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ABSTRACT: The van der Waals (vdW) interaction is ubiquitous
in materials and is long-range by nature. To facilitate vdW-
included atomic simulations in large systems with tens of
thousands of atoms, we developed LASP-D3, a Compute Unified
Device Architecture (CUDA) implementation of the DFT-D3
method on graphics processing unit (GPU) devices, which realizes
fast vdW corrections compatible with state-of-the-art machine-
learning potential calculations. Our implementation achieves a
linear-scaling time complexity, O(N), for large periodic systems,
being up to 2 orders of magnitude faster than all current versions
for systems above 100,000 atoms, and significantly reduces GPU
memory consumption compared to existing PyTorch-based GPU
implementations. By combining LASP-D3 with the generalized
global neural network potential developed by us, we show that the leading solid electrolyte LiTaCl6 can achieve high conductivity,
where the vdW interaction plays a key role in governing Li-ion diffusion and the simulated conductivity reproduces experimental
measurements.

1. INTRODUCTION
While quantum mechanics (QM), particularly density func-
tional theory (DFT) calculations, has demonstrated its value
and power in predicting material properties,1 its high computa-
tional cost limits its application to large system simulations over
long time scales. As a transformative technology,2−9 machine
learning potentials (MLPs) overcome the size-accuracy trade-
off, reproducing QM-level accuracy at a fraction of the cost10−14

for large systems with thousands of atoms. Recent MLPs rely on
tensor algebra operations that align perfectly with graphics
processing unit (GPU) architecture15−21 and thus undergo a
paradigm shift toward GPU implementation, which would
enable accuratemolecular dynamics (MD) simulations22−24 and
global exploration25−27 for unprecedented system sizes.
However, MLPs, by fitting DFT data sets, inherit the common

DFT failure in capturing the long-range electron correla-
tions,28−32 specifically London dispersion forces,33 which are
critical factors in molecular crystals,34 biological macro-
molecules,35 and surface adsorption.36 Attempts have been
made to fit dispersion interaction using machine learning
models,37,38 but they often come at the cost of increased
architectural complexity and high computational overhead due
to the long-range nature of the interaction. A more portable and
robust alternative is directly applying corrections specifically
designed for DFT functionals.39,40 Among various correction
schemes,41−44 the DFT-D3 method,45 the most popular
Grimme’s DFT-D method,46−48 is the de facto standard
correction for this deficiency due to its robustness49 and

efficiency.45 While the computational cost of DFT-D3 is
negligible compared to that of traditional DFT, it becomes a
significant bottleneck when paired with fast MLP simulations.
This issue is exacerbated by hardware mismatch: modern
simulation platforms typically pair powerful GPUs with central
processing units (CPUs) that have limited core counts. The
addition of D3 corrections via available software implementa-
tions, regardless of CPU or GPU implementations, creates a
severe bottleneck, negating the performance gains of the GPU-
accelerated MLPs.
Recent attempts utilized GPU-accelerated libraries built on

high-level frameworks (e.g., PyTorch50) to speed up the D3
calculation, but the performance has fallen well short of
expectations.51,52 While these implementations are indeed faster
than earlier CPU-based versions, their time and memory
complexity9,21 are still not compatible with modern linear-
scaling MLP calculations, leaving the vdW correction alone as
the rate-limiting step in atomic simulation. This could be due to
the lack of direct and fine control over hardware resources in
high-level GPU-accelerated frameworks, often reflected by
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excessive memory consumption. The presence of the “memory
capacity wall” prevents the simulation of super large-scale
systems (e.g., >100,000 atoms) such as protein−ligand
complexes or amorphous solids, which MLPs were purposely
designed to address.
In this work, to match the highly efficient MLP simulations in

our LASP software (www.lasphub.com),53 we develop LASP-
D3, a novel implementation of DFT-D3 entirely by Compute
Unified Device Architecture (CUDA) C++. By engaging
directly with GPU architecture without using high-level
frameworks, LASP-D3 utilizes custom 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 generalized global neural network (GGNN)9 potential
simulations in LASP, we show that LASP-D3 maximally incurs a
∼20% computational overhead in superlarge systems (100,000
atoms), drastically outperforming both CPU and PyTorch-
based alternatives. Our LASP-D3 implementation is openly
available and has a general interface that can be readily adapted
to other MLPs. By removing the key barrier in hybridizing MLP
and DFT-D3, LASP-D3 paves the way for accurate investigation
of complex systems with appreciable vdW contributions, as
demonstrated here in Li-ion diffusion of the LiTaCl6 system.

