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A survey of convolutional neural network accelerator based on FPGA
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Abstract: In recent years, thanks to the enhancement of computing power of computers and the vast
amount of data generated by the internet, Deep Learning(DL) technology has achieved rapid development.
Among them, the most notable Convolutional Neural Networks(CNN) have successfully been commercialized
in fields such as image recognition, object detection, and natural language processing. However, as the
network layers become deeper, the demand for computing power and memory has risen sharply. How to
accelerate convolutional neural networks and deploy them on hardware accelerators has gradually become a
hot topic in academic research. Starting from the advantages of developing neural networks with Field-
Programmable Gate Arrays(FPGA), various development methods of FPGA are introduced, various
optimization strategies for deploying and accelerating convolutional neural networks are discussed in detail,
and the performance of FPGA convolutional neural network accelerators using different optimization
strategies is presented. Finally, the future development direction of FPGA convolutional neural network
accelerators is expected.
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CNN B3¢ it B 78 20 142 60 4E 18 i David Hubel il Torsten Wiesel 2t , 141752 S48 14 A il B0 5 1l 28 4% 328 15 .
Ak, BT E . 2, g A R HE &K FK CNN A WS TAFE. 1998 4F, Yann Lecun £ i1} T
LeNet—5 # A1 SR J1] [ [n] f% #% (Back Propagation, BP)¥ 1A Ky H A5 s B AT U 25, BRI /N SR I 55 5
GWR T AR RN, SR KRS (R ROR A . 2 R T S i H 5 B 0 A gl s 19 AN 2, CNNAH
b TG A IRERE LIF A RS, Iril&a s &AM EMN. 3 2012 4F AlexNet 5 BIP 7
ILSVRC2012 Bk i FE UG T 45, BOR B Z 19 CNN AHOCHIETE A B i gl 1, S VGGNet™ | ResNet!™ 45 5 24 i £ ]
2% 235 b 1R AEUDRG A R Ok B R o AR RS 1O L THI AR R B A AR L (S AR i A O 5 B e L S
B ANk )2 ph 22 I 2% AlexNet A7 L 6 000 J1 i S 8, 7 BE R 2 250M 5 i R AE AR, U — ok R Ay 2
4.6 (LI HAE

WILAE, A PR o 2 W6 Bl Sl B8 1, 76 AN AR 00 2 ot B2 A TRl BF, ROR B IR TS S 40,
SqueezeNet'® | MobileNet & 511! | ShuffleNet F F1JUO4E | 25 bft 25 ) £ 75 i A 2055 0% 15 37 B 3 45 1 3 8 f At 1 (i
I, AB W 7E FPGA - PRk S5 30 A 28 I 4 i sk 4TS TH 02 — 4> i B i P A 1) 8, CNIN R AL 355 Rty sfe s 55, 1
T8 FH %) g fb PR 4% (Central Processing Unit, CPU)#E 4 F $U7 ML ENAFRVE S, SEMESHCRBME. T
S, M A I AR & S TR 2 4 R i B g . B (5 5 A B (Digital Signal Processing, DSP)J& X4
FAF T AL FRAE S5 i 0y 3R S, AT L DSP R 92 5l H AL BE AR R R G U B Ak, B4R A
JF AT W RE AL, UG T DSP R 2 N 2% s A Y OF AN 2 0L . 28 GPU 42 K 1Y BREE A i 2 803 U (Single
Instruction Multiple Data, SIMD)J{-47 &k B 58 7 i 15 & Ak & 18 G b 3w %5 BE 09 77 a0 BCRE R 1550, EL ) Ik iy %85 32 7
BSOS . BORSE R, O DUAE N A &I R E s N H . L 4 R L 2 (Application
Specific Integrated Circuit, ASIC)H A7 W & BB HACR , [HASHE 2 3% Hi 25 Fl CNN B3 7% B 5 20 e B b, DA Bz
PR % Y CNN 2SR RY 1 & i, Ho— RV R A i v o 5 HA S i 85 AR L, FPGA A & JhURe 1Y Al g 12 32
BRI AT DA S B R R ARS8 A R AT R AR TR BE R K e, IR AR R R i Ak i . BIRA I RE, EM &
[ BT A S5 N = S

