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A Framework for Metal Surface Energy Prediction Based on Crystal Graph Convolutional
Neural Network
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(1. School of Materials Science and Engineering, Zhejiang University, Hangzhou 310027, China;
2. Cyrus Tang Center for Sensor Materials and Applications, State Key Laboratory of Silicon Materials, Zhejiang University,
Hangzhou 310027, China)

Abstract: Surface energy is one of the most important physical and chemical properties for crystals, which has a significant impact on
surface catalysis, surface adsorption, epitaxial growth, nucleation, and dendrite growth. Rapid calculation and prediction of crystal
surface energies can favor accelerating the design and optimization of catalysis materials, battery materials, and alloys. In this paper, a
data-driven machine learning algorithm was proposed with a crystal graph convolutional neural network framework for the prediction
of metal surface energy from the crystal structure. Using a physics-based surface representation that couples the surface dimensions to
the atomic and bonding features of the crystal, we obtained an MAE value of less than 0.002 eV/A% which surpasses other
math-based surface models. Compared with the first-principles calculation, the computation time is reduced by approxiamtely 5
orders of magnitude. In addition, we discussed the main challenges and solutions towards the surface energy prediction of more
complicated systems such as Silicates. It is expected that this work could be a paradigm for the surface energy prediction with
machine learning.
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(a) Variation trend of MAE indicators in training set, validation set, and test set during training process

(b) Comparison of the DFT calculation results with predicted values from CGCNN model
K4 ETYHITEME R CGONN BIREGE
Fig. 4 Performance of physics-based CGCNN model
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Table 1 Optimal hyperparameter set

Model Num of conv layers Num of hidden Max num of neighbor Max. Grid step  Momentum Weight MAE/(eV-A7?)
layers atom radius decay

Linear coupling 1 1 11 1 0.279 0.788 0.000 0.002 44

Fully connected 2 3 1 12 0.0545 0.925 0.000 0.002 35
coupling

Atom feature 2 1 10 10 0.120 0.894 0.000 0.001 68
coupling

Bond feature 3 2 9 1 0.263 0.935 0.000 0.001 68
coupling

Atom&
bond feature 2 1 9 11 0.231 0.963 0.000 0.001 61
coupling
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