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Introduction

1. Proposed by Ioffe and Szegedy (2015)

® Tries to solves an interval covariate shift problem

® Normalize values after linear transtormation but before activation for each neuron

® Introduce two more parameters to allow for heterogeneity



Forward propagation

1. For a mini-batch with m training examples, the forward propagation for the [th layer is
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3. After linear transformation, we consider the following new calculations:
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Forward propagation

1. Vectorization for the red calculations, but leave the blue parts alone
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Notice that the previous bias term b'¥ is useless for batch normalization
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Forward propagation for the red parts:
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\ dZWY is available
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Backpropagation:
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Remarks

1. Disadvantage

® Since we normalize “inputs” before activation, many different “inputs” may result in

same ‘“activations”

® Besides, batch normalization also introduces more model parameters



Remarks

1. Advantage

® Stablize forward propogation

® Stablize forward propogation

> The variance can be controlled by ~’s

® Higher learning rates

> Batch normalization can make loss and its gradients more smooth

® Regularization

> We injects noises from other training examples throught mean and variance

> Thus, batch normalization may improve the generality of the network



