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Abstract; To address the high communication overhead caused by global gradient parameter updates at aggregation
nodes in distributed data parallel training of deep neural network (DNN), a parallel optimization method of multi-
step delay parameter updates for deep neural network is proposed. Firstly, an adaptive multi-step update interval
selection strategy was designed. After completing multiple local iterative parameter updates, node gradients are
ageregated to update the global model parameters, reducing the excessive communication overhead caused by
frequent gradient aggregation. At the same time, to prevent the local model from deviating from the global model
after several local updates, a parameter correction strategy is proposed to ensure the accuracy of model training.
Secondly, during gradient aggregation, the gradient tensor is split into several sub-tensors. By combining sub-tensor
priority scheduling, communication and computation during gradient aggregation are maximally overlapped, further
accelerating the model training process. Finally, on the CIFAR-100 and ImageNet-mini datasets, the proposed
method is compared with SSGD, Local SGD training methods. Results show that the proposed method can
significantly reduce communication overhead due to parameter updating on the basis of ensuring model training
accuracy. It can maximize the overlap of communication and computing, and make full use of computing resources
to improve the speed of parallel training. The results of this study can provide a new resolution to reduce
communication costs in the distributed training process of deep neural network.
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Fig. 1 Overall training framework of multi-step delayed parameter update
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Fig.2 Illustration of parameter correction
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Tab.1 Software and hardware environment configuration
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Tab.2 Comparison of final training accuracy, training loss and training time among different methods

R Yy TN G BE AN GAR YIFERT/s
SSGD(H=1) 0.868 8 0.114 1 5231
Local SGD(H =8) 0.857 2 0.136 8 1726
VGG19 Local SGD(H =16) 0.846 1 0.188 4 1522
AT (A EBIE) 0.856 4 0.162 2 1304
AR (FIBIE) 0.865 1 0.126 1 1311
SSGD(H=1) 0.753 1 1.1722 40 219
Local SGD(H =8) 0.7417 1.214 4 17 015
ResNet-50 Local SGD(H =16) 0.734 2 1.243 7 16 509
AT (ANFIEIE) 0.742 2 1.217 0 15 754
AR (FEIE) 0.749 5 1.191 0 15 761
SSGD(H=1) 0.7122 1.0216 2237
Local SGD(H =8) 0.694 4 1.051 5 1721
ResNet-20 Local SGD(H =16) 0.686 3 1.118 3 1 409
ARITT(AFIBIE) 0.701 8 1.064 6 1334
AR (FIBIE) 0.707 2 1.0318 1339
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