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Samenva�ing

Menselijke technologische vooruitgang is gekenmerkt door ons gebruik van
werktuigen om de omgeving om ons heen vorm te geven. In de afgelopen
eeuwen hebben deze werktuigen ons toegang gegeven tot domeinen ver
buiten de gebieden van menselijke ervaring, gaande van een begrip van de
dynamica van hele clusters van sterrenstelsels op de grootste lengteschalen
tot de structuur van quarks in protonen op de kleinste schalen.

Een werktuig dat in recente decennia wijdverspreid werd door de explosie
van computationele kracht is het veld van moleculair modelleren. In dit
veld worden materialen en moleculen computationeel gemodellereed op de
atomaire schaal om inzicht te verwerven in hun eigenschappen. In deze
doctoraatsthesis ontwikkelen we computationele methoden voor het mo-
delleren van een klasse materialen die poriën op de nanoschaal beva�en,
toepasselijk genaamd nanoporeuze materialen. De ontdekking van een sub-
klasse hiervan, genaamd metaal-organische roosters (MOFs, afgeleid van de
Engelstalige naamgeving metal-organic frameworks), hee� in de afgelopen
decennia geleid tot wijdverspreide wetenschappelijke interesse. MOFs zijn
kristallijne materialen bestaande uit metaaloxide bouwblokken die via orga-
nische linkers met elkaar zijn verbonden. Toen duidelijk werd dat deze MOFs
een permanente porositeit konden behouden, werden ze snel geïdentificeerd
als ideale materialen voor gasadsorptie en scheidingstoepassingen. Door
het rationeel ontwerp van de poriestructuur van deze materialen kunnen ze
op maat gemaakt worden om bij voorkeur met de ene molecule meer dan
de andere te interageren, waardoor een schat aan potentiële toepassingen
ontstaat.

Echter, MOFs zijn verre van statische, onveranderlijke kristallen. Hun dy-
namische reactie op externe stimuli hee� wetenschappers zelfs al decennia
lang voor raadsels gesteld. Contra-intuïtieve verschijnselen zoals negatieve
thermische uitze�ing, negatieve gasadsorptie en faseovergangen die gepaard
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gaan met grootschalige structurele veranderingen zijn zowel een opportuni-
teit voor nog fijnere controle van hun poriestructuur, maar ook een uitdaging
voor de moleculaire modelleringsgemeenschap.

Een nauwkeurige computationele modellering van gasadsorptie in deze ma-
terialen steunt in wezen op twee componenten. De eerste is een betrouw-
bare methode om een MOF adsorbent te koppelen aan de extern opgelegde
stimuli, zoals de mechanische druk, temperatuur en gasdruk van de adsor-
baten, door middel van computationele sampling schema’s. Op basis van de
principes van de statistische fysica uiteengezet in Hoofdstuk 2, worden ver-
schillende computationele schema’s ontwikkeld en getest in Hoofdstuk 3 op
hun vermogen om de adsorbaat-geïnduceerde flexibiliteit van MIL-53(Al) te
reproduceren, een prototypische MOF die faseovergangen ondergaat onder
adsorptie, geassocieerd met volumeveranderingen tot 40%. Deze schema’s
berusten in wezen op een combinatie van moleculaire dynamica (MD) si-
mulaties die de temperatuur en druk handhaven die op het rooster wor-
den opgelegd, en groot-kanonisch Monte Carlo (GCMC) simulaties die het
rooster koppelen aan het omringende reservoir van adsorbaat moleculen.
Één daarvan is een nieuw ontwikkeld MC/MD schema dat gebruik maakt
van behouden-volume MD simulaties, dat accuraat de faseovergangen van
MIL-53(Al) onder CO2, CH4 en Xe adsorptie kan voorspellen (en het gebrek
daaraan voor Ne en Ar) van de large pore (lp) fase naar de narrow pore (np)
fase. Vervolgens werd dit computationele schema gebruikt om de recent ont-
dekte negatieve gasadsorptie (NGA) van CH4 in DUT-49(Cu) te onderzoeken.
Bij deze MOF leidt het verhogen van de methaangasdruk boven een druk
van 25 kPa bij een temperatuur van 120 K tot een plotselinge ineenstorting
van het rooster. Deze overgang gaat gepaard met een vrijlating van adsor-
baten uit het rooster, een fenomeen dat voor het eerst in deze MOF werd
waargenomen. Ons schema maakte een nauwkeurige karakterisering van de
relatieve stabiliteit van de open en ingeklapte fasen mogelijk, waarbij werd
aangetoond hoe de osmotische barrière tussen deze fasen het experimenteel
waargenomen gedrag tijdens adsorptie en desorptie veroorzaakt. Bovendien
onthulden simulaties uitgevoerd bij temperaturen van 90 K en 150 K waarom
de NGA overgang alleen plaatsvindt in een klein temperatuursinterval. De
verdienste van ons computationele schema is echter niet alleen beperkt tot
de reproductie van experimenteel waargenomen verschijnselen. Belangrijker
nog, het biedt inzicht in de drijvende krachten achter adsorptie-geïnduceerde
flexibiliteit, waardoor het pad wordt geopend naar het rationeel ontwerp
van MOFs, meer bepaald het precies afstemmen van materialen op onze
gewenste toepassingen.

Het tweede essentiële onderdeel om adsorptie in MOFs computationeel te
karakteriseren is een nauwkeurig model voor de interactie tussen gasmo-



leculen en het omringende rooster. Hoewel er zeer nauwkeurige ab initio
methoden bestaan om deze rooster-adsorbaat interacties te berekenen, is
hun computationele kost doorgaans te groot voor gebruik in MC of MD
simulaties. Om deze reden hebben computationele karakteriseringen van
adsorptie-eigenschappen in MOFs traditioneel gesteund op relatief eenvou-
dige, empirisch afgestemde interactiepotentialen, ook wel ‘krachtvelden’
genoemd. Hoewel deze benadering duidelijk zijn waarde hee� bewezen,
bijvoorbeeld om de adsorptie-eigenschappen van grote aantallen MOFs te
screenen, is hun soms beperkte nauwkeurigheid duidelijk aangetoond in de
literatuur.

In Hoofdstuk 4 worden twee totaal verschillende methodes onderzocht om
de beschrijving van rooster-adsorbaat interacties te verbeteren. In een eerste
aanpak ontwikkelen we meer nauwkeurige interactiepotentialen door deze
af te leiden van ab initio vergelijkingen. Dit werk bouwt voort op het eerder
ontwikkelde Monomer Electron Density Force Field (MEDFF), waarin trans-
fereerbare interactiepotentialen werden ontwikkeld die functionalen zijn van
de elektronendichtheid van de constituerende fragmenten (moleculen, roos-
ter) van het systeem. In dit paarsgewijs additieve krachtveld dat slechts 3
empirisch bepaalde parameters bevat, werd bevonden dat de beschrijving
van polarisatie de belangrijkste beperking was. Daarom werd in dit werk
een nieuw polarisatiemodel ontwikkeld, gebaseerd op de basisprincipes van
Density Functional Theory (DFT). In het resulterende model werd een vaak
verwaarloosde exchange-repulsion interactie opgenomen. Vervolgens werd
het model getest op zijn reproductie van moleculaire polariseerbaarheden
en veeldeeltjes-energieën van clusters van moleculen, die aantonen hoe de
inclusie van deze interactie de nauwkeurigheid aanzienlijk verbetert. Door
dit nieuwe polarisatiemodel in MEDFF in te bedden, wordt een nieuw inter-
moleculair krachtveld verkregen, genaamd het Polarizable Monomer Elec-
tron Density Force Field (PMEDFF). Door PMEDFF te testen op zijn vermo-
gen om dimeer interactie-energieën te reproduceren, tonen we aan hoe een
nauwkeurigheid vergelijkbaar met of superieur aan gangbare krachtvelden
in de literatuur kan worden verkregen, zonder de noodzaak van empirisch
afgestemde parameters voor atomen in de relevante chemische omgevingen.
Deze eerste resultaten zijn veelbelovend, maar er is verder werk nodig om
de nauwkeurigheid van de andere interactiepotentialen in ons krachtveld te
verbeteren, met aanwijzingen dat een opname van atomaire anisotropie van
aanzienlijk belang kan zijn.

Deze eerste methode vertegenwoordigt een tak van ontwikkeling van kracht-
velden waarbij fysisch inzicht wordt opgenomen in de interactiemodellen
om zoveel mogelijk empirische parameters te elimineren (met als doel een
algemeen toepasbaar tranfereerbare potentiaal te bereiken). Onze tweede



methode vertegenwoordigt de tegenovergestelde aanpak. Hierbij maken we
gebruik van de recente ontwikkeling van zeer nauwkeurige en data-e�iciënte
Machine Learning Potentials (MLPs), waarbij geen a priori interactiepo-
tentiaal wordt opgelegd. In plaats daarvan maken MLPs gebruik van een
enorm groot aantal parameters (doorgaans honderdduizenden) die tijdens
de training worden verfijnd aan de hand van een set referentie-energieën
en krachten. In Hoofdstuk 4 wordt een nieuwe methodologie voorgesteld
en toegepast om een trainingsset te genereren die DFT intermoleculaire
energieën en krachten van adsorbaten in MOFs bevat. Door training op
deze set kunnen zeer nauwkeurige MLPs worden afgeleid voor gebruik in
GCMC simulaties. Een benchmark op CO2 adsorptie in ZIF-8 toont aan
hoe adsorptie-eigenschappen met de nauwkeurigheid van DFT simulaties
kunnen worden berekend met een computationele e�iciëntie groo�eordes
groter dan DFT berekeningen. Hierdoor wordt een routine evaluatie van
adsorptie-eigenschappen met een aanzienlijk verbeterde nauwkeurigheid
mogelijk. Een onderzoek naar CO2 adsorptie op de uitdagende open-metaal
sites van Mg-MOF-74 toont verder aan hoe (met een geschikte dispersiecor-
rectie) zeer nauwkeurige adsorptie-eigenschappen kunnen worden verkregen
met MLPs in chemische omgevingen waar krachtvelden doorgaans tekort
schieten. Hoewel deze resultaten veelbelovend zijn, kan een getrainde MLP
niet op dezelfde manier worden gebruikt als gewone krachtvelden. Voor
krachtvelden wordt ervan uitgegaan dat parameters afgeleid voor atomen
in bepaalde chemische omgevingen goed transfereerbaar zijn naar andere
systemen die dezelfde omgevingen beva�en. Dergelijke aannames kunnen
echter niet worden gemaakt voor MLPs. Dit wordt geïllustreerd in een on-
derzoek waarbij een MLP die is getraind op CO2 adsorptie in ZIF-8 op andere
MOFs in de ZIF-familie wordt toegepast. Voor deze andere MOFs worden
grote systematische afwijkingen waargenomen in de adsorptie-isothermen
en adsorptiewarmte, wat de noodzaak benadrukt van expliciete training op
deze MOFs om betrouwbare resultaten te verkrijgen.

In alle voorgaande besprekingen werd met adsorptie in het algemeen fy-
sisorptie bedoeld. Adsorptie kan echter ook verwijzen naar chemisorptie
waarbij een chemische binding wordt gevormd tussen een adsorbaat en
het adsorbent. Chemisorptie is geassocieerd met een activeringsbarrière en
is vanuit een modelleringsperspectief moeilijk te beschrijven vanwege het
ontbreken van algemeen toepasbare, nauwkeurige krachtvelden die chemi-
sche reacties kunnen modelleren. MLPs daarentegen zijn niet op dezelfde
manier gelimiteerd, omdat ze in principe onafhankelijk zijn van het type
intermoleculaire interacties. Als demonstratie van de haalbaarheid van het
gebruik van MLPs voor chemische reacties, werd de prototypische proton
hopping reactie tussen zuurstofatomen in de eerste coördinatiesfeer van een



Al3+ substitutie in de H-CHA zeoliet onderzocht. Vanwege de aanwezig-
heid van activeringsbarrières komen transities in reguliere MD simulaties
echter zelden voor. Daarom werd een klein aantal DFT geavanceerde MD
simulaties van de proton hopping reactie uitgevoerd bij hoge temperaturen,
en gebruikt als trainingsset voor een MLP. Met de getrainde potentiaal
konden zeer nauwkeurige geavanceerde MD simulaties worden uitgevoerd
bij verschillende temperaturen. Bovendien maakte de MLP het gebruik van
(anders computationeel onhaalbare) pad-integraal MD simulaties mogelijk
om het kwantumgedrag van een proton te includeren. Een vergelijking
tussen klassieke en kwantum-reactiesnelheden demonstreert de dramatische
versnelling van de reactie als gevolg van het kwantumgedrag van de licht
kern, een e�ect dat vaak genegeerd wordt in computationele studies van
reacties.

Samengevat had deze doctoraatsthesis als doel om de nauwkeurigheid en be-
trouwbaarheid van de computationele modellering van adsorptie in flexibele
nanoporeuze materialen te verbeteren. Enerzijds werden computationele
sampling schema’s onderzocht en ontwikkeld om de stabiliteit van flexibele
MOFs onder adsorptie te onderzoeken. Één van deze schema’s, een MC/MD
schema dat de groot-kanonische Monte Carlo en behouden-volume MD
technieken combineert, toonde duidelijk belo�e in de modellering van de
adsorptie-geïnduceerde flexibiliteit van MIL-53(Al) en DUT-49(Cu), waarbij
het experimenteel waargenomen gedrag werd gereproduceerd en inzicht
werd verkregen in de drijvende krachten erachter. Een tweede aspect dat
noodzakelijk is voor een accurate modellering van adsorptie is de beschrij-
ving van de rooster-adsorbaat interacties. In dit opzicht toonden twee zeer
verschillende methodologieën belo�e. De eerste maakt gebruik van ab initio
afgeleide interactiepotentialen met zo min mogelijk empirische parameters,
terwijl de tweede volledig op ab initio data berust, zonder een functionele
vorm op te leggen. Hoewel de laatste aanpak de wind in de zeilen van
recente ontwikkelingen van machine learning in zijn voordeel hee�, is het
zeker niet vanzelfsprekend dat deze alle door fysica geïnspireerde potentialen
zal vervangen. In plaats daarvan lijkt een samenvoeging van fysisch inzicht
en machine learning de gouden weg voorwaarts. In ieder geval zal deze
doctoraatsthesis hopelijk de lezer vertrouwen geven in de maturatie van het
vakgebied van computationele modellering van adsorptie, dat steeds dichter
bij de ware belo�e van het vakgebied komt: een nauwkeurige en betrouwbare
computationele karakterisering van alle eigenschappen van materialen die je
ooit zou willen.





Summary

Human technological progress has been marked by our use of tools to shape
the environment around us. In the last few centuries, these tools have given
us access to domains far outside the realms of human experience, from an
understanding of the dynamics of whole clusters of galaxies on the largest
lengths scales, to the structures of quarks in protons on the smallest scales.

A tool that has become widely available in recent decades due to the ex-
plosion in computational power is the field of molecular modeling. Herein,
materials and molecules are modeled in silico at the atomic scale to gain
insight into their various properties. In this thesis, we develop computational
tools to model a class of materials containing pores at the nanoscale, aptly
named nanoporous materials. A subclass of these, coined metal-organic
frameworks (MOFs), has in recent decades a�racted widespread scientific
interest. MOFs are crystalline materials composed of metal-oxide clusters
connected through organic linkers. When it became clear that these MOFs
could maintain a permanent porosity, they were quickly identified as ideal
materials for gas adsorption and separation applications. Through the ratio-
nal design of the pore structure of these materials, they can be tailored to
interact preferentially with one molecule over another, opening up a wealth
of potential applications.

However, MOFs are far from static, unchanging crystals. In fact, their
dynamic response to external stimuli has continued to stump scientists for
decades. Counterintuitive phenomena such as negative thermal expan-
sion, negative gas adsorption and phase transitions associated with large-
amplitude structural changes are both opportunities for even more fine-
grained control of their pore structure, but also a challenge for the molecular
modeling community.

An accurate computational modeling of gas adsorption in these materials
relies essentially on two components. The first is a reliable sampling scheme
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for coupling a MOF adsorbent to the externally applied conditions such as the
mechanical pressure, temperature and gas pressure of the adsorbates. Based
on the principles of statistical physics laid out in Chapter 2, di�erent com-
putational sampling schemes are developed and benchmarked in Chapter 3
on their ability to reproduce the adsorbate-induced flexibility of MIL-53(Al),
a prototypical MOF exhibiting phase transitions under adsorption associated
with volume changes of up to 40%. These sampling schemes essentially rely
on a combination of molecular dynamics (MD) simulations, which main-
tain the temperature and pressure imposed on the framework, and grand-
canonical Monte Carlo (GCMC) simulations, which couple the framework
to the surrounding reservoir of guest molecules. Among these, a newly de-
veloped MC/MD scheme making use of volume-constrained MD simulations
was shown to accurately predict the phase transitions of MIL-53(Al) under
CO2, CH4 and Xe adsorption (and lack thereof for Ne and Ar) from the large
pore (lp) to the narrow pore (np) phase. Subsequently, this computational
scheme was employed to rationalize the recent discovery of negative gas ad-
sorption (NGA) of CH4 in DUT-49(Cu). In this MOF, increasing the methane
gas pressure above a pressure of 25 kPa at a temperature of 120 K results
in a sudden collapse of the framework. This transition is associated with
a release of adsorbates from the framework, a phenomenon which had not
been encountered previously. Our sampling scheme allowed for a precise
characterization of the relative stabilities of the ‘open’ and ‘collapsed’ phases,
demonstrating how the osmotic barrier present between these phases gives
rise to the experimentally observed behavior during adsorption as well as
desorption. Additionally, simulations performed at temperatures of 90 K and
150 K uncovered why the NGA transition only occurs in a small temperature
window. The merit of our computational scheme is, however, not only
limited to the reproduction of experimentally observed phenomena. More
importantly, it provides insight into the driving forces behind adsorption-
induced flexibility, opening up the path towards the rational design of MOFs.

The second vital component to computationally characterize adsorption in
MOFs is an accurate model for interaction between gas molecules and the
surrounding framework. While highly accurate ab initio methods capturing
these host–guest interactions exist, their computational cost is generally
prohibitive for use in MC or MD simulations. For this reason, computational
characterizations of adsorption properties in MOFs have traditionally relied
on relatively simple empirically fi�ed interaction potentials, also referred to
as ‘force fields’. While this approach has clearly shown its merit, for example
to screen the adsorption properties of vast sets of MOFs, their sometimes
limited accuracy is well established in literature.



In Chapter 4, two very di�erent pathways to an improved description of
host–guest interactions are investigated. In a first approach, we aim to de-
velop more accurate ab initio derived interaction potentials. This work builds
on the previously developed Monomer Electron Density Force Field (MEDFF),
in which transferable interaction potentials are developed which are func-
tionals of the electron density of the constituting fragments (molecules,
framework) of the system. In this pairwise additive force field containing only
3 empirically fi�ed parameters, the description of polarization was found to
be its main limitation. Therefore, a new polarization model was developed,
grounded in the fundamentals of Density Functional Theory (DFT). In the
resulting model, a commonly neglected Pauli repulsion interaction was in-
cluded. Subsequent benchmarks on the model’s reproduction of molecular
polarizabilities and cluster many-body energies demonstrate how the inclu-
sion of this interaction significantly improves its accuracy. Embedding this
new polarization model in MEDFF, a new intermolecular force field coined
the Polarizable Monomer Electron Density Force Field (PMEDFF) is a�ained.
Testing PMEDFF in its ability to reproduce dimer interaction energies, we
demonstrate how an accuracy comparable or superior to common litera-
ture force fields can be a�ained, without the need for empirically fi�ed
parameters for atoms in each encountered chemical environment. These
initial results are promising, however further work is required to improve the
accuracy of the other interaction potentials in our force field, with indications
that an inclusion of atomic anisotropy can be of significant importance.

This first approach represents a branch of force field development in which
physical insight is incorporated into the interaction models to eliminate as
many empirical parameters as possible (with the aim to a�ain a generally
applicable transferable potential). Our second approach represents the po-
lar opposite. Leveraging the recent development of highly accurate and
data-e�icient Machine Learning Potentials (MLPs), no a priori interaction
potential is imposed. Instead, MLPs employ a comparatively vast set of
parameters (commonly hundreds of thousands) which are refined during
training to a set of reference energies and forces. In Chapter 4, a new
methodology is proposed and employed to generate a training set containing
DFT intermolecular energies and forces of adsorbates in MOFs. Training on
this set, highly accurate MLPs can be derived for use in GCMC simulations.
A benchmark on CO2 adsorption in ZIF-8 demonstrates how adsorption
properties can be computed at DFT accuracy with a computational e�iciency
orders of magnitude larger than DFT calculations, unlocking a routine eval-
uation of adsorption properties with significantly improved accuracy. An
investigation of CO2 adsorption on the challenging open-metal sites of Mg-
MOF-74 further demonstrates how (with an appropriately chosen dispersion



correction) highly accurate adsorption properties can be obtained with MLPs
in chemical environments which are challenging for force fields to properly
capture. While these results hold great promise, a trained MLP cannot be
employed in the same way as common force fields. For the la�er, parameters
derived for atoms in certain chemical environments are assumed to transfer
well to di�erent systems containing the same environments. However, such
assumptions cannot be made for MLPs. This is exemplified from an investi-
gation employing an MLP trained on CO2 adsorption in ZIF-8 to other MOFs
in the ZIF family. For these, large systematic deviations on the adsorption
isotherms and heats of adsorption are observed, highlighting the need for
explicit training on these MOFs to obtain reliable results.

In all preceding discussions, adsorption was generally conflated with physi-
sorption. However, adsorption can also refer to chemisorption in which a
chemical bond is formed between the adsorbate and adsorbent. Chemi-
sorption is associated with an activation barrier and is a challenging pro-
cess from a modeling point of view due to the lack of generally applicable,
accurate reactive force fields. Contrary to most force fields, MLPs are not
limited in this way, being in principle agnostic to the type of interactions.
As a demonstration for the feasibility of employing MLPs for reactive events,
the prototypical proton hopping reaction between oxygens in the first co-
ordination sphere of an Al3+ substitution in the H-CHA zeolite was investi-
gated. Due to the presence of activation barriers, unbiased MD simulations
only rarely sample transitions. Therefore, a small set of high-temperature
DFT enhanced sampling simulations of the proton hopping reaction were
performed, serving as training data for an MLP. With the trained potential,
highly accurate enhanced sampling simulations could be performed at a
range of temperatures. Moreover, the use of an MLP enabled the use of (oth-
erwise prohibitively expensive) path-integral MD simulations to capture the
quantum behavior of a proton. A comparison between classical and quantum
reaction rate constants demonstrates the dramatic speed-up resulting from
the quantum behavior of a light nucleus, an e�ect which has commonly been
neglected in computation studies of reactive events.

In conclusion, this Ph.D. dissertation aimed at improving the accuracy and
reliability of a computational modeling of adsorption in flexible nanoporous
materials. On one hand, computational sampling schemes were investigated
and developed to probe the stability of flexible MOFs under adsorption. Of
these, an MC/MD scheme combining grand-canonical Monte Carlo moves
with volume-constrained MD moves demonstrated clear promise in model-
ing the adsorption-induced flexibility of MIL-53(Al) and DUT-49(Cu), cap-
turing the experimentally observed behavior and yielding insight into the
driving forces behind it. On the other hand, an improved description of



the host–guest interactions giving rise to adsorption was investigated. In
this regards, two very distinct approaches showed promise. One relies on
ab initio derived interaction potentials with as li�le empirical parameters as
possible, while the other relies purely on data, without imposing a functional
form. While the la�er has the recent wind in the sails of machine learning
techniques in its favor, it is certainly not a given that it will replace all
physically-inspired potentials. Instead, a merging between physical insight
and machine learning appears like the golden path forwards. In any case,
this dissertation will hopefully fill the reader with confidence about the ever
maturing field of computational modeling of adsorption, coming closer to the
field’s true promise, an accurate and reliable in silico characterization of all
material’s properties your heart could ever desire.
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1
Introduction

What we know is a drop,
what we don’t know is an ocean.

Isaac Newton (1643–1727)

Human progress throughout history can be defined by the use of tools. As
far back as 2.5 million years, ancient humans used stone chopping tools to
break open bones of deer to extract the nutritious bone marrow. 1 Primitive
stone tools developed slowly into hand axes and blades, and by the Upper
Paleolithic (50 000 to 12 000 years ago), fishing harpoons, nets and the bow
and arrow had been invented. 2–4

Especially in the last few centuries, spurred by the Enlightenment and the
Industrial Revolution, progress has been remarkable. Our world has been
transformed by inventions which were enabled by an ever-deepening un-
derstanding of materials and the fundamental forces through which they
interact. Most of the seminal inventions of the last 150 years have arisen
from a deeper understanding of di�erent branches of physics. Electric re-
frigeration and the internal combustion engine arose from an understanding
of electromagnetism and thermodynamics, the use of nuclear fission was
enabled by new insights in subatomic physics and the transistor could only
be invented through the development of solid-state physics.

Of course, this is not the end of our story. The search for materials tailored
for specific applications has increased tremendously. On the semiconductor

3
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front, the ever-increasing demand for faster, more power-e�icient computa-
tion is driving the size of transistors to atomic length scales, and spurring
the development of quantum computing. 5 On another front, nuclear fusion
is an exciting technology under development for next-generation energy
production. For this application, exotic new alloys are required for the reactor
wall to withstand the high-energy neutron radiation, as well as the harsh
mechanical, heat and electromagnetic environment. 6

Although the pace of scientific innovation is unrelenting, not all develop-
ments have been for the be�erment of humanity. Of the previously men-
tioned applications, the use of chlorofluorocarbons (CFCs) as a safer alter-
native to previously used refrigerants lead to a depletion of the ozone layer
7, 8 and the worldwide use of fossil fuels lead to climate change. 9 Especially
the la�er has been identified as one of the paramount challenges for the
21st century. To tackle this challenge, a fundamental paradigm shi� away
from carbon-intensive industries will be required. While this task appears
daunting, several promising technologies to this end have already been iden-
tified. On the supply side, a transition to hydrogen as the carrier for a net-
zero energy system holds promise to decarbonize parts of the transportation,
industrial and heating sectors. 10 On the other hand, carbon capture and
storage (CCS) is an already established technology in the oil refining and
natural gas sectors. 10 However, commercially viable techniques such as
amine-based chemical adsorption usually have the disadvantage of involving
harmful toxic volatiles and are associated with a high energy penalty of the
regeneration process.11, 12 Clearly, further process and material innovations
are required for carbon capture technologies to meet the proposed cost and
performance goals which have been stated. 13–15 In this regard, physical
adsorption in nanoporous materials appears as a prime candidate.

Before stating the goal of this dissertation in Section 1.4, this class of ma-
terials is introduced in Section 1.1, focusing specifically on metal-organic
frameworks (MOFs). In Section 1.2, their extraordinary gas adsorption and
separation properties are introduced. Finally, we arrive at the need for
computational tools to model the adsorption and separations processes at
operating conditions, described in Section 1.3, which will lead to the goals of
this work.

1.1 Nanoporous materials

To understand the extent of scientific and industrial interest in nanoporous
materials, it’s essential to make their primary use case intuitively clear via
analogy. For this, let us imagine a kitchen sponge. Whether natural or
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synthetic, sponges contain pores ideally suited for absorbing liquids like
water. Just as plants pull up water from their roots through capillary ac-
tion, the pores of sponges are small enough for water to accumulate in.
Analogously (but not exactly through the same process), what if we could
employ materials with much smaller pores, at the length scales of individual
molecules. These materials could store and separate gases, even act as cat-
alysts for chemical reactions. Depending on the exact structure of the pores
and building blocks from which these materials are constructed, a wealth
of applications can be envisaged. This is precisely the role that nanoporous
materials can fulfill.

Nanoporous materials are a class of materials characterized by pores with a
width of 1 – 100 nanometer. Already in the 18th century, a naturally occurring
nanoporous material was discovered by mineralogist Axel F. Cronstedt who
observed a mineral releasing water upon heating, with the ability for re-
uptake at lower temperatures. 16 Combining the Greek words for "to boil"
and "stone", he coined the term "zeolite" for this mineral. Zeolites are crys-
talline three-dimensional aluminosilicates formed by linked TO4 ( T = Si, Al,
P, ... ) tetrahedra combined with charge-compensating cations. 17 Despite
the remarkable molecular sieve properties of zeolites being recognized in
the 19th century, the lack systematic synthesis procedures and experimental
identification methods such as X-ray di�raction prevented their industrial
use. 17 Only a�er pioneering work by R. M. Barrer and the discovery of
commercially significant zeolites A, X and Y by R. Milton, the path towards
industrial use of zeolites was laid out. 18, 19 Nowadays, zeolites are routinely
employed in organic synthesis and for catalytic cracking in the petrochemical
industry. 20, 21 Even so, the tunability of zeolites for specific applications
is limited, as the number of distinct zeolite structures is relatively small,
and chemical functionalization has remained challenging. 22, 23A new type
of nanoporous material, coined metal-organic frameworks, therefore gained
prominence at an opportune time.

1.2 Metal-organic frameworks for adsorption and
separation

Metal-organic frameworks (MOFs), also referred to as porous coordination
polymers (PCPs), are crystalline materials composed of metal-oxide sec-
ondary building units (SBUs) linked together by organic linkers. Although
first reports on this class of materials date back to the 1960s,30–32 interest in
them accelerated greatly from the late 1990s when it became clear that highly
crystalline and porous MOFs could be synthesized that did not collapse
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Figure 1.1: An overview of the first syntheses of six prototypical MOFs
(MOF-524, HKUST-125, MIL-53(Al)26, ZIF-827, UiO-6628 and DUT-
49(Cu)29) on a time line of the number MOF publications through
time. For each MOF, the constituting metal brick and or-
ganic linkers are shown. Abbreviations of the linkers refer
to 1,4-benzodicarboxylate for BDC, 1,3,5-benzenetricarboxylate
for BTC and 9,9’-([1,1’-biphenyl]-4,4’-diyl)bis(9H-carbazole-3,6-
dicarboxylate for BBCDC.
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during the removal of solvent molecules. 24, 25, 33–35 Although a wealth of
new techniques have been developed,36–39 conventional synthesis of MOFs
is typically achieved through solvothermal reactions, mixing organic ligands
and metal salts in a polar solvent such as water, acetonitrile, dimethylfor-
mamide, dimethylsolfoxide or methanol. 40–42 However, the crystallinity and
porosity of the synthesized MOFs depends critically on the temperature,
solvent compositions, reagent ratios, concentrations and reaction times, ne-
cessitating a degree of trial-and-error. 40, 43–45 During synthesis, the solvent
molecules occupy the pores and are subsequently removed by heating or
application of a vacuum. The first MOFs maintaining porosity during this last
step were MOF-5 and HKUST-1. 25, 35 MOF-5 is a highly porous MOF com-
posed of Zn4O clusters tetrahedrally connected by 1,4-benzenedicarboxylate
(BDC) linkers, resulting in a cubic network with an internal surface area of
3800 m2/g, significantly higher than that of common zeolites or activated
carbon. 46 Since then, many MOFs of interest have been identified. In 2002,
the first of a highly flexible class of permanently porous MOFs was synthe-
sized, coined MIL-53 (MIL = Matériaux de l’Institut Lavoisier47, 48), consisting
of [M(OH)]∞ chains connected with BDC ligands in a wine-rack topology.
Of these, MIL-53(Al) was observed to reversibly transition between a large
pore (lp) and narrow pore (np) phase upon hydration/dehydration.26 This
phenomenon was coined the breathing of the framework, and is characterized
by a volume change of up to 40%. In 2006, zeolitic imidazolate frameworks
(ZIFs) were first synthesized.27 ZIFs are a class of MOFs consisting of zinc
or cobalt metals connected tetrahedrally by imidazolate linkers. They share
the same topologies as zeolites while having the advantage of being more
flexible in surface modifications targeting applications like carbon capture.
27, 49–52 In Figure 1.1, six prototypical MOFs are shown on a time line of their
first synthesis. Through the principles of isoreticular synthesis, many more
MOFs have since been synthesized with specific applications in mind.

1.2.1 Isoreticular synthesis and rational design

As a given metal-organic framework can be characterized by its topology
and constituting SBUs (the metals and organic linkers), one could imagine
substituting one SBU with another one with the same coordination geometry,
maintaining the same topology. This concept, referred to as isoreticular
synthesis, paves the way for the rational design of MOFs, endowing them
with the desired characteristics. One of the prototypical MOFs, MOF-5, is
a prime example of this concept in action. In seminal work by the group of
Yaghi, the pore size of MOF-5 could be incrementally varied from 3.8 to 28.8 Å
by substitution of the linker with biphenyl, tetrahydropyrene, pyrene, and
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terphenyl, giving rise to the IRMOF isoreticular series of MOFs.53 Among this
series, IRMOF-6 demonstrated state of the art methane storage capacity of
240 cm3/g at standard temperature and pressure. On the other hand, MOF-5
as first synthesized in 1999, is unstable in the presence of water. However,
later work showed that the addition of methyl or trifluoromethoxy groups to
the BDC linker significantly enhances its stability. Due to these hydrophobic
moieties, these modified MOF-5 frameworks retained their porosity for days
when exposed to ambient air. 54–56

Apart from tuning the porosity for increased gas storage capacity, the size of
the pore window between neighboring pores can also be tuned to separate
gases kinetically. For example, ZIF-8 and ZIF-67 have been identified for
their large propane/propene selectivity due to the small di�erences in kinetic
diameters of these gases. The pore window of both MOFs is ideally tuned for
allowing propene to pass through while hindering propane. 57 The ability
of MOFs to kinetically separate gases has also been identified for N2/O2,
CO2/CH4 and CO2/N2 separation. 58–60 A second, more common way to sep-
arate gases is by means of adsorptive selectivity, also called thermodynamic
separation. 43 In physisorptive adsorption, separation is achieved based
on the distinct physical properties of gases. For example, the significant
quadrupole moment of CO2 (13.4 · 10-40 C ·m2), compared to the lack of
one for CH4, results in a preferential interaction of CO2 with the MIL-53
and MIL-47 frameworks. 61, 62 The addition of polar groups can further en-
hance selectivity. In UiO-66(Zr), the CO2/CH4 selectivity can be significantly
increased by ligand functionalization with –SO3H and –CO2H groups.63

The adsorption characteristics of a MOF can also be tuned by changing
the metal site. In the widely studied M2(dobdc) (dobdc = 2,5-dioxido-1,4-
benzenedicarboxylate) framework, changing the open-metal site from Mg to
Ni, Co, Fe, Mn, Zn or Cu systematically decreases the heat of adsorption
of CO2 from 43.5 kJ ·mol-1 to between 38.6 kJ ·mol-1 and 22.1 kJ ·mol-1.64

Many more MOFs have been modified with specific applications in mind,
more than can be summarized here. For a thorough overview on selective
gas adsorption in MOFs, the interested reader is referred to a review of Zhou
et al. 65 However, a unique property of a subclass of MOFs endows them with
a di�erent pathway of tuning adsorption, that of flexibility.

1.2.2 Guest-induced flexibility

As outlined before, interest in metal-organic frameworks grew quickly a�er
structures were identified that maintained their crystallinity and porosity
a�er the removal of guest molecules. Kitagawa and Kondo coined this a
transition from first generation to second generation compounds.66, 67 Where
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Figure 1.2: Examples of guest-induced flexibility in MOFs. (a) The breath-
ing transition between the lp and np phases of MIL-53(Al)
under carbondioxide adsorption, (b) the gradual swelling of
MIL-88(Fe) under uptake of water and (c) the lp to np transition
of DUT-49(Cu) associated with negative gas adsorption (NGA).

the first generation of materials collapse a�er the removal of guests, the
second generation of MOFs maintain their porous structure before and a�er
guest adsorption, paving the way to their use as functional adsorbents.
Interestingly, they hypothesized a third generation of frameworks as well.
These MOFs could dynamically respond to external stimuli such as tem-
perature, pressure, light or guest adsorption. Such a class of materials was
later identified, and termed so� porous crystals (SPCs). 68 They are char-
acterized by their highly ordered network and a reversible transformability
between two or more phases, of which at least one possesses space for
guest molecules. 68 A prime example of this reversible transformation is
the breathing transition in MIL-53(Al) shown in Figure 1.2(a). The empty
framework can undergo a phase transformation between an orthorhombic
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large-pore (lp) and monoclinic closed-pore (cp) phase under the influence
of temperature or pressure.69, 70 Futhermore, under methane, carbondiox-
ide or xenon adsorption, an intermediate narrow-pore (np) phase can be
reversibly reached, resulting in a distinct hysteresis between adsorption
and desorption.71, 72 In Paper I, computational schemes are developed to
rationalize the breathing transition or lack thereof under guest adsorption
of di�erent molecules as a function of temperature and gas pressure. Instead
of a phase transition between distinct phases, guest adsorption in MIL-88
is associated with a gradual increase in unit cell volume with increasing
guest loading, up to 85% under water adsorption.73 Such a transition is
referred to as a swelling mode. Both the dried and hydrated forms of
the framework are shown in Figure 1.2(b). Additionally, phase transitions
which are not associated with a change in unit cell volume are possible.
One such example is the phenomenon of gate-opening. The framework
[Cd2(pzdc)2(BHE-bpb)]n (pzdc = 2,3-pyrazinedicarboxylate; BHE-bpb = 2,5-
bis(2-hydroxyethoxy)-1,4-bis(4-pyridyl)benzene) consists of alkyloxy func-
tionalized pyridyl linkers containing OH groups which can interact with
neighboring linkers. These groups form a gate of the pore which can rotate
and open the pore space when polar guest molecules interact with the Cd
metal center, leading to a highly selective uptake.74 Common to all these
previous transitions is the monotonic increase in gas uptake with increas-
ing gas pressures. However, in 2016, the counterintuitive phenomenon of
negative gas adsorption (NGA) was discovered in DUT-49(Cu). 75 In this
framework, a cubic-to-cubic phase transition is triggered by the presence
of methane adsorbates (see Figure 1.2(c)), resulting in the sudden release of
guests. In order to rationalize this phenomenon, research has focused on
the linker dynamics of the framework,76 the thermodynamic driving forces
of the transition,77 the dependence on temperature and adsorbate,78 and
the organic linker of the framework.79 However, it was shown that an NGA
transition must imply the involvement of a metastable state.75 This necessi-
tates a method to unequivocally determine the (meta)stability of phases as
a function of temperature and gas pressure, which is the topic of Paper II.

Clearly, the inherent flexibility of this class of materials opens up another
pathway through which rational design can be achieved, as the application
of external stimuli can tune the pore structure, resulting in the highly selec-
tive capture of guests. Several studies have already leveraged the inherent
flexibility of SPCs for CO2/N2, CO2/CH4 or C2H6/CH4 separation. 80–83

Furthermore, possible applications for sensing by reversible color change
upon a guest-induced phase transition or controlled drug release to a target
organ have been identified. 84–87 Although many more applications for
flexible MOFs can be imagined, significant roadblocks slowing down research
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Figure 1.3: Experimental versus computational methods for studying MOFs
and their adsorption properties. In experiments, a scanning elec-
tron microscope (SEM) can be used to visualize the single-crystal
grain sizes. Connecting the MOF crystal with a gas reservoir, the
adsorption isotherms of a MOF can be extracted. On the other
hand, a computational simulation requires a representative sys-
tem for the MOF, combined with both a method for calculating
interactions as well as a sampling protocol which connects the
MOF with the external gas reservoir. Figure for the experimental
MIL-53(Al) crystal reproduced from Ref. [88] with permission
from Elsevier.

exist. First of all, experimental synthesis and characterization of MOFs is
costly both time-wise and money-wise, preventing a full exploration of the
adsorption properties of the vast space of all MOFs. Secondly, to truly fulfill
the promise held by rational design of materials, a thorough understanding
of the kinetics, dynamics and thermodynamics of materials and adsorbed
guests at the nanoscale is required. This is where the world of computational
modeling is poised to take a leading role.

1.3 Computational modeling

The application of computational physics to materials can be seen as a branch
of physics which neatly connects the long existing experimental and the-
oretical branches. However, it has firmly established itself as a full-fledged
third branch of physics. Whereas experiments probe materials to understand
their properties, theory has its roots in the fundamental quantum mechanical
equations which can be employed to predict how materials interact. Both
of these have their limitations, however. In experiments, perfect control of
the material under study and the experimental conditions is di�icult. On
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the other hand, the quantum mechanical equations only reduce to a closed-
form solution for the most simple cases. In contrast to this, computational
physics as applied to molecules and materials aims at a numerical solution
to (approximations of) the fundamental (or ab initio) quantum mechanical
equations. With these approximate solutions, simulations are performed to
replicate in silico the experimental conditions to which the system is exposed
(by use of a sampling procedure). From these simulations, information is then
gained about the properties of interest for the system under study. While
this sounds promising, the success or failure of this approach relies critically
both on the approximations made to the theory, as well as the way that the
experimental conditions are replicated. Computational scientists therefore
always have to keep both of these two ingredients (the approximated inter-
actions and the sampling, see Figure 1.3) firmly in the back of their mind.
While the theoretical foundations behind these two ingredients will be laid
out in Chapter 2, it is informative to already give a short overview of how
computational modeling has been applied to study the adsorption of guests
in MOFs, which will lead to the goals of this dissertation.

To describe the interactions between atoms, non-polarizable force fields are
most commonly used. Herein, the non-covalent interaction between ad-
sorbates and a MOF are described by atom-centered empirical potentials,
assigning a charge and van der Waals parameters to each atom. For the
covalent interactions, separate potentials are used to describe bonds, bends,
dihedrals and torsion (sometimes supplemented with more advanced terms).
Many force fields following this recipe have been developed, combined with
sets of parameters fi�ed to experimental data or ab initio calculations. Force
fields can generally be distinguished based on their range of applicability.
While some were developed with broad applicability to molecules, materials
and liquids in mind (UFF, DREIDING, CHARMM), others were developed to
describe individual or sets of MOFs (UFF4MOF, MOF-FF, BTW-FF, DWES,
�ickFF).89–97 Although these approaches have certainly been successful,
many cases have been identified where the accuracy of the functional form
used to describe the non-covalent interactions breaks down. In M-MOF-74,
the interaction of CO2 and small hydrocarbons with the open-metal sites of
the framework cannot be accurately captured with these types of force fields,
necessitating the need for more advanced polarizable force fields, although
this has the disadvantage of introducing extra parameters which require
careful fi�ing to agree with ab initio calculations. 98, 99 Also in other MOFs,
the importance of electronic polarization has been clearly established. 100, 101

To improve the accuracy with which these e�ects are captured, a transferable
polarization model is derived in Paper III and a method to train a machine
leaning model on non-covalent interaction energies of adsorbates in MOFs
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is developed in Paper IV.

Using an appropriate force field, adsorption simulations can subsequently
be performed which replicate the experimental conditions in which a reser-
voir of gas molecules at a well-defined temperature T and pressure p is in
contact with the system under study, allowing for an exchange in guests.
This is usually achieved by means of grand-canonical Monte Carlo (GCMC)
simulations. Herein, adsorbate molecules are inserted/deleted and translat-
ed/rotated in the framework as to sample the statistical ensemble associated
with the experimental conditions (p, T ). GCMC simulations have a long
history in adsorption research, and have been employed in screening studies
determining the adsorption properties of databases of MOFs. Early studies
focused on the screening of MOFs for their uptake and heat of adsorption of
hydrogen, carbon dioxide and methane. 102–104 Later studies identified MOFs
suited for the selective capture of CO2 over N2, CO2 over small hydrocarbons,
ethylene from hydrocarbon mixtures and the performance of a set of 14
functional groups for the capture of toxic industrial chemicals. 105–108 In
seminal works, Gómez–Gualdrón et al. identified NU-1103 out of a set of
13 512 MOFs with an outstanding hydrogen storage capacity at cryogenic
temperatures, and Wilmer et al. identified 300 out of 137 953 MOFs for their
state-of-the-art methane storage capacity.109, 110 However, GCMC simula-
tions do not take the flexibility of the framework into account, neglecting
any flexibility-induced enhanced uptake and selectivity. In Paper I and
Paper II, computational schemes are proposed and benchmarked to include
this framework flexibility.

1.4 Goal and outline

As outlined in previous Sections, computationally modeling adsorption in
nanoporous materials essentially relies on the quality of the used force
field, as well as the sampling protocol with which adsorption simulations
are performed. In this dissertation, contributions are made to improve the
accuracy of these two necessary ingredients, as a step towards the goal
of an accurate and reliable description of adsorption in MOFs and other
nanoporous materials. To accomplish this goal, several intermediate goals
are discussed in the following chapters.

Chapter 2 In Chapter 2, the theoretical foundations are laid out on which
molecular modeling is based. Starting from the Schrödinger
equation, the concept of the potential energy surface (PES) is
introduced. Furthermore, methods to sample the PES will be



14 Goal and outline

discussed. From these simulations, the key properties of interest
of the system under study such as adsorption isotherms, heats
of adsorption and the phase stability under adsorption can be
extracted.

Chapter 3 In Chapter 3, several computational sampling schemes to in-
clude the framework flexibility in adsorption calculations are
introduced. These schemes are applied to the adsorption of
neon, argon, xenon, methane and carbon dioxide in the breathing
MIL-53(Al). Each of these schemes yields complementary infor-
mation, and capture the dynamic and thermodynamic features
of the phase stability of MIL-53(Al) under gas adsorption. Subse-
quently, one of the schemes is applied to methane adsorption
in DUT-49(Cu), capturing the negative gas adsorption (NGA)
transition and the experimentally observed (meta)stability of
both phases of the framework as a function of gas pressure
and temperature, demonstrating its ability in describing guest-
induced phase transitions.

Chapter 4 In Chapter 4, two di�erent approaches for improving the descrip-
tion of framework–adsorbate interactions are developed. In the
first, a transferable polarizable force field is developed that can
accurately describe polarization e�ects with a single transferable
parameter. In a second approach, relying on high-quality ref-
erence calculations, the framework–adsorbate interactions are
learned with a machine learning potential (MLP) and employed
in GCMC simulations to accurately calculate the carbon dioxide
uptake and heat of adsorption in Mg-MOF-74, for which generic
force fields break down. Lastly, the utility of employing MLPs to
describe reactive events is investigated, providing great promise
in the computational characterization of chemisorption and cat-
alytic reactions.

Chapter 5 In Chapter 5, concluding remarks are made together with a per-
sonal perspective of possible further developments in methods
for accurate adsorption calculations in nanoporous materials.
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Computational methods

I insist upon the view that ’all is waves
Erwin Schrödinger (1887–1961)

To describe the interactions governing the behavior of atoms, molecules and
materials at the nanoscale, we start from first principles (ab initio), provided
by the Schrödinger equation.111 This formulation is grounded in the quantum
mechanical postulate that a system is fully characterized by its wavefunction.
For a molecular system consisting of atomic nuclei and electrons, the wave-
function depends on the positions of the nuclei and the positions and spins
of the electrons. Herein, it is assumed that nuclei (consisting of protons and
neutrons) and electrons only interact through the electromagnetic interac-
tion, neglecting gravitational and nuclear forces. Additionally, the nuclei are
treated as point charges, and the relativistic motion of nuclei and electrons
is neglected. These last two approximations are not generally correct, but
can still approximately be taken into account a posteriori. From this starting
point, several further approximations will be introduced, concluding in a
force field description of the potential energy surface. Subsequently, insights
from classical mechanics and statistical mechanics will lead to sampling tech-
niques from which all properties of interest of the system can be extracted.

