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1: Introduction
During the past decades, research in materials science has been accelerated by the rapid development of synchrotron and neutron sources.! It is now common to measure
terabytes of data with in situ and in operando experiments in order to study reactions in real time.?> 3 However, conventional data analysis approaches using minimization
techniques as least-squares fitting algorithms cannot keep up with the amount of measured data. The data analysis is, therefore, considered the bottleneck of materials science.*>
With the continuing advancement of synchrotrons,® we need faster tools to analyse the data in order to fully utilize the full power of modern instruments. One way to overcome

this bottleneck is by utilizing the computational efficiency of modern machine learning approaches.

2: Conditioned Variational Autoencoder 3: Mono-Metallic Nanoparticles

We use a Conditioned Variational Autoencoder (CVAE) to automate data analysis. We train the CVAE on simulated Pair Distribution Function (PDF) data of mono-

Graph based representation allows an elaborating input of the structure. metallic nanoparticles.
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experimental datasets provide a good The CVAE can create a low-dimensional

description the PDF. space where many PDFs are represented.
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SynthESiS Properties analyse similarities and clustering trends.

The CVAE can be used to link synthesis, structure and

properties by including all the parameters in the training phase
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