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The development of predictive multiscale computational models, including hybrid particle–continuum
models for simulating complex material systems, has become one of the most challenging and important ar-
eas of computational material science and engineering. Advances in nanotechnolgy, semiconductors, manu-
facturing, energy storage devices, and many other areas hinge upon the credibility of computational models
in predicting key quantities of interests (QoIs) that are often not experimentally observable. However, every
phase of the prediction process must cope with uncertainties due to noisy and incomplete data, inherent
inadequacy of models in depicting physical realities, randomness of material properties, representation of
the microstructure, and uncertainties in the selection of reliable models. In order to make models of material
behavior truly predictive, advances in mathematical and computational methods and algorithms are needed
to efficiently characterize all aspects of uncertainty in multiscale modeling of complex material systems,
and to assess the reliability of predictions. Today, progress toward meeting these challenges has been made
due to advances in high-performance computing, statistical sampling algorithms, Bayesian approaches for
inverse problems and optimization, Monte-Carlo methods, and in the acquisition of relevant data to inform
and test predictive models, all often categorized under the broad label of machine learning.

Figure 1: Example of previous
work on hybrid particle-continuum
multiscale model of material where
Goal-oriented error estimation al-
gorithm adaptively guide the loca-
tion and extent of the fine scale
model (coarse-grained molecular
dynamic) during the simulation.

Challenges and future research directions
Efficient Algorithms for Uncertainty Quantification. A class

of powerful approaches in treating uncertainty in physical models
is based on Bayesian methods for machine learning. These em-
ploy logical probability theory to represent uncertainty, to learn
through data acquisition, variational-Bayesian methods, and selec-
tion methods to assess the most plausible model in a given set.
A myriad of sequential algorithms based on Monte Carlo (MC)
methods exist to probe probability distributions, either for solving
the Bayesian inverse problem or the forward propagation of uncer-
tainty through the models. These methods are based on statistical
sampling of the probability distribution. Inevitably, the generation
of the posterior distribution in Bayesian inference requires the eval-
uation of the forward (physical) model at many points of the sam-
pling space. For complex layouts, such as those encountered in
concurrent atomistic-to-continuum models, a central challenge is
the intractability of forward models and in the high computational
cost of Markov Chain Monte Carlo (MCMC) methods. When the dimension of the model parameter space
is large, this process becomes problematic as the region of high probability is almost always contained in
an extremely small portion of the sampling domain, the so-called curse of dimensionality. The processes
of statistical calibration, model validation, and forward propagation of uncertainties will thus require new
sampling algorithms to speed up the inference process. There are generally two approaches to accelerate
MC methods: 1) by reducing variance in MC samples and the number of samples required using deriva-
tive and hessian information; or 2) through the use of coarser-scale forward models evaluated as surrogates
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(multifidelity methods). Integrating both methods, along with development of efficient and scalable parallel
computing to balance theloadover processors, significantly speeds up the MC calculations and thus enables
uncertainty treatment of complex multiscale models.
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Figure 2: Illustration of adaptive control of se-
quences of hybrid fine-scale (surrogate) models.

The overall hypothesis of multifidelity methods to
accelerate MC methods is to leverage low-fidelity mod-
els for speedup the model evaluation process. In our
versions of such methods, the main challenge is the
systematic assessment of the modeling error due to the
use of low-fidelity models. To address this challenge,
one can benefit from adaptive control of modeling er-
ror using the theory of Goal-oriented a posteriori esti-
mates of modeling error. In a multiscale setting, Goal-
oriented error estimation methods use fine-scale (high-
fidelity) model characteristics to guide the estimation
of the relative error in QoI delivered by coarse-scale
(surrogate, low-fidelity) models. This significantly re-
duces the computational cost of computing high-fidelity models by replacing them with tractable surrogate
models while the error in the QoI is kept within an acceptable tolerance (Figure 1). Such methods were
recently employed to assess uncertainty due to reduced order modeling of atomistic systems, through the
U.S. Department of Energy Office of Science support (DiaMond).

Further research is required to extend the theory of Goal-oriented error estimation for adaptive multiscale
modeling of materials in the face of uncertainty as well as to address several fundamental issues relevant to
implementation of these approaches and contemporary applications. In particular, 1) Formulating the theory
and algorithms for adaptive control of outputs of stochastic multiscale models of material systems and devel-
oping and implementing of a theory of a posteriori error estimates to cope with uncertainty in key features
of the model, including variability of the material microstructure and incomplete knowledge of fine scale
features. 2) The development of MC methods for solving sequences of stochastic problems encountered in
adaptive modeling paradigms in which the error in approximating fine scale QoIs using hybrid coarse-scale
models is controlled. 3) The use of Goal-oriented estimates of modeling error to accelerate MC solution of
the forward problem, particularly in the context of Multi-Level Monte Carlo (MLMC) methods.

Such developments demand the numerical solution of large scale stochastic forward problems with pos-
sible multi-modal outputs using versions of MLMC methods with significantly improved performance. The
new methods and tools can then be applied to material systems consisting of sequences of hybrid surrogate
models, as suggested in Figure 2. Also, controlling error in surrogate calculations opens new possibilities in
sampling methods, such as approximate Bayesian calculations.

Imaging Techniques to Assess Material Properties. Another critical issue for the development of predic-
tive multiscale models is the limited experimental observations of material properties. The recent advance-
ment in imaging techniques, however, provides new opportunities to access observational data regarding
quality, behavior, and performance of material systems as well as information that allows reconstruction of
material microstructure. The central challenge is to use these imaging data in a meaningful manner, in order
to inform multiscale models and, at the same time, cope with experimental noise. Examples can be found in
the reconstruction of internal structure of random heterogeneous material from incomplete and noisy three-
dimensional data obtained from X-ray tomography and extracting information regarding nano-scale material
properties from noisy two-dimensional Scanning Electron Microscopy (SEM) images while accounting for
the associated uncertainties in spatial distribution of microstructure and features. Addressing such chal-
lenges will benefit from advancements in supervised and unsupervised machine learning techniques and
information theoretics to analyze large volume of structured and unstructured data and to process images by
classification, clustering, and feature detection.
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