R 6onditionina
@_ el emanti
Ma
. Text

Repres
entations

Pixel Space L B S U Sl ettt Wi o~ . y ‘/
KQV B &---- (—T |\
N S

denoising step crossattention  switch  skip connection concat

Slide credit: Robin Rombach



Text-conditional: Latent Diffusion Modeling (LDM)

convolution ’,
feature maps (x)

fx)
"~ | | transpose

/‘lxlconv

b

C—

\. ﬂ h(x) ——_‘_lﬂ

(Spatial) Self-attention Layer

attention
map

y softmaL self-attention

ﬂ g(x) _T—H feature maps (0)
1x1conv ___‘ ®

—

Ix1lconv

Han Zhang et al, “Self-Attention Generative Adversarial Networks”, ICML 2018
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Text-conditional: LDM results

Text-to-Image Synthesis on LAION. 1.4B Model.

¢ 32x32 t. sp
X Con " S ace ‘A zombie in the "An image of an animal "An illustration of a "A painting of a "A watercolor painting of a -~ 'A shirt with the inscription:
style of Picasso’ half mouse half octopus’  slightly conscious neural network.”  squirrel eating a burger.”  chair that looks like an octopus.” “I love generative models!”.”
* 600M Transformer e, i b - , '
- = - -
« 800M UNet
* 400M Image/Text Pairs

Slide credit: Robin Rombach



Text-conditional: LDM results

convolutional sampling (train on 2562, generate on >2562)

“A sunset over a mountain range, vector image”

Slide credit: Robin Rombach



Text-conditional: Stable Diffusion

* Goal: achieve a small model that people can actually run locally on

“small” GPUs (~10GB VRAM)
« Progressive training: pretrain on 256x256, then continue on 512x512
» Fix text encoder (as in Imagen)
« — choose CLIP (ViT-L/14) since performance/size tradeoff seems

significant
25
2 2
.
w 15
10

e T'5-Small
—a— T-Large
e T5-XL
—t— T5-XXL
«oues CLIP

0.22 0.24 0.26

CLIP Score

0.28

(a) Pareto curves comparing various text encoders.

Figure from Imagen, htips://arxiv.org/abs/2205.11487

100%

l \TS-XXL Dcup

50% i

0% ﬂ

Alignment Fidelity

(b) Comparing T5-XXL and CLIP on DrawBench.

Slide credit: Jun-Yan Zhu - Learning-Based Image Synthesis


https://arxiv.org/abs/2205.11487

Text-conditional: Stable Diffusion

Stage 1: Pretraining @256x256

237k steps at resolution 256x256 on LAION 2B(en)
batch-size = 2048
~ 64 A100 GPUs

* FID score is a metric used to evaluate the quality of images
generated by generative models, with lower scores indicating a
better match between generated and real images.

FID vs CLIP Scores on 256x256 samples
cfg-scales: ['1.5', '2.0', '3.0', '4.0', '5.0', '6.0"', '7.0', '8.0']

30
—— SD pretraining (256x256)

28{ —— LAION 400M model (256x256)
<26
o
—
~ 24
g
o
R 22
a
Y- 20

18

0.22 0.23 0.24 0.25 0.26 0.27

CLIP Score (ViT-L/14)

10k random COCO val captions / 50 decoding steps

FID Score: https://en.wikipedia.org/wiki/Fr%C3%A9chet inception distance

Figure from Imagen, https://arxiv.org/abs/2205.11487 Slide credit: Jun-Yan Zhu - Learning-Based Image Synthesis



https://arxiv.org/abs/2205.11487
https://en.wikipedia.org/wiki/Fr%C3%A9chet_inception_distance

Text-conditional: Stable Diffusion

Stage 2: Training @512x512. batch-size=2048, #gpus=256

[Part 1 (v1.1)]

194k steps at resolution 512x512 on laion-high-resolution
(170M examples from LAION-5B with resolution >=
1024x1024).

[Part 2 (v1.2)]

« 515k steps at resolution 512x512 on "laion-improved-
aesthetics” (a subset of laion2B-en, filtered to images with
an original size >= 512x512, estimated aesthetics score >
5.0, and an estimated watermark probability < 0.5

[Part 3/4 (v1.3/v1.4)]
«  195k/225k steps at resolution 512x512 on "laion-improved
aesthetics" and 10% dropping of the text-conditioning

FID vs CLIP Scores on 512x512 samples for different v1-versions
23

[ N N
o o - N

FID Score (10k)
5 =

—
~

[
(=2}

0230 0235 0.240 0245 0250 0.255 0.260 0.265
CLIP Score (ViT-L/14)

10k random COCO val captions / 50 decoding steps

FID Score: https://en.wikipedia.org/wiki/Fr%C3%A9chet inception distance

Figure from Imagen, htips:/arxiv.org/abs/2205.11487 Slide credit: Jun-Yan Zhu - Learning-Based Image Synthesis



https://arxiv.org/abs/2205.11487
https://en.wikipedia.org/wiki/Fr%C3%A9chet_inception_distance

Text-conditional: Stable Diffusion

Slide credit: Jun-Yan Zhu - Learning-Based Image Synthesis
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Text-conditional: Stable Diffusion - Demo

Stable Diffusion Demo: link

Slide credit: Robin Rombach


https://stablediffusionweb.com/

Text-conditional: Stable lefu3|on Demo

prompt = "a lovely cat
running in the desert in Van °
Gogh style, trending art."


https://colab.research.google.com/drive/1TvOlX2_l4pCBOKjDI672JcMm4q68sKrA?usp=sharing

