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과제개요
• Vision transformer

• Hierarchical structure& Self-attention layer

▪ Pyramid vision transformer (PVT)

▪ Swin transformer

▪ Convolutional vision transformer(CvT)

• Experiments

• Conclusion



Vision transformer[1]
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• 자연어처리에서사용되는 transformer를 vision task에적용한연구

• Image를 patch 단위로나누어 embedding한후 self-attention을이용해 feature 

representation을수행

▪ Embedding된 patch간의관계를 self-attention layer에서 global하게고려

[1] Dosovitskiy, Alexey, et al. "An image is worth 16x16 words: Transformers for image recognition at scale." ICLR , 2020.



Vision transformer
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• Embedding (patch size에따라 downsampling이된다는거설명)

▪ Image patch를 flatten한후 linear projection을이용해 patch embedding 수행

− Patch를대표하는 feature를 1d sequence 형태의 token으로표현

▪ Linear projection으로손실된공간정보를위해 positional embedding 수행

𝐿 =
𝐻

𝑃
∗
𝑊

𝑃
: patch의개수

𝐶0 = 𝑃 ∗ 𝑃 ∗ 𝐶 : patch픽셀수
𝐶 : hidden channel size

Embedding overview
Feature space



Vision transformer
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• Embedding

▪ 특정영역(patch)의모든픽셀에대해 learnable parameter를취하여 1d sequence 

형태의 vector 출력

− d dimension으로 linear projection해주는연산과 kernel = R, stride = R이고출력 channel이
d인 convolution 연산의역할이동일

(𝑅 × 𝑅 × 𝐶)

Flatten
(1× 𝑅𝑅𝐶)

Learnable

parameter∙

(𝑅𝑅𝐶 ×d)

(1× 𝑑)

(ℎ × 𝑤 × 𝐶)

(ℎ × 𝑤 × 𝐶)

Patch 

Kernel  

(𝑅 × 𝑅 × 𝐶)

⋯
d개

(1× 𝑑)

Convolution



Vision transformer
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• Self-attention

▪ Learnable parameter로 linear projection을수행하여 query, key, value 생성

▪ Query, key간의연산(Key ∙ Query.transpose)을통해얻은가중치를 value에적용

− Embedding된 patch간의관계를 global하게고려하여 feature representation
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Self-attention layer

Vision transformer
• Vision transformer(ViT)

▪ Self attention computational complexity of ViT : 4ℎ𝑤𝐶2 + 2(ℎ𝑤)2𝐶

− hw : patch 개수(L), C : hidden dimension

− Computational complexity 계산

҉ (ℎ𝑤 × 𝐶)∙(𝐶 × 𝐶) 연산 4번→ 4(ℎ𝑤)𝐶2

҉ (ℎ𝑤 × 𝐶)∙(C × ℎ𝑤) 연산 1번→ (ℎ𝑤)2𝐶

҉ (ℎ𝑤 × ℎ𝑤) ∙(h𝑤 × 𝐶) 연산 1번 → (ℎ𝑤)2𝐶



Vision transformer

8

• Problem

▪ Unified resolution 

− Equal resolution features for all layers 

− Dense prediction (segmentation, detection…) difficult

▪ Computationally inefficient 

− Large model size 

− Slow inference speed 

− Large FLOPs (floating-point operations)



Hierarchical structure

9

• Pyramid vision transformer(PVT) [1]

▪ 백본이 Object detection 및 semantic segmentation 등의 dense prediction task에
적절히사용되기위해서는 high resolution 및 multi scale feature를고려하여
학습해야함

− Transformer layer로구성된 hierarchical structure의백본네트워크제안

Vision transformer

[1] Wang, Wenhai, et al. "Pyramid vision transformer: A versatile backbone for dense prediction without convolutions." ICCV. 2021..



Hierarchical structure
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• Pyramid vision transformer(PVT)

▪ 백본이 Object detection 및 semantic segmentation 등의 dense prediction task에
사용되기위해서는 high resolution 및 multi scale feature를고려하여학습해야함

− Transformer layer로구성된 hierarchical structure의백본네트워크제안

Vision transformer Pyramid vision transformer



Hierarchical structure
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• Pyramid vision transformer(PVT)

▪ 기존의 ViT에서 linear projection을사용한 patch embedding을사용

− ViT는 network 첫단에 16×16 size의 patch embedding을수행

− PVT는 Stage에따라 patch size를 4×4, 2×2, 2×2, 2×2로설정하여 downsampling수행

Pyramid vision transformer architecture



Hierarchical structure
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• Swin transformer[1]

▪ Hierarchical한 network structure를구현하기위해기존의 linear embedding과 patch 

merging 기법을사용

− Hierarchical한구조에서의 block별 spatial resolution은 PVT와동일하게구성

Swin transformer architecture

[1 Liu, Ze, et al. "Swin transformer: Hierarchical vision transformer using shifted windows.“,ICCV. 2021.



