Unstructured-Grid CFD Algorithms on Many-Core Architectures
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Exascale simulations impose dramatically lower power and memory-per-core constraints. Legacy
multi-core MPI codes may be rendered woefully inefficient by the coming paradigm shift. To
prepare NASA Langley Research Center’s FUN3D CFD solver for the future HPC landscape, we port
two representative kernels to Intel Xeon Phi Knights Landing (KNL) and NVIDIA Pascal (P100) and
Volta (V100) GPUs. We compare these shared-memory results with multi-core Intel Xeon Broadwell
(BWL), where we exclusively use MPI for parallelism to represent conventional FUN3D.

In the field of computational fluid dynamics, the Navier-Stokes equations are often solved using an
unstructured-grid approach to accommodate geometric complexity. Furthermore, turbulent 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.
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, o , _ , _ , _ KNL benefits greatly from explicit prefetching and vectorization
Using a CUDA C++ port of the BWL/KNL optimized Fortran as baseline: Using a cuBLAS/cuSPARSE library-based implementation as baseline: : : :
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o Use X threads across inner loops that are parallelizable * Process rows Of one color with Y thread blocks | On KNL, coloring bests OpenMP atomics for thread safety

o More active threads in memory-heavy portions of the code * Aggregate partial sums of matrix-vector product using shuffles Hard ted atom " ' on GPU

o Coalesces memory access patterns * Store all intermediate results and diagonal block in shared memory araware-supported atomic operations excet on >

o Reduces register and shared memory pressure, increasing occupancy * Auto-tune block sizes (X,Y) and launch bounds
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