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We propose a SciDAC Institute focused on Quantification of Uncertainty in Extreme Scale Computations
(QUEST). The goal of this institute is to provide modeling, algorithmic, and general uncertainty quantification
(UQ) expertise, together with software tools, to other SciDAC Institutes, SciDAC applications, and Office of Sci-
ence projects in general—thereby enabling and guiding a broad range of UQ activities in their respective contexts.
We will establish strong ties with other projects, seek to understand their uncertainty quantification needs, and
provide them with both proactive and as-needed services. We will conduct tutorials and hands-on training work-
shops for SciDAC researchers, providing familiarity with our suite of existing and planned software tools. We
will also work individually with SciDAC researchers on their extreme-scale problems of interest, guiding their
understanding and use of our UQ tools in particular applications and providing requisite UQ solutions. QUEST
member institutions come equipped with a suite of software tools that have been designed for use in a broad va-
riety of application contexts, and that have been optimized over a number of years to perform well in demanding
computational environments. Starting from these tools, and targeting further developments in pursuit of greater ro-
bustness, performance, and versatility, we will deliver a suite of general UQ tools for extreme-scale computations.
We will demonstrate these tools on benchmark problems that are representative of a range of problem classes (e.g.,
prediction and inversion for PDE, ODE, and DAE models) while presenting varied challenges, from nonlinearity
and high dimensionality to missing data and fault tolerance.

In the context of UQ methodologies, QUEST will work on a broad range of activities that are critical to mean-
ingful quantification of uncertainty in large scale scientific computing. These include: (1) statistical inference
for characterizing uncertainty in model inputs; (2) adaptive methods for reduced-dimension and reduced-order
stochastic representations; (3) methods for handling missing UQ samples from application code failures; (4) fault
tolerance and inference of UQ information given partial data; (5) methods for forward and inverse propagation of
uncertainty in computational models that are solver- and architecture-aware; and (6) statistical means for validat-
ing/comparing/selecting competing models and characterizing uncertainty arising from model inadequacy. We will
also work with SciDAC Math/CS Institutes to include efficient hooks for UQ, and for the analysis and visualization
of UQ results, in new solvers and software.

QUEST capabilities will be demonstrated and honed for extreme-scale computations in the context of an
advanced and established software suite including DAKOTA/UQTk (SNL), QUESO (UT), and GPMSA (LANL),
with robust front end interfaces including JAGUAR (SNL).
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1 Executive Summary

Our proposed SciDAC institute “Quantification of Uncertainty in Extreme Scale Computations (QUEST)” is fo-
cused on uncertainty quantification (UQ) in large-scale scientific computations. It is a collaboration among six
institutions with a history of in-depth collaborations on the development, implementation, and use of UQ al-
gorithms/software in challenging high-performance computing (HPC) environments. QUEST members are the
lead-developers of UQ theory, methods, and software in the technical community. They have worked in all aspects
of the UQ problem, and have a solid grasp of the challenges and opportunities in this area. They have developed
and maintain the leading UQ software products that have been applied in HPC environments, with challenging
scientific application codes, including climate, geophysics, and combustion.

The vision of QUEST encompasses all aspects of UQ in HPC. This includes the well-founded setup of the
UQ problem; characterization of the input space given available data/information; local and global sensitivity
analysis; adaptive dimensionality and order reduction; forward and inverse propagation of uncertainty; handling of
application code failures, missing data, and hardware/software fault tolerance; and model inadequacy, comparison,
validation, selection, and averaging. The nature of the UQ problem requires the seamless combination of data,
models, and information across this whole landscape in a manner that provides a self-consistent quantification of
requisite uncertainties in predictions from computational models. Accordingly, our UQ methods and tools span an
interdisciplinary space across applied math, information theory, and statistics.

We see our key products as being: (1) delivering expertise, advice, and state of the art UQ tools to SciDAC and
Office of Science (SC) math/CS/application institutes/projects utilizing extreme scale computations on advanced
computational architectures; and (2) shepherding forward our extensive repertoire of UQ theory, algorithms, and
software, and enhancing their robustness/effectiveness for relevant benchmark problems in extreme-scale compu-
tational settings.

We will set up a management structure encompassing both external and internal interactions. We will manage
external interactions with SciDAC/SC projects, including both proactive and reactive mechanisms, to adequately
address their UQ needs. This will include tutorials and short courses on various aspects of the UQ problem,
and our associated software tools. It also includes setting up a committee that conducts periodic reviews of our
interactions with individual SciDAC/SC projects. We will also maintain an informative, and up to date, web
presence that provides information on our available tools, and requisite installation and use information on a
range of hardware/software environments. This will be a central location which provides a self-consistent front
end to SciDAC/SC users, directing them optionally to talk to us directly about their needs or to the repositories
of downloadable inter-operable tools at each of our member institutes. Finally, we will also work directly with
other SciDAC math/CS institutes to advise them on incorporating UQ-awareness in their ongoing development of
algorithms and software for extreme-scale computations.

Our internal management mechanisms will aim at facilitating the sharing of expertise and collaboration among
our member institutes, and delivering effectively on our targets and milestones. We aim to work together, in a
manner that benefits from extensive synergies among member institutes. Our members have a range of strengths
spanning the UQ specturm. These strengths will be shared and brought to bear on the set of software solutions
made available to SciDAC/SC customers. We will fund 20% of an administrative person at SNL that keeps track
of our progress across the various institutes, and monitors our path forward on milestones and all other goals and
obligations.

We will measure our success by the degree to which we meet the needs of SciDAC/SC math, CS, and appli-
cations institutes and projects. We will develop mechanisms for quantifying our responsiveness and effectiveness;
and ensure attention towards improving our performance. We also see our success as measured by our overall
impact on the scientific community, by providing a well-characterized and well-documented, robust and effective
suite of UQ theory, methods, and software tools.
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2 Narrative

2.1 Background and Recent Accomplishments

2.1.1 Background

Perhaps the central challenge facing the field of computational science and engineering today is: how do we quan-
tify uncertainties in the predictions of our large-scale simulations, given limitations in observational data, compu-
tational resources, and our understanding of physical processes? For many societal grand challenges, the “single
point” deterministic predictions delivered by most contemporary large-scale simulations of complex systems are
just a first step: to be of value for decision-making (design, control, allocation of resources, policy-making, etc.),
they must be accompanied by the degree of confidence we have in the predictions. This is particularly true for
many of the problems in the DOE Office of Science portfolio for which large-scale simulations are essential for
decision-making, including: mitigation of global climate change, siting of nuclear waste repositories, monitoring
of subsurface contaminants, control of carbon sequestration processes, design of clean combustion and coal gasifi-
cation systems, management of the nuclear fuel cycle, design of new nano-structured materials and energy storage
systems, control of fusion energy systems, and design of particle accelerators, to name just a few.

The urgent need for uncertainty quantification (UQ) in critical scientific and societal large-scale simulations
is now widely recognized across numerous scientific communities. This recognition is echoed by recent reports
from a number of blue ribbon panels commissioned by Federal agencies [1, 4, 41, 69, 171, 172] as well as reports
from scientific meetings and workshops, including cross-cutting [40] as well as discipline-specific reports in such
fields as biology [199], basic energy sciences [92], nuclear energy systems [165], fusion energy [201], accelerator
design [218], climate science [210], national security [163], energy and the environment [200], and alternative and
renewable energy [39]. The awareness of UQ has reached even the popular press, as exemplified by a recent article
in the New York Times on the recent M9.0 NE Japan earthquake and resulting damage to the Fukushima Daiichi
nuclear facility, which contrasted Japan’s “deterministic” approach to assessing tsunami and earthquake hazards,
with the “probabilistic” approach taken in the U.S. [173].

UQ arises in three fundamental ways in large-scale simulations. In stochastic inverse problems, we seek to
estimate probability densities for uncertain model inputs,∗ given noisy observations or measurements. In stochastic
forward problems, we wish to propagate input uncertainties through a forward model to yield stochastic predictions
of output quantities of interest (QoIs). Finally, given the ability to infer uncertain inputs from data and propagate
them forward through a model, we can perform stochastic optimization, which solves a problem in optimal design
or control under uncertainty, using statistics of the model output QoIs as objectives or constraints.

The central challenge of quantifying uncertainties in SciDAC-class simulations is that (1) they are so large and
complex that even a single deterministic solution is extremely computationally challenging, and can require hours
or days (or more) on petascale systems, and (2) they are characterized by high dimensional uncertainty spaces aris-
ing from uncertain volume or surface fields (e.g., initial conditions of ocean models, heterogeneous permeability
of porous media models, basal boundary conditions of ice sheet models, as-built surface geometry of accelerator
cavities) or complex submodel parametrizations (e.g., in combustion chemistry or systems biology models). So,
while solution of stochastic inverse, forward, or optimization problems can be carried out today for inexpensive
models with a modest number of uncertain parameters, these tasks are computationally prohibitive for complex
systems characterized by large-scale simulations and high-dimensional input spaces using standard Monte Carlo-
type methods. Moreover, the expected thousand-fold increase in peak performance promised by the arrival of the
exascale era near the end of the decade will, by itself, do little to overcome the curse of dimensionality, unless this
performance increase is accompanied by the use of advanced UQ methods. Fortunately, recently developed meth-
ods for systematic dimensionality reduction can be exploited to make UQ tractable for SciDAC-class applications.
The challenge is to robustify, scale-up, and deploy these methods into critical SciDAC applications.

∗We use the term inputs here to describe general model uncertainties, which might include model parameters, boundary conditions,
initial conditions, sources, and so on.

