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SUMMARY

Direct air capture (DAC) of CO2 is necessary for climate change mitigation, but it faces challenges from low 

CO2 concentrations and competition from water vapor. Metal-organic frameworks (MOFs) hold significant 

promise for DAC owing to their high surface area and adsorption-based capture processes. However, iden

tifying optimal MOFs is hindered by structural complexity and vast chemical diversity. Here, we introduced a 

machine learning force field (MLFF) tailored for CO2 and H2O interactions in MOFs by fine-tuning a foundation 

model. To address smoothing issues and catastrophic forgetting, we curated the GoldDAC dataset and intro

duced a continual learning scheme. We further developed DAC-SIM, a molecular simulation package inte

grated with MLFF, including a Widom insertion. Then, we screened an extensive MOF database, uncovering 

high-performing MOFs and identifying chemical features for DAC applications. This approach overcomes 

prior limitations in describing MOF-CO2 and MOF-H2O interactions, providing a scalable and accurate frame

work for DAC research of porous materials.

INTRODUCTION

The average global temperature has been steadily rising since 

the late 19th century and was approximately 1.2◦C degree 

warmer in 2023 than the pre-industrial average.1 This warming 

is largely driven by greenhouse gas emissions, with CO2 ac

counting for more than 60% of the effect.2 Among various stra

tegies to manage CO2 emission levels, direct air capture (DAC) 

offers a solution by capturing CO2 directly from ambient air.3,4

This process is challenging due to trace amounts of CO2 concen

tration (approximately 400 ppm) and low selective capturing of 

CO2 over atmospheric water vapor.

To date, DAC technologies have predominantly relied on 

chemisorption of CO2 using amines and solid alkali hydroxides, 

due to their strong affinity for CO2.5,6 However, the regeneration 

of adsorbents is the dominant source of the total operational 

costs.7,8 To mitigate these issues, physisorption-based mate

rials with weaker CO2 interactions have been explored to reduce 

PROGRESS AND POTENTIAL Capturing CO2 directly from ambient air, known as direct air capture (DAC), is 

essential for achieving net-zero emissions. Metal-organic frameworks (MOFs) are promising porous solids 

for DAC, but existing computational methods either take a long time or lack the accuracy needed to model 

CO2 and H2O adsorption within the MOFs. As a result, high-throughput screenings via computational simu

lation struggle to identify the most effective materials for DAC. To overcome this challenge, we developed an 

artificial intelligence-accelerated adsorption simulation framework built on a machine learning force field 

(MLFF) that captures MOF-CO2 and MOF-H2O interactions both quickly and accurately. It enabled the 

screening of more than 8,000 MOFs, uncovering more than 100 high-potential candidates that conventional 

simulations missed. This computational platform can easily be adopted by researchers and industry to accel

erate the discovery of porous materials for DAC and other gas separation needs. Our approach could enable 

more efficient, cost-effective carbon capture technologies and support global emission reduction goals. 

Matter 8, 102203, July 2, 2025 © 2025 Elsevier Inc. 1 
All rights are reserved, including those for text and data mining, AI training, and similar technologies.

Please cite this article in press as: Lim et al., Accelerating CO2 direct air capture screening for metal-organic frameworks with a transferable machine 

learning force field, Matter (2025), https://doi.org/10.1016/j.matt.2025.102203

ll

mailto:a.walsh@imperial.ac.uk
mailto:jihankim@kaist.ac.kr
https://doi.org/10.1016/j.matt.2025.102203


regeneration costs with repeated usage.9 Among these, metal- 

organic frameworks (MOFs) stand out due to their high surface 

area and remarkable tunable properties.10,11 However, the 

chemical space for forming MOFs is vast due to the large number 

of possible chemical building blocks and topologies.

To expedite the identification and design of promising MOFs for 

CO2 capture, large-scale screening has been widely applied.12–17

These are typically based on classical molecular simulations with 

force fields, such as universal force fields (UFFs)18 with point 

charges (e.g., Qeq,19 EQeq, 20 and density-derived electrostatic 

and chemical [DDEC]21). For CO2 capture, Boyd et al.15 designed 

new MOFs suitable for flue gas CO2 capture by introducing CO2- 

responsive pockets acquired from screening results. Findley and 

Sholl16 screened the CoRE MOF database to evaluate whether 

MOFs are suitable for DAC application. While these methods 

are time efficient, they struggle to accurately describe the interac

tion between the MOF frameworks and the gas molecules, such 

as CO2 and H2O, due to the diversity of chemical environments 

and the complexity of the short-range potential energy land

scape.22,23 While ab initio calculations offer a more accurate alter

native by explicitly accounting for electron density distributions 

and have been shown to closely match experimental adsorption 

behavior in many cases,22,24 the computational cost increases 

substantially and are impractical for large-scale screening or 

extensive data accumulation for porous solids.

Machine learning force fields (MLFFs) have come to the fore

front to tackle this challenge (Figures 1A and 1B), combining 

the low computational cost of classical force fields with the 

high accuracy of ab initio methods.25–27 While various materials 

including alloys, metal oxides, and perovskites have been widely 

studied,28–30 the applications of MLFF for MOFs have still been 

limited, especially for heterogeneous systems that contain the 

MOF material itself and the guest molecules. Although a few 

studies have explored the development of MLFFs for the com

bined system of MOF with gas molecules such as CO2 or 

H2,31–34 the transferability across different MOF systems re

mains significantly limited. This limitation is primarily due to the 

lack of comprehensive databases that contain density functional 

theory (DFT) simulation data involving the combined system of 

MOFs with gas molecules.

In this work, we introduce an MLFF that is both accurate for 

DAC applications and transferable across a wide range of 

MOFs, as shown in Figure 1A. We used the term transferable 

to highlight that the MLFF models in this work are applicable to 

various MOFs for adsorption modeling, especially for CO2 and 

H2O. By including configurations of MOFs interacting with CO2 

and H2O gas molecules contained in our curated GoldDAC data

set, we fine-tuned a foundation model35 that was pre-trained on 

diverse crystalline compounds. To deploy this model, we have 

developed the DAC-SIM package, which combines our MLFF 

with the statistical Widom insertion method,36 molecular dy

namics, and structure optimization. We used DAC-SIM to 

conduct high-throughput screening of 8,131 experimental 

MOFs in the CoRE MOF database.37 Comparison of the 

A

C

B

Figure 1. Overview of our computational approach for CO2 capture implemented in DAC-SIM 

(A) Schematic representation of the transferable MLFF across MOFs for DAC applications. 

(B) Comparison of computational cost in terms of the number of iterations required in MC simulations for DFT, MLFF, and classical force fields. 