Hierarchical structure
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• Swin transformer

▪ 인접한 patch token들을 channel 축으로 concat하고 linear projection을적용하여
downsampling 수행

−특정영역에대해하나의 token으로표현하는맥락에서기존의 patch embedding과
유사하지만 token을 channel 축으로 concat하여구현했다는점에서차별점을가짐

Patch merging overview

⋮

⋮
reshape Patch merging

ℎ𝑤 × 𝐶 ℎ × 𝑤 × 𝐶
ℎ

2
×
𝑤

2
× 4𝐶

Linear 

projection

ℎ

2
×
𝑤

2
× 2𝐶



Hierarchical structure
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• Convolutional vision transformer(CvT)[1]

▪ Patch의영역이 overlapped된 convolution으로구현되는 convolutional token 

embedding layer를적용

− Locality : Image는강력한 2D local structure를갖고있으며공간적으로인접한픽셀은
일반적으로높은상관관계가있음

−각각의 token들이분리된영역을나타내는 feature가아니라 overlapped된영역을고려해
token을생성

[1] Wu, Haiping, et al. "Cvt: Introducing convolutions to vision transformers." ICCV. 2021.



Self-attention
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• Pyramid vision transformer(PVT)

▪ Self-attention시 key와 value의 spatial reduction을수행

− Spatial reduction은 kernel=R, stride=R인 convolution연산으로진행

҉ Key와 value에대해더넓은영역을갖는 patch embedding 수행

− Global한영역을고려하지만이를 sparse하게고려한다는뜻



Self-attention
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• Pyramid vision transformer(PVT)

▪ Query ∙ key.transpose = 𝐴 → (ℎ𝑤 × 𝐶)∙(C ×
ℎ𝑤

𝑅2
) = (ℎ𝑤 ×

ℎ𝑤

𝑅2
)

▪ 𝐴 ∙ value = output → (ℎ𝑤 ×
ℎ𝑤

𝑅2
) ∙(

ℎ𝑤

𝑅2
× 𝐶) = (ℎ𝑤 × 𝐶)

− hw : patch 개수(L), C : hidden dimension



Self-attention
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• Pyramid vision transformer(PVT)

▪ Self attention computational complexity : 4ℎ𝑤𝐶2 + 2
(ℎ𝑤)2

𝑅2
𝐶

− hw : patch 개수(L), C : hidden dimension

− Computational complexity 계산

҉ (ℎ𝑤 × 𝐶)∙(𝐶 × 𝐶) 연산 4번→ 4(ℎ𝑤)𝐶2

҉ (ℎ𝑤 × 𝐶)∙(C ×
ℎ𝑤

𝑅2
) 연산 1번→

(ℎ𝑤)2

𝑅2
𝐶

҉ (ℎ𝑤 ×
ℎ𝑤

𝑅2
) ∙(

ℎ𝑤

𝑅2
× 𝐶) 연산 1번 →

(ℎ𝑤)2

𝑅2
𝐶



Self-attention
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• Swin transformer

▪ Window내의 patch를대상으로 self attention을수행하여 computational complexity 

개선

▪ Shifted window partitioning 기법이적용된 swin transformer block을이용

− Window 기반 self attention은 window간 connection이부족하여 modeling 능력이제한

− Non-overlapping widow 간 connection을통해 modeling 능력을향상
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Swin transformer architecture Shifted window partitioning

Self-attention
• Swin transformer

▪ Self attention computational complexity : 4ℎ𝑤𝐶2 + 2𝑀2ℎ𝑤𝐶

− hw : patch 개수, C : hidden dimension, M×M : Window 내 patch 개수

− Computational complexity 계산

҉ (ℎ𝑤 × 𝐶)∙(𝐶 × 𝐶) 연산 4번→ 4 ℎ𝑤 𝐶2

҉ (𝑀2 × 𝐶) ∙(𝐶 × 𝑀2 ) 연산
ℎ

𝑀
∙
𝑤

𝑀
번→𝑀2ℎ𝑤𝐶

҉ (𝑀2 ×𝑀2) ∙(𝑀2 × 𝐶) 연산
ℎ

𝑀
∙
𝑤

𝑀
번→𝑀2ℎ𝑤𝐶

− Input image의해상도에따라 quadratic하지않고 linear한 computational complexity
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Self-attention
• Convolutional vision transformer(CvT)

▪ 인접한 token간의 overlapped convolution 연산을이용해 query, key, value 생성하는
convolutional projection 사용

−인접한 token간의 locality를고려하여 self-attention 수행

− Stride를조정하여 key와 value의 spatial reduction을수행

Linear projection in ViT Squeezed convolutional projection
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Experiments
• Classification (ImageNet-1k dataset)

▪ Locality라는 inductive bias를취해준 swin

transformer 및 CvT에서비교적좋은성능을
보임
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Experiments
• Object detection (COCO dataset) 
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Experiments
• Semantic segmentation (ADE20k dataset)
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Conclusion
• Transformer가 vision task의백본으로활용되기위해 hierarchical structure와 self-

attention layer에서의개선점을찾는연구가활발히진행

▪ Pyramid vision transformer : patch embedding & spatial reduction attention

▪ Swin transformer : patch merging & shifted window self attention

▪ Convolutional vision transformer : convolutional token embedding & convolutional projection

• Transformer의 global한 feature representation의장점을유지하며 locality한 inductive 

bias를취해주는관점에서성능개선


