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Point of view

A lot of progress in generative models has been made not only due to changes in
models and objectives, but a lot due to deep learning progress.

Today we will discuss a few case studies and provide historical context.
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Disclaimer

This is a very broad overview of the field, there are many other interesting works
that cannot be covered due to time constraints. If | missed anything, this is not a
statement about the value of that respective work.

There are slides with additional references at the end of the talk.
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Generative modeling

Learn a model of the true underlying data distribution
p (x) from samples

X1, X2 Xn
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Generative modelling: a recipe

e Find an objective
e Find a model
e Find a way to learn the model using your objective
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The objective
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Measuring distances between distributions

— pol(x)
— P

D (L K LK A AN L 2 1]

How can we measure the distance between these two distributions?
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Measuring distances between distributions

— po(x)
¢ pix)

L 2, 44 90 ¢

Caveat: we only have samples from the true distribution.
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Divergence and distance minimization

© The objective of generative models is often to minimize a divergence or distance.
O Most common: Maximum likelihood (KL divergence).

Why divergence/distance minimization?

D(p*|lps) =0 = pg =D

X
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KL divergence - maximum likelihood

KL(p" (0)llpo(x)) = [ () log 2 ) i

po(x)

= —/p*(x) log pg(x)dx
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KL divergence - maximum likelihood

| €M) = | o (x) 1oe 2 o
w KL Gollpo(0) = [ 97 (x)log X

= —/p*(x) log pg(x)dx

mx [« () 10g po (x)
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Want to learn more?

Goodfellow, et al. NIPS 2016 Tutorial:

Effects of the choice of divergence W=

KL(pe.p ")
KL(p :Pe) ” m—iPg

f\ ﬂ i —*
— p*
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Jensen Shannon divergence

pe+p*) . pe+p*)

JSD(pg,p™) = KL(py, - KL(p™, 5

JSD(p”™, pe)

ﬂ n —




Want to learn more?

Other divergences and distances |

Wasserstein Distance

W(p*,po) = ||fS|1|1p<1 Ep+ (x)f(X) — Ep, x) f(X)

f(z) = fy)l < |z -y



Want to learn more?

Other divergences and distances |

Wasserstein Distance

W(p*,ps) = Sup_ Ep (x) f (%) = Epy(x) f (%)

oo oo oo ° HEH L
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Given a (fixed) model family, different divergences can lead to a vastly
different distribution.

Motivation for studying the effect of different divergences and distances and
their properties.
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Generative modelling: a recipe

Fiod biceti

e Find a model
e Find a way to learn the model using your objective
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The model
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Explicit models - autoregressive models

po(x) = Hpe(wz'lwa)

e Pro: Very expressive
e Challenge: Slow at sampling (though can be parallelize)
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Want to learn more?

Explicit models - normalizing flows W

A

dfy " (z) |
dz 77

fo £ py(y) = px(fy ' (y)) det

X and Y have the same dimension!

Challenge: modeling invertible functions using neural networks
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Explicit latent variable models
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Explicit latent variable models

mx [« () 10g po (x)
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Went to learn more?

Variational autoencoders need expressive p%s'tyesériors

1@
7’

’

7

an(2]z) po(z|2)

\

N\
approximate posterior,
usually a Gaussian AN

N\

log po(x) > Ey (z1x) log pe(x|z) — KL(qy(2z(x)||p(2))
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Implicit models - latent variable models

Directly the sampling path, without require
likelihoods explicitly (no need for the sum rule).

Caveat: you only get samples from the model.
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Generative modelling: a recipe
Find bieeti
o—Find-a-model
e Find a way to learn the model using your objective
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mein E(6)

Done: we know everything we need to
care about when learning about
generative models.
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The secret sauce:
training stability
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Historical context

A lot of progress in generative modelling has been made due to improvements in
training stability and optimisation, as well as architectural changes.

