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Cutting Plane Algorithm

Most violated constraint from Conv(o (Wix,_1 + by) , 11, iz
at any point found in linear-time.

iteratively

Off-the-shelf LP solvers scale poorly with NN size.
[Bunel et al., 2020]

[Anderson et al., 2020]
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An efficient solver for the tight relaxation needs:

2. sparsity

Selection criterion for active set 5?

max {min [,B(X,z,a}

xi_1[1] (a,88)=0 | (x,2)eD




An Efficient Customised Solver

An efficient solver for the tight relaxation needs:

3. tightness




An Efficient Customised Solver

An efficient solver for the tight relaxation needs:

3. tightness

e Start from Planet dual;



An Efficient Customised Solver

An efficient solver for the tight relaxation needs:

3. tightness
e Start from Planet dual;

e Take a fixed number of supergradient steps;



An Efficient Customised Solver

An efficient solver for the tight relaxation needs:

3. tightness

e Start from Planet dual;
¢ Take a fixed number of supergradient steps;

¢ Add most violated constraint at primal minimiser.



An Efficient Customised Solver

An efficient solver for the tight relaxation needs:

3. tightness

e Start from Planet dual;
e Take a fixed number of supergradient steps;

¢ Add most violated constraint at primal minimiser.

== xp_1[0]



An Efficient Customised Solver

An efficient solver for the tight relaxation needs:

3. tightness

e Start from Planet dual;
e Take a fixed number of supergradient steps;

¢ Add most violated constraint at primal minimiser.

== xp_1[0]



An Efficient Customised Solver

An efficient solver for the tight relaxation needs:

3. tightness

e Start from Planet dual;
e Take a fixed number of supergradient steps;

¢ Add most violated constraint at primal minimiser.

Xk_l[l]

== xp_1[0]




An Efficient Customised Solver

An efficient solver for the tight relaxation needs:

Active Set

3. tightness

e Start from Planet dual;
e Take a fixed number of supergradient steps;

¢ Add most violated constraint at primal minimiser.

Xk_l[l]

== xp_1[0]
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Experiments: Baselines

« BDD+: Efficient dual solver for Planet relaxation from
previous work.

- Gurobi: Primal cutting plane algorithm with one cut.

[Bunel et al., 2020, Anderson et al., 2020]



Incomplete Verification

Robustness margin for CIFAR-10, SGD-trained convolutional
network with ~6k neurons.
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Follow-up work: more memory efficient solver.
[arXiv: Scaling the Convex Barrier with Sparse Dual Algorithms]



