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Abstract

Metal ions are irreplaceable in many areas of chemistry, including (bio)catalysis,
self-assembly and charge transfer processes. Yet, modelling their structural and dy-
namic properties in diverse chemical environments remains challenging for both force
fields and ab initio methods. Here, we introduce a strategy to train machine learning
potentials (MLPs) using MACE, an equivariant message-passing neural network, for
metal-ligand complexes in explicit solvents. We explore the structure and ligand ex-
change dynamics of Mg?t in water and Pd?* in acetonitrile as two illustrative model
systems. The trained potentials accurately reproduce equilibrium structures of the
complexes in solution, including different coordination numbers and geometries. Fur-
thermore, the MLPs can model structural changes between metal ions and ligands in
the first coordination shell, and reproduce the free energy barriers for the correspond-
ing ligand exchange. The strategy presented here provides a computationally efficient
approach to model metal ions in solution, paving the way for modelling larger and

more diverse metal complexes relevant to biomolecules and supramolecular assemblies.
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Introduction

Metal ions have a central structural and functional role in many molecular systems, including
catalysts, supramolecular assemblies, and biomolecules. Due to their relevance, much work
has been done to investigate the structure, kinetics, and thermodynamic stability of metal
complexes in solution, including the dynamics of metal-ligand exchange reactions."

Using a variety of experimental techniques, including X-ray absorption spectroscopy,
neutron scattering and nuclear magnetic resonance (NMR) spectroscopy, several mecha-
nisms have been proposed to describe ligand exchange in the first coordination shell of the
metal ion. These mechanisms range from dissociative (D), involving an intermediate of lower
coordination number, to associative (A), proceeding through an intermediate of higher co-
ordination number. However, these are extreme cases — in most instances, no such idealised
intermediate exists, and instead, a concerted interchange mechanism with dissociative (Ig)
or associate (I,) characteristics occurs.?

Of particular interest is ligand exchange with solvent, with metal aqua complexes being
the most extensively studied.* The rate of this exchange depends on the nature of the metal
ion, particularly ionic radii, charge, and coordination environment, ranging from 200 ps for
Cs™ to 300 years for Ir*".# Coordination with nonaqueous solvents such as alcohols, dimethyl
sulfoxide (DMSO), acetonitrile (MeCN), and amides, has also been explored.”

Among the cations investigated, significant efforts have been made to study Mg?* com-
plexes due to their prominent role in biology, including RNA folding, ATP hydrolysis, cellular
signalling, and photosynthesis.9 In aqueous solution, Mg?* forms octahedral [Mg(H,0)]*"
complexes with a Mg-O distance of 2.10 A, surrounded by a second solvation shell of 12 wa-
ter molecules.™ Water molecules in the first solvation shell are tightly bound to the cation
and undergo exchange with the bulk solvent molecules on the microsecond timescale (k =
5.3 x10° s7! at 298 K) via a dissociative or interchange-dissociative mechanism.
Another important example is Pd*", which although less prevalent in biology has an ir-
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replaceable role in organocatalysis and supramolecular chemistry.22¥ Pd?* complexes
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have a square planar geometry defined by four coordinate bonds in equatorial positions. The
complex can additionally interact with two more loosely bound ligands at the axial positions.
In water, the [Pd(H,0),]*" complex has a Pd-O equatorial bond distance of 2.00-2.05 A,
with a second solvation shell of 10 waters located between 4.02-4.40 A 2122 The Pd-O axial
distance has been investigated by neutron diffraction® and extended X-ray absorption fine
structure experiments®* and with different computational methods.*4>2% The axial interac-
tion distance is reported to range from 2.5 to 3.0 A. Ligand exchange in Pd?* square planar
complexes is suggested to occur via an associative mechanism involving a pentacoordinated
trigonal bipyramidal transition state (TS), as suggested by Ligand Field Theory“#% and
supported by DFT calculations.*”

While Mg?* has a prominent role in biology, Pd?" is a key building block in supramolec-
ular chemistry, giving rise to a wide range of metallocages of various sizes and shapes.=!=3
The interplay between the metal, organic ligands, and solvents determines the final as-
sembled structure.”* % Notably, the labile nature of Pd?* -ligand axial interactions is key

S138 Pd2+ -based metal-organic cages are com-

for self-correction and optimal self-assembly.
monly formed in MeCN solvent,**#%58 although water and DMSO are also widely-used.
[Pd(MeCN),]*" has been characterised using single crystal X-ray diffraction, revealing a Pd-
N bond length of 1.956 + 0.008 A.3? NMR studies have explored MeCN ligand exchange,
reporting reaction rates of k = 4.0 s7! and k = 3.5 s7! at 322 K4

Computational modelling of Mg?* and Pd?* cations has received significant attention,
in particular for the former. Approaches employed for their modelling include molecular dy-
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namics (MD) simulations with classical force fields (FFs), quantum mechanics/molecular

mechanics (QM/MM) methods,***# %2 and ab initio MD (AIMD).#222646 48 VD simulations
with non-polarizable FFs are the most widely applied option since they balance the cost and
accuracy of the resulting dynamics. Here, the metal ions are modelled as single or a small set
of point charges with the electrostatic, dispersion, and excluded volume interactions taken

into account by a pairwise interaction potential. The Lennard-Jones (LJ) parameters, and
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charges if a dummy model is used, are typically adjusted to reproduce experimental solu-
tion properties such as solvation free energy, coordination number, and water-metal distance
of the first hydration shell, and, in some cases, the rate of water exchange. = A 12-6-4
LJ potential has been developed to partially account for charge-induced dipole interactions
via the r=* term.®#2? However, none of the available Mg*" FF parameters can simultane-
ously reproduce all properties with sufficient accuracy. Moreover, given the focus on metal-
water properties alone, these models cannot describe orbital-specific and anisotropic features
important in many metal-containing protein or synthetic catalyst active sites, or even the
properties of simple electrolytes.?® Polarizable FFs are in principle able to remediate the lim-
itations of non-polarizable FF's, but they are less frequently used due to their time-consuming
parameterization and increased computational cost, especially for exploring long-timescale
processes. 259 MacKerell et al.®® modified Mg?* parameters to describe its interaction with
water, Cl~ ions, and nucleic acids using a polarizable FF based on the Drude oscillator model.
This approach uses QM-computed interaction energies and geometries of hydrated complexes
as reference as well as condensed-phase osmotic pressure calculations. Mg?* parameters for
the AMOEBA force field were reported by Jiao et al.®® and further refined by Piquemal et
al.*” However, both implementations experienced rapid water dissociation. This issue was
addressed by Kurnikov and Kurnikova,”® who introduced a distance-dependent polarization
response for water.

The effect of various FFs on the ligand exchange mechanism in Mg[(H,0)4]*" complex
was extensively studied by Schwierz et al., using transition path sampling.??°” They demon-
strated that while the commonly used non-polarizable FFs correctly predict the dissociative
characteristics of the mechanism of the water exchange (1), they tend to overestimate the
free energy barrier, leading to a significantly slower reaction rate.”” In comparison, the po-
larizable FF Amoeba and specialized non-polarizable FF microMg lead to a preference for
an associative mechanism (I,) with a reaction barrier too low, leading to significantly faster

reaction rates, further illustrating the complexity of the ligand exchange process.
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The interactions of Pd?** with water molecules have also been studied computationally
with classical FF approaches. Sanchez Marcos et al.?! investigated the [Pd(H,0),]*" complex
in water using MD simulations. They developed two intermolecular potentials to describe
the interactions between Pd?* and the water molecules, one for the first solvation shell, fitted
to interaction energies computed at the MP2 level on the gas-phase complex, and another
for the hydrated ion-bulk water interactions by incorporating a continuum polarizable model
to account for solvation effects.?! They suggested the presence of solvent molecules in the
axial position located between 2.5 and 3.0 A, referred to as a 'mesoshell’. The concept of the
mesoshell has sparked debate within the scientific community, with recent studies suggesting
that the structure of Pd*t aqua complexes in water should be interpreted under the ‘ex-
tended first shell’ paradigm.“*¥* For example, utilising QM /MM methods, Adnan Ali Shah
et al. 24 jdentified a weakly bound axial ligand (Pd-O distance of 2.8 A), resulting in a
broad peak in the RDF between the first and second solvation shells. Contrasting findings
were reported by Chen et al.*® using subsystem DFT AIMD simulations of the same com-
plex. Their results indicated that water molecules rarely occupied the axial region. Instead,
solvent molecules formed a protective “dome” on both sides of the square planar complex
via strong hydrogen bonds, preventing the penetration of single water molecules from the
axial directions. These studies provide alternative interpretations of the experimental data,
underscoring the complex nature of axial interactions in Pd** aqua complexes.

AIMD simulations of explicitly solvated metal cations could, in principle, provide un-
biased insights into the structural properties of the solvation shells and mechanisms of the
ligand exchange by describing the entire system at the QM level, thus overcoming the limi-
tations of classical FFs and QM /MM methods.##204061503 However, its high computational
cost limits its use to small systems and picosecond timescale processes, often insufficient to
obtain converged free energies and model ligand-exchange processes.