(C) Workflow for calculating the Qst and KH using MC simulations, leveraging Widom insertion integrated with MLFFs.
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distributions in CO2 adsorption and selectivity highlights several 

limitations in the traditional screening approach and we identify 

several novel candidates and design principles.

RESULTS

Monte Carlo simulation for DAC application

A key challenge for DAC lies in identifying materials that exhibit 

strong CO2 affinity and high selectivity over H2O. To address 

this, Monte Carlo (MC) simulations such as Widom insertion 

and grand canonical MC (GCMC) under rigid framework as

sumptions are used to determine gas adsorption properties of 

materials by calculating the heat of adsorption (Qst) and Henry’s 

law coefficient (KH).38 These ensemble-averaged properties 

enable a more comprehensive evaluation than relying solely on 

single configuration properties, such as adsorption energies at 

the most likely stable binding sites.

The Widom insertion method, as outlined in Figure 1C, is well 

suited for DAC under the condition of low CO2 concentra

tion,16,39,40 where modeling a dilute system is applicable. The 

simulation involves numerous individual calculations to build 

the ensemble, where single gas molecules are randomly inserted 

into MOF frameworks to compute the ensemble-averaged inter

action energy. The interaction energy Eint is determined from:

Eint = E(system) − E(MOF) − E(gas);

where E(system) represents the potential energy of the MOF 

with the adsorbed gas, and E(MOF) and E(gas) correspond 

with the potential energies of the MOF framework and gas mol

ecules (e.g., CO2 or H2O), respectively. This approach allows for 

the calculation of both Qst and KH from statistical mechanics:

ΔHads = − Qst =
〈Eint exp (− βEint)〉

〈exp (− βEint)〉
− kβT 

KH = β〈exp (− βEint)〉;

where ΔHads is the enthalpy of adsorption, β represents the in

verse of the thermal energy, defined as β = 1
kβT

, where kβ is the 

Boltzmann constant and T is the temperature. Without the 

contribution from the thermal term kβT in Qst, the value repre

sents the ensemble-averaged interaction energy, denoted as 

Δhi.

Fine-tuning of foundation model

A variety of advanced MLFFs (e.g., MACE,41 CHGNet,42

M3GNet,43 and SevenNet44) have been developed that accu

rately reproduce the DFT results for a diverse set of crystalline 

materials. These models have undergone extensive pre-training 

on datasets with total DFT energies (E) and atomic forces (F), 

mainly sampling from geometry optimization trajectories such 

as MPtrj.42 Among these, MACE-MP-0 model (referred to here

after as MACE-MP for simplicity)35 stands out with its combina

tion of the atomic cluster expansion for structure representation 

with equivariant and high body-order message passing graph 

neural networks for regression. The pre-training datasets for 

these models are dominated by inorganic compositions with 

fewer organic and organic-inorganic solids; however, the 

MACE-MP model has shown reasonable preliminary results on 

MOF systems.35 Therefore, we have built on this work to fine- 

tune a transferable MLFF, termed MACE-DAC, tailored to 

MOFs and their interaction with relevant gases.

GoldDAC dataset

One of the primary challenges in fine-tuning models is the risk of 

severe overfitting to the limited fine-tuning dataset. When fine- 

tuning the pre-trained foundation models for MLFFs, Deng 

et al.45 highlight a critical issue referred to as smoothing (or soft

ening), which refers to the degradation in a model’s ability to 

accurately predict the non-equilibrium regions of potential en

ergy surface (PES), as shown in Figure 2A. It arises from the 

reason that the training data used for MLFF development is pre

dominantly concentrated around 0K equilibrium configurations 

(hereafter referred to as equilibrium configurations), which corre

spond with the local minimum on the PES. The smoothing be

comes more pronounced during fine-tuning than the pre-training 

stage, as this process typically involves updating the pre-training 

model with a limited dataset.

Accurately predicting the entire PES is particularly crucial for 

calculating gas adsorption properties via the Widom insertion 

method. Properties such as Qst and KH values are sensitive to 

small errors in the PES, especially in regions where the interac

tion energy is less than zero. These errors, stemming from the 

exponential weighting of energy terms, can lead to significant 

deviations in predicted adsorption properties. For instance, 

while equilibrium regions of the PES are generally well modeled, 

inaccuracies in the repulsion region can alter the slope of the 

PES, leading to notable errors in derived thermodynamic 

properties.

To overcome this challenge, we created the GoldDAC dataset 

that involves DFT results from CO2 + MOF, H2O + MOF, MOF, 

and gas molecule calculations. This dataset enables fine-tuning 

to enhance model performance across the entire PES, encom

passing not only equilibrium regions but also the repulsive and 

weak-attraction regions. The training and validation sets were 

constructed from 60 structures, with three structures randomly 

sampled for each of the 20 most frequently occurring metals in 

the ODAC23 dataset.39 The ODAC23 database is a comprehen

sive database including adsorption calculations of an MOF sys

tem for DAC applications at the DFT level.

Since the interaction energy depends not only on the energy of 

the combined system (the MOF with gas molecule) but also on 

the individual energies of the framework and the gas molecules 

(e.g., CO2 and H2O), both configurations were included in the 

training and validation sets. For robust training, PES data from 

two of these structures were randomly allocated to the training 

set, while data from the remaining structure were used for valida

tion. Since the dataset was developed for DAC application, the 

test set comprises 26 MOFs identified in the literature as prom

ising for CO2 capture. Overall, as shown in Table S1, 784 DFT 

calculations (720 for MOF + gas, 60 for MOF, and 4 for gas) 

were conducted to construct the training and validation sets, 

and an additional 312 DFT calculations were conducted to 
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construct a test set. Details of data construction for GoldDAC 

dataset are provided in the Methods section.

Continual learning

Figure 2C presents the performance evaluation of the fine-tuning 

model using the GoldDAC dataset. This analysis encompasses 

both the foundational MACE-MP model and its variant, MACE- 

MP-0b that incorporates the analytic Ziegler-Biersack-Littmark 

repulsive potential to remove pathologies in the PES at short dis

tances.46 The mean absolute error (MAE) for the average of total 

PES data, denoted as ‘All’ in Figures 2C and Table 1, exhibits a 

notable reduction compared with the original foundation models 

with respect to interaction energy and force predictions. This 

improvement is mainly attributed to enhance predictive accu

racy in the repulsive region of the fine-tuning model, assisted 

by configurations sampled by GoldDAC dataset.

The fine-tuning model does decline in performance within the 

equilibrium and weak attraction regions compared with the pre- 

training MACE-MP models. This degradation can be attributed 

to the complexity in the interaction energy, which is not deter

mined solely by the combined system’s total energy but by its 

energy relative to the isolated framework and gas molecule. 

