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Novel Normalization Algorithm for Training of Deep Neural Networks with Small Batch Sizes

WANG Yan WU Xiao-fu
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Abstract Batch Normalization (BN) algorithm has become a key ingredient of the standard toolkit for training deep
neural networks. BN normalizes the input with the mean and variance computed over batches to mitigate the possible
gradient explosion or disappearance during training of deep neural networks. However, the performance of BN algorithm
often degrades when it is applied to small batch sizes due to inaccurate estimates of mean and variance. Batch ReNor-
malization (BRN) normalizes the input with the values of exponentialmoving average (EMA) ,reducing the dependency
of the normalization algorithm on batches. This paper proposed a novel normalization algorithm with improved estimate
on the moving mean and varianceby changing the initial value of EMA and adding corrections to the estimates. The ex-
perimental results show that the proposed algorithm has better performance in convergence speed and accuracy than

both the standard BN and BRN algorithms.
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