Machine learning potentials (MLPs) have emerged as promising alternatives to AIMD,

reproducing accurate energies and forces from electronic structure reference calculations at
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a much lower cos MLPs have been extensively used in modelling materials, organic
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molecules, and more recently in chemical reactivity.®*™ However, their extension to

model metal ions in solution remains less explored. Only a handful of examples have been

1" who employed DeepMD™ % to model

recently reported, including the work of Liu et a
Mg?*+ and Ca?" in water in the presence of hydroxide. Mondal et al., used DeepMD to study
different formation and dissociation reactions in alkali carbonate-hydroxide electrolytes.™

Additionally, Michaelides et al.utilised the Behler-Parrinello NNPs™ to model Na-Cl ion-

paring in aqueous solution™ and in electrolytes confined to nanoscale pores.”™
Traditionally, MLPs are trained using AIMD reference data under periodic boundary

conditions (PBC). This approach inherently captures long-range interactions but incurs a

high computational cost due to the large size of the system, primarily consisting of solvents.

Consequently, this also limits the use of high levels of theory and restricts the achievable
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sampling. Previous works by our group and others have demonstrated the efficiency
and accuracy achievable using cluster data for training. When combined with active learn-
ing (AL), which iteratively builds the training set based on a preliminary version of the
trained MLP, this approach yields accurate and data-efficient MLPs at a low computational
cost. In this study, we expand this protocol to model metal complexes in solution, using
clusters of solvated metal ions for training. Specifically, we apply Atomic Cluster Expan-
sion (ACE)® and its message-passing neural network-based variant (MACE)® to two model
systems, Mg?* complexes in aqueous solution, representing a strongly interacting and bio-
logically relevant metal ion, and Pd*" complexes in acetonitrile (MeCN), a transition metal
relevant for supramolecular chemistry in non-aqueous solvents.#*#3%38 Tjigand exchange in
these complexes proceeds via different mechanisms, allowing us to investigate the capability

of the MACE potentials to model structural and energetic features characteristic of both

processes.
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Methods

ACE and MACE machine-learning potentials

In this work, MLPs were trained using linear regression with the ACE®* descriptor and its
variant MACE, in which ACE is combined with an equivariant message-passing neural net-
work architecture.®

The ACE descriptor® builds on a traditional many-body expansion, where the Potential
Energy Surface (PES) of the system is expressed as a sum of different body-order interactions,
including two-body, three-body, and higher-order interactions depending on the truncation.
Although this approach is physically motivated, it is limited to modestly-sized molecular
systems, as the computational cost of evaluating the energy scales exponentially with sys-
tem size, making it impractical to consider interactions beyond the three-body order. ACE
overcomes this limitation by introducing the concept of atomic neighbour density, where the
energy of each atom depends on the many-body interactions with its N neighbours within
a defined cut-off radius. The validity of this concept is based on the assumption that the
energy of each atom only depends on its local environment.™%% Second, it projects these
densities onto physically invariant basis functions. This procedure ensures that the evalua-
tion cost of many-body terms scales linearly, rather than exponentially, with the number of
neighbours, regardless of the body order. A detailed description of the method is provided
in Ref. [85. The capability of the ACE descriptor to accurately map the PES enables the use
of simple linear regression for fitting, resulting in an accurate and data-efficient approach to
train MLPs.®

MACE combines the ACE descriptor with an equivariant message-passing neural net-

83 incorporating body-order contributions as node features. Using graph

work architecture,
neural networks (GNNs), the body-order term and cluster region implicitly expand with
the number of message-passing layers, resulting in a more accurate representation of atomic

environments.®3
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Both ACE and MACE have been shown to reliably predict the energies and forces of
molecules and condensed phase systems.5#878) [inear ACE provides high accuracy in low-
data regimes, making it particularly suitable for use in the early stages of AL, where typically
small data sets are used.™ In this work, we use linear ACE to build the training data sets
using the AL loop, while MACE is used to expand the data sets and fine-tune the final

potentials used for production MD simulations.

Workflow

The workflow presented here builds on our previous work on automated AL strategy for
modelling chemical reactions in explicit solvents (Fig. .79 The AL cycle is initiated from a
small training set of approximately 10 structures. These data consist of gas-phase molecules
generated by random displacement from a QM-optimized structure or solvated clusters,
obtained from MD simulations or random placement of molecules in a box. The structures
are labelled with energies and forces computed at the reference level of theory. The initial
training data set is extended using AL as follows: A first version of the MLP is generated
and used to propagate several independent MD simulations, typically ten, for n®+2 fs, where
n is the index of the MD run in the AL loop, starting from 0. From these trajectories, new
structures are selected using a similarity selector,™ which identifies new structures to be
included in the training based on the similarity between a global Smooth Overlap of Atomic
Positions (SOAP) representation of data point p and configurations p’ in the existing training

set.? The similarity vector, K, is defined as follows:

K = (|k(po - pi)|* s [k(Po - )|, +)" (1)

where the components of the vector k(p - p') correspond to the SOAP kernel functions
computed between the SOAP representation of new structure py and the i-th configuration in

the existing training data p;. Parameter ( is a positive integer that increases the sensitivity
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of the kernel to changes in atomic position.” The selector adds structures to the training set
if the maximum value of their similarity vector, K, is smaller than the given threshold kr,
i.e., max(K) < kr. The new structures are then labelled by the reference energy and forces,
added to the training set and potential is retrained. If no structures are selected from the
trajectories, the index n increases by one and a longer MD simulation is performed with the
same potential. The AL procedure is repeated until it either reaches the maximum number
of AL cycles or when no new structure is selected within the maximum AL time. Details on

electronic structure and MD protocols are provided in the Computational Details section.

a) Training subsets for Mg+ b) Training subsets for Pd?+
/ [Mg(H,0)el?* in gas phase (30 structures) \ /[Pd(MeCN)s]2+ in gas phase (25 structures)\
Mg?*in 45 to 53 H,O (165 structures) [Pd(MeCN),]?*in 60 MeCN (305 structures)

45 to 49 H,0 cluster (149 structures) [Pd(MeCN);]?*in 20-30 MeCN (251 structures)

.
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c) Active learning workflow
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dataset

Similarity selector

K304 (p,p") = (

Figure 1: Training data and active learning workflow: a) Training subsets for Mg?* in
aqueous solution, b) training subset for Pd*" in acetonitrile (MeCN), ¢) Scheme of the
active learning workflow used to train the machine-learning potentials (MLPs).
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Data set preparation
Mg?*t in water

The training data set for Mg?* consists of 344 structures. To increase the accuracy of the
resulting potentials across systems with different sizes, the final dataset combines several
subsets with different compositions, corresponding to three subsets: (i) [Mg(H,0)¢]*" com-
plex in the gas phase (30 structures), (ii) Mg** solvated in 45 to 53 water molecules in a
spherical cluster with radius 7 A (165 structures), and (iii) water clusters containing 45 to 49
water molecules placed in a spherical cluster with radius 7 A (149 structures). The schematic
representations of the structures are depicted in Fig. [Th. The cluster size was selected to be
larger than the distance cut-off of the descriptors used in MLP, i.e., 6 A, needed to cover the
Mg-O distance range sampled in the dissociative mechanism. All datasets were trained using
the energies and forces computed at wB97X-D3BJ/def2-TZVP** Jevel of theory as ground
truth, which provides accurate estimation for structural and thermodynamic properties of
large systems. The ACE MLP was used to generate the structures during AL unless specified

otherwise.

[Mg(H,0)¢]*" complex in the gas phase AL was initiated from 10 structures obtained
by a random displacement of [Mg(H,0)4)*" complex in the gas-phase. The new structures
were selected using the similarity selector with a SOAP cut-off of 5 A and threshold of 0.999,
with the maximum time in the active training loop set to 3 ps. This procedure led to the

selection of 30 structures.

Water cluster subset The initial structures of the bulk water system were prepared
by classical MD simulation using TIP4P-Ew FF.% A cubic box (L= 15 A) was solvated
with 112 water molecules, minimized and equilibrated in an NPT ensemble (300 K and
1.0 bar) for 1 ns using Langevin dynamics and Berendsen barostat as implemented in the

sander module of Ambertools23.%¥ For the initial training set, 10 clusters of 7 A radius

10
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containing 45 to 49 water molecules were cut from the equilibrated trajectory and labelled
with the reference energies and forces (vide infra). The training set was then enhanced by
AL using the similarity selector with a threshold of 0.9998 to avoid selection of too distorted
structures, and a maximum time set to 10 ps to accommodate for water relaxation. This

approach yielded an overall 149 structures.

Mg?* complex in a water cluster The initial structures for the training were generated
using classical MD simulations including a Mg?* ion solvated by 325 water molecules in a box
of 21.5 A. The box was minimized and equilibrated to experimental water density using the
same procedure as pure water. The system was modelled using the TIP4P-Ew water model
combined with Li/Merz ion parameters in TIP4P-Ew water (12-6 HFE set).?? 10 structures
were randomly extracted from the equilibration trajectory and cut into a 7 A sphere with
a centre in the Mg?" cation.

The three subsets were combined to form the full data set used to initiate AL, which was
performed in four phases. In the first phase, the ACE potential was trained on the full data
set and used in AL with MLP-MD initiated from Mg*" -water cluster (structure selected
from a subset (ii)). During the MLP-MD dynamics step, the cluster was constrained in its
spherical shape by a flat-bottom spherical bias potential set at a distance of 8 A from the
Mgt cation, applying a harmonic restraint of 500 kcal/mol A=2. MD simulations during
AL were performed in an NVT ensemble at 400 K. New structures were selected using the
similarity selector with a threshold of 0.999, with maximum time in AL set to 7 ps. This
longer AL time compared to the gas phase complex was used to account for the higher
flexibility of water molecules outside the first solvation shell. The first phase collected 11
structures, which were added to the data set.

