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Hierarchical pruning rate method based on model performance correlation
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Abstract; The current pruning method for processing the neural network layer with uneven distribution of information with dif-
ferent pruning rates is inadequate. Therefore, a method of pruning different amounts of different network layers was proposed.
The layers of the neural network model that have been pruned layer by layer was recovered, and the correlation between each
layer and the model performance was got. The neural network layer was classified. Neural networks of different classes were ca-
librated with different pruning rates. Combining the FPGM pruning method with experiments on the cifar10 data set, the results
show that, under the condition that the overall pruning calculation amount remains unchanged, and using the method of different
levels and different pruning amounts, the model performance loss is less. The model can be pruned with a higher pruning amount
under the condition of acceptable model performance loss
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