We will now go through a few examples.
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Variational autoencoders need expressive posteriors

1@
e

’

7

an(2z) pe(z|2)

\

N\
approximate posterior,
usually a Gaussian AN

N\

log po(x) > Ey, (2)x) log po(x|z) — KL(gy (z|x)||p(z))
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Variational autoencoders need expressive posteriors

KL [p*|lp] < C' = Epua) [Eq, (212) log po(z]2) — KL[gy (2[2)]|p(2)]]

_— Gaussian l

posteriors - ‘I
L JadS

. _ : : i
j o : \ prior mass
2= a0 1 2 R e e 1 2 3 not covered by * ‘n ”

5 5 posteriors ;i 2>
(a) Prior distribution (b) Posteriors in standard VAE

Image credit: Improved Variational Inference with Inverse Autoregressive Flow, Kingma et al, Neurips 2016 Mihaela Rosca, 2023



Variational autoencoders need expressive posteriors

Latents Zy e Z

. o '
approximate posterior,

usually a Gaussian N
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Variational autoencoders: flexible posteriors

Lyag(2) = Eq(z[a) [log p(x]2)] — KL(q(21[2)][p(21)) ZEq(zdm [KL(q(21|2, z<1)[|p(21]2<1))]
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Variational autoencoders: flexible posteriors

Lyag(2) = Eq(z[a) [log p(x]2)] — KL(q(21[2)][p(21)) ZEq(zdm [KL(q(21|2, z<1)[|p(21]2<1))]

Challenge: hard to learn.

We have a probabilistic solution, but a practical problem.
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NVAE: parametrization

The deep learning solutions:

good activation functions

batch normalization

Spectral regularization for the posteriors
residual parametrization

NVAE: A Deep Hierarchical Variational Autoencoder, Vahdat et al, Neurips 2020 Mihaela Rosca, 2023



NVAE: parametrization

The deep learning solutions:

e good activation functions
e batch normalization

e Spectral regularization for the posteriors
o encourage Lipschitz smoothness
o posterior parameters should not change too much with changes in input

e residual parametrization for the posteriors
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NVAE: parametrization

The deep learning solutions:

good activation functions
batch normalization
Spectral regularization for the posteriors

residual parametrization for the posteriors
o gradients flow better (encoder needs to learn the difference to the prior)
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NVAE: parametrization

The deep learning solutions:

good activation functions

batch normalization

Spectral regularization for the posteriors
residual parametrization for the encoder

Figure 1: 256 x256-pixel samples generated by NVAE, trained on CelebA HQ [28].

ihael ,
Image credit: NVAE: A Deep Hierarchical Variational Autoencoder, Vahdat et al, Neurips 2020 Mihaela Rosca, 2023



Generative Adversarial Nets

Discriminator

real
—-Or
generated?

real data distribution p\

Generator

parameters ()

generator distribution {6
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Generative Adversarial Nets

How to answer “real or generated?”

Based on divergences (though not exact!)

Original GAN: JSD
Wasserstein GAN
MMD-GAN

f-GANs
o f-divergences like the KL and JSD

many more works!
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Generative Adversarial Nets

. Goodfellow, et al. Generative adversarial
networks. NIPS (2014)

Karras et al. A Style-Based Generator
Architecture for Generative
Adversarial Networks CVPR (2019)
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Generative Adversarial Nets

A lot of progress in GAN samples was made with:

e changes to architecture
e increasing the importance of conditioning
e optimization
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Generative Adversarial Nets: Optimization

Tricks to scale GANs:

e Use Spectral Normalization
o decreases learning rate sensitivity
o note: model normalization technique but affects optimization
m (notonly for GANSs, also in RL)

W —W/o(W)

o
Q
Z
<
O
<

Image credit: Spectral Normalization for Generative Adversarial Networks, Miyato et al, ICLR 2018

higher is better

Mmoo W >

.
w differen|

hyperparameter
settings
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Generative Adversarial Nets: Optimization

Tricks to scale GANs:

Data Samples at iteration 6000

e optimization unstable
o large batch sizes help
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Generative Adversarial Nets: Optimization

Tricks to scale GANs:

e Adam:
o important
o beta, (momentum) low: 0 or 0.5

Adam: A Method for Stochastic Optimization, Kingma et al, ICLR 2015 Mihaela Rosca, 2023



Generative Adversarial Nets: Optimization

Tricks to scale GANs:

Non-saturating loss

e Adam: ,
o important S6
o beta, (momentum) low: 0 or 0.5 u
s I
B4
S
£ /
2 "
1o 1 2 3 4
Iteration le5

GAN training
Higher is better

still, performance degrades later in training!
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Generative Adversarial Nets: Optimization

Understanding optimization in generative models can be theoretical!

Observed problem:

gradient descent and its variants (Adam) struggle to train GANs.

Idea:

use continuous time (ODEs) to understand the training dynamics of the model!

