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- Phase identification is a process of classifying a certain spatial configuration of * More hidden layers are detrimental to model accuracy * Even with the extreme computational speedup, this method maintains better or
atoms as a certain type of ‘phase’, which is often a periodic crystal lattice » More hidden units improve model accuracy comparable accuracies to the leading method

» Common methods for phase identification are based around comparing an » Lower learning rates improve model accuracy

observed structure to an ideal structure. 16 75% 78%
32 85% 86%

» A shortcoming of these methods is that they are extremely specialized to a few Computation Time Comparison to Leading Method . 00, 000,
specific simple structures, and they are unable to classify non-periodic

structures, such as amorphous, or melt | . . .
» Erhard et al. presented a method for crystal identification which involves 5102 Shock Simulation

classifying crystal structures using Dynamic Graph Convolutional Neural Gaussian Kernel Model
Networks (DGCNN)

« Erhard’s method is an extremely accurate, however slow to compute. We
present a novel method for phase identification using machine learning which
possesses similar accuracy with an extreme computational speedup.
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* Work by Tancik et al. shows that in low dimensional, high frequency input — S :
. . rostatic kam am ompression
domains, neural networks learn best on Fourier features because the Neural (Amorphous 510y) (Stishovite)
Tangent Kernel can represent the spatial proximity of points

» According to Rahimi et al. for points in Euclidean space, their representations Confusion Matrix | | , ‘
as Fourier features with frequencies drawn from a kernel distribution will have | | Y tmems
dot products that approximate the kernel.
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* Therefore, taking the sum Fourier features for each point in a local environment,
and then applying the first weight matrix of a neural network approximates the
Gaussian Kernel sum between each point and a set of ‘latent’ sample points
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Conclusion and Future Work

Neural Tangent Kernel
9 * We present a novel method for material phase identification using neural

» According to Jacot et al. a neural network will converge to the Neural Tangent networks that presents comparable accuracies with a large computational

Kernel as the number of hidden units goes to infinity IR speedup compared to the leading method
df(x;:0) Of(x;:8) LS I L A » Future work will involve increasing the hidden units and decreasing learning
knti (%0 %) = By : ! rate to develop more accurate models, and incorporate new structure types
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* To validate the theoretical efficiency of our method, we view the Neural Tangent o e References
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