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Generative Adversarial Networks (GANs) sxvMila

Goal : model the real data distribution

Neural networks!

Generator v/s Discriminator

https://arxiv.org/abs/1406.2661
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GAN: Generative Adversarial Networks s<>Mila
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GAN: Generative Adversarial Networks &0 Mila
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cGAN : Conditional GAN
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Conditional Generative Adversarial Nets https://arxiv.org/pdf/1411.1784.pdf

GANSs : the story so far

4 /28

Vikram Voleti


https://voletiv.github.io
https://mila.quebec/
https://arxiv.org/pdf/1411.1784.pdf

DCGAN : Deep Convolutional GAN % Mila

e Replaces all FC and pooling layers with convolutional layers

man man woman

with glasses without glasses without glasses woman with glasses

Unsupervised Representation Learning with Deep Convolutional Generative Adversarial Networks https://arxiv.org/abs/1511.06434

Vikram Voleti GANSs : the story so far 5 /28



https://voletiv.github.io
https://mila.quebec/
https://arxiv.org/abs/1511.06434

InfoGAN

Improves conditional dependence by maximizing mutual information between
latent code and generated image

(b) Elevation

(a) Azimuth (pose)

lar GAN (No clear meani

(b) Varying ¢ on regu

InfoGAN (Digit type)

(a) Varying ¢ on

(d) Wide or Narrow

(c) Lighting

InfoGAN: Interpretable Representation Learning by Information Maximizing Generative Adversarial Nets https://arxiv.org/abs/1606.03657
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ALl : Adversarially Learned Inference / &
BiGAN : Bidirectional GAN

e Discriminates on the joint distribution of noise and sample

o
]

features data
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Figure 1: The adversarially learned inference (ALI) game.

G.(x)

Figure 1: The structure of Bidirectional Generative Adversarial Networks (BiGAN).

(ICLR 2017) Adversarially Learned Inference https://arxiv.org/abs/1606.00704

(ICLR 2017) Adversarially Learned Inference https://arxiv.org/abs/1606.00704
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AC-GAN: Auxiliary Classifier GANs o

e Added auxiliary classifier to D
e Attempted ImageNet 128x128

Mlla

(c) AC-GANs

(Odena et al., 2017)

Adversarial Classificaition
loss loss

\

Yy

monarch butterfly goldfinch

Conditional Image Synthesis with Auxiliary Classifier GANs https://arxiv.org/abs/1610.09585
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WGAN : Wasserstein GAN

e Replaced JS divergence with Wasserstein distance - improved stability
e Notion of Lipschitzness for stability in GANs
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Wasserstein GAN https://arxiv.org/abs/1701.07875
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WGAN-GP : Wasserstein GAN with Gradient Penalty e

e Constrains the Lipschitz by constraining the gradient norm of D’s output
(instead of weight clipping as was done in WGAN)

DCGAN

Algorithm 1 WGAN with gradient penalty. We use default values of A = 10, ngigc = 5, @ =
0.0001, B1 = 0, B2 = 0.9.

Require: The gradient penalty coefficient A, the number of critic iterations per generator iteration

Neritic, the batch size m, Adam hyperparameters a, 31, B2.

Require: initial critic parameters wy, initial generator parameters 6.
1: while € has not converged do
fort =1, ..., neitic do

2:

00 SV (o S, B

9:
10:
11:
12:

fori=1,...m
Sample real
T+ Gg(z)

:c(—e:c—l—(l—e):c

LY « D, (%)
end for
w  Adam(V,,
end for

do
data z ~ P,., latent variable z ~ p(z), a random number € ~ U0, 1].

