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[Abstract] The abundance of computing and storage resources required in model training to relieve the parameter
expansion of a deep convolution neural network, limiting a network’s application on edge terminals.Based on the design
idea of the depthwise separable convolution'model MobileNet V1, this study proposes an improved activation function
and compressed neural network model that combines the characteristics of the self-gating function and the ReLU
function. Taking the ReLU function and swish function as piecewise linear functions, the activation function ReLU-h-
swish is designed.By optimizing the convolution unit structure to reduce the loss of feature information, it is difficult to
activate some neurons during the process of model training. A compression model with convolution kernels removed is
constructed.To compress the model, 2" convolution kernels are removed from the depths of the model from bottom to top
to reduce the number of parameters of point-to-point convolution.The experimental results on the CIFAR-10 and CIFAR-

100 datasets show that the Top-1 classification accuracy of the MobileNet-rhs model constructed by introducing the

E &R : [E 5 B ARl G T A p B TR BE 2 ) 1 A ARAT AR EORBIFSE " (61862015) )7 V4 s BIF & 3500 350 H * I 11 5 %% 37 T 1)
AT NARAT I 5307 ZR Ge i & S 7 (AB 17195025 ) 5 7 74 e A of 35 4R BUMBHIF L Rl i 0 42 7+ 300 B “JE 7 T HLF8 800000 & 5y N IE R G ot
(2019KY0253),

EE BN ARG H(1981—) , B, Bl #U8 IA, B0F 5 S N T BE T SEMLALSE A RAT R A s B BLGEEER ), TR0 2686
2 A SC, YR AL 0 R T AR R

Yris B H#:2021-05-06  f&[E HHI:2021-07-04  E-mail:chenkai34@hikvision.com



F48E H5M PRI, PR

L, A, A5 T ) e 2 R I 4 Y R RS T A A T 243

ReLU-h-swish function is 80.38%.Compared to the MobileNet-rhs model, the parameters of the compressed MobileNet-

rhs model are reduced by 17.9%, and the Top-1 classification accuracy is reduced by only 2.28 percentage points.In

addition, Tensorflow is used to deploy the model on the Android platform, which realizes the application of image

classification album.

[Key words] transformation of manifold of interest; depthwise seperable convolution; pointwise convolution;

self-gating function; Kotlin coroutine
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Table 1 Classification accuracy comparison among

different models on CIFAR-10 dataset %
T SRS
MobileNet-swish 5% % 76.38
MobileNet-hswish % 7 77.69
MobileNet-optirelu 5% 7 78.20
MobileNet-rhs %% % 80.38
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Fig.5 Classification accuracy comparison among

different models on testing set
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on testing set
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Table 2 Classification accuracy comparison of

MobileNetV1 model with different activation functions %

i Top-1 /3 KHERIH  Top-5 4 JEHER 5
MobileNet-relu 64.98 87.97
MobileNet-leakyrelu 68.46 88.73
MobileNet-optirelu 66.54 87.04
MobileNet-swish 68.28 90.03
MobileNet<hswish 67.61 89.88
MobileNet-rhs 70.10 88.62
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Table 3 Classification accuracy comparison of ShuffleNet

models with different activation functions %

T Top-1 43 & i 5 Top-5 43 J& i 5
ShuffleNet 69.84 91.68
ShuffleNet-rhs 70.23 91.92
ShuffleNet V2 69.44 91.49
ShuffleNet V2-rhs 69.85 91.57
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Table 4 Performance indexs of MobileNet-rhs model

H5E TR Top-1 432K UERI /% Top-5 4 KU F/% S
MobileNet-rhs 70.10 88.62

3315428
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Table 5 Pointwise convolution structure of

MobileNetV1 model

BRI Z BRI i AR
Conv/s1/1 1x1x32x64 112x112x32
Conv/s1/2 1x1x64%128 56x56x64
Conv/s1/3 1x1%x128x%128 56x56x128
Conv/s1/4 1x1x128%256 28x28x128
Conv/s1/5 1x1%x256%256 28x28x256
Conv/s1/6 1x1%x256%512 14x14x256
Conv/s1/7 1x1x512%x512 14x14x512
Conv/s1/8 1x1x512%x512 14x14x512
Conv/s1/9 1x1x512%x512 14x14x512
Conv/s1/10 Ix1x512%x512 14x14x512
Conv/s1/11 Ix1x512%x512 14x14%x512
Conv/s1/12 Ix1x512x1 024 Tx7x512
Conv/s1/13 1x1x1024x1 024 Tx7x1 024

Gt —HE i R Z AR, n=8 I HI%E 13 )2
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B 6 PR, 4 4% 13 J2 )5 B9 MobileNet-rhs 4 g
mFE 7R,
F6 [EZi% 1325 MoblieNetV1 B & m &R
Table 6 Pointwise convolution structure of

MobileNetV1 model after 13th layer’s compression
BRER P KZ B K/ i AR
Conv/s1/13 1x1x1 024x768 TxT7x1 024

®71 EHSE 132 /5K MobileNet-rhs 5B 4 B8 H5 R
Table 7 Performance indexs of MobileNet-rhs model
after 13th layer’s compression

% Top-1 /32 UERI H /% Top-5 /3R UE# /% S8R
MobileNet-rhs 69.19 88.24 3026916
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Table 8 Pointwise convolution structure of MobileNetV1

model after 11th,12th layer’s/compression

BB R/ EREIRD i ARAE
Conv/s1/11 1x1x512x448 14x14x512
Conv/s1/12 1x1x448%896 7x7%448
Conv/s1/13 1x1%896%768 7x7%896
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W 1.21 1076 4 43
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Table 9 Pointwise convolution structure of final

compressed MobileNetV1 model

GRER LK o P NUN i AJRSE
Conv/s1/9 1x1x512x496 14x14x512
Conv/s1/10 1% 1x496x480 14x14x496
Conv/s1/11 1% 1x480x448 14x14x480
Conv/s1/12 1% 1x448x896 TxTx448
Conv/s1/13 1x1x896%768 7x7%896
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BT 22295 RS . A G L HY MobileNet-rhs,
47 J5 1) MobileNet-rhs BRI 280 & il /b 1 592 416, BJ
Wb 17.9% W25, ik 10 s .
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Table 10 Performance index of MobileNet-rhs after

final compression

AR UETR 2R )0
_— I3 JEAME /% S
Top-1 Top-5
J£ 47 MobileNet-rhs 67.82 87.23 2723012
MobileNet-rhs 70.10 88.62 3315428
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