In the second phase, the AL was initiated using one of the clusters generated during the
previous phase, with the radius reduced by placing the harmonic bias at a distance of 7.5 A

to increase the density of the solvent around Mg?** and enhance the sampling of the repulsive
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region of the potential. To avoid selecting overly distorted structures resulting from poten-
tially unstable dynamics, the selector threshold was tightened to 0.9999. Simultaneously,
the AL time was increased to 20 ps to further capture longer water dynamics. The second
phase resulted in generating an additional 55 structures.

After these two phases of training, we tested the accuracy and stability of the resulting
potential by comparing the MLP energies and forces with the ground truth data (for de-
tails see SI §52) and conservation of the total energy in NVE dynamics. Despite the high
accuracy of the trained ACE potential, as evidenced by a mean absolute deviation (MAD)
of 0.79 meV /atom for energy and 46 meV A1 for forces (Fig. S1), the NVE and NVT MD
simulations using PBC with the ACE potential were unstable. This included the forma-
tion of bubbles, followed by the system’s collapse. These instabilities could be alleviated by
introducing more radial functions into the descriptor and tuning the hyperparameters. How-
ever, we decided to change the model in the following phases from ACE to MACE, which is
computationally more efficient. Indeed, the MACE potential provided stable NVE dynamics
under PBC using the same training data set. Interestingly, the long NVE dynamics with the
MACE potential promoted proton transfer of a water molecule in the first solvation shell,
leading to the formation of [Mg(H,0),(OH)]* and H;O" species. As these structures were
underrepresented in the previous AL loops, resulting in larger prediction errors (see Fig. S2),
we manually selected 35 structures along the NVE trajectory, cut them into 7 A clusters,
which contained the species, and added them to the training set for the third training phase.
Apart from adding these data, we further repeated the AL loop to account for possible dif-
ferences between the conformational space sampled by ACE and MACE potentials. The
re-trained MACE potential was again found to provide an accurate estimate of energies and
forces, 0.69 meV /atom and 29 meVA~' (see Fig. S3). The preliminary NVT dynamics with
this potential, however, led to fast dissociation of one H,O molecules from the first solvation
shell, without no exchange with the bulk solvent. To correct for this behaviour and to ensure

accurate exchange of the water molecules around the Mg®", we completed the training set
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by adding 23 structures with H,O molecule dissociated to a distance above 3.0 A (see Fig.

S4) from Mg?™ within the fourth training phase.

Pd?*t in MeCN

MLP for Pd?* complex was trained using a total of 581 data points from the following subsets
(Fig. [Ilb). (i) Data obtained by a relaxed 2D scan of the [Pd(MeCN),]**-MeCN complex
in the gas phase along the two Pd-N bonds describing the ligand exchange process (25
structures). (ii) [Pd(MeCN),]*" complex solvated by 60 MeCN molecules (305 structures).
(iii) The [Pd(MeCN),]*"-MeCN complex solvated by 20 to 30 MeCN molecules to describe
interactions between Pd and MeCN (251 structures). As in the Mg?" case, the size of
all clusters was selected in a way that the resulting cluster radius exceeds the 6 A cut-off
used in ACE and MACE descriptors. Unless specified otherwise, ACE was used as the
ML model in all training phases, employing the ground truth potential TPSS0-D3BJ/def2-
TZVP 229590 gince this functional has shown good performance in reactions involving late-
transition metals.”® MD simulations in the AL loops were performed in an NVT ensemble at
300 K. MD simulations longer than 1 ps used a flat-bottom spherical harmonic bias potential
set at a distance from the Pd?" cation, applying a harmonic restraint of 100 kcal/mol A2,
The value of the harmonic restraint has been chosen to maintain the integrity of the cluster
without creating artefacts from the pulling force. The onset distance of the flat-bottom
potential was varied according to the size of the clusters so that the density of the cluster

was close to the experimental density of the (bulk) liquid.

[Pd(MeCN),]**-MeCN complex in the gas phase The transition state (TS) struc-
ture corresponding to pentacoordinated trigonal bipyramid was obtained at the TPSSO-
D3BJ/def2-TZVP level of theory (Fig. [Ip) and was used as a starting point for a 2D relaxed
PES scan along the two Pd-N bonds involved in the ligand exchange. These bonds are of

equal length in the TS (2.28 A); while the length of the remaining three Pd-N bonds is equal
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to 1.95 A. The PES scan resulted in a total of 25 structures (5x5 grid). In the following para-
graphs, TS refers to the transition state structure of [Pd(MeCN),]*"-MeCN obtained from
the PES scan mentioned above, while reactant state (RS) refers to the structure obtained

from the geometry optimization of TS in gas-phase with TPSS0-D3BJ/def2-TZVP.

[Pd(MeCN),]** complex solvated in clusters of 60 MeCN molecules The initial
structure for the subset was generated with the Quantum Cluster Growth (QCG) method””
(as implemented in xTB (version 6.5.0)*® and the lowest energy conformer was selected
with CREST..”” Then, the conformational space was explored via metadynamics simulations
with xTB.®81% Three simulations of 25 ps each were run in the NVT ensemble at 600 K,
using the Cartesian root-mean-square-deviation (RMSD), with respect to a list of reference
structures updated every 2 ps, as a collective variable.*”! During the simulations, a flat-
bottom spherical bias potential was applied to keep the cluster at the experimental density
of liquid acetonitrile at room temperature.*™ For each of the three trajectories, the first 600
fs were excluded and the remaining frames were merged in a single trajectory. From this,

frames have been extracted every 240 fs resulting in 305 structures.

[Pd(MeCN),]**-MeCN complex in clusters of 20 - 30 MeCN molecules The
structures used as starting conformations in the multi-step AL approach described in this
section have been generated with CREST. The TS and RS structures obtained in the gas
phase (from the dataset (i)) were solvated by 20 to 30 MeCN molecules using the QCG
method”” and the lowest energy conformation of the cluster was selected with CREST,*”
as mentioned above. Different conformations were generated for the different AL training
phases as follows. Firstly, the data set (i) was used as an initial data set in the AL loop,
starting from TS solvated by 20 MeCN molecules; new structures were selected using the
similarity selector with a threshold of 0.9999, with a maximum MD simulation time set to
750 fs, the time found to be required for transitioning from trigonal bipyramidal to square-

pyramidal coordination geometries, observed from previous trials. This AL phase yielded 56
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structures.

In the second phase, dataset (i) and the 56 structures obtained from the first phase were
employed as the starting training set. The TS solvated by 30 MeCN molecules was used as
a starting conformation for the new AL loop, with an MD simulation time of 1.5 ps and a
SOAP selector threshold of 0.999. The choices to extend the MD simulation time and the
number of solvating MeCN molecules were made to capture how the relaxation from the
transition state would evolve on longer timescales and in the context of a larger solvation
environment. The selector threshold was relaxed to avoid the selection of conformations too
similar to the starting one since the fluctuations along the TS relaxation have been explored
in the previous training phase. In this phase, 36 new structures were generated, expanding
the dataset to 117 structures.

In the following phase, the RS solvated by 20 MeCN molecules was used as a starting
structure, with the AL MD time extended to 5 ps to allow sampling of more distant regions
of the PES. Therefore, the number of solvent molecules was decreased to lower the computa-
tional cost. 30 new structures were generated and added to the previous data, yielding a total
of 147 data points. Preliminary validation in the NVT ensemble under PBC showed artefacts
in the description of the average structure of the system, in particular, the formation of void
regions in the axial positions of the complex (Fig. .

In line with the Mg?*t case, we, therefore, decided to adopt the MACE for AL due to
its computational efficiency and accuracy.®® Furthermore, to enhance the stability of the
potential during AL, we selected 150 structures from the dataset (ii) and merged them with
the previous 147 structures, obtaining an extended starting dataset. A final AL loop was
started from RS solvated by 20 MeCN molecules, using a similarity selector threshold of
0.9999 and simulation time set to 20 ps to ensure the stability of the potential on longer
timescales. This training phase resulted in 129 new structures. Eventually, not considering
the 25 structures from dataset (i), the multi-step AL approach described above yielded a

total of 251 structures (147 + 129 - 25).
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Results and Discussion

Validation of the MLP

As a first step, we validated the accuracy and stability of the generated MACE potentials
for both Mg?* in aqueous solution and Pd?* in MeCN. To evaluate the prediction error on
unseen data, we generated an ensemble of testing structures by an MLP-MD simulation of
the metal ion in a spherical cluster of solvent molecules. We then selected frames along
the trajectory and performed a point-to-point comparison between the energies and forces
computed at the ground truth DFT level of theory and MACE.

The testing data set for Mg?* cation in aqueous solution consisted of 51 structures col-
lected over 50 ps NVT dynamics of Mg?" solvated in a cluster of 51 water molecules. The
spherical shape of the cluster was kept by a harmonic spherical potential placed at 7.5 A
from Mg®". Validation results are depicted in Fig. . MACE demonstrates excellent per-
formance in energies and forces, with MAD of 0.31 meV/atom and 18 meV A-1 for energies
and forces, respectively.