2. DFT-D3 ALGORITHM

2.1. Energy Formula of D3

First, we overview the DFT-D3 algorithm,45 a semiempirical
correction designed to account for long-range vdW interactions,
specifically dispersion forces, which are often inadequately
described by standard density functionals. The correction
involves adding a dispersion energy term, Edisp, to the standard
Kohn−Sham DFT energy, EKS−DFT..

=E E Etotal KS DFT disp (1)

The Edisp term consists of a two-body term and a three-body
term, Edisp = E(2) + E(3); the two-body term is computed by
summing the interactions between all unique atom pairs (A and
B) in the system, while the three-body term accumulates all
distinct atomic triplets (A, B, and C) in the system.
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Here, sn is the scaling factor that is fitted for different DFs, rAB is
the distance between the two atoms, Cn

AB is the dispersion
coefficient, and fd,n(rAB) is the damping function that smoothly
attenuates the dispersion energy at short distances. Since the
three-body term significantly increases computational complex-
ity but contributes little to the total energy (maximally∼ 5meV/
atom45), this term is switched off by default in previous
implementations45,54 and we will discuss our implementation of
the three-body term in Supporting Information (SI). In the
following, we will focus on the two-body term, considering the
tiny contribution of the three-body term and our aim to match
D3 calculation speed with that of GGNN utilized in the LASP
code.

Various damping functions can be applied in eq 2, including
zero damping45
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Here, sr,n, a1, and a2 are dependent scaling factors specific to DFs,
and R0

AB is the pair-specific cutoff radius derived from tabulated
atomic values. αn is set to α6 = 14 and α8 = 16, respectively.
A key feature of the DFT-D3 method is that the dispersion

coefficients C6
AB are not static. Instead, they are dynamically

calculated to reflect the local chemical environment of each
atom. This is achieved by first calculating the coordination
number (CN) for each atom.

=
+ +k k R R r
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Here, RA,cov is the scaled covalent radius of atom A, rAB is the
distance between two atoms, and k1 and k2 are fixed parameters
set to 16 and 4/3, respectively.
Once the coordination numbers for a pair of atoms (A and B)

are known, the specific dispersion coefficientC6
AB is calculated by

interpolating over a grid of precomputed reference values.
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For each element, a small number of reference geometries
(typically 1−5) are used to generate reference C6

AB coefficients
and their corresponding reference CNs. For any given atom pair
(A and B), this creates a 2D grid of up to 25 reference values
C6,ref
AB (CNA

i , CNB
j ). The final coefficient is obtained via a weighted

average across this grid, using Gaussian functions as weights
based on calculated CNA and CNB.
2.2. Cutoff Radius of vdW Interaction

When applying the DFT-D3 correction for large systems,
including periodic solids, the pairwise summation must be
extended to a long distance due to the relatively slow decay of
the vdW interaction. For solids, this requires including the
pairwise interactions between atoms and their surrounding
periodic images. To avoid an infinite number of pairwise
interactions, a long-distance cutoff scheme must be employed to
make the calculation computationally feasible. It means that
interaction between two atoms is considered only if the distance
rAB is within a specified cutoff radius. The DFT-D3 algorithm
involves two distinct pairwise operations: the CN calculation
and energy summation. Consequently, two independent cutoffs,
namely, the CN cutoff and the energy cutoff, are defined. These
two cutoffs can be adjusted independently. Although larger
cutoffs yield more accurate results, the computational cost
increases significantly with the scaling O(Rcut

3 ) proportional to
the volume of the cutoff sphere. The typical values for these
cutoffs are therefore set as beyond 40 Bohr (∼21 Å) for a
balance between accuracy and efficiency.
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2.3. Force Calculation

