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Background

e GAN
- Generator2} Discriminators MM S 2 S5 A|7|H train datalt H| =2t O|O| X| & &S
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Background

e Swin Transformer
- 7| = Vision &= OF0| A Transformer based approach”| 7} %! HA|
— Computational complexity on high-resolution images
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» A Style-Based Generator Architecture for Generative Adversarial Networks

- StyleGAN
- CVPR 2019
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Introduction
« PGGAN X &t 7| =9 O|DI7<I 2 7|=0| 7t%l oA

- L5 114 0| Black box ¥
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Introduction

« StyleGAN< Style Transferd| 7|2tot M| 2F Generator T+

O|O|X| & style2| 2SS 2 H 11 generator2| Zf layerOtCf style & &

£ Q5|= gAlo 2 o|0|X| 2 e
FI7tE| = style= O|0O|X| Q| coarse feature - E fine detail 7t X| Z17| CHE 2|22 =F
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Style-based generator
* Mapping Network

- 7| 22| A2 Input vector ZZFH O|0|X| & A& d-d&
- StyleGAN<= mapping network= 71X intermediate vector W= T X| HZtol = O|0|X| =
AH M SH
O O O
- Entangle 0{&] feature?} 4304 U0 T+ 25}7| O]2{2 HEiE 2t
- BtCH 2 Disentangle 2} feature?t 2 T2 E|0 U= SFEHY

;' StyleGAN mapping networkS & Sll entangle®t latent spaceS disentangleStA| Tt= = US

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

[Mapping Network G A|]
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Style-based generator

» AdaIN(Adaptive Instance Normalization)

- AdaINZ 83l Z Layer style IE =

- o2t B ot 50| EROHA|

ke

% O style transfer |

E
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HIAM E2 ds5 £

- Feature mapOf| C{ Sl instance normalization= =0 F| style y2| scalar componentsE &0ff 27| Y 2 &

x; — u(x;
AdaIN(x;,y) = ys,i%i()ﬂ + ¥Yb,i»

[AdaIN =41
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Style-based generator

» Stochastic Variation
- O| O] X[ 0| 222t x|= Lot stochastic aspectss L O| =22 =™

- StyleGAN Synthesis network2| 2t layerOtC} random noise S
2 0|5 Soll H= Ak M 2l O|0[X| & 48

se TMAQ L O 2 BHYA] R0 =HE X 40 BislstA E

Latent z € Z Latent z € Z . I Noise
Synthesis networlkllg
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Mapping

Fully-connected

PixelNorm

4x4

A
Upsample

(a) Traditional (b) Style-based generator

[Noise T- ]
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Style-based generator

» Stochastic Variation
_l

- O| O] X| 0] =gtx|= CFot stochastic aspects= noiseE =&
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(a) Generated image (b) Stochastic variation (c) Standard deviation
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Style-based generator

» Stochastic Variation

- O| O] X| 0] =gtx|= CFot stochastic aspects= noiseE =&
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(a) All layers
(b) No noise
(c) Fine layers
(d) Coarse layers
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Experiments

A

| 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 1. Fréchet inception distance (FID) for various generator de-
signs (lower is better). In this paper we calculate the FIDs using
50,000 images drawn randomly from the training set, and report

the lowest distance encountered over the course of training.

Path length Separa-
Method fll | end bility
B Traditional generator Z 412.0 415.3 10.78
D Style-based generator VW 446.2 376.6 3.61
E + Addnoise inputs W 200.5 160.6 3.54
+ Mixing 50% w 231.5 182.1 3.51
F + Mixing 90% 4% 234.0 195.9 3.79
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Table 3. Perceptual path lengths and separability scores for various
generator architectures in FFHQ (lower is better). We perform the
measurements in Z for the traditional network, and in W for style-
based ones. Making the network resistant to style mixing appears
to distort the intermediate latent space YV somewhat. We hypothe-
size that mixing makes it more difficult for WV to efficiently encode
factors of variation that span multiple scales.

Path length Separa-

Method riD mil | end | bility

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 9.88
Style-based 1 W 4.60 219.9 209.4 6.81
Style-based 2 W 4.43 217.8 199.9 6.25

F Style-based 8 W 4.40 234.0 195.9 3.79

Table 4. The effect of a mapping network in FFHQ. The number
in method name indicates the depth of the mapping network. We
see that FID, separability, and path length all benefit from having
a mapping network, and this holds for both style-based and tra-
ditional generator architectures. Furthermore, a deeper mapping
network generally performs better than a shallow one.
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» StyleSwin: Transformer-based GAN for High-resolution Image Generation

- StyleSwin
- CVPR 2022
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Introduction
- 7|E GAN g7
7] APE GAN S S OHHBISLE 2| BE
- M A5t regularizationO| L} adversarial loss design= ZH&
- X2 A+ = architectural modifications & 0f
- Self-attention, style-based generators, ect.

