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A Verification Method on Post-Pruning Generalization Ability
of Neural Nétwork Model

LIU Chongyang,LIU Qinrang
(China National Digital Switching System Engineering and Technological R&D Center ;Zhengzhou 450002 , China)

[ Abstract] To address the/over-fittingsproblem caused by the down-regulation of | the Dropout rate in the pruning
operation of the neural networK /model, a verification method for the generalization ability’ of the pruning model is
proposed. By artificially occluding«the dataset to simulate the change of the image range, the effects of different Dropout
values and pruning ratiosson the accuracy of the model are analyzed,and the reasons for the change of the generalization
ability of the model after pruning operation are obtained. Experiments on the eonvolutional neural network model lenet-5
show that the generalization ability of the pruning model is weakened becauserof the drop of the Dropout rate and the
change of the parameter amount during the pruning operation.
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