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Lecture Outline

< The implicit approach: learning a sampling process
< Principles of adversarial learning
A game-theoretic approach
<& Issues, limits and how to overcome them
< Notable GANs
<& Wasserstein loss
O Learning style transfer with nonaligned samples
s High resolution generation via progressive approaches
<& Conditional generation

&® Adversarial AEs: best of two worlds

‘ UNIVERSITA 1)\ ipE BACCIU - GDL COURSE

foyar o
l‘
G

¥)2
2575 DI PISA




Approaching the problem from a DL perspective

Given training data, learn a (deep) neural network that can generate
new samples from (an approximation of) the data distribution

Two broad families of approaches
& Explicit = Learn a model density Pg(x)

& Implicit = Learn a process that samples data from Pg(x) = P(x)
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A Taxonomy

Generative DL

densities densities
Visible Latent Direct Stochastic
Sampling RNN Generative Generative
Flow-based Adversarial Stochastic
Networks Networks
Variational Stochastic
Variational AEs Boltzmann _ _
. . . Adapted from I. Goodfellow, Tutorial on Generative
Diffusion Model Machines Adversarial Networks, 2017
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Adversarial Learning



Distribution Learning /s Learning to Sample

& \/ariational AEs learn to approximate an intractable distribution
Po(x) = ng(xlz)P(z)dz

then sample it to generate the output

& What if we learn to generate samples rather than learning the
distribution?
& Generative Adversarial Networks (GAN)
& Game theoretic approach
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The GAN Catch

®\We need to learn to sample from a complex, high-
dimensional training distribution

& No straightforward way to do this
& The catch

& Sample from a simple distribution: random noise

& Train a differentiable deterministic function (neural network) to
transform random noise to the training distribution
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Generative Adversarial Networks

Again, a two-steps Try to tell original

architecture samples from fake

Discriminator Network

Fake Original

|mages x Images

ua

VA Try to generate real looking samples that

can fool discriminator

Generator Network
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Alternate Optimization

C = Heli;n max [IEx[log Do, (x)| + E,|log(1 — Dy, (Go,. (Z)))]]

1 Y
Discriminator output for Discriminator output for
real data x fake data G(z)

& Discriminator output is likelihood of input being real
@ Discriminator tries to maximize C s.t.

DGD (X) — 1 and DQD (GHG (Z)) - 0
® Generator tries to minimize C s.t.
DQD(GQG(Z)) -1
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Alternate Optimization

€ = min max [E,[log Dg,, (x)] + E,[log(1 — D, (Goy(2)))]]

Oc 6Op
1. Discriminator gradient ascent

Cp = r%?)x [IEx[log Do, (x)| + E,|log(1 — DQD(GHG (z)))]]

2. Generator gradient descent

C; = min [E,[log(1 — Dy, (Go, (2)))]|

6
ol ' 1

Optimizing this doesn't really work
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The Issue and a Solution

The cost that the Generator receives in response to generate G(z) depends only on the
Discriminator response

— Minimax
— Non-saturating heuristic |

—  Maximum likelihood cost

—20
0.0 0.2 0.4 0.6 0.8 1.0
D(G(=))
(e = max [IEZ[log(DgD (G (Z)))” maximize likelihood of discriminator being
wrong
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GAN Training Pseudo-Algorithm

for number of trajning iterations do — Stability trick
for k steps do
e Sample minibatch of m noise samples {z1), ..., 2(™)} from noise prior p,(z).
e Sample minibatch of m examples {z(!),...,2(™)} from data generating distribution
pdala(a:)-

e Update the discriminator by ascending its stochastic gradient:

1 m 2 :
Vo 3 | 108 Das () + log(1 - Do, (Go, ()]

end for
e Sample minibatch of m noise samples {z(*), ..., z(™)} from noise prior p,(z).
e Update the generator by ascending its stochastic gradient (improved objective):

1 m -
Vol — ; log(Ds, (Go, (=)

end for \ Expectation
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A Hard Two-Player Game

& The optimal solution of the
min-max problem is a saddle
point

& Little stability
& Initially lot of heuristic work

& Now converged to more principled
solutions
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Notable GAN architectures



The DCGAN Architecture

Generator Discriminator
~100x1
Latent >
variable, z 39%32% 128 | 39539 % 198
Random 16 % 16 % 256 X.ar’ 16 x 16 x 256
8x8x 512 8x8x 512 Pr(real)
vector 4x4x 1024 4x 4% 1024 o
| o_a
P - G et s A O
Project and Fractional arctan Strided 4x4 sigmoid
reshape convolution convolution convolution
[ [']
' F k [ ]

Upconvolution +
batch normalization

Radford et al, “"Unsupervised Representation Learning with Deep Convolutional Generative Adversarial Networks”, ICLR 2016
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DCGAN Examples

— ..‘”

Radford et al, “Unsupervised Representation Learning with Deep Convolutional Generative Adversarial Networks”, ICLR 2016
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...and the mode collapse

Samples are low quality and tend to be similar one another
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...and the mode collapse

—_—
———.