A

C

B

Figure 2. Fine-tuning strategy for the 

MACE-DAC force field 

(A) Smoothing problem during the fine-tuning 

stage, highlighting the GoldDAC dataset which 

samples repulsive (R), equilibrium (E), and weak- 

attraction near pore center (W) regions of the PES. 

(B) Continual learning framework transitioning 

from pre-training on inorganic materials to 

MOFs while preserving the pre-training model’s 

knowledge. 

(C) MAE values for the test set of the GoldDAC 

dataset, comparing the performance of MACE- 

MP, MACE-MP-0b, MACE-DAC-0 (fine-tuning), 

and MACE-DAC-1 (continual learning) models in 

terms of interaction energy and force predictions.

The fine-tuning process can disrupt the 

delicate balance originally established 

with biases toward the data represented 

in the fine-tuning dataset. This issue 

aligns with the phenomenon of ‘‘cata

strophic forgetting,’’ wherein knowledge 

acquired during pre-training is disrupted 

or overwritten during the subsequent 

fine-tuning process.47,48

To remedy this issue, we implemented 

a refined fine-tuning strategy with 

continual learning loss.49,50 This additional 

loss term is designed to preserve the pre- 

training model’s knowledge during the 

fine-tuning. Specifically, the continual 

learning loss is implemented by freezing 

the weights of the pre-training model and 

minimizing discrepancies in energy and 

force predictions between the pre-training 

and the fine-tuning model during the fine- 

tuning process, as illustrated in Figure 2B. This approach ensures 

that the fine-tuning process does not introduce significant devia

tions from the pre-training model, thereby ensuring the original en

ergy balance between components in the interaction energy 

calculation.

By introducing this regularization loss, the fine-tuning process 

is guided to adapt more gradually to the new MOF data while re

taining the knowledge learned from pre-training on inorganic 

materials. As shown in Figure 2C, this method prevents perfor

mance degradation in the equilibrium and weak-attraction re

gions, observed in the fine-tuning model without the continual 

learning loss (termed as MACE-DAC-0), while maintaining the 

trend that significantly reduces loss in the repulsion region. 

Therefore, the continual learning model (termed as MACE- 

DAC-1) achieved the lowest MAE across all PES data. Further

more, continual learning contributes to a stable reduction in 

force prediction loss, thereby enabling the model to achieve 

the highest performance in force predictions as well. In MACE- 

DAC-1, some configurations with 3D transition metals, open 

metal sites, and repulsion regions showed high force errors, indi

cating still minor challenges in capturing unusual chemical envi

ronments. However, our MLFF outperformed the MACE-MP 
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model, demonstrating its practical advantages (Figures S3 and 

S4). The corresponding parity plots and MAE values for all four 

models are provided in Figures S2–S5 and Table S2, 

respectively.

As shown in Figure S5, the MACE-DAC-0 model shows lower 

MAE for the total energy of the system. Nonetheless, the MACE- 

DAC-0 model underperforms compared with the MACE-DAC-1 

model in terms of interaction energy. Continual learning regulari

zation effectively maintains the balance among different energy 

components during fine-tuning.

High-throughput MOF screening

To facilitate the deployment of MLFFs for DAC applications, we 

have developed a Python package, DAC-SIM, to perform the 

necessary molecular simulations in a computationally efficient 

manner. Using this package, Widom insertion simulations were 

conducted to calculate the Qst at zero loading and KH for struc

tures within the CoRE MOF database. During the simulations, the 

framework atoms were fixed.

Initially, 8,131 MOFs were selected for Widom insertion simu

lation, after excluding MOFs containing more than 250 atoms in 

their unit cells for computational efficiency during large-scale 

screening. Subsequently, geometry optimizations were carried 

out using MACE-DAC-1, where the details of geometry optimiza

tion are provided in the methods section. Following these optimi

zations, Qst and KH values were calculated by the Widom 

insertion simulations for 6,461 MOFs, after excluding MOFs 

encountering convergence issues and consistency problems 

(where the standard deviation from two repeated folds of aver

aged interaction energy calculations exceeded 0.05 eV, detailed 

analysis on statistical noise was provided in Note S2 and 

Figure S30).

Figure 3A shows the calculated Qst values for CO2 and H2O, 

which are predominantly located between 20 and 40 kJ/mol. 

Previous studies suggest that MOFs with CO2 Qst exceeding 

50 kJ/mol are regarded as promising for DAC application within 

physisorption mechanism.16,39 In line with this criterion, it is 

observed that 364 MOFs (5.63%) exhibit CO2 Qst values 

exceeding 50 kJ/mol, and 167 of them even surpass those for 

H2O. Figure 3B presents the relationship between Qst for CO2 

and the selectivity derived from the ratio of KH for CO2 to H2O. 

Although KH generally follows the trend of Qst as shown in 

Figure S6, given that selectivity is typically calculated using KH 

rather than Qst, this study uses the KH ratio to define selectivity. 

Consequently, a total of 161 MOFs were identified as promising 

candidates for DAC application, characterized by CO2 Qst values 

of greater than 50 kJ/mol and demonstrating high selectivity for 

CO2 over H2O. While both Qst and KH have limitations in 

capturing the strong H2O-H2O interactions that become signifi

cant at high relative humidity, our analysis in Figure S8A shows 

that more than 67% of the candidate materials possess relatively 

small pores (largest cavity diameter [LCD] of <5.3 Å, approxi

mately twice the kinetic diameter of a H2O molecule). These 

confined pore sizes are likely to suppress the formation of water 

clusters, thereby making Qst and KH suitable as initial thermody

namic descriptors for screening candidates in DAC applications.

Single interaction energy versus ensemble-averaged 

property

In contrast with the MC method that computes ensemble-aver

aged properties for gas adsorption, an alternative approach 

can use single configuration properties such as the lowest inter

action energy at the most favorable binding site within a given 

MOF framework. This approach, used in the ODAC23,39 involved 

calculating the lowest interaction energy (adsorption energy in 

original paper) at the most favorable binding site within a given 

MOF framework using DFT. To identify the most stable adsorp

tion site, it begins with generating potential sites through clas

sical force fields or random selection, yielding multiple candidate 

configurations per structure. MOFs with fewer than four config

urations were excluded in this work. Each configuration then un

dergoes geometry optimization via DFT to identify the most ener

getically favorable binding site.

Although this approach is effective for identifying the optimal 

interaction site, it may not represent the overall gas adsorption 

performance of MOFs. Indeed, the lowest CO2 interaction en

ergy of 2,794 MOFs derived from the ODAC23 database and 

the corresponding Qst values for CO2 calculated by DAC-SIM 

do not exhibit a strong correlation, as shown in the scatterplot 

in Figure 3C. The same trend was observed for the H2O molecule 

in Figure S7.

