
High Pressure Material Phase Classification with Spatially Weighted 
Dynamic Graph Convolutional Neural Networks

CAMERON RYAN, SHUAI ZHANG

University of Rochester, Laboratory for Laser Energetics

Background

• Phase identification is a process of classifying a certain spatial 
configuration of atoms as a certain type of ‘phase’

• Common methods for phase identification compare an observed structure 
to an ideal structure, such as Polyhedral Template Matching (PTM)

• These approaches are specialized to a few simple structures, and do not 
work for nonperiodic structures like amorphous

• Erhard et al. presented a method for crystal identification by using 
Dynamic Graph Convolutional Neural Networks (DGCNN)

• While Erhard’s method for classifying simple crystals is effective, it has 
various shortcomings that we confront

Motivations

• Develop a neural network approach based off Erhard’s original work

• Improve accuracy and inference speed

• Solve coarseness problem

Local Environment Based Approach

• For each atom a Molecular Dynamics (MD) trajectory sample, a local 
environment is created, containing the 𝑘 nearest neighbors, with the focal 
atom at the center of the coordinate system

• A DGCNN model classifies the structure of the focal atom, using the 
absolute and relative positions of the surrounding atom

Erhard’s Process Overview

• Local environments 𝒍𝒊 ∈ 𝑹𝑵×𝟑×𝒌are extracted from simulations of pure 
phase samples being heated, and the model 𝑭: 𝑹𝑵×𝟑×𝒌 → 𝑹𝑵×𝑪 is trained to 
classify which structure the local environment belongs to

• Local environments are extracted from multiphase, or unknown phase 
samples, and their phase is predicted 

• Extracting a local environment for every single atom is slow, and there is 
an accuracy-coarseness trade off for large samples

Our Process Overview

• Local environments 𝒍𝒊 ∈ 𝑹𝑵×𝟑×𝒌 from pure phase samples are used for 
model training, however the model 𝑭: 𝑹𝑵×𝟑×𝒌 → 𝑹𝑵×𝒌×𝑪 generates a 
prediction for every atom in the environment

• For multiphase sample inference, the entire sample is treated as a single 
environment 𝒍 ∈ 𝑹𝑵×𝟑×𝑷, and predictions are generated for every atom, so 
𝑭 𝒍 ∈ 𝑹𝑵×𝑷×𝑪 

• The goal of this method is to provide ‘good’ predictions as 𝑷 → ∞

Spatial Weighting Mechanism

• For our approach, only relative positions in the input space could be used, however we observed that 
training with only relative positions was extremely detrimental to model performance

• The spatial weighting method was implemented to overcome this issue

Rotation Invariance Optimization

• The DGCNN architecture is not inherently rotation invariant, however phase classification does not 
depend on absolute orientation of atoms

• Environments are randomly rotated, and the standard deviation of predictions across all rotations is 
added to the loss function
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Model Test Accuracy After 10 Epochs

Erhard’s method, 32 point environments 0.81

Our method, 32 point environments 0.85

Erhard’s method, 64 point environments 0.89

Our method, 64 point environments 0.93

Our method, 128 point environments 0.95
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