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ABSTRACT: Adsorption  in  nanoporous  materials  is  pivotal  for
addressing global challenges in gas storage, separation, sensing,
catalysis,  and  atmospheric  water  harvesting.  Consequently,
molecular simulations are essential for understanding adsorption
mechanisms  and  accelerating  material  discovery.  Key
thermodynamic  descriptors,  such  as  adsorption  isotherms,
density  distributions,  and  Henry  constants,  are  particularly
valuable for high-throughput screening and predicting separation
performance. Recently, machine learning potentials (MLPs) have
emerged as a powerful tool, offering near-ab-initio accuracy with
high computational efficiency. While MLPs have been extensively
applied  in  molecular  dynamics  simulations,  their  integration  into
Monte  Carlo  (MC)  simulations  for  adsorption  remains  largely
untapped.  This  limitation  arises  primarily  because  mainstream
MC simulation codes are designed for  empirical  force fields and
lacks  native  support  for  MLPs.  In  this  work,  we  developed  a
flexible  Python  package,  high-throughput  vniversal  learning-
enabled  utility  for  adsorption  (HULU),  to  bridge  this  gap.  We
present  the  first  demonstration  of  calculating  full  adsorption  isotherms  using  state-of-the-art  foundation  MLPs  (MACE-
MATPES-PBE-0,  NEP89,  and  ORB  v3).  Furthermore,  we  systematically  benchmark  these  models  against  standard
baselines,  such  as  available  experimental  or  density-functional-theory  calculation  data,  and  elucidate  the  microscopic
origins of deviations in the simulation results. Ultimately, HULU paves the way for incorporating high-fidelity MLPs into high-
throughput  screening  workflows,  significantly  enhancing  the  predictive  design  of  nanoporous  materials  for  energy  and
environmental applications.
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 1    Introduction
Adsorption in  nanoporous  materials  plays  a  crucial  role  in  a  wide
range of applications, including gas storage [1−3], separation [4−7],

catalysis  [8, 9],  and  atmospheric  water  harvesting  [10−12].
Consequently,  accurate  adsorption  simulations  are  essential  for
advancing and optimizing these applications [13, 14]. For example,
adsorption isotherms obtained from grand canonical  Monte Carlo
(GCMC)  simulations  are  widely  used  to  predict  separation
performance  [15−17].  In  addition,  density  distributions  sampled
from  canonical  Monte  Carlo  (CMC)  simulations  provide
microscopic  insights  into  preferential  adsorption  sites  [18, 19].
Moreover,  thermodynamic  descriptors  such  as  Henry  constants
and  heats  of  adsorption,  calculated  using  the  Widom  insertion
method,  enable  the  rapid  high-throughput  screening of  thousands
of candidate nanoporous materials [20−22].
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Recently,  machine  learning  potentials  (MLPs)  have  undergone
rapid  development,  demonstrating  near-ab-initio accuracy  in
molecular  simulations  [23−25].  Several  representative  MLP
frameworks,  such  as  ACE  [26−28],  DP  [29−31],  MACE  [32, 33],
NEP [34−36], NequIP [37], and ORB [38, 39], have been developed
in  recent  years  and  have  been  extensively  applied  in  molecular
dynamics (MD) simulations [40, 41].  In contrast,  their  application
in  MC  simulations  remains  largely  untapped.  This  gap  between
MD  and  MC  simulations  largely  stems  from  the  fact  that  most
widely used MC simulation codes, such as RASPA2 [42], Cassandra
[43], and Music [44], were developed for empirical force fields (FFs)
and  lack  native  support  for  MLPs,  limiting  their  adoption  in
adsorption  simulations.  Although  very  recently  MC  simulations
have  begun  to  be  explored  using  MLPs  [45],  MLP-based  GCMC
simulations,  e.g.,  capable  of  producing  full  adsorption  isotherms
and other critical adsorption properties, have not yet been reported.
Also, a systematic investigation and benchmarking of adsorption in
nanoporous materials remains absent.

In  this  work,  we  develop  high-throughput  universal  learning-
enabled  utility  for  adsorption  (HULU),  a  flexible  Python  package
specifically designed to bridge this gap by enabling MC simulations
across  diverse  MLPs  to  determine  adsorption  properties.  Unlike
previous  general  frameworks,  HULU  is  specifically  designed  for
adsorption  workflows,  offering  integrated  post-analysis  functions
for  the  automated  calculation  of  isotherms,  Henry  constants,  and
density  distributions.  Comprehensive  validations  were  performed
against MD simulations and widely used simulation codes to assess
its accuracy of MC sampling. Using HULU, we present the first full
adsorption  isotherms  for  CH4 in  ZIF-8  with  MLPs,  along  with  a
systematic  investigation  that  benchmarks  three  representative
foundation  MLP  models—MACE-MATPES-PBE-0  (hereafter
referred  to  as  MACE-Mat),  NEP89,  and  ORB  v3—against
traditional  simulation  results.  Furthermore,  we  analyzed  how
discrepancies in the interactions predicted by three MLPs influence
MC  statistics,  thereby  providing  an  in-depth  assessment  of  MLP
reliability  for  predicting  gas–solid  interactions  in  nanoporous
materials.

