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ABSTRACT

The dramatic advances in computational and computer science over the last two
decades have enabled the scientific community to push the prediction capabilities
of computational models. Consequently, the development of computational models
of complex materials systems, fo new heights complimented by experimental data,
can positively impact quantitative outcomes of advanced manufacturing of novel
materials and potentially speed up the transition from the research laboratory to
the commercial manufacturing process. Implicit in predictive modeling of materials
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against sets of tfraining and test data, while coping with inevitable uncertainties in the
. model parameters and noisy and incompleteness of experimental measurements.
3 30 PM The problem of overriding importance is to characterize all of these uncertainties,
assessing the reliability of computational prediction, and to ultimately conduct make
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This talk is centered on developing and implementing theories, data-driven methods,
and computational tools to address important challenges in computational materials
engineering and their applications to predictive modeling of advanced manufac-
turing of materials. This involves development of physics-based models of metallic
microsystems, in the context of the enhanced (nonlocal) continuum mechanics, that
extend the tfime and length scales of classical theories. Then, a general data-driven
framework, based on the Occam Plausibility Algorithm (OPAL) concept, is discussed
that allows infegration of observational data and computational models while
addressing uncertainties in parameters, data, and model selection. Using Bayes-

ian machine learning and information theoretics, OPAL systematically assesses and
propagates uncertainties through models at multiple scales, while accounting for

Dr. Danial the trade-off between validity and complexity of models. The implementation of this
oy o framework, for coarse-grained models and atomistic systems is presented. Future
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