For applications such as geometry optimization and MD
simulation, the analytic force acting on each atom needs to be
calculated using energy derivatives, F = ∂E/∂r. In the two-body
term, the force can be calculated using eq 9, where the subscript
A denotes atom A whose force is being calculated, and the
subscripts B and C denote the neighbors of A.
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The first two entries, the derivatives of fd,n and 1/rABn can be
easily calculated, as they are localized and are only relative to rA
and rB. However, the third entry is more complex, as Cn

AB is a
function of CNA and CNB, which in turn depend on the
positions of all neighboring atoms of both A and B. This leads to
complex force contributions. Applying the chain rule to the
term, Cn

AB shows that a change in the position of atom A affects
its own and its neighbors’ CNs, which then alters the forces that
its secondary neighbors experience. Therefore, the derivative of
Cn
AB with respect to a specific atom A is written as eq 10.
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Applying eq 10 to the last entry of eq 9 and simplifying the
dual accumulation yields eq 11, the first two entries and ∂E/
∂CNA can be calculated along with the energy calculation; the
last entry can be added after acquiring the ∂E/∂CNA values using
a separate loop.

= + +

+

=

=

i
k
jjjjj

y
{
zzzzz

i
k
jjjjj

i
k
jjjjj

y
{
zzzzz

y
{
zzzzz

F s C
f

r r
s C f

r r

E E
r

1 1

CN CN
CN

n
n n

d n
n n n d n n

n

A
B 6,8

AB ,

A AB

AB
,

A AB

B 6,8 A B

AB

A

(11)

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 employ C++ Resource Acquisition Is
Initialisation (RAII) patterns to create a maintainable, leak-free
memory management system, ensuring stability during demand-
ing, long-running simulations. Furthermore, a custom memory
reuse mechanism minimizes allocation overhead, reducing the
memory bandwidth requirements. We leverage the massive
parallelism of CUDA and optimized numeric algorithms to
accelerate computationally intensive tasks while minimizing
GPU memory consumption, achieving linear scaling (O(N)) of
computation time and memory consumption with respect to
system size, enhancing both numeric accuracy and stability.
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 library relies on
a central handle object to manage the structure configuration
and the lifecycle of GPU memory. Following the C++ 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. Pseudocode S1 in the Supporting Information (SI)
shows a typical MD workflow using MLP potential and LASP-
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

Figure 1. (a) Workflow of LASP-D3 energy, force, and stress calculation. Blue, yellow, and green blocks represent input/output data, runtime
calculation, and data stored in global memory, respectively. Red dotted blocks represent GPU kernels. (b) Workload distribution across blocks and
threads of LASP-D3 implementation. The number of arrows is not representative of actual number of threads.
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operations (provided by CUDA API) rather than reallocating
GPU resources. This reuse mechanism significantly reduces
memory bandwidth overhead and maximizes throughput for
long-time scale simulations.
Based on the C-compatible API, we also provide Fortran and

Python wrappers to facilitate seamless integration with existing
models and modern simulation engines. To demonstrate
practical utility, we provide an example integrating the MACE
potential21 with LASP-D3 corrections within the Atomic
Simulation Environment (ASE) Python framework.56 This
implementation, available publicly on GitHub, enables the
execution of typical atomic simulation tasks, such as MD.
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 are executed
independently in parallel. Within blocks, threads serve as the
elementary execution units, communicating via block-wise
shared memory, which have restricted size (typically in
kilobytes) but with high speed. Global memory, although slow
compared with sharedmemory, has amuch larger size and serves
as a persisting memory across kernels, enabling kernels to store
temporary results. It is also the generally recognized GPU
memory. This hierarchical structure allows for fine-grained
control over the data locality and parallel execution.
3.3. CUDA Kernels