For Pd?" in acetonitrile, the MACE potential was tested on structures generated from
100 ps NVT dynamics using a cluster containing Pd** and 30 MeCN molecules. The solvent
molecules in the cluster were confined by a flat-bottom spherical bias potential with a radius
of 10.0 A, centred on Pd*". From the trajectory, 51 structures were extracted. The MAD
is 1.04 meV/atom and 8 meV A~ for energy and forces respectively. The good correlation
with respect to the ground truth energies and the accuracy in forces suggest that the MACE
potential closely reproduces the shape of the reference PES, with the higher energy MAD
likely arising from a systematic shift in the absolute values, which has been previously
reported in some instances with MACE.® Overall, the MACE potentials provide a reliable
prediction of energies and forces for both tested systems.

To further assess the performance of the MACE potentials in larger systems, we performed

100 ps MD simulations under PBC in the NVE ensemble for a system consisting of Mg?™ with
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a) Validation for Mg?+ in water
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Figure 2: Comparison of the ground-truth and MACE prediction of energies and forces
for cluster systems at 300 K: a) Mg?** solvated in 51 water molecules modelled at wB97X-
D3BJ/def2-TZVP level of theory, b) Pd*" solvated in 30 MeCN molecules modelled at
TPSS0-D3BJ/def2-TZVP level of theory.

145 water molecules in a 16.3 A box and Pd** with 159 MeCN molecules in a 24.0 A box. In
both cases, the MACE potential conserved energy, confirming the stability of the dynamics

under PBC and on simulation times longer than the active learning time (Figs. S7 and S8).

Structural properties of the metal solvation shells

We evaluated the structural properties of the metal environment by computing the radial

distribution functions (RDFs) between the metal ions and the coordinating solvent atom. For
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[Mg(H,0)¢]*", the computed Mg-O RDF from 500 ps MD simulations (Fig. ) shows a first
peak at 2.08 A, in agreement with the 2.10 A reported from X-ray diffraction and neutron

scattering experiments. ™01

Integration of this curve results in a coordination number of 6,
confirming the octahedral arrangement of this complex. A second, less well-defined peak is
evident around r = 4.15 A, corresponding to the second solvation shell. Integration of this
peak results in a coordination number of 12, in agreement with experiments® and reported
ab initio computations.” In line with the known lifetime of the first solvation shell, the

octahedral complex remained stable during the simulation time and no ligand exchange

with the bulk solvent was observed.

RDF Mg-O
20 . : | |
N(r)
15 MACE —— -
< 10 1
Sr rwace(Mg — O) = 2.08 A .
0 ! I —t
2 3 4 5 6
mg-o (A)
RDF Pd-N
8 T | :
N(r)
6 MACE —— |
4 i
2 L { rmace(Pd —N) =1.97 A }
0 ‘ /’I”_ﬁﬂ‘_/\-
2 3 4 5 6
rpa-N (A)

Figure 3: Simulation boxes, radial distribution functions g(r) and coordination numbers N(r)
of the metal complexes in solution. a) Mg?* in aqueous solution, b) Pd?* in MeCN.

As expected from the ligand field theory,?” Pd?* forms a square planar complex with 4
MeCN molecules, with a PAd—N distance of 1.97 A (Fig. ) This is in excellent agreement

with the value obtained from the single crystal X-ray diffraction (SC-XRD) of the complex
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(Pd-N bond 1.96+0.01 A).5¥ Two peaks around 3.3 A, with a shoulder starting from 2.5 A,
and around 4.6 A, are also observed. The latter peak is associated with the second solvation
shell, with a coordination number of 8. The former peak corresponds to the interactions of
acetonitrile molecules in the axial position, with a coordination number increasing from 4 to
6. The previous studies on Pd** aqua complexes provided a foundation for understanding the
axial interactions of Pd?* with MeCN. As mentioned in the introduction, two paradigms exist
in the literature. In the mesoshell paradigm, the two axial ligands are symmetrically bound,
resulting in a sharp peak between the first and second solvation shells.“2#24 Conversely, the
"extended first solvation shell” concept suggests more weakly bound axial ligands, leading
to a presence of broad peak.””*¥ The structural features observed in the RDF in Fig.
indicate that for Pd?T in acetonitrile, axial ligands interact according to the ”extended
first solvation shell” paradigm. This notion is further supported by the asymmetry in the
average distance of the two axial MeCN ligands with respect to Pd*" (Fig. S9 and S10).
Additionally, a detailed analysis of the axial coordination pattern (see section §S3) suggests
that the preferred average structure of the complex is not octahedral but square pyramidal,

with the ratio between the latter and the former being 7:4.

Free energy barrier of ligand exchange

The ability of the MACE potentials to describe ligand exchange around the metal centre relies
on accurately describing the different coordination states and their exchange mechanisms,
ideally leading to accurate kinetics. The latter has been difficult to achieve with classical
force fields.?%V

As discussed previously, ligand exchange in Mg?t complexes is suggested to follow a
dissociative or interchange-dissociative mechanism, which proceeds through an intermediate
or transient structure with a lower coordination number. Solvent dissociation from the first
solvation shell of the [Mg(H,0)g)*" thus represents the rate-limiting step of the process. The

free energy barrier associated with the dissociation of one solvent molecule was obtained from
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Figure 4: Potential of mean force (PMF) profiles of the two ligand exchange processes for
a) [Mg(H,0)s]*" (the solvent molecule exchanged is coloured blue) and (b) [Pd(MeCN),]*",
where the black dot indicates the energy at the TS.

the potential of mean force (PMF) using US with 48 windows (Fig. [fh). The PMF shows
a minimum at 2.1 A, in agreement with the value obtained from the RDF (Fig. ) A
second shallow minimum is located around 4.25 A, corresponding to the position of the
second solvation shell, which is approx. 2 kcal/mol higher than the first minimum. This
indicates that the sampling of the region where water leaves the first solvation shell is not
fully converged. However, the two repetitions of the US confirm that the free energy barrier is
not affected (see Fig. S13). The representative structures of both minima and the associated
transition region are depicted in Fig. [l Analysis of the trajectories confirms that the MACE
potential correctly restores the octahedral geometry of the complex. The barrier of pulling
the water molecule away from the first solvation shell is 7.6 4 0.15 kcal/mol, with the peak
located at a distance around 3.1 A. The predicted barrier is 1.9 kcal/mol lower than the
experimental value, 9.5 kcal/mol,**¥ implying a higher rate of water exchange around the
Mg?t .

For Pd?* complex with MeCN, an associative mechanism has been suggested from NMR
experiments and static electronic structure calculations.?"##40%4U Ty determine the coordi-
nation number that corresponds to the TS, the fluctuations of the coordination number and
the Pd—N bond lengths were analysed in the umbrella sampling trajectory that corresponds

to the TS region in the PMF (Fig. S16). The coordination number fluctuates around a mean
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value of 4.96, which yields a barrier of 15.7 kcal/mol in the PMF (black dot in Fig. [db).
This value is in very good agreement with the experimental values from two independent
NMR studies, 15.3 + 0.4 kcal/mol*” and 15.2 £ 0.2 kcal /mol.**

The reaction mechanism of the ligand exchange is illustrated in detail by the represen-
tative snapshots in Fig. [db. The solvent association proceeds via the formation of a square
pyramid, where the axial Pd—N bond shortens as the system approaches the TS region,
while one of the equatorial Pd—N bonds progressively elongates. This process leads to the
formation of a trigonal bipyramidal TS, with an equal length of two Pd—N bonds involved
in the ligand exchange. Taken together, the PMF from the US simulations confirms the
associative nature of the ligand exchange mechanism. Furthermore, the activation barrier is
in excellent agreement with the experimental values, supporting the notion that the MACE
potential fitted to the hybrid DFT reference accurately describes the PES of the system and

allows for a realistic description of the dynamics of the ligand exchange process.

Conclusions

In this work, we present computational strategies to build training data sets for modelling
ligand exchange processes of divalent metal cations in explicit solvents with MLPs. Using
Mg?* in aqueous solution and Pd?* in MeCN as model systems and illustrative examples,
we demonstrate the capability of the MACE potentials to reproduce the total energies and
forces of the solvated metal cations. Furthermore, the MLPs trained on cluster data can
be used in the condensed phase simulations with periodic boundary conditions. The MACE
potentials yield metal ion—solvent RDF's in excellent agreement with experimental data, con-
firming the capacity of MACE to capture the structure of the polarised solvent shells around
the cations. Moreover, we demonstrate the ability of the MACE potentials to model changes
in the coordination shells of the metal cations, allowing for a structurally and energetically

realistic description of different ligand exchange mechanisms in complex liquid environments.
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More generally, we show that the active learning strategy combined with MACE potentials
allows the generation of accurate and data-efficient MLPs that are suitable to model changes
in the coordination chemistry of charged species in solution. While further work is needed
to automate the selection of accurate parameters suitable across different metals, this study
provides a robust computational framework for preparing data-efficient models that accu-
rately describe metal-ligand interactions, paving the way to modelling increasingly complex

systems, such as metallocages and catalysts.

Computational Details

Model parameters and training

ACE and MACE models were trained with ACE.jl%¥ wrapped by pyjulip and mace v0.3.483102
using in-house mip-train package.’’® The model hyperparameters and parameters used for
the active learning (AL) cycles are listed in ST §S1. The QM computations were performed in
ORCA v5.0.4" wrapped with autodE.*" The reference energies and forces were computed
at wBI7TX-D3BJ/def2-TZVP*™2 and TPSS0-D3BJ/def2-TZVP##%5% Jevels of theory for

the Mg?* and Pd?* systems, respectively.

