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Let's Play a Game...

Which face is real?
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https://www.whichfaceisreal.com/

Let's Play a Game...

Which face is real?
This onel
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Generative Modeling

« A discriminative model is a way to model the conditional probability of a target
given some covariates X (high-dimension).
« Conversely, a generative model tries to model the conditional probability of X,
possibly conditionally to

)
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Figure: Sampling from P(X | Y) on MNIST using a ConditionalGan (Mirza

et al., 2014).

Many applications: art, image manipulation, robustness, physics & finance,
etc.



Art: Edmond de Belamy
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Figure: Edmond de Belamoy
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https://en.wikipedia.org/wiki/Edmond_de_Belamy

Merchandising: Virtual Try-on Problem

Figure: vue.ai
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https://vue.ai/solutions.html

Robustness: Attacking Classifiers with GANs

(c) Buckeye (d) Toy poodle

Figure: C. Xiao et al., 2018
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Robustness: Defending Classifiers with GANs

Original  Defense Original ~ Defense Original ~ Defense
&Attacks with &Attacks with &Attacks with

GANs
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Figure: Samangouei et al., 2018
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Physics & Finance

« Using GANs to solve SDEs (L. Yang et al., 2018).

« Synthetic data generation (Takahashi et al., 2019) and Monte Carlo simulation
of SDEs using GANs (Rhijn et al., 2021).

(a) Simulating MCMC with GANs: C. Xiao
et al., 2018.

« Market prediction (Xingyu et al., 2018): a model that learns the properties of
data without explicit assumptions or mathematical formulations.

« Pricing options with GANs.
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Many Types of Deep Generative Models

In this course, we will focus on the three main types of models that have

been used for image generation.

« GANs frame generative modeling, an unsupervised learning problem, as a
supervised one.

« VAEs indirectly optimize the log-likelihood of the data by maximizing the
evidence lower bound (ELBO).

« Diffusion models recover the data from pure noise by learning how to invert
destructive image perturbations.
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Many Types of Deep Generative Models

In this course, we will focus on the three main types of models that have

been used for image generation.

« GANs frame generative modeling, an unsupervised learning problem, as a
supervised one.

« VAEs indirectly optimize the log-likelihood of the data by maximizing the
evidence lower bound (ELBO).

« Diffusion models recover the data from pure noise by learning how to invert
destructive image perturbations.

Other types of models exist.

« Normalizing flows are defined as sequences of provably invertible
transformations.

« Autoregressive models generate samples dimension by dimension (pixel by
pixel, word by word).

Both directly optimize the log-likelihood.
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Generating Data from Noise

Generator Network

A generator gy is a network mapping samples z from a known distribution
p. over R? to parameters of a higher-dimensional distribution G over RP:

Do z2~ps, = ~G(ge(2)).

« go, G and p. define a generated distribution py:

po(z) = J' po(x | 2)p(z) dz.

« The modeled distribution is defined as a push-forward distribution.
« Examples:

» For GANs, G is a Dirac: z = go(2).

» For VAEs, G is usually a Gaussian: = ~ N (g (2), g6 (2)).
« Usually, d « D.
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How to Train a Generator?

Choose a distance/divergence D. py ~ Pdata by having D(pdata || pe) ~ 0.

In practice

We can choose D = Dy, (the KL divergence).
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« We would like to maximize the log-likelihood E;~,,,. log pe(x).
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« We would like to maximize the log-likelihood E;~,,,. log pe(x).
« Intractable in the general case (hard to calculate or impossible):

po(a) = f po(z | 2)p(z) dz.
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How to Train a Generator?

Choose a distance/divergence D. py ~ Pdata by having D(pdata || pe) ~ 0.

In practice

We can choose D = Dy, (the KL divergence).

pdata(x)
po(x
= _Ez"Pdata lOg Po (QT

DKL (pdata ” pe) = Ex~pdata IOg

~ —

- H(pdata)-

« We would like to maximize the log-likelihood E;~,,,. log pe(x).
« Intractable in the general case (hard to calculate or impossible):

po(a) = f po(z | 2)p(z) dz.

« Let's see two tricks to tackle this problem.
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Trick 1: Normalizing Flows

20 ~ po(20)

2 ~ pr(2k)

Janosh Riebesell. MIT license.

If go = fro...o f1 with invertible f;s (d = D), then:

Po(@) = pa (g7 (x)) |det Jaca (g7 1)|.

— Architecture difficult to design; used for specific applications.
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https://tikz.net/normalizing-flow/

Trick 2: Autoregressive Models

Oord et al. (2016).

Principle
Generate = dimension by dimension, component by component:

n

po(x) = | [po(@i | 2<i)-

=1

— Computationally heavy and more adapted to NLP.
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Model Comparisons

| Model | Sampling | Training | Stability | Results | Efficiency |

Flows Generator Exact NLL

Auto-
AR regressive Exact NLL
generator
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Outline

Generative Adversarial Nets
Vanilla GANs from Goodfellow et al., 2014
Wasserstein GANs (Arjovsky, Chintala, et al., 2017)
Conditional GANs
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Moving away from likelihood (1)

GANSs circumvent the problem
with adversarial training.
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Generative Adversarial Nets
Vanilla GANs from Goodfellow et al., 2014
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GANs (Goodfellow et al., 2014)

Training set

Discriminator

a
—=

Fake image

Bl

Generator

Source: medium.
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https://www.freecodecamp.org/news/an-intuitive-introduction-to-generative-adversarial-networks-gans-7a2264a81394/

Motivation: Generating Artificial Contents.

Pros

« Simple generation.
« Work extremely well with high-dimensional data.
« Allow manifold discovering: image interpolation.

