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I worked on Monte Carlo methods for the integral evaluations that appear in
Bayesian statistics. We focused on the simplest class of Markov kernels for Monte Carlo methods. I
showed that a minor generalization of a simple method worked quite well in both high-dimensional and
heavy-tailed target distributions. No other method of having the same properties Is known. Another
result is the non-reversible Markov process. In collaboration with the UK and Netherlands®
researchers, we obtained quantitative results for non-reversible Markov processes in a Monte Carlo
context.
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