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Abstract

The van-der-Waals (vdW) interaction is ubiquitous in materials and is long-range by
nature. To speed up the vdW calculation in large systems of thousands of atoms, we de-
veloped LASP-D3 on Graphics Processing Unit (GPU) device, which is a highly efficient
Compute Unified Device Architecture (CUDA) implementation of the DFT-D3 method, a
widely utilized vdW correction form compatible with density functional theory calcula-
tions. Our algorithm achieves a linear-scaling, O(N), time complexity for large periodic
systems, being much faster than all current versions, and reduces significantly the GPU
memory consumption compared to existing PyTorch-based GPU implementations. The
LASP-D3 is compatible with all GPU-based machine learning potentials, such as the gen-
eralized global neural network potential developed by us and thus facilitates efficient
large-scale atomic simulations with vdW interaction.
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1 Introduction

High-performance scientific computing is undergoing a paradigm shift toward
Graphics Processing Units (GPUs)!-7, leveraging their massive parallelism for intensive
workloads. In atomic simulation, Machine Learning Potentials (MLPs) have emerged as a
transformative technology8-15. While Density Functional Theory (DFT) has long been the
standard for calculating material properties?s, its high computational cost limits system
size and timescale. MLPs overcome this trade-off, reproducing DFT-level accuracy at a
fraction of the cost!7-21. Because MLPs rely on tensor algebra operations that align per-
fectly with GPU architecture, they enable quantum-accurate molecular dynamics (MD)
simulations?2-24 and global exploration2>-27 for unprecedented system sizes.

However, MLPs by fitting DFT dataset, inherits the common DFT failure in capturing
the long-range electron correlations?8-32, specifically London dispersion forces33 which



are critical factors in molecular crystals34, biological macromolecules3s, and surface ad-
sorption3t. Among various correction schemes37-4%, Grimme’s DFT-D methods#*!-43, typi-
cally DFT-D3 method#4, is the de facto standard correction for this deficiency due to its
robustness#> and efficiency*4. While the cost of DFT-D3 is negligible compared to tradi-
tional DFT, it becomes a significant bottleneck when paired with ultra-fast MLPs. This
issue is exacerbated by a hardware mismatch: modern simulation platforms typically
pair powerful GPUs with Central Processing Units (CPUs) that have limited core counts.
Running the DFT-D3 correction on the CPU creates a severe bottleneck, negating the
performance gains of the GPU-accelerated MLP.

Attempts to address this using GPU-accelerated libraries built on high-level frame-
works (e.g., PyTorch) have yielded limited success*47. While faster from CPU-based ver-
sions, these implementations still suffer from suboptimal time complexity compared to
linear-scaling MLPs7.15, leaving the correction as the rate-limiting step. Furthermore,
high-level frameworks lack direct control over hardware resources, leading to excessive
memory consumption. This creates a "memory capacity wall" that prevents researchers
from simulating very large-scale systems such as protein-ligand complexes or amor-
phous solids that MLPs were designed to investigate.

In this work, we develop LASP-D3, a novel implementation of the DFT-D3 algorithm
developed entirely by CUDA C++ to resolve these dual challenges. By bypassing high-
level frameworks and engaging directly with the GPU architecture, LASP-D3 utilizes cus-
tom kernels and optimized memory management to achieve superior performance. Our
implementation achieves optimized time complexity of O(N) for large periodic systems
and linear memory scaling, effectively eliminating the overhead of the correction. When
integrated with the LASP software project*8 in our group, CUDA-D3 incurs maximally a
~20% computational overhead in super-large systems (100,000 atoms), drastically out-
performing both CPU and PyTorch-based alternatives. This implementation removes the
key barrier in hybridizing MLP and D3 in one simulation, paving the way for accurate
investigation into complex realistic systems with appreciable vdW contributions.

2 DFT-D3 algorithm

2.1 Energy calculation algorithm

The DFT-D3 algorithm## is an empirical correction designed to account for long-range
van der Waals interactions, specifically dispersion forces, which are often inadequately
described by standard density functionals (DFs). The correction involves adding a dis-
persion energy term, E;sp,, to the standard Kohn-Sham DFT energy, Exs_p

Etotat = Eks-p — Edisp €]

The Egjsp consists of a dominant two-body term and a less critical three-body term,

Egisp = E@ 4+ E®). We focus on the two-body term in the current work due to its im-

portance and its high computation efficiency. The two-body term is computed by sum-
ming the interactions between all unique atom pairs (A, B) in the system.
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Here, s, is the scaling factor that is fitted for different DFs, rpp is the distance between
the two atoms, CAB is the dispersion coefficient, and fan(rag) is the damping function
that smoothly attenuates the dispersion energy at short distances. Various damping
functions can be applied including zero-damping**
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Here, s ,a;1,a, are dependent scaling factors specific to DFs, R4B is the pair-specific
cutoff radius derived from tabulated atomic values. a, is set to ag = 14 and ag = 16,
respectively.

