Addressing Misspecification in Simulation-based Inference through Data-driven Calibration
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Abstract Method: Optimal Transport for Robust Posterior Estimation (RoPE) in Simulation-based Inference Results

e Simulation-based inference (SBI) provides a powerful framework to estimate parameters
and quantify uncertainty from black-box stochastic simulators. [1]

o While SBI has enabled breakthroughs across science and engineering, its real-world

impact is limited by a key weakness: sensitivity to model misspecification. [3]

First benchmark with labeled real-world data

Simulation-based Inference (SBI) [11 SBI enables statistical inference over the parameters RoPE — A framework for Robust Posterior Estimation
of complex simulators.
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1) Generate a large set of simulations.

Question: How can we make SBI algorithms more robust to misspecification?

Our idea: Jointly leverage the simulator, unlabelled data, and, if accessible, small amounts
of labeled data to model misspecification with optimal transport.

One can generate as many samples
from p(0, x,) as needed:
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