
Predictive Simulation for Design and Optimization of Complex Physical Systems

Robert D. Mosera1, Karen Willcoxb, Omar Ghattasa, Youssef M. Marzoukb, J. Tinsley Odena

a. Institute for Computational Engineering and Sciences, University of Texas at Austin, Austin, TX
b. Department of Aeronautics & Astronautics, Massachusetts institute of Technology, Cambridge, MA

A Whitepaper submitted to the 2017 DOE ASCR Applied Math Meeting in response to 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?

One of the great promises of computational simulations of complex physical systems is making reliable
predictions of system responses for use in optimization, design and other decision-making. However, useful
predictions are blind, that is they must be reliable in the absence of corroborating data on the quantities
predicted. Predictions are therefore inherently extrapolations from available data, and a basis for making
such extrapolations, and for validating them, is needed. One approach to reliable predictions of unobserved
quantities is put forward in [7]. It is clear that any reliable prediction must be equipped with a character-
ization of its uncertainty. In complex physical system, there are generally multiple physical phenomena
involved, including multi-scale phenomena, the models for which are typically of varying fidelity and often
imperfect. Further, the best models of complex systems are generally computationally expensive, so lower
fidelity models are often required to make uncertainty quantification, optimization and design tractable, and
such models have even larger errors. It is thus necessary to have reliable characterizations of the uncertain-
ties due to model errors (model inadequacy). Finally, with uncertain predictions, design, optimization and
decision-making under uncertainty is necessary.

There are a number of obstacles to this vision of predictive simulation for use in optimization, design
and decision making, which are outlined briefly below.

Representing Model Inadequacy Model inadequacy representations are necessarily stochastic, and should
generally be model state dependent. Two broad classes of such models have been identified: those based on
stochastic operators and those based on stochastic differential equations, but there may be others [3, 12, 6, 5].
Broadly applicable tools are needed to formulate inadequacy representations that are sufficiently general to
account for all the discrepancies between models and data, and that are constrained to be consistent with
all that is known about the phenomenon being modeled. Inadequacy representations generally need to be
calibrated with data, and the resulting inference problem is made difficult by the fact that the inadequacy
representation makes the forward problem stochastic, and introduces an infinite-dimensional uncertainty
when an inadequate model component is for a field quantity. Efficient inference algorithms that address
these challenges are needed.

Validating Models for Prediction Validation of computational models of complex systems represents
several challenges: 1) formulation of appropriate tests for validation under uncertainty, this is a general-
ization of “experimental design” to validation [1]; 2) assessment of the sufficiency of validation to ensure
reliable predictions, this requires determining whether all questionable components of a model, including
inadequacy representations, have been tested in validation in the same ways that they are exercised in a
prediction [7]; 3) algorithms for evaluating validation under uncertainty tests, here tail probabilities need to
be computed, which have similar algorithmic challenges to evaluating rare-event probabilities [4]. Develop-
ments to address these challenges are needed.
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Optimization, Design & Decision Making Application of methods for stochastic optimization have not
generally carried over to complex physical systems. Models of these complex systems have generally only
been treated as black boxes, making the problem intractable for expensive models (see below). Further
algorithmic challenges arise when the optimization involves chance constraints, which are often in terms of
failure probabilities and rare events. Indeed much decision-making is based on reducing risk. Formulations
and algorithms for making such decisions are needed. In addition, decisions in design of complex systems
are often staged, with some decisions made early in the process, and others made later when more infor-
mation is available. Mathematical approaches and algorithms are needed to address such staged decisions,
accounting for which uncertainties will be reduced as the design evolves, and integrating with available
multi-fidelity model hierarchies. Dynamic programming techniques may be valuable in this context [2].

Multi-Fidelity Formulations The use of a multi-fidelity model hierarchy provides opportunities to make
UQ, optimization and design calculation on complex systems tractable [8, 10, 9]. In this approach, lower
fidelity models do not completely replace high fidelity models, but substantially reduce the number of times
high-fidelity models must be evaluated. This can be particularly effective when reliable characterizations of
the low fidelity model inadequacy are available (see above). Mathematical frameworks and algorithms that
systematically and rigorously use multi-fidelity hierarchies in UQ, optimization and design calculations are
needed.

Scalable Uncertainty Quantification Algorithms Both forward and inverse uncertainty quantification
problems require exploration of the space of uncertain inputs, and in complex systems that are typically
of high or infinite dimension. Because models of complex systems are generally expensive to evaluate,
“scalable” algorithms for such calculations are needed; that is, algorithms in which the cost is independent
of the dimension of both the uncertain inputs and the data. Fortunately, in many cases, the map from the
uncertain inputs to the outputs has a much lower intrinsic dimension, that is the outputs are only sensitive to
a much lower dimensional subspace of the inputs. In other situations, probabilistic interactions among the
parameters, or between parameters and observations, may be local in nature. Algorithms that exploit these
features have the potential to be scalable [11, 14, 13], and need to be developed.
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