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Multi-Slope Adaptive Convolutional Neural Network Activation Function
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Abstract: Aiming at the problem that the activation function in Convolutional Neural Networks can’t ef-
fectively provide a specific gradient response for pixels at different activation levels, an adaptive activation
function is designed, which is composed of multiple piecewise linear functions. Firstly, according to the
ranges of pixel activation value, multiple independent activation domains are adaptively generated, and
the union of each activation domain contains the activation values of all pixels in the activation map; then
a specific linear function is learned in each activation domain in order to provide a specific gradient re-
sponse for the pixels in the activation domain; finally taking the NIN and ResNetl8 as examples, on the
CIFAR-10 and CIFAR-100 dataset, the performance of the proposed activation function is verified. Ex-
perimental results show that, compared with the existing activation function, the activation function pro-
posed in this paper can provide a suitable gradient response for pixels with different activation levels, so

that the classification accuracies reach 87.96% and 69.01% on the NIN respectively. The accuracies

reach 88.56% and 73.54% on the ResNetl8, respectively.
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Fig.1 The feature map output by the third convolutional

layer of the NIN network and the activation map obtained

by the ReLLU function acting on the feature map
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Fig.2 The third convolutional layer feature map in the NIN
network uses ReLU and MReLU functions to obtain
corresponding activation maps. The distribution

statistics of activation values in activation maps.
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Fig.3 Various activation functions and their derivatives
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Tab.1 Comparisons between MReLU and common activation functions
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Tab.3 Classification accuracies with the NIN network
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Fig.5 Performance comparison of different intervals of

MReLU on the CIFAR-10 dataset in the ResNetl8 network
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Fig. 6  Performance comparison of different initial values of

MReLU on the CIFAR-10 dataset in the ResNetl8 network
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