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Generative Adversarial Networks (GANS)

List of All (arXiv) Adversarial Example Papers

Cumulative Number of
Adversarial Example Papers

e P
Year

Prof Niessner https://nicholas.carlini.com/writing/2019/all-adversarial-example-papers.html
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Convolution and Deconvolution

Output

Input

-

Convolution TYansposé&cxwwKﬂqun
no padding, no stride no padding, no stride

Prof. Niessner https.//qithub.com/vdumoulin/conv_arithmetic 6
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Autoencoder
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Reconstruction: Autoencoder

3
encoder % decoder
f ' ' § f l ' Reconstruction
N ~ e | oss (often L2)
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Training Autoencoders

- .
encoder % decoder _‘ |me 'fggﬁ
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> 3 '
5 o
Q -+ .
s L Reconstructed images
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P Latent space z .
dim (2) < dim (x) ﬂn!ﬁﬂn
« s
Prof. Niessner -EH 9




Decoder as Generative Model

3
= decoder
% ¢ A \ Reconstruction
7] Loss (often L2)
2 =1 <
@
"Test time”
-> reconstruction from
random’ vector
7\
Output Image
Latent space z .

dim (z) < dim (x)

Prof. Niessner
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er as Generative Model

Interpolation between two chair models

[Dosovitsky et al. 14] Learning to Genera



Decoder as Generative Model

1

Morphing between
chair models

Prof. Niessner [Dosovitsky et al. 14] Learning to Genera



Decoder as Generative Model

(on

Cg) decoder

% ‘ A \ Reconstruction Loss

< Often L2, i.e., sum of squared dist.

& =1 ~ -> L2 distributes error equally

g -> mean is opt.

->res. Is blurry
"Test time™:
-> reconstruction from 4
random’ vector 4
N
Instead of L2, can we
Latent spacez - B “learn” a loss function?

dim (z) < dim (x)

Prof. Niessner 13



Generative Adversarial Networks (GANS)

z
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Prof. Niessner
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Fake

D(G(2))

[Goodfellow et al. 141 GANs (slide McGuinness)



Generative Adversarial Networks (GANS)

X
Realworld —— Sample D(x)
images D el
Discriminator ‘ o
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E
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[Goodfellow et al. 14] GANs (slide McGuinness)
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Generative Adversarial Networks (GANS)

D(G(z)) near 0

D tries to make

D(x) tries to be ( tries to make

near 1 D(G(z)) near 1
leferentlable
function D

7 sampled from z sampled from

data model
real data fake data
Diﬂ’erentlable
function G
( Input noise z )

Prof. Niessner [Goodfellow et al. 14/16] GANSs




GANSs: Loss Functions

Discriminator loss

1 1
JP) = “Egpy log D(@) = SE-log (1 - D (G(2)))

L J
I

binary cross entropy

Generator loss

JG) — _ 7(D)

Minimax Game:
— G minimizes probability that D is correct
— Equilibrium is saddle point of discriminator loss

-> D provides supervision (i.e., gradients) for G

Prof. Niessner [Goodfellow et al. 14/16] GANSs



GANSs: Loss Functions

Discriminator loss

1 1
JP) = Egpy log D(@) = SE-log (1 - D (G(2)))

Generator loss

1
JG) = _ﬁEz log D (G(z))

« Heuristic Method (often used in practice)
— G maximizes the log-probability of D being mistaken
— G canstill learn even when D rejects all generator samples

Prof. Niessner [Goodfellow et al. 14/16] GANSs



Alternating Gradient Updates

o Step 1 Fix G, and perform gradient step to

1 1
JP) = — “Bapg, l0g D(@) = 5Bz log (1 - D (G(2)))

o Step 2 Fix D, and perform gradient step to

1
JG) = _EEZ log D (G(z))

Prof. Niessner



Vanilla GAN

for number of training iterations do

for k steps do
e Sample minibatch of m noise samples {2, ..., 2™} from noise prior p,(2).
e Sample minibatch of m examples {x",..., 2"} from data generating distribution
pdﬂ[a[m}-

e Update the discriminator by ascending its stochastic gradient:

e

vg,é ; log D (z9) +log (1-D (G (27)))].

end for
e Sample minibatch of m noise samples {z"/, ..., 2"} from noise prior p,(z).
» Update the generator by descending its stochastic gradient:

Tl

Vs, % gmg (1-p(c(29))).