The ensemble-averaged gas adsorption properties are influ

enced not only by chemical environment but also by various geo

metric features such as accessible pore diameter, void fraction, 

Table 1. Performance evaluation on the GoldDAC test set

Model Property All Repulsion Equilibrium Weak attraction

MACE-MP interaction energy 0.315 0.805 0.090 0.063

force 0.136 0.160 0.124 0.124

MACE-MP-0b interaction energy 0.294 0.587 0.173 0.140

force 0.119 0.127 0.116 0.115

MACE-DAC-0 (fine-tuning) interaction energy 0.208 0.429 0.151 0.079

force 0.114 0.123 0.110 0.109

MACE-DAC-1 (continual learning) interaction energy 0.188 0.441 0.096 0.049

force 0.098 0.109 0.093 0.093

MAE values for MACE-MP, MACE-MP-0b, MACE-DAC-0 (fine-tuning), and MACE-DAC-1 (continual learning) models are calculated with the GoldDAC 

test set, evaluated in terms of interaction energy and forces. The units of MAEs are provided as eV and eV/Å. 

The best-performing value is indicated in bold, and the second-best (runner-up) is indicated in italic.
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and surface area, which are not accounted for in the single 

configuration approaches. Figure S8 demonstrates that Qst 

and selectivity values based on KH have strong correlations 

with these geometric features. For instance, when the LCD is 

close to the kinetic diameter of CO2 (approximately 3.3 Å), 

both the CO2 Qst and CO2 selectivity tend to be high. Therefore, 

particularly in MOFs with larger pores, using ensemble-averaged 

properties is more effective in assessing gas adsorption 

performance.

Comparison with classical force field simulations

The Widom insertion simulation results derived from our devel

oped MLFF (MACE-DAC-1) using DAC-SIM were systematically 

compared with those obtained from a classical force field 

approach. In the classical method, the UFF18 combined with 

DDEC charges21 (hereinafter referred to as UFF + DDEC) were 

used to simulate the CO2 and the H2O adsorption properties in 

the MOFs.16,17,51 UFF is interatomic potential consisting of 

empirical parameters and DDEC charges are derived from DFT 

calculations. UFF + DDEC were only used for framework atoms 

and customized force fields provided for CO2 and H2O mole

cules were used to model them. A total of 2,654 MOFs, having 

the calculated DDEC charges provided by Kancharlapalli 

et al.52 were used for this analysis.

Figures 4A, 4B, and S9 present the Qst distributions for CO2 

and H2O, respectively, as computed using the DAC-SIM pack

age with the developed MLFF and the RASPA software53 with 

the UFF + DDEC method. The overall distribution of CO2 Qst 

A

C

B Figure 3. Overall screening results using 

DAC-SIM 

(A and B) Scatterplots showing the relationship 

between (A) CO2 Qst and H2O Qst, and (B) CO2 Qst 

and selectivity, with selectivity depicted on a log 

scale for convenience. The shaded regions in 

(A) and (B) indicate the promising areas for DAC of 

CO2 (CO2 Qst > 50 kJ/mol and CO2 Qst > H2O Qst 

for [A]; CO2 Qst > 50 kJ/mol and selectivity >1 for 

[B]). 

(C) A schematic and a scatterplot illustrating dis

crepancies between the lowest interaction energy 

and Qst. Qst were calculated using MACE-DAC-1 

with DAC-SIM package and the interaction en

ergies were directly obtained from ODAC23 data

base. Possible insertion areas are schematically 

depicted as gray shade areas within the pore.

values from DAC-SIM closely resembles 

that obtained with UFF + DDEC; howev

er, a notable difference is a minor peak 

at the lower range near 0 kJ/mol. As 

shown in Figure S10, the LCD distribution 

of these MOFs exhibiting CO2 Qst values 

below 2.5 kJ/mol shifts to a lower range 

compared with the structures before un

dergoing geometry optimization. That is, 

the shrinkage in pore size occurred 

during the prior geometry optimization 

stage before Widom insertion simulation, 

thereby preventing them from accommodating CO2 molecules. 

This highlights the advantage of DAC-SIM, enabling computa

tionally efficient geometry optimization with accuracy near that 

of DFT prior to Widom insertion simulation, by improving force 

predictions in the fine-tuning stage.

Notably, the distributions of H2O Qst reveal substantial differ

ences, particularly in the high Qst range. While most MOFs 

have H2O Qst values of less than 100 kJ/mol in the DAC-SIM cal

culations, more than 17.8% of MOFs exceed 100 kJ/mol when 

using UFF + DDEC. These higher Qst values in the UFF + 

DDEC calculations are primarily associated with MOFs contain

ing lanthanide metals. Figure S11 shows the most frequently 

observed metal types in MOFs with H2O Qst values exceeding 

100 kJ/mol in UFF + DDEC calculations, largely comprising 

lanthanide elements such as Gd, Nd, Tb, La, Er, Pr, Dy, Ce, 

Sm, Ho, and Tm.

Figure S12 further indicates that there is no significant devia

tion in distribution between the overall and lanthanide MOFs 

regarding the lowest interaction energies from the ODAC23 

database based on DFT calculations, while a pronounced in

crease in Qst values is observed for lanthanide MOFs in UFF + 

DDEC calculations. It suggests that the UFF + DDEC method im

plemented to the framework atoms tends to overestimate Qst 

values for H2O in lanthanide MOFs. Figure S13 illustrates that 

UFF + DDEC calculations produce significantly higher H2O Qst 

values compared with CO2 for MOFs containing lanthanide 

metals. In contrast, the DAC-SIM results, similar to the DFT re

sults of interaction from the ODAC23 database, do not exhibit 
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such a pronounced difference between lanthanide-containing 

MOFs and those with other metals.

This inconsistency between classical force field and DFT cal

culations arises from the chemically complex inorganic-organic 

hybrid compositions of the MOFs. Simulating interactions 

involving metals and neighboring organic atoms (e.g., oxygen 

or nitrogen atoms bonded to metal) within these hybrid environ

ments requires careful parameter fitting regarding each individ

ual chemical context. However, UFF employs fixed parameters, 

which limit its ability to accurately represent varying chemical en

vironments. While point charges offer an additional degree of 

freedom for simulating interactions, UFF was originally devel

oped without incorporating point charges. Thus, it remains un

certain whether point charges effectively compensate for or 

exacerbate simulation errors.

Given that the unique chemical environments of MOFs are 

primarily attributed to the presence of metals, the role of metals 

was investigated. Figure S14 illustrates the distribution of point 

charges across various metals, revealing that metals with 

higher point charges tend to exhibit greater discrepancies be

tween UFF + DDEC and DAC-SIM results in Figure S13C. 

