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ABSTRACT

Machine learning models can be used to develop highly accurate
and efficient many-body potentials for molecular simulations based
on the many-body expansion of the total energy. A prominent
example is the MB-pol water model that employs permutationally
invariant polynomials (PIPs) to represent the 2-body and 3-body
short-range energy terms. We have recently shown that the PIPs
can be replaced by Behler-Parinello neural networks (BP-NN). We
present OpenMP parallel implementations of both PIP and BP-NN
models as well as a CUDA implementation of the BP-NN model
for GPUs. The OpenMP implementations achieve linear speedup
with respect to the optimized single threaded code. The BP-NN
GPU implementation outperforms the CPU implementation by a
factor of over 4. This opens the door for routine molecular dynamics
simulations with highly accurate many-body potentials on a diverse
set of hardware.
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INTRODUCTION

Computer simulations are a powerful tool for molecular sciences
but are still limited by a tradeoff between accuracy of the molecular
models and the associated computational cost. Recently, machine
learning approaches have been employed to develop many-body
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potentials for molecular simulations that are both highly accurate
and computationally efficient. In particular, the MB-pol potential[1,
2] correctly predicts the properties of water across different phases,
from energetics and infrared spectra of small water clusters to
structural, thermodynamic and dynamical properties of liquid water
and ice[6, 13], comparing favorably to other water potentials[12].

In MB-pol, the potential energy of water is represented as a sum
of explicit 1-body (1B), 2-body (2B), 3-body (3B), and N-body ener-
gies. The short-range parts of the 2B and 3B terms account for the
complex quantum mechanical many-body effects that cannot be
accurately represented by simple classical expressions as used in
conventional molecular simulations. MB-pol therefore employs per-
mutationally invariant polynomials (PIPs)[5], taking water dimer
(two water molecules) or trimer (three water molecules) atomic dis-
tances as the input, trained against large data sets of highly accurate
electronic structure calculations. In typical condensed phase simula-
tions, tens of thousands of 2B and 3B PIPs have to be computed for
each energy and force calculation. An efficient implementation is
thus critical. Unfortunately, due to the large number of parameters
and terms, GPUs are not well suited for PIPs.

We have recently developed a new approach that uses Behler-
Parinello neural networks (BP-NN)[3, 4] in place of PIPs[9]. This
approach represents dimer/trimer coordinates in terms of atomic
symmetry functions that are fed into fully-connected sigmoid neu-
ral networks to calculate the 2B and 3B short-range energies and
forces. Here we present parallel implementations of 2B/3B short-
range terms both with PIPs and BP-NNs using OpenMP as well as
BP-NNs using CUDA for GPUs. Benchmarks on a variety of differ-
ent hardware platforms demonstrates the good parallel scaling and
GPU speedup of our code.

APPROACH

The energy of a system containing N (water or other) molecules
can be expressed as a sum of terms corresponding to the number
of involved molecules,
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where V"B represents the n-body (interaction) energies and Vp, oz range

and Vjong range denote energies at short- and long-range, respec-
tively.

In the legacy MB-pol PIP model, the 2B short-range term is
formulated as the sum of 1153 monomials each based on an expo-
nential function of interatomic distance; the 3B short range term is
the sum of 1163 exponential based monomials[1, 2].

In the BP-NN approach, the V2B and V3B short-range terms are
formulated as the sum of atomic energies from BP-NNs[9],

Z ZB/SB(GP),

in which Gij,p and G;ji , are abstracted dimer/trimer feature vec-

tors, a.k.a. symmetry functions, for atom p in the corresponding

dimer (i, j) and trimer (i, j, k) that consists of M atoms. V2B/3]3 are

deep neural networks for dimers and trimers, respectlvely
Elements of the symmetry function vector G, (for both 2B and
3B) encode atomic environments by radial and angular functions,
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where g, r are the indices of other atoms in the same dimer or trimer,
Rpq is the distance lletweerl atoms p and g and 0pq; is the angle
between the vector pq and pr. Reef, 1, 7, {, and A are parameters.

IMPLEMENTATION

Both the MB-pol legacy PIP model and the BP-NN model are imple-
mented in C++. The PIP expressions are automatically generated
and factored using Maple[8] to minimize the number of required
floating point operations. We have parallelized the calculation of
PIPs over batches of dimers and trimers using OpenMP[11].

The BP-NN approach is computationally demanding because
it involves many exponential functions. In addition, the permuta-
tion of atoms in calculating symmetry functions leads to irregular
memory access patterns. Benchmarking results of an initial im-
plementation showed the angular components of the symmetry
function to be a computational bottleneck (around 50 % of total
run time). In our BP-NN implementation we use OpenMP[11] and
CUDA[10] to parallelize the symmetry function computations, and
the Intel MKL[7] ¢cBLAS library and cuBLAS/cuDNN[10] libraries to
speed up the neural network flows on CPU and GPU, respectively.

In the CPU BP-NN code, the parallelization of the symmetry func-
tions is carried out such that different dimers and trimers are dealing
with the same permuted term synchronously. The data arrays are
organized such that the same variables from different dimers and
trimers are allocated in contiguous memory to enable vectorization.
Workflows of neural networks employ relevant cBLAS functions
for optimized performance. Both forward and backward flows (to
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Comparison of wall time between PIP model on SKX,
BPNN model on BDX and on GPUs
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Figure 1: Comparison of wall clock time and speed-up ra-
tio for energies of 1,000 water dimers/trimers with the PIP
model on SKX, BPNN model on BDX and GPUs based many-
body potential.

compute forces) in symmetry functions and in neural networks are
parallelized and optimized.

In the GPU BP-NN code, the parallelization of the symmetry
functions is implemented such that the calculation of identical
terms over all dimers and trimers are distributed over CUDA blocks.
The block size is set to maximize the use of shared memory on
the available GPU hadrware. Neural networks on the GPU launch
functions from cuBLAS and cuDNN for batches of dimers and
trimers to optimize the GPU utilization.

BENCHMARK RESULTS

We benchmarked our PIP and BP-NN implementations for data
sets containing more than 10,000 dimer and trimer configurations,
which is representative of each time step of a water bulk phase
simulation. Benchmarks were performed on SDSC Comet, TACC
Stampede, and an Nvidia development cluster using Intel HSX, BDX,
and SKX processors with different numbers of OpenMP threads
and on Nvidia Tesla K80, P100, and K40c GPUs. We investigated
the performance of both energy and force (gradient) calculations.
Figure 1 shows the wall clock time and speed-up ratio for ener-
gies with the PIP implementation running on SKX, as well as BPNN
model on BDX and GPUs. Due to large number of FLOPS BPNN on
CPU is around 40 times slower than the PIP model that is run with
similar configuration. The deep neural network in BP-NN GPU
implementation benefits from its supporting libraries gaining an
improvement factor of 60 on a single P100 compared with its CPU
version. The symmetry function based on CUDA, however, does
not achieve improvement on GPU. In most cases it is slightly slower
than working on CPU leading to a total performance increase of 4.
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