 2    Computational details

 2.1    Monte Carlo simulations
MC simulations were performed using HULU, the modular Monte
Carlo framework developed in this work, also with the open-source
code RASPA2 [42] for comparison. All simulations were conducted
at a temperature of 313.15 K under periodic boundary conditions.
MC  simulations  were  used  to  compute  adsorption-related
thermodynamic  and  structural  properties,  including  adsorption
isotherms,  Henry  constants,  heats  of  adsorption,  and  equilibrium
density distributions.

For RASPA2 simulations, a typical MC run consisted of 1 × 105

equilibration  cycles  followed  by  1  ×  105 production  cycles.  For
HULU,  we  employed  5  ×  105 steps  for  equilibration  and  an
additional 5 × 105 steps for production. For HULU, these MC steps
were  verified  to  achieve  statistical  convergence  in  the  GCMC
simulations  (Fig.  S1  in  the  Electronic  Supplementary  Material
(ESM)).  Widom  insertion  calculations  were  performed  using  1  ×
105 cycles  for  RASPA2  and  5  ×  105 steps  for  HULU.  Note  that  a
“cycle” in  RASPA2  represents  a  sweep  of  MC  moves,  while
a “step” in  HULU  refers  to  a  single  attempted  move.  GCMC,
Widom  insertion,  and  CMC  (NVT  ensemble)  simulations  were

employed depending on the target property. In GCMC simulations,
insertion, deletion, translation, rotation, and reinsertion moves were
attempted with equal probabilities of 0.2 each. In CMC simulations,
translation,  rotation,  and  reinsertion  moves  were  attempted  with
equal  probabilities  of  1/3.  The  fugacity  was  calculated  using  the
Peng-Robinson  equation  of  state.  Unless  otherwise  specified,
adsorption  isotherms  reported  in  this  work  correspond  to  excess
adsorption,  defined  relative  to  the  bulk  gas  phase.  The  ZIF-8  [46]
framework  and  methane  (CH4)  were  treated  as  rigid  in  all  MC
simulations.  Such  a  rigid  treatment  is  widely  adopted  and
has  been  shown  to  yield  accurate  results  in  a  wide  range  of  MC
studies [14, 15, 19, 22, 47].

 2.2    Molecular dynamics simulations
MD  simulations  were  performed  using  Large-scale
Atomic/Molecular  Massively  Parallel  Simulator  (LAMMPS)  [48],
Graphics  Processing  Units  Molecular  Dynamics  (GPUMD)  [49],
and  the  Atomic  Simulation  Environment  (ASE)  [50]  to  generate
reference  structural  properties,  including  radial  distribution
functions  (RDFs)  and  spatial  density  distributions.  Periodic
boundary  conditions  were  applied  to  all  directions.  The  velocity-
Verlet  integration  algorithm  with  a  timestep  of  1.0  fs  was  used  to
integrate  the  equations  of  motion.  The  Nosé–Hoover  thermostat
with a damping factor of 0.1 ps was used to control the temperature
[51−53].  Notably,  all  frameworks  and CH4 molecules  were  treated
as fully flexible during MD simulations. Energy minimization using
the  conjugate  gradient  algorithm  was  first  performed  to  optimize
the  atomic  positions.  Subsequently,  the  MD  simulations  were
carried out in the NVT ensemble by 20 ns, where the last 10 ns was
analyzed.  For  bulk CH4 simulations,  systems containing 32,  64,  or
128  CH4 molecules  were  simulated  in  a  cubic  box  of  size  30  Å  ×
30 Å × 30 Å.

