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Convolution

A convolutional filer is expected to be an informative 
combination

• Fusing channel-wise and spatial information 

• Within local receptive fields 



Exploration on Spatial Enhancement 

Multi-scale embedding

Inception [9]

Contextual embedding

Inside-outside Network [13]



Squeeze-and-Excitation (SE) Networks

• If a network can be enhanced from the aspect of 
channel relationship?

• Motivation:
• Explicitly model channel-interdependencies within 

modules

• Feature recalibration
• Selectively enhance useful features and suppress less useful 

ones 



Squeeze-and-Excitation Module

Squeeze

• Shrinking feature maps ∈
ℝ𝑤×ℎ×𝑐2 through spatial 
dimensions (𝑤 × ℎ)

• Global distribution of channel-
wise responses

Excitation

• Learning 𝑊 ∈ ℝ𝑐2×𝑐2 to 
explicitly model channel-
association

• Gating mechanism to produce 
channel-wise weights

Scale

• Reweighting the feature maps
∈ ℝ𝑤×ℎ×𝑐2



SE-Inception Module SE-ResNet Module
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Model and Computational Complexity

SE-ResNet-50 vs. ResNet-50
• Parameters:  2%~10% additional parameters 

• Computation cost: <1% additional computation (theoretical)

• GPU inference time: 10% additional time

• CPU inference time: <2% additional time 



Training – Momenta ROCS

• Data augmentation
✓ Mirror flip, Random size crop [9], Rotation, Color Jitter

• Mini-batch data sampling
✓ Balance-data strategy [7]

• Training hyper-parameters
✓ 4 or 8 GPU severs (8 NVIDIA Titan X per server)

✓ Batch-size: 1024 / 2048 (32 per GPU)

✓ Initial learning rate : 0.6 (decrease each 30 epochs)

✓ Synchronous SGD with momentum 0.9  



Experiments on ImageNet-1k dataset

• Empirical investigations on:
• Benefits against Deeper Networks

• Incorporation with modern architectures

• ILSVRC 2017 Classification Task



Benefits against Network Depth



Benefits against Network Depth



Incorporation with Modern Architectures 



Incorporation with Modern Architectures 



Comparison with State-of-the-art

SENet is a SE-ResNeXt-152 (64 × 4d)



ILSVRC 2017 Classification Task

Team Top-5 error (%)

WMW 2.251

Trimps-Soushen 2.481

NUS-Qihoo-DPNs 2.740

BDAT 2.962

ILSVRC 2016 Winner 2.991
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Thank you 


