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What Are Surrogate
Models?

A simplified model that replaces a
complex computational model

(e.qg., a simulation) without significant
loss of accuracy.
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Three (or Four?) Types of Surrogate Models
in COMSOL Multiphysics

1. DNN Based (Deep Neural Network)

Capturing complex, nonlinear relationships in large sets of data (Digital Twins),
included in COMSOL Multiphysics® without add-on products

2. GP Based (Gaussian Process)
A probabilistic framework that provides both predictions and uncertainty (Opitmization and
Uncertainty Quantification), can handle only thousands of data tables, requires add-on modules.

3. PCE Based (Polynomial Chaos Expansion)
Representing the influence of random variables (Sensitivity Analysis), can handle only thousands
of data tables, requires add-on modules.

4. (Other Methods: Model Order Reduction)
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Full model

Design of
experiments

Workflow

= Setting Up a full simulation model Design data
table

Computing for a ,,some” range of parameters (Design of Experiments)

— Manual range (parametric sweep) Definit q
erinition an

— Latin hypercube sampling (covers the space of parameters) Training of DNN

Definition and training in a new function type: Deep Neural Network

Surrogate model: multidimensional function approximation S“”Ojalte
mode

Calling the Deep Neural Network function, e.g. in App or in Digital Twin

Use

COMSOL App

or Digital twin
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DNN Architecture

What does DNN look like, and how do
you design it?

" |nput layer: number of inputs

= Aseries of hidden layers:
iterative process, knowledge,
empirical testing, trial and error

= An output layer: number of outputs
Input layer Hidden layers Output layer

Notes: Each layer consists of a number
of neurons. Too few layers/neurons
may lead to underfitting. Excess
layers/neurons can cause overfitting.

The figure shows a graph for a network with three hidden layers, five input nodes, and two output nodes.
COMSOL Multiphysics uses Dense feed-forward networks (Dense = every neuron is connected to every neuron
in the adjacent layer, Feed-Forward = data flows in one direction from input to output).
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The Neuron

Each neuron responds to n inputs by
returning a scalar output.

n
=1

Note: DNN Training is searching for
optimal values of Biases and Weights

Input Layer
Output features=4

1 1
x = (b +

Hidden Layer
Output features=8
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Hidden Layer
Output features=4
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Hidden Layer
Output features=1
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Activation Functions

Activation Functions in COMSOL
Multiphysics 6.3:

Linear: no activation, just a weighted
sum. Outputs: (—oo, oo)

RelLU: returns max(0, x)
zero or linear for x > 0. Outputs: [0, o),

ELU: returns x for x> 0, or e* pro x < 0.
It is smooth ReLU. Outputs: [0, o).

1
1+e=%

Sigmoid: with outputs: (0, 1)

—-X

Tanh:

with outputs: (-1, 1)

eX—e
eX+e—x
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Analytical Expression
for DNN Example

Thermal Microactuator is a MEMS device
that converts an electric input signal into
mechanical motion.

Simulation model settings:

= Electric current conduction,

= Heat conduction with Joule heating

= Thermal expansion (Stress and Strain)
Parameters:

= Actuator length

= Applied voltage

Model computes maximum displacement

oV

RIS ~pplied

voltage



o O » O W Sl v i 4 W ® M E S thermal actuator simplified.mph - COMSOL Multiphysics

W COMSOL File Home  Definitions Geometry Materials Physics Mesh Study Results Developer Stress (solid)
A iil ii @ P; @= Variables v su Equation Contributions v = Import :Ei \. '_,:
Application ~ Model Thermal Add Parameters Functions:= Build LAk Add Heat Transfer  Ac
Builder Manager Actuator v Component v v Parameter Case All [ Part Libraries Material in Solids v Phy
Workspace Model Definitions Geometry Materials Phy:s