Text-conditional: Stable Diffusion

Diffusion Explainer: link

https://arxiv.orag/pdf/2305.03509 Video: hitps://www.youtube.com/watch?v=Zg4gxdIWDds



https://poloclub.github.io/diffusion-explainer/
https://arxiv.org/pdf/2305.03509
https://arxiv.org/pdf/2305.03509
https://www.youtube.com/watch?v=Zg4gxdIWDds
https://www.youtube.com/watch?v=Zg4gxdIWDds

Text-conditional: Text-guided Image-to-image

input

Slide credit: Robin Rombach
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Text-conditional: Text-guided Image-to-image

“a fantasy landscape, watercolor painting”

il

ey,

“a fantasy /andscape trending on artstation”

Slide credit: Robin Rombach



Text-conditional: Text-guided Image-to-image

“Upgrade” your child’s artwork
original post: https://www.reddit.com/r/StableDiffusion/comments/wyq04v/using_img2img_to_upgrade_my_sons_artwork/



https://www.reddit.com/r/StableDiffusion/comments/wyq04v/using_img2img_to_upgrade_my_sons_artwork/

Text-conditional: Text-guided Image-to-image

original post by u/Pereulkov:
https://www.reddit.com/r/StableDiffusion/comments/xhhyad/i made abstract art from my photos/

1]
I

=

|
{
!
g !
I
I
“
|
T

Slide credit: Jun-Yan Zhu - Learning-Based Image Synthesis


https://www.reddit.com/r/StableDiffusion/comments/xhhyad/i_made_abstract_art_from_my_photos/

Text-conditional: Prompting

Prompt Search Engine (lexica.art)

°
lexica
r/ y 4
Search over 10M+ Stable Diffusion images and prompts.

@ Join the Discord

Slide credit: Robin Rombach


https://lexica.art/

Text-conditional: Prompting

Prompt Marketplace
(promptbase.com)

Slide credit: Jun-Yan Zhu - Learning-Based Image Synthesis

DALL-E, GPT-3, Midjourne

Stable Diffusion, ChatGF
Prompt Marketplace

Find top prompts, produce better results, save on API
costs, sell your own prompts.

Find a prompt

Featured Prompts

Vintage Retro Pattern Tiles  $199  Minimal Pastel Diagram Art ~ $2.99

Hottest Prompts

ChatGPT

A Midjourney
Nft Generative Art Maker $299

Newest Prompts

ChatGPT

y‘

Fix Anything Tropical Fashion $299

Sell a prompt ‘

Objects Made Of Money $299

Tiny Gouache Houses $299

¢ A Midjourney

Food Images With Neon Effects $199

A Midjourney fn

A Midjourney

Super Cute Line Art

Modern Woodcut Engravings Intric...

A Midjourney

w W W

Butterfly Cliparts

5

Beautiful Oil Paintings $299

A Midjourney E
J E

Wall Art Mockups Choose Wall ... $1.99

A Midjourney
N
‘-

o

Asymmetrical Split Exposure ... $299

ChatGPT

Hot Prl Selling

[] stable Diff.

3

Premium Logos

Financial Analysis Of Companies

A Midjourney

N R T

Stained Glass Letters

r—

A Midjourney

Make Cartoons Like Lofi-girl ~ $299

f—

§ 2 Midjourney
3 ~— »
v S - 1§

Beautiful Oil Paintings 5299

A Midjourney

Delicate Vibrant Emotive Arra...$299

e
g A Midjourney

Alien Bio Organisms Posters


https://promptbase.com/

Text-conditional Diffusion Transformer Models



2015

* UNet introduced
for medical image
segmentation

https://www.cs.cmu.edu/~mgormley/courses/10423/

2016-2018

¢ Numerous UNet
variants used to
good effect

e pixel-level

autoregressive
models
¢ conditional GANs
¢ Pixel-CNN++ set
the standard
variant

2020

* UNet used by Ho
et al. for DDPM to
good effect

2021

¢ Dhariwal & Nichol
include
conditional
information via
Transformer block

2022-2023

* Everyone
continues using
UNet for diffusion
models because it
seems to work
well

143

ext-conditional: Diffusion Transformer (DiT)

May 2023

e Diffusion
Transformer
shows we don't
actually need
UNet

Peebles and Xie, "Scalable Diffusion Models with Transformer”, ICCV 2023


https://www.cs.cmu.edu/~mgormley/courses/10423/

ext- condltlonal Diffusion Transformer (DiT)
Latent Diffusion Model (LDM)

Scall — ke

5.9 13

587

I }Hr ...... with UNet backbone
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https://www.cs.cmu.edu/~mgormley/courses/10423/ Peebles and Xie, "Scalable Diffusion Models with Transformer”, ICCV 2023
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ext-conditional: Diffusion Transformer (DiT)
Latent Diffusion Model (LDM)
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https://www.cs.cmu.edu/~mgormley/courses/10423/

Peebles and Xie, "Scalable Diffusion Models with Transformer”, ICCV 2023



https://www.cs.cmu.edu/~mgormley/courses/10423/

e
Text-conditional: Diffusion Transformer (DiT) -

Patchify

Cropped Image Image Patches

 ANEEEEmA 4 0
T [ 1 1 1 1 LT T | 1 T
CERENNESASESTENEENN

E ZNERENSEAEEEEN N

shema, T TNEPNY
ANENENCEEEENEN

A.IIIIIIIIIIII=

ram
l \l

ERENERRRGMC MEMMIE L C RIXK
diNEEN [~
e T T T T T e b

EEEEEEEEEEN L AL
CL L L] [

EEEEEEEEEEEEEEEEEEEEE N L is the
sequence

length

httDS://dIﬁUSIOn'CsaII'mlt'edU/2026/ https://gowrishankar.info/blog/transformers-everywhere-patch-encoding-technique-for-vision-transformersvit-explained/