1 FPGAREFEAAK

FPGA J& — F 2 2 il B 1 v %, AT D3 o 2 B 9 = e 728 I b %) A5 #8. 2% (Look Up Table, LUT), AT 55 345
Rl B4 2 B . FPGA % 45 Al g F 8 i B os . AIMAR 10 . MR IR, N T RIGAL, 160 90 T8 % 2% 10 FE 26 7
BEICE TR REM . T ER T AR R, H AT FPGA i 40 3% 1T i B A9 N A2 B F1 DSP(— % 1 & ]
Te vk a5, FPGA MYIEARZE # 7R B A& 1 FiR .

[ 1984 4F, %€ 5 B (Xilinx) 7 11 45 — 305 F FPGA-XC2064 L1k, FPGA T4 KB T 30 248, BaEHME T LM
AW T, HETER KA FPGA B 28 i A0 5 B0 A2 S R4S 19 D ] G B 32 0 F B85 1 ) 3 8 50 2% A e 32 i F
B, QAT R G P S A AT R R B, — R FPGA LN T 5 @ Je (i d s B, 3ROk, B RN 42 LA

HAMR LN FPGAFF £ .
,_ll~!!ﬁ!l w W
3R T B ORGP A A B A AT A8 2 8] )2

1.1 FEREHRRIL)FE Rt M2
O==9=0: — -
=99 S=e="
TIRE, R A2 ZE AR AY B 8 15 38 75 T (Hardware Q—‘Qip | :

WA A G (Register Transfer Level, RTL)J ya
Description Language, HDL). & {4 T %2 Ui ] i 1% b CO— —) CP%3:£j

A

R LS LT R ABLHAE BT B U7 b a2 =l |
PSR 97 208 2 il 1 5 2 0 B0 R 5 — — -

IET RTL 99 % 07 R B W R R B, 2638 ) ] ™
e IR 0 o B ST AR S L B T R M B =0=0=0=—0=0
VR 4K FI FPGA A 40 A7 ARVE AR T, FLEI i At A 02 M M
A BB, — R W T . B TR S -
FPGA [ B TH5: 304 Al CNN ALY . T A2 R SRl ) routing resources @& programmable 10
361 U195 BT 652 K 0 TF 2 SR B 5 FPGA B 55 1] Fie.l Basic structure of FPGA
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1.2 BEREEMHL)F X )
(c ,C++,0penCL constraints/

= /2 K 27 4 (High-Level Synthesis, HLS) il # /& testbench  ————— " urce file [ directives
S8 C. Cr+ . OpenCL % FLAT ¥ i 410 5 I 19 2 T2 15 S .
FAMAR BRGNP T R A S 0E i I
Verilog. VHDL . System Verilog % {4 2415 & i ik o D synthesis
), A0 3o | |

3 e 7 UK 4 19 D7 0 E 5 D W FPGA 19 )i 232 comparison -~ HDL
SRV HLAE 1Y L AP TR R K T } |
BRI L AR L S RSB b M S R 1 core
o B C. Cr+55 @ 2 H S X R @ s, ol
DACRE AR % 52 4 0 SRR B9 10%~14%!11, 3 A Kl Fig.2 Diagram of High-Level Synthesis process
W TR 2 . HLS fFF LRI 2 ff s . 2 mERG AR EA

1.3 Bahiit TR

CPU. GPU Wy 4w s oot JL 4R 1 & B © 2 M X 2, i Bl Caffe . TensorFlow . PyTorch 55 ¥ i % > J&2
HIS RE A 42 0 1 58 LA 22 2% () B o SRR AT FPGA 1 8l Ak il 5 T HL A 08 8 AN 6% B8, S B 38 2o 137 2R 9] FH 2 %
i 50 DN D) 265 A5 8 1) Bl 7 ) S 5