LASP-D3 accepts atomic coordinates, element types, and lattice
vectors as input, returning the total dispersion energy, atomic
forces, and stress tensor. The calculation follows a multistage
kernel pipeline (Figure 1a), managed via sequential launches in a
single CUDA stream. The first kernel computes CNA and its
derivatives ∂CN/∂rA based on eq 6. Each block calculates one
floating-point variable for CNA, and three floating-point
variables for ∂CN/∂rA, which are stored in global memory.
The second kernel extracts CNA and ∂CN/∂rA stored by the
former kernel, performs the C6 interpolation using eq 7, and
then calculates the dispersion energy using eq 2. It also calculates
part of the force contributions derived from the first two entries
in eq 9. The results are also stored in global memory. This results
in an additional four floating points stored in global memory for
each atom. The last kernel follows a workflow similar to that of
the first kernel, but instead of accumulating all ∂CNAB/∂rA, it
assembles the last entry in eq 11 using the ∂E/∂CNA value
extracted from global memory. Notably, we explicitly recalculate
CN derivatives rather than storing them in global memory.
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”
strategy maintains O(N) memory complexity, avoiding O(N2)
scaling associated with storing pairwise derivative matrices,
thereby enabling the simulation of significantly larger systems.
As shown in Figure 1b, we launch one block of threads for

each central atom A and threads inside the block cooperate to
iterate over all of its neighbors. At the end of each kernel, block-
wise reductions accumulate local variables, and the first thread in
each block stores the result to global memory. This construction
guarantees that each block of global memory is only accessed by
1 thread, minimizing the need for time-consuming atomic
operations while preventing racing conditions.
Among the three kernels, five floating points are stored in

global memory for each atom as intermediate results (one for

CNA, one for ∂E/∂CNA, and three for ∂CNA/∂rA). Taking input
variables (two short integers for atom types, three floating points
for rA, and two long integers to identify the atom’s location when
using cell list optimization) and output variables (four floating
points, one for energy, and three for atomic force), LASP-D3
requires 56 bytes of memory for each atom.
Pseudocode 1. Cell list algorithm to compute atom-wise

D3 contribution

3.4. Linear Scaling via Cell List Algorithm

In large periodic systems, many atom pair distances are beyond
the cutoff radius, thus being ignored. Standard DFT-D3
implementations often iterate over all atom pairs, leading to
O(N2) time complexity and wasting computational cycles
iterating over distant, noninteracting atoms. To overcome this
limitation and ensure linear scaling (O(N)) for large periodic
systems, our implementation partitions the simulation box into a
grid of cells with dimensions determined by the cutoff radius. As
shown in Pseudocode 1, atoms are binned into these cells, and
the dispersion interaction calculation is restricted to atoms
within the same or immediately neighboring cells. This spatial
locality optimization ensures that LASP-D3 remains efficient for
massive systems and matches the linear scaling characteristics of
the underlying GGNN-based MLPs.9

Pseudocode 2. Hierarchical Kahan accumulation algo-
rithm
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3.5. Numerical Stability Improvements

Beyond performance, we introduced two critical algorithmic
enhancements to address floating-point arithmetic pitfalls,
specifically optimizing 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 C6
AB

coefficients in eq 7 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 precision extends this limit to CN value
differences of∼13, it comes at a significant performance cost and
still does not protect against extreme cases. If all weights
underflow, then the denominator vanishes, causing division-by-
zero errors. To resolve this, we employ the log-sum-exp
stabilization technique. We first compute the logarithmic
arguments using eq 12.

= +x k ((CN CN ) (CN CN ) )ij i j3
A A 2 B B 2

(12)

We then identify the maximum argument, xmax = max (xij),
and compute the final sum by shifting the exponents using eq 13.
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By rescaling the exponents such that the largest term is exp(0)
= 1, this method guarantees a nonzero 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−6 scaling. Adding small contributions
from distant atoms to a large running total often leads to
significant precision loss due to rounding. To preserve accuracy,
we implement a Kahan compensated summation algorithm.57

This algorithm is described in the first part of Pseudocode 2. We
use a temporary variable (variable t in the pseudocode) to store
the result of the direct accumulation. Then, we calculate and
track the lost parts of this addend (variable compensation in the
pseudocode), which will be added in the following accumu-
lation. Furthermore, we adopt a batched accumulation strategy:
terms are summed into smaller independent batches using
Kahan summation before being aggregated. This mixed
approach minimizes the magnitude disparity between the
accumulator and the addends, ensuring high numerical accuracy
and reproducibility, even for large-scale systems.

