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Comparisons

eTest accuracy on clean data (FMNIST)

« We introduce a new mechanism for probing deep learning
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*in-NINR indicates connecting a NIN only at the input, while full-NINR indicates connecting

Red indicates input data corruption, gray indicates adversarial attacks a NIN at every layer

e Training with NINs results in an implicit regularization

scheme: Noise Injection Node Regularization (NINR). e Implicit regularization can be seen by expanding the noisy average

e As expected, training with simple corrupted inputs lead to degradation
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