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Adaptive Activation Function Algorithm Based on Reparameterility

WU Xian, TAO Qingchuan
(College of Electronics and Information Engineering , Sichuan University, Chengdu 610065, China)

Abstract: The feature extraction capability of classic lightweight networks exhibits certain limitations. To address this, we investigate repa-
rameterizable adaptive activation functions and propose the RepAct activation function, which introduces negligible additional computational
cost during the inference stage. RepAct’s adaptive reparameterizable multi-branch structure leverages branch—specific weights to adaptively
learn diverse feature information, significantly enhancing the learning capacity of lightweight networks. RepAct demonstrates significant accu-
racy improvements for classification tasks across various classic lightweight CNN and ViT networks. For instance, on ImageNet100, the Top-1
accuracy of MobileNetV3—Small increases by 6.9%; on CIFAR100, the Top—1 accuracy improves by 5.71%, surpassing other mainstream ac-
tivation functions. Furthermore, Grad—CAM visualizations reveal the mechanism behind RepAct’'s enhancement of the network’s feature ex-
traction capabilities.
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Fig. 1 RepAct multi-branch training structure and single—branch inferring structure
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