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ABSTRACT

In the field of computational fluid dynamics (CFD), the Navier-
Stokes equations are often solved using an unstructured-grid ap-
proach to accommodate geometric complexity. Furthermore, turbu-
lent flows encountered in aerospace applications generally require
highly anisotropic meshes, driving the need for implicit solution
methodologies to efficiently solve the discrete equations. These
approaches require frequent construction and solution of large,
tightly-coupled systems of block-sparse linear equations.

We explore the transition of two representative CFD kernels from
a coarse-grained MPI-based model originally developed for multi-
core systems to a shared-memory model suitable for many-core
platforms. Results for the Intel Xeon Phi Knights Landing, NVIDIA
Pascal P100, and NVIDIA Volta V100 architectures are compared
with the aforementioned MPI-based implementation for the multi-
core Intel Xeon Broadwell (BWL) processor. We observe substantial
speedups over BWL as well as higher performance per dollar MSRP
and performance per watt for the many-core architectures.
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1 EXTENDED ABSTRACT

NASA Langley Research Center’s FUN3D is an unstructured-grid
computational fluid dynamics software suite used to tackle com-
plex aerodynamics problems [2]. The toolset enables multidisci-
plinary capabilities through coupling to variable fidelity models
encompassing structural effects, multibody dynamics, acoustics,
radiation, optics, propulsion, and ablation. FUN3D provides ad-
vanced adjoint-based design capability, enabling formal optimiza-
tion of time-dependent moving-body simulations involving turbu-
lent flows. The adjoint formulation is also used to perform rigorous
mesh adaptation and error estimation. FUN3D simulations annually
consume more computational resources on NASA’s Pleiades super-
computer than any other application [3]. The software is widely
used to support major national research and engineering efforts at
NASA and among groups across U.S. industry, other government
agencies, and academia.

FUNS3D currently relies on explicit domain decomposition and
a coarse-grained MPI-based communication paradigm optimized
for multi-core systems. Practical considerations guiding the devel-
opment of future exascale-class systems impose severe power con-
straints on their design [7]. This next generation of high-performance
computing systems is likely to rely on many-core architectures of-
fering substantially improved energy efficiency through higher
degrees of concurrency and lower clock rates. These systems are
also expected to lower the amount of memory available per core.
Ultimately, these and other factors are likely to render legacy MPI-
based paradigms woefully inefficient, and it is widely recognized
that such applications will require a transition to some form of
hybrid parallelism to effectively leverage future exascale-class com-
puting platforms. The current study examines two representative
FUN3D kernels and their optimization for three many-core archi-
tectures, the Intel Xeon Phi Knights Landing (KNL) and the NVIDIA
Pascal (P100) and Volta (V100) GPUs.

The two kernels chosen for the current study account for approx-
imately 70% of wall time for the most common FUN3D simulations.
We obtain node-level performance results for optimized versions
of the kernels running on Knights Landing 7230 (in flat quadrant
mode) using OpenMP parallelism and on Pascal P100 PCIE and
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Volta V100 SXM using CUDA. These results are compared with
those of optimized kernels running on a dual-socket 14-core In-
tel Xeon Broadwell (BWL) E5-2680v4 system (28 physical cores)
using MPI, a benchmark representative of current practice. The
input grid is specifically chosen so that all data fits into the high-
bandwidth MCDRAM and HBM2 memories of KNL and P100/V100,
respectively. Comparisons are established for both performance,
performance per dollar MSRP, and performance per watt.

1.0.1  Kernel 1: Compressible Viscous Flux Jacobians. The first
kernel computes the linearizations of the element-based compress-
ible viscous fluxes on three-dimensional mixed-element grids [1].
This computation requires no intra-node communication; how-
ever, traversal of the unstructured grid, complexities related to
the underlying physics, and irregular memory accesses associated
with storing results present a number of challenges for many-core
architectures. Threaded implementations of this kernel require a
mechanism to avoid race conditions when updating shared vari-
ables. Atomics perform extremely well in this role on GPUs, but are
prohibitively expensive using OpenMP on KNL. Instead, a coloring
approach is used for KNL, which further exacerbates data locality
issues and introduces a performance penalty of 30-60%.

Optimization of the flux Jacobian kernel for KNL revealed sev-
eral strategies which proved beneficial for all three architectures.
An extensive refactoring has been performed to reduce redundant
computations of intermediate quantities. Loop extents previously
dependent on element type are now held constant and prefetching
has been introduced. To further improve memory performance,
indirect addressing present in the baseline kernel has been refor-
mulated as a lookup table. Combined, these modifications provided
more than a 2x speedup over the baseline kernel on BWL/KNL.
Optimizations improved the KNL colored kernel nearly 3x, but it
still falls short of the MPI BWL benchmark with a speedup of 0.7.

Beginning with a CUDA C++ port of the optimized Fortran ker-
nel, we observe speedups of 1.5 and 3.9 over BWL for P100 and
V100, respectively, after extensive optimization. We auto-tune the
number of threads per cell for each element type and use atomic
updates to flatten a critical nested loop. This enhanced paralleliza-
tion coalesces memory access patterns and reduces register and
shared memory pressure, increasing occupancy, and driving shared
memory bandwidth to approximately 12 TB/s on V100.

1.0.2  Kernel 2: Multicolor Point-Implicit Linear Solver. The sec-
ond kernel is a linear solver based on a multicolor point-implicit
scheme. In this approach, unknowns are colored using a greedy
algorithm such that no two adjacent grid points map to the same
color group of matrix rows. The kernel is dominated by a block-
sparse matrix-vector product within each color. The matrix is stored
in a modified compressed sparse row (CSR) format [6] in which the
diagonal blocks are omitted. When using explicit domain decom-
position with MPI, updated halo values must be exchanged prior
to the start of each color. If the data is ordered appropriately, this
communication may be effectively overlapped with the computa-
tion of interior values. Shared memory programming models avoid
the need for such data movement [8].

Optimization of this kernel for KNL is straightforward, as the
linear algebra is amenable to an implementation using AVX-512
vector intrinsics. We achieve 94% vectorization efficiency for all
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but a small remainder loop. Intrinsic prefetching is also used. A
speedup of 2.5% over BWL is observed.

For GPUs, an implementation based on the existing cuSPARSE
[5] and cuBLAS [4] libraries was originally developed. However, ex-
periments have shown that the resulting performance is suboptimal
for matrices representative of those encountered in actual simula-
tions. Accordingly, custom optimized CUDA C++ implementations
have been developed [8]. To perform a block-sparse matrix-vector
product, a number of warps are allocated to process a subset of
the blocks in a single row of the block-sparse matrix. Forward and
backward substitutions using the diagonal block are performed us-
ing a single warp. Speedups of 2.8 and 6.1x over BWL are observed
for P100 and V100, respectively.

1.0.3 Kernels 1 and 2 Combined. Adding the kernel run times,
we observe speedups of 1.3, 2.1, and 5.2x over BWL for KNL, P100,
and V100, respectively. With BWL as a baseline of 1.0, the relative
performance per dollar MSRP we calculate for KNL, P100, and V100
is 2.3, 1.4, and 2.2, respectively. Relative performance per watt using
manufacturer-provided thermal design power is 1.5, 2.1, and 4.1 for
KNL, P100, and V100, respectively.
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