*Convolution is a type of dot product.
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*Convolution is a type of dot product.
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Comparison on a simple fully-connected neural architecture




Experiments on a more complex architecture
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With AR: The learning is faster and more stable than just using BN.

The best results were obtained by combining BN + AR.



Layer index
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[Without BatchNorm]: Log10 of median of gradients - Activation: sigmoid - Dataset: cifarl0

Model Vanilla Model AutoRot - L_type: auto_indep - L_value: normal
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[With BatchNorm]: Log10 of median of gradients - Activation: sigmoid - Dataset: cifarl0
Model Vanilla Model AutoRot - L_type: auto_indep - L_value: normal
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With AR: we obtain more stable and uniform gradients.

The best results were obtained by combining BN + AR.
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