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1

Executive Summary

The NSF Leadership Class Computing Facility (LCCF) project held a workshop on January 910, 2020 at TACC on “Future Directions in Extreme Scale Computing for Scientific Grand
Challenges”. The goal of the workshop was to help determine the requirements of science and
engineering applications on the cyberinfrastructure that must be developed to make significant
progress toward resolving grand challenge problems.
Inputs from the workshop are being used to help identify the science requirements for the design
of the computational capability of the LCCF. Although the grand challenges identified by each
science domain are radically different, we found that they embody a limited set of common
themes that will drive the design of the LCCF:

Numerous individual science tasks have demand for vastly greater computational
scale and time; as such, a 10x baseline improvement in application performance
should be considered a minimum for the Facility.

Much of the work of extracting science and engineering results from the workload
happens outside the main simulation or analysis run, and is done in analysis of
the produced results later, over a much longer time. Support for this “expanded”
workflow at the appropriate scale is therefore critical for the facility, including
throughout the data lifecycle.

The workload is evolving, with increasing incorporation of methods from
artificial intelligence and machine learning in the science workloads, and
increased emphasis on throughput at scale – this work is in addition to, rather
than replacing simulation at scale.

Gradual evolution of code is possible, with proper incentives and sustained
investments. Radical or rapid change to software in order to support new
hardware is hard; the transition may outlive the hardware.

It is important to note that we are early in the requirements process, and that requirements
gathering will continue over the course of the LCCF design period. The design drivers
documented here will be updated in response to information gathered over the coming years.
Additional workshops and community events will be held during the preliminary design period
to address existing large science users not captured in this report, and will also seek to expand
the requirements documented here related to the increased growing use of AI and ML in science
and engineering research, as well as other disciplines that are emerging as significant users of
NSF CI.
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Introduction and Background

As deployed computational capability has increased, science and engineering research has
adopted increasingly complex models in search of more accurate simulations. Models today are
seeking to incorporate more of the wide range of physical processes that we observe in the real
world: in the 1980s aerospace engineers modeled the flow of a laminar fluid over an airfoil in
order to evaluate the potential of a new design. Today, engineers are using suites of codes
coupled together that model turbulent aerodynamics, the structural response of the airframe,
propulsion, acoustic propagation, and, in the case of hypersonic flight, the effects of mechanical
ablation and multi-species chemical reactions that happen between the airframe and the
atmosphere at high temperatures and pressures. Modeling this range of physical processes
requires multiphysics models (often in multiple different application codes) simulating processes
that happen on multiple time and space scales.
Increased computational capability has also expanded the ways in which we can use simulations
to get a better understanding of the limitations of our science codes and our knowledge of the
physical processes underlying them. Uncertainty quantification, optimal design, optimal control,
and simulation-based decision-making all rely on principled exploration of the high-dimensional
parameter spaces characterizing these applications.
Recent years have witnessed a dramatic increase in the availability of observed data—from
satellites deployed at a global scale to monitor the planet’s continents and oceans to clusters of
microsensors providing data about engine combustion dynamics in real-time to electron
microscopy images of nanoscale molecular structures. Computational models are increasingly
assimilating this data into simulations to infer unknown or uncertain components of the models.
In data-driven modeling, these components can represent initial/boundary conditions, sources, or
parameters in a mechanistic model, often in the form of differential equations. In data-intensive
modeling, the data can be used to infer reduced, statistical, or machine learning models for
processes that are either too complex to simulate or for which mathematical models of sufficient
fidelity do not yet exist.
Increased computer performance has come at the cost of increased hardware complexity and an
accompanying increase in the difficulty of writing applications that take advantage of their
potential power. Architectures and applications have traditionally evolved together, with each
new generation of hardware requiring incremental adaptations of applications to exploit the new
performance. The dramatic increase in complexity in recent years, however, has motivated the
reconsideration, and even complete redesign, of the algorithms underlying the applications as
well.
It is against this backdrop that the NSF Leadership Class Computing Facility (LCCF) project
held a workshop on January 9-10, 2020 at TACC on “Future Directions in Extreme Scale
Computing for Scientific Grand Challenges.” The goal of the workshop was to help determine
the requirements of science and engineering applications on the cyberinfrastructure that must be
developed to make significant progress toward resolving grand challenge problems. In the
1980’s the term “Grand Challenge” was given to a set of scientific problems whose solution
would be enabled by HPC resources. Several Grand Challenge Problems were identified to
motivate the accelerated funding of HPC activities in response to foreign competition.
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In this report we use the term grand challenge in roughly the same way, but with the
understanding that the high performance computer itself is only a part of the solution: they also
require breakthroughs in algorithms, computational science, data management and visualization,
software engineering, scientific workflows, and system architecture as well as a community of
expertise built around the technological capabilities in these areas to ensure that the technologies
(hardware and software) can be translated into practice.
The workshop was held under the auspices of the LCCF planning project at the Texas Advanced
Computing Center (TACC) at The University of Texas at Austin. The NSF’s design criterion for
the LCCF is that the facility must provide at least 10x the capability of the Frontera system,
deployed by TACC and #5 on the TOP5001 list at the time of this writing. The LCCF is being
designed following the NSF’s Major Research and Experimental Facility Construction (MREFC)
process for large-scale, long-life, research infrastructure. If awarded, the facility will operate for
at least ten years.
Inputs from the workshop are being used to help identify the science drivers for the design of the
computational capability of the LCCF, documented in the present report. Attendees (see
Appendix B) were invited to submit a one-page position paper describing a grand challenge
problem whose solution will have significant scientific or engineering impact and which requires
next generation HPC resources. All submitted papers are included as an appendix in this report.
Selected authors were also invited to present short talks at the workshop.
Attendees represented many of the disciplines that make the most sophisticated demands on
cyberinfrastructure (CI), including: computational fluid dynamics, computational chemistry and
materials, geosciences and geophysical flows, mechanical engineering, acoustics, seismology,
quantum chromodynamics, chemically reacting flows, turbulence, biochemistry, astrophysics,
plasma, and fusion physics. Rounding out the computational science focused attendees were
those from enabling computational technologies, including computer science, applied
mathematics, parallel algorithms, numerical optimization, artificial intelligence and machine
learning, and software engineering.

