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Research on Multi-Granularity Neural Network Pruning Method with
Regularization Mechanism
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(The Key Laboratory of Advanced Process Control for Light Industry (Ministry of Education) ,
Jiangnan University , Wuxi, Jiangsu 214122, China)

Abstract: At present, the object of pruning algorithm is usually the whole convolution kernel. The rigid requirement
of feature graph dimension matching in some network structures, e. g. the number of the last convolution kernel on the
backbone of residual structure in ResNet and the number of convolution kernel of all branches before concatenation opera-
tion in Inception network cannot be changed, directly limits the pruning space. To solve the problem of dimensional match-
ing that limits the pruning space, a multi-granularity pruning strategy from coarse to fine is designed to maintain dimension-
al matching, which keeps the number of convolution kernels in the convolution layers positioning for dimensional matching
unchanged while increasing the sparsity of the neural network. Moreover, an adaptive L1 regularization sparse method is
presented, which enables the network update parameters while taking into account the changes in the network structure.
The sparse convolution kernel not only has fewer parameters and calculations than the original convolution kernel, but also
has more excellent structural properties, which enables the network better ability for feature representation. For VGG-16 on
CIFAR-10, the accuracy is increased by 0.19% when the calculation amount is compressed by 76.73% compared with the
baseline network; for ResNet-56, the accuracy rate is reduced by only 0.14% when the calculation amount is compressed by
82.54%. For ResNet-50 on ImageNet, when the calculation amount is compressed by 56.95%, the accuracy rate is only re-
duced by 0.48%. So the proposed method is better than the existing advanced pruning methods.
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£1 VGG-167ECIFAR-10 E£ R

fEiA iR 5 H(PR) 24 (PR)
Vgg-16 93.96% 627.48M(0.00%) 14.95M(0.00%)
$$8%12018) 93.02% 366.26M(42.30%) 3.93M(73.70%)
GAL-0.1%%2019) 93.42% 343.78M(45.20%) 2.67M(82.20%)
POLAR"(2020) 93.92% 284.04M(54.00%) —
HRank"(2020) 92.34% 217.22M(65.40%) 2.64M(82.30%)
SWP'(2020) 93.65% 180.93M(71.16%) 1.08M(92.70%)
AMAS-0.005%(2021) 93.22% 169.62M(72.97%) 4.18M(72.04%)
MGP-75 94.15% 145.98M(76.73%) 0.9M(93.98%)
LEGR™(2020) 92.40% 140.60M(77.59%) —
K2 ResNet-56 FECIFAR-10 B4R
EEi MiRTHES 5 (PR) SR (PR)
ResNet-56 93.26% 250.98M(0.00%) 0.85M(0.00%)
SSs”(2018) 93.39% 178.7M(28.80%) 0.59M(30.60%)
HRank'"*(2020) 93.52% 177.44M(29.30%) 0.71M(16.80%)
GAL-0.6"(2019) 93.38% 156.60M(37.60%) 0.75M(11.80%)
Hinge?(2020) 93.69% 125.44M(50.00%) 0.44M(51.27%)
MCH2*(2021) 93.23% 125.44M(50.00%) —
LEGR™(2020) 93.70% 117.8M(53.10%) —
PFEC+KESI*(2020) 93.34% 96.63M(61.50%) 0.28M(67.06%)
POLAR"*(2020) 92.63% 72.93M(70.94%) —
LRF-60°°(2021) 93.19% 65.50M(73.90%) 0.22M(74.10%)
SWP'"(2020) 92.98% 61.36M(75.55%) 0.19M(77.64%)
MGP-75 93.69% 59.79M(76.18%) 0.28M(67.06%)
AMAS-0.2%1(2021) 91.70% 54.56M(78.28%) 0.20M(76.47%)
MGP-80 93.12% 43.81M(82.54%) 0.20M(76.47%)
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BN a=1x107, f=3x10"°, L5 MGP-80 # S 1% & H
a=1x10", f=7x10"°.

GoogleNet. (134 A1, A LLIEHE, MGP AT AZEfR
R R AR AR I DL, S8 72% 2240 9 150 d

JE 455, i FLBH B A0 Fo A 7775 . A H AMAS, MGP 1]
DATE 46 208 1.32% RT3 T ORS00 2 55 0.49%. A L
Hrank , MGP FJ DAFEXE B B 55 0.5% R 3ERl L, TR 46 2% 5
H17.4%. 52 % MGP-70 # 2 H % & J a=5x107, =
1.5x10°.

