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Bio-inspired Activation Function with Strong Anti-noise Ability

MAI Ying-chao CHEN Yun-hua ZHANG Ling

(School of Computers,Guangdong University of Technology,Guangzhou 5110006, China)

Abstract Although the artificial neural network is almost comparable to the human brain in image recognition, the acti-
vation functions such as RelLU and Softplus are only highly simplified and simulated for the output response characte-
ristics of biological neurons. There is still a huge gap between the artificial neural network and the human brain in many
aspects,such as noise resistance, uncertainty information processing and power consumption. In this paper,based on the
simulation experiments of biological neurons and their response characteristics,a strong anti-noise activation function
Rand Softplus with biological authenticity was constructed by defining and calculating parameters 7, which reflects the
randomness of each neuron. Finally,the activation function was applied to the depth residuals network and verified by
facial expression dataset. The results show that the recognition accuracy of the activation function proposed in this paper
is almost equal to the current mainstream activation function when there is no noise or a small amount of noise,and
when the input contains a large amount of noise.it shows good anti-noise performance.
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Table 2 Test of network anti-noise performance

Wi R o % % 7 % % E % % 7 %

" WOE 0) (0.01) (0.05) 0. 1) (0.15)

ReLU 0.9956 0.9934 0.9831 0.9689 0.7840

CK+ Softplus 0.9934 0.9956 0.9333 0.6929 0.5342

Rand Softplus 0.9956 0.9956 0.9934 0.9825 0.8718

ReLU 0.9252 0.9175 0.8755 0.6804 0.4315

KDEF Softplus 0.9036 0.8993 0.8442 0.4820 0.2504

Rand Softplus 0.9206 0.9184 0.9036 0.7077 0.6204

ReLU 0.9432 0.9452 0.9320 0.8805 0.8333

GENKI-4K Softplus 0.9360 0.946 3 0.9296 0.8854 0.8100

Rand Softplus 0.9440 0.9470 0.9360 0.9260 0.8970
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