A key feature of the DFT-D3 method is that the dispersion coefficients CAB are not
static. Instead, they are dynamically calculated to reflect the local chemical environment
of each atom. This is achieved by first calculating a Coordination Number (CN) for each
atom,

CNA = ! (5)

BZA 1+ exp (_kl (kz (RA,cov + RB,cov)/rAB - 1))

where Ry oy is the scaled covalent radius of atom A, rpp is the distance between two
atoms, k; and k, are fixed parameters set to 16 and 4/3, respectively.

Once the coordination numbers for a pair of atoms (A, B) are known, the specific dis-
persion coefficient C2B is calculated by interpolating over a grid of pre-computed refer-
ence values.

% 27 CAB, (CNi, CN} ) exp (—k3 ((cNA - cNA)” + (CNB - CN]-B)Z))

£ 5% exp (ks ((ONA = CNE)” + (NP — CNB)?))
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(6)

For each element, a small number of reference geometries (typically 1-5) are used to
generate reference C4B coefficients and their corresponding reference CNs. For any giv-

en atom pair (A, B), this creates a 2D grid of up to 25 reference values Cé]rgef(CNiA, CN]-B).

The final coefficient is obtained via a weighted average across this grid, using Gaussian
functions as weights based on the calculated CN* and CN&,



2.2 Periodic system

When applying the DFT-D3 correction in periodic systems, such as crystals, the pair-
wise summation must be extended to include interactions between atoms in the refer-
ence unit cell and atoms in the surrounding periodic images. Since this would lead to an
infinite number of interactions, a cutoff scheme is employed to make the calculation
computationally feasible. An interaction between a central atom A and a neighboring
atom B (or its periodic image) is only considered if the distance rpp is within a specified
cutoff radius. The DFT-D3 algorithm involves two distinct pairwise operations: the CN
calculation and the energy summation. Consequently, two independent cutoffs, namely
the CN cutoff and the energy cutoff, are defined. These two cutoffs can be adjusted inde-
pendently. Theoretically, larger cutoffs yield more accurate results. However, the com-
putational cost increases significantly, scaling with the volume of the cutoff sphere
(O(R3,0). Therefore, a balance between accuracy and efficiency is crucial. The typical
values for these cutoffs are beyond 40 Bohr (~21 A).

2.3 Force calculation algorithm

For applications like geometry optimization and MD simulation, the force acting on

each atom is needed. The force F is defined as F = — 0E/ Or. Based on the two-body en-
ergy expression, the force on a specific atom x arises from its interactions with all other
atoms.
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The last two entries, the derivatives of fg andrni can be easily calculated, as they are
AB

localized and is only relative to r, and rg. However, the first entry is more complex as
CABis a function of CN” and CNB, which in turn depends on the positions of all neigh-
boring atoms of both A and B. This leads to complex force contributions. Applying the
chain rule again to the term CAB shows that a change in the position of atom x affects its
own and its neighbors’ CNs, which then alters the forces that its secondary neighbors
experience. Therefore, the derivative of CAB and dispersion energy with respect to a

specific atom x is written as (8) and (9), respectively.
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The calculation requires first computing the derivatives of the CNs with respect to
atomic positions Y, dCN,/ dry, for all atoms. With these intermediate values, the final
forces can be assembled efficiently. Fortunately, the dual sum can be simplified because
only dCAB/ OCN, is related with B while 3CN,/ 0T is independent from B. Therefore,
the dual sum is simplified to two sequential sums.
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The same applies to the second entry of (8). Therefore, to calculate the force of atom x,
we first need to iterate over all atoms in the system and obtain their Y5 dCAB/ 9CN,

value and perform accumulation to obtain the Y5 g Y =638 dCAB/ ot value. After that, we
can iterate over the atom’s neighbors and calculate the force using (9).

