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Abstract
We derive and validate a machine-learned interatomic potential, based on the Chebyshev Interaction
Model for Efficient Simulation, for the lead-free double perovskite Cs2NaYbCl6, with special
emphasis on native defect behavior. Starting from Density Functional Theory (DFT) reference data,
we construct and benchmark several ChIMES parametrizations, varying body-order expansions and
cutoffs, against DFT for equilibrium lattice constants, Birch-Murnaghan bulk moduli, and lattice
thermal conductivity. The optimal parametrization reproduces with high accuracy the lattice
constant, bulk modulus, thermal conductivity, and chlorine-vacancy formation energy while
limiting computational workload, with an efficient scaling up to 103/104 atoms. We finally
benchmark the potential by comparing radial distribution functions from molecular dynamics at
300 K. Long NVE runs on pristine and Cl-vacant supercells (up to 500 ps) confirm excellent energy
conservation.

1. Introduction

The perovskite structure (ABX3) has emerged as a cornerstone in materials science due to its remarkable
compositional flexibility and broad range of physical properties. These materials have shown promise in
various applications, notably photovoltaics, achieving remarkable power conversion efficiencies comparable to
traditional silicon technologies within a short period [1, 2]. Beyond photovoltaics, their utility extends to LEDs,
photodetectors, catalysts, and thermoelectric devices [3, 4]. However, the widespread commercialization of
lead-based perovskites faces significant challenges, primarily due to lead toxicity and limited long-term stability
[2, 5]. For this reason, the interest of the community has shifted towards double perovskites (A2B B″X6), where
two distinct metal cations occupy the B-sites, offering enhanced stability, tunability, and novel properties such
as magnetism and ferroelectricity [6–8]. Lead-free double perovskites thus represent a sustainable and versatile
alternative, explored extensively for a large variety of applications [5, 8–12].

Defects largely affect the optoelectronic properties and, therefore, overall performance of perovskites, parti-
cularly in photovoltaic applications. In fact, defects can introduce localized states within the band gap, leading to
carrier trapping, reduced mobility, and non-radiative recombination, hence deteriorating device performance
[13, 14]. While lead-halide perovskites exhibit notable defect tolerance, maintaining good optoelectronic proper-
ties despite defect densities [15, 16], lead-free double perovskites present distinct defect landscapes. These materi-
als exhibit defects, such as anti-site disorders and vacancies, which significantly affect carrier dynamics and
electronic properties [17, 18]. For instance, bismuth-based double perovskites (e.g., Cs2AgBiBr6) typically feature
high defect densities, limiting their optoelectronic performance without meticulous defect engineering [18, 19].
Thus, effective defect management strategies, including doping, stoichiometric adjustments, and surface or grain
boundary passivation, become essential for optimizing their performance [10, 20, 21].

In this context, atomistic simulations are valuable tools, from elucidating the microscopic properties of
perovskites and their defects, to addressing limitations inherent to experimental techniques, simulations enable
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precise calculations of defect formation energies, electronic band structures, optical spectra, and vibrational
properties, thus predicting defect types and their electronic impacts [20, 22, 23]. Additionally, simulations
allow high-throughput screening of perovskite compositions, predicting stability and defect tolerance before
experimental validation [17, 18]. They can be particularly useful in characterizing doping effects, passivation
mechanisms, and the complex interactions of defects with grain boundaries or surfaces [24, 25]. While first-
principles methods, such as Density Functional Theory (DFT), offer accurate quantum mechanical insights
into perovskites, their high computational cost limits applicability to relatively small systems and short time-
scales [20, 26]. Accordingly, to explore phenomena occurring over larger scales, such as ion migration, phase
transitions, thermal transport, and mechanical properties, classical Molecular Dynamics (MD) simulations
with interatomic potentials become essential [24, 27]. MD simulations can model ionic diffusion pathways,
predict phase transition dynamics, calculate thermal properties, and assess mechanical responses under realis-
tic conditions [27–31]. However, traditional MD faces a significant challenge in perovskites: the lack of accurate
and transferable potentials capable of capturing complex bonding interactions, electronic polarization, and
soft phonon dynamics typical of these materials [28, 32]. In the last decade, machine learning interatomic
potentials (MLIPs) have progressively become a standard for MD simulations, offering near-DFT accuracy
with substantially lower computational demands [33, 34]. MLIPs based on neural networks or Gaussian regres-
sion techniques have successfully modeled diverse materials, predicting structural stability and dynamic prop-
erties with high fidelity [35, 36]. Nevertheless, their construction often requires extensive datasets and
computational resources, limiting their broader adoption. Alternatively, linear models like the Chebyshev
Interaction Model for Efficient Simulation (ChIMES) offer computational efficiency with comparatively mod-
est training data requirements [37, 38]. ChIMES has successfully modeled various complex materials, demon-
strating accurate force and energy predictions for both reactive and non-reactive systems [39–42].

