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Automatic Pipeline Parallel Training Framework for General-purpose Computing Devices

ZHONG Zhenyu, LIN Yongliang, WANG Haotian, LI Dongwen,SUN Yufei and ZHANG Yuzhi
College of Software, Nankai University, Tianjin 300350, China

Abstract Training large-scale neural networks usually exceeds the memory and computing capacity of a single computing node,
which requires distributed training using multiple nodes. Existing distributed deep learning frameworks are mainly designed for
specific hardware environments and cannot effectively adapt to various general-purpose computing devices. To support the effi-
cient training of large-scale deep neural networks, this paper implements a general-purpose automatic pipeline parallel distributed
training framework. This framework combines the model parallel strategy based on pipeline parallelism with the algorithm that
automatically splits the neural network model,and realizes the automatic parallelization and training of large-scale neural network
models and training data on general computer clusters,including the new generation of supercomputers in China,significantly re-
ducing the memory and computing pressure of a single computing node. The framework does not require manual adjustment,and
can automatically and efficiently deploy deep neural networks to multi-node distributed environments. It is not only suitable for
supercomputers and other high-performance computer clusters, but also can be deployed to other general distributed computing

environments, providing support for the automatic distributed training of large-scale neural networks.
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Fig. 4 Flow chart of distributed training
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Table 1 Parallel training time of CNN model

(s)
A AT k& o K #
Eilk 1 2K 24K 34 K

1 670. 25 608. 08 589.76
2 411.93 338. 44 334.52
3 241.91 234.05 231.09
4 183.48 184.11 186. 40
5 150.08 157.52 156. 86
6 125.93 135.25 138.91

BT A BEATAEAT I 47, IR & IR AT 09 U 2o 2 L 3% 2
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23 MR A1 B SR PN T A T 8 o PR o e b2 T A0
P FHAT RO T IE W A
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Table 2 Parallel training speedup ratio of CNN model

AR I AT KB K&
4 % 14K 2 K 3K
1 1.00 1.10 1.13
2 1.62 1.98 2.00
3 2.77 2.86 2.90
1 3.65 3.64 3.59
5 1. 46 4.25 1.27
6 5.32 4.95 4.82
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Table 3 Details of GPT model used in experiment

% H 4 ¥

7 & KN 13312
RN 34 1024
I 4 4 B 1024
BERE N LH 16
BEBAF K 128
BAERE D R ME 8
wHu KN 1024
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Table 4 GPT model training configuration

BRI AT WA & 1At E2- & % YR N
Eil o X 3 K4 S E KA
1 1 1 % 40M 4
1 4 4 % 160 M 4
4 1 4 # 40 M 16
4 25 100 %418 16
4 125 500 %4 5B 16
4 250 1000 #4108 16
4 2500 10000 #100B 16
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