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Outline

• Background

▪ Multi head self attention

▪ Self attention 연산량

• Self attention 경량화

▪ Efficient Attention: Attention with Linear Complexities

− WACV 2021 인용 150

▪ Hydra Attention : Efficient Attention with Many Heads

− ECCV workshop 2022

• Conclusion
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Background

• Transformer

▪ Query, key, value 간에 similarity를기반으로 feature representation을수행

▪ 특정 token과전역적으로존재하는 token과의관계를고려하므로 global한특성을
고려하여 feature를추출할수있다는장점이있음

−자연어처리분야에서처음제안되었고, vision분야에서도다양한 task에서좋은성능을
보임

Multi head self attention
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Background

• Embedding

▪ 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

Query(H×W × C)

…

…

Key (H × W × C) 

…

…

Query (HW × C)

Key (HW × C)

…

Attention weight 

(HW × HW × head)

Dot product

head

C/head

• Multi head self attention

(HW × C/head)∙(C/head ×HW)
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Background

…

…

Value (HW × C)

Dot product

Output 

(HW × C)

…

…

Attention weight 

(HW × HW × head)

• Multi head self attention

(HW ×HW)(HW × C/head)



8

Background

• Vision transformer(ViT) 연산량

▪ Self attention computational complexity of ViT : 2(ℎ𝑤)2𝐶 → O((ℎ𝑤)2C)

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

− Computational complexity 계산

҉ (ℎ𝑤 × 𝐶)∙(C × ℎ𝑤) 연산 1번→ (ℎ𝑤)2𝐶

҉ (ℎ𝑤 × ℎ𝑤) ∙(h𝑤 × 𝐶) 연산 1번 → (ℎ𝑤)2𝐶

Self-attention layer
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Background

• Pyramid vision transformer(PVT) [1]

▪ Key, value의 resolution을감소시켜 self attention을수행하는 spatial reduction 

attention (SRA) 제안

[1]Wang, Wenhai, et al. "Pyramid vision transformer: A versatile backbone for dense prediction without convolutions." Proceedings of the IEEE/CVF International Conference on Computer Vision. 2021.
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Background

• 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
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Background

• Pyramid vision transformer(PVT)

▪ Self attention computational complexity : 2
(ℎ𝑤)2

𝑅2
𝐶 → O(ℎ𝑤2C)

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

− Computational complexity 계산

҉ (ℎ𝑤 × 𝐶)∙(C ×
ℎ𝑤

𝑅2
) 연산 1번→

(ℎ𝑤)2

𝑅2
𝐶

҉ (ℎ𝑤 ×
ℎ𝑤

𝑅2
) ∙(

ℎ𝑤

𝑅2
× 𝐶) 연산 1번 →

(ℎ𝑤)2

𝑅2
𝐶
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Background

• 이이후에도 transformer 기반의다양한경량화모델이등장

▪ LeViT[1] : Convolution과 self attention을적절히섞어서사용하는모델

Levit architecture

[1] Graham, Benjamin, et al. "Levit: a vision transformer in convnet's clothing for faster inference." Proceedings of the IEEE/CVF international conference on computer vision. 2021.
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Background

• 이이후에도 transformer 기반의다양한경량화모델이등장

▪ Poolformer[1] : self attention이중요한것이아니라 transformer가갖고있는
기본적인구조가중요하다고주장

− Self attention의자리에가장기본적인연산 pooling을넣어도잘된다는것을보여줌

Poolformer architecture

[1] Yu, Weihao, et al. "Metaformer is actually what you need for vision." Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2022
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Background

• 이이후에도 transformer 기반의다양한경량화모델이등장

▪ Efficientformer[1] : Poolformer를기반으로 convolution과 self attention을적절히
사용

Efficientformer architecture

[1] Li, Yanyu, et al. "EfficientFormer: Vision Transformers at MobileNet Speed." Nips (2022).
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Efficient attention

• 기존문제

▪ Self attention을수행할때 quadratic한 computational cost가발생

− Vision transformer(ViT) : 2(ℎ𝑤)2𝐶 → O(ℎ𝑤2𝐶)