https://gowrishankar.info/blog/transformers-everywhere-patch-encoding-technique-for-vision-transformersvit-explained/
https://gowrishankar.info/blog/transformers-everywhere-patch-encoding-technique-for-vision-transformersvit-explained/
https://gowrishankar.info/blog/transformers-everywhere-patch-encoding-technique-for-vision-transformersvit-explained/
https://gowrishankar.info/blog/transformers-everywhere-patch-encoding-technique-for-vision-transformersvit-explained/
https://gowrishankar.info/blog/transformers-everywhere-patch-encoding-technique-for-vision-transformersvit-explained/
https://gowrishankar.info/blog/transformers-everywhere-patch-encoding-technique-for-vision-transformersvit-explained/
https://gowrishankar.info/blog/transformers-everywhere-patch-encoding-technique-for-vision-transformersvit-explained/
https://gowrishankar.info/blog/transformers-everywhere-patch-encoding-technique-for-vision-transformersvit-explained/
https://gowrishankar.info/blog/transformers-everywhere-patch-encoding-technique-for-vision-transformersvit-explained/
https://gowrishankar.info/blog/transformers-everywhere-patch-encoding-technique-for-vision-transformersvit-explained/
https://gowrishankar.info/blog/transformers-everywhere-patch-encoding-technique-for-vision-transformersvit-explained/
https://gowrishankar.info/blog/transformers-everywhere-patch-encoding-technique-for-vision-transformersvit-explained/
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https://gowrishankar.info/blog/transformers-everywhere-patch-encoding-technique-for-vision-transformersvit-explained/
https://gowrishankar.info/blog/transformers-everywhere-patch-encoding-technique-for-vision-transformersvit-explained/
https://gowrishankar.info/blog/transformers-everywhere-patch-encoding-technique-for-vision-transformersvit-explained/
https://gowrishankar.info/blog/transformers-everywhere-patch-encoding-technique-for-vision-transformersvit-explained/
https://gowrishankar.info/blog/transformers-everywhere-patch-encoding-technique-for-vision-transformersvit-explained/
https://diffusion.csail.mit.edu/2026/

147

Text-conditional: Diffusion Transformer (DiT) —
Encoding Language Prompt

“A dog running on grass in a park at sunshine in an ltalian city.”

To embed text, most models rely on pre-trained language embeddings:

« T5 embeddings, etc. (other pre-trained models)

« Use CLIP embeddings (Contrastive Language-Image Pre-training)
« Can also use LLM embeddings

Prompt embedding: The result of these embeddings is that the prompt a
sequence of vectors of length S:

PromptEmbed (y;aw) € R¥F

https://diffusion.csail.mit.edu/2026/



https://diffusion.csail.mit.edu/2026/

]
ext-conditional: Diffusion Transformer (DiT)

Diffusion uses standard Transformer blocks!
Main question: How to inject conditioning (timestep t, text, ...)

Noise )Y

32x32x4 32x32x4
+ 4

Linear and Reshape

Layer Norm

N x DiT Block

Patchify  Embed

Noised Timestep ¢
Latent !
32x32x4 Label y

https://cs231n.stanford.edu/ Peebles and Xie, "Scalable Diffusion Models with Transformer”, ICCV 2023



https://cs231n.stanford.edu/

ext-conditional: Diffusion Transformer (DiT)

: : : - 4 )
« DIiT backbone is essentially a Vision - - | ——
. ) f 1 / -
Transformer (ViT) with some tweaks I : / %2
I Noise 2 / '
' : : | 32x32x4 32x32x4 : // e
* Input is a noisy latent, a timestep, and a i Feedforward
e . . :
label (or other conditional information) Linear and Reshape // scale snit <1222
1 / 1
. . I N
« Output is a mean and covariance output, Layer Norm i e
each of fixed size L B é
_ _ _ N x DiT Block D 1
« After a final layer norm, a linear layer is used B
to convert from a sequence of T token L ' \ Mult-Head
- - - Patchify ~ Embed o pnton
embeddings to fixed size output LY | -
— 4— -— —r — \ Scale, Shift ——
/ 1 \ :
I Noised  Timestepr | Layer Norm MLP
: Latent ' N\| |
32x32x4 y Input Tokens Conditioning
-— e - - - . - - \ )
Latent Diffusion Transformer DiT Block with adaLN-Zero

https://www.cs.cmu.edu/~mgormley/courses/10423/ DiT figure from htips://arxiv.org/pdf/2212.09748



https://arxiv.org/pdf/2212.09748
https://www.cs.cmu.edu/~mgormley/courses/10423/

Text-conditional: Diffusion Transformer (DiT) —

Adaptive LayerNorm

Original DiT paper tries out
approaches:

various

* In-context conditioning

« Cross-attention block

« Adaptive layer norm (adaLN) block

« Adaptive layer norm with zero initialization
strategy (adalLLNZero)

AdaLN-Zero is the best approach empirically
« key insight: learn an MLP that outputs

the scale and shift parameters for
LayerNorm and residual connections

https://www.cs.cmu.edu/~mgormley/courses/10423/

Noise )
32x32x4 32 x:32:%4
4 4

Linear and Reshape

Layer Norm /
1
N x DiT Block

1 |
Patchify = Embed

| |
Noised Timestep t

Latent !