Metals with elevated point charges can function as hard Lewis 

acids and polarize neighboring atoms nearby metals (typically 

oxygen or nitrogen atoms within MOFs). This polarization effect 

decreases the polarizability of adjacent atoms relative to similar 

atoms in different environments, while the metal’s polarizability 

remains largely unchanged.22 However, since UFF uses fixed 

parameters, it is unable to accurately account for this variation 

in polarizability. Although point charges such as DDEC are 

generally applied to enhance interaction modeling by providing 

additional electrostatic potential, they are only partially effec

tive in specific cases and often exacerbate discrepancies. 

Therefore, the overestimation of Qst in UFF + DDEC calcula

tions is particularly pronounced for H2O molecule, which can 

A

D
C

B Figure 4. Comparison between DAC-SIM 

and classical force field calculations 

(A and B) Distribution of (A) CO2 Qst and (B) H2O 

Qst, calculated using RASPA53 (with UFF + DDEC) 

and DAC-SIM (with MACE-DAC-1). 

(C) Qst values of promising MOFs were calculated 

using the classical force field. Three filled squares 

denote three representative MOFs shown in (D). 

(D) Illustration of the three representative MOFs, 

highlighting the point charges or UFF parameters 

of possible active sites for CO2 and H2O adsorp

tion. Atom colors: C (gray), H (white), O (red), N 

(light blue), S (yellow), Mn (purple), Sr (dark green), 

and Zn (dark gray).

induce stronger electrostatic potential 

compared with CO2 molecule.

Due to the overestimation of H2O Qst, 

few candidates were identified as suit

able for DAC application from the 

screening of the CoRE MOF database us

ing the classical force field. Likewise, 

promising MOFs identified in DAC-SIM 

simulations similarly fail to exhibit high 

performance using the UFF + DDEC model classical as shown 

in Figure 4C. We conducted an in-depth investigation into the 

origin of this difference using three MOFs, whose REFCODEs 

are GUJVOX (Mn2(ttmb)2(SO4)2), YUFLOC (AEMOF-5), and 

FECWOB01 (Zn-TBC), as case studies (filled square points in 

Figure 4C).

First, in the case of GUJVOX, while the CO2 Qst remained 

above 50 kJ/mol, the H2O Qst exhibits a substantial increase in 

the UFF + DDEC calculation. The presence of the electronega

tive functional group (SO4
2− ) within the framework, which acts 

as a strong binding site for H2O, appears to be a major factor 

in this discrepancy. The point charges for S in SO4
2− are +1.5, 

while for O in SO4
2− , they are − 0.7, indicating significant polari

zation within this moiety (see Figure 4D). As discussed with 

Figure 4B, UFF + DDEC encounters challenges in accurately 

simulating highly polarized moieties, leading to a general overes

timation of interactions with H2O compared with CO2.

In the case of YUFLOC, the CO2 Qst was underestimated, 

which contains an open metal site (OMS), which is generally 

challenging to simulate accurately using UFF + DDEC. The 

optimal intermolecular distance between the MOF and guest 

molecules is primarily governed by the sigma values in UFF pa

rameters. However, the sigma values for some metal atoms 

tend to be overestimated, preventing guest molecules 

from approaching the OMS closely enough. Consequently, 

the interaction between the MOF and the guest molecule is 

underestimated. Unlike H2O, CO2 cannot generate sufficient 

electrostatic potential to counterbalance this underestimation 

in interaction energy.

For FECWOB01, the Qst values for both CO2 and H2O are 

underestimated, although the trend of CO2 Qst being higher 

than H2O Qst remained consistent. FECWOB01 contains an 

azole linker, and since the electronegativity of azoles varies 

with the nitrogen content, the force field parameters of nitrogen 
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require careful consideration. For example, a study on ZIF-8,54

which contains imidazole as an organic linker, derived a tailored 

force field using nitrogen parameters from a generalized amber 

force field.55 In this case, the epsilon value was set at 85.5 K, 

which is 2.5 times larger than that in UFF, while the sigma value 

remained nearly identical. Similarly, applying a larger epsilon for 

nitrogen in azoles would likely increase the interaction strength 

for both CO2 and H2O.

To conduct a systematic analysis, interaction energies be

tween MOFs and gas molecules were compared by examining 

the PES using UFF + DDEC and MACE-DAC-1 for the 

GoldDAC test set as provided in Figures S25–29 and Table S4. 

Overall, the MLFF model exhibits more accurately capturing 

the interactions between MOFs and CO2 or H2O molecules, 

aligned with the DFT calculations. Moreover, Figure S15 and 

Table S3 showed that CO2 Qst from MACE-DAC-1 align more 

closely with experimental data than those from both UFF and 

UFF+DDEC, particularly in high Qst region. While extensive 

parameter fitting within classical force fields can yield high accu

racy, such methods are typically confined to a limited set of 

similar MOFs and lack broad transferability. Therefore, using 

our DAC-SIM process to screen adsorption properties offers a 

more precise and time-efficient alternative to traditional calcula

tions based on classical force fields.

DISCUSSION

The screening results obtained using MACE-DAC-1 with DAC- 

SIM allowed for a systematic analysis of chemical features within 

promising MOFs. All 161 promising candidates in the CoRE MOF 

database were further investigated. We excluded 43 chemically 

incorrect MOFs (e.g., missing hydrogen atoms or overlapping 

atoms due to symmetry issues, see Figure S16).

Before proceeding with the analysis of the remaining MOFs, 

we evaluated the necessity of fine-tuning by comparing 

MACE-DAC-1 with MACE-MP. As shown in Figures S3, S4, 

and S17, MACE-MP tended to overestimate interaction en

ergies, leading to an overestimation of H2O Qst compared with 

MACE-DAC-1. In this context, similar to the observation that 

not all promising MOFs demonstrate desirable performance in 

UFF + DDEC calculations, 46 of 118 MOFs (approximately 

40%) fail to be identified as promising when using MACE-MP 

instead of MACE-DAC-1.

As shown in Figure 5A, seven chemical features, including 

OMS, parallel benzene ring (PAR), metal-electronegative atom- 

metal (M-X-M), uncoordinated nitrogen, azole linker, methyl 

functional group (–CH3), and electronegative functional group 

(–EN), were identified in the promising MOFs. Four of them 

(OMS, PAR, M-X-M, and uncoordinated nitrogen) were sug

gested in previous screening works,15,39 and others (azole 

linker, –CH3, and –EN) were intermittently described in experi

mental works.56–59 Among these, OMS and the azole linker ap

peared in nearly one-half, or more, of the MOF candidates. The 

OMS, a well-known chemical moiety, facilitates strong interac

tions between positively charged metal atoms and negatively 

charged oxygen atoms in gas molecules. However, the stronger 

interaction between the more negatively charged O atom in H2O, 

compared with that in CO2, leads to H2O typically interacting 

more strongly with OMS than CO2. This suggests that OMS 

use should be approached with caution.

