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WHAT IS INFINITE-DIMENSIONAL OPTIMIZATION?

= Variables and/or constraints indexed over continuous domains

A

Time Uncertainty
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B
SOLUTION VIA TRANSFORMATION

= Direct Transcription }
. A y
Project onto set of { ,
finite points D ! n
756 : y(d)
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= Alternative Methods

Project onto set of 4
known basis functions

y(@) = > Giei(d) K -
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APPLICATIONS

Dynamic Optimization
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o' InfiniteOpt

Unifying Abstraction Compact and Performant Modeling
. Oy, (t, €
Captures wide envelope of problems wét )= a6, )~ -
. Ee [y.(t,€)] > a
= Automates transformations U (0) + 2 =

Inspires new modeling approaches

Accelerated Solutions
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@constraint(m, d(yb, t) == 2yb”"2 + ya -
@constraint(m, E(yc, &) 2 a)
@constraint(m, ya(@) + z[2] == B)

z[1])

Extensive Documentation
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B
WHAT ABOUT OTHER TOOLS?

3 InflnlteOpt
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INSPIRING NEW MODELING OBJECTS

Event Constraints Risk-Inspired

Measures

The State of InfiniteOpt.jl

Random Field
Optimization
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Infinite-Dimensional
ML Surrogates
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DEVELOPMENT HISTORY

Nomenclature InfiniteOpt
Refactor Organization —_—

Significant
Refactorl —eiien

olvers

Restriction
Refactor

|
' !
2019 2020 2021 2053
_ Functions |

Transformation Infinite Parameter

Refactor

Macro Refactor

Restructure
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WHAT'S NEW WITH VERSION 0.6?

Breaking changes

 wrexpr is dropped in favor of Jwee.GenerickonlinesrExpr
been replaced with Juee
been discontinued
« Optimizer model AP| has been replaced with the more general transformation backend APL. For modelling, the syntax is largely the same, but accessing methods
like optiizer_model_varisble ha anged to transformation_variable . The okd API i still supported via deprecation and users are encouraged to run

= Extensive features/changes over past 3 years s

Please see the constraint guide in the documentation for deta
o start_value function and set_start_value_function have been dropped in favor of Juw.start_value and Jue.set_start_value
. o « Semi-infinite variables have been refactored internally to behave more consistently with point variables. The user APt remains the same, though bounds and start
values can now be specified
jerwrites that of the infinite vaniable. Semi-infinite and point variables defined functionally only modify info if specified via domain modification methods (e.g

* Core data structures have been modified to simply the code b not encouraged work directly with core data objects.

= New nonlinear expressions

* Trained machine leaming models can be embedded via the Infinitemathoptar extension.
« Transcribed values can be converted to interpolated functions via the InfiniteInterpolations
L « Semi-infi ables can now have bounds and st: ues.
= New transformation API -

« Support is added for ROT.Parancter

= Refactor reduced variables e R

Merged pull requests:
Refactor to directly support higher order de

Fix SigFig Bug (#344) ( )

Improve the Extensibility of Derivative Methods (

= Functional bounds e e e

Generalize Transformation AP (#349) (
Backend AP Refinements (+351) (
Remove ndarray Keyword Argument (#356) (

Use ordereddict for Array Parameter Supports (

= GPU accelerated solution e s s
PS C:\Users\Pulsipher\Documents\InfiniteOpt.jl> git diff ve@.5.9
« ML model embedding 137 files changed, 15594 insertions(+), 17_1§rgmdﬁgmlwggi‘c\)ns‘(—)

Update 1 Versioning (2378) ( )

Update Optimal Control Example Documentation (= 150) (@wenwen0231)
Add Infiniteinterpolate as an extension (#3:7) (@wenwen0231)
o . CompatHelper. bump compat fo Structures to 0.19, (keep existing compat) (+255) (@github-actions{bot))
n Inflnlte GD P S Map it pacameters 8 JuMP Parameters(357) (@wemwend231)
Bl A R o W Pinous oSl G RRNRED
o cai s ekror W )
Properly Handle Parameter Functions as JUMP.Parame ) (@wenwen0231)

dated Versioning (#392) ( )

