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ABSTRACT
Studying continuum dynamics problems computationally can il-
luminate complex physical phenomena where experimentation is
too costly. However, the models used in studying these phenomena
usually require intensive calculations, some of which are beyond
even the largest supercomputers to date. Emerging high perfor-
mance computing (HPC) platforms will likely have varied levels of
heterogeneity, making hybrid programming with MPI+X essential
for achieving optimal performance. This research investigates hy-
brid programming and unconventional approaches like machine
learning for a next generation hydrodynamics code, FleCSALE, in
the context of tabular equation of state (EOS). We demonstrate
an overall 5x speedup to the code, the use of GPUs to accelerate
EOS tabular interpolation, and a proof of concept machine learning
approach to EOS.
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1 INTRODUCTION
FleCSALE is a software package developed for studying continuum
dynamics problems, such as fluid flow [2]. It is specifically devel-
oped for existing and emerging large distributed memory system
architectures. These emerging high performance computing (HPC)
platforms will likely have varied levels of heterogeneity. As such,
reaching peak performance will require combined distributed and
shared memory models, such as MPI+X, with full awareness of
hardware aspects like memory locality and compute and message
passing concurrency. To accommodate future hardware architec-
tures, FleCSALE is built on FleCSI, the Flexible Computational
Science Infrastructure, which is designed to allow flexibility in
choosing runtime implementations and optimizations [1].

The goal of this research was to increase the performance of
FleCSALE for hybrid platforms like Sierra and Summit, particu-
larly in the context of tabular equation of state (EOS) through the
EOSPAC library [5]. The computationally intensive portions of
FleCSALE, namely the calls to EOSPAC interpolation algorithms,
were targeted for GPU offloading due to their comparatively static
input and parallelizability. On the other hand, the less compute
intensive portions of FleCSALE were implemented with OpenMP
to demonstrate fine-grained parallelism within the FleCSI frame-
work. These two approaches were pursued with the eventual goal of
using task based parallelism to employ diverse types of compute re-
sources simultaneously. Machine learning (ML) was investigated as
a way to bypass the computationally expensive interpolation calls
to EOSPAC and reduce the memory required to load the material
data tables.
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2 METHODOLOGY
2.1 EOSPAC Interface Optimizations
An area of optimization for the overall code was the interfacing
between FleCSALE and its equation of state library, EOSPAC. This
library computes the pressure, temperature and speed of sound
from density and internal energy by looking up material-specific
data tables from a linked database and interpolating the needed val-
ues. However, these tables are written such that the library inverts
the data tables each time they are used and then removes them
from memory. The use of EOSPAC within FleCSALE was modified
to find which tables are required during runtime and perform any
necessary inversions at initialization and store them into memory
[5]. A second improvement was done by sending all interpolation
points for a given material type which are controlled by a single
processor to the interpolation routines as a block instead of the
original loop over individual interpolation points. A final optimiza-
tion was to modify the way in which EOSPAC searched through
the data tables to place the interpolation stencil. By presorting the
input values to the search function, the interpolation stencil could
be placed more efficiently.

2.2 GPU Porting for EOSPAC
On profiling FleCSALE, we found that EOSPAC interpolation calls
were the costliest part of FleCSALE, computationally. Interpola-
tion algorithms are generally parallelizable and compute intensive
rather than memory intensive, and as such are suitable for porting
to GPGPUs. We ported the EOSPAC birational [3] and bilinear inter-
polation routines to GPGPUs using CUDA to investigate potiential
performance improvements within EOSPAC and FleCSALE. Several
memory management schemes were explored, including synchro-
nous memory copies, CUDA unified memory, host pinned memory,
and texture memory. CUDAwas chosen as it offered greater control
over these memory managment schemes, compared to other GPU
parallel computing platforms.

2.3 Machine Learning for EOS
We investigated the viability of algorithms in the DLIB C++ ML
library [4] to replace costly EOSPAC queries in FleCSALE. Kernel
ridge regression (KRR) and random forest (RF) regression mod-
els were pre-trained using EOSPAC interpolated data and loaded
within a FleCSALE simulation. Machine learning for thermody-
namic equation of state has several challenges, including main-
taining thermodynamic consistency and monotonicity constraints.
Despite these challenges, the KRR and RF models reproduced the ex-
pected simulation results within FleCSALE, demonstrating a proof
of concept machine learning approach to EOS. Memory, efficiency,
and accuracy trade-offs are compared between traditional tabular
EOS and ML EOS.

2.4 Hybrid Programming with OpenMP
OpenMP, the de-facto standard for shared-memory programming,
was used in outer for-loop work-sharing constructs in FleCSALE
tasks related to solving full hydro solutions (setting initial condi-
tions, normalization of materials, updating material states, comput-
ing nodal quantities, saving mesh coordinates, etc). It should be

noted that OpenMP was not integrated with the EOSPAC library
but only with FleCSALE.

2.5 Sparse Data Optimization
FleCSI uses MPI One-sided communication as a distributed mem-
ory backend model and FleCSALE uses sparse data [2]. Tracing
the application on a node with more than one MPI process demon-
strated huge communication latency with MPI_Win_create being
the most expensive call. We analyzed in the source code, eliminated
the unneccessary copies and shared window creation which showed
on-node and multi-node performace improvements. By packing the
data into a single message using MPI_Datatype, we were able to
achieve significant improvements in the MPI communication and
were able to obtain better scalability, as shown in Figure 1.

Figure 1: Strong scaling results showing the original code,
the sparse data optimizations, and the integrated machine
learning models.

3 CONCLUSIONS
This research investigated optimization strategies for FleCSALE in
the context of tabular equation of state. Sparse data optimization
and batch interpolation processing proved successful and gave a
speedup of 5x, and presorting interpolation variables before query-
ing EOSPAC could provide further speedup depending on the sim-
ulation context. Hybrid programming with OpenMP demonstrates
that fine grained parallelism can be achieved within FleCSALE. Port-
ing EOSPAC interpolation calls to GPUs is also promising, and work
is ongoing to integrate the GPU interpolation kernels with FleC-
SALE. Although further optimization is needed, machine learning
was used to model EOS within FleCSALE with sufficient accuracy,
showing improved performance in the case of KRR models.
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