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Generative Model and Discriminative Model

* Given an observed variable x and a target variable y

* Discriminative model is a model of a conditional distribution P(y|x)
* e.g., neural network classifiers

* Generative model is a model of a joint distribution P(x,y) (or P(x))

e e.g., Boltzmann machines, sum-product networks
: e )

y = cat
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Why Generative Model?

* Generative models model a full probability distribution of given data

* P(x) enables us to generate new data similar to existing (training) data
e This is impossible under discriminative models

 Sampling methods are required for generation
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Why Generative Model?

e Generate new samples from the same distribution with training data
* Many real-world applications are related with generating data

 Common applications
* Vision: super-resolution, style transfer, and image inpainting, etc.
* Audio: synthesizing audio, speech generation, voice conversion, etc.

* And many more..

< - horse —» zebra
Super-resolution [Ledig, et. al., 2017] Style transfer [Zhu, et. al., 2017] High-res image generation

[Karras, et. al., 2018]
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Examples of Generative Models

* Modeling a joint distribution of x with an explicit probability density function
(which we will study in the next lecture)

* Multivariate Gaussian distributions
» P(x) ocexp (—z(x — )X (x — p))
* Tractable inference, low expressive power

e Graphical models (e.g., RBM, DBM, etc.)
* P(x) x exp (Zz bizi+ ) wz-sz-:tj)

* Intractable inference, high expressive power with compact representations

X
* Modeling a joint distribution of  with an implicit density function
* Generative adversarial networks (GAN)
* Use function approximation capacity of neural networks
* Modeling the data distribution with implicit density function using neural networks
* Sampling: simple forward propagation of a generator neural network
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Generative Adversarial Networks (GAN)

* Many previous approaches (explicit generative models) have difficulties in
* Sampling from high-dimensional and complex distributions
* And make it realistic

* Basic idea of GAN [Goodfellow, et. al., 2014]
* Do not use any explicit density function Pmoder (X)

Two player game between discriminator network D and generator network G

D tries to distinguish real data and samples generated by (G (fake samples)

(G tries to fool the D by generating real-looking images
Utilizes large capacity of neural nets to model the sampling function

g |
Rar\dom aQ ]__> ‘ P R )
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Training GAN

* D tries to distinguish real data and samples generated by G (fake samples)
* (7 tries to fool the D by generating real-looking images

* Objective function:

I%IH ngaX [Ew’\’pdata log ng (:L‘) + Eszz log(l o ng (GQQ (Z))):|
g d ' ' '

Discriminator output Discriminator output
for real data for generated fake data

 For D, maximize objective by making D(x) is close to 1 and D(G(z)) is close to 0
* For GG, minimize objective by making D(G(2)) is close to 1

won (T SRR
o

Fake samples

Real or
D ]_’ fake?
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Training GAN

e Objective function [Goodfellow, et. al., 2014]:

min max V (0, 0,) = [Eanp, 108 Do, () + Eenp. log(1 = Dy, (Go, (2)))]

 Alternative training between D and G
* For D

I%ax [E:I:diata log Dy, (7) + E.~p. log(1 — Dag, (G99 (Z)))}
d

* For G
minE..,. log(1 — Dy, (G, (2)))

 In practice, optimizing generator objective does not work well (details in later slides)

Algorithmic Intelligence Lab

11



What is Optimized in GAN Objective?

* Discriminator
* For fixed (&, the D optimizes:

V(0a,05) = Exnpyar, 108 Do, () + Eznp. log(1 — Do, (Go, (2)))

— | pausa(a) os(Di, ()i + [ p.(2)loB(1 — Do, (G (2))dz

z

— | Paiala) 5(Da, (@) + py (2 log(1 - Do, (x))do

e Optimal discriminator is

pdata(x)
i) Pdata(X) + pg(x)
1
* If Pdata = Pg, optimal discriminator Dp-(x) = 5

Algorithmic Intelligence Lab
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What is Optimized in GAN Objective?

* Generator
* For fixed Dy- , the GG optimizes:

V(03,04) = Exnpya, 108 Dos (2) + E.np, log(1 — D5 (G(2)))
— ]Ex'\"pdata 1Og DQ; ('CC) —I_ ECBNPQ log(]‘ o DQ; ('1:))

pdata(w) ] |: Pg (33') ]
= Ernpy. |10 + Egnp, (1o
e [ ® Paata () + 1y (%) P | paata(®) + py(2)

—logd + KL (pdata pdataz—l_ P ) + KL (PQ pdata2+ Py )

= —log4d+ 2- JS(pdata H pg)

 When discriminator is optimal
e Generator objective becomes minimizing the Jensen-Shannon (JS) divergence
* Many previous generative models use KL divergence (maximum likelihood)

* Unlike KL divergence, JS divergence helps to
* Generate sharp, clear images but causes a missing mode problem
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GAN Training Algorithm: in Practice