H i %+ FPGA 9 B shfb i i1 T B 4% £ Z o Wi Fh . — Fl 2 fiff 19 7= A2 (Intellectual Property, I1P)% 2%
FHH R SE B 28, W Caffeine!™ | fpgaConvNet!" | FINNUS | hisdml!"4% 3% 5 4 M\ IP 22 w58 iU mT /i B A9 TP 4%
(H HDL 8% HLS X4 5), W eI, DA sl 28 0 2% 09 & AR 2540 o 3 A = A ke o502 br B 4
K, Za . LR R, HEtZ @i, B o Ff AR T mRE S E O, AR A sk g
PE T H Vitis AI' | VTAI! | Matlab DLPP 45 48 % 56 T 8 55 2 03t r ik, 168 % ¥ Caffe . TensorFLow .
PyTorch %5 HE Z2 rfv fift 28 [0 £ B0 28 3o 2 R 40 e, AR 0 E il B o . EL BRI & 2 FPGA hizsfr., HE TR & L
) D) % 208 S s 2 R A TR A AT AR G0 T AN 8 B ESGE ), LA R R RO ATI AR T B R Rk, LS H AR
T {7 (K 2R 235 Ky R o 2 ) 85 A TR 1) 132 S

1.4 FEFAXXFLE o H

SRR R IR 3 FhIT e 7 AR T 58 R 28 19 2% i e 4% i BT, EL I LT R A8 AR A S B ROCR A A AR R 22
S, A FOT A D7 EAT AL AL H, AR R A AR K 1SS T RTL, HLS F A g Ak % T H. 3 FT &
T, XM TENTR AT PUE R LR GE TR S

F1 TFRITAN] LT

Tablel Comparison of different development methods

development  programming . applicable
advantages disadvantages .
mode language objects
close to the bottom layer, fine—grained modeling can be carried . . hardware
RTL HDL . . . o difficult to develop and long design cycle .
out, and the circuit execution efficiency is high engineer
C, C++,
HLS S c using high-level programming languages, shielding hardware it requires understanding the basic FPGA structure and design ~ software
details, and short design cycles constraints, and has a large implementation granularity engineer
OpenCL
automated C++, Python a convenient and efficient end—to—end design process that is the support for board cards and network models is not Loorith
. . . . . algorithm
tool chain etc. favored by large companies and developing rapidly comprehensive enough and not yet mature .
engineer

2 fniE RS AL R B

T g A e T AR 5T R A U R A B R E AL O R A . (R AT FPGA I B T, 38 9 R i Ak
ST N A A P 254 1) T UL BB A R B iR a7 . T, AL AL . & BRI AL
P LA B A A 52 BAR A 3 A D7 T 2E 4T 1R 3R
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2.1 MEREMRAL

WILAE, BEE PGSO R B, B S 40 FE 5 H S e K, BRI T i 2 45 1 0 4 5 o X I 45 A AR
PEAT AR R 45 £ 28 B8k 52 B 3 55 v 30 2 A 28 I 245 1 00 2 T Bt . BRAY TR 4 B4 00 B8 1 sk 20 B A2 S B A RN A i
GO, A28 I 4 B B M P o A5 2 e A R TR A R RS 0 2k T DL 2 AN T o AR R AS [) R 4 AN 3 Tk
PRI, PZSRERIEAL R 48 ik B8 0w . YA, RE AL 3,

2.1.1 &1k

b SR — IR B2 ) 2% B TR R A T 0 R R o VIR CNIN B RL [ B o 1 5 SR B i ) B BRORG A 8, Gl
BOR FH BORG E VR B s o SR BN B Bl R LA IRAE R | IRINAESE T oK, T RASR R AL BE Y B s R
VIV 0 5 A b ) £ A 0 oK 2 5 50008 BT ol R R RBAE ,  [R] B 8 I) 45 M BB AS s B0 BH 8 R R o

