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Introduction

ShuffleNet: An Extremely Efficient Convolutional Neural Network for Mobile
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others Model: Inception

Inception-v4 network module
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Figure 3: The schema for interior grid modules of the pure Inception-v4 network. The 35 x 35, 17 x 17 and 8 x 8 grid modules
are depicted from left to right. These are the Inception-A, Inception-B, and Inception-C blocks of Figure 2 respectfully.
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others Model: MobileNet (1)

Depthwise Convolution of MobileNet
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others Model: MobileNet (2)

Depthwise Separable Convolution of MobileNet

3x3 Conv.& S0l spatial®t &2} 1x1 Conv. = Sl
Channel &2 (Pointwise Conv.)2 £ £2|6}0] E = tHtH

== A et Dﬂﬂﬂ ﬂﬂjﬂ ﬂﬂj}

}
gy il

Depthwise Convolution + Pointwise Convolution
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Figure 3. Left: Standard convolutional layer with batchnorm and =
ReLU. Right: Depthwise Separable convolutions with Depthwise

and Pointwise layers followed by batchnorm and ReLLU.

Depthwise Separable Convolution
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others Model: MobileNet (3)

Can we reduce more?

CHE -2 1x1 Conv. Layer 0| A| G 4H0] O|ROX|= A2 Y T+ AS

Table 2. Resource Per Layer Type

Type Mult-Adds | Parameters
Convl x1 94.86% 74.59%
ConvDW 3 x 3 | 3.06% 1.06%
Conv 3 x 3 1.19% 0.02%
Fully Connected | 0.18% 24.33%

Table 1. MobileNet Body Architecture

Type / Stride Filter Shape Input Size
Conv / s2 3x3x3x32 224 x 224 x 3
Conv dw / sl 3 x 3 x32dw 112 x 112 x 32
Conv /sl 1 x1x32x64 112 x 112 x 32
Conv dw / s2 3 x 3 x 64dw 112 x 112 x 64
Conv / sl 1 x1x64x128 56 x 56 x 64
Conv dw / sl 3 x3x 128 dw 56 x 56 x 128
Conv /sl 1 x1x128 x 128 56 x 56 x 128
Conv dw / s2 3 x 3 x 128 dw 56 x 56 x 128
Conv /sl 1 x1x 128 x 256 28 x 28 x 128
Conv dw / sl 3 X 3 x 256 dw 28 x 28 x 256
Conv /sl 1 x1x 256 x 256 28 x 28 x 256
Conv dw / s2 3 X 3 x 256 dw 28 X 28 x 256
Conv /sl 1 x1x 256 x 512 14 x 14 x 256
5 Convdw /sl | 3 x3x512dw 14 x 14 x 512

Conv /sl 1 x1x512x512 14 x 14 x 512
Conv dw / s2 3 x 3 x512dw 14 x 14 x 512
Conv /sl 1 x1x512x 1024 7 xTx512
Conv dw / s2 3 x 3 x 1024 dw T x T x1024
Conv /sl 1 x1x1024 x1024 | 7x7x1024
Avg Pool / sl Pool 7 x 7 7T xTx1024
FC /sl 1024 x 1000 1 x1x1024
Softmax / sl Classifier 1 x 1 x 1000
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ShuffleNet: An Extremely Efficient Convolutional Neural Network for Mobile (1)

Grouped Convolution
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ShuffleNet: An Extremely Efficient Convolutional Neural Network for Mobile (2)

1 x 1 Grouped Convolution with Channel Shuffling
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Figure 1. Channel shuffle with two stacked group convolutions. GConv stands for group convolution. a) two stacked convolution layers
with the same number of groups. Each output channel only relates to the input channels within the group. No cross talk; b) input and
output channels are fully related when GConv2 takes data from different groups after GConvl1; c) an equivalent implementation to b) using
channel shuffle.
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ShuffleNet: An Extremely Efficient Convolutional Neural Network for Mobile (3)

ShuffleNet Unit
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Figure 2. ShuffleNet Units. a) bottleneck unit [V] with depthwise convolution (DWConv) [, | 2]; b) ShuffleNet unit with pointwise group
convolution (GConv) and channel shuffle; ¢) ShuffleNet unit with stride = 2.
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ShuffleNet: An Extremely Efficient Convolutional Neural Network for Mobile ()

Experimental Results

S Lot complexity 0| A| Ct¥ot R &S H2610] 4

ngt

Complexity (MFLOPs) | VGG-like | ResNet | Xception-like | ResNeXt | ShuffleNet (ours)
140 50.7 37.3 33.6 333 324 (1x,g=28)
38 - 48.8 45.1 46.0 41.6 (0.5x,g=4)
13 - 63.7 57.1 65.2 52.7 (0.25x, g = 8)

Table 4. Classification error vs. various structures (%, smaller number represents better performance). We do not report VGG-like structure
on smaller networks because the accuracy is significantly worse.
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nataser CIFAR-10

Here are the classes in the dataset, as well as 10 random images from each:
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ShuffleNet using CIFAR-10
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Next Model

Xception .
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