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Porous materials such as metal-organic frameworks (MOFs) are widely studied for applications in catalysis
and gas adsorption, including carbon dioxide capture and hydrogen storage for energy and environmental
challenges. Accurate simulation of gas adsorption in these materials remains challenging because most ap-
proaches rely on force fields (FFs), which lack first-principles accuracy. Here, we present a hybrid sampling
approach, complemented by an active-learning-style refinement step, for generating machine-learning potentials
(MLPs) tailored for grand canonical Monte Carlo (GCMC) simulations of gas adsorption. The training dataset
combines snapshots from FF-based GCMC sampling, evaluated by single-point density functional theory (DFT)
calculations, with trajectories from DFT-based molecular dynamics (MD). We demonstrate this approach for
hydrogen adsorption in MOF-303, achieving accurate energy and force evaluation, as well as robust GCMC
simulation including on-the-fly quantum corrections for nuclei. The MLP-based calculation also revealed four
primary and four secondary adsorption sites formed near N, O, C, and —OH motifs, highlighting the material’s
structural heterogeneity and adsorption behavior. The resulting MLPs enable calculation of adsorption isotherms,
isosteric heat values, and diffusion coefficients across temperatures. This hybrid-sampling framework bridges
DFT-level accuracy and larger-scale simulation capability than ab initio MD, and can in principle be applied to
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other porous materials and gas types to support the design of materials for gas storage and separation.
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I. INTRODUCTION

The global energy sector is undergoing a significant
shift driven by low-carbon emissions and the adoption of
sustainable energy solutions. Within this changing land-
scape, hydrogen storage stands out due to hydrogen’s high
gravimetric energy density, renewability (via photo electrol-
ysis), and environmentally friendly nature. The hydrogen
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economy has witnessed substantial global growth over the
past decade, fueling intensive research into efficient stor-
age methods. Nonetheless, its volumetric energy density at
ambient conditions is low, which represents the main chal-
lenge for practical storage. Porous materials mitigate this by
concentrating hydrogen at pore surfaces to densities far ex-
ceeding those of the free gas at the same pressure, without
incurring the substantial energy costs associated with com-
pression or liquefaction. Metal-organic frameworks (MOFs)
have emerged as highly promising materials for hydro-
gen storage owing to their crystalline nature formed by
metal ions or clusters linked with organic ligands, creat-
ing extensive porous networks [1-6]. Notably, MOFs such
as MOF-303 display outstanding features including high
specific surface areas, large and adjustable pore volumes,
intrinsic structural flexibility, and chemical tunability [7-9].
MOFs also offer significant advantages for hydrogen storage,

Published by the American Physical Society
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including their ability to undergo reversible and rapid hydro-
gen adsorption and desorption, features that are essential for
practical applications. However, a major limitation of MOF-
based hydrogen storage is its reliance on low temperatures to
achieve efficient hydrogen uptake. This is largely due to the
weak van der Waals forces between the MOF structure and hy-
drogen molecules, with adsorption energies typically ranging
from 4-7 kJ mol~" [10,11]. Such interaction strengths enable
substantial hydrogen adsorption at cryogenic temperatures
(around 77 K), but are insufficient for effective storage at am-
bient temperatures. To meet the U.S. Department of Energy’s
targets for hydrogen storage at room temperature, adsorption
energies within the range of 15-25 kImol~! are necessary
[12]. This gap highlights the need for developing advanced
techniques to accurately predict and enhance hydrogen ad-
sorption under ambient-temperature, and moderate-pressure
conditions. Experimentally studying adsorption and desorp-
tion across a wide range of temperatures and pressures can
be prohibitively expensive and time-consuming. Furthermore,
atomistic details are often inaccessible by conventional exper-
imental method, such as x-ray diffraction, especially for light
hydrogen atoms. On the other hand, computational methods
such as molecular dynamics (MD) and Monte Carlo (MC)
simulations are powerful in determining and characterizing
hydrogen adsorption sites in MOFs [13]. However, they must
be combined with accurate energy and force calculations to
predict adsorption properties reliably.

Simulations of gas adsorption in MOFs are typically per-
formed using force fields (FFs), such as universal DREIDING
FFs [14] and using Lorentz-Berthelot mixing rules [15-17].
However, the FFs often fail to reproduce the experimental
energetics of MOFs [18]. To overcome this, polarizable FFs
that explicitly consider adsorbate polarization effects at open
metal sites via induced dipole moment have been developed.
Yet, these attempts have still failed to fully capture the com-
plexity of MOF adsorption behavior [19,20]. Recent progress
in dispersion-inclusive exchange-correlation functionals in
density functional theory (DFT) enables a high-fidelity de-
scription of the potential energy surface (PES) of molecules in
the MOF framework, but their computational expense restricts
their application to relatively small systems [21-23].