Additionally, the azole linker, commonly used in MOF synthe

sis due to its robust bonding with transition metals,60 contains ni

trogen and other non-carbon atoms (e.g., nitrogen, sulfur, or ox

ygen) that actively interact with CO2 molecules. Given the 

frequent application of nitrogen-rich MOFs and porous materials 

in DAC application, azole linkers may serve a similar function 

within MOFs for facilitating CO2 capture in humid conditions.

Apart from the two frequently observed features, the perfor

mance of promising MOFs containing one of the remaining five 

chemical features is shown in Figure 5B to examine the role of 

those features in DAC application. Among them, PAR, identified 

through a screening study using classical force fields as one of 

the effective features for CO2 capture in humid conditions,15 ap

peared frequently in the results from the DAC-SIM. The strong 

dispersion forces created between PARs form selective pockets 

conducive to capturing CO2. Due to its larger molecular size and 

unique pi bonds between C and O atoms, CO2 is more respon

sive to the chemical environment dominated by dispersion 

forces, unlike H2O. Furthermore, PAR is less affected by the 

stronger electrostatic interactions induced by H2O in compari

son with CO2. As a result, 9 of 11 promising MOFs containing 

PAR show high selectivity, with KH ratio for CO2 to H2O 

exceeding 100.

The M-X-M, a generalized form of metal-oxygen-metal (M-O- 

M) bridges, was proposed as a feature for strong CO2 adsorption 

from screening study with the classical force field approach.15

However, this feature was not considered essential for con

structing MOFs specifically for selective CO2 capture, as many 

MOFs with M-O-M bridges interact strongly with both H2O and 

CO2. However, given that the overestimation of H2O interaction, 

which was observed in calculations using UFF and point 

charges, was corrected in this study, M-X-M still appeared in 

more than 20% of the promising MOFs often associated with 

high CO2 selectivity over H2O.

Uncoordinated nitrogen, as defined in this study, refers to ni

trogen atoms that are not part of metal coordination complexes 

or azole linkers, such as those in amine groups or azines. They 

have been experimentally recognized as promising functional 

groups for DAC applications.61–64 The lone pair on the nitrogen 

atom create localized pockets within the framework that act as 

a nucleophilic site, facilitating strong interactions with electro

philic CO2 molecules. Consequently, 87.5% of MOFs containing 

uncoordinated nitrogen exhibit CO2 Qst values exceeding 

58.9 kJ/mol (the top 25% CO2 Qst value of the candidates) and 

selectivity greater than 100. Notably, selective CO2 capture 

associated with amine groups occurs generally via chemical re

action, highlighting the need for further research to fully under

stand this selective behavior.

For the –CH3 group, known for its hydrophobic properties, it 

is commonly used in MOFs to impart hydrophobic characteris

tics.57,59 As the smallest hydrocarbon unit, –CH3 becomes 

increasingly hydrophobic with greater carbon chain length. 

Previous study has demonstrated that organic ligands with 

extended hydrocarbon chains are particularly suitable for 

DAC application when integrated into MOFs.40 Likewise, 

promising MOFs functionalized with –CH3 groups exhibit 
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selectivity values consistently above 7.5, with 59% of them 

exceeding 100.

Last, the –EN group, capable of readily accumulating elec

trons, can function as a nucleophilic site, selectively interacting 

with the electrophilic C atom within CO2 molecule. Due to the 

high electronegativity of fluorine, fluoride functional groups are 

frequently used to design optimal pockets for selective CO2 cap

ture within MOFs.56,65,66 A few MOFs incorporating fluoride func

tional groups have been experimentally validated to maintain 

their CO2 capture efficiency under humid conditions.56,66,67

Additionally, five representative MOFs (RIPPEN,78 GAVYAG,68

ARAHIM,56 GELVID01,69 and PEGBUA70), which were discov

ered during our screening process and have been computation

ally or experimentally studied for CO2 capture purpose, are illus

trated in Figure 5B. Among these MOFs, ARAHIM, also known as 

NbOFFIVE-1-Ni or KAUST-7,71 has even been proven to main

tain trace CO2 capture performance in humid conditions.56

Moreover, the common names of promising MOFs were exam

ined to enhance accessibility. As shown in Table 2, 12 MOFs 

were presented with the corresponding common name. Given 

A

B

Figure 5. Chemical features analysis from promising MOFs 

(A) Introduction of the seven chemical features discovered in candidate MOFs. The number of MOFs containing each feature is depicted as a bar plot on the left 

side, while illustrations of the seven chemical features are shown on the right side. 

(B) A scatterplot showing the relationship between CO2 Qst and selectivity (in log scale for convenience) for candidate MOFs containing a single feature (excluding 

OMS and azole). Five representative MOFs for each feature are highlighted with red edges, and corresponding illustrations are provided on the right side. Atom 

colors: C (gray), H (white), N (light blue), O (red), Ni (light gray), Zn (khaki), Nb (green), and F (dodger blue).
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the extensive tunability of MOFs, which allows for a wide range of 

chemical environments, all structures except ARAHIM exhibit 

multiple chemical features. Thus, the diverse chemical attributes 

of these MOFs are anticipated to synergistically contribute 

to DAC.

In the same vein, combining these features offers an effective 

strategy for designing MOFs. For example, SIFSIX-18-Ni,57

which demonstrated exceptional trace CO2 capture capabilities 

in humid conditions, incorporates three key features: azole 

linker, –CH3, and –EN. As shown in Figure S18, SIFSIX-18-Ni 

consists of a tetramethyl bipyrazole organic linker (a methyl func

tionalized azole-based linker) and a SiF6
2− pillar (an electroneg

ative functional group). The methyl groups on the organic linker 

act as water-blocking groups and the F atoms of the SiF6
2− pillar 

are working as nucleophile sites to interact with the electrophilic 

C atom of the CO2 molecule. The hydrophobicity of the methyl 

groups creates a water-limiting pocket near the electronegative 

groups, making the pocket suitable for DAC application. By 

combining features, a range of MOFs can be designed to meet 

specific DAC needs, and various combinations can be possible 

from a set of seven distinct features.

