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* Parameters from the
posterior show perfect fits
and similar sensitivity in
both surrogate and ADE-

(* Observation IPPD models.
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5l \ L networks, notably Neurgl Posterior Estimfa\tion.
=5 (NPE), for robust posterior parameter estimation
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; lzg; surrogate model. * Stacking-based ensemble surrogate model closely mimics ADE-IPPD model with 0.08 RRMSE.
4 = \ Y e Trained networks allow cost-effective inference * Accelerates evaluations 1000x: ADE-IPPD >150s, ensemble surrogate 0.1s.
- for new measurements without additional  Simulation-based inference with an ensemble surrogate model perfectly matches experimental data using posterior distributions obtained
simulations. from NPE.
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