In recent years, machine-learning potentials (MLPs) have
emerged as a promising approach that bridges the gap be-
tween accuracy and efficiency. By training on extensive
ab initio MD (AIMD) datasets, MLPs can achieve near-DFT
accuracy, while maintaining computational costs comparable
to FF methods [24-26]. Applications of MLPs to porous ma-
terials, including MOF-5 [27], UiO-66 [28], MOF-47 [29],
and zeolitic imidazolate frameworks (ZIFs) [29], have demon-
strated their ability to perform larger-scale simulations than
AIMD with high predictive accuracy. Although their adoption
in MD simulations is widespread, their integration into the
grand canonical MC (GCMC) simulations for gas adsorption
presents unique challenges. Unlike MD simulations, which
explore thermally accessible regions near energy minima of
PES, GCMC simulations involve numerous trial insertions
and deletions of molecules at random positions. This requires
MLPs to be robust and accurate across a much wider range of
PES, including high-energy configurations probed by GCMC
trial insertions that must be evaluated reliably even when

ultimately rejected [29], and configurations spanning a broad
range of H, loadings configuration that AIMD, which oper-
ates at a fixed number of molecules, cannot access. Several
strategies can partially address this challenge, including bal-
anced energy and force supervision [30], exclusion spheres
that preserve detailed balance while preventing unphysical
overlaps [29], and active-learning schemes that iteratively en-
rich training sets using configurations associated with high
model uncertainty. Active learning is a powerful and well-
established route to robust potentials, but it generally requires
many repeated cycles of model training and sampling, and it
has so far been applied mainly to MLP-based MD simula-
tions [31]; its use for MLP-based GCMC, where the relevant
configurational space is loading-dependent, remains compar-
atively underexplored. A complementary strategy is to build
the required coverage into the initial training set: If the initial
training set is constructed so that it already spans the loadings,
energies, and local environments that GCMC will visit, the
number of subsequent enrichment cycles needed to reach a
robust potential is correspondingly reduced. This motivates a
practical data-generation strategy that produces MLPs robust
to GCMC trial moves while capturing configurations across
a wide range of H, loadings, temperatures, and local chem-
ical environments, with targeted enrichment reserved for the
regions that the initial construction leaves undersupported.

In this work, we develop a hybrid data generation flow,
which combines the GCMC sampling based on the FFs
followed by DFT energy and force evaluation, and AIMD
sampling at varying temperatures. We demonstrate the va-
lidity of this hybrid sampling approach by applying it to
hydrogen adsorption in MOF-303. The MOF-303 was chosen
because its chemically heterogeneous pore environment, com-
prising Al-OH chains, pyrazole linkers, and polar functional
groups, provides a stringent test of the MLP’s ability to cap-
ture diverse host-guest interactions, and because experimental
adsorption data are available for validation [8,9]. Through
MLP-GCMC simulations, hydrogen uptake is predicted under
various pressures and temperatures, accurately reproducing
the heat of adsorption at cryogenic temperatures. The MLPs
further enable MD simulations for topological, structural, and
dynamical analyses of hydrogen adsorption in MOF-303.

II. METHODOLOGY

The overall hybrid sampling workflow is schematically
depicted in Fig. 1. We first perform GCMC simulations em-
ploying FFs to sample a wide-ranging configurational space.
Subsequently, single-point DFT energies and forces are eval-
uated based on the configurations generated in the GCMC
simulations. This DFT dataset is then augmented with data
from AIMD simulations performed at various temperatures.
All the combined datasets are used to generate MLPs based on
a message-passing graph neural network architecture, which
accurately models many-body interactions governing H, ad-
sorption in the porous material. The trained MLPs are tested
using a separate DFT data set, which was not included in the
training. Finally, the MLPs are used in the production GCMC
simulations to predict thermodynamic adsorption isotherms
and MD simulations to analyze static and dynamical proper-
ties of H, in the porous material.
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FIG. 1. MLP development and deployment workflow. (a) MOF-303 structure with H, molecules. (b) classical FF-based GCMC sampling
across pressures to generate diverse H, configurations, followed by DFT energy and force evaluations. The data is augmented by AIMD
sampling at various temperatures. ~60% DFT energies and forces based on the GCMC sampling; ~#40% DFT energies and forces based on
the AIMD sampling (77-900 K). (¢) MLP-model training using graph neural network. (d) MLP-model testing against AIMD data, which were
not used for the training. (¢) Model deployment in both MLP-based GCMC for H, uptake and adsorption isotherms, and MLP-based MD for

analyses.

A. Hybrid Training Data Generation and MLP development

We employed the DREIDING FFs (see Table SI in the
Supplemental Material [32] for parameters) and performed
GCMC simulations of H, adsorption in MOF-303 using
the experimental crystal structure (Table I). The DREIDING
model used here comprises Lennard-Jones (12-6) terms only,
with no partial charges assigned to the framework or to Hj,
so electrostatic interactions are absent—a known limitation of
universal FFs for polar frameworks. The MLP, being trained
on self-consistent PBE-D3 data, implicitly captures electro-
statics, polarization, and many-body dispersion without an
explicit charge model. The wide range of H,-pressure en-
sured comprehensive coverage of H, densities, from low (0
wt %) to high (11 wt %), under pressures of 0-0.1 MPa at
77 K and 0-30 MPa at 298 K. It is also important to note

TABLE I. PBE-D3-optimized cell parameters (a, b, ¢, «, B, and
y) and equilibrium volume (V') of MOF-303 (CsH3AIN,Os), along
with the experimental values taken from Ref. [7]. The unit cell
contains eight formula units.

a b c o B 14 14
(A) (A) (A)  (deg) (deg) (deg) (AY)
PBE-D3 12.006 15.340 13.806 90.0 101.85 90.00 2488.6

Expt. 12.081 15.347 13.873 90.0 102.17 90.00 2514.4

that all the sampled configurations lie within the interpolated
region of the trained energy landscape. A complete adsorp-
tion isotherm was thereby generated. We used the LAMMPS
software package [33] for the FF-based GCMC simulations
with a tabular potential, such that nuclear quantum effects
(NQE) can be integrated in LAMMPS GCMC. Snapshots are
retained from the full GCMC trajectory, including preequilib-
rium states, so that the training data span from near-zero to
target loading; this naturally covers a broader region of the
PES [Fig. 1(b)] than trajectories at a fixed molecule number
(Fig. S1) [32].