(@) {\[IV=Du @z~ 1]
P IL(’) w, o, B, B2)

Sample a batch of latent variables {2V}, ~ p(z).
6 «+ Adam(Vy L 3" —D,(Gy(2)), 0, v, B1, B2)
13: end while

LSGAN

WGAN (clipping) WGAN-GP (ours)
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Baseline (G- DCGAN D DCGAN)

Vikram Voleti

Bl . PEigen

>Mila

Improved Training of Wasserstein GANs https://arxiv.org/abs/1704.00028
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ProGAN : Progressive GAN 7

e Progressively trains to higher resolutions
e Firsttoproduce 1024x1024 images
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Training progresses

Progressive Growing of GANs for Improved Quality, Stability, and Variation https://arxiv.org/abs/1710.10196
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SNGAN : Spectral Normalization GAN

e Introduces Spectral Normalization to constrain the Lipschitz constant of D

[ 4
[
I/I

Our spectral normalization normalizes the spectral norm of the weight matrix W so that it satisfies
the Lipschitz constraint o(W) = 1:

Wsn(W) := W/a(W). (8)

WGAN-GP | g

Dataset

Spectral Normalization for Generative Adversarial Networks https://arxiv.org/abs/1802.05957
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BigGAN S

e SOTArresults on condition high-res image generation from ImageNet
e Bumped up batch size using TPUs
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Inception score (128x128) 166.3 from 52.52, FID 9.6 from 18.65

Large Scale GAN Training for High Fidelity Natural Image Synthesis https://arxiv.org/abs/1809.11096
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BigGAN

Builds on top of SAGAN
D f(x) |
convolution IxIcony -1 il ﬂlt:l":liJon
T 5, Foftoax .ﬂ self-attention
® fean}re maps (0)
2 R S

_D 2(x)
IxIcony ® "‘ H | “
o

h(x)

Uses Conditional Batch Norm

ReLU(.)

4

BN(F; _ly¥ + Ay%, B¥ + ABY)

=0 (linear)

%
class-condition

Uses hinge loss

I~
Q
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_IEZsz yY~Pdata D(G(Z), y)’

LD — _E(x7y)diata [min(o’ —li 53 D(:L" y))] o IEZNPZ yY~Pdata [mln(o’ =l == D(G(Z), y))]7

Large Scale GAN Training for High Fidelity Natural Image Synthesis https://arxiv.org/abs/1809.11096
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BigGAN

SUMMARY:

Batch size 8x -,

WidthT 50% ~-.

Shared

embeddings / |

w/ linear
projection

Hierarchical / |

latent space

Orthogonal

Regularization

Vikram Voleti

|\

£ Mila

Batch | Ch. | Param (M) | Shared | Hier. | Ortho. | Itr x10° FID IS

256 | 64 81.5 SA-GAN Baseline 1000 18.65 52.52
512 | 64 81.5 X X X 1000 15.30 58.77(+1.18)
1024 | 64 | 8L5 ¥ | X | & 1000 1488 | 63.03(£1.42)
2048 | 64 81.5 X X X 732 12.39 76.85(+3.83)
2048 | 96 | 1735 X X | X | 295(£18) | 9.54(£0.62) | 92.08(E4.27)
2048 | 96 | 160.6 7 X | X | I85(Z11) | 9.18(£0.13) | 94.94(X1.32)
2048 | 96 158.3 v v X 152(£7) | 8.73(£0.45) | 98.76(£2.84)
2048 | 96 | 1583 7 | 7 | 7 |165(£13) | 851(X0.32) | 99.31(%2.10)
2048 | 64 | 713 7 | 7 | 7 | 371(&7) | 10.48(X0.10) | 86.90(£0.61)

Table 1: Fréchet Inception Distance (FID, lower is better) and Inception Score (IS, higher is better)
for ablations of our proposed modifications. Batch is batch size, Param is total number of param-
eters, Ch. is the channel multiplier representing the number of units in each layer, Shared is using
shared embeddings, Hier: is using a hierarchical latent space, Ortho. is Orthogonal Regularization,
and Itr either indicates that the setting is stable to 10° iterations, or that it collapses at the given
iteration. Other than rows 1-4, results are computed across 8 different random initializations.

Large Scale GAN Training for High Fidelity Natural Image Synthesis https://arxiv.org/abs/1809.11096
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BigGAN

e Appendix contains important info!