. & }
> = b -
Abdal et al., 2019.

« Unknown probability density function: we cannot easily check low density areas.

Cons

« Tricky training.
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https://arxiv.org/pdf/1904.03189v1.pdf

The Data

« Data:
> Target distribution: probability measure p* on R”.
> Finite-samples: X1,..., X, i.i.d. as u*. p,: empirical measure.

> Objective: how can we sample from p*?7
« Latent variable:

> Z defined on R%.

> Z is typically uniform or Gaussian.

> d « D: the manifold hypothesis.

Shao et al., 2018.
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Generator & Discriminator

Generator: a parametric family of functions from R? to RP”.

> Each Gy is a neural network.

= Definition: G¢(Z) £ o

> Notation: G = {Gp : 0 € ©}, © c RY.

> Associated family of distributions: P = {ug : 6 € ©}.

> Each py is a candidate to represent u*.

Discriminator: a parametric family of functions from R” to R.
&> Notation: D = {D, : a€ A}, A < RO.

> In GANs algorithms, each D, is a neural network.

> D, is trained to distinguish between real and fake samples.

Generative Models: old and new. 19 / 96



Adversarial Principle

« Objective: two-player game, looking for a Nash equilibrium to

inf sup []E log(Da (X)) + Elog(1 — Da(Gg(Z)))].

060 Heh
= The higher D(z), the higher the probability that = is drawn from p*.
> The generator and the discriminator have opposite objectives.

> Forget: estimation by maximum likelihood.

> Forget: a strategy based on nonparametric density estimation.
« Empirical version:

inf sup[ Zlog )) + Elog(l — Do (Goe(Z )))]

0O HeA

« The min-max optimum is found by alternating stochastic gradient descent.
« Generative principle: 6, — Gy, — Gy, (Z1),G§n (Z2) ... — new images.

Generative Models: old and new. 20 / 96



GANs: (A Bit of) Theory

« Let us denote
» 1 the density of the true data
» i = G(pnoise) the density of the data generated by a generator G

« Our main goal is to find G that minimizes a well-chosen distance between p
and pg

« Intuition: the performance of the best discriminator mesures this gap between
u and pe (the bigger the gap, the better the optimal discriminator).

Can we formalize this intuition ?
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GANSs: (A Bit of) Theory

Solving the Inner Optimization Problem

The optimal discriminator (without regularization) D is

p(z)
(@) + pa(z)

€T —>

The corresponding loss at this point is
EG(DE‘) - 2DJS(MHU'G) o 1Og4 )

where Djg is the Jensen-Shannon divergence (symmetric variant of the
KL-divergence).

Training the GAN = finding G that minimizes Djs (i, pg)

Generative Models: old and new. 22 / 96



The Role of the Discriminator

In practice, one has always D = {D, : a € A}

sup| B log( D (X)) + Elog(1 ~ Da(Go(2)))|
«E

acts like a divergence between the distributions py and the empirical
distribution g, .

« Neural net divergence (Arora et al., 2017).

« Adversarial divergence (Liu et al., 2017).
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Other Variants of GANs

« Least squares GANs (Mao et al., 2017), related to the Pearson-£2 div.:

n n

(discr. objective) sup Z(DO‘ (X)) —1)2+ Z Da(Go(Z:)),

agh ;5 i=1
—_— R 2
(gen. objective) inf ;(DQ(GG(Zi)) —1)%
« Nowozin et al. (2016) proposed f-GANs and showed that any f-divergence can
be used for training GANs:

gn(f) SupED,(X) —E(f* 0 Do)(Go(Z)), f* convex conjugate.
€0 aeA

« WGANS.
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GANs: Alchemy?

Lots of "hacks” to stabilize the training:

« Normalize the inputs

« minlog(1l — D) (saturating) vs maxlog(D) (non-saturating) for the generator
« Choose the noise prior wisely

« BatchNorm on full real / fake images

« Avoid Sparse Gradients (ReLu — LeakyReLu)

« Use soft / noisy labels

« Choose the optimizers wisely (e.g. Adam for G, SGD for D), decay rates for
Adam are important

« Exponential moving average on the generator's parameters

(e.g. https://github.com/soumith/ganhacks)
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GANs: Pathological behaviors

« Oscillation / bad convergence
Due to alternating optimization to solve the minimax game / find a Nash
equilibrium

« Unstability / divergence

« Mode collapse

Happens when the training data is multi-modal (which is usually the case in
practice): can be a good strategy for the generator to target the easiest mode
of the target distribution (pullover in the example below)

« Breathrough: the theoretical study by Arjovsky, Chintala, and Bottou (2017)

« The Jensen-Shannon divergence does not allow to take into account the
metric structure of the space.

« The authors propose WGANs which have become a standard in machine
learning.
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GANs training problems

From Roth et al., 2017, there are three different challenges for learning the

model distribution:

« empirical estimation: the model family may contain the true distribution, but
one has to identify it based on a finite training sample.

« density misspecification: there exists no parameter for which these densities
are similar.

« dimensional misspecification: the model distribution and the true distribution
do not have a density function wrt the same base measure (supp(P) [
supp(Q) may be negligible).
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GANs vs Flows: an interesting comparison

Setting

« Let R? be the latent space with latent variable Z.

o Let G = {Gy, 6 € O} be a class of invertible functions.
Pros

« Simpler architecture & simpler loss: likelihood.

« Less prone to mode collapse. Especially, when compared to cGANs (known to
be nearly deterministic).

« Super Resolution image generation Lugmayr et al., 2020.

Cons

« The input and output dimensions must be the same.

« The transformation must be invertible.