&3 ResNet-1107E CIFAR-10 L& R

HRR A 474 (PR) Z K (PR)
ResNet-110 93.50% 505.78M(0.00%) 1.72M(0.00%)
GAL-0.1%%(2019) 93.59% 411.4M(18.70%) 1.65M(4.07%)
NISP*(2018) 93.32% 286.7M(43.30%) —
GAL-0.5%%(2019) 92.74% 260.40M(48.50%) 0.95M(44.80%)
FPGM™(2019) 93.74% 242.00M(52.20%) —
AMAS-0.05%1(2021) 93.99% 218.12M(56.87%) 0.70M(59.30%)
HRank!"*(2020) 93.36% 211.4M(58.20%) 0.70M(59.30%)
LRF-50°°(2021) 94.34% 189.16M(62.60%) 0.63M(63.50%)
ABC-60%!"*(2020) 93.58% 179.74M(64.50%) 0.56M(67.40%)
MGP-75 94.53% 134.36M(73.44%) 0.59M(65.70%)
SWP'(2020) 93.67% 123.8M(75.52%) 0.52M(69.77%)
MGP-80 94.14% 102.96M(79.64%) 0.43M(75.00%)
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&4 GoogleNet £ CIFAR-10 E£5 R

Al HER R T (PR) Z 4 (PR)
GoogLeNet 95.05% 3048.62M(0.00%) 6.15M(0.00%)

L1"9(2016) 94.54% 2040M(33.08%) 3.51M(42.93)
GAL-0.052%(2019) 94.53% 1880M(38.33%) 3.12M(49.27%)
HRank!"*(2020) 94.53% 1380M(54.73%) 2.74M(55.45%)
ABC-30%"(2020) 94.84% 1026.38M(66.33%) 2.46M(60.00%)
AMAS-0.05%(2021) 94.54% 889.96M(70.81%) 2.09M(66.02%)
MGP-70 95.03% 849.62M(72.13%) 1.94M(68.45%)

3.4 CIFAR-100 L6 45 R

VGG-16. 3 5 1] LA 2|, MGP 7] DL 7E 115 & &
G5 h 65.42% B WERRAH FLREE R R T 0.5%. M ELTF
POLAR, F AT AT LA 4R HER R I AR Y JERE | 523
B (22%) BYTHST LR A% . AHEL T SWP, Al IFE S 4L
HEFRARARATE AT T TR R AR T 11.5% A
LT 1.6%. S5 MGP-65 S HBLE N 0=1x107, =
23107, 3L MGP-75 S AU BN a=1x107, f=3x10".

ResNet-56. H3& 6 1] &, MGP 1] LLAE T35 TR
G5 60% e AT AT IR PR R FIEE HEAH 24 (0 HERR R . A
FoF PR-A |, AR SC7 76 0] DAFE TR B R 40 R Gk 54.35%
BRI b, MERE R HE 5 0.8%. A L POLAR, MGP 7]
LAE HE B R A ) A A2 R, 46 R 3 T 29.88% , nf AL
2 B kA AL M . S2ER MGP-55 M S BN BN a=
1x107°, p=1.2x107, 52 ¥ MGP-65 #8 2 B & & N o=
1x107, B=2x10".

£5 VGG-167E CIFAR-100 E4£R

e TR 47 (PR) ZHk(PR)
VGG-16 73.83% 627.48M(0.00%) 14.95M(0.00%)
Ns'"®(2017) 74.20% 389.04M(38.00%) —
COP™(2019) 71.77% 357.66M(43.00%) 4.01M(73.20%)
POLAR"*(2020) 74.25% 357.06M(43.10%) —
SWP'"(2020) 71.58% 232.2M(62.99%) 1.80M(89.95%)
MGP-65 74.34% 216.99M(65.42%) 2.18M(85.42%)
MGP-75 73.17% 159.8M(74.53%) 1.67M(88.83%)

%6 ResNel-567E CIFAR-100 L 45 R

A A P57 HE(PR) Z K (PR)
ResNet-56 71.92% 250.98M(0.00%) 0.85M(0.00%)
PF-A"*(2017) 70.42% 224.88M(10.40%) 0.77M(9.40%)
POLAR"(2020) 72.46% 188M(25.09%) —

PF-B(2017) 69.95% 181.7M(27.60%) 0.73M(13.70%)
SWP!'(2020) 71.17% 121.9M(51.43%) 0.67M(21.17%)
MGP-55 72.46% 113.02M(54.97%) 0.62M(27.06%)
MGP-65 71.71% 88.48M(64.75%) 0.53M(37.65%)

3.5 ImageNetSEIG 4R

ResNet-50. 3% 7 0] 1, MGP 1 [ 4% [T 455 5 3 3]
56.95% MME LT RS E R R T 0.48%. AH L POLAR,
AR SCHEZ R 45 240M H A ET 8L T i LT
0.04%. # . LRF-50, 78 SCHE 22 e 45 420M 1155 5 19 Aif
PR MERRE R RFE T 0.11%. A8 ABC-70% , A< SCAE
Z JE 45 60M 1Y BT £ N, W BE AT R 2.15%. S5
MGP-55 B S HE &R a=1x10", f=6x10".