end for

Prof. Niessner https.//papers.nips.cc/paper/s5423-generative-adversarial-nets 20



https://papers.nips.cc/paper/5423-generative-adversarial-nets

Putting it all Together

Training set V Discriminator

L A Real
rl:\gir;gom / — I @ E— {Fa ke
=

Generator Fake image

min max V (D, G) = Bgpy, () 108 D(#)] + Esrp, (s l0g(1 = D(G(2)))].

o Vitaly Bondar: Generative Models Lecture
Prof. Niessner



Training a GAN

https.//medium.com/ai-society/gans-from-scratch-1-a-deep-introduction-with-code-in-pytorch-and-tensorflow-cbo3cdcdbaof

Prof. Niessner 22
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GANSs: Loss Functions

Minimax 8] [PAANAAIAIAN A e rr Ay

14633 /0823 E

Ep

[Goodfellow et al. 14/16} GANs



DCGAN: Generator

Fw
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CONV 3 64 \

CONV 4 i
G(z
Generator of Deep Convolutional GANs i

Prof. Niessner DCGAN: https://aithub.com/carpedm20/DCGAN-tensorflow
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https://github.com/carpedm20/DCGAN-tensorflow

DCGAN Results

Results on CelebA (200k relatively well aligned portrait photos)

Prof. Niessner DCGAN: https.//github.com/carpedm20/DCGAN-tersorflow



https://github.com/carpedm20/DCGAN-tensorflow

DCGAN: Results
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DCGAN: https.//github.com/carpedm20/DCGAN-tensorflow
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https://github.com/carpedm20/DCGAN-tensorflow

DCGAN: Re_sults



https://github.com/carpedm20/DCGAN-tensorflow

DCGAN: Results

Loss of D and G on custom dataset

d_loss
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DCGAN: https://qithub.com/caroedmzo/DCGAN—tenggrﬂow
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Bad” Training Curves

D and G losses with (10 G repeats)

40 4
— 5 loss

= [ loss
35 1

3.0 4

25 4

20 4

15

10 4

05 4

0.0 4

0 10 20 30 40 50
Training Epochs

https.//stackoverflow.com/questions/44313306/dcgans-discriminator-getting-too-strong-too-quickly-to-allow-generator-to-learn

Prof. Niessner 30


https://stackoverflow.com/questions/44313306/dcgans-discriminator-getting-too-strong-too-quickly-to-allow-generator-to-learn

‘Good” Training Curves
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Discriminator’s Error through Time

https.//medium.com/ai-society/gans-from-scratch-1-a-deep-introduction-with-code-in-pytorch-and-tensorflow-cbo3cdcdbaof
Prof. Niessner 31



https://medium.com/ai-society/gans-from-scratch-1-a-deep-introduction-with-code-in-pytorch-and-tensorflow-cb03cdcdba0f

‘Good” Training Curves

D and G losses with (10 G repeats)

— (5 l0ss
— D loss
_q__
3_
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1-
|]_

0 50 100 150 200 250 300 350
Training Epochs

https.//stackoverflow.com/questions/42690721/how-to-interpret-the-discriminators-loss-and-the-generators-loss-in-generative

Prof. Niessner
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Training Schedules

« Adaptive schedules

For instance
while loss_discriminator > t_d:
train discriminator
while loss_generator > t_g:
train generator

Prof. Niessner



Weak vs Strong Discriminator

« Need balance ©

e Discriminator too weak?

— No good gradients (cannot get better than
teacher.)

« (Generator too weak?
— Discriminator will always be right

Prof. Niessner



Mode Collapse

min max V' (G,D) # maxmin V (G, D)
G D D G

* D ininner loop -> convergence to correct dist.
* G IniNner loop -> easy to convergence to one sample

[Metz et al. 16]35

Prof. Niessner



Mode Collapse

e Data dim. Fixed (512)

e Performance
correlates with
# of modes

1.00

0.75

0.50

Moae recovery raie

o
N
(3

0.00

-> More modes, smaller recovery ratel
-> part of the reason, why we often see
GAN-results on specific domains (e.g.,

faces)

Prof. Niessner

4

Mode recovery vs Number of modes

Manifold dim: 2
Manifold dim: 8
Manifold dim: 32
Manifold dim: 128

16 64 256
Number of modes

Slide credit Ming-Yu Liuzt



Mode Collapse

Mode recovery vs manifold dimension

o Performance Data dim: 512
correlates with 2 os O
dim of manifold 3

8 o5
.
D
-> Larger latent space, S 0.5
more mode collapse =
5 |
2 8 32 128

Prof. Niessner Slide credit Ming-Yu Liu3/



Problems with Global Structure




Prob

l

ems with Counting
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~valuation of GAN Performance




Prof. Niessner

~valuation of GAN Performance

Main difficulty of GANs: we don't know how good they
are

People cherry pick results in papers -> some of them
will always look good, but how to quantify?