It is worth mentioning that the DREIDING FFs treat H,
molecules as single atoms. After the GCMC simulations, we
regenerated the H, molecules with random orientations and
a bond length of 0.753 A (DFT-D3 relaxed bond) for sub-
sequent DFT calculations. We performed additional GCMC
simulations using a two-point H, model with explicit rota-
tional moves (see Fig. S5 in the Supplemental Material [32]).
The FF-based GCMC simulations serve as a data genera-
tion tool to produce diverse H, configurations spanning a
wide range of loadings and temperatures. The orientational
degree of freedom is extensively sampled through the many
random orientations assigned during regeneration and the
AIMD trajectories at multiple temperatures which naturally
explore all orientational configurations. In the production of
MLP-GCMC simulations, a two-point H; representation with
explicit rotational moves was used.

105401-3



KARTIK SAU et al.

PHYSICAL REVIEW MATERIALS 10, 105401 (2026)

Using the FF-based GCMC configurations, single-point
DFT calculations were performed. The projector augmented-
wave (PAW) method [34] as implemented in the Vienna
ab initio Simulation Package [35,36] with the standard
PAW potentials was used for the DFT calculations. The
exchange-correlation energy and potential were described
using the Perdew-Burke-Ernzerhof [37] (PBE) generalized
gradient approximation with Grimme’s dispersion correction
[38] (PBE-D3). Kohn-Sham orbitals were expanded in terms
of a plane-wave basis with a kinetic energy cutoff of 480 eV,
and the Brillouin zone was sampled using the I" point. In addi-
tion to the configurations generated in the GCMC simulations,
we performed AIMD simulations with varying numbers of H,
molecules at different temperatures (77, 298, and 900 K). The
training data consists of GCMC- and AIMD-based simulation
data containing approximately 200 000 snapshots, which ro-
bustly represent a wide range of PES.

Figure S1 [32] compares the configurations obtained from
FF-GCMC and AIMD sampling. FF-GCMC spans a substan-
tially broader range of H, loadings and energies than AIMD
[Figs. S1(a) and S1(b)] [32]. At representative loadings of 5,
10, and 15 H; molecules per unit cell, the GCMC-derived
configurations also provide complementary coverage of mod-
erately higher-energy regions of the potential-energy surface
[Fig. S1(c)]. Together, these results show that FFs-GCMC
and AIMD sample distinct but complementary configurational
regions, motivating their combination in the hybrid training
dataset.

The data was then used to train MLPs, for which we em-
ployed the neural equivariant interaction potential (NequlP),
a model based on an E(3)-equivariant neural network [39]. In
this work, SevenNet [40] was used, which is an efficient im-
plementation of message-passing graph-neural network MLPs
with NequlP. We used a cutoff radius of 5 A, four interaction
layers, 32 features, and a maximum rotation order of one. Both
energies and forces were included in the training process,
while stress tensors were excluded, as the MOF framework
was treated as rigid in this study.

B. MLP-GCMC simulations

The trained MLP was deployed to perform GCMC sim-
ulations of H, adsorption in a fixed MOF-303 framework
using software developed by Goeminne et al. [29] via the
Atomic Simulation Environment [41] (ASE). For the present
MLP, the vibrational free-energy correction was evaluated
on the fly for each adsorbed H, molecule and included in
the GCMC acceptance probability. The normal-mode treat-
ment, and the soft translational, librational, and intramolecular
stretching modes are described in the Supplemental Material,
Appendix A [32]. This correction was not applied to the
DREIDING and SevenNet-0 reference models because their
vibrational descriptions were not assessed for this purpose.
All three models (present MLP, DREIDING, 7net-0) were
evaluated with the Feynman-Hibbs (FH) effective-potential
correction, which accounts for the translational quantum delo-
calization of H,. The FH approach replaces the potential U (r)
with a temperature (T')-dependent effective potential [42,43]:

2

— VWU s 1
Ty ARG (1

Urn(r) =U(r) +

where uy, is the molecular mass of the H, molecule (the
mass appropriate for center-of-mass motion against the rigid
framework; because each H, — H, pair enters the Laplacians
of both partners, the per-molecule sum with the molecular
mass reproduces the reduced-mass pair form once per pair),
kg 1s the Boltzmann constant, and 7 is the reduced Planck con-
stant. The quantum corrections by FH and vibrations account
for the nuclear delocalization of H,, effectively enlarging
the molecule at low temperatures and reducing the predicted
uptake compared to without NQE-corrected GCMC. For the
present MLP, the FH term is evaluated on the fly from cen-
tral finite differences of the MLP forces and applied to the
center-of-mass (translational) degrees of freedom only; the
librational and intramolecular stretching modes are instead
treated by the vibrational free-energy correction described
below and in Appendix A of the Supplemental Material [32].