In this work, we apply the ChIMES framework to model interatomic interactions in the Cs2NaYbCl6 double
perovskite, with a focus on native defects. The development of double perovskites like Cs2NaYbCl6 is driven by
the need for a high-performance material that addresses the two critical drawbacks of conventional lead-halide
perovskites. In fact, this system is designed to solve the lead toxicity and the stability issues simultaneously: the
heterovalent substitution strategy where the two toxic divalent lead ions in the crystal lattice are replaced by a
pair of non-toxic ions: one monovalent (Na+) and one trivalent (Yb3+). This approach allows the material to
retain the beneficial three-dimensional perovskite crystal structure while eliminating lead and creating a more
robust, all-inorganic framework [43, 44]. We benchmark the ChIMES potential against DFT calculations for
structural properties, thermal conductivity, and defect formation energies. The paper is structured as follows:
the Methods section details our DFT calculations and potential training. Results and Discussion compare
structural predictions and thermal properties, selecting optimal parametrizations validated by defect forma-
tion energies. Finally, we present the MD simulation results and conclude by summarizing the key findings and
outlining future directions.

2.Methods

To build our training set, we performed DFT-MD calculations with periodic boundary conditions using the
QUANTUM ESPRESSO package [45]. We adopted the Perdew–Burke–Ernzerhof (PBE) functional [46], employ-
ing ultrasoft pseudopotentials [47] and a plane-wave basis. A kinetic-energy cutoff of 66 Ry and a charge-
density cutoff of 323 Ry were adopted throughout, together with self-consistency thresholds of 10−10 Ry for the
total energy and 10−9 Ry Å−1 for the Hellmann-Feynman forces. A Gaussian smearing of 10−4 Ry was applied.
Initial structural optimizations of the primitive ten-atom cell of Cs2NaYbCl6 were performed on a Γ-centered
8× 8× 8 k-point grid to extract the equilibrium lattice constant. Molecular dynamics calculations were carried
out on a 2× 2× 2 replica of a cubic conventional supercell, considering only the Γ point in the Brillouin zone.
For the calculation of lattice thermal conductivity via the Boltzmann Transport equation (BTE), all phonon
properties were obtained from the interatomic force constants (IFCs) computed by the finite-displacement
method as implemented in the ALAMODE suite [48]. The aforementioned 2× 2× 2 supercell was considered,
and anharmonic IFCs were generated by displacing atoms within a cutoff radius of 5.29 Å for third-order. In
contrast, harmonic IFCs included all pairwise interactions within the same cell. Force calculations were
performed on each displaced atomic configuration, using the lattice parameter obtained from full structural
relaxation and maintaining the same plane-wave and charge-density cutoffs. Phonon linewidths were then
sampled on a 5× 5× 5q-point mesh, which resulted in a well-converged thermal conductivity tensor, καβ

[49]. The isotropic bulk thermal conductivity was finally obtained as the trace of the tensor:
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To obtain the potential for the Cs2NaYbCl6 perovskite, we adopted the ChIMES framework. We will pro-
vide only relevant information of the core formalism here, since it has been extensively explained previously
[37, 38, 50, 51]. Starting from a many-body expansion of the total energy, the DFT reference energy may be
formally expressed as
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, etc describe successively higher-order
interatomic interactions. In the ChIMES formalism each n-body contribution is expanded as a linear
combination of Chebyshev polynomials of the first kind,Tm(x), with the argument =x cos mapped to the
interval [−1,1] via a Morse-like transformation S(rij) [52–54]. For the two-body component one obtains
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whereCn are the permutationally invariant coefficients for the pair (i, j), fc(rij) is a Tersoff-type cutoff [55] that
smoothly vanishes beyond a prescribed distance, and fp(rij) imposes a soft penalty to prevent sampling outside
the training range. The Morse mapping xij = S(rij) adopts λ as the distance of the first-peak maximum in
the pair correlation function. Higher-order terms are constructed by forming clusters of n atoms and taking the
product of the corresponding two-body Chebyshev polynomials over the ( )n

2
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withCrst the permutationally invariant triplet coefficients. Penalty functions remain restricted to two-body
distances, ensuring computational tractability. Extensions to four-body or higher interactions follow
analogously [56].

