Smoothed Geometry for Robust Attribution
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Explainability for Deep Neural Network
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© GEOMETRY & ATTRIBUTION © WHY Smooth Gradient is ROBUST?
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Gradient with standard deviation o is A-globally robust whereA <= oF/0°

e LEARNING from SMOOTHED GEOMETRY *the smoothed decision boundary is also discussed in [Cohen et al. 2019]

- Towards robust attribution as towards

smoothed geometry Smooth Surface Regularization (SSR)

r ~ f ~ s ~ Penalizing the largest eigen-values of the Hessian of the loss w.r.t. the input during training
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