Production MD

Mg?* cation in water was simulated in a periodic cubic box of 16.3 A containing 1 cation and
145 water molecules. The initial structure for the dynamics was obtained by classical dynam-
ics (see SI §). The Pd?t system was simulated in a periodic cubic box of 24.0 A containing
1 metal atom and 159 acetonitrile molecules. The starting configuration of the system was
built in three steps. Firstly, an NPT-equilibrated box of acetonitrile was obtained with the
force field parameters from Caleman et al.*"Y Secondly, the xTB-optimized structure of the
[Pd(MeCN),]*" complex was solvated with the acetonitrile box. Lastly, the whole system

was energy-minimized with Gromacs (v2019.1).1% The radial distribution functions for both
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the Mg?t and Pd?*" systems were computed from 500 ps NVT simulations with the MACE
potentials, with the first 50 ps used for equilibration and skipped from the analysis. The
equations of motion were integrated by the i-PI driver,*® with MACE potential evaluated
by the MACE-Atomic Simulation Environment (ASE) calculator using ASE v3.23.0b1.*
All MD simulations were propagated with an integration time step of 0.5 fs. MD in the NVT
ensemble was thermostatted at 300 K by a stochastic velocity rescaling thermostat with a

coupling time constant of 100 fs.10

Free energy computations

The free energy profiles of the metal-ligand exchange reactions were evaluated by um-
brella sampling (US) simulations using the i-PI driver combined with the Plumed v2.9.0
library. M2 The PMFs were constructed using the Weighted Histogram Analysis Method
(WHAM) code v2.0.11.13

For Mg?" in water, the Mg:--O distance was chosen as a reaction coordinate (RC). The
starting structures for each window were generated by a steered MD, pulling a water molecule
from the first solvation shell to a distance ranging from 1.5 to 7 A. The US covered the
distance from 1.5 to 6.0 A, split into 48 windows with a spacing of 0.075 A. In each win-
dow, the trajectory was propagated for 1 ns, with the first 50 ps used for equilibration and
skipped from the analysis, corresponding to 45.6 ns of sampling time. The US windows
were propagated independently at 300 K. A harmonic umbrella restraint with force constant
500 kcal/(mol-A?) was employed in the windows from 1.5 to 3.00 A, while the force constant
was lowered to 250 keal/(mol-A?) in the region from 3.00 to 6.00 A. The PMF was computed
as an average from 2 US runs with random seeds for generating the initial velocity distribu-
tions, with an uncertainty estimated as a standard deviation. The final PMF was corrected
by the entropy term 2kgT In(r/ry) that accounts for the increasing volume of configuration
space with increasing distance 7. 45

For Pd?** in acetonitrile, the coordination number was chosen as a collective variable
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for the US (further details in section SI §34.2). The starting structures for the US runs
were generated by steered MD, during which one of the two MeCN axial ligands was pushed
towards the Pd centre, guiding the system towards the ligand exchange event through the
formation of the pentacoordinated TS. In the US, the coordination number was varied from
4 (square planar reactant state) to 5 (pentacoordinated TS, further details in SI §54). For
each window, the simulation was run for 57.5 ps with a harmonic restraint with force con-
stant 2400 kcal/(mol-A?), using the last 50 ps for the analysis. To estimate the statistical
uncertainty, the US simulations were repeated three times (using different random seeds for
generating the initial velocity distributions), and the standard deviation from these three

repeats is plotted in Fig.

Author Contributions

VJ, GT, LVS and FD conceptualised the study. VJ and GT performed the computations.
All authors participated in data analyses and writing of the manuscript. VJ and GT wrote

the first draft.

Conflicts of interest

There are no conflicts to declare.

Acknowledgement

The authors thank Dr. T. Piskorz and Dr. D. Hollas for the insightful discussions and
comments on the manuscript. VJ acknowledges the funding from the Swiss National Science
Foundation (SNSF, Postdoc.Mobility fellowship, grant no. 210737). HZ thanks the EPSRC
Centre for Doctoral Training in Theory and Modelling in Chemical Sciences (EP/L015722/1).

This work was funded by the Deutsche Forschungsgemeinschaft (DFG, German Research

24

https://doi.org/10.26434/chemrxiv-2024-6lvk7 ORCID: https://orcid.org/0000-0002-2869-461X Content not peer-reviewed by ChemRxiv. License: CC BY 4.0


https://doi.org/10.26434/chemrxiv-2024-6lvk7
https://orcid.org/0000-0002-2869-461X
https://creativecommons.org/licenses/by/4.0/

Foundation) through the Research Training Group “Confinement Controlled Chemistry”
(GRK 2376; project no. 331085229). This work used the University of Oxford Advanced Re-
search Computing (ARC) facility and the Cirrus UK National Tier-2 HPC Service at EPCC
(http://www.cirrus.ac.uk) funded by the University of Edinburgh and EPSRC (EP/P020267/1).

Supporting Information Available

References

(1) Rode, B. M.; Schwenk, C. F.; Hofer, T. S.; Randolf, B. R. Coordination and ligand

exchange dynamics of solvated metal ions. Coord. Chem. Rev. 2005, 249, 2993-3006.
(2) Langford, C. H.; Gray, H. B. Ligand substitution processes; WA Benjamin, inc., 1966.

(3) Banerjea, D.; Bharty, M. K. Mechanisms of Reactions of Metal Complexes in Solution;

Royal Society of Chemistry,: London, 2022.

(4) Helm, L.; Merbach, A. E. Water exchange on metal ions: experiments and simulations.

Coord. Chem. Rev. 1999, 187, 151-181.

(5) Crabtree, R. H. The organometallic chemistry of the transition metals; John Wiley &
Sons, 2009.

(6) Weston, J. Patai’s Chemistry of Functional Groups; John Wiley & Sons, Ltd, 2009.

(7) Caminiti, R.; Licheri, G.; Piccaluga, G.; Pinna, G. X-ray diffraction study of MgCl 2

aqueous solutions. J. Appl. Crystallogr. 1979, 12, 34-38.

(8) Bernal-Uruchurtu, M. I.; Ortega-Blake, I. A refined Monte Carlo study of Mg2+ and

Ca2+ hydration. J. Chem. Phys. 1995, 103, 1588-1598.

25

https://doi.org/10.26434/chemrxiv-2024-6lvk7 ORCID: https://orcid.org/0000-0002-2869-461X Content not peer-reviewed by ChemRxiv. License: CC BY 4.0


https://doi.org/10.26434/chemrxiv-2024-6lvk7
https://orcid.org/0000-0002-2869-461X
https://creativecommons.org/licenses/by/4.0/

(9) Tommaso, D. D.; Leeuw, N. H. D. Structure and dynamics of the hydrated magne-
sium ion and of the solvated magnesium carbonates: Insights from first principles

simulations. Phys. Chem. Chem. Phys. 2010, 12, 894-901.

(10) Neely, J.; Connick, R. Rate of Water Exchange from Hydrated Magnesium Ion. J.
Am. Chem. Soc. 1970, 92, 3476-3478.

(11) Bleuzen, A.; Pittet, P. A.; Helm, L.; Merbach, A. E. Water exchange on magnesium(II)
in aqueous solution: A variable temperature and pressure 170 NMR study. Magn.

Reson. Chem. 1997, 35, 765-773.

(12) Marion, N.; Nolan, S. P. Well-defined N-heterocyclic carbenes- palladium (II) precat-

alysts for cross-coupling reactions. Acc. Chem. Res. 2008, 41, 1440-1449.

(13) Chen, X.; Engle, K. M.; Wang, D.-H.; Yu, J.-Q. Palladium (II)-catalyzed C-H
activation/C-C cross-coupling reactions: versatility and practicality. Angew. Chem.,

Int. Ed. 2009, /8, 5094-5115.

(14) Cannon, J. S.; Overman, L. E. Palladium (II)-catalyzed enantioselective reactions

using COP catalysts. Acc. Chem. Res. 2016, 49, 2220-2231.

(15) Fujita, M. Metal-directed self-assembly of two-and three-dimensional synthetic recep-
tors. Chem. Soc. Rev. 1998, 27, 417-425.

(16) Han, M.; Engelhard, D. M.; Clever, G. H. Self-assembled coordination cages based on
banana-shaped ligands. Chem. Soc. Rev. 2014, /3, 1848-1860.

(17) August, D. P.; Nichol, G. S.; Lusby, P. J. Maximizing coordination capsule-guest
polar interactions in apolar solvents reveals significant binding. Angewandte Chemie

International Edition 2016, 55, 15022-15026.

(18) Harris, K.; Fujita, D.; Fujita, M. Giant hollow M n L 2n spherical complexes: structure,

functionalisation and applications. Chem. Comm. 2013, 49, 6703—-6712.

26

https://doi.org/10.26434/chemrxiv-2024-6lvk7 ORCID: https://orcid.org/0000-0002-2869-461X Content not peer-reviewed by ChemRxiv. License: CC BY 4.0


https://doi.org/10.26434/chemrxiv-2024-6lvk7
https://orcid.org/0000-0002-2869-461X
https://creativecommons.org/licenses/by/4.0/

(19) Sun, Q.-F.; Iwasa, J.; Ogawa, D.; Ishido, Y.; Sato, S.; Ozeki, T.; Sei, Y.; Yam-
aguchi, K.; Fujita, M. Self-assembled M241.48 polyhedra and their sharp structural

switch upon subtle ligand variation. Science 2010, 328, 1144-1147.

(20) Fujita, D.; Ueda, Y.; Sato, S.; Mizuno, N.; Kumasaka, T.; Fujita, M. Self-assembly
of tetravalent Goldberg polyhedra from 144 small components. Nature 2016, 540,
563-566.