− Pyramid vision transformer(PVT) : 2
(ℎ𝑤)2

𝑅2
𝐶 → O(ℎ𝑤2𝐶)

҉ 즉, 해상도 (token의개수) 에 quadratic 하게 computational cost가발생

ViT architecture

PVT architecture
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Efficient attention

• Attention with linear complexity[1]

▪ self attention 연산

− 𝐴 𝑄 ,𝐾 , 𝑉 = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥(
𝑄𝐾𝑇

𝐷
)𝑉

− 행렬곱은결합법칙성립

҉ (AB)C = A(BC)

−근데이때 𝐷로나눠주고 softmax를취하는과정이없다고가정하면

− (𝑄ℎ𝐾ℎ
𝑇)𝑉ℎ 을 𝑄ℎ(𝐾ℎ

𝑇𝑉ℎ)으로바꿔줬을때똑같은연산인데 computational complexity가
바뀜

҉ Query, key, value의 shape이모두 𝑇 × 𝐷일때

҉ (𝑄ℎ𝐾ℎ
𝑇)𝑉ℎ 연산→ O(𝑇2𝐷)

✓ 𝑇 × 𝐷 ∙ 𝐷 × 𝑇 → 𝑇 × 𝑇 연산량 𝑇2𝐷

✓ 𝑇 × 𝑇 ∙ 𝑇 × 𝐷 → 𝑇 × 𝐷 연산량 𝑇2𝐷

҉ 𝑄ℎ(𝐾ℎ
𝑇𝑉ℎ)연산→ O(𝐷2𝑇)

✓ 𝐷 × 𝑇 ∙ 𝑇 × 𝐷 → 𝐷 × 𝐷 연산량 𝐷2𝑇

✓ 𝑇 × 𝐷 ∙ 𝐷 × 𝐷 → 𝑇 × 𝐷 연산량 𝐷2𝑇

[1] Shen, Zhuoran, et al. "Efficient attention: Attention with linear complexities." Proceedings of the IEEE/CVF winter conference on applications of computer vision. 2021
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Efficient attention

• Attention with linear complexity

▪ Multi head self attention 연산

− 𝐴 𝑄 ,𝐾 , 𝑉 = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥(
𝑄𝐾𝑇

𝐷
)𝑉

҉ (𝑄ℎ𝐾ℎ
𝑇)𝑉ℎ 연산→ O(𝑇2𝐷)

҉ 𝑄ℎ(𝐾ℎ
𝑇𝑉ℎ)연산→ O(𝐷2𝑇)

−그럼이제 𝐷로나눠주기및 softmax로묶여있는함수를 decompose 해야함

−근데위의과정이결국에 normalization을수행하는과정

−그래서이를 𝐴 𝑄 ,𝐾 , 𝑉 = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥(
𝑄𝐾𝑇

𝐷
)𝑉 ≈

𝑄𝐾𝑇

𝑇
𝑉 로근사

−그런데 𝑠𝑜𝑓𝑡𝑚𝑎𝑥
𝑄𝐾𝑇

𝐷
𝑉 ≈ 𝜙 𝑄 𝜙 𝐾𝑇 𝑉로근사시키는방법[1]도있음

҉ 𝜙는 learnable parameter로구성된 linear projection 수행하는함수

[1] Katharopoulos, A., Vyas, A., Pappas, N., Fleuret, F.: Transformers are rnns: Fast autoregressive transformers with linear attention. In: ICML (2020)
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Efficient attention

• Attention with linear complexity

▪ Multi head self attention 연산

− 𝐴 𝑄 ,𝐾 , 𝑉 = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥(
𝑄𝐾𝑇

𝐷
)𝑉

҉
𝑄

𝑇

𝐾𝑇

𝑇
𝑉로 decompose할수있고

𝑄

𝑇
(
𝐾𝑇

𝑇
𝑉)의연산을수행→ O(𝐷2𝑇)

҉ 이를통해 input image resolution T에대해서 linear complexity를가질수있음
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Efficient attention