Do we only memorize or do we generalize?

GANs are difficult to evaluate! [This et al,, ICLR 2016]



~valuation of GAN Performance

« Human evaluation:
— Every n updates, show a series of predictions
— Check train curves
— What does 'look good mean at the beginning?
* Need variety!
« But don't have realistic predictions yet.

— If it doesn't look good? Go back, try different
nyperparameters.

Prof. Niessner



~valuation of GAN Performance

* Inception Score (1S)
— Measures saliency and diversity

— [rain an accurate classifier
— Train aimage generation model (conditional)

— Check how accurate the classifier can recognize
the generated images

— Makes some assumptions about data distributions.

Prof. Niessner



~valuation of GAN Performance

* Inception Score (1S)

— Saliency: check whether the generated images can
pe classified with high confidence (1.e., high scores
only on a single class)

— Diversity: check whether we obtain samples from

all classes
What if we only have one good image per class?




~valuation of GAN Performance

« Frechet Inception Distance (FID)

— Calculates the feature distance between the real and
synthetic distribution (modelled by multivariate Gaussian)

— Pros.
« More robust to noise then IS
« No class concept needs
— Cons:
« Still relies on pretrained Inception-V3 model featurs

Prof. Niessner



~valuation of GAN Performance

o Could also look at discriminator

— If we end up with a strong discriminator, then
generator must also be good

— Use D features, for classification network
— Only fine-tune last layer
— If high class accuracy -> we have a good D and G

Caveat doesn't seem widespread in the community

Prof. Niessner



Next: Making GANs Work In Practice

« Training / Hyperparameters (most important)
« Choice of loss function

 Choice of architecture

rof. Niessner

47



GAN Hacks: Normalize Inputs

« Normalize the inputs between -1 and 1
« Tanh as the last layer of the generator output

« No-brainer ©

Prof. Niessner https://github.com/soumith/ganhacks 43



https://github.com/soumith/ganhacks

GAN Hacks: Sampling

« Use aspherical z
« Don't sample from a uniform distribution
« Sample from a Gaussian Distribution
A « When doing interpolations, do the
interpolation via a great circle, rather than

small / a straight line from point A to point B

“ireles rear
circles g
circle

 Tom White's Sampling Generative
Networks ref

<——— code https.//github.com/dribnet/plat
has more details

Prof. Niessner 49


https://arxiv.org/abs/1609.04468
https://github.com/dribnet/plat

GAN Hacks: BatchNorm

[ J
« Construct different mini- \
batches for real and v
fake, .e. each mini-batch > [
needs to contain only all

e Use Batch Norm

real images or all y

generated images.
Prof. Niessner 50



GAN Hacks: Use ADAM

¢ See Adam usage [Radford et al. 15
o SGD for discriminator

« ADAM for generator



GAN Hacks: One-sided Label Smoothing

« Prevent discriminator from giving too large gradient
signal to generator.:

1 1
J(D) — —§Em~pdatﬂog D(x) — §Ez log(1— D (G(2)))

Some value smaller than 1; e.g.,0.9

-> reduces confidence; l.e, makes disc. ‘weaker
-> encourages ‘extreme samples (prevents extrapolating)

Prof Niessner Salimans et al. 17 Improved Techniques for Training GANs 52



GAN Hacks: Historical Generator Batches

1 0 0 0

Discriminator Discriminator ] Discriminator Discriminator

Network: D Network: D Network: D e Network: D
Input images Generated Generated Generated
@ t iteration images images images
@t @ t-1 @ t-K

Network G

Random vector

Help stabilize discriminator training in early stage

Prof. Niessner Srivastava et al. 17 "Learning from Simulated and Unsupervised Images through Adversarial Trainingh3



GAN Hacks: Avoid Sparse Gradients

« Stability of GAN game suffers if gradients are sparse
« [LeakyRelLU -> good in both G and D