. . Model Builder o1 Settings : ERE

Analytical Expression P s e et R ea-Bli-ErER G- @ @Ho- DuE
p Type filter text C | B Plot

v @ thermal_actuator_simplified.mph (root) Label: Stress (solid)

for DNN Example Ry

@ Default Model Inputs

all

3 . . “ Materials Dataset: Study 1/Solution 1 (sol ¥ =7
Thermal Microactuator is a MEMS device . Towmn At ) o
. . B . = Definitions election
that converts an electric input signal into > ] Geomety 1 —
. . % Materials
mechanical motion. > X Electric Curents e * Plot Settings
> | Heat Transfer in Solids (ht)
> C«‘ Solid Mechanics (solid) View:  Automatic v | |39
Simulation model settings: Y s e esting 1 oy ] Show idden et
> =2 Thermal Expansion 1 (te) [] Propagate hiding to lower dimensions
1 H es| Plot dataset edges
= Electric current conduction, .- o e -
. . ) v {i B"eStljDitastasets Frame: Spatial (x,y, ) n
= Heat conduction with Joule heating > £ Derived Values
> F Tables v Color Legend
. . > @ Electric P?tential (ec) Showlegers
= Thermal expansion (Stress and Strain) R A I i i
> W Stress (solid) ["] Show titles
) ‘j’% Export ["] Show units
Parameters: i Position: | LIl Right .
Text color: ~ From theme Y

= Actuator length

> Number Format

= Applied voltage > Plot Array

> Window Settings

Messages X Progress Log Table 2

Model computes maximum displacement —=
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Analytical Expression
for DNN Example

Thermal Microactuator is a MEMS device
that converts an electric input signal into
mechanical motion.

Simulation model settings:

= Electric current conduction,

= Heat conduction with Joule heating

= Thermal expansion (Stress and Strain)
Parameters:

= Actuator length

= Applied voltage

Model computes maximum displacement

Wy 4

(1)

dnn(x1,x2) =
tanh(w3_11*(tanh(w2_11*(tanh(wl_11*(x1)+wl_21*(x2)+b1_1))+w2 21*(tanh(wl_12*(x1)+wl1 22
*(x2)+b1_2))+w2_31*(tanh(wl_13*(x1)+wl_23*(x2)+b1_3))+w2_41*(tanh(wl_14*(x1)+w1_24%*(x2)
+b1_4))+b2_1))+w3 21*(tanh(w2_12*(tanh(wl1_11*(x1)+wl_21*(x2)+b1_1))+w2 22
*(tanh(w1_12*(x1)+wl_22*(x2)+b1_2))+w2 32*(tanh(wl1_13*(x1)+wl_23*(x2)+b1_3))+w2 42*
(tanh(w1_14*(x1)+wl_24*(x2)+b1_4))+b2 2))+b3 1)

wil 11
6.479052
wil 21
-0.01446
b1 1
-0.03275
w2_11
1.882123
w2_31
-235.551
b2 1
-175.955
w3_11
-141.037
b3_1
8.237812

wil 12
-83.5153
wil 22
-2.50149
b1 2
9.940952
w2_12
131.0688
w2_32
-211.39
b2_2
-115.824
w3 21
-148.391

wl_ 13
-740.349
wl_23
0.217145
bl 3
-2.92705
w2_21
0.004636
w2_41
-61.658

wl_14 Surface: Linear Interpolation Surface: Deep Neural Network 1
1028.273
wl_24
-0.23627
bl_4
2.314871
w2_22
-0.17448
w2_42
-81.0836

3
m

The Table shows optimized values of weights and biases. The data needs to be scaled before the network can be
optimized, since the network uses the tanh activation function, and the output values of tanh are limited to (-1, 1).



W COMSOL Tanh [2,4,8,4,1] s RelLU + Linear [2,8,16,8,1]

Influence of Network
Architecture and
Activation Function

For regression tasks, as an alternative to
using the tanh activation function,

a combination of the RelLU and Linear
activation functions can be used.
Comparision:

RelU + Linear [2,32,64,32,1]

= Tanh [2,4,8,4,1]

RelLU + Linear [2,4,8,4,1] — Loss 0.2

RelLU + Linear [2,8,16,8,1]

RelLU + Linear [2,16,32,16,1]

RelLU + Linear [2,32,64,32,1]
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Training a DNN

Training involves optimizing weights and biases
to minimize error.

Objective of training: Align the surrogate model
closely with the finite element model.

COMSOL uses the ADAM (Adaptive Moment
Estimation) algorithm, which evaluates the first
(mean) and second (variance) moments of the
gradient of the loss function to optimize weights
and biases.