« The latent space is still high dimensional, so it's harder to play with it.
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Visual comparisons Flow vs GANs

Figure: Left:StyleGAN. Right: Glow.
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Outline

Generative Adversarial Nets

Wasserstein GANs (Arjovsky, Chintala, et al., 2017)
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Wasserstein GANs

« They propose to go with the Wasserstein distance Dy, .

Dw, (,v) = _inf j d(z,y) dy(z,y)

~ver (p,v)

« Continuous "earth moving distance"

s 6 -4 2 0 2 4 & &
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Wasserstein GANs (cted)

Advantages of Dyy, over Dyg 7

u v v
06 06 05
o5 o5 05
03 08 08
03 03 03
02 02 02
o o 0
00 00 . ’ . . 00

Dw, (11,v) =2 > Dy, (11,7) = 1.5

Dys(11,v) = 0.20 < Dys(1,77) = 0.25

Problem: How to compute arg ming Dy, (1, pi) 7
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Wasserstein GANs (cted)

« Using Kantorovich-Rubinstein duality theorem, WGANSs aim to solve:

D, (1, 46) = max |Ex~, [D(X)] = Exug [P(X)]]

DL <t

where | D]z is the Lipschitz semi-norm equal to

max [P@) = DW)|
oy |z — yl

« We get a new loss for the discriminator !
« WGANSs: in practice, one always has a parametric D = {D, : a € A}:

lllf sup E D, —E D =
0eO | K o Ho 0‘|
) Empillcal WGANS

inf sup[ ZD (X5) D.(G (Z))] =177

0€O© e
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Understanding the benefits of WGANSs

1.0 T T T T T T T
— Density of real
08l — Density of fake |
) ——  GAN Discriminator
——  WGAN Critic
06|
0.4+
0.2+
0.0 s e
Linear gradients ~,
WGAR i ;
-0zt inaWGAN Vanishing gradients
in regular GAN
-0.4 L L L L L L L
-8 -6 -4 -2 0 2 4 6 8

Figure: From Arjovsky and Bottou, 2017
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Controlling the Gradient of the Discriminator?

The compactness requirement is classical when parameterizing GANs.
« Weight clipping (Arjovsky, Chintala, et al., 2017).

« Gradient penalty (Gulrajani et al., 2017).
« Spectral normalization (Miyato et al., 2018).
« Block orthonormalization.

« This opens a whole new focus for the study of 1-Lipschitz neural networks
(Béthune et al., 2022; Tanielian and Biau, 2021).
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Advantages of WGANSs

« Wasserstein Distance is continuous and almost differentiable everywhere, which
allows us to train the model to optimality.

« JS Divergence locally saturates as the discriminator gets better, thus the
gradients becomes zero and vanishes.

« Wasserstein distance is a meaningful metric, i.e, it converges to 0 as the
distributions get close to each other and diverges as they get farther away.

« The mode collapse problem is also mitigated when using Wasserstein distance
as the objective function.
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Understanding the performance of WGANSs

duip, (K", 11y ) < Eestim + Eoptim + ég(_f) duip, (17 110)
= Eestim T Eoptim + Eapprox
B Eestim = SUp [duip, (1%, pe,,) — duip, (1%, 11g,)]  (data)
0,€0,

B> Coptim = Sup duip, (¥, pg) — inf duip, (u*, pe)  (metric discrepancy)
9cO 0c©

B> Eapprox = égg dLipl (M*“ue) (model)

We can now decompose the performance in three distinct losses
compared to the classic bias/variance trade off.
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Synthetic Experiments

« Setting: p* is a mixture of Gaussian densities with 2, 4 or 9 components.

o A family of generators: {G, : p = 2,3,5,7}.

« A family of discriminators: {Dy : ¢ = 2,3,5,7}.

« We draw X7, ..., X, drawn from p* with n = 5000.

« We plot the performance: sup, .o diip, (11", 15 ) < Eestim + Eoptim + Eapprox-

p=7{ 0.119 0.14 0.115 0.1

q=2 q=3 q=5 q=7
Increasing discriminator's depth q q=3 q=5

(a) K = 2. (b) K = 4. (c) K = 9.

q q=3 q=5 a=7

Figure: duip, (1, pte,,) for different generator’s and discriminator's capacity.
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A too small discriminator facilitate instability and
mode collapse

R

Lt

,:;.._-3' N
® e

Figure: Left: Discriminator's depth=2, Generator's=4. Right: Discriminator’s
depth=>5, Generator's=4

bbb
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Scaling WGAN and Gradient Penalties

« The gradient penalty can be used with many other losses.

« Many SOTA models have been trained with hinge or vanilla losses combined
with a gradient penalty.

« BigGAN (Brock et al., 2019): « StyleGAN (Karras et al., 2019):
large-scale analysis for training on introduced new style-based generator
ImageNet with many insights and for hierarchical generation.
hacks. Latent z € Z Latent z € Z Noise

Synthesis network g

Normalize

Fully-connected

PixelNorm
4x4
Upsample

Conv 3x3

(a) Traditional

Generative Models: old and new




Outline

Generative Adversarial Nets

Conditional GANs
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Conditional GANs

« Introduced by Mirza et al. (2014): use of a conditioning input into your GAN.
« The conditionning input is given both to the generator and the discriminator

e YYYY) A - RNEBOEERHEA
r% DINEBEnGHAEGA
% (X IIT ol jzisialcleln]a]al
T _ 00000 ©o000) DOBREOEAEBRA

R ol U J
0000800000 (o] 11203« s]e]-]z2] 4

When dealing with disconnected manifolds:

« Khayatkhoei et al. (2018) use of multiple generators.

« Tanielian, Issenhuth, et al. (2020): gradient's based truncation.

