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Abstract

Due to convolutional operations based on software-side convolutional neural networks, it is diffi-
cult to meet the computational performance and power consumption requirements of current
convolutional neural networks. In order to overcome the difficulties, this paper designs an asyn-
chronous convolution accelerating algorithm based on 4 x 4 convolutional kernel to accelerate the
convolutional neural network. Using Add Tree to implement multiplication and addition of kernel
matrix and pic matrix, a single Add Tree calculation unit is a 4 x 4 convolution kernel and the
same size image matrix data is multiplied and added to obtain an eigenvalue. Parallel computing
using multiple Add Tree can greatly increase the convolution calculation rate. The experimental
results show that the acceleration algorithm has the advantage of not being limited by the clock
frequency and can work at any clock frequency, and the calculation speed of a single computing
unit is also very fast. The time to calculate an eigenvalue is about 500 ns. Compared with the cal-
culation speed on the software side, it has increased by about 10 times.
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H T2 T BRSNS M4 SIS EE DI R A SRS ME T EH R S TRNER, AT
TAREXE, AL T —MET4 x 4B RSB INER SR B EN L ETINE. RAAdd
Tree IR KL P kernel 5 [ M pickE R IRNIZE, 141Add Treeitt BB TR 1M x 4B RB SHE
KA E B R R SR TR INE HAR B —AMHEE, RAZ/1NAdd Treef) 34718 7 T LKIEER
B EER, LRERRA, ZINEBEBEA A SRR R H R, WA TAEAE TR 4R T,
HEAMFE BTG ERERER 5 0R, E—MHEE R RIRAZES500 ns£4, AAX T34 KT
HERRFATI0FEE.
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1. 5|8

LAPIZE W 4% (Convolutional neural network, CNN)Z& —Fhii F N T HHZ 25 IR IR B HLAR 2% ST 51,
BT EFPIE A BB R B S R RS N, R PRI B RHIE R A RS, HOAUE L X 4 25 fef
ZHERUAT YA N 250, KORFEG T MESBIRI AR RE, b TRUEMEE . Rk, RSN
BN Z ARG AR AR B, T DU B R N B N N, IXFERLEE S T AR SRR E
ZR HUSAE S BN B s R AR [2]. IR, JEAESK CONN #4225 R 7e PR A3 1 SRR . AR
PERAERE /TG 2R . PRI L 37 55 0 e 5 A 6 e 42 5 AU L 219 BB R Z (R 1[4

CNN f)'5 FIHEZLH Caffe, Torch, Tensor Flow JULAMEZE . Caffe HEZL YR T Berkeley HIF i CV L EA,
¥ C++, python, matlab, Model Zoo F17# K Tl Rl FIAE R AF F[5]. Prototxt A2 F i 247 01 ki 22
F, & X7 CNN HIEH L5 1 Torch HEZLI /& Facebook H A FILE ML T H AL, i i) 30
A T, AR BW, torch & OB M 2 LLE T 5, W] LUBEIER B RNN;  fx )5 Tensor Flow fiE
B2 Google FIIRBES SIHELL, WIRALIRTTE, HARABERIFATHLF, EEIEREDR, W EATHMIRZ K
STHEZE,