 2.3    Density functional theory calculations

∆E

Density  functional  theory  (DFT)  using  projector-augmented-wave
(PAW) method [54]  were  implemented  with  the  Vienna ab  initio
simulation  package  (VASP),  version  6.1.0  [55].  The
Perdew–Burke–Ernzerhof  (PBE)  exchange-correlation  functional
[56]  and  DFT-D3  dispersion  correction  with  Becke–Johnson  (BJ)
damping function [57, 58] were applied. Gaussian smearing with a
smearing width of 0.05 eV was utilized to perform calculations with
an  energy  cutoff  of  520  eV  for  the  plane-wave  basis  set.  The
electronic  convergence  criteria  was  set  to  10−6 eV.  Brillouin  zone
sampling was restricted to the Γ-point. DFT calculations were used
exclusively for single-point energy evaluations of Widom insertion
configurations. The insertion energy ( ) was defined as

∆E= Eframework+gas −Eframework −Egas (1)

EgasThe gas-phase energy ( ) in Eq. (1) was calculated for an isolated
CH4 molecule in a sufficiently large vacuum box.

 2.4    Empirical force fields and machine learning potentials
For  simulations  using  empirical  force  fields,  the  ZIF-FF [59]  force
field was employed for ZIF-8,  while the CH4 was described by the
TraPPE  force  field  [60].  The  van  der  Waals  interactions  were
calculated with a  cutoff  of  14.0  Å and without  tail  corrections.  All
empirical force field calculations in HULU were implemented via a
custom  ASE  calculator  enabling  single-point  energy  evaluations.
The  corresponding  code  is  open-source  and  publicly  available  as
described in the Data availability section.
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Three  MLP  frameworks,  MACE  [32, 33],  NEP  [34−36],  and
ORB  [38, 39],  were  investigated  in  this  work.  The  following  pre-
trained  foundation  models  were  employed:  MACE-Mat  [61],
NEP89 [62], and ORB v3 [39]. For MACE-Mat and ORB v3, long-
range  dispersion  interactions  were  explicitly  included  via  DFT-
D3(BJ) corrections, added on-the-fly to the MLP-predicted energies
using the torch-dftd library [63]. DFT-D3(BJ) corrections were not
applied to NEP89, as dispersion interactions are inherently included
in its training set.

For simulations involving MLPs, a 1 × 1 × 1 ZIF-8 unit cell was
used for computational efficiency, whereas a 2 × 2 × 2 supercell was
employed  in  empirical  force  field  simulations  to  satisfy  the
minimum image convention.

 2.5    Data analysis and visualization
Structural  analyses,  including  RDFs  and  spatial  density
distributions,  were  performed  using  the  MDAnalysis  package
[64, 65].  All  reported  quantities  correspond  to  ensemble-averaged
values accumulated over production steps (or production cycles in
the  case  of  RASPA2).  Visualization  of  the  simulation  system  was
performed using OVITO [66].

HULU provides per-step outputs that record energy chang (ΔE)
for each attempted MC move,  enabling detailed statistical  analyses
in Section 3.4. With ΔE, the statistical weight of each configuration
can be determined by the Boltzmann factor [67]

Bf(∆E) = e−β∆E (2)

where β =  1/(RT), R is  the  gas  constant,  and T corresponds  to
temperature.  The Boltzmann factor  in Eq.  (2) directly  governs  the
acceptance probability  of  MC moves.  For example,  the acceptance
probability of an insertion move in GCMC follows the Metropolis
criterion [67]

Pacc = min
[
1,

fV
N+ 1

e−β∆E

]
(3)

where f is the fugacity, V corresponds to the system volume, and N
is the number of particles. Consequently, configurations with lower
ΔE (larger  Boltzmann  weights)  exhibit  higher  acceptance
probabilities in GCMC, as described by Eq. (3),  thereby increasing
the predicted adsorption uptake.

Furthermore,  thermodynamic  properties  that  are  directly
comparable  to  experiments,  such  as  Henry  constant  (KH)  and  the
heat  of  adsorption  (Qst)  at  infinite  dilution,  can  be  derived  from
Boltzmann-weighted averages of ΔE. These properties are evaluated
using the Widom insertion method [68] as

Qst =−⟨∆Ee−β∆E⟩
⟨e−β∆E⟩ +RT (4)

KH =
V

RTm
⟨e−β∆E⟩ (5)

where m is  the  total  system  masses,  and  <·>  denotes  ensemble
average.

Accordingly, differences in ΔE predicted by different MLPs yield
distinct  Boltzmann-weighted  contributions  and,  consequently,
thermodynamic  properties  (e.g.,  uptake  and  henry  constants,  see
Eqs. (4) and (5)). To quantify these contributions, we compute the
cumulative contribution of the Boltzmann factor as

C(∆Ek) =
∑k

i=1
e−β∆Ei

∑N

i=1
e−β∆Ei

(6)

Note  that  the  ΔE values  in  this  work,  obtained  from  Widom
insertions or other MC moves (e.g., insertion attempts in GCMC),
are  discrete  samples  rather  than  a  continuous  variable.
Consequently,  the  configuration  with  the  lowest  ΔE already
accounts for a finite fraction of the total Boltzmann weight, leading
to a non-zero initial value (Eq. (6)) of the cumulative contribution
curves.  These  curves  do  not  represent  conventional  probability
cumulative  distribution  functions  (CDFs),  but  rather  Boltzmann-
weighted cumulative contributions.

