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The goal of a reacting flow simulation.
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gedl of areacting flow simulation.
challenge
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Large system
of coupled PDEs!




N my doctoral thesis,
've bullt fools to help improve
reduced-order models.

Dimensionality reduction




There's four steps to bullding ROMs.

Training data Dimensionality reduction Building reduced-order models Simulations
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Projecting high-dimensional data onto lower dimensions

can Infroduce Nnon-unigqueness.
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Regression model will likely struggle

IN the region of overlap.

@ Observed ¢
@ Predicted ¢

= f(n1,m2)
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Can we quantity
which projection is “good”?

nature

SCIENTIFIC = K. Zdybat, E. Armstrong, J.C. Sutherland, A. Parente
RE P{:}RT S Cost function for low-dimensional manifold fopology assessment
®:



We scan the projection at various spatial scales
for any variafion in a dependent variable values.
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® E. Armstrong, J. C. Sutherland, 2021. A technique for characterising feature size and quality of manifolds.
Combustion Theory and Modelling, 25(4), pp.646-668.




We scan the projection at various spatial scales
for any variation in a dependent variable values.
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® E. Armstrong, J. C. Sutherland, 2021. A technique for characterising feature size and quality of manifolds.
Combustion Theory and Modelling, 25(4), pp.646-668.




We scan the projection at various spatial scales
for any variafion in a dependent variable values.
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We scan the projection at various spatial scales
for any variafion in a dependent variable values.

Vaf.r‘ianc:e.tc,l]lnger Z?zl (¢z IR %(G))Z
| Z"/l_l (¢l o ¢Zl’)2

D (o)

10 10> 107 10" 10°

Length scale, o



We scan the projection at various spatial scales
for any variafion in a dependent variable values.

Kernel

. s\ ,
Variance under Zizl (¢z o %(G))
filter width: . -
Zi=1 (¢l o ¢i)2
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We scan the projection at various spatial scales
for any variafion in a dependent variable values.
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We scan the projection at various spatial scales
for any variafion in a dependent variable values.
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We scan the projection at various spatial scales
for any variafion in a dependent variable values.
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We scan the projection at various spatial scales
for any variafion in a dependent variable values.
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Our cost function penalizes and sums up
contributions from all length scales.
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Our cost function penalizes and sums up
contributions from all length scales.
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Our cost function penalizes and sums up
contributions from all length scales.
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Our cost function penalizes and sums up
contributions from all length scales.
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Our cost function penalizes and sums up
contributions from all length scales.
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Our cost function penalizes and sums up
contributions from all length scales.
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Our cost function penalizes and sums up
contributions from all length scales.
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Our cost function penalizes and sums up
contributions from all length scales.
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We demonstrated the application of
the cost function to various datasets.

Numerical and experimental
combustion
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We propose a manifold-informead
state variable selection strateqy.

PROCEEDINGS OF - K. ZdYbC", J.C. SUTheHOnd, A. Parente
THE COMBUSTION INSTITUTE Manifold-informed state vector subseft for reduced-order modeling

Distinguished Paper Award from The Combustion Institute



Our variable selection is opfimized
with respect to the cost function.

Smallest L:

, OH, , H, , CO, COo, ]

X = [T, Hp, Oq,



We propose a Qol-informed
dimensionality reduction strategy.

O CelPress = K. Zdybal, A. Parente, J.C. Sutherland
Patterns Improving reduced-order models through nonlinear decoding of
Bttt projection-dependent outputs



We compute data representations
iInformed by important quantities of interest (Qols).
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We compute data representafions
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We've bullt tfools to help improve
reduced-order modgels.



| have developed two open-source A pgthOﬂ ibraries:

PCAfold : Tools and algorithms multipy: An educational Python library
for low-dimensional manifold assessment for multicomponent mass fransfer
and optimization

GitHub com/kamilazdybal/PCAfold GitHub.com/kamilazdybal/multipy


https://unsplash.com/@pawel_czerwinski?utm_source=unsplash&utm_medium=referral&utm_content=creditCopyText
https://unsplash.com/@pawel_czerwinski?utm_source=unsplash&utm_medium=referral&utm_content=creditCopyText

The tools and algorithms from my thesis have been used by others.
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* E. Armstrong, J.C. Sutherland = A.C. Ispir, B.H. Saracoglu, T. Magin, A. Coussement
Reduced-order modeling

A methodology for estimafing hypersonic engine performance by
with reconsfruction-informed projections

coupling supersonic reactive flow simulations with machine learning
Combustion and Flame, 2023 techniques

Acta Astronautica, 2023

Our Python library PC Is used by students and researchers from various insfitutions.




Software
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PROCEEDINGS OF
THE COMBUSTION INSTITUTE

SCIENTIFIC
REPQ&RTS

ASTRONAUTICA
Journal of the International Academy of Astronautics

APPLICATIONS
IN ENERGY AND
COMBUSTION SCIENCE

Heat, Power and Process

Software
0693030

¢? CellPress
Patterns |

= K. Zdybal, E. Armstrong, A. Parente, J.C. Sutherland

PCAfold: Python software to generate, analyze and improve
PCA-denved low-dimensional manifolds

= K. Zdybat, J.C. Sutherland, A. Parente
Manifold-informed state vector subset for reduced-order modeling

= K. Zdybat, E. Armstrong, J.C. Sutherland, A. Parente
Cost function for low-dimensional manifold topology assessment

= A.C. Ispir, K. Zdybat, B.H. Saracoglu, T. Magin, A. Parente, A. Coussement

Reduced-order modeling of super-sonic fuel-air mixing
IN a multi-strut injection scramjet engine using machine learning fechniques

= K. Zdybal, G. D' Alessio, A. Attili, A. Coussement, J.C. Sutherland, A. Parente
Local manifold learning and its link to domain-based physics knowledge

= K. Zdybal, E. Armstrong, A. Parente, J.C. Sutherland

PCAfold 2.0—Novel tools and algorithms
for low-dimensional manifold assessment and optimization

= K. Zdybat, A. Parente, J.C. Sutherland

Improving reduced-order models through nonlinear decoding of
projection-dependent outpufs
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| K. Zdybat, G. D’ Alessio, G. Aversano, M. R. Mallik,
A. Coussement, J. C. Sutherland, A. Parente
Advancing reactive flow simulations with data-driven models




Selected conference talks:
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