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Soft Pruning Algorithm Based on Lottery Ticket Hypothesis

MA Jiaxiang, SONG Xiaoning
(Schoolof Artificial Intelligence and Computer Science, Jiangnan University , Wuxi‘214122, Jiangsu,, China)

[ Abstract] The'increasing number of neural network layers exponentially increases the network complexity and limits its
application scenaries.To solve this problem, this study proposes a soft pruning algorithm based on lottery ticket hypothesis.
The pruning network of the previous stage is used to compensate-for knowledge distillation. To maintain the sparsity in
knowledge distillation, the wrongly-pruned parameters are recovered and sparse constraints are added to its loss function.
Subsequently, the pruning network obtained at the current stage istintegrated with the student network obtained through
knowledge distillation.The similarity between the pruning and student networks during the network fusion is then calculated
and a specific fusion formula is designed to highlight:similar network parameters and inhibit discrete network parameters.
Consequently, the network continues to perform well after the pruning rate is increased.The experimental results of VGG16,
ResNet-18, and ResNet-56 models on CiFAR+10/100"dataset indicate the following: when the pruning rate is 80%, the
classification accuracy of VGG16 in CIFAR=10 dataset decreases by 0.07 percentage points; when the pruning rate is 60%,
the classification accuracy of ResNet-56/n CIFAR-10 dataset is improved by 0.06 percentage points;and when the pruning
rates are 85%,95%,and 99%, the accuracy of ResNet-18 on CIFAR-100 dataset only decreased by 1.03,1.51, and 2.04
percentage points, respectively. This shows that the proposed algorithm can improve the pruning rate of the network while
maintaining high accuracy, thus;proving the effectiveness of the proposed algorithm.
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Fig.1 Schematic diagram of model fusion
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Fig.2 L, norm ratios for different convolutional layers
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A S FH ResNet-18 [ 2% 7 CIFAR-100 | i 3t
FEMERE . O T I Ar M IR AT RO X L, DA B R Y
A Sy R 2 W STk [ 38-39 ] 75 v 1 5 A % kS i
AL E AR SCE R AT L SRR 2 R . TR
B AR SCRE A B ROR 5 AL A R BT
W BE T B 041 D0 2 28 G 1 LA B3, BB 2 I 4% B
ReR AT AR SR R RO B B . Y BT
R 85% IS, AR SO IR W e A R T Y B
e 99% B, A SCHL 1k B R B AR Ak 38 AR A T
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o33k 2410 20 L, X R O AR SRR AE IR AR
1o 2 R RE A% DA B S AR B AER Y I 245 v AR A5G T BT A Y

JA S AR B AT AE 458 i B S 3 I AR B A B ik
RS PR 5 9 26 Y B E -

£2 TECIFAR-100 #HiE&E LMK E R
Table 2 Test results on CIFAR-100 dataset

- YA 2y 85% By AL 95% R 99%
i~ W 1% IS AT 43 25 Wi 1% W I A5 1 4 45 WEEORTEE % RIS/ 4 A
Lk 74.53 — 74.53 — 74.53 —
SNIpE#! 71.61 -2.92 68.39 -6.14 56.69 -17.84
GraSpt”! 71.16 -3.37 68.40 -6.13 58.67 -15.86
AR SCEL 73.50 -1.03 73.02 -1.51 72.49 -2.04

A SCHE L CIFAR-10 | A9 6 80 2 i ik F oA
B {HAE CIFAR-100 |- %) 32 B0 5z 5 1 HAth 55 s
X158 B A Lb TR BRSO A AR SR IS T R 2 4
Tt S 11 D) 45 I 5 R AT 55
3.3 HBMXZE

A AH F VGG 16 M2 ResNet-18 43 511 #E CIFAR-10
HICIFAR-100 Bdi4E T A T al se g, 255 403k 3 s o

R3 HEXEHR

Table 3 Ablation experimental results %
Iy ik R
VGG16 ResNet-18

A 92.83 72.49
AL HEAT B AL 91.04 70.01
XoF B A ) 45 AT 25 1R 92.46 71.03
6 FH 7 5 0 445 1 SR ST I 2% 92154 70.89
ZEIR I AR NIAT 7 29 W 92.31 71.21
ACHEAT A B i AR 5,249 R 91.47 70.54
A TR 2RI TR LR AR 92.35 71.70
o 245 J22 5 B0 AH 7] 92.33 71.28

it TH Bl 2 36 A a1 AT 0 A

D)0t 0 4 R AT 1 AR BT R Ik 70 S BE AN B AR 3C
Bk XU W T4 1 kAR BT R Y A v s Bk —
SE X Y R AR e 4 R 4 R U A 2 8 D IRt
— b DA 5 R B AR B A AR S B AR R S
5 5 il A X R B 2 B 2 SO AR AR B T U
T3[R