Error measurement is calculated via the loss
function.

Different types of loss functions can be used.

The default loss function is Root-mean-square
error (RMSE).

Graphics  Convergence Plot 1 M
QaQ@- LWEDE a o~ @8

Deep neural network training

1
1

01r
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Loss value
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iy ““‘LWMW&

0.005, : .

1 1 1 1 1
0 500 1000 1500 2000 2500 3000

ADAM algorithm is adaptive stochastic gradient descent method (SGD). The stochastic method randomly selects one
small mini-batch of data ata time, to perform an update on the network parameters. The randomness in selecting
data points introduces variability in the gradient estimates, which helps escaping local minima in the loss landscape,
potentially leading to better generalization on unseen data. As a result, the updates to the network parameters are
noisy, as can be seen from the convergence plots.
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Training and Validation Loss

Training data are split into Primary training data and Validation data.

Design data table

= Training loss:

— Reflects model performance on the primary training data.

= \alidation loss:

— Indicates model performance on a separate, unseen subset of data. Why?
If we tram.and test the mode_l on the same data, it can learn the specifics of that Primary training data
data, leading to poor generalization.

Note: When | was a child, | loved solving equations. Every math book had a few
step-by-step examples, and | learned from these examples. Then, | solved new
problems using what | had learned and checked my answers with the correct
solutions—that’s like training loss and validation loss.



YW COMSOL ~ Training and Validation

Method: Adam -
Learning rate: Te-3

Weight decay: 0

Batch size: 312

Training and Validation '

Random seed type:

. Random seed: 0
S ett I n gS Stop cendition
MNumber of epochs: 50000
= [earning rate: the step size during the Validation data
optimization process. Too small rate can lead to Validation data: Random sample of data values -
the model getting stuck in a local minimum. Too Validation data fraction: 0.1
large rate can result in overshooting the minimum Random sced type: — .
and poor convergence. Random sced: .

= Batch size: the division of training data into
subsets during the optimization process. Too small
batch can lead to noisy gradient updates and
longer training times. Too large batch might lead
to poor generalization.

=  Number of epochs: number of complete passes
through the entire dataset. Too few epochs can
result in underfitting, where the model has not
adequately learned from the training data. Too
many epochs can lead to overfitting, where the
model learns the noise in the training data and
performs poorly on new, unseen data.

» \Validation data fraction: the size of the validation
data sample.

Visualization of an overfitted model (left) and Well-fitted model (right)
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1D Burger’s equation

0.01 9%u
T 0x?

ou ou

ot dx =0

Equation:
Space and time domain: x € (—1,1), t € (0, 1)
Initial conditions: u(x,0) = —sin(mwx)

Boundary conditions: u(—1,t) =0, u(1,t) =0

Dependent variable u

Line Graph: Dependent variable u Line Graph Color: Time t
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Model Builder

— = 1 | = =t~

[T}
il
4
4

41
4

Type filter text

cC

v & Burgers_Equation COMSOL_jemnejsi.mph (root)

v @ Global Definitions
Pi Parameters 1

How to Type Your Own D

v — Component 1 (comp1)
Equation in COMSOL
= 1D Component . t:i::umon(ﬁn)

v Au General Form PDE (g)
> ®— General Form PDE 1
. Zero Flux 1

2 Initial Values 1

— Interval

vovov

- Dirichlet Boundary Condition 1
" Equation View

= 1D General Form PDE
VMeshes

— Filling the equation into the template v A Mech 1
Al size
— Initial Condition Settings v Edge1
I Distribution 1

— Dirichlet Boundary Condition /8 Mesh 2
/8 Mesh 3

LB Mesh 4

= User Controled Mesh /8 Meshs

/8 Mesh 6

_ . . . . /B Mesh
Edge with Distribution B s

_ £8 Mesh 9
1000 elements 48 ot 10
(]

LB Mesh 11

. Tlme Dependent StUdy ’ w]zt:dsie‘]p 1: Time Dependent
— Output times: range(0,1/50,1)

> I Results
— Adaptive mesh refinement

Settings

General Form PDE
Label: General Form PDE 1
v Domain Selection

Selection: All domains

!