 3    Results and discussion

 3.1    Architecture  and  design  philosophy  of  the  HULU
package
Most  existing  MC  implementations  are  tightly  coupled  to  specific
force  fields.  For  instance,  widely  used  codes  like  RASPA2  are
designed  primarily  for  empirical  potentials.  To  enable  the
application  of  MLPs  in  adsorption  simulations,  we  developed  a
flexible MC framework, HULU, built on the ASE package [50]. As
shown  in Fig.  1,  HULU  integrates  three  core  modules  that  cover
essential  adsorption  simulation  tasks:  Widom  insertion,  GCMC,
and  CMC  (NVT  ensemble).  These  modules  enable  the  direct
calculation  of  key  adsorption  properties,  including  adsorption
isotherms, heats of adsorption, and Henry constants, as well as the
sampling of potential energy surfaces.

In  HULU,  the  ASE  energy  calculator  serves  as  a  single-point
energy  evaluator.  This  design  explicitly  decouples  MC  sampling
from  energy  evaluations,  rendering  the  framework  naturally
compatible with MLP-based adsorption simulations. Notably, state-
of-the-art MLPs such as ACE, DP, MACE, NEP, NequIP, and ORB
already provide  ASE-compatible  interfaces  [37, 69].  Following this
modular philosophy, a typical workflow in HULU involves (Fig. 1):
(i) specifying simulation parameters and initializing an ASE energy
calculator;  (ii)  performing  adsorption  MC  simulations  (GCMC,
Widom  insertion,  or  CMC);  and  (iii)  obtaining  the  ensemble
averaged  adsorption  properties  along  with  sampled  configurations
for  post-analysis.  Crucially,  HULU  requires  only  single-point
energies  for  given  configurations  and  is  therefore  independent  on
the  underlying  energy  calculator,  whether  derived  from  MLPs,
empirical  force fields,  or DFT, establishing it  as  a  unified platform
for multi-fidelity adsorption simulations (Fig. 1).

 3.2    Validation against mainstream simulation packages
To  validate  the  sampling  reliability  of  HULU  in  the  canonical
(NVT)  ensemble,  we  performed  systematic  benchmarks  on  two
representative systems: CH4 in both bulk phases and confined states
within  ZIF-8.  Specifically,  the  radial  distribution  functions  (RDFs)
calculated  by  HULU,  such  as  the  C–C  correlations  for  CH4 were
compared  against  results  from  the  existing  MC  code  RASPA2,  as
well as established MD engines (LAMMPS, ASE and GPUMD). All
simulations  were  conducted  at  313.15  K  to  ensure  consistent
sampling statistics between the MC and MD trajectories.

As shown in Fig. 2(a), the RDFs of bulk CH4 predicted by HULU
exhibit excellent agreement with those from MD simulations across
all tested potentials, with a root-mean-square error (RMSE) as low
as  0.030  for  empirical  FF  performed  with  LAMMPS  (Fig.  2(a)).
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Consistent agreement was also observed at other CH4 loadings (Fig.
S2 in the ESM). In particular, the position and intensity of the first
coordination peak at ~ 4.3 Å are accurately reproduced by HULU.
This  consistency  holds  true  not  only  for  empirical  force  fields  but
also  for  all  three  MLPs  (MACE-Mat,  NEP89,  and  ORB  v3),
confirming  the  robust  implementation  of  MLP  interfaces.  More
generally,  the  RDFs  obtained  from  HULU  are  indistinguishable
from  those  generated  by  widely  used  MD  codes  (LAMMPS,
GPUMD,  and  ASE),  confirming  that  HULU  correctly  samples
configurations  consistent  with  the  Boltzmann  distribution  in  the
canonical  ensemble.  Beyond  the  structural  validation,  we  further
assessed  the  accuracy  of  thermodynamic  properties  predicted  by
HULU  by  benchmarking  against  RASPA2,  using  CH4 adsorption
in ZIF-8 as a representative system. Given that RASPA2 is  limited
to empirical potentials, simulations were performed using identical
force  fields  (ZIF-FF  for  the  framework  and  TraPPE  for  CH4),
implemented  in  HULU  via  an  in-house  ASE  calculator
(Section  2.4).  As  shown  in Fig.  2(b),  the  adsorption  isotherms
calculated  by  HULU  achieve  excellent  agreement  with  RASPA2
results across the entire pressure range. Quantitatively, the predicted
heats  of  adsorption  differ  by  less  than  0.10%,  and  the  Henry
constants  deviate  less  than  0.65%  (Fig.  2(c)).  To  elucidate  the
microscopic adsorption mechanism, spatial density distributions of
CH4 were  analyzed  at  a  fixed  loading  of  7  CH4/unit  cell
(corresponding  to  absolute  adsorption  at  10  bar).  Configurations
were  sampled  via  canonical  MC  simulations  (using  HULU  and
RASPA2)  and  MD  simulations  (using  LAMMPS).  Remarkably,
HULU reproduces the distinct preferential localization of CH4 near
the  six-membered  ring  (6MR)  and  four-membered  ring  (4MR)
windows  of  ZIF-8,  yielding  patterns  indistinguishable  from  the
patterns  generated  by  RASPA2  and  LAMMPS  (Fig.  2(d)).  These
adsorption sites are also consistent with experimental  observations
[19]. Collectively, these results provide rigorous validation for both
the  macroscopic  thermodynamic  properties  and  microscopic
behaviors predicted by HULU.

