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Summary

Graphical models factorize a global probability distribution/energy function as the product/sum of local functions. A major inference task, known as MAP in Markov Random Fields and MPE in Bayesian Networks, is to find a global assignment of all the variables with
maximum a posteriori probability/minimum energy. A usual distinction on MAP solving methods is complete/incomplete, i.e. the ability to prove optimality or not. Most complete methods rely on tree search, while incomplete methods rely on local search. Among
them, we study Variable Neighborhood Search for graphical models. In this work, first we explored various mutator for improving VNS robustness for the protein design . But the method is generic and can be used very likely in various context of

molecular modelling if energy table can be precomputed.
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