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Abstract In this paper, we propose a method for the random selection of pooling operations for the regularization
and reduction of cross validation in convolutional neural networks. The pooling operation in convolutional neural
networks is used to reduce the size of the feature map and for its shift invariant properties. In the existing pooling
method, one pooling operation is applied in each pooling layer. Because this method fixes the convolution network,
the network suffers from overfitting, which means that it excessively fits the models to the training samples. In
addition, to find the best combination of pooling operations to maximize the performance, cross validation must be
performed. To solve these problems, we introduce the probability concept into the pooling layers. The proposed
method does not select one pooling operation in each pooling layer. Instead, we randomly select one pooling operation
among multiple pooling operations in each pooling region during training, and for testing purposes, we use
probabilistic weighting to produce the expected output. The proposed method can be seen as a technique in which
many networks are approximately averaged using a different pooling operation in each pooling region. Therefore, this
method avoids the overfitting problem, as well as reducing the amount of cross validation. The experimental results
show that the proposed method can achieve better generalization performance and reduce the need for cross validation.
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Fig. 1. Dropout and dropconnect
(a) dropout, (b) dropconnect
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Table 4. CIFARIO classification performance for second
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