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Motivation
Dynamic Optimization Process Flow Sheets
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Deterministic Global Optimization
• Nonconvex problems arise in many 

applications
– Thermodynamic stability
– Kinetic parameter estimation
– Advanced control systems
– Design under uncertainty
– Etc.
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[1] Grajcarova, L. Simulations of structural phase transitions in crystals using ab initio metadynamics. INIS-IAEA. (2013).
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Kinetic Parameter Estimation
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[2] Taylor, J.W., et al. Direct measurement of the fast, reversible addition of oxygen to cyclohexadienyl radicals in nonpolar solvents, The Journal of Physical Chemistry A. 108, 7193-7203 (2004).
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[3] Wilhelm, M.E. and Stuber, M.D. EAGO.jl: Easy Advanced Global Optimization in Julia. Optimization Methods & Software. (2020). 

EAGO.jl
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Easy Advanced Global Optimization
• Open-source deterministic global solver 

for nonconvex MINLPs
– Semi-infinite programs (SIPs)
– Dynamic optimization
– User-defined functions

• Uses branch-and-bound (B&B) to 
guarantee global optimality or infeasibility

• Applies McCormick-based relaxations for 
convex lower-bounding problems

• Designed in conjunction with JuMP



[4] Wilhelm, M.E. and Stuber, M.D. Improved Convex and Concave Relaxations of Composite Bilinear Forms. Journal of Optimization Theory and Applications. 197, 174-204 (2023).
[5] Wang, C., Wilhelm, M.E., and Stuber, M.D. Semi-Infinite Optimization with Hybrid Models. Industrial & Engineering Chemistry Research. 61, 5239-5254 (2022).

Recent Advances in EAGO.jl
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Easy Advanced Global Optimization
• Improved bilinear relaxations
• Optimization of ANNs
• Custom implementation of PDLP on GPUs

[4] 
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• Optimization of ANNs
• Custom implementation of PDLP on GPUs
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Should you use JuMP?
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[6] https://jump.dev/JuMP.jl/stable/should_i_use/#When-should-you-not-use-JuMP?
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Causal vs Acausal Modeling
Causal/Sequential-Modular Acausal/Equation-Oriented
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[7] Schweiger, G. et al. Modeling and simulation of large-scale systems: A systematic comparison of modeling paradigms. Applied Mathematics and Computation. 365, 124713 (2020).



Causal vs Acausal Modeling
Causal/Sequential-Modular Acausal/Equation-Oriented
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ModelingToolkit.jl
• Open-source, acausal modeling framework in Julia
• Supports a broad range of system types

– ODEs, SDEs, PDEs
– Nonlinear systems
– Optimization problems

• Automatically composes, transforms, and reduces models
– Dimensionality reduction through algebraic simplification
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[8] Ma, Y. et al. Modelingtoolkit: A composable graph transformation system for equation-based modeling. arXiv preprint arXiv:2103.05244 (2021).



Componentized Model
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Should you use JuMP?
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Optimization.jl
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[9] https://docs.sciml.ai/ModelingToolkit/stable/tutorials/optimization/



Optimization in Julia
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• 25+ libraries, 100+ solvers
• No deterministic global 

optimization support

SciML

• Algebraic modeling 
language designed for 
mathematical optimization

JuMP

[10] Dixit, V.K. and Rackauckas C. Optimization.jl: A Unified Optimization Package. (2023).
[11] Lubin, M., Dowson, O., Garcia, J.D. et al. JuMP 1.0: recent improvements to a modeling language for mathematical optimization. Math. Prog. Comp. 15, 581–589 (2023).
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• 25+ libraries, 100+ solvers
• No deterministic global 

optimization support

SciML

• Algebraic modeling 
language designed for 
mathematical optimization

JuMPEOptInterface
Abstraction layer

[10] Dixit, V.K. and Rackauckas C. Optimization.jl: A Unified Optimization Package. (2023).
[11] Lubin, M., Dowson, O., Garcia, J.D. et al. JuMP 1.0: recent improvements to a modeling language for mathematical optimization. Math. Prog. Comp. 15, 581–589 (2023).
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Equation-oriented Optimization Interface (EOI)

EOptInterface.jl
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EOptInterface Features
• Automatically generate JuMP constraints from ModelingToolkit models
• Display decision variables
• Detect and directly transcribe ODEs
• Calculate full-space solutions
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SciML
EOI

Abstraction layer JuMP



Case Studies
1) Dynamic Kinetic Parameter Estimation

2) Steady-State Process Flow Sheet

3) Nonlinear Model Predictive Control (NMPC)
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[12] Mitsos, A., Chachuat, B., and Barton, P.I. McCormick-based relaxations of algorithms. SIAM Journal on Optimization, SIAM. 20:2, 573-601 (2009).
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Dynamic Kinetic Parameter Estimation
• EOptInterface
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Dynamic Kinetic Parameter Estimation
• EOptInterface

• InfiniteOpt
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Case Studies
1) Dynamic Kinetic Parameter Estimation

– Direct transcription of ODEs

2) Steady-State Process Flow Sheet

3) Nonlinear Model Predictive Control (NMPC)
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Steady-State Process Flow Sheet
• Minimize total annualized costs
• Design variables:

– Feed flowrate
– Reactor volume
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[13] Kokossis, A. and Floudas, C.A. Synthesis of isothermal reactor-separator-recycle systems. Chemical Engineering Science. 46, 1361-1383 (1991).

A B C→ →



EOI Workflow
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Steady-State Process Flow Sheet
• Minimize total annualized costs
• Design variables:

– Feed flowrate
– Reactor volume

29

Model Number of 
variables Solve Time (s)

Full-space 50 202.0
Reduced-space 6 3.441

JuMP-dev 2025
[13] Kokossis, A. and Floudas, C.A. Synthesis of isothermal reactor-separator-recycle systems. Chemical Engineering Science. 46, 1361-1383 (1991).
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Case Studies
1) Dynamic Kinetic Parameter Estimation

– Direct transcription of ODEs

2) Steady-State Process Flow Sheet

– Exploit dimensionality reduction from ModelingToolkit for optimization

3) Nonlinear Model Predictive Control (NMPC)
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Nonlinear Model Predictive Control
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Case Studies
1) Dynamic Kinetic Parameter Estimation

– Direct transcription of ODEs

2) Steady-State Process Flow Sheet

– Exploit dimensionality reduction from ModelingToolkit for optimization

3) Nonlinear Model Predictive Control (NMPC)

– Fully integrated real-time closed-loop NMPC
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Conclusion
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• EOptInterface.jl
– Seamlessly integrates modeling and simulation with formal optimization
– Contains multiple discretization methods for ODEs
– You can use your favorite solver in JuMP

• Future Work
– EAGODynamicOptimizer.jl

SciML
EOI

Abstraction layer JuMP
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https://github.com/PSORLab
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