FHT CNN F4pak o S, 3l A AL FE25 SEBL ONN AN 2%, At LR XM R TR oK . Bl 3T
FPGA, GPU £ % ASIC fIAN ] (I Id 45 4% AH 4k 32 th LA CNN 5P RE[6]. fEIX LT S, JE T FPGA
NIt T AP e RE, =R SRR AL R T E R R 1 5] VAR Z AL R 7], Hoh
FEFEHIE RO B ARG DL, 22 B e 2D U AR 9 Bt IO 3R AE T AN F 25 PRI b i) AR AR, 7EAE:
FITAESZTN, b B AR IR T B B, M 8] TAE AT EsLiad, AR ARK
LTE FPGA AH A B2 4 SR A 2G0T, PIFIAS R BRI TT R AT Re 22 A I8 90% It REZE 7o T A3R
IR P R B, R 2 245 [ B FPGA T 6 I 5 B PR AN A it 215 55 IO BR Al i o S Br L,
I S SRR O, Hob R A E 51 E FPGA T & N AA1 S ANILAC[8]. X EME H T2
TR BAE A A8 7 T R A R R R RE TR 20
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HAT%E: T FPGA () CNN SEIE IR 2 77 58, SCER[9]H R 2 T FPGA ] L & 1%, KR 92 T FPGA
M BHRFI 2, 5241 CNN B RATH A A i B ) 3 AR B eIk s B SR 10] 42 98 IR 40 8 7
T CNN #2228 S A%, 7] LA CPU(Xeon E5-4620)A1 GPU(K20M)+7> 2 —HITHIAR, 73 ilik £
CPU ) 117 fi5, GPU (1) 1.1 f5H1ERE. AT AR —N4518: B FGPA SRSEHL CNN B AR I 28 S AN
SEANATSEILY, T HLAR B AT R R i

MR Z T, 5T FPGA (50 CNN MSEIUt 5/ T, RSO RATHR H—Fh LT 4 x 4 BRI 7
ABEPFINEEE, ek R ENEEEEE bram RAFENAE ST, SR EEFE S 2R, it
bram KEHE 5 45 1H H H.C PE, PE FFUREHMTIHRINE S, 5515 2 PREEIR [F145 bram 1 ORAFREK; i@
T2 4 < 4 BRI B R R AT 2 [0 ) HATTHE,  ATTA BRHE RS s g 72

2. ERWMERLE

—NEFIPEE N 25 DL RPN B ;. B AZ (Convolution Layer), 4k JZ(Pooling Layer), 4=
4% )2 (Fully Connected Layer), 45125 2 %{(Loss Function). #Id &N 22 A,  SEHUGHE A 451 #2
A AL,

1) BRE: BRUZMEE TR AR . BRI LML P R)Z R S TE, F 258 o 84
BLR BRFAESREL, 17 751 )2 R R AR 2 I 0 B 38 1) — SR A1E [T B gk — P B RRAE SR L, 15 3R] T 5028
TAEMRHEE] . BN EREDESHE TSR, AChiEHE E R 4 < 4 BERZ, EidAE R
BARNZ TE O A RIRHE 52, HAREE XD Fs:

X :f{%g X/ +B’J )

2) Wifk )z Al Z SRR B PR, I8 IR R AN 4y B A X3, AR AN IR R, A
k> 7R, R 1S 2 B RFAE S DN BA . DL B A T A P Ak (Mean-Pooling), KAk
(Max-Pooling). Hithft. A X=X (2) i 7=:

O, = max (Ii-mH,j'”’*Y’k) *

0<x<m,0<y<m

3) EERR: EEEER -MRRNERE, 8EATHNORTZE. SEZENERE R, &
[ZNERZ, BREREAR R T RE BRI RN RHE B N8, B LIS R R e
Hdh RARFAE AT A S PR L R .

4) BURPRE: 10K RS BRI G FE b AN TR 23 o AEVIZRAGIERE P, I EEAE I 2% ) B
536 € B H AR Z R RRFE R RS, A S e S 500E, AR SR A W i 28, A6
ERAH, MRS IR AR E, RENE AP IO SE ST AR WP R B8 SoftMax #5325 iR 4K
AR IR B B B 41K PR A S, BEXTAN TR F AR AT 55 2 FH RIS TR R 453 2K pR 121

3. B 4 x4 ERHHIELR

AR T 4 x 4 BRI D ERINERE, HERMEM %R ERER S LkK, E3
FPGA ESCHL, 25 8 BIAE N H] i A G2 A VI ZR 4 (1) CNN B ER 2 RUBLAT o 501 & BT B AT, P
LA, 1RZ 1) FPGA N )y 2 i E AL BT 3R . [ AR AR, BRURIE G4 T CNN ALK
90%HI Tt SIS 18], FPGA LTS B Tr] LA BINAD RIS, KRBT I VBRI, B AA SO A%
J& CNN #2228 HEZL rp i [ A% 4 131 H S P B ARIZ B 14].
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3.1. ERHEESE