« Downsample -> use average pool, conv+stride

« Upsample -> deconv+stride, PixelShuffle

Low-resolution image (input) n, feature maps r¢ channels High-resolution image (output)
[ m—— 5N 5N BN BN BN BN ®
_:~_ 1‘[|:L11_[ ]]]]]]] EN 5N EN BN EN EN E
\‘-H*j i EN 5N EN EN EN BN B

N
fxf, AL

- _\
H H = EN EN BN 5N EN EN B
HH] o 5N 5N 5N 5N =N BN =
Iy [ T O O
4 . 5N 5N 5N 5N 5N BN =

Hidden layers Sub-pixel convolution layer
Prof. Niessner [Shi et al. 16] https.//arxiv.org/pdf/1609.05158.pdf 54



https://arxiv.org/pdf/1609.05158.pdf

-xponential Averaging of Weights

Problem: discriminator is noisy due to SGD

Rather than taking final result of a GAN, would be
blased on last latest iterations (e, latest training
samples),

-> exponential average of weights

-> keep second 'vector of weights that are averaged
-> almost no cost, average of weights from last n iters

Prof. Niessner



Other Objective Functions

‘Neuristic Is standard..”

GAN DISCRIMINATOR LOSS GENERATOR LOSS

MMGAN L3 = —E,op, [log(D(@))] — Esmpg [log(1 — D(2))] L3 = Egrpgllog(1 — D(2))]
NSGAN LN = _E, ., [log(D())] — Es~pgllog(l — D(@))] LEMN = —Egp, [log(D(2))]
WGAN LY = _Eyrp, [D(@)] + Esnpy [D(#)] LI = —Egrpy [D(2)]

WGANGP  LYOMNOF — £¥OAN L AR, oo [(IIVD(az + (1 — ad)||z — 1)2]  LYANF = _E4p, [D(2)]

LSGAN L5 = _E, . [(D(z) — 1)%] + Esnp, [D(2)?] L5 = —Espy [(D(& — 1))?]
DRAGAN LM = LI 4 XE; 4 nr(0,0)[(IIVD(@)]]2 = 1)%] LY = Bg oy [log(1 — D(%))]
BEGAN LB = E,p,[llz — AE(@)||1] = k:Esnp, [|1& — AE@)[[1]  LE = Esnpy (|18 — AB(@)|[1]

e Vitaly Bondar: Generative Models Lecture
Prof. Niessner 50



OtherObjective Functions

‘Neuristic Is standard..”

GAN DISCRIMINATOR LOSS GENERATOR LOSS

MMGAN L3 = —E,op, [log(D(@))] — Esmpg [log(1 — D(2))] L3 = Egrpgllog(1 — D(2))]
NSGAN LN = _E, ., [log(D())] — Es~pgllog(l — D(@))] LEMN = —Egp, [log(D(2))]
WGAN LY = _Eyrp, [D(@)] + Esnpy [D(#)] LI = —Egrpy [D(2)]

WGANGP  LYOMNOF — £¥OAN L AR, oo [(IIVD(az + (1 — ad)||z — 1)2]  LYANF = _E4p, [D(2)]

LSGAN L5 = _E, . [(D(z) — 1)%] + Esnp, [D(2)?] L5 = —Espy [(D(& — 1))?]
DRAGAN LM = LI 4 XE; 4 nr(0,0)[(IIVD(@)]]2 = 1)%] LY = Bg oy [log(1 — D(%))]
BEGAN LB = E,p,[llz — AE(@)||1] = k:Esnp, [|1& — AE@)[[1]  LE = Esnpy (|18 — AB(@)|[1]

The loss function alone will not make it suddenly work!

L } Vitaly Bondar: Generative Models Lecture
Prof. Niessner 5



GAN Losses: EBGAN

« Discriminator is AE (Energy-based GAN)

« a good autoencoder: we want the reconstruction cost
D(x) for real iImages to be low.

