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== 2Jl: StyleGAN (CVPR 2019)
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2 9131: Generative Adversarial Networks (GAN)

» ‘H’dX}H(generator)2t THEXH(discriminator) & 7H2| HIERZE &8¢t 48 ZEYLIC
- Ct22| =X gs=(objective function)E &3l “4-dX= O|0|X| 22 & st5¥ =+ USLICL

m(ljn mlglx V(D, G) — Ex"pdata(x) [lOQD(X)] + EZ~pZ(Z) [lOg(l o D(G(Z)))]

| Generator | G(z): new data instance

| Discriminator | D(x) = Probability: a sample came from the real distribution (Real:1 ~ Fake: 0)

1m i
| z || Generator > Fakeimage — 70,5208 (1 -2 (6(29))

(Latent vector) —>| Discriminator |—>LOSS
| Real Image I— r_

1% . .
v —E logD(x') +log(1—D(G(z!
Generative Adversarial Networks (NIPS 2014) Qdmizl[ 0gD(x') + Og( ( (= )))]
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22 911 DCGAN (ICLR 2016)

« Deep Convolutional Layers& 0|&6t0{ O|0|X| =HIQIHAMC 52 H52 EQILICH

Stride 2 16

Project and reshape CONV 4 <
CONV 2 SONVS 648

Fig. DCGAN generator used for LSUN scene modeling.

Unsupervised Representation Learning with Deep Convolutional Generative Adversarial Networks (ICLR 2016)
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24 0151: DCGANO|AM 2] Convolutional = E{(Filter) 24

IHHXHDiscriminator) M XHGenerator)

Strided Convolution: LH|2} 0|7} 2 Transposed Convolution: L{H|2} =0|7 St

Unsupervised Representation Learning with Deep Convolutional Generative Adversarial Networks (ICLR 2016)
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2 0171: DCGANOj|A{2| HIE] Q14H(Vector Arithmetic)

Man Man Woman Woman with glasses
with glasses without glasses without glasses
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24 ¢11: WGAN-GP

P

* WGAN:2 gf==7} 1-Lipshichtz 2= &SRS o0 QP A0 efg= RELICL
= C

(@] |
- =22 WGAN =22 weight clippingg 0|86t X|2f ZHE THESHE = 3fL|C}

L=_E D@)]- E [D@)]+) E [(|VaD(@)]2~1)’]

iNPg .’f!NIPﬁ,
1 ] 1 ]
Original critic loss Gradient penalty
Method Score
ALI [8] (in [27]) 5.34 + .05
U <ed BEGAN [4] H.62
(Unsupervised case) mm) DCGAN [22] (in[11) 6.16 + .07
EGAN-Ent-VI [7] 7.07 + .10
DFM [27] 7.72 + .13

WGAN-GP ResNet (ours) 7.86 &= .07
Improved Training of Wasserstein GANs (NIPS 2017)
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131 HA: Progressive Growing of GANs (PGGAN = ProGAN)

- B2l ofolcio
. 31% TN 2l0j0iS 2t
. DN O[0|X| Bt 43
. B

- O|O|X|e| &7 Aot o=

StyleGANO{|M M ElL|C}.

=

4 x4

N

Training time: 0 days
4x4 resolution

Zz = random code
Generator

R X = real image
Discriminator

x' = generated image

https://towardsdatascience.com/progan-how-nvidia-generated-images-of-unprecedented-quality-51c98ec2cbd2
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o ot=Z=2 XK

St= 20| A "EIXMO 2 (progressively) HES| A 2| 2i|0|01E 0] LIZL|CT.