D ) @

eS|

> Override and Contribution
v Equation

Show equation assuming:
Study 1, Time Dependent
Fu Ou _

ea?+dB§+V-F—f

v Conservative Flux

T -ux*0.01/pi

v Source Term

f-u*ux

v Damping or Mass Coefficient
d, 1

v Mass Coefficient

€ 0

Settings

. Time Dependent

= Compute

Label: Time Dependent

v

Study Settings

Output times:  range(0,1/50,1)

Tolerance: Physics controlled

>

>

>

>

>

~

Results While Solving

Physics and Variables Selection
Values of Dependent Variables
Store in Qutput

Mesh Selection

Adaptation

Adaptive mesh refinement: Adaptive mesh refinement

Adaptation in geometry: Geometry 1 >

Time-interval control

Time-interval length: Manual

Mesh element control

Adaptation method: Longest edge refinement

>

>

Geometric Entity Selection for Adaptation

Study Extensions

Jl
Lt
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Model Builder

— = 1 | = =t~

[T}
il
4
4

41
4

Type filter text

cC

v & Burgers_Equation COMSOL_jemnejsi.mph (root)

v @ Global Definitions
Pi Parameters 1

How to Type Your Own D

v — Component 1 (comp1)
Equation in COMSOL
= 1D Component . t:i::umon(ﬁn)

v Au General Form PDE (g)
> ®— General Form PDE 1
. Zero Flux 1

2 Initial Values 1

— Interval

vovov

- Dirichlet Boundary Condition 1
" Equation View

= 1D General Form PDE
VMeshes

— Filling the equation into the template v A Mech 1
Al size
— Initial Condition Settings v Edge1
I Distribution 1

— Dirichlet Boundary Condition /8 Mesh 2
/8 Mesh 3

LB Mesh 4

= User Controled Mesh /8 Meshs

/8 Mesh 6

_ . . . . /B Mesh
Edge with Distribution B s

_ £8 Mesh 9
1000 elements 48 ot 10
(]

LB Mesh 11

. Tlme Dependent StUdy ’ w]zt:dsie‘]p 1: Time Dependent
— Output times: range(0,1/50,1)

> I Results
— Adaptive mesh refinement

Settings

General Form PDE
Label: General Form PDE 1
v Domain Selection

Selection: All domains

!

D ) @

eS|

> Override and Contribution
v Equation

Show equation assuming:
Study 1, Time Dependent
Fu Ou _

ea?+dB§+V-F—f

v Conservative Flux

T -ux*0.01/pi

v Source Term

f-u*ux

v Damping or Mass Coefficient
d, 1

v Mass Coefficient

€ 0

Settings

. Time Dependent

= Compute

Label: Time Dependent

v

Study Settings

Output times:  range(0,1/50,1)

Tolerance: Physics controlled

>

>

>

>

>

~

Results While Solving

Physics and Variables Selection
Values of Dependent Variables
Store in Qutput

Mesh Selection

Adaptation

Adaptive mesh refinement: Adaptive mesh refinement

Adaptation in geometry: Geometry 1 >

Time-interval control

Time-interval length: Manual

Mesh element control

Adaptation method: Longest edge refinement

>

>

Geometric Entity Selection for Adaptation

Study Extensions
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Baking a Deep Neural
Network (DNN)

= Export Data "

“OMSOL.mph (root)
w
1 Pi Parameters

2= Variables

Q

Equation Contributions

Functions

Geometry Parts
Mesh Parts

% Default Model Inputs

Materials
’ Load and Constraint Groups
= Functions: Deep Neural Network Thermocynamics
Parameter Estimation
— Data: exported *.txt table Extra Dimensions
‘@ Show More Options...
— Data Columns: Q,, i
i« Node Group
arguments: x, t = Group by Type
function value: u Help

Layers and Activations:
[2, 8,16, 32, 8, 1] with tanh activation

Training and Validation:

Default settings + Train on GPU
First 10000 epochs with rate 1e-3
Other 5000 epochs with rate 1le-4
Continue Training

= Plot DNN in the x-t-u space

Settings

Global Definitions

F1

Analytic
Interpolation
Piecewise
Gaussian Pulse
Ramp
Rectangle

Step

Triangle

v Waveform

Normal Distribution
Random

External

MATLAB

Elevation (DEM)
Image

Least-Squares Fit
Gaussian Process
Polynomial Chaos Expansion
Deep Neural Network
Partial Fraction Fit