2) 505 W 2% 3 D BTAS 5 2 IR T BEA TR Bl 64 7
VEANTA) A S 23 1 T S ASERE ) 199 265 %0 5 B B9
W28 AT 2B DT 1 o X FIMBOL RS A — 2 TR LR
IR oG B A 4 14 00 4 T I Bl R BT 2% 1 S 4 IR
LR ZERANA SO 33K U WA SCRil & B8 A 7 1%
SR o R i i IR VR AN S RO A —E
Je BRGS0 0 45 BT 5 B T B SR R RS T
BRI A, ST 22 52 W00 1 2 FEORS JEE 3R B . AR SC A ik
FTRA 5T 28 N 4 5 BRI 2% B R S A
TR AN S B W 452 T FE AR T X 2% SR AN
A, T — R P 1 4% i i, 3

hJE S SRR E SR TS .

3OM G b — B 20 0 W 4 DE AT 2R AR, 5 IR &
TN 15 B AT I 2% 1 A7 28 18 AH L BE ERCAS T 4 1) A
FE AR BRI A b — B 20 5 R 32 I W 4% R A O 5
e SR T R 2 1) 0 I 4% 1 HE S T B AR 1Y At B
HIGRURE 8% XT 5 5 0 39 A R AR B R & PR Bt
5 Bl X2 JUA T S A 1) B R AR

4) Y TEZE IR B AN A B 29 AR, D2 ) RS R
RIS R A SO S AE UG W 451t AT BIA ), 7 I
25 1) Tl VR B B A T 8% 118 5 % R EC PR T N s i 24 R 1Y
AR AN AR SCAR R BN TS A F 1 29 R R AY
PEAT BY A 0 B X U0 B B2 TR X BY R AR 1 R 1
FEIE T X e EOPRLLS S H R S
28 568 (B 52 TE AR DG, T A B 20 SR AR T — 4 28
) 245 X EL R /DY, 5 A5 B 25 T 6] I 2% 1) 52 M A5/, A
M1 45 21) B G rofG BEAR 0 .

5) S AH Jn 2 A Y A B R UL O Bk AR S
TR B I 5 78 10 I 2% 1R A7 2 1 A n 2R A5 il
TSR B AUA SC Al & O i, L 2O B R AR S8R
e a2 2 DR A 2 A N ER SR BB A R I D) 2% rh A e 1R
W RSB AR B X WL T S8 — R
VEAT S AR, T AS B X 43 X I 286 ok 150 HE 2L Y R OR
N S, IF AT B0 1 b 2 i S ] R O AR
AN ARSI,

6) A% 3C 22 I N 2% 1Y) B — J2 A0 A (] 59 R R Y
O3 )2 B K 7 1 R AR R A SCAR 5 = B0 B B AR 2
R 43 BE BY BSR4 R BT R Tk L JORE AN
AR . RN SRR T, 4 )R B A
AR E R B T g L R T LLIS B 5 4 2 5
AR TR A 45 5 I I AE IE i B BT R R A R, &
Jry BY R B 43 ZOKS BE N AN 55 T 0 2 BT AL, XUk B T AR
SCHE B A JRy B A ) 1E A P
34 FEMEEIEBESHREXRIR

ResNet-56 % ResNet-187F CIFAR-105 CIFAR-100 |-
AT 42 Ry B R B I 4% 1) 43 200 I 5 s 3878 Ak A2 Ak
M an i 4 s . AT LAE Y, 24 4 1 53 K i Bl
B IRCR R LT e T — Be R RS R R, HAE ST
KRB AT 60% Ji BY AL N 26 114 43 2KG BE IF U 7 E T R
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Fig.4 Curve of pruning network precision with pruning rate
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Table 4 Compression and acceleration effect of pruning algorithm
Z R N IR R N ks 17 7
Bl 5 o ke e o P e THETE e/ EER
%2/(% %3/(‘0 /A ﬁ){—i
0 147.00 — 30.7 | '} 93.90 —
VGG 16
40 47.50 323 19.6 36.2 93.57 -0.33
CIFAR-10
0 5.93 — 8.71 —X 94.06 —
ResNet-56
40 4.53 23.6 5.47 372 93.87 -0.19
0 0.37 — 1.44 — 73.50 —
CIFAR-100 ResNet-18
40 0.23 378 0.87 30.6 71.27 -2.23
. classification with deep convolutional neural networks[ J].
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