CIVIL-408

Multiscale Modeling
In Mechanics

Prof. Kostas Karapiperis

Exercises - Week 10



=PFL Quiz

What is the main advantage of a Physics-Informed Neural Operator (PINO)
over a Physics-Informed Neural Network (PINN) in solving mechanics
problems?

a. A PINO can learn the general relationship between inputs and outputs, so it
can handle new boundary conditions or loads without retraining.

b. A PINO strongly enforces physical laws in its loss function.
c. A PINO is easier to train compared to a PINN.
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£PFL Machine learning-based multiscale modeling
Application to homogenization of elastic composite: Data

You are given a material dataset obtained by probing the effective constitutive response

of a 2D isotropic composite material along different directions by repeatedly solving a
boundary value problem an RVE:
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£PFL Machine learning-based multiscale modeling
Neural network-based surrogate constitutive law

B CIVIL 408

We will use a thermodynamics-informed neural network. Recall from our lecture:

Training:
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We will use a simple Multilayer
perceptron (Feedforward NN) to
approximate the energy.

Note: Whoever is interested may also
implement Input Convex Neural
Networks, which guarantee convexity
of the free energy!
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EPFL  EXercise
Part 1: Training the neural network

Our first task is to train our neural network in order to obtain a surrogate model which we
can later use within an FEM framework.

We monitor the components of the loss function during training and investigate the
accuracy of a trained model at an unseen test dataset.
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=PFL Python implementation

train_constitutive_model.py
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Neural network

MLP

with chosen:
- hidden dim
- number of layers
- activation function

~

Data Loader

data.h5

Split into training (80%)

and testing (20%)
J
N
(Optional)
Plot trained model
Y,

Instantiate
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Batch
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Save state of the
model
(weights/biases)
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model.pt
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- Initialize model

- Define optimizer and
scheduler

- Define your testing
function

- Train for a defined
number of epochs
getting each batch of
data from the data
loader

- Keep track of the test
loss at each epoch, and
save the model state
at the best epoch
(lowest test loss)
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=PFL  EXercise

Part 2: Utilizing the neural network as a surrogate constitutive law

Our second task is to setup the Finite Element model and interface it with our trained
thermodynamically-informed neural network-based constitutive law.
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=PFL Python implementation
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constitutive_model.py

- ——————

Reads trained Pytorch
model.

- Evaluates the energy
given the strain

- Diffentiates the
energy to compute the
stress and the stiffness
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readmesh.py

/ Geometry \

coordinates

Mesh
connectivity

Essential boundary
conditions

\ Uo, Fext

)

fem

stress,
stiffness

quadrature.py

v

Implements
Gaussian
quadrature
rule
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ml-2d.ipynb
material_point.py
(element)
local stress,
stiffness
assembler.py
global forces,
stiffness
solver.py

displacement
vector

U

postprocessor.py
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=PFL Python notebook

Let’s move to the Python notebook