32x32x4 Label y

Latent Diffusion Transformer

4 )

—

az

Scale
1

Pointwise
Feedforward
1
Scale, Shift
|
Layer Norm

:C‘:’)

Scale
1

Multi-Head
Self-Attention

1
Scale, Shift V1.h1

1
Layer Norm MLP

— [

12,82

451

\ Input Tokens Conditioning /

DiT Block with adaLN-Zero

DiT figure from htips://arxiv.org/pdf/2212.09748



https://arxiv.org/pdf/2212.09748
https://www.cs.cmu.edu/~mgormley/courses/10423/

ext-conditional: Diffusion Transformer (DiT)

Diffusion
timestep
(scalar)
i
Noisy latents
hxwxc
Diffusion Clean latents Dechder Output image
Transformer hxwxc HxWx3
Text embeddings
DxL U
Pretrained
textencoder
(e.g. T5, CLIP)
Text Prompt I

A professional documentary photograph of a
monkey shaking hands with a tiger in front of
theEiffel tower. The monkey is wearing a hat
made out of bananas, and the tiger is
standing on two legs and wearing a suit.

https://cs231n.stanford.edu/ Peebles and Xie, "Scalable Diffusion Models with Transformer”, ICCV 2023



https://cs231n.stanford.edu/

ext-conditional: Diffusion

Clean latents
128 x 128 x 16

Diffusion
timestep
(scalar)
. }

Noisy latents

128x128x 16 o
Diffusion

. Transformer
Text embeddings
DxL
Pretrained
textencoder

(e.g. T5,CLIP) Example: FLUX.1 [deV]

Text Encoder: T5+ CLIP

I Encoder/Decoder: 8x8 do
Text Prompt

monkey shaking hands with a tiger in front of
theEiffel tower. The monkey is wearing a hat

made out of bananas, and the tiger is
standing on two legs and wearing a suit.

https://cs231n.stanford.edu/ https://qithub.com/black-forest-labs/flux

wnsampling

Diffusion model: 12B parameter model
A professional documentary photograph of a 2x2 patchify => 64x64 = 1024 image tokens [ '

Decoder

ransformer (DiT)

Output image
1024 x 1024 x 3

Peebles and Xie, "Scalable Diffusion Models with Transformer”, ICCV 2023


https://cs231n.stanford.edu/
https://github.com/black-forest-labs/flux
https://github.com/black-forest-labs/flux
https://github.com/black-forest-labs/flux
https://github.com/black-forest-labs/flux
https://github.com/black-forest-labs/flux
https://github.com/black-forest-labs/flux
https://github.com/black-forest-labs/flux

Image Customization



Image Customization: GANSpace

GANSpace: Discovering PCA directions  First compute potential directions (PCA), then name them

StyleGAN2 Cars

StyleGAN2
FFHQ

BigGAN512-deep
Irish setter

ad Lk:’-! '4' o3 £
change scenery

Initial image rotate

https://learning-image-synthesis.qithub.io/sp25/ GANspace [Harkdnen et al. 2020]



https://learning-image-synthesis.github.io/sp25/
https://learning-image-synthesis.github.io/sp25/
https://learning-image-synthesis.github.io/sp25/
https://learning-image-synthesis.github.io/sp25/
https://learning-image-synthesis.github.io/sp25/

Image Customization: Manipulate Latent Space

CLIP-guided Directions

“Emma Stone” “Mohawk hairstyle” “Without makeup” “Cute cat” “Lion” “Gothic church”
arg min DCLIp(G(w), t) + A2 ||w = Ws; ”2 -+ /\IDEID('w)
wEVYV+ Output is close to the text Close to the original latent Output is close to input

https://learning-image-synthesis.qithub.io/sp25/ StyleCLIP: Text-Driven Manipulation of StyleGAN Imagery [Patashnik et al., ICCV 2021]



https://learning-image-synthesis.github.io/sp25/
https://learning-image-synthesis.github.io/sp25/
https://learning-image-synthesis.github.io/sp25/
https://learning-image-synthesis.github.io/sp25/
https://learning-image-synthesis.github.io/sp25/

Image Customization: Manipulate Latent Space

CLIP-guided Directions
Input

Big Eyes

Golden Fur

Bulldog

, B

Happy

arg min DCLIP(G(’LU),t) + AL ||w — ws||2 + AID£1D(’UJ)

wEVYV+ Outputis close to the text Close to the original latent Output is close to input

https://learning-image-synthesis.qithub.io/sp25/ StyleCLIP: Text-Driven Manipulation of StyleGAN Imagery [Patashnik et al., ICCV 2021]



https://learning-image-synthesis.github.io/sp25/
https://learning-image-synthesis.github.io/sp25/
https://learning-image-synthesis.github.io/sp25/
https://learning-image-synthesis.github.io/sp25/
https://learning-image-synthesis.github.io/sp25/
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Image Customization: Encoder Approaches
Image Prompt Adapter (IP-Adapter)

Image prompt no text blue hair riding a horse

in a dog house

https://learning-image-synthesis.qithub.io/sp25/ [He Yu et al., CVPR 2024]



https://learning-image-synthesis.github.io/sp25/
https://learning-image-synthesis.github.io/sp25/
https://learning-image-synthesis.github.io/sp25/
https://learning-image-synthesis.github.io/sp25/
https://learning-image-synthesis.github.io/sp25/

Image Customization: Encoder Approaches
Image Prompt Adapter (IP-Adapter)

0 =
Encoder
i ’ | H ‘L ’

_,&E Image Features ‘ Cross g o L

Lineap

R ——

25

«—

Frozen
modules
X¢ Denoising U-Net X1 ‘
Trainable
Text Features modules
A girl with sunglasses — Lo
Encoder

https://learning-image-synthesis.qithub.io/sp25/ [He Yu et al., CVPR 2024]



https://learning-image-synthesis.github.io/sp25/
https://learning-image-synthesis.github.io/sp25/
https://learning-image-synthesis.github.io/sp25/
https://learning-image-synthesis.github.io/sp25/
https://learning-image-synthesis.github.io/sp25/

