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Abstract This paper presents an optimal pipeline processing method based on multi-FPGA (field
programmable gate array) heterogeneous platform. Firstly, the task is divided according to the dichotomy
scheme, so that the task quantity can be deployed in each FPGA unit as evenly as possible. And the balance
degree of board-level pipeline can be improved. Secondly, the optimization of pipeline structure is applied for
the inter-board transmission delay. While the inter-board delay is large, the inter-board delay can be taken as
one stage of the pipeline to improve the throughput of the platform. Finally, the computing unit is optimized
in parallel, and the FPGA resources are fully utilized by means of data relation rearrangement, loop unroll
and loop pipeline, etc. As the result, throughput and energy efficiency of the data processing system can be
improved. The AlexNet was used for the experiment to verify the effectiveness of the proposed method.
Experimental results showed that, compared with original pipeline structure, throughput of the optimized

pipeline structure can be improved by 215.6%, the energy efficiency can be increased by 105.5%, and the

running time of a single task can be reduced by 36.6%.
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Fig.2 Schematic diagram of task dichotomy iteration method
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for(to=0;to<M;to+=Tm){
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for(i=0;i<K;i++){
for(j=0;j<K;j++){
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#pragma HLS RESOURCE variable=weight core=RAM_T2P_BRAM
for(to=0;to<M;to+=Tm){
for(row=0;row<R;row+=Tr){
for(col=0;col<C;col+=Tc){
for(ti=0;ti<N;ti+=Tn){

for(i=0;i<K;i++){
for(j7=0;j<K:j++){
for(trr=row;trr<min(row+Tr,R);trr++){
for(tcc=col;tcc<min(col+Tc,C);tcc++){
#pragma HLS PIPELINE
for(too=to;too<min(to+Tm,M);too++){
#pragma HLS UNROLL
for(tii=ti;tii<min(ti+Tn,N);tii++) {
#pragma HLS UNROLL
MAC: output_fm[too][trr][tcc]+=
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Fig.4 The convolution computation code before and after optimization
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Fig. 5 The hardware framework diagram after code optimization and synthesis
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SRR AR S IMEE M TR, R, £2
FPGA FH°F & M /KL LR F, XK EH A
BT IR A5 Z R G577 . Zhang 25 5%
FPGA 4T 55 K1) 43 in] 0 _E 2t e i 23 R AL B
VOER f /MU 952878, IHEIR 24BN O (m* X K)
(m NTAES IR, K N FPGA &), (HiZ)7
I BT AR AL S ZER RS . Liang 4™
B XE 2% FPGA it 7K 26 [l 4 i (] RSB AR AL I
IKE T8, ARAEAT 55 R 5 J5 AT A% 42 0732,
HAE TS BT HATIRAL A o 5l X R .

5 FiRZ FPGA R &K T AH L,
AL A 55 R 2 B AR 1 i 2R KAk )
ISR AR S HERE, BRI OL T I (A B2 4 BEACR
O (K/2 X 1logym) o AEFXTAR (A8 A5 R AL T
WK AR, T HAERAN WL TIEHR KL,
FREEAR O R EHEAR M RN, AR
G A H BRAM, feZAERTE], 25 (8] 77 H 2 &
Tt E R

6 % 1

AR —FIET L FPGA FH T 6 /K



T 2 I AT IR FE T TRES AT B K Z BRI TTE 91

RFEARMAC T OB BARAT SRS =itk
RIEGHLRNYEE T % FPGA 1, %5k 2l
P, TR T AN TR R 2wk, 83T EL
IRKERST, $em 7 Arnkae, @FE TR iR
MR ALK R G5 M, BB T P RR IR K £ 45 i Ak
BN, H AR AR A ZE IR AE K & —
A IiE & TR @HATRA T B o
B, BFREEHRGE R IR ITAVE FH KR
FR, AR & T ek S s T ARt .
AlexNet [SLIG & REH, S5L5 LML,
AILTEEM RS T 215.6%, RERLLIEmE T
105.5%, HIRAEFKIBITHIANRD T 36.6%. KK
Wt BRI IEAERE— P AT, dn 0 SR
PR, [FNCRHAE 20BN %G
BEATHRAL .
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