= | -
MM XHGenerator)
st&(training)
= e i -
—_ N ]II'H:I . . .
Latent Vector N[l ]| o ~ IHEHXHDiscriminator) I
X > X EEEENR > — I
(512 X}&) Mol s = |
N —_—
B e o N |
SINEE > Loss
pr—- X > P EEEEEN <
= o |N N (WGAN-GP)
(@) — o1
N N (@)} I
NS
|
Real Image - . :
L o e e e e e e |

https://towardsdatascience.com/explained-a-style-based-generator-architecture-for-gans-generating-and-tuning-realistic-6cb2be0f431
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StyleGANZ| sti4] ojo|C|of: O Y EL 3 (Mapping Network)

« B12X}3e| z EI:I'||O|O'||X‘| w EHQIC = OjH S HetL|CE, | atent z
° jl- O o} i
Normalize
¥
FC
FC
FC
FC | Synthesis
(a) Distribution of (b) Mapping from (c) Mapping from FC Netwo rk
features in training set Z to features W to features
FC
FC
In W space, the factors of variation become more linear. =
Z: Fixed distribution !
Learned mapping f:z - w Latent w
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2t2d 9131 Adaptive Instance Normalization (ADalN)

« AdaINZ 0|25 CIE 6= HIO|HZEE AEU(style) HEE JtHf MBS 4~ USL|CT

N= O
- OfsAlZ THEtO|E ) T ROHA| 45 LTt (v FAHESHK| i3

= =]

« feed-forward 24|2Q| style transfer HER|I0|M AFRE|0] £2 He2 EQLICH

Batch Norm Layer Norm Instance Norm Group Norm

H, W

\EAENENTNR

N B R VAR
Z AR

NEAEATAEAEN

Z R

Group Normalization (ECCV 2018)
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Style Modules (AdalN)

Latent Z Synthesis Network _ .
T Adaptive Instance Normalization (AdalN)
. » A > 4X4
Normalize n channels
y . 1X512 S
W
FC Upsample + Conv U Xi §
FC » A » AdaIN _t=="1 A Learned affine g
= =" transformation {
Conv 3 x 3 | Normalize channel
FC 2Xn (by its mean and variance)
C 1A " Adilﬂ 8x8 §
.‘NN y . v : =z
. S SiL | Scale and bias
FC S >
» A > 16 x 16 | Vb.i channel
FC
. x; — p(x;)
FC I AdalN(x,y) = ys, 7 00) + Vi
l
T » A > 1024 x 1024
Latent w

https://towardsdatascience.com/explained-a-style-based-generator-architecture-for-gans-generating-and-tuning-realistic-6cb2be0f431
A IITTTTTTIIIImImIIIIeeeeeeeeeeheeehehhhhhhhhhhhhhhh»”
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Removing Traditional Input
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« X7| UHZ 4(constant)Z CHA|ELICY.

+ FYHOR Yio| PAELIC

https://towardsdatascience.com/explained-a-style-based-generator-architecture-for-gans-generating-and-tuning-realistic-6cb2be0f431
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Stochastic Variation
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Stochastic Variation

« AEFY: high-level global attributes

AL IX otHo|en =

« L O|X: stochastic variation
« =Ll(freckle), I|E 25 (skin pore)
e Coarse noise: 2 37|9 HE| H&HE, A =

« Fine noise: M|2st He2| S=HE, HIB S

D 2fojojof 0| X HE
0| X HBOHX| 242

Fine layerd]| &

Coarse layer0f| M2

A Style-Based Generator Architecture for Generative Adversarial Networks (CVPR 2019) LSt



StyleGAN O}?|&lX{: Disentanglement Properties of StyleGAN

Latent z € Z  Latent z € Z , Noise
: Synthesis network ¢
| Normalize I i Normalize | Const 4x4x512 |
v : Mapping | @ B|
|Fully-connected | | network f S
T o33 ]
[ Conv3x3 | : Ltylilf‘_)ili (a) Distribution of (b) Mapping from (c) Mapping from
| PixelNorm | : AdaIN Ax4 features in training set Z to features W to features
4x4|
Y | - 1
[ Upsample | L Upsample |
[ . | Conv3x3 |
| Conv3x3 || | A (B«
| AN In W space, the factors of variation become more linear.
| Conv3x3 | i Y |  Conv3x3 |
@}@ CCwew it Ad%am [Ble Z: Fixed distribution
83| | Gas Learned mapping f:z - w
\Z | \%
(a) Traditional (b) Style-based generator StyleGANS| ’dXt= = lineardtH & entangled=|0{ U SLICE
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Latent Vector Meanings of StyleGAN

512
|
P P P i it
% P P PE o]
Coarse styles
P P P it i
P » P ]
Middle styles g id b o b
P P P Pt
Fine styles
Y Latent Vector w
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Evaluation: FID 2} H|u /&

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

[Table] Frechet Inception Distance (FID) for various generator designs.

