Evaluating the Robustness of a 4D STEM Autoencoder to Noisy Inputs
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Neural Networks can assist 4D STEM dataset analysis [2][3][4]. Methods

Reduce damage to the specimen = send less electron beams [5] 2 Train and test the model with different noise levels to measure its robustness to noisy inputs.

larger noise to the dataset

* What is the maximum noise level that the neural network can handle? I
Takeaways #1
» How could we enhance the model’s robustness? | | | Takeaways #2
The larger the noise level is, the worse the model's | By injecting noise into the training set, we can improve
CC-ST-AE trains. : the robustness of the model.
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scientists can learn some structural properties. |
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Qin et al. proposed a neural network structure called cycle-consistent-spatial-transforming |
auto-encoders (CC-ST-AE) to extract spatial parameters like crystallographic strain, shear, S e e e I_ '''''''''''''''''''''''''''''''''''''
and rotation to understand material properties [3], [4]. Takeaways #3 |
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balances small spread with lower loss. . : . - : L
A P | | Data augmentation with training with a combination of
Test loss with Different Seeds, Testing Noise = 0.3 - various noise levels
= =) 1.21 o '  Hyper-parameter tuning for the learning rate, seed, and
AN -
S| 3 | batch size
§ %é o |  Explore technigues such as regularization, pruning, and
o = © o 0 : guantization to make this suitable for edge deployment.
7 ©
3l 3 JIE 2 < Diffraction T I \ )
oM > < ) @© 4 » 0.8 - I
=1 & Sk = messssm=) ~ Scaler shear g
sk o . % - '
= S rotation @ I
51 8 0 : References
> o 1 T [
g (>é —T— [1] 1. 4D STEM — Gatan, “4d stem,” 2024, https:/iwww.gatan.com/techniques/4d-stem [Accessed: 9-1-2024].
OfF = b o momieings roudhaning Moine Loating: Seioncs ndTedmology ver .1 4. ALTOL 2020, e e SOMES e Sienas s e
04 n E/:\%I]Ois(s;nr;yJz.ogg.a[birriier;ll.;'Vrznék‘;:z(::;Jw:;;;or;c;isryeji(:;iI;At/fsct)rriirr;;da:p;;ntsgNlésoigsvgycIe consistent spatial transforming autoencoders,” in Al for Accelerated Materials Design - NeurlPS 2023
— 1 o ! [4] S We.mg, T: B. EIdreld, J. G Smith, an}d W. GéO, “Athodisk: Automated diffraction processing and strain mapping in 4d-stem,” Ultramicroscopy, vol. 236, p. 113513, 2022. [Online].
J - I [5] K._C. .Bustill.o, S. E Zeltmann, M Chen, J. Donohue, J. Ciston, C. Ophus, and A. M. Minor, “4d-stem of beam-sensitive materials,” Accounts of chemical research, vol. 54, no. 11, pp.
L 0 0.2 0.25 0.3 0.5 . o
Encoder.S Model (Train) noise I
|




	Slide 1