4. PERFORMANCE BENCHMARKS
We benchmarked our LASP-D3 implementation by evaluating
its accuracy, memory consumption, and computational speed.
For comparison, we selected two existing DFT-D3 projects:
simple-dftd354 and tad-dftd3.51 The simple-dftd3 project is a
CPU-based implementation written in Fortran and utilizes the
OpenMP framework58 for multithreading, providing significant

Figure 2. LASP-D3 (GPU values in figure) results of (a) atomic energy value in eV and (b) force value in eV/Å in comparison with simple-dftd3 result
(CPU values in figure). (c) is the conserved energy of MD simulation performed with GGNN and GGNN+LASP-D3, respectively, and (d) is the
memory consumption of LASP-D3 in comparison with PyTorch-based tad-dftd3.
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speedups on multicore CPUs. This implementation is widely
adopted in various computational chemistry software packages,
including Psi4,59 PySCF60 and Siesta.61 The tad-dftd3 project is
a highly optimized implementation for both CPUs and GPUs,
built on the well-established PyTorch framework.50 Its use of
PyTorch allows it to achieve a high computational efficiency,
serving as an excellent baseline 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 calculations and 60 Bohr for energy and force
calculations.
4.1. Accuracy

To ensure the reliability of our implementation, we validated its
accuracy against the double-precision simple-dftd354 CPU
reference code using a diverse test set of 137,333 structures
from the Crystal Open Database.62,63 As shown in Figure 2a and
b, the energies and forces calculated with our single-precision
GPU code are in excellent agreement with the double-precision
CPU reference values. We also validated the accuracy of the
three-body term, but due to its high computational cost, we
randomly sampled 30,770 structures and performed three-body
validation on the reduced test set. The test result after adding the
three-body term is shown in Figure S1. The maximum errors
observed across the entire test set are exceptionally low�on the
order of 10−4 eV/Å (10−5 Hartree/Bohr) for forces and 10−6 eV
(10−8 Hartree) per atom for energies, which is sufficient for
chemical precision. To verify that these discrepancies are
attributed to the precision limits of single-precision floating-
point arithmetic, we benchmarked LASP-D3 on the same
structures using double precision. The result is shown in Figure
S2; themaximum errors diminish by several orders of magnitude
to 10−12 eV/Å (10−14 Hartree/Bohr) for forces and 10−14 eV
(10−15 Hartree) per atom for energy. This reduction confirms
the algorithmic correctness of our implementation, demonstrat-

ing that the deviations in the standard build are purely numerical
artifacts of 32-bit accumulation.
We also integrated LASP-D3 into the LASP project.53 The

GGNN potential9 employed in this work was trained using the
GGA-PBE functional. Consequently, it inherits the well-known
limitations of this functional in capturing long-range dispersion
interactions. A brief description of the model parameters and the
training data set is provided in the Supporting Information.
Using our GGNN potential with and without the LASP-D3
correction, we performed an MD simulation of a water droplet
on a SiO2 (110) facet consisting of a total of 8,541 atoms at 298
K with a time step of 1 fs for a total duration of 400 ps. As shown
in Figure 2c, energy conservation during theMD simulation was
satisfied for both GGNN and GGNN+LASP-D3, with both
exhibiting similar fluctuations in the conserved energy (0.0045
meV/atom). This demonstrates the correctness of our LASP-D3
implementation and confirms that the use of single precision
does not compromise physical fidelity.
4.2. Memory Consumption

A critical challenge in GPU-based atomic simulations 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-dftd351 and LASP-D3 on an NVIDIA
H200 GPU. The memory consumption for varying system sizes
is plotted in Figure 2d. PyTorch-based tad-dftd3 exhibits
memory consumption that scales quadratically (O(N2)) with
the number of atoms. This is a direct consequence of its reliance
on instantiating large intermediate tensors such as the pairwise
distance matrix. While straightforward from a programming
perspective, this approach becomes prohibitive for larger
systems, quickly exhausting the available memory. This explains
why tad-dftd3 failed to process systems larger than 15,500
atoms, even on a GPU with 141 GB of memory. In contrast,

