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Outline

• Background

▪ Attention is all you need

• Cross attention module

▪ Transformer backbone

− CrossViT : Cross-Attention Multi-Scale Vision Transformer for Image Classification (ICCV 

2021)

▪ Multimodal

− LAVT : Language-Aware Vision Transformer for Referring Image Segmentation (CVPR 2022)

• Conclusion
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Background

• Attention is all you need[1]

▪ 자연어처리분야에서 transformer 구조를제안

▪ Encoder 단에서 self attention을이용해 global feature representation을수행

▪ Decoder 단에서 encoder-decoder attention(cross attention)을사용

− Encoder 최종출력 feature를 decoder에서 key, value로 사용

− Decoder time step에따라 iteration

Transformer

[1] Vaswani, Ashish, et al. "Attention is all you need." Advances in neural information processing systems 30 (2017).
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Background

• Vision transformer[1]

▪ 자연어처리에서사용되는 transformer를 vision task에적용한연구

▪ Image를 patch 단위로나누어 embedding한후 self-attention을이용해 feature 

representation을수행

− Embedding된 patch간의관계를 self-attention layer에서 global하게 고려해줌

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

TransformerVision Transformer
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Background

• Self attention

▪ Input patch를 flatten한후 linear projection을이용해 patch embedding 수행

− Patch를대표하는 feature를 1d token의형태로표현

▪ Linear projection 연산은 MLP layer 또는 1x1 convolution으로수행가능

𝐿 =
𝐻

𝑃
∗
𝑊

𝑃
: patch의개수

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

Embedding overview
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Background

• Self attention

▪ Learnable parameter로 linear projection을수행하여 query, key, value 생성

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

Self-attention overview
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Background

• Self attention 

▪ Global feature representation

−특정 patch가모든영역의 patch간의관계를참조

▪ Query, key, value 기반의 attention 구조

− Query와 key간의관계를참조해얻은정보를 value에 적용해서출력하여

− Query와 key간의 similarity를 기반으로 attention을 가해주는방식

−다른 attention 기법중 channel pooling해서 spatial relation을 고려해주거나 spatial 

pooling해서 channel relation을 고려해서 attention을 해주는방법이있음

Self-attention overview
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Background

• Vision transformer

▪ Transformer 기반백본들은전부 attention is all you need에제안된 self attention 기반
encoder 만사용하는것

−그니까 self attention이 global feature representation이 가능하다는장점에주목

▪ Global을고려해주는것을대체할수있으면 self-attention은필요없다는연구가
다수등장

▪ 하지만 Query key value 기반의 attention 구조를활용하여다양한 task에적용할수
있음
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Background

• Cross attention

▪ Cross attention은 self attention과mechanism은동일하나 input의출처가다름

▪ query, key, value 기반의 attention 구조의장점을활용하는 cross attention이있음

▪ key value값을통해어떻게 attention 해줄지를설정

− Key, value를 어떻게설정하느냐에따라서특정 inductive bias를가해줄수있음

▪ Multi scale 또는 multi modal 등을 fusion 하는연구에사용

A A B

Self attention Cross attention
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Background

• Cross attention 예시

Query

x

Key Attention weight

Attention weight Value 

x

Output 

얼굴

몸

팔

다리

Correlation이높음

Output  

+

Query 

Final output 

얼굴
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CrossViT[1]

• Vision transformer 에서 patch size는성능에영향을미침

▪ Patch size 16x16과 32x32를비교해보았을때 16x16에서성능이더좋지만 self-

attention에서 computational cost가 quadratic 하게증가함

− Self attention computational cost : 2c𝑝2 (c: token dimension, p : patch 개수) 

• 또한 multi scale feature representation은 CNN기반 vision task에서좋은성능을
보여줌

▪ Multi scale feature가 CNN에도움이되는것으로나타났지만 vision 

transformer에서는이러한잠재적이점이검증되어야함

Patch size에 따른 ViT 성능비교

[1] Chen, Chun-Fu Richard, Quanfu Fan, and Rameswar Panda. "Crossvit: Cross-attention multi-scale vision transformer for image 

classification." Proceedings of the IEEE/CVF international conference on computer vision. 2021.
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CrossViT

• CrossViT architecture

▪ CrossViT에서는 ViT 구조에서multi scale feature representation을하기위해 patch 

embedding 단계에서 patch size를다르게설정해줌

▪ 그리고각각을 transformer layer를이용해 embedding한후 Cross-attention을이용해
feature fusion

CrossViT architecture
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CrossViT