Clean Up and Simplify Dependence on Infinite Parameters (:

= Much much more

ide an AP! for Reformulating High Order Derivatives into 1st Order Des

Remove Parameter Numbers (2397) (

UNIVERSITY OF FACULTY OF
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SIMPLIFIED CODE BASE

= Features and performance refactors steadily
increased tracked source code lines

= Reduced code and increased performance

= Removed unnecessary complexity

The State of InfiniteOpt.jl PAGE 11

Version 0.1
Lines: 3,272 .

Version 0.2
Lines: 4,177

Version 0.3
Lines: 5,030

Version 0.4
Lines: 6,522

R

Version 0.6
Lines: 6,583

Version 0.5

Lines: 7,110
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B
OPTIMIZER MODELS -> TRANSFORMATION BACKENDS

= Before vo.6: Optimizer model API

¥ Information Forwarding Methods y

y 2
yld) . Formulation I yld)
t p 3T InfiniteModel — 2 Model -
Transformation JUMP > e
D
D v >
§ Information Extraction Methods £

= p0.6: Transformation backend API

Information Forwarding Methods

748 JUMP
BIBR ExaModels

OFT | |nfiniteModel ———2iiulation
cO Transformation

' TransformationBackend

Information Extraction Methods
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B
IMPROVED TRANSCRIPTION

= TranscriptionOpt provides large library of discretization methods
= E.g., finite difference, orthogonal collocation, quadrature, trapezoid, more

= v0.6 expands library to better support higher order derivatives

= All outputs now are given as N-dimensional arrays

= Where N is the # of infinite parameters

\
[ ]

InfiniteOpt.jl
\)
Automatic Transcription

® InfiniteOpt.jl
JuMPRjI
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L
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JUMP.jl
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o« | Manual Transcription
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B
INFINITEINTERPOLATIONS.JL

= Use interpolation to return continuous
function solutions

using InfiniteOpt, Interpolations

discrete_y = value(y)

continuous_y = value(y, Constant
continuous_y = value(y, Linear())
continuous_y = value(y, Cubic

» Extension of Interpolations.jl

00 N OV W N R

= Works on variables, constraints, and
expressions
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B
FUNCTIONAL BOUNDS AND DOMAIN RESTRICTIONS

= Infinite variables support function bounds

1 using InfiniteOpt
2 model = InfiniteModel()
o s e e . 3 @infinite_parameter(model, t € [0, 10])
= Semi-infinite variables now support 4 @infinite parameter(model. x € [-1, 1])
bounds/starts 5
6 upper(t, x) = sin(t) * x
7 @variable(model, @ < y < upper, Infinite(t, x))
8 set_upper_bound(y(@, x), 42)
o o o [ ] 9
» Domain restrictions now take arbitrary 1o restrict(t) - 1iszero(t)
filll(fti()ll 11 restriction = DomainRestriction(restrict, t)
12 @constraint(model, 3y~2 + 2y > 2, restriction)

= Previously limited to subintervals

= This is quite useful for PDEs
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B
IMPROVED PARAMETER SUPPORT

3 3 1 using InfiniteOpt, Ipopt
: Prev%ou.sly parameter updates required o0 7 Aerl o
rebuilding the backend 3 Ipopt.Optimizer,
4 update_parameter_functions = true
5 )
6 @infinite_parameter(model, t € [0, 10])
7
3 8 @finite_parameter(model, p == 42)
- NeW perSIS:tent API added tO 9 @parameter_function(model, setpoint ==t -> t > 5 ? 20 : 108)
transformation backends 10
11
12
13 optimize!(model)
14
= Can update finite parameter and 15 set_parameter_value(p, 10)

. 16 set_parameter_value(setpoint, t -> t > 3 ? 20 : 10)
parameter functions (new)
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B
WARMSTARTING

