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1. Background and motivation
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Analytical homogenization
methods; simplification of
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) Machine-learning based
methods; dataset construction

Numerical upscaling methods; high /
computing cost
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1. Background and motivation @/

U Three key issues:

V ldentification of constituents properties

o Direct microscopic tests, not always possible, expansive

o ML solutions, macro to micro, use of conventional data such as=|%and P
V Prediction of macroscopic properties and their uncertainty

o Analytical micromechanical models, simplified RVE

o Stochastic ML models, complex microstructures

V Improvement of materials performance (3D printing)
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1. Main machine learning algorithms/techniques

Artificial | neural network (ANN)
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2. ANN models
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ANN models
0 one input, one output, one or several hidden layers
0 a specific number of neurons in each layer
o weighted summation of inputs
0 producing outputs, with appropriate activation functions; , ()
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2. ANN models 6\/

T

Hyperparameters: Classification or
Regression problems

V Numberof neurons
. X1, X2, X3, X4 V1> Y2

V' Numberof hiddenlayers | ;
V Activation functions 68— onematsmas | [T}
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Note:

@®: Train

®: Test the trained model

©: Acceptable

@ : Unacceptable

ReLU:, (0 | A@toy) linear, (@ o
1d(e) 2d(e)

Flowchartfor building an ANN model
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V Learn and build nonlinear and complex relationships

Activation functions V Infer unknown relationships between unknown data
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