 Alternative training of discriminator and generator
* Recall: G optimizes JS divergence when D is optimal
e But D is not optimal generally

* By updating discriminator k-steps per each iteration of generator, this problem
could be reduced

Algorithm 1 Minibatch stochastic gradient descent training of generative adversarial nets. The number of
steps to apply to the discriminator, k, is a hyperparameter. We used k& = 1, the least expensive option, in our
experiments.

for number of training iterations do
for|k slepsldo

e Sample minibatch of m noise samples {z(!), ..., z(")} from noise prior p,(z).
e Sample minibatch of m examples {:w:m, e ,:1:('”*)} from data generating distribution
pdata(a:)-

e Update the discriminator by ascending its stochastic gradient:

Va2 [los D (=) 108 (1- 0 (6 (=) )]

end for
e Sample minibatch of m noise samples {21, ... z(™)} from noise prior p,(z).

¥ ¥

e Update the generator by descending its stochastic gradient:

m

Vo, % ;log (1-p(c(=2))).

end for
The gradient-based updates can use any standard gradient-based learning rule. We used momen-
tum in our experiments.

Algorithmic Intelligence Lab * source : Goodfellow, et. al., Generative adversarial nets, NIPS 2014 14



GAN Training Algorithm: in Practice

 Alternative training between D and G
e For D

Héa’x [Ex'\"pdata log ng (I) + EZNPZ 1Og(1 o ng (GQQ (Z)))}
d

* For G
minE..,. log(1 — Dy, (G, (2)))

g

* In practice, optimizing generator objective does not work well

 When generated sample looks bad (at beginning of training) gradient is relatively flat
* Learning by back-prop becomes difficult

log(1-D(G(x)))

3r 4

Flat gradients when a /

sample is really bad

4

. . L .
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GAN Training Algorithm: in Practice

 Alternative training between D and G
* For D

I%&X [Ex'\’pdata log ng (m) + EZNPZ 1Og(1 o ng (GQQ (Z)))j|
d

e |n practice, (G is optimized by

r%in E.~p. —log(De,(Gy,(2)))

g

» —log(Dy,(Go,(2))) gives stronger gradients early in learning

log(1-D(G(x)))
-log(D(G(X)) | |

Stronger gradients when /0
a sample is really bad

0 02 0.4 06 038 1
D(G(x))
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Generated Samples with GAN

* GAN generates sharp, clear images compared to previous generative models
* Most previous works are suffered by blurred unrealistic generated samples

Bedroom images Faces images ImageNet

* Then, what makes GAN be able to generate realistic samples?

* GAN utilizes the function approximation power of neural networks
* Butitis also the cases for other models (e.g., Variational auto encoder; VAE)
* What else?

Algorithmic Intelligence Lab * source : Radford, et. al., Unsupervised representation learning with deep convolutional generative adversarial networks. 18



Difference with Previous Generative Models

 Maximum likelihood methods (= KL divergence minimization)

Pdatal\L
KL(pdata ” pg) — /pdata(x) log t—()

dx
T Pg (x)

* Pdata(T) > py(7)

* When pdata(z) > 0,py(x) — 0, the integrand grows quickly to infinity

* High penalty when generator’s distribution does not cover parts of the train data
¢ pdata(w) < pg(w)

* When paata(z) — 0,p4(z) > 0, the integrand goes to 0

* Low penalty for generating fake looking samples
* KL divergence solution tends to cover all the modes

* Inverse KL divergence K L(pg || pdata) t€Nds to fit single mode

Algorithmic Intelligence Lab 19



Difference with Previous Generative Models

 Maximum likelihood methods (= KL divergence minimization)

pdata(x)
K L(pgata 2/ ata () log —————=dx
(panca |1 70) = | pasia(z)log "5

* KL divergence solution tends to cover all the modes

* Inverse KL divergence K L(py || Pdata) tends to fit single mode

* Jensen-Shannon divergence

2 2

DPdata T Pg )

Pdata T P
JS(pdata || pg) - KL(pdata dat g) +KL(p9

* (A bit like a) combination of the two divergences

* Using JS divergence instead of KL divergence helps to generate realistic images
[Huszar 2015]

Pdata KL(pdata H pg) Js(pdata || pg) KL(pg H pdata,)

Algorithmic Intelligence  * source : https://www.inference.vc/how-to-train-your-generative-models-why-generative-adversarial-networks-work-so-well-2/ 20



Issues of GAN: Intractable Nash and Mode Collapse

e Hard to achieve Nash equilibrium to a two-player non-cooperative game
[Salimans, et. al., 2016]

e Each model updates its own objective function
* Modification of 6, that reduces D‘s objective can increase (G‘s, and vice versa

* Mode collapse
* Generator collapse to parameters that produces the same outputs
* Generator can fool if it is really good at making only a good looking sample
* JS divergence does not penalize missing mode as hard as KL divergence

3 .‘ ". —\v i ‘ . | | Lo ] 1
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Examples of mode collapse in GAN.
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Conditional GAN

* In the standard (unconditional) GAN, there is no control on modes of the data
being generated.

e Conditional GANs aim for modeling the distribution better by incorporating its
attribute or class y, therefore they have advantages of to its class-wise
controllability and improved quality for complex generation tasks.