In the MLP-based GCMC simulations, insertion, deletion,
translation, and rotation moves were attempted with equal
probability (25% each). To improve low-temperature sam-
pling, translation and rotation amplitudes were adaptively
adjusted every fixed number of steps toward a target ac-
ceptance rate of 0.3-0.5, increasing or decreasing by 10%
within prescribed bounds. Similarly, at low temperature,
where random insertions are rarely accepted, Rosenbluth
configurational-bias Monte Carlo (CBMC) [44] was used
to accelerate pore filling. The decision to accept or reject
these moves was made by calculating the Boltzmann prob-
ability of different configurations. This move ratio ensured
efficient sampling of the MC ensemble. GCMC naturally
allows the number of H, molecules fluctuates through ex-
change with a reservoir at a fixed chemical potential (w),
determined by the gas pressure. The simulation consists
of 10° steps for the production run to ensure convergence
of H, uptake, with a few hundred thousand preproduction
steps. 5 x 10* configurations were taken from the equi-
librium windows for ensemble averaging. For comparison,
we also performed GCMC simulations by employing FFs
and pretrained graph-neural network interatomic potentials
(SevenNet-0). We benchmarked the computational cost of
the MLP and the FFs under identical conditions (MOF-303
with Hp, 2000 GCMC steps, 77 K, 0.4 bar), in both cases
without the quantum correction. The FF-based simulation,
running on a single CPU core (AMD EPYC 9124, 3.0 GHz),
was completed in ~44 s (~0.022 s/step), while the present
MLP, GPU-accelerated on an NVIDIA RTX A6000 (48 GB,
2.1 GHz) required ~1200 s (~0.6 s/step), a speed advantage
for the classical force field. Despite this additional computa-
tional cost, the MLP-based GCMC remains computationally
practical; a full isotherm calculation completes within a few
days, with the pressure points run concurrently.

C. H, uptake calculation

Based on the GCMC simulations at constant w, we deter-
mined the average number of adsorbed H, molecules in the
MOF framework at a particular temperature and H,-pressure.

The total gravimetric H, uptake (1) was calculated as

my, (N)

QT - o
myoF + my, (N)

@
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where my, is the atomic mass of H,, N is the number of H,
molecules in the unit cell, and myof is the mass of the MOF-
303 unit cell. The excess Hy uptake (Ogx.) was derived from
the total uptake by subtracting the amount of bulk gas present
in the pore volume [45]:

MH, Poulk Vp
myor + mu, (N) 7

Opxe = Or — 3)
where ppyx represents the number density of bulk H, gas at
the corresponding temperature and pressure obtained from
the National Institute of Standards and Technology (NIST)
database, and Vp is the specific pore volume of MOF-303,
calculated using the PoreBlazer [46] software.

D. Isosteric heat calculation

Here, we calculated the isosteric heat of adsorption from
GCMC simulation data using the fluctuation formula defined
as

(UN) — (U)(N)
(N2) — (N)?

where R is the gas constant, and (- - -) indicates the ensem-
ble average. Alternatively, the isosteric heat of adsorption at
infinite dilution Qg gition can also be calculated using the
Widom insertion method [47], by performing a set of random
insertions of the adsorbate in the framework and computing
the interaction energy AE. The expression is given as

Ou=— +RT, “

(AE ¢ ar)
fe77)

We employ two complementary NQE approaches for Qg and
compare their effects: (i) on the fly FH + vib effective po-
tential correction applied during GCMC sampling (Sec. II B),
which accounts for the quantum delocalization of the H; cen-
ter of mass and yields a quantum-corrected Qg directly from
the GCMC; and (ii) the vibrational free energy correction
described below, which captures the change in H, vibrational
energy upon adsorption and is applied as a post-hoc correction
to the computed Qg giluion- FH 1s a semiclassical correction:
It involves only the Laplacian of the potential with respect
to the molecular center-of-mass coordinates and is there-
fore blind, by construction, to the orientational (librational)
and intramolecular (stretching) degrees of freedom, whose
quanta (~30 —45meV and ~0.52 eV, respectively) greatly
exceed kg7 at 77 K. To calculate the vibrational frequencies
of the adsorbed H, molecule, we placed one H, molecule
at the primary adsorption site and performed relaxation of
H; molecule, keeping the MOF-303 structure fixed. The six
modes of each molecule are classified by eigenvector pro-
jection into translational, librational, and stretching character,
and each group is treated by the appropriate method (FH for
translations; full quantum harmonic free energy for librations,
with a librational floor; and the adsorbed-vs-gas quantum
free-energy difference for the stretch); the complete scheme
and its validation against DFT-D3 frequencies are given in
Appendix A of the Supplemental Material [32].

The finite temperature vibrational energy and vibrational
entroy contribution were estimated as the difference between

Oyt dilution = — + RT. (5)

those of adsorbed and gas-phase H, molecules. We also
applied quantum vibrational free energy correction to the isos-
teric heat (in the case without NQE correction in the GCMC
simulation) of adsorption as follows [48]:

Qst - Qst + AUvib - TASvibz (6)
AUy, = USy — USE, (7)

- 1 Fl(z),‘
Usio =) [ghwz’ + m] ®

i=1

where U and UE} correspond to the vibrational energies
of the adsorbed and gas-phase H, molecules, respectively.
Here, w; represents the frequency of the i-th vibrational
mode. ASyp, = 5% — S is the change in vibrational en-
tropy upon adsorption, where S and S are the vibrational
entropies for the gas phase and adsorbed H,, respectively.
The vibrational entropy was calculated using the harmonic
approximation, summed over the same n discrete vibrational
modes as Uy, as [49]

n h ;
Svin(p, T) = ZkB In |:2 sinh (kaT)]
B

i=1

" h(x)i hw,-
298 coth . 9
T2 p e (ZkBT) ©)

i=1

E. Basin-hopping and Monte Carlo search

We investigated stable adsorption sites for a single H,
molecule by employing the trained MLP and the basin-
hopping (BH) global optimization search [50,51] using our
in-house script based on ASE. The H, molecule was treated as
arigid body, and the MOF-303 framework was kept fixed. To
efficiently explore the potential energy surface, we performed
on the order of several hundred thousand steps at 77 K, each
step consisting of a random translation and rotation of the H,
molecule followed by local energy minimization. An exclu-
sion sphere of 1.5 A was used to prevent unphysical overlaps
between the H, molecule and framework atoms. For compar-
ison, we also performed standard MC simulations for a single
H; molecule at 77 K using the Metropolis algorithm. In these
simulations, trial moves consisting of random translations and
rotations were accepted or rejected based on the Boltzmann
probability, without the local minimization step used in BH.