3

Scientific Grand Challenges: A Summary of Inputs

In the text that follows we provide brief discussions, selected from papers discussed at the
workshop, on representative scientific grand challenges. The discussions identify both the
science challenges and the advances in CI and computational science needed to address them.
We do not cover each submission in detail, but rather have selected a representative subset; the
full text of all workshop submissions is included in the appendix.
3.1 Incorporation of Molecular-scale Processes
In many domains, computational tools of sufficient accuracy for design and decision-making
require incorporation of highly-refined information about the molecular interactions which then
drive macro-scale processes of interest. For example, the presence of atmospheric aerosols
directly impacts the amount of radiation that reaches earth, cloud droplet formation, and optical
properties of the atmosphere. These processes in turn affect weather, climate, food production,
and human health, among other processes, that shape life on earth.
1

www.top500.org
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A central challenge in
incorporating molecular-level
processes into simulations with
results of interest at the macro
scale is difference among scales.
For example, atmospheric aerosol
simulations start with length
dimensions ranging from
nanometers to Angstroms and
time dimensions from
nanoseconds to femtoseconds, and
range all the way up to meters and
days for the macro changes that result from those molecular processes. In biological processes,
understanding the molecular basis of disease to create better medicines starts at the molecular
scale (Angstroms and femtoseconds) and proceeds to tissue scale, millimeters and seconds.
Crossing scales creates significant challenges in communication, requires advanced frameworks
in which to construct the simulation (and connect the components), and has to reconcile the
coupling of codes and processes created for studying one phenomenon (molecular dynamics)
into a workflow that applies the results to what is potentially a completely different phenomenon
(tissue morphogenesis).
For multiscale simulations (whole cell, aerosol, etc.) we need improved coupled simulation
modalities. Consider the interaction of particles at one scale with a phenomenon simulated on a
mesh at a different scale – the simulation models have to be tightly coupled, with the mesh and
the particles interacting with one another in real time, requiring two different kinds of
simulations to interact by executing in separate but related processes. But the two simulation
modalities may take wholly different approaches, e.g., different domain decomposition
algorithms for performance and scaling. This is a challenge for computational science (common
decomposition schemes and methods to pass information between scales) in addition to a science
challenge among the related domains.
There are also significant challenges in computing at the molecular scale itself. Increasing
complexity of the solution requires more particles, which drives a need for more processor
nodes, and GPUs are playing an increasing role in this area. Common codes in this area such as
NAMD2, GROMOS, and LAMMPS need fast inter-processor communications to simulate
billions of atoms. Workflow and cyberinfrastructure frameworks are needed that will enable– at
a single scale – researchers to enhance their ability to model and test combinations of different
parameters and perturbations of a system of interest. Simulation and computing frameworks that
allow real-time integration of data (e.g., from sensors or 4D microscopy data) are also needed in
this community, as are better mechanisms for sharing difficult-to-gather measurements or novel
methods with other researchers in the community.
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3.2 AI-Enhanced Science
The intense commercial interest in machine learning and artificial intelligence have led to an
interest in studying the application of these approaches to computational science. Traditional
statistical and supervised machine learning approaches have a longer history in areas such as
cosmology but, more recently, deep learning has been
increasingly employed in a range of science application
areas. For example, tokamak data can be used to train
models to predict disruptions. In fluid dynamics a
physical simulation and deep learning coupled
framework called CFDNet has been designed to predict
the primary physical properties of a fluid using a single
convolutional neural network at its core; speedups
between 2 and 7x have been observed without relaxing
convergence constraints.
Experimental and observational data, as well as simulation data, are sources for data-derived
models. Some efforts, such as neural tissue mapping from electron-microscopy, align well with
mainstream machine learning successes in image classification. Others, such as deconstructing
detector events and tokamak profile data, demand different kinds of neural networks. Deriving
predictive reduced models from simulation data, such as turbulence and lattice QCD, requires
quantitative validation against theory or against very expensive numerical simulations.
Effectively supporting AI and related methods in an HPC environment can present challenges,
however. I/O systems need to be designed with the ability to stream in large amounts of data
from disk or from outside data sources in the case of real-time observational data. The workflows
combining physics-based models with these methods can also create a very complex simulation
system, and the mass-market driven software in this area is not typically created with scaling to
thousands of nodes in mind.
3.3 Hypersonic Flight
Hypersonic vehicles, characterized by sustained flight at speeds in excess of five times the speed
of sound, are a critically needed technology that depends on the tight integration of chemistry,
material science, structural dynamics, fluid mechanics, propulsion, and dynamics and control to
be successful. Predicting their performance and robustness through modeling, simulation and
analysis will require immense computational resources and innovative computational science to
support the range of spatial scales (10-9 to 101 m) and temporal scales (10-10 to 102 s) that
characterize the coupled interaction of the high-speed external flow field and the chemically
active propulsion system with the vehicle’s structural and material response and degradation
along the vehicle’s trajectory.
Effective modeling of hypersonic flight requires coupling codes from different scientific
domains—density functional theory, direct simulation Monte Carlo, computational structural,
thermal, fluid, and electricity and magnetism dynamics—to predict and model the evolution of
the vehicle and its components and to estimate the uncertainty in the predictions.
An early and limited analysis of a generic hypersonic vehicle considered the detailed fluid
dynamic response of a Mach 6 flow across a surface was completed using three Python coupledcodes for the fluid, thermal, and structural responses. No material degradation model was used
LCCF-TEC.001
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and the domain of interest was a very small fraction of the overall vehicle – both approximations
which made the computation tractable but which rendered the result of limited usefulness. The
simulation utilized half of Frontera for 48 hours to simulate 4 billion grid points (5 unknowns per
point), and is the largest simulation of its type performed to date. Yet, in total even this
simplified analysis only covered about 10-1 seconds in “real time”; at this rate, 36,000 days
(about 100 years) would be required to simulate a 15-minute flight.2
3.4 Global Dynamics and the Great Earthquakes
Global tectonic plate motions in the Earth’s crust are thought to be primarily driven by the
negative buoyancy within subducted slabs, but there is little agreement in the scientific
community on the strength and nature of resisting forces. Plate motions are likely related to how
forces are transmitted through the slab, across the plate interface, and into the converging plate.
Failure to reach consensus on the force balance of plate tectonics and mantle flow leaves
fundamental questions unanswered, including causes for spatial variability in great earthquake
occurrence. A great earthquake – one measuring 8 or higher on the Richter scale – happens
roughly once per year and, when near areas with large populations, can cause devastating loss of
life and economic activity. Despite the severity of the risk, the ambiguity surrounding their
occurrence results in substantial uncertainty in the assessment of seismic hazards.

