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Goals of this course

Knowledge

@ Key principles of GAN and diffusion models
e Advantages/drawbacks of both approaches
@ Be aware of ethical issues

@ Limitations of the evaluation approaches

Skills and know-how

@ Distinguish discrimative and generative tasks

@ Use off-the-shelf models (practical session)
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Table of contents

© Generative task
@ Generative VS discriminative
@ What? Why?
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Generative VS discriminative

Discrimative model

Learn a probability distribution p(c|x) of a given set of classes ¢ € C
= what is the probability that image x belongs to class ¢
= competition between classes

p(“apple”| =) =0.55
p(“pear”| =) =0.45

p(apple”| [ ) =0.05
p(“pear’| ) =0.95

» Impossible to handle unknown classes
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Generative VS discriminative

Generative model

Learn a probability distribution of the images p(x)
= what is the probability that image x belongs to the distribution ?
= competition between all images

Source data (fruits only)

5) =001

p(M) =01 p(]
p(eli) =0.15 p([§l) = 0.001

p(BF)=008 p(EN)=0.001

» Needs a high-level image understanding
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Generative tasks

@ Image generation from scratch
@ Style transfering
@ Text-to-image generation

@ Image edition
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Generative tasks

@ Tools for artists / designers
@ Image upscaling

@ Social networks (face swapping, filters)

Challenges
@ The generated images must be various but coherent
@ Images must reflect the user's wishes

@ Images can be of several nature: photorealistic, cartoon, painting
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Evaluation

Hard to evaluate

What is a good generated image?
» Depends on the goal
General goals:
@ Realism/Creative (given context)

@ Diversity

Approaches

@ Human evaluation (subjective, costly, biased)
@ Automatic evaluation (limited by model capacity)

o Task-driven (e.g., result of classification model)
e Distribution comparison between real/generated images
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Univariate Fréchet Distance

» Compute the distance between two distributions
X ~ N(ux,dx) and Y ~ ./\/’(;Ly,O'y)

Fréchet distance

d(X,Y) = (ux — py)* + (ox — oy)?

d(X,Y)=0% ux = py and 0, = 0y
» The lower the better
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Evaluation

Fréchet Inception Distance (FID)

Idea: compute distance between distributions of real and generated images

X: a set of real images

Y: a set of generated images

The distance is computed in the feature space using an Inception model pre-trained on
ImageNet, without the classification layer (vector of 2048)

1
FID(X,Y) = |lux — pyll5 + Tr(Ex + Sy — 2(ExZy)?)

with ux, py the means, ¥x, Yy the covariance matrices and Tr the trace function
(sum of diagonal values)

» Requires enough data to be representative (>10,000)
» Can be long to compute
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Approaches

T T T T T hY
| GAN:Adversarial | Generator <
training | G(z)
N J
VAE: maximize x Encoder Decoder <
variational lower bound 44(zx) po(x|z)
Flow-based models: - Flow [ z Inlrlerse x
Invertible transform of f(x) | (=)
distributions
{ pittusion modale:
Diffusion models: z
Gradually add Gaussian [ i P o P ) e PO P FE—
| noise and then reverse |
N —

Source: https://lilianweng.github.io/posts/2021-07-11-diffusion-models
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Table of contents

9 Generative Adversarial Networks
@ Vanilla GAN
@ Deep Convolutional GAN
@ Conditional GAN
@ Upscaling
@ Style transfer
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GAN (2014) [1]

» Generative Adversarial Networks

» Generate artificial images that look like a target domain
» A noise-to-image process to generate many different images

» Unsupervised representation learning
» Capture data distribution through discrimination between real/generated data
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GAN (2014) [1]

T~ Pdata
(real image)

g € [0.1]
(prediction)

Y

Discriminator D

Z ~ Pz G(Z)
(noise) Generator G = (fake image)

A minimax two-player game approach

A generative model G:

» Generate samples as plausible as possible (w.r.t. the problem domain)
A discriminative model D:

» Classify samples as real (1=from domain) or fake (O=generated by D)
G tries to fool D, and D tries not to be fooled
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GAN (2014) [1]

Discriminator objective

» Maximize classification between real and generated examples

HéaX[Ewdiata (z) log DGd (33) +Ez~pz(z) log(l - Ded (GGQ (z)))]
d —— N

descriminator output descriminator output
for real examples for generated examples

ng(:E) — 1 and ng(Ggg(Z)) —0

Generator objective

» Minimize classification performance = improve generation

min[E. .y, 1og(1 — Dy,(G, (2)))]

