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Research and Design of CNN Acceleration System for Quantitative
Reasoning Based on FPGA
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510006, China)

Abstract: Based on the quantitative reasoning of FPGA, the Convolutional Neural Network (CNN) acceleration system is de-

(School of Physics and Optoelectronic Engineering, Guangdong University of Technology, Guangzhou

signed. Through the analysis of the operation characteristics of the mainstream deep neural network structure, the INT8 quantitative
reasoning method of intercepting the threshold using the density based spatial clustering of applications with noise (DBSCAN) cluste-
ring algorithm is used to integrate the full connection of the deep neural network, reduces the data operation bit width and compresses
the network size, and effectively compresses the network structure with little loss of accuracy. Based on the CNN network structure
of LeNet-5, VGG-16 and ResNet-50, a quantitative CNN acceleration system is designed and verified. The experimental results show
that, when the quantization accuracy of network parameters and input characteristic data is 8-bits, the loss of network accuracy is less
than 1% as the network compression rate is 25%. On Xilinx xc7k325 platform, the running frequency of CNN acceleration system is
450 MHz. Compared with other similar accelerators, the GOPs performance is improved by 2 times.

Keywords: convolutional neural network (CNN); quantization; hardware acceleration; FPGA; DBSCAN
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A ) R T Y A R S AR S B AR B T — A
e TR B F R R B 2 A TR, ST O
788, BREREPHEZREZAMLEE, 7 L% FPGA
B RS F ST BRI RO AT I8 B O Bl i B E T
A BRRZSHL FSM (Finite State Machine) 45 1l 2% 415 19 5
AP RSB AT EAZ CA Z R
4 LHEREHH

FIH GPU ¥ & LL J Pytorch BRFHE S AT LA &4 3 %
JEE A BRI 25 00 2% 5 R AT OB Y B R R 2 R B
# il T Fashion MNIST (FM) #i CIFAR-10 (CR) N3k
EiTE S

PR B ST AR TR T ) 4% 5 A T X 4% T R R ) 4%
SRS R 5 CR, TEAETE LIiIdFAR W%,
AFEBIRE . ARBIHEBHENAETICHMAXES ., @
B EALET LeNet-5. VGG-16 Fl1 ResNet-50 [ ® 2% K /N5
AL S P4 0 TR TH B 4 % e A RO R = b ) 48 X 4
PR MR FIROCR R 2 ik 3.
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F 2 HAfEM

i 2% R 26 N/ (VD | R 45 K/ (VD | R4 36/ %
LeNet-5 1.66 0.41 24.6%
VGG-16 527 70.5 13.3%

ResNet-50 98.1 24.0 24.4%

AT LAFE ) LeNet-5 19 45 K/NFERALHTZ 1. 66 M, &=
LM 48 S5 R/ANVEIR T 0. 41, JE4i#H N 24. 6%, [N LetNet-
S MEAHMZERZERMMZ aERR, addbiltasi
B, TR 45 4 FBUZ b R R A BOHE A B R ROk Y
FP32 48 i INT8 75 B> T 75 % B i 5t . B F2
RS SCORH S, WA 2R, LetNet5 &k
HECR M2 g Mg, MG —2aEsmg, Fit
BAEE EANE R TR R, EaEEE R
W T LRI BRE, TR B A AR .

MFEFH VGG-16 W 4% 1 6 468 50U R R B . |
F VGG-16 e & 2 MR Ko h e 2EE R,
AN EEE 3 MNP ERREEZN, EEBENE
LT VGG-16 B RI2 K /NI 527 MO H: b 4 7% 2 19 o5 b 7T
PLEE] 890 B 469. 3 M, 4= 3% 2 Al A 4 R ¥ P 1|] B9 42
R ARMAET B, BeEEm K/ NEHD T
15.55 M, PHh & 32 2 M E0E W e R A — e my g, {H
RAEEZNMA 2SR &I mr, Al
g0 TR s 2 4 Rk,