Since our work focused on the large-scale screening and eval

uated performance using thermodynamic descriptors (Qst and 

KH) as a primary step, further analysis should be conducted on 

our candidates to confirm that their practical applicability for 

the real-world DAC applications. For example, given that DAC 

processes are typically conducted under humid conditions, it 

is essential to consider the adsorption performance in the pres

ence of both CO2 and H2O for more realistic simulations, a 

consideration not addressed in this study. In practice, the 

adsorption of H2O can introduce new adsorption sites for CO2 

capture. Meanwhile, at high relative humidity, H2O molecules 

can cluster due to strong H2O-H2O interactions, potentially 

blocking the pores within MOFs. Furthermore, this study as

sumes MOFs to be rigid, precluding the modeling of chemical re

actions (e.g., CO2 conversion to carbamic acid) commonly used 

in porous materials for DAC application. Therefore, further study 

should focus on simulations that more accurately reflect prac

tical DAC scenarios (e.g., GCMC simulation and simulations 

considering flexibility) by tackling those limitations. Beyond 

investigating the equilibrium phase at the atomistic scale, kinetic 

factors (e.g., thermal and mechanical stability, long-term stabil

ity, and adsorption kinetics) and process-level metrics (e.g., 

regeneration energy) should also be considered to identify prac

tically viable candidates for DAC applications.

Conclusions

In this work, we presented a scalable computational approach 

for investigating gas adsorption properties of materials. We 

developed a transferable machine learning forcefield, MACE- 

DAC, for CO2 interactions with MOFs and integrated it with a 

simulation workflow to calculate Qst and KH with high accuracy 

and efficiency. This workflow is provided as a Python package, 

DAC-SIM, for ease of use for various user purposes. We 

screened the CO2 and H2O adsorption properties of more than 

8,000 experimentally synthesized frameworks and identified 

161 promising candidates that were overlooked by conventional 

molecular simulation methods based on classical force fields. 

Additionally, we categorized features that can be introduced to 

design porous frameworks for DAC applications. Our workflow 

addresses prior limitations associated with classical force fields 

and the computational demands of direct ab initio methods, thus 

providing a solid foundation for accurate and fast virtual mate

rials screening.

METHODS

GoldDAC database construction

To encompass the full range of the PES of interaction energy be

tween the framework and gas molecules (CO2 and H2O), interac

tion energies were measured by adjusting the positions of the 

molecules within the structure. Starting from the equilibrium 

Table 2. Collection of promising MOFs for DAC with common names

REFCODE Common name Metal Features Qst (CO2) [kJ/mol]

Qst (H2O) 

[kJ/mol]

KH (CO2) 

[mol/kg/Pa]

KH (H2O) 

[mol/kg/Pa]

ARAHIM71 KAUST-7 Nb, Ni –EN 52.8 46.8 2.97 × 10− 2 1.25 × 10− 2

CISMEY72 JUC-115 Cd OMS, PAR, M-X-M, azole 53.9 52.8 5.86 × 10− 2 5.43 × 10− 2

COXCUP73 MAF-42 Cu OMS, azole, –CH3 53.8 37.0 1.37 × 10− 1 7.51 × 10− 4

FECWOB0174 Zn-BTC Zn OMS, PAR, azole 57.7 31.5 2.44 4.06 × 10− 4

HOJJUN75 ZJNU-40 Cu azole, –EN 51.1 41.1 1.82 × 10− 1 3.76 × 10− 3

NOFQIK76 TCuI Cu OMS, M-X-M azole, –CH3 51.9 29.9 8.77 × 10− 1 3.08 × 10− 4

PEGBUA70 MAF-23 Zn OMS, azole, –CH3 61.2 50.4 9.49 7.21 × 10− 2

RIPNOV77 D-ZIF-7 Zn PAR, azole 52.7 31.9 3.96 × 10− 1 3.49 × 10− 4

VEJZEQ78 ZIF-9 Co PAR, azole 50.4 28.5 1.60 × 10− 1 1.60 × 10− 4

YIZJEY79 IFMC-3 Zn azole, –CH3 51.4 48.5 5.20 × 10− 1 7.21 × 10− 3

YUFLOC80 AEMOF-5 Sr OMS, PAR, M-X-M, –EN 82.5 78.0 2.51×104 9.57×103

YUZCED81 MAF-49 Zn uncoordinated nitrogen, azole 63.4 35.5 7.48 × 10 2.50 × 10− 3

A total of 12 promising MOFs, along with their respective common names, are presented. The REFCODE, corresponding common name, metal type, 

associated chemical features, Qst and KH are listed. The Qst and KH values were calculated using the MACE-DAC-1 model with the DAC-SIM package.
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state with the presumably most stable configuration, two repul

sive configurations were collected by moving the gas molecule 

closer to the structure, while three weak attraction configurations 

were collected by moving the guest molecule toward the pore 

center (details on configuration construction are provided in 

Note S1 and Figure S19). Interaction energies were calculated 

while not considering geometry optimization. DFT calculations 

were used to compute energies for each system, and the gas 

molecule was isolated in a 10 Å cubic box to calculate its energy. 

Thus, single self-consistent field calculation was conducted for 

each system.

The equilibrium state, regarded as the starting point for config

uration construction, was collected from two different data sour

ces: the ODAC23 database and manually calculated adsorption 

results from 26 MOFs that were identified as promising for CO2 

capture or DAC applications.39,82 The MLFF model was trained 

based on optimized configurations collected from the ODAC23 

database (training and validation set). First, the lowest CO2 and 

H2O interaction energies (interaction energies in this case were 

calculated after geometry optimization of MOF + gas system) 

were gathered for MOFs using the IS2RE database from the 

ODAC23 database. MOFs that met the following two conditions 

were considered: (1) the lowest CO2 and H2O binding energy is 

smaller than − 0.1 eV, and (2) the number of atoms is less than 

250. Last, given that the top 20 most frequently appearing metal 

atoms in the ODAC23 database were provided in the original pa

per (see Figure S1), 3 MOFs were randomly selected from those 

containing each metal type. Therefore, 60 MOFs were consid

ered, and 120 equilibrium configurations were collected from 

the ODAC23 database, considering both CO2 and H2O mole

cules. For evaluation of the trained MLFF model, an additional 

database was constructed based on the equilibrium states ob

tained from the manually selected 26 MOFs. A single guest mole

cule was introduced into the framework, where it was allowed to 

relax while the framework remained fixed. Three to five different 

initial points were sampled, considering active adsorption sites 

for the guest molecules, and the configuration with the lowest 

energy was selected as the equilibrium state. In total, 52 equilib

rium configurations were collected for both CO2 and H2O mole

cules. Further details and illustrations of these 26 MOFs are pro

vided in Figure S20–S24.

Training details

The foundation model, MACE-MP,35 was used for fine-tuning 

with the GoldDAC dataset, where the detailed data distribution 

of training, validation, and test sets can be found in Table S1. 

