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Dynamic adaptive parallel acceleration method for
heterogeneous distributed machine learning

MA Xiang, SHEN Guowei, GUO Chun, CUI Yunhe, CHEN Yi
(College of Computer Science and Technology, Guizhou University, Guiyang 550025, China)

Abstract: Distributed machine learning has emerged as a common technique for training complex artificial intelligence
models due to its excellent parallelism capability. However, GPU upgrades are exceedingly fast, and distributed ma-
chine learning in a heterogeneous cluster environment is increasingly being adopted by data centers and research institu-
tions. The difference in training speed between heterogeneous nodes makes it difficult for existing parallel strategies to
balance the effects of synchronized waits and stale gradients, considerably reducing the model’s overall training effi-
ciency. To address this problem, a node state-based dynamic adaptive parallel strategy, namely, dynamic adaptive syn-
chronous parallel (DASP), is proposed using a parameter server to dynamically manage the state information of nodes
during training and to divide the parallel states of nodes. The parallel state of each node is adaptively adjusted by the
state information of the node to reduce the synchronization waiting time of fast nodes for global model parameters and
the generation of stale gradients, speeding up the convergence efficiency. Experimental results on publicly available
datasets show that DASP not only reduces the convergence time by 16.9%~82.1% compared to mainstream strategies
but also makes the training process more stable.

Keywords: heterogeneous clusters; machine learning; data parallel; distributed training; parameter servers; stragglers;
stale gradient; large-scale deep learning
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5) if v, = Vinin < S min then
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CPUALS  Intel(R) Xeon(R) Gold 5220 CPU @ 2.20 GHz

GPU%LE NVIDIA GeForce RTX 2080Ti

WA 256 GB

BIERS Ubuntu 18.04 x86_64

ERN IS Intel Corporation Ethernet Connection X722
CUDARRA CUDARA
PyTorchfiiAs 1.4.0

x2 BRURETRMIETRER
Table 2 Information on heterogeneous work nodes in a
heterogeneous environment
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WA 1 TB

BAERGE Ubuntu 18.04 x86_64
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Table 4 Average iteration completion time for different
parallel methods under homogeneous clusters
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Table 6 Convergence time of different parallel strategies
under homogeneous clusters

JFATRME LeNet-5/s  ResNet-18/h  VGG19 BN/h
BSP 60.45 4.98 13.80
ASP 62.93 5.86 11.59
SSP 61.23 4.76 10.62

DSSP 71.92 4.64 10.94
DASP 70.96 4.48 10.43

JFFTRME LeNet-5/ms  ResNet-18/s  VGG19 BN/s
BSP 77.11 3.70 4.99
ASP 62.93 0.99 2.87
SSP 65.21 1.68 3.28

DSSP 67.28 1.22 3.25
DASP 64.34 1.14 3.02

R SRUEBTARFITHEVWSEE
Table 7 Convergence time of different parallel strategies
under heterogeneous clusters

x5 RMEBTARFITHETHIEN TR E
Table 5 Average iteration completion time of different
parallel methods under heterogeneous clusters

JFATRME  LeNet-5/ms  ResNet-18/s VGG19 _BN/s
BSP 87.78 7.44 9.27
ASP 62.93 1.02 2.84
SSp 74.60 2.23 3.35
DSSP 73.26 1.35 3.21

DASP 70.96 1.33 3.11
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M- BN SRR 2 245K, 3k 6 53K 7 Pk,

JHATRME  LeNet-5/s  ResNet-18h  VGG19 BN/h
BSP 96.46 10.56 29.10
ASP 59.35 7.13 32.20
SSP 70.47 4.90 27.20
DSSP 64.35 4.71 24.89
DASP 58.56 4.10 22.60
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