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® Optimization 1: By layer parameter and spectral curve comparison for Next step: validate parameter prediction with reference characterization

synthetic data Summary

B Optimization 2 (refinement): Solely selt-supervised by curve comparison for
measurement data (consistency check compares input and reconstruction)

= |, determination works well on simulated data

Training data = Hybrid model provides physically interpretable results

Dataset 1: Simulated data with realistic parameter range = Consistency check allows training on measurements even without labels
B 40,000 samples simulated with refractive data from literaturel3! for physical parameter

m Pairs of reflectance/ellipsometry curves together with optical parameters ® Finetuning with consistency check improves curve reconstruction
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