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A Dynamic Quantization Coding Based Deep Neural
Network Compression Method
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Abstract Recently, deep neural network (DNN) stands out from many machine learning methods and has attracted
wide interest and attention. However, it is difficult to apply DNN to mobile embedded devices such as mobile phones due
to millions of parameters for the mainstream model of deep neural network, which requires a lot of calculation and storage
resources. To address this problem, this paper proposes a deep neural network compressing method based on dynamic
quantization coding (DQC). Different from the existing static quantitative coding (SQC) methods, the proposed method
updates the quantized codebook in the training process, so as to minimize the error caused by large weight parameters.
Numerous experiments show that the proposed method is superior to the existing model compression method based on
SQC.
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Table 5 Quantization performance of ResNet-32 under
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5 92.87% 92.33 %
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Table 6  Quantization performance of ResNet-44 under
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5 93.28% 93.14%
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5 93.21% 93.24 %
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Table 8 Quantization performance of SQC
i % 3 bits 4 3bits A< 3 bits 4% 3 bits fthAx 3 bits fih4s 3 bits s
SQC % 0 SQC £ 0 SQC %0 SQC % 0 SQC %0 SQC 4 0
ResNet-20 92.72% 92.69 % 92.72% 92.69 % 92.72% 92.69 %
ResNet-32 93.54% 93.39% 92.72% 92.69 % 92.72% 92.69 %
ResNet-44 93.21% 93.24 % 92.72% 92.69 % 92.72% 92.69 %
ResNet-56 93.21% 93.24 % 92.72% 92.69 % 92.72% 92.69 %

Mk (9] XTI AT TR R 2 IR T R N T
X LGIR 2P, FRATTAE DL AR T A SCRk [9] [RIBE A A
B, B RS2 MNIST, $f LeNet 55— 5
266 % H/MLEE R 0, 5 ANERUZE 12% BN
WEE RO, 55— 2EEZE 8% W/IMUEE N 0,
EAAETER)ZE 19 % R/ IMUEE R 0. X ik S g
R0 WIALE, 7E R AR TR Ris B A A
SRS ATR A 0, BARSCIRZE R

MFE 9 RIPAE R, AT, ATWER
— B

H T U IRATH O ¥, A s INQI)
ISR T . X BRI TR EFWE, S
INQ fit 7%F Hesegs, i TA SRS INQ A
T, #ERALERA N 2 1) n (n HEEE) KX F
T, T FE X b S 56 B ake fe 2 A0 T2 3R B . 3k
AV AR R A ke . 0046 0 26 254, 4 2[R 19
NEEL, INQ (] 4 B T RAL, B AL Bl
0.50, 0.75, 0.85, 1.00, WP 7L EAL 5 bits, Z5 5%
W

2% 9 Deep compression 5 DQC Y525 i

Table 9  Comparison of deep compression and DQC

40595 fLFE W
Deep compression 5 99.20 %
DQC 5 99.70 %

210 =1bN 5bits B} INQ il DQC #E CIFAR-10 iy
R LK

Table 10  Compare the accuracy of INQ and DQC on
CIFAR-10 with 5 bits
o] 2% INQ DQC MAJc 0 DQC #4450
ResNet-20 91.01 % 92.63 % 92.82 %
ResNet-32 91.78 % 92.87 % 92.33 %
ResNet-44 92.30 % 93.28 % 93.14 %
ResNet-56 92.29 % 93.21 % 93.24 %

MR 10 T, TCIEMZH) 2B T, A2
H5IA 0, fi I ZhSRAL M A4 R I T INQ i
Trik, AU T AT IR A R

4 REES5RE

ARSCPR T — P Ak T2l 25 A o 5 1 TR B 22
W28 IR 48535 N T 0T EAEIR A KR GER IS L4
P, AR SORS 24 P AU R ] F8 A AL A A, it P
WHESAR, R SR HOE K, 4R
BUES RS AL G R R RO S, &
SCR M Zh AR ALY, A5 1) 124 SR ) 28 BUE )
Mo R A A7 B BT DA B i A 2R e ) 246 (LR BRI A
EHSHL, W NXEESH A AR B R 0. A
SGETHE T HS MBS PR AN [ A5 AR 2T 24 A5 1
ARG VERE. I SR S, TR 22 I 2B,
F A L RO, T 4 SR B s 20 25 B A 20 B 114 7
BT ESEAMTrE; AT EAEM 4844 10.67
EmER AL AT BIARAR IO TSR
DR B, AN [m] T4 JEE R B2 A 3 8 R TR B 22
W 26 s i db AT 7oK ST, B H AU /N e S ot
ATSEs, Jo SRR R B s A b AT S0
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