» Recall the objective function of unconditional GAN [Goodfellow et al., 2014]:

m(%n max [Emwpdata log Dy, () + E.np. log(1 — Do, (G, (Z)))}

* The objective function of conditional GAN is as follows [Mirza et al., 2014]:
min max [EmNPdata log Dg, (z|y) + E.~p. log(1 — Dy, (Go, (z\y)))}

G D
There are many works to concatenate (embedded) y to |
the input or to the middle layers [Reed et al. ICML 2016]. /cersracr 00000 I
00000 eeeee
X[QQQOQ] %@Q@y - 00000 00000
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Conditioning of GANs: Auxiliary Classifier GAN (ACGAN)

* For better results and to stabilize training, several methods to feed conditional
information to GANs are studied.

* Instead of feeding class information to the discriminator, [Odena et al., ICML
2017] tasks the discriminator with reconstructing class information.

* They modified the discriminator to contain an auxiliary classifier which classifies
the classes of both real and fake inputs.

(real) [(c=2)
(fake) [
»
(X"ml (data)) ( Xfake ) (Xreal (data)) ( Xfake J
G
(c (class)) (Z (noise)) (c (class)) (Z (noise))
Conditional GAN ACGAN
(Mirza et al., 2014) (Odena et al., 2017)

Algorithmic Intelligence Lab * source : Basart, Analysis of Generative Adversarial Models, 2017 24



Conditioning of GANs: Auxiliary Classifier GAN (ACGAN)

* The training objective function consists of two parts:
* The log-likelihood of the correct source, L (i.e. the original GAN loss).

Ls = Eznpyaa 108 Doy (%) + E.np, log(1 — Dy, (G, (2)))
= Eonpaaa l0g P(S = real|z) + E. ., log P(S = fake|Gy, (2))

* The log-likelihood of the correct class, L.

Lo =Egnpyna log P(C = clz) + E.p. cnp. log P(C = c|Gy,(2,¢)))

* The discriminator trained to maximize Lg + L, and the generator trained to
maximize —Lg + L¢ .

* Note that the classification loss L is used not only for the discriminator, but also
for the generator.

* The balancing weight of both losses can be tuned for better training. (i.e. The
discriminator and generator maximize Lg + AL and —Lg + Ay L, respectively.)
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Conditioning of GANs: Auxiliary Classifier GAN (ACGAN)

 ACGAN can generate diverse, higher resolution images than concatenation of
class labels in the discriminator.

* The authors show that synthesizing higher resolution images leads to increased
discriminability by feeding images to a pre-trained Inception network (left).

* To evaluate the diversity of generated images quantitatively, they also measure the
multiscale structural similarity (MS-SSIM) between randomly chosen pairs of images
within a given class (right).

16x 16 32x32 64 x 64 128x 128 256 x 256

hot dog promontory green apple artichoke
MS-SSIM = 0.11 MS-SSIM = 0.29 MS-SSIM = 0.41 MS-SSIM = 0.90

synthesized

0.14 1.0
' N MS-SSIM = 0.15

0.12 =
> % 0.8
% L e e s 86 i f 3 T— ]
® 0.08 g Li—— - ) ‘
s 5 ki o)
£ 0.06 S o4 ] B
S - © Loyl f
£ 0.04 : 2 i . [
o ake (64 B ool Bk sty - 1

0.02 O b E L

}-rsa;g- s e P
0.00 0g £ . <
16 32 64 128 256 0 02 04 06 08 10 diverse
image resolution sample accuracy at 128x128
Inception accuracy: higher is better MS-SSIM: lower is better
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Conditioning of GANs : Conditional Batch Normalization (CBN)

* Instead of concatenating one-hot vectors to the generator, [Dumoulin et al.,
ICLR 2017, de Vries et al., NIPS 2017] made the conditions modulate Batch
Normalization (BN) layers.

* The key idea is to predict the affine scaling parameters, 7 and 3 of the batch
normalization from an embedding of conditional information, .

2= 3(y) - (522) 1 B(y)

ReLU(.) ReLU(.)

4 4
BN (Fyc, |vi,BY) BN(F;. |vi +Ay;, B + ABY) [

r 3 a

Embed
Fi.c,...

t
Yy
Batch Normalization Conditional Batch Normalization

Algorithmic Intelligence Lab * source : de Vries et. al., Modulating early visual processing by language, NIPS 2017 27



Conditioning of GANs: Projection Discriminator

* [Miyato et al., ICLR 2018] suggested another approach to feed conditional
information to the discriminator.

* They show a projection of one-hot vector is much better than concatenation.