The magnitude 8.2 Chiapas earthquake of 2017 killed 98 people and affected
an estimated 1.5 million people in Chiapas; 41,000 homes were damaged.
Buildings in the city closest to the epicenter were reduced to rubble and 1.8
million people in Mexico City lost electricity.

Making progress will require a new generation of time-dependent plate-mantle models in which
the details of plate boundaries are resolved in time and space. This will require global forward
and inverse viscoelastic models to determine variations in mechanical coupling in subduction
zones using plate motions, space-geodetic displacements, the record of large earthquakes, and
the along strike variation in the depth of oceanic trenches. The models must have high resolution
(e.g., locally 1 km or less) and fully incorporate the extreme nonlinearity in viscosity between the
slab and mantle, hinge zone and rupturing interface between subducting and over-riding plates.
This will require iterative solvers for nonlinear saddle point problems with 𝒪(109 ) unknowns
arising from discretization of partial differential equations in viscous fluid dynamics. While
being much more complex, the resulting sparse systems share similarities with the HPCG
benchmark: i.e., they are memory-bound, involve collective communication (dot-products), and
require multilevel preconditioners that utilize significant global communication. Since on future
architectures, flop rates will likely be even faster compared to memory access, this is a problem
where hardware may drive the development of numerical algorithms towards higher-order
discretizations. Scientists will also use observations from plate motion, earthquakes and
topography to deduce which mechanisms are able to explain our planet’s evolution, and which

2

At Mach 5, the level above which flight is considered to be hypersonic, flight speed is 1 mile per second; at Mach
9, 15 minutes is enough time to fly from D.C. to L.A.
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are not. Such inverse problems require many repeated simulations, which is why strong parallel
scaling of future algorithms and implementations is of particular importance.
3.5 Modeling Thermonuclear X-ray Bursts
Modeling X-ray bursts (XRBs) resulting from
thermonuclear explosions allows scientists to probe the
physics of dense nuclear matter, which feature heavily in
the physics of neutron stars, the Big Bang, and the
behavior of heavy atomic nuclei. Such modeling requires
multiscale and multiphysics simulations, with spatial
scales ranging from the size of the compact object (e.g.,
black holes, white dwarfs, etc.) down to the burning or
dissipation scale. Temporal scales range from the hours
of evolution that brought the star to the brink of explosion
to the seconds-long explosion. Models must incorporate hydrodynamics, nuclear reactions,
gravity, thermal conduction, magnetic fields, and radiation.
A problem of interest in studying XRBs is modeling the nucleosynthesis as a burning front
propagates laterally through the accreted fuel layer on a neutron star. DOE leadership systems at
𝒪(10𝑃𝐹) enabled the first full hydrodynamics simulations in both the lateral and vertical
directions, yielding insight into complex dynamics of the flame front with realistic microphysics.
The simulations were challenging, and used approximations to both the length scales (using
artificially high neutron star rotation rates to compress the lateral scales) and time scales
(boosting the flame speed). New DOE systems at 𝒪(100𝑃𝐹) permit elimination of these
approximations as the code runs 5 − 10𝑥 faster on GPUs than CPUs.
The increased power of next generation supercomputers will help to enable routine 3D
simulations covering a larger portion of the neutron star surface, and include more realistic
physics (such as coupled radiation), but improvements in algorithms (SDC coupling and higher
order methods) are also needed. These simulations will be the first global simulations of burning
fronts on neutron stars that capture the realistic physics and enable direct connections between
simulation and observation.
3.6 Quantum Materials Engineering
Much of today’s technology relies on the ability to control matter at the atomic scale. Solar
photovoltaics, portable electronics, wireless communications, and electric vehicles all crucially
depend on the unique properties of artificial materials manufactured with atomic precision. In
this technological landscape, quantum-mechanical modeling of materials and extreme-scale
computing have the potential to revolutionize the way we create disruptive new technology.
Over the last decade materials design from first principles has been making significant progress
in validating electronic structure codes based on density functional theory (DFT), creating
databases of DFT calculations for all known crystalline materials, introduction of data science
techniques in materials science, and development of a software ecosystem for the automation and
documentation of DFT computational workflows.
Most current efforts in these areas focus on properties that can be obtained from standard DFT
calculations, namely calculations where electron-electron interactions are described by local or
semi-local functionals, and electron-nucleus interactions are described by taking nuclei as
LCCF-TEC.001
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classical particles immobile in their equilibrium positions. Unfortunately, these calculations offer
limited predictive insight into many functional properties that underpin energy and information
technology, from light-matter interactions to temperature-dependent charge and spin transport.
One of the grand challenges of ab initio materials design is to overcome these limitations by
systematically incorporating electron correlations, quantum fluctuations, and realistic
temperature conditions in accurate post-DFT calculations of real materials.
As an example, the prediction of the electrical conductivity of materials, a key design parameter
for electronic, thermoelectric, optoelectronic, photovoltaic, and plasmonic devices, requires (i)
high-accuracy many-body GW band structures to obtain reliable carrier effective masses, and (ii)
a fine sampling of all carrier-phonon scattering processes to obtain reliable carrier relaxation
rates. The resulting calculations are already challenging for binary semiconductors like gallium
nitride, with only a handful of atoms per crystalline unit cell. For more complex systems, like the
recently discovered hybrid organic-inorganic perovskites which count almost fifty atoms per
simulation cell, these calculations are almost prohibitive on the best available supercomputing
architectures.
Screening a single compound (cubic perovskite CsPbI3) at one
temperature data point on MareNostrum 4 takes 96 hours on 3,840
cores. In a typical materials design project, it is common to screen
several tens of different compounds, doping levels, and elastic strain
conditions. As a result, at this time a systematic high-throughput
screening of advanced functional properties such as the electrical
conductivity is beyond reach.
In order to be competitive on the front of advanced materials design
with today’s codes, and to deliver tangible impact in the form of new
compounds, new functionalities, and new devices, the screening time
for new compounds must be reduced. For example, improved scaling Figure 1 Ga2O3 calculation
in the application (EPW) and a larger supercomputer would permit
with EPW on 1,120 cores of
runs on 20-30k cores, reducing the total compute time to a few wall Stampede2.
clock hours and enabling systematic materials screening over
timescales on the order of days instead of weeks or months. Also, the runs tend to demand about
2x the memory that is typically configured per core, which forces the reservation of more cores
than would otherwise be necessary: larger memory nodes are needed.
Looking to the future, local DFT functionals are gradually being replaced by non-local hybrid
functionals, with an order-of-magnitude increase in computational cost. Simulating the electronic
and optical properties of functional materials require GW quasi-particle methods on top of DFT,
with an additional order-of-magnitude increase in computational cost over where we are today.
Within the community itself, databases of the Materials Genome Initiative3 contain almost
exclusively DFT data. The calculations need to be expanded to include a broader array of
materials properties such as optical absorption and luminescence, electrical and thermal
transport, vibrational spectroscopy, photoelectron spectroscopy. All of these calculations are