3 LASP-D3 Implementation

Our LASP-D3 implementation is designed for both high efficiency and robust vdW
computation with flexible Application Programming Interfaces (APIs) tailored for
different atomic simulation workloads. We leverage the massive parallelism of CUDA
and optimized numeric algorithms to accelerate computationally intensive tasks while
minimizing GPU memory consumption. Furthermore, a custom memory reuse
mechanism minimizes allocation overhead, reducing memory bandwidth requirements.
We employ C++11 Resource Acquisition Is Initialization (RAII) patterns to create a
maintainable, leak-free memory management system, ensuring stability during
demanding, long-running simulations. Additionally, algorithmic improvements
guarantee linear scaling O(N) of computation time with respect to system size,
enhancing both numeric accuracy and stability.
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Figure 1 The workflow of (a) typical MD or optimization simulation involving LASP-D3 and (b)
LASP-D3 energy, force and stress calculation. Blue, yellow and green blocks represent in-
put/output data, runtime calculation and data stored in global memory, respectively. Red dotted

blocks represent GPU kernels.



3.1 User interface

To ensure high performance and stability during iterative atomic simulations, LASP-
D3 utilizes an object-oriented design encapsulated within a C-compatible API. The li-
brary relies on a central d3_handle_t object to manage structure configuration and the
lifecycle of GPU memory. Following the C++ Resource Acquisition Is Initialization (RAII)
idiom, the handle initializes resources based on system size upon creation and ensures
complete deallocation upon termination, thereby preventing memory leaks. Crucially,
this design mitigates the latency associated with continuous memory allocation. Pseu-
docode 1, shows a typical MD workflow using MLP potential and DFT-D3 correction.
During the workflow, the handle persists across time steps; functions like set_atoms
and set_cell simply update the existing memory blocks via efficient cudaMemcpy op-
erations rather than reallocating GPU resources. This reuse mechanism significantly re-
duces memory bandwidth overhead and maximizes throughput for long-timescale simu-
lations.

Pseudocode 1. Simulation process with LASP-D3

1 Input: Initial coordinates (Rp), Initial cell (ho), Atom types
2 (Z)

3 Output: Trajectory of coordinates (R:)

4

5 // Initialization: GPU resources allocated once

6 handle = init d3 handle(max atoms, 2)

7

8 For step t = 1 to N_steps do

9 // 1. Update D3 Handle (Reuse GPU memory)

10 set atoms (handle, R _{t-1})

11 set cell (handle, h {t-1})

12

13 // 2. Compute D3 Corrections (GPU)

14 E d3, F _d3, S d3 = compute d3 from handle (handle)

15

16 // 3. Compute MLP Base Potentials

17 E mlp, F mlp, S mlp = MLP inference(R {t-1}, h {t-1})
18

19 // 4. Combine Contributions (Add D3 correction)

20 E tot = E mlp + E d3

21 F tot = F mlp + F d3

22 S tot = S mlp + S d3

23

24 // 5. Forward Step Calculation

25 R t, h t = forward step(R {t-1}, h {t-1}, F tot, S tot)
26 End For

27

28 // Termination: Release all GPU resources

29 free d3 handle (handle)

3.2 CUDA programming model

The CUDA programming model abstracts the GPU's massive execution architecture.
Computation logic is encapsulated in kernels, which execute sequentially within a CUDA
stream. Each kernel launches a grid of blocks, which execute independently in parallel.
Within blocks, threads serve as the elementary execution units, communicating via fast,




block-wise shared memory. This hierarchical structure allows for fine-grained control
over data locality and parallel execution.

3.3 CUDA kernels

LASP-D3 accepts atomic coordinates, element types, and cell vectors as input,
returning total dispersion energy, atomic forces, and the stress tensor. The calculation
follows a multi-stage kernel pipeline (Figure 1b), managed via sequential launches in a
single CUDA stream.

The first kernel computes CN and its derivatives based on (5). We utilize a thread-
block distribution where each block handles one central atom and its threads iterate
over neighbors. Block-wise reductions accumulate local CN values and derivatives,
which are then written to global memory. This mapping assigns unique memory ad-
dresses to specific threads, eliminating race conditions and the need for atomic opera-
tions, thus maximizing efficiency.

The second kernel calculates direct two-body interactions (the first entry in (9)) and
components of the three-body terms. Adopting a similar workload distribution, threads
compute pairwise energy, force, and stress contributions. Crucially, this kernel also
computes derivatives 9CAB/ 9CN, required for complex three-body terms. While atom-
specific entries are written directly to global memory, stress tensor components which
are global properties are accumulated using CUDA atomic additions. To maximize re-
source utilization, final scalar energy accumulation is offloaded to the CPU, running
asynchronously alongside the final GPU kernel.