Image Customization: Encoder Approaches
Image Prompt Adapter (IP-Adapter)

Anime Model Realistic Model Structural Controls

https://learning-image-synthesis.qgithub.io/sp25/

4;‘\%:

-

Image Prompt

& @
Variation /@)\ PN

— z
+  wearing sunglasses ﬁ/} Fﬁ«
Text Prompt - 1 > \ Y

V/

Inpainting Realistic Model Anime Model

[He Yu et al., CVPR 2024]


https://learning-image-synthesis.github.io/sp25/
https://learning-image-synthesis.github.io/sp25/
https://learning-image-synthesis.github.io/sp25/
https://learning-image-synthesis.github.io/sp25/
https://learning-image-synthesis.github.io/sp25/

Image Customization

Textual Inversion: Optimizing Text Embedding

[ —

Input samples kit ST “An oil painting of S,” “App icon of S.”

[

“Elmo sitting in ” b
the same pose as S..” Crochet S.

&
‘?%,

Input samples avert. dgin “g:ﬂ:liggo ,?fatf,v(?ag* “A S. backpack” “Banksy art of S,  “A S themed lunchbox”

https://learning-image-synthesis.qithub.io/sp25/ [Rinon Gal et al., ICLR 2023]



https://learning-image-synthesis.github.io/sp25/
https://learning-image-synthesis.github.io/sp25/
https://learning-image-synthesis.github.io/sp25/
https://learning-image-synthesis.github.io/sp25/
https://learning-image-synthesis.github.io/sp25/

Image Customization

Textual Inversion: Optimizing Text Embedding

[ “A photo of S.” }
| |

R

Tokenizer

b

508 701 73 (%)

bl

Embedding Lookup

b

Vsog V701 V73 V.

b

-

73 — (v T T ]

508 — Vs0g I:-

701— |vyo: [T 1]
P

\M—{ ABEEa)

~

pR—

—_—

—

—_—

U

xt Transformer

Text Encoder

e

v* = arg min

U

https://learning-image-synthesis.qgithub.io/sp25/

()

Input Sample

s 2 T — e — e = e = e S e = e = —

\_Generator @ /

Noised Sample
-

e x,c.tllle—€g(xt, €, 1)||2]

GANS s inversion [Zhu et al., 2016] and soft prompting [Lester et al., 2021] - [Rinon Gal et al., ICLR 2023]


https://learning-image-synthesis.github.io/sp25/
https://learning-image-synthesis.github.io/sp25/
https://learning-image-synthesis.github.io/sp25/
https://learning-image-synthesis.github.io/sp25/
https://learning-image-synthesis.github.io/sp25/

Image Customization

Textual Inversion: Optimizing Text Embedding - Results

o

! Bl R

“S. sports car” “S. made of lego” “S. onesie”
£

- T"

) PO f “A poster for the movie
Input samples a‘nga g “A S. watering can” “S. Death Star” ‘The Teapot’
a steaming S, R
starring S
https://learning-image-synthesis.qithub.io/sp25/

[Rinon Gal et al., ICLR 2023]



https://learning-image-synthesis.github.io/sp25/
https://learning-image-synthesis.github.io/sp25/
https://learning-image-synthesis.github.io/sp25/
https://learning-image-synthesis.github.io/sp25/
https://learning-image-synthesis.github.io/sp25/

Image Customization

Textual Inversion: Optimizing Text Embedding - Results

“Grainy photo of S,
in angry birds”

“Watercolor painting of S,

o “S. made of chocolate™
on a branch

Input samples

“A house in the style of S,.”

“Death metal album cover “Masterful oil painting of S.
featuring S.” hanging on the wall”

https://learning-image-synthesis.qithub.io/sp25/ [Rinon Gal et al., ICLR 2023]

Input samples “A mosaic depicting S, " “An artist drawing a S



https://learning-image-synthesis.github.io/sp25/
https://learning-image-synthesis.github.io/sp25/
https://learning-image-synthesis.github.io/sp25/
https://learning-image-synthesis.github.io/sp25/
https://learning-image-synthesis.github.io/sp25/

Image Customization
Textual Inversion: Optimizing Text Embedding — Results — Artistic Style

“The streets of Paris “Adorable corgi “Painting of a black hole “Times square
in the style of S..” in the style of S..” in the style of S..” in the style of S..”

Input samples

https://learning-image-synthesis.qithub.io/sp25/ [Rinon Gal et al., ICLR 2023]



https://learning-image-synthesis.github.io/sp25/
https://learning-image-synthesis.github.io/sp25/
https://learning-image-synthesis.github.io/sp25/
https://learning-image-synthesis.github.io/sp25/
https://learning-image-synthesis.github.io/sp25/

Image Customization

Textual Inversion: Optimizing Text Embedding — Personalized Concepts

How to describe personalized
concepts?

V* dog

Where V* is a modifier token in
the text embedding space

Jun-Yan’s dog, Stark

https://learning-image-synthesis.qithub.io/sp25/ [Rinon Gal et al., ICLR 2023]



https://learning-image-synthesis.github.io/sp25/
https://learning-image-synthesis.github.io/sp25/
https://learning-image-synthesis.github.io/sp25/
https://learning-image-synthesis.github.io/sp25/
https://learning-image-synthesis.github.io/sp25/

Image Customization: prompt2prompt
Editing Cross Attention Prompt-to-Prompt Editing (Hertz et al.) Hertz et al.

