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Addressing Question 1b: How can we truly advance beyond interpretive simulation to predictive 
simulation, optimization, and design for complex physical systems? What obstacles remain, and what will 
characterize the models, algorithms, and computational horsepower necessary to overcome them? 

The future class of predictive simulation, optimization and design problems are characterized by high-
dimensional state and decision spaces, and in the probabilistic framework, random spaces, that necessitate 
model reduction approaches to ensure the computational tractability of such problems. The process of 
model reduction in e.g., state space, creates complex interactions between resolved variables and modes 
that may permit dimension reduction in random space, and vice versa. The intersection of the pipelines 
from data to predictions and from full models to reduced models therefore creates both challenges and 
opportunities for constructing methods for predictive modeling. The following general scenarios illustrate 
how such challenges and opportunities arise. 

Optimization and design under uncertainty requires resolving the map from decision and random spaces 
to system response. Recent advances in model reduction and uncertainty quantification allow us to exploit 
observations of the system’s state to obtain low-dimensional representations of responses in random 
space, which can be employed to approximate probabilistic integrals in stochastic programming such as 
risk-averse objectives and chance constraints more accurately than with standard methods (e.g., stochastic 
approximation, kernel density estimates). Nevertheless, employing these representations for predictive 
optimization and design is not trivial, as such representations depend on decision variables and in the 
most naïve sense require updating for every new location in decision space. Therefore, there is the need to 
develop model reduction methods in random space that leverage the structure of the response in decision 
space to accelerate the optimization and design processes.  Such methods ideally would be easy to 
integrate with state-of-the-art, highly scalable optimization techniques. 

When moving from interpretive simulations to predictive modeling, the processes of coarse-graining and 
constructing effective models at different scale become not just a necessity for resolving multiscale 
physics, but also a means for effective dimension reduction in random spaces and decision spaces. The 
dependence of coarsened state may be sufficiently well described by lower dimensional subspaces at the 
cost of introducing additional spatiotemporal couplings between resolved variables. Therefore, integrating 
the inverse modeling and uncertainty propagation pipelines with the model reduction via coarse-graining 
pipeline may provide an opportunity for designing predictive modeling techniques for high-dimensional 
problems. In such strategies, the couplings between resolved variables are exploited to reduce 
dimensionality, and data is exploited to resolving the structure of such couplings. This opportunity is 
relevant for both hybrid/multiscale models, and for single-scale solvers that employ coarsening (e.g., 
multigrid, multilevel domain decomposition). This integration would require developments in multiscale 
stochastic representations of parametric uncertainty, and techniques for propagation of uncertainty across 
scales. Furthermore, the existence of high-performance hybrid/multiscale and single-scale solvers that 
employ coarsening raises the following question: Can such tools exploit hierarchical, multiscale 
representations of parametric uncertainty for predictive modeling, or are algorithmic developments 
necessary? 

 