« cGANSs solve easily this problem by adding disconnectedness in the latent space.
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Conditional GANs and paired datasets

Formalization

We have a dataset D made a paired items {(z1,v1), .-, (Tn,yn)} with
both conditioning item and a target image. The conditioning can be
anything (text, image, ...). By using both elements, we can add a
reconstruction term to the GAN loss.

This enables us to solve the following tasks.

« Text-to-Image translation: StackGANs (Zhang et al., 2017).

« Image-to-Image translation: Pix2Pix (Isola et al., 2017).

« Semantic-Image-to-Photo translation (T.-C. Wang et al., 2018).
« Image inpainting (Wu et al., 2019).

« Super resolution (Ledig et al., 2017).

The unpaired case can also be tackled (Zhu et al., 2017).
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Examples

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
have thin white petals and a
round yellow stamen

are bright pinkish purple
with white stigma

old a




Image manipulation with GANs & CLIP

« CLIP jointly trains an image encoder and text encoder.
« Trained on 400 million (image, text).

« The training objective: given a batch of N (image, text) pairs, predicting which
of the N x N possible (image, text) pairings across a batch actually occurred.

StyleCLIP and VQGAN-CLIP Crowson et al., 2022 both combine GANs
and CLIP, and trains a latent optimization in W7 (but it requires a few
minutes of optimization) .

Input “Beyonce” “A woman “Elsa from
(0.004, 0) without makeup” Frozen”
(0.008, 0.005) (0.004, 0)

- } y
Input “A man witha “A blonde man” “Donald Trump”
beard” (0.008, 0.005) (0.0025, 0)

(0.008, 0.005)

Generative Models: old and new.



Model Comparisons

|Mode|| Sampling | Training | Stability | Results |Efficiency|
Sharp

GANs Generator Min-max but mode
collapse

Flows Generator Exact NLL

Auto-
AR regressive Exact NLL
generator
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Outline

Variational AutoEncoders
VAEs
From VAEs to VQGANs
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Moving away from likelihood with VAEs

VAESs circumvent the problem
with the ELBO
(evidence lower bound).

Generative Models: old and new.
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Variational AutoEncoders
VAEs
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Autoencoders

« Main idea: force a self-supervised network to compress the original
representation in a low-dimensional latent space.

§ [0l }

« The goal is to learn an encoder f and a decoder g such that g o f is close to
identity.

« If £ and g are linear, the optimal solution is given by a PCA.

« Otherwise, we can achieve better performance with deep networks.

Generative Model



Deep Autoencoders

X (original samples)

72/ 0641449200
901597%472605%5
407401V 3\3472
gof(X) (CNN, d = 8)
72/04144<9200
9015973472605
40740\ 3\3072
gof(X) (PCA, d = 8)
72/0413934@700
901259727%4976056
4094861315070

(by courtesy of Francois Fleuret)
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How to sample from autoencoders ?

« Simple answer: sample z in the latent space and feed it into the decoder

« However it is very likely that the encoded inputs lies in a low-dimensional
manifold inside the latent space

Figure: From https://towardsdatascience.com/intuitively-understanding-
variational-autoencoders-1bfe67eb5daf
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VAEs as probablistic autoencoders

AEs can lead to severe overfitting: some points of the latent space will give
meaningless content once decoded.

« How can we regularize autoencoders?

Let us constraint the latent variable 2 to follow a fixed distribution from
which we can sample easily.

« Let's rewrite everything with probabilities!

x_>z_>m,

« po(z | z) is intractable since we do not know the distribution of the true data
so we approximate it by the variational distribution ¢, (= | ) that should
minimize:

Dxr(gs(z | 2) || p(z | 2)).

Generative Model



VAEs' principles

VAEs can be defined as being an autoencoders whose training are
regularised to avoid overfitting and ensure that the latent space has good
properties that enable generative process.

« First, the input X is encoded as distribution over the latent space.
« Second, a point z from the latent space is sampled from that distribution p.

« Third, the sampled point is decoded and the reconstruction error can be
computed.

« Finally, the reconstruction error is backpropagated through the network.
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VAEs and log-likelihood

Lemma

For any variational distribution g, the (true) marginal log-likelihood
log pg(x) can be written as

log pg(x) = Dxr(gp(z | 2) || po(z [ 7)) + Lo,4-

Note that:

« Lg,4 is called the variational lower bound since logpg(x) = Lo, 4.

« For a fixed 6, minimizing the KL-divergence wrt ¢ is similar to maximize Lg 4.

« For a fixed ¢, maximizing L4 4 wrt 6, maximizes the expected log-likelihood of
the data.
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VAEs loss function

« Let's summarize!
The loss function to minimize is —Lg 4 and can be rewritten as:

—Eingy(zlo) [logpo(z | 2)] + Dkr(gs(z | 2) [ po(2)) -
« The first term is called the reconstruction loss: if pg(x | 2) is Gaussian, then it
becomes an MSE.

« The second term can be seen as a regularizer toward the prior distribution of
the latent variable pg.

neural network neural network

encoder decoder

x X=d(z)

loss = || x- X + KL[ N, )] = [[x-d(2)|]2 + KL N0, 1]

Figure: From towardsdatascience
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https://towardsdatascience.com/understanding-variational-autoencoders-vaes-f70510919f73

One last problem! How to backprop?

We need to be very careful about the way we sample from the distribution
returned by the encoder during the training.

« Problem: Impossible to backpropagate through a stochastic node like 2.

NZ\
0. /"

« Solution (ex. for a Gaussian posterior): Let's write z = p; + 0. © € with
e ~ N(0,1) to have a differentiable path end-to-end.

