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Accurate machine learning interatomic
potentials for polyacene molecular
crystals: application to single molecule
host-guest systems
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Emerging machine learning interatomic potentials (MLIPs) offer a promising solution for large-scale
accurate material simulations, but stringent tests related to the description of vibrational dynamics in
molecular crystals remain scarce. Here, we develop a general MLIP by leveraging the graph neural
network-based MACE architecture and active-learning strategies to accurately capture vibrational
dynamics across a range of polyacene-based molecular crystals, namely naphthalene, anthracene,
tetracene and pentacene. Through careful error propagation, we show that these potentials are
accurate and enable the study of anharmonic vibrational features, vibrational lifetimes, and vibrational
coupling. In particular, we investigate large-scale host-guest systems based on these molecular
crystals, showing the capacity of molecular-dynamics-based techniques to explain and quantify
vibrational coupling between host and guest nuclear motion. Our results establish a framework for
understanding vibrational signatures in large-scale complexmolecular systems and thus represent an
important step for engineering vibrational interactions in molecular environments.

Organicmolecular crystals, characterized by their long-range order and rich
intermolecular interactions, are crucial in diverse applications, ranging from
pharmaceuticals to electronics, and hold significant potential for emerging
technologies, such as photovoltaics1 and quantum information systems2.
While these applications primarily rely on the underlying electronic prop-
erties of these systems, molecular vibrations, encompassing both inter- and
intramolecular modes, are equally important due to their role in deter-
mining the crystal structure and due to the pronounced electron-phonon
coupling which is often observed3–7.

Specifically, molecular vibrations and their anharmonic couplings play
a pivotal role in determining the thermodynamic stability of crystal
polymorphs8–12, in enhancing or hindering charge transport by modulating
carrier mobility through dynamic intermolecular coupling7,13,14, in facil-
itating rapid singlet fission to improve solar cell efficiency1,15,16, and even in
offering a potential usage as quantum memory elements17. For example,
polycyclic aromatic hydrocarbons embedded in large-bandgap host mate-
rials are being explored as single-photon sources, nonlinear quantum
optical elements, and nanoscale sensors2, as they exhibit narrow optical
transitions at cryogenic temperatures, allowing highly coherent light-matter

interactions18. However, previous studies have predominantly focused on
the electronic transitions, leaving the rich internal structures arising from
vibrational degrees of freedom largely unexplored19. Despite their undeni-
able importance, accuratelymodeling vibrational dynamics that are affected
by anharmonic mode-coupling and long-range van der Waals (vdW)
interactions is hampered by the computational complexity of such simu-
lations, which makes them prohibitively expensive with traditional first-
principles methods such as density-functional theory (DFT).

Machine learning interatomic potentials (MLIPs) hold great promise
in addressing the challenges associated with large-scale and long-time
simulations of complex material systems, offering high computational
efficiency without compromising accuracy20–27. Recent developments in
active-learning strategies and in strategies for sampling diverse atomic
environments have further enabled the construction of smaller repre-
sentative training datasets28–31 that deliver good training accuracy. These
methods and training strategies have allowed the generalization of these
potentials through the proposition of foundationalmodels that can perform
well for a large variety of systems, including those not represented in their
training set32–38.
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Despite the successes of MLIPs in modeling solids39,40, solid-liquid
interfaces41, and chemical reactions42, assessments of their performance and
reliability in describing vibrational dynamics in molecular crystals remain
limited. Existing studies have mostly focused on inorganic and covalently-
bonded systems40,43–47,48. Molecular crystals are particularly challenging due
to their soft vibrational modes, which are impacted by intermolecular vdW
interactions. The full long-range and non-local character of vdW interac-
tions is normally not captured byMLIP architectures based on local atomic
environments, which calls the accuracy of these architectures into question.

In this work, we develop MLIPs capable of accurately capturing har-
monic and anharmonic vibrational dynamics in polyacene molecular
crystals. Starting from naphthalene as a model system, we systematically
develop MLIPs and assess their predictive accuracy across the polyacene
series to pentacene, demonstrating that the potentials can generalize to
larger acenes and to previously unseen host-guest configurations. We fur-
ther assess the reliability of these MLIPs by showing how errors on forces
propagate to phonon frequencies and anharmonic vibrational densities of
states (VDOS). Thesemeasures allow for a rigorous predictive confidenceof
these quantities and for devising active learning targets for vibrational
properties.

The extrapolative capabilities of these MLIPs to predict vibrational
properties of host-guest systems, in particular pentacene molecules
embedded in a naphthalene crystal host, provide important new insight for
vibrational control. We present a clear assessment of host and guest
vibrational mode assignment when anharmonic correlations play an
important role, thus providing a foundation for the study of vibrational
coherence and decoherence processes in molecular host-guest systems.

Results
Performance of VASP and MACE machine-learning potentials
based on active learning
To investigate the accuracy of MLIPs for modeling vibrational dynamics in
molecular crystals, we compare the performance of different MLIPs for the
naphthalene crystal. We train a VASP machine-learning model and a
MACEmodel (see “Methods”) using a dataset generated through the active
learning strategy in VASP22, which employs on-the-fly sampling of struc-
tures from amolecular dynamics (MD) trajectory based on uncertainties in
the predicted energy, forces and stresses, utilizing Bayesian regression.

We created the training dataset by runningMDtrajectorieswithVASP
at 295 K for a 1 × 2 × 2 naphthalene supercell. During the MD run, we
monitored the changes in the number of training structures and the forces
root mean square error (RMSE) of the model. We stopped the active
learning process when these metrics showed negligible change, resulting in
1402 structures in the training dataset (see details in “Methods”). These
structures were then used to train a MACE equivariant message-passing
machine learning potential24. The MACEMLIP training is continued until
the RMSE of forces and energy on the validation set converged across
different epochs (see details in “Methods”). To assess the stability of
resulting MLIPs, we conducted a 1 ns NVT-MD run on a 4 × 4 × 4 naph-
thalene supercell, which showed no signs of instability.

We compare the performance of the two MLIPs using the RMSE for
energy and forces on the training dataset, as shown inTable 1. Thesemetrics
indicate that theMACEMLIP outperforms theVASPMLIP, particularly in
predicting atomic forces,which is reflectedon the accuracywithwhich it can

predict harmonic phonon frequencies, as shown in the Supplementary
Note 1.Wenote that theMACEMLIPpredicts energiesmore accurately for
structures at temperatures close to its training temperature of 295 K (see
relevant discussions in Supplementary Note 1). Overall, the improved
performance of theMACEmodel on the transferred dataset could be due to
its longer effective interaction range49 or to the higher effective body order
achievedwith themessage-passing procedure. The VASPmodel we trained
contains up to 9-body order in the kernels and cutoffs of 8Å for radial
descriptors and 5Å for angular descriptors, while theMACEmodel trained
in this work goes up to 13 body-order and 12Å effective cutoff. In addition,
as shown in SupplementaryNote 2, the performance of theVASPmodel on
a transferred dataset obtained through a different active-learning strategy is
relatively poor, indicating a limitation in data transferability similar to those
observed in other MLIP architectures49. We note that this transferred
dataset, coveringmultiple temperatures, is the samedataset later used for the
MACE potential, which is described in the next paragraph.

