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Learn approximate functional from 1k density—energy pairs: . - .
Kohn-Sham-like optimization scheme of new instances:

small for machine learning, large for quantum computing o S o
Use model's automatic differentiability to minimize total

Expectation Value Estimation: energy functional with respect to density, achieving

Unbiased Sampling noise is mitigated well reasonably accurate solutions across instances

Variational Quantum Eigensolver:

Outlook:

Model learns biased expressibility and optimization noise,
Experiment - Additional DFT targets - Mixed Datasets

limiting generalization to slight improvements
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