15
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2.1 From first principles to molecular mechanics

2.1.1 The Schrödinger equation and Born-Oppenheimer ap-
proximation

In 1926, Schrödinger postulated that the dynamics of the wavefunction
|Ψ(t)〉 is governed by the following equation

i~
∂

∂t
|Ψ(t)〉 = Ĥ |Ψ(t)〉 (2.1)

with Ĥ the Hamiltonian and ~ the reduced Planck constant. For a molec-
ular system consisting of nuclei and electrons, the molecular Hamiltonian
consists of the following kinetic and potential terms for the nuclei N and
electrons e

Ĥ = T̂N + T̂e + V̂NN + V̂Ne + V̂ee (2.2)

where each operator is defined as follows

T̂N = −1

2

∑

A

∇2
A

MA

T̂e = −1

2

∑

i

∇2
i

V̂NN =
∑

A>B

ZAZB
RAB

V̂Ne =
∑

A

∑

i

ZA
riA

V̂ee =
∑

i>j

1

rij

Herein, atomic units are employed, with MA and ZA representing the
mass and charge of nucleus A and rAB , riA and rij the nuclei–nuclei,
electron–nuclei and electron–electron distances, respectively. As this Hamil-
tonian is time-independent, a separation of variables can be applied, reduc-
ing the time-dependent Schrödinger equation (Equation (2.1)) into a time-
independent one

Ĥ |φn〉 = En |φn〉 (2.3)

with En and |φn〉 the eigenvalues and eigenstates, from which the solution
to Equation (2.1) can be wri�en as

|Ψ(t)〉 =
∑

n

cn exp(−iEnt) |φn〉 (2.4)

In this Hamiltonian, a coupling between the nuclear and electronic mo-
tion exists through riA. To decouple the nuclear and electronic degrees
of freedom, the Born-Oppenheimer (BO) approximation is made.112 First,



Computational methods 17

note that the mass of electrons and nuclei di�ers by at least three orders of
magnitude. The electrons move much faster, and can therefore equilibrate on
shorter timescales than the nuclei. Neglecting nuclear motion, the following
electronic eigenvalue equation is obtained

(
T̂e + V̂NN + V̂Ne + V̂ee

)
|φen〉 = Een |φen〉 (2.5)

with |φen〉 and Een the electronic eigenvectors and eigenvalues, respectively.
In this Equation, the nuclear coordinates only appear parametrically. In other
words, the obtained eigenvalues Een =Een({R}) (with Ee0 the ground state)
are high-dimensional surfaces as a function of the nuclear coordinates, o�en
referred to as Born-Oppenheimer surfaces or potential energy surfaces (PES).
Finally, by assuming that all excited electronic states are much higher in
energy than the ground state, called the adiabatic approximation, the nuclear
eigenfunctions |χnm〉 are obtained from the following equation

(
T̂n + Een

)
|χnm〉 = Enm |χnm〉 (2.6)

In most common molecules and materials, the electronic energy levels are
indeed separated by more than an electronvolt, larger then the separa-
tion between nuclear rotational and vibrational energy levels. The Born-
Oppenheimer approximation is therefore used in the rest of this work, only
occupying ourself with the calculation of the ground state energy Ee0({R}).
In the following sections, the ground state electronic wavefunction will be
referred to as |ψ〉 for ease of notation. Finally, due to their large mass, it is
possible to treat the nuclei as classical particles moving on the PES, avoiding
the need to solve the nuclear eigenvalue Equation (2.6) explicitly. Only for the
lightest nuclei like hydrogen does this approximation break down, although
methods such as path integral molecular dynamics exist to take the quantum
behavior of nuclei into account.113

2.1.2 �antum mechanical methods

Solving Equation (2.5) for the molecules or materials of interest will now yield
all the required insight into their constituting interactions and electronic
structure. However, this is exactly where the crux of molecular modeling
is situated. Equation (2.5) is a many-body problem, and even in one of the
most simple cases of an isolated helium atom (consisting of one nuclei and
two electrons) no analytical solution exists, analogous to the lack of a closed-
form solution for the three-body problem in classical mechanics.114 However,
a wealth of methods for approximate solutions have been developed, many
of which build on the Hartree-Fock formalism.115–117
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Hartree-Fock

Given a system containing N electrons, it is tempting to write the electronic
wavefunction as a product of one-electron wavefunctions

ψ (x1,x2, · · · ,xN ) = φ1 (x1)φ2 (x2) · · ·φN (xN ) (2.7)

with xi = (ri, σi) a generalized coordinate including both the position ri and
spin σi. However, this wavefunction does not satisfy the antisymmetric con-
straint of fermions under particle exchange. The Hartree-Fock (HF) method
postulates a Slater determinant constructed from the one-electron orbitals
instead which satisfies this constraint118

ψ (x1,x2, · · · ,xN ) =
1√
N !

∣∣∣∣∣∣∣∣∣

φ1(x1) φ1(x2) · · · φ1(xN )
φ2(x1) φ2(x2) · · · φ2(xN )

...
...

. . .
...

φN (x1) φN (x2) · · · φN (xN )

∣∣∣∣∣∣∣∣∣
(2.8)

Making use of the variational principle, together with the orthonormality
constraint of the orbitals, the ground state energy follows from a minimiza-
tion of the expectation value of Ĥ with respect to the one-electron orbitals

E = min
φi(xi)

〈ψ|Ĥ|ψ〉 (2.9)

resulting in a set of equations for the one-electron orbitals

F̂ φi =


ĥ+

∑

j

[
Ĵj − K̂j

]

φi = εiφi (2.10)

with F̂ the Fock operator, consisting of a single-particle operator ĥ and the
Coulomb Ĵ and exchange K̂ two-particle operators defined as follows

ĥ = −1

2
∇2 −

∑

A

ZA
|r −RA|

= −1

2
∇2 + Vext

Ĵj φi(x) =

∫
φ∗j (x

′)φj(x′)

|r − r′| φi(x) dx′

K̂j φi(x) =

∫
φ∗j (x

′)φi(x′)

|r − r′| φj(x) dx′

The Coulomb term represents the classical interaction between charge dis-
tributions. However, no such classical analogue exists for the exchange term,
as it originates from the antisymmetry constraint of the wavefunction with
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respect to particle exchange, also referred to as the Pauli exclusion principle.
To solve Equation (2.10), the single-particle orbitals are expanded into a set
of basisfunctions (most commonly Gaussian functions or plane waves)

φi(x) =
∑

j

cijbj(x) (2.11)

with cij the coe�icients to be calculated, which transforms Equation (2.10)
into the Hartree-Fock-Roothaan equation FC =SCε, with F the Fock ma-
trix, C the basis set coe�icient matrix, S the basis set overlap matrix and ε
a diagonal matrix with the orbital energies.117 While this looks like a stan-
dard eigenvalue equation, the Fock matrix depends on the orbitals (through
C), requiring a self-consistent iterative solution method until the obtained
orbitals and energy converge. Due to the form of the Coulomb and exchange
operators (electrons interact with the average distribution of other electrons),
the HF approach is a mean field theory neglecting the correlation energy
resulting from the instantaneous interaction between electrons, representing
one of its most important limitations. However, post-HF methods which
include these e�ects exist, with the most common ones being Møller–Plesset
perturbation to the second order (MP2), configuration interaction (CI) and
coupled cluster theory (CC). In MP2, the true Hamiltonian is used in a pertur-
bation to the unperturbed Fock operator, recovering some of the correlation
energy. 119, 120 On the other hand, coupled cluster theory postulates an
exponential ansatz for the wavefunction,121–123 in which a Slater determinant
serves as the reference wavefunction |ψ0〉:

|ψ〉 = eT̂ |ψ0〉 (2.12)

with T̂ the cluster operator. The variant of coupled cluster o�en consid-
ered the golden standard for quantum chemistry calculations consists of a
truncation of the cluster operator at the second level (including single and
double excitations) with a perturbative treatment of the triple excitations,
referred to as CCSD(T). 124, 125 While such approaches to include electron
correlation are highly accurate, their practical use is severely limited by their
computational cost. A popular alternative to wavefunction based methods
with more favorable computational scaling than CCSD(T) are the electron-
density based methods.

Density-functional theory

Although the wavefunction |ψ〉 encodes all properties of a system, it is a
complex high-dimensional function of the spatial and spin coordinates of
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each electron. Consider instead the electron density

n(r) = 〈ψ|
∑

i

δ(r − ri)|ψ〉 (2.13)

= N

∫
|ψ(r, r2, . . . , rN )|2 dr2 . . . drN (2.14)

which is a 3-dimensional scalar function. Herein, we restricting ourselves
to the ground state of the system. At first sight, the electron density con-
tains considerably less information than the wavefunction. However, two
theorems proven by Hohenberg and Kohn in 1964 established this not to
be the case.126 First, the ground state electron density uniquely determines
the external potential and therefore the Hamiltonian, making it possible to
define the ground state energy E as a functional of the density n. Second, a
variational principle for the density was established, proving that E[n(r)]
is minimal when n(r) is the true ground state (subject to the constraint
N =

∫
n(r)dr). Given that the Hamiltonian consists of a kinetic energy term

T̂e, an external potential V̂Ne and the electron-electron interaction V̂ee (V̂NN
is a constant), the energy functional E[n(r)] can be wri�en as

E[n(r)] = T [n(r)] + Vext[n(r)] + Vee[n(r)] (2.15)

Herein, only the interaction with the external potential is known exactly, al-
though significant contributions to the other functionals are known. First, an
important part of the electron-electron interaction is known as the Coulomb
interaction or Hartree term, which can be wri�en as a functional of the
density VH [n(r)]. Second, Kohn and Sham made use of the following model
for the kinetic term.127 Consider a fictitious system of N non-interacting
fermions described by a Slater determinant consisting ofN fictitious orbitals
φi which reproduce the true ground state density. For this system, a kinetic
term Ts(r) is known exactly:

Vext[n(r)] =

∫
Vext(r)n(r) dr (2.16)

VH [n(r)] =
1

2

∫
n(r1)n(r2)

|r1 − r2|
dr1dr2 (2.17)

Ts[n(r)] = −1

2

∑

i

〈φi|∇2|φi〉 (2.18)

Using these terms, the energy functional can be rewri�en as

E[n(r)] = Ts[n(r)] + Vext[n(r)] + VH [n(r)] + Exc[n(r)] (2.19)
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with Exc[n(r)] the exchange-correlation functional representing the di�er-
ence between treating the electron-electron interaction classically and from
using the non-interacting kinetic energy

Exc[n(r)] = (T [n(r)]− Ts[n(r)]) + (Vee[n(r)]− VH [n(r)]) (2.20)

The variational principle together with a Lagrange multiplier constraint on
the density can now be used to minimize the functional

δ

δn(r)

[
E[n(r)]− µ

∫
n(r) dr

]
=
δE[n(r)]

δn(r)
− µ = 0 (2.21)

and therefore

δTs[n(r)]

δn(r)
+ Vext(r) +

∫
n(r)

|r − r′| dr +
δExc[n(r)]

δn(r)
= µ (2.22)

Again, making a comparison between the true system subject to an external
potential Vext and a system consisting of N non-interacting electrons with
the same density, this hypothetical system should be subject to a di�erent
external potential Vs, for which the variational principle (from Equation
(2.15)) leads to

δE[n(r)]

δn(r)
=
δTs[n(r)]

δn(r)
+ Vs(r) = µ (2.23)

Both systems described by Equations (2.22) and (2.23) are therefore identical
in case

Vs(r) = Vext(r) +

∫
n(r)

|r − r′| dr +
δExc[n(r)]

δn(r)
(2.24)

In other words, the ground state of the true system can be found by solving
the fictitious non-interacting system with an external potential given by
Equation (2.24), allowing us to use the HF formalism given by Equation (2.10)
for the orbitals of the non-interacting system

(
−1

2
∇2
i + Vs(r)

)
φi = εiφi (2.25)

with the density n(r) equal to

n(r) =
∑

i

fi |φi(r)|2 (2.26)

with fi the occupancy of the orbitals (0 ≤ fi ≤ 2). Although the complete
derivation so far is exact, the form of the exchange-correlation energy Exc
is not known. However, many approximations exist with a varying degree of
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empiricism, complexity and computational cost. The simplest approximation
assumes Exc to be a functional of n(r), aptly named the local density
approximation (LDA). Increasing in complexity, a dependence on gradient
∇n(r) and laplacian ∇2n(r) are included, termed the generalized-gradient
approximation (GGA) and meta-GGA, respectively. The GGA family of func-
tionals have been used most o�en, with the Perdew-Ernzerhof-Burke (PBE)
functional being the workhorse of solid state physics.128, 129 In even more
advanced approaches, a part of the exact Hartree-Fock exchange computed
from the occupied Kohn-Sham orbitals is added, termed hybrid functionals
or hybrids. Despite the sound theoretical foundations of density-functional
theory (DFT), significant errors remain due to the introduction of approxi-
mate exchange-correlation functionals. In near-degenerate systems which
cannot be accurately be described with a single Slater determinant, static
correlation errors crop up. Artificial delocalization of the electron density
is also known a�ect DFT, with fractional charge occupation being artificially
stabilized.130 However, one of the most severe limitations a�ecting DFT when
describing non-covalent interactions between molecules is the lack of long-
range dispersion.131–134 Due to the semi-local nature of the approximate
functionals, the dynamic correlation of instantaneously interacting dipole
fluctuations cannot be accurately captured. To alleviate this problem, em-
pirical dispersion corrections exist based on the theoretical insight that the
leading dispersion terms between atoms scale with the inverse power of six
and eight in the distance.135 Commonly, a D3 dispersion correction is added
to the ground state energy

ED3 = −1

2

∑

i,j

∑

n=6,8

fn(rij)
Cijn
rnij

(2.27)

with fn(rij) a short-range damping function, Cijn the nth order dispersion
coe�icient and rnij the interatomic distance between atom i and j.136 With
proper parameterization, this empirical contribution recovers most of the
missing long-range correlation energy. While DFT has witnessed wide-scale
adoption in material science and computational chemistry, its computational
cost still limits its use in applications where large system sizes are re-
quired, only recently being applied to protein-ligand binding or mesoporous
materials.137, 138 For truly large-scale simulations, force fields are required.

2.1.3 Force field methods

Before providing an overview of force field methods, it is instructive to re-
member the target applications for molecular modeling. In some applications
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such as the determination of the band gap of a material or the excited states
of a molecule, it is essential to accurately capture the electronic structure
of the system at hand. However, in other types of applications such as
adsorption or phase transformations in nanoporous materials, protein-ligand
docking, or the modeling of viruses such as HIV-1, only the structure, dynam-
ics or statistics of the nuclei is of interest.139–141 Of course, nuclei interact
with the surrounding electrons, but the exact electronic structure is not of
interest. One could therefore imagine an approach which only retains the
nuclei which interact through empirical potentials. This is exactly the force
field approach. Grounded in the many-body expansion of the energy, a force
field decomposes the total energy into n-body contributions

E =
∑

i

Ei +
∑

i<j

Eij +
∑

i<j<k

Eijk +
∑

i<j<k<l

Eijkl + · · · (2.28)

with the indices i, j, k, l, · · · running over all atoms in the system. Typically,
these methods employ di�erent functional forms to describe the covalent
(bonding) and non-covalent (non-bonding) interactions, each grounded in
di�erent physical considerations. Therefore, each will be discussed sepa-
rately.

Covalent force fields

Covalent force fields describe the interaction of molecules or materials con-
nected through chemical bonds. Generally, as the absolute force field en-
ergy has no physical meaning, the first term in the many-body expansion
representing atomic energies is omi�ed. For the next terms, inspiration can
be drawn from considering some simple molecular systems. First, consider
a linear carbondioxide molecule. Scanning the potential energy surface by
linearly displacing one of the oxygen atoms with respect to the rest length,
the profile shown in blue in Figure 2.1(a) is obtained using the PBE-D3(BJ)
functional and the def2-tzvp basis set. Fi�ing a harmonic term to this profile,
a near perfect fit is obtained for this two-body term. Similarly, the three-body
bending mode in water (shown in Figure 2.1(b)) can be represented by a har-
monic term in the angle. Several di�erent choices for representing the four-
body term exist such as out-of-plane distance or torsion form. For example,
the rotation of the methyl groups comprising ethane (see Figure 2.1(c)) can
be represented by a torsion term with shi�ed cosine functional form with
multiplicity m = 3.

While the preceding discussion demonstrates how covalent force fields can
be derived from fi�ing to DFT calculations, early generic force fields followed
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Figure 2.1: Scans of the PES obtained with PBE-D3(BJ)/def2-pvtz of (a) the
carbondioxide bond, (b) the water bending mode and (c) torsion
of a methyl group in ethane, together with analytical functions
fi�ed to the DFT data, demonstrating good agreement.

di�erent strategies. Force fields such as CHARMM, UFF and DREIDING
make use of atom types, defined by their chemical symbol, hybridization
and/or oxidation state.89, 91, 92 For each atom type, bond distances and equi-
librium angles were determined from experimental structures, while force
constants were set to empirical values, or derived from the classical Coulomb
interaction between e�ective charges.142 Supplemented with torsion and in-
version terms, these force field’s reliance on atom types make them generally
applicable to a wide range of systems. However, a trade o� between wide
applicability and accuracy usually exists, motivating the development of
system-specific force fields such as UFF4MOF, which extends UFF with atom
types occurring in typical MOFs, combined with a refi�ing of bond angles
and radii. 90

With the advent of high-performance computing (HPC) capabilities, force
fields have started relying more on DFT calculations for fi�ing. In the force
matching approach,143 force field parameters are derived from a minimiza-
tion of a cost function including computed energies, forces and/or stresses
obtained from a set of representative configurations. Although this approach
su�ers from an ill-conditioning of the cost functions, several codes such as
potfit, ForceFit and ForceBalance exist to perform this minimization.144–146 In
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another approach coined �ickFF, the Hessian matrix (consisting of second
order derivatives of the energy) in equilibrium is used in conjunction with
perturbation trajectories, avoiding this limitation.96, 97 This methodology is
of particular interest for this work, as it has been shown to accurately cap-
ture the framework flexibility of the empty MIL-53(Al), UiO-66 and DUT-49
MOFs. 147–150

Non-covalent force fields

Essential for the description of liquids or adsorption of gases in MOFs are the
non-covalent or non-bonded interactions between molecules or molecules
with materials. Within these interactions, a division is usually made between
long-range and short-range e�ects, as they have di�erent physical origins.
First, the long-range e�ects are considered. Consider two isolated molecules
A and B, each described by a wavefunction (ψA, ψB) and a Hamiltonian
(ĤA, ĤB). Suppose these molecules interact at a su�iciently large distance
such that there is no overlap in the wavefunctions. In this case, the combined
wavefunction can be wri�en as a simple Hartree product of ψA and ψB ,
and the Hamiltonian can be wri�en as Ĥ = ĤA + ĤB + Ĥ′ with Ĥ′ the
electrostatic interaction between the particles of molecule A and molecule
B. This intermolecular interaction Ĥ′ can be treated as a perturbation on
the unperturbed Hamiltonian Ĥ0 = ĤA + ĤB . Using Rayleigh-Schrödinger
perturbation theory, the first-order energy term (the expectation value of
Ĥ′ in the ground state) is simply equal to the intermolecular electrostatic
interaction. The second-order perturbation term is a combination of the
induction energy of molecule A (molecule A is in an excited state, molecule
B is in the ground state), the induction energy of molecule B (molecule A
is in the ground state, molecule A is in an excited state), and the dispersion
energy (both molecules are excited).

When the wavefunctions of the separate molecules overlap, an anti-
symmetrization of the total wavefunction is required, leading to the need for
symmetry-adapted perturbation theories such as SAPT.151 A full discussion
of the underlying SAPT theory would lead us too far. However, the most
important short-range interaction which does not appear in the long-range
e�ects can also be understood from HF, where the antisymmetry constraint
leads to an exchange term, originating from the overlap between orbitals
(see Equation (2.10)). As the orbitals decay exponentially with the distance,
the so-called exchange-repulsion interaction also (to a good approximation)
decays exponentially with the distance. For an essential overview of in-
termolecular interactions, the interested reader is referred to the book The
Theory of Intermolecular Forces by Stone.152
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From the preceding discussion, the development of intermolecular force
fields can be grounded in a solid physical basis. To capture the electrostatic
intermolecular interactions, most force fields make use of atomic charges, al-
locating the electronic charge density to the composing atoms of the system.
This allocation procedure is commonly referred to as an atoms in molecules
(AIM) or charge partitioning scheme. Many such schemes exist, which can
be divided in methods which derive charges based on electronegativity or
charge equilibration,153–155 or from a preceding HF or DFT calculation. In
the la�er, di�erent methods aim at reproducing the electrostatic potential
around the molecule156–159 or partitioning the density matrix or the spacial
electron density.160–166 However, as the atomic charge in a molecule is not
an observable in quantum mechanics, a charge partitioning scheme cannot
really be chosen for its ‘correctness’. They are instead meant to be reliable
and ‘useful’ for specific applications. Given a set of atomic charges, the
electrostatic intermolecular interaction energy can be calculated from the
classical Coulomb interaction. The dispersion interaction (in its leading
term) is known to decay with the inverse sixth power. While it can be
modeled separately from other terms as in Equation (2.27), most forcefields
combine this interaction with a model for the exchange-repulsion (and other
neglected) terms. The most common functional forms are the Lennard-Jones
(LJ) or the Buckingham potential used in the MM3 force field

ELJ =
1

2

∑

i 6=j
4εij

[(
σij
rij

)12

−
(
σij
rij

)6
]

(2.29)

EMM3 =
1

2

∑

i 6=j
εij

[
1.84 · 105 · e

− 12rij
σij − 2.25

(
σij
rij

)6
]

(2.30)

with rij the distance between atom i and j. The van der Waals parameters σij
and εij are usually determined with mixing rules from the atomic parameters
(σij = 0.5(σi+σj) or σij =√σiσj and εij =√εiεj). In both potentials, the la�er
term represents the dispersion interaction with the physically justified -r-6

form. The first term represents the exchange-repulsion. The MM3 potential
has the appropriate exponential form while the Lennard-Jones has a r-12

form, which is less physically justified, chosen instead from the pragmatic
standpoint that this term is easy to compute when the r-6 dispersion term
has been calculated.167

Most force fields, such as the ones discussed in the previous Section on
covalent force fields restrict themselves to the following two forms to capture
intermolecular interactions: a pair-wise additive electrostatic and an LJ or
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MM3 term. This frozen electron approach neglects any N–body (N ≥ 3)
terms. For example, it neglects the non-additivity of the previously intro-
duced induction interaction, caused by the redistribution of the molecular
electron densities due to their mutual interaction. Several methods to include
these e�ects in force fields exist, usually grouped in three families. The first
is the Drude oscillator model, in which atoms are modeled as a core charge
q+ ∆q and a negative shell −∆q connected to the core charge with a har-
monic spring.168, 169 Due to the field generated by the surrounding charges,
charge separation occurs between the core charge and shell, modeling the
induction interaction. Another approach is that of fluctuating charges, using
the previously mentioned electronegativity or charge equilibration on the fly
during a simulation.153, 154 The third, most used approach, is the inducible
dipole model. This method introduces a dipole µi at each atomic site,170, 171

equal to the matrix product of the atomic polarizability tensor αi and the
electric field at that site Ei

µi = αi ·Ei = αi


E0,i −

∑

j 6=i
Tij ·µj


 (2.31)

with Tij the dipole-dipole interaction tensor. Complicating the determina-
tion of the dipole moments is the fact that the total field Ei is composed
of both the fields generated by surrounding charges (E0,i) and the induced
dipoles (second term of Equation (2.31)), requiring a matrix inversion to solve
Equation (2.31): µ =A-1E0 with the elements ofA being

Aij =

{
α−1
i if i = j

Tij if i 6= j
(2.32)

with these dipoles, the polarization energy is equal to

Upol = −1

2

∑

i

µTi E0,i (2.33)

what distinguishes di�erent inducible dipole models is the form of the dipole-
dipole interaction tensor Tij , and the static charge distribution. The most
popular approaches use point dipoles or Gaussian dipoles172, 173

Tij,point =
1

r3
ij

I − 3rij ⊗ rij
r5
ij

(2.34)

Tij,Gaussian = β3
ij

(
B1(x)I − β2

ijrij ⊗ rijB2(x)
)

(2.35)

with rij = |rij |, βij = βiβj√
β2
i β

2
j

, B0(x) = erf(x)
x , B1(x) =− 1

x
dB0(x)

dx ,

B2(x) =− 1
x

dB1(x)
dx , x =βijrij and βi the exponent of the Gaussian function
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on atom i. However, both models can su�er from the so-called polarization
catastrophe.170 For the point dipole model, the matrix Aij of Equation
(2.32) contains negative eigenvalues when a pair of dipoles interacts
at a distance rij < (4αiαj)

1/6, leading to unphysical results. While
divergence of the interaction for two interacting dipoles can be avoided
by introducing damping functions in the dipole-dipole interaction tensor
Tij ,170 positive definiteness is not assured for larger systems. The Gaussian
dipole model avoids the polarization catastrophe by use of su�iciently small
exponents. However, both of these models require the fi�ing of atomic
polarizabilities for a set of atom types from experimental or computed
molecular polarizabilities. Moreover, Gaussian functions are not the most
appropriate description of the atomic response density. A Slater function
based transferable polarization model derived from the monomer electron
density is therefore developed in Paper III, together with a new interaction
model inducing the dipoles. It should be noted that polarization models
do not completely capture the induction energy, as both higher order
polarization (quadrupole, octopole, ...) and charge transfer e�ects are
generally neglected. This presents a major limitation, as charge transfer
e�ects can even dominate over electrostatic and polarization e�ects, as
shown for example for the solvation of biomolecules.174

Although the previously described functional forms for the description of
non-covalent interactions are at least somewhat physically inspired, recent
developments have focused on potentials more closely related to ab initio
methods. SAPTFF was developed to decompose interactions in the same
way as SAPT, giving rise to an exchange, electrostatic, induction and disper-
sion contribution.175 Making use of the monomer electron density, atomic
charges, static polarizabilities and dispersion coe�icients can be derived
from a distributed multipole analysis (DMA).176 Similarly ab initio derived
force fields include Slater-ISA, ISA-Pol, MEDFF, MASTIFF and the ACKS2
polarizable force field,177–181 all with promise of being used as accurate next-
generation non-covalent forcefields.

Machine learning potentials

Traditionally, force fields make use of physically inspired functional forms,
together with a set of appropriately fi�ed parameters. Recently, a new
approach has emerged. Instead of presupposing certain functional forms,
the chemical environment of each atom is represented by atomic descrip-
tors or features. The earliest methods made use of atomic descriptors. In
2007, Behler and Parrinello introduced atom-centered symmetry functions
(ACSF).182–184 In this method, the radial information of atoms surrounding
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atoms a can be encoded using the following descriptor

Grad
a,νµ =

∑

b

e−ν(rab−µ)2fcuto�(rab) (2.36)

with di�erent values for µ and ν probing di�erent regions surrounding the
atom a and fcuto� a cuto� function to ensure continuous first derivatives. As
the sum runs over atoms b within a cuto� radius around atoms a, this de-
scriptor encodes only local information. Angular information can be encoded
in a similar way. Using a combination of these types of atomic descriptors
for each atom xa, kernel methods can be used to learn the relation between
the atomic descriptors and the energy. Using a kernel K(xa,xb) the energy
of each atom Ea is linearized as a sum of these descriptors in an abstract
feature space with regression weights αk185

Ea =
∑

k

αkK(xa,xk) (2.37)

A important limitation of kernel methods is their computational scaling.
Due to the use of a kernel, the training complexity scales as O(N2) with
N the number of training samples. Alternative to this, deep neural net-
works can be used to learn the relation between the descriptors and the
energy, scaling linearly with N . In its most basic form, neural networks
represent a high-dimensional function (such as the energy of a system) by
a series of layers, connected through linear combinations of the previous
layer combined with non-linear activation functions. Several descriptor-
based neural networks have been developed, such as ANI-1, DeepMD and
Behler-Parrinello HDNNPs.183, 186, 187 However, these descriptor-based neural
networks are still limited by the choice of atomic descriptors. The recent
development of message passing neural networks omit the use of these
manually constructed descriptors.188 Again, each atom is characterized by
a feature vector xa, although these are not based on atomic descriptors.
Instead, they are updated with a learned function Ut at step t

xt+1
a = Ut(x

t
a,m

t+1
a ) (2.38)

based on messages which are computed with a learned function Mt

mt+1
a =

∑

b

Mt(x
t
a,x

t
b, eab) (2.39)

In this Equation, a sum is taken over the atoms b neighboring atom a to
within a certain cuto� radius, making use of edge features eab between atom
a and b (for example the interatomic distance rab). Lastly, the atomic energies
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are computed from the features xTa at the final step t = T . Through
these messages, the interaction between atoms can be propagated through
iterations t from 0 to T . Popular architectures based on this message passing
method include SchNet and NequiP, with the la�er demonstrating state-
of-the-art performance on a set of di�erent benchmarks.189, 190 While these
machine learning potentials (MLPs) represent a major innovation in the field
of quantum chemistry, high-quality reference data (energies, forces, stresses)
is still required for training to the system of interest. However, once an MLP is
trained, it can be used with a computational cost orders of magnitude smaller
than HF, DFT, MP2 or CCSD(T) calculations. In Paper IV, a methodology
for training an MLP on interaction energies will be developed and used to
perform adsorption simulations of CO2 in ZIF-8 and Mg-MOF-74 with DFT
accuracy.

2.2 Sampling the potential energy surface

In Section 2.1, the concept of a potential energy surface (PES) was developed.
However, reminding ourselves of the goal of molecular modeling, we aim to
connect the detailed microscopic description of materials with macroscopic
observations such as "What is the adsorption capacity of this material?" or
"How does the (meta)stability of this material change with increasing gas
pressure?". The link between the microscopic interactions which can be
probed by simulations and macroscopic observations is provided by ensemble
theory in statistical physics.191, 192 Herein, ensembles are defined by their
thermodynamic control variables such as temperature, pressure and chemi-
cal potential. Such macroscopic ensembles can be realized by a large number
of microscopic states (defined by the atomic positions {ri} and momenta
{pi}). The space spanned by the positions and momenta of all particles is
called the phase space.

The microcanonical ensemble

Central to statistical physics is the assumption that every microscopic state
consistent with the macroscopic conditions of an isolated system is equally
likely.191, 192 Under this assumption, the probability p of each microstate
in the microcanonical ensemble (N,V,E) can be obtained from the total
number of microstates Ω(N,V,E)

p =
δ(E −H(r,p))

Ω(N,V,E)
(2.40)
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with H the Hamiltonian. By means of an integration over the phase space in
the small energy range E to E +E0, Ω(N,V,E) can be obtained as follows

Ω(N,V,E) =
E0

h3NN !

∫ ∫
drdp δ(E −H(r,p)) (2.41)

The prefactor is merely a normalization constant and does not a�ect further
properties. From Equation (2.41), the thermodynamic properties of entropy
S and temperature T can be defined as

S = kB ln(Ω) (2.42)

1

T
=

(
∂S

∂E

)

N,V

(2.43)

with kB the Boltzmann constant. While this is an important starting point,
experimental conditions usually control the temperature, not the energy.

The canonical ensemble

The canonical or (N,V, T ) ensemble can be realized by connecting the
system with a thermal reservoir with which energy can be exchanged. The
total number of microstates of the system Q(N,V, T ) (called the partition
function) is equal to191

Q(N,V, T ) =
1

h3NN !

∫ ∫
drdp e−βH(r,p) (2.44)

=
1

Λ3NN !

∫
dr e−βU(r) (2.45)

with β = 1
kBT

. The integration over the momenta can be performed analyt-
ically, leaving only the integration over coordinates with a potential energy
U. The prefactor contains a term Λ = h√

2πmkBT
which is called the thermal de

Broglie length. With this partition function, the probability of encountering
the system at coordinates r is

p(r) dr =
1

Λ3NN !

e−βU(r)

Q(N,V, T )
dr (2.46)

From the partition function of Equation (2.45) the thermodynamic potential
called the Helmholtz free energy of the canonical ensemble is

F (N,V, T ) = −kBT ln(Q) (2.47)

from which the pressure P , entropy S and chemical potential µ can be
determined.
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The grand canonical ensemble

The previous ensembles kept a fixed number of particles N . However, to
study adsorption, an ensemble is needed in which particles can be exchanged
with an external reservoir. This is achieved in the grand canonical ensemble,
retaining the chemical potential µ (the free energy change from adding a
particle adiabatically), the volume V and temperature T as control variables.
The associated grand canonical partition function is

ζ(µ, V, T ) =
+∞∑

N=0

eβµN

Λ3N

∫
dre−βU(r) (2.48)

=
+∞∑

N=0

Q(N,V, T )eβµN (2.49)

with Q(N,V, T ) the canonical partition function. The thermodynamic po-
tential in the (µ, V, T ) ensemble is equal to

Ω(µ, V, T ) = −kBT ln(ζ) = F (N(µ), V, T )−N(µ)µ (2.50)

The isobaric-isothermal ensemble

As discussed in Section 1.2.2, MOFs can exhibit significant flexibility of the
volume and cell shape. Controlling the pressure P instead of the volume,
together with the temperature T and number of particles N gives rise to the
isobaric-isothermal ensemble. Consider first only isotropic cell fluctuations.
The partition function (neglecting constant prefactors) in this ensemble is

∆(N,P, T ) =

∫
dV

∫
dr e−βPV e−βU(r) (2.51)

The associated thermodynamic potential is the Gibbs free energy

G(N,P, T ) = −kBT ln(∆) = F (N,V (P ), T ) + PV (P ) (2.52)

To additionally include anisotropic cell fluctuation, as for example needed to
describe the orthorhombic to monoclinic phase transformation of MIL-53(Al),
the cell matrix h can be wri�en as h =V 1/3h0 with det(h0) = 1. Restricting
ourselves to an isotropic applied pressure P , the partition function can be
wri�en as193

∆(N,P, T ) =

∫
dV

∫
dh0

∫
dr e−βPV e−βU(r) δ(det(h0)− 1) (2.53)
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Making use of the Equations h =V 1/3h0, dh =V 3dh0 and eliminating the
volume with the δ-function, Equation (2.53) reduces to191

∆(N,P, T ) =

∫
dh

∫
dr e−βPdet(h) e−βU(r)det(h)−2 (2.54)

Lastly, an implicit volume-dependence is still present in the integration limits
of the particle coordinates r. Eliminating this dependence by introducing
scaled coordinates s = r/V 1/3 results in

∆(N,P, T ) =

∫
dh

∫
ds e−βPdet(h) e−βU(s,h)det(h)N−2 (2.55)

Given this set of ensembles, our work might be considered finished. As each
partition function can be obtained by an integration over particle coordinates
(and/or the volume, the cell shape and the particle numbers), the thermody-
namic variables of interest can also be calculated. Moreover, the ensemble
average of an observable of interest 〈A〉 can be calculated, for example in the
canonical ensemble, as

〈A〉 =

∫
dr e−βU(r)A(r)∫

dr e−βU(r)
(2.56)

in which A was assumed not to depend on the momenta p. Unfortunately,
this is only possible for the simplest systems. The integral in Equation (2.56)
is 3N -dimensional with N the number of particles, precluding it from being
solved for realistic systems. However, most configurations occurring in the
integral would yield negligible contributions due to the weighting with an
exponential of the potential energy. In other words, methods are needed to
intelligently sample the relevant parts of the phase space. Two prototypical
simulation techniques to fulfill this role are molecular dynamics (MD) and
Monte Carlo (MC).

2.2.1 Molecular dynamics

Given a method to compute the potential energy U of a system (see Sec-
tion 2.1), the idea of molecular dynamics (MD) is to simply let the system
evolve in time according to Newton’s equations of motion. With the follow-
ing Hamiltonian

H(r,p) =
∑

i

p2
i

2mi
+ U(r) (2.57)
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the equations of motion read

ṙi = ∇piH =
pi
mi

(2.58a)

ṗi = −∇riH = Fi (2.58b)

withmi the mass of particle i andFi the force acting on this particle. Given a
set of initial conditions, the equations are integrated numerically in time with
an integration scheme. In each iteration, forces are evaluated and the posi-
tions and momenta of atoms are updated. Many such integration schemes
exist. However, the most useful for applications are the symplectic, time
reversible integration algorithms such as the velocity Verlet integrator.191 The
required time step for such integration depends on the highest frequency
motions in the system, usually originating from hydrogen atoms. A typical
time step is on the order of 0.5 fs.

From an MD simulation, a property of interest A can be computed by
averaging over the simulation trajectory, a so-called time average A. Such
a time average clearly looks di�erent from the ensemble average 〈A〉 of
Equation (2.56). Indeed, it is not generally true that both coincide

A(r) = lim
t→∞

1

t

∫
dt′A(r; t′) 6= 〈A(r)〉 (2.59)

The (o�en made) assumption that both are the same is called the ergodic
hypothesis. While it o�en holds, the ergodic hypothesis can break down in
systems with metastable phases. As materials exhibiting metastable phases
will be investigated in this work, special care will have to be taken not to
tacitly assume this hypothesis.

The straightforward application of Equation (2.58) leads to a sampling in
the microcanonical or (N,V,E) ensemble. To perform simulations in the
canonical or isobaric-isothermal ensembles, thermostats and/or barostats are
used. Thermostats aim to control the temperature of a system. From the
equipartition theorem, the instantaneous temperature Tinst can be related to
the kinetic energy

1

2
kBNfTinst = Ekin =

1

2

∑

i

p2
i

mi
(2.60)

with kB the Boltzmann constant and Nf the degrees of freedom of the sys-
tem. From this, a straight forward approach to thermostat a system is to in-
tervene in the momenta pi such that the average instantaneous temperature
〈Tinst〉 matches the desired temperature T . Common stochastic approaches
to achieve this either make use of an artificial heat bath of particles interact-
ing with the system through collisions and drag e�ects, or through a rescaling
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of the velocities.194–196 However, the introduced stochasticity induces time-
irreversability. An alternative to this is the so-called extended phase space ap-
proach which supplements the phase space with additional variables which
mimic the e�ect of a heat bath through a deterministic coupling. The prime
example of this is the Nosé-Hoover chain (NHC) thermostat.197

Barostats aim to, analogously to thermostats, control the instantaneous
internal stress σi of the system. As both isotropic and anisotropic cell
fluctuations are allowed in the isobaric-isothermal ensemble, the internal
stress is decomposed in an isotropic and anisotropic contribution

σi = Pi1 + σi,a (2.61)

with Pi = Tr(σi)
3 and Tr(σi,a) = 0. Deterministic barostats were developed

by Andersen, Berendsen and Hoover.195, 198, 199 However, they only modify
the volume of the cell V = det(h), leaving the cell shape h0 fixed. In 1994,
the Martyna-Tuckerman-Tobias-Klein (MTTK) barostat was developed, cou-
pling to both the volume and the cell shape, controlling the pressure Pi
and anisotropic stress σa.193, 200 In 2015, Rogge et al. modified the original
MTTK equations to separate the update of the cell volume V and cell shape
h0, introducing an ensemble in which the cell shape can fluctuate without
changing the volume, giving us all the necessary tools to study framework
flexibility.147

2.2.2 Grand canonical Monte Carlo

In Section 2.2.1, the MD tools which can be employed to sample ensem-
bles with fixed particle numbers N were discussed. However, the discrete
nature of particle fluctuations does not neatly fit into the continuous MD
framework.191 Instead, the grand canonical Monte Carlo (GCMC) method is
o�en used to exchange particles with an external reservoir in order to model
adsorption. Within the grand canonical ensemble (see Equation (2.48)), the
ensemble average of a property 〈A〉 can be wri�en as

〈A〉 =

+∞∑
N=0

eβµN

Λ3N

∫
dre−βU(r)A(N, r)

+∞∑
N=0

eβµN

Λ3N

∫
dre−βU(r)

=
+∞∑

N=0

∫
drf(N, r)A(N, r) (2.62)

with f(N, r) a distribution defined as follows

f(N, r) =
eβµN

Λ3N e
−βU(r)

+∞∑
N ′=0

eβµN′

Λ3N′
∫

dre−βU(r)

=
eβµN

Λ3N e
−βU(r)

ζ(µ, V, T )
(2.63)
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with ζ(µ, V, T ) the grand canonical partition function. As discussed before,
an explicit calculation of ζ is unfeasible. However, suppose an algorithm ex-
ists for generating M samples {Ni, ri} from f(N, r). The ensemble average
could then be estimated from

ˆ〈A〉 =
1

M

M∑

i=1

A(Ni, ri) (2.64)

From the central limit theorem, it is guaranteed that lim
M→∞

ˆ〈A〉 = 〈A〉.201 For

this to be a viable method, an algorithm is required for generating samples
from the distribution f(N, r). Note that, while the absolute probability of a
configuration f(Ni, ri) cannot be determined, the relative probability of two
configurations i and j can easily be calculated

f(xi)

f(xj)
=

eβµNi

Λ3Ni
e−βU(ri)

eβµNj

Λ3Nj
e−βU(rj)

(2.65)

With xi = {Ni, ri}. Herein lies the basis of the Metropolis Monte Carlo
method.202 A Markov chain x1 → x2 → · · · → xM (here presumed
symmetric) of configurations is generated sequentially from the previous
configuration with an acceptance rate

acc(xi → xj) =

{
f(xj)/f(xi) if f(xj) < f(xj)

1 if f(xj) ≥ f(xj)
(2.66)

This choice of acceptance criterion made by Metropolis satisfies the condition
of detailed balance (f(xi)acc(xi → xj) = f(xj)acc(xj → xi)), guaranteeing
a proper sampling in the grand canonical ensemble. In its basic form, the
generation of a new configuration consists of a�empting an insertion, dele-
tion, translation or rotation move to an adsorbate. Subsequently, the ratio
f(xj)/f(xi) is calculated. If it is larger than 1, the trial move is accepted. If
it is smaller than 1, a random number 0 ≤ n ≤ 1 is generated. If n is smaller
than the ratio, the move is also accepted. Otherwise, the move is rejected and
the subsequent Monte Carlo iteration starts from the original configuration
xi. The required number of iterations M is generally system, property and
condition-dependent. Therefore, convergence tests are required to determine
an appropriate value for M .

From the resulting grand canonical Monte Carlo simulations, the adsorption
capacity, selectivity and heat of adsorption can be calculated. In principle,
the framework flexibility of a MOF could also be incorporated by means
of trial moves acting on the atoms constituting the framework. However,
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constructing a complete set of trial moves which e�iciently sample flexible
modes of the framework is cumbersome and system-dependent. A much
more e�icient method is to incorporate short MD runs which sample the
framework flexibility in a GCMC simulation, coined hybrid Monte Carlo.203

In Section 3.1, di�erent variants of such schemes are critically compared
and applied to the adsorption of neon, argon, xenon, methane and carbon
dioxide in the flexible MIL-53(Al). Based on the obtained insight, a novel
computational scheme is proposed, supplementing GCMC simulations with
MD moves in the (Nhost, Ng,σa =0, V, T ) ensemble, described in Paper I.
This new scheme is shown to accurately capture the breathing behavior of
MIL-53(Al) under xenon, methane and carbon dioxide adsorption, demon-
strating it to be a useful tool for providing insight into adsorption-induced
framework flexibility.

Furthermore, the proposed computational scheme is applied in Paper II to
gain insight into the NGA transition of DUT-49 under methane adsorption
(see Section 3.2). From a determination of the osmotic landscape, both the
observed transitions as well as the hysteresis between adsorption and desorp-
tion are reproduced. Moreover, the non-monotonic temperature dependence
of NGA is rationalized, providing insight into the driving forces behind this
novel phenomenon.





3
Computational Sampling Schemes
to Model the Adsorption-Induced

Flexibility of Metal-Organic
Frameworks

Nature laughs
at the di�iculties

of integration.

Pierre-Simon Laplace (1749–1827)

As outlined in the previous Chapter, two computational tools are ideally
suited towards the key ingredients needed for a description of adsorption-
induced framework flexibility. Molecular dynamics (MD) simulations con-
trolling the temperature T , pressure P and anisotropic stress σa are ideally
suited to capture the flexibility of a MOF in the presence of guest molecules.
On the other hand, Monte Carlo simulations are ideally suited for controlling
the chemical potential µ of guest molecules in the framework, allowing for an
exchange of guests between the framework and an external reservoir. In this
Chapter, both of these key ingredients (shown in Figure 3.1) will be combined
in several computational schemes which through their di�ering approaches
yield complementary information. The physical basis for these schemes lies
in the osmotic or (Nhost,σa =0, µ, P, T ) ensemble. Guest-induced flexibility

39



40

(a) Monte Carlo (MC)
only affects the adsorbates

(b) Molecular dynamics (MD)
affects the adsorbates and adsorbent

Insertion / deletion
of the adsorbate

Translation / rotation
of the adsorbate

Free movement
of the unit cell

Volume-preserving
movement of 
the unit cell

Figure 3.1: Key computational components to capture guest-induced flexi-
bility. (a) Monte Carlo simulations control the chemical potential
µ of the adsorbates, allowing for an exchange of guests with an
external reservoir. (b) Molecular dynamics simulations are em-
ployed to sample the framework flexibility with guest molecules
present in the framework, controlling the anisotropic stress σa
and the pressure P or volume V . Figure reproduced from Ref.
[208] with permission from John Wiley and Sons.

is most properly described in this ensemble.204–207 It is characterized by the
following partition function

Zos(Nhost,σa =0, µ, P, T ) = (3.1)
+∞∑

Ng=0

βPeβµNg

Λ3Ng

∫ ∫
dV dh0 e

−βPV δ(det(h0)− 1)

∫ ∫
drdRe−βU(r,R)

with Ng the number of guest molecules, h0 the cell shape, V the volume,
r the coordinates of the host atoms and R the coordinates of the guest
atoms. While this partition function appears complex at first sight, it can be
simplified in terms of partition functions of the previously discussed isobaric-
isothermal and grand canonical ensembles. Making use of Equation (2.52)
and the following relation between the grand canonical potential Ω and the
chemical potential µ191, 209

(
∂Ω

∂µ

)

V,T

= −Ng (3.2)
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the osmotic potential associated with this ensemble can be wri�en as206

Ωos(Nhost,σa =0, P = p, T ) = F (Nhost, T ) + PV

−
µ(P,T )∫

−∞

Ng(Nhost, µ
′,σa =0, T ) dµ′ (3.3)

with F (Nhost, T ) the Helmholtz free energy of the empty framework. In this
formulation, the mechanical pressure P exerted on the system is assumed to
be equal to the gas pressure p, and the chemical potential is assumed to be
a function of the pressure and temperature. While di�ering mechanical and
gas pressures are possible, these situations are not considered further. From
this osmotic potential, the relative stabilities of phases can be determined as
a function of the applied gas pressure and the temperature. In Section 3.1,
sampling schemes are developed and benchmarked to directly or indirectly
(through Equation (3.3)) determine the stability of MIL-53(Al) under noble
gas, methane and carbon dioxide adsorption. In Section 3.2, a newly proposed
scheme is applied to methane adsorption in DUT-49, where it will be used to
accurately predict the observed phase transitions under both adsorption and
desorption as well as the observed hysteresis.

3.1 Benchmarking of sampling schemes on
MIL-53(Al)

Our development of computational schemes modeling guest-induced flex-
ibility is based on the observation that the volume V plays a vital role in
distinguishing between the di�erent phases in the majority of flexible MOFs,
such as MIL-53(Al), MIL-88 and DUT-49.71–73, 75 The volume can therefore
be used as a collective variable or reaction coordinate along which phase
transitions occur. Based on this, four computational schemes are developed
to probe guest-induced flexibility. A schematic overview of each scheme
is given in Figure 3.2. The used methodologies and obtained results are
discussed in the following Sections. The MIL-53(Al) framework was mod-
eled using a 1×2×1 cell containing 152 atoms, obtained by doubling the
unit cell along the inorganic chain. The flexible force field was generated
from periodic PBE-D3(BJ) data following the �ickFF procedure, accurately
reproducing the underlying free energy of the empty framework. 97, 150 As
discussed in Chapter 1, the empty MIL-53(Al) framework can undergo phase
transitions between an orthorhombic large-pore (lp) and monoclinic closed-
pore (cp) phase under the influence of temperature or pressure.69, 70 These
two phases are associated with a unit cell volume of approximately 1450 Å3
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Figure 3.2: Various computational schemes to model the guest-induced flex-
ibility of MOFs. The fourth scheme, proposed in this work, com-
bines the desirable properties of the previous schemes. Figure
reproduced from Ref. [208] with permission from John Wiley
and Sons.
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and 820 Å3, respectively. Moreover, an intermediate narrow pore (np) phase
can be reached under methane, carbon dioxide or xenon adsorption. Under
neon or argon adsorption, no intermediate np phase is observed. Each of
the investigated sampling schemes are therefore evaluated on their ability
to reproduce these observations, as well the insight provided by each on the
driving forces triggering guest-induced phase transitions.

3.1.1 Scheme I: Rigid-host GCMC in the restricted osmotic
ensemble

To determine the phase stability of the framework along the collective vari-
able, the osmotic potential is required as a function of the volume. The
first scheme therefore consists of performing GCMC simulations for a range
of framework volumes V between 850 Å3 and 1500 Å3 with a step size
of 25 Å3. As each individual GCMC simulation restricts the volume, the
restricted osmotic ensemble is sampled.206, 207, 210 To obtain these framework
structures, an MD simulation in the (Nhost,σa =0, P, T ) ensemble of the
empty framework is performed at su�iciently high pressure to initiate an lp–
to–cp transition. Subsequently, GCMC simulations are performed for each
framework volume and a range of gas pressures. The chemical potential
µ as a function of the gas pressure p and temperature T is obtained from
the van der Waals equation of state of all of the considered guest species.
As the cell shape h0 remains fixed during each GCMC calculation, the
simulations give rise to what will be referred to as rigid-host adsorption
isotherms Ng(Nhost, µ,h0, T ;V ). By use of Equation (3.3), the rigid-host
osmotic potential as a function of the gas pressure p, temperature T and
framework volume V is obtained as follows

Ωos(Nhost,h0, p, T ;V ) = F (Nhost, T ;V ) + pV

−
µ(p,T )∫

−∞

Ng(Nhost, µ
′,h0, T ;V ) dµ′ (3.4)

The free energy of the empty host can be calculated from thermodynamic
integration of the pressure–versus–volume equation of state P (Nhost, T ;V ).
For this, the internal pressure was obtained from MD simulations in the
(Nhost,σa =0, V, T ) ensemble for a set of framework volumes, as described
before. 147 Similarly, the integration of the isotherms Ng with respect to the
chemical potential µ is performed numerically at a temperature of 300 K. The
results, shown in Figure 3.3, are averaged over five independent GCMC runs
(initialized from di�erent framework snapshots). For both xenon, methane
and carbon dioxide, the uptake in the framework at low to intermediate
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Figure 3.3: Scheme I – Uptake and osmotic potential with 1σ interval of (a)
xenon, (b) methane and (c) carbon dioxide adsorption in MIL-
53(Al) for a range of gas pressures at 300 K. Arrows denote the
relative osmotic potential of the lp and/or np phase w.r.t. the cp
phase at a gas pressure of 12 bar. For each of the adsorbates, the
encountered cp, lp and/or np phase are annotated. The variation
of framework geometries at a fixed volume V = 1225 Å3 obtained
from an MD simulation in the (Nhost,σa =0, V, T ) ensemble is
shown in the top right. Figure adapted from Ref. [208] with
permission from John Wiley and Sons.

gas pressures is favored at volumes between 1200 Å3 and 1350 Å3 compared
to the lp phase at approximately 1450 Å3, due to the stronger interaction
with the framework linkers. As seen from the osmotic potential, this leads
to the stabilization of an np phase for xenon and carbon dioxide at these
intermediate volumes. For methane, this never leads to a np phase which
is more stable than the lp phase, although the osmotic potential is nearly
flat at the highest gas pressure. As can be seen from the isotherms, further
increasing the gas pressure favors the lp phase due to the larger pore size.
The (empty) cp phase remains the most stable at gas pressures below 12 bar,
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Figure 3.4: Scheme II – Xenon uptake as a function of the gas pressure at
(a) 292 K and (b) 250 K, combined with the associated unit cell
volumes. Ten independent simulations were performed at each
pressure, with five each initialized in the cp (green bars) and lp
phase (orange bars).

but an osmotic barrier remains between this phase and the lp (or np) phase
exists, which could inhibit a transition to the cp phase. The stabilization of
an np phase at intermediate xenon and carbon dioxide pressures at 300 K
(and lack of one for methane) is in agreement with experiments. However, a
quantitative prediction of the relative stabilities is hampered by the large 1σ.
This uncertainty does not arise from a lack of convergence of the individual
GCMC simulations. Instead, it arises from the use of five di�erent framework
snapshots at each volume. As shown on the top right of Figure 3.3 (obtained
from an MD simulation in the (Nhost,σa =0, V, T ) ensemble), even at a
fixed volume a significant flexibility both of the BDC ligands and the cell
shape remains, a�ecting the resulting uptake. To properly account for this, a
coupling between the GCMC and MD runs is required.

