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T, 5530 BNN Hs B N IFAT FIARAE BT FAT 2 A IFAT 7 R RFRRLNL . Ak, S & 5 CDR 2549 (4 P RE AR 5, ¢
T % Ff CDR ARFREAIE , X I S5 e Tk . AFR AT S REIR [R) K 00 i T35 R 28, Al 3 o 80 42 7
FAMLE S B = SE RN IFATIH R ) B 2 FLIN R T2, LRSS R R 5T CDR 454419 BNN il 45 76
Xilinx #Y XC7Z020 it - b, AT 5280 0 300 T 90 IRl A i Jy 52 T HO50 28 B FILAE At o B, ELAS IR TDAE A, ELf e
BET & TR DR IR AT & .
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A Resource-Efficient Convolution Acceleration Method of
Binary Neural Network for FPGA

CHEN Siyuan, ZHOU Xiaobo, ZHANG Shilong

(School of Electronics and Information Engineering, Beijing Jiaotong University, Beijing 100044, China)

Abstract; To address the challenges of excessive resource demands and difficulty in meeting low-power
requirements in the embedded domain when field programmable gate array ( FPGA) are utilized to
accelerate convolution operations, a resource-efficient FPGA-based convolution acceleration method for
binary neural networks ( BNN) is proposed. First, the computational characteristics and resource
consumption patterns of various parallelization schemes during the forward inference process of the
convolution layer are systematically analyzed. Leveraging the low bit-width feature of BNN, a high-
dimensional data splicing and dimensionality reduction storage scheme is introduced. Subsequently, a
channel dimension reduction rotation cache ( CDR) structure tailored for BNN is proposed, aiming to
achieve the combined benefits of intra-convolution kernel parallelism and inter-feature map parallelism
with moderate cache bandwidth expansion. Furthermore, to fully exploit the performance advantages of
the CDR structure, a specialized CDR processing unit is designed, and the adder tree structure is
optimized. The processing unit supports flexible adjustment of different pipeline levels and can achieve

higher-level parallel computing capabilities through a repeated invocation mechanism, adapting to diverse
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system requirements. Experimental results demonstrate that the BNN accelerator based on the CDR

architecture achieves significantly superior computational density and storage density compared to existing

state-of-the-art solutions when deployed on the Xilinx XC7Z020 chip. It also exhibits low-power

characteristics and enables faster inference speed, making it well-suited for resource-and power-

constrained embedded platforms.

Key words: field programmable gate array; resource optimization; binary neural network; parallel

computation ; hardware acceleration
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2) Rotating_reg, Hi H, +1 > Rotating_buffer 21
B8, B~ Rotating_buffer IO 58K F, IR N W, Bl
%1 Rotating_buffer 7] 77 &4 A E AT 1 17
FROEEHE . A9% PE FFURTHERAT, 75 B8 IAHT 1 9 PE
C 2 RFIE B A 3E E 1Y HT H, AT 58 5 T4 Fin_
buf“ FEAEHE T J5 5 A X R B HET H, 1> Rotating _

buffer, B f& 51~ B 8 FE 0 9 H, A~ Rotating_buffer 1]
Feature_reg $&fit H, x F, NMFHIEEHE ; 5 0L R BT, 56
H, +1 178065 A% H, + 1 1> Rotating_buffer
o 24HT H, 1~ Rotating_buffer 15504 5¢ it 55,
%5 H, +1 1> Rotating_buffer H 50T ASEEE | 1L
S 1 Rotating_buffer FIHIEE A H, +2 T
P8, %5 2 255 H, +1 > Rotating_buffer [] Feature_reg
PEAURAE R . DL R HE IR IR R B H,
Rotating_buffer 7E 1] Feature_reg $2 44 | i 75—~
Rotating_buffe 2% 17 )\ Fin_buf [N % H 1080 , 24~
IRl Rotating_reg TENERS .
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PN ARIEAT 1| IREHE S AF 4 N AN T L EA%L,
HI N -1 IRAFAERT ST IR B [ T/N] -1, 5%
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8(K=3,N=2) 4(K=3,N=2) 2(K=3,N=2)
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LAAFHIINER T 2T 1 9% Fin_reg 454 b dEfT
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for(K, =0;K, <K, ;K, ++) // Loopl
for(F, =0;F <H;F, ++) // Loop2
for(F, =0;F, <W;F, ++) // Loop3

parallel |
for(F, =0;F, <F ;F, ++)
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fOI‘(KV =0;Kr <Hk;Kr ++)
fOI"(KC :O;KC <Wk;Kc ++)
sum[ F,1[K, (K] =F,[F,1[F, +K,]

[F +KIWIKILF K TR 5]

// Loop4

for(F, =0;F, <F ;F, ++) // Loop5
parallel |
for(K, =0;K, <H,;K, ++) // Loop6

for(K, =0;K, <W,;K, ++)

FulKI[FIIF.] + =sum[F,]1[K]
(K151
Hirp . Loopl 2R % FUE 8] (G #8428 5., Loop2 £ 7m
FREE NATIE 2 5, Loop3 % 7m R AIE BT 1N 51 416 21
IS TR 3 GRS R0 K A R s Tt
T AE BT R 38 2 15 R AT 58 B ; Loopd 11
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3.1 SRIGIE

