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The QUESO library [PS12], from UT Austin, is a collection of parallel statistical algorithms and object-oriented programming constructs supporting research into the uncertainty quantification of Computation of Model Evidences log1 (%) ees ] ] ]
mathematical models. lts development began in 2008, under the auspices of the Predictive Science Academic Alliance Program (PSAAP) of NNSA, DOE. Since 2011, QUESO has been part of © N (0 - 1g,C(a, 1)) Fleegde Lt
the QUEST Institute, under the SciDAC3 program of SC, DOE. Some of its functionalities are also available to the DAKOTA toolkit [Eld13] from DOE.
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