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(i, ] ) We compare 3-layer MNIST CNNs and 4-layer CIFAR-10 CNNs trained and certified with our framework

with those in DeepG (Balunovic et al.,, 2019), the SOTA for deterministic geometric certified robustness.
To compute the value of each pixel in * denotes DeepG results over 100 test images (since it takes too long to run on the full test set).
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clean / 12.7% certified accuracy on CNN7 and 27.8% clean / 15.9% certified accuracy on WideResNet.

Geometric Provable Defense Formulation

Geometric Certification Requires Splitting Udacity Self-Driving

Existing formulations [worst-case loss over entire perturbation region]
2(f (%), y) where fy = fyand Vj # y. f] = ]T]

Our formulation [worst-case loss over small, sampled regions]
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_ s g To enforce robustness to P across entire parameter range 6 = [Q, 5]: ‘ under rotation of +2
xXx =Pl(x,6
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