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Abstract: In order to meet the flexibility and efficiency requirement in convolutional neural network (CNN), an
architecture of re-configurable CNN based on software definition was proposed. In the architecture, the process of
CNN could be normalized and the operation mode could be accelerated. The calculation pipeline was implemented
by using dual bus architecture based on AHB and AXI protocols. By software definition, the proposed architecture,
which could realize the real-time processing of data among different CNN structure, was implemented on FPGA. The
result shows that at least 2 CNN models can be software defined on the FPGA circuit. The output measures an operation
processing capacity of 10 times that of CPU, and an operation energy consumption ratio of 2 times that of GPU.

Keywords: convolutional neural network, software definition, dynamic reconfiguration, FPGA, pipeline calculation, SoC

s HEA: 2020-09-22; 12EIBHA: 2020-12-14

BIEEE: A, Ipj@ndsc.com.cn

BEEWE: FEERHEANLH (20162X01012101)

Foundation Item: The National Science and Technology Major Project (20162X01012001)

WIS AR A, K, a5 BT E O] R S AR 28 I 48 5 e v (], P4 5 £ L 2 A AR,
2021, 7(3): 29-36.

LIPJ,ZHANG L, XIA Y F, et al. Architecture design of re-configurable convolutional neural network on software definition[J].
Chinese Journal of Network and Information Security, 2021, 7(3): 29-36



+30- P 2 1545 WL e A Uik

1 35l

WA TH N AR R, PP 2% AT A
IRBE 7 S HARNOHB = T kR . A
LML (CNN, convolutional neural network)
YEAZIE A SR, ARG T2 K0,
IFHOR 2 Y T BRI B il & A
E BTN

CNN il HEME . 2EEE. iLELL K&
WG RS, 4T CNN B B BUR 5 Tl
FEEHIAERBEH BRZIEE RS BUGE R
Hoxb 1 5 24 b BER A S4TSR I AR B
AlexNet B DL LeNet-5 #8 h B A, 0 i 34 n4s
RUZHE— DB % 05 %) VGG B E
T A NS R AR BT K RS R0 7 2,
TEPRUEJZ R A G — HLT R b, E— 200
T OBR S SR, R R AR S W
GoogleLetNet 5 8 MII8 i ¥ oA A R 4757
B, R A AR S i A e 5 SRR P 42,
e RIe HE S SR B, R IR R
RS T ONN S R B s DA
S S RIS SN ARIE, S8 CPU 5 GPU kLA
SEPL R AL AR BRAE 7, CNN S320s SEEHR I
IKER AL FRRRAEAT AISC 8t FPGA b {1 Hi i g 1
ST ) S0 A e 4 T ASIC L (R A
Pk gl b Al LA 5 e = BEVETCE AR ), HE DAY X
CNN St AR kU0 38 1Y) FPGA il
SCPL) CNN O HLER, AR AEOE AR TR R IR AR
B, SCHR[14]8 255 T FPGA 42 CNN ik
Jige, $ETT FPGA A et 5 MEAE_ERAT R,
{H FPGA v gtk | T n A, g E
R TG, MRARME LA AL CNN B S A gl 3
Bt kL,

A SC Ik B 9 A R D 48 1) B 5 R
R R SCH AR AN [F) B2 1 Js 1
SRR S, M R, R
E SRS B AT ek g SOk R 2%, ik T
— P T SCIR A AR AT 28 1Y) 6% ] H A FL i
[FJ A 2 0836 DMA = 25 S AN [R) 455 B (1)
TR TIT . AEORRE R Reis AL AR T T
N, BT A e B AN [R5 R 28 10 2%

i}

BRI (VPRI AL, T A B AR Y 2% R AT vy
SREM oK

2 RHEEXFEN CNN 54

AP 9L B R 61, CNIN S04 R 10y
BN, BB TSR R S LR T
SR UL ], SR 20 A R T8 B 25 1

BHR E B AR EGE ST, ARy 2K
R IE S, LI M [R5
L, S H BRI T B SRR, SR S
Ve

X®Y=ZZX@ﬁY@ﬂ (1)

WAL S SR AR BT, SEHLATARAE 35

PG, WD R B K A o b AT Y B4

RIS e KA A, IO AE [ e 5 1

BN (NxND) HEATHE V5 sk KA 5T
AR = 2) TR .