3

Materials Genome Initiative for Global Competitiveness. [Washington, D.C.]: Executive Office of the President,
National Science and Technology Council, 2011.
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much more computationally intensive than DFT and will increase the demand for capabilities to
support materials development.
3.7 Physics of Fundamental Particles
An important scientific challenge in high energy or elementary particle physics is to find
evidence of Beyond the Standard Model Physics. This might be done by producing new particles
with higher energy collisions than previously studied, but it can also be done using very high
precision measurements that test precise predictions of the Standard Model. The latter approach
is being used to study the physics of the bottom quark by the LHCb experiment at the Large
Hadron Collider at CERN, and the Belle II experiment at the KEK Laboratory. Lattice QCD
calculations provide essential input to these experiments as they are the most precise way to
make the required Standard Model predictions. As the experiments are ongoing and will increase
their precision, it is necessary to increase the precision of the predictions of lattice QCD.
Lattice QCD involves a numerical treatment of the continuum field theory in which space time is
treated as a discrete four-dimensional grid with lattice spacing 𝑎. This introduces systematic
errors that are reduced when a is reduced. The bottom quark is quite heavy, and there are errors
that depend on 𝑎𝑚𝑏 , where 𝑚𝑏 is the bottom quark mass. A grand challenge problem is to
reduce the lattice spacing to 0.03 fm, so that the errors from the bottom quark are well controlled.
We are currently doing calculations with a lattice spacing of 0.06 fm. We would use quark
masses that are well tuned to the physical quark masses for the up, down, strange, and charm
quarks. This approach largely eliminates the error from the chiral extrapolation that is needed
when quarks heavier than in nature are used.
A lattice spacing of 𝑎 = 0.06𝑓𝑚 results in a grid size of 963 × 192. Halving the lattice spacing
(to get to 𝑎 = 0.03𝑓𝑚) results in a grid size of 1923 × 384: 16 times larger than is currently used
in production on Frontera. However, the computational cost would increase by more than a
factor of 16 as the condition number of the sparse matrix which must be inverted increases,
requiring more iterations, and the step size will also be decreased in the molecular dynamics-like
evolution required to generate new gauge configurations. Research is currently underway into
algorithmic advances that might reduce computational requirements such as multigrid solvers,
and force gradient integrators.
Refining mass estimates will also require refining our understanding of the uncertainty of those
estimates, resulting in a parameter space exploration. We have made a very rough estimate of the
time required to create and analyze 1000 configurations for a variety of mesonic decays
containing bottom and charm quarks. The analysis jobs are already in production on Frontera for
the 𝑎 = 0.06𝑓𝑚 ensemble, so one can estimate total time based on increasing the volume and an
assumption about how many more iterations will be required with the smaller lattice spacing.
Gottleib’s group have done some test running for generation of a 1923 × 384 configuration on
Frontera, but did not run long enough to equilibrate, so roughly know the performance of the
solver, but don’t know how many iterations will be required once equilibrated. A very rough
estimate from these tests is 2.7 million node-days to generate 1000 configurations on Frontera –
roughly a full year of dedicated system time on all 8,000 nodes.
3.8 Turbulent Flows
One of the most important challenges in fluid mechanics is to predict the effects of turbulence in
a wide variety of flow situations. The inability to reliably predict the average behavior of many
turbulent flows in systems such as aircraft, motor vehicles, ships, combustion systems, the
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atmosphere and ocean, and many more, greatly hinders the ability to design or otherwise make
decisions regarding such systems. As an example of the importance of turbulence, consider that
approximately 28% of total US energy consumption is for the transportation of goods and
people, and that the vast majority of that energy is dissipated in the turbulent flows involved.
A likely reason for the unreliability of current turbulence models (called Reynolds-Averaged
Navier-Stokes or RANS models) is that they do not carry a sufficiently rich state-space of
turbulence statistics. The most common RANS models track the mean velocity, the turbulent
kinetic energy and the rate of dissipation of the energy (or similar). However, it is known that the
dynamics of turbulence with these same characteristics can vary widely depending on details of
the structure of the turbulence. The question then arises as to what is a sufficient set of statistical
descriptors of that structure that would allow the determination of the dynamics. Promising states
have been proposed, but their adequacy as a state space describing turbulence dynamics has not
been thoroughly evaluated.
Arguably, a reason that such richer turbulence state spaces have not been explored is a lack of
supporting data. The data that would be required includes values of potential statistical state
quantities obtained from a wide variety of turbulent flows of varying complexity. The only
viable source for such data is direct numerical simulations (DNS), which involve the solution of
the Navier-Stokes equations on very large grids requiring extensive HPC resources. For example,
a relatively recent DNS of a simple wall-bounded flow involved a simulation with 250 billion
degrees of freedom and required 400 million core hours on Mira at Argonne. Many simulations
of a wide range of more complex turbulent flows would be needed to determine an adequate
turbulence state space and to inform a model for the evolution of such a state space.
The computational grand challenge, then, is to perform such DNS and the required analysis. In
addition to a first-order computational challenge requiring extreme scale HPC, this represents a
first-order data science challenge. Among the data science objectives would be identifying the
necessary state dependencies, determining additional flow conditions for which simulations are
needed, and learning the high-dimensional functional relations required to model the evolution of
the turbulence state. Such a focused integrated computational and data analytic effort has the
potential to revolutionize the modeling of turbulence, resulting in vastly improved abilities to
design turbulent flow systems or otherwise make decisions regarding them.

