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Distribution Estimation Intro to Data Consistent Inversion Parameter Identification
Goal: Obtain the Best Distribution of A Solving Stochastic Inverse Problems Goal: Obtain the Best Value of )
Bayesian Context: Regular Bayes model is insufficient, Hierarchical Data Consistent Inversion is a novel framework that uses pushforward Bayesian Context: Regular Bayes model uses assumed likelihood
Bayes model required. and pullback measures to ensure solutions are consistent with the function of data given .
Data Consistent Context: Use data to construct observed distribution. observed distribution of data. Data Consistent Context: Uses data to construct a predicted

distribution of the average residuals given .

The Data Consistent Approach
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