Surrogate-based Multi-Objective Optimization and Uncertainty
Quantification Methods for Large, Complex Geophysical Models
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Two steps of stratified adaptive sampling:

1) Sort the posterior samples and divide into h bins
according to quantiles.

2) In each bin, select one point with largest distance to its
evaluated neighbor.
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Posterior distribution of banana function obtained by MC-ASMO

» Comparing MO-ASMO vs NSGA-II, MC-ASMO vs DRAM, MO-ASMO and MC-ASMO can
reduce the number of model evaluations from 10° to 102.

» MO-ASMO and MC-ASMO can simultaneously improve multiple objectives with the
information of default parameter.

» MC-ASMO can draw the posterior distribution like classical MCMC approaches.

» MO-ASMO and MC-ASMO are compatible with various kinds of initial sampling, surrogate
modelling, embedded multi-objective optimization and MCMC methods.

» Optimal use of MO-ASMO and MC-ASMO have also been discussed in the original papers.
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