• Attention with linear complexity

▪ Multi head self attention 연산

− (𝑄ℎ𝐾ℎ
𝑇)𝑉ℎ 연산→ O(𝑇2𝐷)

−𝑄ℎ(𝐾ℎ
𝑇𝑉ℎ)연산→ O(𝐷2𝑇)

Resource requirements under different input sizes
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Results

Comparison between the efficient attention and non-local modules on MS-COCO 

2017 object detection  and instance segmentation.
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Hydra Attention[1]

• Multi-head attention

▪ 𝐴 𝑄ℎ, 𝐾ℎ, 𝑉ℎ = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥(
𝑄ℎ𝐾ℎ

𝑇

𝐷
)𝑉ℎ ∀ℎ ∈ {1,… , 𝐻}

−𝑄ℎ, 𝐾ℎ, 𝑉ℎ ∈ ℝ𝑇×
𝐷

𝐻 일때

−𝑄ℎ𝐾ℎ
𝑇 연산시 (𝑇 ×

𝐷

𝐻
) ∙ (

𝐷

𝐻
× 𝑇)연산 H번→ 𝐻𝑇2

𝐷

𝐻
→ 𝑇2𝐷

−즉, multi head를적용하기전과후가똑같음

• 하지만 linear attention을사용한다면상황이달라짐

▪ 𝐴 𝑄ℎ, 𝐾ℎ, 𝑉ℎ = 𝜙 𝑄ℎ 𝜙 𝐾ℎ
𝑇 𝑉ℎ= 𝜙 𝑄ℎ (𝜙 𝐾ℎ

𝑇 𝑉ℎ) ∀ℎ ∈ {1, … ,𝐻}

− 𝜙 𝐾ℎ
𝑇 𝑉ℎ 연산시 (

𝐷

𝐻
× 𝑇) ∙ (𝑇 ×

𝐷

𝐻
)연산 H번→ 𝐻𝑇(

𝐷

𝐻
)2 = 𝑇𝐷2/𝐻

− Head 개수가연산량에영향을미침

҉ Head 개수가증가할수록 complexity가감소하는형태

[1 ]Bolya, Daniel, et al. "Hydra attention: Efficient attention with many heads." arXiv preprint arXiv:2209.07484 (2022).
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Hydra Attention

• Multi-head linear attention

▪ 𝐴 𝑄ℎ, 𝐾ℎ, 𝑉ℎ = 𝜙 𝑄ℎ 𝜙 𝐾ℎ
𝑇 𝑉ℎ= 𝜙 𝑄ℎ (𝜙 𝐾ℎ

𝑇 𝑉ℎ) ∀ℎ ∈ {1, … ,𝐻}

− 𝜙 𝐾ℎ
𝑇 𝑉ℎ 연산시 (

𝐷

𝐻
× 𝑇) ∙ (𝑇 ×

𝐷

𝐻
)연산 H번→ 𝐻𝑇(

𝐷

𝐻
)2 = 𝑇𝐷2/𝐻

− Head 개수가증가할수록 complexity가감소하는형태

−그럼 head를얼마나증가시킬수있을지최적의값을찾아봄

҉ 원래기존 transformer에서사용되는 head 개수는보통 6개~16개정도가량임

҉ 기존 multi head attention (Softmax attention)과multi head linear attention (Cossim

attention)을 head 개수에따라분석

✓기존 self attention 은 head 개수가 12개이상부터성능이급격히감소하는것에
반면 Linear attention의경우 H=768까지상당히일관되게유지되는것을
실험적으로분석
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Hydra Attention