Synthetized samples are too easy
to distinguish from real and the
gradient available to the generator
becomes tiny
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In search of a better loss

The Earth mover’'s distance (\Wasserstein)
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Distance, |i — j]

Wasserstein distance
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\Wasserstein Distance Models

Attempts to solve the hardness of training adversarial generators by
optimizing the Wasserstein distance (EMD) between the generator and
empirical distribution filtered trough the discriminator function D

G* =argmin W(u, ug)
G

= argmin sup |Ey_,[D(x)] — Ex-y.[D (x)]]
G |IDllL=1

ID||;, <1 Requires optimizing D under a constraint on
Lipschitz seminorm

& Clipping D weights (slow to converge)
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Effect of the Wasserstein Loss

1.0 r . . : - . l
\ — Density of real ® (Classical GAN loss results in
—  Density of fak : e -
08 e A Bt saturation (discriminator with
- WGAN Critic Zero |055)
0.6 | |

& Wasserstein GAN (WGAN)
provide gradients across all
the range of training

conditions
—0.2} o Vanishing gradients
" in regular GAN
—-0.4 L L L ! ] L L L
-8 -6 -4 -2 0 2 4 6 8
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https://arxiv.org/pdf/1701.07875.pdf
https://arxiv.org/pdf/1701.07875.pdf
https://arxiv.org/pdf/1701.07875.pdf

Latent Space Arithmetic

Can do sensible linear operations on noise vectors (arithmetic,
interpolation)

Radford et al, “Unsupervised Representation Learning with Deep Convolutional Generative Adversarial Networks”, ICLR 2016

‘“'—'“' UNIVERSITA 1y \\ipg BACCIU - GDL COURSE 22

=&Y DI PISA
1343



How to Get High Resolution Samples?

https://arxiv.org/abs/1710.10196
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https://arxiv.org/abs/1710.10196

Progressive GAN

G Latent
v
[ 4x4 |

Latent
v

4x4 |

8x8 |
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& ' Reals
v

h i
1024x1024

Training progresses
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https://arxiv.org/abs/1710.10196

Progressive GAN — Smooth Transition

! | |
G | 16x16 | | 16x16 | | 16x16 |
[2x ]
) | 32x32 |
l [ 32x32 | l
toRGB toRGB toRGB toRGB
| l—airlo: l
T g
' { !
D fromRGB o5k fromRGB fromRGB
fromRGB [ 3232 | L3232 |
| 0.5x
l-a vy
| 16%15 | | 15145 | [ 16x16 |
(a) (b) (c)

R >
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https://arxiv.org/abs/1710.10196

Conditional Generation
Learn a mapping from an observed side information x and a
random noise vector z to the fooling samples y

G:{x,z} >y
0-18 1929  30-39 40-49 50-59

Antipov et al, “Face Aging With Conditional Generative Adversarial Networks”, ICIP 2017
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Conditional Generation — Image2lmage

Labels to Street Scene Labels to Facade BW to Color

output
Day to Night

input output
Edges to Photo

output output input output

Isola et al, “Image-to-Image Translation with Conditional Adversarial Networks”, 2016
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Flavours of Conditional Generation

b) Auxiliary classifier GAN

a) Conditional GAN
Real examples
+ attributes RealI
examples
Latent Xi Latent X . —_—
variable C . variable sig[f1[e, @]
! i [f[l - (;b]] Probability
Z; —> . SIg » pair is real Zj —> softmax[f2 [. qb]]
. J
Cj Cj — € Generated .
Iscriminator
) D samples Discriminator
Attribute Generator Generateq samples Class Generator
vector + attributes
¢) InfoGAN
Real
| ..
exa;\P = Probability
Latent 1 . —_— is real
variable Slg[fl [.7 (rb]]
Zj —_— —_ X* f2 [.’ ('b] ——»  Estimate
Cj G J ted of ¢
enerate Discriminator
samples

Generator
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CycleGAN - Style transfer without pairing

Discriminator A

Decision [0,1]

Generator
A2B

Generator
B2A

Decision [0,1]

- Discriminator B

’ Discriminator A

Decision [0,1]

Generator
A2B

Cyclic_B

Enforce alignment by ensuring that generated images in domain B can
lead to good fakes in domain A and vice versa
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https://junyanz.github.io/CycleGAN/

Decision [0,1]

Discriminator B
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https://junyanz.github.io/CycleGAN/

CycleGAN Examples

https://junyanz.github.io/CycleGAN/

Monet T Photos Zebras _ Horses Summer _ Winter

Cezanne

Photograph ' Monet Van Gogh
UNIVERSITA
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https://junyanz.github.io/CycleGAN/
https://junyanz.github.io/CycleGAN/

Variational + Adversarial



Best of 2 worlds?

