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Table 1 Test platform specifications

CPU )i FHi(GHz) O HliE T WAF E[ER S LS BLASJ%
A64FX B+t 2.2 52 TSMC 7nm 4x8GB HBM2 Armv8.2-A 512-bit SVE fjlapack
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X2 JFETREMNZ ) 5DFTHI R 7=
Table 2 Error between atomic energy and force with DFT data
i RN e 0
v5 v3 vl v5 v3 vl
double 0.01 1.7x 1073 — — 4.4x1072 — —
0.01 1.7x 1073 1.7x 1073 22x1073 44x1072 44x1072 5.0x 1072
mixed-fp32 0.001 1.7x 1073 1.6 x 1073 1.7x 1073 44 %1072 5.1x1072 4.4 %1072
0.0001 — — 1.2x1073 — - 43x1072
0.01 4.0x 1073 4.0x 1073 3.5x1073 4.4 %1072 4.4 %1072 50x 1072
mixed-fp16 0.001 4.0x 1073 4.0x 1073 4.0x 1073 4.4%x1072 5.1x 1072 44 %1072
0.0001 — — 4.5x1073 — — 43 %1072
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0 2 4 6
3 -
E 2+
5
Y3
14 W
0 T T
0 2 4 6
3=
= o
:‘% 2
1—
0 T T
0 2 4 6

Distance (A)

B 1 (MEhF ) K4k RRDFEE

Figure 1 (Color online) RDF of the water system
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Figure 2 (Color online) Simulation speed under various optimization
methods



it X

3 ik

AR SCAE i DeePMD-kitix — 35 F i 48 X 4% (1) 2 —
P BEORS FE (1) 5 1 3 S i TR R IF T — R AL
th. BATFE B T HHE H K i TensorFlowhE 42, 34T 1 41
WL FE I S5 R, 9 38 I T T e B e R ) o
AEGEMMEL -1 FE H1 K N 47 T ) Tabulate 55 -7 1 4% 77 2
BE— BRI TR AR, AT A A% M RR L
TEA64FXFlIntel 5 A~ F & b, A bb HEE T AF 75 5l 4 7t
T34FN30345. FATHACRS 2 H O IFUE, G kN
https://github.com/HPC- Al- Team/lammps-deepmd-sc24.
git. H trtable_v1_a64fx 73 3% M AG4FXF- 6 K65, ta-
ble_v1_x86%) 3 4} MIntel V- & SLHL.

EARIRATRI AL SR T AR O B REHE T, (H2
G R R, 78 S F & b, B AT RS
(R REA AL, AR AMESZINL ws/d(REARUIRT 18] 18] B& A 1 fis/it
[F) 2 B, 2.6 73 I [) 25 /0 ) (R RS ADM I 2. X 32 22 52 B T3
MEGME T VifF 1k ae, I Hs FHF & 1 8o 8 %
FDeePMD v 5 £ H Vi 16323 56 4 U IE, sk DAIA FIAE 14
(IEEAEL PR BE. 340, 84S 1] RAT £ AN 2 1 KA
LRSS BRI, B T () 38 15 4 A0 R B 3l s SR 1
TR AR B] B A 5, KRR ALL ] M e 2 TN B £940%.
A3k, FATTI A BE 5 MR 35 DeePMD-kit ) 1 55 F13 {3 45
3, Wk A, 3E— P 1 T+ DeePMD-kit f A5 A1)
HE.

e RPN

W

O 0 9

10

11

13

14
15

16

17

18

Shaw D E, Dror R O, Salmon J K, et al. Millisecond-scale molecular dynamics simulations on Anton. In: Proceedings of the Conference on High
Performance Computing Networking, Storage and Analysis. 2009. 1-11

Duan X H. Optimization of melecular dynamics algorithms based on the Sunway TaihuLight supercomputer (in Chinese). Doctor Dissertation.
Jinnan: Shandong University, 2020 [EXIBERE. T4 gk « KXW 6100 F 3 i BRI, 200050 3Fr: IR R, 2020]
Lennard-Jones J E. Cohesion. Proc Phys Soc, 1931, 43: 461

Tersoff J. New empirical approach for the structure and energy of covalent systems. Phys Rev B, 1988, 37: 6991