Latent interpolations Weird examples

Large Scale GAN Training for High Fidelity Natural Image Synthesis https://arxiv.org/abs/1809.11096
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Normalization techniques £ Mila
Batch Norm Layer Norm Instance Norm Group Norm

H, W

Lol F T

H, W

Lo

LR
Y
N O

LD

LAY
LT T
NE AR
Z

Group Normalization https://arxiv.org/abs/1803.08494
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StyleGAN
e Photo-realistic 1024x1024 images

Latent z € Z Noi
AL Synthesis network g i

Normalize [ Const 4x4x512 |
Mapping

[ Upsample |
|
[ Conv3x3 |

A Style-Based Generator Architecture for Generative Adversarial Networks https://arxiv.org/abs/1812.04948
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piX2pix o Mila

e Paired image-to-image translation
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Image-to-Image Translation with Conditional Adversarial Networks https://arxiv.org/abs/1611.07004
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CycleGAN s=vMila
e Unpaired image-to-image translation
g ¥ ¥ @
/\ - " . /\ -
L Dy x (N E: Y X v
A G A | F F
X /\ Y % Y X R Y cycle-consistency
\—/ cycle-consistency et \ ".\"""“ loss
F loss __/.
(a) | (b) | (c)

Unpaired

Unpaired Image-to-Image Translation using Cycle-Consistent Adversarial Networks https://arxiv.org/abs/1703.10593
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CycleGAN

e Unpaired image-to-image translation

Input

Unpaired

Vikram Voleti

Van Gogh Cezanne

Input  Output

label — facade

a{ges — shoes

shoes — éﬁgéé

Unpaired Image-to-Image Translation using Cycle-Consistent Adversarial Networks https://arxiv.org/abs/1703.10593
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GauGAN / SPADE b M|Ia

e Element-wise re-normalization

SPADE

normallzatlon

http://nvidia-research-mingyuliu.com/gaugan/

Semantic Image Synthesis with Spatially-Adaptive Normalization https://arxiv.org/abs/1903.07291
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StarGAN

e Multi-domain image-to-image translation

(]
N
\l/l

[ 3

[ 3

L Ny
/|\

Mlla

@
el

[ 4
[
I/I

(b) original-to-target domain (c) Target-to-original domain (d) Fooling the discriminator

I Depth-wise concatenation

; . Original
t |

. . Reconstructed Real / Fak Domain
Target domain Inputimage | IR mm— image LRI classification

Depth-wise concatenation

Happy Fearful

285

268

StarGAN: Unified Generative Adversarial Networks for Multi-Domain Image-to-Image Translation https://arxiv.org/abs/1711.09020
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Relativistic GANs S

e Changes the GAN formulation to a relative score
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LgSGAN = _E(mr,mf)fv(l[”,@) [lOg(SlngId(C(xr) - C(l’f)))] :
LEZCAN = —E(a, )~ @) log(sigmoid(C (zf) — C(z,)))] -

WGAN-GP Relativistic GAN

256x256
images of
cats

The relativistic discriminator: a key element missing from standard GAN https://arxiv.org/abs/1807.00734
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HoloGAN o

e Incorporates 3D geometry into the model
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MLP! MLP ' MLP! ' MLP! ' MLP!

Starting from a learnt constant tensor
and z as the “style controller”

https://www.monkeyoverflow.com/#/hologan-unsupervised-learning-of-3d-representations-from-natural-images/

HoloGAN: Unsupervised learning of 3D representations from natural images https://arxiv.org/abs/1904.01326
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Vid2Vid

e Multi-scale video-to-video translation
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Video-to-Video Synthesis https://tcwang0509.github.io/vid2vid/
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SinGAN

Vikram Voleti

Single-image multi-scale generation

Training Progression
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Fake Real
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Effective
Patch Size

SinGAN: Learning a Generative Model from a Single Natural Image https://arxiv.org/abs/1905.01164
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Visualizing climate change $ M|Ia

e Uses Cycle-GANs
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Visualizing the Consequences of Climate Change Using Cycle-Consistent Adversarial Networks https://arxiv.org/abs/1905.03709
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Thank you!
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