Adversarial autoencoders (AAE)

q(z|z) z ~ q(z|x) p(z|z)
I Encoder / GAN Generator \Decoder T
- 0,1
(z) Discriminator

Force the latent codes to be indistinguishable from samples of a priori
distribution
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Training AAE

L(x) = Eqllog P(x|2)]- KL(Q(z1)||P(2))

1
Replaced by an adversarial loss

& Reconstruction phase - Update the encoder and decoder to minimize
reconstruction error

® Regularization phase - Update discriminator to distinguish true prior
samples from generated samples; update generator to fool the
discriminator

& Adversarial regularization allows to impose priors for which we cannot
compute the KL divergence
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AAE Vs VAE

AAE yields a smoother
coverage of the latent
space

https://arxiv.org/abs/1511.05644
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Adversarial Autoencoder

10
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—10 0 10
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Variational Autoencoder

Single 2D
Gaussian
Prior
B0 5
Bl o
B2 37

=3 38
B4 Bl

Mixture of 10
2D Gaussian
Prior
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https://arxiv.org/abs/1511.05644

AAE — Style transfer (supervised)

Incorporate label information explicitly to
force z to capture class-independent
information (e.g. style)
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from N(z|0,T)

D"

—>[nput =
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<« |

x) One hot label vector
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https://arxiv.org/abs/1511.05644
https://arxiv.org/abs/1511.05644

AAE — Semi-supervised learning

Draw samples

from Carly) [ Factorize latent code in
IHHII fput > > _’@ ¢ One hot encoding vectory

& Continuous code z

Draw samples

from N (z|0, 1) +
;; _).Irlput —1 E —)‘@
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qy, z|x) L
X softma, |5] ] Distribution of y made little
/ - M > / distinguishable from a multinomial
— linear ;f; _ (induced from data)
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Software

& A list of acknowledged VAE implementations is kept by Kingma
& Plenty of DCGAN implementations
&
&
% Conditional GAN for image-to-image
& code
& S0 many GANSs: check out the historical list in the
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http://dpkingma.com/?page_id=393
https://pytorch.org/tutorials/beginner/dcgan_faces_tutorial.html
https://keras.io/examples/generative/dcgan_overriding_train_step/
https://github.com/junyanz/pytorch-CycleGAN-and-pix2pix
https://github.com/hindupuravinash/the-gan-zoo
http://dpkingma.com/?page_id=393
https://pytorch.org/tutorials/beginner/dcgan_faces_tutorial.html
https://pytorch.org/tutorials/beginner/dcgan_faces_tutorial.html
https://keras.io/examples/generative/dcgan_overriding_train_step/
https://keras.io/examples/generative/dcgan_overriding_train_step/
https://keras.io/examples/generative/dcgan_overriding_train_step/
https://keras.io/examples/generative/dcgan_overriding_train_step/
https://github.com/junyanz/pytorch-CycleGAN-and-pix2pix
https://github.com/junyanz/pytorch-CycleGAN-and-pix2pix
https://github.com/hindupuravinash/the-gan-zoo
https://github.com/hindupuravinash/the-gan-zoo
https://github.com/hindupuravinash/the-gan-zoo

Take Home Messages

® GAN — Learn to sample rather than learn the distribution
& Sample quality only recently surpassed by diffusion models (coming up)
& Unstable/difficult to train: distribution coverage issue
& Cannot perform inference (no distribution learning)
& Needs differentiable generator
& Many engineered architectures: cycle, progressive, ...

& Adversarial Autoencoders
& Leveraging adversarial penalties in place of KL regularization
& Useful to impose “complex” or empirical priors
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Next Lecture(s)

© VVAE coding practice (Tomorrow)
& Generative models with explicit likelihood (next week 28/04 & 30/04)

<& Autoregressive learning with fully visible information

<& Explicitly likelihood by change of variables

<> Normalizing flows in the discrete and continuous regime
<© No lecture on 29/04 (students’ assembly)!
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