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O B Better methods to
O + - solve science &

Physical engineering problems

understanding

“A set of methods and tools that systematically integrate recent advancements
In machine learning algorithms with mathematical models developed in
various scientific and engineering domains.”

Ngheim, T.X., Drgona, J., Jones, C., Nagy, Z., Schwan, R., Dey, B., Chakrabarty, A., Di Cairano, S., Paulson, J.A., Carron, A., Zeilinger, M., Cortez, W.S.,
Vrabie, D.L., "Physics-Informed Machine Learning for Modeling and Control of Dynamical Systems", American Control Conference (ACC), DOI:
10.23919/ACC55779.2023.10155901, May 2023.

“The process by which prior knowledge stemming from our observational,
empirical, physical, or mathematical understanding of the world can be
leveraged to improve the performance of a learning algorithm.”

Karniadakis, G.E., Kevrekidis, I.G., Lu, L., Perdikaris, P., Wang, S., & Yang, L. (2021). Physics-informed machine learning. Nature Reviews Physics, 3, 422 - 440.
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“White box” “Black box”
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Data
Physics
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Complete equations + PIML Traditional
BCs/ICs; e.g. FEA ML
Challenges Challenges
Physical simulations can be expensive Data acquisition
Physics might only be partially known Interpretability

(e.g. unknown coefficients, missing terms) Physical inconsistencies 4
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Purely data driven method
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How does a PIML work?

Purely data driven method
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Physics-Informed Neural Network
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How does a PIML work?

Purely data driven method Physics-Informed Neural Network
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How does a PIML work?

Purely data driven method Physics-Informed Neural Network
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Forward Problems Inverse Problems Equation Discovery
A ————————————————

Ground truth: u; = Au 4+ u — u® — v + 0.01
v; = 100Av + 0.25u — 0.25v

Discovered: u; = 0.975Au + 0.871u — 0.847u® — 0.924v + 0.010
vy = 84.339Av 4+ 0.225u — 0.229%

Physics-informed
< neural network
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Physics-informed learning of governing
equations from scarce data
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"~ Weather forecasting

;j/ x y
Inferring 3-D velocity and pressure fields

(a) Optimal boudary control 5 (b) Optimal velocity in x-direction, u;
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Optimal control AD-flow MRI 9



https://developer.nvidia.com/blog/accelerating-product-development-with-physics-informed-neural-networks-and-modulus/
https://arxiv.org/abs/2103.02807
https://arxiv.org/pdf/2202.11214
https://arxiv.org/pdf/2111.04941
https://pubmed.ncbi.nlm.nih.gov/33007592/
https://www.nature.com/articles/s41467-021-26434-1
https://www.nature.com/articles/s41467-021-26434-1
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CNN (Convolutional)
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LSTM (Recurrent)

Output is used with next time step

MLP (Multi-layer
Perceptron)

I o (OO
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. Cw LSTM CNN learns features ‘li ST S
from each frame 4"} K K3 (]
. rom Q) W XN
N individually /)"{ ."A‘A" . .08 .
on | wm |- <<
— LSTM learns .A\
relationships Output
Video Frames P Input
CNN | LSTM | between frames Layer Layer
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R2019a

Simpler Framework

R2019b R2020a

Extended Framework
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Advanced or Custom

Neural Networks
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MATLAB F1 Simulink & Al g95& 3k
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BEXNEGER, BEMNIMKEREY R2019b

Bz, HENE

3D E. MIMO R2020a Epoch: 984, Heration: 5900, Elapsed: 00:45:18
R B 3% R2020b Pisriey s

SN SH, —HER R2021a

FERHEEMTH®E R2021b

Signal Processing Toolbox

GANSs, Siamese Networks R2019b

CGANSs R2020a

[E] = FA W 2% R2021a i

Jrl\u-l-,ﬁﬁ%$gélx_x‘lz§ R2023a 50 100 150 200 250 300 350 400 450 500
Transformers, Neural ODE & R2023b
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Unsupervised deep learning Enabling Features

(generative modeling)
- Shared weights

Multiple input, multiple output
(MIMO) neural networks = Automatic differentiation

Arbitrary functional = Flexible training structures
programming in neural networks

Complete customization when
training neural networks

14



&\ MathWorks

— N EBIR)RE F SJEMEIN TR ?

HEANMIES (L) KT AENR GNR)
agsM™MMtED, NELEHITILE.
B PR R EIE IR AR (R
RBERS BARHITELER (B EREERED

X E R B— EEERIERITRS GHEHRE) 5

loss HYFmsk . Backpropagation
6. EIMEENNEFMREE (B .

7. AIHALRIZEEME R IEFR.

a bk~ w0 D F

15



1

dlarray

dlnetwork

dlfeval

dlgradient

dlupdate*

RAEZR P YRR 214

Data container (inputs, intermediate calculations,
outputs)

Network container

Evaluate deep learning model or function

Compute gradients using automatic differentiation
(autodiff)

Perform one step of backpropagation using a solver

* Equivalently, sgdmupdate, adamupdate, and rmspropupdate
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Solution with ¢ = 1.0001
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~58EFE: https://github.com/matlab-deep-learning/Inverse-Problems-using-Physics-

Informed-Neural-Networks-PINNs
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https://github.com/matlab-deep-learning/Inverse-Problems-using-Physics-Informed-Neural-Networks-PINNs
https://github.com/matlab-deep-learning/Inverse-Problems-using-Physics-Informed-Neural-Networks-PINNs
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= What Are Physics-Informed Neural Networks (PINNs)?

= User story: Using Physics-Informed Machine Learning to Improve Predictive
Model Accuracy

- UDREFEIER] - FEHBEMEKERNSHIE
https.//www.bilibili.com/video/BV1VT411E7sY/?share_source=copy web&yv
d_source=65c2fd4545ab3146e610a2a44419b1b4

18


https://ww2.mathworks.cn/discovery/physics-informed-neural-networks.html
https://ww2.mathworks.cn/company/user_stories/case-studies/using-physics-informed-machine-learning-to-improve-predictive-model-accuracy.html
https://ww2.mathworks.cn/company/user_stories/case-studies/using-physics-informed-machine-learning-to-improve-predictive-model-accuracy.html
https://www.bilibili.com/video/BV1VT411E7sY/?share_source=copy_web&vd_source=65c2fd4545ab3146e610a2a44419b1b4
https://www.bilibili.com/video/BV1VT411E7sY/?share_source=copy_web&vd_source=65c2fd4545ab3146e610a2a44419b1b4
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Questions?
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