All ChIMES parameters are determined by minimizing the objective function
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whereM is the total number of configurations in the training set,Nd= 3MN+ 3M+M the total count
of force components, stress tensor components, and energies, and =F F FChIMES DFTi i i

, =

ChIMES DFT , and =E E Ei ChIMES DFT The symbol w corresponds to a diagonal matrix of weights to
be applied to the elements of Brep and rows of A which accounts for the different orders of magnitude of forces,
stresses and energies. In the present work, only atomic forces and stress components were included in the fit,
hence the energy term ΔEwas omitted, and we applied a unit weight to the forces, while a weight of =w
10 GPa−1 was considered for the stress tensor component. The linearity of the ChIMES potential on its fitting
coefficients allows the implementation of robust global optimization techniques that are otherwise inaccessible
to non-linear machine-learning models. For this work, we employed Least-Angle Regression (LARS) with Least
Absolute Selection and Shrinkage Operator (LASSO) regularization [57–59], using a regularization parameter
α = 10−3. All force field validations and production runs were performed using LAMMPS [60], employing a
timestep of 1 fs. All our simulations were performed with periodic boundary conditions in all directions.

3. Results and discussion

To build our training set, we started considering a 3-ps-long MD run of the aforementioned Cs2NaYbCl6
conventional cell at 300 K. To ensure statistically uncorrelated data, we extract one configuration every 100 fs,
totaling 30 configurations. The same approach was adopted, extracting configurations from an equilibrium
MD run on a strained and on a compressed simulation cell (by changing the cell length and atomic distances by
∼2% along each direction), extracting a further 10 configurations in total. Previous implementation of ChIMES
on semi-empirical quantum simulations proved that the inclusion of randomly displaced atomic configura-
tions dramatically improves the stabilization of the regularization problem [61]. For this reason, we included
300 randomly displaced configurations of an optimized Cs2NaYbCl6 conventional cell and 200 randomly
displaced configurations, respectively, of the strained and compressed simulation cell mentioned above. In
total, the training set consists of 740 different atomic configurations of the Cs2NaYbCl6 perovskites.
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Given the relatively large interatomic distances involved in the Cs2NaYbCl6 crystalline structure, we sam-
pled interatomic distances between 2.0 Å and an outer cutoff of rc= 5.5, 6.0, 6.5, and 7.0 Å. Considering the
equilibrium structure of the Cs2NaYbCl6 perovskite shown in figure 1, the chosen values are enough to include
all main interactions, especially the nearest neighbors, and for some of the atomic species, these involve next
nearest neighbors as well. However, Na-Na and Yb-Yb interactions fall outside the investigated range and
hence will be excluded from our sampling. This should marginally impact the description of the forces inside
the crystalline structure as these interactions occur beyond the third coordination shell of most of the
Cs2NaYbCl6 atomic species. We also tested the ChIMES force field with different polynomial orders for the
two-body (N2B), three-body (N3B), and four-body (N4B) terms. In what follows we will refer to the bodiedness/
polynomial order of the parametrization with the tripletN2B−N3B−N4B. ChIMES yields forces and stresses
that closely match the DFT benchmarks across the dataset (see some examples in figure 2).

Columns 3 and 4 of table 1 compare the computed lattice constants for several variants of our ChIMES
force field against the lattice constant obtained by optimizing the simulation cell in ab initio calculations [49].
We remark that no other interatomic potentials are available in the literature for this perovskite, thus limiting
our comparison to just the first-principle results. The last column in the table reports the percentage deviation
from the ab initio lattice parameter. In general, the agreement is excellent, with an overall deviation from the
DFT lattice constant of ∼0.90%. We remark that increasing the number of polynomials improves the agree-
ment only slightly, confirming the reliability of the training data in reproducing the equilibrium structure. In
fact, overly high polynomial orders are prone to overfitting and may result in poorer predictive performance.
Furthermore, expanding the sampled interatomic distance range does not translate in a better agreement with
the ab initio value. Although all the investigated parametrizations yield comparable precision, the minimum is
achieved for rc = 6.0 Å. Interestingly, the addition of the four-body interactions does not improve appreciably,
which helps in limiting the number of fitting parameters of the ChIMES model and, consequently, the number
of computed interactions. For this reason, we decided to test the four body interactions only for the lowest
order polynomials parametrization (N2B = 8,N3B= 4,N4B = 2) to limit the computational complexity for the
force-field testing phase. To test the stability of Cs2NaYbCl6 equilibrium structure, we calculated the cold curve
by progressively shrinking and expanding the lattice constants in each direction from 90% to 110% of the
reference equilibrium value. From the cold curve, we extracted the bulk modulusB0 of Cs2NaYbCl6 perovskite
by fitting the energy versus volume data with a Birch-Murnaghan equation of state [62, 63]

( ) [( ) ( ) ( )] ( )= +E a E a B B
9

16
1 2 1 3 2 60

3 3
0

2 3
0

2 2 2

whereE0 is the SCF energy evaluated at equilibrium lattice constant, ( )/= =B B p p0 0, and ξ = a0/a. The
results obtained by fitting our data with equation (6) are reported in table 1 (cols. 5 − 8): while the equilibrium
lattice constants extracted from BM equation fit show an excellent agreement with the first principle data and