We next examine the impact of different active-learning strategies on
the overall performance of MLIPs. To achieve this, we construct a new
VASP MLIP by sequentially sampling MD trajectories at temperatures of
295 K, 220 K, 150 K, 120 K, and 80 K using VASP’s active learning algo-
rithm, explained in ref. 22. The final training dataset consists of 1168
naphthalene structures, distributed as 940, 22, 145, 14, and 47 structures for
each respective sampling temperature.Wewill refer to the resultingMLIP as
VASP MLIP-multi for the remainder of the text. To construct the MACE
MLIP, we employ a committee-based active learning strategy29 explained in
“Methods”. We simultaneously trained a committee of eightMACEMLIPs
on an initial dataset of 100 structures, selected from a pool using farthest
point sampling (FPS)28,50 (see details in “Methods, Computational Details”).
At each active-learning iteration, 25 structures were added to the training
dataset based on energy uncertainty, resulting in a total of 450 naphthalene
crystal structures. The number of structures selected at each respective
temperature were 290, 71 30, 33, 26. We refer to the resulting model as
MACE MLIP-committee in the following discussions.

In Table 2, we present a comparison of training and test errors for the
VASP MLIP-multi and MACE MLIP-committee models, evaluated on an
independent test dataset composed of 2100 naphthalene crystal structures
(see details in “Methods, Computational Details”). The VASP MLIP-multi
shows training errors comparable to those of the initial VASP MLIP (see
Table 1) and may exhibit a sample-bias issue within the training dataset, as
the test errors on forces are slightly smaller than the training errors. The
MACE MLIP-committee outperforms the earlier MACE MLIP by achiev-
ing lower errors in predicting atomic forces. The close agreement between
training and test errors for MACEMLIP-committee indicates that it is not
overfitted, nor does it suffer from sample bias. Furthermore, in Fig. 1a, b, we
compare the MLIP and DFT-predicted energies and force components of
each structure in the test set, showing good predictive performance for both
VASP MLIP-multi and MACE MLIP-committee.

In Fig. 1c, we compare the performance of the newMLIPs in predicting
Γ-point phonon frequencies. TheMACEMLIP-committeeoutperforms the
VASP MLIP-multi, with mean percentage (absolute) frequency errors of
0.17% (0.98 cm−1) and non-outliermaxima of 0.27%, corresponding to only

Table 1 | The training errors of VASP and MACEMLIPs for the
naphthalene molecular crystal, based on a single-
temperature training at 295 K

Energy (meV/atom) Force (meV/Å)

VASP 0.1 23.7

MACE 0.1 10.5

The errors are presented as RMSE for energies and forces.

Table 2 | The training and validation errors of VASPMLIP-multi
and MACE MLIP-committee for the naphthalene molecular
crystal, based on training data at 80 K, 120 K, 150 K, 220 K and
295 K, accounting for thermal lattice expansion on each
dataset

Energy (meV/atom) Force (meV/Å)

Training Validation Training Validation

VASP 0.1 0.2 20.9 14.6

MACE 0.1 0.1 4.3 4.4

The errors are presented as RMSE for energies and forces.

https://doi.org/10.1038/s41524-025-01825-w Article

npj Computational Materials |          (2025) 11:318 2

www.nature.com/npjcompumats


2.88 cm−1. Errordistributions for outliermodes, shown inFig. 1d, reveal that
VASP MLIP-multi struggles with accurately predicting intermolecular
vibrations. TheMACEMLIP-committee achieves absolute frequency errors
below 3.5 cm−1 withmean frequency errors of 0.48 cm−1 for intermolecular,
1.03 cm−1 for intramolecular and 1.39 cm−1 C-H stretching modes, sur-
passing the predictive capabilities of other MLIPs (see Supplementary
Fig. 5b). Besides, the overall performance of MACE MLIP-committee is
significantly improved compared to MACE MLIP, demonstrating the
effectiveness of the committee-based active learning approach in capturing
diverse atomic configurations.

These results demonstrate that both VASP and MACE MLIPs can
achieve comparable accuracy in predicting the vibrational properties of
naphthalene molecular crystals. However, when combined with a
committee-based active-learning algorithm, the MACE model yields the
best accuracy. Therefore, in the remainder of this work, we will focus on the
MACE MLIP.

Committee uncertainty propagation for vibrational properties
Determining the reliability and confidence of anyMLIP prediction relies on
being able to calculate uncertainties for directly predicted quantities, as well
as for quantities derived fromsuchpredictions.Variousmethodologieshave
beenproposed for quantifying uncertainties inMLIPpredictions of energies
and forces22,29,51–56, and for propagating these uncertainties to static
observables55–57. Quantifying uncertainties in dynamical (time-dependent)
observables is also critical in the context where anharmonic vibrational
couplings, vibrational lifetimes, and transport coefficients are derived from
molecular dynamics simulations58. In these simulations, the time-evolved
atomic motion is governed by forces derived from the MLIP’s potential
energy surface. Errors in force predictions, especially for underrepresented
or rare atomic configurations in the training dataset, will propagate to these
observables. Therefore, we use our committee model to propagate uncer-
tainties in MLIP predictions to the harmonic phonon frequencies and
anharmonicmass-weighted VDOS, as discussed below. In this paper, when
we refer toVDOS,wewill always be referring to themass-weighted quantity
as written in Eq. (7).

Employing the MACE MLIP-committee model, we first calculate the
committee uncertainty for Γ-point harmonic phonon frequencies as
detailed in “Methods, Uncertainty estimation and propagation to harmonic
phonons”. In Fig. 2a, we show the distribution of relative errors between
committee predictions and reference DFT calculations for the phonon
spectrum. Overall, we conclude that the propagated uncertainty shows a
goodprediction capability of the real error across thewhole frequency range.
The largest uncertainties appear in the region between 600 and 1000 cm−1.
This region is dominated by modes that involve the in-plane and out-of-
plane deformations of the fused benzene rings, as well as the in-plane and
out-of-plane bending ofCHgroups (see Supplementary Fig. 6).As shown in
Supplementary Fig. 7, sampling the displacements along these high-
uncertainty modes in a committee-based active-learning procedure sub-
stantially improves both the predictive accuracy and uncertainty estima-
tions of the corresponding normal modes, without the need for brute-force
molecular dynamics. We do not observe instances of the uncertainty
underestimating the real error for this model.