Ferh ResNet-50 [ JE 45 %0 5 LeNet-5 [ JE 45 %% £ 4
L. 7£ ResNet-50 AR H BEHE |, ZEEH LHEL %
BUFE SR 2y, HFHEERZERA -2, Maek
LM I IEAE ResNet-50 HURHRAE . ResNet-50 ot 5 332
FEFE AR R RS BGRIEM . W LUK ER 98.1 M
B4 FONEZEE) 24 M, Pk 5 4838 1 F ResNet-50,

£3 BAKE

o 2% FP32 et/ % | INT8 #ER/% | #i%k/%
LeNet-5, MN 89.9 89.0 0.9
LeNet-5, CR 59.8 59.0 0.8
VGG-16, MN 91.2 90.5 0.7
VGG-16, CR 88.5 88.0 0.5

ResNet-50, MN 92.3 91.7 0.6
ResNet-50, CR 90. 68 90. 09 0.5

MR 3 T LUF B 540 5 B 1 46 70 78 U0 i i 5 E R 2
FELE 10 LUT BB R R . W] T 1638 1 A 302 B S o i 4t
AU G MR 4 3 452 )2 1A 7 9 T LAY A0 R A0 T8 B o 22 9
ZRH P25 RN A 2 A i R I 0 2k R R AR T SRR A
B T P AR IR b 22 0 46 119 52 2R VR OF A7 B T WA He B 30 3 AR
SRR JEE M 228 IO 4% B 05 v R 1) SR M

WY E MR, 78 GPU {5 T izfr FP32 4
A5 B H)iR 5 Fashion MNIST (FM) #I CIFAR-10 (CR) #)
AR M I R MER K . AR GPU SE BT . [ 4531 ZRfik
BUREISEG H CH 405 5 #5 A HE R B2 T 5 100 2 R

N IESE . B4 PRI 1Y bitstream U A 3| FPGA FF &
Mo, AT LS B i s 5 R R PR TR A LR 4
A IE A

FPGA % i Jo8s i G EY)
LUT 203 800 65 640 32. 20
FF 107 600 39 850 9.77
BRAM 445 250 56.17
DSP 220 840 26.1

AV A T 2 A TR BE 2 I 4 T BT B T RO
Yoo fE—@RE LA EZWMER I T EE. IF B
Zead BRI AN 5 EAE H R DSP S REEAT I
B, ARV CNN IR 2 G e+ 5 1L RE AR b T At ) o
8 1 T3 By FPGA 52 B il BB 42 T, b g 154. 95
GOPS, PERESE ™ 1 2 1%, TRAIXTELILE 5.
5 s e RUR

xf H CHk[19] SCHk[20]
FPGA XC77020 XC77045 XC7K325
TAEH #/MHz 214 330 450
AR 8-bits fixed 8-bits fixed 8-bits fixed
W5 P i GOPS 84.45 62.85 154. 95

5 SHWRiIE

TR R R Bh B b ST B R UR B A4 4
(CNN) #3217 1 B F0 R AR 8 1k 52 38 45 10 9 71 R 19 T 4% 1)
B, Bt X CNN R R 45 2540 LA B AR i vk it o il
Fi DBSCAN 3R 2855 17 52 3 2t b 1 3 8 IO 0075 A L INTS
WA R B, 7R (B 3 B 5 vk DA B A 3 R R A T D
HAERESEEZNIRE M SRS, J4 % FPGA B
FIR B 1 22 W 4% 3 S0k, R0 I 2 AN IR M e 2% 1
FTCA O BE Y S 3R 2% . 7E Fashion MNIST (FM) #1 CI-
FAR-10 (CR) M3eiE4 Lk 4T T HEREMK. LR &
N FERALE A Mg b, R RTE 1% LA, LeNet-5,
VGG-16 Fl ResNet-50 J& 454> 3 K 114 24. 6%, 13. 3% il
24 4 %0 BEV YN 2% 5w MR RE T RAGA B 154. 95GOPS, 42
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