3.1.2 Scheme II: Hybrid MC/MD in the osmotic ensemble

To include the flexibility of the framework in adsorption calculations, a
direct sampling of the osmotic ensemble can be achieved by introducing an
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additional trial move consisting of an MD run in the (Nhost, Ng,σa =0, P, T )
ensemble to the GCMC simulations. The theoretical foundations for such
a hybrid Monte Carlo method were first laid by Duane et al. in 1987 and
later widely applied to Lennard-Jones fluids, silica, path integral methods,
the breathing of MIL-53(Cr) under carbon dioxide adsorption and many
more.203, 211–214 From Equation (2.55), the acceptance probability of the MD
trial move is as follows191

acc({r,h} → {r′,h′}) = min

[
1,

(
det(h′)
det(h)

)N−2

e−β[∆U+P (det(h′)−det(h))]

]

(3.5)
with det(h′) and det(h) the final and initial volume and ∆U the change in
potential energy. Note that for this acceptance rule to satisfy the detailed
balance condition, symmetry of the underlying Markov chain is assumed,
necessitating the use of a reversible and measure-preserving integrator for
the MD trajectories.191 However, non-measure-preserving integrators can
also be used by addition of the Jacobian in the acceptance rule of Equation
(3.5).200 The MD trial move was a�empted with a frequency 400 times lower
than the other GCMC moves with a time step of 0.5 fs and a total length of
200 fs. These se�ings were determined to be optimal for convergence of a
simulation in the lp phase to transition to the intermediate np phase. With
the possible hurdle of ergodicity in mind, five simulations were initialized
in both the lp and cp phase for every combination of adsorbate, temperature
and gas pressure. The results for xenon are shown in Figure 3.4. At 292 K, two
steps in the isotherm are observed. For the lowest pressures, up to about 0.03
bar, the xenon uptake is negligible. For these lowest gas pressures, the phase
observed during the simulation depends on the initialization: simulations
initialized in the lp or cp state remain in the lp or cp state, respectively. While,
in theory, phase transitions between the lp and cp phases could be observed,
these transitions are rare events that are unlikely to occur as both phases are
separated by a high osmotic energy barrier. When increasing the gas pressure
above 0.03 bar at 292 K, a first step in the adsorption isotherm is apparent, as
xenon starts to adsorb in the material. These adsorbates steer the framework
from the cp or lp phase to the np phase with a volume of about 1250–
1300 Å3. This observation is in excellent agreement with the xenon-loaded
np volume extracted from Scheme I (Figure 3.3). When further increasing
the gas pressure, the uptake increases continuously to about four xenon
atoms per unit cell, until reaching a pressure of 1–2 bar. At this pressure,
a second step in the isotherm is observed, corresponding to a np–to–lp
transition. Decreasing the temperature to 250 K, the predicted isotherms
and unit cell volumes as a function of the gas pressure retain their 292 K
shapes. Decreasing the temperature only results in a decrease in the critical
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Figure 3.5: Scheme II – Methane uptake as a function of the gas pressure
at (a) 292 K and (b) 230 K, combined with the associated unit cell
volumes. Ten independent simulations were performed at each
pressure, with five each initialized in the cp (green bars) and lp
phase (orange bars).

pressures necessary for the cp/lp–to–np and the np–to–lp transitions, an
observation which was also made by performing the simulations of Scheme
I at this lower temperature. For the other noble gases (neon and argon), no
phase transitions were observed at any temperature or pressure, consistent
with experiments, and rationalized from their lower adsorption energy and
thus uptake in the framework (see Supporting information of Paper I).

The adsorption isotherms and unit cell volumes under methane adsorption
are shown in Figure 3.5. At 292 K a continuous adsorption isotherm is ob-
tained without the presence of an intermediate np phase, in agreement with
the literature.61, 72 However, at pressures between 0.2 and 2 bar, simulations
already start exploring smaller volumes during simulations. Lowering the
temperature to 230 K, a similar (although less pronounced) stepwise behavior
is encountered as for xenon. Inspecting the variation of the volume of the
framework at intermediate gas pressures around 0.2–1 bar, spontaneous
phase transitions back and forth between the np and lp phases are observed.
This indicates that the np and lp phases are (meta)stable states with a very
small osmotic barrier separating them, impeding an accurate determination
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of the volumes and relative stability of these phases. For carbon dioxide
(see Supporting information of Paper I), two-step isotherms akin to the ones
observed for xenon are obtained, in agreement with Scheme I.

In conclusion, the hybrid MC/MD protocol of Scheme II yields direct access
to the adsorption isotherms and (meta)stable MIL-53(Al) states at a given gas
pressure, in qualitative agreement with experiments. However, a quantitative
interpretation of these results is impeded due to two phenomena. First,
premature phase transitions may occur if both phases are separated by very
low barriers, such as for the lp–to–np transition under methane adsorption,
making it di�icult to exactly pinpoint the critical gas pressure necessary to
induce this transition. Second, the phase space associated with the unit
cell volume may not be sampled adequately if the (meta)stable states are
separated by large osmotic barriers, such as for the cp–to–np transition
under methane adsorption. In this case, the initial state of the simulation
a�ects the simulation results, such that multiple independent simulations
need to be performed, reducing the e�iciency of the procedure. A similar
limitation was encountered when studying the adsorption induced breathing
of MIL-53(Cr).214 Remedies for this limitation of a direct sampling in the
osmotic ensemble exist. In replica exchange Monte Carlo, multiple replicas
di�ering in one thermodynamic parameter (usually temperature, or alterna-
tively chemical potential) are simulated. Coupling these systems through an
exchange of coordinates (and cell parameters) with associated acceptance
probability could overcome the osmotic free energy barriers present in the
system.191 Alternatively, a Wang–Landau based Monte Carlo sampling was
applied to MIL-53(Al) by Bousquet et al. to e�iciently sample the density of
states in the (V,Ng) space, and with it calculate the osmotic potential.191, 215

Although successful, such simulations require several orders of magnitude
more iterations, limiting their use for more complex systems.

3.1.3 Scheme III: Volume-constrained guest-loaded MD

Instead of performing GCMC simulations to control the chemical potentialµ,
guest-loaded MD simulations in the (Nhost, Ng,σa =0, V, T ) ensemble keep-
ing the volume fixed can be performed with a discrete number of adsorbates
present in the pore, constraining the volume. Subsequently, the Helmholtz
free energy can be obtained from thermodynamic integration of the internal
pressure

F (Nhost, Ng, T ;V )− F (Nhost, Ng, T ;Vref) = −
V∫

Vref

P (Nhost, Ng, T ;V ′) dV ′

(3.6)
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This procedure, originally employed for investigating pressure-induced phase
transitions in empty MOFs, was previously extended to include guest load-
ings Ng > 0.147, 150 From this, di�erent (meta)stable states can be identified
as a function of the guest loading. Furthermore, the osmotic potential can
be obtained by means of a Legendre transform, as outlined before.96 The
resulting (meta)stability of the di�erent phases obtained by Vanduyfhuys et
al. are in agreement with the results from Scheme I and II. However, due to
the control variable being a discrete number of adsorbates, more expensive
supercell simulations would be required to probe fractional loadings. Addi-
tionally, the application of this scheme could be hindered by the presence of
distinct pores in a framework, as adsorbates need to be distributed among
them in an appropriate way.

3.1.4 Scheme IV: Flexible-host MC/MD in the restricted os-
motic ensemble

In all of the previously investigated computational schemes, di�erent hin-
drances arise, limiting their use. In summary, a computational scheme is
desired which controls the chemical potential µ and samples the flexible
modes of the framework under adsorption (also those orthogonal to the
volume V ), while not su�ering from the lack of observed phase transitions
due to the presence of large osmotic barriers. As seen from Scheme I and
Scheme III, explicitly scanning along the collective variable V allows for
a determination of both the stable, as well as metastable phases. With
this in mind, starting from the procedure of Scheme I, MD trajectories
are employed as an additional Monte Carlo move. However, contrary to
Scheme II, the MD trajectories sample the (Nhost, Ng,σa =0, V, T ) ensemble
from Scheme III. Due to the proper sampling of both the positions of the
framework and the cell shape, the artificial dependence of the results on
the initial atomic positions and cell shape of the framework is eliminated,
as was present in Scheme I. Additionally, the framework can adapt to the
presence of guests. This hybrid MC/MD scheme therefore results in flexible-
host isothermsNg(Nhost, µ,h0, T ;V ), contrary to the rigid-host isotherms of
Scheme I. These isotherms are then transformed to the flexible-host osmotic
potential

Ωos(Nhost,h0, p, T ;V ) = F (Nhost, T ;V ) + pV

−
µ(p,T )∫

−∞

Ng(Nhost, µ
′,h0, T ;V ) dµ′ (3.7)
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Figure 3.6: Scheme IV – Uptake and osmotic potential with 1σ interval of
(a) xenon, (b) methane and (c) carbon dioxide adsorption in MIL-
53(Al) calculated at a range of gas pressures at 300 K. The relative
osmotic potential of the lp and/or np phase w.r.t. the cp phase
are denoted at the largest gas pressure of 12 bar. Figure adapted
from Ref. [208] with permission from John Wiley and Sons.

To investigate the performance of the newly proposed scheme, Scheme IV
is adopted to predict the adsorption isotherms and corresponding osmotic
potentials for all five guests in MIL-53(Al) at 300 K. In Figure 3.6, the results
are shown for the adsorbates with the potential to induce phase transitions.
Compared to Scheme I (see Figure 3.3), results are obtained with a much
lower uncertainty. Five independent simulations were performed for every
guest, gas pressure and volume, the results of which are virtually indistin-
guishable. This improved accuracy not only reduces the number of indepen-
dent simulations that need to be carried out, but also allows for a quantitative
prediction of the evolution of the adsorption isotherms and (meta)stable
states with increasing gas pressure. As seen from Figure 3.6(a), the results
unambiguously demonstrate the existence of an intermediate np phase under
xenon adsorption at 300 K, in agreement with experiments.71 For methane,
although the di�erence in relative stability between the np and lp phase are
minuscule at 5.1 and 12 bar, the lp phase remains the more stable state. This
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is consistent with experimental observations that breathing under methane
adsorption only occurs at temperatures lower than 300 K.72 Undoubtedly,
the increased accuracy of Scheme IV is most pronounced for carbon dioxide.
The rigid-host isotherms and osmotic potentials displayed in Figure 3.3(c)
revealed a large dependence on the choice of the fixed framework during
the GCMC procedure. As a result, it was di�icult to uniquely determine for
which range of pressures an np phase is induced, as well as to determine
the relative stability of the various metastable phases. As a substantially
lower uncertainty is associated with the flexible-host isotherms and osmotic
potentials obtained in Scheme IV, these questions can now be fully answered.
Figure 3.6(c) reveals that an np phase starts to appear at a carbon dioxide
pressure of 2.1 bar (somewhat larger than observed experimentally72), while
it almost disappears when increasing the pressure to 12 bar. With increasing
pressure, the relative stability of the np and lp phases with respect to the cp
phase increases, yielding metastable lp and np phases at 12 bar which are
about 6.2 and 12.9 kJ ·mol-1 less stable than the stable cp phase.

To conclude, the proposed computational scheme shows clear promise in
probing the guest-induced flexibility of MOFs. As both the relative stability
of di�erent phases as well as the osmotic energy barriers between phases
can be tracked as a function of the applied gas pressure, it provides a tool
for capturing hysteresis e�ects between adsorption and desorption. More-
over, it can provide insight into phase transitions which do not occur under
global thermodynamic equilibrium in which the transition to a stable state
is inhibited by the presence of barriers. It is therefore perfectly positioned
to tackle one of the most puzzling phenomena in adsorption, as discussed in
the following Section.
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Figure 3.7: Computed osmotic potential profile of DUT-49(Cu) under
methane adsorption at 120 K as a function of the unit cell volume
and gas pressure. Figure adapted from Ref. [216] with permis-
sion from the American Chemical Society.

3.2 Modeling the negative gas adsorption phase
transition of DUT-49(Cu)

In 2016, adsorption experiments in DUT-49(Cu) revealed a cubic–to–cubic
phase transition of the framework triggered by an increase in methane gas
pressure, associated with a massive contraction of the unit cell volume from
100 072 Å3 to 47 282 Å3. Not only is this transition remarkable for the large
volume di�erence between phases, it is also accompanied by an expulsion of
methane adsorbates out of the framework, coined negative gas adsorption
(NGA).75 For example, at a temperature of 120 K and the transition pressure
of 25 kPa, 102 molecules per unit cell of the framework are released (∆Ng = -
102). The NGA transition under methane adsorption was found to only occur
between 91 K and 130 K. In this temperature range, ∆Ng was observed to
vary non-monotonically with temperature. Later work also demonstrated
the existence of NGA transitions under ethane, ethane, propane, argon, kryp-
ton and xenon adsorption, each in a range of temperatures correlated with
their critical temperature.78 To demonstrate why the NGA transition cannot
occur under global thermodynamic equilibrium,75, 77 consider the di�erence
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in osmotic potential between both phases

∆Ω = ∆Fhost + p∆V −
µ∫

−∞

∆Ng(µ
′) dµ′ (3.8)

For a transition to occur from the lp to cp phase under thermodynamic
equilibrium, two conditions have to be fulfilled: ∆Ω = 0 and ∂∆Ω

∂µ < 0. Making
use of Equation (3.8), the la�er condition reduces to

∆V
∂p

∂µ
−∆Ng < 0 (3.9)

with ρ =
(
∂p
∂µ

)
T
> 0 the density of the gas reservoir. However, as the

∆V term can generally be neglected (even for the large volume di�erence
between the lp and cp phases of DUT-49(Cu), it is three orders of magnitude
smaller than the adsorption term), this reduces to ∆Ng > 0, precluding the
possibility of an NGA transition. With this in mind, capturing the NGA
transition necessitates not only the tracking of the relative stability of both
phases, but also the barriers existing between these phases as a function of
the applied gas pressure. Scheme IV of the previous Section is therefore used
to obtain the osmotic potential as a function of the gas pressure and unit cell
volume of the framework. Furthermore, simulations are performed at three
temperatures as each probes a di�erent experimentally observed behavior. At
90 K, a structural transformation occurs, although it is associated with a near
zero value for ∆Ng . At 120 K, the previously described NGA transition occurs
with ∆Ng = -102. Lastly, a temperature of 150 K was included, as no phase
transition and thus no NGA is observed experimentally at this temperature.
For a su�iciently fine-grained investigation, flexible-host isotherms were
calculated for a series of unit cell volumes between 40 and 110 nm3 with
a spacing of 2 nm3. At each temperature, between 46 and 75 gas pressures
were considered, chosen manually to ensure convergence of the subsequently
obtained osmotic potentials. As reported in Paper II, the resulting three-
dimensional surface as a function of the unit cell volume and gas pressure
at 120 K is shown in Figure 3.7. For clarity, the surface is normalized to the
lp phase volume for each pressure. At the p =µ = 0, the profile reduces to
the empty host free energy profile with the lp phase as the global minimum
and the cp phase as metastable state. However, at intermediate pressures,
gas adsorption clearly favors the cp phase compared to the lp phase, which
is the driving force behind the lp–to–cp phase transition. In order to gain
insight into the NGA transition and hysteresis upon adsorption/desorption,
let us now walk along this surface in two ways.



54 Modeling the negative gas adsorption phase transition of DUT-49(Cu)

Figure 3.8: Contour plots of (a) the osmotic free energy profile and (b) the
methane uptake in DUT-49(Cu) at 120 K as a function of the
unit cell volume and gas pressure, together with a walk along
the equilibrium phases (corresponding to the global thermody-
namic equilibrium) identified with a white line. (c) The adsorp-
tion isotherm resulting from a determination of the equilibrium
phases as a function of the gas pressure, together with insets of
the structure of the lp and cp phases. Figure adapted from Ref.
[216] with permission from the American Chemical Society.

3.2.1 The equilibrium path

First, the global thermodynamic equilibrium will be tracked as a function of
the gas pressure. As discussed before, the equilibrium path cannot account
for NGA, but it is nevertheless instructive to contrast this path with the
kinetic path discussed further. To extract the equilibrium path, the osmotic
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potential and gas uptake are shown in two-dimensional contour plots in
Figure 3.8(a) and (b). Starting in the lp phase, the lp phase remains stable until
the gas pressure is increased to 3.25 kPa. At this pressure, the thermodynamic
equilibrium shi�s to the cp phase. Further increasing the gas pressure to
25 kPa, the lp phase again becomes stabilized. Having determined the
pressure range of stability of the lp and cp phases, the isotherms can be
extracted from walking along the same path on the isotherm contours of
Figure 3.8(b) as in Figure 3.8(a). The resulting one-dimensional isotherm is
shown in Figure 3.8(c). Indeed, it is clear that both the lp–to–cp and cp–to–lp
transitions are associated with a positive gas adsorption (PGA) step. Further-
more, as only the thermodynamic equilibrium is tracked as a function of the
gas pressure, the same isotherm is obtained for desorption as for adsorption.
Focusing back on the lp–to–cp phase transition in Figure 3.8(a), it is clear that
a large osmotic free energy barrier is present between both phases which can
act to prevent a transition. To take these barriers into account in our walk
along the osmotic surface, a transition is now only allowed when the barrier
separating phases has decreased su�iciently, yielding the kinetic path.

3.2.2 The kinetic path

The kinetic path is obtained from only allowing a phase transformation
when the osmotic barriers separating phases has disappeared. However, as
thermal fluctuations can allow the crossing of barriers, a transition was noted
when the barrier was reduced to within 15 kBT . The same transitions are
obtained for the 120 K surface when varying this value of the ‘crossable’
barrier between 0 and 25 kBT . Starting the ‘adsorption walk’ along the
surface (full white line in Figure 3.9(a)), the system begins at equilibrium
in the lp phase, where there is also a metastable cp phase (at a volume of
50 nm3). At a pressure of 3.25 kPa, at which the cp phase becomes more
stable than the lp phase, a large osmotic barrier of 591 kJ ·mol-1 remains,
preventing a phase transition. Only when the pressure is further increased to
17.5 kPa does the barrier between phases disappear. Here, a phase transition
between the metastable lp to the stable cp phase occurs, associated with
a predicted NGA step of 86 molecules per unit cell (see Figure 3.9(b) and
(c)). This prediction is in good agreement with the experimentally observed
NGA step of 102 molecules per unit cell at a gas pressure of 25 kPa. Further
increasing the gas pressure, the barrier between the cp and lp phases only
disappears at 70 kPa, compared to the equilibrium transition at 25 kPa. Just
as a walk across the osmotic surface can be performed towards increasing
gas pressures to predict the adsorption branch, the same process can be
done in reverse to track desorption. Starting at the largest gas pressure in
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Figure 3.9: Contour plots of (a) the osmotic free energy profile and (b) the
methane uptake in DUT-49(Cu) at 120 K as a function of the
unit cell volume and gas pressure. The walk along the kinetically
accessible phases (only allowing a transition when the osmotic
barrier between phases disappears) is identified with a white line
(full line for adsorption, do�ed line for desorption). (c) The ad-
sorption and desorption isotherm resulting from a determination
of the kinetic path as a function of the gas pressure, together
with insets of the structure of the lp and cp phases. Figure
adapted from Ref. [216] with permission from the American
Chemical Society.
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the lp phase, the pressure is reduced until a barrier preventing the lp–to–cp
transition disappears at 17.5 kPa. This prediction of an lp–to–cp transition
during desorption at a gas pressure similar to that of the lp–to–cp transition
during adsorption is in agreement with experiment, and can be a�ributed
to the flatness of the osmotic landscape over the entire volume range at
this pressure, seen in Figure 3.9(a). Interestingly, on decreasing the gas
pressure further, it is predicted from this osmotic surface that the framework
remains kinetically trapped in the metastable cp phase, exactly as observed
experimentally. This is due to the barrier surrounding the cp local minimum
of the osmotic potential at low gas pressures.

3.2.3 The temperature dependence of negative gas adsorption

Similar to this investigation of the osmotic landscape at 120 K, simulations
were performed at 90 K and 150 K. The structural transitions derived from
the kinetic pathway during adsorption and desorption at 90 K agree quan-
titatively with reported in situ powder X-ray di�raction experiments.75 The
presence of intermediate phases between the lp and cp phases at approxi-
mately 2 kPa are reproduced, evidencing the flatness of osmotic landscape
at this gas pressure (see Supporting Information of Paper II). Furthermore,
to investigate the non-monotonic trend of NGA with temperature,78 the
di�erence in osmotic potential between the lp and cp phases (solid lines) and
the osmotic barrier from the lp to cp phase (do�ed lines) are shown in Figure
3.10. As can be seen, the pressure window for stability of the cp phase (solid
line above ∆Ω = 0) is significantly a�ected by the temperature. At the highest
temperature of 150 K, the cp phase only becomes marginally more stable than
the lp phase at a gas pressure of approximately 100 kPa. However, the barrier
(do�ed line) from the lp to cp phase has not disappeared at this pressure,
preventing a phase transition. As no phase transition occurs, no NGA step
is observed, consistent with experiments.78 As discussed before, at 120 K, the
barrier vanishes at a pressure of 17.5 kPa, allowing for a phase transition.
Moreover, from Equation (3.8), the derivative of ∆Ω with respect to the gas
pressure (or equivalently, the chemical potential) is seen to be proportional
with the di�erence in uptake between both phases. When the derivative is
positive, more gas is adsorbed in the cp phase than the lp phase. Therefore,
the slope of the di�erence in osmotic potential (solid lines in Figure 3.10)
yields information of the di�erence in uptake between phases. At 120 K, the
barrier preventing a transition (shown from the do�ed line) disappears just as
the slope of the solid line has turned negative, therefore resulting in negative
gas adsorption. In contrast, at 90 K an lp–to–cp phase transition occurs at a
gas pressure when the slope of the solid line is still positive, yielding a small
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Figure 3.10: Di�erence in osmotic potential between the lp and cp phase
(solid lines) and osmotic barrier present preventing a transition
from the lp to cp phase (do�ed ines) at 90 K, 120 K and 150 K.
On the le�, the resulting NGA step as a function of temperature
is shown. Figure adapted from Ref. [216] with permission from
the American Chemical Society.

PGA step, shown on the le� of Figure 3.10. Although experiments still predict
a small NGA step at this temperature, the obtained non-monotonic variation
of the NGA step with temperature accurately reproduces the experimental
observation. From this discussion it is clear that NGA is a very subtle
phenomenon, as it can only occur when a metastable lp phase has been
achieved through favorable gas adsorption of the other stable cp phase and
the metastability of this phase remains maintained until the metastable lp
phase starts to be re-favored in uptake (negative derivative of the solid line
in Figure 3.10). This subtlety is likely a reason why MOFs exhibiting this
phenomenon are so unique in the vast field of synthesized MOFs.

Through the benchmarking of several computation schemes to model ad-
sorption in flexible metal-organic frameworks, a newly proposed scheme has
shown to provide valuable insight into guest-induced phase transitions. By
explicitly scanning the osmotic potential along the volume, insight cannot
only be gained into the relative stability of di�erent phases as a function
of the applied gas pressure, but also into the osmotic barriers between
phases which can prevent transitions. Guest-induced phase transitions and
hysteresis between adsorption and desorption due to metastable phases
can be quantitatively predicted. Moreover, the separation of the osmotic
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potential into its terms (free energy of the host versus the adsorption term)
yields insight into how materials could be altered to be optimized further for
specific applications.





4
Non-Covalent Force Fields to Model

Adsorbate–Adsorbent Interactions

Computers are fantastic.
In a few moments they can make a mistake

so great that it would take many men
many months to equal it.

Anonymous

In Chapter 3, computational sampling schemes were introduced and applied
to model the adsorption-induced flexibility of two highly flexible MOFs.
However, as outlined in Chapter 2, these investigations stand or fall en-
tirely on the accuracy of used the force field description of the potential
energy surface (PES). In this respect, much e�ort has gone into refining
the covalent contribution of force fields from fi�ing to DFT reference data.
93–97, 143–146 For the non-covalent contributions, highly accurate force fields
have been developed capturing the adsorbate–adsorbate interactions such
as TraPPE, in which parameters are derived from fi�ing to critical temper-
atures and saturated liquid densities.217 However, developing accurate non-
covalent force fields for use in MOFs is more complicated. For the empty
MIL-53(Al) framework, a rescaling of the MM3 ε parameter was needed to
properly capture the relative stability of the cp and lp phases.218 Moreover,
describing the adsorbate–adsorbent or guest–host interactions has proven
di�icult. These contributions, although essential for a description of guest
adsorption in MOFs, are usually not derived explicitly, but rather implicitly
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from a combination of the individual MOF and adsorbate interaction poten-
tials. Examples of use-cases where parameters needed tuning to improve
the accuracy of the guest–host interactions are therefore plentiful in the
literature. Boulanger et al. rescaled the general Amber force field (GAFF)
van der Waals dispersion parameter by a factor of 1.115 to obtain accurate
hydration free energies, Wu et al. rescaled the UFF LJ parameter ε by a
factor of 0.635 to reproduce methane adsorption isotherms in ZIF-8 and
similarly, Pérez-Pellitero et al. found that a rescaling of the LJ parameters was
required for agreement with experimental adsorption isotherms of N2 and
CO2 in ZIFs.219–222 Moreover, non-polarizable force fields have been shown to
significantly underestimate the interaction strength of adsorbates with open-
metal sites present in many MOFs.223 While more advanced polarizable force
fields can be employed for these interactions, they require careful refi�ing to
reference calculations.98, 99, 224

In this Chapter, we therefore introduce two (very di�erent) pathways to an
improved description of guest–host interactions. In the first, laid out in
Paper III and Section 4.1, we aim to develop a physically inspired polar-
ization model with a single transferable parameter. This approach builds
on the Monomer Electron Density Force Field (MEDFF) which introduced
four physically inspired functionals of the electron density of the constitut-
ing monomers in the system, together with 3 fi�ed parameters to model
the non-covalent interactions. 179 In the resulting pairwise additive non-
covalent force field, polarization was modeled by an overlap term, which
was found to be the main limitation of the model. To improve upon this,
we develop a new induced dipole polarization model based on the monomer
electron density, employing one of the interaction parameters present in the
MEDFF model. Performing benchmarks of the predicted molecular polar-
izabilities and many-body interaction energies of molecular clusters reveals
an improved performance compared to commonly employed inducible dipole
models. This first approach represents a branch of force field development in
which physical insight is incorporated into the interaction model. Herein, the
aim is to derive generally applicable models with only a limited set of fi�ed
parameters. In the most optimistic of cases, this could lead to interaction
models which transfer well to diverse systems to which parameters were not
explicitly fi�ed.

In a second methodology, investigated in Paper IV and in Section 4.2, the po-
lar opposite of this approach is taken. Instead of building as much (hopefully
accurate) physical insight into a model as possible, one could imagine not
imposing any a priori interaction potential. Instead, the potential is learned
through training to reference energies (and/or forces, stresses) obtained with
DFT or wavefunction-based methods. This approach, in stark contrast to
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the first, is inspired by the recent development of highly accurate and data-
e�icient Machine Learning Potentials (MLPs). Whether MLPs can be trained
on a small set of intermolecular interactions with su�iciently high accuracy
for the envisaged adsorption applications will be explored in Section 4.2.

A�er both methodologies are explored in the following Sections, conclusions
are drawn about the merit of both approaches. A short discussion is pro-
vided about further promising developments and applications to capture the
adsorbate–adsorbent interactions on which an accurate investigation of the
adsorption properties of nanoporous materials relies.

4.1 Development of a transferable polarizable force
field

To model polarization with inducible dipoles, first a description of the frozen
electron density of the constituting interacting fragments (e.g. the frame-
work and adsorbates) of a system is required. For this, the electron density
of each fragment is calculated and subsequently partitioned into atomic
fragments with the Minimal Basis Iterative Stockholder (MBIS) scheme.166

Herein, a core (point) charge qcA and valence Slater function is assigned to
each atom A:

ρ0
A(r) =

NA

8πσA3
exp

(
−|r −RA|

σA

)
+ qc

A δ(r −RA) (4.1)

with NA the population and σA the width of the Slater function. With
this frozen electron density for each fragment of the system, the electro-
static, dispersion and exchange interaction can be calculated analytically
through approximate interaction potentials.179 However, when these isolated
fragments approach one another, the electron density should be allowed to
deform under their mutual interaction, giving rise to an additional stabilizing
interaction. To demonstrate the physical basis for this, our polarization
model is first grounded in density-functional theory.

4.1.1 Grounding in density-functional theory

To understand the approximations made in inducible dipole models common
in the literature, it is essential to ground such models in a solid theoretical
foundation like density-functional theory (DFT). The following derivations
build upon the work of York et al. and Tabacchi et al.225–227 Consider a system
of N interacting subsystems, for example a set of molecules or a molecule
in an adsorbent, each described by a nuclear charge distribution ρni (r) and
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ground state electron density ρ0
i (r) of the isolated subsystem. The total

electron density can then be defined as a sum of the reference densities and
the density response induced due to the interaction of the subsystems

ρ(r) = ρ0(r) + δρ(r) with

{
ρ0(r) =

∑
i ρ

0
i (r)

δρ(r) =
∑

i δρi(r)
(4.2)

This system can be characterized by the energy functional of the total system
(see Section 2.1.2)

E[ρ, v] = F [ρ] +

∫
ρ(r)v(r) dr (4.3)

with v(r) the external potential generated by the nuclei and F [ρ] the uni-
versal functional. Substituting Equation (4.2) in the energy functional and
expanding to second order in changes of the density and external potential
yields

E[ρ0 + δρ, v0 + δv] = E[ρ0, v0] +

∫
δE

δρ(r)
δρ(r) dr +

∫
δE

δv(r)
δv(r) dr

+
1

2

∫ ∫
δρ(r)

(
δ2E

δρ(r)δρ(r′)

)
δρ(r′) drdr′

+

∫ ∫
δρ(r)

(
δ2E

δρ(r)δv(r′)

)
δv(r′) drdr′

+
1

2

∫ ∫
δv(r)

(
δ2E

δv(r)δv(r′)

)
δv(r′) drdr′ (4.4)

Performing the functional derivatives and making use of Equation (4.2) and
(4.3), the following is obtained (see Ref. [226]):

E[ρ0 + δρ, v0 + δv] = E[ρ0, v0] +

∫
ρ0(r)δv(r) dr +

∫
δρ(r)v(r) dr

+
∑

k

∫
δF

δρ(r)
δρk(r) dr (4.5)

+
1

2

∑

k,l

∫ ∫
δρk(r)

(
δ2F

δρ(r)δρ(r′)

)
δρl(r

′) drdr′

From this, all terms which depend on a change in density δρ can be gathered
into a term called the polarization energy EPFF. Furthermore, the external
potential v(r) is assumed to be generated by the nuclear charges ρn(r) (no
external fields are present)

v(r) =

∫
ρn(r′)
|r − r′| dr

′ with ρn(r) =
∑

k

ρnk(r) (4.6)
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with this, EPFF can be wri�en as

EPFF =
∑

k

∫ [∫
ρn(r′)
|r − r′| dr

′ +
δF

δρ(r)

]
δρk(r) dr

+
1

2

∑

k,l

∫ ∫
δρk(r)

(
δ2F

δρ(r)δρ(r′)

)
δρl(r

′) drdr′ (4.7)

This Equation can be seen as a starting point for the developments of in-
ducible dipole models. Within a Kohn-Sham formulation of DFT, the univer-
sal functional F [ρ] is decomposed as F [ρ] = TS [ρ] + VH [ρ] + Exc[ρ]. Only
the functional derivatives of the Hartree term are known exactly

δVH [ρ]

δρ(r)
=

∫
ρ(r′)
|r − r′| dr

′,
δ2VH [ρ]

δρ(r)δρ(r′)
=

1

|r − r′| (4.8)

Therefore, classical inducible dipole models only retain this term (F [ρ] ≈
VH [ρ]). The density response is now expanded in a dipole basis set centered
at each atom a, with i ∈ {x, y, z}:

δρ(r) =
∑

a

∑

i=x,y,z

ca,id
i
a(r) (4.9)

Due to the choice of dipole basis set, the diagonal elements of the second
functional derivative of F [ρ] with respect to the density response can be seen
to be equal to the inverse of the dipole polarizability.228 Assuming isotropic
atomic polarizabilities, Equation (4.7) reduces to

EPFF,cl =
∑

a

∑

i

ca,i

∫ ∫
ρ0

tot(r
′)dia(r)

|r − r′| dr dr′

+
1

2

∑

a6=b

∑

i,j

ca,icb,j

∫ ∫
dia(r)djb(r

′)
|r − r′| drdr′

+
1

2

∑

a,i

c2
a,i

αa
(4.10)

with αa the atomic polarizability of atom a and ρ0
tot the sum of the nuclear

charges ρn and the reference electron density ρ0. Herein, the first term
represents the classical interaction of the total charge density with a dipole
on atom a, with the second term the classical interaction between two dipoles
located at atoms a and b. Lastly, the third term represents the energy
required to generate the dipoles. Minimizing EPFF,cl with respect the mag-
nitude of the induced dipoles ca,i, the inducible dipole model as discussed
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in Section 2.1.3 is obtained (not considering the usually applied damping
functions170 and scaling factors for interactions between atoms separated
by up to 4 bonds229). However, several approximations were introduced.
First, the interactions are assumed to be purely Coulombic, neglecting the
Pauli exclusion principle. Additionally, the density response is assumed to be
captured purely by a dipole basis set. Furthermore, the functional form of
the dipole basis set remains to be chosen. Most commonly, point dipoles or
Gaussian dipoles are employed. In the following Section, improvements of
both the interaction model and the basis functions are therefore investigated
and benchmarked on their ability to reproduce molecular polarizabilities and
many-body energies.

4.1.2 The inducible dipole model

As discussed in the previous Section, inducible dipole models are built up
from essentially three components. The first is a determination of the atomic
polarizabilities. The second is a choice of dipole basis set, and the last is
the functional form of the interaction kernel through which dipoles interact
mutually and with the ground state density. Each of these components are
therefore discussed separately.

Atomic polarizabilities

Atomic polarizabilities are usually derived for a limited set of atom types
from fi�ing to the resulting experimental230 or ab initio173 derived molec-
ular polarizability tensor. Our approach di�ers from this, as the intent is
to derive all model parameters except one interaction parameter from a
single monomer calculation. Therefore, isolated free atom polarizabilities
obtained from linear response time-dependent density functional theory are
used.231 To account for the chemical environment of the atom embedded in
a molecule, the isotropic polarizability of each atom αA,free is subsequently
rescaled proportionally to the atom–in–molecule e�ective volume (Vaim)

αA =
Vaim

Vfree
αA,free =

∫
r3ρA(r) dr∫

r3ρA,free(r) dr
αA,free (4.11)

with Vfree the e�ective volume of the free atom in vacuum. This rescaling of
polarizabilities is inspired by the empirically established linear correlation be-
tween the polarizability and volume, as also employed in the exchange-hole
dipole moment (XDM) and Tkatchenko-Sche�ler dispersion models.232–234

Herein, it is calculated from an MBIS partitioning of the monomer electron
density into atomic fragments.166
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Figure 4.1: Ab initio density di�erence between the unperturbed hydrogen,
carbon, nitrogen and oxygen atoms and the same atoms in a
dipole field along the perturbation axis (in black), the single
Slater function fit (in blue), and the least squares fit of multiple
Slater functions to the ab initio density (in orange).

Slater dipole response functions

Commonly, point dipoles or Gaussian dipoles are used in inducible dipole
models as response functions, consistent with the atomic point charges or
Gaussian charge densities employed to represent the ground state charge
distribution of the isolated fragments constituting the system. However, as
the true electron density tails o� exponentially, Slater functions are used
in this work to represent the valence electron density, as in Equation (4.1).
For consistency with this ground state density, Slater dipole functions are
constructed as the gradient of a normalized Slater 1s function. However, as
this function has no well-defined limit towards RA, instead a normalized
1s+2s function is employed:

ρ
p
A(r) = ∇A ρ

1s+2s
A

= ∇A

[
1

32πσA,p3
exp

(
−|r −RA|

σA,p

)(
1 +
|r −RA|
σA,p

)]

=
1

32πσA,p5
exp

(
−|r −RA|

σA,p

)
(r −RA) (4.12)

Physically, such a Slater dipole can be interpreted as the density di�erence
between an unperturbed ground state electron density and a density per-
turbed by an electric dipole field. From this interpretation, the dipole width
σA,p,free for each free atom can be determined by fi�ing a Slater dipole to
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the normalized ab initio density di�erence of a free atom. Subsequently, to
account for the chemical environment of each atom in a molecule or solid,
the free atom dipole widths σA,p,free are scaled with the cube root of the
ratio of its e�ective volume in a molecule compared to its e�ective volume in
vacuum234, similarly to the rescaling used for the polarizabilities:

σA,p =

( ∫
r3ρA(r) dr∫

r3ρA,free(r) dr

)1/3

σA,p,free (4.13)

A similar functional form to Eq. (4.12) has been proposed before, although
dipole widths were fit for specific atom types instead of making use of
ab initio atomic density di�erences.235 From the interpretation of a Slater
dipole as a density di�erence between a perturbed and unperturbed atoms,
atom-specific Slater dipoles can be employed as the basis set of Equation
(4.9), by fi�ing to ab initio calculations of the respective atoms. The density
di�erences for hydrogen, carbon, nitrogen and oxygen between an atom
perturbed with a dipole field and the unperturbed atom as computed at the
CCSD(T)/aug-cc-pVQZ level of theory are shown in Figure 4.1. As seen from
Figure 4.1, a single Slater dipole per atom cannot capture all fluctuations
of the density, but is in reasonable agreement far from the nucleus. To
investigate whether these fluctuations cause significant deviations in the
energy of our polarization model, an additional fi�ing of a linear combination
of Slater dipoles per atom was also determined, shown in orange in Figure 4.1.
For these elements, a very accurate fit to the ab initio density di�erence is
possible using a linear combination of at most 5 Slater dipoles.

Interaction model

As discussed in Section 4.1.1, the purely classical interaction between dipoles
neglects the important Pauli exclusion principle, requiring antisymmetriza-
tion of the wavefunction with respect to an exchange in electrons. While this
constraint clearly a�ects the electron-electron interaction V̂ee (see Equation
(2.15)), it also a�ects the kinetic energy T . The antisymmetrization leads
to more strongly oscillating wavefunctions, resulting in a higher kinetic
energy.236 While the exchange interaction has generally been neglected in in-
ducible dipole models, empirical models for it have been included in chemical
potential equalization methods before.225 Additionally, the exchange interac-
tion is known to be approximately proportional to the overlap between the
electron densities, allowing for an inclusion in our model.152, 179, 237, 238 This
proportionality factor was determined previously from fi�ing to SAPT2+(3)
exchange-repulsion energies of dimers in the S66x8 set, a set containing
66 dimers representing a wide range of di�erent types of intermolecular
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interactions, along 8 points on the dissociation curve. This resulted in a value
ofUex = 8.13 a.u.179, 239, 240 Therefore, in addition to a purely classical Coulomb
interaction, an overlap term is added to the model

K(r, r′) =
δ2F [ρ]

δρ(r)δρ(r′)
≈ 1

|r − r′| + Uex δ(r − r′) (4.14)

In other words, instead of only making use of a Coulomb term to derive
Equation (4.10) from (4.7), the new kernel of Equation (4.14) is employed.
Clearly, long-range correlation e�ects are neglected in this model. However,
including an exchange interaction should significantly increase the physical
accuracy of the model by an improved description of this short-range e�ect.
To test this, the model is now benchmarked on its ability to reproduce
molecular polarizabilities and many-body interaction energies.

4.1.3 Model benchmarking

Molecular polarizabilities

A first validation of the inducible dipole model developed herein is the repro-
duction of the molecular polarizability tensor. Applying a uniform dipole field
to an isolated molecule, atomic dipoles are induced in response. This change
in polarization per unit on the applied field is equal to the molecular polar-
izability, which can be directly compared to a reference calculation (at the
B3LYP/aug-cc-pVTZ level of theory). In this way, di�erent approximations
of the interaction kernel of Equation (4.14) can be compared. First, turning
o� the interaction kernel (K = 0), the obtained molecular polarizability is
equal to the sum of the isotropic atomic polarizabilities as obtained from
the rescaling of Equation (4.11). This can be compared with the situation
in which only a Coulomb interaction (Uex = 0 in Equation (4.14)) or the full
interaction (Uex = 8.13) is turned on. This validation was performed on the
QM7 dataset which is composed of 7165 molecules containing up to 23 atoms
(including up to 7 non-hydrogen atoms) which were extracted from the larger
GDB-13 dataset.242, 243 Both the monomer electron densities and dipole po-
larizabilities were obtained at the B3LYP/aug-cc-pVTZ level of theory using
Gaussian16.244 From the obtained molecular polarizability matrices, both the
eigenvalues and fractional polarizability anisotropy (FPA) are calculated. The
la�er is a metric for the anisotropy ranging from 0 to 1, and is defined as
follows245

FPA =

√
1

2

[(αxx − αyy)2 + (αxx − αzz)2 + (αyy − αzz)2]

α2
xx + α2

yy + α2
zz

(4.15)
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(a) (b)

Figure 4.2: (a) Eigenvalues of the dipole polarizability matrices of molecules
in the QM7 dataset obtained at the reference B3LYP/aug-cc-
pVTZ level of theory and with the inducible dipole model with
Uex = 8.13 in red, Uex = 0 in blue and K = 0 in orange. The root
mean square percentage errors (RMSPEs) compared to the ref-
erence are shown in the legend. (b) Fractional polarizability
anisotropy of the obtained dipole polarizability matrices. The
RMSPEs compared to the reference level of theory are shown in
the legend.

The resulting eigenvalues and FPEs of molecules in the QM7 dataset are
shown in Figure 4.2(a) and 4.2(b), respectively. As can be seen on the le�
side, turning on the dipole–dipole interactions via a Coulomb term signifi-
cantly improves the description of the molecular polarizability with respect
to the case K = 0, reducing the root mean square percentage error (RMSPE)
from 28.7% to 13.5%. Secondly, turning on the non-classical exchange term
(Uex = 8.13) further reduces the RMSPE to 11.0%. The di�erence between the
various approximations to the interaction kernel is highlighted even more
when considering the description of the anisotropy via Equation (4.15), as
shown in Figure 4.2(b). The RMSPE on the FPA is decreased from 25.2% for
K = 0 (no anisotropy) to 5.9% for Uex = 8.13. Again, an improvement is seen
by adding an exchange term with respect to the pure Coulomb term. The
ability of the model to reproduce the response of a molecule to an external
dipole field is already a first validation. A second validation consists in its
ability to accurately predict intermolecular interaction energies, as will be
benchmarked in the following Section.
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Figure 4.3: Parity plot of a set of 12 347 water trimer three-body ener-
gies calculated with the inducible dipole model with Uex = 0 in
blue (representing only the Coulomb interaction), Uex = 8.13 in
red (including the exchange interaction), AMOEBA14 in orange
and iAMOEBA in green. Results are compared with reference
CCSD(T) three-body energies.

Many-body interaction energies

To validate the developed polarizable force field, its prediction of intermolec-
ular polarization energies is now investigated. In order to benchmark it
separately from other intermolecular interactions, our a�ention is turned to
three, four and five-body interaction energies. While two-body terms are
composed of electrostatic, exchange, dispersion and induction terms, bench-
mark systems such as water clusters can be chosen in which the higher order
terms are dominated by induction.246, 247 In this way, the predicted energies
can be explicitly compared with ab initio many-body energies. First, the
intermolecular three-body energies of a set of 12 347 water trimers in a wide
range of conformations are computed with the inducible dipole model using
the multiple Slater fit of Figure 4.1 and compared to reference calculations
performed at the CCSD(T)/aug-cc-pVTZ level of theory.248 In Figure 4.3, a
comparison is shown between the reference energies and those computed
with the inducible dipole model without an exchange interaction (Uex = 0)
and with the exchange interaction (Uex = 8.13). Significant deviations are
observed for the pure Coulomb interaction, significantly underestimating the
energy for low-lying trimers. This trend is reversed for trimers with repulsive
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three-body energies, erroneously predicting stabilizing interactions. The
inclusion of exchange significantly improves the predicted energies, reducing
the root mean square error (RMSD) from 2.19 kJ ·mol-1 to 0.92 kJ ·mol-1.
Only minor di�erence are observed when the single Slater dipole functions
are employed instead of the multiple Slater functions, increasing the RMSD
from 0.92 kJ ·mol-1 to 1.06 kJ ·mol-1 when including exchange. This suggests
that the inclusion of the precise density fluctuations near the nucleus is not
vital to obtain accurate three-body energies, and the single Slater fit can
be used for improved computational e�iciency. The trimer dataset for this
comparison was previously constructed to fit a full-dimensional potential
energy function for water (MB-pol).248 As our model instead aims at being
transferable without fi�ing to the interaction energies of the systems of
interest, it cannot be expected to be competitive on the specific case of
water with MB-pol. Instead, it is compared with the popular iAMOEBA and
AMOEBA14 force fields from the literature.146, 255 These force field result in
an RMSD of 1.31 kJ ·mol-1 and 1.11 kJ ·mol-1, respectively. Especially trimers
with negative three-body energies are described well by our model (RMSD
of 0.79 kJ ·mol-1), compared with iAMOEBA and AMOEBA14 (RMSD of 1.52
kJ ·mol-1 and 1.29 kJ ·mol-1, respectively). The main reason why AMOEBA14
can reproduce three-body energies adequately without the inclusion of an
exchange interaction originates from its use of point dipoles. As these inter-
act more strongly than delocalized dipoles, the missing exchange interaction
is partly compensated. The performance on water three-body energies is an
encouraging sign for the model developed herein, as both literature force
fields contain parameters fi�ed specifically to reproduce water interaction
energies and condensed phase properties, while no such fi�ing is performed
for our model. In fact, our model contains no parameters fi�ed on interaction
energies of water. Only the monomer electron density of a single optimized
water molecule was used, together with a fit for the atomic dipole basis
for each element and the Uex parameter fi�ed previously on the dispersion-
dominated dimers of the S66x8 set. As an even more direct validation of the
physical validity of the developed model, four-body and five-body energies
were predicted for a set of 8 water hexamer clusters.249 These higher-order
contributions are generally smaller than the two-body and three-body terms.
As a consequence, these terms are usually not fi�ed to in the construction of
specialized water force fields. Instead, they provide a look into the reliance
of a force field on cancellation of errors. As shown in Figure 4.4, our model
is competitive with the TTM4-F, WHBB5 and MB-pol force fields in the pre-
diction of four-body energies, and even improves on those tailor-made force
fields in the prediction of five-body energies. In comparison, AMOEBA14
predicts significantly over-bounded four-body and five-body energies.
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Figure 4.4: Error on the four-body (a) and five-body (b) interaction energies
of 8 water hexamers as computed with our model and water po-
tentials from the literature, with respect to reference calculations
at the CCSD(T)-F12/cc-pVTZ level of theory.248–254

To extend the benchmark on three body energies to a wider range of inter-
molecular interactions, calculations were additionally performed on the 3b69
set of trimers.256 Included in this set are 18 out of the 24 molecules which
are not present in the S66x8 set to which the Uex parameter was fi�ed. It
therefore represent a test of how well the model transfers to interactions
to which the parameter was not fi�ed. To test the many-body polarization
component separately from many-body dispersion, interaction energies were
recalculated at the MP2 level of theory extrapolated to the complete basis
set. MP2 includes many-body induction e�ects, but the dispersion non-
additivity only appears at the MP3 level, allowing for a comparison between
the inducible dipole model and MP2 three-body energies.256, 257 An RMSD
of 0.88 kJ ·mol-1 was obtained, demonstrating good performance across a
range of di�erent interactions. In comparison, AMOEBA three-body energies
were obtained for the 22 out of the 69 trimers for which parameters are
available.258 For this subset, an RMSD of 0.67 kJ ·mol-1 is obtained. However,
the observation that the application of a regularly used polarizable force
field from the literature is limited to certain interactions demonstrates the
usefulness of a transferable model, as it can be applied to a wide range of
interactions.
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4.1.4 The polarizable monomer electron density force field

To predict total non-covalent interaction energies, the developed polariza-
tion model has to be combined with models for the other intermolecular
interactions. For this, the monomer electron density force field (MEDFF) is
ideally suited. In analogy to the ab initio energy decomposition made by
symmetry-adapted perturbation theory (SAPT), MEDFF separates the total
interaction energy in an electrostatic, dispersion, exchange-repulsion and
induction interaction. Each one is a functional form of the electron density
of the constituting monomers:

EMEDFF = Eelst + Edisp + Eex + Eind (4.16)

=
∑

A

∑

B

(
EAB

elst + EAB
disp + UexS

AB − UindS
AB
)

(4.17)

with the sum over A and B running over all atoms in the first and second
monomer, respectively, and SAB the overlap integral between electron densi-
ties ρ of atoms A and B:

SAB =

∫
drρA(r)ρB(r) (4.18)

Both the exchange-repulsion and induction interactions are modeled as a
proportionality of the overlap integral of electron densities of the monomers
(with proportionality factors Uex and Uind). While the exchange-repulsion
was shown to be accurately modeled with the overlap model, the picture
is more complex for induction. This interaction consists of multiple e�ects
like polarization and charge-transfer e�ects. Of these, charge-transfer will
typically dominate in dispersion-dominated interactions where polarization
plays a minor role. Moreover, charge-transfer is known to be proportional
(to good approximation) to the overlap between electron densities. For this
reason, MEDFF performs well on benchmarks of dispersion-dominated inter-
actions. However, for hydrogen-bonded interactions in which polarization is
dominant, significantly worse performance is observed. Clearly, polarization
cannot be accurately captured by a pairwise additive overlap model. Herein
lies the value of our previously developed polarization model. Incorporating
our polarization model in MEDFF, the polarizable monomer electron density
force field (PMEDFF) is obtained:

EPMEDFF = Eelst + Edisp + Eex_ct + Epol (4.19)

=
∑

A

∑

B

(
EAB

elst + EAB
disp + Uex_ctS

AB
)

+ Epol (4.20)
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Figure 4.5: Fi�ed values of Uex_ct for each of the 66 dimers present in the
S66x10 set. For each dimer, Uex_ct is fi�ed to the 10 dimer config-
urations along the dissociation curve. For the hydrogen-bonded
dimers, acetic acid is shown as example, while the cyclopentane-
neopentane dimer is shown among the dispersion-dominated
structures.

withEpol given by Equation (4.10). Herein,Uex_ct represents the proportional-
ity between the exchange-repulsion and charge transfer interactions and the
electron density overlap. The common treatment of both these interactions
is further justified by the observation that in the higher order terms of SAPT,
exchange-repulsion and induction e�ects cannot be distinguished. This new
proportionality factor Uex_ct is therefore fi�ed to the sum of the SAPT2+(3)
exchange-repulsion and induction energies minus the polarization energy
Epol for dimers of the S66x10 set. This set is an extension of the original
S66x8 set, including smaller intermolecular distances (with rescaling factors
of 0.7 and 0.8 with respect to the equilibrium distance).259, 260 This fit results
in a value of Uex_ct = 7.16. However, some dependence of this parameter on
the type of interaction remains, as can be seen from Figure 4.5 in which a fit
was made for each separate dimer complex. On average, slightly lower values
for Uex_ct are observed for the hydrogen-bonded dimers, shown in red. For
example, for the acetic acid dimer with a double hydrogen bond, a value of
Uex_ct = 6.37 is obtained. Among the dispersion-dominated structures shown
in blue, the cyclopentane-neopentane dimer results in the largest value of
Uex_ct = 9.20. However, there is a clear indication that the inclusion of our
polarizable model has captured an important part of the physical interactions
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between these dimers be�er than the overlap model used in the original
MEDFF (see Equation (4.17)). The standard deviation between fi�ed values
of Uex_ct in Figure 4.5 is equal to 0.59. This value can be interpreted as the
degree variability across di�erent intermolecular interactions, and therefore
the degree to which the model is ‘missing’ some physics. Fi�ing the original
Uex and Uind parameters in the same way, a standard deviation of 0.97 is
obtained, indicating that our polarizable model more accurately captures the
intermolecular interactions. Furthermore, a correlation is present between
the fi�ed values for Uex_ct and the original MEDFF values for Uex which were
fi�ed to the ab initio SAPT2+(3) exchange-repulsion energies. This indicates
that an important remainder of the variability of our fi�ed Uex_ct param-
eter originates from a breakdown of the relatively simple overlap model for
exchange-repulsion. Clear indications already exist in the literature how such
a model could be improved, relating mainly to a description of the atomic
anisotropy of the interactions.261 However, such extensions would introduce
new fi�ing parameters, diminishing on our promise of a transferable force
field with as li�le parameters as possible. While alternatively, deeper insight
into ab initio derivations of the origin of exchange-repulsion could lead to a
be�er force field description of this interaction, this will be le� for further
work.