Figure 1. (a): Primitive unit cell for Cs2NaYbCl6 obtained from full structural optimization. (b) 40 40-atom conventional cubic cell
obtained by remapping the 10-atom primitive cell. The conventional cubic cell was used for harmonic and anharmonic vibrational-
related properties and for testing the potential during MD simulations.
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with similar relative deviations from the optimized lattice constant, the bulk modulus is a handy quantity as it is
more sensitive to small structural variation. In fact the percentage deviation show a greater range of variation.
This is very helpful as it helps performing a first down-selection and allows to draw some preliminary
conclusions. Although the obtained bulk moduli are compatible with this class of perovskites [64, 65], the
general trend suggests that the parametrizations with 10 − 6 − 0 and 12 − 8 − 0 yield the best agreement with
the ab initio calculations. The prediction of the correct stiffness of the material is essential when investigating
the defect tolerance in perovskite [66]. The data and the fit obtained for the set rc= 6.0 Å, 12-8-0 are shown in
figure 3(a).

Understanding thermal conductivity κ and thermal expansion is crucial for device engineering [31].
Perovskites, especially those with hybrid structures and soft lattices (i.e., easily deformed or distorted due to
relatively weak bonding and interactions between ions), often exhibit intrinsically low thermal conductivity,
which is particularly influenced by the presence of defects. A low thermal conductivity, while potentially bene-
ficial for thermoelectric applications, can lead to localized heating in photovoltaic and light-emitting devices
under operation, potentially accelerating degradation pathways or adversely affecting temperature-sensitive
charge carrier dynamics and overall device performance. For this reason, a correct prediction of the lattice
thermal conductivity is essential for an interatomic potential designed to investigate defects in perovskites. We
performed a final down-selection of our force-field candidates by calculating the thermal conductivity by
means of the BTE in the frozen phonon approximation, within the Relaxation Time Approximation. The
results are reported in table 2. The reported values are low, in line with observed values for this class of systems.
However, many candidates deviate significantly from the DFT-calculated value. To filter out these para-
metrizations, we decided to consider only the thermal conductivity with an absolute percentage deviation from
the reference number of less than 10%. The final sets are 12 − 8 − 0 and 16 − 12 − 0 with rc = 6.0 Å and
10 − 6 − 0 and 16 − 12 − 0 with rc = 6.5 Å, proving that the exclusion of the Na-Na and Yb-Yb interactions
doesn’t affect the accuracy of the potential. However, the 16 − 12 − 0 with rc= 6.0 Å shows a ∼20% deviation of
the calculated bulk modulus, so we disregarded it and decided to focus our efforts on the remaining three.

In figure 2, we report the force and stress tensor correlation plots for the four chosen parametrization:
overall, all three candidates exhibit excellent linear correlation between the CHIMES predictions and the

Table 1.ChIMES calculated lattice constants from geometry optimization, from fitting the equation of state
with equation (6) and bulk modulus obtained from the same equation, for different polynomial orders and rc
values.

rc (Å) N2B−N3B−N4B

Eq. lattice

constant (Å)
EOS lattice

constant (Å)
EOS Bulk

modulus (GPa)

