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1. Introduction
Machine learning interatomic potentials (MLIPs)

have emerged as a powerful approach for atomistic
simulations, offering accuracy comparable to ab initio
molecular dynamics at a computational cost close to
that of (semi-)empirical force fields. However, most
contemporary MLIPs rely on a locality approxima-
tion, in which interatomic interactions are restricted
to local neighborhoods within a finite cutoff radius.
This approximation limits their ability to model sys-
tems whose structure and dynamics are governed by
long-range interactions [1].
To address this limitation, explicit long-range in-

teraction terms can be incorporated into the total
energy expression [1, 2]. Prior work has primarily
focused on electrostatic and dispersion interactions:
electrostatics is typically incorporated via a Coulomb
interaction term, while dispersion is often included
using correction schemes originally developed for
density functional theory (DFT) [3].
When long-range interactions are effectively

screened beyond the cutoff radius, local MLIPs may
still provide an accurate description even for systems
where such interactions significantly influence sys-
tem behavior [4]. However, the quantitative impact
of explicitly incorporating long-range interactions
remains under investigation.
Building on our recent publication [5] and

preprint [6], we report Moment Tensor Potentials
(MTPs) [7] augmented with: (i) D2-style dispersion
correction [8] (MTP+D2) for carbon tetrachloride
(CCl4) and toluene, and (ii) explicit electrostaticsmod-
eled via fixed point charges (MTP-QRd) [9] for ethy-
lene carbonate (EC) / ethyl methyl carbonate (EMC)
binary solvent and LiPF6 solutions in 3EC/7EMC (mo-
lar ratio). We provide a systematic assessment of how
explicit long-range terms affect the accuracy ofMLIPs
inmodeling dispersion- and electrostatics-dominated
molecular liquids.

2. Related work, Methods, and Results
2.1 Related work
To incorporate electrostatics, the simplest ap-

proaches assign element-specific fixed point charges,
which are applicable to systems without chemi-
cally distinct atoms of the same element [9]. More
transferable models require learning environment-
dependent charges, either from reference charges,

dipole moments, or directly from energies and
forces [1, 2]. However, non-local charge transfer (e.g.,
in conjugated 𝜋-systems) requires MLIPs with glob-
ally dependent charges [10].
For dispersion, Lennard-Jones potentials can be

applied on top of local MLIPs [11, 12]. By compari-
son, utilizing dispersion corrections [3] such as D2 or
D3 can provide higher accuracy and can be directly
added to the energy expression as they employ pre-
computed parameters [13, 14, 15, 16]. Dispersion cor-
rections dependent on electronic-structure calcula-
tions, such as Tkatchenko–Scheffler (TS) or exchange-
dipole moment (XDM), require either machine learn-
ing [17, 18] or precomputation followed by element-
wise averaging of their parameters [19, 20, 21].
In this work, we use the MTP-QRd and MTP+D2

models as minimal implementations of explicit elec-
trostatics and dispersion corrections, respectively, to
systematically assess their impact on the accuracy of
MLIPs for EC/EMCmixtures and nonpolar liquids.

2.2 Methodology
This section summarizes the methodology intro-

duced in our recent publication [5] and preprint [6].
To quantify the role of explicit long-range interac-
tions, we compare local MTPs to MTPs augmented
with explicit electrostatics (MTP-QRd) or dispersion
interactions (MTP+D2). Specifically, we use imple-
mentations of MTP+D2 in theMLIP-2 code [22, 5] and
MTP-QRd in the MLIP-4 code [23, 9].
For electrostatics-dominated systems, we assess

densities and intra- and intermolecular interactions
in EC/EMC binary solvents, as well as ionic con-
ductivity in 1M LiPF6 solutions in 3EC/7EMC, using
ensembles of three MLIPs to estimate uncertainty
arising from random parameter initialization. For
dispersion-dominated systems, we examine dimer
binding curves, liquid densities, and radial distribu-
tion functions (RDFs) of CCl4 and toluene, using en-
sembles of five MLIPs.
To determine when explicit long-range terms are