Figure 3. (a) Execution time on varying system sizes of the single-point DFT-D3 energy calculation by different implementations. The orange, purple,
blue and green dots and lines represent benchmarked results of single threaded simple-dftd3, multithreaded simple-dftd3, tad-dftd3, and LASP-D3,
respectively. The dotted blue line represents the extrapolation of tad-dftd3 execution time, which is unable to benchmark due to GPU memory limit.
The inset shows detailed execution time of sub-5000 systems. (b)MD simulation speed by GGNNwith different DFT-D3 implementations. The blue,
green, and purple bars represent GGNN without D3 correction, with original CPU-based 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 the out-of-memory issue of CPU-D3 implementation.
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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/output data and necessary intermediate results are stored
in global memory. These arrays’ size scales linearly with system
size. Consequently, the space complexity of our implementation
is O(N), which is significantly more manageable than the O(N2)
complexity of tad-dftd3. Furthermore, the prefactor for memory
scaling is strictly controlled: for each additional atom, only 56
bytes of GPU memory are required. Taking the inherent ∼500
MB memory consumption into consideration, our implementa-
tion on a single NVIDIAH200GPU 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, LASP-D3 effectively removes the
memory ceiling imposed by the PyTorch approach, enabling the
treatment of significantly larger systems that would otherwise be
impossible on the current hardware.
4.3. Speed Scaling
To assess the efficiency of our CUDA-based D3 implementa-
tion, we performed a series of benchmark calculations on
systems of increasing size, ranging from 72 to 197,568 atoms.
Comparison was made against simple-dftd354 and tad-dftd3.51

The benchmarks were conducted on an AMD EPYC 9654 (96
cores) for CPU implementation (simple-dftd3) and an NVIDIA
H200 for the GPU implementations (tad-dftd3 and LASP-D3).
A warm-up run was included for all implementations prior to the
benchmark process.

The results are shown in Figure 3a. In our tests, tad-dftd3
failed to compute systems larger than 15,000 atoms due to out-
of-memory (OOM) errors. The dotted blue line in Figure 3a
represents an extrapolation based on its performance on sub-
15,000-atom systems. The execution times for all implementa-
tions were fitted as quadratic polynomials. Among all
implementations, our LASP-D3 demonstrates linear scaling of
computation time with respect to system size, 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
5000 atoms is shown in the inset of Figure 3a, showing that
LASP-D3 achieves optimal performance even in small systems.
Utilizing the high computation throughput of the GPU, LASP-
D3 achieves much higher performance compared to a
multithreaded simple-dftd3 implementation. Unlike LASP-D3,
tad-dftd3 relies on the PyTorch framework, leading to higher
overhead, which can be seen from the higher intercept with the
y-axis. LASP-D3, on the other hand, requires minimal
preparation, including memory allocation and initialization,
which is further replaced by a simple memory copy call when the
MD simulation is performed, resulting in a minimal launching
overhead.
We also performed an MD simulation of Li2ZrCl6 electro-

lyte64 on a machine equipped with one AMDEPYC 9474F CPU
(48 cores) and one NVIDIA H200 GPU. The MD simulation
was conducted in an NPT ensemble at 350 K using our GGNN
potential9 for primary energy and force evaluation. LASP-D3
and the original CPU-based DFT-D3 implementation of our

Figure 4. (a) Structure of the LiTaCl6 electrolyte and (b) the cell volume with respect to time during the NPTMD simulation by GGNN+LASP-D3
(top) and GGNN potentials (bottom), respectively. The insets show the structure at the end of MD trajectories. (c) MSD of Li ions with respect to
time during NVT MD simulation. Purple, green, and blue spheres represent Li, Cl, and Ta atoms, respectively.
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LASP project53 were benchmarked, respectively. As shown in
Figure 3b, LASP-D3 exhibited optimal performance in the MD
simulation workload. Across varying system sizes, adding the
LASP-D3 correction required only ∼20% extra computation
time. Conversely, the previous CPU-based DFT-D3 implemen-
tation, although executed in parallel with our GPU-boundMLP,
became the bottleneck for large systems due to its higher time
complexity. Additionally, the CPU-based D3 implementation
exhausted the available system 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 GPU, 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. EXAMPLE: THE CONDUCTIVITY OF LITACL6 SOLID
ELECTROLYTE