Dy, (G, (2)) = 1
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GAN (2014) [1]

Global objective function

min n}ﬁx[Eprdata(x) log Dy, () + E.p.(2) log(1 — Dy, (Gy,(2)))]

by

» Opposite goals

Training approach

» Alternate training between generator and discriminator
» Generator and discriminator implemented as MLP
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GAN (2014) [1]

Wi

(a) (®) © (@

Domain (black), discriminative (blue), generative (green) distributions

(a) D partially accurate, G differs from domain distribution

(b) D is further trained

(c) G is trained to fool D, which is frozen

» (b) and (c) repeated until:

(d) Cannot improve more: G(z) = paata and D(z) = D(G(z)) = 3.
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GAN (2014) [1]

» Predictions

Real samples are framed in yellow

» Hard to train
» Noisy predictions
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Deep Convolutional GAN (2015) [2]

» Arithmetic properties on noise space

B-H+=

man man woman
with glasses without glasses without glasses

woman with glasses

Input vectors are averaged for three examples
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Deep Convolutional GAN (2015) [2]

A turn vector is computed from faces turning right or left
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Conditional GAN (2017) [3]

» Condition the generation process with an input image
Noise modeled as dropout in generative model
— weak modifications for same input
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Conditional GAN (2017) [3]

» Can handle several image-to-image translation tasks

Labels to Street Scene Labels to Facade BW to Color

input input output

Day to Night Edges to Photo

input output input output

Output Ground truth Output

& &
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Conditional GAN (2017) [3]

» Day to night

Input Ground truth OQutput Ground truth

» Examples from the community

Palette generation Sketch— Portrait.

by Jack Qiao by Mario Kiingemann

#edges2cats by Christopher Hesse
“Do as Ldo- #fotogenerator

)
Ga =

sketch by vy Tsai by Berirand Gondouin by Brannon Dorsey skeich by Yann LeCun
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Super resolution (2017) [4]

» Upsample (x4) low-resolution image
Y = original image (high resolution), X = degraded image

Which one is the original image ?
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Peak Signal-to-Noise (PSNR)

PSNR = 20logy, (%)

Structural Similarity Index Measure (SSIM)
SSIM(z, y) = U=, y)*e(x,y)"s(z,y)" p__d

I(p.q) = 0.04
. 2 C ‘ Luminance .. :(p.q)f:.gz
Luminance: I(z,y) = ;Lm'u—y;_l B
'uw + 'uy + Cl ‘ Contrast E. 22:::1?[1,
s(p,q) = 1.00
20,0y + Ce

Contrast: ¢(z,y) = ———5—— (o0 =10
o s -
0’% + 0'?3 _|_ Ce Structure iiz:::;l.gil

204y + Cs
Ox + 0y + Cs

Structure: s(z,y) =
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Super resolution (2017) [4]

» Be careful with metrics!

bicubic SRResNet SRGAN original
(21.59dB/0.6423) (21.15dB/0.6868)
— gy

P I
Bicubic interpolation vs MSE-based training vs GAN-based training (PSNR/SSIM)

"PSNR and SSIM fail to capture image quality with respect to human the visual system"
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Cycle GAN (2017) [5]

» Translation between two domains, in both directions

Monet 7_ Photos Zebras Horses ) Summer 7 Winter

A

i ;
zebra —y horse

photo —*Monet horse —» zebra winter —» summer
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Cycle GAN (2017) [5]

Gy Ly | Dx Gy
P A - i A P
Dx Dy I YN [ 2 Y I~ X Y
A A

Gy s Gx Gx

X Y X ./- Y X | Y cycle-consistency
\/ cycle-consistency | __..S\ > i “.&_. Loe loss
GX loss .&_ : ( __/.

Two domains: X, Y
Two generators: Gx : Y —- X, Gy : X = Y
Two discriminators: Dy : X — [0,1], Dy : Y — [0, 1]

» No need for paired data: only two sets of unlabeled data
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Cycle GAN (2017) [5]

GAN loss for X - Y

Loan(Gy, Dy, X, Y) = Eypy,, (v [log Dy (y)]
+ Ernpouea (o) [l08(1 — Dy (Gy (2)))]

Cycle consistency loss

ECyCIe(GX’ GY) = Ex"‘pdata(x) H |GX(GY (m)) - x’ |1]
+Ey g [1GY (Gx (1)) = yl[1]

Global loss

L = Lean(Gy, Dy, X,Y) + Lean(Gx, Dx, Y, X) + Leyee(Gx, Gy)
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Cycle GAN (2017) [5]

» Works well for texture/color changes

Monet Van Gogh Cezanne Ukiyo-e

M r",.