 3.3    Enabling MLP-driven adsorption MC simulations
Having  established  the  sampling  accuracy  of  HULU  against
standard  benchmarks  (RASPA2,  GPUMD,  and  LAMMPS),  we

now  leverage  its  decoupled  architecture  to  address  a  critical
capability gap: performing adsorption MC simulations using MLPs,
a task currently unsupported by mainstream adsorption codes.

We  focused  on  ZIF-8/CH4 system,  a  prototypical  benchmark
extensively  studied  in  both  experiments  and  computations
(Fig.  3(a))  [15, 19, 47, 70, 71].  Three  representative  pre-trained
foundation MLP models were evaluated: NEP89, MACE-Mat, and
ORB v3. NEP89 and ORB v3 represent the latest iterations of their
respective  frameworks  (until  November  2025),  while  MACE-Mat
remains as the officially recommended and widely adopted version.
In  our  GCMC  simulations,  we  explicitly  added  the  DFT-D3(BJ)
dispersion  corrections  to  simulations  using  MACE-Mat  and  ORB
v3.  This  correction  was  omitted  for  NEP89,  as  it  was  trained  on
datasets  that  inherently  include  D3  dispersion  energies.  As  shown
in Fig. 3(b), dispersion interactions play a pivotal role in accurately
describing CH4 adsorption in ZIF-8.

Without  applying  DFT-D3(BJ)  corrections,  both  MACE-Mat
and ORB v3 predict nearly negligible adsorption. These models are
trained on datasets generated using the PBE functional [56], a semi-
local  approximation  that  does  not  adequately  capture  long-range
dispersion interactions [38], thereby underestimating the CH4-ZIF-
8  interactions.  However,  even  with  dispersion  corrections  applied,
significant  discrepancies  persist  among  the  three  models.
Specifically,  NEP89  provides  the  most  accurate  description,
capturing  both  the  isotherm  shape  and  capacity,  with  an  average
deviation  of  less  than  10%  from  experimental  data.  In  contrast,
MACE-Mat captures the overall trend but slightly overestimates the
adsorption  amount,  with  an  average  deviation  exceeding  100%.
Notably,  we  screened  multiple  pre-trained  MACE  foundation
models  (differing in training data,  level  of  theory and model  size),
and found that MACE-Mat offers the best performance (Fig. S3 in
the  ESM).  Conversely,  ORB  v3  exhibits  a  drastic  overestimation,
predicting a capacity 373.8% higher than the experimental value at
pressure  as  low  as  0.2  bar.  For  reference,  the  standard  empirical
force  field  yields  a  slight  overestimation  of  the  experimental
capacity.

Given  that  gas–gas  interactions  are  relatively  weak  in  the  low-
loading regime [72, 73], the observed deviation in isotherms may be
primarily attributed to the differences in the framework-guest (ZIF-

