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Project summary: Researchers of GlycoMIP – an NSF

Materials Innovation Platform developed a powerful computer-
based method that leverages artificial intelligence (AI) to 

design multi-principal element alloys (MPEAs) with desired 
properties. The method integrates three advanced AI methods:

1. a combination of machine learning models that work 
together like a team, called a ”stacked ensemble”

2. a type of AI, called a convolutional neural network (CNN), 
that can be trained to identify patterns in data,

3. evolutionary algorithms that mimic natural selection to find 
the best solution.

The researchers teamed with scientists of PARADIM, The 
Platform for the Accelerated Realization, Analysis, and 

Discovery of Interface Materials, to validate the method. The 
crystal structures and mechanical properties of candidate 

compositions of FeNiCrCoCu alloys, assessed experimentally, 
qualitatively agreed with the computational predictions. The 

team furthermore employed a method called SHAP (SHapley 
Additive exPlanations) to understand why the AI models made 

the predictions they did. The method revealed how different 
amounts of each element affected key material properties, 

turning the approach into “explainable AI”.
MIP role: GlycoMIP developed the AI-powered computational 

workflow for inverse MPEA design and PARADIM synthesized 
and analyzed candidate alloys for experimental validation.

(a) Flowchart for the computational workflow, integrating molecular dynamics simulations for initial data 

generation (Stage 1) and experimental validation (Stage 4), machine learning/deep learning algorithms as 

surrogate models (Stage 2), and optimization to efficiently explore the design space (Stage 3). (b) SHAP 

analysis of the stacked ensemble model for property prediction, revealing the influence of elemental 

concentration on Unstable Stacking Fault Energy (USFE, red = high conc., blue = low conc.). (c) X-ray 

diffraction of experimentally synthesized MPEAs, showing agreement with computational predictions.
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Workflow for designing and validating novel MPEAs

Stage 1
Data Generation

• Molecular dynamics simulations of 

alloys (4000 atoms, face-centered 
cubic structure)

• Collect alloy properties data

• Prepare datasets for model 
development

Stage 2
Machine Learning and Deep Learning 

Model Development

• Convolutional Neural Network (CNN) 
model for elastic properties prediction

• Stacked ensemble machine learning 

(SEML) model for Unstable Stacking Fault 
Energy (USFE) prediction

Stage 3
 Composition Optimization

• Optimize alloy composition with different 
optimization algorithms

• Predict alloy properties using CNN and 

SEML surrogate models

Stage 4
Validation

• Experimental synthesis and 
character ization for the candidate alloys

• Computational calculations to validate 

model prediction
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