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i ) _ In this study, we have successfully employed transfer learning, a powerful
machine learning technique, to address the challenge of limited material data and enable predictive
extrapolation in the field of materials informatics (MI).

Our research has yielded significant outcomes. Firstly, we have developed XenonPy.MDL, an extensive
model library containing a multitude of trained models. This library serves as a valuable resource
for further advancements in the field. Secondly, we have applied transfer learning on thermodynamic
stability prediction of high-entropy alloys and lattice thermal conductivity prediction, leading to
notable findings presented at prestigious international conferences. Furthermore, our work has
extended into crystal structure prediction, where we have introduced prediction algorithms
surpassing the performance of conventional methods. We have achieved remarkable results by proposing
an innovative prediction algorithm, particularly in crystal structure prediction.
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