B KA AL
A% (i, j) = max [1 glmﬂ] @
)AL
x; G, j) = f[% z xil-l +bj.] 3)

P 2 e A (1 o, BB e
WA AE CNN A W0 R B s 4 12
PERE ReLU WU IE V)RR £ tanh, S JE sigmoid
BRECDL B R R Y, T S R A O R B
R R A AT SR R A, R
(Frdits R K 22 Kk 1 B

x1 BRHERKAR
Table 1 The typical formulas of activation functions
BREAA TR P ek B
2| 1E 2k 1k R £ ReLU ReLU(x) = max(0, x)

S JE sigmoid BAEL

sigmoid(x) = 1

XU IE D) e 5L tanh tanh(x) = e; - e:x
e +¢€
T e ={
X > s1gn =
7 S I R




%3

AN BT RE SR T T R R 2 AR BT +31-

IR E AL T CNN s A BEFS 73, dl 2
B Ak B IR AT 12N IE S B S MO PR AR R
SR R ) B 2 3 RARPE, T AL PRETRE 1 3(4)
Fs o

o
Nl

A2y =B" (j)+ ZB GO WGj) @)

JREAF) CNN SR A B R 5 SR 2 5
F AL, {2 CNN SRR A [ e, s 1
FT7R i) CNN ARBRAE, KxK KNSR
J& CNN 250, UARIDK S 5 v R
KB, SCIERR B, FHICE O R
R W AL 2, HE S ) T IR R E S B B
WA K AEERREE, SR ONN Jitk
WhHE . AERREORIACEE b, SR HAT [ E 1)is 5
i<W BURCE iy S/ VS R

xJ

MxN KijS/J\ Yk — ‘
%%é'*'ﬁﬁiﬁ_’wﬁ@ﬁ‘* Wiz [ EEER

—
<P xQ XK

K1 RN 2 A B
Figure I The process of CNN
A EERIS S CNN AR 24N ROk
AT, B S E B TR 5 —,
HISRERUKEAC B, KRRk
FHIRIRT AT AR, RSO A T3 E Ak
wert, Mg ERE, [FINJET AHB A AXI
MU LRI I FLR M 2%, T T e Sk Al
AT EE SBR[ (K e LK

3 HHENFER CNN BT

3.1 SRR

FRE bSO BB I AR 1K 43 BT, CNN
W I S RIS [, AR bR [
B g, B ESEE T ENER. A
L EBEITHBRZIT. BRI E DK, B
ROZE Al N RFERIEOR ST DL s 2 Y
SEDIRERFIE, AT HRE TR SCisE A ket

DU A i AR ARy, JH— R .2 Fh
CNN [f gk ghife, JLRARZ Ml 2 s,

Horp, #pEe SO EM) CNN SRR S 53
WISy BT AHB A1 AXT AR 2k 4844 F1 22
DMA 53 (W 50k H R 4% 5 BE T 500 A e M
28 FNERAT 52 SUST R A5 (0 B0 A 0 X 24 . 4k
CNN A B 0 1) 300 ok Ach B2 2% 4D A AP T s L5
LTI D9 265 4 0 R EICHTE < 480 ) 265 b 1R A X
SIATTEM, WAAAF CNN S RGN E .
FEAT 2 SCAR I SORL B IR M 2 Hp, 38 i v vk g
DMA 5itiH] DMA, ¥Eds 847 H AR RS —
YERFIE L S B AL SR ) — e B, o
ST S AR SO AT 0 X 4 5 T A R E A
A (R R A s SUBRIBER, S8 GRS ke
A PR B0 AT e 199 26 SR FH RS T % i 110 4 A8 4k &5
P, SEBUAT R A SR DL R S DMA ]
(R ECHE I ELIE . T AR, nT BUER AN ] 1
CNN HER a3, #Re SCERnt% h, BA
KO B A 8 AR TAERE R, AbFERS 3%
DMA HHTH RS, 2l 3k miE R,
SEPUIR B G R R AR B
3.2 REEXERIIT

XSGR W 5, LR EIs E R A
XL, FERTHE SRS W R .

(D) Feik: WA—4E SRR TRIZ &,
R0 5 b e LK R 746 1

(2) iy 8m: SEIERIE Bh R nis &,
AT LSt Ak I8 5 Al B

(3) bt —4ff ) S Lo 4 A da Bt
B ARSI ERAE, W] LSO eR Bt A R
FEAFALHE

(@) fEgeit: SREC—4E ) = P K /IME,
AT SEIL ReLU 307 eR 2081

(5) Bhir: kX s /et /a8, Sl
NEARI 2 RO Is 5, SEIMBAR4E8, 154
BRI

(6) mEEN: KAk EE G2
— %, SEMLmMESEE, H TR
TRENIEETT AR B

(7 ARG BRI, I AT
R EM —4eBdn v, S M SRk

(8) Hdli HLAM : KA P BAE A AT AT b 3,



©32- P 2 1545 WL e A 0T

SoCE4k (AX14)

R | R || R | S| | W | | W
DMA(| [DMAI| [DMA2 [DMA3 [DMA4 [DMA5

ik | | A
PMAG DMAT) | g | | i | | GEA | | g
DMAO| [DMA1| |[DMA2| [DMA3

B A48 0 4%
T T H S S g
BH B B e B B R ZE A9 AXI-Stream $: [
Bts0 || Bl | | Bb2 | [ Ben3 | | b4 | | BLS | | Bb6 | | b7
! I I AXI4$20
e y -
(AHB)

B2 Bpboe SCAT A CNN HLE 44

Figure 2 The architecture diagram of re-configurable CNN on software definition
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Figure 4 The topology of data switching network
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