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Pruning Method of Convolutional Neural Network
Using Replaceable Filter
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Abstract: All filters in a certain layer of the convolutional neural network are abstracted into an Euclidean
space, Pruning the filter that can be jointly represented by other filters, reducing the redundancy of filter and
avoiding the loss of accuracy. Using reinforcement learning to prune while training, the neural network model
performance is restored through fine-tuning. The results show that, after pruning and fine-tuning, the loss of
neural network model accuracy is smaller, the calculated amount of parameters and floating-point are signifi-
cantly reduced.
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Fig. 1 Complete framework of algorithm
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Input:training data.X.
Initialize: model parameter W = {W,,0 << i < L} Action,N;
for episode=1;episodelepisode,.,;episode + + do
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Update the model parameter W based on X
fori=1;i<< L; i+ + do
Initialize the reduced model size so far
W= W,
W =212 Wy
Wy =a % Way-Actiong, * W — Wi
Action;=max(Action,, Wa,,/W;)
Wdueed = Wedueed T Action; * W,
Find Action; * N;;, filters that satisfy Equation 2
Zeroize selected filters
Ifi==L
Update the Reward
end if
end for
end for
Obtain the compact model W % from W

Output: The compact model and its parameters W *

2 XWHERSHH

2.1 LR

@ Pytorch 355 #4745, 248~ Ubuntul8. 04, B i 88 /4 it & 4 Intel (R) Core (TM)17-6700
CPU@3.4 GHz,NVIDIA GeForce TITAN Xp; # 4t & & CUDAToolkitv10. 0, Anaconda3 #ll Pyc-
harm 2019.
2.2 HEESMKER

BETE AT CIFAR-10 4R 42 ) VGGNet-16 1 ResNet-5612) i Fl kL B 12 /N FF 114 ImageNet ) $}
#5149 Mobilenet-V1 il Mobilenet-V2 PiFp B | 17525, CIFAR-10 Bl de 0 10 K. — R
6 000 5K &1 -, 4 60 000 5K 181 7, AR 5K R 2502 73 BF 3 32 px X(32 px B =il 1H RGBC=J0E) B F,
H1:50 000 5K AR R .10 000 5K Al 4L & . ImageNet BI85 47 R BRI R S 0 &5 4
e 224 px X224 px Y 1 000 K fr 2RI A2 & 1 300 sk & R, MK A4 2 50 000 5K Jr.
2.3 LEHEZE

XA CP AL S AMC Bk, S b R i B 48 A 20 R MER R . S 80 ) SO
T BRI A 1 R 43 SR AN R M G IR S B R A o i 22 I 45 i S IN AE I RN 28
1Y R 4 F 245 B AU B9 280 5 R SR S 80E 08D b . R TR R AR R R LB SRR
R A S DO 5 AR TR 5T R B TR S T A A 4 92 U B T £ A S B as A R A BRCAS T AR ek 2D RO
Ui B I ROR O
2.4 CIFAR-10 HiF&ELHLER

Wi AL IE B & HiEN VGGNet-16 5 &7 H %1 ResNet-56 #fi 28 M 5 LAY |-, VGG-
Net-16 ## , ResNet-56 A FE CIFAR-10 £4i 5 A9 SR LA IR 1 iR, R 1 ey HIEGE e
K BE  Ae SOHG BEE AE.

B 1 A VGGNet-16 i 22 0 28 5 70 1) H 4 26 Ry 20 7o b L A48T CP vk 5 AMC B33, e 3y
TR R FRARAT e/ A BEALRRAR T 1. 120 s ResNet-56 #2028 B0 [ 45 %2 0y 50 Vo B AHAS T CP Bk
AMC B35, SO B E M RE R ARAS A/ N BEALRRAR T 0.7 0.