¢ a good critic: we want to penalize the discriminator it
the reconstruction error for generated images drops

pelow a value m Lp(z,2) = D(z) + [m — D(G(2))]T
La(z) = D(G(2))
D(z) = ||Dec(Enc(zx)) — x||
where [u ]t = maz(0, u)

Prof. Niessner  hitps://medium.com/@jonathan_hui/gan-enerqy-based-gan-ebgan-boundary-equilibrium-gan-began-4662cceb7884



https://medium.com/@jonathan_hui/gan-energy-based-gan-ebgan-boundary-equilibrium-gan-began-4662cceb7824

GAN Losses: BEGAN

Findine Wasserstein distance

 Similar to EBGAN Wi (a1, 12)

* |Instead of reconstruction
l0ss, measure difference
N data distribution of real
and generated images

Data distnnibution for Data distribution for
D(G(2)) D(x)

251 H2

Prof. Niessner  pttns//medium.com/@jonathan_hui/gan-energy-based-gan-ebgan-boundary-equilibrium-gan-began-4662cceb 7894



https://medium.com/@jonathan_hui/gan-energy-based-gan-ebgan-boundary-equilibrium-gan-began-4662cceb7824

GAN Losses: WGAN

o Earth Mover Distance / \Wasserstein Distance

3
2 6 6 |
1]4]s ti s

; :)
1 2 3 7 8 9 10

6 2
Minimum amount of work to move earth from p(x) to g(x)

Prof. Niessner https.//medium.com/@jonathan_hui/gan-wasserstein-gan-wgan-gp-6aia2aalb490



https://medium.com/@jonathan_hui/gan-wasserstein-gan-wgan-gp-6a1a2aa1b490

GAN Losses: WGAN

e Formulate EMD via it's dual

W(Pr,Pg) = ||fS|Tlp< 1 Eznp, [f(2)] — Eznp, f ()]

f(z1) — f(z2)| < |21 — 22|

1-Lipschitz function: upper bound between densities

Prof. Niessner https.//medium.com/@jonathan_hui/gan-wasserstein-gan-wgan-gp-6a1a2aa1b490

61
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GAN Losses: WGAN
f(z1) = f(z2)| < |21 — 22|

fis a critic function, defined by a neural network
-> f needs to be 1-Lipschitz, WGAN restricts max weight value in f;

weights of the discriminator must be within a certain range controlled by
nyperparameters c

w < w + a - RMSProp(w, g.)
w < clip(w, —c¢, c)

Prof. Niessner https.//medium.com/@jonathan_hui/gan-wasserstein-gan-wgan-gp-6ai1a2aalb490 62



https://medium.com/@jonathan_hui/gan-wasserstein-gan-wgan-gp-6a1a2aa1b490

GAN Losses: WGAN

Vo [2 57, fu@®) = L7 £u(g0(20))]

—>C\‘O_>[ Critic ]—> f —>» Cost bF--mmmua= |
) e :
2~ N(O,1) :
or Generator .

z~ U(1,1) :
W, 1 o I

1

1

Real image x

(OV)

Prof. Niessner https.//medium.com/@jonathan_hui/gan-wasserstein-gan-wgan-gp-6ala2aalb4qo 6



https://medium.com/@jonathan_hui/gan-wasserstein-gan-wgan-gp-6a1a2aa1b490

GAN

WGAN

Prof. Niessner

GAN Losses: WGAN

Discriminator/Critic Generator
Vot [oen (=) +g (1-0 (0 ()] Vo3 —lee(2(c ()
Vi Y [£(29) - £(6 (=) Vo (=)

https.//medium.com/@jonathan_hui/gan-wasserstein-gan-wgan-gp-6aia2aalb490 64
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GAN Losses: WGAN

Algorithm 1 WGAN, our proposed algorithm. All experiments in the paper used
the default values a = 0.00005, ¢ = 0.01, m = 64, Ncritic = 9.

Require: : «, the learning rate. ¢, the clipping parameter. m, the batch size.
Neritic; the number of iterations of the critic per generator iteration.
Require: : wy, initial critic parameters. 6, initial generator’s parameters.

1: while 6 has not converged do

for t =0, ..., N¢ritic dO
Sample {z()}, ~ P, a batch from the real data.
Sample {z(¥}™ ~ p(z) a batch of prior samples.
Jw < Vu [ﬁ >y fuw(z®) — % > i fw(gg(z(i)))]
w < w + a - RMSProp(w, gu)
w 4« clip(w, —¢, ¢)

end for

Sample {z()}™, ~ p(z) a batch of prior samples.