FHEE CPU . GPU H R FH B [ 52 A 5 (LA 8 bit N SO BE HEATi2 5, FPGA [ —A> B 35 32 ] DUAE 328 3 ok
FHAT R A7 58 AR, DT 8 5080 07 5 A9 0 2 T R 9% o SCRIR[21] 3% T AlexNet Fll VGG A5 L8 28 AL F 045 A 5 Xof 0
AERR A Z I, MAE A SEAC T 8 bit BF, MZKHEMG RS SR B Gl X AR, 2O B BUZRE S HL.
SHEREIZE SR AR AE RSO AL TE 4 ) E M 8 bit, 10 bit. 16 bit, 7E Altera Stratix-V FPGA ¥ |- 523 i
TR B R A0S A LG TR A BRSPS AL /N T 1% 0 SCHR [22] 58 A S8 Hh 9 Ine® 2 AR IR I 2507 1, Iir A S 40E R
FH Int8 ZERIKL 4, 7F Xilinx Virtex—7 VC707 JF & #i L il 3 MoblileNetV2 4% | #4f 4 K F 45 A6 K 2F & A il 3 5L
R T R B RN A, I HE B R R 93.89% , B A it ik F] T 170.06 GOPS . SCHK [23]°4F M 4% 14 By A R AL M
32 bit K4 E] T 1 bit, &S EE A R SR E, B VEE o O B, B R M > T X DSP IR A K
£ Stratix-V FPGA ¥ 5 5280 T 3 F Cifar—10 B85 42 19 CNN, W 2% o 1 M Lb T 7% o508 8085 1 12 T [ 7E 3% LA
W, Bl Rk A E] T 9396.41 GOPS, i #E MR b AT LANT A0t , AR SCIn A5 SRR M, Bk T E E AR
W X T 35 K IO 45 A5 TR (4 AlexNet, SR FH 224x224x3 1 Ry hi A) & HU™ H A MERE 1R, MERR R T T 10%. X
HR [24] 38 2ok R % Bl S B 0 O PR I R ARG AT R 3, B R E O AR AR A R R T, O 5 I B A
PRI, R BB AT A7 5 DA 32 bit A F] 5 bit, i 45K B A 1k

b g 46 A R R R P e A R g 2 —, HoRT, 3 A A W 4% & T HE 42 40 PyTorch |
TensorFlow %5 #78 WA P 45 & Ak %8, mT LLPRBE 3 58 i
Méﬁ$ﬁﬂ%’ﬂﬁo %’ﬂﬁﬁgﬁ%ﬁig/ﬁ%&ﬂﬂ‘ﬁﬁui%, K% before pruning after pruning
Rt e, SHEDNAAERES, SIS EEE : . § ,

T T 308 T ) 0 P BT R P AR AR T ? / )
212 Bk / \

B U 2 DO SR A7 AR 2 T A, A 5 3o B A B R S (
OB LA B 0, LB E 7 ik R A -

FE ALY, B R R AE A BE B BT O, YA RS
52 WA A58 R A 2R Ak, T IA 2 A B s DU XORG B B K #
INEE BRI DL YA R AR R A A A RS A
AR P 22 AL D R R P 3 % | N

VAR K L K 2 L 46 08 SR 48 1 9 0 R e A
(Rectified Linear Unit, ReLU){E 2 ¥ % oK %0 . BF 5% %
B ReLU B4 1 ok %5 {15 — 2t 22 i % 0 2% (40 AlexNet, VGG)H K2 50% A 28 T Ty 0. SCHik [26] 76 15 57 1
MR, Bk — RN EAAE, 1F AlexNet BERI ST T 85% G B JE , 7F ImagNet ZUHE 4 I (% M
BTFREAUA KA 1%, HAN G NP5 ASHBTR LS, BRI Z S50 b, X 59 4% 5 B9 % 51 N 45 5 1)1
i, R X R S B R R —BUE, SR RS 4 SHGETT RS, LRV, 7 XFR 89% ML E S
BIEO T, HEHEPERE LA Z

