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Accuracy-Aware Sparse Gradient Fusion Algorithm
for Data-Parallel Deep Learning
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Abstract: Aiming at the problem of the performance bottleneck caused by gradient synchronization in
data-parallel deep learning tasks, we proposed a dynamic sparse gradient fusion algorithm. The
algorithm synergistically modelled gradient compression, pipeine techniques, and tensor fusion
technology to establish a theoretical model of the impact of sparse gradient fusion behavior on
accuracy. Based on this, the gradient fusion scheme was found to accelerate gradient synchronization
while improving validation accuracy, so as to solve the problem of unstable validation accuracy caused
by sparse gradient fusion. Experimental results show that the sparse gradient fusion algorithm
reduces communication time by 1. 63 times compared to layer-wise sparsification method, and reduces
convergence time by 2. 68 times compared to existing sparse gradient fusion algorithms.
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Fig. 1 Pipeline execution process of reverse computation tasks and communication tasks
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Table 1 Comparison of average iteration execution time for 1 000 iterations of different algorithms S
o ik
P-SGD Rand K-SGD LAGS-SGD MGS-SGD SEAMGS-SGD
VGG16 0.525 0. 301 0.402 0.375 0.276
ResNet20 0.084 0.070 0.075 0.069 0. 060
ResNet56 0.199 0.158 0.179 0.173 0.131
ResNet110 0.344 0.264 0.299 0.268 0.210
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Fig. 2 Comparison results of test accuracy of different algorithms on different networks
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