F. MLP-MD simulations

The trained MLP was deployed to perform molecular
dynamics (MD) simulations in the NVT ensemble using
LAMMPS [40] via the SevenNet interface, enabling the in-
vestigation of the structural and dynamical properties of H,
within the MOF-303 framework. The MD simulations were
performed for several hundred picoseconds with a time step
of 0.5 fs at temperatures of 77, 100, 150, 200, 250, and
298 K, with the framework kept fixed. A Langevin thermostat
was employed to control the temperature. To ensure suffi-
cient statistical sampling for the diffusion analysis, we used
a (2 x 2 x 2) supercell containing 64 H, molecules (corre-
sponding to 8 H, molecules per primitive cell).
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TABLEII. Accessible pore volume (V,.), accessible surface area
(ASA), pore limiting diameter (PLD), and largest cavity diameter
(LCD) of MOF-303 calculated using PoreBlazer [46].

Viace ASA PLD LCD
Probe (cm® g7 (m? g™ (A) A)
H, 0.55 1518 6.1 5.53
N, 0.46 1120 6.1 5.53

Kinetic properties of H, molecules within MOF-303
were investigated using mean-squared displacement (MSD)
analysis from MLP-MD trajectories. The self-diffusion co-
efficient D along the cylindrical pore was obtained from the
one-dimensional Einstein relation applied to the MSD of a hy-
drogen atom in the H, molecule. We used the one-dimensional
form because H; diffusion in MOF-303 predominantly occurs
along the cylindrical channel (a direction). The activation
energy for diffusion (E,) was extracted from an Arrhenius
fit of the temperature-dependent diffusion coefficients. The
diffusion coefficient along the cylindrical pore was calculated
using the Einstein relation for a one-dimensional system as
D = limp,— .o MSD/2At, where At is the time interval.

III. RESULTS AND DISCUSSION

A. Structure and topological properties of MOF-303

MOF-303 is a robust Al-based MOF with composition
[A1(OH)(CsH;N;,0,)], in which corner-sharing AlOg octahe-
dra form rodlike structures along a axis and pyrazole linkers
connect these structures, forming a three-dimensional frame-
work with one-dimensional cylindrical channel [Fig. 4(a)].
Within each pore, there are two symmetric “pockets” formed
by the O atom of the hydroxyl (—OH) group, and N and
C atoms from the pyrazole linkers. The one-dimensional
channels are lined with the OH and N atoms from the pyra-
zole linkers, which can interact with H, molecules through
weak van der Waals forces. The presence of these functional
groups enhances the H, adsorption capacity of MOF-303.
DFT-optimized cell parameters are shown in Table I, which
agree well with the experimental data within the deviation
of 1.0% (Table I). Throughout this work, however, we used
the experimental cell parameters because the differences are
insignificant and to preserve the crystal symmetry. We cal-
culated the topological details of MOF-303 using PoreBlazer
[46] with H, and N, (Table II). The calculated surface area
(1120 m? g=1), pore volume (0.46 cm? g~!), and pore diame-
ter (6.1 A) obtained using N, as probe are in good agreement
with the respective experimental values of 1280-1360 m?
g™, 0.48-0.51 cm?® g' [7,52], and ~6 A [53]. The high
surface area and moderate pore size suggest that MOF-303 is
a promising candidate for H, storage. The topological proper-
ties were used to calculate the excess H, uptake.

B. MLP testing

The developed MLP using the workflow outlined in Sec. II
achieves a mean absolute error (MAE) of 0.02 kJ mol~! for
energies per atom and 0.5 kJmol~! A~! for forces on the
training dataset (parity plots of energies and forces are shown

in Fig. S2 in the Supplemental Material [32]). To further
test the MLPs, we evaluated their performance on a separate
test set of an AIMD trajectory and the MLP-trained model-
based GCMC followed by DFT single-point energy that were
excluded from the training dataset [Fig. 1(d)]. Parity plots
comparing predicted and reference energies and forces are
provided in Fig. S3 in the Supplemental Material [32]. Our
MLPs achieve an MAE of 0.04 kImol~! for energies per
atom and 0.4 kImol~' A~! for forces in the test dataset,
demonstrating their ability to reproduce DFT-level accuracy
across a diverse set of configurations [Fig. 1(b)]. The agree-
ment of the MLP and DFT-D3 vibrational frequencies at the
relaxed adsorption minimum is reported in Table SII of the
Supplemental Material [32]. The accuracy of the energies
and forces indicates that our MLPs can reliably capture the
complex interactions between H, and the MOF framework,
making it suitable for further analyses. To further validate the
dynamic reliability of the MLP, we compare partial pair dis-
tribution functions (PDFs) between the MLP-MD and AIMD
trajectories at 298 K, using a single unit cell with eight H;
molecules (Fig. S4 in the Supplemental Material [32]). The
MLP-MD PDFs show excellent agreement with the AIMD
reference, confirming that the MLP faithfully reproduces the
structural correlations between H, and the MOF framework
during dynamics, beyond static energy and force accuracy.