Interaction energies of the hsg and hbc6 datasets

With our newly developed and fi�ed polarizable force field, interaction en-
ergies are now calculated for two datasets with dimers not included in the
S66x10 set to which Uex_ct was fi�ed. Both datasets and the associated in-
teraction energies computed at the CCSD(T)/CBS level of theory were taken
from the BioFragment Database.262–264 The first is the hsg set, consisting of
21 dimer fragments (none of which are present in the S66x10 set) extracted
from an HIV-II protease crystal structure with a bound ligand (indinavir),
representing a wide range of interactions from dispersion-dominated to
hydrogen-bonded. For this set, the general value of Uex_ct = 7.16 is used.
In Figure 4.6, the resulting interaction energies obtained with PMEDFF are
compared to the Merck molecular force field (MMFF)265, AMOEBA258, the
generalized amber force field (GAFF)219 and the original MEDFF179. Both
AMOEBA and GAFF show a balanced performance across the range of in-
teraction types, although the RMSD of 3.22 kJ ·mol-1 obtained for AMOEBA
only includes 13 out of the 21 complexes for which parameters are available.
A significant overestimation of the magnitude of the interaction energy
of the hydrogen-bonded complexes is observed for MMFF, resulting in an
RMSD of 19.40 kJ ·mol-1. MEDFF, on the other hand, slightly underesti-
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Figure 4.6: Parity plot of dimer interaction energies of the hsg set calcu-
lated with MMFF (red), AMOEBA (blue), GAFF (purple), MEDFF
(green) and PMEDFF (orange). The RMSD for each force field is
shown in the legend.

mates the interaction energy for some of these dimers, yielding an RMSD
of 9.13 kJ ·mol-1. PMEDFF generally performs well on the whole set, with an
RMSD of 4.93 kJ ·mol-1. This is encouraging, as no fi�ing was performed to
any of the dimers present in this set.

The hbc6 dataset consists of doubly hydrogen bonded dimers extracted from
6 dissociation curves containing formic acid, formamide and formamidine.266

Because of the presence of double hydrogen bonds, we opt to use the Uex_ct

parameter of 6.37 which was optimal for the double hydrogen bond contain-
ing acetic acid dimer (see Figure 4.5). The induction component of these
doubly hydrogen bonded dimers is generally much larger than for dimers
in the hsg set. This set therefore represents a more stringent test of our
polarization model. In Figure 4.7, a comparison is made between PMEDFF,
MMFF, AMOEBA and MEDFF. For AMOEBA, only 60 out of the 118 dimers
containing formic acid and formamide were retained, as no parameters were
available for formamidine. The comparison between force fields is further
divided into intermolecular distances smaller or larger than that of the op-
timized dimer geometry. For intermolecular distances larger or equal to the
optimized geometry, the RMSD of MMFF, AMOEBA, MEDFF and PMEDFF
is equal to 8.95 kJ ·mol-1, 2.93 kJ ·mol-1, 8.24 kJ ·mol-1 and 5.56 kJ ·mol-1,
respectively. The dimers with rescaled intermolecular distances smaller
than 1 are more challenging to predict, as hydrogen bonds are artificially
compressed. The increase in error from the rescaled distances larger than
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Figure 4.7: Parity plot of dimer interaction energies of the hbc set calculated
with MMFF (red), AMOEBA (blue), MEDFF (green) and PMEDFF
(orange). Dimers along the dissociation curve with rescaled
intermolecular distances smaller than the equilibrium distance
dequi are displayed with filled symbols in a lighter shade. Results
for all force fields except MMFF are shi�ed horizontally for
clarity. The RMSD for each force field at distances < dequi and
≥ dequi are shown in the legend.

1 is most pronounced for AMOEBA. The error increases to 44.98 kJ ·mol-1

due to the prediction of large repulsive interaction energies. Lower errors of
32.72 kJ ·mol-1, 15.40 kJ ·mol-1 and 15.94 kJ ·mol-1 are seen for MEDFF, MMFF
and PMEDFF. Overall, the performance of PMEDFF against other force fields
is encouraging, especially given that, as a test of transferability of our force
field, no explicit fi�ing was performed to any of the dimers present in both
the hsg and hbc6 set.

To conclude, it is clear from the preceding discussions how, starting from the
ground state electron density of a molecule, the inclusion of usually neglected
physical interactions in a polarization model can lead to an improved perfor-
mance on many-body interactions. Moreover, a single fi�ed parameter in the
model is shown to perform well across a range of intermolecular interactions,
demonstrating its transferability. The inclusion of our polarization model
in a complete polarizable non-covalent force field leads to a model that can
reliably predict interaction energies of dimers. However, theUex_ct parameter
is still slightly sensitive to the type of intermolecular interaction, indicating
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that further developments are warranted to a�ain a truly transferable force
field. In this respect, extending the model to include an anisotropic treatment
of the atomic interactions has promise to improve our force field. Our
strategy of including as much physical consideration into an interaction
model to avoid as many fi�ing parameters as possible has promise in this
regards, although the complete polar opposite of this approach has in recent
year gained traction, spurred by the development of highly accurate machine
learning potentials.
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4.2 Deriving machine learning potentials for accu-
rate adsorption simulations

While polarizable force fields can be employed to model guest adsorption
in MOFs with a degree of accuracy higher than non-polarizable force fields,
their accuracy can still be lacking in challenging cases such as open-metal
site containing MOFs. In these cases, one would preferentially directly use
density-functional theory or wavefunction-based methods. However, the
computational cost associated with these calculations is still excessively high
for the typical number of evaluations required in adsorption calculations,
necessitating the use of force fields. However, recently, approaches to bridge
this gap and directly incorporate DFT or wavefunction-based calculations in
adsorption simulations in MOFs have been developed. Lee et al. evaluated
the Henry regime (characterizing the low-pressure adsorption behavior) in
M-MOF-74(M=Zn,Mg) for several adsorbents by performing biased single
particle insertions, evaluated at the DFT level of theory.267 In a similar work,
Vandenbrande et al. proposed an importance sampling scheme based on
preceding force field calculations to evaluate the Henry coe�icients and
heats of adsorption at infinite dilution for methane in UiO-66 and CO2 in
Mg-MOF-74 by means of single particle insertions.268 Alternatively, Kundu
et al. predicted the adsorption isotherms of CO2 in Mg-MOF-74 from calcu-
lations of the interaction energy of an adsorbate on the open-metal site and
linker with a correlated wavefunction-corrected DFT method.269–271 With
these adsorption sites, a la�ice of sites was defined, on which grand canonical
Monte Carlo simulations were performed. Although successful in predicting
the adsorption isotherms at di�erent temperatures, this method relies on
an initial accurate determination of well-defined adsorption sites, as guest
molecules are not considered to adsorb on other sites of the framework,
limiting the general applicability of this method.

Therefore, in Paper IV, we make use of the recent developments of highly
accurate and data-e�icient machine learning potentials (MLPs) to describe
the interaction of guest molecules in MOFs. In the message passing NequIP
potential used herein, each atom is characterized by a feature vector which
is refined during training through a series of interactions layers.190 Tested
on datasets of energies and forces of small molecules and periodic mate-
rials, it demonstrated state-of-the-art accuracy as well as exceptional data
e�iciency. While MLPs are usually trained on the totally energy and forces
of the system, our interest is solely in intermolecular energies (and forces).
First, a method for e�iciently generating a dataset of structures and DFT
intermolecular energies and forces is proposed. A�er training an MLP on
this dataset, GCMC calculations can be performed to extract the adsorp-
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Figure 4.8: Proposed methodology for generating the dataset to train an
MLP on intermolecular energies (and forces). First, snapshots
of the framework loaded with adsorbates respecting minimum
intermolecular distances defined by the exclusion spheres are
generated. Subsequently, rigid-guest optimizations of the ad-
sorbates are performed (with a fixed framework) to guide the
adsorbates to favorable interaction sites in the framework.

tion isotherms and heats of adsorption, as well as structural information as
captured for example by radial distribution functions (RDFs). The proposed
methodology is benchmarked first on CO2 adsorption in ZIF-8, a�er which
it is employed to gain insight into CO2 adsorption in the challenging open-
metal site containing Mg-MOF-74. Finally the degree of transferability of a
trained network is investigated by applying an MLP trained on ZIF-8 to other
MOFs in the ZIF family.

4.2.1 CO2 adsorption in ZIF-8

The requirements on an MLP to be used for GCMC simulations di�ers funda-
mentally from one with MD applications is mind. Through the integration of
the equations of motion, an equilibrium canonical MD simulation samples
regions of the potential energy surface (PES) proportional to a Boltzmann
factor of the energy. While the exact same distribution is sampled from
(canonical) Monte Carlo simulations, this is achieved by performing trial
moves of the system to regions of the PES which might be very high in energy.
Even though these trial moves will not be accepted and are therefore not
relevant, they still need to be reliably rejected. A dataset for our envisaged
applications therefore needs to be composed of both high energy snapshots,
as well as the relevant low energy snapshots. However, repulsive interactions
between atoms diverge as they approach each other, and the inclusion of
these highly non-physical interactions would degrade an MLPs quality on
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the relevant low energy interactions. Therefore, the procedure shown in
Figure 4.8 is proposed to obtain a balanced dataset of loaded frameworks
including both high energy and low energy structures. First, the van der
Waals radii derived by Alvarez are assigned to each element present in the
framework and adsorbates. 272 Their analysis of more than 5 million non-
covalent distances shows that no non-bonded interactions occur at inter-
atomic distances below the sum of two atomic radii minus 0.7 Å. Therefore,
the van der Wall radius for each atom minus 0.35 Å can be seen as an ‘exclu-
sion sphere’ within which no adsorbate-adsorbate or adsorbate-framework
interactions occur. These exclusion spheres are also used further on (with
proper validation) in GCMC simulations to reject any trial step in which an
overlap between spheres occurs. Because of the use of these spheres, no
explicit training of the MLP to these very short-ranged (repulsive) interaction
is required.

Subsequently, a set of N guest-loaded snapshots constrained by the exclu-
sion spheres are generated. As it is not known a priori how many guests can
feasibly be adsorbed, snapshots are generated with a uniformly distributed
number of guestsNads between 0 andNmax, the maximum number of guests
which can reliably be inserted in the framework with violating the constraints
(equal to 32 CO2 adsorbates for ZIF-8). Although the snapshots generated
from this procedure respect the minimum intermolecular distances defined
by the van der Waals radii, they still mostly represent high energy structures.
Therefore, in a last step, each snapshot is optimized using the Broyden-
Fletcher-Goldfarb-Shanno (BFGS) optimizer from the Atomic Simulation En-
vironment (ASE) at the relevant level of theory for Nsteps iterations, keeping
both the framework coordinates fixed and the adsorbates rigid.273 A�er
these optimizations, a dataset of N × Nsteps snapshots is obtained. By
subtracting the energies and forces of the constituting isolated framework
and adsorbates from the total energies and forces, the intermolecular ener-
gies Einter and forces Finter are obtained. As the framework remains fixed,
the energy and forces of the framework are the same for each snapshot,
requiring only 1 single point calculation. Similarly, because of the use of rigid
adsorbates, only a single calculation of the energy and forces of an isolated
adsorbate are required. For CO2 adsorption in ZIF-8, 30 optimization steps
with a maximum step size of 0.5 Å each were performed. A�er 30 steps,
the optimizations have steered the adsorbates from an adsorption energy
of -1.1 ± 4.7 to -18.8 ± 2.1 kJ ·mol-1 per adsorbate. Note that it is not
vitally important for all optimization trajectories to fully converge. As long
as su�icient favorable interactions are included in the dataset, the MLP is
able to accurately represent the minima (see further).

To obtain both accurate and computationally e�icient MLPs, the impact of
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(a) (b)

Figure 4.9: (a) The validation MAE on the energy during training of an MLP
trained on 125, 250, 500 and 1000 optimization trajectories. (b)
Dissociation curve of a single adsorbate translated along the
normal vector on the plane of the pore window of ZIF-8, com-
puted with all trained MLPs and recomputed at the reference
PBE-D3(BJ) level of theory. For clarity, only the Zn atoms and
imidazolate linkers of the six-membered pore ring are shown.

the important hyperparameters of the network were benchmarked in the
Supporting Information of Paper IV. Vitally important for applications is
the required number of optimizations N to obtain an accurate MLPs. As
an investigation into this, MLPs were trained on 125, 250, 500 and 1000
optimizations (denoted further as MLP125, MLP250, MLP500 and MLP1000). The
resulting mean absolute errors (MAEs) on the interaction energy vary from
0.093 to 0.060 kJ ·mol-1 per adsorbate, as shown in Figure 4.9(a). Even for just
125 optimization trajectories, the MAE is already remarkably low. However,
it should be noted that, as the dataset contains clear correlations within each
optimization trajectory, this validation error is artificially lowered compared
to a test error. Indeed, evaluating the performance of each MLP on a test set
containing 100 optimizations to which no training was performed, elevated
errors of between 0.45 kJ ·mol-1 and 0.15 kJ ·mol-1 per adsorbate are obtained
for MLP125 and MLP1000, respectively. As a first validation of the derived
MLPs, optimizations of a single adsorbate in the framework are performed
with the MLP trained on 1000 optimization, retaining the geometry with the
lowest energy. The strongest interaction site is a configuration in which the
adsorbate interacts with a pore widow, perpendicular to the plane of the
window (see Figure 4.9(b)). To explore the interaction around this minimum,
the adsorbate was subsequently translated along the normal of the pore
window plane. Relative to the configuration centered in the pore window,
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the adsorbate is translated with distances between 0 and 4 Å with steps of
0.1 Å. For each structure, the interaction energy is recomputed with all MLPs
and the reference PBE-D3(BJ) level of theory. As shown in Figure 4.9(b),
significant deviations are observed for MLP125. For the other MLPs, good
agreement with the reference energies are obtained. Furthermore, as the op-
timizations were performed with the MLP, this demonstrates that the forces
learned during training enable accurate optimizations towards the minimum.
Additionally, to demonstrate that the exact choice of exclusion spheres does
not a�ect further results, the heat of adsorption Qst of CO2 in ZIF-8 at 273 K
was computed by means of Widom insertions in the framework. This was
repeated with rescaled values for the exclusion radii with a factor between
0.80 and 1.20. As shown in Paper IV, Qst is indeed insensitive to the factor
with which the exclusion radii were rescaled, demonstrating that the region
excluded by the exclusion spheres is indeed an irrelevant part of the phase
space.

Subsequently, with each of the MLPs trained on varying dataset sizes, GCMC
simulations were performed at a temperature of 273 K and a range of gas
pressures between 0.1 bar and 50 bar. Each simulation consists of 5 · 106

MC steps, with equal probability for translations, rotations, insertions and
deletions. The resulting uptake as a function of the gas pressure and heat of
adsorption as a function of the guest loading are shown in Figure 4.10(a) and
Figure 4.10(b). The adsorption isotherms obtained with the MLPs trained on
between 125 and 1000 optimizations are nearly identical. Comparing these
isotherms with experimental results obtained by Simmons et al., Abraha et al.
and Gracés et al., good agreement between both is observed, as seen in Figure
4.10(a).52, 274, 275 While a slight over-prediction of the uptake at low gas pres-
sure and an under-prediction of the uptake at high gas pressures is observed,
this could be due to the rigid-framework approximation employed in GCMC
simulations, as the flexible behavior of ZIF-8 and its e�ects on adsorption
have been well-established.276 As shown in Figure 4.10(b), MLP1000 predicts
an increase in the heat of adsorption of CO2 in ZIF-8 from 18.0 kJ ·mol-1 at
the smallest loadings to approximately 25.8 kJ ·mol-1 at the highest loadings,
in good agreement with experimentally derived heats of adsorption.274 This
increase in heat of adsorption as a function of the CO2 loading is indicative
for the relatively weak host-guest interactions in ZIF-8 compared to the
guest-guest interactions. Even though the most favorable interaction sites
for an adsorbate in ZIF-8 are already occupied at higher guest loadings,
the heat of adsorption still increases due to the guest-guest stabilization.
To determine the accuracy of the performed GCMC simulations compared
to the reference level of theory, 50 snapshots were taken from the GCMC
simulations performed with each of the MLPs at each gas pressure. The
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Figure 4.10: (a) The gas uptake and (b) isosteric heats of adsorption of CO2

in ZIF-8 obtained with MLPs trained on between 125 and 1000
optimizations. Error bars are obtained from a block averaging
procedure. (c) The test MAE on the energy of snapshots ex-
tracted from GCMC simulations as a function of the gas pres-
sure and (d) a density plot of adsorbate oxygen atoms extracted
from the MLP trained on 1000 optimizations as 10 bar.

interaction energy of these snapshots was recomputed with the reference
PBE-D3(BJ) level of theory. As shown in Figure 4(c), the resulting average
MAE on the energy decreases with increasing N from 0.48 to 0.17 kJ ·mol-1

per adsorbate, similar to the test errors obtained previously. As argued
before, these errors are somewhat higher than the validation MAE during
training due to correlations in the dataset. However, for the MLP trained on
250 optimizations or more, the MAE is smaller than 0.25 kJ ·mol-1, which is
certainly acceptable. As illustration, the density of adsorbate oxygen atoms
extracted from the GCMC simulations using N=1000 at a pressure of 10 bar
is shown in Figure 4(d).
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(a) (b)

Figure 4.11: (a) The excess CO2 uptake and (b) isosteric heats of adsorption
in Mg-MOF-74 computed with MLPs trained on PBE-D3(BJ),
PBE-TS and PBE-MBD reference optimizations, compared to
experiments by Dietzel et al.278, Yu et al.279 and �een et al.64

and UFF simulations.99 All MLP GCMC simulations were per-
formed at 298 K and pressures between 2 · 10-4 and 50 bar.

4.2.2 CO2 adsorption in Mg-MOF-74

Having validated our proposed methodology, it is now applied to the
challenging case of CO2 adsorption in the open-metal sites containing
Mg-MOF-74. Due to the undercoordination of the metal, CO2 molecules
can approach the Mg site in this MOF to within 2.2 Å , which is closer
than would be allowed by the tabulated van der Waals radius for Mg.99, 272

Therefore, the Mg van der Waals radius was set to 1.0 Å, allowing insertions
of CO2 in the framework to within 1.8 Å of the Mg site. This choice was
validated a posteriori (see Supporting Information of Paper IV). From the
literature, it is known that the interaction energy of a CO2 molecule with the
Mg open-metal site in Mg-MOF-74 depends significantly on the choice of
dispersion correction.277 Therefore, 1000 optimizations were performed in the
framework at the PBE-D3(BJ), PBE-TS and PBE-MBD levels of theory. This
selection of dispersion correction was inspired by previous work by Rehak et
al. in which the adsorption energy on the Mg site obtained with di�erent
levels of theory was benchmarked.277 Herein, the PBE-TS and PBE-MBD
functionals most closely agreed with the experimentally derived adsorption
energy. Therefore, these two functionals, as well as the commonly used
PBE-D3(BJ) functional are considered.

The excess uptake of the framework and heats of adsorption obtained with
GCMC simulations performed with an MLP trained to each of the levels of
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theory at 298 K and gas pressures ranging from 2 · 10-4 to 50 bar are shown in
Figure 4.11(a) and 4.11(b), respectively. Results are compared with previous
Universal Force Field (UFF) simulations, as well as experiments performed
by Dietzel et al., Yu et al. and �een et al.64, 99, 278, 279 UFF underestimates
the uptake at low pressure and overestimates the uptake at the highest
pressures. This is due to its lacking accuracy in describing the interaction
strength with the Mg site (underestimating the heats of adsorption at low
uptakes, see Figure 4.11(b)) as well as the mutual interaction between CO2

guests (as seen from the heats of adsorption at the highest uptakes). GCMC
simulations performed with the MLPs at each of the three levels of theory
significantly improves the description of guest adsorption in the framework.
Between these, PBE-MBD performs best, accurately capturing the shape
of the adsorption isotherm at pressures below 1 bar. Moreover, as seen
in Figure 4.11(b), the MLP trained on PBE-MBD reference data results in
highly accurate heats of adsorption. Large di�erences between the heats
of adsorption predicted by the MLPs trained on di�erent levels of theory are
observed, highlighting the importance in benchmarking the method at which
reference calculations were performed. As shown by the di�erences in heats
of adsorption in the low pressure regime, the choice of dispersion correction
alone can a�ect the obtained heat of adsorption of CO2 in Mg-MOF-74 by as
much as 5 kJ ·mol-1. Compared to the dependence of the heats of adsorption
on the uptake seen for ZIF-8 (see Figure 4.10(b)), the opposite behavior is
observed. At loadings below 1 adsorbate per Mg site, a heat of adsorption
of approximately 42 kJ ·mol-1 is obtained for the MLP trained on PBE-MBD
reference data, in good agreement with experiments.64, 278, 279 At higher load-
ings, the heat of adsorption suddenly drops to around 26 kJ ·mol-1 due to the
full occupation of Mg interaction sites, as also observed experimentally. This
investigation demonstrates how, compared to UFF, a model which captures
the interaction energy with the framework and other adsorbates with high
accuracy can result in quantitative predictions of the adsorption properties
in an open-metal site containing MOF.

Evaluating a test set consisting of 50 snapshots extracted from each GCMC
simulation revealed a MAE on the energy of 0.41, 0.42 and 0.40 kJ ·mol-1

for PBE-D3(BJ), PBE-TS and PBE-MBD, respectively. This is significantly
higher than the test error for CO2 adsorption in ZIF-8, demonstrating how
‘learning’ the diverse adsorption environment in Mg-MOF-74 resulting from
high interaction energies on the Mg site and lower interaction energies
elsewhere in the framework can be more di�icult.

For additional insight in the adsorption behavior in the framework, as well as
di�erences between levels of theory, radial distribution functions (RDFs) of
the distances between the Mg site of the framework and adsorbate oxygen
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Figure 4.12: Radial distribution functions (RDFs) of magnesium–adsorbate
oxygen atoms computed from GCMC simulations of CO2 in
Mg-MOF-74 performed with MLPs trained on PBE-D3(BJ),
PBE-TS and PBE-MBD reference data. The full lines correspond
to RDFs computed from a loading of half an adsorbate per Mg
site, while the do�ed lines correspond to a loading of one and
a half adsorbates per Mg site.

atoms are computed, extracted from the performed GCMC calculations for
each of the three levels of theory. In Figure 4.12, the RDFs are shown for
framework loadings corresponding to both half (full lines) and one and a
half adsorbate per Mg site (do�ed lines). It is clear that adsorbates pref-
erentially adsorbate at the Mg site. At a loading of half an adsorbates per
Mg site, a significant peak occurs at a Mg–O distances of approximately
2.4 Å. A secondary more broad peak is seen between 4 and 5 Å, representing
interaction with a neighboring Mg site. Compared to this, the first peak is
significantly lowered at a framework loading of one and a half adsorbates per
Mg site, as at this loading all sites are occupied, with adsorbates occupying
the center of the pores, further away from the Mg sites. The di�erence
between simulations performed with MLPs trained on each of the three levels
of theory is minor. Only in the first peak, a slight shi� of approximately 0.05 Å
towards smaller distances is seen for PBE-MBD compared to the other levels
of theory. This is consistent with the larger heat of adsorption on the Mg site
obtained with PBE-MBD compared to PBE-D3(BJ) and PBE-TS, as seen from
Figure 4.11(b).

While the MLPs trained and applied in the previous Sections perform very
well, it would be a mistake to regard them in the same way as a classical
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force field which, once fi�ed, are generally assumed to perform well when
employed in materials with similar chemical environments; these possess a
degree of transferability. The situation is more complicated with MLPs.

4.2.3 Transferability - a cautionary tale

Given the MLP used to model CO2 adsorption in ZIF-8 from Section 4.2.1,
a computational scientist who is used to working with force fields could be
tempted to employ it to model CO2 adsorption in a set of similar MOFs in the
ZIF family. This approach is exemplified in most common force fields making
use of atom types. Parameters derived for atoms in certain chemical envi-
ronments are assumed to transfer well between di�erent systems containing
those environments. To investigate whether this concept of transferability
can be applied to non-covalent interactions in MOFs modeled by MLPs, let
us investigate how the MLP trained on CO2 adsorption in ZIF-8 (denoted
MLPZIF8) performs in other MOFs of the ZIF family: ZIF-3, ZIF-4 and ZIF-6.
These di�erent MOFs are shown in Figure 4.13(a). GCMC simulations of
CO2 in these ZIFs remained stable and showed no unphysical behavior.
The resulting adsorption isotherms and heats of adsorption are shown with
do�ed lines in Figure 4.13(c). The predicted heats of adsorption of all three
are comparable or lower than for ZIF-8. However, the uptakes in ZIF-3 and
ZIF-6 can be higher at the largest considered gas pressures. This di�erence
can be a�ributed to the di�ering pore structure between these frameworks.
Using a nitrogen probe, the probe-occupiable pore volume computed with
PoreBlazer280 of ZIF-3 and ZIF-6 are equal to 0.61 cm3 · g-1 and 0.80 cm3 · g-1,
compared to 0.22 cm3 · g-1 and 0.52 cm3 · g-1 for ZIF-4 and ZIF-8, correlating
with the maximum uptake in these frameworks. However, the test error
on the energies from snapshots extracted from GCMC simulation reveals a
problem.

As shown in Table 4.1, the mean errors (ME) and mean absolute errors (MAE)
are unacceptably high. Energies are consistently overestimated, leading to
underestimated heats of adsorption and uptakes. As comparison to this, a
single MLP was trained on 250 optimization trajectories in each of the four
ZIFs (denoted MLPZIF{3,4,6,8}). The predicted uptakes and heats of adsorption
using MLPZIF{3,4,6,8} (shown in full lines in Figure 4.13(c)) di�er significantly.
Most notably, the heat of adsorption in the low pressure regime for ZIF-4 in-
creases by almost 10 kJ ·mol-1. For ZIF-3, the adsorption behavior fundamen-
tally changes, displaying a minimum in the heats of adsorption at intermedi-
ate pressures, where this does not occur with MLPZIF8. Validating this newly
trained MLP by recomputing snapshots at the reference PBE-D3(BJ) level of
theory results in the MAEs and MEs summarized in Table 4.2. Interestingly,
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Figure 4.13: (a) Illustrations of ZIF-3, ZIF-4, ZIF-6 and ZIF-8. (b) An MLP
trained on optimizations in ZIF-8 is applied to perform GCMC
simulations in the other 3 ZIFs. (c) The uptake and heats of
adsorption as a function of the gas pressure obtained from
GCMC simulations obtained with both MLPZIF8 in do�ed lines
and MLPZIF{3,4,6,8} in full lines. (d) An MLP is trained on op-
timizations in all four ZIFs (MLPZIF{3,4,6,8}) and subsequently
applied to each.
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the MAE of MLPZIF{3,4,6,8} for ZIF-8 is similar than that of a MLPZIF8, trained
solely on 250 snapshots of guest-loaded ZIF-8 (equal to 0.31 kJ ·mol-1). This
demonstrates how learning di�erent adsorption behaviors across di�erent
MOFs is non-trivial. It suggests that no significant information of the inter-
molecular interactions is shared by training to di�erent ZIFs. Therefore, the
required dataset to train an MLP to a large set of MOFs would likely scale
linearly with the number of MOFs in the dataset. Only when very similar
adsorption environments would be encountered between di�erent MOFs in
the dataset should this scaling decrease.

Table 4.1: Mean errors (ME) and mean absolute errors (MAE) of guest-
loaded snapshots in ZIF-3, ZIF-4 and ZIF-6 extracted from GCMC
simulations performed with an MLP trained on guest loadings in
ZIF-8.

ME [kJ ·mol-1] MAE [kJ ·mol-1]
ZIF-3 2.29 2.38
ZIF-4 8.26 8.27
ZIF-6 0.52 0.97

Table 4.2: Mean errors (ME) and mean absolute errors (MAE) of guest-
loaded snapshots in ZIF-3, ZIF-4, ZIF-6 and ZIF-8 extracted from
GCMC simulations performed with an MLP trained on guest-
loadings in all four ZIFs.

ME [kJ ·mol-1] MAE [kJ ·mol-1]
ZIF-3 -0.33 0.40
ZIF-4 0.21 0.39
ZIF-6 0.05 0.32
ZIF-8 -0.22 0.32

However, the issue of transferability is even more nuanced than certain errors
on a test set, as a relatively acceptable MAE on the energy (as seen for ZIF-6
in Table 4.1) can deceptively hide further problems. Even with a MAE of
0.97 kJ ·mol-1, the di�erence between heats of adsorption shown in Figure
4.13(c) for this ZIF using both MLPs is consistently higher than 4 kJ ·mol-1.
The reason for this discrepancy is the content of the test set. Due to the
lacking ability of MLPZIF8 to recognize the favorable adsorption locations in
the ZIF-6 framework, the test set does not include these locations. Therefore,
the test error is deceptively low, while the actual error at these sites is signifi-
cantly higher. Only when explicitly training an MLP to reference data which
includes these important sites is this failure alleviated. To validate whether
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Figure 4.14: Di�erence between the MLPZIF{3,4,6,8} and reference PBE-D3(BJ)
heats of adsorption for all four ZIFs. MLP results are obtained
from 106 Widom insertions, and the reference heats of ad-
sorption are obtained from recomputing importance sampled
configurations from the MLP insertions. Convergence with
respect to the number of recomputed snapshots Nimportance is
shown for Nimportance between 50 and 2000.

this statements holds true, it is possible to compute the heats of adsorption
at infinite dilution at the reference PBE-D3(BJ) level of theory by means of an
importance sampling approach. First, a set of 106 random insertions in each
of the ZIFs are constructed for which the MLPZIF{3,4,6,8} interaction energies
are computed. Subsequently, in accordance with the procedure proposed by
Vandenbrande et al.,268 a set of Nimportance insertions are extracted from this
wider set with a probability proportional to a Boltzmann factor. Recomputing
those Nimportance snapshots, the heats of adsorption at the reference level of
theory can be obtained from the following Equation

Qst =
〈∆Ue−β(∆U−∆Ũ)〉
〈e−β(∆U−∆Ũ)〉

(4.21)

with ∆Ũ and ∆U the interaction energies computed with the MLP and
PBE-D3(BJ), respectively, β = 1/kBT and the ensemble average a canonical
average over the MLP energies. In case the MLP accurately reproduces
the reference PES, only a limited number of insertions Nimportance are re-
quired, keeping the computational cost for this procedure manageable. In
Figure 4.14, the di�erence between the MLP and PBE-D3(BJ) importance
sampled heats of adsorption obtained in this manner are shown. With
Nimportance = 1000, convergence within 0.10 kJ ·mol-1 is obtained. As can be
seen, the MLP heats of adsorption compare well to those computed from
importance sampled PBE-D3(BJ) insertions. As can be seen, the heats of
adsorption obtained with MLPZIF{3,4,6,8} compare well to those computed from
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importance sampled PBE-D3(BJ) insertions. For all four ZIFs, the error on the
predicted heats of adsorption are lower than 0.20 kJ ·mol-1, further validating
the derived MLP.

This investigation into transferability highlights how even seemingly well-
performing MLPs can fail in unforeseen ways when sampling parts of the
PES on which it was not adequately trained. Such failures might also be
subtly hidden when performing validations of snapshots from the performed
GCMC simulations with the reference level of theory. While these failures
can be detected by validation on optimizations performed at the reference
DFT level of theory, this implies additional computationally demanding cal-
culations.

However, the results obtained in Sections 4.2.1 and 4.2.2 clearly demonstrate
the power of MLPs. By training on a limited set of DFT reference data, a ‘best
of both worlds’ compromise is made between the accuracy of DFT and the
computational e�iciency of force fields, unlocking the potential for routine
GCMC simulations at DFT accuracy. Moreover, it could be employed as a
tool to benchmark computationally cheaper classical force fields where ex-
perimental reference data is not available. The proposed methodology is also
generally applicable to nanoporous materials, not only to model adsorption in
MOFs, but also other materials such as covalent organic frameworks (COFs),
zeolites or graphene derivatives. It therefore holds clear promise to aid future
accurate computational screening studies of adsorption in a wide range of
nanoporous materials.

4.3 Modeling reactive events with machine learn-
ing potentials

In the preceding discussions, the term adsorption was purposefully conflated
with physisorption, in which the electronic structure of the adsorbates is not
strongly perturbed upon adsorption. However, a much more challenging case
is that of chemisorption, in which chemical bonds can be formed and broken.
A prototypical example involving chemisorption is heterogeneous catalysis
in zeolites in which a reactant chemisorbs at an active site on the catalyst
surface. Characterizing such processes through MD or MC simulations has
traditionally been challenging due to the required accuracy of the description
of the PES, as well as the length of the involved time scales. As chemisorption
is associated with an activation barrier, unbiased simulation will only rarely
sample the transition state between the reactant and product state. Secondly,
as bond formation or breaking occurs, adequate generally applicable force
field parameterizations of the PES are severely lacking. While reactive force
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fields such as ReaxFF281, 282 exist, they require manual fi�ing to the system
at hand, usually involving expert knowledge. On the other hand, performing
DFT calculations for the required number of iterations to converge MC or
MD simulations is computationally extremely demanding. Again, the use of
MLPs presents itself as an ideal compromise between the accuracy of DFT
and the computational e�iciency of force fields. In Paper V, the feasibility
of modeling reactive events with MLPs was investigated by applying it to
an archetypal proton-transfer reaction in the H-CHA zeolite. In this zeolite
composed of SiO4 tetrahedra, a fraction of the Si4+ ions is substituted by
Al3+ together with a charge-compensating proton on one of the oxygens in
the first coordination sphere of the Al substitution, as shown schematically
in Figure 4.15(a) and 4.15(b). The charge compensating proton is however not
confined to a specific oxygen in the Al tetrahedron, but can jump from one
to the other, commonly known as the ‘proton hopping’ reaction. Although
it is one of the most fundamental activated events in zeolite chemistry, its
accurate computational characterization has been challenging due to the
existence of nuclear quantum e�ects (NQEs). For the lightest nuclei such
as hydrogen, a classical description of the nuclei moving on the underlying
PES is known to break down, as the e�ect of NQEs becomes non-negligible.
While techniques such as path integral molecular dynamics (PIMD) exist to
model the quantum behavior of nuclei, it makes use of a number of replicas of
the system. This results in an increase of the computational cost of typically
more than an order of magnitude, precluding its common use in combination
with DFT. However, the use of a computationally e�icient MLP enables such
simulations.

The computational workflow followed in Paper V is summarized in Fig-
ure 4.15(c). First, training data for all six hoppings between the four oxygens
was obtained as training data for the MLP. For each hopping, a collective
variable (CV) was defined to distinguish between the product and reactant
states. Employing these CVs, a set of umbrella sampling (US) simulations
were performed in which a quadratic bias potential is applied along certain
values of the CVs. In this way, the whole transition path from one oxygen
to another is sampled, overcoming the ine�icient sampling of the transition
state associated with unbiased MD simulations. Solely high temperature
(873 K) classical DFT simulations with the 1H isotope of hydrogen were
performed in the gathering of training data, as these sample all regions of
the PES encountered in classical MD and PIMD simulations at all considered
temperatures between 273 K and 873 K for both isotopes of hydrogen (as
verified a posteriori from validations of the MLP (PI)MD simulations).

With the extracted snapshots as training data, an MLP was trained to a vali-
dation error of 41.9 meV/Å on the forces using SchNetPack189. Subsequently,
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Figure 4.15: (a) Schematic depiction of the hopping reaction. (b) Part of
the H-CHA unit cell with the conventional nomenclature of the
oxygen atoms in the first coordination sphere of the Al defect.
(c) Representation of the computational strategy. First the PES
is sampled with high temperature classical DFT simulations,
a�er which an MLP is trained on the extracted snapshots. With
the computational speedup enabled by the MLP, both classical
as well as path-integral MD simulations were performed at a
range of temperatures, with both 1H and 2H isotopes of hydro-
gen.
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Figure 4.16: Comparison between the free energy barriers of the 2–3 hop-
ping at 273 K and 573 K obtained with DFT US simulations
(blue) and MLP US simulations (orange). The collective variable
q is equal to the di�erence in coordination numbers (CN) of the
proton with each of the oxygens.

owing to its computational e�iciency, a large set of both classical MD and
PIMD US simulations were performed at temperatures between 273 K and
873 K for both the 1H and 2H isotopes of hydrogen. As a demonstration
that the MLP can indeed reproduce the classical DFT free energy profiles at
temperatures other than 873 K at which the training data was gathered, an
explicit comparison between both is given in Figure 4.16 for the 2–3 hopping
of a proton at 273 K and 573 K, showing good agreement. Furthermore, the
obtained free energy barriers were used to compute the kinetic rate constants
for all six hoppings and were combined to a total overall hopping rate per
second as a function of temperature. This was repeated for three separate
cases; one in which an 1H isotope is described classically, one in which NQEs
are included and one in which an 2H isotope is considered, including NQEs.
All three are shown in an Arrhenius plot in Figure 4.17(a) in orange, green
and purple, respectively. Activation energies were also computed from a best
fit of the slope. An inclusion of NQEs is observed to significantly decrease
the activation energy of the proton hopping reaction from 67.1 kJ ·mol-1 to
55.8 kJ ·mol-1. The e�ect on the resulting speedup of the hopping reaction
as a function of temperature is shown in Figure 4.17(b). As expected, the
largest speedup is observed at the lowest temperatures, up to a factor of 65 at
273 K. While most zeolite-catalyzed reactions occur at elevated temperatures,
our results indicate that an inclusion of NQEs is likely even important for
reactions such as the aqueous cyclohexanol dehydration in H-Beta zeolite
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Figure 4.17: (a) Arrhenius plot of the total hopping rate of the 1H isotope
treated classically (orange) and with NQEs included (green) and
the hopping rate of the 2H isotope including NQEs (purple).
Activation energies were extracted from the slope of a best fit
through the data points. (b) The increase in hopping rates
of the 1H isotope from an inclusion of NQEs as a function of
temperature. (c) The predicted kinetic isotope e�ect, defined
as the ratio between the hopping rate of an 1H isotope and an
2H isotope.

at temperatures around 400 K, or the oxidation of methane to methanol in
copper-loaded zeolites carried out at around 473 K.283, 284

While the di�erence between a classical and NQE-included treatment of
proton-transfer reactions cannot be explicitly experimentally verified (a ‘clas-
sical’ proton does not exist), the di�erence in hopping rate between 1H and
the heavier 2H isotope can in principle be probed by experiment. This e�ect,
originating from both the altering of vibrational energy levels and tunneling,
is commonly referred to as the kinetic isotope e�ect (KIE), and is shown in
Figure 4.17(c). The computed ratio between both reaction rates varies from
3.1 at 273 K to 1.4 at 873 K. While no explicit experimental a�empts have been
made so far to measure the KIE for proton hopping in zeolites, the results are
in line with theoretical considerations.285

These results demonstrate both the feasibility and exceeding added value
of employing MLPs in describing reactive events, with applications both in
catalysis as well as the characterization of chemisorption. By gathering high-
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temperature classical DFT training data, a well-trained MLP unlocks the
possibility of performing simulations at a wide range of di�erent temper-
atures, including nuclear quantum e�ects, thereby strongly expanding the
scope of the extracted information. MLPs can therefore be conceptualized
as a ‘force amplification’ tool. An untrained MLP by itself does not provide
any value. However, a limited set of DFT evaluations can be used to train
it to ‘mimic’ the reference data at a vastly reduced computational cost. It
therefore strongly amplifies the reach of that set of training data, enabling
a whole set of new simulation tools. The future use of MLPs in molecular
modeling can therefore be expected to grow quickly, likely becoming an
important tool in most molecular modeler’s toolboxes.



5
Conclusions and Perspectives

There is no real ending.
It’s just the place where you stop the story

Frank Herbert (1920-1986)

5.1 Conclusions

Research interest in metal-organic frameworks has unequivocally flourished
in the last few decades. MOFs are built up from interchangeable building
units (metal-oxides and organic linkers), enabling them to be endlessly tuned
for specific applications. They can be ‘rationally designed’; with a target
application in mind, the building units of a MOF can be selected for optimal
performance. This promise of a diverse class of materials that can act as
a platform for all desired gas adsorption and separation applications has,
however, lead to a degree of ‘cheerleading’ from scientists. While the concept
of rational design sounds very promising, fulfilling it is highly non-trivial.
It requires detailed knowledge on the interplay between their mechanical,
thermal, adsorption and separation properties, as well as how combinations
of building units give rise to these properties; a daunting task. Moreover,
designing MOFs that remain stable under exposure to water vapor and acid
gases as would be encountered in post-combustion flue gases is far from
trivial.286–290 Therefore, to fulfill the promise of rational design, accurate
and reliable computational tools are required for predictive simulations of
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adsorption in MOFs. This work has aimed to contribute in sharpening these
tools, approaching this task from two di�erent angles.

A first important requirement for accurately modeling of adsorption in
MOFs at operating conditions, explored in Chapter 3, is the computational
sampling scheme that couples the MOF framework to the surrounding gas
reservoir. While GCMC simulations have become the standard computa-
tional workhorse for this task, they neglect the framework flexibility that
is inherent to many MOFs. To properly model phenomena like adsorption-
induced phase transitions, which can be associated with large structural
deformations, it is vital to include the flexibility of the host adsorbent in a
simulation algorithm.

In Section 3.1, di�erent computational sampling schemes combining Monte
Carlo moves with molecular dynamics simulations are applied to model noble
gas, methane and carbon dioxide adsorption in MIL-53(Al). Comparing the
merits of these schemes, a new sampling scheme making use of volume-
constrained molecular dynamics simulations is proposed in Paper I. With
this new scheme, the relative stability of di�erent phases of MIL-53(Al)
under guest adsorption could be quantitatively predicted, demonstrating
under what conditions xenon, methane and carbon dioxide can trigger phase
transitions. In Section 3.2 and Paper II, this newly proposed scheme was
applied to counter-intuitive phenomenon of negative gas adsorption (NGA)
in DUT-49(Cu). In this MOF, a phase transition from the metastable large
pore phase to the stable closed pore phase at a temperature of 120 K is
associated with a sudden release of methane adsorbates from the framework.
While previous research had highlighted how the relative stability of both
phases could be altered by guest adsorption, the mechanism delaying the
large pore to closed pore phase transition past the gas pressure at which the
large pore remains stable was not fully understood yet. From the application
of our computational scheme, we demonstrated how the system can remain
kinetically trapped in the large pore phase, accurately reproducing the ex-
perimentally observed NGA step. Moreover, performing simulations at 90 K
and 150 K revealed the underlying reasons why the NGA phenomenon only
occurs in a small temperature window. These investigations demonstrate
how modeling adsorption with sampling schemes that include framework
flexibility can yield quantitative predictions of the relative stability of these
materials at operating conditions, opening up their utility to the wider field
of adsorption research in MOFs.

In Chapter 3, computational sampling schemes were applied to MIL-53(Al)
and DUT-49(Cu) in which the guest-host interactions giving rise to adsorp-
tion could be satisfactorily captured by classical force fields. However, for
many more strongly interacting adsorbates and MOFs containing open-
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metal sites, the accuracy of such force fields can break down. To ensure wide
applicability of these sampling schemes, more advanced methods to capture
the host-guest interactions are clearly needed, as discussed in Chapter 4.
To this end, two vastly di�erent routes were explored, the ‘physics’ and
the ‘data’ approach. In the first, as much physical insight as possible is
incorporated in the interaction potentials. Herein, as li�le empirical fi�ing
parameters as possible are used, generally leading to potentials which trans-
fer well across a wide range of interactions. The second approach represents
the polar opposite of the first. Herein, (almost) no physical insight is built
into the interaction potentials. Instead, a large amount of reference (usually
DFT or wavefunction-based) data is used to fit these potentials.

The ‘physics’ approach was discussed in Section 4.1 and Paper III. Herein,
a transferable polarizable force field was developed which aims to model
electronic polarization of adsorbates with a single transferable parameter.
Benchmarking its reproduction of the dipole polarizabilities of a large set
of molecules, we demonstrated how including the commonly neglected ex-
change interaction significantly improves the model’s performance. More-
over, three, four and five-body interaction energies of water clusters could
be reproduced with an accuracy equal or superior to common force fields
which are explicitly fi�ed to water. Also including the polarization model
in a complete non-covalent force field (coined PMEDFF), a performance
competitive or superior to common literature force fields is observed on dimer
interaction energies, even without fi�ing to any interaction energies of the
dimers under study. While these initial results are promising, the embedding
of a polarization model in a complete non-covalent force field is challenging
due to the need to carefully balance the separate interaction potentials.
While the polarization model developed in this work appears to improve on
the accuracy of previous models, such a statement can only be convincingly
proven from a comparison of total intermolecular interaction energies which
include other interactions, obscuring our model’s performance. In this re-
spect, future research into the atomic anisotropy of the exchange-repulsion
interaction holds promise to significantly improve our model.