Function Switch
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Baking a Deep Neural
Network (DNN)

= Export Data

= Functions: Deep Neural Network

Data: exported *.txt table

Data Columns:
arguments: x, t
function value: u

Layers and Activations:
[2, 8,16, 32, 8, 1] with tanh activation

Training and Validation:

Default settings + Train on GPU
First 10000 epochs with rate 1e-3
Other 5000 epochs with rate 1le-4
Continue Training

= Plot DNN in the x-t-u space

=l v

L
-1
4

“OMSOL.mph (root)

w
1

cc

>
*

0i

B il

Parameters

Variables

Equation Contributions
Functions

Geometry Parts

Mesh Parts

Default Model Inputs
Materials

Load and Constraint Groups
Thermodynamics
Parameter Estimation
Extra Dimensions
Show More Options...
Nede Group

Group by Type

Help

Settings

Global Definitions

Fi

@ L“') /

Analytic

Interpolation
Piecewise

Gaussian Pulse

Ramp

Rectangle

Step

Triangle

Waveform

Normal Distribution
Random

External

MATLAB

Elevation (DEM)
Image

Least-Squares Fit
Gaussian Process
Polynomial Chaos Exp
Deep Neural Network
Partial Fraction Fit

Function Switch

Settings
Deep Neural Network
Plot &1 Create Plot [ Train Model [} Continue Training

Label: Deep Neural Network 1 =
v Layers
" Type Settings
Input ¥ | Input, Input features=2
Dense ¥ |Hidden, Output features=8, Activation=tanh
Dense ¥ |Hidden, Output features=16, Activation=tanh
Dense v |Hidden, Output features=32, Activation=tanh
Dense v |Hidden, Output features=8, Activation=tanh
Dense ¥ | Qutput, Output features=1, Activation=tanh
t i+ 5\
Output features: 1
Activation: tanh v

Layer configuration: [2,8,16,32,8,1]

v Data

Data source: File v

Decimal separator: Point v
USERS\Desktop\Data.txt b~

Filename: & Browse ¥ [ Import

(' Refresh
Ignore NaN/Inf data points

v Data Column Settings

44
Column: | Type Settings

X Argu v |Name=x1, Scaling=to01
t Argu v |Name=x2, Scaling=to01
u Func ¥ 'Name=dnn1, Scaling=to01



Settings
Deep Neural Network
Plot &1 Create Plot [ Train Model [} Continue Training
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Settings

Global Definitions

=l v

L
-1
4

c Label: Deep Neural Network 1 =
“OMSOL.mph (root)
r v Layers
1 Pi" Parameters
° A= Variables [0 Type Settings
Ba kI n g a D e e p N e u ra I i Equation Contributions Input ¥ |Input, Input features=2
Functions g Analytic ’ A
Q Dense ¥ |Hidden, Output features=8, Activation=tanh
Int: lati
N etWO rk ( D N N ) Geometry Parts nierpotation Dense ¥ |Hidden, Output features=16, Activation=tanh
Piecewise
u Mesh Parts Dense v |Hidden, Output features=32, Activation=tanh
PO /U Gaussian Pulse
- E D % Default Model Inputs = Dense v |Hidden, Output features=8, Activation=tanh
Xport ata n Materials ’ Ramp .
u n D~ ¥ Output, Output features=1, Activation=tanh
. Rectangle
Load and Constraint Groups
u 1 . | k Th d ) | step .
Functions: Deep Neural Networ ermodynamics o b+ 5
Parameter Estimation IN ) 9 Output features: 1
. * WY Waveform
— Data: exported *.txt table Extrs Dimensions _ Activation: fanh .
. Normal Distribution
@ Show More Options... Ly Layer configuration: [2,8,16,32,8,1]
. MW
— Data Columns: S s ! Random
‘ta] Node Lroup 4 External v Data
arguments: x, t = Group by Type \rLa
H . ~ Data source: File v
function value: u Help FI O Elevation (DEM)
Decimal separator: Point v
Layers and Activations: oo
\% : 7 Least-Squares Fit USERS\Desktop\Data.txt 0~
1 1 1 Fil B -
[2, 8, 16, 32, 8, 1] Wlth tanh aCtIVatlon % Gaussian Process fename B Browse [ Import
2 ol 1 Chaos E ( Refresh
.. . . 27 Polynomial Chaos Exp )
— . Ignore NaN/Inf data points
Training and Validation: < Deep Nourl Nemword
Default settings + Train on GPU / partial Fraction Fit  Data Column Settings
%1 Function Switch