4



Bringing advanced UQ methods and software to the Office of Science application portfolio can be done only
through a sustained, concerted, and focused UQ effort, undertaken by leading authorities on UQ for large-scale
simulation—in other words, a dedicated SciDAC Institute. We stress again that UQ will not be solved by simply
throwing more processors at simulation codes to run larger ensembles. A partnership of application scientists, UQ
experts, computer scientists, and applied mathematicians is needed to develop and deploy advanced application-
aware UQ algorithms and software that can make UQ tractable for SciDAC-class simulations. Accordingly, we
propose to create the Institute for Quantification of Uncertainty in Extreme Scale Computations (QUEST). The
Institute brings together many of the leading authorities on UQ modeling, algorithms, software, applications, and
education in this country. The PIs have a long history of notable contributions to UQ methods, but many of the
methods have not been deployed within large-scale SciDAC application codes, due to the technical and sociological
challenges of bringing UQ to large-scale complex simulations, and due to the focus in SciDAC-1 and -2 on core
deterministic solvers.

The time is now ripe to launch QUEST, which will provide UQ expertise, algorithms, software, and training
to SciDAC applications and Institutes—and to the broader computational science & engineering (CS&E) com-
munities. QUEST will facilitate rigorous and rational analysis of the overall predictive fidelity of extreme scale
scientific simulations, given limitations in data, physical understanding, and computational capabilities. We will
establish strong ties with other centers, seeking to understand their UQ needs, and provide both proactive and
as-needed services to them. We will conduct hands-on training workshops for SciDAC researchers, providing fa-
miliarity with our suite of existing and planned software tools. We will also work individually with them on their
extreme-scale problems of interest, guiding their understanding and use of our UQ tools.

The extreme challenges associated with carrying out UQ for SciDAC-class simulations mean that UQ cannot
be an afterthought or a side activity. UQ must be a central part of the development of the next generation of
extreme-scale simulation technologies. The dominant large-scale computing paradigm that has reigned supreme
for the last 20 years—the flat memory message passing model—is coming to an end, and every large-scale scientific
simulation code must be re-engineered to exploit emerging manycore and accelerated architectures. With SciDAC-
3 poised to ignite this transformation, there is a once-in-a-generation opportunity to take advantage of this sea-
change to embed UQ thinking into the refactoring and redesign of the next generation of codes. We believe that the
creation of QUEST offers the best opportunity to catalyze a transformation of large-scale SciDAC codes, from their
current single-point deterministic simulations—which do not account for uncertainties in inputs, models, numerics,
and data—to simulations that rigorously and systematically quantify uncertainties in their output predictions.

2.1.2 Team Expertise and Accomplishments

The QUEST project team combines a unique set of skills, capabilities, experience, and accomplishments as evi-
denced by the following:

PIs have played leading roles in the development of UQ methods and algorithms. These include intrusive
methods [22, 67, 68, 74, 97, 99, 100, 104–106, 112, 136, 137, 140, 142, 187, 188, 197]; non-intrusive meth-
ods [17, 21, 68, 98, 105, 111, 138, 186]; methods for parameter inference, stochastic identification, and inverse
problems [11–16, 23, 25, 31–33, 35–38, 43–45, 47, 61, 66, 71, 87, 88, 90, 91, 102, 110, 149, 155–157, 181, 217];
stochastic solvers [17, 70, 90, 139, 152, 174]; methods for epistemic and mixed uncertainties [78, 80, 125]; al-
gorithms for optimization under uncertainty [30, 77, 79, 81, 83, 85, 161]; and optimal experimental design [123].
QUEST will thus build on a rich and substantial mathematical, statistical, and algorithmic foundation.

The team has a substantial track record in building complex UQ software and software libraries. Prior
contributions in which the PIs have played a leading role include: DAKOTA [ME/SNL], UQTk [BD,HN/SNL;
OK/JHU; RG/USC], GPMSA [DH,JG/LANL], and QUESO [EP/UT]. Many of these software tools were the result
of collaborative efforts by large development teams, in some cases involving multiple institutions. Team members
are also working to “lower the bar” to make it easier for users to deploy massive ensembles on some of today’s
largest supercomputers [82, 84]. Other analysis tools, such as GPMSA, provide methods and algorithms for data
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analysis, digesting output from an ensemble of forward model runs and physical observations, carying out analyses
and making inferences.

PIs on the project team have substantial experience managing large teams and activities. Two of the PIs
are currently serving as directors of large centers at universities and have had experience directing or serving on
projects of similar size or larger than that proposed here [OG,RM/UT].

The PIs have a track record of attracting substantial support for UQ research through the regular peer-
review process. The PIs lead [xx] current projects that focus on UQ, of which [yy] are sponsored by DOE, and [zz]
are collaborative involving more than one institution. The latter reflect that fruitful collaborations among the PIs
have been sustained over many years. QUEST will capitalize on these and prior investments, thereby accelerating
the development of multipurpose tools that are essential for addressing the extreme-scale UQ challenges critical to
Office of Science applications.

The team brings substantial experience in application areas relevant to the Office of Science. These include
applications in: geophysics and climate [11–16, 23, 25, 47, 59, 87, 90]; chemical sciences [143, 144, 167, 187,
188]; groundwater flow [28, 90, 119, 145, 149, 162]; cosmology [117, 118, 135]; particle accelerators [15, 131,
132, 146, 148, 184]; and materials [189, 203, 212]. We believe that our experience in a broad scope of application
areas will provide a solid foundation for seamless interactions with SciDAC applications and with the CS&E
community at large.

Team members have substantial expertise designing, implementing, optimizing, and scaling up parallel al-
gorithms on leading edge supercomputers. Recent examples of this work include [11, 12, 14–16, 18, 19, 24,
34, 36–38, 46, 48–53, 56, 82, 84, 87, 90, 115, 147, 150, 154, 164, 168, 176–180, 183, 185, 193, 194, 198, 205–
207, 211, 216].

The PIs have a sustained record of broad dissemination and outreach. This includes publications in peer-
reviewed journals (highlighted in biosketches), monographs, and conference presentations, and the release of open
source software (highlighted above). In addition, the PIs have organized a large number of symposia at national
and international meetings, focused workshops, summer schools, and tutorials. Selected work is highlighted in the
PIs’ biosketches under synergistic activities.

Prior contributions by the PIs have had a large impact on the user community. Selected metrics include:
(1) DAKOTA has gained wide acceptance in the user community. Its current worldwide user base features over
7000 site registrations, with over 3500 distribution downloads occurring over the last year. A primary focus of the
DAKOTA effort over the last 10 years has been on UQ algorithms. (2) GPMSA has been employed by industrial
partners working with LANL, as well as other national laboratories and academic research efforts. (3) The QUESO
library is being employed in the Bayesian analysis of various mathematical models by research teams in UT
(turbulence, chemistry, heat conduction, earthquakes), LANL, and SNL (nuclear engineering, peridynamics).

UQ work conducted by PIs has received substantial recognition. These include institutional awards as well
as national and international awards. Selected awards include: (1) Presidential Early Career Award for Scientists
and Engineers [BD/SNL]; (2) IASSAR Senior Research Award and USACM Computational Structural Mechan-
ics Award [RG/USC]; (3) Friedrich Wilhem Bessel Award [OK/JHU]; (4) DOE Early Career Research Award
[YM/MIT]; (5) DOE Award of Excellence for UQ work in Science Based Stockpile Stewardship [ME/SNL]; (6)
2003 Gordon Bell Prize for Special Achievement [OG/UT]; (7) SC2002 Best Paper Award [OG/UT].

As made clear by the activities described above, we believe that the present team is uniquely positioned to
address the extreme-scale UQ challenges that are central to SciDAC applications.

2.2 Proposed Research and Tasks

QUEST will provide state-of-the-art algorithms, software, and expertise to support a broad range of UQ capa-
bilities that are needed for application to large-scale computational science problems of interest to SciDAC and
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DOE-SC. The algorithmic and software challenges in UQ go well beyond the propagation of uncertainties from
model inputs to output QoIs. They include: (1) accurate estimation of the uncertainty in the inputs; (2) dimen-
sionality reduction and reduced order representations of the uncertain inputs; (3) robust treatment of system non-
linearity and/or discontinuous behavior over parametric space; (4) ensuring robustness, stability, and scalability
of application codes as functions of uncertain parameters; (5) fault-tolerance in UQ tools allowing for hardware
and software failures; (6) efficient forward and inverse propagation of uncertainty in high dimensional spaces; and
(7) effective analysis of UQ results. Moreover, computational scientists typically face additional problems in the
application of UQ. These include (a) model calibration, validation, comparison, and selection under uncertainty;
and (b) optimization, design, and decision support in the presence of uncertainties.

In addition to providing tools and expertise to address the UQ challenges discussed above, QUEST will pursue
research to advance the state of the art on a number of algorithmic/software research fronts, as discussed below.

2.2.1 UQ algorithms

A central theme underlying our algorithmic UQ work is our use of a probabilistic representation of uncertain
quantities, as either random variables (RVs) or processes. Probability theory provides a rich mathematical structure
for characterizing an RV, e.g., by using its moments, quantiles, and/or density, by enumerating its possible values,
or by describing its topological properties/geometry with respect to some Hilbertian basis. The latter approach
lies behind the spectacular development, over the past 20 years, of polynomial chaos (PC) methods for UQ [105,
130, 166]. Specifically, it can be shown that any random variable with finite variance on a given probability space
can be represented using a PC expansion (PCE), in terms of a basis set relative to some L2 space with a suitably
chosen measure. Examples include Hermite polynomial functions relative to Gaussian measure, and Legendre
polynomial functions or wavelets relative to uniform bounded measure. These PC representations capitalize on the
function analytic structure of RVs, thus permitting a more versatile yet rigorous treatment of continuity, proximity,
and approximation as they pertain to RVs and processes. This mathematical structure proves important as it
brings UQ analysis into the same realm as mainstream deterministic analysis. We note that one key utility of
representing RVs using PCEs can be seen from considerations of forward propagation of uncertainty from model
parameters/inputs to its output QoIs. While this can be done using Monte Carlo (MC) sampling of input probability
density functions (PDFs), followed by binning the output statistics to construct associated PDFs, this is generally a
very expensive proposition given the poor convergence rate of MC/quasi-MC methods. PC methods, by presuming
a given smoothness/structure of the solution, enable the use of alternate, more efficient, means of propagation of
uncertainty, as will be further detailed below. Another key utility is the ability to characterize random variables in
a non-parametric fashion, thus bypassing the need to abide by standard labelled PDFs.