The final kernel assembles the remaining three-body force and stress terms derived
from the last entry in (9). Notably, we explicitly recalculate certain CN derivatives rather
than storing them in global memory. While counterintuitive, benchmarking revealed
that recalculating these values is faster than the latency incurred by reading massive
pairwise matrices from global memory. Furthermore, this "recompute-over-store" strat-
egy maintains O(N) memory complexity, avoiding the O(N?) scaling associated with
storing pairwise derivative matrices, thereby enabling the simulation of significantly
larger systems.

3.4 Linear scaling via cell list algorithm

To ensure linear scaling (O(N)) for large periodic systems, we implemented a cell list
algorithm. Standard DFT-D3 implementations often waste computational cycles iterat-
ing over distant, non-interacting atoms. To overcome this limitation, our implementa-
tion partitions the simulation box into a grid of cells, with dimensions determined by the
interaction cutoff radius. Atoms are sorted into these cells, and the dispersion interac-
tion calculation is restricted to atoms within the same or immediately neighboring cells.
This spatial locality optimization reduces the algorithmic complexity from O(N?) to
O(N), ensuring that LASP-D3 remains efficient for massive systems and matches the lin-
ear scaling characteristics of the underlying HPNN-based MLP1s.



3.5 Algorithmic improvements

Beyond performance, we introduced two critical algorithmic enhancements to address
floating-point arithmetic pitfalls, specifically optimizing for the single-precision (FP32)
architecture of modern GPUs without sacrificing accuracy.

3.5.1 Avoiding arithmetic underflow

A numerical stability issue arises during the interpolation of the CAB coefficients in (6)
where weights are determined by Gaussian functions of the CN. If an atom's CN deviates
significantly from the reference value, the exponential term can underflow to zero in
single precision (occurring at CN differences of merely ~5). While using double preci-
sion extends this limit to CN value differences of ~13, it comes at a significant perfor-
mance cost and still does not protect against extreme cases. If all weights underflow, the
denominator vanishes, causing division-by-zero errors (NaNs). To resolve this, we em-
ploy the Log-Sum-Exp stabilization technique. We first compute the logarithmic argu-
ments using (11).

x;j = —k ((CNA — CNA)” + (CNB — CNE)*) (11)

We then identify the maximum argument, X,,,x = max(xij). and compute the final sum
by shifting the exponents using (12).

Z?A Z?B Cé?ef(CN?' CN]'B)eXp(Xij - Xmax)

C6AB = Na v1
Zi A Z] b eXp(Xij - Xmax)

(12)

By rescaling the exponents such that the largest term is exp(0) = 1, this method guar-
antees a non-zero denominator and numerical stability even when using single-
precision arithmetic.

3.5.2 Reducing floating-point precision loss

The accumulation of energy and forces in large systems involves summing tens of
thousands of terms spanning many orders of magnitude due to the r~° scaling. Adding
small contributions from distant atoms to a large running total often leads to significant
precision is lost due to rounding. To preserve accuracy, we implement a Kahan compen-
sated summation algorithm. This method explicitly tracks the rounding error lost during
each addition using a compensation term and re-adds it in the subsequent step. Fur-
thermore, we adopt a batched accumulation strategy: terms are summed into smaller
independent batches using Kahan summation before being aggregated. This hierarchical
approach minimizes the magnitude disparity between the accumulator and the addend,
ensuring high numerical accuracy and reproducibility even for large-scale systems.

4 Benchmark and discussion

We benchmarked our LASP-D3 implementation by evaluating its accuracy, computa-
tional speed, and GPU memory consumption. For comparison, we selected two existing



DFT-D3 projects: simple-dftd35° and tad-dftd346. The simple-dftd3 project is a CPU-
based implementation written in Fortran that utilizes the OpenMP framework for multi-
threading, providing significant speedups on multicore CPUs. This implementation is
widely adopted in various computational chemistry software packages, including Psi451,
PySCF52 and Siestas3. The tad-dftd3 project is a highly optimized implementation for
both CPUs and GPUs, built on the well-established PyTorch framework. Its use of
PyTorch allows it to achieve high computational efficiency, serving as an excellent
benchmark for our CUDA implementation. All implementations were tested using zero
damping with arguments for the PBE functional. The cutoff radius was set to 40 Bohr for
CN calculation and 60 Bohr for energy and force calculations.