C. H; adsorption isotherms

We performed MLP-GCMC simulations up to 30 MPa
H, pressure to assess the predicted adsorption isotherms.
For comparison, we performed simulations using DREIDING
FFs and SevenNet-0, a pretrained graph-neural network MLP
based on SevenNet. Figure 2 presents the total gravimetric Hy
adsorption isotherms, calculated according to Eq. (2), at 77
and 298 K. At 77 K, H, uptake is significantly high, with a
steep isotherm, indicating abrupt filling of adsorption sites as
binding energetics overcome thermal fluctuations [Fig. 2(a)].
Our particular interest is adsorption at ambient temperature
(298 K) for practical storage. At 10 MPa and 298 K, the
present model predicts an uptake of 0.86 wt% versus 0.75 wt%
(parameter-based) and 0.65 wt % (pretrained). The excess H,
uptake at 298 K [Eq. (3)] saturates below 20 MPa, indicat-
ing that the adsorption capacity of MOF-303 is effectively
reached under these conditions. For completeness, we also
show the uptake without NQE corrections for all model cases
(Fig. S5 in the Supplemental Material [32]; confirming that
the NQE correction consistently reduces the predicted uptake.
In addition, FFs-based GCMC simulations using a two-point
H, model yield an isotherm nearly identical to that of the
single-point model, validating the use of the single-site FFs
model for data generation. We also use a supercell to ensure
the convergence of the predicted isotherm with respect to the
cell size using the present model (Fig. S6 in the Supplemental
Material) [32].

We compared our MLP-predicted isotherms with the ex-
perimental data of Wang et al. [8] at 77 K [Fig. 2(a)] up to
1 bar. The present MLP closely resembles the experimen-
tally reported pressure-dependent uptake. We note that the
central aim of this work is to develop an MLP that faith-
fully reproduces DFT-level energetics at computational costs
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FIG. 2. Calculated H, uptake for MOF-303. Calculated gravimetric H, uptake for MOF-303 from GCMC simulations employing different
potential models (present model, DREIDING FF, and pretrained 7net-0) at (a) 77 K and (b) 298 K. Experimental data from Wang e? al. [8] at
77 K are included for comparison. Excess H, uptake at 298 K is also shown in (b). The FH and vibrational quantum corrections is implemented
in the present MLP at both the temperature, whereas only FH correction is applied to DREIDING, and 7net-0 here at 77 K (without at 298 K).

Error bars denote the statistical uncertainty of the present MLP calculations.

far below direct DFT, offering a practical alternative to both
classical force fields and prohibitively expensive AIMD-based
simulations. Comparison with experiment serves primarily to
confirm that the PBE-D3 reference is physically reasonable
and that the MLP reproduces it accurately. To rationalize
the trend of the predicted adsorption isotherm, we calculated
O«, which quantifies the average H,-framework interaction
strength and governs H, uptake. Table III summarizes isos-
teric heat at 77 K obtained using the fluctuation formula (Qy)
and that using the Widom insertion method (Qs gilution), bOth
with and without NQE taken into account. Calculated Qs
using FFs and pretrained SevenNet-0 deviate significantly
compared to the reported experimental Oy value; furthermore,
the vibrational energy corrections have not been incorporated.
By taking into account NQE, the O predicted by our MLP

shows reasonable agreement with the reported experimental
value of 6.44 kI mol~! [8]. For the present MLP system, the
AUy, — T ASyip correction evaluated at the adsorption site
using the Widom insertion method is in reasonable agreement
with the FH + vib correction (6.0 vs 6.4 kI mol™!), since
in the Widom approach the inserted H; is only sampled in
the vicinity of the adsorption site. The MLP-predicted Qg
decreases with increasing H, pressure at 77 K [Fig. 3], consis-
tent with the progressive filling of less energetically favorable
adsorption sites at higher loadings, in agreement with the
experimental trend reported by Wang et al. [8]. In contrast,
the DREIDING FF predicts a nearly pressure-independent Qg
that is systematically lower than the experimental values, re-
flecting its inability to capture the heterogeneous, many-body
nature of the H, — Hp, and H,—MOF interactions. The Qg

TABLE III. Calculated isosteric heat of H, adsorption from GCMC simulations at 77 K for H, pressure 0.001 MPa using the fluctuation
theorem (Qy) and Widom insertion method (Qy dilion), €mploying different interatomic potentials. “w/o NQE” denotes values without any
quantum correction. The remaining columns report two distinct quantum treatments. (i) “NQE”: quantum corrections included in the GCMC
sampling itself, namely the on-the-fly, mode-resolved vibrational free-energy correction together with the FH effective potential for the present
MLP (FH+vib), and the FH correction alone for DREIDING and SevenNet-O (FH). (ii)) AUy — T ASyip: @ post-hoc correction [Eq. (6)]
evaluated from the vibrational frequencies of a single H, molecule at the primary adsorption site (Table SII of the Supplemental Material) [32]
and added to the classical value. Uncertainties denote the statistical error of the GCMC averages; QO dilution 1S @ single-value estimate and is
quoted without an uncertainty.