This is not to say that we will use PC methods exclusively; far from it. An effective UQ strategy requires
flexible handling of information. We will employ PCEs as well as densities, and other means of description of
RVs, as outlined in more detail below, choosing the optimal representation for the job at hand.

With this brief preamble on the general probabilistic setting, we proceed to a discussion of our range of areas
of UQ algorithmic focus, briefly outlining the state of the art, challenges, and our proposed developments.

2.2.1.1 Inverse problems and characterization of uncertainty in model inputs

Characterization of uncertainty in model inputs generally involves the use of available information and/or data in
order to construct a probabilistic model for the uncertain inputs/parameters. This belongs to the general class of
model-based statistical inverse problems. The challenge is that inverse problems are generally “ill-posed”—that
is, the data inform a limited subspace of the parameters. A convenient goal then is to describe the joint probability
density function (PDF) over the inputs. Both available measurement data and/or other specified information can
be used to constrain or define the parametric PDF. This can be done using Bayesian inference, combining prior
information with available data in order to arrive at the posterior density. We capitalize on a range of existing tools
that implement Bayesian inference in various contexts. This includes implementations of Markov chain Monte
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Carlo (MCMC) methods in DAKOTA, QUESO, GPMSA, UQTk, and other software tools, as outlined in §2.2.2.
Here, we discuss specific algorithmic aspects of inference relevant to this proposal.

Surrogates: Surrogates are key to efficient Bayesian inference, as they allow feasible execution times for long
MCMC chains. The construction of the surrogate can itself be a non-trivial challenge, e.g., when the original
function exhibits non-smooth behavior, or when it is high dimensional. Surrogates are commonly constructed
employing either Gaussian Process (GP) or PC models. GPs have been used to emulate the behavior of complex
computer model output since the late ’80s [192]. More recently such models have been adapted to account for high
dimensionality [26, 63, 121, 126]. They have been used in parameter estimation for computer model calibration
and inverse problems [27, 120, 128, 195]. While such tools have proven useful for black box UQ when the
ensemble size is small (< 1000), these methods are not directly applicable when the ensemble size is larger (105–
107). In these cases alternative response surfaces need to be employed (e.g., [63]), or GP algorithms need to be
adapted to deal with large ensemble sizes that could be produced by extreme-scale computing. We will investigate
the use of sparse representations [126, 191] and integrated nested Laplace approximations [124] in this regard.
PCEs have been used since the early ’90s for representation of RVs for purposes of propagation of uncertainty in
computational models [105]. Their utility as surrogates for purposes of inference, and the associated performance
gains, were more recently recognized [157]. They have since been used successfully for accelerating Bayesian
inference for parameter estimation [102, 155–157]. The construction of a PC surrogate requires the propagation
of PC-formulated uncertainty through the forward model being used for parameter inference, with convenient
distributions spanning the parameter range of interest (e.g., the prior support). Accordingly, model nonlinearity
and high dimensionality are relevant challenges. Plans for addressing them are outlined below in the nonlinearity,
dimensionality-reduction, and forward UQ sections (2.2.1.2–2.2.1.3).

MCMC methods and large-scale inverse problems: MCMC algorithms are often the method of choice for
sampling posterior densities. Our tools offer state-of-the-art implementations including annealing for handling dif-
ficult/multimodal posteriors, adaptivity, and utilization of concurrent chains [60, 61, 116, 181, 182]. In particular,
adaptive MCMC (AMCMC) methods use a local multivariate normal approximation to the posterior, constructed
from past chain samples, as a proposal distribution for efficient and robust sampling. However, this approach is
challenged by the need for a good initial set of samples, which is non-trivial in difficult posteriors. We will target
the use of the analytical Hessian of the likelihood function, given an underlying PC surrogate, to construct efficient
proposal distributions without reliance on an initial set of samples.

As a complement to the surrogate-based approaches proposed above, which explicitly construct a reduced rep-
resentation of outputs QoIs in parameter space, we will pursue methods that effect this reduction implicitly. These
methods, which we term stochastic Newton [90, 153], sample directly in the full parameter space, but adapt to the
structure of the posterior density through MCMC proposals that employ local covariance matrix approximations
derived from inverses of Hessians of likelihood functions, and thus implicitly detect and exploit low-dimensional
manifolds for which the observations are most informative. This is particularly important for infinite-dimensional
inverse problems (such as inversion for boundary condition sources or PDE coefficients). Stochastic Newton can
be viewed as a natural analog to deterministic Newton methods that have been so successful for optimization
problems governed by PDEs, in the sense that both exploit the Hessian to build a local model in parameter space.
Newton takes a step based on the quadratic model, while stochastic Newton samples from the associated local
Gaussian approximation as a proposal step for MCMC. We will capitalize on a large body of our prior work on
deterministic Newton methods for inverse problems [11–16, 23, 25, 35–38, 43–45, 47, 87, 90, 110, 149, 217],
which generally exhibit convergence independent of the parameter dimension, data dimension, state dimension,
and number of processors. Prototype results with stochastic Newton show much faster convergence (several or-
ders of magnitude) compared to “black-box” MCMC methods and the ability to scale to high dimensions. Our
proposed algorithmic work here will focus on extension of the core stochastic Newton algorithms to multi-chain
variants (to take advantage of coarse granularity parallelism), to effect low-rank approximations of the Hessians
of likelihood functions (to exploit their nature as compact operators), and to reuse Hessian information to build
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Hessian-informed Gaussian process proposal densities (to better handle multimodal distributions).

Absence of Data: Inference relies on availability of data. Frequently however, some information on uncertain
parameters, such as nominal values and marginal bounds, is available, but not the raw data of the original exper-
iments. While this information is useful, what is actually needed is the joint PDF on the uncertain parameters,
with its specific correlation structure. This correlation can be crucial for reliable estimation of model output
uncertainties [167]. We have recently developed a “data free inference” (DFI) procedure that deals with this chal-
lenge, by discovering the joint parametric density that is consistent with the given information, in the absence of
raw data [29]. While this PDF is not necessarily the posterior density corresponding to the absent data, it is by
construction the consensus density among all data sets that are consistent with the given nominals, bounds, data
range, and fit-model structure. This procedure has been shown to work well with nonlinear exponential-decay
models, and with a single-step Arrhenius-rate chemical kinetics model. We will pursue further evaluations with
more complex/higher-dimensional models, covering a range of model structures. We will also pursue necessary
developments targeting a range of possible constraints, such as conditional bounds and error bars in the data space.

2.2.1.2 Reduced dimension/order stochastic representations

In high-dimensional complex models, UQ feasibility relies on reduction of the dimensionality and order of stochas-
tic representations of the input space and the solution. Paths along this direction include efficient local/global
sensitivity analysis methods [54, 57], dimensionality reduction methods [21, 74, 197], and optimal representations
of uncertain inputs [66, 78, 102, 108], as well as the development of efficient probabilistic representations that are
adapted to particular physical settings including available data, relevant physics, and quantities of interest [65, 81].
We will adapt state-of-the-art methods to the needs of QUEST and its customers. These will include:

Sparse approximations: Current team expertise in sparse approximations includes various quadrature and cuba-
ture techniques as well as low-rank approximations using separated representations and hierarchical models [73,
93, 169]. Recent work by team members on symmetrized approximations has demonstrated complexity that scales
linearly with stochastic dimension. This approach computes a low-dimensional manifold on which a PC repre-
sentation is shown to exist that has the same probability measure as the solution to the problem, while discarding
its L2 convergence to the solution. We will add this approach to our conventional sparse approximations arsenal,
providing optimal sparse representations depending on the goal at hand.

Adaptation of probabilistic measures: The expertise of the team in the adaptation of probabilistic measures is
centered around the detection of probability measures with respect to which the characterization of the solution
(rather than the parameters) has low complexity. This is typically achieved by relying on a low-fidelity approxima-
tion of the solution to estimate its probability measure, which is then used to develop the stochastic analysis of the
forward problem [75]. We will work on extending this approach from its original setting (elliptic PDEs) to other
more general PDE and ODE benchmark problem models.

Adaptive spatio-temporal-stochastic refinement: Adaptive stochastic refinement techniques include both h-
and p-refinement strategies that can involve either dimension-adaptive (global grids defined from anisotropic ten-
sor/sparse or generalized sparse constructions) or domain-adaptive (localized region refinement based on multi-
element PCE or hierarchical surplus-driven local refinement of Lagrange interpolants) approaches [10, 81, 96,
151, 170, 208]. By further introducing adjoint-gradient enhancement into this picture, we will enrich the basis
within our adaptive machinery to include higher-order regression-based PCE and Hermite interpolants (local cubic
spline or global) [134, 175]. Thus, through preferential refinement in the most important regions of the stochastic
input space and through the leveraging of adjoint sensitivity information with respect to the random variables, we
will develop core UQ algorithms that are more scalable than currrently available methods.

Broadly, these methodologies will allow us to address the curse of dimensionality and provide high-quality uncer-
tainty estimates in high-dimensional problems.
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2.2.1.3 Handling strong nonlinearity and discontinuities

Many physical systems exhibit bifurcative behavior at certain critical parameter values. Classic examples include
the transition from laminar to turbulent flow in fluid systems, and the transition from conductive to convective heat
transfer in Rayleigh-Bénard flow. Generally, when the observable of interest in the computational model exhibits
strong nonlinear/discontinuous response with respect to the uncertain parameters, particular attention is needed in
the choice of the stochastic representation. Clearly, expansions in terms of global polynomials are not adequate
in this context. Two options, not mutually exclusive, are available for dealing with this challenge. These are:
(1) employing a multiblock decomposition of the stochastic space with local compact-support PC constructions
on each block/element, and (2) enrichment of the conventional polynomial basis with discontinuous functions or
wavelets. Team members have extensive expertise in both approaches [112, 140, 142, 144]. In general, both
approaches must be pursued carefully in the context of high-dimensionality. Sparse tensorized representations are
necessary for efficient PC approximation, but partitioning of the high-dimensional stochastic space must be done
only in those dimensions where the response discontinuity exists. We have relied in previous work on the use of
unidirectional variance measures for anisotropic stochastic mesh refinement. On the other hand, incorporation of
general robust adaptive global basis enrichment is work in progress, requiring means of efficient detection and
localization of discontinuities [20].

