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NP-HARD

Neural Network Verification

Neural networks lack robustness (adversarial examples).
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Convex Barrier

[Salman et al., 2019]
Figures modified from [Anderson et al., 2020]
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<latexit sha1_base64="ScoXwRnQ2Yi+/a5+f5+DqIU0G0E="></latexit>

xk´1r1s

xk´1r0s

xkr0s

<latexit sha1_base64="k0TGA4HdS6RX7ALS7fflY8uWrjQ="></latexit>

Ak



Exponentially many constraints.
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Off-the-shelf LP solvers scale poorly with NN size. 
                                                                  [Bunel et al., 2020]
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1. anytime property

An efficient solver for the tight relaxation needs:

Exponentially many variables.

An Efficient Customised Solver
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An Efficient Customised Solver

An efficient solver for the tight relaxation needs:

Selection criterion for active set    ?
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• Gurobi: Primal cutting plane algorithm with one cut.
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Customised dual solver for tight ReLU relaxation: a new 
convex barrier?

Follow-up work: more memory efficient solver.  
    [arXiv: Scaling the Convex Barrier with Sparse Dual Algorithms]

Conclusions


