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A regularization strategy combining Dropblock and Dropout

Hu Hui,Si Fengyang,Zeng Chen,Shu Wenlu

(School of Information Engineering, East China Jiaotong University, Nanchang 330013, China)

Abstract : In order to enchance the convergence rate and robustness of classification networks, a new regularization strat-
egy is proposed. The Dropblock algorithm and Dropout algorithm are combined to regularize outputs of the shallow, middle and
deep layers in a convolutional classification network. The Dropblock can implement regularization by hiding part of feature maps
of convolution layers, the Dropout can implement regularization by hiding part of weight parameters of fully connected layers.
Therefore, a whole convolutional classification network can be regularized. Training and testing experiments were conducted
through the dataset provided by the Kaggle dogs vs cats classification competition. It shows that the new regularization strategy
can effectively enhance the convergence rate and robustness of classification networks. In addition, the regularization strategy
can effectively improve the classification accuracy of deep convolutional classification network.

Keywords: regularization; Dropout; Dropblock ; convergence speed; stability
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