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Analysis of On-line Learning with Weight Normalization in Single Layer Perceptron
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Weight normalization (WN), a newly developed optimization algorithm for neural networks by Salimans &
Kingma(2016), factorizes the weight vector of a neural network into a radial length and a direction vector, and the
factorized parameters follow their steepest gradient descent update. They report that WN realizes faster learning
speed than standard stochastic gradient descent (SGD) does in various tasks. However, it is theoretically obscure
why this method works well. In this research, we formulate on-line learning with WN in a statistical mechanical
fashion, and derive order parameters of the dynamics of learning. We show quantitatively that WN achieves fast
learning speed by automatically tuning the effective learning rate, and discuss its parameter dependency.
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