EF bram KFE T

ARRBT LD 4 x4 BRI T BT, ETUZ RN 4 4 click_control L, 4nf%
1 7w, ¥ datal-datal6 31X 16 MU 4> A% 4 41, RE2HA 4 N0, B4 b 198 DL R 47 1077 08 A\ 2 BRAM
W (RIRE IR AR —A data (32 7)), 2AJ5H 16 /> data Bdi A7

4 AFIBAE 32 % /Bl read address Jyfii thE R I Htik, kernel data BUEAE P25, pic_data HE
FOHERE B EAE, m, n 2 SAUEREFERAT BRI S, row R SATEARE 4740, cow o ST (1 7145k
25 2 R ECE FTE AT row FBIEL cow #ANZE T m, n (IR, $008 BT 7E S B0E S 34T —N I 1 19381E,
[F] I i Y kernel %5 AN pic HiFFERIEHE, read address S &5 FEAENECHE S B A bl s (R, W0 5 2 T O 1)
TIEL cow T n, FHEFTTERATECE SPAT— A0 1 #E. ASCRIBIET 4 x 4 BRI R0 G
Hkd, BeS R EER M IR AAEAERI bram T, SAESRMEIEE R TTEEL, BN K& bram
PRURSRBEAT A4, B3N 7 BRI A A, RIEEE A3 & BRI . B0 1 RACR AT
bram I35 BIEHI P .

Bk 1. T bram HiREHE

procedure bram(A, B, read address, kernel data, pic data)

Input: 4, B:
Output: read address, kernel data, pic data;
parameter: m— 0~1024; n— 0~1024;

0l: for(n=0; n<1024; n++)
02: for(m=0; m<3; m++) begin
03: iffrow/=m)
04:  iffcow != n)begin
05: cow ++;
06: Output: read address((row-1) *n + cow);
07: Output:  kernel data (4) ;
08: Output: pic data (B);
09: elserow ++;

10: return

11: end procedure

3.2. ERHEES

3.2.1. ERHEEE

N T REEEE T RN, BRUTEEE PE BIGE L Add Tree FIEABIT, WFEE W~ IE 2 B
/N, Add Tree B350 6 JZ: 1) B 16 N7 A BRIES K 2) B 8 MF S HUINESRMAEG 3) 4 /M7
EEOIE IR 4) B2 N ABUINE B, 5) B ANF S BUNERE G 6) B 1 MRS
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Figure 1. The overall block diagram
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Figure 2. Algorithm for convolution computation (PE)
2. ERUTEEA(PE)
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LHHE M 3.1 1 bram BHL A BB FALE PE b, i PR TE S E A o i

1) AP35 /7 4% DFF1 M DFF2 1, 47 0EFE5 click0 ZRIEHE, <= E—Milk(ES
fire0,fij fire0 7E1X HE>A DFF1 A1 DFF2 [ RE(5 5 4% i kernel HiFEFN pic iR BB 2EN BT — % A
HLIEH IO, SRR s BRIE R T AT B 45 2 kernel HEFEAN pic FFEH I MIRIZHE, FTAT
A 2 RAFAE ZF /74 DFF3 .,

2) MIEBEFES clickl PR, firel 1542577 5% DFF3 103k: 3515 2 45 B 207 S BUNEIZ E e
b, B SR BT - OIEIs L, KAS BI 45 AR AE S A7 45 DFF4 b,

3) MIBTE T click2 BRI, fire2 55|27 77 4% DFF4 ¥4 b — S0k 2845 30 i 45 Fa% 356 — i
EHEBICH T INEIE H