4

Science Requirements for the LCCF

The grand challenges highlighted above and the many more included in the appendix (all of
which informed this report) are unique to each scientific discipline and in some cases, even to the
individual areas within a discipline. Despite the differences in the specific goals of each
challenge, it is possible to extract a set of common computational demands from the scientific
goals that will drive the design of the LCCF. The common requirements shown below are the
first set extracted from our initial requirements meetings in November of 2019 (at SC19) and this
workshop at TACC in early 2020. Requirements gathering will continue over the course of the
LCCF design period and these drivers will be updated in response to information gathered over
the coming years.
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4.1

Increased Computing Power
Numerous individual science tasks have demand for vastly greater computational
scale and time; as such, a 10x baseline improvement in application performance
should be considered a minimum for the Facility.

A common theme among the science challenges is the need for increased raw computing power
– this is a requirement across the board. In some cases, the science team is ready for a certain
type of computing power, as documented in e.g. Zingale and Cheatham in the case of GPUs, and
others are experimenting with the best use of GPUs as documented in Chang, Berzins, and
Giustino. But in nearly all cases workshop participants indicated that a fundamental requirement
for advancing the state of the knowledge in their field is increased computing power; as
documented e.g. in Gottleib with a need for 2.7 million node days for a single parameter search,
and Bodony with the requirement for 100 years of computing to simulate 15 minutes of
hypersonic flight.
4.2

Support the Full Lifecycle of a Computational Analysis
Much of the work of extracting science and engineering results from the workload
happens outside the main simulation or analysis run, and is done in analysis of
the produced results later, over a much longer time. Support for this “expanded”
workflow at the appropriate scale is therefore critical for the facility, including
throughout the data lifecycle.

The CI community has long been aware that although the supercomputer is a necessary enabler
of scientific discovery, it is not by itself sufficient. Thus, larger centers such as TACC offer a
broad range of capabilities and expertise from data analysis and visualization to data publishing
and code optimization.
Expanding the boundaries of science with leadership-class computing systems strains all of the
processes that enable scientists to prepare for simulation runs and analyze and share the results as
documented in e.g. Bozdag, Zingale, Guistino, Chang, Aparna, Yeung, Moser, and others. As the
CI and science community are learning from pre-exascale systems currently deployed,
transferring and staging very large input data sets, identifying the right parameters to run jobs at
a scale never before achieved, possibly modifying the code itself to support the new scale,
checkpointing to preserve work, validating accuracy and proper code behavior (i.e., is the
problem converging appropriately) during a run to avoid wasting time and computer resources,
and then managing, analyzing, visualizing, storing, and potentially sharing the results all require
careful reconsideration as the scale and complexity of computational simulations increase.
4.3

Use of Machine Learning Methods in Scientific Computing at Scale
The workload is evolving, with increasing incorporation of methods from
artificial intelligence and machine learning in the science workloads, and
increased emphasis on throughput at scale – this work is in addition to, rather
than replacing simulation at scale.

As documented in e.g. Aparna, Chang, Bodony, and Bozdag, use of tools from machine learning
and artificial intelligence is moving beyond exploration into early adoption. An important
emerging use case for these methods in science simulation lies in augmenting existing (typically
PDE-based) workflows with ML-based submodels to speed up the convergence or serve as
LCCF-TEC.001
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subgrid-scale model or closure or constitutive relation. Alternatively, ML models are becoming
increasingly used as surrogates for (possibly) more accurate direct numerical simulations when it
is prohibitive to execute them repeatedly (e.g., for parameter space exploration), or when the
mathematical “physics-based” model is not sufficiently known. It is clear from workshop
submissions that this is an emerging part of the workload and future systems must be able to
provide appropriate hardware and software resources in addition to specialized expertise to
integrate these disparate modes of computing. Specialized support will also be needed to modify
the mass-market driven software in these fields to be relevant to the very large numbers of nodes
that will be used in science simulations.
4.4

Radical Application Change is Hard
Gradual evolution of code is possible, with proper incentives and sustained
investments. Radical or rapid change to software in order to support new
hardware is hard; the transition may outlive the hardware.

Several of the workshop attendees with mature code bases were careful to emphasize that the
code changes required to take advantage of the potential power of new architectures are not
something that many science teams are well-suited to implementing, as documented in e.g.,
Gottleib, Park, Sundar, Yeung, Giustino, and Zingale, among others. To a first order
approximation, workshop attendees prefer a model they are already familiar with; if that is not
possible, then they emphasized that advanced code support is a necessary part of the LCCF to
assist them in (i) making the needed changes and (ii) making them fast enough to be within the
useful life of the machine. This quote from Zingale is illuminating:
“New architectures bring new programming challenges, and to date we’ve managed to
keep pace with these developments. A key point is that funding needs to be provided to aid in
preparing codes, not just for the science, especially for novel architectures.”
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Appendix A: Agenda
Thursday January 9
08:00 - 08:30

Breakfast

08:30 - 09:00

Welcome and charge - Dan Stanzione

09:00 - 9:15

Workshop/report structure - Omar Ghattas

09:15 - 09:30

Vignette #1: Mike Gurnis/Georg Stadler - Mantle Convection

09:30 - 09:45

Vignette #2: Steve Gottlieb - Lattice QCD

09:45 - 10:00

Vignette #3: Rich Vuduc HPC Performance

10:00 - 10:15

Vignette: #4: Ebru Bozdag - Global seismic inversion

10:15-10:45

Break

10:45 - 11:00

Vignette #5: Hari Sundar - Gravitational waves

11:00 - 12:00

Discussion Session #1: Algorithms of Today and Tomorrow (Moderators:
George and Omar)

