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LoReSIO.jl: Local Reduction for
Semi-Infinite Optimization
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Subject to:

e System dynamics: f(-)=0
* Inequality constraints: g(-) <0
h(-) =0

* Measurements
N

~N"

Semi-infinite program
Imperial College London



What is Semi-Infinite Programming?
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Min-Max problems are Semi-Infinite Programs
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Why Robust Control?

* For many applications, overall performance
is secondary to constraint satisfaction.

* While obtaining a distribution for the
uncertainties affecting a system can be
difficult in practice, bounds are generally
much simpler to determine.

* Robust control ensures that constraints are
satisfied while the uncertainties remain
within the prescribed bounds.
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Solving Semi-Infinite Programs

e Global methods

 Random sampling

e Scenario trees

Cost 4
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Local Reduction: Algorithm Description

Find worst scenarios for

the uncertainties

min f(z) |

e gl =0 e o constraint set
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Update decision variables

for the new scenario set
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Local Reduction: Advantages

Reduce the overall number of scenarios
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ldentify non-boundary extremes

Cost
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Julia Implementation

LoReSIOProblem ParamDomain <: LoReSIODiscVariableDomain

objective: :LoReSIOObjective sl T

u_vars: :Vector{LoReSIODiscVariableDomain
w_vars: :Vector{AugmentedDomain
z_vars::Vector{EqualityDomain

s_vars: :Vector{LoReSIODiscVariableDomain
ineqgs: :Vector{LoReSIOConstraints

opts: :LoReSIOProblemOptions UncertConstraint <: LoReSIOConstraints
info: :LoReSIOProblemInfo nconstr::Int

transcription: :LoReSIOProblemTranscription constr!::Vector{Function

lims: :Array{Real,2
eqs::VariableConstraints
inegs::VariableConstraints

Imperial College London Jad Wehbeh and Eric C. Kerrigan 7 18/07/2024



JUMP Underbelly

Objective
Type

Variable Problem JuMP
Domains Description Transcription

Constraint Scenario Solution
Types Method Method

LoReSIOProblemTranscription
min_model: :Model
max_models: :Vector{Union{Model, LoReSIOProblemTranscription
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Results: Robust Obstacle Avoidance

System Description
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Implementation Results (29 Scenario Termination)
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Results: Robust Output Feedback

System Description
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Implementation Results (50 Scenario Cap)

Open-Loop Performance
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Optimized Performance
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Questions?

References:

* Blankenship, J.W. and Falk, J.E., 1976. Infinitely constrained optimization problems. Journal of
Optimization Theory and Applications, 19, pp.261-281.

e Zagorowska, M., Falugi, P., O'Dwyer, E. and Kerrigan, E.C., 2024. Automatic scenario generation
for efficient solution of robust optimal control problems. International Journal of Robust and
Nonlinear Control, 34(2), pp.1370-1396.

 Wehbeh, J. and Kerrigan, E.C., 2024. Semi-Infinite Programs for Robust Control and Optimization:
Efficient Solutions and Extensions to Existence Constraints. arXiv preprint arXiv:2404.05635.

Email: jad.wehbeh22@imperial.ac.uk

Imperial College London



	Slide 1: LoReSIO.jl: Local Reduction for  Semi-Infinite Optimization
	Slide 2: What is Semi-Infinite Programming?
	Slide 3: Why Robust Control?
	Slide 4: Solving Semi-Infinite Programs
	Slide 5: Local Reduction: Algorithm Description 
	Slide 6: Local Reduction: Advantages
	Slide 7: Julia Implementation
	Slide 8: JuMP Underbelly
	Slide 9: Results: Robust Obstacle Avoidance
	Slide 10: Results: Robust Output Feedback
	Slide 11: Questions?