DiStasio R A, Santra B, Li Z, et al. The individual and collective effects of exact exchange and dispersion interactions on the ab initio structure of
liquid water. J Chem Phys, 2014, 141: 084502

Ko H'Y, Zhang L, Santra B, et al. Isotope effects in liquid water via deep potential molecular dynamics. Mol Phys, 2019, 117: 3269-3281

Car R, Parrinello M. Unified approach for molecular dynamics and density-functional theory. Phys Rev Lett, 1985, 55: 2471

Hafner J. Ab-initio simulations of materials using VASP: density-functional theory and beyond. J] Comput Chem, 2008, 29: 2044-2078

Jia W, Cao Z, Wang L, et al. The analysis of a plane wave pseudopotential density functional theory code on a GPU machine. Comput Phys
Commun, 2013, 184: 9-18

Jia W, Fu J, Cao Z, et al. Fast plane wave density functional theory molecular dynamics calculations on multi-GPU machines. J Comput Phys,
2013, 251: 102-115

Zhang Y Z, Kandpal H C, Opahle I, et al. Microscopic origin of pressure-induced phase transitions in the iron pnictide superconductors AFe,As,:
an ab initio molecular dynamics study. Phys Rev B Condens Matter, 2009, 80: 094530

Raty J Y, Gygi F, Galli G. Growth of carbon nanotubes on metal nanoparticles: a microscopic mechanism from ab initio molecular dynamics
simulations. Phys Rev Lett, 2005, 95: 096103

Jia W, Wang H, Chen M, et al. Pushing the limit of molecular dynamics with ab initio accuracy to 100 million atoms with machine learning. In:
International Conference for High Performance Computing, Networking, Storage and Analysis. New York: IEEE, 2020. 1-14

Behler J, Parrinello M. Generalized neural-network representation of high-dimensional potential-energy surfaces. Phys Rev Lett, 2007, 98: 146401
Batzner S, Musaelian A, Sun L, et al. E(3)-equivariant graph neural networks for data-efficient and accurate interatomic potentials. Nat Commun,
2022, 13: 2453

Musaelian A, Batzner S, Johansson A, et al. Learning local equivariant representations for large-scale atomistic dynamics. Nat Commun, 2023, 14:
579

Thompson A P, Swiler L P, Trott C R, et al. Spectral neighbor analysis method for automated generation of quantum-accurate interatomic potentials.
J Comput Phys, 2015, 285: 316-330

Wang H, Zhang L, Han J, et al. DeePMD-kit: a deep learning package for many-body potential energy representation and molecular dynamics.
Comput Phys Commun, 2018, 228: 178-184

4113


https://github.com/HPC-AI-Team/lammps-deepmd-sc24.git
https://github.com/HPC-AI-Team/lammps-deepmd-sc24.git

FE B 205588 BL70E B4l

19

20
21

22
23

24

25

26

27

28

29

4114

Huang Y P, Xia Y, Yang L, et al. SPONGE: a GPU-accelerated molecular dynamics package with enhanced sampling and Al-driven algorithms.
Chin J Chem, 2022, 40: 160-168

Song K, Zhao R, Liu J, et al. General-purpose machine-learned potential for 16 elemental metals and their alloys. Nat Commun, 2024, 15: 10208
Unke O T, Chmiela S, Gastegger M, et al. SpookyNet: learning force fields with electronic degrees of freedom and nonlocal effects. Nat Commun,
2021, 12: 7273

Gasteiger J, GroB J, Glinnemann S. Directional message passing for molecular graphs. 2020, arXiv: 2003.03123

Gasteiger J, Giri S, Margraf J T, et al. Fast and uncertainty-aware directional message passing for non-equilibrium molecules. 2021, arXiv:
2011.14115

Hedman D, McLean B, Bichara C, et al. Dynamics of growing carbon nanotube interfaces probed by machine learning-enabled molecular simula-
tions. Nat Commun, 2024, 15: 4076

Feng T, Zhao J, Lu G. Machine learning model to efficiently predict the structure and properties of MgCl,-NaCl-KCl melts. Sol Energy Mater Sol,
2024, 272: 112903

GuoZ, LuD, Yan Y, et al. Extending the limit of molecular dynamics with ab initio accuracy to 10 billion atoms. In: Proceedings of the 27th ACM
SIGPLAN Symposium on Principles and Practice of Parallel Programming, 2022. 205-218