AR BE BY R (R SRR AE T eI T RSt A, TR P AR AN AL, B0 FPGA Ll AT IR AT K B A
BABAE AR LR T, SRZE . %00 18 5 450 A 55 A0 J7 vk T DLk 2 PR B RL S SR A e PR ) A, STk
271480 T —Fh P sy & gy i, 2 W — B i 22 n9 A E O Y4 (M AS 2 B A AR S 2 75 35 A i R b ofE, ok
TN 4 froR 3 s, 78 XC7Z020 FPGA 508 1 322 GOPS (i #e ik it o SCHR[2814% ) 17— i 4 A - 74
O K & fk (Hardware Friendly Pruning—Quantization, HFPQ) 5k, [RIB R A T 70 )2 57 A 13 o 4k 59 7 72 16 40 X 4%
AL, %07 4% VGG . ResNet #l GoogINet Fe 4 1 30 £, [l I i+ 55 5 ol 20> 1 85% LA [, 1y W9 4% o i 52 0 A W] 12
TR
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2.1.3 2 Er Ak M 4%
B A R Ak S SR A e RE B I £ AR R S il b BRI TR B

filter 1

JeBE ARG 4 T TR R R R R R B, 4 )R T filter 2
PP Ak . WA B AR AR RS L X R 4 Lk BT il
BRGNS | I8 5 B AR L AT L B
18 KU TE AR SR T 00 T L IR AR H 8 5 R B . % S R
Al 9 25 A5 950 A ) T 0 A R RS B R Sy, b T 0 1 8
TR U 25 I 2% RSl (0 — o 2 R 7 1o o Ll TR AR R 4% ﬁ;
TARES R R, A R (6 R AT ) AR TR, o e 3
PR T filter 4
BAI %521} X MobileNetV2 1 Xception H >R I 14 ¥ & 7] (b) block pruning

51 B FUTE FPGA | A &8 %8 In) J R FR 5, 3t 1 38 AR
MEafe vkl %, R TR h | BRI e R S g, SEEt
{4 T S A s ImageNet RO R AT A2, B sk 3 Fig.4 A comparison of different network pruning methods

’ Pl 4 [ B A ok L]
T 170.6 GOPS., HUANG %" 3 F ShuffleNetV2 5 5 3% 11 T
B A AR I 45 AL M 4% CoDeNet, + 1k 3% F 4 bit KU E A1 8 bit 1%, S HCE U N 2.9 M(CH Tiny YOLO ) 1/20.9), 7E
FPGA b #u4T H bRl 4E: 55, #5642 20 Lk Tiny YOLO 5 10% .

22 HRAEEMML

CNN i 5 R i B % 4E U, 7E LeNet-5. AlexNet, VGGl6 & &M%, HHEE 59T
AT B [H] 1Y 90% LA 10U 3E w2 2 ik 1G5 Y 3 SR is R RAE G AR AL AEFRAE I B S il R, X A )
GRAAHRAEE EW, BAS TR, HIiFRBENAS. B THRINERIEENERE, Remnkttge, T3
ol 26 BB 1 P A D v 90 FPGA Il #5% o
2.2.1 PR el L AR e Bk

e {8 BL A8 J6 (Fast Fourier Transform, FFT) /& 76 {5 5 Ab B 2% F0Y J7 ik, H FFT B8 98 K i 3k b i 5
PR AR5 W B R 00 S T2 B . SCHR (32148, 7EB B R H R R T 5) I, SR AR 38k 36 U vk 1T LA AT 4% R A1
B E R FET 3505 0 45 PR 1 26 75 205 By AR E 181 X RX IO B 38 AR w4 S A8 FET 73 g (CHG wb s i ) 1 0 2
P ok FE AT DL 2R 58 B), SR e 7E A S ANCRE B 5 3, dee i A a3 pR ek A8 L i AR 4 (Inverse Fast Fourier Transform,
IFFT) A3 24 AR E I Yo XD T3 F FFT Bk i & flis | £k

