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Abstract Top-% Sparsification Method with error compensation is one of the state-of-the-art technologies in the training of dis-
tributed deep neural networks(DNNs). This technique aims to reduce the amount of communication by dynamically transmitting
only parts of the gradients in each iteration, with the amount of transmitted gradients depending on the value of k. Although a
smaller £ can speed up training time,it may degrade the test accuracy,even with error compensation, known as the speed-accuracy
dilemma. Based on the observation that the increase speed of the training accuracy and test accuracy have a dynamic correlation
over time, this paper presents AdaTopK—an adaptive Top-k compressor with convergence guarantees. AdaTopK can dynamically

adjust the value of £ to accelerate the training speed while keeping or enhancing the test accuracy. Extensive experiments in the

static and dynamic network scenarios show that AdaTopK can reduce 29% training time over the baseline without compression,

while reducing 15% training time over DC2.
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Table 1 Test accuracy and speedup ratio of different DNN models at
k=100%,15% ,and 0. 1%
DNN models  £=1.00(100%) k=0.15(15%) £=0.001€0.1%)
ResNet18 87.428% (1.00) 88.309% (1.26) 86.039%(1.59)
VGG19 88.775%(1.00) 88.245%(1.25) 87.074%(1.62)
ResNet34 67.153%(1.00) 66.303%(1.26) 58.432% (1. 66)
ResNet50 63.525%(1.00) 63.862%(1.25) 54.247%(2.05)
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Fig. 1 Comparison of training accuracy and test accuracy for VGG-19

under different compression ratios on CIFAR-10 dataset
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