* The architecture of the proposed projection discriminator is as follows:

Ad ial
oss D(x,y;0) := A(f(z,y;0))
s where [ is a function of = and ¥, and A is an activation
@j Dfﬂfriuct function of the users' choice (e.g. sigmoid for vanilla GAN).
Y
T

¢ F(2,y) =y Vé(a) + (o))

T The discriminator is modeled by a inner-product

£ (projection) of the class embedded vector .

Algorithmic Intelligence Lab * source : Miyato et. al., cGANS with Projection Discriminator, ICLR 2018 28



Conditioning of GANs: Projection Discriminator

* Projection discriminator significantly outperforms concatenation of one-hot

vector and ACGAN.

35

—=— Projection

Ine] w
(93} o

inception score
)
o

00 1.0 20 30
iteration

Inception score: higher is better
Intra (class-wise) FID: lower is better

(@) AC-GANs

z (noise)
1 1 1 1

(class)

—es— Concat

O

0 0 0 0 09 0 0 i )

4.04.5

185

Method Inception Score Intra FID
AC-GANs 28.5+.20 260.0
concat 21.1+.35 141.2
projection 29.7+.61 103.1 |
*projection (850K iteration) 36.8+.44 924

(b) Projection

Projection
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The projection discriminator is also more
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Wasserstein Distance

* Some heuristics can alleviate the issue for training GAN
* But, they are not fundamental solutions and are not clear to work in general

» Wasserstein distance: measure of the distance between two probability
distributions (also called Earth Mover’s distance)

W , = inf Ezgyoy 1T —
(pdata pg) e (pantaps) (z,y)~ry || y“

* Intuitively, minimal total amount of work to transform one heap of dirt into the other
* Work is defined as the amount of dirt in a chunk times the distance it was moved
* Example

* W(P,Q) : the minimum amount of work from distribution p to ()

s Step [0] s Step [1] 5 Step [2] 5 Step [3]
a
_ . _ . = 41 R——— ol 44 o 44 ‘
P=3P=2P=1FP =4 NN | | ] bl
2210+ St 2 | 24 | 24
Q1=10:=2,Q3=4,Q1=3 H | IE. . HH | HH
L= Diwe = S ks =5 ed » L I o o I o o I A 1
5 P] PZ P3 4 5 Pl PZ P3 P4 5 Pl PZ P3 4 5 Pl PZ Pj 4
W(P,Q) =5 i ] ]
331 3 3 3]
gz- 24 24 2
51- 14 14 14
0- 0- 0- 04

(o]} Qz Qs Qa Q Q Q: Qu o)} Q O Qa (o]} Q O Qa
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Wasserstein Distance

* Wasserstein distance: measure of the distance between two probability
distributions (also called Earth Mover’s distance)

%% , = inf Ez )y [|T —
I R N I EE

* Intuitively, minimal total amount of work to transform one heap of dirt into the other
* Work is defined as the amount of dirt in a chunk times the distance it was moved
* Example

* II(pdata,Pg) is the set of all possible joint probability distributions between pg4,:, and Py

* Infimum over joint distribution ¥ (each 7 corresponds to one dirt transport plan like in
example in a slide before)

Step [0 Step [1 Step [2 Step [3

5 p [0] s pll] s pl2] s p 3]
< 44 —| 41 4 —| 41 :
331 SR 3 | 31
RRIEEREE iy 1 =
* ! ! i ' | ! | | | !

o= . i — 0 o115 1 o5 T T i
_24' 41 41 4
534 3 3 3
]
371 2 1 2 2
e 1 1 1
#*

0 0 0 0

o @ Q: O @1 Q: Q1 Qa o4 Q O Qa o3} Q: Q1 @
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Comparison between Wasserstein Distance and Other Distance Metrics

 When two distributions are located without overlaps
* Still provides meaningful and smooth representation of the distance (and gradients)

 Example [Arjovsky, et. al., 2017]
« Let Z ~ UJ0,1], po be the distribution of (0, Z) € R?
« g9(Z) = (0, Z) with 0, a single real parameter, and ps is the distribution of gs(Z)
* Distance between two distributions are:

W (po, pe) = |0 2.
log2 if 6 #0 S
JS — ? —
(Po || po) {0 £6=0 = .
o if B0 T
KL — KL p— ?
(po || po) (po || Po) {0 020 .
/;D\oa
Q0
 Parameter 6 can be learned on the Wasserstein distance ZD
e Parameter 8 cannot be learned on JS or KL divergence \%
™~
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Comparison between Wasserstein Distance and Other Distance Metrics

e This example shows that there exist distributions that

 Don’t converge under the JS, KL, or inverse KL
* For thelS, KL, and inverse KL, there are cases where the gradient is always 0
* This is especially not good from an optimization perspective

* Do converge under the Wasserstein distance

* Easy to get similar results, if Pdata and Py are on low-dimensional manifolds in
high dimensional space

Low dimensional manifolds in high dimension space can hardly have overlaps.
(Left) two lines in a 3-d space. (Right) two surfaces in 3-d space