Next, we tackle a much harder problem, related to the propagation of
the uncertainty in committee-MLIP predictions to the anharmonic VDOS,
detailed inMethods. To illustrate the procedure for the naphthalene crystal,
we perform molecular dynamics equilibration runs at 80 K for each com-
mittee member, propagating the dynamics using rescaled forces computed
via Eq. (3). Afterwards, we perform 100NVE simulation runs of 20 ps each,
using the same forces for the propagation and calculate the VDOSFi

cor-
responding to a given committee member (Eq. (7)). We call VDOSF the
VDOS computed by propagating trajectories using the committee’s mean

(a)

(c)

(b)

(d)

Fig. 1 | Comparison of VASP MLIP-multi and MACE MLIP-committee for the
naphthalene molecular crystal. a Correlation plot of relative energies,
ΔEDFTðMLIPÞ ¼ EDFTðMLIPÞ � Emin

DFT, and b forces predicted by DFT and MLIPs.
c Error box plot of harmonic phonons (Γ-point) obtained with MLIPs. d Outliers
identified from the box plot in (c). The wavenumbers of the modes correspond to
those of the associated modes of the reference VASP DFT calculations.

(b)

(a)

σcom
0.4 8.5

Fig. 2 | Uncertainty propagation of phonon frequencies and VDOS in a naph-
thalene crystal at 80 K. a The uncertainity estimations for the Γ-point phonon
frequencies. The mean committee predictions (�ω) are compared to reference DFT
calculations (ωref), with error bars color-coded to represent the standard deviation
among committee members. b Uncertainty estimations for the VDOS. The red
shaded area and the black curve represent the committee error calculated by Eq. (10)
and the mass-weighted VDOS calculated by using the committee mean force,
respectively.
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forces F, which is the standard quantity computed when using committee
models. Statistical uncertainties σstat for VDOSF and each VDOSFi

are
obtained fromtheblock averageof 100NVEruns, and σcom is determinedby
averaging over all committee members (see “Methods, Uncertainty pro-
pagation to vibrational density of states”).

An issue with this procedure is that due to the non-linear dependence
of the VDOS on forces, the VDOS obtained from averaging the predictions
of all committees, VDOSFi

, is not equal to VDOSF . However, as we show in
Supplementary Fig. 8, both spectra are quite similar. We can formally only
calculate the uncertainty on VDOSFi

with the procedure we follow in this
work, andwe therefore take this uncertainty as a proxy for the uncertainty in
VDOSF . The standard error on the mean of the spectra is reported.

In Fig. 2b, we show these results in distinct frequency regions corre-
sponding to intermolecular and intramolecular vibrations. We confirm the
robustness of the statistical sampling across the entire frequency range and
find that the statistical error is overall small (see Supplementary Fig. 9).
Furthermore, the committee error is generally comparable in magnitude to
the statistical error, indicating that the variability among committee
members is on par with statistical fluctuations. However, around 600 cm−1

and within the range 900–1000 cm−1, the committee error shows that dif-
ferent committees would predict peak positions differently, leading to larger
errors along the frequency axis. Interestingly, these regions correlate with
the regions of largest uncertainties on harmonic phonon frequencies shown
in Fig. 2a.

Such a careful uncertainty quantification shows that theMACE-MLIP
committee model can deliver accurate harmonic and anharmonic vibra-
tional properties of the naphthalene molecular crystal. It also defines the
limits within which peak positions and widths can be interpreted, based on
committee uncertainty. This approach separates model uncertainty from
statistical noise, which mainly affects spectral intensities, allowing estima-
tion of MLIP-related errors. We find that the uncertainties on harmonic
modes correlate with the errors in the anharmonic dynamical vibrational
spectra, making them useful for assessing VDOS-prediction reliability, at
least at lower temperatures.

Generalizing machine-learning potentials for polyacene mole-
cular crystals
Next, we investigate the capability of the MACEMLIP to generalize across
acene-based molecular crystals for the prediction of vibrational dynamics.
We choose to train our own general potentials, instead of using a

foundational model such as MACE-OFF34, because in this work an
important goal is to carefully benchmark the quality of potentials for
vibrational properties. Therefore, training a model from scratch with data
coming from codes we can fully control, including a uniform definition of
theDFT functional, basis sets andother numerical settings, is paramount. In
addition, the committee-based uncertainty quantification requires the
ability to generate and subsample datasets, which we can create specifically
for this purpose.

We employ a systematic active-learning strategy based on the MACE
MLIP-committee developed in the previous section. The MLIP is pro-
gressively generalized by sequentially incorporating molecular crystal
structures with an increasing number of fused benzene rings, i.e., anthra-
cene, tetracene, andpentacenemolecular crystals, as schematically shown in
Fig. 3a. The similarity of the crystals across the acene-based series makes it
more likely that the generalization of the MLIP will be successful. The total
pool of training structures for the each molecular crystal are reported in
Table 9. After each active-learning step, we assess the performance of the
resulting MLIP in predicting harmonic Γ-point phonon frequencies for
naphthalene, anthracene, tetracene, and pentacene molecular crystals.

We begin by evaluating the generalization capabilities of the MACE
MLIP-committee developed in section “Performance of VASP and MACE
machine-learning potentials based on active learning” without including
any additional data. Hereafter, we label this MLIP as N-MLIP. To evaluate
the stability ofN-MLIP, we performed 2 ns longNVTMD runs at 295 K on
1 × 2 × 2 supercells of anthracene, tetracene and pentacene molecular
crystals, observing no signs of instabilities. We then analyzed the perfor-
mance of N-MLIP in predicting phonon frequencies as shown in Fig. 3b.
Compared to its performance on the naphthalene molecular crystal, the
accuracy of N-MLIP is nearly five to ten times lower for anthracene, tet-
racene and pentacenemolecular crystals (see also Supplementary Fig. 10 for
outlier modes and Supplementary Table 2 for absolute errors). This lim-
itation is particularly pronounced in the maximum absolute frequency
errors reaching up to 40 cm−1 in the case of the tetracene molecular crystal.
Despite the stability of the N-MLIP, its predictive accuracy for vibrational
dynamics within the acene family is very limited.