12:00 - 13:15

Working lunch: Application Survey and Discussion

13:15 - 13:30

Vignette #6: Rommie Amaro - Biochemistry

13:30 - 13:45

Vignette #17: Matthias Ihme - Turbulent combustion

13:45 - 14:00

Vignette #8: Martin Berzins - PDEs

14:00 - 14:15

Vignette #9: Michael Zingale - Astrophysics

14:15 - 14:30

Vignette #10: Feliciano Giustino - Materials

14:30 - 14:45

Vignette #11: C. S. Chang - Magnetic Fusion

14:45 - 15:15

Break

15:15 - 15:30

Vignette #12: Aparna Chandramowlishwaran

15:45 - 16:45

Discussion Session #2: HPC Performance (Moderator: Dan and Tommy)
HPC Performance (Moderators: Dan and Tommy) Architecture (GPU or not
GPU?), Libraries (PETSc, etc), Profiling/Debugging Tools

16:45 - 17:15

General Discussion
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Friday January 10
08:00 - 08:30

Breakfast

08:30 - 08:45

Vignette #13: Dan Bodony - Hypersonics

08:45 - 09:00

Vignette #14: George Park - Aircraft LES

09:00 - 09:15

Vignette #15: Eckart Meiburg - Environmental flows

09:15 - 09:30

Vignette #16: Tim Williams - AI for Science

09:30 - 09:45

Vignette #17: PK Yeung - Turbulence

09:45 - 10:00

Vignette #18: Patrick Heimbach - Ocean data assimilation

10:00 - 10:15

Break

10:15 - 11:30

Discussion session #3:The LCCF beyond the machine (Dan)
What services should an LCCF provide beyond a large machine?
Support Services, Data Lifecycle Management, Workforce/Diversity,
Training, Outreach, Gateways, Software

11:30 - 12:00

Discussion Session #4: Life with the LCCF (Omar and George)
What programs would make sense to support the applications community in
the age of LCCF?

12:00 - 13:15

Working lunch: Discussion and workshop summary
(Moderators: George, Dan, Omar)

Adjourn
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Appendix B: List of Science Attendees

Last

First

Email

Institution

Field

Berzins

Martin

mb@sci.utah.edu

U Utah

Biros

George

biros@oden.utexas.edu

UT Austin

Bodony
Bozdag

Daniel
Ebru

bodony@illinois.edu
bozdag@mines.edu

Illinois
Colorado School
of Mines
UC Irvine

Computational math,
HPC
Mechanical
engineering
CFD, aeroacoustics
Seismology

Chandramo Aparna
wlishwaran
Chang
ChoongSeock

amowli@uci.edu

Cheatham

Thomas

tec3@utah.edu

Couch
Ghattas
Giustino

Sean
Omar
Feliciano

Gligoric

Milos

couch@pa.msu.edu
omar@oden.utexas.edu
fgiustino@oden.utexas.e
du
gligoric@utexas.edu

Gottlieb
Gurnis

Steve
Mike

sg@indiana.edu
gurnis@gps.caltech.edu

Indiana U
Caltech

Ihme
Maechling
Meiburg

Matthias
Phil
Eckart

Stanford U
USC
UCSB

Moser
Park
Stadler

Bob
George
Georg

mihme@stanford.edu
maechlin@usc.edu
meiburg@engineering.uc
sb.edu
rmoser@oden.utexas.edu
gipark@seas.upenn.edu
stadler@cims.nyu.edu

Sundar

Hari

hari@cs.utah.edu

U Utah

Vuduc

Rich

richie@cc.gatech.edu

GA Tech

Willams
Yeung
Zingale

Tim
PK
Michael

zippy@anl.gov
pk.yeung@ae.gatech.edu
michael.zingale@stonybr
ook.edu

ANL
GA Tech
Stony Brook U
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Princeton Plasma Plasma physics
Physics
Laboratory
U Utah
Computational
biochemistry
Michigan State
Astrophysics
UT Austin
Geosciences
UT Austin
DFT / materials
UT Austin

UT Austin
U Penn
NYU

Software
Engineering
QCD
Geophysics,
geodynamics
CFD, reacting flows
Comp seismology
CFD, geophysical
flows
CFD, turbulence
CFD
Computational math,
optimization
Computer science,
HPC
Computer science,
HPC
Plasma fusion
CFD, turbulence
Computational
astrophysics

18

LCCF Science Requirements Workshop

7

Appendix C: Attendee Position Papers

Moving Beyond Present Notions of Exascale
Martin Berzins and Tamara Bidone, SCI Institute, University of Utah.
Given that GPU-based architectures will take us to Exascale somewhere in the 2021/2022 time frame and that they will
do an amazing job of delivering hitherto unheard of computational power to bear on many challenging problems the
need is to define example applications and to discuss what is needed next. One large class of applications, that will find
it harder to make effective use of these architectures consists of problems that have a relatively low flops to data ratio.
Many of these applications have roughly one flop per word. Examples of such applications are:
Weather codes with complex atmospheric physics and data assimilation.
Combustion code in which preserving the physical correctness of the solution is important.
Extreme physics codes with very severe shock waves and complex chemistry.
Manufacturing product design codes with very complex geometries are typical of many “real” applications.
More generally low-to medium order methods for partial differential equations codes.
Iterative linear solvers based upon methods such as conjugate gradients.
In all such applications the low flops to word ratio is a function of the underlying algorithm and not its coding.
Such applications are limited on the GPU by the memory bus speed and also on some CPUs by unattainable vector
peak rates. One exception is the ARM/Fujitsu chip which while being 7x slower than a summit gpu has the same
memory bus speed. The question for the future is whether or not it is possible to design and build computer
architectures through co-design that are even more applications friendly.
An example Exascale problem with one flop per word from combustion
One particular application being readied for Exascale on the DOE Aurora system using the Uintah Arches code is the
Boiler Simulation Facility (BSF), is a 13 × 3 × 3 m3 tangentially fired boiler firing approximately 5000 pounds of coal per
hour. The facility represents the combustion and radiation physics of a full size boiler, while being small enough to take
high-quality, well-characterized measurements. In order to resolve a significant fraction of the energy spectrum
millimeter of sub-millimeter grid spacing is required. At a spacing of 0.1mm and assuming that say there are 100K
"Summit-type" GPUs in an Exascale machine this would mean roughly 1000 128 cubed patches per GPU.
An example Exascale problem from cell biology again with one flop per word
Understanding single cell behavior is essential for research in biological sciences. The ability of cells to sense mechanical
stimuli, or cell mechanosensing, regulates a plethora of physiological functions, including migration, wound healing and
tissue morphogenesis. The response of cells to mechanical forces occurs by converting mechanical stimuli into
biochemical pathways, corresponding to changes in functional relations between cytoskeletal and adhesion proteins.
Mechanistic understanding of cell mechanosensing via cytoskeleton and adhesions remodeling remains elusive due to a
lack of high resolution information from experiments. Computational modeling offers a powerful solution to
characterize cell mechanosensing because it allows to simulate in space and time the reorganization of cytoskeletal and
adhesion proteins into assemblies that sense, sustain, generate and transmit forces and deformations. Such models
involve complex particle systems. For the study of semiflexible actin filaments, a Brownian Dynamics based algorithm
have been developed. The models sowed that: the relative concentrations of the various protein components determine
the morphology of the cytoskeletal network in different environments; stress transmission and sustainability in
contractile actomyosin bundles, such as stress fibers and lamellipodium actin arc. We developed a computational model
of contractile ring assembly using particle-based phenomenological models, which revealed that: interactions between
filamentous proteins and molecular motors generate contractile rings for successful cytokinesis, depending on the initial
distribution of the molecular components; properties of the cytoplasmic reticulum govern the displacement of
attachment proteins at the cell cortex. Such particle models involve billions of particles to simulate a single cell and the
extension to multiple cells would require corresponding larger particle sizes.

