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Introduction

Sequeeze-and-Excitation Networks
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Fig.1

A Squeeze-and-Excitation block
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Sequeeze-and-Excitation Networks (1)

Sequeeze-and-Excitation Blocks
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A Squeeze-and-Excitation block.

o
<t
e |
-
=
[}
e
=}
<
=2
<t
(@)



Sequeeze-and-Excitation Networks (2)

Sequeeze: Global Information Embedding
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A Squeeze-and-Excitation block.
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Sequeeze-and-Excitation Networks (3)

Excitation: Adaptive Recalibration
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A Squeeze-and-Excitation block.
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Sequeeze-and-Excitation Networks (4)

Model Flexibility: SE-Inception and SE-ResNet
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Figure 2: The schema of the original Inception module (left) and Figure 3: The schema of the original Residual module (left) and
the SE-Inception module (right). the SE-ResNet module (right).
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oaraser CIFAR-10
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Name # params  precision recall accuracy 95.0 SE-ResNet110
ResNet-20 0.27M 91.69% 91.62% 91.63% o5 ?

.2 | ReshNetl1p
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s 50 100 150 200 250

MACs [M]

CAU AutoML LAB 8