 

e−β∆E μexcess KH ∆E
Nabsolute Nexcess ⟨·⟩

Figure 1    Overview of the HULU package and its typical workflow. HULU provides a unified MC sampling core interfaced with different energy calculators, including
empirical FFs, MLPs, and DFT. The sampling core consists of three simulation modules, Widom insertion, GCMC, and CMC, covering the most common adsorption
simulation  tasks.  A  typical  workflow  includes  calculator  setup,  simulation  execution,  and  automated  extraction  of  adsorption-related  outputs.  Widom  insertion  yields
thermodynamic  descriptors  such  as  Boltzmann  factor  ( ),  excess  chemical  potential  ( ),  Henry  constant  ( ),  and  insertion  energy  ( ),  while  GCMC
simulations provide adsorption statistics including absolute ( ) and excess adsorption ( ). Angle brackets  denote ensemble averages.
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8-CH4)  interactions  predicted  by  each  MLP.  To  quantify  these
interactions, we calculated the Henry constants (KH) for each model
(Fig.  3(c)).  Consistent  with  the  isotherm  trends,  NEP89  yields  a
Henry  constant  of KH =  2.55  ×  10−6 mol·kg−1·Pa−1,  which  is
remarkably  close  to  the  experimental  value  (2.24  ×  10−6

mol·kg−1·Pa−1). In sharp contrast, ORB v3 predicts a Henry constant
of  5.67  ×  10−5 mol·kg−1·Pa−1,  overestimating  the  experimental  value
by  more  than  one  order  of  magnitude.  Both  MACE-Mat  and  the
empirical  force  field  yielded  moderately  larger  Henry  constants,
consistent  with  their  tendency  to  overestimate  CH4 uptakes
compared  to  experiment  (Fig.  3(b)).  These  results  provide  a
straightforward explanation for the discrepancies in the adsorption
isotherms:  over-binding  between  the  framework  and  guest
molecules leads to artificially enhanced adsorption. However, since

the Henry constant strictly characterizes the infinite-dilution limit, a
more  comprehensive  analysis  covering  the  full  loading  will  be
presented in Section 3.4.

To  further  analyze  the  microscopic  behavior  predicted  by  the
three  MLPs,  we  generated  400  representative  configurations  via
Widom insertion and evaluated their insertion energies (ΔE) at the
benchmark PBE + D3(BJ)  level.  Low-energy regions are  identified
near both the 6MR and 4MR windows of ZIF-8, in good agreement
with  experimentally  reported  adsorption  sites  [19].  Conversely,
relatively  high  ΔE values  were  observed  at  the  center  of  the  6MR
window. This energy barrier arises from steric hindrance, given that
the  kinetic  diameter  of  CH4 (~  3.8  Å)  [74]  exceeds  the  nominal
aperture  size  of  ZIF-8  (~  3.4  Å)  [46].  The  spatial  density
distributions of CH4 predicted by the three MLPs (Fig. 3(e)) exhibit

 

Figure 2    Validation of HULU against established simulation packages. (a) RDFs of bulk CH4 obtained from simulations of 32 CH4 molecules in a 30 Å × 30 Å × 30 Å
cubic box using both empirical FFs and MLPs. Results from MC simulations with HULU were compared with MD simulations performed using LAMMPS, GPUMD
and ASE. Results for other CH4 loadings were provided in Fig.  S2 in the ESM. (b) Adsorption isotherm of CH4 in ZIF-8 computed using HULU and compared with
results  from  RASPA2.  (c)  Heats  of  adsorption  and  Henry  constants  of  CH4 in  ZIF-8  obtained  from  HULU  and  RASPA2.  Error  bars  represent  standard  deviations,
calculated from five-block averaging of Widom insertion data. Those for RASPA2 are too small to be visible. (d) Equilibrium density distributions of CH4 within ZIF-8
predicted by HULU, RASPA2, and LAMMPS. The density distributions were sampled from canonical (NVT) trajectories at a loading of 7 CH4/unit cell.
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pronounced  differences.  MACE-Mat  only  captures  the  adsorption
site  near  the  6MR,  while  both  NEP89  and  ORB  v3  identify
adsorption  sites  near  both  the  6MR  and  4MR.  However,  ORB  v3
exhibits a highly localized distribution, indicating excessively strong
host–guest  interactions.  This  observation  is  consistent  with  its
severely  overestimated  uptakes  (Fig.  3(b))  and  Henry  constant
(Fig. 3(c))

 3.4    Origins of performance discrepancies among MLPs
As  previously  discussed,  NEP89  yields  adsorption  isotherms  in
close  agreement  with  experiment,  whereas  MACE-Mat  and  ORB
v3  overestimate  CH4 uptake  in  ZIF-8.  This  discrepancy  motivates
us to further examine the interaction energies predicted by the three
models.

