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Supplementary Figures 

 

 

Supplementary Figure S1. The CPU time per step against the number of atoms in the system from 

DFT and the SDNNFF model. Lines labeled ‘linear’ and ‘cubic’ are shown for guidance. 
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Supplementary Figure S2. Schematic of our elemental neural network architecture considering 

rotational covariance. The basic input for the neural network model is the representation of local atomic 

environment with given cutoff distance, while the output is the atomic forces along three cartesian 

coordinates directions. 
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Supplementary Figure S3. Comparison of the atomic forces in 400 untrained structures between 

prediction models, CHGNet1 and Elemental-SDNNFF, and DFT. The structures span half, full, quaternary 

Heusler structures, and single and double perovskites. The RMSE for the Elemental-SDNNFF and 

CHGNet models are 29.3 meV/Å and 121 meV/Å, respectively. The black dashed line represents perfect 

agreement. 
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Supplementary Figure S4. Average mean square displacement (MSD) across 25,901 predicted stable 

structures. The color bar represents the magnitude of the average MSD in Å2. 
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Supplementary Figure S5. t-SNE plots of Elemental-SDNNFF structural input vectors of 25,901 

structures colored according to (a) space group number, (b) predicted 𝜅𝐿 at 300K, and (c) normalized 

log(max MSD) at 300 K subtracted from unity. 
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Supplementary Figure S6. (left) The off-diagonal contribution to lattice thermal conductivity as 
compared between the DFT and predicted results by Elemental-SDNNFF model computed for 2,398 
structures from the training pool. (right) The ratio of off-diagonal contribution to the lattice thermal 

conductivity without considering off-diagonal term for the same structures. 
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