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• Background
▪ Generative Adversarial Network(GAN)

▪ Swin Transformer

• A Style-Based Generator Architecture for GANs
▪ CVPR 2019

• StyleSwin: Transformer-based GAN for High-resolution Image Generation
▪ CVPR 2022

Outline
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• GAN
▪ Generator와 Discriminator를적대적으로학습시키며 train data와비슷한이미지를생성

Background

GAN Architecture

무조건 1로판별해야하는값 무조건 1로판별해야하는값

[MinMax Loss]
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• Swin Transformer
▪기존 Vision 분야에서 Transformer based approach가가진한계

− Computational complexity on high-resolution images

−이미지의해상도가커질수록모든 patch의조합에대해 self-attention을수행하는것이불가능해짐

▪이를 Shifted Windows와 Hierarchical을통해해결

− (Shifted Windows) Layer 𝑙의분할위치에서 (⌊!
"
,
!

"
⌋)칸떨어진위치에서 Layer 𝑙의 window 분할

−이전 Layer의 window와현재 Layer의 window 사이를이어주며모델의성능을효과적으로향상

− (Hierarchical) 기존의 VIT가이미지를작은 patch들로쪼개는방향으로진행된다면, Swin Transformer는더작은

단위의 patch부터시작해서점점 merge해나감

Background

[Shifted Windows] [Hierarchical]
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• A Style-Based Generator Architecture for Generative Adversarial Networks
▪ StyleGAN

▪ CVPR 2019
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• PGGAN 포함기존의이미지합성기술이가진한계

▪내부과정이 Black box임
−합성되는이미지의 attribute를조절하기어려움

−생성된이미지의퀄리티가불안정함

Introduction

[PGGAN으로생성된이미지예시]
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• StyleGAN은 Style Transfer에기반한새로운 Generator 구조를제안함
▪ 이미지를 style의조합으로보고, generator의각 layer마다 style 정보를입히는방식으로이미지를합성

▪ 추가되는 style은이미지의 coarse feature부터 fine detail까지각기다른레벨을조절

▪ 훨씬안정적이고높은퀄리티의이미지를생성

Introduction

[StyleGAN으로생성된이미지예시]
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• Mapping Network
▪기존의방식은 Input vector Z로부터이미지를직접생성함

▪ StyleGAN은 mapping network를거쳐 intermediate vector W로먼저변환한후이미지를
생성함

− Entangle은여러 feature가섞여있어구분하기어려운상태를말함

−반대로 Disentangle은각 feature가잘구분되어있는상태임

҉ StyleGAN은 mapping network를통해 entangle한 latent space를 disentangle하게만들수있음

Style-based generator

[Mapping Network 예시]
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• AdaIN(Adaptive Instance Normalization)
▪ AdaIN을활용해각 Layer에 style 정보를추가함

−파라미터학습이필요하지않으며 style transfer 네트워크에서좋은성능을보임

− Feature map에대해 instance normalization을수행한뒤 style y의 scalar components를통해스케일링됨

Style-based generator

[AdaIN 구조]

[AdaIN 수식]
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• Stochastic Variation
▪이미지에포함되는다양한 stochastic aspects를노이즈로조절

−기존의네트워크에서는초기값에서다양한 random vector를생성하는방식만가능

− StyleGAN은 Synthesis network의각 layer마다 random noise를추가함으로써이를해결

҉ 이를통해더욱사실적인이미지를생성

҉ 전체적인구조나대상은바뀌지않고확률적요소만변화하게됨

Style-based generator

[Noise 구조]
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• Stochastic Variation
▪이미지에포함되는다양한 stochastic aspects를 noise로조절

−기존의네트워크에서는초기값에서다양한 random vector를생성하는방식만가능

− StyleGAN은 Synthesis network의각 layer마다 random noise를추가함으로써이를해결

҉ 이를통해더욱사실적인이미지를생성

҉ 전체적인구조나대상은바뀌지않고확률적요소만변화하게됨

Style-based generator

[Noise 적용예시]
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• Stochastic Variation
▪이미지에포함되는다양한 stochastic aspects를 noise로조절

−기존의네트워크에서는초기값에서다양한 random vector를생성하는방식만가능

− StyleGAN은 Synthesis network의각 layer마다 random noise를추가함으로써이를해결

҉ 이를통해더욱사실적인이미지를생성

҉ 전체적인구조나대상은바뀌지않고확률적요소만변화하게됨

Style-based generator

[Noise 적용예시]

(a) All layers
(b) No noise
(c) Fine layers
(d) Coarse layers
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Experiments
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• StyleSwin: Transformer-based GAN for High-resolution Image Generation

▪ StyleSwin

▪ CVPR 2022
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• 기존 GAN 연구

▪초기연구는 GAN 학습을안정화하는것에집중

−적절한 regularization이나 adversarial loss design을활용

▪최근연구는 architectural modification을통해성능을개선

− Self-attention, style-based generators, ect.
−Discriminator에 transformer를적용한연구에힘입어 generator에도 transformer를적용하려는시도

• StyleSwin 구조를제안

▪ Basic building block으로 Swin transformer를활용하여 computational cost를줄임

▪모든 image scale에적용가능한 expressivity를보임
−이미지합성이높은해상도에서도 scalable함 i.e. 1024×1024

▪ Local attention에서 locality inductive bias를도입하여재학습할필요가없음

Introduction
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• Three instrumental architectural adaptions
▪ Style-based architecture에 local attention을적용

▪ Double attention을통해 receptive field를키움

− Computational overhead 없이 generator capacity를향상

▪ sinusoidal positional encoding을통해이미지의 absolute position을유지

• 고해상도이미지합성과정에서 blocking artifacts가관찰됨

▪ Wavelet discriminator를통해이를개선

Introduction
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• Overall architecture
▪ Swin transformer

− Basic building block으로활용

−multi-head self-attention을 non-overlapping windows로계산

▪ Style injection
−Mapping network로만든 latent code를주입하여스타일적용

▪ Double attention
−An enlarged receptive field를얻기위해사용

Method

[Transformer based generative model] [Double attention]
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• Blocking artifact in high resolution synthesis

▪ Transformer 구조에서발생한것으로추측

− Local attetntion의 window size와강한 correlation

҉ Window-wise processing이 spatial coherency를파괴

Method

[Blocking artifact 예시]
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• Artifact suppression
▪ Artifact-free generator

− Token sharing
҉ HaloNet과같이 windows간의 shared tokens 생성

҉ 그러나 artifact는여전히발생

− Sliding window attention
҉ 이론적으로 artifact-free result여야함

҉ 그러나지나치게 cost가많이들기때문에 inference시에만사용함

− Reduce to MLPs on fine scales
҉ Self-attention 구조를삭제하고 point-wise MLP를사용

҉ 그러나 high-frequency details는포기하여야함

▪ Artifact-suppression discriminator
−Wavelet discriminator

҉ 주기적인 artifact pattern은 spectral dom$ain에서발견

Method
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Experiments
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Main Results
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