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Inputs: Neural network f Output: if f(Z) C 9, Imprecision with |-ReLU relaxation Precise results with 2-RelLU k-ReLU parameter instantiation for kPoly
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N | 0 < xg < 2 6x100 feedforward 6 None
T4 = T1 — T2, zg = 0,z 2> x4, rg = xg + 1.5, r10 = X8, T3 + x4 < 2, =76 =

2-x5 +2-x —x3 — x4 < 2

_ . — < 2,
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Bounded input set Z Neural network f PEme st S 6x200 convolutiona 1,2 None
L3 T T4 S X onvolu :
Our k-RelLLU framework

- 2-ReLU vs |-RelLU in the output plane 9x200 convolutiona 1,810 None
1vel.:
4 ConvSmall convolutiona 3,604 None Adapt

Example nefworl.(s and inputs: Example safety properties: e n ReLU assignments yi:=ReLU(z;), z: € X, yi € V. | | o . 14688 < ‘
Image classification network f Robustness: ’ ’ : onvbig convolutiona ’ ]

Input Z based on changes to pixel intensity all inputs classity correctly Steps: CIFARIO ConvSmall convolutiona 4,852 6] Adapt
Input Z based on geometric: e.g., rotation Stability: 1. Compute a convex overapproximation S wrt Z of neuron values before the | ConvBig convolutiona 62.464 6] g

Speech recognition network f f(Z) within a specified tolerance ReLU assignments via M. R , .
: esNet residual 107,496 4] Adapt
Input Z based on added noise to audio signal ~ Equivalence: . Compute partition J of [n] where each J; € J contains k indices. — -
networks fi. f» prodiice same oubputs  All CNNs and ResNet on a 2.6 GHz |4 core Intel Xeon CPU E5-2690
Aircraft collision avoidance network f . For each J;, compute polyhedron Py reru ; where * All FNNs on a 3.3 GHz 10 core Intel i9-7900X Skylake CPU

Input Z based on input sensor values

e Py ReLu,i contains constraints over the neurons in X indexed by J; Certifying network robustness wrt L. -ball (1000 test images)
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