Algorithmic Intelligence Lab * source: https://lilianweng.github.io/lil-log/2017/08/20/from-GAN-to-WGAN.html#wasserstein-gan-wgan 34



Wasserstein Distance in GAN Objective

e Infimum over joint distribution ¥ € II(pdata, Pg) is computationally intractable

e Using Kantorovich-Rubinstein duality [Villani, 2009], Wasserstein distance
becomes:

W(pdata;Pg) = sup  Eonpy,, [f(2)] = Eonp, [f(2)]
1Fll L <1

* The Supremum is over all the 1-Lipschitz functions f : X - R
* Let f is parameterized by w, then one could consider solving the problem

max Epopyy, [fo(2)] = B, [fur(g0,(2))]

* To enforce the Lipschitz constraint, clamp the weights to a fixed box
(e.g., W = [-0.01, 0.01]"’ , Where ¢ is dimension of parameter w € W)

Algorithmic Intelligence Lab * source: WGAN and Kantorovich-Rubinstein duality https://vincentherrmann.github.io/blog/wasserstein/ 35
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WGAN vs GAN

 Comparison of GAN and WGAN

* Discriminator (outputs probability of real or fake) becomes a continuous function
to help compute Wasserstein distance (with weight clamping)

Algorithm 1 Minibatch stochastic gradient descent training of generative adversarial nets. The number of
steps to apply to the discriminator, k, is a hyperparameter. We used & = 1, the least expensive option, in our

experiments.

for number of training iterations do
for k steps do

e Sample minibatch of m noise samples {z(), ..., z(™)} from noise prior p,(2).
e Sample minibatch of m examples {m(l), e ,a:(m)} from data generating distribution
pdata(m)-

e Update the discriminator by ascending its stochastic gradient:

Vo, 23" [log D (29) +10g (1- (¢ (=)))]

1=

end for

Gw < Vi [ Dy fu(a®) — 5 300 fulge(21))]
w — w + « - RMSProp(w, g.)
w < clip(w, —e¢, ¢)

e Sample minibatch of m noise samples {z(}), ..., z(™)} from noise prior p,(2).

e Update the generator by descending its stochastic gradient:

Vo yoos (1= (6 (=)

end for

g6 < Voo 2iey fuw(ge(2))
6 < 6 — o - RMSProp(#, gs)

The gradient-based updates can use any standard gradient-based learning rule. We used momen-

tum in our experiments.

Algorithmic Intelligence Lab
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WGAN vs GAN

(Left) WGAN vs. (Right) GAN with DCGAN archltecture Both produce high quality samples

(Left) WGAN vs. (Right) GAN with MLP generator.
Vanilla GAN does mode collapse, while WGAN still produces good samples

Algorithmic Intelligence Lab * source : Arjovsky, et. al., Wasserstein GAN, ICML 2017 37



Enforcing the Lipschitz Constraint of Discriminator

* To maintain Lipschitz constraint WGAN uses weight clamping
e But it is naive and no guaranteed method
* Weight clamping leads to optimization difficulties sometimes

* Recent works try to improve the method for maintaining Lipschitz constraint

* Improved training of Wasserstein GANs (WGAN-GP) [Gulrajani, et. al., 2017]
* Use gradient penalty to maintain Lipschitz constraint

Ez~ps [(vaD@)H? N 1)2}

where z =cx + (1 — e)G(2)
* Spectral normalization for generative adversarial networks [Miyato, et. al., 2018]
* Control the Lipschitz constant of D by constraining the spectral norm of each layer

Wsn(W) = W/a(W)
where (W) is the spectral norm of W

* Nevertheless, stabilizing training GAN is still an on-going research topic!

Algorithmic Intelligence Lab
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Progressive GAN: High-Resolution Image Generation

GANs produce sharp images
e But only in fairly small resolutions and with somewhat limited variation

* Training continues to be unstable despite recent progress

Generating high resolution image is difficult

* It is easier to tell the generated images from training images in high-res images
[Karras, et. al., 2018]

* Grow both generator and discriminator progressively
e Start learning from easier low-resolution images
* Add new layers that introduce higher-resolution details as the tralnlng progress

G Latent Latent Latent
'
—
E L J
\ i 1 ]
H ' [ ]
! E : ]
] : { )
| 5 [ 1024x1024 J
i :Reals ﬂ. :Reals ., : Reals
D & | I 1024x1024 ]
' lL 1]
: o [ )
' o { .
: . v [ ]
:  —
v —
[_4xa_ | [_4xa |

A\ 4

Training progresses

Algorithmic Intelligence Lab * source : Karras, et. al., Progressive growing of GANs for improved quality, stability, and variation, ICLR 2018 40



Progressive GAN: High-Resolution Image Generation

* Fade in the new layers smoothly
* Prevent sudden shocks to the already well-trained, smaller-resolution layers