2.2.1.4 Forward propagation of uncertainty in computational models

Forward propagation of uncertainty, from inputs to output QoIs, is a major challenge. Here is where the advantage
of PC methods comes strongly to the fore, as already mentioned above.

There are two general classes of PC methods for forward propagation of uncertainty. Intrusive methods involve
a reformulation, via Galerkin projection, of the original model, arriving at a new set of governing equations for
the PC coefficients of the model outputs [22, 67, 68, 75, 86, 97, 99, 100, 104–106, 112, 136, 137, 140–142, 144,
159, 160, 187, 188, 197, 209, 213–215]. This approach can lead to substantial computational savings, requiring a
single direct solve, albeit of a larger set of equations. Its chief drawback is that it generally requires develpment of
new solvers/software for the reformulated model, although alternate means around this have been explored [101,
107]. In contrast, non-intrusive methods rely on black-box sampling of the forward model to provide numerical
estimation of the Galerkin projection integrals for the model output PC coefficients [17, 21, 68, 98, 103, 111,
138, 169, 170, 186]. The key advantage here is that no new solvers are necessary; however now the burden is
on efficient estimation of integrals over the stochastic space. These can be evaluated in fact using MC, but this
disregards the presumed smoothness in the solution. Alternatively, they can be evaluated using sparse quadrature
formulae. When the dimensionality is high, cubature rules or advanced adaptive anisotropic sparse quadrature
formulae [93, 96, 108, 151, 169, 170] are needed to mitigate the curse of dimensionality. It is noteworthy that
sparse quadrature formulae are ill-suited for handling noisy integrands, because of their use of negative weights.
Thus, when the forward model is intrinsically noisy, non-intrusive estimation of model output PC coefficients is
best accomplished via dense quadrature formulae or by regression/Bayesian procedures using the samples as data.

Also of interest in the non-intrusive context are algorithms for identifying sparse PC representations of model
outputs via compressive sensing (CS) [42, 58, 72, 204]. Projection approaches generally require many more sample
points than basis functions for acceptable accuracy; this requirement limits their efficiency with bases of large
cardinality, as in high dimensions or for strongly nonlinear functions. CS approaches, on the other hand, have
shown significant early promise for generating sparse polynomial surrogates in high dimensions [73, 158] with a
minimal number of model runs. These approaches may also offer additional benefits in terms of fault tolerance
(§2.2.1.5) and a flexible choice of bases for capturing irregular or discontinuous model responses (§2.2.1.3).

The QUEST team has had a leadership role over the years in development and honing of all these methods,
and has existing tools that cover the range of options outlined above. We will continue to refine these algorithms,
targeting improved robustness and efficiency, with particular attention to extreme-scale computational problems. In
the intrusive context, we will work with other SciDAC institutes (§??) on incorporating intrusive UQ constructions
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in their development of future solvers. In the non-intrusive context, we will target improvements in adaptive
sampling strategies, relying on error measures in quantities of interest to direct the selection of additional samples.

2.2.1.5 Fault tolerance: handling missing UQ samples and code failure

In the batch processing of samples for UQ in extreme-scale simulations, missing samples are expected to be a com-
mon phenomenon, either due to (1) hardware failures, (2) software failures, or (3) inappropriate input conditions
leading to infeasible cases. Robust approaches are needed to mitigate the effect of missing samples.

When some samples lead to infeasible cases, the sample input space needs to be adjusted to avoid those
situations. For quadrature rules, this causes already computed samples to no longer be suitable. Also, the input
space may become irregular, further complicating quadrature integration. To enable quadrature, irregular input
spaces need to be mapped into a hypercube, e.g., using a Rosenblatt transformation [196]. New quadrature rules
need to be developed, tailored to the locations of already computed samples, to avoid having to re-run all samples.
Such approaches will be developed as part of QUEST.

For samples that are missing due to hardware or software failures, the original samples can be resubmitted
(with adjustments to the software settings if needed). Intermediate answers can be obtained from the samples that
are already available, using alternate quadrature rules or collocation approaches that are tailored to the available
samples. Also, h-adaptive approaches can be set up to work around missing samples by appropriately coarsening
the subdomains in the vicinity of the missing samples.

A more natural fault tolerance for missing samples due to hardware or software failures is provided by methods
that rely on random sampling approaches. Point collocation and probabilistic collocation methods [122, 202] with
an over-sized sample set to fit a PCE using least-squares regression can readily exclude some missing samples
from the set without a significant loss in accuracy. The same holds for Galerkin projection with random sampling
to evaluate the projection integrals [138, 186]. On the other hand, statistical response surface based approaches
will properly account for the added uncertainty due to incomplete data [113]. Fault tolerant regression-based PCE
and statistical response surface methods are implemented in the QUEST software tools (§2.2.2) and are therefore
readily available to the community [8]. Further, compressive sensing approaches, as discussed in §2.2.1.4, offer
an excellent combination of fault tolerance and efficiency. In CS, failed or omitted simulation information is
effectively “filled in” by the choice of basis and the existence of a sparse signal representation. A second class
of fault tolerant methods uses statistical approaches to backfill missing samples, e.g., through regression based on
neighboring points or using imputation methods for missing data [190]. Bayesian missing data approaches allow
estimation of the confidence in the backfilled samples [94, 95, 133].

As part of QUEST, we will study these various approaches for fault tolerance based on random sampling or
backfilling of missing data. We will analyze the robustness and accuracy of the most promising algorithms, and
make them available to the community via implementation in QUEST’s software tools.

2.2.1.6 Analysis of UQ results

Uncertainty quantification in extreme-scale simulations inherently leads to the generation of massive amounts of
of distributed data, which leads to significant challenges in analyzing UQ results. These challenges are most
pronounced for non-intrusive approaches, particularly due to the need of first generating a suitable representation
of the uncertainty from distributed quantities of interest (QoIs), and then using the resulting local representations
to generate the desired statistical information.

Fundamentally, these challenges can be suitably addressed by coupling data indexing and management al-
gorithms with the UQ analysis functionalities pertinent to the stochastic representation of the solution. For this
purpose, we will rely on the UQ Toolkit, which provides for several functionalities, including the generation of
PDFs and user-specified statistical moments. We will build on this infrastructure by providing algorithms for:
(1) extracting local (derivative), partial and global sensitivity information; and (2) performing general non-linear
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transformations of the underlying probability measures.

2.2.1.7 Model validation

One of the key uses for UQ, both in scientific discovery and in engineering design, is model validation. The
validation of a computational model is an assessment of its ability to adequately represent the processes being
modeled for the specific purposes at hand. In particular, we can consider that a computational model is to be used
to predict certain QoIs with some specified tolerance for error and uncertainty. The validation must thus assess the
ability of the model to predict these QoIs to the required tolerance. Generally, such validation assessments must
rely on comparison of model outputs to observations of the physical systems being modeled or to high fidelity “truth
models” whose range of validity is well understood, and must account for the uncertainties in the observations (or
truth models) as well as in the models being validated. In most cases, this assessment is complicated by the fact
that the QoIs are not observable, at least at the time and under the conditions at which the predictions will be made,
since otherwise predictions would not be necessary.

We have had extensive focus on model validation coupled with uncertainty [62, 109]. We will bring both this
expertise and associated tools to the SciDAC community. We will also pursue a number of mathematical and
algorithmic developments to advance the state of the art of UQ-aware validation processes. In particular, we will
develop the following: (1) Validation metrics and criteria that characterize a model’s ability to make the required
predictions based on available data and their uncertainty. Promising approaches make use of Bayesian hypothesis
testing and such metrics as mutual information and the related Kullback-Leibler divergence; (2) Tools for the
comparison of and selection among multiple competing models based on available data and their uncertainty. One
approach relies on the relative posterior probability of the models given the data (the plausibility); (3) Algorithms to
measure the value of experimental observations as validation tests. At issue here is determining how relevant a set
of measurements is to the model predictions, and the extent to which the measurements provide new information
not available from data used to calibrate the model or in previous validation tests. Among the useful metrics are
evaluations of the expected information gain from a set of measurements (in the sense of Shannon information
theory). Such tools will also allow the design of experiments to be most informative [123].

2.2.1.8 Design optimization and decision support under uncertainty

Design optimization and decision support under uncertainty are necessary activities in numerous fields, including
current SciDAC projects involving accelerator design, fusion pellet design, and control of subsurface contaminants.
In the presence of uncertainty, optimization and decision support strategies need to comprehend the underlying
uncertainties in computational predictions. Frequently, this involves statistical measures/targets of system perfor-
mance, and associated probabilistic decision support machinery. Commonly used statistical performance measures
include robustness (e.g., QoI variance) and/or reliability (e.g., QoI probability of failure) metrics [9, 77, 81].

Optimization strategies are facilitated by the use of PC representations. Given the PCE for the response QoI,
analytic expressions can be derived for the moments of the expansions as well as for various sensitivity measures
(e.g., derivatives of moments with respect to design variables [77, 78]), thereby allowing for efficient design-
under-uncertainty formulations. Relative to similar approaches based on random sampling or local reliability
UQ methods [9, 79, 83, 85], PC-based approaches [77, 161] provide fast convergence and mitigate algorithmic
robustness issues due to nonsmoothness, multimodality, and high degrees of nonlinearity in the response QoI.

2.2.2 UQ software

In order to support a broad variety of SciDAC application projects, we will pursue ongoing development of a family
of flexible and extensible object-oriented software tools for performing core uncertainty quantification (UQ) as well
as higher level UQ-enabled analyses. Key objectives include both performance, through improving the robustness
and efficiency of UQ algorithms for complex, high-dimensional problems, and usability, by “lowering the bar” for
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adoption of UQ by SciDAC application institutes. These software tools provide an essential conduit in deploying
the latest emerging UQ capabilities to the applications.