90— Vo 37| fulgo(2D))

11: 0 < 0 — o - RMSProp(6, gg)

o 12: end while
Prof. Niessn NpS/7MediUMm.com @onatnan_Nul/ Jan-wassersten-gan-waan-go-oalazaaloqo

—_
134



https://medium.com/@jonathan_hui/gan-wasserstein-gan-wgan-gp-6a1a2aa1b490

JSD estimate

GAN Losses: WGAN

1.0 |

Il | | Il

0_0 1 1 Il
0 50000 100000 150000 200000 250000 300000 350000 400000

Generator iterations

L3 s (1-0 (6 (=)

Prof. Niessner

. Generator Cost

GAN — DCGAN

A &

1

50000 100000 150000 200000 250000 300000 350000 400000
Generator iterations

15 (0 (0(:0))

https.//medium.com/@jonathan_hui/gan-wasserstein-gan-wgan-gp-6ai1a2aalb490 66



https://medium.com/@jonathan_hui/gan-wasserstein-gan-wgan-gp-6a1a2aa1b490

GAN Losses: WGAN

3.5

 WGAN — DCGAN
3.0 | 2]

2.5 -

Wasserstein estimate

v Y

0.0

L 1 1 1 1
0 100000 200000 300000 400000 500000 600000
Generator iterations

m et Fuw(@D) = 5 3L fu(ge(21))

Prof. Niessner https.//medium.com/@jonathan_hui/gan-wasserstein-gan-wgan-gp-6ai1a2aalb490 67



https://medium.com/@jonathan_hui/gan-wasserstein-gan-wgan-gp-6a1a2aa1b490

GAN Losses: WGAN

+ mitigates mode collapse
« +generator still learns when critic performs well
« +actual convergence

« Enforcing Lipschitz constraint is difficult
« Weight clipping is "terrible’
— ->too high: takes long time to reach limit; slow training
-> too small: vanishing gradients when layers are big

Prof. Niessner



GAN Losses

« Many more variations!!!

« High-level understanding: 'loss’ Is a meta loss to train
the actual loss (i.e., D) to provide gradients for G

« Always start simple: if things don't converge, don't
randomly shuffle loss around; always try easy things
first (AE, VAE, 'simple heuristic' GAN)



GAN Architectures



Multiscale GANSs

Done! Upsample

Upsample Upsample

e
Ay

Generate
Generate delta. add Generate

low-res

Generate
delta, add  delta, add

Denton et al, “Deep generative image models using a Laplacian pyramid of adversarial networks”, NIPS 2015

Prof. Niessner Credit: Li/Karpathly/Johnson



Multiscale GANSs

Real/
I Generated?

Real/
Generated?

Real/Generated?

Discriminators work
at every scale!

Real/Generated?

Denton et al, NIPS 2015

Prof. Niessner Credit: Li/Karpafiy/Johnson



Progressive Growing GANS

G Latent Latent Latent
v
i
: | 8x8 I l L,
: | ]
| |
: | n ]
i : ' L
: : ' '
: 1024x1024 |
i | o~
o B B
. i Reals . {Reals . iReaIs
D 2 i 1024x1024 |
I[ II
[ |
| |
. v v | ]
o [ 8x8 | L 5
ol 4xd
Training progresses >

Prof. Niessner https.//dithub.com/tkarras/progressive_growing_of_gans [Karras etal 171
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StyleGANIX]
Architectures
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StyleGAN Architectures

Latent 2 € 2

Fully-connected

Progressive GAN

Method | CelebA-HQ | FFHQ
A Baseline Progressive GAN [30] 7.79 8.04
B + Tuning (incl. bilinear up/down) 6.11 5.25
C + Add mapping and styles 5.34 4.85
D + Remove traditional input 5.07 4.88
E + Add noise inputs 5.06 4.42
F + Mixing regularization 5.17 4.40

/5
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StyleGANIX] Architectures

Latent z € Z Latent z € Z . Noise
Synthesis network g

Const 4x4x512

Normalize

Mapping

Fully-connected

Progressive GAN StyleGAN
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StyleGAN - Mapping Network

Latent 2 € Z Latent z € Z . Noise
Synthesis network g
[ Ng
Mapping : @) [B]
Fully-connected _ HElWO_I‘k f % style AdaIN
I 1
—>{RaN]
_FC
¥
Upsample
@ B
1
Style e
), B B
o

Progressive GAN

Prof. Niessner

StyleGAN
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StyleGAN - Style Normalization

Latent z € Z Latent z € Z . Noise
Synthesis network g

Const 4x4x512

Normalize
Mapping

Fully-connected

PixelNorm

8x8

Progressive GAN StyleGAN

Prof. Niessner



StyleGAN - Style Normalization

Latent z € Z Synthesis network g Noise

Normalize

Mapping

B x — u(x)
AdalN(x,y) = a(y) (W) + u(y)