G 16x16
2x [2x |
32x32
I 32x32 T
toRGE toRGB toRGE toRGB
—_—
l l-uéu
‘ 1 L
fromRGB fromRGB fromRGB
D
fromRGB 32x32 32x32
| 0.5x |
[05x] [0.5x |
lasrn
®
(a) (b) (c) *

Transition from 16 x 16 images (a) to 32 x 32 images (c). During the transition (b)
we treat the layers that operate on the higher resolution like a residual block,
whose weight a increases linearly from 0 to 1

* Simplified minibatch discrimination [Salimans, et. al., 2016]
 Compute standard deviation for each feature in each spatial location and average it
e Use it as an additional feature map for the input of the next layer
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Progressive GAN: Results

// \‘\- .v V “‘ "N \\ N A
1024x1024 images generated using the CELEBA-HQ dataset
https://www.youtube.com/watch?v=G06dEcZ-QTg&feature=youtu.be

Mao et al. (2016b) (128 x 128)  Gulrajani et al. (2017) (128 x 128) Our (256 x 256) e o8 Rl T SR

Visual quality comparison: LSUN bedroom LSUN other categories generated image (256x256)

Algorithmic Intelligence Lab * source : Karras, et. al., Progressive growing of GANs for improved quality, stability, and variation, ICLR 2018 42


https://www.youtube.com/watch?v=G06dEcZ-QTg&feature=youtu.be

Table of Contents

3. Improved GANs

* Self-Attention GAN (SAGAN)

Algorithmic Intelligence Lab

43



Self-Attention GAN: Attention-Driven Image Generation Tasks

* Previous GANs fail to capture geometric or structural patterns that occur
consistently in some classes.

* Convolution process is local, thus using conv layers alone is computationally
inefficient for modeling long-range dependencies in images.

* They adapt the non-local model (i.e. self-attention module) of [Wang et al.,
CVPR 2018] for both the generator and the discriminator to efficiently model
relationships between spatial regions.

— : attention between regions
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Self-Attention GAN: Attention-Driven Image Generation Tasks

* The self-attention module for the SAGAN

f(x)
transpose 1 q
convolution Ix1conv . ,1'
feature maps (x) Bx O x N SN ‘l B i
5 ll | X X "_E_.Z AI
B [ e® | ;E l
[ |_| —
1x1conv s N
Bx(CxN -
’ -
BxC'xN Bj,z‘fOl"’LZL---,N
j _— ]_’ . e ,N

* The Image features are first transformed into two feature spaces.
flz) =Wy, g(x) = Wy
* Then calculate the attention.
exp(si;)
Bii = =%
Zizl eXp(Sz‘j)

* (3, indicates the extent to which the model attends to the i th location when
synthesizing the j th region.

, where s;; = f(z:)' g(x)
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Self-Attention GAN: Attention-Driven Image Generation Tasks

* The self-attention module for the SAGAN

f(x)

B xNxN
transpose .
convolution IxLconv ! attention
feature maps (x) p N map
= BxC"x N ® sottmax :ﬁ self-attention
[l e T—|—| feature maps (o)
— > . 1 -
! 1 p : — ® v
Bx(CxN — i |
B X C’ % N Ixlcony B C N
X X
h(X) _T‘“In
Ixlconv _‘7
BxC"x N

* Here the output of the attention layer is:
N
0; =V Zﬁj,ﬁh(m@) , h(l‘@) = WhiL‘i, ’U(SISZ) = WUSL‘@'.
i=1

* In addition, multiply the output of the attention layer by a scale parameter and add
back the input feature map (as similar as Residual block).

Yi = 70i + T
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Self-Attention GAN: Attention-Driven Image Generation Tasks

* They additionally proposed some stabilization techniques, such as Spectral
Normalization on both G/D and two-timescale learning rates (TTUR), which is
using separate learning rates for the G/D.

baseline: SN on D SN on G/D SN on G/D + TTUR
350 350
00| 100
h 250 \ 250
a o 200 e 200
= j-c l “ \ o 150 * 150 L
. | I 0 100
200 |‘u\;’lmf" \lr‘l"*’h JlL \Ar“w'\-j\'\l‘lq“lkk 50 K\w_ ___JF 50 K&.
150 . o . 1o o o 100 200 ¢ o 400 600
Iterations (k) Iterations (k) Iteration (k) T « .
- raining of G/D
. baseline: SN on D N SN on G/D . SN on G/D + TTUR are We”_balanced
45 a5
) r\vp / 30 W’M o |
el ——" 7 P B A o e
SO AL R | g
625 I ||\' J I W 5 o L 5
g0 | ¥ Mrd 5
g1s | £10 )J g
=1 f 10
0s il 5
0 1]
0 300 o 2

: 60 100 200 00 600
Iteration (k) Iteration (k) Iteration (k)

* Comparison of Self-Attention and Residual block on GANs. These blocks are
added into different features of the network.

