Robust Implicit Networks via Non-Euclidean Contractions
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Motivations Well-Posedness of INNs
Inspired by neuronal circuits, implicit neural networks feature improved accuracy, Key insight Numerical Experiments
improved input-output robustness, and reduced memory consumption [1,2] Fixed-point of Equilibrium point of Setup: INNs models: b — RelU
INNs generalize feedforward NNs to fully-connected synaptic matrices = O(Ax + Bu + b) z = —z+ $(Az + Bu +b) MON from _-1] with m = 0.05, MNIST INNs size: n = 100
- Z. | IDL from [2] with || Al|s < 0.95, CIFAR-10 INNs size: 81 channel
' =0(Aix' + Bu+b) < 1x=®Ar+ Bu+b), A upperdiag Fixed-point approach: ||A||, < 1 then the Picard iteration NEMON with v = 0.95 Attack: Projected Gradient Descent (PGD)
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INNs generalize weight-tied infinite-depth NNs converges to a unique fixed-point. 2: S )
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ritl — CID(AxZ + B + bi) — lim;_,, ' = z* solution to the INN _ . percentages In clean perrormance we observe improvements in robust accuracy
Neural ODE |nterpretat|0n 5 . Accuracy vs perturbation on CIFAR-10 images 08 Certified robustness vs perturbation on CIFAR-10 images
INNs are a special case of Neural ODE models (infinite time) x-average iteration corresponds to e 07- e
— forward Euler discretization of the o5 — won N N, Lip=5396.2
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T = —x + ®(Ax + Bu + b) > limy o0 2(f) = 27 solution to the INN u =t % — i Lin.. Certified adversarial robustness: training with A > 0 lead to a dramatic
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Challenges . .
Code: https://github.com/davydovalexander/Non-Euclidean_Mon_0p_Net
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Existence and uniqueness of a fixed-point

Efficient methods to compute the fixed-point
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