To  quantify  these  interaction  energies,  we  compared  Widom
insertion  energies  (ΔE)  predicted  by  the  MLPs  against  those
obtained  from  benchmark  DFT  calculations.  With  dispersion
corrections  applied  on  MACE-Mat  and  ORB  v3,  all  three  models
exhibit moderate deviations from PBE-D3(BJ) (Fig. 4(a)). However,
when  DFT-D3(BJ)  dispersion  corrections  were  removed,  the
deviations  predicted  by  both  ORB  v3  and  MACE-Mat  increased
substantially  (Fig.  S4  in  the  ESM),  indicating  weaker  binding.  In
particular,  the  RMSE  for  MACE-Mat  increases  dramatically  from
5.47  to  13.70  kJ·mol−1,  indicating  a  strong  underestimation  of
host–guest interactions.

To  further  investigate  the  influence  of  dispersion  interactions,
Henry constants were recalculated without applying DFT-D3(BJ) to
MACE and ORB v3.  As  shown in  Fig.  S5  in  the  ESM,  the  Henry
constants  obtained  without  DFT-D3(BJ)  corrections  are  not  only
markedly  lower  than  the  dispersion-corrected  values,  but  also

significantly  underestimated  relative  to  the  experimental  values.
This  underestimation  is  directly  reflected  in  the  adsorption
isotherms,  i.e.,  the  nearly  negligible  CH4 uptake  predicted  by
MACE  and  ORB  v3  in  the  absence  of  dispersion  corrections
(Fig. 3(b)).

e−β∆E

Although  the  critical  role  of  dispersion  corrections  has  been
established, analyzing insertion energies (ΔE) alone is insufficient to
fully  explain  the  pronounced  differences  in  adsorption  behavior
predicted by the  three  models.  In  statistical  mechanics,  adsorption
properties  are  governed by Boltzmann-weighted statistics,  where  a
small subset of configurations may dominate the ensemble average
[67].  This contribution can be quantified by the Boltzmann factor,

. As shown in Fig. 4(b), NEP89 reproduces the DFT-calculated
Boltzmann  weighted  distribution.  In  contrast,  MACE-Mat  and
ORB  v3  exhibit  disproportionately  high  contributions  from  low-
energy  states,  leading  to  systematic  overestimation  of  adsorption
properties (e.g., CH4 uptake and Henry constants).

Notably,  for  MACE-Mat,  only  2  out  of  200  Widom  insertion
configurations  account  for  approximately  80%  of  the  total
Boltzmann-weighted  sum.  As  discussed  earlier  (Fig.  3(e)),  this
artifact  stems  from  a  specific  overestimation  of  interactions  near
6MR  window.  Similarly,  for  ORB  v3,  the  weighted  probability
distribution is systematically shifted toward lower ΔE values relative
to PBE-D3(BJ) benchmark, resulting in inflated adsorption statistics
across the board.

Crucially,  in  GCMC  simulations,  differences  in  the  ΔE
distributions  predicted  by  the  three  MLPs  lead  to  distinct
Boltzmann-weighted statistics, which directly dictate the acceptance
probabilities  of  insertion  and  deletion  moves.  Due  to  the
exponential  nature  of  the  Metropolis  acceptance  rule  [67],  even

 

Figure 3    Comparison of CH4 adsorption in ZIF-8 using three MLPs. (a) Simulation system of CH4 adsorption in ZIF-8. (b) CH4 adsorption isotherms predicted by three
MLPs,  MACE-Mat,  NEP89,  and  ORB  v3,  compared  with  results  from  experiment  and  an  empirical  force  field.  The  adsorption  reported  here  corresponds  to  excess
adsorption. (c) Henry constants of CH4 in ZIF-8 calculated by Widom insertion using three MLPs. Error bars represent standard deviations, calculated from five-block
averaging of Widom insertion data. The experimental Henry constant [75] is shown for reference. (d) Distribution of Widom insertion energies (ΔE) evaluated at the PBE-
D3(BJ)  level.  (e)  Spatial  density  distributions  of  CH4 in  ZIF-8  predicted  by  MACE-Mat,  NEP89,  and ORB v3,  highlighting  differences  in  preferential  adsorption sites.
These density distributions were obtained from canonical MC simulations using a single CH4 molecule, corresponding to the infinite-dilution situation.
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minor  energetic  discrepancies  are  significantly  amplified.  For
example, under identical simulation conditions (same temperature,
pressure,  and  empty  framework),  a  shift  of  10  kJ·mol−1 in  ΔE can
lead  to  up  to  ~  5000%  change  in  the  acceptance  probability
(Eq. (3)). As shown in Fig. 4(c), ORB v3 yield systematically larger
Boltzmann factors for insertion moves by predicting more negative
ΔE values  (Fig.  4(d)).  Concurrently,  it  imposes  higher  energy
barrier  that  suppresses  particle  removal  (Figs.  4(e) and 4(f)).  This
asymmetry between insertion and deletion acceptance probabilities
biases the sampling toward higher loadings, directly resulting in the
overestimated adsorption isotherms. MACE-Mat exhibits behavior
intermediate  between  NEP89  and  ORB  v3,  yielding  adsorption
uptakes that fall between the two.