(21) Martinez, J. M.; Torrico, F.; Pappalardo, R. R.; Sanchez Marcos, E. Understanding
the hydration structure of square-planar aqua ions: The [Pd (H20) 4] 2+ case. J.
Phys. Chem. B 2004, 108, 15851-15855.

(22) Beret, E. C.; Martinez, J. M.; Pappalardo, R. R.; Marcos, E. S.; Doltsinis, N. L;
Marx, D. Explaining asymmetric solvation of Pt (II) versus Pd (II) in aqueous solution
revealed by ab initio molecular dynamics simulations. J. Chem. Theory Comput. 2008,

4, 2108-2121.

(23) Bowron, D. T.; Beret, E. C.; Martin-Zamora, E.; Soper, A. K.; Sanchez Marcos, E.
Axial structure of the Pd (II) aqua ion in solution. J. Am. Chem. Soc. 2012, 13/,
962-967.

(24) Purans, J.; Fourest, B.; Cannes, C.; Sladkov, V.; David, F.; Venault, L.; Lecomte, M.
Structural investigation of Pd (II) in concentrated nitric and perchloric acid solutions

by XAFS. J. Phys. Chem. B 2005, 109, 11074-11082.

(25) Shah, S. A. A.; Hofer, T. S.; Fatmi, M. Q.; Randolf, B. R.; Rode, B. M. A QM/MM
MD simulation study of hydrated Pd2+. Chem. Phys. Lett. 2006, 426, 301-305.

(26) Chen, X.; Cifuentes-Lopez, A.; Shao, X.; Lin, L.; Prokopchuk, D.; Pavanello, M.
Unraveling the Hydration Shell Structure and Dynamics of Group 10 Aqua Ions. J.
Phys. Chem. Lett. 2024, 15, 5517-5528.

27

https://doi.org/10.26434/chemrxiv-2024-6lvk7 ORCID: https://orcid.org/0000-0002-2869-461X Content not peer-reviewed by ChemRxiv. License: CC BY 4.0


https://doi.org/10.26434/chemrxiv-2024-6lvk7
https://orcid.org/0000-0002-2869-461X
https://creativecommons.org/licenses/by/4.0/

(27) Jean, Y. Molecular orbitals of transition metal complexes; OUP Oxford, 2005.

(28) Richens, D. T. Ligand substitution reactions at inorganic centers. Chem. Rev. 2005,
105, 1961-2002.

(29) Deeth, R. J.; Elding, L. I. Theoretical modeling of water exchange on [Pd (H20) 4]
2+,[Pt (H20) 4] 2+, and trans-[PtC12 (H20) 2]. Inorg. Chem. 1996, 35, 5019-5026.

(30) Debata, N. B.; Tripathy, D.; Chand, D. K. Self-assembled coordination complexes
from various palladium (II) components and bidentate or polydentate ligands. Coord.

Chem. Rev. 2012, 256, 1831-1945.

(31) Saha, S.; Regeni, I.; Clever, G. H. Structure relationships between bis-monodentate

ligands and coordination driven self-assemblies. Coord. Chem. Rev. 2018, 374, 1-14.

(32) Piskorz, T. K.; Marti-Centelles, V.; Young, T. A.; Lusby, P. J.; Duarte, F. Computa-
tional Modeling of Supramolecular Metallo-organic Cages—Challenges and Opportuni-

ties. ACS catalysis 2022, 12, 5806—-5826.

(33) Piskorz, T.; Centelles, V. M.; Spicer, R.; Duarte, F.; Lusby, P. Picking the lock of

coordination cage catalysis. Chem. Sci. 2023,

(34) Tateishi, T.; Yoshimura, M.; Tokuda, S.; Matsuda, F.; Fujita, D.; Furukawa, S.

Coordination/metal-organic cages inside out. Coord. Chem. Rev. 2022, 467, 214612.

(35) Matsumoto, K.; Kusaba, S.; Tanaka, Y.; Sei, Y.; Akita, M.; Aritani, K.; Haga, M.-a.;
Yoshizawa, M. A Peanut-Shaped Polyaromatic Capsule: Solvent-Dependent Transfor-
mation and Electronic Properties of a Non-Contacted Fullerene Dimer. Angew. Chem.,

Int. Ed. 2019, 58, 8463-8467.

(36) Hu, S.-J.; Guo, X.-Q.; Zhou, L.-P.; Cai, L.-X.; Sun, Q.-F. Coordination-Assembled
Lanthanide-Organic Ln3L3 Sandwiches or Ln4L.4 Tetrahedron: Structural Transfor-

mation and Luminescence Modulation. Chin. J. Chem. 2019, 37, 657-662.

28

https://doi.org/10.26434/chemrxiv-2024-6lvk7 ORCID: https://orcid.org/0000-0002-2869-461X Content not peer-reviewed by ChemRxiv. License: CC BY 4.0


https://doi.org/10.26434/chemrxiv-2024-6lvk7
https://orcid.org/0000-0002-2869-461X
https://creativecommons.org/licenses/by/4.0/

(37) Kai, S.; Sakuma, Y.; Mashiko, T.; Kojima, T.; Tachikawa, M.; Hiraoka, S. The effect of
solvent and coordination environment of metal source on the self-assembly pathway of

a Pd (II)-mediated coordination capsule. Inorganic Chemistry 2017, 56, 12652-12663.

(38) Abe, T.; Sanada, N.; Takeuchi, K.; Okazawa, A.; Hiraoka, S. Assembly of six types
of heteroleptic Pd2LL.4 cages under kinetic control. J. Am. Chem. Soc. 2023, 1/5,

28061-28074.

(39) Gebauer, T.; Frenzen, G.; Dehnicke, K. Die Kristallstrukturen der Palladium (II)-
Komplexe [Pd (CH3CN) 4](BF4) 2,[PdCI (;2-PPh2)(HPPh2)] 2. CH2CI2 und [PdACl
(HPPh2){H (OPPh2) 2}]. Z. Naturforsch. B 1992, 47, 1505-1512.

(40) Hallinan, N.; Besancon, V.; Forster, M.; Elbaze, G.; Ducommun, Y.; Merbach, A. E.
High-pressure NMR kinetics. 47. Solvent-exchange mechanisms of nonaqueous square-

planar tetrasolvates: a high-pressure proton NMR investigation. Inorg. Chem. 1991,
30, 1112-1114.

(41) Wendt, O. F.; Kaiser, N.-F. K.; Elding, L. I. Acetonitrile and propionitrile exchange
at palladium (II) and platinum (II). J. Chem. Soc., Dalton Trans. 1997, 4733-4738.

(42) Li, P.; Merz, K. M. Metal Ton Modeling Using Classical Mechanics. Chem. Rev. 2017,
117, 1564-1686.

(43) Riahi, S.; Roux, B.; Rowley, C. N. QM/MM molecular dynamics simulations of the
hydration of Mg(II) and Zn(II) ions. Can. J. Chem. 2013, 91, 552-558.

(44) Hofer, T. S.; Randolf, B. R.; Shah, S. A. A.; Rode, B. M.; Persson, I. Structure
and dynamics of the hydrated palladium (II) ion in aqueous solution A QMCF MD

simulation and EXAFS spectroscopic study. Chem. Phys. Lett. 2007, /45, 193-197.

(45) Saleh, M.; Hofer, T. S. Palladium (II) in liquid ammonia: an investigation of structural

29

https://doi.org/10.26434/chemrxiv-2024-6lvk7 ORCID: https://orcid.org/0000-0002-2869-461X Content not peer-reviewed by ChemRxiv. License: CC BY 4.0


https://doi.org/10.26434/chemrxiv-2024-6lvk7
https://orcid.org/0000-0002-2869-461X
https://creativecommons.org/licenses/by/4.0/

and dynamical properties by applying quantum mechanical charge field molecular

dynamics (QMCFEF-MD). Dalton Trans. 2017, 46, 9630-9638.

(46) Lightstone, F. C.; Schwegler, E.; Hood, R. Q.; Galli, G. A first principles molecular
dynamics simulation of the hydrated magnesium ion. Chem. Phys. Lett. 2001, 343,
549-555.

(47) Ikeda, T.; Boero, M.; Terakura, K. Hydration properties of magnesium and calcium

ions from constrained first principles molecular dynamics. J. Chem. Phys. 2007, 127,

074503.

(48) Kulik, H. J.; Marzari, N.; Correa, A. A.; Prendergast, D.; Schwegler, E.; Galli, G.
Local effects in the x-ray absorption spectrum of salt water. J. Phys. Chem. B 2010,
114, 9594-9601.

(49) Allnér, O.; Nilsson, L.; Villa, A. Magnesium ion-water coordination and exchange in

biomolecular simulations. J. Chem. Theory Comput. 2012, 8, 1493-1502.

(50) Duarte, F.; Bauer, P.; Barrozo, A.; Amrein, B. A.; Purg, M; Aqvist, J.; Kamerlin, S.
C. L. Force field independent metal parameters using a nonbonded dummy model. J.

Phys. Chem. B 2014, 118, 4351-4362.

(51) Grotz, K. K.; Schwierz, N. Magnesium force fields for OPC water with accurate sol-
vation, ion-binding, and water-exchange properties: Successful transfer from SPC/E.

J. Chem. Phys. 2022, 156, 114501.

(52) Li, Z.; Song, L. F.; Li, P.; Merz, K. M. J. Systematic Parametrization of Divalent
Metal Ions for the OPC3, OPC, TIP3P-FB, and TIP4P-FB Water Models. J. Chem.