= Update start values via set_start_values L using InfiniteOpt, Interpolations, Ipopt
2 model = InfiniteModel(Ipopt.Optimizer)
= Uses last solution i
. 5
= Requires Interpolations.jl be imported 6 optimize!(model)
7
= Backend will be rebuilt 8 set_start_values(model)
9
= Update start values via [ cptimizet(nodel)
Warmstart_backend_start_values 12  warmstart_backend_start_values(model)
13
14 optimize! (model)

= Supports persistent backend
= Updates all possible variables

= The start values in the InfiniteModel are not updated
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B
INFINITEEXAMODELS.JL: ACCELERATING SOLUTION

Bridges the gap between /& InfiniteOpt & [l ExaModels

Automates transcription through intuitive interface

Leverages repeated structure to reduce model creation time

Supports CPU (via Ipopt) and GPU (via MadNLP) v0.1is now

released!

1 using InfiniteOpt, InfiniteExaModels, MadNLPGPU, CUDA
2 transform_backend = ExaTranscriptionBackend(MadNLPSolver, backend = CUDABackend())
3 model = InfiniteModel(transform _backend)

Information Forwarding Methods

Formulation

Transformation ExaTranscriptionBackend

oPT ini
0 InfiniteModel

Information Extraction Methods ) UNIVERSITY OF | L, 0
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INFINITEEXAMODELS.JL: OPTIMAL CONTROL

= GPU performs & scales better than CPU workflows

= Significant time spent for solver initialization

BT | —e— JuMP CPU
—o— ExaModelsMOI
—e—|nfiniteExaModels
- —o- ExaModelsMOIl GPU
2 100 o |nfiniteExaModels GPU
a1}
£
Q
=
=)
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ol =r—=—T =

|
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B
RAPID NONLINEAR MODEL PREDICTIVE CONTROL

= New persistent backend + InfiniteExaModels.jl + GPU - fastest known NMPC

using InfiniteOpt, Ipopt
model = InfiniteModel(Ipopt.Optimizer)

Distillation ExaModelsGPU Solve Time
0.71 s per 1teration

1
2
0.800 3
0.700 'V\‘/J\/\/W\/\/MWWVV\ 4
@ 0.600
£ 0500 5 for i in 1:N
£ 0400 6 optimize! (model)
@ 0.300 . :
0.01 s per 1teration 7 warmstart_backend_start_values(model)
8 set_parameter_value(x0, value(x(9)))
9
%]

set_parameter_value(setpoint, set[i])

0.200
0.100
0.000

PG o o end
JuMP ExaModelsCPU ExaModelsGPU
Case Study Base | WS + PU | Base | WS + PU | Base | WS + PU
Distillation 137.53 39.09 61.45 17.08 30.94 1.62
PDE Heated Plate | 143.95 135.19 136.35 80.31 21.53 1.42
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OPTIMALCONTROL.JL VS. INFINITEOPT.JL FOR NMPC

InfiniteOpt.jl OptimalControl.jl

= Interfaces with ExaModels > GPU NMPC

Interfaces with ExaModels > GPU NMPC
= Supports ODEs and PDEs = Supports ODEs

= Supports orthogonal collocation and finite
difference on GPU

Supports only finite difference on GPU

= Support set notation (benchmark 22 lines)

Doesn’t support set notation (benchmark 63 lines)

= Supports persistent solves = Rebuilds solver instance

0.200 0.200

- 6s total ti
o1 . 5 0140 22.6s total time
‘é 0.120 1.97S tOtal tlme g 0.120
£ gono 2 ooe0
A .060 S 0.060

0.040 0.040

0000 LA 000

0 20 40 G0 80 100 120 140 0 20 40 &0 80 100 120 140
NMPC lteration NMPC lteration
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INFINITEMATHOPTAIJL: EMBEDDING ML MODELS

