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[ Abstract] Most of the existing structural pruning algorithms are based‘on the first-order or zero-order information of
Deep Neural Network (DNN).To use the second-order information of the networks for speeding up the convergence of
DNN models, this paper proposes a new structural pruning algorithm based on the idea of the HAWQ algorithm. The
proposed algorithm applies the power iteration method to gét the max eigenvector of the Hessian matrix that is subject to
the classification pre-trained network parameters. Then the ebtained eigenvector is used to determine the importance of
network channels and prune the channels. The pfuned network parameters are slightly adjusted to improve the
performance of DNN.Experimental results demonstrate that the proposed algorithm increases the classification accuracy
by 0.74% when the number of network pardmeters is reduced by 29.9% and Floating-point Operations Per Second
(FLOPS) by 34.6% , outperforming PF, LCCL and other classical pruning algorithms.
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Table 1 Comparison results of five pruning algorithms on Cifar10 dataset
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Table 2 Comparison results of two hard pruning algorithms on Cifar100 dataset
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