 Goal: edit images with text only and do not
require the user to provide a mask
* Key ldea:

* given pre-trained latent diffusion model

* run diffusion model with original prompt
and store the attention weights and cross-
attention weights (from the pixels back to the
text)

* re-run diffusion with edited prompt, but
(carefully) copy in the cross-attention weights
from the previous run

* Inference only: no training is involved! we only \ '
modify how the samples are drawn from the pre-
trained latent diffusion model ‘——‘

“lemon cake.” “cheese cake.” “apple cake.”

https://www.cs.cmu.edu/~mgormley/courses/10423/ Prompt-to-Prompt Image Editing with Cross Attention Control, ICLR 2023



https://www.cs.cmu.edu/~mgormley/courses/10423/
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l 1 . 1. encode the original
Image Customization: prompt2prompt bty
Editing Cross Attention 2. run diffusion ony and
obtain attention weights
AT—v""A1

latent space (or pixel space)

y
TO po(zr—1 | 21,Y) po(2t | Ze+1,Y) po(zo | 21,¥)
/ LLM \ ‘

/

orange cat

furry bear watching

Average attention maps across all timestamps

https://www.cs.cmu.edu/~mgormley/courses/10423/ Prompt-to-Prompt Image Editing with Cross Attention Control, ICLR 2023



https://www.cs.cmu.edu/~mgormley/courses/10423/

Image Customization: prompt2prompt 1. encade the original

Editing Cross Attention

70

%Iﬁ\

[

LLM

\

/

orange cat

prompty

2. rundiffusion ony and
obtain attention weights
/\T4r°°°r/\1

3. encode the modified

tabby cat

latent space (or pixel space) prompt y*

4. run diffusion again

Po(2t | 2141,Y) po(zo | 21,) a) reuse the noise z; from the
original run
b) use the attention weights

From tHe original run unti|
timesteE T

pB(ZT—J |ZT7§)

AT-1;“' )At
¢) then switch to using
attention weights from
Po(z: | 241,5) this current run
A*t-v'" )A*1
d) regardless of which
attention weights, you still

attend to y*

https://www.cs.cmu.edu/~mgormley/courses/10423/

Prompt-to-Prompt Image Editing with Cross Attention Control, ICLR 2023


https://www.cs.cmu.edu/~mgormley/courses/10423/

Image Customization: prompt2prompt s, lfrunninglinistentspacs;

then use decoder to
recover pixel space
representation

Editing Cross Attention

latent space pixel space

ot
To é \ po(zr-1 | 21,3) po (2t | 2e+1,Y) po(zo | 21,Y)

po(z7)

tabby cat

https://www.cs.cmu.edu/~mgormley/courses/10423/ Prompt-to-Prompt Image Editing with Cross Attention Control, ICLR 2023



https://www.cs.cmu.edu/~mgormley/courses/10423/
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Image Customization: prompt2prompt
Editing Cross Attention

Algorithm 1: Prompt-to-Prompt image editing

Input: (A source prompt P)a target prompt P*)and a random seed s
Output: (A source image z,,.|and|an edited image x ;)

zr |~ N(0, I) a unit Gaussian random variable with random seed s;
fort=T,T—-1,...,1do

241, My + DM(z;,P,t,s); «— Source Pass

M} « DM (z},P*,t,8); <«— TargetPass

M, « Edit(M;, M;,t); <— EditAttention

2f 1 DM (zf,P*,t,8:){M < M;}; «— Apply Edited Attention

end
Returd (20,25) \

https://www.cs.cmu.edu/~mgormley/courses/10423/ Prompt-to-Prompt Image Editing with Cross Attention Control, ICLR 2023



https://www.cs.cmu.edu/~mgormley/courses/10423/
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Image Customization: prompt2prompt

ixel features  Pixel Querigs Tokens Keys Tokens Values Output
1 (from Prompt) _ (from Prompt)
- Ll [ ]] | XTI [ 1] -
¢ (1) Q K . M ) 14 é (2:)
New weighting

M,

[ Word Swap } [ Adding a New Phrase i [ Attention Re—weighting i

s

https://www.cs.cmu.edu/~mgormley/courses/10423/ Prompt-to-Prompt Image Editing with Cross Attention Control, ICLR 2023



https://www.cs.cmu.edu/~mgormley/courses/10423/
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Image Customization: prompt2prompt

M;

“Photo of a cat riding on a l:&\lgycl\e."
r

“The boulevards are@rowdea today.”

https://www.cs.cmu.edu/~mgormley/courses/10423/ Prompt-to-Prompt Image Editing with Cross Attention Control, ICLR 2023

“clildven drowing of a castle next to a river.”



https://www.cs.cmu.edu/~mgormley/courses/10423/
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Image Customization: Stroke-guided Image-to-image

SDEdit (https://arxiv.org/abs/2108.01073) recipe: diffuse — denoise

Adding noises (diffuse) Denoise

/_\

lmage\

Input Output

Slide credit: Robin Rombach
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Other Image Applications
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GLIGEN: Open-Set Grounded  Text-to-lmage
Generation

Caption: “A woman sxttmg in a restaurant with @ plzza in front of her ” Caption: “Elon Musk and Emma Watson on a movie poster”
Grounded text: table, pizza, person, wall, car, paper, window, bottle, cup Grounded text: Elon Musk, Emma Watson; Grounded style image: blue inset

Captio: A g/ bird / helmet / backpack is on the grass” Caption: “a baby girl / monkey / Hormer S:mpson/ is scratchmg her/its head”
Grounded image: red inset Grounded keypoints: plotted dots on the left image

https://huggingface.co/spaces/gligen/demo, https://gligen.qithub.io/



https://huggingface.co/spaces/gligen/demo
https://gligen.github.io/
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GLIGEN: Open-Set Grounded Text-to-Image
Generation