Overall,  the  divergence  in  adsorption  predictions  among  the
MLPs  can  be  traced  to  the  exponential  amplification  of  small  ΔE
biases through Boltzmann-weighted MC sampling. A fundamental
limitation  is  that  most  MLPs  employ  relatively  short  interaction
cutoffs (typically 5–7 Å) [76], rendering them inherently incapable
of capturing long-range dispersion interactions that are essential for
adsorption. Consequently, we highlight that explicitly incorporating

long-range dispersion interactions (e.g., DFT-D3) [77] is not merely
an enhancement but a necessity for accurate MLP-based adsorption
simulations.

 4    Conclusion
In  this  work,  we  developed  HULU,  a  flexible  MC  package  for
adsorption  simulations,  allowing  for  the  seamless  integration  of
empirical  force  fields,  DFT,  and  MLPs.  Built  on  the  ASE,  HULU
implements  Widom  insertion,  GCMC,  and  CMC  modules,
enabling  the  calculation  of  a  comprehensive  suite  of  adsorption
properties. Extensive validation confirms that HULU yielded RDFs,
adsorption  isotherms,  and  thermodynamic  descriptors  that  are  in
excellent  agreement  with  both  MD  simulations  (using  MLPs  and
empirical  FFs)  and established adsorption simulation codes  (using
empirical FFs only).

Leveraging  HULU  as  a  versatile  platform,  we  systematically
evaluated  the  performance  of  three  representative  MLPs  (NEP89,
MACE-Mat and ORB v3) for CH4 adsorption in ZIF-8, using their
latest  recommended  pre-trained  foundation  models.  Pronounced
performance  differences  were  observed:  NEP89  yields  adsorption
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Figure 4    Origins of performance discrepancies among MLPs revealed by Widom and GCMC statistics. (a) Comparison of Widom insertion energies (ΔE) predicted by
MLPs  with  reference  PBE-D3(BJ)  calculations  for  CH4 in  ZIF-8,  with  the  corresponding  RMSE  values.  (b)  Cumulative  Boltzmann-weighted  contributions, .  (c)
Average  Boltzmann factors  for  insertion  moves.  (d)  Cumulative  Boltzmann-weighted  contributions  for  GCMC insertion  moves.  (e)  Average  Boltzmann
factors  for  deletion  moves.  (f)  Cumulative  Boltzmann-weighted  contributions  for  GCMC  deletion  moves.  In  panels  (c)  and  (e),  the  average  Boltzmann
factors quantify the effective energetic favorability of particle insertion and deletion in GCMC simulations. In panels (b), (d) and (f), the shaded region denotes the ΔE
interval contributing to 80% of cumulative Boltzmann weight sampled from Widom insertion or GCMC simulations. These curves start from non-zero values because
they are constructed from discretely sampled ΔE values (see “Computational details” section for details).
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isotherms  consistent  with  experimental  trends,  whereas  MACE-
Mat  slightly  overestimates  the  adsorption  capacity,  and  ORB  v3
exhibits substantial overestimation. These discrepancies were traced
to  differences  in  the  predicted  framework-guest  interactions,  as
indicated  by  Henry  constants.  Through  a  detailed  analysis  of
Widom  insertion  energies,  we  demonstrated  that  while  NEP89
accurately  reproduces  the  Boltzmann-dominant  energy
contributions  (verified  at  the  PBE-D3(BJ)  level),  the  other  models
deviate.  Specifically,  MACE-Mat  is  disproportionately  biased  by  a
small number of low-energy configurations, while ORB v3 shows a
systematic overestimation of framework–guest interaction energies.
Crucially,  our  results  highlight  that  an  accurate  description  of
dispersion  interactions  is  a  prerequisite  for  reliable  MLP-based
adsorption  simulations.  Collectively,  the  HULU  package  and  the
mechanistic insights provided here establish a solid foundation for
extending  high-accuracy  machine  learning  potentials  to  the
screening and design of nanoporous materials.

 Electronic  Supplementary  Material: Supplementary  material
(additional  figures  on  GCMC  convergence,  RDFs,  adsorption
isotherms,  Widom  insertion  energies,  and  Henry  constants)  is
available  in  the  online  version  of  this  article  at https://doi.org/
10.26599/NR.2026.94908548.
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