T T Y T
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Cycle GAN (2017) [5]

» Failure cases:

Input Output

Output

— orange

b"*‘-\

d

i

mageNet “wild horse™ training images

dog — cat _
Out-of-domain data

Geometric modifications
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Style GAN (2019) [6]

» Enable control of the synthesis
» Include stochastic variation

Latent Z Latent Z Noi
atent z € atent z € Synthesis network g oise

Normalize Const 4x4x512
Mapping
Fully-connected network f

FC
FC
FC
FC
FC
FC
FC

St

(a) Traditional (b) Style-based generator
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Style GAN (2019) [6]

» Use mapping network for disentanglement

"There are various definitions for disentanglement, but a common goal is a latent space
that consists of linear subspaces, each of which controls one factor of variation."

Adaptive Instance Normalization

» Representation w is used to extract several styles y = (ys, yp)

Xr; — )
AdalN (i, y) = Yo = + g

T

Styles are applied per channel 7, on whole 2D latent representations
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Style GAN (2019) [6]

» Mixing styles from two samples (z4, zp)
(using wp for specific layers and w4 for the others)

From B:
Coarse - pose, eyeglasses
(42-89
Middle W - hairstyle
(162 - 322) \
Fine - color scheme

(642 - 10242)
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Style GAN (2019) [6]

» Noise is added at each layer at pixel level, enabling low-level variation while preserving
style

(a) Generated image  (b) Stochastic variation (¢) Standard deviation
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GAN: conclusion

» GAN: a revolution in generative models (quality, resolution) but hard to train

Vanishing gradient

Discriminator too good: loss becomes very low, gradient too: no feedback for generator

Convergence issues

Generator sufficiently good (discrimator: 50% accuracy): cannot improve more, receive
junk feedback from discriminator

Mode collapse

The generator find an example which fool very well the discriminator and start
producing always the same outputs, while discriminator stuck in local minima
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Table of contents

e Diffusion
@ Global idea
@ Denoising Diffusion Probabilistic Models
@ Denoising Diffusion Implicit Models
@ Score-based generative modeling
@ Guided diffusion
e GLIDE
o DALL-E
@ Imagen
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Diffusion [7]

"The essential idea, inspired by non-equilibrium statistical physics, is to systematically
and slowly destroy structure in a data distribution through an iterative forward diffusion
process. We then learn a reverse diffusion process that restores structure in data,
yielding a highly flexible and tractable generative model of the data"

Forward diffusion process
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Naive approach

Goal: from a complex, unknown data distribution to a gaussian distribution

Let &g ~ q(z) be the input image from the real data distribution and €; ~ N(0,I) a
gaussian noise.
We want 7 ~ N (0, 1) after ¢ iterations

Naive iterative noising process

Ty =Ti—1 + €1
X ~ N(p,0?) & X = p+ oe with e ~ N(0,1)
— It NN(iL‘t_l,I)
— Tt NN(:Bo,tI)

Issues

Var(x;) keeps increasing with ¢
Mean remains the same
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Denoising Diffusion Probabilistic Models (DDPM, 2020) [8]

pext 1|Xt
@ —@—

Xt|Xt 1)

~
.
.
~
)

Forward diffusion process: Markov chain

=1-Bxi1+ \/Eet—l

q(@e|Ti—1) = N(2i5 0 = /1 — Biw—1,0% = B I)

T

g(zrrlwo) = [ [ a(@ilzi)

t=1
B¢ variance schedule (0 < 3; < 1)
» A step-by-step process from original image x( to pure noise xr
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Reparametrization trick

If X ~N(ux,0%), Y ~N(uy,02)and Z=X+Y
then Z ~ ./\/(,LLX +My,UX+UY)

By defining oy =1 — 3; and o = Hi:o Qs

=1 Bixi1 + /Prer—

= Voumi1 + V1— ey

= Vo /oy 1xio + \/Etmet—Q + V1 — aueq
~N (0,0 (1— 1)) ~N(0,1—av)

