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About MATLAB

e engineering tool | %
* interactive environment « set of programming tools : AP
« technical and scientific computing + open system « apps (built-in, custom)
— + 100+ application libraries
|« 10 000+ built-in functions
A ] #T * unified documentation
o ol TN fF e AR = I
I }ﬂ * systems modeling connection to external hw/sw
N b N L & « simulation and analysis ~polication development
e graphics and visualization  Model-Based Design PP P
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MATLAB Applications

specialized

autonomous systems and robotics

basic

data analysis and data science

predictive maintenance and loT

automotive systems and ADAS

image processing and
computer vision

Al, machine learning and
deep learning

computational biology

aerospace and UAV

signal processing MATLAB
financial analysis SI mu | | n k

physical modeling

test and measurement control systems

systems engineering

RF systems and antennas _
code generation and

real-time applications



MATLAB in the Industry
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Metals and Mining Neuroscience Railway Systems Applied Physics Software and Internet
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Al models in MATLAB

Machine Learning Deep Learning

FEATURS LEARNING CLASSIFICATION

SVM Clustering FC

Forget Update Output
Ct—1 L e

L &b AR 0 @" jo g}%

Decision trees

= LSTM .
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3 ways how to create Al model in MA

w Image Networks (Pretrained)

. 0 |
E @ 0Ooo O
g _ (i
a . ] Ooon [mys|
ﬂ i A== or toc r v &)t (@ ot Vi ot vai D D
X Sise =T | s 290 @ O O
ks ded i 5 = Eemh| BE=:]| Ejg- ASE st 47571 - 0Oono
numHiddenUnits = 100; e or - 0o 0 0
- a B:: (=] < Lnoar o w
nunClasses = 9; - : 0 ABAD o
H LS m:?::;.mm::;ywmn;”:’l: SqueezeNet GooglLeNet ResNet-50
layers = [ E ’ B Begem Show mare
sequenceInputlLayer(inputSize) [ A
bilstmLayer(numHiddenUnits, 'OutputMode’, "last’) = ® = v Sequence Networks
fullyConnectedLayer(numClasses) B -
softmaxLayer i e o= : e 4 i
classificationLayer] o . el 4 i |
. e o 0
- . . X Incorrect 5 D D
o m m
fitcauto / fitrauto : V i 3
m |
2 AR o . Sequence-to-Label Sequence-to-Sequ...
CE T e o

Programmatically Leverage
using scripts Interactive design pre-defined networks
and functions using apps and pretrained networks
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Deep Learning in MATLAB
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 Create, train and deploy neural networks

— variety of applications

— pre-built networks

‘WRAREEAEEE

Create networks in the graphical designer

— design network easier and faster N ey [l e |

Find the optimal network using experiments

« Explain and visualize how networks work

Interoperability with other environments

Freprocess Data Impart or Build Train Network Tune Metwork Visualize and Verify Export Metwork
Neh Jork F{ewlts 5
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Create Deep Neural Networks in MATLAB
~100 layer types | Deep Network Designer Prepared functions Customizations
(low code)

5¢u1a;;;:§g§§ . : layers = [imageInputlLayer([28 28 1])

= = S convolution2dLayer(5,20)

0 - B=

2 B: relulLayer()

EE T maxPooling2dlLayer(2, 'Stride’,2)

Qe - fullyConnectedLayer(10)

B o

= g softmaxLayer()];

training opts = trainingOptions('solver'); custom training loops

using net = trainnet(data,layers,lossfcn,opts); automatic differentiation

APP* custom loss functions

scores

, add physical constraints
= predict(net,newData);

for most deep learning tasks PINN networks, GANS. ...
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Physics-Informed Neural Networks (PINNS)

* Neural networks that incorporate physical laws
— physical laws described by differential equations in their loss functions

e Malin purpose
— guide the learning process toward solutions that are more consistent with the underlying physics
— use the trained network as the solution of the differential equation

i ! i R

Deep Learning J Physics Knowledge

aT
— =V (EVT
pe o (kVT)

-

Physics-Informed
Neural Networks

.,

9 https://www.mathworks.com/discovery/physics-informed-neural-networks.html
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Physics-Informed Neural Networks: Loss Function

« Compute loss function L(c) from three terms
— Lpaa(0): known input-output data point from FEM solution
— Lcongs(0): Input-output data points from initial and boundary conditions

— Lpnysics(0): random input data with physical equation to force the physical constraints
Pre-computed FEM data i N
or measurement data Lpaa(o) = N E |Hpmd{gi, ti) — 9i|2 = MSE{ Hpredicted - gknuwn)
i=1

