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What are the most informative data to reduce uncertainty (0)
and derisk technology optimization and scale-up?

Assumptions and Motivating Example

— ¥ =f(x;,0) + ¢ —
.

Mathematical Uncertain
Model Model Parameters
ode
o Error
Outputs Decisions

e~N(0,%,)
k1

Error is normally distributed with a A —B k_z} C
multivariate standard deviation X,

Sandia
National

,INATIONAL

TL TECHNOLOGY
LABORATORY

AN
./.-hlm

BERKELEY LAB

Self-driving laboratories select

. material properties information.

Laboratories

Given experimental data (x;, y;), how do we find the best fit
parameters 6 in our mathematical model?
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How do we sequentially choose the experimental conditions (¢)
that will maximize information gain?
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Pyomo.DoE supports SBDoE for parameter precision which
reduces uncertainty and leads to faster and derisked
decision-making.
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This effort was funded by the U.S. Department of Energy’s Process Optimization and Modeling for Minerals Sustainability (PrOMMIS) Initiative, supported by the
Office of Fossil Energy and Carbon Management’s Office of Resource Sustainability.

For more information, please reach out to Thomas Tarka, PrOMMIS Technical Director (Thomas.Tarka@netl.doe.gov)

Contact: Alexander W. Dowling, adowling@nd.edu

Disclaimer This presentation was prepared as an account of work sponsored by an agency of the United States Government. Neither the United States
Government, nor any agency thereof, nor any of their employees, nor any of their contractors, subcontractors, or their employees, make any warranty, express or
implied, or assumes any legal liability or responsibility for the accuracy, completeness, or usefulness of any information, apparatus, product, or process disclosed,

or represents that its use would not infringe privately owned rights. Reference herein to any specific commercial product, process, or service by trade name,
trademark, manufacturer, or otherwise does not necessarily constitute or imply its endorsement, recommendation, or favoring by the United States Government,
any agency thereof, or any of their contractors or subcontractors. The views and opinions of authors expressed herein do not necessarily state or reflect those of
the United States Government, any agency thereof, or any of their contractors. The Lawrence Berkeley National Laboratory (LBNL) is managed and operated by
the University of California (UC) under U.S. Department of Energy Contract No. DE-AC02-05CH11231. Sandia National Laboratories is a multimission laboratory
managed and operated by National Technology and Engineering Solutions of Sandia, LLC., a wholly owned subsidiary of Honeywell International, Inc., for the
U.S. Department of Energy's National Nuclear Security Administration under contract DE-NA-0003525. °
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