= Va2 + /1 — 1€

= Vo + V1 - ae

a; can be precomputed — x; can be calculated for any ¢ directly.
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Forward process properties

x ~ N(vVaxzo, V1 — al)
op=1-p5
ar = [Tz as

Converge to N(0, 1)

Choosing 0 < B < 1

=0<ar <1

= lim ap =0
t——+4o00

= x7 ~ N(0,I) if T high enough

M2 SIF - DLV Deep Learning for Vision (DLV) - Generative models 39 /77



Linear from S8y = 0.0001 to 8y = 0.2
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Reverse diffusion process

» From noise to image

Initial state

p(xr) = N(z1;0,1)

We need p(x;—1|x:) to reverse the process, but intractable!
» Learn it with neural networks instead: pg(a;—1|x:)

Iterative denoising process

Pe(il?t—l |ﬂ3t) = N(mt—l; ,ug(mt, t)? Jg(mb t))

Pe(wo T wt 1|€Bt

II:H
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Training

L =Eyyicllle — eog(vVarxo + V1 — aze, t)|?]

Tt

» Difference between added noise € and predicted noise €g(x¢, t)
» €y implemented as U-Net

Algorithm 1 Training

1: repeat

2: x0 ~ q(x0)

3: t~ Uniform({1,...,7})

4: e~ N(0,I)

5: Take gradient descent step on

Vo ||e — eg(v/arxo + 1 — dte,t)H2

6: until converged
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Sampling

Pe(wt—1|$t) = N(iBt—l; Me(mt, t), Ug(ivt, t))

po(@i, 1) = Je=(@ — A—cg(@1,1))

Algorithm 2 Sampling
1: X1 ~ N(O, I)
2: fort="1T,...,1do
3 z~N(0,I)ift > 1,elsez=0
4 x1 = = (% - %ee(m,t)) + oz
5: end for
6: return xg

» Long sampling time: T steps to generate an image
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Denoising Diffusion Implicit Models (DDIM, 2021) [9]

Use a non-markovian process to skip steps when sampling

‘@/\\"@%

(.’23‘331,5!70) (]( £ J;]

» 10-50 times faster
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Score-based generative modeling (2019) [10]

What is a score function?

Let p(x) be a Probability Density Function (PDF)
The score function of p is defined as:

s(z) = Vzlogp(z)

= direction vector to maximize probability

PDF Log PDF
0.4 4 ;
v
0.31 =27
o —
202 g / z
- .2 o 4
3 g~ g
=5 - T
0.14
6
00 1 T T T T T T T T T
-2 0 2 -2 0 2 -2 0 2
Support Support Support
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Score-based generative modeling (2019) [10]

2D example

P 5

T TETATR TR TR R R R A A &

i Seeaestuen

TR

\\ ; - v

NN = e s

I BREEN]

iit.t‘i":::: ...... :

EEEEREE 'NEEEES

TEEEE YT REALALALENEE RS B

TR Y Y YV EEALA L LA

S L s i e Y 4 IR

avvvroa saaae AFTERE RN

. i e ke D 2 AN
csseee 11NN
sz
« @ @St
s

. S s L L

> B

Density Score
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Score-based generative modeling (2019) [10]

Approximate the score function with a neural network sg(x)

min By [[|s(z) - so(x)|13)

» But s(x) is unknown!

Equivalence
) 1
minEy [tr(VxSe)(ﬂC)) = §|rse<m>\|%>}

Only depends on sg(x)
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2€Zt_1

_l’_

)

@ + esg(xy

L1

zZt NN(O,].)

€: a fixed step size

)tO X0

1

)

0

» Repeat 7' times from z7 ~ N/(
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Diffusion guidance

Guiding the generation process

Conditioned generation

Add instruction as input to generate a specific item

Guiding the generation process

Use V, logp(z]y) instead of V;logp(x)
where y is an additional input which specifies what we want to generate
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Diffusion guidance

How to compute V, log p(x|y) 7

Bayes' rule

p(ylz) - p(z)

p(zly) = @)

log p(z|y) = log p(y|z) + logp(x) — logp(y)
——
V2 log p(y)=0

V. logp(zly) = V,log p(y|z) + V. log p(x)
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Diffusion Models Beat GANs on Image Synthesis (2021) [11]