XF T FLOPs 29500 (145 AR A 1 35 8L, SCrh 38095 38 2o 5if Ak 27~ $AAT A ) 3 A 238, ORIE 2 ) o 7
A F A0 BY A 2 5 AW RE A% AR G b sk A0 BURRZ 1O B BT A X HUAR IR 2 08 T 3h W 207 i 5 R R 5k
Qb T TUAR v .0 19 DT AR DB D5 i 114 19 A2 B SR A B0 4 19 B A S80R, | B A AR T 1t O P DX A R RS 88 532 il K 114 D B
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fir . XF HE T I A ERAS IE N AT B S A 8T ALy AMC S35 SO B0 3 0 o xof A7 5 A e A4 R A7 TU AR B e 4%
BTRC . RERB AR 4 o OR B 605 B 2 A A B A DB A o DA TI AR A% SRR 00 JRE i k.
1 VGGNet-16 5, ResNet-56 fE A fF CIFAR-10 3454 F 5T A B Bk b i
Tab.1 Comparison of pruning algorithms using VGG-16 model and ResNet-56 model On CIFAR-10 dataset

» . VGGNet-16 F& 74 ResNet-56 5 1

E{'J*}i%:&i 0, 0 0 0 0 0
77/% /% Ae/ % 77/% /% De/ %%

CP &% 20 68.8 —1.7 50 91.8 —1.0

AMC & 3 20 69. 2 —1.4 50 91.9 —0.9

R 20 69.6 —1.1 50 92.1 —0.7

2.5 ImageNet HIFE&ETLWHER

3 A 50512 HT 2 ImageNet £l 46 b 7ERFFAI ) 46 2 F . SO A1 Mobilenet-V1 AR ]
Mobilenet-V2 ##] | B BIALHOR W WK 2 FroR. 3R 2 e — RO AR AT BB R AE 5 (Top-1D) R HE#
55— B S0 5 S R AR A 1R RS BE

132 2 W FE DR B AR ) TR 48 3 55 A SO 305 I B p R L BB A% AR A5 S 4 RO S E IR 7 5 24 FLOPs
O A1XT0° PRI A EE TR ME v SO R AE Mobilenet- V1 R B i 8 B2 il 7. 500 SO LR AE
Mobilenet-V2 #E7 | (145 5 B 5 tH 4. 7%.

# 2 XPHIETE Mobilenet-V1 ##IFl Mobilenet-V2 #5271 |- 1 85 BRI L5
Tab. 2 Comparison of pruning effect of proposed algorithm on Mobilenet-V1 model and Mobilenet-V2 model

. FEME PR
e(Top-1D/% FLOPs/ X 10° e(Top-1)/% FLOPs/ X 10°
70. 6 569 — —
68. 4 325 70. 4 325
Mobilenet-V1
63.7 149 66. 3 150
50. 6 41 58.1 41
74.7 585 — —
72.0 313 72.9 309
Mobilenet-V2
67.2 140 68. 6 139
54.6 43 59.3 41

CHRETES AMC Bk Top-1 #ERME L, 3% 3 frR. & 3 1. 5 AMC kA H, S 5
R4 T AT b PR BA AT v E A IR AR IR X R B A R B A BB AR L B A ORUE T /N RS BE R
T AR A5 B4 1 45 SR B e B g A0 AR R BE A A W] 9 FLOPs s/ B JEaE 1, SR B 7E A4S 2k B
NS B R 52 UG 19 Mobilenet-V1 BEUES BEHE R T 0. 1% , Mobilenet-V2 f B BE3R B T 0. 9%.

%3 SCHF%S AMC Sk Top-1 M ik

Tab.3 Accuracy comparison of proposed algorithm and AMC algorithms

T R vk FLOPs/ X 10° e(Top-1D/% BY R 50k FLOPs/X10°  e(Top-1)/%
0. 75X MobileNet-V1 325 68. 4 0. 75X MobileNet-V2 220 69. 8
AMC & = 285 70.5 AMC & ¥ 220 70. 8
e 280 70. 6 S s 219 71.7
3 H#RIE

Bt X A5 U 22 0 245 Bl R 1) TR B G TR DB A AT A S A B A 10 5 i T PR UE RS B
AAFEAREINE DT » SO AL KRR 1 AR S i BRAIE T 08 A [R] 28544 1 i 22 ) 2 A8 T 1Y 1L 4 3 2
P Xt T LR w0 /N R i % A B /N R ROR B T A A DR A JBE A AN KRG TR R AT A
Y0 1k — A0 T 4 5 0
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