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Multi-Principal Element Alloys

Project summary: Researchers of GlycoMIP —an NSF Fangxi Wang, Allana G. lwanicki, Abhishek T. Sose, Lucas A. Pressley,
Materials Innovation Platform developed a powerful computer-  Tyrel M. McQueen*, and Sanket A. Deshmukh*
based method that leverages artificial intelligence (Al) to

design multi-principal element alloys (MPEAs) with desired A Workflow for designing and validating novel MPEAS Fb B - " i
properties. The method integrates three advanced Al methods: — . .
1. a combination of machine leaming models that work © Moo e S fations of o .
together like a team, called a "stacked ensemble” S o face-cantered T = ) £
2. atype of Al, called a convolutional neural network (CNN), ﬂ e . o >
that can be trained to identify patterns in data, l deveopment ‘ L
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3. evolutionary algorithms that mimic natural selection to find
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The researchers teamed with scientists of PARADIM, The |. exermentasynthesisand + Convolutioral Newral Network (CNN) T
. . . characterizaion for the candidate dloys model for dlastio propemgs predlc_tlon |
Platform for the Accelerated Realization, Analysis, and |. compuatonal cacubtions o vaidate + Stacked ensemble machine leaming CraCoConafenalin :
. . . model predtion (SEML) modelforUnstlable Stacking Fault (—
Discovery of Interface Materials, to validate the method. The Encrgy (USFE) predeton e a—— ﬁ
crystal structures and mechanical properties of candidate ‘ , 1
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compositions of FeNiCrCoCu alloys, assessed experimentally, ' composieR S tion L 1
qualitatively agreed with the computational predictions. The . Optnize alby composton withdiferent
team furthermore employed a method called SHAP (SHapley . Procitaloy mparioq using CNNand st ) o
Additive exPlanations) to understand why the Al models made SEML surcgate models == = ]
the predictions they did. The method revealed how different !

amounts of each element affected key material properties, (a) Flowchartfor the computational workflow, integrating molecular dynamics simulations for initial data
. . « . ” generation (Stage 1) and experimental validation (Stage 4), machine learning/deep learning algorithms as
tummg th_e approach into explalnable Al . surrogate models (Stage 2), and optimization to efficiently explore the design space (Stage 3). (b) SHAP
MIP role: GlycoMIP developed the Al-powered computational analysis of the stacked ensemble model for property prediction, revealing the influence of elemental
workflow for inverse MPEA design and PARADIM synthesized concentration on Unstable Stacking Fault Energy (USFE, red = high conc., blue =low conc.). (c) X-ray
and analyzed candidate aIons for experimental validation diffraction of experimentally synthesized MPEAs, showing agreement with computational predictions.
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