A di�erent approach to model host-guest interactions in MOFs has been
enabled by the recent development of accurate and data-e�icient machine
learning potentials (MLPs). In this ‘data’ approach discussed in Section 4.2
and Paper IV, MLPs were trained on rigid-body DFT optimizations of CO2

adsorbates in MOFs. Excellent reproduction of the experimental isotherms
and heats of adsorption was demonstrated for ZIF-8 and the open-metal
site containing Mg-MOF-74. However, for Mg-MOF-74, this performance
was contingent on the proper choice of dispersion correction used in the
construction of the training set. Lastly, poor transferability was observed
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when applying the potential trained on ZIF-8 to other ZIFs. It was shown
how significantly deviating adsorption isotherms and heats of adsorption
can be obtained, even when performing satisfactorily on a test set. Only
by training on all of the considered ZIFs, accurate results were obtained.
This investigation showed how subtle errors can crop up when employing
MLPs in adsorption simulations, highlighting the di�erence between em-
pirical force fields and MLPs. While empirical force fields are limited in
their accuracy, they o�en (are assumed to) transfer moderately well across
di�erent intermolecular interactions. On the other hand, the lack of physical
insight in MLPs can lead to surprising failures when applied to adsorption
environments only slightly di�erent than those it was trained on. This
apparent trade-o� between accuracy and transferability will lead us into the
perspectives for future research.

A important limitation of classical force fields is their di�iculty in describing
reactive events. Contrary to this, MLPs have no such inherent limitation.
As a demonstration for this flexibility, an MLP was trained and employed
to model a prototypical activated process in zeolites, namely the hopping of
a proton between oxygens in the first coordination sphere of an Al substi-
tution. As described in Section 4.3 and Paper V, training an MLP on high-
temperature DFT umbrella sampling simulations allowed for an otherwise
computationally excessively demanding path-integral MD characterization
of the proton hopping reaction. Due to the reduced computational cost of
the MLP compared to DFT simulations, the full temperature-dependence as
well as the kinetic isotope e�ects (the di�erent 1H and 2H isotope behavior)
could be simulated. This use-case of characterizing a reactive event clearly
demonstrates the ‘force amplification’ of MLPs in conjunction with standard
DFT calculations. From a limited set of DFT evaluations, simulations can
be performed at orders of magnitude lower cost, unlocking a vast suite of
existing computational tools to physics and chemistry.

5.2 Perspectives

At the end of a doctoral thesis, a moment of self-reflection seems appropriate.
What has yielded surprisingly good results, and what didn’t work at all? How
do we, as computational physicists, fulfill the promise of reliable, quantitative
predictions of material properties? And which further developments are
needed to bring us there? I will a�empt to give a short personal view on
this within the scope of adsorption in nanoporous materials, as illustrated in
Figure 5.1.
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Figure 5.1: A perspective on the envisaged strides towards more accurate
structural and interaction models for adsorption in MOFs, as ex-
emplified for a wine rack-type MOF such as MIL-53(Al). Repre-
sentative structural models should include both short and long-
range defects and disorder encountered in MOFs. On the in-
teraction side, the leap from a force field to short-range MLP de-
scription can be extended towards long-range interactions. From
a prediction of physical interaction parameters (e.g. charges for
electrostatics) these interactions can be fully captured.
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The computational sampling schemes explored in Chapter 3 were consis-
tently applied to perfectly crystalline, infinitely repeating single units cells
which were assumed to be representative for the experimentally synthesized
materials. However, there are plenty of indications that discrepancies exists
between these idealized and the real materials. One of these is that infinitely
repeating materials don’t seem to exist. The finite crystal size of MOFs can
have important implications. For example, reducing the DUT-49(Cu) crystal
size below 1-2 µm can fully suppress the NGA transition observed for larger
crystals.291 To capture e�ects on these types of length scales, simulations con-
taining on the order of 105 unit cells or 108 atoms would be required. While
not inconceivable in the near term, MC/MD simulations on this scale would
require carefully optimized implementations in high-performance codes such
as LAMMPS or GROMACS, as well as generous allocations on petascale
supercomputers.292, 293 In the same vein, computational investigations of the
e�ect of material defects on adsorption properties would benefit from such
large-scale simulation tools, as defects can be introduced in materials at
realistic concentrations.

On the potential energy side of the story, MLPs trained on DFT or
wavefunction-based reference data clearly have a lot of promise. As shown
in this work, highly accurate adsorption isotherms (of rigid frameworks)
can be obtained with MLPs. The obvious next step forwards lies in the
extending this work to incorporate the flexibility of the host framework in
adsorption simulations. In this way, the developments discussed in Section
3 and Section 4 can be merged. However, this does not necessarily imply
that classical force fields will be abandoned in favor of MLPs. As seen
before, MLPs su�er from a lacking description of the long-range interac-
tions (electrostatics, polarization, dispersion) between adsorbates and the
host framework, limiting their degree of transferability. An integration of
physically inspired interaction potentials with MLPs could alleviate this. As
these interaction potentials (either with trained or empirical parameters)
can generally capture long-range interactions quite well, their integration
with MLPs would combine both their strong points; an accurate MLP de-
scription of short-range interactions combined with force field long-range
interactions. In his review on the developments of MLPs, Behler coined this
as a third generation of MLPs, improving upon the purely short-range MLPs
of the second generation.294 As shown on the right of Figure 5.1, additional
to atomic energies, interaction parameters such as atomic charges can be
predicted from the local environment. With these charges, a supplemental
long-range classical electrostatic interaction is added to the total energy.
While an improvement on the second generation of short-range MLPs, this
approach is still limited by the local dependence of the atomic charges, failing



Conclusions and Perspectives 105

to capture nonlocal interaction that aren’t (e�iciently) captured by an MLP.
In fourth-generation MLPs, global charge redistribution can be captured,
for example by incorporation of a charge equilibration method. In this
approach, local atomic electronegativities are predicted by the network.295

Subsequently, the charge density of the system is determined by minimizing
the electrostatic energy, allowing for long-range charge transfer. However,
charge equilibration methods can su�er from erroneous predictions of the
dipole polarizability scaling with system size, as well as assigning fractional
charges to separated molecules.180, 296, 297 Therefore, the development of our
polarization model could be well-situated to fit in this fourth generation
of MLPs. Local atomic polarizabilities could be predicted by the network,
and employed in the interaction potential developed in Section 4.1. In any
case, recent progress is undoubtedly bringing us ever closer to fulfilling the
true promise of computational physics; an accurate and reliable in silico
characterization of all material’s properties your heart could ever desire.
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Modeling Gas Adsorption in Flexible Metal–Organic
Frameworks via Hybrid Monte Carlo/Molecular Dynamics
Schemes

Sven M. J. Rogge, Ruben Goeminne, Ruben Demuynck, Juan José Gutiérrez-Sevillano,
Steven Vandenbrande, Louis Vanduyfhuys, Michel Waroquier, Toon Verstraelen,
and Veronique Van Speybroeck*

Herein, a hybrid Monte Carlo (MC)/molecular dynamics (MD) simulation
protocol that properly accounts for the extraordinary structural flexibility of
metal–organic frameworks (MOFs) is developed and validated. This is vital to
accurately predict gas adsorption isotherms and guest-induced flexibility of
these materials. First, the performance of three recent models to predict
adsorption isotherms and flexibility in MOFs is critically investigated. While
these methods succeed in providing qualitative insight in the gas adsorption
process in MOFs, their accuracy remains limited as the intrinsic flexibility of
these materials is very hard to account for. To overcome this challenge, a
hybrid MC/MD simulation protocol that is specifically designed to handle the
flexibility of the adsorbent, including the shape flexibility, is introduced,
thereby unifying the strengths of the previous models. It is demonstrated that
the application of this new protocol to the adsorption of neon, argon, xenon,
methane, and carbon dioxide in MIL-53(Al), a prototypical flexible MOF,
substantially decreases the inaccuracy of the obtained adsorption isotherms
and predicted guest-induced flexibility. As a result, this method is ideally
suited to rationalize the adsorption performance of flexible nanoporous
materials at the molecular level, paving the way for the conscious design of
MOFs as industrial adsorbents.

1. Introduction

Whether for the storage of natural gas[1–3] or hydrogen gas[3–5] in
fuel cells, the capture of greenhouse gases,[3,6] or the capture and
destruction of chemical warfare agents,[3,7] the rational design
of new generation materials for adsorption applications requires
adsorbents exhibiting a well-defined structural nanoporosity, a
large internal surface area, and a high degree of tunability. In this
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respect, fewmaterials can compete with the
widespread attention metal–organic frame-
works (MOFs) have drawn in the past three
decades.[8–10] Composed of inorganic metal-
oxide building blocks and organic ligands
connected through relatively weak coordi-
nation bonds, MOFs form scaffold-like ma-
terials that usually exhibit a permanent
nanoporosity.[11–13] Based on the concept
of isoreticular synthesis, this porosity can
moreover be modified by the incorporation
of specific chemical functionalities into the
material, either during synthesis or post-
synthetically, without altering the underly-
ing topology of the framework.[14,15] As a
result of this tuneable and structural poros-
ity, MOFs have been put forward as in-
teresting platforms for gas and liquid
adsorption with unprecedented storage and
separation performances.[3,16–18] However,
to enable the rational design and indus-
trialization of MOFs as adsorbents, it is
imperative to understand the fundamental
interplay between the adsorbates and the
host material that gives rise to this attractive

behavior.[19] Given the challenges in the experimental character-
ization of adsorption in MOFs as well as the enormous amount
of synthesized and hypothetical MOFs to be explored,[20] the
development of computational techniques to reliably predict
the adsorption performance of these materials is crucial as a
complementary tool to experimental research.[21–24] Therefore,
we introduce in this article a hybrid simulation protocol to
predict adsorption isotherms for flexible MOFs with a substan-
tial increase in accuracy compared to current state-of-the-art
protocols. The key of this new model relies in the fact that both
the gas adsorption process as well as the flexibility of the MOF,
especially its shape, are properly taken into account.
From a computational point of view, modeling adsorption in

MOFs is not a trivial task.[24–28] Owing to the open structures of
these materials and the relatively weak coordination bonds be-
tween their organic and inorganic building blocks, most MOFs
exhibit a degree of structural flexibility exceeding that of conven-
tional materials. In particular, the subclass of the so-called flexi-
ble MOFs or soft porous crystals (SPCs) exhibits large-amplitude
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Figure 1. The closed-pore (cp), narrow-pore (np), and large-pore (lp) phases of MIL-53(Al) as encountered during CO2 adsorption.

structural changes upon external stimuli such as pressure, guest
adsorption, temperature, or light absorption.[22,29,30] While these
structural changes may be local, for example, the gate opening
observed in ZIF-8,[31] many flexible MOFs undergo large collec-
tive deformations upon external stimuli, such as the swelling in
MIL-88[32,33] and the breathing in the MIL-53 family.[34] For in-
stance, the typical wine-rack topology in MIL-53(Al), composed
of parallel aluminum hydroxide [Al(OH)]∞ chains connected
through 1,4–benzenedicarboxylate (BDC) ligands, endows this
material with the topological freedom to undergo phase transi-
tions between a large-pore (lp) and a closed-pore (cp) phase un-
der the influence of temperature and pressure changes.[35,36] Fur-
thermore, a narrow-pore (np) phase with an intermediate volume
can be reached upon gas adsorption (see Figure 1).[34] To correctly
model this flexibility and the corresponding activated phase tran-
sitions in MOFs, the development of sampling protocols specifi-
cally targeting the MOF’s flexibility is a prerequisite.[37,38]

In this respect, some of us recently introduced a thermody-
namic simulation protocol to model the mechanical stability of
this challenging class of materials at operando conditions of tem-
perature and pressure.[37,39] This simulation protocol relies on
the observation that the unit cell volume V plays a vital role in
distinguishing between the different phases in the majority of
flexible MOFs and that their extraordinary flexibility limits the
applicability of regular isothermal–isobaric molecular dynamics
(MD) simulations, carried out in the (Nhost, Nguest, P, �a = 0, T )
ensemble.[37,39] Therefore, we proposed an alternative sampling
technique in which the so-called pressure-versus-volume equa-
tions of state of these materials are constructed in the dedicated
(Nhost, Nguest,V, �a = 0, T ) ensemble. In this last ensemble, the
unit cell volume V rather than the pressure P is controlled
next to the deviatoric stress �a = 0, while still ensuring that the
framework flexibility associated with the cell shape h0 is fully
taken into account (see Figure 2b).[37,40] These pressure-versus-
volume equations of state were observed to provide valuable mi-
croscopic insight into the mechanical stability of a variety of flex-
ible MOFs, including MIL-53(Al),[19,37,38,40] DUT-49(Cu),[40,41] and
DMOF-1(Zn).[19]

In a similar vein, several sampling techniques to model ad-
sorption isotherms and adsorption-induced phase transitions in
these flexible materials have been introduced,[19,42–47] which all
rely on a sequence of Monte Carlo (MC) and/or MD simulation
steps, as indicated in Figure 2. On the one hand, grand canoni-
cal MC (GCMC) trial moves are attractive as they allow not only
to translate and rotate the adsorbates, but also to model adsorp-
tion by exchanging guest species between the adsorbent and an

external reservoir, as indicated in Figure 2a.[24,47] However, as the
adsorbent is assumed to remain rigid during this GCMC step,
GCMC simulations are limited by the flexibility exhibited by the
studied material.[48] On the other hand, MDmoves such as those
depicted in Figure 2b integrate the equations of motion for the
guest-loaded framework as a whole, directly sampling the flexi-
bility of the material. While these MD moves have attracted re-
cent interest to extensively sample the flexibility in MOFs,[19,37,38]

the number of adsorbed particles remains unchanged during this
MD step such that adsorption isotherms cannot be directly ex-
tracted from these simulations.
Therefore, one usually adopts a well-chosen simulation proto-

col that combines these differentMC andMD simulation steps to
investigate gas adsorption in flexible materials. In the literature,
three distinct simulation protocols prevail, which are schemati-
cally depicted as Schemes 1 to 3 in Figure 3a–c. A first scheme
is based on conventional GCMC simulations, which were tradi-
tionally employed to model gas adsorption in rigid porous ma-
terials but neglect the potential flexibility of the material.[24,47]

This shortcoming is partially addressed in Scheme 2, a hybrid
MC/MD procedure in which the GCMC simulations are sequen-
tially followed by short MD runs.[42–44] This allows the framework
to deform under guest adsorption, and was successfully adopted
to predict the structural transformations of MIL-53(Cr) under
CO2 adsorption.[49] However, the method may be expected to fail
when encountering high free energy barriers between the differ-
ent metastable states of the host material, such as for the flexible
MIL-53(Al). Finally, a third scheme was recently introduced by
some of the present authors, and consists of MD simulations in
the (Nhost, Nguest,V, �a = 0, T ) ensemble, fixing the unit cell vol-
ume but allowing the cell shape to fluctuate.[19,37] The pressure-
versus-volume equations of state obtained within this scheme
can be integrated to obtain free energy profiles, which enables
one to examine the evolution of the various (meta)stable states
as a function of the varying guest loading. However, this method
has until now not been adopted in a hybrid MC/MD simulation
protocol and it is therefore unclear whether it may be used to fur-
ther increase the accuracy of the obtained adsorption isotherms.
In this article, we therefore introduce a new hybrid MC/MD

simulation protocol combining MC steps with MD trajecto-
ries in the (Nhost, Nguest,V, �a = 0, T ) ensemble (Scheme 4 in
Figure 3d), which is specifically designed to handle flexible adsor-
bents. The performance of this newly developed hybrid MC/MD
scheme to predict gas adsorption isotherms in flexible adsor-
bents such as MOFs and associated adsorption-induced phase
transitions is critically assessed and compared to current
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Figure 2. a) Monte Carlo (orange) and b) molecular dynamics (blue) simulation steps adopted to sample guest adsorption in flexible materials. For the
MD steps, a distinction is made between steps that preserve the unit cell volume (dark blue) and those that affect the unit cell volume (light blue).

state-of-the-art simulation protocols embedded in Schemes 1–3
of Figure 3a–c. Its applicability is illustrated by modeling the
adsorption of the noble gases neon, argon, and xenon, as well
as methane and carbon dioxide, in the flexible MIL-53(Al). This
choice of adsorbates is motivated by the experimentally ob-
served breathing of MIL-53(Al) under the influence of xenon,[50]

methane,[51] and carbon dioxide.[51,52] A critical comparison of
the four schemes highlights the superior performance of the
newly introduced scheme. As a result, this newly derived scheme
is ideally suited for the further computational exploration of
flexible MOFs as interesting adsorbents for a variety of gas
adsorption applications.

2. Hybrid Monte Carlo/Molecular Dynamics
Schemes

The four simulation protocols discussed in this article are
schematically outlined in Figure 3. Before comparing their
performance in the prediction of adsorption isotherms and
adsorption-induced flexibility of the host material, the theory
underlying these methods is briefly summarized here. In this
discussion, we adopt the notation introduced in ref. [37] to
uniquely define the different thermodynamic ensembles for flex-
ible framework materials such as MOFs. In this notation, the
external stress � is split into an isotropic component, the pres-
sure P = Tr(�)/3, and an anisotropic component, the deviatoric
stress �a = � − P1. Likewise, the full cell matrix h, containing
the three cell vectors defining the periodic boundary conditions,
is factorized into the cell volume V = det(h) and the cell shape
h0 such that h = V 1/3h0.

2.1. Scheme 1: GCMC Simulations with a Rigid Unit Cell in the
Restricted Osmotic Ensemble

The first scheme, depicted in Figure 3a, finds its roots in con-
ventional GCMC simulations. These simulations, carried out
in the (Nhost, �,V,h0, T ) ensemble, were traditionally employed

to model gas adsorption in rigid porous media such as rigid
MOFs at a given chemical potential � and temperature T .[24,47] To
also simulate flexible materials, exhibiting multiple (meta)stable
states, this original protocol was embedded into Scheme 1, in
which a series of these GCMC simulations are performed in
parallel for a limited set of different adsorbed configurations
(see Figure 3a).[45] For many flexible materials, such as MIL-
53(Al), these configurations can be defined by the unit cell vol-
ume of the material. As indicated in Figure 3a, Scheme 1 gives
rise to adsorption isotherms in the so-called restricted osmotic
ensemble.[21,45,46] As the cell shape h0 is kept fixed during these
simulations, these isotherms will be referred to as rigid-host
isotherms Nguest(Nhost, �,h0, T ;V ). These rigid-host isotherms
can afterward be transformed toward the osmotic potential by
thermodynamic integration of the isotherms with respect to the
chemical potential:

�(Nhost, p,h0, T ;V )

= Fhost(Nhost, T ;V )+ pV −
∫ �(p,T )

−∞
Nguest(Nhost, �′,h0, T ;V )d�′

(1)

A similar procedure was followed in the derivation of the
OFAST model by Coudert and co-workers.[21,45,46] From this os-
motic potential, the (meta)stable phases of the system at a given
temperature and gas pressure as well as its adsorption capacity
can be extracted (see Figure 3a).[21]

2.2. Scheme 2: Hybrid MC/MD Simulations in the Osmotic
Ensemble

In the second scheme, depicted in Figure 3b, the osmotic
or (Nhost, �, P, �a = 0, T ) ensemble is sampled.[42–44] In this
thermodynamic ensemble,[53] not only the number of adsorbed
guest molecules may vary during the simulation, as in Scheme 1,
but also the framework is allowed to deform under guest adsorp-
tion and external stress � = P1+ �a . To sample the osmotic
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Figure 3. Schematic overview of the different combinations ofMD andMC building blocks of Figure 2 that lead to the four simulation schemes discussed
in this work and the thermodynamic information that can be extracted from them.
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ensemble, a hybrid MC/MD procedure is considered, depicted
schematically in Figure 3b. Besides the translation, rotation,
insertion, and deletion of the guest molecules considered in
the GCMC steps (orange arrows in Figure 3b), which are again
carried out in the (Nhost, �,V,h0, T ) ensemble, also short MD
simulations in which the guest–host system is propagated in
time according to the (Nhost, Nguest, P = p, �a = 0, T ) ensemble
(light blue arrows in Figure 3b) are considered as MC trial
moves in this hybrid scheme.[42–44] Here, the external pressure
P is controlled to equal the gas pressure p, which is related to
the chemical potential � through the van der Waals equation of
state. This hybrid (osmotic) Monte Carlo (HOMC) approach was
successfully adopted before to qualitatively predict the structural
transitions and adsorption isotherms of MIL-53(Cr) upon
CO2 adsorption.[49] However, the presence of unsurmountable
free energy barriers between the different adsorption-induced
metastable states of the host material as well as large volume
fluctuations of the MOF unit cell during these simulations may
limit the accuracy of this method.[37,38]

2.3. Scheme 3: Advanced MD Simulations of the Guest-Loaded
Framework at Constant Volume

A third method to predict guest-induced flexibility in MOFs
was recently introduced by some of the present authors.[19,37] As
shown in Figure 3c, this method relies on a series of MD simu-
lations in the (Nhost, Nguest,V, �a = 0, T ) ensemble that only fix
the cell volume while allowing the cell shape to fluctuate.[37,40]

In these simulations, the cell volume V is controlled, whereas
the cell shape h0 is allowed to fluctuate so as to counteract, on
average, the zero deviatoric stress �a = 0. At equilibrium, the
average internal pressure during such a simulation indicates
the pressure the material can withstand at the given volume.
By repeating this procedure for a range of volumes, the finite-
temperature pressure-versus-volume equation of state at a given
guest loading, P(Nguest, T ;V ), can be extracted (see Figure 3c).
From these pressure profiles, the corresponding Helmholtz free
energy profiles F (Nguest, T ;V )—the finite-temperature analogue
of the energy-versus-volume equations of state—can be derived
via thermodynamic integration:[37,54]

F (Nguest, T ;V )− F (Nguest, T ;Vref)

= −
∫ V

Vref

P(Nguest, T ;V ′)dV ′ (2)

By determining the (local) minima in the free energy pro-
file, this method identifies the different (meta)stable states at
a given guest loading even if they are separated by substan-
tial free energy barriers. While this method was originally in-
troduced to investigate pressure-induced phase transitions in
empty MOFs,[37] the procedure was extended in ref. [19] to also
account for adsorption-induced transitions. In this modified pro-
cedure, the (Nhost, Nguest,V, �a = 0, T ) simulations are carried
out not only for the empty framework (Nguest = 0), but also for
the adsorbate-loaded framework (Nguest > 0). By tracking the dif-
ferent metastable states as a function of the guest loading, this
method allows for the identification of adsorption-induced flex-

ibility in MOFs. Furthermore, the osmotic potential can be ob-
tained by considering the Legendre transform of the Helmholtz
free energy profile, as outlined in more detail in ref. [55].

2.4. Scheme 4: Hybrid MC/MD Simulations with a Flexible Unit
Cell in the Restricted Osmotic Ensemble

To circumvent the disadvantages associated with the previous
three schemes, a hybrid MC/MD procedure is introduced in
this article. This new hybrid procedure, depicted as Scheme 4
in Figure 3d, samples the (Nhost, �,V, �a = 0, T ) ensemble. To
this end, one starts from the procedure outlined in Scheme 1,
which samples the rigid-host or (Nhost, �,V,h0, T ) ensemble. To
go beyond this approach and ensure a proper sampling of the
atomic positions and the cell shape, an MD trajectory is con-
sidered as an additional MC trial move in Scheme 4, akin to
Scheme 2. However, while the MD trajectory in Scheme 2 is per-
formed in the (Nhost, Nguest, P = p, �a = 0, T ) ensemble, here,
the (Nhost, Nguest,V, �a = 0, T ) ensemble of Scheme 3 is sam-
pled, so that the volume remains conserved while fully sampling
the cell shape and atomic positions. This hybridMC/MD scheme
therefore results in flexible-host isotherms, Nguest(Nhost, �, �a =
0, T ;V ), in contrast to the rigid-host isotherms of Scheme 1.
These isotherms can then be transformed to the flexible-host os-
motic potential:

�(Nhost, p, �a = 0, T ;V )

= Fhost(Nhost, T ;V )+ pV

−
∫ �(p,T )

−∞
Nguest(Nhost, �′, �a = 0, T ;V )d�′ (3)

3. Results and Discussion

3.1. Scheme 1: GCMC Simulations with a Rigid Unit Cell in the
Restricted Osmotic Ensemble

3.1.1. Noble Gas Adsorption

Given the experimentally observed breathing of MIL-53(Al) un-
der the influence of xenon adsorption at room temperature,[50]

the 300 K rigid-host isotherms of Scheme 1were first constructed
for neon, argon, and xenon. The resulting adsorption isotherms
are visualized in Figure 4a,b and Figure S1, Supporting Infor-
mation. At the lowest MIL-53(Al) cell volumes, no uptake is ob-
served for any of the three guest species. Adsorption only starts
to take place once the cell volume is increased above 950, 1025,
and 1100 Å3 for neon, argon, and xenon, respectively. At these
volumes, the diameter of the MIL-53 channels starts to exceed
the kinetic diameters of these guest species, as indicated in Fig-
ure S3, Supporting Information, allowing for the adsorbates to
be accommodated in the channels.
However, even for sufficiently large unit cell volumes, the up-

take of neon and argon in MIL-53(Al) remains small, amounting
to only 0.4 atoms (neon) or 1.5 atoms (argon) per unit cell. This
low uptake can be explained by the low adsorption energies for
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Figure 4. Rigid-host adsorption isotherms for a) argon, b) xenon, and c) methane as a function of the MIL-53(Al) unit cell volume V at 300 K for a
range of pressures between 3.3×10−3 and 12 bar. d–f) Corresponding osmotic potentials � as a function of the unit cell volume V for these three guest
species. Shaded areas denote the 1� uncertainty interval as determined over five independent simulations.

both gases in MIL-53(Al), as illustrated in Figure S4, Support-
ing Information. As a result of this low uptake, the correspond-
ing osmotic potentials, shown in Figure 4d, exhibit two minima.
These minima correspond with a stable, guest-free closed-pore
(cp) phase at small volumes, which does not change with increas-
ing gas pressure as no guests are adsorbed, and a metastable
lp phase that is significantly less stable. Since the adsorption of
neon nor argon is able to significantly affect the relative stabil-
ity of the empty-host (meta)stable states of MIL-53(Al), Scheme
1 predicts that these guest species do not have the potential to
induce structural transitions in MIL-53(Al) at room temperature.
For xenon, in contrast, Scheme 1 predicts an appreciable

gas uptake. Depending on the gas pressure or, equivalently, the
chemical potential, two types of xenon isotherms may be dis-
tinguished in Figure 4b. For low to intermediate pressures, the
uptake reaches a maximum for intermediate states with a cell
volume around 1250–1300 Å3. At this volume, the diameter of
the MIL-53(Al) 1D channel amounts to about 5 Å (see Figure
S3, Supporting Information), which is slightly larger than the
kinetic diameter of xenon. This ensures that each xenon atom
can interact favorably with the organic linkers delimiting the 1D
channel, thereby minimizing the adsorption energy (see insets
in Figure 4b and Figure S4, Supporting Information). Conse-
quently, xenon adsorption leads to the stabilization of a xenon-
filled narrow-pore (np) phase, inducing a local minimum in the
osmotic potentials of Figure 4e at this volume. At a gas pressure
of 5.1 bar, for instance, xenon induces a npmetastable minimum
at a volume of about 1300 Å3.

On further increasing the gas pressure, additional xenon
atoms are forced inside the framework. As the xenon uptake at
these highest pressures can only be increased further by increas-
ing the unit cell volume, the adsorption isotherms at these high
gas pressures no longer show a local maximum, but rather con-
tinue to increasewith increasing cell volume. This is also revealed
in the osmotic potentials, in which the np metastable minimum
disappears in favor of the lp metastable minimum at ≈1425 Å3,
which is only about 4 kJ mol−1 less stable than the cp phase at
a gas pressure of 12 bar. The xenon-filled np and lp phases can
both be stabilized further by decreasing the temperature, as dis-
cussed in Figure S2, Supporting Information, and the lp phase
becomes the most stable phase at a gas pressure of 12 bar for
temperatures below 250 K. Scheme 1 therefore correctly predicts
that xenon may induce a phase transition in MIL-53(Al), in qual-
itative agreement with experiment.[50] However, the inaccuracy
associated with Scheme 1 prohibits a quantitative prediction of
the adsorption-induced lp volume. For instance, at a xenon gas
pressure of 12 bar, all volumes in between 1300 and 1475 Å3 lie
within the 1� uncertainty interval of the lp state.

3.1.2. Methane and Carbon Dioxide Adsorption

Experimentally, methane adsorption only induces phase transi-
tions in MIL-53(Al) for temperatures lower than about 250 K,
whereas carbon dioxide has been shown to induce phase tran-
sitions for temperatures up to 350 K.[51,52] When constructing the
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Figure 5. Rigid-host adsorption isotherms for carbon dioxide as a function of theMIL-53(Al) unit cell volume V at 300 K for a range of pressures between
3.3×10−3 and 12 bar, obtained by b,c) considering two different fixed cell shapes h0 and a) averaged over GCMC simulations starting from five different
cell shapes. d) Corresponding osmotic potential � as a function of the unit cell volume V for the averaged isotherms. e–f) The two MIL-53(Al) cell
structures at 1225 Å3 that give rise to the adsorption capacity shown in grey in panes (b) and (c). Shaded areas in panes (a) and (d) denote the 1�
uncertainty interval as determined over five independent simulations, and are repeated in panes (b) and (c) as a guide for the eye.

methane rigid-host isotherms, shown in Figure 4c, one indeed
observes a behavior in between that of argon and xenon. While
an intermediate maximum in the methane rigid-host isotherms
is found for low to intermediate gas pressures, similar to xenon
adsorption, the total uptake is only half of that of xenon at the
same gas pressure. As a result, the corresponding osmotic po-
tentials of Figure 4f show an np or lp metastable minimum that
is about 22 kJ mol−1 less stable than the cp global minimum,
so that one expects the cp phase to be retained during methane
adsorption at 300 K. However, also here the 1� uncertainty inter-
vals limit the accuracy with which this np or lp volume can be
determined.
For carbon dioxide, the rigid-host isotherms and correspond-

ing osmotic potentials, depicted in panes a) and d) of Figure 5,
respectively, are similar to those observed for xenon. The inter-
mediate np metastable minimum for carbon dioxide adsorption
occurs at a volume of about 1100–1200 Å3, which is lower than
the volume of the np phase induced by xenon adsorption (Fig-
ure 4e). This is in line with the smaller kinetic diameter of carbon
dioxide with respect to xenon as well as the minimum in adsorp-
tion energy appearing at a lower volume than for xenon in Figure
S4, Supporting Information. For the highest gas pressures, the
lp phase is again only 5 kJ mol−1 less stable than the cp phase,
so that one expects that both phases may be encountered during
carbon dioxide adsorption inMIL-53(Al) at room temperature, in
qualitative correspondence with experimental literature.[51,52]

However, when contrasting the carbon dioxide rigid-host
isotherms and osmotic potentials to those obtained for the other
adsorbates, an even larger variability and therefore inaccuracy is
apparent for the former as indicated by the larger 1� uncertainty
intervals. To investigate the origin of this larger variability, panes
b) and c) of Figure 5 depict the rigid-host isotherms obtained by
considering only one cell shape per unit cell volume instead of
averaging over five cell shapes as for pane a). Comparing panes
b) and c), one observes that the two different cell shapes give rise
to adsorption capacities that differ significantly for some unit cell
volumes. At a volume of 1225 Å3 (shaded in grey) and at a pres-
sure of 12 bar, for instance, the two simulations predict an aver-
age uptake of, respectively, 4.3 and 3.2 carbon dioxide molecules
per unit cell, a difference of about 25%. Note that this difference
does not arise from imprecision, as Section S1.4, Supporting In-
formation indicates that the results are well converged. Rather,
the observed discrepancy is only associated with insufficient sam-
pling of the adsorption-induced flexibility of the framework in
the (Nhost, �,V,h0, T ) ensemble of Scheme 1. Indeed, visualiz-
ing the twoMIL-53(Al) structures at 1225 Å3 in panes e) and f) of
Figure 5 shows a seemingly slight rotation of the phenyl moieties
in the top right corner, which allows for a substantially more fa-
vorable interaction with the adsorbed carbon dioxide molecules
for cell shape 1 and therefore an increased gas uptake. This obser-
vation confirms that the rigid-host simulations of Scheme 1 are
too crude to accurately sample adsorption in flexible MOFs, as it
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Figure 6. a–c) Predicted number of adsorbed xenon atoms NXe and d–f) MIL-53(Al) unit cell volumes V as a function of the xenon gas pressure p
for three different temperatures: (a,d) T = 292 K, (b,e) T = 250 K, and (c,f) T = 220 K. At each temperature and gas pressure, ten simulations were
performed: five starting in the cp state (green) and five starting in the lp state (orange). Error bars indicate the 1� standard deviations of each separate
simulation.

is in general impossible to quantitatively determine the volume
of the adsorption-induced (meta)stable phases.

3.2. Scheme 2: Hybrid MC/MD Simulations in the Osmotic
Ensemble

3.2.1. Noble Gas Adsorption

Figure 6 displays the results of Scheme 2 for xenon adsorption
at three different temperatures. At 292 K, one observes two steps
in the isotherm of Figure 6a. For the lowest pressures, up to
about 0.03 bar, the xenon uptake is negligible. Correspondingly,
the predicted (meta)stable states in Figure 6d are the (empty) cp
and lp states. For these lowest gas pressures, the phase observed
during the simulation depends on the initialization: simulations
initialized in the lp or cp state remain in the lp or cp state,
respectively, as illustrated by the ten independent simulations
shown in Figure 6. While, in theory, phase transitions between
the lp and cp phases can be observed in this scheme, these phase
transitions are rare events that are unlikely to occur during the
simulation as both phases are separated by a high free energy
barrier.
When increasing the gas pressure above 0.03 bar at 292 K, a

first step in the adsorption isotherm is apparent, as xenon starts
to adsorb in the material at this pressure. These adsorbates steer
the framework from the cp or lp phase to the np phase with a
volume of about 1250–1300 Å3, as indicated in Figure 6d. This
observation is in excellent agreement with the xenon-loaded
np volume extracted from Scheme 1 (Figure 4e). When further
increasing the gas pressure, the uptake increases continuously

to about four xenon atoms per unit cell, until reaching a pressure
of 1–2 bar. At this pressure, a second step in the isotherm is
observed, corresponding to a phase transition from the xenon-
loaded np phase to the xenon-loaded lp phase. At the maximum
pressure of 10 bar considered here, a maximum loading of eight
xenon atoms per unit cell is reached at 292 K.
When decreasing the temperature in Figure 6 to 250 K (panes

b) and e)) and 220 K (panes c) and f)), the predicted isotherms
and unit cell volumes as a function of the gas pressure retain
their 292 K shapes. Decreasing the temperature only results in a
decrease in the critical pressures necessary for the cp-to-np and
the np-to-lp transitions, confirming the observations in Figure
S2, Supporting Information that decreasing the temperature fa-
cilitates xenon-induced transitions in MIL-53(Al).
For neon and argon, no phase transitions are observed, as

shown in Figures S7 and S8, Supporting Information, confirm-
ing the results of Scheme 1. For both adsorbates and at both tem-
peratures, the MIL-53(Al) unit cell remains in the initial cp or lp
state, irrespective of the gas pressure, confirming that transitions
between both phases are activated processes.

3.2.2. Methane and Carbon Dioxide Adsorption

Figure 7a reveals a continuous methane adsorption isotherm
at 292 K. The corresponding cell volumes in Figure 7d indeed
show that MIL-53(Al) retains its original phase upon adsorption,
with no intermediate np phase, in qualitative agreement with the
literature.[51,52] However, at methane pressures between 0.2 and 2
bar, one observes that the simulations initialized in the lp phase
already start to explore smaller volumes during the simulation,
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Figure 7. a–c) Predicted number of adsorbed methane molecules NCH4 and d–f) MIL-53(Al) unit cell volumes V as a function of the methane gas
pressure p for three different temperatures: (a,d) T = 292 K, (b,e) T = 230 K, and (c,f) T = 213 K. At each temperature and gas pressure, ten simulations
were performed: five starting in the cp state (green) and five starting in the lp state (orange). Error bars indicate the 1� standard deviations of each
separate simulation.

with the lower limit of the 1� uncertainty interval extending to
about 1325 Å3. By lowering the temperature to 230 K, the same
stepwise behavior as encountered with xenon adsorption is
observed. At this temperature, methane induces an lp-to-np tran-
sition at a pressure of ≈0.2 bar, while an np-to-lp transition is in-
duced at a pressure of≈1 bar.However, while Scheme 1 indicated
that themethane-induced np phase would occur near a volume of
about 1200 Å3, the unit cell volumes at intermediatemethane gas
pressures vary here between 1200 Å3 and 1500 Å3. Visualizing
the unit cell volume throughout the hybrid MC/MD procedure
at such an intermediate gas pressure reveals spontaneous phase
transitions between the np phase, at a volume of about 1200 Å3,
and the lp phase, at a volume of about 1475 Å3 (see Figure S10,
Supporting Information). These spontaneous phase transitions
indicate that both the np and lp phases are (meta)stable states at
this gas pressure, with a very small free energy barrier separating
them, resulting in a large variation in the sampled unit cell
volume during such a simulation. This impedes an accurate
determination of the volumes associated with these (meta)stable
states.
At 213 K, the stepwise behavior of the methane isotherm is

even more pronounced. Both critical pressures necessary to in-
duce a phase transition decrease with respect to their 230 K val-
ues. At this lower temperature, the frequency of the np-to-lp and
lp-to-np phase transitions during a single simulation as observed
at intermediate gas pressures also decreases due to an increased
free energy barrier between both states and a lower thermal en-
ergy of the atoms. Furthermore, neither at 230 K nor at 213 K
a cp-to-np transition is observed at these intermediate gas pres-
sures, despite the metastability of the np phase. This is a direct
consequence of the large energy barrier between both states, pre-

venting these transitions from occurring spontaneously during
the simulation.
For carbon dioxide, visualized in Figure S9, Supporting Infor-

mation, two-step isotherms akin to the ones observed for xenon
are obtained, in agreement with Scheme 1. Also here, decreasing
the temperature results in a decrease in the critical gas pressures
necessary to induce these phase transitions, in qualitative corre-
spondence with experimental observations.[51]

In conclusion, the hybrid MC/MD protocol of Scheme 2 yields
direct access to the adsorption isotherms and (meta)stable MIL-
53(Al) states at a given gas pressure, in qualitative agreement
with experiment.[51] However, a quantitative interpretation of
these results is impeded due to two phenomena. First, premature
phase transitions may occur if both phases are separated by very
low barriers, such as for the lp-to-np transition under methane
adsorption, making it impossible to exactly pinpoint the critical
gas pressure necessary to induce this transition. Second, the
phase space associated with the unit cell volume may not be
sampled adequately if the (meta)stable states are separated by
large free energy barriers, such as for the cp-to-np transition
under methane adsorption. In that case, the initial state of the
simulation affects the simulation results, such that multiple
independent simulations need to be performed, reducing the
efficiency of the procedure.

3.3. Scheme 3: Advanced MD Simulations of the Guest-Loaded
Framework at Constant Volume

Figure 8a,b displays the pressure-versus-volume equations of
state and corresponding free energy profiles for various xenon
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Figure 8. a) Predicted pressure-versus-volume equation of state of MIL–53(Al) with various fixed xenon loadings at 300 K. b) Corresponding Helmholtz
free energy profiles at 300 K, and c) unit cell volumes of the (meta)stable state(s) with increasing xenon loading. Reproduced from ref. [19] with permission
from Springer Nature.

loadings in MIL-53(Al) at 300 K, obtained by application of
Scheme 3. These profiles reveal the unit cell volumes of the
(meta)stable states, which are plotted as a function of the xenon
loading in Figure 8c. The empty framework exhibits the well-
known free energy profile with a stable cp phase at ≈820 Å3 and
a metastable lp phase at≈1450 Å3.[37,38] Upon forcing xenon into
the framework, the global cp minimum vanishes immediately,
while an intermediate np phase at a volume of about 1100 Å3 is
formed next to a very shallow lp phase. This lp phase disappears
completely upon further increasing the xenon loading, while the
stable np phase shifts to larger unit cell volumes reaching up to
1400 Å3. Finally, when a loading of five xenon atoms per unit
cell is reached, the lp state re-emerges in co-existence with the
np state.
At first instance, these observations may seem to contradict

the results of Schemes 1 and 2. First, both previous schemes pre-
dicted a stable cp phase also for low but nonzero xenon gas pres-
sures, while here the cp minimum is only encountered for a zero
xenon loading. However, this is a direct consequence of the guest
loading being the control variable in this scheme rather than the
gas pressure in Schemes 1 and 2, with a nontrivial relationship
between both variables. Indeed, the xenon isotherms of Scheme
1 (Figure 4b,e) and Scheme 2 (Figure 6) predict that no xenon
is adsorbed in the stable cp phase at low xenon gas pressures.
Moreover, Figure 6 clearly reveals that a cp-to-np phase transition
is triggered as soon as the cp initialized simulations start to ad-
sorb xenon, confirming the observation of Scheme 3 that a stable
cp phase cannot exist for a nonzero xenon loading. Second, the
procedure outlined here predicts an np volume which starts to
increase appreciably for xenon loadings between 3.5 and 5 atoms
per unit cell, whereas the xenon-loaded np volume was found
to be largely independent of the gas pressure in Figures 4 and
6. Once again, this results from fixing the xenon loading rather
than the gas pressure or chemical potential. Figure 6a reveals that
a xenon loading between 3.5 and 5 atoms per unit cell near 300
K corresponds to a very narrow range of gas pressures, between
1.0 and 1.5 bar, coinciding with the pressure necessary to induce
an np-to-lp phase transition at this temperature. As a result, Fig-
ure 8c disproportionally highlights the volume dependence of the
np phase.

In conclusion, while Scheme 3 succeeds in identifying all
(meta)stable states independent of the free energy barriers
between them, it only provides direct insight in the evolution of
these (meta)stable states as a function of the guest loading rather
than the experimentally controlled gas pressure or chemical
potential. To access the osmotic potential, one would need to
further correlate the chemical potential with the number of
adsorbed species at each unit cell volume, as outlined in ref. [55].
Furthermore, given the discrete and constant number of guest
species present in the unit cell, one has to rely onmore expensive
supercell simulations to predict the different (meta)stable states
at fractional loadings, such as the 1× 2× 1 supercell employed
here to access half-integer loadings per unit cell.

3.4. Scheme 4: Hybrid MC/MD Simulations with a Flexible Unit
Cell in the Restricted Osmotic Ensemble

Based on the results obtained so far, it is clear that none of the
previous three schemes provides an ideal procedure to study gas
adsorption in flexible MOFs. The rigid-host GCMC simulations
of Scheme 1 are too crude to accurately predict adsorption
isotherms and osmotic potentials, while the occurrence of pre-
mature phase transitions and high free energy barriers, which
may not be surmounted in regular MD simulations, hinder the
efficient application of Scheme 2. Finally, in Scheme 3, only the
gas loading instead of the experimentally accessible chemical
potential or gas pressure could be controlled, preventing a direct
comparison with experiment. For this reason, we developed and
validated a fourth scheme that alleviates these issues by explicitly
accounting for the shape flexibility of the material. Compared
to Scheme 1, the procedure of Scheme 4 can be expected to be
more accurate and efficient. First off, by allowing fluctuations
in the framework atoms in Scheme 4, the inaccuracy due to
the artificial dependence on the initial atomic positions and
cell shape that was present in Scheme 1 should be eliminated.
Second, given that Scheme 4 is a completely hybrid MC/MD
procedure, theMIL-53(Al) framework can adapt to accommodate
for the different guest species during the simulation. In Scheme
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Figure 9. Flexible-host adsorption isotherms for a) xenon, b) methane, and c) carbon dioxide as a function of the MIL-53(Al) unit cell volume V at 300
K for a range of pressures between 3.3×10−3 and 12 bar as predicted from the newly introduced hybrid MC/MD scheme. d–f) Corresponding osmotic
potentials � as a function of the unit cell volume V for these three guest molecules. Shaded areas denote the 1� uncertainty interval as determined
over five independent simulations, which are negligible here.

1, this is inherently impossible, as one has to rely on one fixed
framework per volume.

3.4.1. Noble Gas Adsorption

To investigate the performance of the newly proposed scheme,
Scheme 4 is adopted to predict the adsorption isotherms and cor-
responding osmotic potentials for each of the five guest species
inMIL-53(Al) at 300 K. In Figure 9, only the gases with the poten-
tial to induce phase transitions in MIL-53(Al)—xenon, methane,
and carbon dioxide—are considered, whereas the results for neon
and argon are displayed in Figure S14, Supporting Information.
Comparing the xenon flexible-host isotherm of Figure 9a with

the corresponding rigid-host isotherm of Figure 4b immediately
reveals that, while both types of isotherms share the same shape,
an appreciably lower uncertainty is associated with the flexible-
host isotherms of Scheme 4. Similar to the rigid-host isotherms,
five independent flexible-host isotherms were constructed start-
ing from five different cell shapes for each unit cell volume. In
contrast to Scheme 1, however, our newly introduced scheme
yields five sets of results which are virtually indistinguishable, as
indicated by the very small 1� uncertainty interval in Figure 9d.
For the metastable lp phase, this uncertainty is reduced almost
100-fold. This confirms that the new procedure outlined here suc-
ceeds in fully accounting for the flexibility in the atomic posi-
tions and cell shape, so that the choice of initial snapshot does
no longer artificially influence the obtained results. As a result,

Scheme 4 requires only one hybrid MC/MD simulation per unit
cell volume to obtain accurate results, improving the efficiency of
the method.
This substantially improved accuracy does not only reduce the

number of independent simulations that need to be carried out
to get significant results, but also allows to quantitatively predict
the evolution of the adsorption isotherm and (meta)stable states
with increasing gas pressure. As an example, while it was im-
possible to extract from Figure 4e the exact metastable lp volume
at a xenon gas pressure of 12 bar—only a broad volume range
between 1300 and 1475 Å3 could be obtained—the osmotic po-
tential of Figure 9d clearly indicates that the lp volume is found
around 1425 Å3. Moreover, Figure 4e hinted toward a possible
metastable np phase at a pressure of 12 bar, with a volume around
1300 Å3. However, when properly accounting for the flexibility in
the host material, it becomes clear from Figure 9d that this np
minimum only results from the large inaccuracy of Scheme 1.

3.4.2. Methane and Carbon Dioxide Adsorption

Formethane adsorption at 300 K, the staggered osmotic potential
of Figure 4f revealed multiple minima between 1100 and 1400
Å3 at the highest gas pressure, with an energy that fell within
the 1� uncertainty interval of the metastable lp minimum. In
contrast, thanks to the increased accuracy of Scheme 4, Figure 9e
demonstrates that only the lp state at a volume of 1425 Å3 is a
metastable state at 12 bar.
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Undoubtedly, the increased accuracy of Scheme 4 is most pro-
nounced for carbon dioxide. The rigid-host isotherms and os-
motic potentials displayed in Figure 5 revealed a large depen-
dence on the choice of the fixed framework during the GCMC
procedure. As a result, it is difficult to uniquely determine from
Figure 5d for which range of pressures an np phase is induced, as
well as to determine the relative stability of the variousmetastable
phases. As a substantially lower uncertainty is associated with
the flexible-host isotherms and osmotic potentials obtained in
Scheme 4, which are displayed in Figure 9c,f, these questions
can now be fully answered. Figure 9f reveals that an np phase
starts to appear at a carbon dioxide pressure of ≈2.1 bar, while it
almost disappears when increasing the pressure to 12 bar. With
increasing pressure, the relative stability of the np and lp phases
with respect to the cp phase increases, yielding metastable lp and
np states at 12 bar which are about 6.21 and 12.86 kJ mol−1 less
stable than the stable cp state at 12 bar.
In conclusion, these observations confirm the improved

accuracy of the flexible-host isotherms, obtained by explicitly
accounting for the flexibility of the host material in Scheme 4.
This allows to quantitatively predict the number of adsorbed
guest species as well as the different metastable states of the
adsorbent at a given gas pressure. Furthermore, Scheme 4
prevents the need for multiple independent runs to improve the
accuracy of the prediction, as one hybrid MC/MD simulation
per unit cell volume is sufficient to obtain accurate results in
good agreement with experiment. As a result, adoption of this
scheme, which is freely available in the in-house Yaff software
code,[56] to model gas adsorption in flexible adsorbents has the
potential to further speed up the computer-aided discovery of
interesting nanoporous materials for adsorption applications.