Model no SAGAN Residual
attention [ feats [ featis | featse | feales | feats | featis | featsa | fealss
FID 22.96 2298 22.14 18.28 18.65 42.13 22.40 27.33 28.82
1S 42 87 43.15 45.94 51.43 52.52 23.17 44 .49 38.50 38.96

The improvements depend not only on

residual connections, but also on attentions.
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BigGAN: High-resolution, Diverse Image Generation

* BigGAN is a massive aggregation of recent techniques for training GANs.

* The model is a kind of conditional GANs, which can generate high-resolution,
diverse samples from complex datasets such as ImageNet successfully.

* When trained on ImageNet at 128 x 128 resolution, BigGAN improves the state-
of-the-art Inception Score (IS) and Fréchet Inception Distance (FID).
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BigGAN: High-resolution, Diverse Image Generation

» Aggregation of previous techniques

* The base model is Self-Attention GAN [Zhang et al., ICML 2019] using spectral
normalization [Miyato et al., ICLR 2018].

* They provide class information to the generator with class-conditional BatchNorm
[Dumoulin et al., ICLR 2017; de Vries et al., NIPS 2017] and to the discriminator with
projection [Miyato et al., ICLR 2018].

* Progressive growing [Karras et al., ICLR 2018] is not used.

---------------------------------------------------------

- ! - \
I 1
' SAGAN Shared embed l
1 an2 1
BigGAN — i with spectral O Condltl.ona.l BN oa  Skip connection :
! . and Projection D i
! normalization Orthogonal reg :
1 I
1
"\ Baselines Conditioning Stabilizing ,=
N e e o o o o o T T T T T ,l
Scale up

* Modification for scaling up GANs

* Increasing the size of models and batches leads to a IS and FID improvement (This is
why we call the model big).

* Some techniques such as shared embedding, skip connection, and orthogonal
regularization are used for stabilized training.
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BigGAN: High-resolution, Diverse Image Generation

* Instead of having a separate layer for each embedding [Miyato et al., ICLR 2018],
they use a shared embedding, which is linearly projected to each layer’s gains
and biases [Perez et al., 2018].

 Skip connections (skip-z) from the noise vector z to multiple layers of G rather
than just the initial layer. This design allows G to use the latent space to directly
influence features at different resolutions and levels of hierarchy.

Z Class

o

[ Linear ]
— 4x4x16¢ch

skip connection

shared embedding

Non-local ]

| -

Image

—
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BigGAN: High-resolution, Diverse Image Generation

Batch | Ch. | Param (M) | Shared | Skip-z | 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 81.5 X X X 1000 14.88 63.03(+1.42)
2048 | 64 81.5 X X X 732 12.39 76.85(%3.83)
2048 | 96 173.5 X X X 295(+18) | 9.54(+0.62) [ 92.98(+4.27)
2048 | 96 160.6 v X X 185(£11) | 9.18(%0.13) | 94.94(%1.32)
2048 | 96 158.3 v v X 152(£7) 8.73(40.45) | 98.76(£2.84)
2048 | 96 158.3 v v v 165(£13) | 8.51(+0.32) | 99.31(%2.10)
2048 | 64 71.3 v v v 371(£7) | 10.48(%0.10) | 86.90(%0.61)

Scale up

Stabilize

* Simply increasing the batch size by a factor of 8 improves the state-of-the-art IS
by 46%. Increasing the width (number of channels) in each layer by 50% leads
to a further IS improvement of 21%.

* |n the test time, “truncation trick”, which reduces the variance of the
generator’s input, allows fine control over the trade-off between sample fidelity
and variety.

=)

Algorithmic Intelligence Lab
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StyleGAN: An Alternative Style-Based Generator Architecture

* Interpolation of latent-space vectors yields non-linear changes in the image. For

example, features that are absent in either endpoint may appear in the middle
of a linear interpolation path as belows:

CelebA-HQ
1024 x 1024

Latent space interpolations

Latent space interpolations with Progressive GAN

* The input latent space must follow the probability density of the training data,
and this leads to some degree of unavoidable entanglement.

* [Karras et al., 2019] proposed an intermediate latent space which is free from
that restriction and is therefore allowed to be disentangled.
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StyleGAN: An Alternative Style-Based Generator Architecture

* Instead of using the latent variable as an input directly, authors embed it into
an intermediate latent space using a non-linear mapping network f : Z2 — W,

* The mapping network f is implemented using an 8-layer MLP.

Random vector
(Latent Code)

Mapping
Network

512X1
¥

L (a) Distribution of (b) Mapping from (c) Mapping from
features in training set Z to features W to features

| 512X1 YA

The mapping network. lllustration of disentanglement.

* Asillustrated above, complex data distribution forces the mapping from Z to
features to become curved (b), while non-linear mapping W is well adapted (c).

