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Introduction
結晶構造予測の目標は，標的化合物の組成式𝑋のみから，その化合物の安定に存在する結晶構造を提案することである．材料
の物性の多くはその構造から由来するため，機械学習による結晶構造予測の効率・高速化は， 産業界から強く期待されている．

Workflow

Results

現段階では以下の成果を得ている．
1. C. Liu et al., “Shotgun crystal structure prediction using machine-learned formation energies,” (submitted), DOI: 10.48550/arXiv.2305.02158
2. M. Kusaba et al., “Crystal structure prediction with machine learning-based element substitution,” Comput. Mater. Sci., DOI: 10.1016/j.commatsci.2022.111496
3. Code: https://github.com/yoshida-lab/XenonPy/blob/master/samples/CSP_with_element_substitution.ipynb

転移学習 (一点計算＋CGCNN)を導入するにより反復計算は要らなくなったため，構造最適化にかかる時間が大幅に削減！
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K5Ag2(AsSe3)3 - !"#$ (No. 62)
Full formula: K20 Ag8 As12 Se36
Wyckoff letter pattern:
• K - c, d, d    Ag - d    As - c, c, c   Se - c, c, c, d, d, d

Na(WO3)9 - %&3	 (No. 148)
Full formula: Na3 W27 O81
Wyckoff letter pattern:
• Na - a    W - b, c, f  O - e, f, f, f

True Prediction

c 
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TiO2 - )2/# (No. 12)
Full formula: Ti8 O16
Wyckoff letter pattern:
• Ti - i, i    Se - i, i, i, i

Dataset I. 40 benchmark crystals selected based on the 
diversity of space groups, constituent elements, number of 
atoms, and element species; and the diversity of applications 
such as battery and thermoelectric materials.

Dataset II. 50 benchmark crystals randomly selected from the 
Materials Project database.

Element substitution (top 10): (33 + 43) / 90 = 84.4%
Wyckoff generator (top 10): (31 + 34) / 90 = 72.2%

space group prediction (top 30): (40 + 45) / 90 = 94.4%
For the space group successfully predicted cases:
Ø Fail to predict structures: 9 + 11 = 20
Ø Fail to generate the true Wyckoff labels: 3 + 3 = 6

※抜粋

高精度・高性能を同時に実現！
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