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High efficient training method of MiniGo on large-scale

heterogeneous computing platform

LI Rongchun, HE Zhouyu™ , QIAO Peng, JIANG Jingfei, DOU Yong, LI Dongsheng
('National Key Laboratory of Parallel and Distributed Computing, National University of Defense Technology, Changsha 410073, China)

Abstract; An efficient multi-level parallel training method suitable for training MiniGo agents on large-scale heterogeneous computing

platforms was proposed, including task level parallelism between nodes, CPU-DSP ( central processing unit-digital signal process) heterogeneous

parallelism and DSP core parallelism. Efficient input/output deployment and eliminated the bottleneck of network communication were realized. A

heterogeneous computing memory management oriented to CPU-DSP shared memory structure was proposed to reduce the data handling between

heterogeneous devices. Shared memory programming optimization was realized, and the dense convolution calculation operator acceleration

optimization was realized by DSP. Results show that compared with 16 core CPU calculation, the maximum acceleration ratio of single core DSP

operator acceleration is 16.44. In this method, the scale of computing nodes is expanded from 1 067 to 4 139, the time required to reach the given

termination condition is reduced from 43. 02 h to 16. 05 h, and the expansion efficiency is 69. 1% . Evaluation shows that this method can realize

the efficient parallel training of MiniGo on large-scale heterogeneous computing platforms.

Keywords: MiniGo; large-scale heterogeneous computing platform; DSP
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the time consumption of each operator in

forward and backward calculation
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Tab.5 Comparison of operator optimization performance

K} " htkmr/ tifkls/
R S| JinsH b
1145 ms ms
conv3_initial 16.24 7.81 2.08
conv3_residual  60.27 7.26 8.30
i
?J convl_policy 2.68 2.10 1.28
THE
convl_value 2.52 2.01 1.25
BN + ReLU 16.06 21.32 0.75
conv3_initial 18.63 3.97 4.70
conv3_residual 218.36 13.28 16.44
K]
. convl_policy  32.85 11.20 2.93
K}
convl _value 36.07 11.05 3.27
BN + ReLU 26.52  40.64 0.65

3.2 BRHEURR

AR AR R 1 8, B 3R
IR BN R B B g FRAH IR 7 A R A (B
BIPEAS XS Ry B A B H bR i B, iy 1 O 55 H bR R
BRI AT 50% JE AR s Y 2RIt 0] o A8 3C
SR IEAT VRSN SR, B Is TR 10 000
oo TR UEBATH, MW 4G 1k 28Ok B [
— YNGR, EE AT T2 LR, Iy HR
5 & batchsize [# E H 96, Y415 S FE 43, H
IR BN 1024 P2 4 096, SAI %R
I ] B f B AR AN 3R 6 BT, B A 19 e KA
B8R, EARYEIG I, VIR [E] 0/ 1 067 35 53
YIZRmS ] 29 43.02 h,4 139 5 S 2RI E] 2y
16.05 h,

RO B ERET R B

Tab.6 Changes of overall training time with number of node
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number of training iterations
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