required and when increasing the cutoff radius (Rcut)
of a local MTP is sufficient, we perform comparisons
in two regimes: (i) when Rcut is insufficient to capture
long-range interactions, and (ii) when the Rcut is large
enough to include the dominant contribution of long-
range interactions.
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2.3 Results
Our results show that explicit long-range interac-

tion terms are required when the local MTP cutoff is
too short to capture long-range effects, whereas the
impact at larger cutoffs depends on the system.
For CCl4, a short cutoff radius Rcut=5.5Å leads to un-

physical dimer binding curves, which are corrected
either by extendingRcut to 7.5Å or by incorporating ex-
plicit dispersion (Fig. 1 (a)). Furthermore, MTPs with
a short cutoff failed to sustain a stable liquid phase in
MD simulations, leading to unphysical expansion of
the simulation cell. By contrast, both extended-cutoff
MTP andMTP+D2 yield stableMD,with densitymean
absolute errors (MAE) of 16% and 20%, respectively,
compared to experiment [24], and nearly identical
RDFs (Fig. 1 (c)).
Unlike CCl4, for toluene the inclusion of explicit

dispersion improves model performance compared
to MTP with Rcut=7.5Å. For MTP+D2, unphysical oscil-
lations in the dimer binding curves are significantly
reduced compared to extended-cutoffMTP (Fig. 1 (b)).
While liquid density MAE remain comparable (12%
and 10% for MTP and MTP+D2, respectively, relative
to experiment [25]), the impact of explicit dispersion
is evident in the more accurate C7-C7 RDF obtained
with MTP+D2 (Fig. 1 (d)).

Fig. 1: (a) CCl4 dimer binding curves calculated using
a local MTP with short cutoff Rcut, an extended-
cutoff MTP, and MTP+D2, compared to PBE-D3 ref-
erence data (binding curves minima were shifted
to zero); (b) toluene dimer binding curves obtained
with extended-cutoff MTP and MTP+D2, compared
to PBE-TS; (c) C-C RDFs in liquid CCl4 obtained
fromMD simulations in extended-cutoff MTP and
MTP+D2, compared to experiment [26]; (d) C7-C7
RDFs in liquid toluene fromMD simulations using
extended-cutoff MTP and MTP+D2, compared to
experiment [27].

In electrostatics-dominated systems, both local
MTP and MTP-QRd reproduce densities of EC/EMC
binary solvents when Rcut is set to 5Å (Fig. 2 (a)).
However, MTP-QRd achieves comparable accuracy
with fewer machine-learned parameters (Fig. 2 (b)).
Both models predict ionic conductivity in LiPF6 solu-
tion in 3EC/7EMC with MAE of 11% and 6%, respec-
tively (Fig. 2 (c)), indicating that both local and long-
ranged MLIPs can reproduce transport properties
with good accuracy in the present simulations.

Fig. 2: (a) Densities of EC/EMC mixtures calculated
withMTP andMTP-QRd of levels 16 and 20 [7], com-
pared to literature values [4] obtained by interpolat-
ing experimental data [28]; (b) root mean squared
errors (RMSE) in intra- and intermolecular ener-
gies per atom and forces for MTP and MTP-QRd
models of levels 16 and 20 relative to PBE-D3 calcu-
lations for 7EC/3EMC; (c) temperature dependence
of ionic conductivity predicted by MTP and MTP-
QRd of level 20 for 1M LiPF6 solution in 3EC/7EMC,
compared to experiment [29].

In summary, we benchmarked MTP potentials
with and without explicit long-range interactions and
showed that explicit dispersion is essential when
these interactions are not screened beyond the em-
ployed local MLIP cutoff. Moreover, even when the
cutoff radius is sufficient to include dominant long-
range effects, explicit long-range terms can yield im-
proved accuracy and computational effeciency.
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