5.5 8-4-0 7.6296 1.03% 7.6416 0.98% 19.06 −17.10%

8-4-2 7.6302 1.02% 7.6425 0.97% 18.78 −15.33%

10-6-0 7.6327 0.99% 7.7119 0.07% 17.06 −4.80%

12-8-0 7.6340 0.97% 7.7338 −0.22% 16.87 −3.61%

14-10-0 7.6341 0.97% 7.7947 −1.01% 19.67 −20.85%

16-12-0 7.6341 0.97% 7.7382 −0.27% 15.81 2.88%

6 8-4-0 7.6367 0.94% 7.6381 1.02% 17.81 −9.41%

8-4-2 7.6372 0.93% 7.6380 1.02% 17.65 −8.39%

10-6-0 7.6391 0.91% 7.6317 1.11% 19.03 −16.90%

12-8-0 7.6399 0.90% 7.6625 0.71% 15.67 3.78%

14-10-0 7.6391 0.91% 7.7815 −0.84% 19.02 −16.81%

16-12-0 7.6388 0.91% 7.7883 −0.92% 19.09 −17.28%

6.5 8-4-0 7.6356 0.95% 7.6412 0.98% 19.09 −17.27%

8-4-2 7.6362 0.94% 7.6442 0.94% 18.14 −11.41%

10-6-0 7.6382 0.92% 7.6384 1.02% 17.90 −9.95%

12-8-0 7.6405 0.89% 7.6384 1.02% 16.14 0.86%

14-10-0 7.6384 0.92% 7.6798 0.48% 14.96 8.13%

16-12-0 7.6388 0.91% 7.6526 0.84% 15.95 2.05%

7 8-4-0 7.6329 0.99% 7.6383 1.02% 19.50 −19.75%

8-4-2 7.6344 0.97% 7.6396 1.00% 19.17 −17.74%

10-6-0 7.6367 0.94% 7.6367 1.04% 18.02 −10.68%

12-8-0 7.6361 0.95% 7.6412 0.98% 18.40 −13.02%

14-10-0 7.6366 0.94% 7.6365 1.04% 17.43 −7.04%

16-12-0 7.6362 0.94% 7.6408 0.99% 17.01 −4.49%

DFT 7.709 7.717 16.28
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reference DFT forces and stresses, but there is a clear-and expected-trend of steadily decreasing RMSEs as we
both enlarge the cutoff and raise the polynomial orders. The smallest-cutoff model (rc = 6.0 Å, 12-8-0) already
delivers respectable performance for Cs (0.015 eV Å−1) and Na (0.012 eV Å−1), but struggles most of all with
the heavy Yb ion (0.026 eV Å−1). By extending the cutoff to 6.5 Å and using a modest polynomial set (10-6-0),
the Yb RMSE shrinks nearly in half to 0.017 eV Å−1, and all other species improve by 15–30%; the stress RMSE
likewise drops from 0.007 GPa to 0.004 GPa. Finally, pushing to the largest expansion (rc= 6.5 Å, 16-12-0)
yields incremental gains (Cs/Na/Cl force errors dip below 0.01 eV Å−1, Yb to 0.016 eV Å−1, and stress to
0.003 GPa) but at the cost of almost doubling the number of fitting coefficients relative to the 10-6-0 model

Figure 2. Forces and stress components correlation plots, as well as the relative root mean square error (RMSE), obtained for the
three shortlisted parametrizations 12 − 8 − 0 with rc = 6.0 Å and 10 − 6 − 0 and 16 − 12 − 0 with rc = 6.5 Å.

Table 2.ChIMES calculated thermal
conductivity from BTE for different
polynomial orders and rc values.

κ (W mK−1)

DFT 0.25

5.5 8-4-0 0.487 −94.7%

8-4-2 0.489 −95.7%

10-6-0 0.582 −132.8%

12-8-0 0.473 −89.3%

14-10-0 0.436 −74.5%

16-12-0 0.290 −16.1%

6 8-4-0 0.134 46.2%

8-4-2 0.133 46.8%

10-6-0 0.125 50.0%

12-8-0 0.262 −4.7%

14-10-0 0.285 −14.0%

16-12-0 0.230 8.0%

6.5 8-4-0 0.106 57.5%

8-4-2 0.116 53.7%

10-6-0 0.239 4.4%

12-8-0 0.180 28.0%

14-10-0 0.204 18.5%

16-12-0 0.225 9.9%

7 8-4-0 0.160 35.9%

8-4-2 0.166 33.6%

10-6-0 0.224 10.2%

12-8-0 0.280 −11.8%

14-10-0 0.314 −25.5%

16-12-0 0.297 −18.7%
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(and worsening the simulations performances by almost a factor of 5). However, we stress that the Yb-Yb inter-
actions were not explicitly taken into account due to the large distances involved; hence, this level of accuracy is
quite encouraging. Also, although the stress tensor components show a very low error ( ( )O 10 2 kb), the main
scope of this interatomic potential is not extremely demanding stress-driven simulations (where every MPa of
accuracy matters).

Our final selection was based on the calculation of the chlorine vacancy formation energy. The chlorine
atoms within the Cs2NaYbCl6 lattice cover equivalent positions, so we evaluated the formation energy follow-
ing the removal of a random Cl ion. Since the removal of a single atom from the unit cell would result in an
unrealistic concentration of defects, we assessed the convergence of the formation energy by removing a
Cl from supercells of increasing size, i.e. as a function of decreasing concentration ranging from
2.24× 10−21 cm−3 to 1.79× 10−19 cm−3. The formation energyEvac was evaluated according to

µ=E E E Clvac def bulk

whereEdef is the total energy of the defected system after a geometry optimization,Ebulk is the total energy of the
pristine cell and μCl is the chemical potential of the removed atomic species. The results of this calculation are
reported in table 3.

All the ChIMES sets considered here show a converged formation energy within <1% already from a 320-atom
supercell, consisting of a 2×2×2 replica of the 40-atom supercell previously defined. Although all the parametriza-
tions have a reasonable order of magnitude for theEvac, the rc= 6.0 Å, 12-8-0 set yields the best result with a deviation
of ∼15%, making it the final parametrization that we adopted for the following calculations. We note that the refer-
ence DFT value was obtained by replicating the Cs2NaYbCl6 primitive cell 3×3×3 times, resulting in a total of
270 atoms. Therefore, one would expect a reduced error with larger supercells in the DFT calculations.