First 10000 epochs with rate 1e-3
Other 5000 epochs with rate 1le-4
Continue Training

= Plot DNN in the x-t-u space

44
Column: | Type Settings

X Argu v |Name=x1, Scaling=to01

t Argu v |Name=x2, Scaling=to01

u Func ¥ 'Name=dnn1, Scaling=to01



Settings

Y8 COMSOL Se‘ttings Deep Neural Network
Slv ZEv §~ Global Definitions Plot &1 Create Plot [ Train Model [} Continue Training
C Label: Deep Neural Network 1 =

“OMSOL.mph (root)

r v Layers
Pi Parameters

° A= Variables [0 Type Settings
B a I n g a D e e p N e u ra i Equation Contributions ' Input ¥ |Input, Input features=2
Functions » g Analytic

Dense ¥ |Hidden, Output features=8, Activation=tanh

1. Interpolati
N etWO rk D N N Geometry Parts > mierporation Dense ¥ |Hidden, Output features=16, Activation=tanh
Mesh Parts » /. Piecewise

u Dense v |Hidden, Output features=32, Activation=tanh
% Default Model Inputs /. Gaussian Pulse . .
. Dense v |Hidden, Output features=8, Activation=tanh
= Export Data " - /- Ramp
M | 4
p u aterials Dense ¥ | Qutput, Output features=1, Activation=tanh
Load and Constraint Groups 4 1 Rectangle
. _ I Step
= Functions: Deep Neural Network Thermodynarnics . R
Parameter Estimation 4 IW 9 Output features: 1
vee Waveform
- Data eXpO rted * tXt ta b | e Extra Dimensions 4 Activation: tanh =

.

Normal Distribution

0i

Show More Options... Layer configuration: [2,8,16,32,8,1]

— Data Columns: 1 Node Group é :;ndon: Dat v Training and Validation
‘ terna v Data
d rgu m ents: X, t £ Group by Type MATLAB _ Method: Adam
fU N Cthﬂ Va I ue: u Help F1 ‘D Elevation (DEM) Data source: File Learning rate: Te-3
Image Decimal separator: Point e ] 0
— Layers and Activations: P UseRs\Desktor —
. . . g . atch size:
[2, 8, 16, 32, 8, 1] Wlth tanh aCtIVatIOP % Gaussian Process Filename: BiEnEs L ion:
. C Refresh oss function: Root-mean-square error
.. . . 2+ Polynomial Chaos Exp ) .
_ Tra ini ng an d Va I | datl on: - STRTT— Ignore NaN/Inf data points Random seed type: Fixed
Default settings + Train on GPU /- Pt acion e Data Column Settings SO 0
First 10000 epochs with rate 1e-3 f_Function Switch__| NSRRI R SRl siop condition
Other 5000 epOChS W|th rate 1e-4 X Argu ¥ |Name=x1 Number of epochs: 1000
Continue Training ‘ Atg v | Namex —Yelldation data
u Func ¥ Name=dr Validation data: Random sample of data values
H Validation data fraction: 0.1
u —-T-
Plot DNN in the x-t-u space =

Random seed: 0
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Y8 COMSOL Se‘ttings Deep Neural Network
Slv ZEv §~ Global Definitions Plot &1 Create Plot [ Train Model [} Continue Training
C Label: Deep Neural Network 1 =

“OMSOL.mph (root)

r v Layers
Pi Parameters

° A= Variables [0 Type Settings
B a I n g a D e e p N e u ra i Equation Contributions ' Input ¥ |Input, Input features=2
Functions » g Analytic