4.1 Accuracy
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Figure 2. LASP-D3 (GPU value in figure) result of (a) energy value in Hartree, (b) force value in
Hartree/Bohr and (c) stress value in Hartree/Bohr3 in comparison with simple-dftd3 result (CPU
value in figure) and (d) the conserved energy of MD simulation performed with GGNN and
GGNN+LASP-D3, respectively.

To ensure the reliability of our implementation, we validated its accuracy against the
double-precision simple-dftd350 CPU reference code using a diverse test set of 137,333
structures from the Crystal Open Database>455. As shown in Figure 2a-c, the energies,
forces, and stress tensors calculated with our single-precision GPU code are in excellent
agreement with the double-precision CPU reference values. The maximum absolute
errors observed across the entire test set are exceptionally low—on the order of 10~°
Hartree/Bohr for forces, 107® Hartree for energies, and 10~7 Hartree/Bohr3 for
stresses—which is sufficient for chemical precision. We also integrated LASP-D3 into
the LASP projects. Using our HPNN-based MLP15 with and without the LASP-D3
correction, we performed an MD simulation of a water droplet on a SiO; (110) facet at
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298 K with a time step of 1 fs for a total duration of 400 ps. As shown in Figure 2d,
energy conservation during the MD simulation was satisfied for both HPNN and
HPNN+LASP-D3, with both exhibiting similar fluctuations in conserved energy. This
demonstrates the correctness of our LASP-D3 implementation and confirms that the use
of single precision does not compromise physical fidelity. These results confirm that our
implementation is numerically robust and accurate for production-level simulations.

4.2 Memory consumption
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Figure 3. The memory consumption of two GPU implementations with respect to number of atoms.
The green and blue dots represent benchmarked results of CUDA implementation and PyTorch im-
plementation, respectively. The red tiled region means that the memory consumption exceeds Nvidia
H200’s 141GB limit. The memory consumption of both implementations is fitted using quadratic pol-

ynomial.

A critical challenge in GPU-based atomic simulation is memory consumption. GPU
memory is restricted and has low expandability. For instance, a high-end Nvidia H200
GPU ships with only 141 GB of memory, which can seriously limit calculation scales. We
benchmarked the GPU memory consumption of both tad-dftd3 and our LASP-D3 on an
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Nvidia H200 GPU. The memory consumption for varying system sizes is plotted in Fig-
ure 3. The PyTorch-based implementation exhibits memory consumption that scales
quadratically (O(N?)) with the number of atoms. This is a direct consequence of its reli-
ance on instantiating large intermediate tensors, such as the pairwise distance matrix.
While straightforward from a programming perspective, this approach becomes prohib-
itive for larger systems, quickly exhausting available memory. This explains why tad-
dftd3 failed to process systems larger than 10,000 atoms, even on a GPU with 141 GB of
memory. In contrast, our LASP-D3 maintains a minimal memory footprint. Instead of
explicitly storing large matrices, pairwise interactions are calculated on-the-fly within
the GPU kernels. Only essential input atomic coordinates, output energies/forces, and
necessary intermediate results are stored in global memory. These arrays’ size scale lin-
early with system size. Consequently, the space complexity of our implementation is
O(N), which is significantly more manageable than the O(N?) complexity of tad-dftd3.
Furthermore, the pre-factor for memory scaling is strictly controlled: for each additional
atom, only 56 bytes of GPU memory are required. Taking the inherent ~500MB memory
consumption into consideration, our implementation on a single Nvidia H200 GPU can
handle massive systems potentially exceeding billions of atoms, far surpassing typical
scales for atomic simulation. For standard systems with fewer than one million atoms,
LASP-D3 occupies less than 1 GB of GPU memory, leaving the majority available for
more memory-demanding MLPs. Thus, our CUDA implementation effectively removes
the memory ceiling imposed by the PyTorch approach, enabling the treatment of signifi-
cantly larger systems that would otherwise be impossible on current hardware.