ARG TE 4.7 GHz EW, 8 #% 16 LM Bide
R7-6800H &b B4 13+ 5 HLAE (17 5 3058, i
Python 3. 8 Fil Tensorflow 2. 3, F| ik B E X x5
AR W58 Bé ( MNIST, modified national institute of
standards and technology ) £ S XA AL EA T 25, IF
£ Zynq 549 FPGA “F- 5 LSRG [l R, 52
4 FPGA i 8 t5 24 XC77020-2CLG4001, i ]
Vivado 2018.3 T H i 45 JF & M 0jj 2, Zynq 2
Xilinx 24 ] T 2010 4 4 FHEHH A — 3R B ik
AEIR A UL RS Y S0 i1 51 5 . FPGA TE Zynqg
MR Sy XU % 0 E B R T 4 2 R L &R (ARM,
advanced risc machine) Cortex A9 &b B 2§ i T 14 15
AbIRES , EEHRTTR TR P28 R 2645 52 A
S ARE P s 158 IR 55, O3 3 R e Y ]
PR O (AXI, advanced extensible interface) /&l
X% ARM Cortex-A9 Ak FLER HEAT S )4 22 .
FE ], A Zyng -5 ) FPGA #55) RIVA] i e 12
#8 i (PL, programmable logic) , ARM #5453 B 4b # %
Z S50 (PS, processor system) .
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3PN,
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k)= 2 WK 2 x2, 5K 2
HA—1L)= 2 ik A Ak
ES(E | i 2T 40100
H—1L)= 3 fi i =tk
)R 2 AT 10

3.3 KIgHEE

T A 28 0 25 T ) B AS| E EAG8 SR S A
gy, FEBEERGE HEF AR i HI T
RIESHE FPGA V-5 MR, % CDR 45 i 7E PS
Ui 5E B, PE #845 7E PL ¥, SRS TRITANIE S P
N, EEA T PS wi ¥ T H o0  CDR 4544 F1 PL %
N AEER | PS A1 PL 22 1] H 4% il 50T 2 B Wtk
A5 AXT B2k P Ui B BUAT B4 % ( DDR,
double data rate) FEAfTE Hl oS L UBIE I AC H.

g
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| Femwre ey e || et |
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| Rotating_reg I‘ I CDRIE | #.50 |
ﬁ
| Fin_buf | | AL STH |
""""""" iAXIAXI$
| DDR3 | i |

o CDR_PE | | S5 thbuffer

: ¥ 0 g
L | i |——f i |

El5  fin R HH A

3.4 ZWHER

ZEH M A MNIST 0 304E |, PL 35 A1 PS % 1Y
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4 F/R, FPGA M RS HA W F S CPU - &
FHEEIFTCREAG, FPGA FE M 2 1 Ahnet )22 2 4k
FRES B33 A 0. 20 ms F1 0. 03 ms, CPU (1) &b # i}
[E]4 0.95 ms Fl 4.49 ms, Jl1 ¥ 43 51 K 3.8 Fil
148.7,

x4 FREFEMEEXTLL
FE O W% EE 1 EHE/ms INERE 2 BFE/ms
CPU 96. 99 0.95 4.49

FPGA 96. 99 0.20 0.03

Xilinx FPGA 1 3= % % J5 4 45 & $k 3% (LUT,
look-up table) filt& %% ( FF, flip-flop) \BRAM FI%{
H AL PRER (DSP, digital signal processor) %5, £8%F%
A RIS E A B I 1 ORI 2 2 % R A
DL 5 s Ao NN BRI A A e
®5 FPGA RFERER

iz LUT BRAM FF
TR AR 53200 140 106 400
S 2 1 355 (0.7%) 3(2.1%) 507 (0.5% )

MEZ2 1890 (3.6%) 6 (4.3%) 3154 (3.0%)

LUT FH T 55 8022 35 e % 19 A ZK eR&, 1T FF

TAEAHE AN AL e v, 6 v A RS AR R e A R
(T iz S 40 R XOR 32 4832 B30 R 7K gk s 45
P IEASEER A LUT A1 FF A WETR & R (R R
4% VLT AT G0 I8 47 b B DL T 550 B A v
71, BRAM RYBEIRMEHRAE 5% AT 8N4 AU 8
S DR TR 2 P RHE BEA TN R ) . LA
PRER A ARG RN X BNN 2EAT i, P e Je 20
ffi ] DSP BE

sk 6 R g HHAD FPGA i {445 BN d
TIERIILEL, ARGl AR R Y FPGA JF &R,
HAZATHE 143 MHz BB | 565 N A B S
TG 2% SCHR T 5 i) 1 26 25 4 A []
P 5| A 4580 T JE 45 /E £ (GOPS, giga operations
per second ) 1F A &858 0 W A B A o, BRIk A
FVE VAT A R 9 S 02 S sk 114
91 WA T W TR (B 1 k &R T
AT AFREEE (451 BRAM T 94 305 7)
FIREFE LU (B W T BYA 858 J0) SR IPAL M RE. A
o LA, BB I A B U Ty R
N 55.9 GOPS/KLUTs, 2.3 & T HoAt 3 Fh 5 58 774k
N 14.3 GOPS/BRAM, LA fift v ) AR TH T
29.1% ,

* 6 LSEHEM ik FPGA BEHEFRME T EXT L
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