2.2.2.1 Core UQ software

Tools for forward uncertainty propagation include DAKOTA, and UQTk:

DAKOTA (SNL) [2] provides a variety of non-intrusive algorithms for design optimization, model calibration,
uncertainty quantification, global sensitivity analysis, solution verification, and parameter studies [8]. The UQ
area has been a primary emphasis over the last 10 years and the DAKOTA team has developed algorithms covering
aleatory, epistemic, and mixed UQ, including random and stratified sampling, local and global reliability, stochas-
tic expansions (polynomial chaos, stochastic collocation), and epistemic methods (interval propagation, Dempster-
Shafer). Alongside these iterative algorithms, a computational model abstraction provides flexible support for
surrogate and multifidelity modeling, algorithm nesting, and problem formulation recasting (including variable
transformations and dimension reduction). These iterator/model foundational components allow the construction
of more advanced solution strategies combining multiple algorithms with models of varying fidelity, thereby pro-
viding an environment for exploration of the multi-component solution approaches proposed herein, including
hybrid solution methods, design under uncertainty, mixed aleatory-epistemic UQ, and Bayesian inference and
model selection. Finally, DAKOTA supports multilevel parallel computing through communicator partitioning and
recursive scheduling, and can be used as either a stand-alone application or as a set of library services.

UQ Toolkit (UQTk, SNL) [7] is a lightweight C++ library, primarily offering tools for intrusive Galerkin un-
certainty propagation. UQTk provides routines for evaluating algebraic expressions and transcendental functions
of random variables represented with PC expansions [68]. Non-intrusive quadrature-based Galerkin projection
methods are also provided. The toolkit supports a variety of standard as well as custom basis functions. UQTk is
particularly well suited for algorithm prototyping as well as for educational and tutorial purposes.

Tools for inverse problems, inference, and design include QUESO, GPMSA, and DAKOTA:

QUESO (UT) is a MPI/C++ library that provides statistical algorithms for Bayesian inference, model calibration,
model validation, and decision making under uncertainty [182]. It naturally maps, into C++ classes, the mathemat-
ical entities present in stochastic problems and solution methods, thus enabling the easy integration of new algo-
rithms. It currently includes several variants of MCMC algorithms, Monte Carlo sampling, MCMC convergence
assessment capabilities and information theoretic metrics. QUESO supports parallelism through the computation
of multiple chains, as well as parallelism in the model application. New algorithms are being introduced into
QUESO, such as parallel adapative multilevel algorithms (for multimodal posterior PDFs) and stochastic Newton.

GPMSA (LANL) also focuses on Bayesian inference, using a Gaussian process response surface, trained from an
ensemble of forward model runs, to minimize the number of forward model calls required in the inference [121].
This software allows for global sensitivity analysis, forward propagation of uncertainty, model calibration/parameter
estimation, and predictions with uncertainty. GPMSA also provides a limited form of statistical models to charac-
terize the model discrepancy or structural model error, a term describing how simulated outputs might vary from
the corresponding outputs on the physical system of interest. More generic approaches for characterizing model
discrepancy will be developed. In its current state, GPMSA is a serial code. This effort will extend the software
and design new methods and algorithms that are tailored for HPC environments. This will include new software
approaches for response surfaces, sensitivity analyses, and parallel MCMC.

DAKOTA (SNL) provides a variety of UQ-enabled analyses, including algorithms for design and calibration under
uncertainty (§2.2.1.8) that are tailored to the structure of the underlying UQ methods [30, 77, 79, 81, 83, 85].

Foundational utilities that are shared among higher-level tools include Pecos and Percept:
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Pecos (SNL) [5] is a utility library that provides lower level UQ services, including numerical integration drivers
(LHS, quadrature, cubature, sparse grids), variable transformations (Nataf, Rosenblatt), polynomial basis functions
(global or piecewise, orthogonal or interpolation, nodal or hierarchical, value-based or derivative-enhanced), and
inverse FFT approaches for stochastic process modeling.

Percept (SNL) is currently part of the Trilinos STK package [6] and provides tools for verification (code and
solution) and mesh modification (uniform refinement, enrichment, and element type conversion). As part of the
development of a standalone Percept package in Trilinos, additional capabilities are being added for local adaptive
mesh refinement, post-processing quantities of interest (QoIs), error estimation in these QoIs, and realizations of
spatial random fields discretized by Karhunen-Loève expansions.

A key feature of this collection of tools is the interoperability of reusable software components, in the hierarchy
defined from problem-solving environments and frameworks through algorithm libraries and utilities. Current
inter-relationships include DAKOTA/QUESO/GPMSA, as well as Trilinos/DAKOTA, UQTk/Percept/Pecos. First,
both QUESO and GPMSA are integrated as part of DAKOTA, with the software intent of providing general plug-
and-play inference facilities using a variety of samplers, likelihoods, emulators, and post-processors. DAKOTA is
likewise integrated as part of QUESO in order to provide forward UQ services following Bayesian calibration. Sec-
ond, Trilinos provides the TriKOTA package, which provides a convenient delivery vehicle for utilizing DAKOTA
library services when already employing other Trilinos services. Third, UQTk provides services for intrusive
projection through numerical expressions to DAKOTA. Under QUEST, these inter-relationships will be further ex-
tended to provide a unified set of best-in-class tools for UQ, inference, and design. In particular, greater coupling
among DAKOTA, QUESO, and GPMSA non-intrusive tools, connection of UQTk to DAKOTA/QUESO/GPMSA
for leveraging intrusive tools in inverse/inference/design, and shared lower level foundations within Pecos and
Percept are all anticipated.

2.2.2.2 Usability software

Tools and approaches for lowering the bar for adoption of UQ methods within SciDAC applications include library
embedding, and JAGUAR:

Library embedding (all) eases the burden of custom simulation interface development for UQ studies through
integrating input streams, eliminating the need for custom drivers and file processing, streamlining simulation flow
and I/O, enabling simulation warm-starting, and simplifying parallel execution on MPP platforms.

JAGUAR (SNL) [3] is a JAVA Eclipse-based front end for DAKOTA that provides widget-based input specifica-
tion, an input editor with syntax completion and embedded help, and simplified analysis wizards that streamline
problem set-up for common studies. Future focus areas include simulation interfacing and UQ visualization tools.

These tools work together to make UQ more directly accessible to SciDAC application customers by automating
problem definition, simulation interfacing, and computational resource management. By addressing these common
barriers to the adoption of UQ technologies, the QUEST institute will enable the wide-spread adoption of UQ
algorithms and UQ-enabled methodologies within the SciDAC application institutes. The impact of this will be
to evolve existing HPC simulation capabilities into predictive science capabilities grounded in verification and
validation. This increase in simulation confidence for SciDAC physics simulation codes will then allow greater
adoption of modeling/simulation approaches within the application domains they service.

2.2.3 Institute Awareness

Overcoming the challenges of equipping complex large-scale SciDAC-class applications with UQ capabilities
will be facilitated by our partnering with other SciDAC Math and Computer Science Institutes, as well as the
applications themselves. Here we discuss our strategy for partnering with other Institutes to achieve our goals (and
assist them in achieving theirs). Strategies for collaborating with application groups follow in the next section.
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Math Institutes: UQ requires fast and scalable forward solvers; as such, advances in fast solvers created by
Math Institutes will naturally benefit UQ. Beyond these straightforward benefits, however, there are significant
opportunities—and a critical need—to create new UQ-aware solvers. First, many UQ methods lead to solutions of
instances of the same problem with source terms or operators varying over parameter/stochastic space. This pro-
vides incentive for developing techniques that reuse solver components, such as preconditioners and Krylov bases,
over the varying parameter space. Depending on the parametric dependence, the construction of more effective
preconditioners can be amortized over a large number of solves. Second, intrusive forward UQ algorithms lead to
systems of infinite or finite dimensional equations with new structure not encountered in the usual forward solver
ecosystem. Third, intrusive inverse UQ methods make use of derivatives of response surfaces or posterior densities
to adapt to the local surface structure; these methods require fast algorithms for approximating Hessian-vector
products. Finally, stochastic reduction methods pursued within QUEST can be coupled with adaptive meshing and
time-stepping to produce computational representations that optimize the use of resources in pursuit of improved
validity and accuracy; the stochastic refinement must be balanced against the deterministic spatio-temporal refine-
ment. In all these areas, new discretization, adaptivity, solver, and preconditioner issues arise due to the specialized
structure of the intrusive forward and inverse solvers, and the need to solve multiple instances of related problems.
This provides fertile ground for collaboration with Math Institutes.

CS Institutes: The QUEST agenda has natural links to CS Institutes in several areas. First, exploiting emerging
manycore node technologies is a critical technology for UQ, since much of the three orders of magnitude increase
in performance in moving from petascale to exascale systems will be delivered by large increases in parallelism
at the node level. Beyond benefiting from expected advances in manycore utilization of forward solvers, there are
opportunities to develop new UQ algorithms that are manycore-aware. These include the four areas mentioned
above. In particular, significant speedups can be realized on manycore systems using multi-vector evaluations for
multiple-instance forward problems, as is the case with polynomial chaos representations and UQ solvers. The
outer (typically less sparse) stochastic discretization can be exchanged with the inner spatial discretization to also
realize speedups.

2.2.4 Application Awareness

Historically, the development of theory, methods, and algorithms for UQ has been driven by application needs—
spectral methods to efficiently represent uncertainty from a high-dimensional distribution [68], adjoint methods
to squeeze the most information out of each forward model run [55, 64], response surface approaches trained
on an ensemble of forward model runs to emulate its response at untried settings [89, 192], developing prob-
abilistic descriptions linking the computational model to physical reality to enable parameter estimation and
model calibration [114, 128], and linking high- and low-fidelity computational models to better sample parametric
space [76, 127]. The success of this effort depends on maintaining strong connections to applications, not just to
guide method development and research, but to ensure usability of the software generated with this effort.