Boundary/Initial Conditions 1 N
Lconas(o) = N E |9pr{:d(ﬂ'iu 1) — '9;'|2 = MSE(Hpredicted — Bxnown)
i=1
Differential Equation I N
Lpnysics(0) =~ 2 | f Oprea(oi t))I* | = PDE(Opreicted) — 0
i=1
Optimization ﬁ Loss function o

Algorithm J‘.”k
G- '

L(6) = Lpaua(6) + Lconds(o) + LPhysics(ﬂ)

10
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Example: Partial Differential Equation
- ou , ou_0.010u

 Burger's equation: — — — -0

g g 5, — uax p——
* Initial conditions:  u(x,0) = —sin(zx) 05 1 et
) Boundary COndItlonS u(_1? f) — 0 o % ;g t:; ****************
* Solution space: (t,x) € (0,1) x (—1,1) \M

Data points from initial and boundary conditions are used for L.,.4 €valuation
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Example: FEM Results

 Data points computed by COMSOL Multiphysics used for Ly, evaluation

0.5
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d 0 0.5
1 X



Example: Enforce the Physics

* Random data samples used for Lppscs €Valuation

« Used to enforce the output of the network to fulfill the Burger's equation

13
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Example: Live Script in MA

4\ MATLAB R2025a

LAB

]
f/‘%/

HOME PLOTS APPS LIVE EDITOR INSERT VIEW Search (Ctri+Shift+Space)
L] ' Ifl>ﬂ < Normal + @ ¢ Refactor ~ ‘ [ section Break [:>
CB] ﬁ % Print Q E «;}%} Pa Code Issues @D
- Run and Advance
New Open Save [%l Export - Compare | GoTo Find Code Control Task Copilot Debugger Generate  Find Run Run Step
- M - - + [ Bockmark ~ E] e - - Test v Tests | Section M Runto End -
FILE MNAVIGATE TEXT CODE ANALYZE TEST SECTION RUN a
{::l |ﬁ' ﬁ (3 » G » UserData » Jirkovsky » Akce » 05 Konference COMSOL > Priklad > PINN -
LE Files i 2| Train_1D_PINN_COMSOL.mix X Workspace EB
Name + (D C:\UserDatalJirkovsky\Akce\05_Konference_COMSOL\Priklad\PINN'Train_1D_PINN_COMSOL.mix Name Value Size
¥ Function [@] net 1x1 dinetwo... 1x1 @3‘

m importFEMData.m
« Live Script
Test_multiple_networks.mlx
Train_1D_PINN_COMSOL.mIx
Train_1D_PINN_COMSOL _test.mlx
~ MAT-file
1) trainedNetCP1000.mat
15 trainedNetCP10000.mat
@ trainedNetCPfine1.mat
@ trainedNet.mat @
@ trainedMetworks.mat
« Plain Text File
= traning_data_coarse.txt
= traning_data_fine.txt

Solve PDE Using Physics-Informed Neural Network

This example shows how to train a physics-informed neural network (PINN) to predict the solutions of the
Burger's equation.

A physics-informed neural network (PINN) [1] is a neural network that incorporates physical laws into its
structure and training process. For example, you can train a neural network that outputs the solution of a
PDE that defines a physical system.

This example trains a PINN that takes samples (x, ¢) as input and outputs u(x, t), where u is the solution of
the Burger's equation:

0.01 Pu _
T ol

du du

o +u e
with u(x,0) = —sin(zx) as the initial condition, and «(—1,¢) = 0 and u(1,¢) = 0 as the boundary conditions.

This diagram illustrates the flow of data through the PINN.

PDE Solution

L1,L2yeey TN
t

—>»{ PINN

Training of this model combine collecting data in advance (FEM, measurement) with generated data
using the definition of the PDE and the constraints. -

Editor: 100% UTF-8 LF Script

14
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Example: Results

« Solution computed by the trained network at the timestamps 0.2, 0.5, 0.8, 1 sec
« Comparison with the standard (non-PINN) network trained only on the FEM data

Data-PINN Net
R R Data net
% ? . y FEM - train
£ : ] = = FEM -test
-1+ /// .|

t=0.8)
\
\
\
\
( 1)
\
\
\\
\

u(x, t=

15
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Example: Results
(zoom-in the result att = 1 sec)
Data-PINN Net
081 Data net
— FEM - train
ﬁ = = FEM -test
06 .
i 04
s 0.2
0 -
-0.14 -0.12 -01 -0.08 -0.06 -0.04 -0.02 0 0.02
X
« PINN trained on sparse data ( ) provides better results (Data-PINN net)

compared to the standard network without physical knowledge (Data net)
* The data (FEMm - test) IS assumed to represent the correct result

16
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Thank you for your attention!
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