B —d]
rT— z — —
Uz/‘ T

Reparametrization trick
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Outline

Variational AutoEncoders

From VAEs to VQGANs
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From VAEs to VQGANSs

Van Den Oord et al. (2017) propose a Vector Quantized VAE. It differs
from VAEs in two key ways:

« The encoder network outputs discrete, rather than continuous, codes.
« The prior is learnt rather than static.

The consequences are:

« It allows the model to circumvent issues of “posterior collapse” (i.e. when the
signal from the encoder is either too weak or too noisy, and as a result,
decoder starts ignoring samples drawn from the posterior).

« The discretization is done via a step of quantization.
« The prior distribution over the discrete latents p(z) is a categorical distribution.
« It and can be made autoregressive by depending on other z in the feature map.

« Esser et al. (2021) propose to add an adversarial loss to VQVAE to obtain
VQGAN.
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Vector-quantized latent space

real/fak
v

Transformer

p(s) = [T p(sils<i)

f
r
r
r

f
f
r

CNN
Discriminator

CNN
Decoder

Figure: Introduction of VQGANSs from Esser et al., 2021.
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Unifying NLP and Computer Vision

« VQGAN aims at training a triplet (£, D, C) (encoder, decoder, codebook).

« With a trained encoder E, for any dataset of images D, one can create a
dataset of sequences Dg.

« One can train any language model on Dg (Transformers, RNN, etc...), to be
able to generate likely sequences.

« After that, use the decoder to decode them into images.

« TLTR, all the known language models (including the newest LLMs) can now
be used to generate images.
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Generating images with Transformers

conditioning samples
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Properties of this VQ latent space (1)

Figure: Each VQGAN token is strongly tied to a small spatial area in the image
space. Perturbed images lead to variations of tokens in the latent space.
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Properties of this VQ latent space (2)

Figure: Each VQGAN token is strongly tied to a small spatial area in the image
space. Collages of images can easily be done with collages of latent
representations.
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Properties of this VQ latent space (3)

Original. Difference between VQGAN  reconstruc- Difference between VQGAN plus la-
original and VQGAN tion. original and VQGAN tent optimization
plus latent optimiza- reconstruction.

reconstruction.
tion reconstruction.

Figure: From Issenhuth et al., 2021: one of the PBS from the VQGAN discrete
space is that it can have a lower ability to reconstruct images.

Generative Models: old and new.



Image manipulation with VQGANSs

Denoising Completion Compositing Seribble-edit Crossover

2a
R4

i b i

Figure: From Issenhuth et al., 2021: one can train a discrete space model to
manipulate images.
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Text-to-Image models with a VQ latent space

Two famous large scale models are based on this reconstruction

« DALLE (Ramesh, Pavlov, et al., 2021):

« Pathways Autoregressive Text-to-Image model (PARTI, Yu et al., 2022)
Some numbers:

« Detailed comparisons of four scales of Parti models — 350M, 750M, 3B and
20B — and observe consistent improvements.
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Model Comparisons

| Model | Sampling | Training | Stability | Results | Efficiency |

Sharp
GANs Generator Min-max but mode
collapse
ELBO .
VAEs Generator (AE + KL) Collapsing

Flows Generator Exact NLL

Auto-
AR regressive Exact NLL
generator
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Diffusion & Score-based models
Introduction
Theory of diffusion models
Understanding score-based models
Diffusion & GANs
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Diffusion & Score-based models
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Moving away from likelihood with Diff. models

Diffusion models replace
the generator and instead
estimate the score function
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The rise of Diffusion models

« Stable Diffusion (Rombach et al., 2022): 330 citations in a year (only 95
papers cited Goodfellow et al., 2020 in 2014-2015).

Imagen
by Google Brain
May 2022

Flow-based models T
GANs |

VAEs | GLIDE
I
|
I

Stable Diffusion
by Stability Al & RunWay
August 2022

by OpenAl
December 2021

DALLE 2

by OpenAl
April 2022
DALLE
by OpenAl
January 2021
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Intuition

easy!

Generating by Inverting Noise

« We know how to get noise from an image.
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Intuition

easy!

hard!

Generating by Inverting Noise

« We know how to get noise from an image.
« Diffusion models learn the reverse process to generate images from noise.

Generative Models: old and new.



Outline

Diffusion & Score-based models

Theory of diffusion models

Generative Models: old and new. 66 / 96



Variational Approach

Po(Xt—1]%¢)
@H — ) @—) )
xt—|;(t 1 .
Ho et al. (2020).
e q(x¢ | ®—1): noise process, usually additive Gaussian noise:
alee | 2er) = N (VI= B, Bl
hence q(z: | o) = N (vauwo, (1 — ax)I) .

e g(z¢—1 | @): true unknown denoising process.
e po(xi—1 | ©): parameterized, approximate denoising process.

« Similar to a hierarchical VAE, we have only access an ELBO can be derived;
difference: roles of the encoder and decoder switched.
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Variational Approach

Po(X¢—1]%¢)
@H H@ @H H

Ho et al. (2020).

e q(x¢ | ®—1): noise process, usually additive Gaussian noise:

alee | 2er) = N (VI= B, Bl
hence q(z: | o) = N (vauwo, (1 — ax)I) .

e g(z¢—1 | @): true unknown denoising process.
e po(xi—1 | ©): parameterized, approximate denoising process.
« For large enough T', q(zr) * N (0,0 I), so we choose pg(z7) = N (O, 021).