Oy (kJmol™") Oxt ditution (kI mol™")
w/o NQE w/ NQE w/o NQE w/ NQE
Potential model AUy, — T ASyip
Present 8.44+0.1 6.4 + 0.1 (FH+vib) 11.8 6.0
DREIDING 5.7+0.0 5.3+£0.0 (FH) 10.0 4.2
SevenNet-0 7.9+0.1 6.4 £0.1 (FH) 9.5 3.7
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FIG. 3. Hj-loading dependence of binding strength. Isosteric heat
of adsorption (Qy) as a function of H, pressure at 77 K, comparing
the present MLP, DREIDING, and SevenNet-0 (7net-0) predictions
with experimental data from Wang et al. [8]. The FH and vibration-
free energy correction is applied in the present MLP, and only FH is
applied for the other two model cases. Error bars denote statistical
uncertainties.

values prior to the FH correction are expected to be higher,
as shown in Fig. S7 in the Supplemental Material [32], with
minor deviations likely arising from numerical errors. We note
that the present MLP inherently captures polarization and
many-body effects, being trained on DFT data where elec-
tronic polarization is included self-consistently, thereby going
beyond both nonpolarizable and pairwise-additive polarizable
FFs [19,20].

D. H, adsorption and distribution

Having established the thermodynamic properties of Hj
adsorption in MOF-303, we used a single H, molecule to
precisely identify its adsorption sites. We used the BH as
described in Sec. II to find adsorption sites. The BH search re-
vealed several sites in the cylindrical pore. Among them, two
are prominent adsorption sites within the symmetric pockets:
the primary site (four) with an adsorption energy of 13.89
kJmol~! and the secondary site (four) with an adsorption
energy of 12.85 kJ mol~!, approximately 1 kJmol~! smaller
than that for the primary site. Even though the difference
between the primary and secondary sites is marginal, they are
different in their local environment. The adsorption sites are
illustrated in Fig. S8(a) in the Supplemental Material [32]. It is
worth noting that MC simulations performed with a single H,
molecule resulted in the molecule remaining confined within
a single cylindrical pore (Fig. S8(b) in the Supplemental
Material [32]), unable to overcome the high energy barriers
between adjacent pores. In contrast, the BH approach suc-
cessfully overcomes these barriers, exploring the entire unit

cell and identifying the energy minima across all pores. The
primary adsorption site lies between two symmetric triangles
formed with the O atom of the OH group and N atoms, while
the secondary adsorption site is between triangles with the O
atom of the OH group and N atoms and the O atom of the OH
group and C atoms, both near the OH groups.

To further understand the molecular distribution in the
presence of multiple H, molecules at a finite temperature,
we performed MLP-MD simulations of MOF-303 containing
eight H, molecules in a primitive unit cell at 77 and 298 K, and
mapped the three-dimensional H, occupancy (Fig. 4). Fig-
ure 4(a) displays the H, probability densities obtained from
MLP-MD simulations at 77 K, where four H, molecules were
initially placed at the primary and secondary adsorption sites.
The compact H, distributions indicate that H, molecules are
highly localized in the symmetric “pockets”, consistent with
those obtained for a single H, molecule using BH and MC
search. Our calculated spatial distributions are consistent with
the H, adsorption probability maps reported by Wang et al.
[8] based on classical FF simulations. However, their study
did not resolve individual adsorption sites, likely due to the
limitations of the classical FFs. In contrast, our MLP identifies
both primary and secondary sites with atomistic precision.

At 298 K [Fig. 4(c)], the H; occupancy becomes sig-
nificantly delocalized along the pore surface. The broadly
distributed low H, occupancy indicated by the isosurface with
the low isovalue (1.1 x 107, yellow) suggests the delocalized
nature of Hj in the pore, while maintaining the localized occu-
pation near the primary and secondary sites (isosurface with
the high isovalue of 2.5 x 107%). This temperature evolution
suggests a transition from an enthalpy-dominated, localized
regime at cryogenic temperatures to an entropy-driven regime
at ambient temperature, where molecules explore a larger
portion of the pore surface. Partial pair distribution func-
tions (PDFs) between the H atoms of H, and the framework
atoms were calculated from the same MLP-MD trajectories
(Fig. S9). At 77 K [Fig. S9(a)] [32] they show sharp peaks for
02, N1, and N2, and for the OH and pyrazolate hydrogens (H1
and H2), consistent with strong interactions at the polar mo-
tifs. At 298 K [Fig. S9(b) [32]] all the peaks in PDFs broaden,
and shift slightly outward, reflecting increased thermal mo-
tion and reduced adsorption strength. However, the peaks in
PDFs for framework-H (H2), O, and N persist, indicating that
the primary adsorption at the polar motif dominates even at
298 K, albeit with spatial delocalization. Taken together, the
PDFs and occupancy maps provide a coherent picture across
temperature and site type: Primary pockets are governed by
O/N-centered polar interactions and are highly localized at
77 K; secondary pockets involve additional sampling near C
with broader distributions; and thermal broadening at 298 K
weakens and delocalizes the same motif-centered interactions
without changing their qualitative hierarchy.

E. H, diffusion

To estimate the diffusional activation energy (E,) between
the pores/sites, we first calculated the diffusion coefficients
(D) of Hy in MOF-303 using (2 x 2 x 2) supercell for dif-
ferent temperatures (77-298 K) using the mean squared
displacement (MSD) from the MLP-MD trajectories (Fig. 5).
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IOZ0>

298 K

FIG. 4. Spatial distribution of H, in MOF-303. (a) Isosurface plot of the three-dimensional H, probability density in MOF-303 at 77 K,
calculated from MLP-MD trajectories with eight H, molecules per unit cell (four initially at primary sites, four at secondary sites). The
structure is replicated to a 2 x 2 x 2 supercell for visualization. The isovalue is 1.1 x 1075 A=3, The density corresponding to the secondary
sites is colored cyan to distinguish it from the primary sites (yellow). The black solid line outlines the unit cell. (b) Close-up view of the
primary and secondary adsorption sites, illustrating the local “pockets” formed by neighboring Al, O, C, and N atoms. The primary adsorption
site is surrounded by two symmetric N1-N2-02, while the secondary site lies between O2—C—C and O2-N1-N2. (c) Isosurface plot of the H,
distribution at 298 K. The yellow isosurface represents a lower density (1.1 x 10~¢ A=), indicating delocalization, while the red isosurface
represents a higher density (2.5 x 1076 A=?), showing residual localization.