To address this limitation and improve the generalization of the
potential, anthracene molecular crystal structures are added to the training
dataset using the active-learning strategy. Following five consecutive active-
learning steps, 125 anthracene structureswere incorporated into the dataset,
resulting in an updatedMLIP, denoted as G-MLIP1. Stability tests confirm

(b) (c) (d) (e)

(a)

G-MLIP1 G-MLIP2 G-MLIP3

+ + +

x 2

NMLIP

Fig. 3 | Generalized MLIPs for polyacene crystals: development and validation.
a Sketch illustrating the active-learning scheme used to create generalized MLIPs.
b–e Error box plots for the Γ-point phonon frequencies of naphthalene (Naph),

anthracene (Anth), tetracene (Tetra) and pentacene (Penta) molecular crystals,
predicted by N-MLIP (b), G-MLIP1 (c), G-MLIP2 (d) and G-MLIP3 (e).
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that G-MLIP1 is robust across all studied molecular crystals (see details in
“Methods, Committee-based active learning strategy”). As illustrated in
Fig. 3c, G-MLIP1 achieves nearly twofold improvements in phonon fre-
quency predictions for anthracene, tetracene, and pentacene crystals (see
also Supplementary Table 2). However, this generalization comes at the cost
of reduced accuracy for naphthalene, attributed to a trade-off between
specificity and broader applicability across the acene family. Nevertheless,
the inclusion of anthracene configurations significantly enhances the
extrapolative capacity of the MLIP.

We then examine the impact of expanding the training dataset with
additional tetracene molecular structures. G-MLIP2, built by incorporating
150 primitive-cell structures of tetracene through six successive active-
learning steps, demonstrates stability across all tested systems. While it
shows a slight improvement in overall performance, as illustrated in Fig. 3d,
it notably reducesmaximumphonon frequency errors bynearly 10 cm−1 for
tetracene and pentacene molecular crystals, highlighting its enhanced
generalization to more complex molecular environments (see Supplemen-
tary Table 2).

Building on this observation, we further expanded the training dataset
by incorporating 125 pentacene structures obtained through five con-
secutive active-learning steps. The resultingG-MLIP3 remains stable across
all acene molecular crystals and demonstrates slightly improved perfor-
mance over earliermodels (see Fig. 3e). Importantly, it achieves a consistent
average error of ~2.8 cm−1 across all systems, highlighting its ability to
generalize effectively to diverse molecular environments while avoiding
overfitting to any specific system (see Supplementary Table 2). This robust
generalization is further evident in its threefold reduction of the maximum
phonon frequency error for the pentacene molecular crystal.

A closer examination of the errors associated with G-MLIPs reveals
distinct performance trends for intermolecular and intramolecular vibra-
tional modes throughout the molecular crystals investigated. G-MLIP3
stands out with the lowest mean errors, consistently below 3.0 cm−1 (Sup-
plementary Table 2), effectively capturing the key physical characteristics of
both high-frequency intramolecular modes and low-frequency inter-
molecular modes. This good performance is particularly prominent for
intramolecular vibrations in the range of 1000–1600 cm−1, while for the
lower-frequency range of 100–250 cm−1, all the G-MLIPs exhibit similar
error performance (see Supplementary Fig. 11). As a generalization test for
G-MLIP3, we further assessed its performance on the vibrations of crystal
polymorphs of tetracene and pentacene, as shown in Supplementary Fig. 12.
The potential is as accurate for different polymorphs as it is for the poly-
morph it was trained on. In addition, we analyze whether the committee
uncertainties remain predictive of the potential’s accuracy by propagating
the uncertainties to harmonic phonon frequencies of naphthalene,
anthracene, tetracene, and pentacene molecular crystals, following section
“Committee uncertainty propagation for vibrational properties”. As shown
in Supplementary Fig. 13, G-MLIP3 generally exhibits smaller uncertainties
for the naphthalene crystal compared to MACE MLIP-multi (see Fig. 2a),
despite its lower predictive performance. This indicates that the committee
model is slightly overconfident and underestimates the actual error, parti-
cularly in the 150–1000 cm−1 range. However, all errors we quantify are
already very small.

These results demonstrate that the generalizedMLIPs derived from the
multi-acene active-learning strategy exhibit good performance and robust
MD stability. The inclusion of larger molecular structures into the training
dataset results in a clear accuracy improvement for vibrational properties,
highlighting the benefits of diversifying the dataset with closely related
molecular structures. Next, we use G-MLIP3 to study the vibrational
dynamics in acene-based host-guest systems, which include atomic envir-
onments not represented during training, testing the model’s ability to
extrapolate to new, unseen structures.

Vibrational correlations in a host-guest system
An attractive property of single-molecule host-guest systems is that, once
engineered, the vibrational levels in these systems could feature long

coherence times that exceed those of the electronic transitions, potentially
paving the way for the realization of quantum memories and efficient
optomechanical interactions17. Therefore, to fully harness the potential of
molecular host-guest systems, it is important to develop a deeper under-
standing of their vibrational dynamics—a challenge that traditional ab-
initiomethods struggle to address. Here, we validate theG-MLIP3 potential
developed in the previous section for host-guest systems and apply it to
explore their vibrational properties, at this point keeping a classical
description of anharmonic nuclear motion.

We investigate the pentacene-doped naphthalene molecular crystal
due to its compatibility with the generalizedMLIP and its relevance in both
experimental and theoretical studies59,60. A schematic visualization of this
system is shown in Fig. 4a, where a pentacene molecule replaces two
naphthalene molecules in a 2 × 2 × 3 naphthalene supercell. Using
G-MLIP3 alongside referenceDFT calculations, we first relax the host-guest
molecular crystal and evaluate the accuracy of G-MLIP3. The insertion
energy error for the guestmolecule in the host crystal is found to be 0.1meV
per atom, consistent with the test set error (see Table 2). Furthermore, we
compute the vibrational frequencies of the host-guest system and bench-
mark these results against reference DFT calculations. As illustrated in
Fig. 4b, the mean vibrational frequency error is less than 1%, and its overall
performance is on par with G-MLIP3 (see Fig. 3), demonstrating the ability
ofMLIPs to generalize tounseenatomic configurations,with absolute errors
consistently below 15 cm−1 (see Supplementary Fig. 14).

As shown in Supplementary Note 3, we find that G-MLIP3 rapidly
loses accuracy under isotropic cell expansion due to its inability to capture
long-range vdW interactions, whereas NMLIP retains accuracy for small
expansionswhen predicting properties of the naphthalene crystal.Whenwe
analytically include vdW interactions in the potential, long-range effects can
be accurately described even for very large lattice expansions in both gen-
eralized and specialized MACE MLIPs (see Supplementary Note 3). In the
following simulations, we fix the lattice constants to the experimental values
of the 295 K naphthalene structure.