» V. log p(y|x) can be obtained using a classifier

Classification task

Learn py(y]2)
X: input image
y: class

Tuning the guidance impact

Introduction of a guidance scale ~:

V. log py(z|y) = Vi log p(z) + vV log p(y|x)

» Needs to train a classifer on noisy images
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Diffusion Models Beat GANs on Image Synthesis (2021) [11]

/,uif/f/

el Na NSd

34 ‘_a ),g j,__i_;,i,u);__u__>,s._a ) ",&,

N ,“‘\—f‘ﬂ‘*‘—f‘—f‘r‘\

0 guidance scale 55
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Classifier-free guidance

Vi logpy(z|y) = Vi logp(x) + 4V, log p(y|x)

Bayes' rule

p(zly) - p(y)

p(ylz) = (@)

log p(y|x) = logp(x|y) + logp(y) —logp(x)
~——

V2 log p(y)=0

Valogp(ylz) = Vi logp(zly) — Vi log p(x)

= Vg logpy(z|y) = (1 — ) Vi logp(z) +7v Va log p(z]y)
unconditional cond?trional

» can be jointly train with a single diffusion model by dropping-out the conditional term
(10%-20% of the time)
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GLIDE (2022) [12]

» Guided Language to Image Diffusion for generation and Editing (GLIDE)

Compare (classifier-free) text guidance:
Ve logpy(zly) = (1 =) Ve logp(x) +vVe log p(x]y)
with CLIP guidance:

Vi logp,(zly) = Vzlogp(x) + vV (f() - 9(y))

+ Super Resolution
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CLIP (2021) [13]

» Contrastive Language-Image Pre-training (CLIP)

Jointly train two encoders to avoid human annotation effort:
@ An image encoder f: ResNet/ViT
@ A text encoder g: transformer

» Both encoders are trained to generate a fixed-length latent representation from
text/image input sharing the same feature space

Constrative learning between images and captions
» 400 million pairs (image, text) collected from the web
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CLIP (2021) [13]

Pepper the
N Text
— w e l l l l

x: image ‘ || Ty
Yy: caption . o
Image encoder: f(z) =1 Iz N
B 5 Ty

Text encoder: g(y) =T o
In INTy  INTy | INTs | [ InTN

Symmetric loss

N N
1 ~ A~
£=5(2 Lee@lui) +D  Leel@l )

Big =1 Ty

Zﬁ]image i compared text ¢ compared gtT = Ij - T
to all texts to all images »J
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Image super-resolution with diffusion [14]

» Image-conditioned guidance

Diffusion-based upscaling task

Generate high-resolution image from noise, conditioned on low-resolution image

Input Reference

SR3 output

16 x 16 — 128 x 128 pixels
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Image super-resolution with diffusion [14]

» Comparison with other approaches

Reference

Bicubic Regression SR3 (ours)

- I |-

64 x 64 — 512 x 512 pixels
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GLIDE ( [12]

» Classifier-free guidance better than CLIP guidance

Real Image

<]
B
3]
e
@
2]
3
o

GLIDE (CF Guid.)

“a group of elephants

“a green train is “a group of skiers are ) ) .
& groap o’ skie “a small kitchen with h “a living area with a
coming down the preparing to ski down N walking in muddy o .
" b alow ceiling m television and a table

tracks a mountain. water”
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GLIDE (2022) [12]

» Image inpainting = image edition based on text and mask

Image inpainting task
Generate image from noise, conditioned on text and masked original image
= text-guided and image-guided

“zebras roaming in the field” “a girl hugging a corgi on a pedestal”
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GLIDE (2022) [12]

» Combining image generation and image inpainting

“a painting of a corgi
“a cozy living room” on the wall above
a couch”

“around coffee table “a vase of flowers on a “a couch in the corner
in front of a couch™ coffee table™ of aroom”

1) Generate first image from noise, conditioned by text
2) Update specific part of image from image, conditioned by masked image and text
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DALL-E 2 (2022) [15]

CLIP objective img
-~ " encoder
"a corgi
playing a
flame [EEXERSN | | T
throwing
[ — \ — O
trumpet 00000 0
O+O~»
O
--------------------------------------- _[B5.. BS
S
prior decoder

@ CLIP: align image/text representations

@ Prior P(z|y): produces CLIP image embeddings z; conditioned on caption y =
diffusion

@ Decoder P(z|z;,y): produces image x conditioned on CLIP image embedding z;
(and optionally caption y) = diffusion
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DALL-E 2 (2022) [15]

