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method for convolutional neural network
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Abstract: To solve the problem that that no dataset is available for model quantization in data-sensitive scenarios, a mod-
el quantization method without using data sets was proposed. Firstly, according to the parameters of batch normalized
layer and the distribution characteristics of image data, the simulated input data was obtained by error minimization me-
thod. Then, by studying the characteristics of data rounding, a factor dynamic rounding method based on loss minimiza-
tion was proposed. Through quantitative experiments on classification models such as GhostNet and target detection
models such as M2Det, the effectiveness of the proposed quantification method for image classification and target detec-
tion models was verified. The experimental results show that the proposed quantization method can reduce the model size
by about 75%, effectively reduce the power loss and improve the computing efficiency while basically maintaining the
accuracy of the original model.
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