MS38 Computations with/for Pair Distribution Functions

MS38-01
Nanostructure characterization with pair distribution function analysis: tools for automated analysis
K.M.@. Jensen '

"University of Copenhagen - Copenhagen & (Denmark)

Abstract

The development of advanced, functional materials builds on an understanding of the intricate relationship between
material structure and properties, and over the past century, crystallographic methods using scattering and
diffraction have thus been essential for materials science. Crystallography allows ab initio determination of crystal
structures from diffraction data, and has provided us with the vast knowledge of crystal chemistry that is now used
in design of functional materials. However, in the case of nanomaterials with limited long-range order,
crystallographic methods are challenged, and ab initio structure determination, or structure solution, is not currently
possible. Over the past decades, total scattering with Pair Dlstrlbutlon Function (PDF) analysis has become an
essential tool for characterisation of nanomaterlal structure.” However, structure solution from the PDF is not
possible except in a very few simple cases.”*In the absence of broadly applicable ab initio nanostructure
determination methods, it is therefore necessary to propose reasonable starting models and to then ‘refine’ the
model parameters against the data using local minimization methods. The step of finding a starting model can be a
major challenge and is thus a bottleneck in complex material characterization. Recently, new automated
approaches have made it possible to test thousands of models againsta dataset,”’ but these methods are
computationally expensive, and analysing the output, i.e., extracting structural information from the resulting fits in
a meaningful way is challenglng Here, we show how machine learning (ML) methods cain aid. Our Machine
Learning based Motif Extractor® (ML-MotEXx) trains an ML algorithm on thousands of automatically generated fits,
which means that a larger strucural space can be invesigated. The use of explainale ML furthermore allows to use
SHAP (SHapley Additive exPlanation) values to identify which model features are important for the fit quality. We
have used the method on several different systems, and shown how itcan be applied for PDF analysis
of nanoclusters in solutions as well as disordered oxide materials.

As a second example of the use of ML for scattering data analysis, we show how autoencoders can be a step
towards structure solution directly from PDF. Our algorithm DeepStruc’ can solve a simple, monometallic
nanoparticle structure from a Pair Distribution Function (PDF) obtained from total scattering data by using a
conditional variational autoencoder. We show that this is possbile from both simulated and experimental PDFs, and
illustrate how it learns to identify e.g. stacking faulted strcutures between fcc and hcp nanoparticles. These tools
illustrate how new computational methods can aid in analysis of scattering data, and opens for new approaches to
nanostucture characterization.
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