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Adaptive joint compression method for deep neural networks

Yao Bowen, Peng Xiyuan, Yu Ximing, Liu Liansheng,Peng Yu
( Department of Test and Control Engineering, Harbin Institute of Technology ,Harbin 150080, China)

Abstract: Deep neural network compression methods with a single and fixed pattern are difficult to compress the model sufficiently due to
the limitation of accuracy loss. As a result, the compressed model still needs to consume costly and limited storage resources when it is
deployed, which is a significant barrier to its use in edge devices. To address this problem, this article proposes an adaptive joint
compression method, which optimizes model structure and weight bit-width in parallel. Compared with the majority of existing combined
compression methods, adequate fusion of sparsity and quantization methods is performed for joint compression training to reduce model
parameter redundancy comprehensively. Meanwhile, the layer-wise adaptive sparse ratio and weight bit-width are designed to solve the
sub-optimization problem of model accuracy and improve model accuracy loss due to the fixed compression ratio. Experimental results of
VGG, ResNet, and MobileNet using the CIFAR-10 dataset show that the proposed method achieves 143.0x, 151.6%, and 19.7x
parameter compression ratios. The corresponding accuracy loss values are 1.3%, 2.4% , and 0.9%, respectively. In addition,
compared with 12 typical compression methods, the proposed method reduces the consumption of hardware memory resources by 15. 3x ~
148. 5x. In addition, the proposed method achieves maximum compression ratio of 284. 2x whilemaintaining accuracy loss within limited
range of 1.2% on the self-built remote sensing optical image dataset.

Keywords : deep neural network; model compression; joint optimization; sparsity; quantization
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Fig. 1 Adaptive joint compression method framework
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Fig. 2 Principle of joint compression operation
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3.2 XfEEaHR

TE CIFAR-10 £ 4% 4E I 73 % X} VGG16, ResNet #l
MobileNet #FIFEAT X EL 5256, Hirp ) ResNet #E# 18,20,
56 F 110 3% 4 4~WAS ; MobileNet BE#% V1 Fl V2 B4~
AR, SERGEESURE YR F & AT 2R B — 7 /Nt
TRt Hodt VGG16 SEEass Bange 1 i,

#&1 VGGI16 7 CIFAR-10 #1328 L [F45 45 R Xttt

Table 1 Comparison of compression results of
VGG16 on CIFAR-10 dataset

JR4iTr: Ace. L /% S,/% Ave. bits  Comp. ratio
APRS 0.9 80.5 32.0 5.1x
Hrank -2.7 92.0 32.0 12. 5%
MXQN 0.4 0 9.0 3. 6%

DSQ -0.1 0 1.0 32. 0%
SQ 0.2 0 5.7 25. 1%

DPP-C-F 0.4 84.4 8.0 25. 6%

HFPQ 1.1 86.0 5.0 45.7x
SQL 1.5 90.0 1.8 177. 8x
SQS 1.3 94.6 4.1 143. 0x

H1Z% 1 Al A, SQS TEAUTE 2 A7 fik 2 18] e 45 5 15 3]
JERERY 143, 0 A5 HY SO0 T, R AR X IS0 9 2% R [ 1



545

RIS A5 R ZE R 26 14 1 1

NEBRA R4 T2 27

1.3% . AHHCT Hrank Y435 5, 16 5 38 R B[R]
JEARAGRTE T R2130.5 7%, ARECT HFPQ B JR46 )7
B AERE EERV A AT 00T R R 48 K2 97. 3 5.
SQS TEAKH 1 1 2 bit ALA LGN T, 5 SQL Bk G
AT JEAE R R B T 34. 8 %, BURURS FEHETH R 2
0.2%,

VGG16 7£ CIFAR-10 _E ] SQS J7 iABEATIR & IR 4
HY IR AN 3 P, B 3 LABERY ) 45 )2 Ry B 53 33l
Fit T % 2 ( convolution, Conv) Fl 4> i 2 /2 (full
connection, Fe) (MBI &AL 50 LA R R 40 A5 0L,