4. Conclusions

To adopt flexible MOFs for applications in gas storage, it is cru-
cial to understand at a microscopic level how the interactions
between the adsorbate and the adsorbent can be tuned in or-
der to design the optimal MOF for a given application. In this
respect, the insights provided by computational research could
be unparalleled, given the existence of a computational proce-
dure that can efficiently and accurately predict the adsorption
isotherms and adsorption-induced flexibility in MOFs. While
multiple schemes have been proposed for this purpose, the ex-
treme flexibility present in some MOFs may limit the applicabil-
ity and accuracy of the results obtained with these schemes.
Therefore, the performances of four hybrid MC/MD simula-

tion protocols to predict the adsorption of neon, argon, xenon,
methane, and carbon dioxide in MIL-53(Al) were critically com-
pared, focussing on their accuracy and efficiency. In a first
scheme, rigid-host isotherms and associated osmotic potentials
as a function of the unit cell volume were constructed. While this
procedure is fast and solely relies on a set of GCMC simulations,
it does not properly account for the flexibility in the atomic po-
sitions and cell shape of the host structure. As a consequence,
the results obtained with this scheme were found to depend on
the choice of the fixed framework used as input for the GCMC
procedure, yielding differences of up to 25% in predicted carbon
dioxide uptake caused by a small rotation in the organic link-

ers of MIL-53(Al). In a second scheme, hybrid MC/MD simu-
lations were performed to obtain the equilibrium loadings and
unit cell volume at a given gas pressure. This scheme, which
directly samples the osmotic ensemble, was hindered by both
premature phase transitions—a consequence of very small free
energy barriers and internal pressure fluctuations during the
simulations—and suppressed phase transitions—a consequence
of the metastable states being separated by too high an energy
barrier. Finally, in the third scheme, the Helmholtz free energy
and equilibrium volumes as a function of the guest loading were
determined. The main disadvantage of this last scheme was the
lack of direct information on the osmotic potential, as the proce-
dure samples at constant guest loading rather than at the experi-
mentally controlled constant chemical potential or gas pressure.
Given the absence of a satisfactory procedure to study gas

adsorption in flexible MOFs, a new hybrid procedure that
is specifically designed to account for the flexibility of the
host material was derived. In this novel scheme, flexible-host
isotherms were constructed via hybrid MC/MD simulations
during which the atomic positions and cell shape were allowed
to fluctuate, while still controlling the cell volume. Application of
this procedure to each of the five guest species indicated that the
accuracy obtained with this scheme substantially outperforms
that of the other three schemes, as the artificial dependence
on the fixed framework of Scheme 1 is no longer present. As a
result, only one set of hybrid MC/MD simulations was sufficient
to accurately predict the potential of these guest molecules to
induce phase transitions in MIL-53(Al), furthermore obtaining
a strong agreement with experiment. Moreover, this increased
accuracy also results in a quantitative prediction of the different
adsorption-induced metastable states at a given gas pressure.
Therefore, this new and efficient scheme has the potential to
further accelerate the computer-aided discovery of flexible MOFs
for adsorption applications.

5. Computational Details

The four simulation schemes discussed here were implemented
and tested in Yaff, our freely available in-house developed
software package,[56] and validated extensively using RASPA[57]

(see Section S4, Supporting Information). The temperature
was controlled using a single Nosé–Hoover chain consisting of
three beads and with a relaxation time �T = 0.1 ps, which was
coupled to both the particles and the barostat if applicable.[58–61]

If necessary, the pressure P and/or deviatoric stress �a were
controlled using a Martyna–Tobias–Tuckerman–Klein (MTTK)
barostat with a relaxation time of 1 ps.[62,63] This combination
of relaxation times promotes a complete yet efficient sampling
of the accessible phase space.[37] To efficiently evaluate the long-
range van der Waals and electrostatic interactions, a smooth
cutoff at 15 Å was introduced and supplemented with analytical
tail corrections. Specifically, the electrostatic interactions were
calculated using an Ewald summation with a splitting parameter
� of 0.213 Å−1 and a reciprocal space cutoff of 0.32 Å−1.[64]

For the MD simulations, a time step of 0.5 fs was employed to
ensure energy conservation.
MIL-53(Al) was modeled using a 1× 2× 1 cell containing 152

atoms, obtained by doubling the unit cell along the inorganic

Adv. Theory Simul. 2019, 1800177 C© 2019 WILEY-VCH Verlag GmbH & Co. KGaA, Weinheim1800177 (12 of 15)

124 Paper I



www.advancedsciencenews.com www.advtheorysimul.com

chain, and employing a force field generated from periodic ab
initio data following the QuickFF procedure.[65] For the non-
covalent MIL-53(Al) force field parameters, atomic charges were
obtained according to the Minimal Basis Iterative Stockholder
(MBIS) partitioning scheme[66] as implemented in HORTON.[67]

The all-electron density necessary for the MBIS scheme was ob-
tained via a GPAW calculation.[68–70] For the GCMC simulations
in Schemes 1 and 4, the van der Waals interactions were de-
scribed using the Lennard-Jones (LJ) 12–6 interatomic potentials
that are strongly positive for small internuclear distances, which
is important for the insertion trial moves.[71] These LJ parame-
ters were obtained from the MM3 parameters found in the lit-
erature by requiring that the location and depth of the poten-
tial well are the same in both descriptions. In accordance with
the earlier work on Scheme 3,[19,37] the MM3 Buckingham po-
tentials were adopted to describe the van der Waals interactions
in Schemes 2 and 3.[72] To prevent the insertion of particles in
the unphysical regions at very small internuclear distances in
Scheme 2, the MM3 potential was modified to reach a plateau
equal to the maximum in the non-modified MM3 potential. The
MM3 parameters, � and ε, for both the MIL-53(Al) framework
atoms and the guest species were obtained from ref. [72] and
were modified to the LJ form if necessary. For methane, a neu-
tral united-atom model was employed, following the descrip-
tion of ref. [73]. Furthermore, an atomic point charge model
was adopted for carbon dioxide, with partial charges of 0.6512|e|
and −0.3256|e| for the carbon and oxygen atoms, respectively,
which complement the atomic MM3 parameters.[74] In the MC
simulations, the carbon dioxide molecules were assumed to be
rigid, whereas a flexible model was employed in the MD sim-
ulations. For the latter, the covalent force field terms were ob-
tained using the QuickFF procedure.[65] As shown in Section S5,
Supporting Information, the predicted gas adsorption isotherms
are robust with respect to small changes in the host–guest
interactions.
In Scheme 1, the GCMC simulations in the (Nhost, �,V,h0, T )

ensemble were performed for a range of framework volumes
V between 850 and 1500 Å3 with a step size of 25 Å3, and for
a series of chemical potentials �. The snapshots of the empty
framework structures were extracted from prior MD simulations
in the (Nhost, Nguest = 0, P, �a = 0, T ) ensemble, starting in the
lp phase and performed at a sufficiently high pressure in or-
der to initiate an lp-to-cp transition. During these MC simula-
tions, four types of MC moves were tried: insertion of the guest
molecule in the framework, deletion of the guest molecule from
the framework, translation of the guest molecule, and rotation of
the guest molecule in the case of CO2. As indicated in Section
S1.3, Supporting Information, an equal probability of propos-
ing these moves leads to an optimal convergence. A total num-
ber of 750 000 MC steps were performed for xenon, methane,
and carbon dioxide, whereas this was decreased to 500 000 and
250 000 MC steps for argon and neon, respectively. As discussed
in Section S1.4, Supporting Information, this simulation length
ensures a full convergence of the obtained results. To shed light
on the possible influence of the flexibility of the framework on
the obtained results, five different structures—with differing cell
shapes h0 and atomic positions but with the same volume—
were considered at each volume point between 850 and 1500
Å3, and the results reported here were averaged over these five

simulations with associated 1� uncertainty intervals unless indi-
cated otherwise.
In Scheme 2, the rate of convergence of the hybrid procedure

wasmaximized by consideringMD runs of 400 steps (0.2 ps) each
and proposing this move with a probability of 1:400 compared to
each of the otherMCmoves (insertion, deletion, translation, and,
if necessary, rotation), as outlined in more detail in Sections S2.2
and S2.3, Supporting Information. To improve the probability of
acceptance and hence accelerate the convergence of the method,
acceptance and rejection windows rather than single acceptance
and rejection snapshots are considered for the MD trajectories,
as introduced in ref. [75] and outlined in more detail in Section
S2.4, Supporting Information. Here, the size of these windows
was chosen to equal halve the total simulation length, so that each
step in the MD simulation can be selected as the new state in
the MC procedure. To determine the variability in the obtained
results, ten independent simulations were performed for each
chemical potential�, or equivalently, gas pressure p. Five of these
simulations started from the empty lp phase, while the other five
started from the empty cp phase. A total number of 3 000 000
MC steps were performed for argon, xenon, and methane, while
2 000 000 and 5 000 000 MC steps were performed for neon and
carbon dioxide, respectively.
In Scheme 3, the (Nhost, Nguest,V, �a = 0, T ) simulations were

performed for various guest loadings Nguests varying between
0 and 5 xenon atoms. As a 1× 2× 1 supercell is used, it is
also possible to probe at half-integer guest loadings. For all
simulations of Scheme 3, a production run of 700 ps was
considered, which was preceded by a 100 ps equilibration
run.
In Scheme 4, five structures with differing initial cell shapes h0

and atomic positions but with the same volume were considered
at each volume point between 850 and 1500 Å3, and the results re-
ported here were averaged over these five simulations, similar to
Scheme 1. As in Scheme 2, a total number of 3 000 000 MC steps
were performed for argon, xenon, and methane, while 2 000 000
and 5 000 000 MC steps were performed for neon and carbon
dioxide, respectively.
Finally, to relate the chemical potential � and the gas pressure

p at a given temperature T , the free energy of a van der Waals
gas is adopted:

�(p, T ) = kBT ln
b�

1− b�
+ kBT

b�
1− b�

− 2a�

+ �0 − kBT ln
p0b
kBT

(4a)

p(� , T ) = kBT
�

1− b�
− a� 2 (4b)

In this formula, kB is the Boltzmann’s constant and � (p, T ) is
the number density of the gas, obtained from the van der Waals
equation of state at the given pressure and temperature. The pa-
rameters�0 and p0 are the reference chemical potential and pres-
sure, and a and b describe the interactions between the guest
molecules and the volume taken up by these guest molecules, re-
spectively. The a and b parameters for the adsorbates discussed
in this work are summarized in Table 1.
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Table 1. The van der Waals parameters a and b entering Equation (4) for
the various adsorbates discussed in this work.[76]

Guest species a[�2 · bar mol−1] b[� mol−1]

Neon 0.214 0.01710

Argon 1.355 0.03200

Xenon 4.250 0.05105

Methane 2.283 0.04280

Carbon dioxide 3.640 0.04270

Supporting Information
Supporting Information is available from the Wiley Online Library or from
the author.
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[59] S. Nosé, J. Chem. Phys. 1984, 81, 511.
[60] W. G. Hoover, Phys. Rev. A 1985, 31, 1695.
[61] G. J. Martyna, M. L. Klein, M. E. Tuckerman, J. Chem. Phys. 1992, 97,

2635.
[62] G. J. Martyna, D. J. Tobias, M. L. Klein, J. Chem. Phys. 1994, 101, 4177.
[63] G. J. Martyna, M. E. Tuckerman, D. J. Tobias, M. L. Klein, Mol. Phys.

1996, 87, 1117.

[64] P. P. Ewald, Ann. Phys. 1921, 369, 253.
[65] L. Vanduyfhuys, S. Vandenbrande, J. Wieme, M. Waroquier, T. Ver-

straelen, V. Van Speybroeck, J. Comput. Chem. 2018, 39, 999.
[66] T. Verstraelen, S. Vandenbrande, F. Heidar-Zadeh, L. Vanduyfhuys, V.

Van Speybroeck, M. Waroquier, P. W. Ayers, J. Chem. Theory Comput.
2016, 12, 3894.

[67] T. Verstraelen, K. Boguslawski, P. Tecmer, F. Heidar-Zadeh, M. Chan,
T. D. Kim, T. Zhao, S. Vandenbrande, D. Yang, C. E. González-
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ABSTRACT: New nanoporous materials have the ability to revolutionize adsorption and separation processes. In particular,
materials with adaptive cavities have high selectivity and may display previously undiscovered phenomena, such as negative gas
adsorption (NGA), in which gas is released from the framework upon an increase in pressure. Although the thermodynamic driving
force behind this and many other counterintuitive adsorption phenomena have been thoroughly investigated in recent years, several
experimental observations remain difficult to explain. This necessitates a comprehensive analysis of gas adsorption akin to the
conformational free energy landscapes used to understand the function of proteins. We have constructed the complete
thermodynamic landscape of methane adsorption on DUT-49. Traversing this complex landscape reproduces the experimentally
observed structural transitions, temperature dependence, and the hysteresis between adsorption and desorption. The complete
thermodynamic description presented here provides unparalleled insight into adsorption and provides a framework to understand
other adsorbents that challenge our preconceptions.

Advanced porous materials can deliver exciting develop-
ments to industrial processes1 and the flexibility of porous

adsorbents could address complex separations similar to
biological systems.2 For example, extreme changes in
adsorption behavior produce improved selectivity, storage
capacity, and thermal management.3−5 Responsive adsorbents,
such as metal−organic frameworks (MOFs), can significantly
change pore structure and volume in response to external
stimuli such as pressure, temperature, gas adsorption or light
absorption.6

One particularly exciting MOF that exhibits negative gas
adsorption (NGA) is DUT-49. This MOF undergoes a
structural transition associated with a 50% contraction of the
unit cell upon increasing methane gas pressure, resulting in
spontaneous desorption of methane.7 This leads to pressure
amplification in a closed system, opening the door to new
applications.8 The lack of thermodynamic understanding of the
NGA phenomenon has motivated a number of computational
studies.9,10 However, efforts have mostly relied on two-state
models that are unable to capture the complete phase-space
during adsorption and desorption.11

The most appropriate description of the thermodynamics of
responsive frameworks under gas adsorption is provided by the
osmotic ensemble. Simulations in this ensemble impose a
chemical potential of the adsorbed fluid (μ), a mechanical
pressure (p), and a temperature (T). Under these conditions,
the equilibrium framework minimizes the osmotic potential
(Ω) through structural relaxation, changes in cell shape and
volume, and adsorption of guest molecules.12 However,
atomistic simulations within the osmotic ensemble remain
challenging because dynamics must be combined with particle
insertion/deletion, limiting its application to a handful of
systems.13,14 Descriptions of the osmotic potential are often
achieved through analytical treatment of gas adsorption.15 This

can ascertain the relative stability of two distinct and porous
phases.16 For example, the process of “breathing” between an
open (op) and contracted porous phase (cp), such as that
observed for MIL-53,17 can be understood by their difference
in osmotic potential, Ωop − Ωcp (Figure 1).

12 The difference in
osmotic potential reveals which phase represents the global
thermodynamic equilibrium as a function of gas pressure.18

However, this methodology is not sufficient to describe NGA
as it must involve metastable states.7 Moreover, the

Received: January 15, 2021
Published: March 15, 2021

Figure 1. Osmotic potential (a) applied to transitions between two
phases (op and cp) of an adsorbent. This can describe the “breathing”
adsorption phenomenon (b).
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experimentally observed hysteresis and temperature depend-
ence of NGA cannot be reproduced by simply considering the
difference in osmotic potential.19 Experiments demonstrate
that the op to cp transition at 90 K produces a much smaller
NGA step than 120 K, whereas at 150 K, no transitions are
observed.19 To explain this temperature dependence and other
complex adsorption processes, knowledge of not only the
osmotic potential but also the osmotic barriers that exist
between phases that act to prevent transformations, are
required.
Free-energy landscapes of chemical reactions and conforma-

tional dynamics are expressed in terms of collective variables;
similarly, barriers of “breathing” MOFs in the osmotic
ensemble appear at specific cell volumes. We employed
molecular simulations to treat the cell volume (V) as a
“collective variable” in the osmotic ensemble. The osmotic
potential, as a function of volume, reveals the (meta)stable
states of interest and the barriers between them for any set of
thermodynamic parameters μ, p, and T. With this method,
detailed landscapes of the osmotic potential, as a function of
cell volume of DUT-49 and methane gas pressure, have been
computed at 90, 120, and 150 K. This complete thermody-
namic analysis provides comprehensive insight into phase
stability under adsorption.
We employed a force field derived from ab initio data of the

inorganic and organic units of the DUT-49 framework10 with
the TraPPE20 parametrization of methane. In our hybrid
MC14,21−23 simulations, molecular dynamics (MD) trajectories
in the (N, V, σa = 0, T) ensemble are new moves in a grand
canonical Monte Carlo scheme. The MD simulations impose a
fixed volume V and anisotropic contribution σa to the total
stress tensor σ = P1 + σa,

24 allowing the cell shape to adapt to
the fluctuating number of adsorbates resulting in flexible-host
adsorption isotherms, Nguest(Nhost, μ, σa = 0, T; V). Isotherms
were calculated for a series of unit cell volumes between 40 and
110 nm3 with a spacing of 2 nm3 (Figure 2). Subsequently, the
flexible-host isotherms were used to construct the osmotic
potential as eq 1.

∫
σ

σμ μ

Ω = = +
− ′ = ′μ

−∞

N p T V F N T V pV

N N T V

( , , 0, ; ) ( , ; )

( , , 0, ; ) d

a
p T

a

host host host
( , )

guest host (1)

The empty-host free energy Fhost was obtained by thermody-
namic integration of the internal pressure, extracted from MD
simulations of the empty framework in the (N, V, σa = 0, T)
ensemble at different unit cell volumes at 90, 120, and 150 K.
The free energy was chosen to be 0 kJ mol−1 in the op phase at
a unit cell volume of 104 nm3, comparable to the
experimentally observed unit cell volume of 100 nm3.7 This
produces a meaningful comparison of the empty-host free
energy (and thus osmotic potential). Simulations were
performed between 46 and 75 values of gas pressure and the
chemical potential at each temperature and gas pressure was
calculated with the Peng−Robinson equation of state.25 The
above approach produces the osmotic potential at different
methane gas pressures and cell volumes. The osmotic
landscape is shown relative to the op phase at each gas
pressure in Figure 2 to highlight differences between the
phases. In contrast to previous approaches (Figure 1a), this
surface offers a tremendous amount of additional information.
To clearly outline the effect of osmotic barriers on gas

adsorption, we can chart paths26 on the osmotic landscape that

are taken with adsorption and desorption along with the
associated amount adsorbed. Figure 3a−c shows the path
along which the system is in global thermodynamic
equilibrium at each gas pressure, i.e., the path of lowest
osmotic potential. Alternatively, Figure 3d−f shows the kinetic
path along which transitions can occur only when the osmotic
barrier between phases disappears. However, as thermal
fluctuations can allow the crossing of barriers, a transition
was noted when the barrier was reduced to 15 kBT. The same
transitions are obtained for the computed 120 K surface when
varying this value of “crossable” barriers between 0 and 25 kBT.
The appropriate value of barrier heights that can be crossed in
typical time spans of experiments at a given temperature is
difficult to obtain. For example, a fluctuation energy of 6 kBT
per unit cell was proposed for a gate-opening MOF.27

At zero gas pressure, the system begins at equilibrium in the
op phase, where there is also a metastable cp phase (at 50
nm3). By increasing gas pressure, the cp phase is stabilized with
respect to the op phase, until the difference in osmotic

Figure 2. Computed osmotic surface of methane adsorption on DUT-
49 at 120 K, as a function of unit cell volume (a) and methane gas
pressure (b). Examples of the 1D osmotic surface at specific gas
pressures (c).

Journal of the American Chemical Society pubs.acs.org/JACS Communication

https://doi.org/10.1021/jacs.1c00522
J. Am. Chem. Soc. 2021, 143, 4143−4147

4144

132 Paper II



potential between both phases vanishes at a gas pressure of
3.25 kPa. At this point, a transition occurs along the
equilibrium path to the cp phase (Figure 3a). This contraction
produces an increase in amount adsorbed, a step of 236
molecules per unit cell (molecules UC−1). Conversely, no
transitions occur along the kinetic path at this pressure, as a
barrier between the op and cp phase of 591 kJ mol−1 remains.
This barrier only vanishes at a gas pressure of 17.5 kPa, at
which the op → cp transition occurs, associated with a NGA
step of 86 molecules UC−1. This predicted transition pressure
is remarkably close to the observed value of 25 kPa. Although
the predicted NGA step is underestimated compared to
experiments (102 molecules UC−1), the observation that the
NGA phenomenon can be captured by atomistic simulation is
remarkable in itself. On further increasing the gas pressure to
25 kPa, the op phase becomes the equilibrium phase, shown by
the second transition in Figure 3b. However, the barrier
between these phases only disappears at a higher gas pressure
of 70 kPa (Figure 3d).
Just as a trajectory can be walked toward increasing gas

pressures, the same process can be done in reverse to track
desorption. The same path is obtained for the equilibrium
path, the experimentally observed hysteresis is absent with this
approach. Kinetic paths are different in adsorption and
desorption. Osmotic potential energy barriers during desorp-

tion, which prevent an op→ cp transition, only disappear when
the gas pressure decreases to 17.5 kPa. This prediction of an op
→ cp transition during desorption at a gas pressure similar to
that of the op → cp transition during adsorption is in
agreement with experiments, attributed to the flat osmotic
potential landscape over the entire volume range at this
pressure. Interestingly, on decreasing the gas pressure further,
it is predicted from this surface that the framework remains
locked into the cp phase, as observed experimentally. This is
due to the barrier surrounding the cp local minimum of the
osmotic potential landscape at low gas pressures.
The structural transitions derived from the kinetic pathway

during adsorption and desorption at 90 K agree quantitatively
with reported in situ powder X-ray diffraction experiments.7

The presence of intermediate phases between the op and cp
phases at approximately 2 kPa are reproduced, evidencing the
flatness of osmotic landscape at this gas pressure.
Recently, we reported methane adsorption on DUT-49 for

the range 91−190 K, observing a non-monotonic trend of
NGA amount with temperature and a distinct temperature
window.19 To provide insight into this trend, simulations were
completed for three temperatures (90, 120, and 150 K). The
difference in osmotic potential energy between the op and cp
phases (corresponding to 104 and 50 nm3, respectively) is
directly computed from these simulations, as well as the

Figure 3. Osmotic potential (a) and the quantity adsorbed (b) surfaces of methane adsorption on DUT-49 at 120 K, with the thermodynamic
equilibrium path, resulting in the equilibrium adsorption isotherm (c). The adsorption (solid line) and desorption (dashed line) path for kinetically
accessible states on the same surfaces (d and e) that produce the adsorption isotherm (f).
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osmotic potential energy barrier from op to cp (Figure 4a). The
pressure window for stability of the cp phase (where Ωop − Ωcp

> 0) is significantly affected by temperature. This results in the
op → cp phase transitions becoming unfavorable at 150 K, in
line with the absence of experimentally observed phase
transitions at this temperature and beyond.19 We can
alternatively consider these trends with respect to the
difference in adsorbed amount in the op and cp phases (Figure
4b), representing the amount of NGA (NNGA). The barrier
present at 90 K disappears before the isotherm crossing point,
implying that NGA is suppressed, whereas at 120 K, the barrier
only disappears after the op state has more methane adsorbed
than the cp state, necessitating the release of gas and the NGA
step. By considering the amount adsorbed in each of the
phases when the osmotic potential barrier for the op → cp
transition disappears, we can predict the amount of NGA
(Figure 4b, inset). This qualitative description outlines how
NGA must be a function of not only the difference in osmotic
potential but also the barrier to produce a temperature
window.
We have outlined an approach to investigate a responsive

gas adsorption process using atomistic simulations to create an
osmotic potential surface. Roaming this surface using
equilibrium or kinetic trajectories produces very different

isotherms. It is only by considering a kinetic pathway that
accounts for osmotic potential barriers that the salient features
of complex adsorption processes are produced. We used this
model to understand the effects of temperature, demonstrating
the previously poorly understood non-monotonic trend of
NGA magnitude. The presented methodology enables ab initio
prediction of NGA and permits investigation of similar
counterintuitive adsorption processes. This is an important
step toward predicting the evolution of conformational energy
landscapes of flexible porous materials upon guest adsorp-
tion.28 In particular, this new insight into the barriers present
in responsive adsorption processes is of utmost importance for
the intended application of these materials in kinetic selectivity
and recognition. Many separation process are emphasized for
flexible porous materials, but hysteresis is rarely addressed and
poorly understood.29 This approach highlights how desorption
can access an entirely different pathway than adsorption.
Flexible systems can wander beyond equilibrium, and it is only
by mapping the complete energy surface that we can
understand these unique adsorption phenomena and pave
the way for new adsorbent technologies.
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Accurate transferable polarization model derived from the monomer
electron density†

Ruben Goeminne,a and Toon Verstraelen∗a

Force field have for decades proven to be an indispensable tool for molecular simulations which are
out of reach for ab initio methods. Recent efforts to improve the accuracy of these simulations
have focused on the inclusion of many-body interactions in force fields. In this regard, we propose
a transferable inducible dipole model which requires only the monomer electron density as input,
without the need for atom type specific parameters. Slater dipoles are introduced, the widths of
which are derived from the ab initio monomer density. An additional exchange-repulsion interaction
is introduced in our model, modeled as an overlap of densities. This interaction, previously neglected
in point dipole models, can be grounded in a second order expansion of the universal DFT functional
in changes of the density and external potential. The inclusion of this interaction is shown to
significantly improve the prediction of molecular polarizabilities and three-body energies. Our model
is incorporated in a previously proposed non-covalent force field and is benchmarked on interaction
energies of dimers contained in the hsg and hbc6 datasets, demonstrating competitive accuracy with
common fitted force fields. The inherent transferability of our model makes it widely applicable, for
example to systems for which no specifically fitted parameters for polarization models are available
in the literature.

1 Introduction
The importance of non-additive effects in molecular simulations
has long been established. Most efforts to include these many-
body effects have focused on modeling the polarization compo-
nent. This interaction is known to be important for the sol-
vation free energy of salt ions and amines1–3, cation-π interac-
tions4, the modeling of polarizable organic compounds5–10 and
the various anomalous properties of water.11–15 Models to in-
clude electronic polarization can generally be divided into the
Drude oscillator,16–20 fluctuating charge21 and inducible dipole
models.22 The Drude oscillator or charge-on-spring model intro-
duces an auxiliary charged particle which is attached to the po-
larizable center by a parabolic restraint. In the fluctuating charge
model, the magnitude of the charge on the polarizable center it-
self is allowed to fluctuate. The inducible dipole model, on the
other hand, does not alter the monopoles but introduces a ba-
sis of atomic dipole response functions at each atomic site. The
dipole response has previously been modeled by point dipoles,
in which case damping functions are required to avoid the po-
larization catastrophe15,23, or Gaussian dipoles, for which widths

a Center for Molecular Modeling (CMM), Ghent University,
Technologiepark 46, 9052 Zwijnaarde, Belgium; E-mail: Toon.Verstraelen@UGent.be
† Electronic Supplementary Information (ESI) available: [The fitting proce-
dure and results for the Slater dipole widths and amplitudes.]. See DOI:
10.1039/cXCP00000x/

of Gaussian charge distributions are required. Furthermore, the
parametrization of polarizabilities usually requires the introduc-
tion of a set of atom types, dependent on both the element and its
chemical environment.24,25 The atomic polarizabilities are then
determined by fitting to the experimental or ab initio polarizabil-
ity tensors for a set of molecules or functional groups which con-
tain the atom type of interest, or by probing molecules with point
charges or external electric fields.23,24,26 However, these methods
limit the model’s applicability to atoms in molecules with similar
chemical environments as in the training set.

This work is based on the inducible dipole model. Compared to
models in the literature, we aim foremost at a fully transferable
polarization model. It is transferable in a different sense than
previous inducible dipole models. Usually, the term refers to the
ability of a model to generalize to molecules outside the training
set, which are however composed of atom types included in the
training set. In contrast, our model makes use of the ground state
electron density, obtained from a single ab initio calculation of the
monomer(s) of interest. Making used of a single interaction pa-
rameter, good transferability is observed to molecules outside the
training set, making the model easily applicable to new systems
without the need to define atom types.

Our model introduces Slater dipoles as response functions, and
includes an additional exchange-repulsion interaction, together
with the previously used classical electrostatic interaction. The
exchange-repulsion interaction is modeled as a proportionality
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with the overlap between electron densities, based on previ-
ous observations of this proportionality.27–30 After the inducible
dipole model is introduced in Section 2, and Slater widths for
each chemical element are determined in Section 3.1, we vali-
date our model by its performance in the prediction of a large
set of molecular polarizabilities in Section 3.2 and cluster many-
body interaction energies in Section 3.3. In this way, we can di-
rectly compare the non-additive component of our model to ab
initio many-body energies, ensuring our model exhibits the cor-
rect many-body behavior. In Section 3.4, the inducible dipole
model is included in the non-covalent monomer electron density
force field (MEDFF), which decomposes the interaction energy
in four interaction terms in accordance with SAPT.31 Similar to
the newly proposed polarization model, MEDFF only requires the
monomer electron density as input. It comprises 3 interaction pa-
rameters which were fit to a set of dimer interaction energies, one
of which is replaced by including the new inducible dipole model
with its single interaction parameter. The resulting polarizable
monomer electron density force field (PMEDFF) is then bench-
marked on dimer interactions to which no fitting was performed
in Section 3.5. For several dimers, no parameters were avail-
able for the commonly used AMOEBA polarizable force field,11

demonstrating the utility of our model’s transferability to novel
intermolecular interactions.

2 Inducible dipole model
A physical inducible dipole model is built up from essentially
three components. The first is a determination of the atomic po-
larizabilities. The second is a representation of the ground state
electron density and the functional form of the atomic dipole
response functions. The last component is a model for the in-
teractions of the induced dipoles with the ground state and for
the interactions between the induced dipoles. These interactions
have previously been approximated as purely electrostatic contri-
butions. As the proposed polarization model differs in its three
components from frequently-used inducible dipole models in the
literature, these separate components are introduced first.

2.1 Atomic polarizabilities

Atomic polarizabilities are usually derived by defining a limited
set of atom types, after which the respective atomic polarizabil-
ities are fit to reproduce the experimental32 or ab initio24 de-
rived molecular polarizability tensor. Our approach differs from
this methodology, as our intent is to derive all model parame-
ters except a single interaction parameter from an ab initio cal-
culation of the molecule of interest. Therefore, we start from
the free atom polarizabilities obtained from linear response time-
dependent density functional theory.33 Subsequently, to account
for the chemical environment, the isotropic polarizability of each
atom αi,free is rescaled proportionally to the effective volume
(Vaim) of the atom-in-molecule

αi =
Vaim
Vfree

αi,free =

∫
r3ρi(~r) d~r∫

r3ρi,free(~r) d~r
αi,free (1)

with Vfree the effective volume of the free atom in vacuum.

This rescaling of polarizabilities was proposed previously in the
exchange-hole dipole moment (XDM) and Tkatchenko-Scheffler
dispersion models.34,35 For consistency with MEDFF, all ground
state densities were calculated at the spin-polarized B3LYP/aug-
cc-pVTZ level of theory. Similarly, for consistency with the Slater
dipoles derived in the following Section, the minimal basis itera-
tive stockholder (MBIS) scheme was used to partition the molec-
ular density into atomic fragments.36

2.2 Slater dipole response functions

Previously, both point charges and Gaussian charge distributions
have been used to represent the ground state electron density, to-
gether with point dipoles and Gaussian dipoles as response func-
tions. However, as the true electron density tails off exponentially,
atom-centered Slater functions are used in this work to represent
the ground state.37–39 To this end, the MBIS scheme36 is used to
partition the ab initio molecular density into atom-centered core
charges qc

A and valence 1s Slater functions of the form:

ρs
A(~r) =

NA

8πσA,s
3 exp


−

∣∣∣~r−~RA

∣∣∣
σA,s


+qc

A δ (~r−~RA) (2)

with NA the population and σA,s the width of the distribution,
both of which are fitted to the ab initio density by minimizing the
Kullback-Leibler divergence. This partitioning has been show to
accurately reproduce dimer electrostatic interactions, while being
robust with respect to small changes in the electronic structure
calculation from which it is derived36. A Slater dipole can now
be constructed as the gradient of a normalized 1s Slater function.
However, as this function has no well defined limit towards ~RA,
we alternatively use a normalized 1s+2s function:

~ρp
A(~r) =

~∇A ρ1s+2s
A (3)

= ~∇A


 1

32πσA,p
3 exp


−

∣∣∣~r−~RA

∣∣∣
σA,p




1+

∣∣∣~r−~RA

∣∣∣
σA,p




 (4)

=
1

32πσA,p
5 exp


−

∣∣∣~r−~RA

∣∣∣
σA,p



(
~r−~RA

)
(5)

This Slater dipole can be interpreted as the density difference
between an unperturbed ground state electron density and a den-
sity perturbed by an electric dipole field. From this interpretation,
the dipole width σA,p,free for each free atom can be determined by
fitting a Slater dipole to the normalized ab initio density differ-
ence of a free atom. More details are provided in Section 3.1. To
account for the chemical environment of each atom in a molecule
or solid, every free atom dipole width σA,p,free is subsequently
scaled with the cube root of the ratio of its effective volume in a
molecule compared to its effective volume in vacuum35, similarly
to the rescaling used for the polarizabilities in Section 2.1:

σA,p =

( ∫
r3ρA(~r) d~r∫

r3ρA,free(~r) d~r

)1/3

σA,p,free (6)
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Fig. 1 Ab initio density difference between the unperturbed free atoms and atoms in a dipole field along the p-axis (in black) with p ∈ {x,y,z} that
minimizes the energy, the Slater function fit to the ab initio expectation value of p3 (in blue), and the least squares fit of multiple Slater functions to
the ab initio density (in orange).

A similar functional form to Eq. 5 has been proposed before,
although dipole widths were fit for specific atom types instead of
making use of ab initio atomic density differences.20

2.3 Interaction model

To understand the approximations made in inducible dipole mod-
els,9,24,26,40–42, let us ground the inducible dipole model in
density-functional theory (DFT). These derivations build upon the
work of York et al. and Tabacchi et al.43,44 Consider a system
of N interacting subsystems, for example a set of molecules or a
molecule with an adsorbent, each described by a nuclear charge
distribution ρn

i (~r) and ground state electron density ρ0
i (~r) of the

isolated subsystem. The total electron density can be defined as a
sum of the reference densities and the density response induced
due to the interaction of the subsystems

ρ(~r) = ρ0(~r)+δρ(~r) with

{
ρ0(~r) = ∑i ρ0

i (~r)

δρ(~r) = ∑i δρi(~r)
(7)

This system can be characterized by the energy functional:

E[ρ,v] = F [ρ]+
∫

ρ(~r)v(~r)d~r (8)

with v(~r) the external potential generated by the nuclei and F [ρ]
the universal functional. Substituting Equation 7 in the energy
functional and expanding to second order in changes of the den-
sity and external potential (see Tabacchi et al. 44) yields

E[ρ0 +δρ,v0 +δv] = E[ρ0,v0]+
∫

ρ0(~r)δv(~r)d~r+
∫

δρ(~r)v(~r)d~r

+∑
k

∫ δF
δρ(~r)

δρk(~r)d~r (9)

+
1
2 ∑

k,l

∫ ∫
δρk(~r)

(
δ 2F

δρ(~r)δρ(~r′)

)
δρl(~r

′)d~rd~r′

From this, all terms which depend on a change in density δρ can
be gathered into a term called the polarization energy EPFF. Fur-
thermore, the external potential v(~r) is assumed to be generated

by the nuclear charges ρn(~r) (no external fields are present)

v(~r) =
∫ ρn(~r′)
|~r−~r′| d~r

′ with ρn(~r) = ∑
k

ρn
k (~r) (10)

with this, EPFF can be written as

EPFF = ∑
k

∫ [∫ ρn(~r′)
|~r−~r′| d~r

′+
δF

δρ(~r)

]
δρk(~r)d~r

+
1
2 ∑

k,l

∫ ∫
δρk(~r)

(
δ 2F

δρ(~r)δρ(~r′)

)
δρl(~r

′)d~rd~r′ (11)

This Equation can be seen as a starting point for the developments
of inducible dipole models. Within a Kohn-Sham formulation of
DFT, the universal functional F [ρ] is decomposed as F [ρ] = T [ρ]+
Vee[ρ] = TS[ρ]+VH [ρ]+Exc[ρ]. Only the functional derivatives of
the Hartree term are known exactly

δVH [ρ]
δρ(~r)

=
∫ ρ(~r′)
|~r−~r′| d~r

′,
δ 2VH [ρ]

δρ(~r)δρ(~r′)
=

1
|~r−~r′| (12)

Therefore, classical inducible dipole models only retain this term
(F [ρ]≈VH [ρ]). The density response is now expanded in a dipole
basis set centered at each atom a, with i ∈ {x,y,z}:

δρ(~r) = ∑
a

∑
i=x,y,z

ca,idi
a(~r) (13)

Due to the choice of dipole basis set, the diagonal elements of the
second functional derivative of F [ρ] with respect to the density
response are equal to the inverse of the dipole polarizability.45

Assuming isotropic atomic polarizabilities, Equation 11 reduces
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to

EPFF,cl = ∑
a

∑
i

ca,i

∫ ∫ ρ0
tot(~r

′)di
a(~r)

|~r−~r′| d~r d~r′

+
1
2 ∑

a6=b
∑
i, j

ca,icb, j

∫ ∫ di
a(~r)d

j
b(~r
′)

|~r−~r′| d~rd~r′

+
1
2 ∑

a,i

c2
a,i

αa
(14)

with αa the atomic polarizability of atom a and ρ0
tot the sum of

the nuclear charges ρn and the reference electron density ρ0.
Herein, the first term represents the classical interaction of the
total charge density with a dipole on atom a, with the second
term the classical interaction between two dipoles located on
atoms a and b. Lastly, the third term represents the energy re-
quired to generate the dipoles. Minimizing EPFF,cl with respect
to the the magnitude of the induced dipoles ca,i, the classical
inducible dipole model is obtained (not considering the usually
applied damping functions23 and scaling factors for interactions
between atoms separated by up to 4 bonds46). However, in this
derivation, the interactions were assumed to be purely Coulom-
bic, neglecting the Pauli exclusion principle.47 While this con-
straint requiring antisymmetrization of the wavefunction with re-
spect to the exchange of two electrons clearly affects the electron-
electron interaction Vee[ρ], it also affects the kinetic energy T .
This is due to the antisymmetrization leading to more strongly
oscillating wavefunctions, leading to an increase in kinetic en-
ergy.48 The exchange interaction has previously been neglected
due to the fact that it cannot be represented as a functional of the
interacting electron densities. However, an approximate propor-
tionality between this interaction and the overlap of the electron
densities has been observed previously.27–30 Recently, the propor-
tionality factor was determined by fitting to SAPT2+3 exchange-
repulsion interaction energies of the dispersion dominated dimers
in the S66x8 set, and is on average equal to 8.13 a.u.30,31,49. This
overlap model reproduces SAPT2+3 exchange-repulsion energies
with a root mean square error of 1.22 kcal/mol. This additional
interaction is now included in our interaction kernel:

K(~r,~r′) =
δ 2F [ρ]

δρ(~r)δρ(~r′)
≈ 1
|~r−~r′| +Uex δ (~r−~r′) (15)

where Uex represents the proportionality between the overlap in
electron density and the exchange-repulsion energy. Note that the
need for an additional interaction which induces the dipoles has
been noted before, with the magnitude of induced dipoles being
consistently underestimated at intermediate distances.26,30 With
this new interaction kernel, the following polarizable model is

obtained, in contrast to the classical model from Equation 14:

EPFF = ∑
a

∑
i

ca,i

[∫ ∫ ρa∗
tot(~r

′)di
a(~r)

|~r−~r′| d~r d~r′+Uex

∫
ρa∗

tot(~r
′)di

a(~r)d~r
]

+
1
2 ∑

a 6=b
∑
i, j

ca,icb, j

[∫ ∫ di
a(~r)d

j
b(~r
′)

|~r−~r′| d~rd~r′+Uex

∫
di

a(~r)d
j
b(~r)d~r

]

+
1
2 ∑

a,i

c2
a,i

αa
(16)

With ρa∗
tot the sum of the nuclear charges ρn and monomer elec-

tron density ρ0 of all monomers except the monomer to which
atom a belongs. Herein, the nuclear charges and electron den-
sity of the monomer containing atom a are omitted, as the in-
tramolecular polarization effects are already mostly captured in
the ab initio monomer density used as input. In this polarization
model, Slater dipoles can thus be induced to minimize both the
electrostatic and exchange-repulsion energy between the ground
state electron densities of molecules. Clearly, long-range correla-
tion effects are neglected in this model. However, including the
often neglected exchange interaction should significantly increase
the physical accuracy of the model by an improved description of
this short-range effect.

3 Results and Discussion

3.1 Free atom dipole widths

Before the new inducible dipole model proposed in this work is
benchmarked, the free atom dipole widths are determined for the
following set of elements: H, C, N, O, F, P, S, Cl and Zn. The
response in electron density was determined by applying a dipole
field of 0.0001 a.u. to the free atom along the axis p∈ {x,y,z} that
minimizes the energy. This field strength is small enough to pre-
vent higher order effects, but large enough to prevent numerical
instabilities. Electron densities of both the perturbed and unper-
turbed free atoms were calculated with the CCSD method50 and
the aug-cc-pVQZ basis set51 using Gaussian0952. The basis sets
was chosen large enough to obtain sufficiently accurate density
tails.

The resulting density differences are shown in Figure 1 for H,
C, N, O, P and S. As large fluctuations of the density close to the
nucleus are present, a least squares fit of a single Slater dipole
yields unreliable results. Therefore, the Slater widths were deter-
mined by fitting the third moment 〈p3〉 of the Slater dipole along
the perturbation axis p to that of the ab initio density difference,
with p ∈ {x,y,z} which minimizes the energy. More details are
provided in the Supporting information. As seen from Figure 1,
this single Slater dipole per atom doesn’t capture all fluctuations
of the density, but is in reasonable agreement far from the nu-
cleus. To investigate whether these fluctuations cause significant
deviations in the energy of our polarization model, an additional
fitting of a linear combination of Slater dipoles per atom is also
determined. In this case, a least squares fit was used, as it is
desired to fit to the exact density fluctuations. Both the ampli-
tudes and Slater widths were fit, and the lowest number of Slater
dipoles able to capture all density fluctuations is used. The result
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(a) (b)

Fig. 2 (a) Eigenvalues of the dipole polarizability matrices of molecules in the QM7 dataset obtained at the reference B3LYP/aug-cc-pVTZ level
of theory and with the inducible dipole model with Uex=8.13 in red, Uex=0 in blue and K=0 in orange. The root mean square percentage errors
(RMSPEs) compared to the reference are shown in the legend. (b) Fractional polarizability anisotropy of the obtained dipole polarizability matrices.
The RMSPEs compared to the reference level of theory are shown in the legend.

are shown in orange in Figure 1. For these elements, a very accu-
rate fit to the ab initio density difference is possible using a linear
combination of at most 5 Slater dipoles. Note that the widths of
the derived atomic Slater dipoles in a molecule are subsequently
rescaled proportional to the cube root of the effective volume ac-
cording to Equation 6 in order to account for their chemical envi-
ronment.

3.2 Reproduction of the molecular polarizability

A first validation of the polarizable force field model developed
in this work is the reproduction of the molecular polarizability
tensor. By adding a uniform electric field VE = ~E ·~r to the ex-
ternal potential in Equation 10, the induced atomic dipoles can
be calculated and summed together to equal the induced molec-
ular dipole. If the interaction kernel is turned off (K(~r,~r′) = 0
in Equation 15), the molecular polarizability is simply equal to
the sum of the atomic polarizabilities, obtained with Equation 1.
Therefore, as we make use of isotropic atomic polarizabilities,
the molecular polarizability is isotropic in this case. In contrast,
turning on the interaction kernel K(~r,~r′), dipoles on neighboring
atoms can interact, giving rise to anisotropic contributions in the
molecular polarizability matrix. Equation 15 can therefore be val-
idated by the degree to which it gives rise to the correct molec-
ular anisotropy. To perform this validation, the QM7 dataset is
used, composed of 7165 molecules containing up to 23 atoms
(including up to 7 non-hydrogen atoms) which were extracted
from the larger GDB-13 dataset.53,54 Both the monomer electron
densities and reference dipole polarizabilities were obtained at
the B3LYP/aug-cc-pVTZ level of theory using Gaussian16.55 From
the obtained molecular polarizability matrices, both the eigenval-
ues and fractional polarizability anisotropy (FPA) are calculated.
The latter is a metric for the anisotropy ranging from 0 to 1, and

is defined as follows56

FPA =

√
1
2

[
(αxx−αyy)2 +(αxx−αzz)2 +(αyy−αzz)2

]

α2
xx +α2

yy +α2
zz

(17)

The resulting eigenvalues and FPEs of molecules of the QM7
dataset are shown in Figure 2(a) and 2(b), respectively. Three
different approximations to the interaction kernel are investi-
gated. In the first, with K(~r,~r′) = 0, the root mean square percent-
age error (RMSPE) on the polarizability eigenvalues is equal to
28.7%. As shown on in Figure 2(b), this approximation results in
isotropic molecular polarizabilities, resulting in a RMSPE on the
FPEs of 25.2%. In contrast, only turning on the Coulomb interac-
tion (K(~r,~r′) = 1/|~r−~r′|), results in RMSPEs of 13.5% and 7.8%
on the eigenvalues and FPEs, respectively. Finally, adding the
exchange-repulsion interaction of Equation 15, RMSPEs of 11.0%
and 5.9% are obtained on the eigenvalues and FPEs. Clearly, an
improvement is seen by adding the exchange-repulsion term with
respect to the pure Coulomb term. The ability of the model to
reproduce the response of a molecule to an external dipole field
is already a first validation. A second validation consists in its
ability to accurately predict intermolecular interaction energies,
as will be benchmarked in the following Section.

3.3 Benchmarking of many-body energies

3.3.1 Water three-body energies

To validate the developed polarizable force field, its prediction
of intermolecular polarization energies is now investigated. In
order to benchmark it separately from other intermolecular in-
teractions, our attention is turned to three, four and five-body
interaction energies. While two-body terms are composed of
electrostatic, exchange, dispersion and induction terms, bench-
mark systems such as water clusters can be chosen in which the
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Fig. 3 Parity plot of a set of 12 347 water trimer three-body energies
calculated with the inducible dipole model with Uex=0 in blue (repre-
senting only the Coulomb interaction), Uex=8.13 in red (including the
exchange interaction), AMOEBA14 in orange and iAMOEBA in green.
Results are compared with reference CCSD(T) three-body energies.

higher order terms are dominated by induction.57,58 In this way,
the predicted energies can be explicitly compared with ab initio
many-body energies. First, the intermolecular three-body ener-
gies of a set of 12 347 water trimers in a wide range of confor-
mations are computed with the inducible dipole model using the
multiple Slater fit of Figure 1 and compared to reference calcu-
lations performed at the CCSD(T)/aug-cc-pVTZ level of theory.59

In Figure 3, a comparison is shown between the reference ener-
gies and those computed with the inducible dipole model with-
out the exchange-repulsion interaction (Uex =0) and with the
exchange-repulsion interaction (Uex =8.13). Significant devia-
tions are observed for the pure Coulomb interaction, significantly
underestimating the energy for low-lying trimers. This trend is re-
versed for trimers with repulsive three-body energies, erroneously
predicting stabilizing interactions. The inclusion of exchange-
repulsion significantly improves the predicted energies, reducing
the root mean square deviation (RMSD) from 2.19 kJ·mol-1 to
0.92 kJ·mol-1. Only minor difference are observed when the sin-
gle Slater dipole functions are employed instead of the multiple
Slater functions, increasing the RMSD from 0.92 kJ·mol-1 to 1.06
kJ·mol-1 when including exchange. This suggests that the inclu-
sion of the precise density fluctuations near the nucleus is not
vital to obtain accurate three-body energies, and the single Slater
fit can be used for improved computational efficiency. The trimer
dataset for this comparison was previously constructed to fit a
full-dimensional potential energy function for water (MB-pol).59

As our model instead aims at being transferable without fitting
to the interaction energies of the systems of interest, it cannot
be expected to be competitive on the specific case of water with
MB-pol. Instead, it is compared with the popular iAMOEBA and
AMOEBA14 force fields from the literature.11,66 These force field
result in an RMSD of 1.31 kJ·mol-1 and 1.11 kJ·mol-1, respec-
tively. Especially trimers with negative three-body energies are

described well by our model (RMSD of 0.79 kJ·mol-1), compared
with iAMOEBA and AMOEBA14 (RMSD of 1.52 kJ·mol-1 and 1.29
kJ·mol-1, respectively). The main reason why AMOEBA14 can re-
produce three-body energies adequately without the inclusion of
an exchange interaction originates from its use of point dipoles.
As these interact more strongly than delocalized dipoles, the miss-
ing exchange interaction is partly compensated. The performance
on water three-body energies is an encouraging sign for the model
developed herein, as both literature force fields contain parame-
ters fitted specifically to reproduce water interaction energies and
condensed phase properties, while no such fitting is performed for
our model. In fact, our model contains no parameters fitted on
interaction energies of water. Only the monomer electron density
of a single optimized water molecule was used, together with a fit
for the atomic dipole basis for each element and the Uex param-
eter fitted previously on the dispersion-dominated dimers of the
S66x8 set.

3.3.2 Four and five-body energies of water hexamers

An even more direct validation of the many-body behaviour of
our polarization model is the prediction of four and five-body
energies. It is generally difficult to fit potentials to higher or-
der contributions in the many-body expansion either implicitly or
explicitly, as these contributions are usually significantly smaller
than the lower order contributions, and an explicit fitting would
require computationally demanding ab initio reference data for
clusters of 4 and 5 molecules. Therefore, these higher order con-
tributions are a good benchmark of the underlying physics of
the polarization model as well as the degree to which a poten-
tial relies on error cancellation between terms. For this compar-
ison we use a set of 8 MP2/CBS optimized water hexamer clus-
ters60 for which the many-body decomposition was calculated
by Medders et al. with CCSD(T)-F12, TTM3-F, TTM4-F, WHBB5
and MB-pol.59,61–65,67 Additionally, calculations were performed
with AMOEBA14 in Tinker.7,68 The four and five-body energies
are shown in Figure 4(a) and 4(b), respectively. The magnitude
of these interactions is significantly overestimated by AMOEBA14,
which is likely due to a degree of error cancellation with the two-
body contribution. The four and five-body energies predicted by
our model are similar to those predicted by TTM4-F and MB-pol.
However, the five-body energies are predicted especially well by
our model, improving on some small deviations of all models ob-
served for the cyclic chair and cyclic boat hexamers. This is es-
pecially noteworthy as our model has not been developed with
the specific case of water in mind, and no parameters are present
which were fitted to clusters of water molecules, whereas all other
models except AMOEBA14 were fitted to interaction energies of
clusters containing at least 3 monomers.