To assess the convergence of vacancy formation energies with respect to supercell size, we calculated the raw
energy difference (ΔE=Edef −Ebulk) for single vacancies of Cs, Na, Yb, and Cl in the Cs2NaYbCl6 lattice. The
results are shown in figure 3(b), representing the change in ΔE as a function of ρvac: similarly to the case of the Cl
vacancy, all the type of vacancies results in a converged (ΔE< 10−2 eV) energy difference for ρvac < 5×1019 cm−3.
This translates to supercells containing more than 2000 atoms: this careful assessment of convergence is crucial
because spurious interactions in smaller supercells can significantly affect calculated defect energies, which are
fundamental parameters for predicting defect populations and their impact on material properties [67].

We decided to further test the performance of our final parametrization by performing MD simulations at
different temperatures and testing the radial distribution function g(r) at 300 K for the different atomic species
and the energy conservation during the NVE ensemble. The radial distribution functions are shown in figure 4:
the data reported show an overall good agreement, especially when considering the nearest neighbors interac-
tions for most atomic pairs. This is crucial, as it indicates that the fundamental bond lengths and nearest-
neighbor distances are, for the most part, correctly reproduced. Some discrepancies are observed in the peak
amplitudes and second-shell structure: ChIMES tends to over-structure Cs-Cs, Cl-Cl, Na-Yb, and Yb-Cl pairs
(heights 10%–30% too large) and sometimes under-structure Na-Cl, while also producing sharper shoulders
around 5–6 Å. These mid-range deviations are consistent with the 6 Å outer cutoff, as it can amplify correla-
tions just inside the truncation radius, especially in highly polarizable Cl-rich environments. In fact, ChIMES
framework aims at reproducing a global energy minimum rather than focusing on every structural detail. The
first-shell accuracy (both in distance and coordination number) is crucial for vacancy formation and migration
barriers, since these processes break and reform the nearest-neighbor bonds. Anyway, we remark that the DFT
radial distribution functions were obtained with a minimal amount of data since we only had a 3-ps-long tra-
jectory of a 40-atom supercell. Some of the results from the ab initio dynamics are likely an artefact of small-N
statistics: even abundant pairs like Cl-Cl contribute with a limited number of counts that might not be

Table 3. Formation energyEvac evaluated the three shortlisted parametrizations 12 − 8 − 0
with rc= 6.0 Å and 10 − 6 − 0 and 16 − 12 − 0 with rc= 6.5 Å.

Evac (eV)

Natoms

rc= 6.0 Å,

12-8-0

rc= 6.5 Å,

10-6-0

rc= 6.5 Å,

16-12-0 ρvac (cm−3)

40 0.7212 0.5639 0.2340 2.24× 1021

320 0.7028 0.5321 0.2248 2.80× 1020

1080 0.7011 0.5284 0.2243 8.31× 1019

2560 0.7009 0.5276 0.2242 3.50× 1019

5000 0.7008 0.5274 0.2242 1.79× 1019

270 (DFT) ∼0.835 2.80× 1020
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sufficient to eliminate numerical noise. Furthermore, ionic motions in a heavy halide perovskite have correla-
tion times of 0.1–0.5 ps [68], limiting the number of statistically independent frames in our reference trajectory.
Finally, the behavior of the DFT trajectory at larger distances can be influenced by the reduced simulation cell
size, introducing spurious effects due to interactions of ions with their periodic images. Hence, a better agree-
ment with increased statistics is expected. We stress that extending the cutoff would likely smooth out these
differences, but at the cost of a non-linear rise in three-body term evaluations and neighbor-list sizes, a heavy
burden for O( )103 -atom production cells. In addition, the DFT trajectory used for benchmarking employs a
cubic cell of a= 10.5978 Å. By the minimum-image convention, RDFs are only meaningful up to L/2 ≈ 5.30 Å.
The Yb-Yb and Na-Na nearest-neighbour distances in the Fm3m double-perovskite are at ∼7.50 Å which lies
beyond L/2. Therefore, a 40-atom DFT supercell cannot resolve the first Yb–Yb /Na–Na peak in g(r) without
finite-size artefacts, and plotting it at r� 5.3 Å would be misleading. Further improvements could involve
increased data sampling or incorporating configurations specific to expected defect environments, or even
exploring adaptive learning strategies to enrich the training set where the model shows weaknesses [69, 70]. In
the Supplementary Information (SI), we present force-correlation plots for 270- and 320-atom supercells con-
taining a chlorine vacancy. Although no defected structures were present in our training set, the agreement is
very good, with RMSE values well below those reported for our dataset in figure 2.