• Multi-head linear attention

▪ 분석실험에의거해 head개수를 channel(token dimension)과동일하게만드는방법제안

− 𝐴 𝑄ℎ, 𝐾ℎ, 𝑉ℎ = 𝜙 𝑄ℎ 𝜙 𝐾ℎ
𝑇 𝑉ℎ= 𝜙 𝑄ℎ (𝜙 𝐾ℎ

𝑇 𝑉ℎ) ∀ℎ ∈ {1,… ,𝐻}

−위의수식을바탕으로 head개수를 token dimension과동일하게하면각 head에할당된
dimension이 1이됨

҉ 𝑄ℎ, 𝐾ℎ, 𝑉ℎ ∈ ℝ𝑇×1 즉, vector가됨

−𝐻𝑦𝑑𝑟𝑎(𝑄ℎ, 𝐾ℎ, 𝑉ℎ) = 𝜙 𝑄ℎ ⊙σ𝑡=1
𝑇 𝜙 𝐾ℎ

𝑡 ⊙𝑉ℎ
𝑡

҉ ⊙ : element wise multiplication

҉ Key 및 value vector에대한내적을수행한 scalar값이 query에곱해지는형태
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• Multi-head linear attention

Hydra Attention

Key(H×W × C)

…

…

Value (H × W × C) 

Key (HW × C)

Value (HW × C)

head

C/head

.

Query (HW × C)

…
…

.
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Hydra Attention

• Multi-head linear attention

▪ 분석실험에의거해 head개수를 channel(token dimension)과동일하게만드는방법제안

− 𝐴 𝑄ℎ, 𝐾ℎ, 𝑉ℎ = 𝜙 𝑄ℎ 𝜙 𝐾ℎ
𝑇 𝑉ℎ= 𝜙 𝑄ℎ (𝜙 𝐾ℎ

𝑇 𝑉ℎ) ∀ℎ ∈ {1,… ,𝐻}

−위의수식을바탕으로 head개수를 token dimension과동일하게하면각 head에할당된
dimension이 1이됨

҉ 𝑄ℎ, 𝐾ℎ, 𝑉ℎ ∈ ℝ𝑇×1 즉, vector가됨

−𝐻𝑦𝑑𝑟𝑎(𝑄ℎ, 𝐾ℎ, 𝑉ℎ) = 𝜙 𝑄ℎ ⊙σ𝑡=1
𝑇 𝜙 𝐾ℎ

𝑡 ⊙𝑉ℎ
𝑡

҉ ⊙ : element wise multiplication

҉ Key 및 value vector에대한내적을수행한 scalar값이 query에곱해지는형태
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Hydra Attention

• Multi-head linear attention

▪ 분석실험에의거해 head개수를 channel(token dimension)과동일하게만드는방법제안

−𝐻𝑦𝑑𝑟𝑎(𝑄ℎ, 𝐾ℎ, 𝑉ℎ) = 𝜙 𝑄ℎ ⊙σ𝑡=1
𝑇 𝜙 𝐾ℎ

𝑡 ⊙𝑉ℎ
𝑡

҉ 𝑄ℎ, 𝐾ℎ, 𝑉ℎ ∈ ℝ𝑇×1

҉ ⊙ : element wise multiplication

҉ Key 및 value vector에대한내적을수행한 scalar값이 query에곱해지는형태

− Hydra attention의연산량

҉ σ𝑡=1
𝑇 𝜙 𝐾ℎ

𝑡 ⊙𝑉ℎ
𝑡 연산시 (1×T)⋅(T ×1)연산이 H번→ TH

҉ 𝜙 𝑄ℎ ⊙A 연산시 (T×1) ⋅ (1×1) 연산이 H번 → TH

✓σ𝑡=1
𝑇 𝜙 𝐾ℎ

𝑡 ⊙𝑉ℎ
𝑡=A

҉ 따라서총연산량 2TH

҉ 그런데 H = D이므로 2TD → O(TD)
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Hydra Attention

• Complexity 비교

▪ 기존 self attention complexity O(𝑇2𝐷)

▪ Linear attention complexity O(T𝐷2)

▪ 제안하는 Hydra attention complexity O(TD)
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Hydra Attention

• Results

Results for different attention methods in a DeiT-B

384px Fine-Tuning
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Conclusion

• Self attention의 complexity 관점의경량화기법조사

• 현재 self attention 및 cross attention이다양한 task에적용되어연구되고
있으므로경량화관점을도입한다면응용할수있음
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