Theory Comput. 2020, 16, 4429-4442.

(53) Li, P.; Song, L. F.; Merz, K. M. Parameterization of highly charged metal ions using

30

https://doi.org/10.26434/chemrxiv-2024-6lvk7 ORCID: https://orcid.org/0000-0002-2869-461X Content not peer-reviewed by ChemRxiv. License: CC BY 4.0


https://doi.org/10.26434/chemrxiv-2024-6lvk7
https://orcid.org/0000-0002-2869-461X
https://creativecommons.org/licenses/by/4.0/

the 12-6-4 LJ-type nonbonded model in explicit water. J. Phys. Chem. B 2015, 119,
883-895.

(54) Grotz, K. K.; Cruz-Ledn, S.; Schwierz, N. Optimized Magnesium Force Field Param-
eters for Biomolecular Simulations with Accurate Solvation, lon-Binding, and Water-

Exchange Properties. J. Chem. Theory Comput. 2021, 17, 2530-2540.

(55) Lemkul, J. A.; MacKerell, A. D. Balancing the interactions of Mg2+ in aqueous solu-

tion and with nucleic acid moieties for a polarizable force field based on the classical

drude oscillator model. J. Phys. Chem. B 2016, 120, 11436-11448.

(56) Jiao, D.; King, C.; Grossfield, A.; Darden, T. A.; Ren, P. Simulation of Ca2+ and
Mg2+ solvation using polarizable atomic multipole potential. J. Phys. Chem. B 2006,
110, 18553-18559.

(57) Piquemal, J. P.; Perera, L.; Cisneros, G. A.; Ren, P.; Pedersen, L. G.; Darden, T. A.
Towards accurate solvation dynamics of divalent cations in water using the polarizable

amoeba force field: From energetics to structure. J. Chem. Phys. 2006, 125, 054511.

(58) Kurnikov, I. V.; Kurnikova, M. Modeling Electronic Polarizability Changes in the
Course of a Magnesium Ion Water Ligand Exchange Process. J. Phys. Chem. B 2015,
119, 10275-10286.

(59) Schwierz, N. Kinetic pathways of water exchange in the first hydration shell of mag-
nesium. J. Chem. Phys. 2020, 152, 224106.

(60) Falkner, S.; Schwierz, N. Kinetic pathways of water exchange in the first hydration
shell of magnesium: Influence of water model and ionic force field. J. Chem. Phys.

2021, 155, 084503.

(61) Kritayakornupong, C.; Plankensteiner, K.; Rode, B. M. Structural and dynamical

31

https://doi.org/10.26434/chemrxiv-2024-6lvk7 ORCID: https://orcid.org/0000-0002-2869-461X Content not peer-reviewed by ChemRxiv. License: CC BY 4.0


https://doi.org/10.26434/chemrxiv-2024-6lvk7
https://orcid.org/0000-0002-2869-461X
https://creativecommons.org/licenses/by/4.0/

properties of Co(III) in aqueous solution: Ab initio quantum mechanical/molecular

mechanical molecular dynamics simulation. J. Chem. Phys. 2003, 119, 6068-6072.

(62) Amira, S.; Spangberg, D.; Zelin, V.; Probst, M.; Hermansson, K. Car - Parrinello
molecular dynamics simulation of Fe3+(aq). J. Phys. Chem. B 2005, 109, 14235~
14242.

(63) Beret, E. C.; Martinez, J. M.; Pappalardo, R. R.; Marcos, E. S.; Doltsinis, N. L;
Marx, D. Explaining asymmetric solvation of Pt(II) versus Pd(II) in aqueous solution

revealed by ab initio molecular dynamics simulations. J. Chem. Theory Comput. 2008,

4, 2108-2121.

(64) Behler, J. Four Generations of High-Dimensional Neural Network Potentials. Chem.

Rev. 2021, 121, 10037-10072.

(65) Deringer, V. L.; Caro, M. A.; Csdnyi, G. Machine learning interatomic potentials as

emerging tools for materials science. Adv. Mater. 2019, 31, 1902765.

(66) Westermayr, J.; Gastegger, M.; Schiitt, K. T.; Maurer, R. J. Perspective on integrating
machine learning into computational chemistry and materials science. J. Chem. Phys.

2021, 15/, 230903.

(67) Pinheiro, M.; Ge, F.; Ferré, N.; Dral, P. O.; Barbatti, M. Choosing the right molecular

machine learning potential. Chem. Sci. 2021, 12, 14396-14413.

(68) Fedik, N.; Zubatyuk, R.; Kulichenko, M.; Lubbers, N.; Smith, J. S.; Nebgen, B.;
Messerly, R.; Li, Y. W.; Boldyrev, A. I.; Barros, K.; others Extending machine learning
beyond interatomic potentials for predicting molecular properties. Nat. Rev. Chem.

2022, 6, 653-672.

(69) Meuwly, M. Machine Learning for Chemical Reactions. Chem. Rev. 2021, 121, 10218~
10239.

32

https://doi.org/10.26434/chemrxiv-2024-6lvk7 ORCID: https://orcid.org/0000-0002-2869-461X Content not peer-reviewed by ChemRxiv. License: CC BY 4.0


https://doi.org/10.26434/chemrxiv-2024-6lvk7
https://orcid.org/0000-0002-2869-461X
https://creativecommons.org/licenses/by/4.0/

(70) Yang, Y.; Zhang, S.; Ranasinghe, K.; Isayev, O.; Roitberg, A. Machine Learning of

Reactive Potentials. ChemRxiv 2023,

(71) Liu, J.; Liu, R.; Cao, Y.; Chen, M. Solvation structures of calcium and magnesium
ions in water with the presence of hydroxide: a study by deep potential molecular

dynamics. Phys. Chem. Chem. Phys. 2023, 25, 983-993.

(72) Wang, H.; Zhang, L.; Han, J.; E, W. DeePMD-kit: A deep learning package for
many-body potential energy representation and molecular dynamics. Comput. Phys.

Commun. 2018, 228, 178-184.

(73) Zhang, Y.; Wang, H.; Chen, W.; Zeng, J.; Zhang, L.; Wang, H.; E, W. DP-GEN:
A concurrent learning platform for the generation of reliable deep learning based

potential energy models. Comput. Phys. Commun. 2020, 253, 107206.

(74) Mondal, A.; Kussainova, D.; Yue, S.; Panagiotopoulos, A. Z. Modeling Chemical Re-
actions in Alkali Carbonate-Hydroxide Electrolytes with Deep Learning Potentials. J.
Chem. Theory Comput. 2023, 19, 4584-4595.

(75) Behler, J.; Parrinello, M. Generalized neural-network representation of high-

dimensional potential-energy surfaces. Phys. Rev. Lett. 2007, 98, 146401.

(76) O’Neill, N.; Shi, B. X.; Fong, K.; Michaelides, A.; Schran, C. To Pair or not to Pair?
Machine-Learned Explicitly-Correlated Electronic Structure for NaCl in Water. J.
Chem. Phys. Lett. 2024, 6081-6091.

(77) Fong, K. D.; Sumié¢, B.; O’Neill, N.; Schran, C.; Grey, C. P.; Michaelides, A. The Inter-
play of Solvation and Polarization Effects on Ion Pairing in Nanoconfined Electrolytes.

Nano Lett. 2024, 24, 5024-5030.

(78) Young, T. A.; Johnston-Wood, T.; Zhang, H.; Duarte, F. Reaction dynamics of Diels-

33

https://doi.org/10.26434/chemrxiv-2024-6lvk7 ORCID: https://orcid.org/0000-0002-2869-461X Content not peer-reviewed by ChemRxiv. License: CC BY 4.0


https://doi.org/10.26434/chemrxiv-2024-6lvk7
https://orcid.org/0000-0002-2869-461X
https://creativecommons.org/licenses/by/4.0/

Alder reactions from machine learned potentials. Phys. Chem. Chem. Phys. 2022, 24,

20820-20827.

(79) Zhang, H.; Juraskova, V.; Duarte, F. Modeling Chemical Processes in Explicit Solvents

with Machine Learning Potentials. ChemRziv 2023,

(80) Zaverkin, V.; Holzmiiller, D.; Schuldt, R.; Késtner, J. Predicting properties of periodic
systems from cluster data: A case study of liquid water. J. Chem. Phys. 2022, 156,
114103.

(81) Daru, J.; Forbert, H.; Behler, J.; Marx, D. Coupled Cluster Molecular Dynamics of
Condensed Phase Systems Enabled by Machine Learning Potentials: Liquid Water
Benchmark. Phys. Rev. Lett. 2022, 129, 226001.

(82) Ortner, C.; Zhang, L.; Ross, A.; Sachs, M.; van der Oord, C. ACE.jl. https://github.

com/ACEsuit/ACE. j1.

(83) Batatia, I.; Kovacs, D. P.; Simm, G. N. C.; Ortner, C.; Csanyi, G. MACE: Higher
Order Equivariant Message Passing Neural Networks for Fast and Accurate Force

Fields. Adv. Neural. Inf. Process Syst. 2022.

(84) Kovécs, D. P.; Oord, C. V. D.; Kucera, J.; Allen, A. E.; Cole, D. J.; Ortner, C,;
Csanyi, G. Linear Atomic Cluster Expansion Force Fields for Organic Molecules: Be-

yond RMSE. J. Chem. Theory Comput. 2021, 17, 7696-7711.