3.3.3 3b69 trimer three-body energies

To extend the benchmark on three body energies to a wider range
of intermolecular interactions, calculations were additionally per-
formed on the 3b69 set of trimers.69 Included in this set are 18
out of 24 molecules which are not present in the S66x8 set to
which the Uex parameter was fitted. It therefore represent a test of
how well the model transfers to interactions to which the parame-
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Fig. 4 Error on the four-body (a) and five-body (b) interaction energies of 8 water hexamers as computed with our model and water potentials from
the literature, with respect to reference calculations at the CCSD(T)-F12/cc-pVTZ level of theory.59–65

Fig. 5 Parity plot of three-body energies of trimers in the 3b69 set cal-
culated at the MP2/CBS level of theory, compared with the polarization
model proposed in this work (red) and the AMOEBA force field (blue).7

ter was not fitted. To test the many-body polarization component
separately from many-body dispersion, interaction energies were
recalculated at the MP2 level of theory extrapolated to the com-
plete basis set. MP2 includes many-body induction effects, but
the dispersion non-additivity only appears at the MP3 level, al-
lowing for a comparison between the inducible dipole model and
MP2 three-body energies.69,70 An RMSD of 0.88 kJ·mol-1 was
obtained, demonstrating good performance across a range of dif-
ferent interactions. In comparison, AMOEBA three-body energies
were obtained for the 22 out of the 69 trimers for which param-
eters are available.7 For this subset, an RMSD of 0.67 kJ·mol-1 is
obtained. However, the observation that the application of a reg-

ularly used polarizable force field from the literature is limited to
certain interactions demonstrates the usefulness of a transferable
model, as it can be applied to a wide range of interactions.

3.4 Development of a full non-covalent force field

To predict total non-covalent interaction energies, the developed
polarization model has to be combined with models for the other
intermolecular interactions. For this, the monomer electron den-
sity force field (MEDFF) is ideally suited. In analogy to the ab ini-
tio energy decomposition made by symmetry-adapted perturba-
tion theory (SAPT), MEDFF separates the total interaction energy
in an electrostatic, dispersion, exchange-repulsion and induction
interaction. Each one is a functional form of the electron density
of the constituting monomers:

EMEDFF = Eelst +Edisp +Eex +Eind (18)

= ∑
A

∑
B

(
EAB

elst +EAB
disp +UexSAB−UindSAB

)
(19)

with the sum over A and B running over all atoms in the first
and second monomer, respectively, and SAB the overlap integral
between electron densities ρ of atoms A and B:

SAB =
∫

d~rρA(~r)ρB(~r) (20)

Both the exchange-repulsion and induction interactions are mod-
eled as a proportionality of the overlap integral of electron densi-
ties of the monomers (with proportionality factors Uex and Uind).
While the exchange-repulsion was shown to be accurately mod-
eled with the overlap model, the picture is more complex for in-
duction. This interaction consists of multiple effects like polariza-
tion and charge-transfer effects. Of these, charge-transfer will
typically dominate in dispersion-dominated interactions where
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Fig. 6 Fitted values of Uex_ct for each of the 66 dimers present in the S66x10 set. For each dimer, Uex_ct is fitted to the 10 dimer configurations
along the dissociation curve. For the hydrogen-bonded dimers, acetic acid is shown as example, while the cyclopentane-neopentane dimer is shown
among the dispersion-dominated structures.

polarization plays a minor role. Moreover, charge-transfer is
known to be proportional (to good approximation) to the over-
lap between electron densities. For this reason, MEDFF performs
well on benchmarks of dispersion-dominated interactions. How-
ever, for hydrogen-bonded interactions in which polarization is
dominant, significantly worse performance is observed. Clearly,
polarization cannot be accurately captured by a pairwise addi-
tive overlap model. Herein lies the value of our previously devel-
oped polarization model. Incorporating our polarization model
in MEDFF, the polarizable monomer electron density force field
(PMEDFF) is obtained:

EPMEDFF = Eelst +Edisp +Eex_ct +Epol (21)

= ∑
A

∑
B

(
EAB

elst +EAB
disp +Uex_ctSAB

)
+Epol (22)

with Epol given by Equation 16. Herein, Uex_ct represents
the proportionality between the exchange-repulsion and charge
transfer interactions and the electron density overlap. The com-
mon treatment of both these interactions is further justified by
the observation that in the higher order terms of SAPT, exchange-
repulsion and induction effects cannot be distinguished. This
new proportionality factor Uex_ct is therefore fitted to the sum of
the SAPT2+(3) exchange-repulsion and induction energies minus
the polarization energy Epol for dimers of the S66x10 set. This
set is an extension of the original S66x8 set, including smaller
intermolecular distances (with rescaling factors of 0.7 and 0.8
with respect to the equilibrium distance).71,72 This fit results in
a value of Uex_ct =7.16. However, some dependence of this pa-
rameter on the type of interaction remains, as can be seen from
Figure 6 in which a fit was made for each separate dimer com-
plex. On average, slightly lower values for Uex_ct are observed

for the hydrogen-bonded dimers, shown in red. For example, for
the acetic acid dimer with a double hydrogen bond, a value of
Uex_ct =6.37 is obtained. Among the dispersion-dominated struc-
tures shown in blue, the cyclopentane-neopentane dimer results
in the largest value of Uex_ct =9.20. However, there is a clear indi-
cation that the inclusion of our polarizable model has captured an
important part of the physical interactions between these dimers
better than the overlap model used in the original MEDFF (see
Equation 19). The standard deviation between fitted values of
Uex_ct in Figure 6 is equal to 0.59. This value can be interpreted
as the degree variability across different intermolecular interac-
tions, and therefore the degree to which the model is ‘missing’
some physics. Fitting the original Uex and Uind parameters in the
same way, a standard deviation of 0.97 is obtained, indicating
that our polarizable model more accurately captures the inter-
molecular interactions. Furthermore, a correlation is present be-
tween the fitted values for Uex_ct and the original MEDFF values
for Uex which were fitted to the ab initio SAPT2+(3) exchange-
repulsion energies. This indicates that an important remainder
of the variability of our fitted Uex_ct parameter originates from a
breakdown of the relatively simple overlap model for exchange-
repulsion. Clear indications already exist in the literature how
such a model could be improved, relating mainly to a description
of the atomic anisotropy of the interactions.73 However, such ex-
tensions would introduce new fitting parameters, diminishing on
our promise of a transferable force field with as little parame-
ters as possible. While alternatively, deeper insight into ab initio
derivations of the origin of exchange-repulsion could lead to a
better force field description of this interaction, this will be left
for further work.
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Fig. 7 Parity plot of dimer interaction energies of the hsg set calculated
with MMFF (red), AMOEBA (blue), GAFF (purple), MEDFF (green)
and PMEDFF (orange). The RMSD for each force field is shown in the
legend.

3.5 Benchmarking of dimer interaction energies
To validate our force field, we test its performance on two datasets
of dimers which are not present in the S66x8 set to which the in-
teraction parameters were fit. Both datasets and the associated
interaction energies computed at the CCSD(T)/CBS level of the-
ory were taken from the BioFragment Database.74–76 The hsg set
contains 21 dimer fragments, extracted from an HIV-II protease
crystal structure with a bound ligand (indinavir), representing
a wide range of interactions (from dispersion to electrostatically
dominated).76 Therefore, the universal value for Uex_ct of 7.16
a.u. was used for PMEDFF. A comparison was made with the
Merck molecular force field77 (MMFF), AMOEBA7, the general-
ized amber force field78 (GAFF) and MEDFF30. As can be seen
in Figure 7, PMEDFF performs well on the whole set, with an
RMSD of 4.93 kJ·mol-1. Both GAFF and AMOEBA also show a
balanced performance across the range of interaction types, al-
though the RMSD of 3.22 kJ·mol-1 obtained for AMOEBA only
includes 13 out of the 21 complexes for which parameters are
available. A significant overestimation of the magnitude of the
interaction energy of the electrostatically dominated complexes
is observed for MMFF, resulting in an RMSD of 19.40 kJ·mol-1.
MEDFF, on the other hand, slightly underestimates the interac-
tion energy of some of the electrostatically dominated complexes,
yielding an RMSD of 9.13 kJ·mol-1.

The hbc6 set consists of doubly hydrogen bonded dimers ex-
tracted from 6 dissociation curves containing formic acid, for-
mamide and formamidine.79 Because of the interaction type, the
Uex_ct parameter was set to 6.37 a.u., obtained from the fit of the
double hydrogen bonded acetic acid dimer (see Figure 6) Due
to the double hydrogen bonds, the induction component of the
interaction for complexes around the equilibrium intermolecular
distances is much larger than for dimers in the hsg set.74 This

set is therefore a more stringent test of the induction compo-
nent of our force field. We compare with AMOEBA, MMFF and
MEDFF. Only 60 out of the 118 dimers containing formic acid
and formamide were retained for AMOEBA, as no parameters
were available for formamidine. We divide our comparisons with
other force fields between dimers with an intermolecular distance
larger than and smaller than that of the optimized dimer geom-
etry, shown in Figure 8. For large intermolecular distances, the
RMSD of MMFF, AMOEBA, MEDFF and PMEDFF is equal to 8.95
kJ·mol-1, 2.93 kJ·mol-1, 8.24 kJ·mol-1 and 5.56 kJ·mol-1, respec-
tively. The dimers with rescaled intermolecular distances smaller
than 1 are more challenging to predict, as hydrogen bonds are
artificially compressed. The increase in error from the rescaled
distances larger than 1 is most pronounced for AMOEBA. The er-
ror increases to 44.98 kJ·mol-1, due to the prediction of large
repulsive interaction energies. Lower errors of 32.72 kJ·mol-1,
15.40 kJ·mol-1 and 15.94 kJ·mol-1 are seen for MEDFF, MMFF
and PMEDFF. Overall, the performance of PMEDFF against other
force fields is encouraging, especially given that, as a test of trans-
ferability of our force field, no fitting was performed to any of the
dimers present in both the hsg and hbc6 set.

4 Conclusions and outlook
A new transferable polarization model was developed, based on
the often-used inducible dipole model. It is transferable in the
sense that only the ground state electron density of the molecule
or periodic structure in question is required, together with a
single proportionality factor which was fitted to the S66x8 set.
Slater dipoles were introduced as the dipole response functions,
and exchange-repulsion was included as an additional interac-
tion inducing the Slater dipoles. The resulting model performs
well on the prediction of molecular polarizabilities of molecules
in the QM7 dataset and three-body energies of trimers contain-
ing a wide range of intermolecular interactions. Importantly, this
is also the case for molecules not present in the S66x8 set and
molecules for which no specifically fitted parameters are avail-
able for induction models in the literature. The performance is
especially noteworthy for the prediction of higher order many-
body contributions in a set of water hexamers. A complete polar-
izable non-covalent force field, coined the polarizable monomer
electron density force field (PMEDFF), was developed by includ-
ing our polarization model in the previously proposed monomer
electron density force field (MEDFF). A benchmark on two dimer
datasets revealed a performance comparable or better than force
fields in the literature, without the need for molecule specific pa-
rameters.

To further improve upon the model developed in this work,
a more high quality two-body potential for the exchange term
would be required which includes anisotropic atomic parameters.
The current exchange term retains isotopic parameters for rea-
sons of transferability, although certainly anisotropic effects are
important, for example in the description of water.73 The inclu-
sion of these anisotropic effects in a transferable way is out of the
scope of this work, but will be investigated in future work. More-
over, our model retains a pair-wise additive dispersion model,
neglecting any many-body dispersion interactions. These effects
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Fig. 8 Parity plot of dimer interaction energies of the hbc set calculated with MMFF (red), AMOEBA (blue), MEDFF (green) and PMEDFF (orange).
Dimers along the dissociation curve with rescaled intermolecular distances smaller than the equilibrium distance dequi are displayed with filled symbols
in a lighter shade. Results for all force fields except MMFF are shifted horizontally for clarity. The RMSD for each force field at distances < dequi and
≥ dequi are shown in the legend.

certainly become important in the condensed phase, and future
extensions of our force field will focus on including an appropri-
ate model to include these interactions.
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Abstract

Nanoporous materials such as metal-organic frameworks (MOFs) have been ex-

tensively studied for their potential for adsorption and separation applications. In

this respect, grand canonical Monte Carlo (GCMC) simulations have become a well-

established tool for computational screenings of the adsorption properties of large sets

of MOFs. However, their reliance on empirical force field potentials have limited the

accuracy with which this tool can be applied to MOFs with challenging chemical en-

vironments such as open-metal sites. On the other hand, density-functional theory

(DFT) is too computationally demanding to be routinely employed in GCMC simu-

lations due to the excessive number of required function evaluations. Therefore, we

propose in this paper a protocol for training machine leaning potentials (MLPs) on a

limited set of DFT intermolecular interaction energies (and forces) of CO2 in ZIF-8

and the open-metal site containing Mg-MOF-74, and use the MLPs to derive adsorp-

tion isotherms from first principles. We make use of equivariant NequIP model which
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has demonstrated excellent data efficiency, and as such an error on the interaction

energies below 0.2 kJ·mol-1 per adsorbate in ZIF-8 was attained. Its use in GCMC

simulations results in highly accurate adsorption isotherms and heats of adsorption.

For Mg-MOF-74, a large dependence of the obtained results on the used dispersion

correction was observed, where PBE-MBD performs the best. Lastly, to test the trans-

ferability of the MLP trained on ZIF-8, it was applied to ZIF-3, ZIF-4 and ZIF-6, which

resulted in large deviations on the predicted adsorption isotherms and heats of adsorp-

tion. Only when explicitly training on data for all ZIFs, accurate adsorption properties

were obtained. As the proposed methodology is widely applicable to guest adsorption

in nanoporous materials, it opens up the possibility for training general-purpose MLPs

to perform highly accurate investigations of guest adsorption.

2
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Introduction

Porous materials such as metal-organic frameworks (MOFs) have drawn widespread interest

in the last few decades for their potential for gas adsorption and separation applications.1–3

Consisting of metal-oxide building blocks and organic ligands, their permanent porosity un-

der guest removal was first established in the late 1990s.4–8 Through their high degree of

versatility, rational design of these materials for targeted adsorption properties became pos-

sible through the concept of isoreticular design. In seminal work by the group of Yaghi,

the pore size of MOF-5 could be incrementally varied from 3.8 to 28.8 Å by substitution of

the constituting organic linker, giving rise to the IRMOF isoreticular series of MOFs. Of

these, IRMOF-6 demonstrated state-of-the-art methane storage capacity at the time.9 Fur-

thermore, linkers can be functionalized to tune the host-guest interactions.10–12 Clearly, the

chemical space of MOFs arising from combining linkers, metal-oxide bricks, topologies and

linker functionalizations is vast, precluding an exhaustive search of this space through exper-

imental characterization. Herein lies the prime value of computational screening studies.13–23

Through grand-canonical Monte Carlo simulations, the adsorption properties of large sets of

MOF structures can be quickly extracted. Early studies following this approach focused on

the screening of MOFs for their uptake and heat of adsorption of hydrogen, carbon dioxide

and methane,13–15 with later studies investigating separation properties.16–19 Prime examples

of the success of such computational screenings include the identification of NU-1103 out of

a set of 13 512 MOFs with outstanding hydrogen storage capacity at cryogenic temperatures

and the identification of 300 out of a set of 137 953 MOFs with exceptional methane stor-

age capacity.20,21 Lin et al. leveraged GPU hardware to significantly speed up adsorption

simulations, enabling them to screen hundreds of thousands of zeolites and ZIFs (zeolitic

imidazolate framework; a class of MOFs with isomorphic topology to zeolites) for carbon

capture applications.22,23 Furthermore, recent developments in machine learning (ML) mod-

els have been leveraged to predict the adsorption characteristics in MOFs.24–30 By training

such models on reference calculations or experimental uptakes, the adsorption properties of

3
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novel MOFs can be predicted with high accuracy (compared to the reference calculations or

experiments).

While all of the aforementioned screening studies have clearly demonstrated their merit in

identifying promising nanoporous for applications, they critically rely on an accurate descrip-

tion of the underlying potential energy surface (PES). Preferentially, DFT or wavefunction-

based methods would be used to provide a highly accurate description of the PES. However,

such methods are excessively computationally demanding for routine usage in GCMC simu-

lations, due to the required number of evaluations needed to converge a typical simulation.

Therefore, computationally cheap force fields are usually employed. To describe the host-

guest and guest-guest interactions, non-covalent force field potentials are employed. Usually,

a Lennard-Jones (LJ) or Buckingham potential is used, supplemented with an electrostatic

interaction arising from atomic charges assigned to the framework and adsorbates. Examples

of force fields used for this task are the Universal Force Field (UFF), DREIDING, MM3 and

the general Amber force field (GAFF).31–34 In later years, these force fields were adapted for

specific use with MOFs, including parameterizations of transition metals commonly encoun-

tered in these materials.35,36 However, many examples exist in the literature where force

fields required re-parameterization due to poor agreement with experiments. Boulanger

et al. rescaled the GAFF van der Waals dispersion parameters by a factor of 1.115 to obtain

accurate hydration free energies, Wu et al. rescaled the UFF LJ parameter ε by a factor

of 0.635 to reproduce methane adsorption isotherms in ZIF-8 and similarly, Pérez-Pellitero

et al. found that a rescaling of the LJ parameters was required for agreement with experi-

mental adsorption isotherms of N2 and CO2 in ZIFs.37–39 Moreover, force fields such as UFF

and DREIDING have been shown to significantly underestimate the interaction strength of

adsorbates with open-metal sites present in many MOFs.40 This deficiency has spurred the

development of more advanced polarizable force fields in which polarization of the adsorbate

on open-metal sites is modeled with the induced dipole method.41–46 However, even when

employing these more advanced force fields, significant deviations between the experimental

4
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and predicted CO2 adsorption isotherms and heats of adsorption remain in the open-metal

site containing M-MOF-74 (M=Co,Fe,Mg,Mn,Ni,Zn) series of MOFs.46 Such limits in the

attainable accuracy could be related to the functional form of the employed force fields,

which might not fully capture the interaction of adsorbates with the open-metal site.

The preceding discussion demonstrates the need for methods that can bridge the gap be-

tween a force field and DFT description of the intermolecular interactions between adsorbates

and a MOF adsorbent. On one hand, DFT calculations are prohibitively expensive for use

in GCMC simulations due to the required number of iterations needed for convergence.47

On the other hand, force field based GCMC simulations are computationally (relatively)

cheap, but are limited in accuracy when applied to challenging intermolecular interactions

such as those present in open-metal site containing MOFs. To bridge this gap, different

approaches have been investigated. Lee et al. evaluated the Henry regime (characterizing

the low-pressure adsorption behavior) in M-MOF-74(M=Zn,Mg) for several adsorbents by

performing biased single particle insertions, evaluated at the DFT level of theory.48 In a

similar work, Vandenbrande et al. proposed an importance sampling scheme based on pre-

ceding force field calculations to evaluate the Henry coefficients and heats of adsorption at

the DFT level of theory at infinite dilution for methane in UiO-66 and CO2 in Mg-MOF-74

by means of single particle insertions.49 However, the efficiency of this method (the num-

ber of required DFT evaluations) still depends critically on the quality of the used force

field. Moreover, only the low-pressure regime can be characterized from this method. Al-

ternatively, Kundu et al. predicted the adsorption isotherms of CO2 in Mg-MOF-74 from

calculations of the interaction energy of an adsorbate on the open-metal site and linker with

a correlated wavefunction-corrected DFT method.50–52 With these adsorption sites, a lattice

of sites was defined, on which grand canonical Monte Carlo simulations were performed.

Although successful in predicting the adsorption isotherms at different temperatures, this

method relies on an initial accurate determination of well-defined adsorption sites, as guest

molecules are not considered to adsorb on other sites of the framework, limiting the general
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applicability of this method.

Hence, this work aims at a generally applicable methodology to perform GCMC calcu-

lations in MOFs at DFT accuracy. For this, we leverage the recent developments of highly

accurate and data-efficient equivariant machine learning potentials (MLPs) to describe the

interaction of guest molecules in MOFs. In the message passing NequIP potential used in

this work, each atom is characterized by a feature vector which is refined during training

through a series of interactions layers.53 Tested on datasets of energies and forces of small

molecules and periodic materials, it demonstrated state-of-the-art accuracy as well as excep-

tional data efficiency. In recent years, MLPs have been employed to study the mechanical,

diffusion and phase transition properties of MOFs by means of MD simulations.54–57 In these

applications, the training set consists of DFT energies and atomic forces. However, for our

application of employing an MLP in GCMC simulations, the requirements on the training

set are fundamentally different. Through the integration of the equations of motion, an equi-

librium canonical MD simulation samples regions of the PES proportional to a Boltzmann

factor of the potential energy. While the exact same distribution is sampled from (canon-

ical) Monte Carlo simulations, this is achieved by performing trial moves of the system to

regions of the PES which might be very high in energy. Even though these trial moves will

not be accepted and are therefore not relevant, they still need to be reliably rejected. This

implies that, contrary to the case of MD simulations, the MLP needs to be explicitly trained

on structures high on the PES. Secondly, only the intermolecular or non-covalent energy is

of importance in GCMC simulations, as both the framework and adsorbates are generally

considered rigid.

To address these considerations, a methodology is proposed to efficiently generate datasets

of frameworks loaded with guests which will serve as the input data to train an MLP. Sub-

sequently, tests are performed to determine both the hyperparameters of the network, as

well as the required data set size to derive an accurate model for CO2 in ZIF-8. For adsorp-

tion in this MOF, high quality experimental data is available, allowing for a unambiguous

6
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comparison with the results obtained with our proposed methodology.58 With the trained

MLP, GCMC calculations are performed to extract the isotherms and heats of adsorption,

demonstrating excellent agreement with experiments. The proposed methodology is also ap-

plied to model CO2 adsorption in the open-metal site containing Mg-MOF-74 with reference

data generated at the PBE-D3(BJ), PBE-TS and PBE-MBD level of theory, highlighting

the important differences between the used dispersion corrections.59–63 Lastly, the ability of

an MLP trained on ZIF-8 to model adsorption in ZIF-3, ZIF-4 and ZIF-6 was investigated,

as this type of transferability of interactions to similar chemical environments is usually

implicitly assumed in classical force fields. The MLP is shown to be unable to capture the

stronger interactions present in ZIF-3 and ZIF-4. Even in ZIF-6, where the error on the

test set is acceptable, significant errors in the predicted heats of adsorption are obtained,

highlighting the risk of extrapolation for MLPs. Only when explicitly training on all ZIFs,

accurate results are obtained.

Methodology

Non-covalent dataset generation

As mentioned before, the requirements on a dataset to train an MLP employed in GCMC

simulations are different than the ones needed for performing MD simulations, due to the

need to reliably reject trial moves that are high in potential energy. On the other hand,

MLPs can generally be trained to higher accuracy when the training set is not excessively

unbalanced, as would be the case when combining repulsive interactions order of magnitudes

stronger than the attractive interactions. Therefore, an inclusion in the dataset of extremely

repulsive interactions as encountered when atoms approach each other closely, is not desir-

able. As a compromise between these considerations, the method illustrated in Figure 1 for

generating a dataset of non-covalent interactions is proposed.

First, the van der Waals radii derived by Alvarez are assigned to each element present in

7
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Assignment of 
exclusion spheres

Rigid-guest
optimizations

of CO2

Generation of 
loaded 

snapshots

Random
insertions
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VASP

Figure 1: Proposed methodology for generating the dataset to train an MLP on intermolecu-
lar energies (and forces). First, snapshots of the framework loaded with adsorbates respecting
minimum intermolecular distances defined by the exclusion spheres are generated. Subse-
quently, rigid-guest optimizations of the adsorbates are performed (with a fixed framework)
to guide the adsorbates to favorable interaction sites in the framework.

the framework and adsorbates.64 Their analysis of more than 5 million non-covalent distances

shows that no non-bonded interactions occur at inter-atomic distances below the sum of two

atomic radii minus 0.7 Å. Therefore, the van der Waals radius for each atom minus 0.35 Å

can be seen as an ‘exclusion sphere’ within which no adsorbate-adsorbate or adsorbate-

framework interactions occur. The exclusion spheres will be used further on (with proper

validation) in GCMC simulations to reject any trial step in which an overlap occurs. Because

of this, there is no need to explicitly train the MLP to these very short-ranged (repulsive)

interactions.

Subsequently, a set of N guest-loaded snapshots constrained by the exclusion spheres

are generated by means of random insertions, implemented in a custom python script. The

number of adsorbates in each snapshot Nads is distributed uniformly between 0 and Nmax,

with Nmax the maximum number of guests which can reliably be inserted without violating

the constraints. Although the snapshots generated from this procedure respect the mini-

mum intermolecular distances defined by the exclusion spheres, they still mostly represent

high energy structures. Therefore, in a last step, each snapshot is optimized using the

Broyden-Fletcher-Goldfarb-Shanno (BFGS) optimizer from the Atomic Simulation Environ-

8
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ment (ASE) at the relevant level of theory for Nsteps iterations, keeping both the framework

coordinates fixed and the adsorbates rigid (Nsteps = 30 in this work, as will be shown fur-

ther).65 While extensions to flexible frameworks and adsorbates are possible, these will not

be considered in this work. Every snapshot from the optimizations is retained in the dataset,

for a total of N ×Nsteps snapshots. By retaining all snapshots, both the high energy (at the

beginning of the optimization), as well as the low energy structures (at the end of the opti-

mization) are sampled. By subtracting the energies and forces of the constituting isolated

framework and adsorbates from the total energies and forces, the intermolecular energies

Einter and forces Finter are obtained. As the framework remains fixed, the energy and forces

of the framework are the same for each snapshot, requiring only 1 single point calculation. In

this work, the experimentally resolved structures for all MOFs are used. Similarly, because

of the use of rigid adsorbates, only a single calculations of the energy and forces of an isolated

adsorbate are required. Note that this calculation of intermolecular energies and forces is

not subject to a basis set superposition error, as plane waves were used as basis set in this

work. Further details on the DFT settings are given in the Computational Details.

MLP training

The Neural Equivariant Interatomic Potential (NequIP) is used in this work as MLP to

represent the intermolecular interaction energy and forces of guest-loaded frameworks, chosen

for its excellent accuracy and data efficiency.53 However, future more advanced models could

also be employed as simple drop-in replacements. To train the network, an appropriate cost

function is required. In this work, a slight adaptation of the existing cost functions in NequIP

is made. As Nads varies across snapshots in the training set and the intermolecular energy is

an extensive property, the energy cost is normalized with Nads (see Equation 1). Neglecting

to do so would artificially bias training towards snapshots with higher Nads. Additionally,

the intermolecular forces are also included in the cost function. While not strictly needed,

including forces during training is known to improve data efficiency. An L1 cost function is

9
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used for increased robustness with respect to outliers:

C(θ) =
λE
N

N∑

i=1

∥∥∥∥∥
E(i)(θ)− Ê(i)

inter

Nads,i

∥∥∥∥∥+
λF

3NNa

N∑

i=1

N
(i)
a∑

a=1

∥∥∥F (i)
a (θ)− F̂ (i)

inter,a

∥∥∥ (1)

with the sum over i running over the snapshots, the sum over a running over atoms, N
(i)
a the

number of atoms in each snapshot i and Na =
∑

iN
(i)
a . In this cost function, the parameters

of the network θ are to be optimized to minimize the difference between the predicted

energies and forces (E(i)(θ) and F (i)
a (θ)) and the reference energies and forces (Ê

(i)
inter and

F̂
(i)

inter,a). The hyperparameters λE and λF determine the relative weight of the energies and

forces. The effect of different hyperparameters of the network such as the cutoff radius, the

number of interaction layers, the number of features and the maximum rotation order are

investigated in the Supporting Information.

GCMC calculations

With the trained MLPs, GCMC calculations are performed using the same exclusion spheres

as for the dataset generation to reject unphysical trial moves. Care is taken that the exclusion

spheres were not too large such that energetically favorable moves would be rejected (see

further). In other words, the exclusion spheres should strictly encompass regions of the pores

associated with unfavorable insertion energies. The Peng-Robinson equation of state is used

to convert the gas pressure to a fugacity used in the simulations. Apart from the gas uptake,

the isosteric heat of adsorption Qst as a function of the gas pressure can be derived from

GCMC calculations from the following Equation:66

Qst = −〈E ·N〉 − 〈E〉〈N〉〈N2〉 − 〈N〉2 +RT (2)

with N and E the instantaneous number of adsorbates and intermolecular energy, the brack-

ets 〈· · · 〉 denoting an ensemble average and R and T are the molar gas constant and tem-
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perature. In this Equation, the first term represents the difference in interaction energy

between a MOF loaded with N + 1 molecules, compared to N molecules, and the second

term represents the work required to compress an ideal gas at a fixed pressure and tempera-

ture. Alternatively, the isosteric heat of adsorption at infinite dilution Qst,dilution can also be

computed using the Widom insertion method, performing a set of random insertions of the

adsorbate in the framework and computing the interaction energy ∆E:67

Qst,dilution = −〈∆E e
−β∆E〉

〈e−β∆E〉 +RT (3)

Results

Carbon dioxide adsorption in ZIF-8

(a) (b)

Figure 2: (a) Histogram of the interaction energy per adsorbate along three steps in op-
timization trajectories (step 0, 15 and 30) out of a total of 1000 optimizations, performed
at the PBE-D3(BJ) level of theory. (b) The mean absolute error (MAE) on the energy of
the validation set during training for different sizes of the dataset (between 125 and 1000
optimizations).

With the procedure outlined before, 1000 snapshots containing between 0 and 32 CO2

adsorbates were generated after which each was optimized at the PBE-D3(BJ) level of theory

for a total of 30 optimization steps. To determine whether the geometric optimizations have

11
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steered the adsorbates to the favorable interaction sites, the histograms of the interaction

energy per adsorbate are shown at the start of the optimization trajectories (step 0), in the

middle (step 15) and at the end (step 30) in Figure 2(a). As can be seen, the initial snapshots

represent mostly configurations between -10 and 10 kJ·mol-1 per adsorbate. Optimizing the

snapshots, most have reached interaction sites between -20 and -15 kJ·mol-1 per adsorbate

at the end. Note that it is not vitally important for all optimization trajectories to fully

converge. As long as sufficient favorable interactions are included in the dataset, the MLP

is able to accurately represent the minima (see further). To determine the required number

of trajectories to train an accurate MLP, the total dataset of 1000 optimization trajectories

was subdivided into sets containing N = 125, 250, 500 and 1000 trajectories. For each set,

a separate MLP was trained (denoted further as MLP125, MLP250, MLP500 and MLP1000),

in which 80% of the data is used for training and 20% for validation. The validation mean

absolute error (MAE) is shown in Figure 2(b). As can be seen, the MAE on the interaction

energies is low even for the dataset containing 125 trajectories. Increasing N from 125 to

1000 decreases the MAE from 0.093 to 0.060 kJ·mol-1 per adsorbate. However, evaluating

each model on a test set containing 100 optimizations to which no training was performed,

elevated errors of 0.45 to 0.15 kJ·mol-1 per adsorbate are obtained for MLP125 and MLP1000.

As a first validation of the derived MLPs, their accuracy in reproducing interaction

energies of a single adsorbate in the framework is investigated. A set of 50 rigid-body

optimizations of an adsorbate in ZIF-8 performed with MLP1000 revealed that the strongest

interaction site of CO2 is a configuration in which the adsorbate interacts with a pore window,

perpendicular to the plane of the window (see Figure 3(b)). To explore the interaction

around this minimum, the adsorbate was subsequently translated along the normal of the

pore window plane. Relative to the configuration centered in the pore window, the adsorbate

is translated with distances between 0 and 4 Å with steps of 0.1 Å. For each structure, the

interaction energy is recomputed with all MLPs and the reference PBE-D3(BJ) level of

theory. As shown in Figure 3(a), significant deviations are observed for MLP125. For the
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(a) (b)

Figure 3: (a) Interaction energies of an adsorbate with the pore window in ZIF-8, perpendic-
ular to the plane of the window, computed with all four MLPs and the reference PBE-D3(BJ)
level of theory. The adsorbate is translated along the normal (see (b)) with distances be-
tween 0 and 4 Å. (b) Visualization of the adsorbate interacting with the pore window of
ZIF-8, and the translation vector along the normal on the pore window. For clarity, only
the Zn atoms and imidazolate linkers of the six-membered pore ring are shown.

other MLPs, good agreement with the reference energies are obtained. Furthermore, as the

optimizations were performed with an MLP, this demonstrates that the forces learned during

training enable accurate optimizations towards the minimum.

While this first validation demonstrates that an MLP trained on a sufficient number of

optimizations can accurately reproduce interaction energies around minima on the potential

energy surface, an additional validation of the used exclusion spheres is vital to ensure that

their exact values do not influence the adsorption properties obtained further. To this end,

the heats of adsorption Qst of CO2 in ZIF-8 were computed at 273 K by means of Widom

insertions with rescaled values of the radii of the exclusion spheres between a factor of 0.80

and 1.20. In case the exclusion spheres would erroneously exclude relevant regions of the

potential energy surface, Qst would be sensitive to rescaling factors smaller than 1. As shown

in Figure 4, Qst is indeed insensitive to the exact choice of the radii for the exclusion spheres

13
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Smaller
exclusion zone

Larger
exclusion zone

Figure 4: Isosteric heat of adsorption Qst of CO2 in ZIF-8 obtained from 5 · 106 Widom
insertions using MLP1000 with rescaled exclusion sphere radii. Errors are obtained from
dividing the set of 5·106 Widom insertions in 5 subsets, and computing the standard deviation
between Qst obtained for each subset.

(with only small deviations occurring from rescaling factors larger than 1), demonstrating

that the region excluded by the exclusion spheres is indeed an irrelevant part of the phase

space.

With each of the MLPs trained on varying dataset sizes, GCMC calculations were sub-

sequently performed at a temperature of 273 K and a range of gas pressures between 0.1

bar and 50 bar. Each simulation consists of 5 · 106 MC steps, with equal probability for

translations, rotations, insertions and deletions. The resulting uptake as a function of the

gas pressure and heat of adsorption as a function of the guest loading are shown in Figure

5(a) and 5(b). The adsorption isotherms obtained with the MLPs trained on between 125

and 1000 optimizations are nearly identical. Comparing these isotherms with experimental

results obtained by Simmons et al., Abraha et al. and Gracés et al., good agreement between

both is observed, as seen in Figure 5(a).58,68,69 While a slight over-prediction of the uptake

at low gas pressure and an under-prediction of the uptake at high gas pressures is observed,

this could be due to the rigid-framework approximation employed in GCMC simulations, as

the flexible behavior of ZIF-8 and its effects on adsorption have been well-established.70 As

shown in Figure 5(b), MLP1000 predicts an increase in the heat of adsorption of CO2 in ZIF-8

from 18.0 kJ·mol-1 at the smallest loadings to approximately 25.8 kJ·mol-1 at the highest
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(c)

(d)

(a)

(b)

Figure 5: (a) The gas uptake and (b) isosteric heats of adsorption of CO2 in ZIF-8 obtained
with MLPs trained on between 125 and 1000 optimizations. Error bars are obtained from
block averaging. (c) The test MAE on the energy of snapshots extracted from GCMC
simulations as a function of the gas pressure and (d) a density plot of adsorbate atoms
extracted from the MLP trained on 1000 optimizations at 10 bar.
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loadings, in good agreement with experimentally derived heats of adsorption.58 This increase

in heat of adsorption as a function of the CO2 loading is indicative for the relatively weak

host-guest interactions in ZIF-8 compared to the guest-guest interactions. Even though the

most favorable interaction sites for an adsorbate in ZIF-8 are already occupied at higher

guest loadings, the heat of adsorption still increases due to the guest-guest stabilization.

To determine the accuracy of the performed GCMC simulations compared to the reference

level of theory, 50 snapshots were taken from the GCMC simulations performed with each of

the MLPs at each gas pressure. The interaction energy of these snapshots was recomputed

with the reference PBE-D3(BJ) level of theory. As shown in Figure 5(c), the resulting average

MAE on the energy decreases with increasing N from 0.54 to 0.13 kJ·mol-1 per adsorbate.

Already for N = 250 (representing 7500 total DFT evaluations), a MAE smaller than 0.40

kJ·mol-1 per adsorbate is attained. As illustration, the density of adsorbate oxygen atoms

extracted from the GCMC simulations using N = 1000 at a pressure of 10 bar is shown in

Figure 5(d).

Carbon dioxide adsorption in Mg-MOF-74

Having validated our proposed methodology, it is now applied to the challenging case of CO2

adsorption on the open-metal sites present in Mg-MOF-74. Due to the undercoordination of

the metal, CO2 molecules can approach the Mg site in this MOF to within 2.2 Å , which is

closer than would be allowed by the tabulated van der Waals radius for Mg.46,64 Therefore,

the Mg van der Waals radius was set to 1.0 Å , allowing insertions of CO2 in the framework

to within 1.8 Å of the Mg metal site. This choice was validated a posteriori, as was done

for ZIF-8 in Figure 4, and is shown in Section 3 of the Supporting Information.

From the literature, it is known that the interaction energy of a CO2 molecule with

the Mg open-metal site in Mg-MOF-74 depends significantly on the choice of dispersion

correction.71 Therefore, 1000 optimizations were performed in the framework at the PBE-

D3(BJ), PBE-TS and PBE-MBD levels of theory. This selection of dispersion corrections
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(a) (b)

Figure 6: (a) The excess CO2 uptake and (b) isosteric heats of adsorption in Mg-MOF-74
computed with MLPs trained on PBE-D3(BJ), PBE-TS and PBE-MBD reference optimiza-
tions, compared to experiments by Dietzel et al.,72 Yu et al.73 and Queen et al.74 and UFF
simulations.46 All MLP GCMC simulations were performed at 298 K and pressures between
2·10-4 and 50 bar.

was inspired by previous work by Rehak et al. in which the adsorption energy on the Mg site

obtained with different levels of theory was benchmarked.71 Therein, the PBE-TS and PBE-

MBD functionals most closely agreed with the experimentally derived adsorption energy.

Therefore, these two functionals, as well as the commonly used PBE-D3(BJ) functional are

considered further.

Training an MLP on the energies and forces results in a validation MAE on the energies

of 0.16, 0.20 and 0.16 kJ·mol-1 per adsorbate for the PBE-D3(BJ), PBE-TS and PBE-MBD

functionals, respectively. Subsequently, GCMC simulations were performed for 2.5·106 itera-

tions at 298 K and pressures between 2·10-4 and 50 bar. The results are shown in Figure 6 and

compared to experiments performed by Dietzel, Yu and Queen et al., as well as simulations

performed previously with the Universal Force Field (UFF).46,72–75 As seen in Figure 6(a),

UFF underestimates the uptake at low pressures and overestimates the uptake at the highest

pressures. This is due to its limited accuracy in describing the interaction strength with the

Mg site (underestimating the heats of adsorption at low uptakes, see Figure 6(b)), as well as
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Figure 7: The test MAE on the energy of snapshots extracted from GCMC simulations as a
function of the gas pressure for the MLPs trained on PBE-D3(BJ), PBE-TS and PBE-MBD
reference optimizations, respectively.

the mutual interaction between CO2 adsorbates (as seen from the heats of adsorption at the

highest uptakes). GCMC simulations performed with the MLPs at each of the three levels of

theory significantly improves the description of guest adsorption in the framework. Between

these, PBE-MBD performs best, accurately capturing the shape of the adsorption isotherm

at pressures below 1 bar. Moreover, as seen in Figure 6(b), the MLP trained on PBE-MBD

reference data results in highly accurate heats of adsorption. Compared to the dependence of

the heats of adsorption on the uptake seen for ZIF-8 (see Figure 5(b)), the opposite behavior

is observed. At loadings below 1 adsorbate per Mg site, a heat of adsorption of approxi-

mately 42 kJ·mol-1 is obtained, in good agreement with experiments.72–74 At higher loadings,

the heat of adsorption suddenly drops to around 26 kJ·mol-1 due to the full occupation of

Mg interaction sites, as also observed experimentally. This investigation demonstrates how,

compared to UFF, a model which captures the interaction energy with the framework and

other adsorbates with high accuracy can result in quantitative predictions of the adsorption

properties in an open-metal site containing MOF.

As before, 50 snapshots were extracted from simulations at each gas pressure for the three

levels of theory and recomputed. As shown in Figure 7, the MAEs are equal to 0.41, 0.42 and
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Figure 8: (a) RDF of magnesium–adsorbate oxygen atoms and (b) RDF of the adsorbate–
adsorbate atoms computed from GCMC calculations in Mg-MOF-74 at each of the three
levels of theory. The full lines correspond to a loading of half an adsorbate per magnesium
site, and the dotted lines correspond to a loading of one and a half adsorbates per magnesium
site.
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0.40 kJ·mol-1 per adsorbate for PBE-D3(BJ), PBE-TS and PBE-MBD, respectively. A slight

increase in error is seen at the lowest pressures, as for these snapshots all CO2 molecules are

adsorbed on Mg sites, on which the interaction is most difficult to capture. The errors are

significantly higher than for CO2 adsorption in ZIF-8, and can be rationalized by the more

diverse adsorption environment in Mg-MOF-74, with significantly stronger interactions on

the Mg site compared to the linkers.52 However, these errors are still deemed acceptable, as

differences between the levels of theory can be significantly larger (as seen from the heats of

adsorption shown in Figure 6(b)).

To investigate the difference in structure of adsorbed CO2 in the region of high heats

of adsorption at low loadings and lower heats of adsorption at higher loadings (see Figure

6(b)) as well as differences between functionals, radial distribution functions (RDFs) of

the magnesium–adsorbate oxyen atoms and adsorbate–adsorbate atoms are computed and

shown in Figures 8(a) and 8(b), respectively. Comparing the Mg–O RDFs at low and high

adsorbate loadings (0.5 adsorbates versus 1.5 adsorbates per Mg site), shown in Figure 8(a),

it is clear that at low loadings guests preferentially adsorb at the Mg site, with a peak

in the RDF around 2.4 Å and a secondary broad peak between 4 and 5 Å, representing

the interaction with a neighboring Mg site. Compared to this, the high framework loading

exhibits a significantly lower first peak as more adsorbates are located in the middle of the

pores, further away from the Mg sites. The difference between simulations performed with

MLPs trained on each of the three levels of theory is minor. Only in the first peak, a slight

shift of approximately 0.05 Å is seen for PBE-MBD compared to the other functionals. In

Figure 8(b), the RDF of adsorbate atoms is shown at low and high loadings. As seen from

the low occupation of distances between 3 and 4 Å at low loadings, adsorbates are mostly

separated from each other, located at each Mg site. Contrary to this, due to the filling

of the center of the pore at higher loadings, interatomic distances between 3 and 4 Å are

much more represented, with a peak around 4 Å. Again, only minor differences are observed

between different functionals.
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An investigation into transferability

Given an MLP trained on interaction energies of an adsorbate in a MOF consisting of certain

building blocks, one could be interested in modeling adsorption in MOFs comprised of the

same building blocks but with different topologies. This approach is exemplified in most

common force fields making use of atom types: parameters derived for atoms in certain

chemical environments are assumed to transfer well between different systems containing

those environments. To investigate whether this concept of transferability can be applied to

non-covalent interactions in MOFs modeled by MLPs, GCMC simulations were performed

on ZIF-3, ZIF-4 and ZIF-6 (see Figure 9(a)) by use of the MLP trained on 1000 optimizations

of CO2–loaded ZIF-8 (denoted MLPZIF8). This approach is shown schematically in Figure

9(b), with the resulting isotherms and heats of adsorption shown as dotted curves in Figure

9(c). While the results seem acceptable at first sight, a problem arises when recomputing

extracted snapshots at the PBE-D3(BJ) level of theory. MAEs of 2.38, 8.27 and 0.97 kJ·mol-1

are obtained for ZIF-3, ZIF-4 and ZIF-6.

As comparison to this, a single MLP was trained instead on 250 optimization in each of

the four ZIFs (denoted MLPZIF{3,4,6,8}). Note that the same number of total optimizations

(1000) are performed for this MLP as for MLPZIF8. This approach is shown in Figure 9(d),

and the resulting adsorption isotherms and heats of adsorption are shown in Figure 9(c)

with solid lines. A significantly different adsorption behavior is observed, with consistently

higher heats of adsorption and uptakes. For MLPZIF{3,4,6,8}, recomputing the extracted

snapshots results in MAEs of 0.40, 0.39, 0.32 and 0.32 kJ·mol-1 for ZIF-3, ZIF-4, ZIF-6

and ZIF-8. From the difference in heats of adsorption obtained from both methods, it

is clear that MLPZIF8 is not capable of reproducing the adsorption behavior in the other

ZIFs. This can be rationalized by their substantially different density, probe-occupiable

pore volume and surface area (computed using a nitrogen probe with PoreBlazer,76 see

Table 1). For example, ZIF-4 is the densest of the four MOFs, resulting in a significantly

stronger interaction of an adsorbate with the adsorbent (as seen from the heats of adsorption
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Figure 9: (a) Illustrations of ZIF-3, ZIF-4, ZIF-6 and ZIF-8. (b) An MLP trained on
optimizations in ZIF-8 (MLPZIF8) is applied to perform GCMC simulations in all of the four
ZIFs. (c) The uptake and heats of adsorption as a function of the gas pressure obtained
from GCMC simulations obtained with both MLPZIF8 in dotted lines and MLPZIF{3,4,6,8} in
full lines. (d) An MLP is trained on optimizations in all four ZIFs (MLPZIF{3,4,6,8}) and
subsequently applied to each.
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Table 1: Topology, density, probe-occupiable pore volume (VPO) and surface area of all four
ZIFs, computed with PoreBlazer.76

Topology Density [g/cm3] VPO [cm3/g] Surface area [m2/g]
ZIF-3 dft 0.88 0.61 1476
ZIF-4 cag 1.22 0.22 166
ZIF-6 gls 0.76 0.80 2612
ZIF-8 sod 0.92 0.52 1173

in the low pressure regime from Figure 9(c)). Even for ZIF-6, on which MLPZIF8 exhibited

a MAE of 0.97 kJ·mol-1, heats of adsorption consistently off by approximately 4 kJ·mol-1

are obtained compared to MLPZIF{3,4,6,8}. The reason for this discrepancy is the content of

the test set. Due to the lacking ability of MLPZIF8 to recognize the favorable adsorption

locations in the ZIF-6 framework, the test set does not include these locations. Therefore,

the test error is deceptively low, while the actual error at these sites is significantly higher.

Only when explicitly training an MLP to reference data which includes these important sites,

this failure is alleviated.

To validate whether this statement holds true, it is possible to compute the heats of

adsorption at infinite dilution at the reference PBE-D3(BJ) level of theory by means of an

importance sampling approach, proposed by Vandenbrande et al .49 First, a set of 106 random

insertions in each of the ZIFs are constructed for which the MLPZIF{3,4,6,8} interaction energies

are computed. Subsequently, a set of Nimportance insertions are extracted from this wider

set with a probability proportional to a Boltzmann factor. Recomputing those Nimportance

snapshots, the heats of adsorption at the reference level of theory can be obtained from the

following Equation:

Qst =
〈∆U exp (−β(∆U −∆Ũ))〉
〈exp (−β(∆U −∆Ũ))〉

(4)

with ∆Ũ and ∆U the interaction energies computed with the MLP and PBE-D3(BJ), respec-

tively, β = 1/kBT and the ensemble average a canonical average over the MLP energies. In

case the MLP accurately reproduces the reference PES, only a limited number of insertions

Nimportance are required, keeping the computational cost for this procedure manageable. In
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Figure 10: Difference between the MLP and reference PBE-D3(BJ) heats of adsorption for all
four ZIFs. MLP results are obtained from 106 Widom insertions, and the reference heats of
adsorption are obtained from recomputing importance sampled configurations from the MLP
insertions. Convergence with respect to the number of recomputed snapshots Nimportance is
shown for Nimportance between 50 and 2000.

Figure 10, the difference between the MLP and PBE-D3(BJ) importance sampled heats of

adsorption obtained in this manner are shown. With Nimportance = 1000, convergence within

0.10 kJ·mol-1 is obtained. As can be seen, the heats of adsorption obtained with the MLP

compare well to those computed from importance sampled PBE-D3(BJ) insertions. For all

four ZIFs, the error on the predicted heats of adsorption are lower than 0.20 kJ·mol-1, further

validating the derived MLP.

This investigation highlights how even seemingly well-performing MLPs can fail in un-

foreseen ways when sampling parts of the PES on which it was not adequately trained. While

such failures can be detected by validation on optimizations performed at the reference DFT

level of theory, this implies additional computationally demanding calculations. However,

from the results obtained in this work, it is clear that accurate MLPs can be derived from

a dataset containing between 250 and 1000 optimizations performed at the DFT level of

theory (between 7500 and 30000 single point calculations, respectively). Performing GCMC

calculations at 10 gas pressures to construct an isotherm at the reference DFT level of theory

would require between 3 and 4 orders of magnitude more single point calculations. On the

other hand, with an MLP trained for 27 hours on a single NVIDIA V100 GPU, a typical

GCMC calculation consisting of 5·106 iterations can be performed in approximately 50 hours
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on a single NVIDIA V100 GPU. It is therefore clear that properly trained MLPs can vastly

extend the applicability of DFT calculations, and can be expected to be of significant help

in modeling adsorption in challenging systems such as open-metal site containing MOFs.