» \ & [ i o0 e ( : |1 -
Caption: “A vibrant colorful bird sitting on tree branch” Caption: “A young boy with white powder on his face looks away”
Grounded depth map: the left image Grounded HED map: the left image

. §
AL ’,‘f 5

Caption: “Cars park on the snowy street” Caption: “A living room filled with lots of furniture and plants”
Grounded normal map: the left image Grounded semantic map: the left image

Yong Jae Lee, https://huggingface.co/spaces/gligen/demo, https://gligen.qithub.io/



https://huggingface.co/spaces/gligen/demo
https://gligen.github.io/
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DemoCaricature: Democratising Caricature
Generation with a Rough Sketch

Dar-Yen Chen Subhadeep Koley Aneeshan Sain Pinaki Nath Chowdhury
Tao Xiang  Ayan Kumar Bhunia  Yi-Zhe Song
SketchX, CVSSP, University of Surrey, United Kingdom.

{s.koley, a.sain, p.chowdhury, t.xiang, a.bhunia, y.song}@surrey.ac.uk

https://democaricature.github.io

Ours Sketch 2

CVPR 2024



178

It's All About Your Sketch: Democratising Sketch
Control in Diffusion Models

Subhadeep Koley'?  Ayan Kumar Bhunia' Deeptanshu Sekhri' Aneeshan Sain'-?
Pinaki Nath Chowdhury'? Tao Xiang'?  Yi-Zhe Song'?
ISketchX, CVSSP, University of Surrey, United Kingdom.
2iFly Tek-Surrey Joint Research Centre on Artificial Intelligence.

{s.koley, a.bhunia, d.sekhri, a.sain, p.chowdhury, t.xiang, y.song}@surrey.ac.uk

I A

) _"Jz vl é 3 3 - S =
CVPR 2024 Edgemap ControlNet T2I-Adapter Ours Sketch ControlNet T2I-Adapter Ours Sketch ControlNet T2I-Adapter

]
Ours
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RAVE. Randomized Noise Shuffling for Fast and
Consistent Video Editing with Diffusion Models

Ozgur Kara'*  Bariscan Kurtkaya®"  Hidir Yesiltepe! ~ James M. Rehg'®  Pinar Yanardag®

'Georgia Tech 2KUIS Al Center *UIUC *Virginia Tech

okara7@gatech.edu, bkurtkaya23@ku.edu.tr, hidir@vt.edu, jrehg@uiuc.edu, pinary@vt.edu

Project Webpage: https://rave-video.github.io

"an ancient
Egyptian
pharaoh is

il typing”

"a bear" "a zombie"

"aman
wearing a
glitter
jacket is
typing’

3 _v A 2 ~ D,
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J v,
w.o1: RS .7 o\ i 1 L .
a dinosaur”[»7 F s A N T . e . L
A A A AN Mo Ji A " 2.
A : e 'Y L SN ke 188
i § ¥, s ¥ § RIS ——_ SS9 __ V- =

CVPR 2024



Video Diffusion Models



Noisy latents
hxwxc

Text embeddings
DxL

Pretrained
text encoder
(e.g. T5, CLIP)

Text Prompt I

A professional documentary photograph of a
monkey shaking hands with a tiger in front of
theEiffel tower. The monkey is wearing a hat
made out of bananas, and the tiger is
standing on two legs and wearing a suit.

https://cs231n.stanford.edu/

ext-conditional: Diffusion Transformer (DiT) &

Diffusion
timestep
(scalar)

‘

Diffusion
Transformer

Clean latents Output image
hxwxc DEEEce HxWx3

)

Peebles and Xie, "Scalable Diffusion Models with Transformer”, ICCV 2023


https://cs231n.stanford.edu/

Text to Video

Gupta etal, ‘Photorealistic Video Generation with Diffusion Models”, arXiv 2023 (Dec)
OpenAl, “Sora: Creating Video from Text", 2024 (Feb)

. .
Diffusion Polyak et al, Movie Gen: A Cast of Media Foundation Models”,arXiv 2024 (Oct)
. Kong etal, *HunyuanVideo: A Systematic Framework for Large Video Generative Models®, arXiv 2024 (Dec)
t.mestep NVIDIA, “Cosmos World Foundation Model Platform for Physical A", arXiv 2025 (Jan)
Team Wan, *Wan: Open and Advanced Large-Scale Video Generative Models”, arXiv 2025 (March)

(scalar)

‘

Noisy latents

txhxwxc . .

Diffusion Clean latents Decoder Output video
. Transformer txhxwxc TxHxWx3
Text embeddings
DxL

Pretrained

text encoder

(e.g. T5,CLIP)

Text Prompt I

Ared-faced monkey with white fur is bathingin a
natural hot spring. The monkey is playing in the water
with a miniature sail ship in front of it, made of wood
with a white sail and a smallrudder. The hotspring is
surrounded by lush greenery, withrocks and trees.

https://cs231n.stanford.edu/



https://cs231n.stanford.edu/

Text to Video

Gupta etal, ‘Photorealistic Video Generation with Diffusion Models®, arXiv 2023 (Dec)
OpenAl, “Sora: Creating Video from Text", 2024 (Feb)

. .
D |ffus on Polyak et al, ‘Movie Gen: A Cast of Media Foundation Models”,arXiv 2024 (Oct)
. Kong etal, "HunyuanVideo: A Systematic Framework for Large Video Generative Models®, arXiv 2024 (Dec)
t|mestep NVIDIA, “Cosmos Werld Foundation Model Platform for Physical A", arXiv 2025 (Jan)
Team Wan, ‘Wan: Open and Advanced Large-Scale Video Generative Models", arXiv 2025 (March)