In order to gauge the reliability of the vibrational property predictions
of G-MLIP3 on the host-guest system, we analyse the propagated uncer-
tainties on the harmonic phonons. In Supplementary Fig. 15, we show that
even for the significantly larger 4 × 4 × 5 pentacene-naphthalene supercell
containing 8637 vibrational modes, the committee uncertainty remains
below 11 cm−1 across the entire vibrational spectrum.

After confirming the reliability of the generalized MLIP for the host-
guest system, we apply it to the analysis of its vibrational dynamics. The
vibrational landscapeof combinedhost-guest systems canbe rationalizedby

Fig. 4 | Extrapolative performance of G-MLIP3 in host-guest systems. a Crystal
structure of pentacene-doped 2 × 2 × 3 naphthalene molecular crystal, with a and c
representing the crystal axes in monoclinic symmetry. Two naphthalene molecules
along the front-facing plane are removed for illustration purposes. b Box plot
showing the prediction errors for vibrational frequencies of the host-guest system.
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considering the vibrations of the isolated host and isolated guest systems.
The host crystal exhibits a continuum of intermolecular vibrational modes
(often named phonons) up to 150 cm−1, and a series of intramolecular
vibrational bands, while the guest molecule has discrete intramolecular
vibrational modes (often named vibrons) starting at frequencies around
30 cm−1, depending on its size19. When these two systems are combined,
their vibrational modes hybridize, resulting in guest-like, host-like, and
mixed modes. The guest-like modes in the phonon spectral region are
referred to as pseudolocal modes, characterized by a decaying vibrational
amplitude away from the guest molecule19. These pseudolocal modes can
play a crucial role in explaining the temperature-dependent dephasing of
electronic transitions61.

In high-resolution vibronic spectroscopy of single-molecule host-guest
systems, optical scattering is observed at frequencies corresponding to
transitions to the continuum of host phonons, guest-like vibrations, and
pseudolocal modes59,62,63. Transitions to high-frequency host-like modes
above the phonon cut-off frequency of 150 cm−1, are negligible due to weak
electron-vibration coupling strengths64. Despite previous studies on specific

vibrational modes in these systems63,65–67, a comprehensive understanding
and characterization of these modes and their correlations remains largely
unexplored.

We calculate the VDOS of a 4 × 4 × 5 pentacene-doped naphthalene
molecular crystal (2880 atoms) at 100 K (see details in “Methods, Com-
putational Details”). The VDOS in Fig. 5a is analyzed in three spectral
regions where prominent vibronic transitions have been observed63. To
rationalize these features, we also calculate harmonic phonons and identify
98 harmonic normal modes with significant atomic displacements in the
guest molecules. These are highlighted as potential guest-like modes in
Fig. 5a with red dashed lines. It is worth noting that a visual comparison of
harmonic and anharmonic spectra of this host-guest system at 100 K does
not immediately show any clear signs of anharmonicity below 800 cm−1, see
Supplementary Fig. 17.

The continuum of phonon modes is clearly observed below 150 cm−1,
where the spectrum peaks around 45 cm−1, corresponding to the low group
velocities of naphthalene optical phononmodes. This peak gradually decays
toward the phonon cut-off frequency, in agreement with experimental

Fig. 5 | Vibrational dynamics in host-guest systems captured by G-MLIP3.
a VDOS for the 4 × 4 × 5 host-guest system. The red dashed lines indicate the
frequencies of vibrational modes where the atomic displacements of the guest
molecule dominate over those of the host molecules. b Normal-mode-projected
VDOS for the host-guest system, with the red, blue and green lines representing
guest-projected, host-projected and cross-correlated VDOSs, respectively.

c Illustrations of the normal modes of the host-guest system discussed in (b) in
Cartesian space, along the ac crystal plane, showing only the most relevant naph-
thalene molecules from the 4 × 4 × 5 supercell. For clarity, the displacement vectors
of the host and guestmolecules are scaled by a factor of 3: 1, except formodes 2 and 9,
which are scaled by 1: 1. For more detailed illustrations, see Supplementary Fig. 19.
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observations59,63. In this region,we identify sevenmodeswith thepotential to
represent pseudolocal modes. The remainder of the spectrum above
150 cm−1 exhibits vibrational bands originating from intermolecular and
intramolecular vibrational modes of naphthalene molecules (isolated
bands) and mixed vibrational modes (bands coinciding with guest-like
vibrational modes). We also observe minor peaks between these bands,
coinciding with the red dashed lines, which may correspond to guest-like
vibrations, e.g., around 230 cm−1 and 430 cm−1. Note that, due to the large
number of degrees of freedom in the hostmolecules, the contributions from
the guest molecules are not easily discernible in the total VDOS, but can be
more clearly seen in the projected VDOS of the guest molecule (see Sup-
plementary Fig. 18).

To gain a deeper understanding of the vibrational mode structure, we
project the VDOS onto the 98 potential guest-like normal-modes of the
host-guest system, and separate the contributions from the host and the
guest degrees of freedomas outlined inMethods. This projection yields: (i) a
partial projectedVDOS arising solely from the guestmolecularmotions; (ii)
a partial projected VDOS accounting for vibrational contributions solely
from the host molecules; and (iii) the cross-correlated VDOS, which con-
tains the cross contributions of host and guest vibrations in the normal
mode basis. The cross-correlated VDOS term reflects potential hybridiza-
tion effects in the vibrational spectrum.

In Fig. 5b, we present an example of this projection for several guest-
likemodes across various spectral regions, includingpseudolocal vibrational
modes (below150 cm−1) and themost relevant guest-likemodes, illustrating
their mode displacements in Fig. 5c. Among the seven candidate pseudo-
local modes (red-dashed lines below 150 cm−1 in Fig. 5a), onlymodes 1 and
7 exhibit strong localization on the guest molecule with small contributions
from the host atoms as evidenced by the cross-correlated VDOS. These
modes correspond to hindered backbone bending and wave-like out-of-
plane deformations, with corresponding frequencies of 36 cm−1 and
100 cm−1, respectively, for pentacene in vacuum. Mode 1 is coupled to the
nearby host-like mode 2 in an anti-correlated manner, likely arising from
the strong hybridization of the same backbone bending mode of pentacene
with host phonons (see Fig. 5c). This anti-correlation behavior suggests
anharmonic coupling between these two modes. Interestingly, the mode at
130 cm−1 lies at the phonon band edge and exhibits a non-Lorentzian
lineshape, consistent with experimental observations63 that report sharp
spectral features in this region.