1. x:the activation from the previous layer

2. y:the style features (e.g. extracted from
CNN) of your target style image

3. No trainable variables — mean and var
directly calculated

StyleGAN

Prof. Niessner 79



StyleGAN - Constant Input

Latent z € Z Noise

Normalize

Mapping

StyleGAN

Prof. Niessner



StyleGAN - Style Normalization

Prof. Niessner

Latent z € Z

Normalize

Mapping

Synthesis netwo

Const 4x4x51

Noise

s =

F

StyleGAN
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StyleGAN - Mixing Regularization

Zo Z Nois
% ,l, Synthesis network g "
Normalize Normalize
Mapping Mapping

network f network f

‘ https.//medium.com/@steinsfu/stylegan-vs-stylegan2-vs-stylegan2-ada-vs-stylegan3-c5e201329c8a
Prof. Niessner B @ s! yleg Q Qan3-Cez01329
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StyleGAN

Coarse styles
(4>-8?)

-]
g
H
Z
E
g
5

>
2
g
g

<

Middle styles
(167 -32?)

s from source B

Fine styles
(64%—1024?)

Fine from B

https.//www. \/outube.com/watch?v:kaJ/(iaOumA

O
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StyleGAN2 - No Droplets

Normalization

Baseline StyleGAN (config A)

sner

AdalNGx,y) Jor](F=EE

o(x)

X,

u(y)

Without Normalization, the droplet

artifact disappear

Xi — p(x;)

Am AdaIN(x;,¥) = ¥s.i a(x;)

+ Yi,i

Redraw r\\ 7
v

N ) =
Norm mean/std orm{(z:)

i

ul(zi)
a(z;)

Mod mleanf’std ‘ ‘M’od[o,-,y) = Ys,i * 0i + Ybi

https//www.youtube.com/watch?v-c-NJEVaJvpo, Stein Sfu StyleGAN1.2.3
o4
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StyleGAN2 - Additional Changes

« Remove redundant operations

« Noise added outside of style
“rea \ StyleGAN

« Normalization and modulation ~ \ — P
only applied on standard o |\
deviation

« Modulation and Convolution 8 \\
combined in single operation '“

« Training strategy changes, see: *, . . . . . .,
https.//github.com/NVlabs/st Training time (days)
vlegan2

E4

FID Score

Prof. Niessner 85
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StyleGAN2-ADA - Limited Data

Latents Reals  Latents
7|
Aug | Aug | | Aug |
o
Il 1 I
(—fl(x)) (—flm) & g—xD
(G Ioss) ( D loss )

The Discriminator latents are directly augmented with probability p.

Better for limited Data No manual augmentation

‘ https.//www.youtube.com/watch?v=kSLJriaOumA
Prof. Niessner S0
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StyleGAN3 - No Aliasing

StyleGAN2 StyleGAN3 (Ours)

Random latent walk using directions from StyleCLIP, GANSpace, and SeFa.
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StyleGAN3 - No Aliasing
i H

——— Latent
= : Tos . x . dﬁ;’,ﬁi‘ﬂﬁﬁn o ° 0 *  [Mapping [AP{Fourier feat. | L2 ‘IE \j}
o p L network Iﬁ‘ — EMA
N v | Demod P{ Conv 3><EI'» or 1x1 |
> E} b, — @
Most Important differences: = custom
. ) . > L4 CUDA :
* Input constant replaced with continuous Fourier oL kel
feature = s
« Remove per pixel noise — no positional Colors | [F—
[ Fixed | | L;? ToRGB
references e [ e
[} . [ Affine i C 9 0 onv 1 x
Smaller mapping network depth e | gy T G ]
» Better upsampling with updated '

approximations of the Fourier low pass filter

Prof. Niessner Karras et al. Alias-Free Generative Adversial Nétworks



Reading Homework

« GANs [Goodfellow et al. 2014] Generative adversarial networks
— https.//arxiv.org/apns/1406.2661

« [Radford et al. 2015] Unsupervised representation learning with
deep convolutional generative adversarial networks

— https.//arxiv.org/abs/1511.06434

« [Karras et al 19] A style-based generator architecture for
generative adversarial networks,

— https.//arxiv.org/ans/1812.04948
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TUTi

Thanks for watching!

Prof. Niessner