« Similar to a hierarchical VAE, we have only access an ELBO can be derived;
difference: roles of the encoder and decoder switched.
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Parameterization & ELBO (Informal)

Po(Xt—1]%¢)
@ = () @ o
Xt|Xt_1 .
« The varlatlonal lower bound gives:

gz [ To) , Lo.

log po(z) = Eo\.p~q(e1.7lz0) 108 po(zo:7)
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Parameterization & ELBO (Informal)

Po(Xt—1]%¢)
@ = () @ o
Xt|Xt_1 -
« The varlatlonal lower bound gives:

q(ziT | T0)
1080 (2) 2 Bey pmatosirieo log £ 00+ £

« To keep all KLs between Gaussians and knowing g(z: | zo), we choose:

pg(a:t_l | xt) =N (,Uz@(xtyt)yo'tz-I) )

M(xt,t)=ﬁ@v%ag(%t)).
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Parameterization & ELBO (Informal)

Po(X¢—1]%¢)
@H —E@— @H H

Q(Xt|xt—1)
« The varlatlonal lower bound gives the following Ioss function:

a(@rr | 20)

= Lo.
po(xo:T) ¢

log po () = Eay.p~q(ey.rlw0) 108
« To keep all KLs between Gaussians and knowing g(z: | zo), we choose:

pg(a:t_l | xt) =N (,Uz@(xtyt)yo'tz-I) )

M(xt,t)=ﬁ@v%ag(%t)).
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Parameterization & ELBO (Informal)

Po(Xt—1]%¢)
@ e O @ o
Q(Xt|xt—1) .
« The varlatlonal lower bound gives the following Ioss function:

a(@rr | 20)

= Lo.
po(xo:T) ¢

log po () = Eay.p~q(ey.rlw0) 108
« To keep all KLs between Gaussians and knowing g(z: | zo), we choose:

pg(mt_l | xt) =N (,Uz@(wtyt)yo'tz-I) )

jo(e, ) = ﬁ <xt - \/%ag(xt,t)) .

« Intuitively, ¢ (x¢, ) aims at reconstructing the noise £ ~ N (0, I) used to

perturb x¢ into z: = \/arxo + /1 — €.

Loy = ZEIO,E f(a,Be,on) e — o (a:t,t)”z, Tt = \Jorxo + V1 — e,
t
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In Practice

Po(Xe—1]%¢)
Oz @ @ G

Xt|xt 1

« Inference:

- sample z7 ~ po(ar) = N (0,021),

- sequentially generate ;s from pg(x¢—1 | ) until the final sample xo.
« ¢ is a large U-Net, or a transformer;
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In Practice

Po(Xe—1]%¢)
Oz @ @ G

Xt|xt 1
« Inference:
- sample z7 ~ po(z7) = N (0,021),
- sequentially generate ;s from pg(x¢—1 | ) until the final sample xo.
« ¢ is a large U-Net, or a transformer;
« The loss function is usually simplified:

2
Ly = ZEzO,E flonp701) € — €0 (\/atwo +v1- ats,t)
t 2

« Hundreds of diffusion steps are used to generate images: we would like to skip
some of them.
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In Practice

Po(Xe—1]%¢)
Oz @ @ G

Xt|xt 1)
« Inference:
- sample z7 ~ po(ar) = N (0,021),
- sequentially generate ;s from pg(x¢—1 | ) until the final sample xo.
« ¢ is a large U-Net, or a transformer;
« The loss function is usually simplified:

2
Ly = ZIExO,E flonp701) € — €0 (\/atwo +v1- ats,t)
t 2

« Hundreds of diffusion steps are used to generate images: we would like to skip
some of them.

Change of Paradigm

The variational approach is not adapted!
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Outline

Diffusion & Score-based models

Understanding score-based models
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Score Function

« The whole goal of score-based models is to train a neural network sg(z) to
learn Vlogp(z), called the score function:

Vzlogpe(x) ~ se(x).

« We can represent the score model as a neural network, trained by minimizing
the Fisher Divergence with the ground truth score function:

2
Eye) |so(2) = Vp(@)[3)
« We don’t have access to the ground truth score function for real data, so we

use score matching approaches to minimize the Fisher divergence without the
ground truth.

« How do we learn a function sg : RP — R such that s¢(z) ~ V. log p(z).
We estimate the score from a kernel density estimator ¢ (%) = + 3., ¢o (Z|z:),

N
such that s¢(z) ~ Vzlog ¢o(2) ~ V; logp(z).
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Score Function: Sampling

« Score function is the gradient of the log likelihood with respect to data x

« This gradient tells us what direction in data space to move in order to increase
the likelihood of z

« Score function defines a vector field over the data space, pointing toward the
modes

« We can generate samples by starting at any point and following the score until
we reach a mode, using Langevin dynamics:

Tip1 — ;i + cVlog p(x;) + V2, 1=0,1,..., K

» xo is sampled from a prior

» € ~ N(0,1); ensures that we hover around a mode without collapsing into it,
and allows for stochastic trajectories
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Score Function: Sampling Trajectories

P IR SR SANENE NA NS

Figure 6: Visualization of three random sampling trajectories generated with Langevin dynamics, all starting
from the same initialization point, for a Mixture of Gaussians. The left figure plots these sampling trajectories
on a three-dimensional contour, while the right figure plots the sampling trajectories against the ground-
truth score function. From the same initialization point, we are able to generate samples from different
modes due to the stochastic noise term in the Langevin dynamics sampling procedure; without it, sampling
from a fixed point would always deterministically follow the score to the same mode every trial.

Figure: Figure from Luo, 2022
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Score Function Training: Noise Levels

Using multiple levels of Gaussian noise addresses the following issues with
score matching: p;(2;) = {p(z)N (z,02I) dz (Song and Ermon, 2019).