100 99.51

9453 9557 9542 9575 9577 9578 9532 96.06

O AD AV AL AD oM
oot 00“ co“ 00“ co““ 00“}‘;00“\000“};0 D

(a) VGGI6IIE R ARG E ST
(a) Layer wise sparsity statistics for VGG16

5
R
=]
5 N A AV AL A oM
et Lot Lo CO““CO““CO““C@* T
(b) VGG 161 Z g EALSL B G it
(b) Layer wise quantization bits statistics for VGG16
EHSH N ez
100 [[814 87.55 8455 9703 98.29 99.15 99.58 99.43 99.47 99.47 9947 9942 9951 99.95
S
-
g
H

N NIRRT
4000400 40 ST

A SRR IR - SR St SR Bt A W,
Co(“‘ C"«‘ Co““ C}o“q C/o“q C/o(‘q Co(‘s‘ Co(‘s‘ CO“EO(\

(c) VGG 16K Z R 45 % G it

(c) Layer wise compression ratio statistics for VGG16

B3 VGGI16 7E CIFAR-10 L] SQS kA 444
Fig. 3 SQS compression results for VGG-16 on CIFAR-10
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Bk, A 304y B % ResNet 18/20/56/110 Fil MobileNet
V1/V2 T3S HESCE: , SCIRES SR ange 2 1 3 s,
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Table 2 Comparison of compression results of
ResNet on CIFAR-10 dataset

Ave. Comp.
ResNet 45 Ace. | /% Sp/% ve omp
bits ratio
DDP-C-F -0.2 62.7 32.0 3.7x%
ResNet 18
SQS 1.4 92.1 3.9 101. 2x
DSQ 0.5 0 1.0 32. 0%
APOT 0.6 0 2.0 16. 0x
ResNet 20 HAWQ 0.2 0 2.0 13. 1x
SQL 0.1 46.0 1.9 35.4x
SQS 2.0 89.7 4.3 72. 0%
Hrank 2.5 68. 1 32.0 3.1x
ResNet 56
SQS 2.4 95.1 4.4 151. 6x
APRS -0.4 69.2 32.0 3.2x
ResNet 110 Hrank 0.9 68.7 32.0 3.2x
SQS 1.1 93.7 4.0 127. 9%

% 3 MobileNet 7= CIFAR-10 #1184 F/FHE & RXTLE

Table 3 Comparison of compression results of MobileNet
on CIFAR-10 dataset

Ave. Comp.

ResNet FEAE s Ace. | /% Sp/% ”‘e om.p
bits ratio

DPP-C-F 0.5 63.1 32.0 2.7%

MobileNet V1

SQS 0 61.3 4.6 18. 0x

U. INT8 -1.1 0 8.0 4. 0x

MobileNet V2 ALE -1.2 90.0 32.0 2.7%
SQS 0.9 62.6 4.3 19. 7x

M3 2 13 T LAE Y, SQS FE46 )y ik vl 7 HE 1
RPRAMLL 2. 5% M EILT T vk K g4 T+
BRI R 45 2R, A% T Hrank, SQS 7F ResNet56 )&
ARAARTE T 148, 5 A%, M ERR R A KA 22000 0. 1% 5 41
B F DPP-C-F,SQS 7£ ResNet18 Fll MobileNet V1 =AY /%
GERAYHHRTE T 97,5 45 M 15. 3 4%, Wi A A5 K B v
M2 1. 6%

3.3 GHREAIE

Stk — 2 W EI A 7 X PR B R | LIRSS
FEAT T ZARENERY ResNet 20 i, 56T CIFAR-10 54
SEIHATIN AT, FEAH AR A R A 2505 XA SE Rl |
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Table 4 Compression results of SQS on remote sensing

optical image dataset

| Ace. | /% S,/% Ave. /bits  Comp. ratio

VGG16 0.3 93.3 3.2 150. 1x
ResNet 18 -0.4 94.9 3.1 202. 7x
ResNet 20 0.9 97.1 4.6 241. 8x
ResNet 56 -0.5 9.5 3.6 253. 7x
ResNet 110 -1.9 96. 8 3.5 284. 2x
MobileNet V1 1.2 97.2 4.0 283. 1x
MobileNet V2 -1.2 88.4 3.4 80. 3%
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