Conclusions

In this work, we proposed a generally applicable methodology for performing GCMC simula-

tions by use of MLPs trained on DFT intermolecular reference energies and forces. First, an

appropriate dataset was constructed to train the MLPs. For this, snapshots of guest-loaded

frameworks are generated based on van der Waals ‘exclusion spheres’ and subsequently

(rigidly) optimized using the relevant level of theory. With 7500 single point calculations

(250 trajectories, with 30 optimizations steps each) a test MAE on the energy of less than

0.4 kJ·mol-1 per adsorbate can be achieved, as calculated from snapshots extracted from

GCMC simulations performed with the MLP. Having initially benchmarked the method-

ology on CO2 adsorption in ZIF-8, it was subsequently applied to model CO2 adsorption

in Mg-MOF-74, an open-metal site containing MOF which has attracted attention for its

interesting adsorption properties, as well as the challenge in modeling these properties com-

putationally using force fields. Comparing three different dispersion corrections combined

with the PBE functional for modeling adsorption in this MOF, PBE-MBD showed excellent

agreement between the computed and experimentally obtained adsorption isotherms and

heats of adsorption at 298 K. The characteristic drop in the heat of adsorption of CO2 in

this MOF between low and high uptakes from approximately 42 kJ·mol-1 to 26 kJ·mol-1 is

quantitatively predicted from the performed GCMC simulations. Lastly, also the transfer-

ability of an MLP trained on ZIF-8 towards other ZIFs was tested. In this case, significant

under-predictions of the uptakes and heats of adsorption were obtained for a set of other

ZIFs composed of the same building blocks. This investigation highlighted the difficulty

in training transferable MLPs, warranting caution when MLPs are employed to model ad-
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sorption in MOFs with structural differences to those/that in the training set. Only when

explicitly training to data for all ZIFs, accurate results are obtained.

The general methodology proposed here has potential to be widely applicable not only

to model adsorption in MOFs, but also in other nanoporous materials such as covalent or-

ganic frameworks (COFs), zeolites or graphene derivatives. By training an MLP on limited

set of DFT reference data, a ‘best of both worlds’ compromise is made between the accu-

racy of DFT and the computational efficiency of force fields, unlocking the potential for

routine GCMC simulations at DFT accuracy. Moreover, it could be employed as a tool to

benchmark computationally cheaper classical force fields where experimental reference data

is not available. Therefore, this work holds potential to aid accurate computational screen-

ing of adsorption properties in nanoporous materials, supporting application-focused future

research.

Care should still be taken in choosing an accurate reference level of theory. As shown in

this work, the choice of dispersion correction alone can affect the obtained heat of adsorption

of CO2 in Mg-MOF-74 by as much as 5 kJ·mol-1. For MOFs containing transition metals,

the presence of multiple magnetic configurations could further complicate the generation of

accurate reference data.49,73 Secondly, this work only considered rigid frameworks. However,

it could easily be extended to flexible adsorbents by including different framework geometries

and training on the total energy and atomic forces (not just the intermolecular energy and

forces). With this, hybrid GCMC/MD schemes could be employed to properly sample the

adsorbate-induced flexibility of frameworks.77

Computational details

DFT optimizations

All single point calculations were performed with VASP, using the projected augmented

wavefunction (PAW) PBE potentials.78–81 The electronic convergence threshold for the en-
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ergy was set to 10-5 eV. For ZIF-8, a single k-point was used, while for Mg-MOF-74 a 2×2×2

k-point mesh was used for all PBE-D3(BJ) and PBE-TS calculations and a 3×3×3 k-point

mesh for all PBE-MBD calculations (see Supporting Information). An appropriate value

for the cutoff energy for CO2 adsorption in ZIF-8 was determined by performing 20 opti-

mizations of guest-loaded frameworks for 30 steps using a cutoff of 700 eV. The final 20

structures were recomputed with cutoff energies between 350 eV and 650 eV. As shown in

the Supporting Information, the interaction energy is converged to within 0.05 kJ·mol-1 using

a cutoff energy of 500 eV. For Mg-MOF-74, a cutoff energy of 600 eV was used in accordance

with previous work.71 Furthermore, as the difference between calculations performed with

the precision set to normal compared to accurate is also within 0.05 kJ·mol-1, the precision

was set to normal. For the optimizations, the BFGS optimizer from ASE was used with a

maximum step size of 0.5 Å.65

MLP hyperparameters

The effect of different hyperparameters of the network on both the accuracy and compu-

tational efficiency are tested and are included in the Supporting Information. The used

hyperparameters are as follows: a cutoff radius of 5 Å is used, combined with 4 interaction

layers, 32 features and a maximum rotation order of 1. The weights λE = 50 and λF = 1

are used to train the network. Although forces are not strictly necessary (only the energy is

required in GCMC simulations), including forces is known to improve data efficiency during

training.
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Nuclear quantum effects on zeolite proton
hopping kinetics explored with machine
learning potentials and path integral
molecular dynamics

Massimo Bocus 1,2, Ruben Goeminne1,2, Aran Lamaire 1,
Maarten Cools-Ceuppens1, Toon Verstraelen1 & Veronique Van Speybroeck 1

Proton hopping is a key reactive process within zeolite catalysis. However, the
accurate determination of its kinetics poses major challenges both for theo-
reticians and experimentalists. Nuclear quantum effects (NQEs) are known to
influence the structure and dynamics of protons, but their rigorous inclusion
through the path integral molecular dynamics (PIMD) formalism was so far
beyond reach for zeolite catalyzed processes due to the excessive computa-
tional cost of evaluating all forces and energies at the Density Functional
Theory (DFT) level. Herein, we overcome this limitation by training first a
reactivemachine learningpotential (MLP) that can reproducewith highfidelity
the DFT potential energy surface of proton hopping around the first Al coor-
dination sphere in the H-CHA zeolite. The MLP offers an immense computa-
tional speedup, enabling us to derive accurate reaction kinetics beyond
standard transition state theory for the proton hopping reaction. Overall,
more than 0.6 μs of simulation time was needed, which is far beyond reach of
any standardDFT approach. NQEs are found to significantly impact the proton
hopping kinetics up to ~473 K. Moreover, PIMD simulations with deuterium
can be performed without any additional training to compute kinetic isotope
effects over a broad range of temperatures.

Brønsted-acidic zeolites are versatile, resistant catalysts that for dec-
ades have been recognized as the workhorse of the petrochemical
industry1. Furthermore, they are also expected to play a vital role in
next-generation biorefineries for the conversion of non-fossil
feedstocks2. From a theoretical point of view, zeolites belong to the
most studied materials in the field of heterogeneous computational
catalysis3. In their ideal, defect-free crystalline form, Brønsted-acidic
zeolites are composed of interconnected SiO4 tetrahedra, where a
fraction of the Si4+ ions is substituted by Al3+. The excess of negative
charge is compensated by the addition of a proton—the Brønsted Acid
Site (BAS)—on one of the oxygens in the first coordination sphere of

the Al substitution. Interestingly, the BAS is not confined to a specific
oxygenof theAl tetrahedron, but it can jump fromoneoxygen atom to
another in what is commonly known as the ‘proton hopping’ reaction.
This process is one of the most fundamental activated events within
zeolite chemistry (Fig. 1a) and represents the archetypal proton-
transfer reaction which is at the base of any Brønsted acid-catalyzed
reaction.

Because of its apparent simplicity, proton hopping is an ideal case
study for both experiment and theory, hence various methods have
been used to investigate the process kinetics. Experimentally, Nuclear
Magnetic Resonance (NMR)4–6, Impedance Spectroscopy (IS)7 and
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InfraRed spectroscopy (IR)8 have been employed to retrieve the acti-
vation energies for the proton hopping process. From the theoretical
side, the reaction has been tackled with various methodologies ran-
ging from static simulations9–15 to enhanced-sampling techniques
based on molecular dynamics (MD)16. Given this plethora of scientific
reports, it would be tempting to assume that every detail of the proton
hopping reaction is now revealed. However, when surveying the
available literature, a huge spread in both the theoretically and
experimentally obtained activation energies for proton hopping bar-
riers can be found (Fig. 1b).

In general, activation energies derived from NMR spectroscopy
are lower than the theoretical ones. From IRexperiments, twodifferent
activation energies were obtained for two different temperature ran-
ges (398-548 and 573–773 K, see red diamonds in Fig. 1), a fact thatwas
attributed to the switch from intra-site hopping to inter-site hopping8.
However, a more recent investigation has disproven such interpreta-
tion and indicated active site proximity effects as the main cause for
the observed change in activation energy17. Inter-site hopping was also
suggested to be responsible for the high activation energies retrieved
with IS7.

To understand this lack of consistency, it is important to consider
themain possible sources of discrepancy between the proton hopping
barriers from literature. First, the residual presence of water in the
catalyst is often indicated as the main source for the—in general—low
experimental barriers10, as it is almost impossible to achieve a com-
pletely dry material with routine drying procedures18. Moreover, the
presence of defective sites like extra-framework aluminum species is
known to alter the BAS’ acidity compared to the pristine material19. On
the theoretical side, most of the calculations performed so far did not
explicitly account for the quantum nature of the hydrogen nucleus.
Instead, the nuclei in the system are treated as classical particles
moving on an underlying Potential Energy Surface (PES), which is
obtained by solving the electronicmany-body problemusing quantum
many-body techniques. This is normally done usingDensity Functional
Theory (DFT) for the sake of computational efficiency. In what follows,
the terminology ‘classical DFT PES’ will be used to refer to nuclei that
are treated as classical particles on a DFT-determined PES, thus the
electronic degrees of freedom are treated quantum mechanically
whereas the nuclei are treated as classical particles. To include Nuclear
Quantum Effects (NQEs), approximative methods have been used. For

example, tunneling corrections have sometimes been applied to
account for NQEs12. To more rigorously account for NQEs, one should
resort to computationally more expensive methods such as the Path
Integral Molecular Dynamics (PIMD) approach, which relies on Feyn-
man’s path integral formulation of quantum mechanics. Within PIMD
simulations, the statistics of quantum particles are retrieved using a
classical ring polymer consisting of P replicas of the system20. Each
replica runs on the classical DFT PES, making PIMD P times more
expensive than a standard MD simulation. This is because an inde-
pendent DFT-level energy and force evaluation must be performed
every MD step for each replica. Within the field of heterogeneous-
catalyzed reactions such simulations have so far been mostly unfea-
sible due to the high computational cost of each PIMD step, as at least
10 replicas are usually required to achieve converged results—making
the simulations prohibitively expensive21. Nonetheless, there is clear
evidence that NQEs may have a significant impact on the physico-
chemical properties of systems containing light atoms20,22–24. For
example, it is well-known that they can significantly affect the strength
of hydrogen bonds in a variety of systems25,26. NQEs have never been
explicitly included in zeolite-related reactions and thus it remains
unclear to what extent they would affect the rate of proton hopping
and by extension any proton-transfer reactions within the field of
zeolite catalysis.

To fill this gap of knowledge, we present in the current con-
tribution amethodology thatmayallow to systematically includeNQEs
when investigating activated hydrogen transfer events. To this end,
proton hopping in H-CHA with isolated active sites is used as a case
study (Fig. 1c), for whichwe first trained an accurateMachine Learning
Potential (MLP) based on an underlying set of high-temperature DFT
Umbrella Sampling (US) simulations. The use of enhanced-sampling
simulations is essential to explore in an efficient way the less-probable
highly energetic regions of the PES, which are typically associated with
reactive events. The underlying DFT simulations at finite temperatures
serve as input to train a deep neural network MLP (Fig. 2). Once an
accurate MLP is constructed, an enormous computational speedup
can be achieved, which allowed to: (i) compute the Free Energy Sur-
faces (FESs) of all possible hoppings around an isolated Al defect in the
temperature range 273–873 K with a large number of umbrellas and
long simulation times to obtain well-converged results, (ii) explicitly
include NQEs through the PIMD approach, (iii) derive accurate kinetic
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constants beyond the Transition State Theory (TST) approximation,
taking barrier recrossing into account via the reactive flux formalism27

and (iv) perform an additional set of simulations with deuterium
instead of protium to explicitly compute the Kinetic Isotope Effect
(KIE) on the reaction.

We show that even at catalytically relevant temperatures (>400K)
NQEs may still be important to consider when computing reaction
kinetics and their relevance is not restricted to the absolute low tem-
perature regime. While the work performed here is illustrative for the
most basic proton hopping reaction in zeolites, it provides the means
to routinely include NQEs and explicitly calculate KIEs when studying
any proton-transfer event in heterogeneous catalysis.

Results
Construction of a reactive MLP with DFT accuracy
To train an accurate MLP, a sufficiently large set of DFT datapoints is
required, which should cover the relevant regions of the reaction
phase space. To this end, high-temperature (873K)DFTUS simulations
were performed on a CHA conventional cell containing 36T Si atoms,
where 1 silicon is replaced by Al to give a final Si/Al ratio of 35. The
temperature choice of 873 K is arbitrary but, in general, on the higher
end of typical zeolite-catalyzed processes1. In the CHA topology, all T
atoms are equivalent. However, the four O atoms in the first coordi-
nation sphere of the Al defect are not (Fig. 1c). This leads to 6 distinct
hopping paths, which are all considered in this work. To assess whe-
ther anypath couldbe significantly disfavored, activation free energies
were initially screenedwith static calculations. The results suggest that
all 6 possible hopping paths have relatively similar activation free
energies (within ~20 kJmol−1) and no single one is strongly (dis)favored
(Supplementary Note 2). Therefore, 6 separate DFT US simulations at
873K were performed to sample all the possible hoppings. A differ-
ence in coordinationnumbers between the proton and the twooxygen
atoms involved in the hopping was used as main collective variable to
bias the system (see “Methods” section and Supplementary Note 3).
One-dimensional umbrellas were used to sample the reaction path
and, if needed, additional two-dimensional umbrellas were added to
improve the sampling of scarcely visited regions of the phase space
(more details are reported in Supplementary Note 3.2). A full overview
of the DFT US results is reported in Supplementary Note 4.

Energies and forces were extracted every 5 fs from the DFT US
trajectories, yielding a total of ~1,200,000 structures which were used
to train an MLP with the SchNetPack package (see “Methods” section
and Fig. 2)28,29. Performing MD simulations with the MLP provides a

dramatic speedup in computational time, going from ~8.3 s/step on 56
Xeon E5-2680v4 CPUs@2.4GHz cores to ~0.01 s/step on a single NVI-
DIA Volta V100 GPU. As part of the MLP validation, well-converged
873KDFTFESswere generated to compare themwith theMLP-derived
ones within a reasonably small uncertainty. To this end, about 50 ps of
simulation time was required for each DFT umbrella. Considering that
19 umbrellas are needed to sample each of the 6 hoppings, this was a
computationally demanding task. On the other hand, it also provided
uswith a very large number ofDFTdatapoints, hence the large number
of structures used to train the MLP. With the acquired knowledge that
a mean absolute error on the force of about 40meVÅ−1 is sufficient to
obtain very accurate FESs (vide infra), we also tested the performance
of newer andmore data efficient equivariant neural networks30, where
preliminary results indicate that a few hundred fs per umbrella
are sufficient to achieve converged results (Supplementary Note 10),
providing an enormous computational saving in the DFT data
generation.

To further validate the trained MLP, we also tested whether it
could reproduce FESs at lower temperatures than the training one. To
this end, three additional sets of DFT US simulations were performed.
The 2–3 hopping was tested at 573 and 273 K, while the 1–4 hopping
was tested at 273 K. With this choice, the hoppings with the smallest
activation energies are tested and all four oxygens are considered at
the lowest temperature. For the sake of clarity, a detailed comparison
between the MLP and DFT results is presented in Supplementary
Note 6.1, while here only the 2–3 hopping is discussed in detail. As
shown in Fig. 3, the DFT and MLP FESs exhibit an almost perfect
overlap, with most variations contained well within the error bars. The
free energy barrier exhibits a clear increase with temperature, which is
in line with a rigid transition state associated with a negative entropy
variation. It must be pointed out that, thanks to the large computa-
tional speedup enabledby theMLP, longer simulation times (100ps vs.
50 ps per umbrella) and a larger number of umbrellas (39 vs. 19 per
hopping) were easily achievable. This led to a vastly improved sam-
pling of the reaction PES, thereby obtaining much better converged
FESs. Moreover, all MLP simulations were repeated three separate
times starting fromdifferent initial velocities and the associated results
and uncertainties were obtained by averaging over these three inde-
pendent runs. Initially, the 573 K DFT profile presented a moderate
spike in the transition state region, which was not present in the MLP
profile. Therefore, 2 additional umbrellas were added in the proximity
of the transition state and an additional 40 ps of simulation was per-
formed in every umbrella, for a total of 90ps. The final DFT profile
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Fig. 2 | Kinetic and thermodynamic properties with and without NQEs over a
wide range of temperatures can be computed using an MLP trained on high-
temperature enhanced-sampling DFT simulations. The pictures show a simpli-
fied schematic representation of the PES experienced by the protonwhenhopping

between two oxygens around the Al site (red and blue spheres, respectively),
sampledwithDFT simulations (a) and subsequently learnedwith theMLP (b). Inb a
schematic view of the hydrogen ring polymer with P beads running on the classical
MLP PES is shown.
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reaches almost perfect agreement with theMLP one, highlighting how
the (small) differences betweenMLP andDFT FESs are almost certainly
caused by sampling issues rather than by significant deviations in the
underlying PES. The results show that (i) the trained MLP is effectively
capable of encoding chemical reactivity and (ii) high accuracy on the
computed FESs is retained also for temperatures lower than the
training one, offering thermodynamic transferability in terms of
operating conditions.

While directly superimposing FESs provides an intuitive visual
means of comparison, the FES itself is not experimentally measurable.
The finalmacroscopic quantity of interest is the kinetic constant of the
reaction, which does not depend on the choice of the collective vari-
able used to represent the FES31,32. By means of classical (TST), the
forward and backward kinetic constants for the 6 high-temperature
hoppings, the 2–3 hopping at 573 K and the 1–4 and 2–3 hoppings at
273K were retrieved (see “Methods” section). Fig 4 reports a graphical
comparison between the DFT and MLP rates, where the computed
kinetic constants are converted to a corresponding phenomenological
barrier using Eyring’s equation32. The sole purpose of the latter is to
provide a more tangible equivalent to the kinetic constant, without
comparing values that can span multiple orders of magnitude (more
details are provided in the “Methods” section). None of the computed
barriers differ more than ~5 kJmol−1 and, for most of the hoppings, the
MLP values lie within the error bars of the DFT ones. These results
indicate that the MLP accurately reproduces the DFT PES underlying
the proton hopping reaction in H-CHA and can therefore be used to
compute reaction rates at any temperature of interest and to explicitly
introduce NQEs through the PIMD approach (Fig. 2).

Full characterization of the hopping kinetics
Having validated the MLP to faithfully reproduce the proton hopping
FESs over a broad temperature range (273-873 K), additional US
simulations were performed to retrieve the full reaction kinetics con-
sidering all hopping paths. Moreover, NQEs can be systematically
included in the reaction investigation as the PIMD formalism becomes
accessible, thanks to the large computational efficiency of theMLP. To
obtainwell-converged FESs, at least 16 system replicas (also referred to
as beads) are required in the ring polymer (Supplementary Note 7.1). A
graphical visualization of the spreadof the beads around the transition
state region comparedwith the classical case is shown in Fig. 5,where it
becomes clear that quite some uncertainty is present on the proton’s
position compared to the classical deterministic trajectories. A full
overview of the classical and quantum FESs is reported in Supple-
mentary Notes 6.1 and 7.3, respectively. Introducing NQEs leads to a
general decrease of the free energy barriers compared to the case

where nuclei are treated classically. This effect tends to lessen with
increasing temperatures, in accordance with the expected con-
vergence between the quantum and classical behavior for high
temperatures.

Not only does the MLP allow to include in a reliable—yet com-
putationally feasible—way NQEs, but it also allows to determine
reaction kinetics beyond classical TST and explicitly include barrier
recrossing through the reactive flux formalism (obtaining the true
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on the MLP barriers are obtained by averaging over three independent runs
(although their magnitude is so low that they are barely visible in the figure) while
for DFT they are estimated according to the procedure summarized in Supple-
mentary Note 3.3. Source data are provided as Source Data File.

0

20

40

60

80

100

1
F

re
e 

en
er

gy
 (

kJ
 m

ol
⁻)

0 0 0-1 -1 -11 1 1

873K (training T)273K 573K

q = CN( ; ) - CN( ; )H HO2 O3

DFT
MLP O2

Si Al
O3

Si

H

Si
O2

Al
O3

Si

H

a b c

Fig. 3 | The trained MLP can reproduce DFT FESs with high accuracy. The MLP
and DFT FESs (in orange and blue, respectively) of the 2–3 hopping at 273 (a), 573
(b) and873 K (c) are almost perfectly superimposable, even though theMLPmodel
is only trained on snapshots at the highest temperature. A comparison with the
other available FESs is shown in Supplementary Fig. 10. For a more detailed defi-
nition of the collective variable (q) used to build the FESs, the interested reader is

referred to the “Methods” section. Uncertainties (shaded areas around theFESs) on
the MLP FESs are obtained by averaging over three independent runs (Supple-
mentary Note 6.1) while for DFT they are estimated according to the procedure
summarized in Supplementary Note 3.1.3. Source data are provided as Source
Data File.

Article https://doi.org/10.1038/s41467-023-36666-y

Nature Communications |         (2023) 14:1008 4

198 Paper V



kinetic constant of the reaction)27,33, which is in its turn part of the
Bennett-Chandler reaction rate theory34,35. In this approach, multi-
ple unbiased simulations (5000 in this case) are initialized atop the
transition state and monitored through time, to retrieve whether
they end up in the product basin or whether they recross the barrier
towards the reactant basin (see “Methods” section). This approach
is most appropriate when NQEs are included, as quantum TST
approximations such as ring polymer molecular dynamics (RPMD)
TST do not yield a strict upper bound for the quantum rate (more
details can be found in Supplementary Note 7.4)36. Overall, the MLP
US simulations allowed to compute three different kinetic con-
stants for all hopping paths and all temperatures: a classical TST-
based one (kc

TST), derived from classical MD and the TST approx-
imation, a classical Bennett-Chandler one (kc

BC), where barrier
recrossing is now explicitly taken into account and, finally, a
quantum Bennett-Chandler one (kq

BC), analogous to kc
BC but derived

from the RPMD simulations and thus including NQEs. Remark that
the amount of data used to obtain them is well beyond the reach of
any pure ab initio methodology where all energy and force evalua-
tions are performed at the DFT level. Even when excluding the
thousands of short trajectories required to obtain well-converged
kBC values, computing the quantum FESs requires 42 sets of US
simulations (6 hopping paths at 7 different temperatures), each
consisting of 39 umbrellas simulated with 16 parallel beads—for a
total of more than 0.6 μs of simulation time. Such simulation
lengths are clearly beyond the limit of any DFT-based MD
simulation.

While demonstrating the impact of NQEs on the reaction rate is
important to highlight the cases in which NQEs cannot be neglected
and should thus be accounted for computationally, the resulting
‘quantum speedup’ is not experimentally measurable as NQEs are an
intrinsic part of nature. What is often measured experimentally, on
the other hand, is the KIE—namely the change in rate when the
hydrogen atoms in the system are substituted with deuterium
(other isotopic substitutions are of course also possible37). Inter-
estingly, the MLP trained on 1H simulations can be directly used for
KIE calculations, as the reaction PES does not depend on the atomic
masses but only on their charge. An additional set of PIMD simula-
tions was therefore performed at 273, 573 and 873 K with the BAS
mass set to 2 a.m.u. Given the linear behavior of ln kq

BC

� �
over the

whole temperature range (vide infra, Fig. 7), the intermediate
temperatures were no longer considered. A full overview of
the simulations’ results is reported in Supplementary Note 7.5. The
error on the MLP forces with respect to DFT remains basically
unaffected by the change in the hydrogen mass, confirming that
both simulations sample analogous PES regions (Supplementary

Fig. 20). The reactive flux kinetic constant for the PIMD simulations
with deuterium will be indicated with kq

BC(
2H), while for protium

simulations the isotope label will be omitted.
Using the computed kinetic constants, the equilibrium coverage

of the 4 oxygen sites (θi, i= 1� 4) was determined as a function of
temperature (more details can be found in Supplementary Note 8).
The results for 1H are shown in Fig. 6a–c. When considering the kc

TST

and kc
BC kinetic constants, similar equilibrium populations are

obtained within the limits of uncertainty (Fig. 6a, b), which is a con-
sequence of the similar recrossing rate between the forward and
backwardbarriers. Ingeneral,O1 andO3 are themost populated sites at
any temperature, followed by O2 and O4. In the classical case, O3 has
the largest population up to 373K, while at higher temperatures its
population becomes nearly identical to O1. Significantly different
results are obtained when the quantum kinetic constants (kq

BC, Fig. 6c)
are considered, where θ3 remains significantly larger than θ1 at all
temperatures. A similar trend is obtained for the PIMD simulations
with deuterium (Supplementary Fig. 19). When the proton is on O3, it
finds itself oriented towards the center of the 6 T atoms ring (Fig. 6d)
and can, therefore, interact with the oxygens on the opposite side. To
understand more profoundly the impact of these intra-framework
interactions, we performed a 273 K classical MD and PIMD simulations
of the zeolite with the proton located on O3. We then analyzed the
radial distribution functions (RDFs) of the proton with the 6 oxygens
sharing the Si and Al with O3 (‘adjacent’ in Fig. 6e) and all the other
oxygens in the unit cell (‘others’). We found that—as expected— the
BAS lieswithin 2–3 Å from theoxygenson theother sideof the6-Si ring
and will therefore interact with them. By comparing the classical and
quantum RDFs (Fig. 6e), it can be seen how the maximum in the RDF
H-O (others) occurs at slightly shorter distances in the quantum case
and, moreover, shorter distances—in the order of ~2 Å—are explored
more often. Based on thesefindings, it appears that when the quantum
nature of the hydrogen nucleus is considered the weak interaction
between the non-adjacent framework oxygens and the proton
becomes stronger and, as a result, O3 becomes further stabilized with
an increase inθ3. No other site interactswith other frameworkoxygens
within 3 Å (Supplementary Fig. 18). Previous reports in the literature,
based on geometrical considerations concerning the crystallographic
zeolite unit cell, suggested that none of the four BAS locations are
suited to formH-bondswith other oxygens in the framework38. This no
longer seems to be the case when temperature effects and NQEs are
explicitly taken into account. The number of zeolite frameworks pre-
senting this type of intra-framework interaction could thus be higher
than previously thought38 at realistic operando conditions.

Once all the equilibrium coverages as a function of temperature
are known, the overall hopping rate can be computed using the

Fig. 5 | The use of PIMD leads to a significant spread in the proton location.
These two snapshots, arbitrarily extracted from the transition state umbrella of the
2–3 hopping, highlight how the system beads in PIMD (b) can be spread quite
significantly in space with respect to the classical case (a). For the sake of clarity,

only the H-SSZ-13 atoms up to the second coordination sphere around the Al site
are shown and in b a superposition of all beads is only present for the proton. Si is
depicted in yellow, O in red, Al in blue and H in white.
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formula:

r =
X4

i = 1

X4

j≠i

kijθi, ð1Þ

where kij is the kinetic constant of the hopping fromOi to Oj and θi the
coverage of Oi. From this, an Arrhenius plot for the hopping rate as a
function of the temperature is computed (Fig. 7a), whose activation
energy should be comparable with experiment. First, we analyzed in
how far each of the hoppings is contributing to the overall rate. In all
cases, only two hopping paths dominate the rate kinetics (Fig. 7b),
namely the 1↔ 4 and 2↔ 3 paths, as one could expect based on their
low free energy barriers. Note that the forward and backward rates
have similar contributions, as a higher free energy of the minimum
corresponds to both a lower coverage and a lower free energy barrier
to hop towards a stabler minimum. These two factors tend to cancel
eachotherwhen computing kijθi. Minor contributions are given by the
1↔ 2 and 2↔ 4 paths, while the remaining two paths (1↔ 3 and 3↔ 4)
only have noticeable contributions at the highest temperatures. In the
deuterium case, the 2↔ 3 path becomes even more dominant at the
expenses of 1↔ 4 as it appears that the transition state energy is not
shifted consistently by the isotope substitution (Supplemen-
tary Fig. 18).

By considering the slope of the best fit lines in the Arrhenius plots
(Fig. 7a) it is possible to retrieve an effective activation energy for the
proton hopping reaction. The kc

TST results yield an activation energy of
67.1 kJmol−1. Going beyond the TST approximation and explicitly

including recrossing (kc
BC) does not significantly change the results,

with a consistent—but almost negligible—decrease in the rate across
the whole temperature range. When NQEs are included (kq

BC), in con-
trast, the activation energy decreases with about 11 kJmol−1 due to the
possibility of the proton to tunnel through the potential energy bar-
riers. When analyzing the rates related to a specific hopping (Supple-
mentary Fig. 17), it was noticed that this effect is not constant, and
becomes more prominent in the hopping paths with a more sharply
peaked FES around the transition state region (Supplementary Figs. 15
and 16). This is because a narrower barrier increases the probability of
tunneling, which in practice means that the beads of the ring polymer
are easily located on both sides of the potential energy barrier
experiencing on average a lower free energy. These results show that
the impact of NQEs is not systematic in nature and can therefore be
challenging to capture with ad hoc corrections. Indeed, previous
investigations which included NQEs through an a posteriori tunneling
correction suggested that above room temperature no significant
effect should be observed12. Our results, on the other hand, show that
the reactionproceeds 65 times faster at 273 K if NQEs are included and,
even at 373K, a 16-fold increase in the computed rate is still present
(Fig. 7c). At 473 K, the reaction remains 7 times faster while the
speedup, as expected, tends to become negligible at higher tempera-
tures. It appears therefore that for zeolite-catalyzed processes con-
ducted atmilder conditions, amongwhich the ones related to biomass
conversion are a predominant example2, NQEsmight benon-negligible
when computing the kinetics of proton-transfer steps. A few examples
where these effects might be important are the aqueous cyclohexanol
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dehydration inH-Beta zeolite at temperatures of about 400K39 and the
oxidation of methane to methanol in copper-loaded zeolites carried
out at ~473K40. These two cases serve as examples of the relevant
application area and conditions influenced by NQEs in zeolites. How-
ever, it is clear thatmanymore cases couldbe affected by the inclusion
of NQEs.

When protium is substituted by deuterium (kq
BC(

2H)) the activa-
tion energy becomes 58.4 kJmol−1, yielding a small increase of 2.6 kJ
mol−1. This is in line with the modest magnitude of the predicted KIE
(given by the ratio between the total rate with protium and with deu-
terium, Fig. 7d), which equals 3.1 at 273 K and decreases to 1.4 at 873 K,
in line with standard Bigeleisen-Mayer KIE theory41,42. It can be noted
how the deuterium rates remain significantly larger than the classical
kc
BC ones, indicating that the increase in mass is not sufficient to fully

suppress the quantumbehavior. Unfortunately, there has not been any
experimental attempt so far to measure the KIE for proton hopping in
zeolites. Theoretically, an early investigation based on static cluster
calculations was performed by Fermann and Auerbach43. According to
their semiclassical TST model, the differences between 1H and 2H are
limited above room temperature, in line with our results.

So far, the study focused on H-CHA, which has a single indis-
tinguishable T-site and a small unit cell. To broaden our scope, it is
important to assess the MLP capability of describing other zeolite
frameworks on which the MLP was not trained. To this end, the
transferability of theMLP to other zeolite topologies was investigated.
More specifically, we selected five all-silica frameworks from the
international zeolite (IZA) database44 that are of interest for catalytic
applications3 (AFX, CHA, FER, MFI and MOR) and performed a 100ps

NVT DFT MD simulation using the crystallographic unit cell para-
meters reported in the IZA database (see Supplementary Note 9). The
CHA topologywas included as a control system, to ensure that theMLP
is robust with respect to changes in the unit cell volume. None of the
MLP simulations presented obvious instabilities and the error on the
forces is not excessive, even for frameworks that do not share any
secondary building unit with CHA, varying between 196meVÅ−1 for
MOR and 258meVÅ−1 for MFI. The quality of the zeolite trajectories,
monitored through the Si–O and Si–Si RDFs, remains reasonably good
with only small long-range differences forMFI (Supplementary Fig. 19).
Testing the proton hopping reactivity in a systematic way for more
frameworks would require a further set of expensive ab initio US
simulations and, therefore, is outside the scope of this work. The
results obtained on the all-silica frameworks, nonetheless, still indicate
that the MLP can capture to a large extent the chemistry of Si–O–Si
bonds and, therefore, we expect that not many additional DFT simu-
lations would be needed to retrain it and extend its accuracy to new
zeolite frameworks, for instance building on the transferable MLP for
siliceous frameworks byErlebachet al.45 towards aluminum-containing
zeolites of catalytic interest.

Discussion
Proton-transfer reactions are of primordial importance within zeolite
catalysis. Thus far, it was unclear in how far NQEs affect the barriers
and rates of proton hopping processes at realistic operating condi-
tions, as their explicit inclusion through PIMD was prohibitively
expensive if the underlying classical PES is evaluated at a DFT level of
theory. Herein, we showed that a reactiveMLP can be trained based on
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Source Data File.
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underlying high-temperature (873K) US simulations at the DFT level,
that provides kinetic results with a similar accuracy as the underlying
DFT data. However, thanks to the enormous computational speedup
gained by describing the PES based on the MLP compared to the ori-
ginal DFT energy and force calculations, the MLP can be used to per-
form virtually any type of simulation that relies on the classical PES of
the considered reaction(s) over a broad range of temperatures. The
proposed methodology thus not only succeeds in reproducing the
underlying DFT simulations but comes with a series of advantages that
were so far unreachable due to the prohibitively excessive
computational cost.

First, the convergence of the free energy surfaces obtained from
enhanced-sampling techniques can be improved by using many more
umbrellas and by simulating for a longer time. Secondly, PIMD can be
employed to explicitly account for the quantumnature of the nuclei in
the system. While the inclusion of NQEs through MLPs has already
been proposed in the literature22,46,47, the application of PIMD/MLP to
an activated event in heterogenous catalysis was still unexplored. We
remark that for simulations at cryogenic temperatures the number of
beads required to achieve converged results could become very large
even for the MLP. This problem can be mitigated by coupling the MLP
simulations with path integral acceleration techniques20. Thirdly, it
also becomes possible to go beyond the TST approximation and
explicitly include barrier recrossing via the reactive flux formalism,
thereby obtaining the true kinetic constant of the reaction. Because of
the thousands of short MD trajectories that have to be initialized atop
the transition state, this type of calculationwas so far too expensive to
beperformed at aDFT level of theory. Themore efficientmethodology
for describing the forces and energies may also open the window to
use methods like transition path sampling within the field of zeolite
catalysis, which were thus far not truly accessible due to the large
number of paths that needs to be sampled at the DFT level48. Finally,
KIEs can be explicitly computed if the PIMD simulations are performed
with different nuclear masses, as this does not affect the underlying
PES learned by the MLP.

Our results show that the expected Arrhenius activation energy
for the hopping process, considering all six hoppings and the cov-
erages of the four oxygen sites, is 67.1 kJ mol−1 in the absence of
NQEs, whereas including the quantum nature of the proton brings
the activation energy down to 55.8 kJ mol−1. When quantitively
comparing this activation energy to experimental results, it is
important to note that this study makes use of the revPBE-D3 level
of theory, which is known to underestimate the activation energies
of chemical reactions16,49,50. In this sense, our barriers will present a
lower boundary for the chemically accurate activation energy.
Because of the large improvement in data efficiency of newer MLP
architectures (Section S10 of the Supplementary Information), we
believe that training an accurate model based on a more expensive
albeit more reliable exchange-correlation functionals should
become feasible. The computed activation energy remains rela-
tively higher than the experimentally available ones. Themost likely
source of discrepancy lies in the perfect crystalline nature of the
adopted zeolite model. The presence of residual water molecules,
defects (EFAL species, for instance) and an heterogeneous alumi-
num distribution are basically unavoidable at the macroscale and all
these factors are known to potentially affect the behavior of pro-
tons in zeolites17,19,51. According to the simulations, a primary KIE of
about 3 is expected at 273 K but no experimental evidence is
available thus far to corroborate this result.

This proof-of-concept study presents a general scheme to obtain
MLP models that can simulate proton hoppings and activated pro-
cesses in zeolite catalysis with improved realism. The proposed
methodology is, in principle, extendible to additional reactions and
reactive environments, making it a valuable tool for studying a wide
range of catalytic phenomena52.

Methods
Umbrella sampling simulations
The hopping of the H-CHA BAS between the oxygens in the first
coordination sphere of the Al defectwas studied bymeans of umbrella
sampling simulations53,54. In this approach, quadratic bias potentials
(the ‘umbrellas’) are placed along a certain collective variable (q) which
should smoothly vary between reactants and products. The bias has
the form Vi qð Þ= 1=2Ki q� q0,i

� �2, where Ki is the force constant of the
ith umbrella and q0,i its center. An MD simulation is then performed
within each umbrella. To study the proton hopping, the chosen col-
lective variable is a difference of coordination numbers (CNs) between
the BAS and the two oxygens involved in the hopping:

q=CN Oi; H
� �� CN Oj; H

� �
=

1� rOiH

r0

� �N

1� rOiH

r0

� �2N �
1� rOjH

r0

� �N

1� rOjH

r0

� �2N ð2Þ

The specific values of theN and r0 parameterswere adaptedbased
on the reaction conditions, more information can be found in Sup-
plementary Note 5.2. The bias potential was applied using PLUMED55,56

and the final statistical analysis of the data was performed with our in-
house developed ThermoLIB library57. For some of the hoppings,
additional wall potentials were required to prevent undesired side
reactions; further details are reported in Supplementary Note 3.1.4

DFT molecular dynamics
To perform the DFT MD simulations, the CP2K software package
(version 7.1)58,59 was employed to compute energies and forces at a
revPBE-D3/TZVP60–62 level of theory. Because of themixed plane waves
—atom-centered orbitals approach63 used by CP2K, the plane waves
energy cutoff was set to 350 Ry andGTHpseudopotentials64 were used
to smooth the electron density in the proximity of the nuclei. A sig-
nificant dependencyof the forces on the planewaves cutoffwas found,
but this was shown to have a negligible impact on the final FESs when
much higher settings are used (Supplementary Note 3.1.5). The time
step for the integration of the equations of motion was set to 0.5 fs.
After equilibration of the unit cell (Supplementary Note 3.3.1), pro-
duction runs were performed in the NVT ensemble using a Nosé-
Hoover thermostat with a chain consisting of five beads65,66 to control
the temperature and a time constant of 334 fs (100 cm−1).

MLP training and usage
A SchNet MLP was trained with the SchNetPack package on the DFT
energies and forces which were extracted every 5 fs from the DFT US
simulations at 873 K28,29. First, the energies and forces were unbiased
by subtracting the bias potential applied in the US simulations with
PLUMED55,56. The unbiased DFT datapoints were randomly divided in a
training and validation set with a 80:20 ratio. Subsequently, the MLP
was trained with a cutoff of 6 Å, 128 features, 50 gaussians and
6 interaction blocks. The resulting MAE on the validation set is
41.9meV/Å. More details on the training are provided in Supplemen-
tary Note 5.1. Classical unbiased and US simulations with the trained
MLP were performed with our in-house code YAFF67 using a time step
of 0.5 fs and a Nosé-Hoover thermostat with three beads for tem-
perature control65,66. PIMD simulations were performed with the i-PI
driver68 using a time step of 0.25 fs and a PILE thermostat69 with a time
constant of 100 fs for temperature control. Because of the harmonic
repulsion between the beads, some of them might explore regions of
the phase space that are not necessarily well-sampled in classical DFT
US. Therefore, we also performed an extra DFT PIMDUS simulation for
the 2–3hopping (SupplementaryNote 7.2) and the resulting FES shows
an excellent agreement with the MLP one. It is important to remark
that this agreement is very likely not generalizable to other systems or
reactions and should always be tested appropriately70. In both the
classical and PIMDUS simulations, PLUMEDwasused to apply the bias.
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Kinetic rate constant calculation
The plain activation free energy obtained from a FES is largely
dependent on the choice of collective variable31,32. To remove such
dependency, it is necessary to move towards a more general macro-
scopic property of the process under study, namely the kinetic rate
constant. In the Bennett-Chandler approach to transition state
theory34,35, the rate constant of a reaction can be written as71:

kBC tð Þ= _q 0ð Þθ q tð Þ � q*� �� �
q 0ð Þ=q*

e�βF q*ð Þ
R q*

�1e�βF qð Þdq
, ð3Þ

where thefirst term is the ensemble averageof the timederivatives ofq
for trajectories that, starting atop the transition state (q 0ð Þ=q*), end
up in the product basin (as imposed by the Heavyside function
θ q tð Þ � q*
� �

). With theMLP, it is possible to explicitly compute the first
termby performing a large number of unbiasedMD simulations (5000
in this case) starting on the transition state and monitor how many of
themeffectively end up in the product basin27,33. The true rate constant
is, in principle, given by kBC = lim

t!+1
kBC tð Þ. Luckily, its value quickly

reaches a plateau and 50 fs of simulationwere sufficient to obtain well-
converged results (Supplementary Note 6.2). The rate constant
calculated in this manner is referred to as the Bennett-Chandler
one (kBC).

In general, this approach is too expensive, especially for the DFT
case, so that only the approximate transition state theory constant
(kTST = lim

t!0+
kBC tð Þ) can be computed from the US trajectories, thereby

avoiding the need for additional simulations. While kTST represents an
upper limit of the true kinetic constant, assuming a recrossing prob-
ability equal to zero, it canbe used to compare theDFT andMLP results.
Further details are reported in SupplementaryNote 3.3. To calculate the
quantum rate constants, taking NQEs into account, the approximate
technique of RPMDwas used (see Supplementary Note 7.4)72. Although
this approximation can only capture short-time quantum effects, it has
been shown to yield good quantum rates in comparison with other
approximations73 or quantum mechanical calculations74.

As the kinetic constant values can span several orders of magni-
tude, we often make use of Eyring’s equation to convert them into
phenomenological barriers, which encode the same information while
being – in our opinion – more tangible than a reaction rate.

4Fz
phen = � 1

β
ln βhkð Þ ð4Þ

Data availability
The complete training set, examples of input files, processing scripts
and the trained MLP have been deposited in the Zenodo database
(https://zenodo.org/record/7267913#.Y2U8tHbMK3A). Any additional
data is available from the authors upon request. An extended discus-
sion of the results can be found in the Supplementary Informa-
tion. Source data are provided with this paper.

Code availability
CP2K (https://github.com/cp2k/cp2k), PLUMED (https://github.com/
plumed/plumed2), SchNetPack (https://github.com/atomistic-
machine-learning/schnetpack) and YAFF (https://github.com/
molmod/yaff) are all open source and freely available at the pro-
vided links. ThermoLIB is available upon request at https://molmod.
ugent.be/software/thermolib.
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In the context of this Ph.D. dissertation, various so�ware packages have been
used extensively. Below, an overview of these so�ware packages is provided.

CP2K

CP2K is a quantum chemistry and solid state program. It allows for DFT
calculations using a mixed plane wave and atomic basis set. CP2K was
adopted in this PhD to perform first-principles calculations on zeolites. More
information about this so�ware is available in Ref. [298].

Gaussian 09 and Gaussian 16

Gaussian 09 and Gaussian 16 are the latest in the Gaussian series of pro-
grams. They provide state-of-the-art capabilities for electronic structure
modeling. Gaussian 09 and Gaussian 16 were adopted in this Ph.D. dis-
sertation to calculate the ab initio Hessians of MOF cluster models, which
were subsequently used to fit the force fields. More information about this
so�ware is available in references [244, 299].

HORTON

HORTON is a Helpful Open–source Research TOol for N–fermion systems.
HORTON is not intended to be a replacement for existing quantum chem-
istry so�ware, but a helpful supplement to it. HORTON was adopted in
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this Ph.D. dissertation to partition the molecular charge density into atomic
contributions with the MBIS scheme.166 This partitioning of the monomer
electron density lies at the basis of our polarizable force field. More informa-
tion about this so�ware is available at h�p://theochem.github.io/horton/.

i-PI

i-PI is a universal force engine interface wri�en in Python, designed to be
used together with an ab initio, machine-learned, or force field based eval-
uation of the interactions between the atoms. i-PI was adopted in this PhD
in conjunction with SchNetPack to perform MLP-based enhanced sampling
path-integral MD simulations to describe the the proton hopping reaction in
H-CHA. More information about this so�ware is available in Ref. [300].

MolMod

MolMod is a Python library with many auxiliary modules that are useful
to write molecular modeling programs. It is the underlying library for many
so�ware packages developed at the Center for Molecular Modeling. MolMod
was adopted in this Ph.D. dissertation as the underlying so�ware package
for Ya�. More information about this so�ware is available at h�p://molmod.
github.io/molmod/.

NequIP

NequIP is a Python library for building E(3)-equivariant deep neural networks
for the prediction of potential energy surfaces. NequIP was adopted in this
Ph.D. dissertation to train MLPs to describe the non-covalent interaction
energy and forces of adsorbates in MOFs, and adapted to perform GCMC
calculations. More information about this so�ware is available in Ref. [190]
and at h�ps://github.com/mir-group/nequip.

PLUMED

PLUMED is an open-source, community-developed library that provides a
wide range of di�erent methods, including enhanced sampling algorithms.
PLUMED was adopted in this Ph.D. dissertation to bias MD simulations with
an umbrella bias to characterize the proton hopping reaction in H-CHA. More
information about this so�ware is available in Ref. [301] and at h�ps://github.
com/plumed/plumed2.

�ickFF

http://theochem.github.io/horton/
http://molmod.github.io/molmod/
http://molmod.github.io/molmod/
https://github.com/mir-group/nequip
https://github.com/plumed/plumed2
https://github.com/plumed/plumed2
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�ickFF is a so�ware package developed at the Center for Molecular Model-
ing, designed to derive accurate force fields for isolated and complex molec-
ular systems in a quick and easy manner. The force field parameters for
the covalent interactions are derived from ab initio data, i.e., an equilibrium
structure and a Hessian matrix, which need to be produced by the user.
�ickFF was adopted in this Ph.D. dissertation to derive the force fields for
the di�erent MOFs. More information about this so�ware is available under
this link and in references [96, 97].

SchNetPack

SchNetPack is a Python library to function as a toolbox for the development
and application of deep neural networks for the prediction of potential en-
ergy surfaces. SchNetPack was adopted in this Ph.D. dissertation to train
and employ MLPs to describe the proton hopping reaction in H-CHA. It
was coupled together with Ya� in order to perform enhanced sampling
(classical) MLP-MD simulations, and used in conjunction with i-PI to perform
enhanced sampling path-integral MLP-MD simulations. More information
about this so�ware is available in Ref. [189] and at h�ps://github.com/
atomistic-machine-learning/schnetpack.

Thermolib

ThermoLIB is a Python/Cython library to construct and manipulate the free
energy surfaces (FES) as a function of a (set of) priori chosen collective vari-
able(s) from output of molecular simulations. ThermoLIB was adopted in this
Ph.D. dissertation to compute reaction rate constants for the proton hopping
reaction in H-CHA. More information about this so�ware is available at
h�ps://molmod.ugent.be/so�ware/thermolib.

VASP

The Vienna Ab initio Simulation Package (VASP) is a program for first
principles electronic structure calculations. VASP computes an approximate
solution to the many-body Schrödinger equation, either within density func-
tional theory (DFT) or within the Hartree-Fock (HF) approximation. VASP
was adopted in this Ph.D. dissertation to calculate the interaction energies
of adsorbates in MOFs using a plane wave basis set, used for the construction
of machine learning potential (MLP) training sets. More information about
this so�ware is available in Ref. [302].

WHAM

https://github.com/atomistic-machine-learning/schnetpack
https://github.com/atomistic-machine-learning/schnetpack
https://molmod.ugent.be/software/thermolib
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A memory e�icient implementation of the Weighted Histogram Analysis
Method (WHAM) was used to compute free energy profiles from umbrella
sampling simulations. WHAM was adopted in this Ph.D. dissertation to cal-
culate these profiles for the proton hopping reaction in H-CHA. More infor-
mation about this so�ware is available at h�p://membrane.urmc.rochester.
edu/?page_id=126.

Ya�

Ya� is a Python library developed at the Center for Molecular Modeling con-
taining a variety of tools to impose the temperature and pressure during an
MD simulation. Ya� was adopted in this Ph.D. dissertation as the simulation
engine to perform all MD simulations, for both force field simulations on
MOFs as well as MLP simulations on zeolites. More information about this
so�ware is available at h�ps://github.com/molmod/ya�.

Zeo++

Zeo++ is a so�ware package for the analysis of crystalline porous materi-
als. Zeo++ was adopted in this Ph.D. dissertation to compute the probe-
occupiable volume fraction of nanoporous materials. More information
about this so�ware is available in Ref. [303] at h�p://www.zeoplusplus.org/.

http://membrane.urmc.rochester.edu/?page_id=126
http://membrane.urmc.rochester.edu/?page_id=126
https://github.com/molmod/yaff
http://www.zeoplusplus.org/
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