Problem 1

Score function is ill-defined when z lies on a low-dimensional manifold in a
high-dimensional space

Data density Data scor_es Estimated scores

u.u__s_:..\.a' PRI
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Score Function Training: Noise Levels

Using multiple levels of Gaussian noise addresses the following issues with
score matching: p;(2;) = {p(z)N (z,02I) dz (Song and Ermon, 2019).

Problem 2

Learned score function estimate obtained from score matching is not
accurate in low density regions

Adding Gaussian noise will increase the area each mode covers in the data
distribution, which adds more signal for training in low-density regions

Estimated scores

Data density
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Score Function Training: Noise Levels

Using multiple Ievels of Gaussian noise addresses the following issues with
score matching: p¢(z¢) = {p(z)N (z,071) dz (Song and Ermon, 2019).

Problem 3

Langevin dynamics may not mix in the case where the true data is a
mixture of disjoint distributions and might hinder the accuracy of score
estimation.

Adding multiple levels of Gaussian noise with increasing variance will result in

intermediate distributions that respect the ground truth mixing coefficients.
o1 < o2 < 03
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Slow mixing of Langevin dynamics

i.i.d samples Langevin dynamics samples # Annealed Langevin dynamics samples

2 2 2
0 0 0
-2 -2 -2
-4 -4 -4
-6 -6 -5
-8 -8 -8
-5 0 5 -5 0 5 -5 0 5
(a) (b ()

Figure 3: Samples from a mixture of Gaussian with different methods. (a) Exact sampling. (b)
Sampling using Langevin dynamics with the exact scores. (c) Sampling using annealed Langevin
dynamics with the exact scores. Clearly Langevin dynamics estimate the relative weights between
the two modes incorrectly, while annealed Langevin dynamics recover the relative weights faithfully.
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Score Function: a recap

« We then get back the same Lo as before:

T
Lo = Z )\(t)]EzO“pdatavzt“po't (zt|zo) [”39(37775) - VIngt(mt | 330)”2]
t=1

» A(t): Positive weighting function that is conditioned on noise level ¢
« We use annealed Langevin dynamics to generate samples
» Run Langevin dynamics for t = T, T — 1,...,2, 1 sequentially
» Initialize from some fixed prior
- Each sampling step starts from the final sample of the previous time step

> Noise levels steadily decrease over time ¢, and we reduce the step size over
time, so the samples converge to the true mode

» Similar to sampling a variational diffusion model
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Unifying diffusion & score-based models

« We can generalize diffusion models to an infinite number of time steps or noise
scales — continuous time.

« From a score-based perspective, perturbation of the data can be represented as
a stochastic process, described by a stochastic differential equation (SDE).

« Sampling requires reversing the SDE — requires estimating the score function
at each continuous noise level.

Forward SDE (data — nonse)
dx = f(x,t)dt + g(¢ —)@
' . score functlon
dx:[f(x,t)_gz(tmg @

Reverse SDE (noise — data)

Song, Sohl-Dickstein, et al. (2021).
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Beyond White Noise

Perturbations other than Gaussians are possible!

Forward Reverse

Generated

Original

Degraded

Noise

Snow Pixelate Mask Animorph Blur

Bansal et al. (2022).
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Outline

Diffusion & Score-based models

Diffusion & GANs
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Combining GANs and Diffusion
Replacing score by GANs in diffusion...

Denoising Process with Unimodal Gaussian Distribution

N A A A A A

J

Data Noise

Data Noise

Denoising Process with Our Multimodal Conditional GAN

Denoising Diffusion GANs (Z. Xiao et al., 2022).
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Combining GANs and Diffusion

. training a noise-perturbed GAN (Sgnderby et al., 2017)!

[ Diffusion Process: y ~ q(y|x,t),t ~ p, ]

X~ p(x) y|t—100 y|t—300 y|t—600 ylt= T—1000
DG, t) )
— Yyt =100 s = 300 BlE=60 oy le=T =100
1
[ Diffusion Process: y; ~ q(yg|xg.t),t ~ py ] [ Tis adaptively adjusted. ]

Diffusion GANs (Zhendong Wang et al., 2022).

To facilitate GANs training, Diffusion GANs use a diffusion process to
generate Gaussian-mixture distributed instance noise.
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Model Comparisons

] Model ‘ Sampling ‘ Training ‘ Stability | Results ‘ Efficiency |
. Nash Sliery
GANs Generator Min-max S but mode Fast
equilibrium
collapse
ELBO . Blurry
VAEs Generator (AE + KL) Collapsing - Fast
Diffusion D|fferer.1t|a| Denoising OK SOTA Slow
equation
Insuffi-
Flows Generator Exact NLL OK cient for Fast
images
Auto- Pro-
AR regressive | Exact NLL OK SOTA e
hibitive
generator
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Outline

Challenges of Large Generative Models
Large generative diffusion models
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Outline

Challenges of Large Generative Models
Large generative diffusion models
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Text2lmage model with diffusion

Diffusion models have been largely used for text2image generation.
Among the most famous works, we can name:

« DALLE2 Ramesh, Dhariwal, et al., 2022: diffusion-based decoder conditionned
on a CLIP embedding. A two step learning: a prior that produces CLIP image
embeddings, and a decoder that generates images.

« Imagen Saharia et al., 2022: use of pre-trainded large language models for text
encoder. Increasing the size of the language model in Imagen boosts both
sample fidelity and image-text alignment much more than increasing the size
of the image diffusion model.

« Stable Diffusion 1 &2 Rombach et al., 2022: to increase both the
inference/training, and reduce the compute power, the diffusion is done in
latent space of powerful pretrained autoencoders.