3.6 HELSCIR
3.6.1 L1IENF1BEEMN L1 IEMNY L

Z i RAN DY A | X2 O b 0 2 1% [T s T L
IRER R RS R . B 5 BIR T VGG-16 M E 2 M [H]
BRLBY RIS , P ad 2 FpOASIR) 1 AL vk A i B A, B AL
HIAI YRI5 /NG RUZ AN B AL . R 5 () F (D) X
o, TSR B A LU ETE AR B A2 28 1 R 4 2%
FEARIAEE BB ERZ L. tnE50),7EVGG16
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&7 ResNet-107E ImageNet FHER

LAY T % T (PR) SR (PR)
ResNet-50 76.15% 8.2B(0.00%) 25.50M(0.00%)
GAL-0.5"*(2019) 71.95% 4.66B(43.17%) 21.20M(16.86%)
$88#(2018) 71.82% 4.66B(43.17%) 15.60M(38.82%)
HRank"*(2020) 74.98% 4.60B(43.90%) 16.15B(36.67%)
LRF-50"(2021) 75.78% 3.95B(51.80%) 12.98M(49.10%)
POLAR"(2020) 75.63% 3.77B(54.00%) —
MCH™(2021) 75.60% 3.61B(56.00%) —
ABC-70%"%(2020) 73.52% 3.59B(56.22%) 11.24M(55.92%)
MGP-55 75.67% 3.53B(56.95%) 13.42M(47.37%)
PR 2 BAL A BT R R e, AL IE AR BT R A EE , 5T A A HIE LS, 7E 40 BY AR i A Y A9 L1 IE AR 7 iy

TR TE DUITE, R A AR s R A S B AR IH%M
B L1 IERICAET 22508, BE T LA AT S B2 2
HE— 2530, AT LA R Z 5 i B B . X T
(i R AR TR KT ST S AR BT 1 B A3 2R ]
L2 T RSO RS REXT L AR 3.6.2715 .

5000

4500
4000
3500
<3ooo
+2500
4@2000
< 1500
1000 I I
500
.
1 2 3 4 5

10 11 12 13

=]

VGG-léér%ﬂﬁ'ﬁ'&
(a) VGG16 &AM AEBZ /NG FUZ AL

1400

1200
:fé 1000
8 800
B 600
4
< 400
w | I
0 == I [ T | |
1 2 3 4 5 6 7 8 9 10 11 12 13
mL1EJE 55 250 447 74512211188 630 407 173 96 55 62 113

B EERNLLENAE 55 248 400 73011771195600 425 290 132 59 71 113
VGG-16 45 #1224

EL1ENME  m HiERLLENML
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3.6.2 L1.B3&M L1 IEN ¥ F04%1E N 44 33 L

€ 6}y CIFAR10 7E VGG16 il ResNet56 M 4% 485
e 1 T A0 BY A 5 P L 3 AN () 2 U Ak )y Xt AT 40 Y
R SE 25 R . FfE W28 3885 1 BERT IR, 4 115
FIVKE B B2 4 S B0 Mt 3 . (B ZE AR A1 R R

R BT e B A LG L1 E DA AR A Ak 5 L D

TR PA A TV L IE U AR 7 5T 10 26 TC A 2 R 4 [
I i 2 S8 B X 25 S5 A RS RO 2 B BUR
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110 B 3 K A B, VGG-16 M 45 7E CIFAR-10 %X
P BT A JE S8R TR B DL ORI B T R 1 A8 4
IO, Y a B RBT, W48 S50, T i DL SORS i B2
IR N AR T T 65% A4 R L
NGB T B R S A
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T, 280K Bt B A LU SEEAR 2 IR . Y 281 A
TR 75% A AT RGBT B R S5 B
AR S EG g5 R AT L, 2% 1 R 45 E 9 E S8
o, BIIHEKMTHE R, FOMLAR BT AL 5 i 5 B4R T B A
TR AR B, BB AS 7E LR RS BE SR RO RT3 T AR5 T K

100 0.5
20 04
03
£ 02
%70 ./0 <.
& &
% 01 =
= 60 a/./.—_ 5
B 0 ¥
ﬂ!if -0.1 ;}
= a0
& 02§
& 30 v 03
[ 20 —— SR :
—e—itpm 04
10 _
e |00
0 0.6
0 0.00002 0.00004 0.00006 0.00008 0.00010 0.000 12
o
(a) aXF VGG-16 M2 BT A% (4 52 1
100 05
20 .,./‘——H‘——""'_'_ﬂ 0.4
03
s 8 A
70 02 R
R 01 =
= 60 T
B 5o 0 %
i 01
= 40 i
. 02 &
E 30 &=
& 0 a—-syE[ 03
& —
it [ 04
10 05
iR
0 0.6
0 0.000005 0.000010 0.000015 0.000020 0.000 025
i
(b) BXFVGG-16 4% B AL 5% 1
7 aflpXT 025 A5 0
\
A
4 Zig

ASSCAR Y —Fh IE AR AL T 2205 A BT R 56
TE BN JZ X [ 4 04T — U -1 1E WAL R RL BT A, £
X ¢4 J3E DE TR R ] 1 B A 4 1) ) )t [ 2 o e 4
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B P B [ P Ak 4 32 DE FE A 5 1) 25 AR Hh A U
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e 5 9 BUZ A UAT He 53 FRUZ 30 1) 2 BOR 55
T LY AT SN S B 45 R R B, £ 1) 2% T AR 5
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