(See also Fig. S10(a) in the Supplemental Material [32]).
We observed that the diffusion of H, occurs along the pore
direction (a axis) as shown in Fig. S10(b) in the Supplemental
Material [32], which was also reflected in the MC simulations
due to high energy barriers between the pores.

The calculated D's are 3.50 x 1072, 3.15 x 1078, and
12.7 x 1078 m? s~! at 77, 150, and 298 K, respectively. To
the best of our knowledge, no experimental self-diffusion
coefficients for H, transport in MOF-303 have been reported
in the literature. Our calculated D at 77 K is lower than those
experimentally (theoretically) measured (estimated) for MIL-
47(V) and MIL-53(Cr) of 1-5 x 1078 m? s~! at 77 K [54], but
is comparable to the value estimated for Al-soc-MOF-1d from
MLP-MD [30]. D’s at elevated temperatures also indicate
that H, diffusion is significantly faster at room temperature

Temperature (K)
95298 200 150 100

—

% E, =2.84 kJ mol"

107

Diffusion coefficient (mzs'1)
10°

-9

o L | | |
3 6 9 12

Inverse of temperature (10_3 K'1)

FIG. 5. H, diffusion in MOF-303. Diffusion coefficient as a func-
tion of inverse temperature, along with the activation energy (E,) for
diffusion estimated from the Arrhenius plot.

compared to cryogenic conditions within the framework. The
diffusion behavior is consistent with the observed adsorption
characteristics, where stronger binding at lower temperatures
leads to reduced mobility. Finally, we calculated the diffusion
coefficient as a function of inverse temperature and then ex-
tracted the slope to obtain E, of approximately 2.8 kJ mol~!
(Fig. 5).

Our calculated E,, is higher than the values experimentally
measured (theoretically estimated) for MIL-47(V) and MIL-
53(Cr) of 0.60 (0.50-0.80) and 1.60 (1.05-1.70) kJmol~!,
respectively [54], and comparable to that of 3.3 kJmol ™!
estimated for Al-soc-MOF-1d based on MLP-MD simulations
[30]. The calculated E, aligns with the physisorption nature
of H,, where weak interactions with the framework allow for
relatively facile diffusion. All GCMC and MD simulations in
this work employ a rigid MOF-303 framework. Framework
flexibility can in principle affect both adsorption uptake and
diffusion: Flexible frameworks can alter pore geometry and
accessible volume, thereby shifting adsorption isotherms and
Oy, and can also couple phonon modes to guest motion, mod-
ifying diffusion barriers and coefficients. For small-molecule
physisorption such as H; in a relatively stiff Al-based MOF,
however, these effects are expected to be modest. Extending
the present MLP to a fully flexible framework, we leave it for
future research.

IV. CONCLUSION

In this work, we propose a hybrid-sampling approach to
overcome a key challenge in the application of MLPs to
GCMC simulations of gas adsorption. In contrast to MD
simulations at fixed composition, GCMC requires an accurate
description of configurations spanning a continuously vary-
ing H, loading. The training set was therefore constructed
by combining FF-based GCMC configurations, which cover
this loading range, with AIMD trajectories at several
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temperatures. Because the resulting dataset already spans the
relevant loadings and energies, a few additional reference cal-
culations at different loadings, rather than repeated retraining
cycles, were sufficient to obtain an MLP that remains accu-
rate and numerically stable throughout the GCMC sampling.
The MLP was applied to H, adsorption in MOF-303. An
accurate potential alone, however, was found to be insuffi-
cient for quantitative agreement with experiment at 77 K.
Nuclear quantum effects were treated by a mode-resolved vi-
brational free-energy correction, evaluated on the fly for each
adsorbed molecule and incorporated directly into the GCMC
acceptance probability: Feynman-Hibbs corrections for the
translational modes, quantum harmonic free energies for the
hindered rotations, and the difference between the adsorbed
and gas-phase free energies for the intramolecular stretch.
With this treatment, the calculated 77 K isotherm reproduces
both the pressure-dependent experimental uptake, and the
isosteric heat (6.4 £ 0.1 kJ mol™!) is in good agreement with
the calorimetric value of 6.44 kJ mol~! at 0.001 MPa.
Basin-hopping search and MLP-MD simulations iden-
tify four primary and four secondary adsorption sites near
the N, O, C, and -OH motifs lining the one-dimensional
channels, and reveal a temperature-dependent transition from
enthalpy-driven localization of H, at 77 K to entropy-driven
delocalization across the pore surface at 298 K, along with a
relatively low activation energy for diffusion, indicating facile
transport of H, essential for practical cycling. The hybrid
sampling approach proposed in this work is general and can
be applied to other MOF systems and adsorbates. Although

the present MLPs are specific to MOF-303 and H,, the over-
all workflow itself is readily transferable. We anticipate that
combining computational screening with this approach will
enable more reliable in-silico design of porous materials for
gas adsorption.
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