Neural Network Informed Uncertainty

Quantification for Structural Dynamics
Reduced Order Models

Students: e e -
[ _h ‘Ir ‘“"i"
Ziad Ghanem!, S. Macrae Montgomery?, W alker Powell’
Mentors:
Adam Brink, Eleni Chat2j Carianne Martingz Dane Quin#
- _— —— @ENERsY NISA
Sandia National Laboratories is a multimission

1 . . laboratory manag?d anfﬂ operatfed by Natior?al

University of Texas at Dallas o . , 4 Sandia National Laboratories B el
2 Woodruff School of Mechanical Engineering, Georgia Institute of 5 ETH Ziirich International Inc., for the U.S. Department of

Technology 6 The University of Akron SAN D2020-7662 PE AdminEigfr;gt);;;%?122?2*2??1)?&%%3525.

3 North Carolina State University



> | Outline

e Goals
e Problem Description
o Physical Problem
o Reduced-Order Model
e Network Architectures
o Long-Short Term Memory (LSTM)
o Deep Koopman Network |

e Results

e Conclusions
e Future Work
e References






+ | Goals

e Use neural networks to augment reduced-order models (ROMs) for improved
prediction

e [earn error behavior to allow for future-time error prediction, either
deterministic or statistical

e Use real-time ROM augmentation to more accurately simulate and predict
extreme events in physical systems






s 1 Physical Problem

e Fuler-Bernoullibeam (7, = 1m)
e Harmonic forcing at x = 0.75m
e Initial displacement prescribed at x = 0.5m
e 10 equidistant ‘sensor’ locations

e 4 datasets were generated varying

initial conditions and spring constants [ |

F =0.1sin(1007t) N

F = —ku— au’




; | Reduced Order Model

e Galerkm projection onto low-rank
basis

e POD basis generated from
simulations with varying parameters
and mitial conditions

e 10 modes retained for each ROM
basis

e Fast integration using imphcit Runge-
Kutta methods (= 0.5seach)
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g ‘ ROM Errors

True vs. ROM at x=70 cm (Nonlinear)
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9 I Dynamic Prediction Framework

Instead of learning the map ¢ — xz(t),
learn the mapz(t,) — x(t,i1)-

e Often better posed for long time
extrapolation
e Easier to characterize

growth/decay/oscillations

We use this framework to learn the
dynamics ofthe ROM error

o(y — x)
x(p—z) — y[







1 I Recurrent Neural Nets (RNNs) & Lonfhort Term Memory (LSTM)

e RNNs with modified structure which

enable them to learn long term

dependencies. 61? @ ﬁfD
e Natural architecture for parsing A MR P ” A

sequenced mputs or outputs (or A I_IIZI o) .

both). | / Y

. ) &

e LSTMs exhibit state-dependent

context; 1.e., they can look back in

time a variable number of steps



12 ‘ The Koopman Operator

Dynamical system

Koopman Operator

Kop(x(tn)) = ¢(x(tnt1))

!

2(tni1) = ¢~ (Ko(z(ty))

Estimating the Koopman operator
generates linear dynamics in right
coordinates, even for nonlinear systems

T(tnt1) = f(x(tn))

Koopman Eigenfunctions

Kox(r) = Aoalt)

z(tnt1) = @5 (Apa(z(tn))

Koopman eigenfunctions are an efhicient
choice of embedding, and have physical
significance (Mezi¢ 2016)



i3 I Deep Koopman Network Linear Predictive Autoencoder

I
Yk Yi+1 Output Xg41
e Developed by Lusch et al. to learn |
Koopman eigenfunctions and use ¢!
them for predictions [
K linear ‘

e Full version includes auxihary
network to account for nonlinear
adjustments to Koopman Deep Koopman Network
eigenvalues corresponding to
continuous spectra

Images from Lusch et al,, 2016



4 1 Modified Deep Koopman Network

Our problem 1s more complex than
those considered m Lusch et al.:

e Tmme dependent forcing (non-
autonomous dynamics)

e Varying physical parameters (, o)

e Unknown dynamics, requiring &
priori estimation of parts of
network architecture

Architecture estimated & priori






6 1 LSTM Training
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e Predicts error time series given ROM \
displacement time series “\/M\AJ‘/\/\/\J\/\A/\ “\/\V MAAWN \/‘NM\\W M\/
a_m | | VF \[\

1 Epoch of Training

e Very fast tramning (~2s per epoch)
e Completely agnostic to parameter and

forcing dependence
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LSTM Results: Linear Spring
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‘ LSTM Results: Linear Spring; Varying

Parameterized Linear Spring Sensor 1
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LSTM Results: Nonlinear Spring
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‘ LSTM Results: Nonlinear Spring; Varying

Parameterized Nonlinear Spring Sensor 1
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21 | Koopman Results

e Preliminary traming on smooth
sinusoidal time series

e Downsampling required to increase
training speed

e Extensive hyperparameter tuning
required to tramn effectively

e Numerical stability issues

ROM Error
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2 | Koopman Results cont’'d

e The network struggles to learn true
ROM error

e Scquential network means we can’t
take advantage of parallelism

e All errors start near zero, so the
model has trouble reconstructing
unique trajectories from each IC

ROM Error
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24 | Conclusions

e Deep learning is an effective method
for learning and predicting ROM
error at coarse frequency scales

e Well-established architectures that
maximize use of computational
power often scale and tram well

e Specialized architecture that aids n
physical interpretability led to
extreme sensitivity to
hyperparameters and long train
times

Linear Predictive
Autoencoder

Leveraging Computational Power

Deep Koopman

Physical Interpretability






Future Work

Investigate sensitivity of traming to breadth vs. length of time series for use in
experment/simulation design

Incorporation of RO M-specific features; 1.e., dual-weighted residuals, into network
Implementation with alternate modes of operation; 1.€., control, data fusion, etc.

Addition of statistical outputs or Bayesian training/prediction for real time uncertainty
quantification and error statistics

Determine how well error predictions enhance the ablhty of ROM predictions to account for
extreme events L e g Sensor

Time Domain
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