Acts as a bridge between /& InfiniteOpt & MathOptALjl

Embed ML models directly in InfiniteOpt problems

Enables use of neural ODEs

1 using InfiniteOpt, Flux, MathOptAI

2 NN = predictor(

3 Flux.Chain(

4 Flux.Dense(2, 16, Flux.relu),
5

6

7

8

Opens possibility for infinite ML models

Flux.Dense(16, 16, Flux.relu),

= (Gaussian processes Flux.Dense(16, 2)

)

)
9 model = InfiniteModel()

10 @infinite_parameter(model, t € [0, 10])

11 @variable(model, x[1:2], Infinite(t))

12 y, formulation = add_predictor(model, NN, x)

13 @constraint(model, [i in 1:2], o(x[i], t) == y[i])
&6‘ dense dense

layer  heural operator laver

= Neural operators

layers
FACULTY OF

w UNIVERSITY OF
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B
INFINITEDISJUNCTIVEPROGRAMMING.JL: MODELING LOGIC

= Enables infinite-dimensional GDP Paper
- MOdel ODE/ConStralnt SWltChlng 1 using DisjunctiveProgramming, InfiniteOpt, Hial ke
2 model = InfiniteGDPModel (HiGHS.Optimizer)
OPT ° . 3 I =1:4; 7 =1:2
(070 Inflnlteopt + /é 4 @infinite_parameter(model, t € [0, 1], num_supports = 100)
5 @variable(model, © < y[I] < 10, Infinite(t))
6
—2t+ 03z —20y(t), ifi=1 7
1 r;(y(t),z t) = {—2z+ 04t —4, ifi=2 8  @variable(model W[I, J], InfiniteLogical(t))
6 | 2z + 4(t —y(t) — 1), ifi=3 9 @constraint(model, [1i € I, j € J], © < y[i], Disjunct(W[i, 1]))
10 @constraint(model, [i € I, j € J], y[i] £ @, Disjunct(W[i, 2]))
T 03 11 @disjunction(model, [i € I], W[i, :])
- 12
0.0 13
sl 14 @constraint(model, W[1, 1] MW[Z, 1] A W[3, 1] := true)
' 15 optimize!(model, gdp_method = Hull())
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MTKINFINITEOPTEXT.JL: INTEGRATING MTK MODELS

= Ports ModelingToolkit models to
InfiniteOpt

= Enables structural simplifications

= More work is needed to increase
performance and better use
InfiniteOpt’s extension API

\ WV

The State of InfiniteOpt.jl

®© VO NOUT B WN B

R R R RRRRRRR
VW 00N UT D WN R

using ModelingToolkit, InfiniteOpt, Ipopt

t = M.t_nounits
D = M.D_nounits
@variables x(..) v(..)
@variables u(..) [bounds = (-1.0, 1.0), input = true]
@parameters tf
constr = [v(tf) ~ 0.0, x(tf) ~ 9]
cost = [tf] , ]
@named block = ODESystem(
[D(x(t)) ~ v(t), D(v(t)) ~ u(t)], t; costs = cost, constraints = constr)
block, input_idxs = structural_simplify(block, ([u(t)], [1))

udmap = [x(t) => 1.0, v(t) => 0.0]

tspan = (0.0, tf)

parammap = [u(t) => 0.0, tf=>1.0]

jprob = JuMPDynamicOptProblem(block, u@map, tspan, parammap; steps = 51)
isol = solve(iprob, Ipopt.Optimizer, :Verners)

UNIVERSITY OF
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DEVELOPMENT ROADMAP (A PARTIAL SNAPSHOT)

= Add more features that JuMP supports

= Multi-objective, generic precision, complex values, etc.

Enhance PDE support (e.g., support finite elements)

Expand envelope of persistent backend API

Develop GPU-accelerated parameter estimation workflows

Infinite ML models

= Add support for larger collection of infinite-dimensional ML models

= Use simultaneous method to train neural ODEs

Infinite GDP: Finish release and develop tailored solver

UNIVERSITY OF
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TRY IT OUT!

| I
InfiniteExaModels.jl E "'. 4 O .

s InfiniteOpt

DisjunctiveProgramming.jl
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