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2 ‘ Structure-Property: Traditional Paradigm
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Calibrated Model Parameters
(e.g., Hill's quadratic anisotropic yield model constants)
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5 | Structure-Property: Agile, Data-driven Paradigm
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. Apply 9 levels of spread every 5° from 0 ° to 45 °
, | Surrogate Model: Generation of Dataset S ver

Pole figure with spread of 35 °
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5

Surrogate Model: Obtaining Fingerprint Descriptor

Colors denote the crystal lattice orientation

_ by ?
Wb

Fourier Series
Representation:
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Customized to account for symmetry.
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£.(g) is the probability N GSH representation of Testing Textures
distribution of the orientation of o
the crystal lattice.

GSH representation of Training Textures
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 Monte Carlo Sampling of 50 steps to sample the distribution of
weights to obtain a distribution of values.

I
s 1 Surrogate Model: Neural Network Linkage
I

e Architecture of 2 hidden layers with 81 nodes on each layer and
sigmoid activation function to predict the output.

e Architecture trained to 5000 epochs.
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7 ‘ Surrogate Model: Validating the developed Model
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Surrogate Model: Experimental Validation

Parameterizing Hill's quadratic

o 2
anisotropic yield model: f =F(oyy =022)" + G(0zz —0xx)? + H(0xx —0yy)" + 2(Loy, + Moy, + Nagy)
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Obtain Parameterized Constants 36000 times faster than Crystal Plasticity.
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‘ Surrogate Model: GUI-based Software Solution mod

Theory: Machine Learning based anisotropy prediction

Variational Bayesian Inference

Input ; Neural Network Model
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10 ‘ Structure-Property: Conclusion
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* Deep learning enabled us to establish an accurate and computationally efficient linkage between the I

underlying internal structure of the material and the resultant desired anisotropic constants while
accounting for the uncertainty.
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Generalized Spherical Harmonics

GSH Representation of Texture
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- ‘ GSH Representation

g = (0°,45°,0°)
with no Spread

g = (0°,45°,0°)
with 40° Spread

g = (356°,90°,45°)
with 40° Spread
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with no Spread
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14 ‘ Machine Learning Surrogate Model

the weights and biases.
« Uses Monte Carlo Sampling (50 steps) to sample the distribution of weights to obtain a

distribution of values. I
« Enables the incorporation of uncertainty in the prediction.
« Architecture of 2 hidden layers to predict the output.

« Bayesian Neural Network that trains the parameters that describe the distribution of I
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