Fortunately, the assembled team has a strong record in building and maintaining strong collaborative ties to
applications involving large-scale computational models. The national lab contingents on this proposal have a
long history of interacting with applications in stockpile stewardship. More recently, their efforts have been chan-
nelled into new, highly collaborative open science applications. QUEST will provide us with the opportunity (and
mandate) to engage new SciDAC applications.

Initially, this effort will leverage ongoing collaborations to ensure relevance to a variety of applications. Cur-
rent applications include climate (UT, LANL, SNL), subsurface flow (LANL, UT, MIT), engineering (SNL, UT,
USC, MIT, JHU), combustion chemistry (SNL, MIT, JHU), electric grids (MIT, SNL, USC, JHU), atmospheric
monitoring (UT, SNL, LANL), and cosmology and astrophysics (LANL). Of key importance is the variety of is-
sues spanned by these different applications. These include forward uncertainty propagation, sensitivity analysis,
inverse or calibration problems, high volumes of simulated and physical data, availability of adjoints, the need to
account for structural error or model inadequacy in inverse or calibration problems, planning experimental cam-
paigns to improve prediction accuracy or other metrics, and extrapolation. Maintaining these strong collaborations,
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and developing new ones, will help ensure the relevance of QUEST methods and tools.
A key element of our vision for working with SciDAC application projects is to address common barriers

to the adoption of UQ technologies. As described in §2.2.2, QUEST will invest in tools that enable widespread
adoption of UQ technologies within SciDAC application projects. The QUEST team has many years of experience
in providing algorithm services to application teams. For UQ, we envision three primary delivery models:

Black box: For rapid interfacing to existing simulation simulation codes, DAKOTA supports approaches that
employ simulation drivers to spawn instances of distinct simulation executables, providing communication through
the file system based on pre/post-processing tools applied to simulation input/output files and databases. These
interfaces can be developed very quickly, allowing fast turn-around in time-critical UQ studies.

Semi-intrusive: Library embedding requires a moderate level of simulation intrusion to modify top-level program
flow and to provide call backs for simulation execution. In return, the primary benefit is in streamlining problem
setup by eliminating the burden of custom interface creation. In addition, this approach provides opportunities for
gaining efficiency, by reducing file I/O, eliminating redundant simulation processing steps, and taking advantage
of opportunities for warm/hot-starting of solvers, such as with Krylov basis recycling.

Intrusive: By leveraging existing solver foundations already broadly used by SciDAC application projects, and by
working with other SciDAC Math/CS Institutes, the burden of intrusive methods can be significantly reduced.

This ensemble of techniques allows application projects to weigh the benefits of computational efficiency versus
integration effort and to select the approach that is most appropriate for their computational environment.

Benchmark problems: We will also work with SciDAC application projects to understand their constraints,
targets, and UQ needs. This will help us define well-characterized relevant benchmark problems that will be used
within QUEST as demonstrations/test-cases for development and honing of UQ algorithms and software tools.
We will include benchmark problems covering a spectrum of problem types, including PDE, ODE, and DAE
problems, with a range of scale and complexity. The QUEST team is also keenly aware that proof-of-principle UQ
demonstrations are, as stated in the SciDAC solicitation, “no substitute for realistic, full-scale applications or data
sets.” We therefore have milestones directed toward realistic applications or data sets, with the goal of increasing
application awareness and lowering the adoption barrier for UQ technologies.

Furthermore, many of the UQ software tools in §2.2.2 have interfaces to different applications. QUEST is
planning to collect and share the application interfaces across the partners. These activities will increase the
application awareness of the individual UQ toolkits, and facilitate the ease with which UQ technologies can be
applied to new applications.

2.2.5 Architecture Awareness

The inherent computational demands of UQ activities can be orders of magnitude larger than the demands of
single-point forward simulation. Fortunately, the broad recognition of the need for equipping large-scale simula-
tion codes with UQ capabilities has occurred simultaneously (and not coincidentally) with the impending arrival
of multi-petaflops systems next year, and a roadmap for exascale systems in the out years of this decade. In par-
ticular, the SciDAC community will benefit from new multi-petaflops systems that go on line in 2012, including
OLCF’s Titan (a 20 PF accelerated Cray/Nvidia system), and ALCF’s Mira (a 10 PF IBM BG/Q system). Bring-
ing UQ capabilities to realistic science applications thus will capitalize on these and follow-on hundred-petaflops
and ultimately exaflop systems, providing strong incentives to exploit hardware at the largest possible scales. At
the same time, next generation systems bring new architectural features, including massive concurrency at multi-
ple levels, and complex hierarchies of memory and inter-thread communication [129]. Taking full advantage of
these architectures, and simultaneously weaving UQ methodology and software into the core of new simulation
codes, requires intensely architecture-aware algorithmic developments. Our algorithms will address key aspects of
extreme-scale computational architectures as follows. First, we note that UQ for large-scale simulations immedi-
ately yields multiple levels of parallelism. Large-scale PDE solvers sit on top of sparse numerical linear algebra and
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graph-based partitioning algorithms, which will achieve scalability through both massive multithreading at the pro-
cessor level (exploiting manycore/accelerated chips) and message-passing at the internode level, up to hundreds
of thousands of nodes. Intrusive UQ algorithms can and should exploit the very same solvers and partitioning
approaches; moreover, as discussed §2.2.3, the structure of intrusive methods permits an additional opportunity
to exploit manycore/accelerated processors at a fine-grained level. Surrounding all of this is a coarser-grained
outer layer of “sample-based” parallelism encompassing both non-intrusive forward UQ methods and Monte Carlo
methods in inversion.

Also crucial to performance on extreme-scale architectures are fault monitoring, fault reporting, and fault
recovery. Below we will describe interfaces between our UQ codes and lower-level software tools for detecting
faults, with means for seamless and asynchronous recovery. Mathematical approaches for fault tolerance (e.g.,
imputation of missing UQ samples), on the other hand, are detailed in §2.2.1.5. Further, we note that extreme-
scale platforms will require sophisticated load-balancing approaches; internode latency and bandwidth limitations,
coupled with myriad hardware and software sources of non-uniformity, call for synchronization at all levels to be
reduced as much as possible. And finally, UQ algorithms must address data locality constraints imposed by
memory and machine architecture.

Our current UQ software tools are designed with many of these architectural requirements in mind, and will
provide an ideal platform from which to tackle the rest. A central feature of our current software tools is an
emphasis on high-performance parallel computing. Notable examples include:

DAKOTA provides a scalable multilevel parallelism capability [82, 84] that utilizes MPI communicator partition-
ing and recursive scheduling to augment fine-grained parallel simulations with multiple levels of coarse-grained
concurrency. This supports either black box simulation drivers that require “tiling” of parallel simulation jobs
within total queue allocations (to avoid repeated queue delays) or library embedding strategies that require modu-
larity in communication and file I/O. In addition, DAKOTA currently provides basic services for failure capturing
and recovery, restart, and fault-tolerant sampling [8].

QUESO allows for multiple mathematical models to be assessed simultaneously, with each model assessment
requiring simultaneous chains, and each chain requiring multiple MPI nodes for model simulations. QUESO
synchronously calls the nodes in each chain, and provides a unified analysis of chains in each model assessment.

Moving these capabilities towards next generation computational platforms is a key goal of the proposed effort.
Activities along these lines will include:

Data locality and enhanced scalability: DAKOTA’s multilevel parallelism capabilities will be extended to in-
clude hybrid parallelism (MPI plus multithreading), expanded concurrency in algorithm recursions (e.g., for mixed
aleatory-epistemic UQ or design under uncertainty), and distributed scheduling (avoiding single points of failure).
Augmenting this parallel scalability is algorithmic scalability. We will address high dimensionality in random in-
puts through adaptive refinement and adjoint-enhancement (see §2.2.1.2) and address high dimensionality in out-
put response metrics through out-of-core solutions involving standardized results databases. MCMC algorithms in
QUESO will also have the ability to take advantage of architectural heterogeneity to achieve better load balancing
among several chains.

Fault tolerance: We will continue to build on our capabilities for adaptive, fault-tolerant UQ algorithms, as
described in §2.2.1.5. It is not sufficient for a UQ algorithm to feed simulation ensembles to a separate schedul-
ing algorithm; rather, the algorithm and scheduler must become more integrated in order to support feedback of
scheduling data and simulation faults that directly influence adaptive refinement logic within fully asynchronous
algorithms. QUESO will take advantage of fault-tolerant versions of MPI, as they become available.

2.2.6 Project schedule, milestones, and deliverables

The main QUEST activities involve developing new and improved UQ algorithms and capabilities, implementing
these algorithms into software, and making the tools available to address UQ needs in the SciDAC/SC commu-
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nity. Several activities will take place on an ongoing basis throughout the project duration and will be the shared
responsibility of all QUEST member institutions. These activities are:

• Organize yearly workshops and tutorials to gather input from and disseminate tools to the community.
• Adapt approaches to the needs of the customers.
• Organize yearly internal QUEST workshops to synchronize and promote communication among groups.
• Disseminate results through minisymposia at relevant conferences and journal publications.
• Release software as open source; maintain documentation and user guides on the QUEST website.