1
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Modeling, Simulation and Analysis of Hypersonic Vehicles:
A Grand Challenge Problem for Next Generation HPC Resources
Daniel J. Bodony (bodony@illinois.edu)
Blue Waters Associate Professor
Department of Aerospace Engineering
University of Illinois at Urbana-Champaign
Hypersonic vehicles, characterized by sustained flight at speeds in excess of five times the speed
of sound, are a critically needed technology that depend the tight integration of chemistry, material
science, structural dynamics, fluid mechanics, propulsion, and dynamics and control to be
successful. Predicting their performance and robustness through modeling, simulation and
analysis (MS&A) will require immense computational resources and innovative computational
science to support the range of spatial scales (10-9 to 101 m) and temporal scales (10-10 to 102 s)
that characterize the coupled interaction of the high-speed external flow field and the chemically
active propulsion system with the vehicle’s structural and material response and degradation along
the vehicle’s trajectory. Successful MS&A will require coupling codes from different scientific
domains—density functional theory, direct simulation Monte Carlo, computational structural,
thermal, fluid, and electricity & magnetism dynamics—to predict and model the evolution of the
vehicle and its components and to estimate the uncertainty in the predictions.
An early and limited analysis1 of a deflected and compliant control surface of a generic hypersonic
vehicle is shown in the figure below. The simulation considered the detailed fluid dynamic
response of a Mach 6 flow impinging on a thermally and structurally-compliant control surface
that was deflected into the flow and was performed using three Python coupled-codes for the fluid,
thermal, and structural responses. No material degradation model was used and the domain of
interest was a very small fraction of the overall vehicle. The simulation utilized the entire Frontera
machine for 48 hours, generated approximately 10-1 seconds worth of “real time” data, and
represents the largest simulation of its type. Expanding simulations of this type to meet the needs
of hypersonic vehicles is a grand challenge for next generation HPC resources.

Left figure: generic hypersonic vehicle. Right figure: direct numerical simulation of Mach 6
flow impinging on a compliant and deflected control surface with corresponding experimental
validation (upper inset). Lower inset shows carbon weave of control surface.
1