4) DA, MIBEFAE'5 click3 ISR, fire3 #7747 2% DFFS ¥ b — ik #5153 2 1) 45 JL ik 3l i
Ja — R InEIE R TR BT INEIZ 5. SRR B — A ME—(E, 2 4 x 4 [ kernel FEFERI—ANFIFER
/NI pic HE PR AT 21 25 2R

5) MR TAE S clickd TSR, fired #5427 77 2% DFF6 1445 3] 1) 5 28 45 1% 316 1 28 Mux T iFE47 M2k

6) MIEFIE5 clickS BIRET, fire5 ¥ HERE A Mux B G E M 45 B0 O E i

7) HUIBTE TS click6 BRI, fire6 154 2977 2% DFF7 %t IERA 1 .

3.2.2. MBEREERIT

K 3 w1 kernel 5B BEEHE TRAEAFHUAE bram FF (kernel 5555 RAFRE— IR, WAL A, 1 pic 58K %L
P TR E L KA e 2 kB . Frik, TRPERREETT L AL T LA
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Figure 3. The top convolution algorithm design

E 3. MEEREERIT
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4. FPGA BiE5{HH
4.1. SCIGIFER

RS SEES S F Xilinx 2 7] 1) Vivado #EAT BRI & 147 . . FPGA i H zynq7000 Z %1 AX7020 ¥ & AR -

INg S B BER n E] 4 s RGEH I CPU 71 31385 538 Sk F2 i 4 1) DL S B 1 A4 5. USB
& I /& FPGA 5 PC ¥jii host FIB S H21. THE T2 CNNIZH I, 58 MG B4 N 4 1T AL 4% L FE 1
TH5H . Block RAM HT-A#7800H 5 F (R 22 0 LA RBUE, LA JIg B Hh 1 45

B H BRI HIE /2 H PS 3 ff) CPU SREBHITE K, EMLe &N B G B Flis Han 4 . PL uifE4%
ZHAE, BHEEIZE RAM F, SR5H 6] ONN TS, 558 BUG B 45 JHR [0 45 PS Uit

TEH FE BT R B IR A BRE LT, AT RE K B8 AR FH 28 B e KAk, B 4 x 4 BRUZHT
BRI BHIR I | Frow, A RS HTE AX7020 FFAAR B RT BRI FH 2] 4 4> 4 < 4 B, TR 4 D406
WA TR, MTIA B A AT BRI

4.2. SEWER T

72 A T BAMEELE FPGA it 58— R332 45 RAHS[a], B DAfSE] 4 NT0Z B FE I a6 1HE
ANTRN AU S B S RE OIS (] — A, X FES KRR TH S AT B
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Figure 4. The experimental system diagram

Bl 4. L RGE

Table 1. Resource utilization of a single 4 x 4 convolution kernel on the FPGA

1. B4 x4 5T FPGA FHVEBRIERER

ek o I B EL 5%
Registers 4520 5
LUTs 9456 18
DSPs 36 16
Bram 8 6

Table 2. Calculated time
F< 2. ITERTE

R T — IR B [A]/ns
TEAERLERL 263
TR 415
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FEIR 5%

5. £5RIB

AR AR 2 I 2% v FR o RS R BE AN AR I R tH T — R T 4 > 4 BRI R B NI
B, SRHLE AR CPU inf 28 — MEFE KRGS, IZERIH RS S, iSSR0 E A
FRUE HE B B I ARG, 2S5, AP o M A e e B B 3 45 PE THERT, i R
TEREIBEAA R — DN RIS S, I RO 2 b ah v SRS Al s, DA, EETA
Bl A Eos ke, R A BOE SONEE kIR R BdiE . THE AN 4 < 4 BN 1 BRAM A5 1R
[ A 555 ns, AR (605 R EUAE 2% (4 B8] /2 235 ns, B8 (0 71 546 2% (RO 18] /2 320 nso SE36
GERRM, ZIEEE T LA SR s O .

E&WE
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