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Abstract

Optical materials play pivotal roles in laser systems, ultra-fast electron diffraction (UED), and related instruments used in accelerator science. Identifying novel optical materials to improve accelerators remains difficult due to the vast number of
material formulas and crystal structures that would need to be validated which are computationally expensive. This work develops an Al system for optical materials discovery that combines large language model (LLM) crystal generation,
physical and chemical validity screening, graph neural network optical property prediction, and density functional theory (DFT) validation to identify promising candidate materials while evaluating the robustness of their predicted properties after
structural relaxation. A dataset of 8,330 optical materials was prepared from JARVIS-DFT and used to fine-tune Qwen2.5-1.5B (CrystalGPT), a large language model, through low-rank adaptation (LoRA) to generate new materials and crystal
structures. Three ALIGNN graph neural network models were also tested and finetuned on the optical dataset to predict bandgap (eV), refractive index, and transmission width (nm) achieving test MAE of 0.435, 0.181, and 1.406, respectively.
The top 10 materials were chosen based on their novelty and chemical and physical plausibility. The crystal structures of the top materials used DFT structural relaxation with Quantum Espresso and the predicted bandgap and refractive index
were obtained by using the fine-tuned ALIGNN model with the relaxed structures as input. The DFT structural relaxation computations resulted in 7 of the 10 candidate structures converging. A comparison of pre-relaxation and post-relaxation
predictions was conducted and out of the top 10 candidates, 3 candidates were found to have low bandgap, refractive index, and crystal structure shifts illustrating that fine-tuned LLMs can generate chemically and physically valid crystal
structures and materials. This project provided hands-on research experience in artificial intelligence, computational materials science, and scientific computing while strengthening the technical and analytical skills needed to contribute to
multidisciplinary research in accelerator science.
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screening materials for further analysis and validation.
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chemically plausible crystal structures.
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