CLIP with image encoder f and text encoder g

Given an input couple (image z, caption y):
zi = f(z)
z = g(y)

Generate Z; with diffusion model conditioned on:

@ Transformer-encoded caption
@ CLIP-encoded caption (optionally)

Eprior = Et,zi["’gf - ZZH]
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DALL-E 2 (2022) [15]

Generate 64 x 64 image % with diffusion model conditioned on:
@ Prior output Z; (z; at training time)
o Caption

Both conditions are randomly dropped to boost performance

Upscaling
Two upscaling stages:
@ 64 x 64 — 256 x 256 diffusion model
@ 256 x 256 — 1024 x 1024 diffusion model

Text conditioning useless from experiments
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DALL-E 2 (2022) [15]

» Examples

Input: "panda mad scientist mixing sparkling Input: "a dolphin in an astronaut suit on
chemicals, artstation" saturn, artstation"
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DALL-E 2 (2022) [15]

» Diffusion model stochasticity

Input: image =
@ Compute CLIP image embedding z; = g(x)
@ Decoder forward process with z;
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DALL-E 2 (2022) [15]

» Image interpolation

Input: images 1 and x5
@ Compute CLIP image embedding 2} = g(z1) and 27 = g(x5)
@ Compute interpolation embedding z; from z} and 22

@ Decoder forward process with z;
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DALL-E 2 (2022) [15]

» CLIP-based image edition trick

a photo of a landscape in winter — a photo of a landscape in fall

Input: couple (image x, caption y) + goal caption y*
@ Compute difference vector z4 between CLIP-encoded texts f(y) and f(y*)
@ Gradually modify CLIP image embedding g(z) with respect to z4
@ Generate image from this altered image embedding
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Imagen (2022) [16]

» Another text-to-image diffusion model

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
fairytale book. bike. It is wearing sunglasses and a beach hat. dressed as a chef in a high end kitchen making dough.
There is a painting of flowers on the wall behind him.
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Imagen (2022) [16]

“A Golden Retriever dog wearing a blue

Text
x checkered beret and red dotted turtleneck.”

Frozen Text Encoder

Text Embedding

» Text-only encoder (T5) with very
large dataset is better than image-text
4 4 Inage encoder (CLIP) with less data for
text-to-image generation

Text-to-Image
Diffusion Model

Super-Resolution
Diffusion Model

» Scaling text encoder more efficient
than scaling diffusion part

256 x 256 Image

Super-Resolution

Diffusion Model

1024 x 1024 Image
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Imagen (2022) [16]

» Improvements for some cases

N

N

Imagen (Ours)

A black apple and a green backpack.
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Imagen (2022) [16]

» Still some failure cases

Imagen (Ours)

A horse riding an astronaut.
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Diffusion results comparison (from Imagen paper)

» Evaluation on the MS COCO validation set

Zero-shot
Model FID-30K FID-30K
AttnGAN [76] 3549
DM-GAN [83] 32.64
DF-GAN [69] 2142
DM-GAN + CL [78] 20.79
XMC-GAN [81] 9.33
LAFITE [82] 8.12
Make-A-Scene [22] 7.55
DALL-E [53] 17.89
LAFITE [82] 26.94
GLIDE [41] 12.24
DALL-E 2 [54] 10.39
Imagen (Our Work) 7.27
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Text-to-image generation

Plenty of models

e GLIDE, DALL-E (OpenAl)

@ Imagen (Google)

e CM3leon (Meta)

e MidJourney (Independent)

e Stable Diffusion (Stability Al, open source)

» What about training data? Intellectual property?
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Conclusion

Diffusion

High
[ IEU1Y
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Conclusion

@ Generative Adver ... ® Diffusion models Variational Auto E ... q 9
+ Ajouter une comparaiso
Terme de recherche Terme de recherche Terme de recherche
Dans tous les pays v 01/01/2010 - 01/12/2023 ~ Sciences ¥ Recherche sur le Web ~
Evolution de lintérét pour cette recherche @ 4 O

from www.trends.google.fr
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Conclusion
Two approaches for a same goal

@ GAN: generator vs discriminator

@ Diffusion: denoising process

Realism

Diffusion models mark a new stage in the generation of ultra-realistic photos

» Adaptation to video
» Be careful with deepfakes
» The beginning of a new era in cinema?

» Next time: practical session!
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