To validate the performance of LASP-D3 under realistic
simulation workloads, we investigated the ionic conductivity
of LiTaCl6,

65 a promising solid electrolyte emerged in recent
years. As illustrated in Figure 4a, for the atomic structure, the
LiTaCl6 lattice features a 1D-channel-like framework composed
of TaCl6 octahedra with lithium ions dispersed within the
interstitial voids. To capture long-range diffusion pathways and
minimize finite-size effects, we constructed a large supercell
containing 64,000 atoms for MD simulation, 8000 of which are
Li ions. We first performed MD simulations in the NPT
ensemble at 300 K and 1 atm for 10 ps to equilibrate the cell
volume using the GGNN potential. Independent simulations
with and without LASP-D3 dispersion correction are conducted
for comparison.
Figure 4b depicts the cell volume evolutions for the D3-

corrected (top panel) and uncorrected (bottom panel)
simulations along the MD trajectory, respectively. With the
LASP-D3 correction, the system maintained structural integrity,
and the cell volume rapidly converged and oscillated within a
narrow range (∼0.5%) of the average value (1,704,957 Å3). This
can be confirmed by the structure in the inset at the top panel of
Figure 4b. In sharp contrast, the simulation without D3
correction exhibited a continuous expansion in cell volume,
indicative of structural disintegration. This failure, visually
confirmed by the disordered final structure shown in the
corresponding inset, highlights the critical role of dispersion
forces in maintaining the interchannel cohesion of the TaCl6
framework. After the equilibration of the D3-corrected
simulation, we further performed a production run in the
isothermal (NVT) ensemble at 300 K for 20 ps. The mean
squared displacement (MSD) of the Li ions (Figure 4c) exhibits
a linear regime with a slope of 0.0265 Å2/ps. By applying the
Nernst−Einstein equation, we yield a calculated ionic
conductivity of 12.84 mS/cm, in good agreement with the
experimental value of 10.95 mS/cm,65 confirming the very high
conductivity of LiTaCl6 as the solid electrolyte. Our results
demonstrate the ability to model large-scale systems and
simultaneously reproduce accurately both structural and
physicochemical properties that rely critically on both the
correctness of the physical model (e.g., vdW interaction) and the
high computational efficiency, which can now be conveniently
achieved via the seamless joint of GGNN potential and LASP-
D3.

6. CONCLUSIONS
This work developed a key gradient for modern atomistic
simulations, namely, LASP-D3, a high-performance, GPU-
accelerated implementation of the DFT-D3 algorithm using
CUDA C++ to be utilized together with state-of-the-art MLP
PES calculations. We design a specialized object-oriented design
and memory reuse mechanism to maximally mitigate the
overhead associated with frequent GPU memory reallocation,
thereby improving the efficiency during iterative tasks such as
MD simulations and geometry optimizations. Furthermore,
robust algorithmic strategies are employed to ensure numerical
accuracy and stability, particularly in single-precision arithmetic.
We show that LASP-D3 achieves linear time complexity (O(N))
for large systems through rigorous optimization and the
adoption of cell list algorithms, consistently outperforming all
benchmarked alternatives. In addition, LASP-D3 also exhibits
exceptional memory efficiency, with the memory consumption
scaling linearly with system size, facilitating memory-intensive
MLPs within the same GPU device. Taking Li-ion diffusion in
LiTaCl6 solid electrolyte as an example, we demonstrate that
LASP-D3 implementation facilitates long-time atomistic simu-
lations for systems containing tens of thousands of atoms with
high precision. The implementation has been successfully
integrated into the LASP software package53 and the LASPAI
material design platform (www.laspai.com),66 and is now
publicly available.
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