To evaluate the stability and accuracy of the ChIMES force field in MD simulations, we performed several
NVE runs, monitoring the conservation of total energy. The deviation of the total energy per atom from its
initial value, ΔE(t) = (E(t) −E(0))/Natoms, was tracked over time. For a large 5000-atom pristine supercell
(figure 5(a)) and the same supercell containing a single Cl vacancy (figure 5(b)), the simulations were per-
formed at 300 K. Over the 500 ps trajectory, the total energy per atom for the pristine system is reported to be

Figure 3. (a) Cold curve fitting using the Birch-Murnaghan equation of state, resulting inB0 = 15.67 GPa, for the selected
parametrization 12 − 8 − 0 with rc = 6.0 Å. (b) Raw energy difference ΔE for the formation single vacancies of Cs, Na, Yb, and Cl in
the Cs2NaYbCl6 lattice.

Figure 4.Radial distribution functions obtained for the selected parametrization 12 − 8 − 0 with rc = 6.0 Å for the different chemical
species in the Cs2NaYbCl6.
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well-conserved, with fluctuations within 10−2 meV atom-1. This level of conservation indicates good stability
for the pristine bulk material at this temperature. In the simulation of the defected supercell (figure 5(b)), simi-
lar overall energy conservation is observed, but we note the presence of ‘small kicks’. These events are attributed
to atoms approaching each other more closely than the inner cutoff used for sampling distances in the training
set. Such close approaches can trigger a penalty function (see equation (3)), potentially leading to interactions
governed by forces not well represented in the original ChIMES training data, or even to slight discontinuities
in the potential energy surface (PES). While penalty functions are a common strategy to prevent unphysically
close contacts [71], frequent encounters suggest that the repulsive part of the potential for certain configura-
tions might be too soft or that these specific short-range interactions were undersampled during training. If the
kicks are rare and do not lead to a systematic energy drift (as in this case), they may be tolerable within a certain
range of thermodynamic conditions. As a consistency check of these energy kicks, we provide in the SI a
detailed analysis of the local geometry around the chlorine vacancy at the simulation times of each event. Fur-
ther refinement of the penalty function parameters might be beneficial for higher-temperature simulations or
very long trajectories. Adjusting the penalty function skin or the penalty energy could indeed enhance stability,
though care must be taken to ensure it does not unduly perturb the physical interactions.

As a final benchmark for our force-field, we decided to perform a detailed analysis on thermal transport
properties of the defected Cs2NaYbCl6 perovskite (Cl-vacancy), considering a defect density of ρvac = 2.80× 1020

Figure 5.Total energies deviation for a Cs2NaYbCl6 simulation cell, obtained during various NVE runs with the final parametrization
12 − 8 − 0 with rc= 6.0 Å. (a,b) Total energy deviations for a 5000-atom pristine and defected (single Cl vacancy) supercell,
respectively.
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cm−3 which would be prohibitive for an ab initio approach. Due to the introduction of a point-defect in the
perovskite lattice and the lack of translational invariance, we decided to adopt the Quasi-Harmonic Green Kubo
(QHGK) approach [72] as implemented in the κALDo package [73]. Figure 6(a) shows the scattering phase space
(a measurements of all possible final states -momentum and energy- that a lattice heat carrier can reach after a
scattering event, while adhering to the conservation of energy and momentum) [74, 75]: the defected system has
systematically larger scattering phase spaces compared to the pristine, especially prominent in the low-medium
frequency range. Increased disorder in the perovskite lattice correlates with more available scattering channels,
resulting in dramatically reduced lifetimes (figure 6(b)). The enhancement of scattering events and shorter life-
times leads to reduced thermal conductivity, as shown in the panels of figure 6(c): in particular, pristine
Cs2NaYbCl6 shows higher conductivity peaks compared to the defective system, with notable differences between
1–4 THz. This indicates that introducing Cl vacancies significantly reduces the phonon contributions to thermal
conductivity. Although the contribution to κ is drastically affected in the low-medium frequency range, the high-
frequency region seems to show a slight enhancement of the modal contribution, possibly due to the large num-
ber of localized modes introduced by the Cl vacancy. However, these modes contribute very little to the overall
thermal conductivity as also shown by the cumulative κ as a function of frequency (figure 6(d)): we observe a
substantial reduction in overall thermal conductivity for the vacancy-containing structure relative to pristine
(κvac = 0.085 W mK−1 versus κpristine = 0.262 W mK−1), as a consequence of the strong scattering introduced by
the vacancy. Using the QHGK formalism, it is possible to calculate the mode diffusivity, which quantifies the rate
of heat transfer in units of area per time for each mode. Following an approach similar to the one adopted by
Lundgren et al [76], we computed the correlation between mode diffusivity and mode delocalization (participa-
tion ratio, PR) categorizing vibrational modes by their frequency, as shown in figure 7: while for pristine
Cs2NaYbCl6, we find a relatively broad distribution of diffusivities, suggesting a coexistence of more conductive
(delocalized) and poorly conductive (localized) modes (typical of low conductivity low-symmetry crystals), the
values in the defected systems drastically decrease for almost all modes, with maximum values much lower than in
the pristine system. Overall, heat carriers become clustered near lower diffusivities, indicating reduced transport
efficiency across the entire phonon spectrum. The observed direct correlation between PR andDmode in the pris-
tine system is severely weakened. Even modes that remain relatively delocalized (higher PR) suffer reduced diffu-
sivity, confirming that defect-induced scattering processes significantly reduce phonon lifetimes and velocities. As
expected, the introduction of a Cl vacancy disrupts phonon propagation, reducing diffusivity across modes. The