Dense ¥ |Hidden, Output features=8, Activation=tanh

1. Interpolati
N etWO rk D N N Geometry Parts > mierporation Dense ¥ |Hidden, Output features=16, Activation=tanh
Mesh Parts » /. Piecewise

u Dense v |Hidden, Output features=32, Activation=tanh
% Default Model Inputs /. Gaussian Pulse . .
. Dense v |Hidden, Output features=8, Activation=tanh
= Export Data " - /- Ramp
M | 4
p u aterials Dense ¥ | Qutput, Output features=1, Activation=tanh
Load and Constraint Groups 4 1 Rectangle
. _ I Step
= Functions: Deep Neural Network Thermodynarnics . R
Parameter Estimation 4 IW 9 Output features: 1
vee Waveform
- Data eXpO rted * tXt ta b | e Extra Dimensions 4 Activation: tanh =

.

Normal Distribution
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Show More Options... Layer configuration: [2,8,16,32,8,1]

o Data COl u m ns: ! Node Group é :::rl:: - Data v Training and Validation
argu m ents: x, t € Group by Type MATLAB _ Method: Adam
fU N Ct I0ON vVa I ue: u Help F1 ‘D Elevation (DEM) Data source: File Learning rate: Te-3
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. . . : ) atch size:
[2, 8, 16, 32, 8, 1] Wlth tanh aCtIVatlon % Gaussian Process Filename: ¥ Browse ~ L L
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First 10000 epochs with rate 1e-3 fA_Fundtion Switch M Column:|Type | Settings  — Stop condition
Other 5000 epOChS W|th rate 1e-4 X Argu ¥ |Name=x1 Number of epochs: 1000
Continue Training t Argu v Name=xz  Validation data
u Func ¥ Name=dr Validation data: Random sample of data values
u P I Ot D N N | N th e X- t_u S pa ce Validation data fraction: 0.1

Random seed type: Fixed

Random seed: 0
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° A= Variables [0 Type Settings
B a I n g a D e e p N e u ra i Equation Contributions ' Input ¥ |Input, Input features=2
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Dense ¥ |Hidden, Output features=8, Activation=tanh

1. Interpolati
N etWO rk D N N Geometry Parts > mierporation Dense ¥ |Hidden, Output features=16, Activation=tanh
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= Export Data " - /- Ramp
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vee Waveform
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Show More Options... Layer configuration: [2,8,16,32,8,1]
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Data COl umns: 1 Node Group % E:: On: 5 v Training and Validation
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d rg ume nts . X/ t = Group by Type MATLAB | Method: Adam
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" Image Decimal separator: Point e 0
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. . . 7 Least-Squares Fit ] Batch size: 512
[2, 8, 16, 32, 8, 1] Wlth tanh aCtIVatlon % Gaussian Process Filename: BiEnEs L Reree
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. . : d d:
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u Func ¥ Name=dr Validation data: Random sample of data values

Validation data fraction: 0.1

= Plot DNN in the x-t-u space

Random seed type: Fixed

Random seed: 0
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u Func ¥ Name=dr Validation data: Random sample of data values

Validation data fraction: 0.1

= Plot DNN in the x-t-u space

Random seed type: Fixed

Random seed: 0
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Plot DNN in the x-t-u space N

Random seed: 0
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Plot DNN in the x-t-u space N

Random seed: 0
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Deep neural network training dnnl(x1,x2)

x10™
201
0.8
0.6
Baking a Deep Neural :
2 0.2
Network (DNN)
-0.4
= Export Data o
. I *Vali_da_wtlos 08
= Functions: Deep Neural Network Training loss
0 1000 2000 3000 4000
— Data: exported *.txt table Epoch
— Data Columns:
arguments: x, t
function value: u
- Laye IS a nd ACtlvatlonS Line Graph: Dependent variable ulLine Graph: Deep Neural Network Line Graph: Dependent variable ulLine Graph: Deep Neural Network
[2, 8, 16, 32, 8, 1] with tanh activation 1r —_COMSOL 0.3 1.015} — COMSOL 0.3
. . . 0.8 —COMSOL 0.5 1.01} —COMSOL 0.5
— Training and Validation: o ~ComsoL 1 1.005) ComsoL1
Default settings + Train on GPU ol o —— 0505 S ——
First 10000 epochs with rate 1le-3 0 v
Other 5000 epochs with rate 1e-4 ol 0.98]
Continue Training i Cot
-0.4} 0.965
= Plot DNN in the x-t-u space Py |
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0.945¢
At 0.94