Fine-tuning was carried out over 100 epochs with a batch size 

of 4. The Adam optimizer was adopted for parameter updates,83

featuring a learning rate of 1e− 4 and zero weight decay. The loss 

function (LE;F ) for fine-tuning was balanced equally between total 

energy and force predictions, with a ratio set of 1:1.

For the continual learning, an additional regularization loss 

(Lcontinual ) was introduced, computed as the root-mean-square 

error between energy and force predictions of the frozen pre- 

trained model and the corresponding fine-tuned model. Conse

quently, the total loss function for continual learning can be 

defined as:

L = LE;F+λLcontinual;

where λ represents the weighting coefficient for the continual 

loss, which was empirically set to 1.0 to achieve a balance be

tween retaining pre-trained knowledge and adapting to new 

task-specific features.

Molecular simulation with MLFFs

The DAC-SIM package is a python package integrated with the 

developed MLFF through the ASE calculator interface,84 for mo

lecular simulations including Widom insertion, molecular dy

namics, and geometry optimization. The Widom insertion simu

lations were conducted on the CoRE MOF 2019 dataset37 to 

determine the KH and Qst. Before performing the simulation, ge

ometry optimization was implemented for each MOF structure. 

The optimization process includes a total of 30 steps, each con

sisting of 50 iterations of cell relaxation followed by 50 iterations 

of internal relaxation with the cell held fixed. The convergence 

criterion for the maximum force was set at 0.05 eV/Å to balance 

computational efficiency.

For the following Widom insertion simulation, a grid with a 

spacing of 0.15 Å was generated to define potential insertion 

points across the unit cells. Grid points located within 1.5 Å of 

the central positions of gas molecules, such as the C atom in 

CO2 and the O atom in H2O, were excluded to avoid inserting 

molecules into blocked regions. In each iteration, a gas molecule 

was randomly rotated and placed at grid points, and their inter

action energies between frameworks and gas molecules were 

calculated using MLFFs. To enhance statistical reliability, two in

dependent Widom insertion simulations were performed, with 

each consisting of 10,000 insertions. As shown in the conver

gence test conducted in three independent iterations for Qst 

and KH values in Figures S31 and 32, we set 10,000 insertions 

as the standard for our simulations, as it provides a good balance 

between computational efficiency and convergence reliability. 

The results from these simulations were averaged to calculate 

the final KH and Qst. The temperature was set as 300 K.

Details of molecular simulations

DFT calculations were conducted using Vienna Ab initio Simula

tion Package (VASP).85–87 The exchange-correlation terms were 

calculated using generalized gradient approximation with the 

Perdew-Burke-Ernzerhof functional.88 The recommended pseu

dopotentials from VASP manual except Eu atom (Eu_3 was used 

instead of Eu_2 following pseudopotential selection in QMOF 

database89) were used to describe the ion-electron interactions. 

The energy cutoff was selected as 600 eV and the electronic re

laxations were iterated until the energy changes below 10− 5 eV. 

The gamma points were only used during calculation to ensure 

computational efficiency along with the Gaussian smearing 

method (sigma = 0.05 Å). However, for improved accuracy, 

denser k-point sampling may be necessary for MOFs with small 

lattice constants or significant electronic and dispersion interac

tions. Dispersion correction using the D3 (Becke-Johnson) 

scheme90,91 were applied during preparing equilibrium state 

configurations for test set and ionic relaxations were iterated 

Please cite this article in press as: Lim et al., Accelerating CO2 direct air capture screening for metal-organic frameworks with a transferable machine 

learning force field, Matter (2025), https://doi.org/10.1016/j.matt.2025.102203

Matter 8, 102203, July 2, 2025 11 

Article
ll



until the forces were less than 0.03 eV/Å. During construction of 

GoldDAC dataset, the additional calculations were conducted 

without dispersion correction. In case of labeled as ‘‘+D3,’’ the 

separate calculations were conducted with dispersion correc

tion using D3 (Becke-Johnson) scheme. Spin-polarization calcu

lations were only considered for frameworks with open-shell 

metal atoms, and U corrections were applied for d orbitals of 

Cu, Mn, Ni, Fe, Co, V, Nb, and Ti. Since these DFT settings for 

fine-tuning database did not fully match those used in the pre- 

training database for MACE-MP model, this discrepancy may 

contribute to the initial errors observed in MACE-MP model dur

ing evaluation (more details on Note S3). However, as interaction 

energies are derived from three different systems (MOF + gas, 

MOF, and gas), they are relatively insensitive to subtle variations 

in DFT settings.

Qst and KH using classical force field were calculated with 

RASPA2 software.53 Both properties were calculated via Wi

dom insertion MC method that we tried to implement in this 

work. The cutoff was set as 12.8 Å and the Ewald summation 

method was adopted to consider the electrostatic potential. 

The pore blocking algorithm was not considered. The 10,000 

MC cycles were iterated for both CO2 and H2O molecules 

and temperature was set as 300 K to keep consistency with 

DAC-SIM calculations.

The interaction energies using a classical force field of MOFs in 

the test set were computed using Large-scale Atomic/Molecular 

Massively Parallel Simulator software.92 Consistent with the 

approach taken in adsorption property calculations, a cutoff dis

tance of 12.8 Å was used, and the Ewald summation method was 

used to account for long-range coulombic interactions with an 

accuracy threshold of 1 × 10− 5.

For classical force field calculations, framework atoms were 

modeled using the UFF,18 with point charges assigned based 

on the DDEC21 scheme. If the .cif file for a structure contained 

pre-defined charges, these values were retained without further 

modification. For guest molecules, specifically CO2 and H2O, the 

TraPPE93 and SPC/E94 force fields were used, respectively.

Geometric properties such as LCD, surface area (SA), and vol

ume fraction (VF) were calculated using Zeo++ software.95 Probe 

radius for calculation of SA and VF were selected as 1.4 Å, which 

is the van der Waals radius of Helium. We conducted 2k and 50k 

MC samplings to calculate the SA and VF, respectively.

RESOURCE AVAILABILITY

Lead contact

Further information and requests for resources and materials should be 

directed to and will be fulfilled by the lead contact, Jihan Kim (jihankim@ 

kaist.ac.kr).

Materials availability

This study did not generate new, unique reagents.

Data and code availability

The DAC-sim library is available at https://github.com/hspark1212/DAC-SIM. 

Documentation for the library is available at https://hspark1212.github.io/ 

DAC-SIM. The implementation of continual learning with MACE is available 

at https://github.com/hspark1212/mace/tree/develop. Associated files for 

screening results and the GoldDAC dataset are available via Figshare 

(https://doi.org/10.6084/m9.figshare.27978474.v3).
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