(scalar)

‘

Noisy latents

32x128Xx72x16 L _
Diffusion Clean latents Decodar Output video
: Transformer 33x128x72x16 257x1024x576x 3
Text embeddings
DxL
Pretrained
textencoder

(e.g. T5,CLIP) Example: Meta MovieGen

Text Encoder: UL2, ByT5, MetaCLIP

Encoder/Decoder: 8x8x8 downsample
Text Prompt Diffusion model: 30B param DiT
A red-faced monkey with white fur is bathingin a 1x2x2 patchify => 76K tokens

natural hot spring. The monkey is playing in the water
with a miniature sail ship in front of it, made of wood
with a white sail and a small rudder. The hot spring is
surrounded by lush greenery, withrocks and trees.

https://cs231n.stanford.edu/



https://cs231n.stanford.edu/

Video Diffusion Era

Open-Source Model
Technical Report
No technical info

WALT (Google)

460M params

Sora (OpenAl)

CogVideoX

5B params

Gen3 (Runway)

Dream Machine

Cosmos
(NVIDIA)
14B params

Ray 2 (Luma)

Veo 2
Google
Mochi ( ie)
(Genmo) | TX.Video |Step-Vi
g p-Video ..
10B params (Lightricks) | (StepFun) (Eulia]?sﬁbou)
Stohe 2B params B0B params
MovieGen
(Meta) 4 Wan
- (Alibaba)

30B params

(Tencent)

14B $
13B params P

1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
I
| | I | I I | 1 1 I | 1 I 1 I I 1
January March May July Sept Nov January March May
2024 2024 2024 2024 2024 2024 2025 2025 2025

https://cs231n.stanford.edu/

Gupta et al, “Photorealistic Video Generation with Diffusion Models”, arXiv 2023 (Dec)

OpenAl, “Sora: Creating Video from Text”, 2024 (Feb)

Polyak et al, “Movie Gen: A Cast of Media Foundation Models”,arXiv 2024 (Oct)

Kong et al, “HunyuanVideo: A Systematic Framework for Large Video Generative Models”, arXiv 2024 (Dec)
NVIDIA, “Cosmos World Foundation Model Platform for Physical Al”, arXiv 2025 (Jan)

Team Wan, “Wan: Open and Advanced Large-Scale Video Generative Models”, arXiv 2025 (March)


https://cs231n.stanford.edu/

e
Stable Video Diffusion

Stable Video Diffusion: link


https://huggingface.co/spaces/multimodalart/stable-video-diffusion

Large-scale Diffusion Models



187

Large-scale diffusion models - Stable Diffusion 3

* Flow Matching model with “straight line” schedulers (CondOT path)
+ Classifier-free guidance with weight 2.0 - 5.0

* Flow Matching in latent space (use pre-trained VAE)

*  Number of parameters of model: 8 billion

*  Number of simulation/sampling steps: 50

 Dataset: LAION

https:/diffusion.csail.mit.edu/2026/ Image source: Scaling Rectified Flow Transformers for High-Resolution Image Synthesis [1]



https://diffusion.csail.mit.edu/2026/
https://laion.ai/blog/laion-5b/

Large-scale diffusion models - Stable Diffusion 3

S LU
Lnear

https://diffusion.csail.mit.edu/2026/

Conditions on CLIP (coarse-grained)
and T5-XXL (sequence-level) text
embeddings via cross-attention.

MM-DIiT architecture: Extends DiT
from class-conditioning to text-
conditioning and processes text and
images through the entire network via
cross-attention

Caption

(_cupcas  ( cLpLa4 (| TSXXL )

77+ 77 tokens

MM-DiT-Block 1
[

E
b
¢ MM-DiT-Block 2

{ MM-DiT-Block d

)

.

N AR
Linear

Unpatching

Output

é

000 @
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Image source: Scaling Rectified Flow Transformers for High-Resolution Image Synthesis [1]


https://diffusion.csail.mit.edu/2026/
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 Flow Matching model with “straight
line” schedulers (CondOT path)

» Classifier-free guidance

* Flow Matching in latent space (use
pre-trained VAE)

« Really crucial for videos because of
added time dimension

* Neural network architecture: DiT
adapted to videos

 Number of parameters of model: 30
billion

6,144 H100 GPUs!

https://diffusion.csail.mit.edu/2026/ Image source: Scaling Rectified Flow Transformers for High-Resolution Image Synthesis [1]



https://diffusion.csail.mit.edu/2026/

Extra



CFG: Classifier-free Guidance

- Diffusion models (unlike GANs) are  Algorithm 1 Sampling from DDPM with
great at generating diverse samples  Classifier-free Guidance

1 w=7.5
- But when diffusion is conditioned  2: ¢ = tokenize("a cat with green eyes")
on some input (text, label, etc.) that 3: ¢’ = tokenize("")
diversity may cause it to stray away 4 z; ~ N(0,1) Generator
from the prompt s: fort € {T,...,1} do Noisy Sample
6: €g — (1 4+ w)eg(zy,t,c) — weg(ze,t, )
* Classifier-free guidance helps e ~ N(0,1)
diffusion to adhere to the prompt . ’ = -
SR - — — V1 - v/
yielding higher quality images 20 (z(tO)A (g‘tee)/ Ot
o: Wy < oy "Zo + oy " Zt
10:  Z4_q <+ f1, +07€
1: return xg

https://www.cs.cmu.edu/~mgormley/courses/10423/

Peebles and Xie, "Scalable Diffusion Models with Transformer”, ICCV 2023


https://www.cs.cmu.edu/~mgormley/courses/10423/
https://www.cs.cmu.edu/~mgormley/courses/10423/