Mihaela Rosca, 2023



ODE-GAN

Theory: Inception Scores
_ . (higher is better)
Continuous dynamics converge to a local Nash 8.0
equilibrium. 75
7.0
Practical implications: 3
6.0 1
Do not use gradient descent/Adam, but higher
order integrators (RK4) to better follow 2 —— ODE-GAN
. . —— SNGAN
continuous dynamics. 5.0 ,
0 600000 1200000

Step

Image credit: Training Generative Adversarial Networks by Solving Ordinary Differential Equations, Qin ewhaaf,la Ri’écdr%%é 2020



Discretization Drift in Two-Player games

Question:
Simultaneous updates, zero sum

What makes gradient descent be At e
unstable, when its continuous o
. = 61
counterpart is not? o
V] 5 4
(o=
o
2%
S 3 SGD
. . . c 2 —
Quantify mathematically and use it to a NN T oy
improve the performance of SGD in —— Adam
GANs! ‘o 1 2 3 & 5 e
Iteration e

L. L. . Mihaela Rosca, 2023
Image credit: Discretization Drift in Two-Player games, Rosca et al, ICML 2021 naciaroses



Generative Adversarial Nets: Conditioning

Class

— 4x4x16ch

Image

/ insert conditioning all through the network

(not only concatenated with the input)

Image credit: Large Scale GAN Training for High Fidelity Natural Image Synthesis, Brock et al, ICLR 2018
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Diffusion models

model path

pext1|xt
@H — @ @H H

\__—’

inference path

add Gaussian noise

You can think about diffusion models as a particular formulation of hierarchical
VAEs (though latents have same dimension as data)!

Image credit: Denoising Diffusion Probabilistic Models, Ho et al, Neurips 2020 Mihaela Rosca, 2023



Diffusion models KL (p(@t-1|¢)||q(@e-1 e, z0)
model path

pe X¢— 1|Xt
Og O Fg —E
i’ IR

add Gaussian noise

~N

inference path

Image credit: Denoising Diffusion Probabilistic Models, Ho et al, Neurips 2020 Mihaela Rosca, 2023



Diffusion models

pext1|xt
@H — @ @H H

\__—’

e Simple optimization criteria, much more stable than GANs

e Conditioning

Image credit: Denoising Diffusion Probabilistic Models, Ho et al, Neurips 2020 Mihaela Rosca, 2023



Diffusion models KL (p(@t-1|¢)||q(@e-1 e, z0)
model path

pe X¢— 1|Xt
Og O Fg —E
i’ IR

add Gaussian noise

~N

inference path

Image credit: Denoising Diffusion Probabilistic Models, Ho et al, Neurips 2020 Mihaela Rosca, 2023



Diffusion models - optimisation

Algorithm 1 Training
1: repeat
2: X ~ q (X 0) regression loss to unit gaussian sample
. . dense learning signal due to specific
3t~ Unlform({l? T 7T}) parametrisation of Gaussian mean
4: €~ N(0,I)
5: Take gradient descent step on

Vo ||e — €g(v/arxo + V1 — &te,t)||2

6: until converged

Algorithm credit: Denoising Diffusion Probabilistic Models, Ho et al, Neurips 2020
Mihaela Rosca, 2023



Diffusion models - conditioning

conditioning

NN\ o e
g O Og

Q(Xt|xt—1)

lterative process: natural way to insert conditioning into the sampling process.

See: classifier guidance, classifier free guidance.

Image credit: Denoising Diffusion Probabilistic Models, Ho et al, Neurips 2020
Great blog post on guidance: https://sander.ai/2022/05/26/guidance.html Mihaela Rosca, 2023



Maximum likelihood text LLMs

Great success with text generation done with transformers trained to maximize
likelihood. Here too, conditioning has been crucial.

Challenge: how to stabilize transformers at larger scale (entropy collapse of
attention layers).

Unlike other models, transformers cannot easily by trained with SGD with
momentum, and need Adam.
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Diffusion - classifier guidance and classifier-free guidance

Classifier guidance:

e does not need adjusting the training procedure, only the sampling procedure
e challenge: relying on classifier output for out of distribution, noisy data

p(xi—1|zt, c) o< p(xi—1 \«’Et)Z{(C|wt—12

pretrained classifier

Classifier-free guidance:

e update the training procedure
e train both conditional and unconditional diffusion model

p(xt—1|wt7 C)

p(xt—1|zt)

p(c‘mt—la wt) X
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