-1 -0.5 0 L5 1 -0.06 -0.04 -0.02 0



More Realistic Example

Martin Kozisek
kozisek@humusoft.cz



mailto:kozisek@humusoft.cz
https://www.linkedin.com/in/martinkozisek/

@ B3 Application Library | COMSOL © X @ Air-Cooled BESS | COMSOL Se' X +

o COMSOL < C Q Zadejte webovou adresu nebo dotaz pro vyhledava¢ Google

Compute

More Realistic Example: —
Less Tra i n i ng Data Ambient Temperature 10 - Qa@-BLriyizkn ¢ e EDa )

Power of the Cell 8 w

= Design Space x-t-u is perfect showcase,
but you would probably use interpolation =
Instead Of DNN Computed results

© Results preview

= DNN is technology for larger sets of data
and more complex systemes.

= |magine x-y-z-T-P training data space:
— Air Cooled BESS

— Training data for 55 parameter values
(105 M rows in the table)

— DNN [5,50,100,200,300,200,100,50,1]

— Digital Twin in application

= |n this case — you will have probably
sparse space of training data
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More Realistic Example:

Less Training Data

= 1D Component

— Interval

= 1D General Form PDE
— Filling the equation into the template
— Initial Condition Settings
— Dirichlet Boundary Condition

= User Controled Mesh
— Edge with Distribution
—1000-elements-

= Time Dependent Study
— Output times: range(0,1/50,1)
oot o

Dependent variable u

1.05¢

0.95¢

0.85¢

0.8

0.75¢

0.7r

0.65¢

0.6~

0.55¢

0.5r

.
.
.
L .
5 .
.
.
.
.

— COMSOL not refined 0.3 s
— COMSOL not refined 0.5 s |{
— COMSOL not refined 0.8 s
— COMSOL not refined 1 s
----- COMSOL refined 0.3 s

----- COMSOL refined 0.5 s

""" COMSOL refined 0.8 s

----- COMSOL refined 1 s

-0.3 -0.2 -0.1
X-coordinate

0.1 0.2
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What if there is only a small amount of data due to high
computational cost? Training data are either missing or have bad

More ReaIiStiC Example: precisi(?n in potentially important regions! DNN has no chance to
L. approximate the real-physics correctly.
Less Training Data

—COMSOL not refineoi 0.3s
1.05¢ — COMSOL not refined 0.5 s |-
= 1D Component — COMSOL not refined 0.8 5
—— COMSOL not refined 1 s
— Interval e COMSOL refined 0.3 s
'''''''' s -=:+ COMSOL refined 0.5 s
095+ T N e COMSOL refined 0.8 s
= 1D General Form PDE . . S COMSOL refined 1 s
0.9 A
— Filling the equation into the template
— Initial Condition Settings g 08 E
— Dirichlet Boundary Condition s o
g 075
= User Controled Mesh 5 g
I g 07f :E
— Edge with Distribution ° A\t
—1000-elements- 50 elements 063 O @ E
| B
= Time Dependent Study NI
0.55" S
— Output times: range(0,1/50,1) s
. . 0.5- =

-0.3 -0.2 -0.1 0.1 0.2
X-coordinate

o
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What if there is only a small amount of data due to high
computational cost? Training data are either missing or have bad

More ReaIiStiC Example- precision in potentially important regions! DNN has no chance to
L. ’ approximate the real-physics correctly.
Less Training Data | | | 8 One option is to.
Lodl include information |
" 1D Component in the loss function
— Interval il B 2bout whether the
= 1D General Form PDE 095 NS i PDE is satisfied!
— Filling the equation into the template = :
— Initial Condition Settings é o83
— Dirichlet Boundary Condition s o
g 075
= User Controled Mesh 5 g
— Edge with Distribution & o7 N
—3000-elements- 50 elements 0% O \\n‘?
0.6 =
= Time Dependent Study Q)
0.55} -
— Output times: range(0,1/50,1) Z
B | : | 0.5 S
—6.3 -d.Z -d.l L(I) Ol.l OI.Z

X-coordinate