Work supported by the AFOSR (Dr. Ivett Leyva, PM). Experiments performed in NASA Langley’s 20 inch Mach 6 tunnel by Dr. Stuart
Laurence, University of Maryland.
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Position paper
Author: C.S. Chang, Princeton Plasma Physics Laboratory, Princeton University
Scientific Area: magnetic fusion
Projects: SciDAC High-fidelity Boundary Plasma Simulation (HBPS),
ECP High-fidelity Whole-device Modeling (ECP WDMApp)
ECP Co-design Center for Particle-based Applications (CoPA)
Scientific application code name: XGC
Design, construction, and operation of ITER and future fusion demo reactors are extremely
expensive and time consuming. First-principles based predictive simulation can save the time and
the money from the design phase to the operation phase, possibly accelerating the fusion reactor
commercialization by a significant factor.
Performance of magnetic fusion plasma is determined by multi-scale self-organization of
multi-physics phenomena. Large free energy from the hot plasma induces not only the machinesize scale dynamical evolution and instabilities (~10m), but also the microscale turbulence that
spans all the way to the electron gyro radius (~10µm). Time scale spans over a wider range (100s
– 10-8s). Since they interact together to produce the properties of the burning plasma, they
ultimately need to be simulated together self-consistently using first-principles governing
equations. In the edge plasma close to the enclosing wall, the problem becomes even more
demanding due to the interaction with material wall that produces neutral particles with atomic
interaction with the plasma, and the complicated geometry conditions. Number of charge species
involved can be up to 100 in ITER.
To fit the first-principles magnetic fusion simulations into today’s ~10-100 PF leadership
class computers, large-scale instabilities are simulated independently from microscale turbulence,
the electron gyro radius scale turbulence is simulated only in a thin local annulus, and the number
of charge species can only be allowed to be a few. Also, the full 6D (3X+3V) simulation of the
whole-volume tokamak simulation is not possible in today’s leadership class computers. The
dimension is reduced to 5D (3X+2V) by limiting its validity to the slower physics than ion gyration
motion.
Due to the large-scale scientific data produced by the simulations (~100PF per day from a
100PF computer), data needs to be analyzed, visualized and reduced in situ and on-the-fly before
they are moved to the filesystem. On-memory, in-situ application of machine learning tools is
essential to achieve this goal.
We have found that the high-fidelity, 5D kinetic PIC code XGC performs equally well on
both GPU (Summit) and CPU (Cori/Theta) accelerator architectures. The GPU usability is limited
not only by the data-transfer latency, but also by its memory size. Due to the large-scale scientific
data it produces, a fast I/O is a necessity. On-node NVRAMs are found to be highly helpful for
this purpose. Node-to-node and node-to-filesystem MPI communication speed will be an
important factor. We are looking forward to the Slingshot interconnect architecture on Perlmutter,
Aurora, and Frontier. Some robust fault resistant and tolerant methods, via both software and
hardware, will be greatly helpful as we go forward to exascale computing. We also find that a
portability-enabling ecosystem, such as Kokkos, is extremely helpful. By leveraging Kokkos, a
single-version XGC is performance-portable on both Summit GPUs and Cori/Theta GPUs.
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Extreme Scale Computing: Continuing challenges in modeling the structure, dynamics
and interactions of biomolecules across biologically relevant time and size scales
Author: Thomas Cheatham, University of Utah
For more than half a century, chemists and physicists have labored to atomistically model the
structure, dynamics and interactions of biomolecules through molecular mechanics and various
simulation approaches [1]. Such methods are widely applied to understand biomolecular function,
to model biomolecular folding, elucidate conformational distributions and molecular interactions,
and for computer aided drug and biomolecule design. Whereas simulations in the 90’s pushed
nanoseconds of dynamics, in recent years state of the art simulations on modest sized
biomolecules push millisecond timescales. Yet, there is a desire to model larger biomolecular
assemblies and to reach biologically relevant timescales approaching seconds or longer, which
implies that the biomolecular simulation community could saturate any computational resource
available (as they have consistently done for at least the last 30 years where a significant portion
of the academically available computational resources have been used for biomolecular
simulation). Great strides have been made in modeling larger assemblies such as viruses,
organelles, ribosomes, and nucleosomes [2-6], yet even with very large computational resources
simulations of such assemblies barely achieve a nanosecond of conformational sampling. Yet,
for rather small model systems of small proteins or nucleic acid tetranucleotides or tetraloops,
complete sampling often requires 100’s of microseconds (which was only achieved in the past
few years with supercomputers or specialized hardware) [7-10], and the challenge of complete
sampling only gets harder (or more time consuming) as the molecular assemblies get bigger.
Promising developments include the use of ensemble methods, better free energy methods, and
further improvements in the underlying potentials and force fields. As the computational methods
and representations improve, we continue to see growth in the long-tail of biomolecular simulators
(often from experimental labs) who are perfectly happy with simulations on the nano- to microsecond timescale to provide insight into their favorite biomolecular system or design problem
while a few pioneering groups with access to the most extreme resources will keep pushing the
size and time scales while continuing to improve the methods. So, in summary, expect growth in
demand for all types of computational resources from the long tail to extreme scale by our
biomolecular simulation community (and p.s. our community loves GPU’s as many of the
community codes are well to highly optimized on GPU’s, specifically NVIDIA GPU’s, and it is
unclear how well we will adapt to newer generation GPU’s from alternative vendors or FPGA’s).
1.
2.
3.
4.

5.
6.
7.
8.

9.
10.
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• Data Assimilation: With relevance to the development of improved computational models, ensemble calculations can play an important role in data-assimilation, by combining
incomplete and sparse experimental data with erroneous models for state-estimation,
parameter estimation, and model evaluations. Since statistical assimilation methods rely
on large ensembles to obtain robust estimators of prior-error covariance matrices, highthroughput ensemble calculations would open opportunities to expose these analysis
techniques to turbulent multiphysics and combustion applications. With the advent of
high-speed simultaneous and multidimensional measurements, opportunities arise in utilizing these ensemble techniques for state-estimation, accelerating numerical simulations, parameter estimations, and model evaluation.
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Exploring Cohesive Sediment Dynamics in Turbulent Flows
via Extreme Scale Computing
Eckart Meiburg
Department of Mechanical Engineering
University of California at Santa Barbara
Santa Barbara, CA 93106
Cohesive sediment is ubiquitous in ecologically sensitive environments such as rivers, lakes,
estuaries, fisheries and benthic habitats. Reliable predictions of contaminant and nutrient transport in such
settings require accurate models of cohesive sediment dynamics, which we currently lack. For cohesive
sediment, which commonly refers to particles below approximately 63μm in size, interparticle cohesive
and adhesive forces due to electric charges frequently dominate over the hydrodynamic and gravitational
forces known to govern noncohesive sediment. These interparticle forces can trigger a process known as
flocculation, which results in the formation of aggregates much larger than the individual grains. At the
same time, turbulent stresses can act to break up these flocs generated by the cohesive forces, so that a
delicate balance emerges between coalescence and break-up. Consequently, the dynamics of cohesive
sediment in turbulent flows is significantly more complex than that of its noncohesive counterpart, with
important implications for particle/floc size distributions and their effective settling rates. Cohesive forces
furthermore strongly affect the erodibility of sediment deposits on the seafloor, which in turn influences
fluvial and oceanic sediment transport processes.
We aim to explore the dynamics of cohesive sediment in turbulent environments via a series of
increasingly complex computational investigations, from one-way coupled simulations to grain-resolving
direct numerical simulations that are fully `four-way' coupled. These simulation results will serve as basis
for formulating scaling laws that capture the dynamics of cohesive sediment in turbulence, which are
suitable for implementation into existing larger-scale sediment transport models.
One-way coupled simulations are currently already possible, cf. fig. 1. We also have developed the
computational code for fully four-way coupled direct numerical simulations based on an Immersed
Boundary Method. However, carrying out such simulations for fully developed turbulent flows will push
the limits of the largest computational resources, as can easily be seen from the following scaling argument:
At the smallest scale, each primary particle will have to be resolved by about 20 grid cells. In order to study
the flocculation process of these primary particles in turbulence, the Kolmogorov scale needs to be O(20)
particle diameters. And to get a reasonable energy spectrum of the turbulent flow, the computational domain
needs to extend over O(20) Kolmogorov scales. In this way, a full three-dimensional simulation will
necessitate O(10,0003) = 1012 grid points, which renders the dynamics of cohesive sediment in turbulent
flows a Scientific Grand Challenge that will require Extreme Scale Computing.

Fig. 1: One-way coupled simulations of cohesive sediment in turbulent flow.
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