Figure 6. (a) Scattering phase space, (b) vibrational mode lifetimes, (c) spectral thermal conductivity (percentage contributions), and
(d) Cumulative thermal conductivity. Black symbols/lines represent the pristine system, while blue symbols/lines correspond to the
defected system.

10

Nano Express 6 (2025) 045004 R Dettori et al



vacancy creates localized scattering centers, shortening phonon lifetimes and restricting their propagation even if
modes remain spatially delocalized.

Finally, figure 8 shows a comparison between the vibrational density of states (vDOS) of the pristine and the
defected system. Each panel shows the total vDOS as filled curves, along with the element-projected DOS
reported as solid lines. The introduction of a Cl vacancy does not affect Cs-involving vibrational modes
(figure 8(a)), and although some changes emerge in peak intensities and slight shifts of the Na- and Yb-pro-
jected vDOS, they show an overall very moderate change, indicating indirect effects due to Cl vacancy introduc-
tion (figures 8(b), (c)). The most notable difference occurs in the Cl-projected vDOS, as expected, due to the

Figure 7.Correlation between mode diffusivityDmode [76] and participation ratio. Panel (a) represents the pristine structure, while
panel (b) shows the effect of a chlorine vacancy. Vibrational modes were classified as low (0 � ν < 2 THz), mid (2 � ν < 6 THz) and
high frequency (ν � 6 THz).

Figure 8.Vibrational density of states (vDOS) analysis for Cs2NaYbCl6 comparing pristine (black) and Cl vacancy-containing
structures (blue). Each panel presents the total DOS (filled curves) alongside the projected DOS (solid lines) onto specific atomic
species: (a) Cs, (b) Na, (c) Yb, and (d) Cl.
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nature of the vacancy. As displayed in panel d of figure 8, chlorine atoms influence the whole vibrational spec-
trum of Cs2NaYbCl6, reflecting the great reduction in κ upon their removal from the perovskite lattice. Peaks in
the low-mid frequency range become broader and less intense in the defected case, indicating vacancy-induced
disorder strongly affecting the vibrational states of Cl atoms as a reflection of localization effects and the
appearance of scattering centers in the proximity of the vacancy site.

This choice of the ChIMES hyperparameters can deliver 2.5 ns/day on a system of 1080 atoms on 96 Intel
Xeon Gold 2.30 GHz CPUs, while the performances for a 5000-atom supercell are 0.4 ns/day on the same CPU
configuration.

4. Conclusions

We have presented the development and validation of a machine-learned interatomic potential for the lead-
free double perovskite Cs2NaYbCl6 within the ChIMES framework. By systematically exploring body-order
expansions and cutoff distances, we identified a parametrization that simultaneously reproduces DFT
benchmarks for lattice constants, bulk moduli, and thermal conductivities to within a few percent, while
offering orders-of-magnitude speed-ups for large-scale molecular dynamics. Our chlorine-vacancy formation
energies converge to DFT accuracy in modestly sized supercells, and long NVE trajectories demonstrate
excellent energy conservation, confirming the potential robustness for defected and pristine sampling. By
delivering a high-speed interatomic potential for Cs2NaYbCl6, our work not only opens the door to multi-
nanosecond, million-atom simulations of defect formation and migration but also lays the groundwork for
targeted materials engineering. In future studies, accurate defect energetics can directly inform dopant
selection-by predicting how aliovalent cations stabilize vacancy networks-and guide grain-boundary
passivation strategies to mitigate nonradiative recombination in perovskite thin films. Ultimately, this synergy
between large-scale atomistic modeling and device-level design will accelerate the optimization of lead-free
perovskite optoelectronics.

We plan to further enhance this potential transferability and predictive power by augmenting the training
set with configurations sampled across a broader temperature range and from defect-rich structures. At the
same time, we will implement an active-learning workflow to dynamically identify and incorporate poorly
sampled configurations-those that currently lie at the fringes of our model applicability. By iteratively retrain-
ing on these challenging snapshots, we expect to close any residual gaps in accuracy and to empower truly
predictive, multi-nanosecond simulations of defect formation, migration, and their influence on optoelec-
tronic and thermal properties in lead-free perovskites.
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