* A curved latent space is highly entangled.
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StyleGAN: An Alternative Style-Based Generator Architecture

* Motivated by style transfer literature [Huang et al., 2017], the generator starts
from a learned constant input and adjusts the “style” which is a learned affine-

transformation of an intermediate latent code.

e Styles y control adaptive instance normalization (AdalN) [Huang et al., 2017]
operations after each convolution layer of the synthesis network g.

Synthesis q
Network ‘ n channels
Latent
Code - [Const 4x4x512] -
. =1
mA—> W 1512 |
AdalN | i
E AdalN transformation _(by its mean and variance) E
S 2
v - 2xn . =
| 16%16] | Ys.i , Scale and bias
oo style «—{ ¥b.i (__chamnel |
v x; — p(X;)
w y —A—> 1024x1024] AdaIN(x;,y) = y..i W + Yb.is
| §12X1 — i

* The styles control high-level attributes (e.g., pose, identity of face images).
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StyleGAN: An Alternative Style-Based Generator Architecture

* To generate stochastic detail, the authors introduce explicit noise inputs. These

are single-channel images consisting of uncorrelated Gaussian noise, and they
are fed to each layer of the synthesis network.

* The noise image is broadcasted to all feature maps using learned per feature

scaling factors which are denoted as B, and then added to the output of the
corresponding convolution, as illustrated as below.

Synthesis

Network ) Noise 71
Latent
Const 4x4x512 Je«—— B |«
Code Normalize | J’
v B
_ - Learned per- | . — . . 1
A < channelsF::Z]e - S(:E%? n’) = Iy —I_ B?, iz
AdalN |
5
L A— + o E-{
AdalN_|
:(B_
Y
w —A—>] 1024x1 024|4—|E}1

* The noise controls stochastic variation (e.g., freckles, hair of face images).
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StyleGAN: An Alternative Style-Based Generator Architecture

* The generator improves the state-of-the-art in terms of traditional distribution

guality metrics such as FID on face image dataset. FID
10 | — Traditional (B)
| Method | CelebA-HQ | FFHQ I g | — Style-based (F)
A Baseline Progressive GAN [3(] 7.79 304 i A
B + Tuning (incl. bilinear up/down) 6.11 5.25 ;
C + Add mapping and styles 5.34 4.85 1.
D + Remove traditional input 5.07 4.88 6
E + Add noise inputs 5.06 4.42 5 ; WA
F + Mixing regularization 5.17 4.40 i robolilin
0 SM 10M ISM 20M 25M

* It also leads to demonstrably better interpolation properties, and also better
disentangles the latent factors of variation. oy

Source B

Source A
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The GAN-Zoo

* Lots of GAN papers are published since 2014

* Hundreds of papers about theories and applications
* About better training and various applications to many types of dataset/tasks

* If you are interested for more, see the-gan-zoo
(https://github.com/hindupuravinash/the-gan-zoo)

* 3D-ED-GAN - Shape Inpainting using 3D Generative Adversarial Network and Recurrent Convolutional Networks

® 3D-GAN - Learning a Probabilistic Latent Space of Object Shapes via 3D Generative-Adversarial Modeling (github) Cumulative number of named GAN papers by month
® 3D-IWGAN - Improved Adversarial Systems for 3D Object Generation and Reconstruction (github) 19
* 3D-PhysNet - 3D-PhysMet: Learning the Intuitive Physics of Non-Rigid Object Deformations 439
® 3D-RecGAN - 3D Object Reconstruction from a Single Depth View with Adversarial Learning (github) §§
® ABC-GAN - ABC-GAN: Adaptive Blur and Control for improved training stability of Generative Adversarial Networks e
(github) o 30
* ABC-GAN - GANs for LIFE: Generative Adversarial Networks for Likelihood Free Inference § %g’
® AC-GAN - Conditional Image Synthesis With Auxiliary Classifier GANs “g %:5:
* acGAN - Face Aging With Conditional Generative Adversarial Networks g
® ACGAN - Coverless Information Hiding Based on Generative adversarial networks g %ES;
® acGAN - On-line Adaptative Curriculum Learning for GANs 2 189
® ACtuAL - ACtuAL: Actor-Critic Under Adversarial Learning igg
» AdaGAN - AdaGAN: Boosting Generative Models e
* Adaptive GAN - Customizing an Adversarial Example Generator with Class-Conditional GANs §§
* AdvEntuRe - AdvEntuRe: Adversarial Training for Textual Entailment with Knowledge-Guided Examples 2
* AdvGAN - Generating adversarial examples with adversarial networks %014 2015

o AE-GAN - AE-GAN: adversarial eliminating with GAN
® AE-OT - Latent Space Optimal Transport for Generative Models
® AEGAN - Learning Inverse Mapping by Autoencoder based Generative Adversarial Nets

® AF-DCGAN - AF-DCGAN: Amplitude Feature Deep Convolutional GAN for Fingerprint Construction in Indoor Localization
System

® AffGAN - Amortised MAP Inference for Image Super-resolution

® AIM - Generating Informative and Diverse Conversational Responses via Adversarial Information Maximization
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