Moreover, modes 10 and 12, which involve in-plane torsional and
stretching motions, do not overlap with any host spectral features and
remain largely localized on the guest molecule. In contrast, mode 8, which
exhibits out-of-plane torsional motion, shows a mixed character and cou-
ples to host intermolecular vibrations near 200 cm−1, despite also lacking
any direct spectral overlap with host vibrations. This highlights that mode
coupling is influenced not only by spectral overlap but also by nonlinear
effects in the potential energy landscape. Such anharmonic couplings could
explain discrepancies between earlier spectroscopic mode assignments and
ab initio results63.

Finally, modes 9 and 37 exemplify the effect of spectral overlap with
host bands around 200 cm−1 and 760 cm−1, respectively. Mode 9, involving
wave-like out-of-plane deformations, exhibits mixed character with strong
anharmonic coupling to nearby host modes. On the other hand, mode 37,
featuring rocking deformations of the guest molecule, retains its guest
character and shows only weak anharmonic interactions despite the energy
overlap with the host modes.

Using theVDOSnormal-modeprojections,we classified80vibrational
modes as guest-dominated (with an integrated guest-projected VDOS
greater than 90% of total VDOS) and 11 mixed modes (including 2 pseu-
dolocal modes) that exhibit strong guest character, based on the relative
contributions frombothguest andhost components.Additionally, byfitting
the normal-mode projected VDOS with a Lorentzian lineshape, we
obtained the lifetimes of the guest-dominated vibrational modes, which
averaged3.5 ps (see SupplementaryFig. 20).This analysis is only expected to
be accurate for low-frequency modes, below ≈300 cm−1, for which

employing classical dynamics for the nuclei at 100 K is expected to be valid.
Nevertheless, these lifetimes are shorter for modes with frequencies below
twice the phonon cut-off frequency of the naphthalene molecular crystal,
and longer above the cutoff, as previously discussed by Dlott et al.68.

Discussion
Our work demonstrates the potential of MLIPs in accurately modeling the
vibrational dynamics of polyacenemolecular crystals,with aparticular focus
on their ability to generalize across related chemical spaces and predict
vibrational properties and vibrational correlations of host-guest systems.
Recent developments in MLIPs have led to the so-called foundational
models, also based on theMACE architecture, which are transferable across
large variety of systems. In particular, it is important to put the results
presented in this paper within the context of MACE-OFF34, which is a
foundational model targeted at the description of organic molecules and
molecular condensed-phase systems.

The potential we developed achieves errors comparable to the large
models ofMACE-OFF for energies and forces while keeping themaximum
angular momentum of equivariant features equal to the small model (i.e.,
only invariant features of L = 0). By leveraging active-learning strategies, an
excellent accuracy on energies, forces and vibrational properties was
achieved for naphthalene, anthracene, tetracene andpentacene crystalswith
only a few hundred DFT calculations in total.

With this strategy, we could propagate and quantify errors in dyna-
mical quantities such as anharmonic vibrational spectra. Our incorporation
of uncertainty propagation into vibrational properties enables a quantitative
assessment of the MLIP predictions of these quantities. We show that the
error quantification for the harmonic spectra, when done carefully, serves as
a good proxy for identifying the vibrationalmotions for which the potential
is least accurate also in anharmonic spectra derived from molecular-
dynamics. Even though we expect this relationship to degrade with
increasing temperature, we propose that harmonic phonon uncertainties
are incorporated on active learning strategies in order to improve the
potential for anharmonic vibrational properties, as it is computationally
quite challenging to calculate the uncertainties in the latter case. Indeed, we
expect touse this strategyon topof general foundationalmodels tofine-tune
them for more reliable anharmonic vibrational analysis.

We also note that while the general MLIPs we developed for the
polyacene crystals donot contain explicit long-range interactions, they show
good accuracy also for low-frequency phononmodes where intermolecular
forces dominated by vdW interactions play a dominant role. However, as
demonstrated in Supplementary Note 3, explicit inclusion of vdW correc-
tions is essential to accurately capture lattice expansion and contraction at
larger scales.

The training strategy we have followed produced potentials that are
also able to very accurately extrapolate to host-guest systems not contained
in the training set, in particular regarding their anharmonic vibrational
properties. We have presented an analysis of a pentacene molecule
embedded into a naphthalene crystal matrix, unraveling guest-host vibra-
tional mode correlations in exquisite detail and providing a measure of
anharmonic coupling that goes beyond a simple analysis of mode-energy
overlap or lineshape. These findings demonstrate that it is now possible to
investigate the previously unexplored vibrational dynamics of host-guest
systems that cannot be captured in small unit cells, leading to a rationali-
zation of mode coupling and energy transfer pathways between host and
guest vibrational modes. The ability to accurately predict vibrational
properties in these systems opens newpossibilities for engineeringmaterials
with tailored characteristics, such as optimized vibrational lifetimes or
energy transfer pathways.

While our results show promising extrapolation within PAH-based
host-guest systems, extending this approach to chemically or structurally
diverse host-guest systems will benefit from general ML potentials that can
address a wide range of systems with reasonable accuracy and uncertainty-
aware predictions that allow targeting refinement for accurate vibrational
properties.
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Methods
Computational details
The reference calculations for geometry relaxations, atomic forces, energies,
and stresses of the molecular crystal structures are performed at the DFT
level. All DFT calculations are conducted using the FHI-aims69 and
VASP70–73 codes, employing the Perdew-Burke-Ernzerhof exchange-
correlation functional74 with vdW corrections75,76 for FHI-AIMS and
VASP. We confirm that both VASP and FHI-aims calculations produce
vibrational frequency calculations that differ by no more than 1.9 cm−1,
1.3 cm−1, and 4.6 cm−1 for intermolecular, intramolecular, and C-H
stretching modes, respectively. This ensures consistency and reliability for
comparative analysis.

The on-the-fly machine learning algorithm in VASP dynamically
constructs an accurate ML potential during AIMD simulations. It trains a
kernel-based Gaussian process regression model using DFT-calculated
energies, forces, and stresses for a selected subset of configurations. The
algorithm yieldspredictive uncertainty through Bayesian error estimates for
each configuration encountered during the simulation22. If the uncertainty
exceeds a user-defined threshold, newDFT calculations are performed, and
the resulting data are added to the training set to further refine the potential.
The resulting DFT energies, forces and stresses are printed in the ML_AB
file,which contains the referencevalues for all selectedconfigurations.These
values serve as the ground-truth DFT data for training the potential, while
the MLIP itself guides efficient sampling of relevant configurations. Struc-
turing DFT reference data into the ML_AB file allows VASP MLIP to be
trained on external datasets without performing additional DFT calcula-
tions, as demonstrated in Methods.

