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Abstract: Due to the large scale of the current convolutional neural network model and complex calculations, it is
not suitable for deployment on resource-constrained computing platforms. In order to solve this problem, this paper propos-
es a logarithmic quantization method based on data standard deviation, which is suitable for deployment on FPGA (Field
Programmable Gate Array). According to the characteristics of FPGA, this paper proposes a logarithmic quantization meth-
od to convert the 32 bit floating point multiplication operation into integer multiplication and shift operation, which im-
proves the efficiency of the operation. By studying the characteristics of data distribution, the input quantization and mixed
bit weight quantization methods based on data standard deviation are proposed, which can effectively reduce the quantiza-
tion loss. The experimental results show that the accuracy of large-scale neural network is only reduced by about 1% due to
8-bit quantization. When the input is quantized to 8 bits and the weight is quantized to 10 bits, the accuracy loss of the mod-
el is less than 0.2%, which is almost the same as that of the floating-point model. Experimental results show that the pro-
posed method can reduce the size of the model by about 75%, and effectively reduce the power loss and improve the com-
puting efficiency while maintaining the accuracy of the original model.
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W /NE 0.15% FeA7, Ik 2 T G A Y LA [ A9 i
5.

F4 ETHEZHXNBEMLER0)

Model JE AR IR HER 5 /% FTFARE 2 B X BUR AL TR R % AR % TR
Topl Top5 Topl Top5 Topl Top5 AL H/MB HALE/MB | JE4652/%
Resnet50 75.202 92.194 74.406 91.862 0.796 0.332 97.84 24.51 74.95
Inception V3 77.978 93.942 76.984 93.484 0.994 0.458 91.23 22.82 74.98
VGG16 70.894 89.848 70.528 89.75 0.366 0.098 527.81 131.96 74.99
RexNet3 82.63 96.25 82.09 96.01 0.54 0.24 132.95 33.30 74.95
RepVGG AO 72.42 90.49 71.40 90.08 1.02 0.41 34.89 8.75 74.92
#5 EFHREZHMBELERQ) MobileNet V2 (% 2% () A FE 1 £k oA 8bit 23 {15 5 AL L 1Y
JRABIRIMER, | S PRREE IO | Ak ALK AR AR A 12bit B Topl f L1525 K F 5] 2%
Vodel s | e | O gy R 6bit AR A LT
Topl | Top5 | Topl | Top5S | Topl | TopS AH ] B HERG R . 2430 EfficientNet-b0 % 45 114 J B K FH Xt
Resnet50 | 75.202 | 92.194 | 75.052 | 92.1 0.15 | 0.094 R A HAL 40 32 bit B8, By AR 3L FARUEZE Y
Inception V3 | 77.978 | 93.942 | 77.814 | 93.812 | 0.164 | 0.13 A AL AR AL 16 bit B AL, AU TR SR FH X B Ak
VGG16 | 70.894 | 89.848 | 70.742 | 89.778 | 0.152 | 0.07 HHEH N 8 bit .10 bit A1 16 bit ZE A [RI 5% (e . 451
RexNet3 | 82.63 |96.25 | 8249 | 96.16 |0.14 | 0.11 7744 EfficientNet-h0 %45 (A0 T 4L 12 bit Bif Topl
RepVGG AO | 72.42 | 90.49 77.20 90.34 0.22 0.15 ﬁ’ﬂﬁﬁé%?ﬁ%@] 0.576%, %ﬁ‘ﬂﬁﬁﬂﬁj\j 16 bit HTJ‘ Topl

% 61 MobileNet V2 5 25 F) ff 5 5K FH ot 55 i 1k 4
R 32 bit B, i AR 3L ARl 22 5 A 21k
¢ FLRE 0 8 bis B4 ALTR R PR LR 8
bit, 10bit 1 16bit 25K 737 8 1 8 K. 45 5L R B

AL iR 2% F B 2 0.328%, Tops & 1k iR 22 T [k 5
0.143% , 15 3 5 JF A AR TR TL - AH 5] A0 ME R R . SC e &%
SRR B ZR ST 4R HE A A T 1 ke A i R R O S I 4%
AR 5L .

*o BEAMESEUER

e BET o 22 1 X 4 U
- f— SRR T AER /% ey LR 22/% FRIR /N

gelbin Topl Top5 Topl Top5 Topl Top5 BAAT) AR I
/MB | /MB (%

8 0.266 1.184 / / / /

MobileNet v2 12 70.126 89.532 68.298 88.44 1.828 1.092 13.6 / /
16 69.84 89.31 0.286 0.222 6.74 50.44
8 24.854 44.864 / / 8.99 55.714

EfficientNet-b0 12 76.63 93.025 76.054 92.83 0.576 0.195 20.3 / /
16 76.302 92.882 0.328 0.143 12.76 37.143

6 ZWiE

1T BT CNN B R e BB RY 5 K TH AR Y35
GEUE 22 K BEAE i 25 )L, DAY T A 3 4 798 28 7 5 U
52 BRI & AR OR MR ) 1 R RS . X, A
SCEE T — R A B 7E FPGA 1Y CNN BB 45
W . RS A X BRI A5 B ER AR P A T A
Bofes iz AR AR biv B EGR L MRS (s 5, A AUt
PR T . i TSR A R R TR R

PR A L4 T 5 T o 22 A g A AL A T AR
22 BIAUELTR A bit B LSRG, 75 0 40 AR I ik 3 5
JELAA AR TP R ) 64 R B 3 7 S 8 vt o ) T
8oy BRI EAT AL SEIR B0 IE 1 P 5 05 1 B A S
LT 96 30E 14 73 AR i PR A PR 45 F A A 55325 )
BRI T 0 AR B AR A . A
SCIE L R AR FPGA 11z B Rk il I RO A T 1, el
TR SE FE B R U/ A A5 K T 22 S B B
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