- Discriminator®| transformerS A&t A1 0|

= O
o
== M

&l 2 0] generatorOf| = transformerg &-&05t2{= Al
e StyleSwin T+ & K| ¢t

- Basic building block2 £ Swin transformers 2

=
- B = image scaled| & 7}5 2t expressivityg = &

- O|O|X] 2’4 0| =2 SHA =0 M = scalable®t i.e. 1024x1024

&5t computational costE = 2
H Ol

- Local attentionOf| A locality inductive biasE = 250 XSt

A B
S
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Introduction

» Three instrumental architectural adaptions

- Style-based architectureO]| local attention= X &

- Double attention= & Olf receptive fieldE 7| =
- Computational overhead 810| generator capacitys &S

- sinusoidal positional encoding= &l 0| 0| X|2| absolute position= |

o« DAk 0|O| K| & 1 Of| A blocking artifacts7F 2HEHE!

- Wavelet discriminatorS =5l O| & 7 M
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Method

* Overall architecture

= Swin transformer

- Basic building blockS £ 2&

- multi-head self-attention= non-overlapping windows= H| At
- Style injection

- Mapping network ® 2= latent codeE F RIS AEHY HE
- Double attention

- An enlarged receptive fieldE 7| {5l A& -
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Method

 Blocking artifact in high resolution synthesis

[Blocking artifact 0| A[]
- Transformer 7RO A MBI HOo 2 ==

- Local attetntion2| window size2} &3t correlation

:'+ Window-wise processingO| spatial coherencyS It
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Method

* Artifact suppression

- Artifact-free generator

- Token sharing
;'= HaloNetd} Z 0| windows?Z+2| shared tokens 24
;= 2L} artifacte 0§ S| L
- Sliding window attention
;= O|EX O 2 artifact-free resultC{ OF 2t
;e Lt X|LEX[A| costZt 20| =7| - Z0]| inferenceA|Of| 2t At
- Reduce to MLPs on fine scales
;s Self-attention T+ & A X| St point-wise MLPE AHE
s« 12| Lt high-frequency details= &= 7| SH0{ OfF &F
- Artifact-suppression discriminator

- Wavelet discriminator

2 7| ™ Q1 artifact pattern spectral dom$ainOf| A{ & 74
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Experiments

Methods | FFHQ | CelebA-HQ | LSUN Church Methods | FFHQ-1024 | CelebA-HQ 1024
StyleGAN2 [35] | 3.62" - 3.86 StyleGAN" [35] [34] 4.41 5.06
PG-GAN [32] - 8.03 6.42 COCO-GAN - 9.49
U-Net GAN [55] | 7.63 - - PG-GAN [32] - 7.30
INR-GAN [56] | 9.57 - 5.09 MSG-GAN [31] 5.80 6.37
MSG-GAN [31] - - 5.20 INR-GAN [56] 16.32 -
CIPS [1] 4.38 - 2.92 CIPS [1] 10.07 -
TransGAN [29] - 9.60" 8.94 HiT-B [72] 6.37 8.83
VQGAN [14] 11.40 10.70 - StyleSwin 5.07 4.43
HiT-B [72] 2.95% 3.39" -
StyleSwin 2.81* 3.25* 2.95 Table 4. Comparison of state-of-the-art unconditional image gen-

eration methods on FFHQ and CelebA-HQ of resolution 1024 x
Table 3. Comparison of state-of-the-art unconditional image gen- 1024 in terms of FID score (lower is better). ' We report the FID
eration methods on FFHQ, CelebA-HQ and LSUN Church of  score of StyleGAN2 on FFHQ-1024 and that of StyleGAN on
256 X 256 resolution in terms of FID score (lower is better). The  CelebA-HQ 1024. For fair comparison, we report results of Style-
subscript (*) indicates that bCR is applied during training. GAN2 without style-mixing and path regularization.
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Main Results

Figure 7. Image samples generated by our StyleSwin on (a) FFHQ 1024 x 1024 and (b) CelebA-HQ 1024 x 1024.

g AW THEE D N | VDS I

SOGANG UNIVERSITY



AFEFLICE.

|

N

[

VDS

o
<
i

22

1% CHEn

5
S

-3