Y=IFFT (FFT(X)OFFT(W)) D

AR 22 Join ok 2% 3 1A R F T AR R AT B . KO AR SCHR P R T — AR LT FFT 9 CNN S 48 4, ] F
Tl A Bt 72 o 7RI, I ZRad A8 o 2 7 A b 52 0, P T S AR A T R R B I S B R ST AR
DAL I s 5 R AR % I B . ZHANG 45 76 SCRR[34] 42 T 76 FFT (9 3638 I R FH Overlap-and-Add f9 flifk i, iF—
b T e, 7EFPGAY-A FEEHIVGG16, AlexNet Hl GoogLeNet #1443 51115%) T 123.48 GFLOPS . 83.00 GOPS #I
96.60 GOPS [t . ZENG 54 X} Overlap-and-Add £7 7 19 [n] @i 17 2k i, 42 8 T Concatenate—and—Pad J5 7%,
HRF T —Fp A5k A6 A A B0, T SEBLAY I 2 7E 38 1T AlexNet . VGG 16 W4 45081 1) 3 BT 55 i5f ) 7 ik 6 vk
43 93k %] 780.6 GOPS F1669.1 GOPS .,

FFT 53050 4 RS B0 e 46 2 I E A7 11550, (A6 B B ROSH BRI 2R A B i, 17 CNIN 1Y & e e 342 ok
3x3 . 1x1 /BRI, P F R /NS B (1 CNIN IR 08 I AN 5 o
2.2.2 Winograd %

Winograd % % i Shmuel Winograd T 1980 4E 4 i , J5 A J& 1] T {7 5 &b 3 v i 20 31 580 &5 19 — Fh U7 3% ©
Winograd 592 78 9 2> 3¢ 1 YR B[R] BF 38 T 0 2428 Bk B, 25 SEEIAE (4 b vk 2% R 3R 1k 28 1 R 1R AH X A 4 A
BE ARSI n i Y R AR AN 08D R R BUR AT AT A o A ] Winograd B3k T BB B, ISR He B — A A B B
AL F, THAAT RS FFT B2, K i AR AE SR B 46 B 7 6 31) Winograd 38k, f3fe 5 45 b 75 2
AHORE N B R AR 48, A o S R TR e

Podili 55 PFE N 5 SE P R FH T Winograd B3, &t T — R B i B HEY . LAUZ> Winograd B il K 1)
B RN ST K, BN VGG16 45 A5 Y i 77 ik 53k 31 7 229.2 GOPS. SHEN %8594 % VGG16 1 C3D i P 4~

|:| after pruning [:I before pruning
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2D 13D CNN A ) 7 —Fh & T Winograd 5575 1 48— 2244, >R OpenCL 4 F215 7% T &, 7E Xilinx VC709 JF &
M VGG BRI C3D (1 75 it & 43 5135 8] T 570 GOPS F1430.7 GOPS . Aydonat 5 7E SC#k[39]H 1 A Intel OpenCL T
HA4E7F Arrial0 FPGA V- 55 b S — 2 Winograd 73, IR UG 0 IF o0 B o w3 31 S8 3000 o o 4 7 ik i g
ik 1.38 TOPS. LU %M 1 T Winograd %5 B3 APk E A RS, LA 6 1435 31 A4 B2 R 36, SR B &2 RN i /K
LARACTETE, 2N 2% AE HEHEAE 55 P A ARk i S A 2.94 TOPS

5 FFTSRLAH LG, Winograd 575 A AR M I 2 2 B, (A ACUM L TE &, X J2 A Bl % Winograd 535
SRR, W BUE R P BRIEY, P, fner A Rk ke A T B O O e, WA TR B R AU A
Winograd % £ I #5 14 B 5% 8 45
2.2.3 GEMM &%