The schedule below outlines further key tasks on a yearly basis. The acronyms following the tasks indicate the
institutions involved, with the lead institution for each task indicated in bold font.
Year 1:

1.1 Develop and publish QUEST website as the central location for dissemination of publications, software,
and workshop announcements, and for soliciting UQ community input (§2.3) [SNL, all]

1.2 Extend core stochastic Newton algorithms to large-scale setting via low-rank approximations of the likeli-
hood Hessian; incorporate into QUESO library (§2.2.1.1). [UT, MIT]

1.3 Develop adapted stochastic representations with respect to arbitrary measures; compile library of error indi-
cators for intrusive and non-intrusive forward UQ methods (§2.2.1.2). [USC, SNL, JHU]

1.4 Develop optimal sequential sampling strategies for non-intrusive forward UQ, tied to error measures in
quantities of interest (§2.2.1.4). [MIT, LANL]

1.5 Develop algorithms and software for response surface methods, such as the Gaussian process, that will
effectively take advantage of multiprocessor HPC environments (§2.2.2.1). [LANL, UT, USC]

1.6 Improve interoperability between QUEST software to provide a unified set of best-in-class tools for UQ,
inference, and design (§2.2.2.1). [SNL, all]

1.7 Demonstrate improved dimension scalability in forward UQ based on adaptive refinement and adjoint-
enhancement of non-intrusive polynomial chaos and stochastic collocation expansions (§2.2.1.2). [SNL,
MIT, USC, JHU]

Year 2:
2.1 Develop multi-chain variants of stochastic Newton algorithms to support coarse-granularity parallelism

(§2.2.1.1) [UT, LANL]
2.2 Develop high-performance algorithms for expansions on symmetrized bases (§2.2.1.2). [USC, JHU]
2.3 Develop non-intrusive algorithms to detect and represent discontinuous model responses with surrogates,

using basis enrichment and compressive sensing (§2.2.1.3). [MIT, SNL, USC, JHU]
2.4 Demonstrate advanced Bayesian inference in DAKOTA/QUESO/GPMSA employing adaptively refined

stochastic expansions as emulator models (§2.2.2.1). [SNL, UT, LANL]
2.5 Develop software for carrying out global sensitivity analyses and calibration using response surface models

in HPC environment (§2.2.2.1). [LANL, SNL]
2.6 Demonstrate UQ-enabled solver approaches for non-intrusive forward UQ methods based on solver infor-

mation reuse (§2.2.3) [SNL, USC]

Year 3:
3.1 Extend stochastic Newton algorithms to more effectively sample multi-modal distributions via Hessian-

aware Gaussian process proposals (§2.2.1.1) [UT, MIT]
3.2 Guide deployment of QUEST’s full range of surrogate-construction methodologies (intrusive and non-

intrusive) on large-scale statistical inference and inverse problems (§2.2.1.1). [MIT, SNL, LANL]
3.3 Develop adaptive basis representations for multiphysics applications (§2.2.1.2, §2.2.1.3). [USC, SNL, JHU]
3.4 Demonstrate effectiveness of fault-tolerant UQ methods for dealing with missing samples and domain ad-

justments (§2.2.1.5). [SNL]
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3.5 Integrate new HPC-aware response surface software into GPMSA, and integrate this new version into
DAKOTA (§2.2.2.1). [LANL, SNL]

3.6 Refine specification of benchmark problems through interactions with applications (§2.2.4). [SNL, all]
3.7 Improve parallel scalability of all algorithms (through hybrid MPI+threading, concurrency in iterator recur-

sions, and distributed scheduling) (§2.2.5). [SNL, all]

Year 4:
4.1 Apply stochastic Newton algorithms to large-scale stochastic inverse problems in subsurface flow (§2.2.1.1)

[UT]
4.2 Develop stochastic surrogates, described using PCEs with random coefficients (§2.2.1.1). [USC, MIT]
4.3 Develop dimensionality reduction algorithms in large-scale statistical inverse problems (§2.2.1.1), leveraging

reduced-order stochastic representations for forward UQ (§2.2.1.2). [MIT, SNL, UT, LANL, USC]
4.4 Develop generic methods and software for specifiying error models to account for model discrepancy (§2.2.2.1).

[LANL, SNL, USC]
4.5 Demonstrate effective resource utilization through improved parallel scalability, fault tolerance, and archi-

tecture awareness for comprehensive, end-to-end UQ analyses of large scale benchmark problems on high
end DOE/SC computational platforms (§2.2.4, §2.2.5). [SNL, all]

Year 5:
5.1 Scale up and robustify stochastic Newton algorithms to exploit massive concurrencies provided by leading

edge systems (§2.2.1.1) [UT]
5.2 Implement algorithms for data-driven basis enrichment and adaptation (§2.2.1.1 – §2.2.1.3). [USC, JHU]
5.3 Develop large-scale optimal experimental design algorithms to help domain scientists choose the most in-

formative experimental observations for parameter inference, prediction, and model validation (§2.2.1.7).
[MIT, UT, LANL]

5.4 Integrate model discrepancy software into GPMSA (§2.2.2.1). [LANL, SNL]
5.5 Based on benchmark problems and community feedback, evaluate our success measured by QUEST’s effec-

tiveness in serving SciDAC customers, and identify areas for continued improvement (§2.3). [SNL, all]

2.3 Management Plan

2.3.1 Working with other SciDAC Projects

QUEST will initially be driven by an internal vision of the role of UQ in the scientific process generally and
computational science specifically. QUEST management and software architectures will be designed to allow this
vision to adapt to evolving science, hardware, and opportunities.

While the core of QUEST technology will be self-justified and self-contained in the form of software libraries
and algorithms, its ultimate and fully developed impact will be fulfilled through interaction with complementary
technologies. We envision the following four capabilities, fully developed on flagship hardware components,
as critical for the complete deployment of QUEST: (1) tools for solvers and optimization; (2) tools for massive
and massively distributed data sets and data-driven simulations; (3) tools for scientific-UQ and decision-oriented
visualization; (4) tools for adaptive discretization, including meshing and multiscale/multimodel simulations.

We expect that some of these capabilities will form the core competencies for a number of SciDAC institutes.
We will work closely with these institutes to ensure interoperability and consistency of software architecture and
data structures. While we have initiated communication with several SciDAC proposing teams, we adopt a robust
strategy that permits us to rely on state-of-the-art capabilities in any of the four topical areas above, whether or
not these are supported through SciDAC institutes. Specifically, we will rely on the latest stable releases of off-the
shelf software tools for capabilities not supported through SciDAC, and on the most current releases of all SciDAC
software tools.

In addition to working with SciDAC Institutes to maximize the value of our deliverables, we will also work
closely with the scientific community at large to facilitate access to and use of our resources. We will specifically
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target potential SciDAC science applicants and make sure they are informed of the scientific significance and
computational requirements of our tools. We expect to work closely with funded science applications both to
provide them with usable UQ capabilities and to solicit their feedback towards enhancing QUEST algorithmic and
computational infrastructure.

We will achieve our objectives for maximum outreach and impact, as indicated above, through the following
organizational structure and activities.

Tutorials: Tutorials and workshops will be organized, targeted at SciDAC/SC researchers and aimed at demon-
strating the relevance of our tools for applications as well as the software architecture and algorithmic elements
of QUEST. The objective of these tutorials will be both to educate colleagues about QUEST and to synchronize
QUEST software architecture and algorithms for interoperability with other Institutes. Administrative support for
outreach has been budgeted for. A committee consisting of Habib Najm, Omar Knio, and Omar Ghattas will direct
these activities.

Short courses: Scientists from QUEST will offer short courses at SciDAC, SIAM, USACM, and other confer-
ences. These activities will ensure that the SC community at large remains informed of the availability of QUEST.

Summer school: A UQ summer school will be organized for one week each summer, providing a forum for in-
depth presentations and dissemination of latest innovations in UQ research. The summer school will be designed
to be financially self-sufficient.

Web presence: A web presence will be designed for a unified, simple, and user-targeted interface to the outside
world. Our budget includes support for this activity. The website will be informative on the capabilities available,
without being a confusing enumeration of tools. It will provide means for the SciDAC/SC scientist to understand
the basic highlights of UQ and how it can advance his/her scientific understanding. It will also provide an explana-
tion of how we can help—directing each user, through an interactive interface, to the particular QUEST tool he/she
needs to use and the contact person in QUEST who can help with it. Mike Eldred will serve as the single point of
contact on the QUEST team to help in directing users, if this web interaction was not sufficient.

Partnering with other SciDAC Institutes: We expect that developments within QUEST will have tight coupling
with developments at other Math, CS, Data, and Visualization Institutes. Specifically, our interest in developing
error indicators and intrusive UQ will capitalize heavily on existing solver technology. Furthermore, given the var-
ious layers of parallelism that are intrinsic to UQ problems, optimality of our algorithms will be greatly influenced
by manycore technology. We will identify one person from the QUEST team to be our point of contact with each
of the funded SciDAC Institutes. We will request development access to their repositories and relevant subsets of
QUEST will hold bi-weekly meetings to review changes to these Institutes’ software architectures and data models.
Decisions about propagating these changes into QUEST will be made on an ongoing basis, following discussions
with our contact points at the other Institutes.

Success metrics: We will collect multiple types of information to assess our performance. Our main measures
of success, as already stated, are the degree to which we serve the needs of the SciDAC/SC user community and
our impact on the scientific community as a whole. The latter will be measured in terms of our publication output,
invited talks, organization of technical meetings, and similar professional engagements. Success in pursuing the
former—and more important—goal of serving SciDAC/SC customers will be measured in several objective and
subjective manners. We will collect usage statistics on our tools, websites, and tutorial participation; measure
the improvement in the performance of our tools on benchmark problems; poll our user base with surveys on the
utility, accessibility, and performance improvements of our software tools; and continually modify our practices in
response to this feedback and the user community’s evolving needs.

Communication: The QUEST team has a diverse domain expertise, and as such is well-positioned to inform a
very broad scientific community of the enabling role of QUEST in scientific discovery and predictive science.
Through our network of academic and lab partners, and through our outreach program detailed above, we will

20



have a good assessment of the competencies available to respond to various opportunities relevant to SciDAC.
We will make sure, through a variety of mechanisms and channels, that QUEST capabilities and resources are
sufficiently communicated. We will provide personal interactions with SciDAC science applications, providing
respective teams with expert assessment of a meaningful implementation of UQ into their scientific effort.

We will provide assistance to all SciDAC science applications in defining well-posed UQ formulations relevant
to their needs. These include proper choice of quantities of interest, selection of validation metrics, identification
of stochastic inversion, forward UQ procedures, and analysis.

2.3.2 Internal management structure and plan

In the following we describe our plan for managing the QUEST efforts across the several partner institutions, the
roles and responsibilities of each of the senior investigators, mechanisms we use to facilitate collaboration and
manage software development, and our plans to mitigate risks to the success of the QUEST institute.