4.3 Performance
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Figure 4 The execution time on varying system sizes of (a) single point DFT-D3 energy calcula-
tion by different implementations and (b) MD simulation by HPNN with different DFT-D3 imple-
mentations. The orange, purple, blue and green dots represent benchmarked results of single
threaded simple-dftd3, multithreaded simple-dftd3, tad-dftd3 and LASP-D3, respectively. Corre-
sponding lines represent quadratic polynomial fitting. The dotted blue line represents the ex-
trapolation of PyTorch implementation execution time, which is unable to benchmark due to GPU
memory limit. The blue, green and purple bar in (b) represent HPNN without D3 correction, with
original CPU-based DFT-D3 implementation in LASP project and with LASP-D3, respectively. The
absence of purple bars in systems with more than 20,000 atoms is caused by out of memory is-

sue of CPU-D3 implementation.
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To assess the efficiency of our CUDA-based DFT-D3 implementation, we performed a
series of benchmark calculations on systems of increasing size, ranging from 72 to
197,568 atoms. The system used for benchmarking was a chloride solid electrolyte,
Li;ZrCle%¢ in which dispersion interactions play a vital role. Comparison was made
against simple-dftd35° and tad-dftd34¢. The benchmarks were conducted on an AMD
EPYC 9654 (96 cores) for the CPU implementation and a single Nvidia H200 (141 GB
memory) for the GPU implementations. A warmup run was included for all implementa-
tions prior to the benchmark process.

The results are shown in Figure 4a. During our tests, tad-dftd3 failed to compute sys-
tems larger than 10,000 atoms due to out-of-memory (OOM) errors. The dotted blue line
in Figure 4a represents an extrapolation based on its performance on sub-10,000 atom
systems. The execution times for all implementations were fitted as quadratic polyno-
mials. Among all implementations, our LASP-D3 demonstrates linear scaling of compu-
tation time with respect to the number of atoms in large systems, leading to superior
performance compared to all competitors. This is a direct result of the utilization of cell
list algorithms and is particularly advantageous for large-scale simulations. A detailed
comparison of computation time for systems with fewer than 10,000 atoms is shown in
the inset of Figure 4a. LASP-D3 outperforms both the PyTorch and CPU implementations
even in small systems. Unlike tad-dftd3, where derivatives are acquired via automatic
differentiation, LASP-D3 implements optimized analytical derivatives of the DFT-D3 en-
ergy. Atomic forces are directly calculated without additional overhead, maximizing effi-
ciency and resulting in optimal performance for small systems.

We also performed an MD simulation of the Li;ZrCles electrolyte on a machine
equipped with one AMD EPYC 9474F CPU (48 cores) and one Nvidia H200 GPU. The MD
simulation was conducted in an NVT ensemble at 350 K using our HPNN MLP?5 for pri-
mary energy and force evaluation. LASP-D3 and the original CPU-based DFT-D3 imple-
mentation of our LASP project*® were benchmarked respectively. In the MD simulation,
LASP-D3 exhibited optimal performance, as shown in Figure 4b. Across varying system
sizes, adding the LASP-D3 correction required only ~20% extra computation time. Con-
versely, the previous CPU-based D3 implementation, although executed in parallel with
our GPU-bound MLP, became the bottleneck for large systems due to its higher time
complexity. Additionally, the CPU-based D3 implementation exhausted the available sys-
tem memory (750 GB) when calculating dispersion interactions for systems exceeding
20,000 atoms. In contrast, LASP-D3 maintains modest GPU memory consumption and
can coexist with memory-intensive MLPs on the same device, even for systems as large
as 93,312 atoms. This efficiency is the direct result of our dedicated optimization of both
computing speed and memory usage.

5 Conclusion

We have developed LASP-D3, a high-performance, GPU-accelerated implementation of
the DFT-D3 algorithm from scratch using CUDA C++. A specialized handle reuse mecha-
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nism significantly mitigates the overhead associated with frequent GPU memory reallo-
cation, thereby improving efficiency during iterative tasks such as molecular dynamics
(MD) simulations and geometry optimizations. Furthermore, robust algorithmic strate-
gies were employed to ensure numerical accuracy and stability, even when utilizing sin-
gle-precision arithmetic. Through rigorous optimization and the adoption of cell list al-
gorithms, our implementation achieves linear time complexity (O(N)) for large periodic
systems, consistently outperforming all benchmarked alternatives. In addition to speed,
LASP-D3 exhibits exceptional memory efficiency. With memory consumption scaling
linearly with system size, it minimizes the GPU footprint, thereby accommodating
memory-intensive MLPs within the same device. This facilitates efficient calculations for
systems containing tens of thousands of atoms, paving the way for real-world, large-
scale simulations with atomistic precision. The implementation has been successfully
integrated into the LASP software package*8 and the LASPAI web platform.
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