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Background

Attention Models Achieve SOTA Performance in Many Tasks:

Task SOTA Attention Model
Image Classification SENet [1], ViT-H/14 [2]
Semantic Segmentation ResNeSt [3]

Image Generation Image Transformer [4]

Medical Image Segmentation PraNet [5]

Machine Translation Transformer+BT [6]
Language Modelling Transformer-XL [7]
Question Answering LUKE [8]




It raises a natural question:
e The more attention modules, the better the performance?
If yes, then

e How to add more attention modules, after all SENet has
already implemented attention modules in every block?



Background

Disassemble a Residual Block:

1. Conv => Deformable Kernels [9]
2. ReLU => Attentional Activation

| Convolution | ] o
e Motivated by the Similarity between
Activation and Attention

| Convolution |




Observation: Unification of Attention and Activation

1. Attention Mechanism Can Be Written As
X'=G(X)o X, (1)
2. The Scalar Form of Eq. (1) Can Be Expressed As
leid] = 6 (e, - Xei) = 8eij (X) - Xiejig- - (2)

3. Activation Function Can Also Be Expressed in a Similar Form

Xieig) = & Kiei) * Xe,ii- (3)



Observation: Unification of Attention and Activation

1. Both can be expressed as a nonlinear adaptive gating function

2. Difference: The gating function input in activation is a scalar,
while in attention is the entire feature map

3. A Unified Perspective:
e Attention Mechanism: A Context-Aware Activation Unit
e Activation Unit: An Extremely Simplified Attention Module
e Examples:

e RelU: Indicator Function
e Swish [10]: Sigmoid Function
e SIREN [11]: Sinc Function



Using Lightweight Attention Modules as Activation Units:

1. The Basic Function of Introducing Nonlinearity into Networks

2. Dynamic, Context-Aware Feature Refinement Layer by Layer



Formulation

A Bottleneck of Point-wise Conv:

BN ¢y € xHxW,




Discussion

Revisiting Channel Attention in SENet:

X (k)
1. Question: Can Channel Attention Only (Residua) _tl
esiaua
Be Global? BN | cxaxw

2. Argument: Spatial Pooling Size Is the
Scale of Channel Attention

GlobalAvgPooling

3. Perspective: SENet Adopts an Extreme
Coarse (Global) Scale
Biased to Large Objects

4. Our Hypothesis: Locality Is Important
for Activation Units



Discussion

Table 1: Difference between Attention Mechanism in SENet and ATAC

Difference SENet ATAC

Architecture GAP + Fully Connected Point-wise Conv
Attention Weight Shared by a Feature Map  Element-wise
Context Scale Global Local / Point-wise
Usage Block-wise Refinement Layer-wise Activation




Fully Attentional Model

With ATAC Units, We Can Construct a Fully Attentional Model By
e Replacing ReLUs with ATAC Units
Hypothesis of a Fully Attentional Model:

1. Refining Features at Very Early Stages, Even after the First
Convolutional Layer

2. Enable Networks to Encode Higher-Level Semantics More
Efficiently.
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Fully Attentional Model

Examples:

X (k)

— BN

BN CxHxW

CxHXxW

Basic
ATAC-ResNet

X(kJrl) Block

Bottleneck

ATAC-ResNet

Block
X (k+1)
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Experiment outline

e Ablation Study

1. Is Locality Critical for Attentional Activation?
2. Choice of Micro Structure: NiN, SENet, or ATAC?
3. Verification of the Efficiency of the Fully Attentional Network

e Comparison to State-of-the-Art
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Ablation Study — Importance of Locality

Architectures for Ablation Study on Importance of Locality

X (k) X (k)
v

@ Conv 2D
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|

BN Cx1x1!

Cx1x1 !

SEActivation |

X (k41
The Same #Params, Only Different in Context Aggregation Scale
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Ablation Study — Importance of Locality

Table 2: Validation on the Importance of Contextual Aggregation Scale

Activation CIFAR-10 CIFAR-100
b=1b=2b=3b=4b=1b=2b=3b=4

RelLU 0.895 0.920 0.929 0.935 0.737 0.785 0.799 0.806
SEActivation 0.548 0.601 0.613 0.622 0.388 0.432 0.452 0.456
ATAC (ours) 0.906 0.927 0.936 0.939 0.764 0.796 0.812 0.821

Locality Is Critical for Attentional Activation.
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Ablation Study — Choice of Micro Structure

Architectures for Ablation Study on Choice of Micro Structure

x (k) X(F) X0

Residual Conv 2D

BN CxHxW

BN y $xHxW

Y BN ¥ CxHxW
®
@ LocalSENet
Module X (k+1)

X (k+1)

X (k+1)
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Ablation Study — Choice of Micro Structure

Table 3: Validation on the Choice of Micro Structure

Activation CIFAR-10 CIFAR-100
b=1b=2b=3b=4b=1b=2b=3b=4

NiN 0.893 0.917 0.922 0.926 0.743 0.776 0.792 0.796
LocalSENet 0.906 0.926 0.931 0.937 0.762 0.794 0.805 0.811
ATAC (ours) 0.906 0.927 0.936 0.939 0.764 0.796 0.812 0.821
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Ablation Study — Efficiency of Fully Attentional Networks

CIFAR-10 CIFAR-100
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Comparison to State-of-the-Art Activation Units

Accuracy
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Comparison to State-of-the-Art Networks

Accuracy
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Comparison to State-of-the-Art Networks

Table 4: Comparison on ImageNet

Architecture GFlops Params top-1 err. top-5 err.

ResNet-50 [12] 3.86  25.6M  23.30 6.55
SE-ResNet-50 [1] 3.87  28.IM 2212 509
AA-ResNet-50 [13] 8.3 25.8M 2230 6.20
FA-ResNet-50 [14] 7.2 18.0M  22.40 /
GE-6"-ResNet-50 [15] 3.87  33.7M  21.88 5.80
ATAC-ResNet-50 (ours) 4.4 28.0M 21.41 6.02
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Conclusion

1. A Unified Perspective for Attention and Activation
2. An Instance of Attentional Activation (ATAC) Unit
3. A Way to Fully Attentional Networks
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Codes and Trained Models

https://github.com/YimianDai/open-atac
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https://github.com/YimianDai/open-atac

Thank you!
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