Lu D, Jiang W, Chen Y, et al. DP compress: a model compression scheme for generating efficient deep potential models. J Chem Theory Comput,
2022, 18: 5559-5567

Shaw D E, Adams P J, Azaria A, et al. Anton 3: twenty microseconds of molecular dynamics simulation before lunch. In: Proceedings of the
International Conference for High Performance Computing, Networking, Storage and Analysis, 2021. 1-11

Santos K, Moore S, Oppelstrup T, et al. Breaking the molecular dynamics timescale barrier using a wafer-scale system. In: International Conference
for High Performance Computing, Networking, Storage and Analysis. New York: IEEE, 2024. 1-13



it X

Summary for “55 — 1 JRERRE B 4 Fah 1A RRe i R R

Strong scaling of molecular dynamics simulations with ab initio

accuracy

Jianxiong Li'?, Guangming Tan'? & Weile Jia'*"

! State Key Lab of Processors, Institute of Computing Technology, Chinese Academy of Sciences, Beijing 100190, China
2 University of Chinese Academy of Sciences, Beijing 100190, China
* Corresponding author, E-mail: jiaweile@ict.ac.cn

Neural-network-based molecular dynamics (NNMD) simulations with ab initio accuracy have currently become the pre-
ferred method for modeling quantum physical phenomena in large-scale systems, such as phase transition and nanotech-
nology. Compared to empirical force fields (EFF), NNMD achieves superior accuracy and enables the simulations of more
complex physical phenomena. Furthermore, in contrast to ab initio molecular dynamics (AIMD), NNMD offers signif-
icantly improved computational efficiency. Despite notable advancements have been made in scaling system sizes and
improving accuracy by various NNMD methods, the simulation speed remains a bottleneck due to the intensive computa-
tions involved in neural network inference and high memory access. As a result, the computational time required for each
time-step is at least on the order of several microseconds, limiting simulation speed to nanoseconds per day. However,
numerous complex physical and chemical phenomena, such as chemical reactions in combustion processes and protein
folding, require simulations at the microsecond or even millisecond scale to get meaningful results. Even state-of-the-art
tools, such as DeePMD-kit, one of the fastest NNMD packages, require weeks of computation to reach these timescales.
This significantly hinders research progress in fields such as materials science and pharmaceuticals. Therefore, enhancing
the strong scaling of simulation tools, accelerating simulation speed, and reducing the time-to-solution are of substantial
research significance. Meanwhile, Exploring the limits of strong scalability, particularly in scenarios where each core
computes only a single atom, is crucial for identifying hardware performance bottlenecks and providing insights for future
hardware design.

In this study, we present a series of fine-grained computational optimizations for DeePMD-kit, an open-source neural-
network-based MD simulation tool with ab initio accuracy. We restructure the computational workflow of DeePMD-kit’s
inference process and implement a framework-free version, which effectively eliminates the massive overhead introduced
by the AI frameworks such as TensorFlow. Additionally, we perform advanced kernel fusion and optimize data reuse
to enhance memory access efficiency. We further optimize the GEMM kernel for tall-and-skinny matrices, which can
maximize the vector unit utilization and make the data adapt to the cache size. And then, we refine the tabulate kernel
by decreasing the interval and degree of polynomial to leverage the idle memory and reduce the computation overhead.
Moreover, we bring out the mixed precision to further improve the simulation speed while maintain the ab initio accuracy.

We implement two optimized versions, which are oriented to ARM and X86 platforms, respectively. Numerical results
show that our optimizations can preserve the ab initio accuracy while substantially improving computation efficiency,
achieving speedups of 34x and 303x on the ARM and X86 platforms, respectively. As a result, the computational time for
one time-step is reduced to as low as 331 microseconds. Despite our optimizations have brought significant performance
improvements, the test indicates that achieving a simulation speed of 1 microsecond per day (26K time-steps per second,
assuming the time-step unit is 1 femtosecond) remains challenging on the general-purpose platforms. This is mainly
limited by the hardware computing power and the misalignment between the DeePMD-kit’s dataflow and the hardware
architecture. In the future, we aim to address these challenges by exploring domain-specific hardware acceleration through
software-hardware co-design, further enhancing the simulation efficiency of DeePMD-kit.
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