In the MACE machine learning architecture, atomic structures are
represented as graphs, where nodes correspond to atoms in three-
dimensional space, and any two nodes within a cutoff distance are con-
nected.Multiple high body-ordermessage-passing iterations are performed
to update the features associated with each node in the network. The final
atomic site energy prediction is obtained as a function of all node states
generated throughout the iterations. In this work we used VASP version
6.4.2 and MACE version 0.3.10.

A 2 × 2 × 1 Monkhorst-Pack k-mesh is used to perform single-point
calculations.

For VASP calculations, an energy cutoff of 1000 eV is applied to the
plane-wave basis set, while a tight basis set is used for FHI-aims calculations.
Geometry relaxations are performed within a fixed primitive cell, with a
force convergence criterion of 4 × 10−4 eV/Å. Phonon calculations are
performed using the phonopy code with a 2 × 2 × 2 supercell77.

The key hyperparameters used to train the VASPMLIP, in addition to
the default values, are ML_MRB2 = 12, ML_SION1 = 0.3 and
ML_WTSIF = 2. Before the evaluations, the MLIP is refitted with sparsifi-
cation with ML_MODE= refit. The active-learning step in section “Per-
formance of VASP andMACEmachine-learning potentials based on active
learning” resulted in 1402 structures, and the learning iteration was ter-
minatedwhennegligible changeswereobserved in thenumberof structures,
as well as in the mean forces and energies, as shown in Supplementary
Fig. 21.

The hyperparamteres used for training the MACE MLIPs are sum-
marized in Table 3.

The primitive lattice vectors and space groups of the molecular
crystals used for training the generalized MACE MLIPs are provided in
Tables 4–8. The dataset pools used for training generalized
MACEMLIPs for aceneswere generated as follows: For naphthalene, the
dataset pool was created by performing 50 ps ab-initio MD simulations
on a 1 × 2 × 2 supercell using FHI-aims at temperatures of 80 K, 120 K,
150 K, 220 K, and 295 K78. For anthracene, the dataset pool was gener-
ated for a 1 × 2 × 2 supercell using the universal forcefield MACE-OFF34

at temperatures of 100 K and 295 K. For tetracene and pentacene, the
dataset pools were generated for 1 × 1 × 1 cells using MACE-OFF at
temperature 295 K. The total number of structures in the dataset pool for
each molecular crystal is listed in Table 9. Single-point calculations for

the selected structures in active learning iterations were performed using
FHI-aims.

For both MACE and VASP MLIPs, vdW interactions are
implicitly accounted for in the results presented in the main text,
whereas in Supplementary Note 3, we include them explicitly, similar
to other models79,80.

Committee-based active learning strategy
To enhance training data efficiency and improve MLIP accuracy, we
implemented a committee-based active learning strategy29,81–84. A commit-
tee of 8 MACE MLIPs was trained simultaneously using the same dataset.
The only differences among them were the initialization of weight para-
meters and the random split between the training and validation sets. All
other hyperparameters were kept the same throughout the active learning
process and are detailed in Table 3. This approach enables each MLIP to
capture different landscapes of the potential energy surface, enhancing the
diversity in predictions.

A pool of atomic structures for acenes was generated at different
temperatures, a detailed description is provided in Computational Details.
The workflow for the committee-based active learning begins with selecting
a small subset of labeled data from the pool to train the ensemble ofMLIPs.
Each MLIP is trained until the training and validation errors stabilize at
sufficiently low values for both energy and forces. Following this training
phase, longMDsimulations areperformedusing themeanof the committee
forces to assess the stability of theMLIPs across various temperature ranges
and supercell sizes. For allMACEMLIPs, we use the accuracy of the Γ-point
phonon frequencies, computed using the mean of the committee forces, as

Table 3 | Hyperparameters for MACE MLIPs

Hyperparameter Value

Number of committee members 8

Number of interactions 2

Number of channels 256

Maximum L 0

Correlation 3

rmax (Å) 6.0

Forces weight 1000

Energy weight 10

Train:Validation split 9:1

Table 4 | Number of acene molecular crystals in generalized
potentials

MLIP Naph. Anth. Tetra. Penta.

N-MLIP 450 - - -

G-MLIP 1 450 125 - -

G-MLIP 2 450 125 125 -

G-MLIP 3 450 125 125 125

Table 5 | Lattice parameters of the naphthalene crystal

T (K)/CCDC entry a b c α β γ Space group

8078 NAPHTA33 8.10 5.94 8.64 90 124.46 90 P 21/a (14)

12078 NAPHTA27 8.12 5.94 8.65 90 124.34 90 P 21/a (14)

15078 NAPHTA34 8.14 5.95 8.65 90 124.08 90 P 21/a (14)

22078 NAPHTA35 8.19 5.96 8.66 90 123.57 90 P 21/a (14)

29578 NAPHTA36 8.25 5.98 8.67 90 122.72 90 P 21/a (14)
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the stopping criterion for active learning, ensuring consistency with the
reference DFT method. The number of AL-iterations, the corresponding
number of training structures, and the achieved errors in energies and forces
for the G-MLIPs are reported in Supplementary Tables 1–6. The total
number of acene molecular structures in generalized potentials is also
summarized in Table 4.

Supplementary Fig. 2 presents the maximum and mean errors in
Γ-point phonon frequencies observed throughout the active-learning
steps of G-MLIPs. Additionally, for comparison with the stopping
criterion employed in VASP MLIP, we evaluate the mean and max-
imum energy and force errors per active-learning step for N-MLIP, as
shown in Supplementary Fig. 2. Once the initial training is complete,
the committee of MLIPs makes predictions on the dataset pool. The 25
most uncertain atomic structures, based on the standard deviation of
the predicted energies, are then selected. Their energies and forces are
recomputed using the referencemethod and subsequently added to the
training set. The committee is retrained on this expanded dataset, and
the process is repeated to iteratively improve the model’s performance
and accuracy.

Uncertainty estimation and propagation to harmonic phonons
In committee ofMmachine learning potentials, for anymolecular structure
A, themean of committee is given by yðAÞ and the committee uncertainty is
representedby its standarddeviationσ(A)29,55. The active learning strategy in
this work uses the committee uncertainty on energy to select new training
structure from the pool.

For the error propagation, we estimate committee uncertainties with
more care. For a given atomic structure A, we calculated the mean com-
mittee prediction, yðAÞ, and the associated committee uncertainty, σ(A),
along with the reference values yref(A) forM committee members. Due to
the limited number of training structures available to each committee
member and to the small amount of committeemembers, the uncertainty is

rescaled using a factor α, computed as55

α2 � � 1
M

þM � 3
M � 1

1
Ntest

X

A2test

jyref ðAÞ � yðAÞj2
σ2ðAÞ ; ð1Þ

whereNtest represents the total number of structure in the test set. Using this
scaling factor, we rescale the predictions of each committee member as

y0iðAÞ ¼ yðAÞ þ α½yiðAÞ � yðAÞ�; ð2Þ

which are used to compute vibrational properties, enabling robust uncer-
tainty estimation due to the finite sampling of atomic configuration space.