GPU #1 DSP 7 # % JH i JH % B 7 ¥ (General Matrix Multiplication, GEMM) fi¥ 75 =X 52 8 CNN, Jf {i Bl
OpenBLAS . cuBLAS %5 [ iz 5 2 Fl CUBA 4 A2 T HL I, 55 B0 45 FR bl 28 I 2% 5 B3 09 3 0P AT o 7E FPGA R
JH GEMM 553k i AR 32 45 R B e 40 R by TS B R e e i, B8 2R 10% 345 IO S (W) 1) 0 2 R B RN 45 4y, I T LA
300 ok P A ) g Y T AT R

R T BN AR ARk A, [R5 AT DA A

input feature map

Hofth CNN ALY, SRR [21] 5085 34 FLIE 5 5% e ok S 1 3R THE

kernel L
7, R OpenCL Jr K& it THeEFE M 2%, LW T 4]s5]6 T3 T ST AGG %
117.8 GOPS By fr it M fig . SCiik[42]3% 31 1 1 2 T DSP 71819 314 235 [eni2[afis| [
FIULUT (900 G VA O AR i s g, 1% " o) T BT T s
— B8 S AR RES RN Z o X, USR5 SIE R T A 3lals 7]8 1
WA, 95 F, ¥ MobileNetV3 &5 & ] XC72045 - 16[17]18 8]
& FSEE T 364 GOPS [ & convolution operation GEMM

B 2B K 1A A B AR ¥ 1 9 GEMM [y 5 22 41 4] 5 Fig.5 Converting convolution operation to GEMM operation
Firs . HFEREA MR R, i T EH8E s Pl 5 f 45 BURAERE 1L GEMM
WARANT BRI, TR 5 A RAE & & TT I 2 AR 72 X
WHESWEN, EH8RIFEWEMEITR NS TR ITTR DR, @S TR IR XX — R,
SCHR[43] P 48— K x K, B FRAZ AT LU A K K A T B BAZOR AR, TR 11 34 UL I R 23 Ak i A7 it
28], Bt 1K Sl P ) R N AR [ SR s B, AR JGE g% 1 A8 2 MobileNetV1 Al Inception V4 [ £% $H AT 4fi BLAT: 55 41
iK% T 3.5 TOPS (Y 7F I it .
2.2.4 BRULALTTEAEREXT L

# 2 20 JLAF R & PR AL 5505 76 FPGA LRy, al DL ) Winograd 383 filf AR S iz, X I T
Winograd 574 H FFT B3 M3 BB 22 AR, @SB LEFH, R ML AlexNet . VGGNet 45 28 ML X 45 151 A1
Wt 1] 4% 5 46 1) MobileNet & F1BE AL b I, 5 A0 67 98 19 8 £ o Bk B . in 3 2% 1) 75 ik 1 55 DSP 5% I i 4 ) 2 8
Pk B RRE e, H o SCHR [40] R I Winograd 55 v 52 8L il % 9 DSP % ¥R A% 1.21 GOP-s™'-DSP', 3k 5 i 2 %
RRCE

22 AL EEAE FPGA S sist 1

Table2 Comparison of optimization algorithm implementation on FPGA

item FFT Winograd GEMM
[34] [44] [39] [40] [45] [43] [42]
year 2017 2020 2017 2017 2022 2020 2021
device Strati5—V QPI Alveo U200 Arrial0 GX1150 ZCU102 XC7K325T XCVU9P XC7Z2045
network VGG VGG AlexNet VGG VGG MobileNet V1 MobileNet V2
datatype fp32 fix16 fpl6 fix16 fix8 int8 Flexible
frequeny/MHz 200 200 303 200 150 300 100
DSP 224 2 680 1576 2520 840 5149 900
LUT/K 201 230 246 600 — 246 193
throughput/GOPS 123 1699 1382 3045 441 3651 364

