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Abstract — A system that uses deep-learning techniques to predict properties from molecular structures has been
developed to apply to chemical, biological and material studies. Based on the database where molecular structure and
property information are accumulated, a deep-learning model looking for the relationship between the structure and the
property can eventually provide a property prediction for the new molecular structure. In addition, experiments on the
actual properties of the selected molecular structure will be carried out in parallel to carry out continuous verification
and model updates. This allows for the screening of high-quality molecular structures from large quantities of molecular
structures within a short period of time, and increases the efficiency and success rate of research. In this paper, we would
like to introduce the overall composition of the materiality prediction system using deep-learning and the cases applied

in the actual excavation of new structures in LG Chem.
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Fig. 1. Material property prediction model and methodology.
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Fig. 2. Prediction model using structural/quantum physics proper-
ties.
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Table 1. R-square of energy level predicted from molecular structure
Training Data Test Data
Orbital Gap LUMO  Orbital Gap LUMO
Prediction R-square 77% 82% 60% 64%
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Table 2. Comparison of actual and predicted value for properties

D Voltage Efficiency Life
Real  Predicted Real  Predicted Real Predicted
1 1.01 0.98 1.10 1.11 0.59 0.58
2 0.98 0.97 1.09 1.11 0.67 0.63
3 1.06 1.02 1.07 1.10 0.59 0.58
4 1.12 1.01 1.04 1.10 0.65 0.55
5 0.97 0.98 1.12 1.10 0.55 0.61
6 1.03 0.96 1.10 1.11 0.51 0.57
7 1.01 0.99 1.11 1.12 0.52 0.60
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