• Multi-scale fusion

▪ Exchange information

− (A) all attention fusion : simply concatenate 후 self-attention 

− (B) class token fusion : 두 branch의 class token을 sum

− (C) pairwise fusion : 두 branch의 class token 끼리 sum하고 patch token끼리 sum

− (D) cross-attention : 한 branch의 class token과다른 branch의 patch token간의 cross attention

Multi-scale fusion method
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CrossViT

• Multi-scale fusion (large branch 기준)

▪ Large branch의 class token을 query로하고 small branch의 patch token을 key로하여
cross attention 수행

− Query를 class token만사용하므로 Efficient함

▪ Small branch가 query일때는위의과정을반대로수행

▪ 특정 branch의 class token과다른 branch의 patch token이 Exchange information

Cross-attention for large branch
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CrossViT

• Results

▪ 다른 fusion 방법론을사용했을때결과비교에서 sota가아님
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LAVT[1]

• Referring image segmentation

▪ Multi modal : vision 뿐만아니라 text, audio와같은다양한 modal의 data를사용하여
학습하는분야

▪ Visual ground : text가 input 되었을때이미지내에서해당되는영역을
detecting하는 task

▪ Referring segmentation : visual grounding의한분야로 text가 input 되었을때해당
영역을 pixel단위로 segmentation 하는 task

[1] Yang, Zhao, et al. "LAVT: Language-Aware Vision Transformer for Referring Image Segmentation." Proceedings of the 

IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2022.
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LAVT

• Referring image segmentation

▪ Referring segmentation을하기위해서는 vision encoder와 language encoder를함께
학습시켜야함

− Vision network가 language를 aware해서 feature representation 하는것이목표

▪ Vision encoder와 language encoder에서독립적으로추출된 feature를 alignment하기
위해 fusion

−여기서 alignment는 다른 modal의 feature를 동일 space로 mapping해서 다루기위해
feature를 유사한형태로만들어주는과정

▪ 기존에는 transformer decoder를이용해서 fusion

−즉, aligning the vision and language feature를 하는데 decoder단만활용

− Transformer decoder는 cross attention을 기반으로이루어짐
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LAVT

• LAVT architecture

▪ 두 modal간의 alignment를 vision encoder인 transformer layer에서진행

− Vision encoder는 swin transformer backbone을사용하고 language encoder는 BERT를사용

− BERT를이용해 input expression 을 high dimensional word vector로 embedding

− Embedding된 language feature를 vision encoder를학습시킬때사용

▪ Vision encoder에서 stage별로 Pixel-Word Attention Module(PWAM)를활용

− Vision encoder에서 vision and language feature를 jointly embedding

҉ Linguistic feature를 visual feature에 densely integrate 

LAVT architecture
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LAVT

• Cross modal alignment

▪ Input visual feature(𝑉𝑖)를 query, input linguistic feature (𝐿) 를 key, value로사용하여
cross attention 수행

− Visual feature가 pixel 단위로 linguistic feature를 참조하여 linguistic information을 수집

҉ 𝑉𝑖𝑞 = 𝑓𝑙𝑎𝑡𝑡𝑒𝑛(𝑤𝑖𝑞(𝑉𝑖))

҉ 𝐿𝑖𝑘 = 𝑤𝑖𝑘(𝐿), 𝐿𝑖𝑣 = 𝑤𝑖𝑣 𝐿

҉ 𝐺′𝑖 = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥(
𝑉𝑖𝑞
𝑇𝐿𝑖𝑘

𝐶𝑖
)𝐿𝑖𝑣

𝑇

҉ 𝐺𝑖 = 𝑤𝑖𝑤(𝑢𝑛𝑓𝑙𝑎𝑡𝑡𝑒𝑛(𝐺′𝑖
𝑇))

PWAM
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LAVT

• Cross modal alignment

▪ 𝐺𝑖는 𝑉𝑖와 spatial size가같은 set of linguistic feature maps

▪ 이를 𝑉𝑖𝑚과 element wise multiplication을통해 visual feature map에 projection

− 𝑉𝑖𝑚 = 𝑤𝑖𝑚(𝑉𝑖)

− 𝐹𝑖 = 𝑤𝑖𝑜(𝑉𝑖𝑚⨀𝐺𝑖)

PWAM
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LAVT

• Cross modal alignment

▪ PWAM을수행한후 language pathway를통과하는데이는기존 transformer 

encoder에서사용되는 feed-forward layer와동일

Language pathway
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LAVT

• Results
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LAVT

• Results
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Conclusion

• Multi scale에서다양한 scale을서로참조할때사용

• Multimodal은 vision feature가 language feature를참조하도록할때사용

Cross-attention for large branch PWAM