2.3 WEHLIMN
ATV AERE T FPGA {45 BUR 28 9 265 i i s Bt v 3 B BE R ARk, G AR ARER i Ak . Ik shFEs) | 58 42



1148 AHZMESEFRERFR 2%

R bW R 22 R Rl 45 o SCRR (4614 Hi R T FPGA i iz 25 R 28 19 2% 1 B Ao R 390 5 20 AR BRAE DA O T - 3155 &
SO A% F s 98 o O FR R IT FNRK B B 50 O T AR A R ORAT R, s i LA R 2 2 Rl R AR TR A B0 S
Ay A Y B[] A E 1 T4

231 TEFR AL, for (7=0; r<R; r++) ||feature row
BRUE AT LLFOR N 6 R BRI mE L, 1 PP P

55 MO B T RGE B, W 6 R . 50

R 1 (01188 0 0 B 52 D 0 2 o 7 for (0=0;0<0; 0+ foutput feturs

AT, W R EAR . A Ak A 2 I 45 2R

B, 38 R R O R O R IR R IT, RS

BPE IEAT AT RE 71 CNN I A G B 7 T K ik £ 1 for (h=0; h<K; h++) [kernel weight
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for (w=0; w<K; w++) /[kernel height
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Table3 Summary of optimizing strategies on FPGA accelerator

type strategy method optimization limitations
o reduce the bit width of weights or activation . binary quantized networks suffer from
quantization reduce storage requirements O .
data significant accuracy degradation
network model . . . o compress the network model to accelerate . .
L pruning set unimportant weights or activations to zero . introduce sparsity
optimization computation
lightweight  use efficient computation modules to compress reduce the number of parameters and .
. . increase the number of network layers
network the model's computation computation
convert convolution operations to frequency . . the effect is not obvious for small
FFT . o . reduce computational complexity .
domain multiplication operations convolutional kernels
convolution algorithm . convert convolution operations to . . . .
o Winograd . . reduce computational complexity high demand for storage bandwidth
optimization Winograd algorithm
convert convolution operations to matrix . . . . .
GEMM o easy to implement and increase versatility occupies additional storage resources
multiplication
loop unroll, swap, and block the six— fully utilize hardware resources for parallel  large design space requiring modeling
optimization level nested loops computing and analysis

. o optimize timing constraints to increase . .
hardware systolic array employ a deeply pipelined short data path . difficult to design
operating frequency

implementation — -
P fully on—chip, implement specific hardware modules for each . .
optimization . reduce off—chip data movement only suitable for small network models
mapping layer of the network

multi-layer  complete multi-layer convolution operations reduce off-chip data movement and .
. o . large design space
fusion within the FPGA increase data reuse

32 ETERRBIMEIRIRT

PLAE ) CNN Bk g8 53t b, 3 4 &l FPGA WP () DSP % IR HEAT e ik iz B, X A 4k 2 (LUT) W I IF R 784
FIH . fEEMEMgEH b, KRz B TRSGES, HFEELUTBURE K1) DSP e ik dm v i, nf
DAR R B2 i T B AROCR o (M2 45 F1 LUT 45 44 1 45 /5 45 FPGA Jin s 4 28 ) 28 32 03 7 07 1 JEL I, o] 88 oy 4 3
R 1 32 5 Bk A S 9 1 S B

3.3 MNERES FET R AR

M CNN B E BN BAE R T EE, A B 2300 e B 224 W 28 9 45 A1 55 [R) B foff FH CONINBE 428 o 38 28 A9 17 00, 3K A
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fitt o EUET, BF X 2 2% i 2 g W B R B ST AL D, AHAE B E CNN R R i, A DG B R o 2 A W I s
R

4 #ig
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J7 S TR E BUCR . FPGA I gs iy iz v nt & . PFE S CPU. GPU AR L B A, H A 1K ™ 0 44 4l 4n L
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