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Convolution

A convolutional filer is expected to lam informative
combination

A Fusingchannelwise and spatialinformation

A Within local receptive fields
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Exploration on Spatial Enhancement
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Sqgueeze-and-Excitation (SE) Networks

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

AMotivation:

A Explicitly model channel-interdependencies within
modules

A Feature recalibration

A Selectively enhance useful features and suppress less useful
ones



Sgueeze-and-Excitation Module
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Model and Computational Complexity

SE-ResNet-50 vs. ResNet-50
A Parameters: 2%~10% additional parameters
A Computation cost; <1% additional computation (theoretical)
A GPU inference time: 10% additional time
A CPU inference time: <2% additional time



Training — Momenta ROCS

AData augmentation

V' Mirror flip, Random size crop [9], Rotation, Color Jitter

AMini-batch data sampling

V Balance-data strategy [7]

ATraining hyper-parameters
V 4 or 8 GPU severs (8 NVIDIA Titan X per server)
V Batch-size: 1024 / 2048 (32 per GPU)
V Initial learning rate : 0.6 (decrease each 30 epochs)
V  Synchronous SGD with momentum 0.9



Experiments on ImageNet-1k dataset

AEmpirical investigations on:
A Benefits against Deeper Networks
A Incorporation with modern architectures

AILSVRC 2017 Classification Task



Benefits against Network Depth

Original Our re-implementation SE-module
top-1 err. | top-5err. | top-1err. | top-5 err. top-1 err. top-5 err.
ResNet-50 [ 1] 24.7 7.8 24.80 7.48 23.29(1.51)| 6.62(0.56)
ResNet-101 [1] 23.6 7.1 23.17 6.52 22.38(0.79)| 6.07(0.45)
ResNet-152 [1] 23.0 6.7 22.42 6.34 21.570.85)| 5.73(0.61)

Table 1. Error rates (%) of single-crop results on the ImageNet-1k validation set.
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Figure 1. Training curves on ImageNet-1K validation set. (Left): ResNet-50 and SE-ResNet-50; (Right): ResNet-152 and SE-ResNet-152.



Incorporation with Modern Architectures

Original Our re-implementation SE-module
top-1 err. | top-5err. | top-1err. | top-5 err. top-1 err. top-J err.
ResNeXt-50 [7] 22.2 - 22.11 5.90 21.10(¢1.01)| 5-49(0.41)
ResNeXt-101 [7] 21.2 5.6 21.18 5.57 20.70(0.48)| 95.01(¢.56)
BN-Inception [4] 25.2 7.82 25.38 7.89 24.23(1.15)| 7.14(0.75)
Inception-ResNet-v2 [5] |  19.9f 4.9 20.37 5.21 19.80(0.57)| 4.79(0.42)

Table 2. Error rates (%) of single-crop results on the ImageNet-1k validation set. Error rate followed by t means that the image size for
center crop is not clear and it evaluates on the non-blacklisted subset of validation set [5], which may lead to slightly better results.



Incorporation with Modern Architectures
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Figure 2. Training curves on ImageNet-1K validation set. (Left): ResNeXt-50 and SE-ResNeXt-50; (Right): Inception-ResNet-v2 and
SE-Inception-ResNet-v2.



Comparison with State-of-the-art

224 x 224 320 x 320/ 299 x 299
top-1 err. | top-5err. | top-1err. | top-5 err.

ResNet-152 [1] 23.0 6.7 21.3 5.5
ResNet-200 [7] 21.7 5.8 20.1 4.8
Inception-v3 [10] - - 21.2 5.6
Inception-v4 [3] - - 20.0 5.0
Inception-ResNet-v2 [¢] - - 19.9 49
ResNeXt-101 [11] (64 x 4d) 20.4 5.3 19.1 4.4
DenseNet-161 [4] (k = 48) 22.2 - - -

Very Deep PolyNet [ 1] - - 18.71 4.25
SENet 18.68 4.47 17.28 3.79

Table 4. Single-crop error of state-of-the-art CNNs on ImageNet-1k validation set. The size of test crop is 224x224 and 320x320

(299x 299 for Inception models) as in [3]. The SENet is our well-structured model whose error rates are remarkably lower than previous
models.

SENetis aSE-ResNeX1152 (64 x 4d)



ILSVRC 2017 Classification Task

Top-5 error (%)

WMW 2.251
Trimps-Soushen 2.481
NUS-Qihoo-DPNSs 2.740
BDAT 2.962

ILSVRC 2016 Winner 2.991
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