(85) Drautz, R. Atomic cluster expansion for accurate and transferable interatomic poten-

tials. Phys. Rev. B 2019, 99, 014104.

(86) Bartok, A. P.; Payne, M. C.; Kondor, R.; Csanyi, G. Gaussian approximation poten-
tials: The accuracy of quantum mechanics, without the electrons. Phys. Rev. Lett.

2010, 104, 136403.

34

https://doi.org/10.26434/chemrxiv-2024-6lvk7 ORCID: https://orcid.org/0000-0002-2869-461X Content not peer-reviewed by ChemRxiv. License: CC BY 4.0


https://github.com/ACEsuit/ACE.jl
https://github.com/ACEsuit/ACE.jl
https://doi.org/10.26434/chemrxiv-2024-6lvk7
https://orcid.org/0000-0002-2869-461X
https://creativecommons.org/licenses/by/4.0/

(87) Kovacs, D. P.; Moore, J. H.; Browning, N. J.; Batatia, I.; Horton, J. T.; Kapil, V;
Witt, W. C.; Magdau, [.-B.; Cole, D. J.; Csanyi, G. MACE-OFF23: Transferable Ma-
chine Learning Force Fields for Organic Molecules. arXiv preprint arXiv:2312.15211

2023,

(88) Batatia, I. et al. A foundation model for atomistic materials chemistry. arxiv preprint

arXi:2401.00096 2024,

(89) Kovécs, D. P.; Batatia, I.; Arany, E. S.; Csanyi, G. Evaluation of the MACE force field
architecture: From medicinal chemistry to materials science. J. Chem. Phys. 2023,

159, 044118.

(90) Bartok, A. P.; Kondor, R.; Csdnyi, G. On representing chemical environments. Phys.
Rev. B 2013, 87, 184115.

(91) Najibi, A.; Goerigk, L. The nonlocal kernel in van der Waals density functionals as an
additive correction: An extensive analysis with special emphasis on the B97M-V and

wB97TM-V approaches. J. Chem. Theory Comput. 2018, 14, 5725-5738.

(92) Weigend, F.; Ahlrichs, R. Balanced basis sets of split valence, triple zeta valence and
quadruple zeta valence quality for H to Rn: Design and assessment of accuracy. Phys.

Chem. Chem. Phys. 2005, 7, 3297-3305.

(93) Horn, H. W.; Swope, W. C.; Pitera, J. W.; Madura, J. D.; Dick, T. J.; Hura, G. L
Head-Gordon, T. Development of an improved four-site water model for biomolecular

simulations: TIP4P-Ew. J. Chem. Phys. 2004, 120, 9665-9678.
(94) Case, D. A. et al. AmberTools. J. Chem. Inf. Model. 2023, 63, 6183-6191.

(95) Quintal, M. M.; Karton, A.; Iron, M. A.; Boese, A. D.; Martin, J. M. Benchmark
study of DFT functionals for late-transition-metal reactions. J. Phys. Chem. A 20086,

110, 709-716.

35

https://doi.org/10.26434/chemrxiv-2024-6lvk7 ORCID: https://orcid.org/0000-0002-2869-461X Content not peer-reviewed by ChemRxiv. License: CC BY 4.0


https://doi.org/10.26434/chemrxiv-2024-6lvk7
https://orcid.org/0000-0002-2869-461X
https://creativecommons.org/licenses/by/4.0/

(96) Grimme, S.; Ehrlich, S.; Goerigk, L. Effect of the damping function in dispersion

corrected density functional theory. J. Comp. Chem. 2011, 32, 1456-1465.

(97) Spicher, S.; Plett, C.; Pracht, P.; Hansen, A.; Grimme, S. Automated molecular cluster
growing for explicit solvation by efficient force field and tight binding methods. J.
Chem. Theory Comput. 2022, 18, 3174-3189.

(98) Bannwarth, C.; Caldeweyher, E.; Ehlert, S.; Hansen, A.; Pracht, P.; Seibert, J;
Spicher, S.; Grimme, S. Extended tight-binding quantum chemistry methods. Wiley

Interdiscip. Rev. Comput. Mol. Sci. 2021, 11, e1493.

(99) Pracht, P.; Grimme, S.; Bannwarth, C.; Bohle, F.; Ehlert, S.; Feldmann, G.; Gorges, J.;
Miiller, M.; Neudecker, T.; Plett, C.; others CREST—A program for the exploration

of low-energy molecular chemical space. J. Chem. Phys. 2024, 160.

(100) Grimme, S. Exploration of chemical compound, conformer, and reaction space with
meta-dynamics simulations based on tight-binding quantum chemical calculations. J.

Chem. Theory Comput. 2019, 15, 2847-2862.

(101) Bruni, F.; Imberti, S.; Mancinelli, R.; Ricci, M. A. Aqueous solutions of divalent

chlorides: Ions hydration shell and water structure. J. Chem. Phys. 2012, 136, 064520.

(102) Batatia, I.; Batzner, S.; Kovacs, D. P.; Musaelian, A.; Simm, G. N. C.; Drautz, R.;
Ortner, C.; Kozinsky, B.; Csdnyi, G. The Design Space of E(3)-Equivariant Atom-

Centered Interatomic Potentials. arziv preprint arXiv:2205.06643 2022,

(103) Young, T. A.; Johnston-Wood, T.; Vitartas, V.; Zhang, H.; Juraskova, V.; Hollas, D.;
Morado, J.; Farr, S. mlp-train package. 2024; https://figshare.com/articles/

software/mlp-train_package/25816864/1.

(104) Neese, F. Software update: The ORCA program system—Version 5.0. Wiley Interdis-
cip. Rev. Comput. Mol. Sci. 2022, 12, e1606.

36

https://doi.org/10.26434/chemrxiv-2024-6lvk7 ORCID: https://orcid.org/0000-0002-2869-461X Content not peer-reviewed by ChemRxiv. License: CC BY 4.0


https://figshare.com/articles/software/mlp-train_package/25816864/1
https://figshare.com/articles/software/mlp-train_package/25816864/1
https://doi.org/10.26434/chemrxiv-2024-6lvk7
https://orcid.org/0000-0002-2869-461X
https://creativecommons.org/licenses/by/4.0/

(105) Young, T. A.; Silcock, J. J.; Sterling, A. J.; Duarte, F. autodE: Automated Calculation
of Reaction Energy Profiles — Application to Organic and Organometallic Reactions.

Angew. Chem. 2021, 60, 4266-4274.

(106) Caleman, C.; van Maaren, P. J.; Hong, M.; Hub, J. S.; Costa, L. T.; van der Spoel, D.
Force field benchmark of organic liquids: density, enthalpy of vaporization, heat ca-
pacities, surface tension, isothermal compressibility, volumetric expansion coefficient,

and dielectric constant. J. Chem. Theory Comput. 2012, 8, 61-74.

(107) Abraham, M. J.; Murtola, T.; Schulz, R.; P&ll, S.; Smith, J. C.; Hess, B.; Lindahl, E.
GROMACS: High performance molecular simulations through multi-level parallelism

from laptops to supercomputers. SoftwareX 2015, 1, 19-25.

(108) Kapil, V. et al. i-PI 2.0: A universal force engine for advanced molecular simulations.

Comput. Phys. Commun. 2019, 236, 214-223.

(109) Larsen, A. H. et al. The atomic simulation environment—a Python library for working

with atoms. J. Phys. Condens. Matter 2017, 29, 273002.

(110) Bussi, G.; Donadio, D.; Parrinello, M. Canonical sampling through velocity rescaling.
J. Chem. Phys. 2007, 126, 014101.

(111) Tribello, G. A.; Bonomi, M.; Branduardi, D.; Camilloni, C.; Bussi, G. PLUMED 2:
New feathers for an old bird. Comput. Phys. Commun. 2014, 185, 604—613.

(112) The PLUMED consortium Promoting transparency and reproducibility in enhanced

molecular simulations. Nat. Methods 2019, 16, 667-673.

(113) Grossfield, A. WHAM: the weighted histogram analysis method. http://membrane.

urmc.rochester.edu/wordpress/7page_id=126.

(114) Trzesniak, D.; Kunz, A. P. E.; Gunsteren, W. F. V. A comparison of methods to

compute the potential of mean force. ChemPhysChem 2007, 8, 162—-169.

37

https://doi.org/10.26434/chemrxiv-2024-6lvk7 ORCID: https://orcid.org/0000-0002-2869-461X Content not peer-reviewed by ChemRxiv. License: CC BY 4.0


http://membrane.urmc.rochester.edu/wordpress/?page_id=126
http://membrane.urmc.rochester.edu/wordpress/?page_id=126
https://doi.org/10.26434/chemrxiv-2024-6lvk7
https://orcid.org/0000-0002-2869-461X
https://creativecommons.org/licenses/by/4.0/

(115) Khavrutskii, I. V.; Dzubiella, J.; McCammon, J. A. Computing accurate potentials of
mean force in electrolyte solutions with the generalized gradient-augmented harmonic

Fourier beads method. J. Chem. Phys. 2008, 128, 044106.

38

https://doi.org/10.26434/chemrxiv-2024-6lvk7 ORCID: https://orcid.org/0000-0002-2869-461X Content not peer-reviewed by ChemRxiv. License: CC BY 4.0


https://doi.org/10.26434/chemrxiv-2024-6lvk7
https://orcid.org/0000-0002-2869-461X
https://creativecommons.org/licenses/by/4.0/