Important note: only large scale text2image open-source generative model.
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Using CLIP as a conditioning

Figure: From Ramesh, Dhariwal, et al., 2022: reconstruction and interpolation
with CLIP diffusion.
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Challenge 1: problems when generating humans

DALL-E 2

Figure: From Ramesh, Dhariwal, et al., 2022: all large scale generative models
still have issues with generating humans: especially faces, hands.
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Challenge 2: spelling issues & hidden language

'TAVCOPINITEGOOS
VICOOTESS

Apoploe
vesméaitais

(c) Image generated with the

with (b) Image generated with the

generated
prompt: “Vicootes.”

(a)  Image
the  prompt: “Two farmers
talking about vegetables, with

subtitles.”

“line

(c) Prompt: “3-D (d) Prompt:
rendering of Apoploe art, Apoploe
vesrreaitais” vesrreaitais”

(a) Prompt: (b) Prompt:
“Painting of Apoploe ‘“cartoon, Apoploe
vesrreaitais”

vesrreaitais”
Figure: From Daras et al., 2022.
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Challenge 3: Customizing & Control

« Finetuning the textual encoder: Textual inversion from Gal et al., 2022.

« Finetuning the visual decoder with Dreambooth from Ruiz et al., 2022 +
details here.

Input images wom by a bear at Mt. Fugi on top of snow with Eiffel Tower

Figure: Dreambooth example from Ruiz et al., 2022.
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https://huggingface.co/blog/dreambooth

Challenge 4: multi-modality

S

Failures: incorrect relative scaling, Failure: improper handling of negation or
physically impossible configuration. indication of absence.

Figure: From Yu et al., 2022

Left: A shiny robot wearing a race car suit and black visor stands proudly in
front of an F1 race car. The sun is setting on a cityscape in the background.
comic book illustration.

Right: A plate that has no bananas on it. there is a glass without orange juice
next to it.
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Challenge 5: Filtering the data

« The main goal is to reduce graphic and explicit training data.
« But also to prevent image regurgitation.

« Stable Diffusion: unfortunately, the filter dramatically cut down on the number
of people in the dataset and that meant folks had to work harder to get similar
results generating people.

Unfiltered Filtered

Figure: From From DALLE's blog: generations for the prompt “military protest”
from our unfiltered model (left) and filtered model (right). Notably, the filtered
model almost never produces images of guns.

Generative Models: old and new. 86 / 96


https://openai.com/blog/dall-e-2-pre-training-mitigations/

Interesting links and open-source models

« LAION project: largest open source dataset and CLIP model here.
« Stable Diffusion project Stability.ai.
« A large list of examples for DALLE2 here.
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https://laion.ai/blog/laion-5b/
https://stability.ai/
https://towardsdatascience.com/dall-e-2-explained-the-promise-and-limitations-of-a-revolutionary-ai-3faf691be220

Latest developments with Midjourney




Al wins art competitions

Figure: Jason M. Allen via Midjourney

Context: Mr. Allen submited one of his Midjourney creations to the
Colorado State Fair, which had a division for “digital art/digitally
manipulated photography.”
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Artists strike back

ARTIFICIAL INTELLIGENGE / TECH / CREATORS

Al art tools Stable Diffusion and
Midjourney targeted with copyright
lawsuit

Home | ArtinAmerica | Features

Artists Are Suing Artificial Intelligence Companies and the
Lawsuit Could Upend Legal Precedents Around Art

Artists and lllustrators Are Suing Three A.l. Art
Generators for Scraping and ‘Collaging’ Their
Work Without Consent
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Outline

Some open questions
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Are GANs memorizing the dataset?

Generated sampl

« Few shot learning regime: memorization doable...

« Huge dataset. K — o0 = underfitting, impossible to memorize ?

However, here is a recent observation:

Figure: Left: prompt "a beautiful green forest with a lake and snow -capped
mountains in the background". Right: Banff, Alberta, Canada.
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Are WGANSs working because they fail ?

Figure: Left: W (un, fin) = 51.40, Right: W (in, %) = 40.15 (k-means)
(Stanczuk et al., 2021)

« Interesting properties of convolutional networks 77

argmin dg (pn, fto) # argmin diip, (fin, Ho)-
6c© 0e©

« The discriminator punishes more samples out of the target manifold...
« Failure of the Ly distance as a perceptual distance.

Generative Models: old and new. 92 / 96



Are difusion models better than GANs?

2022 has seen the rise of Diffusion models.
« Better empirical results (FID). Is it fair?

« First, large difference in the datasets they were trained on.
« ImageNet (15 million) vs LAION (2-3 billions).

« GANs are unstable: there is a significant difference in the losses used. DMs
might just be smoother.

« DMs are easier to scale than GANs.

« GANs may be still less understood than other models (room for improvement?).
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No free lunch theorem ? Generative Trilemna

High
Quality
Samples

'\ Denoising
., Diffusion
/- Models

Generative
Adversarial / \._
Networks/:

Fast
Sampling

/

N L S

Variational Autoencoders,
Normalizing Flows

Figure: There is a trade-off between performance, inference speed, and the
diversity Z. Xiao et al. (2022).
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What generative models can be applied to text?

Large Language Models have also risen these past few years.

« OpenAl GPT1, GPT2, and GPT3.

« OpenAl ChatGPT

« All these models are autoregressive likelihood-based auto-regressive training
objectives.

« Are latent spaces useful/necessary in this setting?

Some weak examples

« GANSs are ill-posed to deal with discrete outputs: calls for reinforcement
learning.

« MALIGANSs Che et al., 2017, discriminative search (Scialom et al., 2020).

« Continuous (X. L. Li et al., 2022) or discrete (Reid et al., 2022) diffusion for
text.
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Thank you!

Any questions?
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