2.3.2.1 Management Structure and Decision-Making

QUEST brings together a world-leading team of researchers and developers of UQ algorithms and software. This
expertise is spread across four Universities and two DOE Laboratories. To meet the ambitious goals of the QUEST
project, the team’s efforts across the six institutions will need to be coordinated, and the required collaboration will
need to be fosterd. This will be accomplished by a two-level management structure as described below.

The overall activites of QUEST will be coordinated by a small management team consisting of Habib Najm
as Director, Mike Eldred as lead for software development and Roger Ghanem as lead for algorithm development.
This management team will be expanded to include other major activities (e.g. for user support or applications),
as need arises. Each of the activity leads will in turn be responsible for coordination within their domains. The
members of the management team, assisted by an administrative person at SNL funded by QUEST, will monitor
progress on projects, identify efforts that need more resources, those that may need less or can be dropped and
will evaluate new opportunities. Collectively they will prioritize efforts, develop plans and milestones and pro-
pose adjustments in responsibilities of QUEST project staff as necessary. The management team will confer by
teleconference regularly (approximately every other week) to execute this coordination function.

One of the challenges of a distributed effort like QUEST is to enable sufficient flexibility in the execution of
the various projects when the distribution of resources among the partnering institutions is not very flexible. This
will be accomplished through flexible collaboration among the partner institutions. When priorities and responsi-
bilities need to be adjusted, the management team will propose adjustments to a larger group of core investigators,
consisting of PI’s, co-PI’s and other senior personnel at the partner institutions. These core investigators are re-
sponsible for managing the efforts at their institutions. When adjustments are proposed by the management team,
they will consult with the core investigators to develop an execution plan. Required changes in staff responsi-
bilities will often be accomplished by shifting efforts within one of the partner institutions. But when this is not
possible, adjustment in responsibilities across partners will be arranged by the core investigators, essentially bring-
ing in collaborators to an effort from the other institutions when needed. The core investigators will also confer
by teleconference regularly (approximately every other month) to discuss progress and roadblocks, to encourage
cross-fertilization, and to execute priority and resource adjustments.

2.3.2.2 Team Roles & Responsibilities

Following is a list of the key team members, with a brief description of their roles.

Habib Najm: PI and Director; responsible for overall coordination of the project. Expertise in uncertainty quan-
tification and statistical inference methods development, and their application in ODE and PDE problems.

Bert Debusschere: Lead UQTk developer; responsible for algorithm and software development. Expertise in
intrusive/non-intrusive UQ, statistical inference, stochastic dynamical systems, and stochastic multiscale modeling.
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Michael Eldred: Lead DAKOTA and Pecos developer; responsible for software inter-operability and coordination
within QUEST; expertise in adaptive stochastic methods and design under uncertainty.

Roger Ghanem: Responsible for various aspects of intrusive UQ methods and probabilistic modeling.

Omar Knio: Responsible for development of UQ methods/algorithms for sparse representation of extreme-scale
data. Expertise in development of intrusive/non-intrusive/adaptive UQ methods, and UQ software.

Omar Ghattas: Responsible for development of parallel Hessian-based stochastic Newton-MCMC methods for
inverse problems. Expertise in large-scale inverse problems, parallel computing, and geophysical applications.

Robert Moser: Responsible for development and testing of algorithms and process for validation under uncer-
tainty and treatments of uncertainty arising from model inadequacy.

Ernesto Prudencio: Lead architect of the QUESO library, responsible for the research of parallel adaptive UQ
algorithms for the Bayesian analysis of mathematical models, and for the integration of algorithms into QUESO.

David Higdon: Responsible for developing response-based UQ methods within GPMSA and developing new
MCMC algorithms and developing collaborations with applications.

James Gattiker: Lead GPMSA developer; responsible for integration of new methods into GPMSA, adaptation
of GPMSA software to the HPC environment, and integration of GPMSA with other software.

Youssef Marzouk: Responsible for methods to characterize uncertainty in model inputs, and for adaptive sampling
strategies. Expertise in statistical inference, experimental design, and surrogate/reduced-order modeling.

2.3.2.3 Collaboration, Coordination & Software Management

Another challenge faced by a large collaborative effort such as QUEST is enabling day-to-day collaboration among
participants across the institutions. A critical tool for this purpose will be a central QUEST-wide online collab-
oration space, using a software tool such as Redmine. Such systems provide an integrated suite of collaboration
services, such as project wikis, documentation and publication repositories, and chat channels. Redmine and sim-
ilar tools integrate with svn software and document repositories, provide project management functions such as
milestone and ticket tracking, and integrate with continuous regression testing systems. Redmine is currently in
use for this purpose at the PECOS Center at the University of Texas.

In addition, collaboration and coordination will be fostered through regular teleconference presentations of
progress and activities by team members to the entire QUEST team. This will allow QUEST team members to
share ideas and provide feedback to their colleagues. Collaboration will also be facilitated through regular visits
of QUEST researchers among the various partner institutions, and an annual QUEST team workshop in which the
QUEST team will gather to assess progress, coordinate efforts, and plan future developments. Each partner has
budgeted travel funds to support such efforts.

2.3.2.4 Risk Management

The risks to the success of QUEST, and our strategy to mitigate them, are outlined briefly below.

UQ research risks: UQ for large-scale computation is a relatively young field, where the development of algo-
rithms/formulations is not mature. Research and development in this area thus carries risks that some proposed
approaches will not succeed. This risk will be mitigated by active management of research and development
activities, to identify unpromising lines of research early and shift efforts to pursue more promising ideas. We
will rely both on our expertise and on active collaboration with SciDAC Math Institutes in this regard. The track
record of the team, both in innovative research and teaming activities, provides confidence in our ability to respond
successfully to these anticipated challenges.
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UQ software development risks: The development of sophisticated software tools carries risks that development
efforts may fail by producing software that does not meet its functional or interface requirements, cannot be ver-
ified to be correct or performs too poorly to be useful. These risks will be minimized through rigorous software
engineering practices, and will be mitigated by active management to identify and correct problems early in the de-
velopment process. The team’s extensive experience in UQ software development/maintenance, and active support
of user communities, will be key in our successful software development efforts.

Hardware architecture risks: Over the next several years, disruptive changes in architecture of high performance
computing hardware are expected. Such changes pose a risk to the QUEST effort due to the potential to render the
developed algorithms and/or software obsolete. These risks will be mitigated by tracking expected architectural
changes, and proactively adapting development efforts to the relevant characteristics of emerging new hardware.
We will do this in close collaboration with other SciDAC Math/CS Institutes that have extensive expertise, and
their own research goals, in responding to such architectural changes.

User adoption risks: UQ is effectively new to many SciDAC/SC computational scientists in almost all application
areas. Accordingly, even though DOE/ASCR program workshops have consistently highlighted the need for UQ,
there is a risk of user apathy, in that it is easiest to stick with business-as-usual. This would translate to a failure of
our UQ efforts, as our key goal is providing tools for UQ to be used by SciDAC/SC applications researchers. We
will mitigate this risk by active outreach to the SciDAC/SC community, and by providing effective and responsive
mechanisms for addressing user requests, as outlined elsewhere. We will also benefit in this regard from our
close collaborations with other SciDAC Institutes that have an extensive record in this context, with an established
SciDAC/SC user community.

2.4 Impact

QUEST will have significant impact on SciDAC and science in general.

Impact on SciDAC Goals: QUEST will serve as a trustworthy resource that will provide UQ capability to SciDAC
Institutes and applications. This capability will be in the form of software resources as well as scientific interac-
tions and domain-specific expertise. QUEST will enable SciDAC grantees to leverage SciDAC investment while
endowing their resources with a UQ dimension. SciDAC applications will be able to explore parameter space,
model space, and decision space effectively, in an effort to better understand the extent to which their underlying
models are representative of nature, together with guidelines on improving the model.

Impact on Science in General: QUEST will provide UQ capabilities that are comensurate with state-of-the-art
computational resources. These will permit the scientific community at large to take advantage of developments
in UQ methodology as they attempt to certify the value of their predictions. QUEST resources will make it easier
for the scientific community to report and exchange information, in a consistent fashion, about uncertainties in
data, models, and simulations. This is a critical step towards bringing statistical thinking back into the mainstream
computational science enterprise.

2.5 Institutions and their Roles

QUEST is a collaboration among six institutions that have had multiple ongoing collaborations on the development
of UQ methods, and UQ software deployment, in the context of large-scale computations. Their collaboration on
QUEST brings together a group of researchers with a shared vision, and a range of strengths and qualifications.

The roles of the individual institutions on the QUEST collaboration are designed around the leading strengths
and expertise of each instituion, while always relying on synergistic coupling of the range of strengths/expertise
among the overall group. The institutions and their roles are summarized below.

Sandia National Laboratories (SNL): Sandia will lead, manage, and coordinate the project progress. It will also
be responsible for development of non-intrusive forward UQ algorithms. Sandia will work on developing and
serving several UQ software products, namely DAKOTA, UQTk, JAGUAR, Pecos, and Percept.
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Los Alamos National Laboratory (LANL): LANL provides broad expertise in statistics, and in the application
of statistical UQ methods in large scale computational problems (ocean modeling, cosmology, material science).
It will be responsible for development of algorithms/software for construction and use of statistical GP surrogates.
LANL will develop and serve the GPMSA software toolkit.

University of Southern California (USC): USC provides expertise in development of UQ methods for general
PDE problems. It will be responsible for development of methods and software for construction of adaptive,
optimized, UQ representations and intrusive UQ methods.

University of Texas at Austin (UT): UT provides expertise in UQ for large-scale inverse problems, statistical
inference, and model validation. It will be responsible for development of UQ methods for inverse problems and
for model assessment under uncertainty. UT will work on developing and serving the QUESO software toolkit.

Johns Hopkins University (JHU): JHU provides expertise in development of intrusive/non-intrusive UQ methods
and software. It will be responsible for development/deployment of methods/software for sparse UQ representa-
tions.

Massachusetts Institute of Technology (MIT): MIT provides expertise in statistical inference, surrogate and
reduced-order modeling, and stochastic optimization. It will be responsible for the development of adaptive sam-
pling methods and software to be used in forward UQ and statistical inverse problems.
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