Rescaling is performed on the committee forces for eachmember such
that the uncertainty is accurately propagated onto the observables using
equation Eq. (2)

F0iðAÞ ¼ FðAÞ þ α½FiðAÞ � FðAÞ�: ð3Þ

As an example, we determine α for forces as 2.8, on a validation set of
2100 diverse 1 × 2 × 2 naphthalene crystal structures selected using FPS28,50.

To propagate this uncertainty to the harmonic phonons, we compute
the phonon frequencies individually for each committee member using
these scaled forces. This method enables the intrinsic propagation of
uncertainty from the forces to the squared-phonon frequencies as

F0iðAÞ�! ωiðAÞ
� �2

: ð4Þ

Thephonon frequencypredictionof committee, is givenas the average,

ω0 ¼ 1
M

XM

i¼1

ωiðAÞ: ð5Þ

σω2 ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

1
M � 1

XM

i¼1
ω2
i � ω02

h i2r
: ð6Þ

Since forces are directly proportional to the square of the frequencies, the
uncertainty in forces propagates to the harmonic frequencies in the fol-
lowingway: F∝ω2→ dF/dω = 2ω, so σω ¼ σω2=j2ωj, where σω2 is given by
Eq. (6).

Uncertainty propagation to vibrational density of states
The mass-weighted VDOS is calculated for each committee member i with
the corresponding scaled forces Fi from the velocity auto-correlation
function (VACF)

CFi
ðtÞ ¼ lim

T!1
1

T � t

X

j

Z T�t

0
mjv

j
Fi
ðτÞ � v j

Fi
ðτ þ tÞ dτ; ð7Þ

where vjFi ðtÞ is a shorthand notation for the velocity of the jth atom in
Cartesian coordinates at time t, as predicted by the ith committee member.
TheVDOSspectrum (CFi

ðωÞ) is obtained from the Fourier transformof the
corresponding VACF. Atomic trajectories are obtained from NVE simu-
lations following equilibration runs in the NVT ensemble. For the naph-
thalene molecular crystal, 100 simulations per committee member are run
for 20 ps each at 80 K. In addition, with mean of the committee forces,
100 simulations are run for 20 ps at 80 K for naphtalene molecular crystal,
while for the host-guest system, 27 simulations are conducted for 15 ps each
at 100 K.

The statistical error, σstat is calculated by block averaging ofVDOSover
NVE runs, i.e.,

σstatðωÞ ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1

N � 1

XN

k¼1
CFðωÞ � Ck

F
ðωÞ

h i2r
; ð8Þ

Table 9 | Dataset pool for molecular crystals

Molecular crystal Number of structures

Naphthalene 36859

Anthracene 200000

Tetracene 183123

Pentacene 85578

Only a subset is used for training the potentials.

Table 8 | Lattice parameters of the pentacene crystal

T (K)/
CCDC entry

a b c α β γ Space
group

29587 PENCEN 7.90 6.06 16.01 101.9 112.6 85.8 P 1 (2)

Table 6 | Lattice parameters of the anthracene crystal

T (K)/CCDC entry a b c α β γ Space group

10086 ANTCEN25 9.28 5.99 8.41 90 102.52 90 P 21/c (14)

29386 ANTCEN26 9.45 6.00 8.54 90 103.51 90 P 21/c (14)

Table 7 | Lattice parameters of the tetracene crystal

T (K)/
CCDC entry

a b c α β γ Space
group

29587 TETCEN 7.90 6.03 13.53 100.3 113.2 86.3 P 1 (2)
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where CFðωÞ is the block averaged VDOS calculated with mean of the
committee forces F andCk

F
ðωÞ is the VDOS corresponding to kth trajectory

obtainedwith themeanof the committee forcesF, andN is the total number
of NVE runs.

We estimate the committee error on the VDOS by calculating the
standard deviation across all committee members as

σcomðωÞ ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

1
ðM � 1Þ

XM

i¼1
Ci
Fi
ðωÞ � CFi

ðωÞ
h i2r

; ð9Þ

whereM = 8 andwe take the last term in the expression above as the average
over the VDOS obtained by all committee members. In principle, the
expression above also contains statistical error. We have checked that the
statistical error is vastly smaller than the committee error.

Therefore we simply compute the corresponding committee error as,

σeðωÞcom ¼ σcomðωÞffiffiffiffiffi
M

p : ð10Þ

Normal-mode projected VDOS
We follow the procedure outlined in ref. 85 to compute the normal-mode
projected VV-ACF and the corresponding power spectra.We first calculate
the normal-mode projected atomic velocities (vs(t)) from the AIMD tra-
jectories as

vsðtÞ ¼
X

j

ffiffiffiffiffi
mj

p
e�j ðsÞ � vjðtÞ; ð11Þ

where mj is the mass of jth atom, e�j ðsÞ is the polarization vector of the
harmonic phonon at Γ-point, and vj(t) are the atomic velocities in x, y and z
directions. The normal-mode projected VDOS can then be calculated via
Eq. (7) as CsðωÞ ¼ F fhvsð0ÞvsðtÞig. The total VDOS can be obtained
via CðωÞ ¼ P

s CsðωÞ.
Here, we calculate the contributions of host and guest atoms to the

VDOS by separating the normal-mode projected velocities as
vsðtÞ ¼ v h

s ðtÞ þ vgs ðtÞ, where the last two terms are the contributions of host
and guest atoms into the projected velocities, i.e., v hostðguestÞ

s ðtÞ ¼P
j2hostðguestÞ

ffiffiffiffiffimj
p e�j ðsÞ � vðtÞ. Hence, the power spectrum can be decom-

posed to three terms as

CsðωÞ ¼ C host
s ðωÞ þ Cguest

s ðωÞ þ Ccross
s ðωÞ; ð12Þ

where the host(guest)-projected VDOS is C hostðguestÞ
s ðωÞ ¼

F fhv hostðguestÞ
s ð0ÞvhostðguestÞs ðtÞig, and the cross-correlated VDOS is

C cross
s ðωÞ ¼ F fhv guest

s ð0Þvhosts ðtÞi þ hv host
s ð0Þvguests ðtÞig. The cross terms

can be interpreted as a measure of the coupling between host and guest
normal modes in the harmonic phonon basis.

Data availability
A Zenodo repository is available (https://zenodo.org/records/17100564)
containing data and machine-learning potential models reported in this
manuscript.
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