Optimizing Experiments with Pyomo.DoE
dowlinglab.github.io/pyomo-doe

Prof. Alexander (Alex) Dowling

Chemical and Biomolecular Engineering
University of Notre Dame

ESCAPE 34 /| PSE 24
June 3, 2024

Contributors to Pyomo.DoE: Jialu Wang (ND), Dan Laky (ND),
Hailey Lynch (ND), John Siirola (SNL), Bethany Nicholson (SNL),
Miranda Mundt (SNL)

N &= PYOMO
T

DoE

Ask me for a Pyomo.DoE sticker or pin!




Power of Adaptive Sequential Optimal Experiments

Self-Driving Laboratories

Figure: Abolhasani & Kumacheva (2023), Nature Syn.

Epps et al. (2022), Advanced Materials
MacLeod et al. (2020), Science Advances
MacLeod et al. (2022), Nature Communications

Hase, Roch, Aspuru-Guzik (2019), Trends in Chemistry
Seifrid et al. (2022), Acc. Chem. Res.
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Many Recent Examples of Sequential Optimal Experiments
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Science-based Data Analytics Workflow

Goal: iteratively develop and validate predictive models (digital twins) based on
engineering science
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MBDoE Facilitates Collaborations
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Pyomo.DoE Example: Temperature Control Lab (TC Lab)

Hands-On Tutorial: dowlinglab.github.io/pyomo-doe
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TC Lab: Data and Parameter Estimation
Hands-On Tutorial: dowlinglab.github.io/pyomo-doe
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Parameter Estimation and Uncertainty Basics

Assume a model and error structure:

measurement input observation How sensitive are the least-squares objective W to perturbations in 87
i error (i.i.d.
| e variables o (i.i.d.) - 92y 2y - om(x,, 0) om(xy, 8)-
yi = m(x;,0) + ¢ e;~N(0,8) 002 00,00, 06, 90,
/ T H = : : Q(0) = : s
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TCLab: Eigendecomposition of the Fisher Information Matrix
Hands-On Tutorial: dowlinglab.github.io/pyomo-doe

FIM:
[[ 1.88459415e+08
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-1.91393890e+08 -8.24201918e+06 -1.04121590e+03]
4.30931030e+09 ©6.5165856006e+07 2.58102008e+04]
6.51658566e+07 1.46673544e+06 3.51179540e+02]
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uNivERsITY oF We cannot uniquely estimate 1/C{§ with this experiment!



Model-Based DoE Optimization Formulation

max,, W[M(g,‘p)]
s. t. x(t) = f(x(t), z(t), u(t),w,0)
g(x®),zO,u®),w,6)=0 - DAE System
y(@) = h(x(t),z(t), 6)
FO (3 (to), x(to), 2(to), ulto), w,8) = 0 ]
g°(x(to), 2(ty), u(ty), w,0) = 0
yO(to) = h( x(ty), z(t,), 0) _

L m( x(t), y(6), z(t), u(t),w,0 ) = 0
i Initial
Conditions

Z Measurements (model responses) Fisher information matrix (FIM):

7] Estimated parameters

x  Time-dependent differential state variables M~ V51 ~ 0 "H~02Q'Q
z  Time-dependent algebraic state variables MBDoE Decisions:

u  Time-varying control variables @ = (u(t),x(ty), z(ty),w,t)

Time-invariant control variable

FINOTRE DAME Franceschini, G., & Macchietto, S. (2008). Model-based design of experiments for parameter precision: State of the art. Chemical Engineering Science, 63(19), 4846-4872.




Alphabetic Design Criteria Measure Information Content

Figure adapted from: Franceschini, G., & Macchietto, S. (2008). Chem. Eng. Sci., 63(19), 4846-4872.
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max min(eig(M))
major axis
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ME-optimality
D-optimality min k(M) = max(eig(M)) / min(eig(M))
max det(M) ratio of major to minor axes

ellipsoid volume recommended if M is ill-conditioned

v

robust to linear transformations . . .
Joint Parameter Precision and Model Discrimination
Alberton, A.L., Schwaab, M., Lobdo, M.W.N. and Pinto, J.C., 2011. Experimental design for the joint model
discrimination and precise parameter estimation through information measures. Chemical Engineering

Science, 66(9), pp.1940-1952.