(A) PGGAN H{|0| AZ}Q! (D) Input |00 = St5El 4 X 4 X 512 f== HIM AL
(B) Bilinear up/downsampling operations (E) .=0|= Y&

(C) Mapping Network + Adaln (F) Mixing Regularization
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Style Mixing (Mixing Regularization)

+ QIFot20[o] 2ho| AEIY(style) HBBAIE EYLICL — |

« 4|H2l Mixing Regularization B 4™ AT T PO S B R
1) 742l U HIEIS FH|Lct ? Wi
2) A2 AQH(crossover) LOIEZ AXSH |} I S 6 NPYPR % S 6 A
3) AZAQH O|ME w, 0|3 w,2 AFRSEHL|CY, ST T T OO o W T W

+ AEtU2 2f 3jo|ofof Chstol X|2feHlocalized)ELICt. e - "

Mixing Number of latents during testing
regularization 1 2 3 4
E 0% 4.42 8.22 12.88 17.41
50% 4.41 6.10 8.71 11.61
F 90% 4.40 5.11 6.88 9.03
100% 4.83 5.17 6.63 8.40
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Disentanglement &3 £ JX| 45 =4 X| & H|ot

1. Path Length: &= HlE{E Ek(interpolation)& f HOfL} Z2451A| O|0|X] £ER 0] B =X
2. Separability: latent space0f|A attributes?} &OtL MAX o2 RRE 4 QU=X| It

Path length Separa-

Method S full gtend bli)lity

B Traditional 0 Z 5.25 412.0 415.3 10.78
Traditional 8 Z 4.87 896.2 902.0 170.29
Traditional 8 W 4.87 324.5 2122 6.52
Style-based 0 Z 5.06 283.5 285.5 0.88
Style-based 1 W 4.60 219.9 209.4 6.81
Style-based 2 W 443 217.8 199.9 6.25

F Style-based 8 W 4.40 234.0 195.9 3.79

« W SZH(space)0| Z S2HELC O HQl &S JHX| 2 USLICE
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Latent Vector Interpolation

« = JHQ| latent codesE EZH(interpolation)st= AHO == LSt 22 A=0| UL L

®
"\ A
® B
B
Linear Interpolation (LERP) Spherical Linear Interpolation (SLERP)
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Perceptual Path Length

« =2l latent codesE HZH(interpolation)e I EOfLt 2245 (REEX| &A|) B =X M2 -L|Ct,
« X8t} t + e AO|H M| VGG % (features) | He|PF HOFL| HX| ALt o~ USLICE.

LOSSZ = E (G(slerp(zl,zz; t)); G(Slerp(zllZZ; t + E)))]

62

Lossy = E [ = d (Glerp(f (2), £ (22):0), G(lerp(F (2, f(z)s t + e)))]

Wq Wy Wi Wy
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Linear Separability

« CelebA-HQ: E=20ICt ¥ (gender) 52| 40702| binary attributes?t HA|E[O = GH|O|EAll
« O|Z 0|2dH 407l2| 2% (classification) Z& S st&2fL|Ct

* OfLte| £d(attribute)OtCt 200,00071<| O|0[X|E 485t =F 220 F&L|Ct.
« 0|20 confidence?} %2 EHL2 X|HSHK 100,0007H2| 2i[0|=0| HA|=! latent vectorE &H|EfL|CL.
- O|=A| =H|El 100,0007H2] H|O|E{ & =t TI|O[|E{ 2 Arg'ILICE.

« Of attributeO}C} linear SVM RE 2 5
« O|f MEXQl(traditional) GANK|A|= z, Style GANO|| A= wE O|&¢gL|Ct.

« Zflinear SVM 22 22510 Cr22| i AlLILICE (i =2t attribute| QIEIA)

ot

FLICt.

I

exp ) HOGIX)
l
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« ZUTHMEICRE FOF AN a; W
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