Model Discrimination
Hunter, W.G. and Reiner, A.M., 1965. Designs for discriminating between two rival models. Galvanin, F., Cao, E., Al-Rifai, N., Gavriilidis, A. and Dua, V., 2016. A joint model-based experimental
Technometrics, 7(3), pp-307-323. design approach for the identification of kinetic models in continuous flow laboratory reactors. Computers
& Chemical Engineering, 95, pp.202-215.

Buzzi-Ferraris, G. and Forzatti, P., 1983. A new sequential experimental design procedure

for discriminating among rival models. Chemical engineering science, 38(2), pp.225-232. Galvanin, F., Cao, E., Al-Rifai, N., Dua, V. and Gavriilidis, A., 2015. Optimal design of experiments for the
identification of kinetic models of methanol oxidation over silver catalyst. Chimica Oggi-Chemistry Today,

Ferraris, G.B., Forzatti, P., Emig, G. and Hofmann, H., 1984. Sequential experimental 33(3), pp-51-56.

design for model discrimination in the case of multiple responses. Chemical engineering

science, 39(1), pp.81-85. Pankajakshan, A., Waldron, C., Quaglio, M., Gavriilidis, A. and Galvanin, F., 2019. A Multi-Objective

T JUNIVERSITY OF Optimal Experimental Design Framework for Enhancing the Efficiency of Online Model Identification
NOTRE DAME Platforms. Engineering, 5(6), pp.1049-1059.




Pyomo.DoE Formulation: MBDoE as 2-Stage Program

Model Sensitivity
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Wang and Dowling, 2022. AIChE J.
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Pyomo.DoE Extends parmest Interface

create model

Create Pyomo model for DAE
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Specify MBDoE degrees of
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TC Lab: D-Optimal Next Experiment

Hands-On Tutorial: dowlinglab.github.io/pyomo-doe
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Getting Started with Pyomo.DoE

Documentation: https://pyomo.readthedocs.io/en/stable/contributed packages/doe/doe.html
Tutorial 1: https://colab.research.google.com/qgithub/Pyomo/pyomo/blob/main/pyomo/contrib/doe/examples/fim doe tutorial.ipynb

NOTRE DAME

Community Detection for Pyomo I
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Pyomo.DoE Required Inputs ._ + Code + Text # Copy to Drive v T)lu\s’\fl( = ~
Pyomo.DoE Solver Interface - + Code + Text
Pyomo.DoE Usage Example Q
GDPopt logic-based solver ~ Pyomo.DoE Tutorial: Reaction Kinetics Example
Infeasible Irreducible System (IIS) & X . . . .
Tool Jialu Wang (jwang44@nd.edu), Alex Dowling (adowling@nd.edu), and Hailey Lynch (hlynch@nd.edu)
Incidence Analysis =) University of Notre Dame
MindtPy Solver This notebook demonstrates the main features of Pyomo.DoE (model-based design of experiments) using a reaction kinetics example. See
MPC Wang_ and Dowling (2022), AIChE J., for more information.
Multistart Solver The user will be able to learn concepts involved with model-based design of experiments (MBDoE) and practice using Pyomo.DoE from
Nonlinear Preprocessing methodology in the notebook. Results will be interpreted throughout the notebook to connect the material with the Pyomo implementation.
Transformations
Parameter Estimation with rtVvesHE
arameter Esimation with parnest The general process that will follow throughout this notebook:
PyNumero
Import Modules
PyROS Solver
Sensitivity Toolbox o Step 0: Import Pyomo and Pyomo.DoE Module
Trust Region Framework Method Problem Statement
Solver
e Step 1: Import Reaction Kinetics Example Mathematical Model
MC++ Interface
Implementation in Pyomo
23 SMT Sat Solver Interface <
= e Step 2: Implement Mathematical Model in Pyomo
& Read the Docs e Step 3: Define Inputs for the Model
>
Methodoloay
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https://pyomo.readthedocs.io/en/stable/contributed_packages/doe/doe.html
https://colab.research.google.com/github/Pyomo/pyomo/blob/main/pyomo/contrib/doe/examples/fim_doe_tutorial.ipynb

ParmEst and Pyomo.DoE Development Plans

Coming soon:
* New modeling abstraction and interface

» Improved initialization N J: PYOMO
y

* Improved optimization performance DDE

* More applications and examples

The TC Lab tutorial (https://dowlinglab.github.io/pyomo-doe/) will be
updated in Fall 2024 to reflect these major enhancements in
ParmEst and Pyomo.DoE.

" |UNIVERSITY OF

NOTRE DAME

16


https://dowlinglab.github.io/pyomo-doe/
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